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PREFACE 
 

There was a point in my research career when I began to feel that I had exhausted the applications 

of various methods of multivariate analysis. Hence, I set out to look for a technique capable of 

capturing the complex interplay between multiple inputs and outputs. As the quest unfolded, I came 

across Data Envelopment Analysis (DEA). 

I often find myself enthusing about DEA to my colleagues. There is certainly something 

appealing about a productivity analysis technique that does not force you to make limiting 

assumptions about the relationships between the variables examined. I knew that I had to share this 

experience with others. Thus, the book you are reading was born in October 1999. I am delighted to 

present the much expanded and advanced third edition with a greater number of high-profile 

international contributors. 

The third edition carries forward the chapters of the second edition plus seventeen new 

chapters. Five of the chapters in the third edition are based on manuscripts published in peer 

refereed academic journals. In its evolution from the 2nd to the 3rd edition the book has tackled 

some of the more advanced topics in DEA, as well as incorporate a new part dedicated to teaching 

DEA in classroom. The case studies included in this book will entice bank managers, educators, 

real estate agents, hotel managers, health care managers, investment managers, public 

transportation project managers, insurance policy managers, economic planners, librarians, and 

public policy makers to name a few. 

Throughout the book, my colleagues and I have endeavoured to address the DEA theory 

needed by the end-users, key model design issues, correct interpretation of DEA results, and 

advanced concepts of current research focussed on further development of DEA. The examples are 

chosen from the service sector. Specifically represented areas are banking, education, property 

management, hospitality, tourism, health insurance, socially responsible investments, public 

transportation, pension funds, information technology, public hospitals, Olympics, 

telecommunications, public library, police stations, energy, retail, and research centres. Chapter 

titles follow the naming convention of providing the topic or purpose of the chapter first, followed 

by the listing of the industries or areas where illustrations have been set. 

Part I introduces the concepts of relative efficiency and data envelopment analysis. Part II 

illustrates technical efficiency analysis in a gradually increasing complexity. Readers looking for a 

quick start to DEA should go directly to Chapter 2. Part III addresses measurement of cost, revenue 

and profit efficiencies in a variety of settings. Part IV is dedicated to the technical matters under the 

heading of Using DEA with Confidence. Part V covers the advanced concepts of DEA with many 

contributions from other researchers. Part VI is dedicated to teaching DEA and provides seminar 
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slides, case studies and assignments for the classroom. Part VII, the Epilogue, ends the book. In 

addition to the extensive bibliography, the list of further references provides an up-to-date 

collection of other DEA related publications not directly used in writing of the book. 

Finally, where data are not available in body of the text, the data used in each case study 

have been saved as Excel worksheets for easy importing into other applications. These files can be 

downloaded from the web address www.uq.edu.au/financesite/. You are most welcome to let me 

know any other features you would like to see in future editions of this book. 

 

Necmi K Avkiran 

UQ Business School 

The University of Queensland 

Brisbane, Australia 

 

n.avkiran@business.uq.edu.au 
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FOREWORD TO THE SECOND EDITION 
by William W Cooper 

The Foster Parker Professor of Finance and Management (Emeritus) 

The Red McCombs School of Business, The University of Texas at Austin 

 
I am pleased to be able to write this foreword to the second edition of this text on DEA. A “feel” 

for some of the reasons for this early revision of the preceding edition is afforded by noting that 

Richard Morey, author of the foreword to the first (1999) edition, refers to “over 800 citations in 

the professional journals.” This is a considerable increase over the 472 articles on DEA covering 

the period 1978-1992 noted by Seiford in Charnes et al. (1994). Seiford selects these dates to 

extend from the inception of DEA to (nearly) the date of publication of his bibliography in the text 

where it appears. However, this increase pales in comparison with the 3,203 citations listed in the 

more recent bibliography compiled by Tavares (2002) for the period 1978-2001. 

 We think these increases have resulted from a growing awareness of a long-standing need 

for improved methods of measuring and evaluating performance efficiencies. Awareness of this 

need, we also believe, has resulted from the appearance and uses of DEA in a variety of contexts 

where it has identified new problems and opportunities for addressing this need in still other 

contexts, and so on. 

 This text emphasises the service sector in modern economics where it has long been known 

that index-number (and like) approaches to productivity and efficiency have been less than 

satisfactory in the measures and evaluations they produce. This was tolerable, and not much 

noticed, as long as manufacturing, mining, agriculture, etc., were dominant in the economy. Now 

that the service sector has become dominant--and continues to become increasingly so--this is no 

longer tolerable. 

 As a reading of this text will show, DEA is able to deal with the numerous complexities 

involved in evaluating the performances of the many and varied entities (such as banks, insurance 

companies, universities, hospitals, hotels, etc.) that are important components of the service sector. 

Nor is this all. DEA has been used to evaluate the performances of entities such as government 

(including military) agencies and not-for-profit institutions as well as subdivisions of business 

firms which are characterised by their use of multiple inputs to produce multiple outputs with no 

easily identified “bottom line.” DEA has also been used to extend the customary analyses and 

evaluations of country and regional performances. Thus, Golany and Thore (1997) used DEA to 

extend the customary GDP evaluations of country performances by adding social or “quality-of-

life” dimensions--such as health, education and social safety-net provisions—to national income 

per capita en route to effecting a ranking of the nations studied in terms of their efficiency in 

providing these social as well as economic performances. 
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 The ability of DEA to deal with multiple inputs and outputs evidently opens new topics for 

consideration in addition to improving the treatment of already known topics and problems. It also 

simplifies the number and nature of the matters that customarily require consideration prior to 

undertaking such analyses. For instance, a use of DEA does not require prior determination of 

weights to be assigned to the various inputs and outputs as in, for instance, index number measures 

of productivity. It also does not require explicit specification of the relations that are supposed to 

hold prior to undertaking an application as in, for instance, a use of statistical regressions. 

 In DEA these à priori requirements are all replaced by simpler considerations such as 

deciding upon the choice of inputs and outputs to be used for performance evaluations along with 

the choice of Decision Making Units (DMUs)--i.e., the entities that are to be evaluated because 

they are regarded as being responsible for converting inputs into outputs. A further advantage that 

DEA then offers lies in the fact that these choices are also important to management so that analyst 

and management can thereby be brought closer together in actual applications. 

 From this latter standpoint--i.e., active participation by management in particular 

applications--a drawback of DEA is that it is inherently mathematical. However, Dr. Avkiran 

provides a way around this drawback in this text. This is accomplished by replacing the 

requirement of a knowledge of mathematics with a requirement of only some degree of familiarity 

with computer uses--in a manner analogous to the requirement of a knowledge of how to drive an 

automobile in place of having to understand the laws of thermodynamics by which its engine 

functions. 

 In this text even only a modest background in computers and their uses is accommodated 

by commencing with the very user-friendly “Frontier Analyst” software and then exploiting its use 

in numerous applications of DEA to various problems. This initial background in computer use is 

thus extended into further capabilities before passing on to more sophisticated computer codes--

such as DEA-Solver-Pro software--later in the text. In between, a variety of problems and potential 

actual applications are covered in a manner that provides motivation as well as insight into DEA 

and its uses. Simplified “realistic” as well as more complex “real” examples are used to bring this 

about and enhance a learner’s understanding of DEA and its uses. In a similar manner, the more 

basic parts of DEA are covered in a manner that provides a firm foundation for understanding the 

more involved concepts and their uses that are to be found later in the text. 

Finally, an Epilogue treats issues of implementation that also show how to use DEA to 

extend other management tools such as the “balanced score card” (and the accompanying 

benchmark practices) that are described in Kaplan and Norton (1996b). Copious references are 

supplied. This includes references to other texts as well as articles or monographs in the 

professional-scientific literatures treating DEA and related topics. 

 Reference to the Epilogue for this text provides an appropriate note on which to conclude 

this foreword in the following manner. Ongoing developments are now being directed to ways for 
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combining DEA with other techniques--such as index number and statistical regressions--which 

promise to considerably expand their scope and power. See, for instance, Bardhan, Cooper and 

Kumbhakar (1998) for examples of DEA and statistical regression combinations. Similar 

developments are occurring in DEA and index number combinations. Chapters 14 and 15 in this 

text, for example, shows how to distinguish between improvement in technological and 

performance efficiency changes by using DEA to construct Malmquist indexes and Färe et al. 

(1994) show that this combination can produce results that are not otherwise attainable. The 

situation of combining DEA with these other approaches may be regarded as analogous to the 

situation for X ray and MRI imaging, or CT scans in medical practice, in that these diagnostic tools 

may be regarded as “competing.” They may, on the other hand, be regarded “complementary” to 

each other in uses where neither could alone provide all that is needed (or possible) in particular 

applications. 

 This text, as prepared by Dr. Avkiran, provides an opportunity to begin to join in such 

future developments of DEA (and other techniques) as well as to participate in their present uses. 

In the opening paragraph of this foreword we pointed to the growth in DEA and its uses during the 

period 1978-2001. This can be called “the first DEA generation.” This first generation has now 

drawn to a close. The second generation promises to be even more exciting in the research-use 

interactions that have accompanied so many of the development in DEA. 
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FOREWORD TO THE THIRD EDITION 
by Professor Tim Coelli 

School of Economics, The University of Queensland 

 
It is a pleasure for me to provide a foreword for this book. It has long been acknowledged that 

traditional measures of organisational performance, such as unit costs, profitability and return on 

assets, are generally very useful indicators. However, in some instances they are not always 

informative. For example, a supermarket in one city could face lower input prices (e.g. in rent and 

wages) relative to one in another city, and hence may have lower unit costs but need not necessarily 

be more “efficient”. Furthermore, in some organisations output prices are not defined. For example, 

what is the price of a research paper in a university or the price of an arrest by a police officer? In 

these instances, it is not clear how one can calculate profitability or return on assets. 

This is where the methods described in this book can prove valuable. If one has access to 

data on the inputs and outputs of a number of similar organisational units, one can use production 

frontier methods, such as the data envelopment analysis (DEA) method described in this book, to 

produce performance measures which can accommodate these situations. These methods can be 

applied to industries that utilise multiple inputs in producing multiple outputs, and hence can be 

used in a wide variety of settings. This book focuses on applications to service industries, though 

the methods can also be applied to other industries as well. 

The key advantage of the second edition was that it had been written for the practitioner as 

opposed to the academic. This is carried forward into the third edition of the book in Parts I-III. 

Hence, the current edition continues to provide an excellent, non-threatening way for practitioners 

from industry and government to be able to gain knowledge on DEA methods without being 

inundated with large amounts of complex mathematics, which tend to be found in much of the 

academic literature on this topic. 

Nevertheless, the third edition is a significant expansion on the second edition with new 

Parts IV, V and VI. In Part IV, the authors discuss some of the technical problems with DEA that 

may be overlooked by some users and suggest some possible solutions. In Part V the book 

addresses some of the more advanced concepts of DEA likely to be of more interest to the 

academics. Similarly, Part VI also provides material for those who may wish to teach DEA. 

Overall, this is a very well set out book that should inspire readers to “jump in and get their 

hands dirty” in constructing DEA models relevant to the industries in which they operate, allowing 

them to obtain a range of new insights so as to help them better measure and analyse performance 

in their organisations. 
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GLOSSARY OF ABBREVIATIONS 
 

ABS : Australian Bureau of Statistics 
ADEA : allocative data envelopment analysis 
AE : allocative efficiency 
AR : assurance region 
BCC : Banker, Charnes and Cooper DEA model 
BSC : balanced scorecard 
CCR : Charnes, Cooper and Rhodes DEA model 
CE : cost efficiency 
CGS : Commonwealth Grants Commission 
CRS : constant returns to scale 
CSF : critical success factors 
DEA : data envelopment analysis 
DEAP : data envelopment analysis program by Tim Coelli 
DMU : decision-making unit 
DRS : decreasing returns to scale 
EFTSU: equivalent full-time student unit 
FTE : full-time equivalent 
FTEU : full-time equivalent units 
IDEA : imprecise data envelopment analysis 
IRS : increasing returns to scale 
KPI : key performance indicators 
MCDA : multi criteria decision analysis 
MPI : Malmquist productivity indices 
MPSS : most productive scale size 
OSFI : Office of the Superintendent of Financial Institutions 
PTE : pure technical efficiency 
REIQ : Real Estate Institute of Queensland 
SBM : slacks-based measure (of efficiency) 
SDEA : stochastic data envelopment analysis 
SE : scale efficiency 
SFA : stochastic frontier analysis 
SRI : socially responsible investments 
TC : technological change 
TE : technical efficiency 
TFP : total factor productivity 
VET : vocational education and training 
VRS : variable returns to scale 
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DEFINITION OF KEY TERMS 
 
Allocative efficiency (AE): It is the success of a technically efficient DMU in minimising the cost of 

production for a given set of input prices through substitution or reallocation of inputs. 
Allocative efficiency can be residually calculated as the ratio of cost efficiency to technical 
efficiency. 

Constant returns to scale (CRS): Under this option we assume that outputs change in direct 
proportion to the change in inputs regardless of the size of the DMU. That is, CRS assumes 
that the DMU’s scale of operations does not influence its efficiency. 

Cost efficiency, also known as economic or overall efficiency (CE): It is defined as the ratio of the 
minimum production cost observed in the sample to the actual production cost of the DMU 
investigated. 

Data envelopment analysis (DEA): Data envelopment analysis is a non-parametric technique that 
generates a comparative ratio of weighted outputs to inputs for each decision making unit 
i.e. a relative efficiency score. 

Decision making unit (DMU): An organisational unit of interest such as a bank branch, university, 
real estate agent or hotel that becomes the focus of relative efficiency study in data 
envelopment analysis. 

Decreasing returns to scale (DRS): When a rise in inputs results in a less than proportionate rise in 
outputs, the DMU is said to exhibit DRS. 

Increasing returns to scale (IRS): When a rise in inputs results in a more than proportionate rise in 
outputs, the DMU is said to exhibit IRS. 

Input minimisation, also known as input contraction or input orientation: Under input 
minimisation, the analyst is concerned with maintaining at least the same level of outputs 
while minimising inputs controllable in the same or no more favourable operating 
environment. 

Isotonic variables: Many DEA models assume inputs and outputs to be isotonic where higher 
inputs reduce efficiency and higher outputs increase efficiency. Yet, we may encounter 
undesirable inputs and outputs that violate the assumption. For example, competitor 
branches operating in the catchment area of your bank would be an undesirable input 
whereas the number of bad loans would be an undesirable output. 

Longitudinal data: Time-series or panel data. 

Most productive scale size (MPSS): When inputs result in maximum technologically feasible 
outputs, the DMU is said to exhibit most productive scale size. A DMU is recognised as 
MPSS when it is CCR and BCC efficient. 

Output maximisation, also known as output expansion or output orientation: Output maximisation 
is defined as maximising the level of outputs for the given inputs controllable in the same 
or no more favourable operating environment. 

Panel data: Data on multiple entities over time. 

Pure technical efficiency (PTE): Technical efficiency (see definition below) independent of the 
nature of returns to scale. 

Radial efficiency: Efficiency measured by estimating the distance between the origin and the 
inefficient unit and the intersection with the efficient frontier. 

Reference set: The reference set of an inefficient unit consists of efficient units most similar to that 
unit in their levels of inputs and outputs. 

Scale efficiency (SE): The component of technical efficiency that can be attributed to the size of 
operations. Scale inefficiency represents deviations from the most productive scale size. It 
is the ratio of technical efficiency to pure technical efficiency. 

Slack: Under-produced output or over-utilised input (non-radial inefficiency). 
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Super-efficiency: DEA where scores lose their upper bound of 1. Super-efficiency scores can be 
used for ranking the full sample including the efficienct DMUs. For example, in input-
oriented super-efficiency analysis, the score of an efficient DMU less 1 represents the 
amount of increase in its input vector that can be tolerated before that DMU becomes 
inefficient. Therefore, a higher super-efficiency score implies higher efficiency. 

Technical efficiency (TE): The efficiency of a production process in converting inputs into outputs 
that is calculated independent of prices and costs. 

Time-series data: Data on a single entity over time. 

Translation-invariant: A DEA model is said to be translation-invariant when addition of absolute 
value constants does not change the efficient frontier. 

Units-invariant: A DEA model is said to be fully units-invariant when we are able to capture both 
the radial and non-radial components of inefficiency in a scalar without being concerned 
about the different units (dimensions) of variables e.g. slacks-based measure. 

Variable returns to scale (VRS): Variable returns to scale assumes that changing inputs may not 
necessarily result in a proportional change in outputs. That is, as a DMU becomes larger, 
its efficiency would either fall or rise. Since 1990s, this has been the preferred assumption 
in DEA. 

Window analysis: Window analysis is a commonly used sensitivity analysis in DEA. It allows for 
an assessment of the stability of relative efficiency scores over time. 
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PART I: INTRODUCTION 
by Necmi K Avkiran 

I.1 What is Relative Efficiency? 

The concept of efficiency has been around probably from the day human kind first inhabited the 

hunting grounds of the ancient African continent. When our ancestors went on communal hunting 

trips, they quickly discovered that by combining their resources (inputs) they could kill a larger 

number of animals (outputs) than they otherwise would hunting as individuals. Thus, collaboration 

amongst our ancestors led to more efficient use of resources such as manpower (labour) and 

hunting tools (capital investment). 

At its most elementary level, we can define efficiency as ‘doing things the right way’. 

However, a more scientific definition would be along the lines of ‘maximising a desired outcome 

with given resources’. The usual definition of efficiency is the ratio of an output to an input. More 

sophisticated definitions of efficiency are introduced later on. In this book, the terms efficiency, 

productivity and performance are used interchangeably.1 

When does relative efficiency come into play? Clearly, the word ‘relative’ implies a 

comparison. The task on hand is to identify the desired outcomes and the corresponding outputs 

from the type of unit investigated (e.g. universities, real estate agents, etc.) and determine the 

resources (inputs) needed to generate the desired outputs. Once this output/input identification is 

completed, we then proceed to analyse how the inputs interact to produce the outputs for each unit 

in the group investigated. In the process, we aim to pinpoint inefficiencies in allocation and 

conversion of resources to outputs. 

The common measure of relative efficiency can be stated as the ‘ratio of weighted sum of 

outputs to weighted sum of inputs’.2 Where this ratio equals 1, we refer to that organisation as an 

'efficient unit'. In essence, an efficient organisation is one where resources are allocated smartly, 

rather than an organisation where the overriding ethos might be ‘to work for longer hours’. 

I.2 Why Study Relative Efficiency? 

In a world with finite resources and a continually expanding human population, the need to use 

existing resources efficiently is an overriding priority. Since the oil crises of the mid-1970s and the 

more recent sharp rise in the price of oil, we have all been more aware of the scarcity of world’s 

resources. In increasingly competitive markets, there is also a strong economic argument for 

                                                   
1 The finer differences between the definitions of productivity versus efficiency can be read on pages 3-6 of Prokopenko (1987) and 
pages 3-5 of Sherman (1988). 
2 This is the standard economic definition of productivity. It becomes a relative efficiency measure when the restriction is introduced that 
the ratio is less than or equal to 1 for all units. 
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efficient allocation of resources. Many a time, such competitive pressures have driven companies 

to collaboration or mergers. 

Yet another reason for studying relative efficiency is the acknowledgement by the 

International Labour Organisation that an increase in productivity constitutes a main source of 

economic growth (Prokopenko 1987), a sentiment still held in high regard by governments of 

today. Hence, we can argue that the study of relative efficiency is essential for identifying the 

inefficiencies in allocation of scarce resources, determining the potential improvements, and the 

long-run survival of the organisation. 

Farrell (1957), who is credited with pioneering the measurement of productive efficiency, 

puts it succinctly: 

The problem of measuring the productive efficiency of an industry is 
important to both the economic theorist and the economic policy maker. 
If the theoretical arguments as to the relative efficiency of different 
economic systems are to be subjected to empirical testing, it is essential 
to be able to make some actual measurements of efficiency (Farrell 1957, 
p.11). 

 
In the absence of relative efficiency analysis, many an economic decision based on 

performance indices such as deposits per staff (in a bank branch) or student enrolments per 

academic staff (in a university) may be too simplistic and misleading. In the case of profit-making 

organisations, even the highly respected accounting profitability measures may not adequately 

reflect the success of management. That is, a unit appearing as profitable may simply be benefiting 

from a favourable environment. 

To address such contingencies, the best approach is to try and measure environmental 

factors and compare the results of efficiency analysis with that of a profitability analysis (see Part 

V for a more in-depth discussion). Serious deviations in findings should be carefully investigated. 

One of the objectives of relative efficiency analysis is to recognise the efficient (smart) 

configuration of resources that can produce the desired outcomes. Effectively, this efficient 

configuration (and there may be more than one) becomes a focus for benchmarking activities. 

According to Miller (1984) acceptance of productivity management can be enhanced by 

linking improvements with profits: 

To profit from productivity improvements, management needs 
measurement procedures for monitoring productivity performance and 
identifying improvement opportunities. These procedures…must clearly 
link the company’s overall productivity performance to changes in its 
profits … 

 

Mindful of this, in Chapter 10 we visit the concept of profit efficiency. 
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I.3 What is Data Envelopment Analysis (DEA)? 

Data envelopment analysis (DEA) was originally used to investigate the relative efficiency of not-

for-profit organisations, following which it was quickly adopted by profit-making organisations. 

Application of DEA can be found in such diverse settings as financial institutions, hospitals, the US 

Air Force, airports, schools, rates departments, and courts e.g. Bessent and Bessent 1980; Sherman 

1981; Lewin, Morey and Cook 1982; Charnes et al. 1985; Thanassoulis, Dyson and Foster 1987; 

Sherman and Ladino 1995; Sarrico et al. 1997; Gillen and Lall 1997. Charnes et al. (1994) present 

a discussion of DEA theory and productivity models in a variety of industries. A Fortune magazine 

article provides an easy-to-read introduction to DEA for managers (Norton 1994). 

DEA is a non-parametric technique that generates a comparative ratio of weighted outputs 

to inputs for each DMU i.e. a relative efficiency score. The relative efficiency score is usually 

reported as a number between 0-100% or 0-1. A unit with a score less than 100% is regarded as 

inefficient relative to other units in the sample. 

The efficiency measure of a DMU is defined by its position relative to the 
frontier of best performance established mathematically… (Norman and 
Stoker 1991, p.16). 

 

Figure I.1 illustrates this principle assuming output maximisation. The line going through 

efficient DMUs B, C and D comprises the efficient frontier that represents actual achieved 

efficiency. For example, DMU A is classified as inefficient in this sample of ten units and it will 

have to expand to A' (i.e. composite DMU) on the frontier before it can also be called efficient.3 

Clearly, the efficient frontier envelopes all other data points, thus giving rise to the name data 

envelopment analysis. Figure I.2 represents the case for input minimisation where inputs are 

radially contracted to measure the efficiency of DMUs. 

Figure I.1  A Generic Two-Output, One-Input Efficiency Frontier with Ten DMUs 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

                                                   
3 The line joining the origin and A' is known as a 'ray'. 
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Figure I.2  A Generic Two-Input, One-Output Efficiency Frontier with Ten DMUs 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The traditional DEA illustrated in Part II of this book measures the technical efficiency of 

DMUs rather than allocative efficiency. Technical efficiency is an attempt to measure how well the 

inputs are converted into outputs by the production process. Another source of improvement in 

efficiency is technological progress. Technological progress represents an outward shift of the 

efficient frontier in Figure I.1 due to technological advancement and it should be distinguished 

from gains in technical efficiency represented by DMUs moving towards the frontier (see Chapters 

14 and 15). 

On the other hand, allocative efficiency is defined as the effective choice of inputs vis. à 

vis. prices with the objective of minimising production costs. Logically, we should ask about 

allocative efficiency when technical efficiency has been achieved. DEA has been adapted to 

measure allocative efficiency in a number of studies. Examples of allocative data envelopment 

analysis (ADEA) include Banker and Maindiratta (1988), Morey et al. (1992), Morey et al. (1995) 

and Sengupta (1998). Chapter 8 illustrates ADEA. 

Under the DEA technique, there is no particular structure superimposed on the data in 

identifying the efficient units (Burley 1995; Mester 1996). Instead, a best-practice structure is 

empirically constructed by putting the inputs and outputs through linear programming (piecewise 

linear segments form the efficient frontier in Figure I.1). The significance of this feature of DEA is 

that it can become a valuable tool in benchmarking. It also means that units with different 

configurations of inputs and outputs can be recognised as efficient in implementation of the 

production process. DEA determines the inefficiency in a particular unit by comparing it to 

efficient units of similar configuration. This contrasts the operation of parametric techniques such 

as Cobb-Douglas functions where a particular measure of inefficiency is associated with statistical 

averages that may or may not be applicable to that unit's composition. 
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It should be noted that those units identified as efficient are only efficient in relation to 

other units in the same sample. It is conceivable for a unit outside the sample to attain higher 

efficiency than the best practice unit in the sample. In other words, an efficient unit does not 

necessarily generate the maximum feasible output for a given level of input (Miller and Noulas 

1996). 

DEA labels a unit as either efficient or inefficient compared to its reference set. The 

reference set of a unit consists of efficient units most similar to that unit in their levels of inputs and 

outputs. In Figure I.1, DMUs C and D form the reference set for DMU A (a facet) and determine 

the potential improvements. Thus, knowing which efficient units are most comparable to the 

inefficient unit allows the manager to better understand the nature of inefficiencies and allocate 

scarce resources accordingly (Sherman and Gold 1985). An introduction to the principal 

mathematical models of DEA is provided in Appendix A to this book. 

 Frontier Analyst (Banxia Software Limited) has been chosen as the software to 

demonstrate technical efficiency analysis through DEA in Part II of this book. Part III relies on the 

expanded DEA models available in the software package DEA-Solver-Pro (Saitech Inc) to 

illustrate allocative efficiency analysis. Frontier Analyst is a Windows application that has been 

designed with the end-user in mind. The user-interface of the application is particularly suited to 

quickly generating and displaying the results of an analysis. Easy-to-understand graphical plots are 

produced automatically. A clearly written user guide that strikes a good balance between using the 

software and interpreting its outputs also accompanies Frontier Analyst. 

Examples of other DEA software are DEAP by Tim Coelli (free), EMS by Holger Scheel 

(free), IDEAS, OnFront, and Warwick DEA. 

I.4 Foreword to Productivity Measurement in the Service Sector 

Since the industrial revolution of the 19th century productivity measurement has taken a firm hold 

in the manufacturing sector as well as the primary industries. The physical inputs and outputs are 

particularly conducive to productivity analysis, whereas less tangible variables such as customer 

service quality in the service organisations complicates the measurement process. While this can be 

a disincentive for attempting productivity analysis in the service sector, the larger number of 

homogenous service units compensates for this disadvantage. 

The requirement for service in real time introduces further difficulty in productivity 

analysis in the service sector (McLaughlin and Coffey 1992). That is, demand for service needs to 

be met at the moment it arises. For example, when a couple approach the reception of a hotel and 

ask for a room for the night, the organisation must be able to deliver at that moment. A retort such 

as ‘we will have a vacancy in three working days’ will clearly be unacceptable to the customers. 

On the other hand, when you order a new car from your local dealer, you might be happy to wait 

for six months before delivery. In the words of Mill (1989, p.277): 
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Productivity measures in services therefore tend to measure both the 
ability of the operation to produce and sell the service. 
 

Existing measures such as productivity ratios, and time and motion studies borrowed from 

manufacturing are inadequate in capturing the interaction between multiple service variables. 

Productivity ratios examine one pair of output/input at a time, and time and motion studies are only 

suitable for organisations with inputs and outputs that lend themselves to easy measurement. Yet, 

other measures of productivity in the service sector such as number of customers served or sales 

per employee hour do not incorporate customer service quality. 

Complexities of productivity measurement in services mean there is a need to go beyond 

accounting and ratio measures or regression analysis4. Ultimately, the choice of outputs must 

reflect the objectives and service mix of the organisation and the inputs must be traceable to these 

outputs. Productivity analysis becomes useful when the output/input levels change in response to 

decisions taken by management. This is where we can introduce data envelopment analysis as a 

method that can measure productivity in complicated situations and calculate potential 

improvements. 

As most industries within the service sector come to terms with maturing markets, 

profitability will increasingly be sourced from higher productivity. The banking industry has been 

one of the first to confront maturing markets, particularly with the help of deregulation. In the 

presence of stiffer competition, banks have raised their productivity by using new technologies, 

closing down some of the brick-and-mortar outlets, and operating with a smaller number but 

technically better trained staff. Nevertheless, in the service sector, the extent we can substitute 

people by machines is limited (Mill 1989). This underscores the importance of efficient or 

productive employees. 

Today, the service sector happens to be the largest employer (Harker 1995). For example in 

Australia, the service sector represented 78.8% of the GDP in 2002 with an average annual growth 

of 3.9% 1985-2002, which is the second highest rate after mining (DCITA 2005, p.9). The 

employment shift to services was well recognised as far back as the 1980s when it was attributed to 

a lagging productivity growth in services and a rapid growth in demand for services (Elfring 1989). 

The developed economies in particular are dominated by service industries that are often less 

productive than the manufacturing industries. This relationship implies an overall falling economic 

productivity unless the service industries continue to make a special effort to raise the efficiency of 

their operations. DEA provides an invaluable opportunity to identify the inefficiencies in the 

service units and devise improvements. 

                                                   
4 Regression analysis allows an investigation of the relationships between an output and multiple inputs, or an input and multiple outputs 
but stops short of multiple outputs and multiple inputs. Exceptions to regression that can handle multiple outputs/inputs are econometric 
models such as translog cost function (see Banker, Conrad and Strauss, 1986). 
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I.5 Scope of the Book and Additions to the Second Edition 

The readers should find this book a handy source of reference. Productivity in the service sector is 

examined through technical, cost, revenue and profit efficiency foci using data envelopment 

analysis. Nevertheless, the techniques discussed in this book are equally applicable in other sectors 

such as manufacturing, agriculture and mining. The third edition has a wider scope which covers 

the DEA theory needed by the end-users, key model design issues, and correct interpretation of 

DEA results, as well as advanced concepts and teaching DEA in classroom. The book would 

particularly appeal to managers, administrators, consultants, academics and students. Availability 

of data on the examples in this book should provide the reader with the opportunity for a hands-on 

participation in the analysis. Some of the data can be downloaded as Excel worksheets from the 

web page www.uq.edu.au/financesite/. 

Chapters carry descriptive titles with two perspectives – the first part which identifies the 

technical topic covered, and the second part which identifies the context in which DEA is applied 

in that chapter. Chapters 1-10 essentialy represent the content of the second edition. The plan of the 

third edition is as follows: 

Part I introduces the concepts of relative efficiency and data envelopment analysis. 

Part II, Technical Efficiency: Chapter 1 is designed to give a guided tour of the DEA software 

Frontier Analyst, accompanied with relevant screen shots, where a three-variable model in foreign 

banking is used to demonstrate various features of the software. 

Chapter 2 is the section where you learn to design and test a simple relative efficiency model, 

which is an expansion of the model used in Chapter 1. Chapter 2 addresses key model design issues 

and interpretation of results in some detail. Readers looking for a quick start to DEA should go 

directly to Chapter 2. 

Chapters 3-6 provide case studies from different service industries, progressively introducing some 

of the more complicated concepts. More specifically, Chapter 3 investigates the productivity of 

bank branches assuming constant returns to scale, input minimisation and output maximisation. 

Chapter 4 examines the relative efficiency of universities assuming variable returns to scale and 

input minimisation. This chapter also introduces pure technical efficiency and scale efficiency. 

Chapter 5 extends the application of DEA into property management assuming constant returns to 

scale and input minimisation, while introducing weight restrictions. DEA results are compared with 

an accounting-based performance measure. 
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Chapter 6 examples are drawn from the hospitality industry, once again assuming constant returns 

to scale and input minimisation. Chapter 6 investigates longitudinal data and introduces the reader 

to a sensitivity analysis technique known as window analysis. 

Part III, Cost, Revenue and Profit Efficiencies: Chapter 7 illustrates the basics of the software 

DEA-Solver-Pro. 

Chapter 8 uses socially responsible investments in an innovative productivity model to explain 

allocative and cost efficiencies. This chapter demonstrates the need for input cost information in 

order to calculate cost efficiency. 

Chapter 9 illustrates revenue efficiency as a natural extension of cost efficiency. The chapter also 

highlights some of the challenges confronting not-for-profit (pension funds) versus for-profit 

enterprises (public transportation provided by private bus companies). 

Chapter 10 focuses on profit efficiency in the context of the life and health insurance industry. The 

chapter highlights the need for input costs and output prices to undertake profit efficiency analysis. 

Part IV, Using DEA with Confidence: In this part, Chapter 11 highlights potential problems with 

DEA such as non-homogeneity of the sample, various issues in choosing input and output 

variables, and assigning weights to variables. 

Chapter 12 raises issues about application of DEA when data characteristics may be problematic. 

Discussion includes data magnitudes, negative numbers, zero values, and missing data. Examples 

are drawn from the field of information technology. 

Chapter 13 demonstrates multiple tests of stability of the efficient frontier and integrity of scores in 

a fully units-invariant setting by investigating the productivity of foreign bank subsidiaries in 

Canada using the DEA model known as slacks-based measure. 

Part V, Advanced Concepts of DEA: Chapter 14 returns us to the banking sector in the deregulated 

period to illustrate productivity gains that are partly due to technical efficiency and partly due to 

technological progress. This decomposition is achieved through Malmquist indices. 

Chapter 15 applies the Malmquist indices introduced in Chapter 14 in the context of government 

funding of school education and vocational education and training. 

Chapter 16 details stochastic data envelopment analysis. In this chapter, we read about a number of 

ways of dealing with the natural statistical variability of the data used in DEA studies. 

Chapter 17 discusses measurement issues related to environmental variables in DEA. It 

demonstrates use of hierarchical environmental variables in public hospitals and a two-stage DEA 

that includes Tobit regression. 

Chapter 18 continues from the methodology used in Chapter 17 and details a three-stage 

performance evaluation method that starts with data envelopment analysis, proceeds with stochastic 
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frontier analysis to explain the variation in performance measured in the first stage in terms of the 

operating environment, statistical noise, and managerial efficiency, and concludes with DEA. 

Chapter 19 presents a context-dependent DEA approach to measure the attractiveness and progress 

of units with respect to a given evaluation context. This makes DEA more versatile and allows 

DEA to locally and globally identify better options. Value judgment is incorporated into the 

context-dependent DEA through a specific set of weights reflecting the preferences over various 

indices (see also Chapter 20). In particular, the attractiveness measure can be used to identify 

DMUs that have outstanding performance and differentiate the performance of DEA efficient 

DMUs. Public libraries are used for demonstration purposes. 

Chapter 20 incorporates value judgments in DEA models. The chapter argues that it is more 

straightforward to interpret mathematical and managerial implications of introducing value 

judgments in DEA via the approach of preferences changes than using weights restrictions. This 

approach often requires the explicit participation of the decision makers and stakeholders. 

Numerical examples are provided from the education and Olympics fields. 

Chapter 21 addresses the problems that arise from some inputs’ and outputs’ exact data form being 

unknown. The primary purpose of this chapter is to introduce the imprecise DEA and assurance 

region DEA models and methods. This includes showing how the resulting nonlinear programming 

problems can be transformed into linear programming equivalents for use in DEA. Application is 

demonstrated in the telecommunications area. 

Part VI, Teaching DEA in Classroom: Chapters 22-29 provide seminar slides, case studies and 

assignments that can be packaged to teach DEA at varying levels of difficulty. 

Part VII, Epilogue, brings together some of the key points raised in the preceding chapters of the 

book. The principal advantages and limitations of DEA are listed, accompanied by a brief 

discussion of uncontrollable variables. Further notes on using DEA provide a discussion of the 

relationship between profitability and efficiency. The potentially synergistic partnership between 

DEA and Balanced Scorecard is also outlined here. The Epilogue continues with an overview of 

pitfalls to avoid in application of DEA and a checklist for implementing DEA. It concludes with a 

key reference list. 
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PART II: TECHNICAL EFFICIENCY 
by Necmi K Avkiran 

 

CHAPTER 1: Navigating Your Way Through Frontier 
Analyst 

1.1 Introduction 

The main purpose of this chapter is to become familiar with the interface of Frontier Analyst. A 

three-variable model is used to demonstrate the various functions available in Frontier Analyst 

(version 4 was under development during the writing of this book – see Appendix C for a press 

release). 

The example examines the performance of foreign banks operating in Australia in 

generating non-interest income (output). The analysis is based on data collected for 1995. The 

inputs are interest expense and non-interest expense. The analysis assumes constant returns to scale 

(CRS) and is modelled to reflect the managerial focus of minimising inputs for a given level of 

output. Choice of variables, analysis options, and interpretation of results are covered in more 

detail in the next chapter. In this chapter, we focus on navigating our way through Frontier Analyst. 

Screen shots have been inserted (with permission of Banxia Software, www.banxia.com) to 

facilitate the explanations. 

1.2 Creating Data Files (Projects) in Frontier Analyst 

Data files are known as projects in Frontier Analyst. To create data files in Frontier Analyst, we 

click on new on the horizontal toolbar. This action launches the Project wizard, which provides 

five options (see Figure 1.1). 
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Figure 1.1  Project Wizard  

 

 

 

If we choose to follow the default, import from disk file, the project wizard can import any 

formatted text file (those files with extension .txt), including files already saved in the previous 

version of Frontier Analyst. If your data are already entered in Excel, save as a tab-delimited text 

before importing it into Frontier Analyst. Make sure you use short variable names as column 

headings in the tab-delimited text file and omit any explanatory text other than the unit and variable 

names. You should also avoid formatting numbers in spreadsheet cells with comma separators. 

We use the Browse icon to access the text file from its folder. Next, project wizard 

automatically analyses the data in the designated file and reports its findings. You should change 

these settings only if the import is not successful. Before proceeding with analysis options, it is 

necessary to tell Frontier Analyst which variables are inputs and which ones are outputs by clicking 

in the column of the variable and selecting from the input/output type on the toolbar (see Figure 

1.2). 
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Figure 1.2  Data Viewer 

 

A second alternative is to copy your data from another Windows application and paste it 

from the clipboard into Frontier Analyst using the project wizard. Clicking on the New icon on the 

top horizontal toolbar automatically launches the project wizard where you can check the 

appropriate option. Once again, if you copy only the required data, this operation is 

straightforward. Unit and variable names are automatically entered in the project file in Frontier 

Analyst. If you have not named the units in your data set, check the auto-name numeric data option 

when prompted by the project wizard. This will name the DMUs as Unit 1, Unit 2 and so on. This 

feature of Frontier Analyst is particularly useful when we want to preserve the identity of units. 

The third option offered by the project wizard is to type raw data into the data editor of 

Frontier Analyst. This is the easiest way to create a project if you are entering the data for the first 

time. The project wizard walks you through the process, prompting you to enter variable names 

first, followed by unit names. If you are coding your unit names by sequential numbers, it is best to 

enter 01, 02, 03 and so on, rather than 1, 2, 3. Otherwise, sorting of units in alphabetical order 

based on their designated code numbers will not work when results are produced. 

The fourth and fifth options for creating data files are using current selections from open 

Excel or SPSS files. For these options to work as intended you need to be running Excel or SPPS in 

the background, with the corresponding data file opened and the data to be imported blocked i.e. 

highlighted. 
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1.3 Selecting DEA (Analysis) Options 

Having created the project file, we then proceed to select the analysis options. Options can be 

easily accessed by clicking on the DEA options icon on the top horizontal toolbar. The default 

options are optimisation that minimises inputs and constant returns to scale (see Figure 1.3). 

Depending on the focus of managerial analysis and the nature of DMUs, we also have the option of 

selecting output maximisation and variable returns to scale (see Chapter 4, section 4.3) where the 

variable returns to scale option reports the nature of returns to scale for each DMU i.e. increasing, 

constant or decreasing. Furthermore, the advanced analysis options allow for weight restrictions 

(see Chapter 5, sections 5.2 and 5.3). Analysis options are discussed in more detail in Chapter 2. In 

this chapter, we accept the default options. 

 
Figure 1.3  Advanced Analysis Options  

  

1.4 Computing Relative Efficiency Scores 

The efficiency scores are computed by clicking on the Scores icon on the vertical toolbar on the 

left-hand side of the screen or the Analyse now icon on the top horizontal toolbar. The unsorted 

units and their corresponding scores are displayed in the order of entry in the project file (see 

Figure 1.4). However, Frontier Analyst provides the options of sorting the units alphabetically, or 

in descending or ascending order based on scores (see the icons on the horizontal toolbar that 

appears in the scores window). 
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Figure 1.4  Efficiency Scores 

 
 

 The efficiency scores are reported in percentage terms. A score of 100 indicates an 

efficient unit. Any unit with a score less than 100 is deemed inefficient compared to its peers. In the 

example of foreign banks, Bankers Trust is the most efficient amongst its peers. As a matter of fact, 

it is the only efficient bank in that group. Similarly, Arab Bank appears to be the least efficient in 

1995. 

 When the data set has a zero value, Frontier Analyst displays a warning message (Frontier 

Analyst will only accept positive data values). Zero values for variables are not suitable for DEA 

because they represent a perfect input and the worst possible output (Ball and Wilkinson 1992). 

There are two alternatives when faced with such a situation in Frontier Analyst. We either omit the 

DMU with the zero value or substitute an appropriate small number. The latter alternative is 

automated when we check the option ‘substitute zero values with 0.001’ (see Analysis Options in 

Figure 1.3). Other DEA software may well be quite happy to process DMUs with zero or negative 

values. 

 Frontier Analyst offers additional flexibility in using data by allowing for filters. Filters can 

be set up (find the small icons at the bottom of the data viewer – not shown here) to include DMUs 

that fit certain numerical or text criteria. For example, bank branches with staff numbers greater 

than 5 or only those that are located in the north of the country can be included in the analysis. By 
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checking the non-matching records in the Input filter you can decide whether your criterion 

becomes a rule for inclusion or exclusion (see Figure 1.5). 

 
Figure 1.5  Input Filter 

 

 

 

 The scores toolbar also offers other display options, the most important of which is the 

Details icon. When activated, the Details icon allows the user to access potential improvements, 

reference comparison, reference contributions, and input/output contributions. These are the topics 

of the next four sections in this chapter. 

1.5 Potential Improvements 

Let us examine the potential improvements suggested by the DEA for the least efficient foreign 

bank in 1995 (Arab Bank). The bank can maintain its current level of non-interest income (output) 

while simultaneously reducing its interest expense by 92% and non-interest expense by 86% (see 

Figure 1.6). 
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Figure 1.6  Potential Improvements 

 

 

 To contrast this, we now look at the second most efficient bank and its corresponding 

potential improvements. NatWest Markets is indicated as having the potential to reduce its interest 

expense by 47% and reduce its non-interest expense by 7%. Clearly, those units that are more 

efficient have smaller room for improvement. 

1.6 Reference Comparison 

This section of the analysis allows the user of Frontier Analyst to identify the efficient units that are 

of similar configuration to the inefficient unit examined i.e. its reference set. If we go back to the 

inefficient unit Arab Bank, the only other unit listed in its reference set is Bankers Trust. 
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Figure 1.7  Reference Comparison 

 

 Figure 1.7 indicates that Bankers Trust uses 3,079% more interest expense and 5,091% 

more non-interest expense than Arab Bank to generate 38,961% more non-interest income. This is 

akin to saying, for every $100 spent by Arab Bank on interest expense and non-interest expense 

(inputs), Bankers Trust spends $3,079 and $5,091 respectively. But, for every $100 of non-interest 

income generated by Arab Bank (output), Bankers Trust produces $38,961. Therefore, in light of 

the ratio of output to inputs, Bankers Trust is a more productive bank. Reference comparison can 

help set performance targets for the inefficient unit. 

1.7 Reference Contributions 

Analysis of reference contributions provides further guidance on selecting a peer from the 

reference set of an inefficient unit for benchmarking purposes. In this example, since Bankers Trust 

is the only efficient unit, it will be the only unit appearing in the reference set of every other 

inefficient unit. Hence, in Figure 1.8, we can see that Bankers Trust is contributing 100% to setting 

of the target values of inputs and output for Arab Bank. In the next chapter, an example will be 

worked through where there are multiple efficient units in the sample and, thus, varying reference 

set memberships. 
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Figure 1.8  Reference Contributions 

 

1.8 Input / Output Contributions 

Input/output contributions indicate the extent inputs and outputs have been used in calculating the 

efficiency score of a unit. In the case of Arab Bank, interest expense (input) has been ignored, 

whereas non-interest expense (input) and non-interest income (output) have contributed 100% to 

calculation of the efficiency score for Arab Bank (13.1%) (see Figure 1.9). 

These contributions effectively report the weights assigned to each variable by the iterative 

DEA optimisation. Frontier Analyst (version 2 or higher) allows the user to restrict these weights 

when it can be justified. As we shall see in Chapter 5, caution is advised before superimposing 

weights on the optimisation process. 
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Figure 1.9  Input / Output Contributions 

 

1.9 Reference Set Frequency 

There will be instances when we would be interested in knowing which of the units in the sample 

can be considered the overall best performer (also known as the global leader). The efficient unit 

that appears in reference sets most frequently becomes the global leader. By default, the global 

leader in this example is Bankers Trust since it is the only efficient unit. Bankers Trust can thus set 

an example of good operating practice for inefficient units to emulate. The reference set frequency 

can be observed by clicking on the Reference frequencies icon on the vertical toolbar (see Figure 

1.10). Note that this icon is not shown under the main menu; you need to open the analysis menu in 

the left-hand vertical toolbar to bring up the reference frequencies and other analysis tools. 
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Figure 1.10  Reference Set Frequency 

 

1.10 Displaying Bivariate Correlations Between Variables 

In designing a productivity model, we aim for a parsimonious set of variables, thus increasing the 

discriminatory power of the analysis. That is, we omit those variables that are simply duplicating 

the measure introduced by others. To this end, Frontier Analyst can generate bivariate correlation 

coefficients that allow examination of the relationships between variables studied. The X-Y plot 

icon on the vertical toolbar provides the shortcut to the correlations (see Figure 1.11). 

 For example, if the correlation coefficient between interest expense and non-interest 

expense was 1, we can delete one or the other to increase model's discriminatory power. In reality, 

coefficients of 1 are rare and we tend to consider any correlation above 0.8 as high (this rule of 

thumb may vary depending on the study or discipline). A caveat worth inserting here is that the 

efficiency scores can vary depending on the variable deleted because a variable that is redundant in 

a regression is not necessarily redundant in DEA (Nunamaker 1985); this is such an instance where 

the analyst is expected to exercise some judgment over statistics. 
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Figure 1.11  Correlations between Variables in the Analysis 

 

1.11 Displaying Bivariate Correlations Between Variables and Efficiency Scores 

This plot can prove helpful in determining whether units with particular features are efficient or 

inefficient. It can be readily accessed through the X-Efficiency plot icon on the vertical toolbar (see 

Figure 1.12). In this example, interest expense does not appear to be correlated with unit efficiency 

(0.39), whereas non-interest expense shows a higher correlation (0.61). 

 Another application of the X-efficiency plot is in examining the returns to scale among the 

units. For example, if one of the variables in the analysis can be argued to be a good proxy for unit 

size, such as staff numbers (not available in the current example), then we can generate the X-

efficiency plot to see whether there is any evidence of variable returns to scale (VRS). In such an 

example, a high correlation between staff numbers and efficiency scores would indicate variable 

returns to scale (see Chapter 4, section 4.4). 
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Figure 1.12  Correlations between Variables and Efficiency Scores of Units 

 

1.12 Plotting the Efficient Frontier 

In Part I (see Figure I.1), we used an efficiency frontier plot to explain DEA. In Frontier Analyst, 

clicking on the Frontier plot icon generates the frontier plot, which is a two-dimensional graph of 

unit efficiency. This can be a helpful visual aid in understanding the relationship among units. 

Unfortunately, due to the shortcomings of a two-dimensional screen, its use is limited to situations 

where we have only two inputs and one output (under output maximisation), or one input and two 

outputs (under input minimisation). 

 In this example, since there are two inputs and one output under the input minimisation 

option, Frontier Analyst cannot plot the efficiency frontier. 

1.13 Printing in Frontier Analyst 

Various reports discussed in sections 1.4-1.12 of this chapter can be printed in Frontier Analyst by 

selecting the PRINT command under the FILE pull-down menu or clicking on the Printer icon. 

However, Frontier Analyst prefers the user to copy the window to be printed onto the clipboard and 

paste it into another application of choice, say, a word processor or spreadsheet. In fact, unless we 

use the full report generator, we can print data and efficiency scores only by going through the 

clipboard. 
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 For example, if we copy the scores report and paste it into a word processor, we then have 

to convert text to table. In pasting into a spreadsheet, the conversion is automatic. Tables are copied 

onto the clipboard as tab-delimited text and graphics are copied as either a bitmap or a metafile (see 

general options in Frontier Analyst). Metafile provides a clearer picture that remains scaled during 

resizing. 

1.14 Other Features of Frontier Analyst 

Clicking the Improvement summary icon produces a pie chart displaying the overall potential 

improvements for the sample of units under study. Alternatively, we can select to see the 

input/output specific potential improvements on a bar chart. 

 A feature that would particularly appeal to managers is the REPORTS. Clicking on this 

icon generates various reports ranging from complete details on each unit to efficiency scores only. 

A manager can design a report to produce the desired output. The PUBLISH TO WEB option 

under reports facilitates placing of results onto a web server. 

1.15 Summary 

Frontier Analyst version 3 is a Windows application designed with the end-user in mind. It 

generates various reports with ease, preferring to use a graphical interface to facilitate interpretation 

of results. There is a good range of options for the user to customise Frontier Analyst's workspace. 

The facility to copy to the clipboard is handy for easy incorporation of reports in word processor 

documents or spreadsheets. The context-sensitive help facility within the application provides 

explanations of key features and concepts with examples. 

 More importantly, the reports such as efficiency scores, potential improvements, reference 

comparison, and correlations make Frontier Analyst a self-sufficient application for conducting 

efficiency analysis. In the next chapter, we design and test a simple productivity model to 

demonstrate how to deal with variable selection, choice of analysis options and results. 
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CHAPTER 2: Designing and Testing a Simple 
Relative Efficiency Model – Australian Foreign 
Banks 
by Necmi K Avkiran 

2.1 Introduction 

The purpose of this chapter is to address the key model design issues and interpret the test results. 

To this end we expand on the Australian foreign bank project used in the previous chapter by 

introducing a second output, namely, net interest income, and changing the optimisation mode to 

output maximisation. However, before we go any further, let us have a brief look at the background 

of foreign banks in Australia. 

Most foreign banks were established in the early 1980s following deregulation of the 

Australian financial sector. The original invitation extended by the Federal Treasurer to foreign 

banks aimed to strengthen the competition in retail banking. In retrospect, when the foreign banks 

realised they could not compete effectively with the retail services offered by the long-established 

domestic banks, they focused their efforts on wholesale or corporate banking. 

2.2 Choice and Number of Input / Output Variables 

In the design of a relative efficiency model, as in any statistical model, the choice of variables 

needs to be justified. In academic papers, the standard procedure is to review the literature before 

proposing an improvement to the previous attempts at solving the problem on hand. In a 

managerial application the primary concern is to choose those variables that will represent the 

analysis desired by management. Clearly, this requires an intimate knowledge of the industry. 

Desired analysis depends partly on the definition of the DMU to be studied. In this project, 

the DMU has already been defined as the foreign bank. The next step is to identify the business 

drivers critical to success of the DMU. Effectively, these business drivers become the outputs in the 

productivity model. In the spirit of designing a simple model, we select two outputs from the 

following list of potential outputs: 

Potential Outputs 

 net interest income  non-interest income 
 commercial loans  consumer loans 
 housing loans  investments 

 
In this case net interest income represents interest income from loans and investments, less 

interest expense. Non-interest income is total revenue, less interest income and bad debt recoveries. 

Most of non-interest income consists of fee income, which reflects the level of business activity in 
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the bank and its ability to charge for services5. When there is no overwhelming argument in favour 

of choosing only two key outputs, correlations between the potential outputs can be examined to 

initiate a process of elimination (see Chapter 3, section 3.3). 

Having decided on the outputs, we now look at the list of potential inputs. For a 

meaningful analysis it is important to select those inputs that can be argued to manifest themselves 

as the key business drivers (outputs). To make loans and earn interest income a bank collects 

deposits or purchases capital. Thus, the interest expense is an essential input for generating the 

output net interest income. Non-interest expenses such as salaries, leasing expenses and advertising 

expenses are all essential to supporting the operations that will produce the net interest and non-

interest incomes. 

Potential Inputs 

 interest expense  non-interest expense 
 number of staff, full-time 

equivalent 
 deposits 

 other purchased capital  physical capital (fixed assets and 
equipment) 

 demographics  competition 
 

 

Let us summarise the process of input/output selection. The principal advantage of DEA is 

that management can determine the inputs and outputs in light of the desired analysis. 

Nevertheless, this should not be construed as an open invitation to design haphazard models. While 

we have the freedom to choose variables that reflect different managerial foci, a more useful 

analysis can be attempted if we identify the business drivers critical to success of the DMU under 

investigation. This involves identifying performance variables (outputs) that represent the strategies 

and objectives in place in the DMU. Once the outputs are determined we then identify the inputs 

that can be argued to manifest themselves as outputs.6 Gillen and Lall (1997) recommend a more 

simplistic approach when it is not easy to distinguish inputs from outputs. They suggest that we 

consider desirable outcomes as outputs and less preferred factors as inputs.7 

A less obvious advantage of DEA is that it allows inputs to be categorised as either 

controllable (by management) or uncontrollable. This provides that additional level of analysis 

where performance can be interpreted in the context of uncontrollable environmental conditions 

(Banker and Morey 1986a; Epstein and Henderson 1989). The inputs in this chapter are assumed to 

be controllable. 

In a real life analysis, failure to account for environmental factors is bound to confound the 

DEA results and lead to unreliable economic decisions. There are at least two main approaches to 

                                                   
5 A smaller portion of non-interest income can be profits from sale of non-current assets and other abnormal or extraordinary 
transactions. 
6 In the case of a model of single input and multiple outputs, multiple linear regression can help in this process. For example, outputs can 
be regressed on the input variable and the coefficient of determination noted. 
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incorporating uncontrollable or non-discretionary inputs in DEA. As part of the single stage 

adjustment, the uncontrollable input can be included in DEA in such a manner that it does not 

actually enter the calculation of the efficiency score for DMUs i.e. it becomes a constraint in linear 

programming. This approach suffers from inflated efficiency scores as more constraints enter the 

linear program (SCRCSSP 1997). On the other hand, the multiple stage approach can entail a 

number of methods. A common practice in this case is to run DEA where all the inputs are treated 

as controllable and then regress the emerging efficiency scores on non-discretionary inputs, often 

using Tobit regression (see Part V for a more in-depth discussion). A useful practice before 

embarking on either of these approaches is to regress the inputs on outputs in an effort to find out 

about the direction and strength of the relationships. 

To determine an appropriate number of variables we compare the product of outputs and 

inputs with the sample size. In the foreign bank project this product is 4(2x2) which compares 

favourably with 12 banks in the 1995 sample. That is, all other things being equal, the smaller the 

product of outputs and inputs compared to the sample size, better is the discrimination between 

efficient and inefficient DMUs. We visit this issue again in Chapter 3, section 3.4. 

2.3 Choice of Analysis Options 

In DEA, there are three key analysis options, namely, the method of optimisation, the assumption 

about the nature of returns to scale for the DMUs, and weight restrictions on variables. Frontier 

Analyst refers to the first two of these options as optimisation mode and scaling mode. Weight 

restrictions are further discussed in Chapters 5, 19 and 20. 

Optimisation mode can either be input minimisation (default option on Frontier Analyst) or 

output maximisation. This option refers to the choice of objective function in the linear program 

behind DEA (see Appendix A, the CCR Model). Under input minimisation, the analyst is 

concerned with maintaining at least the same level of outputs while minimising inputs. This option 

may be particularly attractive to the analyst when cost reduction strategies are in place or 

downsizing is planned. The alternative, output maximisation, is defined as maximising the level of 

outputs for given inputs. Output maximisation is particularly appropriate when the management is 

interested in raising productivity without necessarily reducing resource usage. For example, where 

the strategy has been to expand market share, relative efficiency of the DMUs is best investigated 

under output maximisation. 

The foreign bank project in this chapter is tested under the option of output maximisation. 

This choice is particularly appropriate given (a) foreign banks operating in Australia are still 

fighting for a larger share of the domestic financial services market, and (b) foreign banks are able 

to utilise extra capital from the balance sheets of their parent banks; that is, availability of resources 

and thus the option of input minimisation is of secondary concern. 

                                                                                                                                                          
7 In DEA, outputs and inputs can be measured either in dollar values or activity levels. Technically, DEA is said to be ‘unit invariant’. 
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Regarding the scaling mode, once again we choose from one of two options, namely, 

constant returns to scale and variable returns to scale. CRS is the default option on Frontier Analyst 

and is found in most of DEA published in 1980s. Strictly speaking, CRS is only appropriate when 

the majority of DMUs in the sample are operating at the most productive scale size (MPSS); at 

MPSS (after Banker 1984), a DMU’s production of outputs is maximised per unit of inputs i.e. 

scale elasticity equals 1. With this option we assume that outputs change in direct proportion to the 

change in inputs regardless of the size of the DMU. In a homogenous group of DMUs this is likely 

to be the case. But, what happens when we are investigating the efficiency of a group composed of 

DMUs with a large variation in scale of operations? CRS, which assumes that efficiency of the 

DMU is not influenced by the scale of its operations, becomes an incorrect assumption. 

In a large sample with large variation in size of the DMUs we first need to examine the 

relationship between efficiency scores and size. VRS assumes that changing inputs will not result 

in a proportional change in outputs. That is, as a DMU becomes larger, its efficiency would either 

fall or rise. The DEA published since 1990s has shifted to VRS (Coelli, Rao and Battese 1998). 

This is not a surprising change since variable returns to scale is a better reflection of actual 

observations made in the commercial world. 

Given the small sample size and the homogenous nature of DMUs in the foreign bank 

project, for brevity, we assume CRS. Under constant returns to scale, input minimisation and 

output maximisation produce the same efficiency scores if all the inputs are controllable. When a 

non-controllable input is introduced, input minimisation gains new constraints, thus leading to 

different scores. 

2.4 Interpreting Relative Efficiency Scores 

Having selected the analysis options, we run the DEA test on the 1995 data. Results are depicted in 

Table 2.1. Four of the twelve banks are efficient, with the remainder exhibiting a range of 

inefficiency. 

Table 2.1  Foreign Bank Efficiency Scores Sorted in Descending Order 
Unit Score  
Arab Bank 100.00  
ING Mercantile Mutual Bank 100.00  
Standard Chartered Bank 100.00  
Bankers Trust 100.00  
Lloyds Bank NZA 98.91  
NatWest Markets 92.41  
Bank of Singapore 82.12  
Citibank 80.71  
IBJ Australia Bank 80.26  
Mitsubishi Bank 54.96  
Hongkong Bank  54.93  
Bank of Tokyo 54.55  
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This is a good distribution of relative efficiency scores (also known as theta, , in DEA 

mathematics) and is evidence of the appropriate relationship between the number of variables in the 

model and sample size. 

In Chapter 1 we investigated the same data set without net interest income. The sorted 

efficiency scores from the Chapter 1 project with two inputs and one output are reproduced in 

Table 2.2. 

Table 2.2  Foreign Bank Efficiency Scores Sorted in Descending Order (without Net Interest Income) 
Unit Score  
Bankers Trust 100.00  
NatWest Markets 92.41  
Lloyds Bank NZA 89.51  
Citibank 50.22  
Bank of Singapore 43.62  
Bank of Tokyo 39.44  
Hongkong Bank 29.23  
IBJ Australia Bank 26.20  
Standard Chartered Bank 24.47  
ING Mercantile Mutual Bank 21.68  
Mitsubishi Bank 20.95  
Arab Bank 13.07  

 

A comparison of Tables 2.1 and 2.2 shows that Bankers Trust is listed as an efficient DMU 

under both models. However, three of the inefficient banks in Chapter 1 are now reported as 100% 

efficient. In this instance efficiency scores emerge as being sensitive to the choice of model 

variables. This example underscores the importance of making an informed selection of variables 

in line with the desired analysis. Clearly, a decision to close down Arab Bank, ING Mercantile and 

Standard Chartered based on the Chapter 1 model would have been wrong. A sensible reaction to 

the Chapter 1 results would be to ask why the efficiency scores showed such a large variation i.e. 

ranging from 13.07% to 100%. Usually the answer is either omission of a key variable in the 

analysis or a case where the DMUs are managed very differently. Both situations would warrant 

further investigation. 

We should also be cautious in interpreting overall productivity gains from efficiency 

scores. The actual productivity gains may be greater than indicated by efficiency scores. For 

example, a smaller inefficiency in a larger DMU may translate into larger gains than what can be 

achieved in a smaller DMU with a larger inefficiency. Caution is also advised in reading the 

potential overall productivity gain inherent in the score of a DMU where the analysis assumes 

output maximisation. For example, Citibank (see Table 2.1) has an efficiency score of 80.71%. Yet 

the potential gain is not equal to 19.29% (100-80.71)8. It is equal to 23.90% [(1/0.8071-1)x100]. 

Thus, under output maximisation, the potential gain or inefficiency is equal to the reciprocal of the 

efficiency score minus 1. 

A common approach to interpreting sorted efficiency scores is to treat the DMUs as rank 

ordered, say, from the most to the least efficient units. However, rank ordering distracts the analyst 

                                                   
8 This calculation would hold if the optimisation mode were input minimisation. 
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from the real value of DEA, which is to identify potential improvements. Furthermore, rank 

ordering becomes particularly unreliable when efficiency scores are very close to one another or 

slacks are present (see next section for an explanation of slack). 

An inefficient DMU’s score is calculated in relation to the efficient DMUs in its reference 

set. When we have more than one efficient unit, as in Table 2.1, we need to closely examine the 

membership of the reference sets. In a purely technical sense, unless the same four efficient DMUs 

appear in the reference sets of inefficient units we cannot treat Table 2.1 as truly rank ordered 

(Sherman 1988)9. An examination of the reference sets reveals that the units in Table 2.1 are not 

truly rank ordered. On the other hand, in Table 2.2 since the only efficient DMU is Bankers Trust, 

it comprises the reference set for all other DMUs in the sample. Therefore, the sorted units in Table 

2.2 are truly rank ordered. Nevertheless, the technical point discussed here is often ignored in DEA 

literature and it is common to treat the sorted DMUs as approximately ranked. 

2.5 Interpreting Potential Improvements 

The overall improvement summary indicates that the foreign banks have the greatest potential in 

raising their net interest income (see Figure 2.1). Therefore, management should expect to spend 

most of its efforts in this area. However, this overall summary does not tell much about the 

potential improvements for individual banks. For a more in-depth analysis of potential productivity 

improvements we now look at Bank of Tokyo. 

Figure 2.1  Summary of Overall Improvements for Foreign Banks 

interest expense -15.24 %
noninterest expense 0 %
net interest income 66.05 %
noninterest income 18.71 %

Total potential improvements

interest expense

noninterest expense

net interest income

noninterest income

 
 Figure 2.2 shows that there is a potential for Bank of Tokyo to increase net interest income 

and non-interest income by 83%. There is also the potential to reduce interest expense by 51%. 

While this latter observation may look like a contradiction of the definition of output maximisation 

(where outputs are maximised for given levels of inputs), it can be explained by existence of a 

slack for the DMU in question. In simple terms, it means that Bank of Tokyo is still over-utilising 

interest expense even when it has maximised its outputs. 

 

                                                   
9 Observing which units appear in the reference sets of inefficient units more often than others can break ranking ties between efficient 
units. 
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Figure 2.2  Potential Improvements for Bank of Tokyo 

100500%-50-100

interest expense

noninterest expense

net interest income

noninterest income

-51

0

83

83

 

We identified the additional improvement possible in the input variable interest expense as 

a slack. That is, there is more interest expense than what is needed in maximising the outputs. This 

is considered an over-utilised input. Thus, we would expect interest expense not to contribute to 

calculation of the efficiency score for Bank of Tokyo. Examination of variable weights reveals 0% 

for interest expense as expected, 100% for non-interest expense, 42% for net interest income, and 

58% for non-interest income. 

The global leader is Bankers Trust, appearing in eight of the twelve reference sets 

including that of Bank of Tokyo. The other bank in the reference set of Bank of Tokyo is ING 

Mercantile. At first glance Figure 2.3 suggests that the two efficient banks in the reference set of 

Bank of Tokyo may have contributed equally to setting the target values. However, since 

input/output contributions (see Chapter 1, section 1.8) indicate that non-interest expense's 

contribution to the efficiency score was 100% followed by non-interest income at 58%, higher 

contribution of Bankers Trust in these variables should make it the preferred bank to benchmark in 

setting targets for Bank of Tokyo (see block arrows in Figure 2.3). 
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Figure 2.3  Contributions of the Reference Set Banks for Bank of Tokyo 

 

 

 

 

 

2.6 Summary 

In the course of designing and testing a simple relative efficiency model, we addressed such key 

issues as selecting variables and analysis options, as well as interpreting relative efficiency scores 

and potential improvements. The productivity model in this chapter had two inputs and two 

outputs, and it was tested under output maximisation and CRS. 

 Selection of variables begins with identification of the outputs i.e. key business drivers for 

the DMU. Once the outputs are determined, we look for variables that can be shown to represent 

the resources needed to generate the outputs. These variables become the inputs in the analysis. 

Choice of analysis options depends on the managerial focus of the productivity study as well as the 

variation in the scale of operations among the DMUs. In Chapter 3, we continue with a case study 

in retail banking where the productivity of branches is investigated through various models. 
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CHAPTER 3: Constant Returns to Scale – Bank 
Branches 
by Necmi K Avkiran 

3.1 Introduction 

The purpose of this chapter is to demonstrate the application of data envelopment analysis in 

investigating the productivity of bank branches. The focus is on retail banking activities of sixty 

branches of a domestic trading bank in Australia using data collected in 1994.10 The three 

productivity models designed and tested in this chapter use CRS and input minimisation analysis 

options (with the exception of Model 3, which uses output maximisation). 

 The case study is written with a view to providing an analytical advantage to those 

involved in productivity studies. Perhaps it will encourage those who have not used data 

envelopment analysis in the past to start using this versatile managerial decision-making tool. 

 Once again before proceeding with the chapter's analysis let us take a brief look at the retail 

banking sector in Australia. Retail banking activities comprise telling, customer service, housing 

loans, personal loans and small business lending. This sector has been increasingly exposed to the 

restructuring brought on by the deregulation of the financial services sector in mid-1980s. 

Increased competition and a drive to reduce costs have been the main preoccupations of most bank 

executives over this period. These forces of change are still in place today and continue to manifest 

themselves as price wars on home loans, product innovation, closing down of unprofitable 

branches, staff redundancies and increased merger activity. 

3.2 Conceptual Framework 

Some of the published papers that use DEA as an investigative tool with branch performance 

analysis tend to be specific applications of DEA where the mathematical formulations have been 

incorporated in the body of the text e.g. Oral, Kettani and Yolalan 1992; Haag and Jaska 1995. 

However, such publications are likely to be of limited use to the practising manager or the 

consultant. In this chapter, we construct three productivity models of varying managerial focus 

while underscoring the basic DEA theory, key design considerations and the finer points of 

interpreting results. 

 The main appeal of DEA to the bank analyst is that there is no theoretical limitation on the 

selection of variables to be included in the analysis. Another appealing feature of DEA is that the 

                                                   
10 The identity of the bank and its branches is not revealed because the data were collected after entering a confidentiality deed with the 
bank. 
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method can be used with variables of different units without the need for standardisation e.g. 

dollars, number of transactions, or number of staff.11 

 DEA can be used to measure the technical efficiency of the decision-making units studied. 

Technical efficiency is defined as the successful implementation of a production plan. Most 

publications using DEA to measure branch efficiency are found in journals of operations research 

or management science (e.g. Sherman and Ladino 1995, Nash and Karwat 1996, Schaffnit, Rosen 

and Paradi 1997, Lovell and Pastor 1997, Camanho and Dyson 1999, Cook and Hababou 2001, 

Portela, Thanassoulis and Simpson 2004, Camanho and Dyson 2005). The DEA method has also 

been used in performance analysis of banks rather than bank branches. Some recent examples are 

Favero and Papi (1995), Wheelock and Wilson (1995), Miller and Noulas (1996), Resti (1997), 

Avkiran (1999b), Avkiran (2000), Chen (2004) and Hauner (2005). 

It is feasible to apply DEA to a small sample size (Evanoff and Israilevich 1991). 

Nevertheless, unless we work with a sample size larger than the product of number of inputs and 

number of outputs, the analysis loses discriminatory power. That is, the majority of the units appear 

efficient with only a few units benefiting from potential improvements analysis. A second rule of 

thumb is to select a sample size at least three times the sum of the number of inputs and outputs. 

Yet, a third rule of thumb can be dubbed as the one-third rule where you accept the sample size if 

the number of efficient DMUs do not exceed one-third of the sample. Furthermore, data on inputs 

and outputs should be collected in a common time frame in order to arrive at meaningful 

conclusions (Sherman and Gold 1985). 

Seiford and Thrall (1990, p.29) explain the above issue of dimensionality as follows: 

As the number of factors (inputs and outputs) increases, the ability to 
discriminate between the DMUs decreases; i.e., given enough factors, all 
(or most) of the DMUs are rated efficient. This is not a flaw of the 
methodology but rather a direct result of the dimensionality of the 
input/output space (m+s) relative to n, the number of DMUs 
(observations). 

 
We should also note the potential problems with the DEA method. For example, DEA 

assumes data to be free of measurement error or noise (Mester 1996). This could in turn give rise to 

unreliable findings unless we are certain of the integrity of data. Currently, addressing the 

measurement error in DEA is a topic of research under the heading of Stochastic DEA (SDEA). 

Recent examples in this area include Li (1998), Sengupta (2000), and Post (2001); see also Chapter 

16 of this book. Under traditional DEA it is particularly important to scrutinise the data for outliers 

and errors in data entry before running DEA (Morey, Capettini and Dittman 1985). 

In the retail banking project, DEA measures the efficiency of bank branches relative to one 

other. Hence, a branch reported as 100% efficient does not necessarily produce the maximum 

                                                   
11 However, changing the unit of measurement for a variable could change the efficient frontier, and thus, the efficiency scores in the 
sample. That is, not all DEA models are units-invariant. See Chapter 22, slide 56. 
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output feasible for a given level of input in that industry (Miller and Noulas 1996). Instead, the 

branch is considered the most efficient in its group of peers. DEA results make more sense if the 

sample investigated is an homogeneous group of units. For example, bank branches cannot be 

joined with branches of a supermarket chain because supermarkets are subject to different 

operational factors. 

Avkiran 1997 outlines the process for developing performance models for bank branches. 

In brevity, this process requires identification of key performance outcomes that reflect the 

corporate objectives and strategies. Once the key performance outcomes (and the corresponding 

outputs) are determined, factors that lead to these outputs are selected as the independent variables 

(inputs). The inputs and outputs used in this chapter are borrowed from the list of pre-test variables 

listed by Avkiran (1997, p.229) (see Appendix B). 

But there is a logical problem including ‘presence of competitors’ (COMPETI) as an input. 

Surely, a greater number of competitors in the vicinity of the branch are likely to detract from the 

performance of the branch. More to the point, we will be applying resources (inputs) to counteract 

the effect of competitors. While we can specify COMPETI as an independent variable in a multiple 

regression analysis (see Avkiran 1997), the same variable does not make sense as an input in DEA. 

In DEA, a variable that uses inputs is usually defined an output. This point emphasises the need to 

screen inputs and outputs before we can interpret the DEA results with certain confidence. 

 With the help of DEA we can identify a group of 100 % efficient branches that are closest 

to the configuration of inputs and outputs of the inefficient branch under investigation i.e. its 

reference set. Thus, we can determine the branches to examine in order to understand the nature of 

inefficiencies before allocating scarce resources (Sherman and Gold 1985). Furthermore, 

measuring operational performance through DEA can be accompanied by ratio analysis or other 

more traditional performance measures (Oral, Kettani and Yolalan 1992). In such an analysis, 

where substantial deviations are detected between the results from two separate methods, they 

should be carefully investigated as a matter of sound management practice (see Chapter 5). 

3.3 Research Design 

As part of the research design highly correlated variables were identified among the fifteen pre-test 

inputs and outputs. Correlations greater than or equal to 0.7 were accepted as high. These bivariate 

correlations are summarised in Table 3.1. Whenever these highly correlated variables appeared in 

the same input or output group POP, DEPOBAL$, LENDBAL$, INCREFER or COMPETI were 

omitted from the productivity model as appropriate (see Appendix B, for an explanation of variable 

names). For example, in constructing Model 1, initially the complete set of inputs and outputs were 

listed separately. From the list of inputs, POP was dropped in favour of SBEST#. Similarly on the 

outputs list, DEPOBAL$, LENDBAL$, INCREFER or COMPETI were omitted in favour of 
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NEWDEPO# and FEEINC$. NEWLEND# did not correlate highly with any of the other outputs 

and remained on the outputs list.12 

Table 3.1  Highly Intra-Correlated Outputs and Inputs 
   OUTPUTS 

 NEWDEPO# FEEINC$ LENDBAL$ DEPOBAL$ 
DEPOBAL$ 0.8378 0.7758 0.8084 1.0000 
LENDBAL$ 0.8040 0.8647 1.0000 0.8084 
INCREFER 0.7802 0.4650 0.5564 0.7180 
COMPETI 0.3313 0.7459 0.5064 0.4705 

 
   INPUTS 

 SBEST# 
POP 0.8834 

 

Three productivity models were tested (see Table 3.2). These models are designed to 

illustrate some of the different perspectives management can take in productivity analysis. In 

Model 1 the ratio of number of units to the product of number of inputs and outputs is 2.86 

(60/(7x3)), thus providing ample discriminatory power. 

Table 3.2  Three Productivity Models in Retail Banking 
 INPUTS OUTPUTS 
Model 1: A Comprehensive Perspective on Branch Performance (input minimisation) 
 TELLWIN# (controllable) NEWDEPO# 
 CONVENIE (controllable) NEWLEND# 
 CUSSERQ (controllable) FEEINC$ 
 MANCOMP (controllable)  
 INCOME$ (non-controllable)  
 DWELL (non-controllable)  
 SBEST# (non-controllable)  

Model 2: Focusing on Controllable Inputs Only (input minimisation) 
 TELLWIN# NEWDEPO# 
 CONVENIE NEWLEND# 
 CUSSERQ FEEINC$ 
 MANCOMP  

Model 3: Focusing on Non-Controllable Inputs Only (output maximisation) 
 INCOME$ NEWDEPO# 
 DWELL NEWLEND# 
 SBEST# FEEINC$ 

 

 Once again we are confronted with making a choice between the analysis options input 

minimisation and output maximisation. For example, we may regard input minimisation as 

appropriate when the focus is on cost reduction in the branches. Alternatively, output maximisation 

would be regarded as more appropriate when expansion of the market share is considered a higher 

priority (Sherman and Ladino 1995). Input minimisation was specified for Model 1 and Model 2 in 

this chapter because data were collected at a time when management was downsizing the branch 

network. On the other hand because Model 3 uses non-controllable inputs only, selecting the input 

minimisation option does not make sense. Instead, Model 3 is run with the output maximisation 

option. 

                                                   
12 Highly correlated inputs (or, outputs) can remain in the DEA model without distorting the efficiency scores (Rhodes and Southwick 
1993). Often we choose not to include these highly correlated variables for the sake of keeping the model's discriminatory power high. 
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 A usual choice in DEA is to allow the program to determine the optimal weights for each 

variable, which requires no interference from the analyst. In the retail banking project no weight 

restrictions have been used thus allowing Frontier Analyst to select the optimal weights. However, 

if there is a concern that a variable might be over-represented or under-represented in computation 

of efficiency scores, then weight restrictions can be imposed. In this study, if we so wished that the 

contribution of NEWLEND# (number of new lending accounts) to calculation of the efficiency 

score should not be allowed to fall below or exceed a certain percentage, then we can impose a 

range of, say, 20-80%, on the weight of NEWLEND#. An important caveat to bear in mind is that 

too many restricted variables can severely handicap the optimisation process. More can be read on 

weight restrictions in Chapters 5, 19 and 20 of this book, Dyson and Thanassoulis (1988), Beasley 

(1990), Boussofiane, Dyson and Thanassoulis (1991), Allen et al. (1997), Thanassoulis and Allen 

(1998), Tone (2001b), and Sarrico and Dyson (2004). The analysis options constant and variable 

returns to scale are addressed next. 

 To make an informed selection between constant and variable returns to scale, we look for 

evidence of variable returns. This calls for an investigation of the relationship between scale of 

operations and efficiency scores. Among the variables at our disposal, TELLWIN# (number of 

teller windows) is the best proxy measure of branch size. Thus, the correlation between 

TELLWIN# and efficiency scores provides the insight we seek. At a correlation coefficient of -

0.05, we can safely assume CRS. 

3.4 Analysis of Results 

The relative efficiency scores for the three productivity models are shown on Table 3.3. Comparing 

the scores of Models 1 and 2, we see that they are mostly either identical or similar, with four 

exceptions. Units 16, 22, 30, and 44 appear as 100% efficient in Model 1 but much less efficient in 

Model 2. This indicates that the results of Model 2 cannot be used in the same decision making 

context as that of Model 1. For instance, if we are interested in choosing candidates for branch 

closures, some of the branches indicated as inefficient in Model 2 are in fact efficient when 

controllable inputs are considered simultaneously with non-controllable inputs. On the other hand, 

if the desired analysis is to examine how branches perform on controllable inputs only, we may 

select Model 2. 
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Table 3.3  Relative Efficiency Scores for the Three Productivity Models on Bank Branches 
Model 1 Model 2 

Branch Score Branch Score Branch Score Branch Score 
1 59.46 31 90.95 1 59.46 31 90.95 
2 53.83 32 45.16 2 53.83 32 45.16 
3 86.66 33 53.61 3 86.66 33 53.61 
4 31.04 34 81.74 4 31.04 34 81.74 
5 46.10 35 82.44 5 46.10 35 82.44 
6 45.08 36 56.50 6 45.08 36 56.50 
7 31.81 37 38.65 7 31.81 37 35.82 
8 69.10 38 38.79 8 69.04 38 38.79 
9 100.00 39 50.12 9 100.00 39 50.12 
10 100.00 40 52.23 10 100.00 40 51.96 
11 100.00 41 93.88 11 100.00 41 78.33 
12 66.08 42 54.63 12 66.08 42 54.60 
13 57.81 43 50.82 13 33.17 43 50.82 
14 93.74 44 100.00 14 93.74 44 60.88 
15 32.65 45 72.36 15 32.65 45 72.36 
16 100.00 46 100.00 16 73.32 46 100.00 
17 77.02 47 100.00 17 77.02 47 100.00 
18 51.72 48 100.00 18 51.72 48 100.00 
19 100.00 49 66.47 19 100.00 49 66.47 
20 100.00 50 59.58 20 100.00 50 57.83 
21 76.28 51 100.00 21 76.26 51 100.00 
22 100.00 52 19.90 22 44.41 52 19.90 
23 59.49 53 100.00 23 59.49 53 100.00 
24 100.00 54 68.01 24 100.00 54 68.01 
25 40.46 55 54.00 25 40.46 55 54.00 
26 41.89 56 77.98 26 41.89 56 77.98 
27 70.68 57 39.15 27 70.68 57 39.15 
28 56.23 58 68.69 28 56.23 58 67.88 
29 88.77 59 66.59 29 88.77 59 65.01 
30 100.00 60 28.97 30 59.07 60 28.97 

Model 3 
Branch Score Branch Score Branch Score Branch Score 

1 25.86 31 41.51 21 80.99 51 100.00 
2 52.99 32 49.17 22 100.00 52 69.07 
3 26.39 33 29.53 23 18.57 53 100.00 
4 25.04 34 38.47 24 39.25 54 36.98 
5 33.08 35 39.97 25 34.45 55 41.76 
6 74.45 36 47.92 26 18.85 56 34.02 
7 24.04 37 57.48 27 27.57 57 37.57 
8 66.52 38 32.86 28 70.76 58 67.64 
9 97.93 39 39.92 29 48.64 59 68.21 
10 88.92 40 50.74 30 100.00 60 47.98 
11 100.00 41 78.45     
12 53.10 42 59.81     
13 97.05 43 44.25     
14 81.03 44 100.00     
15 37.94 45 65.51     
16 84.85 46 100.00     
17 47.13 47 100.00     
18 41.27 48 80.51     
19 100.00 49 36.51     
20 100.00 50 85.63     

 

When we compare the scores from Models 1 and 3, overall we see more variation between 

the scores. Specifically, Model 1 efficient units 9, 10, 16, 24 and 48 appear as inefficient in Model 

3. Clearly, the efficiency scores are sensitive to the specification of productivity models. This 

observation underscores the importance of carefully selecting a model that corresponds to the 

desired analysis. A casual choice of model variables is bound to give results that will misguide the 

decision making process. 
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To demonstrate the relationship between number of variables in the analysis and sample 

size, the sample size was reduced to the first twenty-one branches and Model 1 run for the second 

time. When we compare the ratio of efficient units to sample size, we see that it rises from 25% 

(15/60) in Model 1 to 47.62% (10/21) in Model 1 with the reduced sample size (see Table 3.4). 

Table 3.4  Branches Sorted on Efficiency Scores in Descending Order (Model 1 on reduced sample) 
Branch Score Reference Set Membership 

13 100.00 n.a. 
3 100.00 n.a. 

16 100.00 n.a. 
6 100.00 n.a. 

17 100.00 n.a. 
10 100.00 n.a. 
9 100.00 n.a. 

19 100.00 n.a. 
20 100.00 n.a. 
11 100.00 n.a. 
14 94.18 10, 11, 12 
21 94.14 9, 10, 11 
8 88.50 9, 10, 11, 20 
1 71.07 9, 11, 17, 19 

12 66.08 11, 20 
15 65.64 11, 19, 20 
2 64.49 11, 16, 19, 20 

18 62.03 9, 10, 11, 17, 19, 20 
5 61.44 9, 11, 19, 20 
4 43.95 11, 17, 19, 20 
7 41.33 9, 11, 17, 19, 20 

n.a.  not applicable 

 

Since we have not changed the variables in the analysis, the drop in discriminatory power 

is due to the reduced sample size. But can we find more evidence in support of this contention? The 

answer lies in the mean and standard deviation of scores from both runs of Model 1. In this case, 

the mean score rises from 69.12 to 83.47 and the variation as measured by the standard deviation 

falls from 24.14 to 20.50 when we use a smaller sample. 

 Before leaving efficiency scores, we pause to consider the question of rank ordering 

branches. This is a tempting proposition for most analysts. DEA determines a branch’s degree of 

efficiency in relation to the efficient branches in its reference set. For instance, when we say branch 

1 is 59.46% efficient (see Model 1, Table 3.3), we imply that branch 1 is using 40.54% (100-59.46) 

excess inputs to produce the same outputs compared to the similarly configured branches in its 

reference set (Sherman and Ladino 1995). 

 For a brief example we can explore the reference sets using the 21-unit reduced sample 

under Model 1 (see Table 3.4). None of the branches shares the same reference set. By definition, 

the efficient branches do not have a reference set. In this example we are unable to truly rank order 

the twenty-one branches but they can be considered as approximately ranked. Nevertheless, we are 

able to identify the global leader in the above example as branch 11, which appears in every 

reference set of the eleven inefficient branches. Thus, in a benchmarking exercise, we would 

normally emulate branch 11 in setting targets for the inefficient branches. However, this is a 

simplistic approach to benchmarking and we need to exercise judgment in selecting an appropriate 
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benchmark unit for an inefficient unit. The decision rule is to look for an efficient unit (in the 

reference set of the inefficient unit) that is most similar to the inefficient unit in its levels of inputs 

and outputs. 

 Cross-efficiency (cross-evaluation) analysis can provide further insight to the best 

performers in a sample. Cross-efficiency is based on the idea of peer review. That is, efficiency 

scores are re-calculated for each DMU based on the optimal weights determined for each of the 

other DMUs (N-1). The mean cross-efficiency score then represents the average peer appraisal (see 

Appendix C for more details). The concept of cross-efficiency in DEA is traced to Sexton, Silkman 

and Hogan (1986); the work of these authors was later extended by Doyle and Green (1994). Sun 

and Lu (2005) provide a concise overview of the developments in this area. 

Cross-efficiency can also help rank those that appear as efficient under simple DEA scores, 

thus breaking ranking ties. More importantly, one of the potential pitfalls of DEA is a maverick 

DMU where a unit may appear as efficient based on its performance on a single variable (rather 

than across all inputs and outputs); this can lead to assigning of zero weights to the other variables 

by the linear program (Doyle and Green 1994). The so-called maverick index (also known as the 

false positive index) measures the extent a unit moves from peer appraisal to self-appraisal.13 In 

fact, we can identify a maverick DMU by a large index value relative to others. This, in turn, helps 

us to understand whether an efficient maverick is truly efficient when we look for it in the 

reference sets of inefficient DMUs. On the other hand, the low end of the maverick index 

highlights the all-round performers i.e. where we would expect to find units with high technical 

efficiency, high average cross-efficiency, and thus low index value. 

Average cross-efficiency scores are shown in Table 3.5 for the 21-unit reduced sample 

(sorted in descending order of the maverick index) under Model 1 where the non-controllable input 

variables have been removed. High maverick indexes coupled to technically efficient branches 

draw our attention to two false positive units i.e. branches 17 and 3. Reading the table in an 

ascending order of the maverick index highlights branches 9, 11, 20 and 10 as the all-round 

performers in the sample. The ranking exercise shown at the bottom of Table 3.5 demonstrates how 

cross-efficiency scores can be further used to break ties among efficient DMUs. 

 

                                                   
13 The maverick index is the ratio of the difference between the technical efficiency score of the DMU and its mean peer appraisal 
(cross-efficiency) to mean peer appraisal. 
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Table 3.5  Technical Efficiency, Mean Cross-Efficiency, and the Maverick Index (Model 1 on reduced 
sample and reduced number of inputs) 
Branch Simple Technical 

Efficiency 
Mean Cross-
Efficiency 

Maverick 
Index 

Reference 
Frequencies 

14  94.18  52.01  8.11   
16  73.69  43.42  6.97   
17  100.00  67.19  4.88  (False positive) 0 

1  68.89  46.32  4.87   
12  66.08  44.52  4.84   
3  100.00  68.01  4.70  (False positive) 0 
2  53.83  37.43  4.38   

18  57.51  40.59  4.17   
5  57.49  40.92  4.05   

15  44.34  31.97  3.87   
13  38.01  28.29  3.44   
6  50.11  39.22  2.78   
8  81.14  64.04  2.67   
7  36.48  28.93  2.61   
4  38.22  30.53  2.52   

19  100.00  80.39  2.44  1 
 21  83.76  69.44  2.06   
 10  100.00  87.50  1.43  11 
 20  100.00  87.73  1.40  8 
 11  100.00  89.11  1.22  13 
 9  100.00  91.96  0.87  8 

     
Ranking Efficient Branches and Breaking the Ties 

According to reference frequencies  According to mean cross-efficiencies 
11 9 
10 11 

Tie!    20, 9 20 
19 10 

    Tie!    17, 3 19 
 3 
 17 

 

Cross-efficiency analysis can be particularly useful where a number of production 

technologies are found in the sample because the measure of radial efficiency can be unstable 

(Chen 2002). Nevertheless, we should note that interpretation of cross-efficiency scores for DEA 

models other than the CCR model can be problematic particularly when non-linear relationships 

and non-controllable variables are present. 

Let us now move back to Model 1 with the full complement of 60 branches. We 

demonstrate the potential improvements on the least efficient branch in Model 1 against its peers, 

namely, branch 52 operating at 19.90% efficiency. The reference set of branch 52 consists of 

branches 20, 47 and 51. The global leader in this instance is branch 11, which is in thirty-eight 

reference sets, closely followed by branch 51 appearing in thirty-seven reference sets. Before we 

actually investigate the feasible potential improvements, it would be sensible to know the efficient 

branch that has contributed the most to determining the score of the inefficient branch. In real life, 

this piece of knowledge can help implement the potential improvements by investigating the 

configuration or business mix of the efficient branch. Reference contributions (also known as peer 
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weights or lambda, , in DEA mathematics) in Frontier Analyst reports branch 51 as contributing 

more than 90% toward setting the target values for inputs and outputs in branch 52.14 

 Figure 3.1 summarises the potential improvements for branch 52 based on the achievable 

performance of its peers in its reference set. Given the input minimisation option, the 2% potential 

rise in output NEWLEND# (number of new lending accounts) represents a small slack. Overall, the 

potential improvements in controllable inputs appear to be slightly higher. However, given that the 

first three of the inputs are classified as non-controllable, we need to exercise caution in 

interpreting these potential improvements. For example, INCOME$ (average annual family 

income) is a factor we have no direct control over and we will be unable to implement a 72% 

reduction while maintaining the output levels. What is possible is to expect the same level of 

outputs from a branch that is relocated in an area with a smaller average annual family income. 

Figure 3.1  Potential Improvements for Branch 52 in Model 1 

100 50 0 -50 -100 

INCOME$ 
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TELLWIN# 
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-85 
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Clearly, the potential improvements of more immediate use to management are those on 

controllable inputs. For example, as part of a cost reduction exercise that can lift the productivity of 

branch 52, number of tellers employed can be reduced by 80%. Once again, the analyst should 

bring some common sense to interpreting the suggested potential improvements. For instance, it 

would be a mistake to try and reduce customer service quality (CUSSERQ) by 80%, as this is 

likely to cause a backlash from the branch's customers. However, this potential improvement 

should suggest to management that the role of customer service quality in generating the nominated 

outputs might be overrated. That is, less scarce resources can be used in improving customer 

service quality. 

                                                   
14 Frontier Analyst does not provide overall peer weights. Instead it generates a graph or report where peer contributions are 
disaggregated at the variable level for each DMU. Lambda can be calculated in DEAP. 



Part II – Technical Efficiency 

Chapter 3 

- 43 -

 The least efficient branches in Model 2 and Model 3 are units 52 and 23 respectively. 

Table 3.6 summarises the potential improvements for these branches after a comparison of the 

actual input/output values with target values. In Model 2, all the controllable input improvements 

are the same as that suggested for Model 1 for the least efficient branch (unit 52). These identical 

results are due to their common reference sets where unit 51 provides the highest contribution to 

calculation of targets in both models.  

Table 3.6  Potential Improvements for the Least Efficient Branch in Model 2 and Model 3 
Model 2 (input minimisation): least efficient branch = unit 52; global leader = unit 11; reference set = units 20, 47, 51; highest 
reference contribution from unit 51 
 Actual Target Potential Improvement 
Inputs TELLWIN# 6 1.19 -80.1 
 CONVENIE 16 3.02 -81.11 
 CUSSERQ 233.67 46.51 -80.1 
 MANCOMP 113 16.77 -85.16 
Outputs NEWDEPO# 865 865 0 
 NEWLEND# 187 190.37 1.8 (slack) 
 FEEINC$ 22734 22734 0 

 
Model 3 (output maximisation): least efficient branch = unit 23; global leader = unit 11; reference set = units 11, 20, 47, 51, 53; 
highest reference contribution from unit 51 
Inputs INCOME$ 36444 36444 0 
 DWELL 22.4 22.4 0 
 SBEST# 3670 3670 0 
Outputs NEWDEPO# 867 4669.01 438.52 
 NEWLEND# 319 1717.89 438.52 
 FEEINC$ 28215 151944.76 438.52 

 

In Model 3 where the focus is on using non-controllable inputs with output orientation, all 

three of the outputs have the same potential improvement i.e. increasing them by more than four-

fold. 

3.5 Discussion 

The analysis carried out in this case study becomes part of the decision-making involved in branch 

network restructure. Network restructure requires identification of poor performers as well as star 

performers. The poor performers are usually either closed down or re-engineered, both of which 

involve reallocation of scarce resources. In such a case, when used with other managerial decision-

making tools, DEA can help reallocate resources (Oral, Kettani and Yolalan 1992). DEA can also 

help in establishing new branches by providing an insight to the configuration of successful units. 

 Nevertheless, it would be prudent not to base restructuring decisions on cross-sectional 

analysis. A more sensible approach is to analyse branch performance over a number of years and 

look for patterns. For example, a branch that has consistently returned low efficiency scores 

compared to its peers would become a candidate for closer scrutiny. Longitudinal data can also 

provide evidence (or lack of) variable returns to scale. 

 It is also worth mentioning how DEA can be misused. For example, potential 

improvements suggested by DEA should be closely examined to see whether certain key variables 

(as per model) have been ignored in the optimisation process. When such an undesirable situation 
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arises, we need to consider weight restrictions. Similarly, environmental factors may also have 

been inadvertently omitted in the original model design. DEA results should also be compared with 

results from other more conventional methods and substantial divergences carefully investigated. 

Finally, while we can use DEA to set performance targets, DEA does not instruct on how to 

implement the new targets. Neither does it warn about organisational impediments to manifestation 

of inputs as outputs. 

3.6 Summary 

In this chapter, we have demonstrated that the productivity improvements can be found among the 

inputs as well as the outputs depending on the orientation of the analysis. In the three productivity 

models devised, we were able to change the focus of managerial analysis, incorporating 

accounting-based variables with less common variables such as customer service quality and 

managerial competence. This underscores one of the strengths of DEA, which allows integration of 

multiple inputs and outputs in a simultaneous computation of productivity that would otherwise not 

be possible. 

 We also discussed some practical problems such as selecting analysis options and choice of 

variables. Bivariate correlations were used to select a parsimonious set of variables. We also realise 

that certain variables such as 'competition' cannot easily be categorised as inputs and outputs. A 

similar study of bank branch productivity can be found in Avkiran (1999a). In Chapter 4, we tackle 

a case with variable returns to scale in tertiary education. 
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CHAPTER 4: Variable Returns to Scale - Universities 
by Necmi K Avkiran 

4.1 Introduction 

The purpose of this chapter is to demonstrate the use of data envelopment analysis in examining the 

relative efficiency of universities, as well as introduce the reader to decomposing technical 

efficiency into pure technical efficiency and scale efficiency. The case study investigates the data 

on the population of Australian universities (36 in all, excluding the only private institution, Bond 

University). Data have been collected from various government publications. Four productivity 

models are tested using input minimisation and VRS analysis options. 

The trend toward the user-pays system in the current economic climate and the Federal 

budget cuts directed at Australian universities make this study timely and relevant to the needs of 

decision makers in the public sector. Efficiency analysis will become more widespread among 

universities who are increasingly made to account for public funds granted to them. The 

educational administrators will continue to feel more pressure to better utilise scarce resources 

entrusted to them. Failure to make efficiency analysis a standard practice would certainly lead to 

less than optimal allocation of resources. It should be noted at the outset that the study does not aim 

to rank order the universities in the sample. 

Public sector performance indicators have been criticised for being inadequate and not 

conducive to analysing efficiency (Birch and Maynard 1986; Barrow and Wagstaff 1989). 

Criticism levelled at public sector performance indicators list such issues as (a) focusing on inputs 

at the detriment of outputs, (b) an ad hoc selection of indicators, and (c) inability to distinguish 

inefficiency from environmental factors. On the other hand, stochastic frontier techniques are ill-

adapted for studying multiple outputs that are jointly produced since the analyst is normally limited 

to focussing on one output at a time. A wider discussion of the difficulties of performance 

measurement in public sector services can be read in Flynn (1986). 

This is where DEA presents a workable alternative. DEA is particularly suited for the job 

where the analyst is trying to examine the efficiency of converting multiple inputs into multiple 

outputs. Models of university performance developed in this study focus on overall enrolments, 

enrolments of fee-paying students and efficiency of delivery of educational services. 

4.2 Conceptual Framework 

Sherman (1988, p.3) defines efficiency as "the ability to produce the outputs or services with a 

minimum resource level required”. The importance of measuring the extent outputs can be 

increased through higher efficiency without using additional inputs was realised by Farrell (1957). 

The condition of Pareto optimality for efficient production states that a DMU is not efficient if an 
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output can be raised without raising any of the inputs and without lowering any other output; 

similarly, a DMU is not efficient if an input can be decreased without decreasing any of the outputs 

and without increasing any other input (Charnes, Cooper and Rhodes 1981). 

An overview of some of the performance indicators in higher education would help better 

appreciate the role DEA can play in efficiency analysis. For example, Cave, Hanney and Kogan 

(1991) describe a performance indicator such as degree results as a quality-adjusted measure of 

output. This indicator is typical of the ambiguity found in performance indicators in that high 

degree results may be due to high entry qualifications rather than effectiveness of teaching. Even 

the value added productivity indicator, described as an input-adjusted and quality-adjusted output 

measure, relies on differences in qualifications that cannot be valued in quantitative terms. 

Typical performance indicators on the research side of the equation include number of 

publications, number of citations of publications, journal impact factors and reputational ranking. 

Number of publications, often interpreted as a measure of research activity, suffers from the 

problem of different practices across disciplines. For example, publishing in medicine may 

consume more time and resources and lead to fewer publications than publishing in business. There 

is also the difficulty of ownership since a research project started in one university will often be 

carried to another university when the researcher relocates. The number of citations attracted by a 

paper also has its drawbacks; for example, papers in mathematics have a longer shelf life than those 

in pharmacy (Johnes 1988). Impact factors are not particularly measurement problem free either. 

For instance, academics that devote most of their time to writing papers that are published in low 

impact journals will be disadvantaged in this count regardless of the contribution of research to the 

body of knowledge. On the other hand, reputational ranking is bound to have considerable 

subjectivity and reflect a historical performance (Cave, Hanney and Kogan 1991). Clearly, the 

main criticism of performance indicators is their inability to capture the interplay among the 

various inputs and outputs. This is where DEA can help. 

In education it is difficult to use market mechanisms such as profits to determine the 

performance of a decision-making unit (Anderson and Walberg 1997). A key advantage of DEA is 

that educational administrators or their nominated researchers can choose inputs and outputs to 

represent a particular perspective or approach. For example, key business drivers critical to success 

of the organisation can become the outputs. Then, those variables that can be argued to manifest 

themselves as outputs become the inputs. A simple model of university efficiency might argue that 

when academic staff and buildings and grounds (inputs) are put together, they give rise to 

enrolments (output). Hence, a resource is classified as an input and anything that uses resources is 

classified as an output. DEA forces policy makers to explicitly state the objectives of the 

organisation. Ultimately, these objectives become the outputs in productivity modelling and the 

resources needed become the inputs. According to Flynn (1986, p.393): 
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The performance measures used should be related to the objectives of the 
service being judged and not to artificially derived data. 

 

A brief survey of literature on the application of DEA in universities reveals a variety of 

practices. Application of DEA in universities has usually focused on examination of efficiencies of 

university departments. The five key studies are by Tomkins and Green (1988), Beasley (1990), 

Johnes and Johnes (1993), Stern, Mehrez and Barboy (1994) and Johnes and Johnes (1995). 

Tomkins and Green (1988) studied the overall efficiency of university accounting departments. 

They ran a series of six productivity models of varying complexity where staff numbers is an input 

and student numbers is an output. Results indicate that different configurations of multiple 

incommensurate inputs and outputs produce substantially stable efficiency scores. On the other 

hand, Beasley (1990) studied chemistry and physics departments on productive efficiency where 

financial variables such as research income and expenditure are treated as inputs. Outputs consist 

of undergraduate and postgraduate student numbers as well as research ratings. 

Johnes and Johnes (1993) and Johnes and Johnes (1995) explored various productivity 

models in measuring the technical efficiency of economics departments regarding research output. 

They discuss the potential problems in choosing inputs and outputs. They also provide a good 

guide to interpreting efficiency scores. It is interesting to note that both Beasley (1990) and Johnes 

and Johnes (1995) list research income as an input. 

Stern, Mehrez and Barboy (1994) examined the relative efficiency of twenty-one academic 

departments. Operating expenses and salaries were treated as inputs. Grants, publications, graduate 

students and contact hours comprised the outputs. The findings indicate that efficient departments 

may be re-rated as inefficient as a result of changing the variable mix. 

While there may be some disagreement on the classification of research income as an 

input, it is theoretically appropriate since it represents a resource rather than a research output. 

Research outputs can be in the form of a rating, or number of publications, or money indexed to 

number of publications that eventually finds its way back to the university. In Australia, the latter is 

part of the Research Quantum, which represents the research component of Federal funds given to 

universities in recognition of their share of overall research activity. Of course, when the focus of 

efficiency analysis shifts from production of research to a purely financial outlook, then it is quite 

acceptable to list research income as an output. 

There are potential problems in collecting data on research income (input) and research 

outputs. The long and variable lead times between receipt of research income and publications 

means we cannot easily put together corresponding data for a particular year. In Australia, an 

additional difficulty has been the unreliable nature of refereed publications reported by universities, 

which carries a 12.5% weighting in the Composite Index used to calculate the Research Quantum 

(other components of the index are competitive research grants earned and higher degree research 
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completions) (DEETYA 1997). Independent audits by the consulting firm KPMG have revealed 

mistakes in classification and counting of publications, raising the question whether research 

outcomes can be satisfactorily quantified. 

There are three main studies that have used DEA to investigate the relative efficiency of 

universities (rather than departments). The first is a PhD dissertation from USA (Ahn 1987). The 

second is the publication that followed the dissertation (Ahn, Charnes and Cooper 1988) and the 

third is a paper by Breu and Raab (1994). Ahn (in 1987 and 1988) looked at the efficiency of US 

universities through DEA and compared findings to observations made using managerial 

accounting measures and econometric approaches. In comparing the efficiency of public 

universities in Texas, Ahn used faculty salaries, state research funds, administrative overheads and 

total investment in physical plants as the inputs in the productivity model. Outputs were number of 

undergraduate enrolments, number of graduate enrolments, total semester credit hours, and federal 

and private research funds. Ahn listed state research funds as an input because the state government 

allocated such funds to initiate or promote research. Inclusion of one source of research funds as an 

input and the other source as an output highlights the necessity to scrutinise the nature of a factor 

before classification. Selection of factors is the critical point of input by the researcher into the 

DEA that ultimately determines the results. 

The third publication, Breu and Raab (1994) used commonly available performance 

indicators to measure the relative efficiency of the top twenty-five US universities (per US News 

ranking). Outputs were graduation rate and freshman retention rate as measures of student 

satisfaction. Inputs consisted of SAT/ACT average or midpoint, percentage faculty with doctorates, 

faculty to student ratio, and educational and general expenditures per student. The findings 

indicated that universities with high prestige and reputation did not necessarily produce higher 

student satisfaction. 

It should be clear by now that there is no definitive study to guide the process of 

input/output selection in DEA. In short, it is possible for the analyst to select a parsimonious set of 

desired outputs, provided they can be reasoned to be manifestations of inputs. That is, there is a 

pressing need for the choice of inputs and outputs to make sense in the industry or the setting 

examined. We can also employ accepted theories in different fields to help select the inputs and 

outputs. In this study, production theory provides the starting point for efficiency modelling. 

Production theory is concerned with examining the relationships among the inputs and 

outputs of organisations (Johnes 1996). This approach requires the specification of inputs and 

outputs in quantitative terms. According to Johnes (1996), some of the generally agreed inputs of 

universities can be classified as human and physical capital, and outputs are regarded as arising 

from teaching and research activities. However, there is always the danger of excluding an 

important performance variable due to lack of suitable data or the limitations imposed by small 
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sample sizes. It is essential to develop a good understanding of the inputs and outputs before 

interpreting results of any efficiency model. 

4.3 Research Design 

The overall approach to designing the productivity models was one of bringing together a 

parsimonious number of inputs and outputs that can reflect different managerial foci. Given the 

analysis option VRS and a limited sample size of 36, it was considered prudent to use a small 

number of inputs and outputs. This approach helps avoid the inevitable loss in discriminatory 

power when we switch from constant returns to variable returns to scale, while taking advantage of 

DEA’s ability to pitch multiple inputs against multiple outputs. 

The first productivity model is called ‘performance on overall enrolments using all FTE 

inputs’ (see Table 4.1). The argument in the overall performance model is that universities employ 

people in various services oriented to generating enrolments. To explore the sensitivity of DEA to 

the dimensions of inputs, we set up Model 2 where all the inputs from Model 1 are now measured 

in dollars. 

Table 4.1  Models of University Performance 
Inputs Outputs 

Performance on Overall Enrolments Using All FTE Inputs (Model 1) 

Academic staff, FTE 
[AcaFTE] 

Undergraduate enrolments, EFTSU 
[UgEFTSU] 

Student services staff, FTE 
[StuSerFTE] 

Postgraduate enrolments, EFTSU 
[PgEFTSU] 

Performance on Overall Enrolments Using All Dollar Inputs (Model 2) 

Academic staff salaries 
[Aca$] 

Undergraduate enrolments, EFTSU 
[UgEFTSU] 

Student services staff salaries 
[StuSer$] 

Postgraduate enrolments, EFTSU 
[PgEFTSU] 

Performance on Fee-Paying Enrolments (Model 3) 

Academic staff, FTE 
[AcaFTE] 

Overseas fee-paying enrolments, EFTSU 
[OverEFTSU] 

Student services staff, FTE 
[StuSerFTE] 

Non-overseas fee-paying postgraduate enrolments, EFTSU 
[FeePgEFTSU] 

Performance on Delivery of Educational Services (Model 4) 

Academic staff, FTE 
[AcaFTE] 

Student progress rate (%) 
[ProgRate] 

Student services staff, FTE 
[StuSerFTE] 

Graduate full-time employment rate (%) 
[EmplRate] 

Notes: FTE, full-time equivalence. 
 EFTSU, equivalent full-time student unit; measures student load. 
 Variable abbreviations are in square brackets. 

 

Model 3, ‘performance on fee-paying enrolments’ examines the efficiency of universities 

in attracting fee-paying students. In light of declining government funds to Australian universities, 

there is an increasing need to make up for withdrawn public funds by enrolling more fee-paying 

students. However, it was not possible to find reliable data on non-overseas fee-paying 

undergraduate enrolments because charging upfront fees for domestic undergraduates is currently 

being introduced in Australia. 
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The fourth and final model explores the performance of universities on delivery of 

educational services. The aim of Model 4 is to compare the efficiency of staff from various 

universities in providing the educational services that contribute to successful student load (i.e. 

student progress rate) and proportion of graduates in full-time employment as a percentage of 

graduates available for full-time work i.e. graduate full-time employment rate. 

We now consider the analysis options input minimisation and output maximisation. Under 

input minimisation inputs are reduced as much as possible without actually reducing the output 

levels. When the focus is on cost savings or downsizing, input minimisation is appropriate. If the 

administrator’s focus shifts to raising productivity or increasing enrolments, output maximisation 

becomes more appropriate. We should also remember that we could choose only the output 

maximisation option when none of the inputs are controllable by management. All the productivity 

models in this chapter are tested under the option of input minimisation where inputs are deemed 

controllable by management. However, there is no strong argument against using output 

maximisation. In fact, most administrators would usually want to see an analysis from both 

perspectives. 

Variable returns to scale is preferred when a significant correlation between efficiency 

scores and the size of the DMUs can be shown, where academic staff numbers can represent the 

size of the university (Johnes and Johnes 1995). This issue is addressed at the beginning of section 

4.4. 

We also have the option of imposing weight restrictions on inputs and outputs to reflect 

their perceived relative importance. For example, when university policy-makers consider 

postgraduate enrolments as more relevant to the organisational objectives than undergraduate 

enrolments, appropriate weight restrictions can be entered in the analysis. However, before 

imposing constraints on the optimisation program we need to find evidence of a variable being 

either over- or under-represented in computation of efficiency scores. There is a caveat for using 

weight restrictions even in the presence of such evidence. That is, too many constrained variables 

will violate the spirit of the structure-free optimisation process. No weight restrictions have been 

used in this chapter (see Chapter 5 for a case study using weight restrictions). 

The CRS efficiency score represents technical efficiency (TE) which measures 

inefficiencies due to the input/output configuration and as well as the size of operations. The VRS 

efficiency score represents pure technical efficiency (PTE). PTE is a measure of efficiency without 

scale efficiency (SE). Scale efficiency can be calculated by dividing PTE into TE. The derivation 

of this relationship can be found in Coelli, Rao and Battese (1998). 

Once the scale efficiencies are computed, the analysis can reveal whether a particular 

DMU is experiencing increasing returns to scale (IRS) or decreasing returns to scale (DRS). To 

choose between IRS versus DRS, DEA is repeated with non-increasing returns to scale (NIRS) and 

efficiency scores compared. By definition, NIRS implies CRS or DRS. So, if the score for a 
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particular DMU under VRS equals the NIRS score, then that DMU must be operating under DRS. 

Otherwise, if the score under VRS is not equal to the NIRS score, this implies a DMU operating 

under IRS (Coelli, Rao and Battese 1998). Fortunately, most DEA software automatically report 

the nature of returns to scale for every DMU in the sample when VRS scores are requested. 

Figure 4.1 provides a graphical representation of the relationships between CRS, VRS and 

SE efficiencies, as well as optimisation modes of input minimisation and output maximisation. We 

use a single input and output combination to set up this graphical illustration (in practice, there will 

be little point in running DEA with only two variables). 

Figure 4.1  CRS, VRS and SE Efficiency Relationships 
 
 
 
 
 

 
 
 
 

 
 

 
 
 

 
 

 

The CRS efficient frontier is depicted by ON, whereas the VRS efficient frontier is 

represented by PQR. Projecting the inefficient DMU A onto the VRS frontier (K) by minimising 

input Z while holding output Y constant defines the PTE of A as ZK/ZA. Similarly, if we change the 

optimisation mode to that of output maximisation, PTE for A is now defined as YA/YM. Focusing 

on the CRS efficient frontier, A is projected onto L, where the input oriented CRS efficiency is 

defined as ZL/ZA. Output oriented CRS efficiency is similarly defined as YA/YN. However, given 

that the slope of the CRS efficient frontier equals 1, then ZL/ZA = YA/YN i.e. orientation does not 

change the CRS efficiency if the inputs are controllable. Extending the above illustration to scale 

efficiency, input and output oriented scale efficiencies are defined as ZL/ZK and YM/YN 

respectively. Finally, all other things being the same, switching from CRS to a VRS data 

envelopment analysis reduces the discriminatory power of the analysis. That is, more units emerge 

as efficient. This is because the VRS frontier envelops data points more closely than the CRS 

frontier. 

Data for inputs and outputs identified in Tables 4.1 were extracted from publications by the 

Department of Employment, Education, Training and Youth Affairs (DEETYA) for 1995. Selected 
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Institutions (A Preliminary Investigation) by Andrews et al. (1998) were the key sources. The latter 

report can be downloaded from www.deetya.gov.au. 

4.4 Analysis of Results 

The question of constant versus variable returns to scale needs to be answered before we can 

proceed with the analysis. Correlating academic staff (FTE), that is, proxy for university size, with 

efficiency scores from Model 1 gives a coefficient of -0.53 under constant returns to scale. The 

relationship is not very strong but it indicates non-optimal scale of operations. It is worth pursuing 

this line of inquiry by using the analysis option VRS, in particular, when we have a small number 

of variables. 

An alternative approach is to run the productivity models under CRS and VRS, and 

compare the efficiency scores. If the majority of DMUs emerge with the same efficiency scores 

under both assumptions, we can work with CRS without being concerned about scale inefficiency 

confounding the measure of technical efficiency. In this case study, checking the CRS efficiency 

scores against VRS scores reveals sufficient difference to justify a VRS run. 

 The relative efficiency scores for the 36 universities are shown in Table 4.2 where the 

global leaders have been indicated in italics. For example, in Model 1, the global leader is unit 3 

and it appears nineteen times in reference sets of other units. The mean scores and the standard 

deviations are also shown. Once again, the distinct pattern is one of rising standard deviation as the 

mean efficiency score drops. This is particularly noticeable when we compare Model 3 and Model 

4 to either Model 1 or Model 2. This observation suggests that the variables chosen in each model 

are sufficiently different to capture the efficiency of universities from varying angles. It also 

implies that scores from models of limited number of variables should be interpreted with caution. 

Table 4.2  Relative Efficiency Scores of Australian Universities in each Productivity Model 
 Efficiency Scores 

 Model 1 Model 2 Model 3 Model 4

Unit 01 99.12 92.50 58.09 40.43

Unit 02 100.00 100.00 100.00 100.00

Unit 03 (19) 100.00 100.00 100.00 100.00

Unit 04 89.15 81.34 62.59 33.71

Unit 05 100.00 100.00 86.30 16.59

Unit 06 65.54 90.33 28.37 38.28

Unit 07 100.00 100.00 37.16 34.94

Unit 08 100.00 100.00 100.00 100.00

Unit 09 (11) 100.00 100.00 42.46 23.43

Unit 10 100.00 100.00 78.46 67.16

Unit 11 100.00 90.00 67.59 26.80

Unit 12 66.98 68.35 21.29 21.02

Unit 13 100.00 100.00 100.00 32.17

Unit 14(16) 100.00 100.00 100.00 41.37

Unit 15 88.54 80.67 100.00 61.45

Unit 16 98.17 100.00 89.84 100.00
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 Efficiency Scores 

 Model 1 Model 2 Model 3 Model 4

Unit 17 68.33 100.00 32.31 49.13

Unit 18 80.59 71.44 52.75 29.43

Unit 19 88.50 100.00 78.78 100.00

Unit 20 72.52 100.00 32.53 26.96

Unit 21 62.19 61.41 42.00 62.66

Unit 22 100.00 100.00 38.54 84.89

Unit 23 69.44 86.71 29.43 100.00

Unit 24 100.00 100.00 100.00 47.08

Unit 25 69.69 100.00 71.22 100.00

Unit 26 96.69 94.68 53.03 39.14

Unit 27 66.61 83.19 73.61 68.84

Unit 28 53.06 100.00 46.50 100.00

Unit 29 56.88 69.06 35.38 24.78

Unit 30 85.93 83.55 80.57 51.92

Unit 31 100.00 83.00 60.27 51.37

Unit 32 72.74 83.51 62.18 44.26

Unit 33(18) 100.00 100.00 100.00 100.00

Unit 34 28.45 40.97 21.65 16.40

Unit 35 98.92 95.99 100.00 100.00

Unit 36 83.58 72.45 58.46 100.00

Mean 85.05 89.70 65.04 59.28

SD 18.16 14.14 26.99 31.05

Note: Global leaders are shown in italics, followed by frequency. 
 SD (standard deviation) 

 

Ideally, we would like to enter the entire key inputs and outputs in a single model. More 

often than not, the sample size becomes a limiting factor and we are forced to work with a reduced 

number of variables. Or, as in this case, we may have a legitimate interest in the performance of 

units from different managerial foci, while at the same time we avoid entering highly correlated 

variables in the same model e.g. undergraduate enrolments versus overseas fee-paying enrolments 

(0.73), or postgraduate enrolments versus non-overseas fee-paying postgraduate enrolments (0.72). 

 Let us refer to Table 4.2 again. Overall, the relative efficiency scores in Model 1 and 

Model 2 are similar. This implies that the DEA is not sensitive to the dimensions of inputs as it is 

to a change in output variables15. Insensitivity to dimensions of inputs can also be partially 

attributed to the fixed salary scales for academics across different universities, which are normally 

negotiated between management (the Australian Vice-Chancellors Committee) and academic 

employees (the National Tertiary Education Union). On the other hand, comparison of Model 3 and 

Model 4 scores suggest that there is a greater scope for improving the efficiency of universities 

regarding fee-paying enrolments and delivery of educational services. 

                                                   
15 DEA is said to be invariant to the units used to measure the inputs and outputs because the technique radially contracts the inputs of 
inefficient DMUs (input orientation) or expands the outputs (output orientation) toward the efficient frontier by the same proportion. 
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 Table 4.3 depicts the potential improvements, reference sets and reference contributions for 

the average university in each model. The average university was selected by identifying the unit 

with the efficiency score closest to the mean score in a particular model. For example, using Model 

1, DEA indicates a potential reduction in full-time equivalent academic staff of 33.99% before unit 

30 can be as efficient as units 2 and 3 (that is, its reference set). In this instance, unit 2 contributes 

82.2% and unit 3 contributes 17.8% towards calculation of the score for unit 3016. That is, unit 30 

should select unit 2 as its benchmark. 

Table 4.3  Potential Improvements for the Average Unit in each Productivity Model of Australian 
Universities 
Model 1 (average unit 30) Actual Target Potential

Improvement (%)
Inputs Aca FTE 1432.00 945.28 -33.99

 StuSerFTE 21.00 18.04 -14.07

Outputs UgEFTSU 8872.00 8872.00 0.00

 PgEFTSU 1505.00 1771.84 (slack) 17.73

Reference set and contribution: units 2(82.2%) and 3(17.8%) 

Model 2 (average unit 11) 

Inputs Aca$ 50820 45735.83 -10.00

 StuServ$ 2177 1959.21 -10.00

Outputs UgEFTSU 14101 14101.00 0.00

 PgEFTSU 1071 1338.90 (slack) 25.01

Reference set and contribution: units 9(77.1%), 20(12.4%), 24(10.5%) 

Model 3 (average unit 4)  

Inputs Aca FTE 713.00 446.29 -37.41

 StuSerFTE 97.00 17.65 -81.80

Outputs OverEFTSU 355.00 624.79 (slack) 76.00

 FeePgEFTSU 376.00 376.00 0.00

Reference set and contribution: units 3(21.3%) and 15(78.7%) 

 
Model 4 (average unit 15) 

Inputs Aca FTE 490.00 301.10 -38.55

 StuSerFTE 20.00 12.29 -38.55

Outputs ProgRate 84.00 84.00 0.00

 EmplRate 73.00 73.00 0.00

Reference set and contribution: units 3(9.3%), 16(64.3%), 33(7.4%), 35(19%) 

 

 Model 3 warrants special comment where the largest potential improvements and slack are 

observed. It appears that unit 4 should be able to maintain its current outputs while the full-time 

equivalent staff employed in student services is reduced by 81.8%. An equally interesting 

observation for unit 4 is that overseas fee-paying enrolments can be increased by 76% 

simultaneously with reductions in inputs. Since the analysis option is input minimisation, this 

clearly represents a slack. That is, the output is under-produced. There are output slacks in Model 1 

and Model 2 as well in terms of postgraduate enrolments. Table 4.4 provides the legend and the 

scale of operations for the units in this study. 

                                                   
16 Peer weights were calculated using the DEA software DEAP. 
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Table 4.4  Universities and Academic Staff (FTE) as a Proxy for Scale of Operations 
Unit Corresponding Name of the University Academic Staff (FTE)

1 Charles Sturt University 647

2 Macquarie University 1,088

3 Southern Cross University 285

4 University of New England 713

5 University of New South Wales 2,809

6 University of Newcastle 1,231

7 University of Sydney 3,488

8 University of Technology, Sydney 1,203

9 University of Western Sydney 1,148

10 University of Wollongong 790

11 Deakin University 992

12 La Trobe University 1,516

13 Monash University 3,084

14 Royal Melbourne Institute of Technology 1,344

15 Swinburne University of Technology 490

16 University of Ballarat 267

17 University of Melbourne 3,316

18 Victoria University of Technology 795

19 Central Queensland University 381

20 Griffith University 1,290

21 James Cook University of North Queensland 769

22 Queensland University of Technology 1,568

23 University of Queensland 3,099

24 University of Southern Queensland 497

25 Curtin University of Technology 1,360

26 Edith Cowan University 735

27 Murdoch University 680

28 University of Western Australia 1,629

29 Flinders University of South Australia 1,050

30 University of Adelaide 1,432

31 University of South Australia 1,326

32 University of Tasmania 1,053

33 Northern Territory University 234

34 Australian National University 2,560

35 University of Canberra 451

36 Australian Catholic University 456

 

Table 4.5 shows technical efficiency decomposed into pure technical efficiency and scale 

efficiency. Technical efficiency scores are obtained from a CRS run whereas pure technical 

efficiency scores are generated through a VRS run. The last column identifies the returns to scale 

prevailing in each DMU at the time of measurement.17 Seven universities were operating at their 

most productive scale size, with the remainder about evenly distributed between increasing and 

decreasing returns to scale. Twenty-two of the universities showing scale inefficiency also 

displayed pure technical inefficiency. In fact, the lower mean and the higher standard deviation of 

the PTE scores compared to SE scores indicate that most of the technical inefficiencies lie in PTE. 

Comparing the means and standard deviations of scale efficiency scores for those universities 

operating at IRS versus DRS reveals higher scale inefficiency with DRS universities. 
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Table 4.5  Decomposed Technical Efficiency Scores and Returns to Scale for Model 1 
Unit Technical Efficiency 

x =79.1 
  =18.4 

Pure Technical Efficiency 
x =85.0 
  =18.2   

Scale Efficiency 
x =93.4 
  =10.3   

Returns to Scale 

1 98.3  99.1  99.2  Irs 
2 100.0  100.0  100.0  Mpss 
3 100.0  100.0  100.0  Mpss 
4 85.1  89.1  95.4  Irs 
5 79.5  100.0  79.5  Drs 
6 64.1  65.5  97.9  Drs 
7 60.2  100.0  60.2  Drs 
8 100.0  100.0  100.0  Mpss 
9 100.0  100.0  100.0  Mpss 

10 96.8  100.0  96.8  Irs 
11 100.0  100.0  100.0  Mpss 
12 66.9  67.0  99.9  Irs 
13 74.6  100.0  74.6  Drs 
14 100.0  100.0  100.0  Mpss 
15 87.6  88.5  98.9  Drs 
16 82.6  98.2  84.1  Irs 
17 53.2  68.3  77.9  Drs 
18 80.0  80.6  99.2  Irs 
19 81.8  88.5  92.4  Irs 
20 72.4  72.5  99.9  Irs 
21 59.5  62.2  95.6  Irs 
22 80.5  100.0  80.5  Drs 
23 53.4  69.4  76.9  Drs 
24 100.0  100.0  100.0  Mpss 
25 68.0  69.7  97.6  Drs 
26 96.3  96.7  99.6  Drs 
27 64.3  66.6  96.6  Irs 
28 52.8  53.1  99.5  Drs 
29 55.4  56.9  97.5  Irs 
30 85.0  85.9  99.0  Irs 
31 97.3  100.0  97.3  Drs 
32 71.4  72.7  98.1  Drs 
33 70.6  100.0  70.6  Irs 
34 27.4  28.4  96.5  Irs 
35 98.7  98.9  99.8  Drs 
36 83.3  83.6  99.7  Irs 

Notes: drs (decreasing returns to scale); irs (increasing returns to scale); mpss (most productive scale size) 

4.5 Discussion 

DEA is best used as a tool that can focus managerial attention (Sherman 1984). In the above 

example of the average universities, the potential improvements suggest avenues for management 

to explore in search of higher performance. The process involves identifying the key sources of 

inefficiency, as well as those units that could become benchmark DMUs for others. 

 University executives and policy makers would benefit from DEA’s ability to capture the 

interplay between multiple inputs and outputs that cannot always be quantified in dollar terms. 

Traditional production or cost functions are not appropriate under these conditions. However, like 

any other method, DEA also has its limitations. For instance, in Model 3 (see Table 4.3), DEA 

indicates that overseas fee-paying enrolments can be raised by 76% (slack). While this appears 

feasible in the context of observed performance in the study sample, actual implementation of this 

potential improvement requires further investigation. There may well be external factors impeding 

the realisation of such an improvement. 

                                                                                                                                                          
17 The nature of returns to scale for each DMU were calculated using the DEA software DEAP. 
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 For example, in Australia, the great majority of overseas fee-paying students originate from 

Asia. The Asian financial crisis of 1997 has had a negative impact on the number of students 

choosing to study in Australian universities. Let us place this in the context of potential 

improvements and their feasibility. Those universities, which do not take measures to counteract 

the negative impact of the Asian financial crisis (say, by offering scholarships) are less likely to 

realise the improvement in enrolments indicated by DEA. 

 There is a need to expand the set of inputs with such variables as ‘entry qualifications of 

students’. Such an input would be particularly meaningful in Model 4 where the emphasis is on 

delivery of educational services. Intuitively, we know that the outputs ‘progress rate’ and 

‘employment rate’ will be partially determined by the entry qualifications. Ball and Wilkinson 

(1992) used the ‘mean score of main undergraduate entry qualifications’ in their conference paper. 

However, under the current non-uniform university admission systems across Australia, it was not 

possible to collect reliable data on undergraduate entry qualifications. 

Finally, those universities operating at increasing returns to scale should consider 

expanding the scale of their operations in order to benefit from higher productivity. Similarly, those 

institutions operating at decreasing returns to scale have already grown beyond their MPSS and 

should consider downsizing. If we restate this in terms of efficiency, an increase in inputs leads to a 

less than proportionate increase in outputs at DRS (Banker 1984). While it is time consuming to 

rectify scale inefficiency, pure technical efficiency can be addressed in the short-term. 

4.6 Summary 

The chapter uses a parsimonious set of tertiary education variables to evaluate the potential 

efficiency improvements for Australian universities. Data on the variables selected are readily 

available in the public domain. Research design employs input minimisation and VRS. The 

productivity models tested focus on performance on overall enrolments, fee-paying enrolments and 

delivery of educational services. Results indicate that the inputs/outputs selected for each model are 

sufficiently different to capture the inefficiencies of universities. 

 More significantly, decomposing technical efficiency scores into pure technical efficiency 

and scale efficiency reveals that only seven of the universities are operating at their most 

productive scale size. In the next chapter, we examine a case study in Property Management, where 

a weight restriction is used in data envelopment analysis. 
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CHAPTER 5: Weight Restrictions – Real Estate 
Agents 
by Necmi K Avkiran 

5.1 Introduction 

In this chapter, we follow through an application of DEA in the field of property management, 

where we demonstrate the use of weight restrictions for the first time in this book. The data tested 

consists of variables that were reported in a profitability study of the residential real estate agency 

practice in Queensland (REIQ 1994). The aim of this approach is to compare the conclusions from 

a traditional accounting-based performance measure with that of DEA. In this case study input 

minimisation and CRS analysis options are used. 

 Since mid-1990s the residential real estate practice has been characterised by a low-

turnover market despite the all-time low home loan interest rates. This is mostly attributed to low 

economic growth and low inflation rates in Australia, coupled with moderate unemployment rates. 

The lack of consumer confidence has stymied the turnover in the residential real estate market, 

leading to narrower profit margins for most of the agents. This downward pressure on the revenue 

side has, in turn, re-focused the attention of agents on finding savings on the expense side of their 

business. The real estate agency practice is currently conducive to a search for cost savings. This 

search is particularly suitable through DEA under the analysis option of input minimisation. 

 Currently, performance of real estate agents is measured by accounting variables found on 

the profit and loss statement. While this time-honoured approach allows each agent to compare its 

operating surplus to that of others, it does not easily lend itself to either benchmarking or 

understanding the interplay between multiple inputs and outputs. In this chapter, we re-examine an 

extract of the data behind the Profitability Report 1992/93 prepared by the Real Estate Institute of 

Queensland, 1994 (REIQ)18. Revenue and expense data were collected based on accrual 

accounting. 

5.2 Research Design 

The research design aims to explore the correspondence between the results of DEA and the 

traditional profitability analysis. Initial exploration of the raw data reveals that the variables group 

fees, recoverable, and travel have too many missing values. These variables are removed. When we 

calculate the range for each variable, we identify those with ranges in excess of five decimal 

places19. Sorting the DMUs in descending order helps determine the units at the two extremes. 

After deletion of such DMUs and a small number of units with missing values, we are left with 87 

                                                   
18 The author thanks REIQ for supplying the test data in a spreadsheet. 
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units for DEA. Once the DEA is run, we look to see whether those agents that are top performers in 

the profitability measurement (that is, operating surplus) are also appearing as efficient units under 

DEA. First, let us address the selection of inputs and outputs from the available pool of variables. 

 In general, we regard personnel and expense categories as inputs (resources) and revenue 

items as outputs. Looking at Table 5.1 we see that there are three outputs we should include in the 

productivity model. On the input side, we collapse the personnel items into a single variable, ‘staff 

numbers’. Similarly, bank charges, insurance, interest, personnel, postage, printing, professional 

fees, subscriptions, and telephone are aggregated as ‘other operating expenses’. Salaries of 

employees are omitted since staff numbers is already an input. The emerging input/output list is 

depicted in Table 5.2. 

Table 5.1  REIQ Questionnaire Items Used to Collect Profitability Data 
Revenue Sales 
 Property Management 
 Other 
Expenses Advertising, promotion 

Bank charges 
Equipment, plant 
Group fees (omitted) 
Insurance 
Interest 
Motor vehicles 
Personnel 
Postage, couriers 

Printing, stationery 
Premises 
Professional fees 
Recoverable (omitted) 
Salaries – employees 
Subscriptions – donations 
Telephone, fax 
Travel, parking (omitted) 

Personnel Principals 
 Salespersons 
 Property Managers 
 Administration/Clerical 
Note: See Appendix D for definitions. 

 

Table 5.2  Inputs and Outputs in the Real Estate Productivity Model 
Inputs (controllable) Outputs 
 Staff numbers  Sales 
 Advertising, promotion  Property Management 
 Equipment, plant  Other 
 Motor vehicles  
 Premises  
 Other Operating Expenses  

 

Weight restrictions warrant special comment before we examine the findings. Introducing 

restrictions on the weights assigned by the optimisation process to various inputs and outputs calls 

for a value judgment on part of the modeller or the manager. Nevertheless, this value judgment 

need not be made in an empirical vacuum. Normally, the first step is to examine the weights 

attached to inputs and outputs in an unrestricted run. If we find that certain variables have been 

under- or over-represented in calculation of efficiency scores, we then seek a consensus about the 

relative importance of outputs and inputs among those who are best familiar with the interactions 

of the variables modelled (Wong and Beasley 1990). 

                                                                                                                                                          
19 DEA can give meaningless results if data on a variable have a very large range. This is because DEA is an efficient frontier technique 
and a DMU with an extreme value on a variable can appear as efficient even though it may be performing poorly on all other variables. 



Part II – Technical Efficiency 

Chapter 5 

- 61 -

In the exercise demonstrated in this chapter, the consensus was reached after consultations 

with colleagues who teach in this field (in the workplace, the consensus will be reached among 

managers). It was agreed that staff numbers represent the most important resource (input) and 

should not be allowed to fall below a weight of 30%. This contention is supported by the 

correlation between sales dollars and staff numbers at 0.80. This decision is also consistent with the 

observation that staff salaries form the largest expense item for the agents and that we cannot 

ignore this item when searching for cost efficiencies. 

Imposing a lower bound of 30% on staff numbers ensures a more sensible allocation of 

weights during the optimisation process that determines the efficiency scores. In the absence of 

such a weight restriction, DMUs that have attracted a 100% weighting on certain variables (and, 

0% weighting on others) may unreasonably appear as efficient. That is, some DMUs may be 

evaluated as using very small amounts of inputs to generate outputs. This is a potential problem 

with total weight flexibility found in an unrestricted DEA run. Optimisation can allocate such low 

weights to certain outputs or inputs that they are effectively omitted from calculation of efficiency 

scores (Dyson and Thanassoulis 1988). 

5.3 Analysis of Results 

Initially we run DEA with the analysis options ‘input minimisation’ and ‘constant returns to scale’. 

The correlation between staff numbers (proxy for DMU size) and efficiency scores is only 0.35. 

Comparing the CRS scores against VRS scores indicated some differences as inferred from the 

correlation coefficient. However, it was decided to overlook this in the interest of focussing on the 

main purpose of this case study, which is to demonstrate weight restrictions. 

Finding evidence for the need to impose weight restrictions on certain variables is a more 

involved process. It requires examination of input/output contributions to calculation of efficiency 

scores to see if certain variables are consistently under- or over-represented. A range based on 

consensus can then be applied on a variable or variables. In this study, staff numbers make no 

contribution to calculation of efficiency scores in twenty-seven of the DMUs. This is an 

undesirable situation and it provides empirical support for applying a lower weight restriction of 

30% as agreed. Comparison of efficiency scores between the unrestricted model and the weighted 

model follows. 

 All the units that are listed as efficient in the weight-restricted run are also efficient in the 

unrestricted run. There are nine less units classified as efficient by DEA in the weight-restricted 

model. These nine units become inefficient with scores ranging from 98.62% to 68.04%. It appears 

that limiting the lower weight of staff numbers adds more discriminatory power to the analysis. 

Specifically, units that were appearing as efficient because of the omission of staff numbers in 

weighting of scores are now re-assessed as inefficient. 
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 But, are the efficient units in the weight-restricted model the top performers as measured 

by operating surplus? Table 5.3 provides the answer. The five most profitable agents are also listed 

as efficient under DEA. However, as we go down the list the results are mixed. Nevertheless, it is 

possible to observe a general trend for higher efficiency scores to correspond to higher operating 

surpluses and lower efficiency scores to congregate with the lower operating surpluses. In fact, the 

bivariate correlation between operating surplus and efficiency is 0.57. The less than perfect 

correlation suggests that some of the high performers (on operating surplus) are not necessarily 

operating at optimal efficiency when compared to their peers. Let us first closely examine the case 

of agent 185 which is ranked 6th in a sample of 87 units on operating surplus, yet appears as only 

82.58% efficient (see Table 5.3). 

 
Table 5.3  Comparing Agents Sorted on Operating Surplus in Descending Order 

Agent ID Operating Surplus ($) Efficiency Score (%) Agent ID Operating Surplus ($) Efficiency Score (%)

204 1,484,776 100.00 116 286,815 84.16

201 1,351,387 100.00 113 273,244 100.00

196 934,377 100.00 166 269,912 83.76

195 846,151 100.00 111 268,634 80.46

189 799,600 100.00 104 257,520 72.78

185 716,068 82.58 115 245,612 55.67

186 700,738 78.11 114 244,836 75.60

179 695,100 100.00 124 241,266 93.65

171 684,988 100.00 117 239,913 77.54

183 677,794 95.40 99 228,052 68.04

180 675,235 98.62 102 228,036 77.85

188 651,750 86.46 103 228,036 83.94

172 644,445 100.00 106 223,000 72.82

169 638,045 100.00 126 222,500 70.77

177 588,767 90.12 78 219,483 100.00

173 586,491 76.63 91 215,784 100.00

164 583,500 100.00 96 215,093 61.75

165 570,398 94.82 110 210,928 62.77

174 567,184 100.00 81 202,361 100.00

167 553,820 87.91 79 201,281 79.72

175 538,333 80.85 89 190,129 64.39

176 528,264 79.96 94 186,428 65.34

168 527,746 84.06 90 174,994 81.85

159 497,594 71.26 77 174,953 62.99

178 494,244 82.10 63 174,000 64.79

158 447,969 65.62 69 172,078 91.76

162 434,272 80.61 92 157,410 73.14

150 413,207 100.00 83 155,939 67.75

149 399,594 100.00 68 155,248 69.49

140 386,350 100.00 70 142,318 71.79

157 362,323 100.00 57 141,000 70.89

148 361,398 88.30 58 139,380 56.92

142 361,027 100.00 62 128,100 57.03

143 358,291 74.84 60 127,400 52.46

136 354,910 100.00 72 126,181 59.10

141 343,191 71.23 56 115,531 87.81

134 340,494 81.05 48 113,376 67.79

138 339,273 80.42 64 111,668 87.14
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Agent ID Operating Surplus ($) Efficiency Score (%) Agent ID Operating Surplus ($) Efficiency Score (%)

127 327,931 90.75 47 104,841 58.65

139 313,200 78.10 39 103,800 73.22

125 308,092 100.00 45 101,130 50.80

132 308,000 94.96 44 100,338 35.42

133 298,523 74.15 46 81,254 57.25

122 293,000 86.39  

 

 The potential improvements for agent 185 are reported in Table 5.4. Briefly, there are no 

output slacks but all the inputs can benefit from a reduction (that is, cost savings). The largest 

potential saving is indicated for reducing expenditure on equipment, followed by `other operating 

expenses’. However, since `other operating expenses’ is a composite variable of nine other 

variables, it would be worthwhile for the manager to run a second DEA, where inputs in the current 

model are replaced by nine operating expense variables. In this way, it would be possible to 

pinpoint the inefficiency in `other operating expenses’ with more accuracy. 

Table 5.4  Potential Improvements for Agent 185 and its Reference Set 
 Actual Target Potential Improvement (%)

Inputs Staff numbers 17 14.04 -17.42

 Advertising, promotion 60709 50133.74 -17.42

 Equipment, plant 14244 9992.15 -29.85

 Motor Vehicles 20462 16897.6 -17.42

 Premises 34254 28287.09 -17.42

 Other Operating Expenses 103054 74324.22 -27.88

Outputs Sales 676363 676363 0

 Property management 199667 199667 0

 Other 72761 72761 0

Agents in its reference set (peer group): 196,172,171,140,136,78 
Global leader: agent 164 with a reference set frequency of 42 

 
The peers of agent 185 that are most comparable in their configuration of inputs/outputs 

are also listed in Table 5.4 (see reference set). For the purpose of benchmarking, agent 185 should 

probe the operations of agents in its reference set. An examination of the business mix of the 

reference set can provide insight to inefficiencies. Yet other units may well be operating efficiently 

but are only generating low operating surpluses. A case in point is agent 81, which is ranked 63rd 

on operating surplus but appears as 100% efficient under DEA. 

5.4 Discussion 

Information in Table 5.4 indicates that agent 185 can reach 100% efficiency rating if it can 

implement the indicated potential improvements. This will also have the effect of raising its 

operating surplus even further since we are proposing to reduce its expenses (inputs). Similar 

potential improvements can be identified for other inefficient agents. However, we should bear in 

mind that DEA is a relative measure that calculates the feasible performance based on what is 

observed in the sample. That is, DEA does not provide an absolute measure of efficiency. Another 
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way of looking at this is to realise that agents outside the sample may well be more efficient than 

the best we have in the sample.20 

 Agent 185 is a profitable operation with sub-optimal efficiency. This can be attributed to 

favourable environmental conditions in its business catchment area, such as small competition. On 

the other hand, agent 81 is an efficient operation with sub-optimal profitability. In this case, the 

agent is probably confronting fierce competition or an inactive local market that is obstructing it 

from applying its efficient operations to generate a higher surplus. 

 We can also conceive a longitudinal study of residential real estate agents. Collecting data 

on agents over, say, a five-year period, can provide an insight into how the sector’s efficiency 

changes over time. However, it would be more difficult to monitor the performance of an agent 

over the same five-year period unless the group membership is constant. An innovative approach to 

address this concern would be to focus on the desired agent’s longitudinal data only. Then, each 

period’s data on the agent can be treated as a DMU. In such a design, efficiency scores would 

indicate the performance changes in response to changes in management strategies or technology 

(Gillen and Lall 1997). The downside of this method is the need to collect consistent data over a 

period of time that will be long enough to generate adequate DMUs to run a discriminating model. 

5.5 Summary 

We examined profitability data on a group of residential real estate agents using a weight-restricted 

DEA run (see also Chapter 20 for a more in-depth discussion). The results indicate correspondence 

between the accounting measure operating surplus and relative efficiency score at the two 

extremes. However, the correspondence of results is not so obvious when we look at the middle 

performers. There are cases that imply that efficient agents are not necessarily profitable operations 

and vice-versa. There may well be environmental factors not captured in the model that are causing 

the discrepancies; this is discussed in more detail in Part V. In the next chapter, we examine cross-

sectional and longitudinal data from the hospitality industry. 

                                                   
20 In fact, the inputs and outputs of the industry benchmark agent can be copied into the sample as an artificial DMU in an effort to 
unearth further potential improvements. 
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CHAPTER 6: Longitudinal Data and Window 
Analysis – Hotels 
by Necmi K Avkiran 

6.1 Introduction 

In this chapter we visit the hospitality industry with the intention of demonstrating evaluation of 

longitudinal data. The chapter begins with a discussion of productivity measurement in the 

hospitality industry. A DEA of Queensland hotels using the methods covered in previous chapters 

is followed by a DEA of time-series data at the macroeconomic level, that is Australia-wide, and a 

window analysis of panel data for Queensland hotels (see section 6.3, Productivity Model 3, for an 

explanation of window analysis). Data were sourced from the public domain. In this case study 

input minimisation and CRS analysis options are used in all the models. 

6.2 Conceptual Framework 

The difficulty of measuring productivity in the service sector was discussed briefly in section I.4. 

Visiting the hospitality industry provides an opportunity to continue this discussion. Some of the 

complicating factors already mentioned include intangible variables, the need for production and 

delivery of service in real time, and limitations of productivity ratios borrowed from the 

manufacturing sector. We will now expand the discussion on productivity analysis in the service 

sector by taking advantage of hospitality literature. 

 Measuring productivity forces a business to identify clearly its objectives and goals. In 

essence such an exercise provides direction and control. In practice there are problems defining and 

measuring the service outputs that may be mostly intangible. It has also been suggested that hotel 

clients evaluate their experience as a whole rather than in distinguishable components, which 

further compounds the measurement problem (Renaghan 1981). 

We also need to be aware of the interaction between key variables. For example in the 

hospitality industry upmarket hotels that provide personalised high quality service to their guests 

normally employ more people per guest. On the other hand, reducing the number of employees in 

such hotels in the name of raising productivity is likely to lower the quality of customer service 

their clientele expect. Productivity measures should be interpreted with caution where exogenous 

factors (i.e. factors outside the control of the organisation) have not been accounted for. 

 The hospitality industry appears to have been low on productivity where the service sector 

itself compares unfavourably to other sectors (Ball, Johnson and Slattery 1986; Witt and Witt 1989; 

Johns and Wheeler 1991). This observation is sometimes attributed to the hands-on style of hotel 

managers who may not put much stock in formal planning (Guerrier and Lockwood 1988). Others 

have accused hospitality managers of not being proactive (Olsen, Crawford-Welch and Tse 1991). 
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Nevertheless there is a pressing need to address productivity analysis in the hospitality industry if 

hotels are to exist as sustainable business entities in rapidly maturing markets. More to the point, 

focussing on resource utilisation at the expense of revenue generation or vice-versa leads to a 

limited analysis. It is essential to consider inputs and outputs simultaneously in the quest for 

productivity improvement (Ball, Johnson and Slattery 1986). 

 Examples of productivity ratios used in hospitality industry include kitchen meals 

produced/number of kitchen staff, total guest rooms/total kilowatt hours, number of satisfied hotel 

customers/total number of hotel customers, and hotel revenue/total management salaries (Ball, 

Johnson and Slattery 1986). Clearly some of these ratios are designed to measure physical inputs 

and outputs whereas others measure financial performance. In a survey of Zimbabwean hotel 

managers, Messenger and Mugomeza (1995) report similar physical and financial productivity 

ratios. In addition, their findings indicate a preference among general managers for financial ratios. 

One thing the above productivity ratios have in common is that each ratio reflects a 

narrowly defined productivity. What is also needed is a technique that can bring key productivity 

ratios together to produce a simultaneous measurement of productivity with a wider scope, where 

units are benchmarked on observed best performances. DEA fits this bill perfectly. However, 

before we launch into the application of DEA in hospitality let us expand the discussion of 

productivity. 

 We have already alluded to a productivity paradox in hospitality. That is, increasing 

physical output beyond certain levels without increasing resources is bound to have a negative 

impact on quality. On the other hand, quality is always a difficult concept to measure in the service 

sector.21 Nevertheless, the important positive correlation between quality and productivity has been 

recognised before (Schroeder 1985; Butterfield 1987). Here, Schroeder's definition of quality 

includes the prevention of mistakes in delivery of services, which in turn helps maintain higher 

productivity since resources are not wasted on remediation. 

Yet another reason to investigate quality is the highly competitive nature of the hospitality 

industry. In hotel markets where price is no longer a key competitive tool, businesses tend to 

compete on service quality and image (Witt and Moutinho 1994). Unfortunately, detailed 

comparable data on hotel service quality are still hard to come by. An alternative approach is to 

focus on sales revenue and costs, which lends itself to comparisons between hotels. If we define 

productivity as the ratio of sales revenue to costs, this provides a crude measure of a hotel's overall 

performance (Johns and Wheeler 1991). 

 Jones (1988) discusses a framework of inputs, intermediate output, output and outcomes 

for the hospitality industry as per Flynn (1986), where output and outcomes distinguish between 

consumption and satisfaction respectively. This framework is proposed as a tool for analysing the 

                                                   
21 A good discussion of the dimensions of hospitality service and its assessment can be followed in Haywood (1983). 
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operational links between productivity, capacity and quality. The interrelationships between the 

key factors of service industries is best summarised by a quote from Jones (1988, p.105): 

 …services vary from one service encounter to the other 
(heterogeneity) largely because they depend on the interaction of the 
consumer with the service provider (simultaneity), providing 'something' 
that the user cannot easily objectively measure (intangibility), which 
makes it almost impossible for the service provider to store 
(perishability). 

 
Like other authors Jones (1988) also recognises the trade-off between productivity and 

service quality. He further posits that productivity improvements are most likely in conversion of 

inputs to intermediate output, where the manager has most control. The example given states that a 

restaurant's kitchen staff use various commodities (inputs) to prepare food for a set menu based on 

expected orders (intermediate output). Actual output may be less than the intermediate output when 

some food is not sold. On the other hand, outcomes experienced by customers may range from 

satisfying hunger to social contact. A more detailed discussion of Jones' framework is outside the 

immediate scope of this chapter. 

 Having discussed the issues of productivity in the hospitality industry we move on to the 

application of DEA in this field. Morey and Dittman (1995 and 1997) provide two examples. In 

their 1995 article they use DEA to evaluate the performance of a hotel general manager. Inputs 

include number of rooms and room-division expenditures, as well as environmental factors (factors 

outside manager's control) such as the average occupancy rate and the average daily rate for a 

group of competitors selected by the general manager. Outputs are the total room revenue for the 

year and the average level of guest satisfaction. The model is set up to identify the potential 

reductions in inputs while outputs are maintained i.e. input minimisation. In their 1997 article, 

which includes a detailed mathematical treatment, Morey and Dittman apply DEA to selecting a 

hotel property. Their model combines DEA and regression analysis to deal with the interfaces 

between operations management and marketing. More specifically, the model maximises expected 

value of annualised profits given brand, design and operational choices. 

 It is time to consider what kind of inputs and outputs would be appropriate in the DEA of 

Queensland hotels. Once again a sensible approach for management is to identify the key business 

drivers (outputs) and the inputs that can be argued to be representative of what is needed to produce 

these outputs. Geller (1985) provides some guidance. As a result of interviewing seventy-four hotel 

executives Geller determines the goals and factors considered critical to an hotel's success. Geller 

argues that a reliable set of critical success factors (CSF) cannot be developed unless well-defined 

goals are adopted first. CSFs are distinguished from the measures used to monitor them. In fact, 

what we have referred to as key business drivers are closer in definition to what Geller defines as 
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measures of CSFs. To clarify the links between goals, CSFs and measures we can have a look at a 

couple of the examples provided in Geller (1985).22 

 For instance, to increase market share (a company goal) a hotel needs to have a better 

service (a CSF) than its immediate competitors. This service can be measured through, for 

example, ratio analysis of repeat business, occupancy rates and informal or formal feedback. On 

the other hand, owner satisfaction (another company goal) would require attention to adequate cash 

flow (a CSF), which in turn can be measured through sales revenue, gross profit and departmental 

profit. We should note that there is no universal set of CSFs that will be appropriate for all hotels. 

In fact, different hotels are likely to emphasise different CSFs reflecting varying organisational 

structure, stage in life cycle, financial status and so on. 

6.3 Research Design 

Productivity Model 1 

Data were collected on the largest hotels (ranked by number of guestrooms) from the periodical, 

Business Queensland (1997). The five inputs are full-time, permanent part-time and casual staff, 

total bed capacity (i.e. number of beds) and largest meeting capacity, all of which are assumed to 

be controllable by management. The two outputs are revenue and cost of a double room. It is 

assumed that the management's ability to fill the beds and the largest meeting room will be 

reflected in higher revenue. In addition, the staff's ability to distinguish their hotel from other 

similar hotels through better service is expected to manifest itself in a higher cost for a double room 

i.e. rate charged to guests. After deletion of cases with missing values, only twenty-three 

Queensland hotels remained from the original sample of fifty. 

 

Productivity Model 2 

The second model in hospitality is designed to demonstrate the application of DEA to time-series 

data. Aggregate time-series data on licensed hotels with facilities were collected from publications 

of the Australian Bureau of Statistics (ABS), namely, Tourist Accommodation, Australia, 

publication number 3635.0. The period under investigation is June quarter 1992 to December 

quarter 1997 (23 quarters in total). Data reported in quarters following December 1997 were 

omitted because the definition of a hotel was changed. Similarly, data prior to the June quarter 

1992 were omitted because employment numbers in this category were not reported. Inputs in the 

productivity model are number of establishments, bed spaces and employment. Outputs are bed 

occupancy rate and takings from accommodation, where ABS defines bed occupancy rate as the 

ratio of bed nights occupied to the bed nights available. Takings from accommodation were 

deflated back to March 1992 in order to remove the changes due to inflation. 

                                                   
22 A comprehensive list of forty key performance indicators in hotels can be found in Sandler (1982, pp.158-9). 
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Since we are conducting a time-series study of licensed hotels with facilities across 

Australia, each quarter effectively becomes a DMU in data envelopment analysis, giving a sample 

size of 23. In this manner, DMU1 is June quarter 1992, DMU2 is September quarter 1992 and so 

on. Hence, if DMU2 carries a higher efficiency score than DMU1, we interpret this as the 

September quarter being more productive than the June quarter. Plotting the efficiency scores for 

23 DMUs provides an overview of changes in productivity between June 1992 and December 

1997. 

 

Productivity Model 3 

In the third and final hospitality model we go back to the source of data on Queensland hotels used 

in Model 1. On this occasion data were collected for the period 1990-97 inclusive. For this period, 

only three hotels had complete data across all the inputs and outputs, with four more hotels that 

were missing data either for one or two years. Missing data were substituted with estimates, thus 

allowing the useable sample size to grow from three to seven. 

However, Model 3 can gain further discrimination by dropping some of the inputs 

borrowed from Model 1. One approach is to examine the bivariate correlations and look for inputs 

(or outputs) that are highly interrelated. For instance, a good candidate for omission is the number 

of casual staff, which is highly correlated with the full-time staff numbers (see Table 6.1). Another 

approach is to examine the relationship between inputs and outputs, and omit an input of lesser 

importance. Following this approach, part-time staff is dropped from Model 3 in favour of full-time 

staff due to its weaker correlation with revenue. The inputs and outputs in the three productivity 

models are summarised in Table 6.2. 

Table 6.1  Bivariate Correlations between the Inputs and Outputs in Model 3 
 Full-time staff Part-time staff Casual staff Bed capacity Largest 

meeting 
capacity 

Revenue 

Part-time staff 0.179 
(0.413)* 

     

Casual staff 0.801 
(0.000) 

0.040 
(0.855) 

    

Bed capacity 0.529 
(0.009) 

-0.123 
(0.576) 

0.122 
(0.579) 

   

Largest meeting 
capacity 

0.792 
(0.000) 

0.249 
(0.252) 

0.711 
(0.000) 

0.378 
(0.076) 

  

Revenue 0.768 
(0.000) 

0.353 
(0.099) 

0.674 
(0.000) 

0.361 
(0.091) 

0.929 
(0.000) 

 

Cost of a double 
room 

0.137 
(0.532) 

-0.003 
(0.990) 

0.055 
(0.802) 

-0.081 
(0.715) 

0.020 
(0.928) 

-0.088 
(0.690) 

* Two-tailed significance 
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Table 6.2  Summary of Inputs and Outputs in the Three Hospitality Productivity Models 
 Inputs (controllable) Outputs 
Model 1 
(cross-sectional data on 
Queensland hotels) 

 Full-time staff  Revenue 
 Part-time staff  Cost of a double room 
 Casual staff  
 Bed capacity  
 Largest meeting capacity  
  

Model 2 
(hotel time-series data; 
aggregate for Australia) 

 Establishments  Bed occupancy rate 
 Bed spaces  Takings from accommodation 
 Employment (later omitted)  

Model 3 
(window analysis of 
panel data on 
Queensland hotels) 

 Full-time staff  Revenue 

 Bed capacity  Cost of a double room 

 Largest meeting capacity  

 

Window analysis is a commonly used sensitivity analysis in DEA. It allows for an 

assessment of the stability of relative efficiency scores over time. The sensitivity in question is to 

that of external factors that may distort figures for a particular year and a varying group of 

reference units. The so-called 'window' can represent, say, three years. In a panel data set over eight 

years, a three-year window produces six windows (see Table 6.3).23 

Table 6.3  Periods Corresponding to Each Window on Queensland Hotels (Model 3) 
Window 1 1990 1991 1992      
Window 2  1991 1992 1993     
Window 3   1992 1993 1994    
Window 4    1993 1994 1995   
Window 5     1994 1995 1996  
Window 6      1995 1996 1997 

 
 In window analysis, data on a Queensland hotel in different years are treated as separate 

DMUs. Thus, 7 hotels and a window size of 3 is equivalent to 21 DMUs, providing a better degrees 

of freedom than anticipated at first glance of the number of hotels. In examining results from 

window analysis, a hotel that is efficient in one year regardless of the windows is said to be stable 

in its efficient rating relative to other hotels. Yue (1992) and Charnes et al. (1985) provide 

examples of window analysis in DEA. 

In this chapter we use publicly available data on hotels. A downside of this approach is that 

we end up working with a limited set of inputs and outputs. For example, it would have been 

desirable to have a measure of customer service quality for the group of twenty-three Queensland 

hotels studied in Model 1. Nevertheless, the aggregate measures used indirectly measure the 

service quality at these establishments. We should also note that there was some inconsistency in 

the way data on cost of a double room was reported in the source document. For example, some 

hotels provided a range while others provided a single dollar figure. All range data were averaged 

before entry into DEA. Similarly, in the window analysis of Queensland hotels (Model 3), some 

missing values were substituted with estimates in order to build up a useable sample size. Some of 

                                                   
23 Frontier Analyst does not provide for an automatic window analysis based on a single data file. Instead, each window's data has to be 
entered as a separate run. A more efficient window analysis can be found in Efficiency Measurement System (EMS) by Holger Scheel, 
which is freely available to academic users at www.wiso.uni-dortmund.de/lsfg/or/scheel/doordea.htm#software. 
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the revenue figures also suffered from dubious reliability in that they were reported as estimates 

based on the industry average of revenue per guestroom prevailing at the time. Thus, the identities 

of the hotels have not been revealed to prevent unnecessary negative connotations on performance 

of the hotels in the sample. This is also in line with the main purpose of this chapter, which is to 

demonstrate the application of DEA to longitudinal data. 

6.4 Analysis of Results 

Productivity Model 1 

The Queensland hotel sample was analysed under the assumptions of input minimisation and 

constant returns to scale. CRS can be supported by the low correlation between efficiency scores 

and the proxies for the size of hotel operations, namely, bed capacity (p= -0.05) and full-time staff 

numbers (p= -0.06). 

 Table 6.4 lists the hotels sorted on relative efficiency scores. Seven of the hotels are 

evaluated as inefficient by DEA. The potential improvements for each of the inefficient hotels are 

shown in Table 6.5 accompanied by reference sets. The global leader in the sample is Hotel 20. In 

the absence of a more detailed analysis, management of an inefficient hotel can benchmark the 

operations of Hotel 20. However, knowledge of the reference set membership provides a greater 

wealth of information. In this instance, management is able to examine these efficient peer hotels 

and compare their resource allocation and outputs. 

Table 6.4  List of Queensland Hotels Sorted on Relative Efficiency Scores (Model 1) 
Hotel Score Hotel Score 
21 100.00 14 100.00 
23 100.00   1 100.00 
19 100.00   5 100.00 
11 100.00   2 100.00 
15 100.00   4  96.71 
16 100.00 18  90.66 
22 100.00 17  85.54 
8 100.00   6  80.32 
20 100.00   9  79.18 
3 100.00 13  59.46 
12 100.00   7  38.54 
10 100.00   
Note: The hotel in italics is the global leader. 
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Table 6.5  Potential Improvements (%) and Reference Sets for the Inefficient Queensland Hotels (Model 
1) 

Inputs Outputs 
Full-time 

staff 
Part-time staff Casual staff Bed capacity Largest 

meeting 
capacity 

Revenue Cost of a double 
room 

 
Hotel 4 

-3.29 -3.29 -3.29 -3.29 -3.29 0 35.31 
Reference set: hotels 2, 5, 11, 12, 22 

 
Hotel 18 

-9.34 -89.01 -9.34 -41.81 -81.31 0 0 
Reference set: hotels 5, 8, 21 

 
Hotel 17 

-14.46 -30.71 -14.46 -14.46 -14.87 0 28.64 
Reference set: hotels 10, 20, 23 

 
Hotel 6 

-19.68 -19.68 -19.68 -19.79 -19.68 0 63.37 
Reference set: hotels 3, 20, 21, 23 

 
Hotel 9 

-77.8 -20.82 -88.89 -62.04 -20.82 0 28.5 
Reference set: hotels 11, 22 

 
Hotel 13 

-40.54 -40.54 -40.54 -40.54 -40.54 0 0 
Reference set: hotels 3, 5, 11, 19, 20, 22 

 
Hotel 7 

(most inefficient hotel) 
-74.56 -74.64 -77.72 -61.46 -61.46 0 0 

Reference set: hotels 15, 16, 20 
Note: Potential improvements for outputs represent under-produced outputs (i.e. slacks) since DEA was implemented under the 
input minimisation option. The global leader in reference set is in italics. 

 

 Before we leave Table 6.5 let us take a look at cost of a double room (output). The 

potential rise in this cost (rate charged to guests) indicates an under-produced output. In previous 

chapters, we referred to such observations as slacks. In this sample, Hotels 4, 17, 6, and 9 should be 

able to raise their rates for a double room by the indicated percentages while minimising their 

inputs (all other things being equal). 

It is also possible to take a global look at the sample of 23 Queensland hotels. As indicated 

in Figure 6.1, the largest overall potential improvement lies with reducing permanent part-time 

staff numbers, followed by casual staff. In other words, the inefficient hotels appear to be 

employing too many part-time and casual staff. 



Part II – Technical Efficiency 

Chapter 6 

- 73 -

Figure 6.1  Overall Potential Improvements for Queensland Hotels (Model 1) 
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Productivity Model 2 

We now move on to the analysis of the time-series data on Australian licensed hotels with 

facilities, where 23 quarters become DMUs. The bivariate correlations duplicated in Table 6.6 

indicate a strong positive correlation between bed spaces and employment. In this instance, the 

analysis can gain a better discrimination between DMUs without necessarily losing information or 

insight if one of the highly correlated inputs were dropped. To choose between bed spaces and 

employment we check the correlations between these inputs and outputs. Unfortunately, there is no 

clear choice because the number of bed spaces has a higher correlation with takings, whereas 

employment has a higher correlation with bed occupancy rate. In the interest of maintaining a 

direct link between inputs and outputs, we retain bed spaces and remove employment from the 

analysis. 

Table 6.6  Bivariate Correlations between the Inputs and Outputs in Model 2 
 Establishments Bed spaces Employment Bed occupancy 

rate 
Bed spaces -0.308 

(0.153)* 
 
 

  

Employment -0.321 
(0.135) 

0.939 
(0.000) 

  

Bed occupancy rate -0.823 
(0.000) 

0.444 
(0.034) 

0.472 
(0.023) 

 

Takings from 
accommodation 

-0.567 
(0.005) 

0.935 
(0.000) 

0.886 
(0.000) 

0.651 
(0.001) 

*Two-tailed significance 
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 Examination of takings from accommodation adjusted for inflation reveals strong 

seasonality, where the December quarters form the peaks and June quarters form the troughs. To 

better observe the time-series trend in the data, we apply exponential smoothing and de-seasonalise 

the inflation-adjusted takings (ATakings$). The resulting chart can be seen in Figure 6.2. It is the 

data of smoothed takings (STakings$) that enter DEA. 

 

Figure 6.2  Takings from Accommodation Adjusted for Inflation and Exponentially Smoothed (Model 2) 
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 A plot of the relative efficiency scores across each quarter reveals a general upward trend 

(see Figure 6.3). The troughs coincide with the June quarter in each year, which in turn coincides 

with the low points for takings from accommodation. Only four of the DMUs appear as 100% 

efficient, namely December 1995, December 1996, March 1997, and December 1997. The 

observed quarterly trends are not surprising given the peak and off-peak holiday seasons. However, 

the major finding is the upward trend in productivity, which can be seen more clearly by the linear 

regression line plotted through the efficiency score chart. Relative efficiency scores are shown in 

Table 6.7. 
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Figure 6.3  Plot of Relative Efficiency Scores with Trend Line for Hotel Time-series Data (Model 2) 
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Table 6.7  Relative Efficiency Scores for Hotel Time-series Data (Model 2) 
Quarter (DMU) Score Quarter (DMU) Score

Jun-92 78.05 Jun-95 93.65

Sep-92 86.40 Sep-95 98.65

Dec-92 90.71 Dec-95 100.00

Mar-93 90.80 Mar-96 99.80

Jun-93 81.87 Jun-96 96.70

Sep-93 89.19 Sep-96 98.19

Dec-93 97.50 Dec-96 100.00

Mar-94 97.23 Mar-97 100.00

Jun-94 88.81 Jun-97 97.96

Sep-94 98.55 Sep-97 98.27

Dec-94 99.86 Dec-97 100.00

Mar-95 98.63  

  

From Figure 6.3 we can infer that in 1996-97 the Australian hotel sector had operated with 

close to 100% efficiency compared to previous years. Nevertheless, we need to remember that this 

is a relative measure and there are no grounds to conclude that the hotel sector has achieved 

maximum productivity. In fact, five years from now if we were to include 1996-97 in a new set of 

time-series data, these two years may well emerge as relatively inefficient. 

 The REPORTS feature of Frontier Analyst allows automatic generation of various reports 

on the analysis. For example, by selecting SCORES & IMPROVEMENTS report and SHOW 

INEFFICIENT UNITS icon, Frontier Analyst produces an efficiency report for the inefficient 

quarters (DMUs), which can be sorted in a variety of ways (see Figure 6.4). The report lists the 

actual and target input/output values, as well as per cent potential improvements. In general, most 

output slacks are with takings and do not exceed 16.28% for any given quarter. This implies that 
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the hotel industry has the potential to raise takings from accommodation while simultaneously 

lowering inputs. This is similar to the observation made in the previous model on Queensland 

hotels, where we identified four hotels that could increase their rates for a double room while 

minimising inputs. The potential to reduce inputs was greatest in 1992-93. The largest potential 

improvement of productivity over the study period could have been achieved through reduction of 

number of hotels. This indicates an overcapacity in the industry in the early years of the study 

period. 

Figure 6.4  Partial Reproduction of the Efficiency Report Generated by Frontier Analyst (Model 2) 

 
 

Productivity Model 3 

Table 6.8 reports the results of window analysis. The best performer is Hotel 7 with stable 

efficiency scores over time. Hotel 7 scores are characterised by a high mean, low standard 

deviation and a low difference between scores in the same year (LDY). A small LDY is an 

indication of Hotel 7 remaining efficient compared to its competitors. A small difference between 

scores across the entire period (LDP) indicates stable efficiency or consistent performance. On the 

other hand, Hotel 4 appears to be an erratic performer, with a lower mean score. Hotel 6 emerges as 

a quiet achiever, where scores, in general, exhibit improvement between 1990-97. We can probably 

nominate Hotels 3 and 5 as the second and third best performers respectively. It is also advisable to 

scrutinise the raw data for possible incorrect reporting when a score appears out of character. A 
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case in example is the first score (67.58%) for Hotel 11. However, given the age of the secondary 

data in this case, it was not possible to pursue this line of inquiry. 

Table 6.8  Relative Efficiency Scores from Window Analysis of Hotels (Model 3) 
 Efficiency Scores in year … 
 1990 1991 1992 1993 1994 1995 1996 1997 

Hotel 2 100 98.2 100      
  100 100 100     
   100 100 100    
    100 98.01 100   
     74.34 86.64 100  
      85.6 100 88.63 

Mean SD LDY LDP      
96.19 7.35 26.66 26.66      

Hotel 3 100 100 93.39      
  100 93.39 93.39     
   99.15 99.15 100    
    93.59 100 100   
     95.63 96.29 100  
      90.64 99.24 96.69 

Mean SD LDY LDP      
97.25 3.16 9.36 9.36      

Hotel 4 84.52 85.82 95.01      
  85.82 94.37 90.52     
   95.26 90.84 100    
    86.35 94.78 93.5   
     91.03 87.02 91.35  
      85.55 89.55 85.18 

Mean SD LDY LDP      
90.36 4.46 8.97 15.48      

Hotel 5 83.45 100 91.66      
  100 99.42 100     
   98.22 100 100    
    98.96 100 100   
     86.77 100 100  
      100 100 100 

Mean SD LDY LDP      
97.69 5.01 13.23 16.55      

Hotel 6 53.1 59.89 62.5      
  73.01 72.23 72.23     
   73.16 73.16 82.83    
    62.47 76.92 69.86   
     71.54 64.01 88.64  
      63.48 84.65 93.23 

Mean SD LDY LDP      
72.05 10.46 13.12 40.13      

         
Hotel 7 84.74 100 100      

  100 100 100     
   100 100 100    
    100 96.15 100   
     96.45 100 100  
      100 97.49 100 

Mean SD LDY LDP      
98.60 3.69 3.85 15.26      

Hotel 11 67.58 100 100      
  100 100 100     
   100 100 99.21    
    100 93.14 100   
     87.32 96.76 100  

      92.79 100 88.08 
Mean SD LDY LDP      
95.83 8.23 11.89 32.42      

Notes: Mean (average score for the eight year period) 
 SD (standard deviation for the period) 
 LDY (largest difference between scores in the same year) 
 LDP (largest difference between scores across the entire period) 
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6.5 Summary 

In this case study of the hospitality industry, we demonstrated DEA of cross-sectional hotel data, as 

well as time-series and panel data. Findings from the cross-sectional data suggest that some of the 

hotels can charge a higher rate for a double room while reducing inputs such as the part-time and 

casual staff numbers. Analysis of time-series data across Australia indicates a general upward trend 

in productivity of the Australian hotel industry between 1992-97. Window analysis of panel data on 

Queensland hotels illustrates a useful statistical technique for assessing the stability of a unit's 

efficiency over time, as well as against other units in the sample. The next chapter demonstrates the 

use of DEA Solver-Pro software in preparation for cost, revenue and profit efficiency analyses. 
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PART III: COST, REVENUE AND PROFIT 
EFFICIENCIES 

 

CHAPTER 7: Navigating Your Way Through DEA-
Solver-Pro 
by Necmi K Avkiran 

7.1 Introduction 

In this chapter we follow a similar approach to that found in Chapter 1 and introduce the reader to 

using the software DEA-Solver-Pro (version 4.1 at the time of writing this chapter). DEA-Solver-

Pro is based on the familiar Microsoft Excel platform. It complements Frontier Analyst by enabling 

tests with additional DEA models that focus on cost efficiency, revenue efficiency, profit efficiency 

and window analysis. Screen shots in this chapter enhance the demonstration (used with permission 

of Saitech Inc., www.saitech-inc.com). 

7.2 Preparing Data Files in DEA-Solver-Pro 

The data file is prepared as an Excel workbook. Problem and model description can be typed in the 

first cell of the first row. The rest of the cells in the first row are reserved for input and output 

names. Input names are preceded by (I) and outputs are preceded by (O), with no spaces between 

the prefix and the variable name. It is necessary to use the same input name when designating the 

cost of an input and the same output name when designating the price of an output (names are case 

sensitive). Other important prefixes are (C) for cost and (P) for price. The ordering of inputs and 

outputs can be arbitrary and variables without a prefix are ignored. This is a useful function of 

DEA-Solver-Pro as it allows you to easily add or remove variables in a test without re-entering 

data. 

Saitech recommends the use of sheet name DAT (as opposed to Sheet 1). However, the 

program runs happily with Sheet 1 and more descriptive names can be used as long as you avoid 

the names reserved by the program e.g. Score, Rank, Projection, Weight, Weighted data, Slack, 

RTS, Window, Graph1 and Graph2. Table 7.1 shows the data for a cost efficiency model where 

financial and environmental performances are entered as outputs, and total assets is the input. 

When reading a data file, DEA-Solver-Pro starts from the top-left cell (A1) and stops when it 

encounters a blank column at the right and a blank row at the bottom. Where there is no cost 

column, the program treats cost as zero. 
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Table 7.1  Data File 

Finance Cost-C (O)FinaPer (O)EnviPer (I)Total Assets (C)Total Assets

QBE 69.05 37.07 9534800000 0.144282

MML 69.05 35.40 13673700000 0.071985

NRMA 47.65 32.30 12129900000 0.287232

Westpac 73.80 36.43 167618000000 0.055257

ANZ 73.80 27.23 172467000000 0.056863

Macquarie 59.50 32.33 9250645000 0.070404

Suncorp-Metway 61.90 25.40 26219000000 0.073382

NAB 73.80 29.43 343677000000 0.062288

CBA 90.50 31.80 217671000000 0.081991

St George 57.15 24.23 49610000000 0.073392

AXA 57.10 34.17 26825000000 0.117838

Zurich 52.40 33.60 6901271000 0.088893

7.3 Selecting a DEA Model and Starting Computations 

DEA-Solver-Pro can be easily launched by clicking on the shortcut on your desktop. It starts within 

Microsoft Excel. When prompted, you need to enable macros but beforehand make sure your 

computer is free from viruses. From here on, all you need to do is to carefully follow the on-screen 

instructions. DEA-Solver-Pro proceeds in four steps, namely, selecting a model, selecting the Excel 

data workbook, designating a workbook for saving results, and the computations. 

You can choose from a large selection of DEA models including technical efficiency, cost 

(economic) efficiency, slacks-based measure, free disposal hull model and window analysis. A 

discussion of these models can be read in Cooper, Seiford and Tone (2000). The examples given 

below relate to the remaining chapters in Part III of this book: 

DEA Model Explanation 
 Cost-C (see Chapter 8)  Cost efficiency model with constant 

returns to scale 
 Revenue-V (see Chapter 9)  Revenue efficiency model with 

variable returns to scale 
 Profit-C and Profit-V (see Chapter 

10) 
 Profit efficiency models with 

constant and variable returns to scale 
 

Changing the extension –C to –V designates a model with variable returns to scale. Similarly, input 

orientation is designated with the extension –I and output orientation is designated with –O. 

Multiple extensions are separated by a dash e.g. Window-I-V designates input oriented window 

analysis with variable returns to scale (see Figure 7.1). 
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Figure 7.1  DEA Models 

 

Having selected the desired model, the program prompts you to open the Excel workbook 

where your data sheet resides. By default, it assumes that the first active sheet is the target. If the 

workbook has multiple sheets, than you need to click on ‘Another Sheet?’ until you get to the 

desired sheet. Next, you enter the Excel workbook name where the results of the computations will 

be saved. At each of these steps, DEA-Solver-Pro gives you the option to trace your steps back and 

change your choices. Just before running the computations, the program prompts you to check your 

DEA model and, name and location of the data file. Once you are happy with this final check, you 

click on ‘Run’. Within a matter of few seconds, the run is completed. At this point, you have the 

choice of exiting the program or running another test. If you exit the program, you find yourself in 

the results workbook, with the Score sheet as the default active sheet (see Figure 7.2). 
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Figure 7.2  Results Showing the Active Score Sheet 

 

7.4 Understanding Key Reports of Results 

The Score sheet is not ranked and appears in the order of data entry (plotted in sheet Graph1); peer 

weights are reported in the Score sheet on the right-hand side as ‘lambda’. DEA-Solver-Pro reports 

the ranked scores in the Rank sheet (plotted in sheet Graph2). The Summary sheet provides an 

overview of the DEA model and data used, as well as descriptive statistics on the data (see Figure 

7.3). 
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Figure 7.3  Results Showing the Active Summary Sheet 

 
 

The data used is reproduced in the last sheet. The potential improvements for each DMU 

are reported in the Projection sheet (see Figure 7.4). The Projection sheet reports the original data, 

followed by the projections and the corresponding percent changes. 
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Figure 7.4  Results Showing the Active Projection Sheet 

 

7.5 Summary 

DEA-Solver-Pro is a competent program that runs on the familiar Microsoft Excel for PC platform. 

The multitude of DEA models makes it highly suitable for academic research applications. 

Chapters 8-10 make use of the additional DEA models that are currently not available in Frontier 

Analyst. 

The next chapter introduces the reader to allocative efficiency and cost efficiency through 

data envelopment analysis. The setting used for illustrative purposes is socially responsible 

investments. 
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CHAPTER 8: Cost Efficiency – Socially Responsible 
Investments 
by Necmi K Avkiran 

8.1 Introduction 

In this chapter we introduce the concept and application of cost efficiency. The scene for the 

analysis is set within the context of socially responsible investments (also known as ethical 

investments). Data used are mostly in the public domain and the productivity model developed 

constitutes a novel approach to measurement of relative performance in the finance sector. 

Socially responsible investment (SRI) has been slow in entering mainstream investment 

activity because ethical business has traditionally been regarded as a contradiction in terms. 

Nevertheless, 1990s witnessed a rapidly growing interest in socially responsible investing mainly 

due to successful education of a new generation about environmental and social issues that are 

increasingly part of doing business. As this new generation started to look for investments that 

allowed them to make socially responsible choices, investment managers quickly responded by 

offering screened funds. The rate of growth in SRIs continues to rise in the 21st Century and SRIs 

promise to gain equal status with traditional investments that are judged on financial performance 

measures only. 

Investments are increasingly screened to construct SRI funds. This is particularly 

noticeable in the superannuation funds. Existing screens usually fall into the category of either 

“negative or exclusionary” or “positive or inclusive”. However, the application of negative and 

positive screens is not mutually exclusive. That is, certain fund managers combine negative and 

positive screens in an attempt to construct balanced ethical screens. For example, starting with 

listed companies of superior financial performance and using a negative screen, companies heavily 

involved with tobacco, alcohol, arms, gambling, pornography or nuclear power are excluded. The 

remaining group is then exposed to a positive screen, where only those companies that meet certain 

performance levels on the environment and social issues remain. 

Particularly with strict screens, the approach outlined above could leave the investor with a 

significantly smaller pool of likely investments, potentially raising the portfolio risk since the 

benefits of diversification cannot be fully utilised. As far as traditional finance theory is concerned, 

ethical investment screens could only lead to a violation of that overriding principle, ‘maximising 

shareholder value’. Nevertheless, various empirical studies indicate that SRIs are, at worst, as good 

as unscreened investments in their returns, and at best, doing better than unscreened investments 

(see Hamilton, Jo and Statman 1993; Diltz 1995; Mallin et. al. 1995; Pava and Krausz 1996; 

Waddock and Graves 2000). 
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This apparent violation of the time honoured risk-return trade-off is explained when 

companies conducting ethical business are scrutinised. Benefits of ethical business include higher 

productivity, customer loyalty, environment friendly practices, and reduced legal costs due to 

stronger community and government relations (Spiller 2000). Clearly, the above benefits amount to 

enhanced relations with many stakeholders and is likely to be rewarded by capital markets. 

Cummings (2000) points out that SRIs may incur lower long-term costs since such investments are 

less likely to deal with externalities such as litigation. Feldman et al. (1996) report that improving a 

firm’s environmental performance can increase stock prices as much as 5% through reduced 

perceived risk. 

In 1990, Kinder, Lydenberg, Domini and Co. Inc. launched the Domini 400 Social Index. 

About half of the Standard & Poor 500 companies can be found on the Domini Social Index. 

Domini Social Index is designed to reflect the market behaviour of stocks of the average socially 

responsible investor. It is weighted by market capitalisation. Domini Social Index specifically aims 

to maintain a portfolio of diversified yet socially responsible investments. The portfolio turnover is 

similar to that of Standard & Poor 500 at around 6% per annum (Domini Social Investments 2000). 

Managed socially responsible portfolios in Australia have grown from $325 million to 

$7.67 billion between the years 2000-2005 (EIA 2005). It is a growing investment area and the 

figure quoted for Australia will certainly be out of date by the time you read this. Superannuation 

funds have been a major driving force behind SRIs, particularly since investors have been given the 

opportunity to choose amongst portfolios of different risk-return trade-off.24 

There is no universally agreed definition of what constitutes an SRI. In its broadest sense, it 

can be defined as an investment that reflects your moral values. In turn, the moral values shape the 

preferred positive and negative screens. However, the virtues of different screens are not debated 

here. Instead, we develop an application of DEA to benchmarking firms as socially responsible 

investments. 

8.2 Research Design 

Until now, we focused on technical efficiency where the emphasis was on either producing given 

levels of outputs while minimising input levels, or maximising output levels with given input 

levels. In either approach, price or cost information was not taken into account. However, a 

technically efficient DMU is not necessarily allocatively efficient. That is, the mix of inputs may 

not be cost efficient. 

 

                                                   
24 This practice started in 1999 following the recommendations of the Wallis Report in 1997. Wallis Inquiry was set up by the Australian 
Federal Treasurer on 30 May 1996 and has since delivered a stock take of the Australian financial system in the deregulated period. Its 
key terms of reference included regulation of the financial system, competition, and technological development. 
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8.2.1 Allocative and Cost Efficiencies 

A DMU is considered allocatively efficient if it generates its outputs at the minimal possible cost 

using minimal inputs. We can think of reaching allocative efficiency as the ‘holy grail’ of data 

envelopment analysis. Measurement of input cost efficiency assumes that you are able to collect 

data on input costs. For example, if one of the inputs were staff numbers, then it would be 

necessary to find data on salary expenses. Alternatively, instead of assuming a behavioural 

objective of cost minimisation for the DMU, we can also focus our attention on the revenue side. 

That is, we start from the premise of maximising output values by selecting that particular mix of 

output levels and prices, using a given quantity of inputs. This type of analysis measures output 

cost (or, revenue) efficiency and is illustrated in the next chapter. 

In this chapter input cost efficiency is calculated. To put it in perspective, allocative 

efficiency (AE) is given by the ratio of cost efficiency (CE), also known as economic or overall 

efficiency, to technical efficiency (TE). Thus, if cost and technical efficiencies are known, 

allocative efficiency can be calculated residually as AE=CE/TE. 

Figure 8.1 is a graphical representation of the relationship between TE, CE and AE with 

two inputs and one output assuming constant returns to scale. The curve TT’ depicts the different 

combinations of inputs that can produce a given level of output for a technically efficient firm. The 

technical efficiency of firm F is the ratio of distance OE to OF. This represents the proportional 

reduction in inputs in relation to the isoquant TT’ while maintaining the output level. Thus, E 

depicts the technically efficient point for firm F. Assuming input costs are known, CC’ represents 

the different combinations (mix) of inputs X and Y that can be purchased with a given budget. The 

cost efficiency of firm F can then be measured as the ratio of OP to OF, with PF depicting cost 

inefficiency. However, the problem with point P is, while it is cost efficient, it is not technically 

efficient. E’ shows the technically and cost efficient point the firm can reach if it can substitute or 

reallocate inputs i.e. point E’ represents the mix of inputs X and Y where production costs and input 

levels are minimal at the prescribed output level. In short, the savings realised in production costs is 

composed of savings realised from the efficient conversion of inputs into outputs, and the effective 

mix of inputs regarding their costs and the organisation’s budget. This is the point of allocative 

efficiency. Thus, the measure of allocative efficiency for firm F becomes the ratio of OP to OE. 
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Figure 8.1  A two-input, one-output constant returns to scale model showing technical, cost and 
allocative inefficiencies 

 

 
 

 

 

 

 

 

 

 

 
 

 

 

8.2.2 Selecting the Outputs and Inputs 

In the spirit of triple bottom line benchmarking, we start with a group of viable companies and rate 

their relative performance on key environmental, ethical and financial outputs. This approach 

reflects a core tenet of socially responsible investment, which aims to account for performance 

from the perspective of other key outputs in addition to financial returns to shareholders. 

The outputs are adapted from Grossman’s Reputation Index (Gettler 2000). The index uses 

the top 100 companies from the annual list of top 1000 companies (ranked by revenue) published 

by the Business Review Weekly (see www.brw.com.au). The Reputation Index then rates the top 

100 companies on six scorecards. In this chapter we only use scorecard 2 environmental 

performance, scorecard 4 ethical performance, and scorecard 5 financial performance (see 

Appendix E). Other studies on business reputation can be found at the Reputation Institute of 

Charles Fombrun, Stern School of Business of New York University. 

The output variable environmental performance is the average score of the assessment of 

each business by four organisations. These organisations are the Environmental Protection 

Authority of Victoria, Greenpeace25, Australian Conservation Foundation, and the Wilderness 

Society. Each organisation uses its own set of criteria assessed against ordinal scales (see Appendix 

E). In each instance, the scores were standardised as per cent scores. 

St James Ethics Centre and the Financial Services Consumer Policy Centre jointly assess 

the companies on the output variable ethical performance. However, in this study the scores by St 

James Ethics Centre were omitted due to the high number of missing values that were replaced by 

the mean score. 

                                                   
25 Greenpeace score was omitted from environmental performance because all the institutions in the sample were given the same score. 
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The output variable financial performance is the average score of the assessment provided 

by the Australian Shareholders’ Association and the Institute of Chartered Accountants. Once 

again, multiple criteria with ordinal scales are used. 

The transition from technical efficiency analysis to cost efficiency analysis is demonstrated 

by running input oriented constant returns to scale TE analysis first, followed by CE analysis. 26 

Both TE and CE analyses use the same outputs identified above, and the inputs are staff numbers 

(full-time equivalent) and total assets. Inclusion of staff numbers allows the productivity model to 

measure the overall efficiency of management in using personnel to produce the desired outcomes. 

It also recognises the significance of staff numbers in determining the major operating expense of 

staff expenditure. Similarly, selection of total assets as an input highlights the success of 

management in deploying limited resources to provide triple bottom line performance. 

It is also important to pay attention to the bivariate correlations between inputs and outputs. 

Ideally, one would look for low correlations among the inputs (outputs) and high correlations 

between inputs and outputs. The former reduces redundancy in analysis and the latter helps design 

a discriminating productivity model. The bivariate correlations shown in Table 8.1 depict a 

situation that is removed from the ideal relationship between inputs and outputs. For example, the 

inputs are highly correlated and the output of environmental performance is not significantly 

correlated with the inputs. It was not possible to collect privately held data on new variables that 

may have alleviated this problem. 

Table 8.1  Bivariate Correlations 
 Staff 

numbers 
Total 
assets 

Financial 
performance 

Environmental 
performance 

Ethical 
performance 

Staff numbers (input) 1     
Total assets (input) 0.97 1    
Financial performance 

(output) 
0.69 0.70 1   

Environmental 
performance (output) 

-0.14 -0.19 0.08 1  

Ethical performance 
(output) 

-0.76 -0.69 -0.39 0.06 1 

 

Under CE analysis, the cost of input ‘staff numbers’ is the average staff expenses27, which 

covers salaries, fringe benefits, superannuation and so on. Similarly, the cost of input ‘total assets’ 

is the ratio of equity to assets. This ratio measures the extent assets are financed with equity, which 

is normally considered as the more expensive source of funds compared to liabilities on a 

company’s balance sheet. Therefore, the argument is that those companies with a lower equity to 

assets ratio are financing their assets at lower cost28. Cost efficiency analysis probes the important 

economic issue of whether management of a DMU is able to minimise production costs. Analysis 

                                                   
26 Given the small sample size of 12 DMUs, a CRS model is more appropriate than a VRS model. A VRS model requires a larger sample 
to adequately discriminate between the DMUs. 
27 Total staff expenses for the year divided by the total number of staff. 
28 This should be qualified as ‘up to a point’. If we take this argument to its logical conclusion, it suggests that financing assets wholly 
from debt will be the most cost effective approach. However, as the level of equity falls and debt rises, there will be additional financial 
default risk and associated costs. 
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of the emerging data using DEA identifies the efficient and inefficient performers within the group 

and highlights potential improvements. 

 

8.2.3 Sample 

Starting from a sample size of 24 DMUs in the financial services sector as per Reputation Index 

(Gettler 2000) we end up with a useable sample size of 12 DMUs. The sample and the 

corresponding data are shown in Table 8.2. Seven of the DMUs are banks, and the remaining six 

are investment management firms, insurance firms or allfinanz type institutions. Despite this 

apparent diversity, almost all the banks offer insurance and investment products, and the insurance 

and investment firms offer financial products that were once in the domain of banks e.g. credit 

cards and home loans. Clearly there is considerable convergence in the finance sector. 

Table 8.2  Sample and Data 

 Outputs (%) Inputs Input Costs 

DMU FinPer EnvPer EthPer Staff No Total Assets($) Mean Staff Exp($) Equity/Assets

QBE (if)* 69.05 37.07 47.60 4,845 9,534,800,000 82,745 0.144282

MML (af) 69.05 35.40 52.40 2,000 13,673,700,000 81,050 0.071985

NRMA (if) 47.65 32.30 42.90 6,900 12,129,900,000 49,973 0.287232

Westpac (mtb) 73.80 36.43 33.30 32,846 167,618,000,000 55,258 0.055257

ANZ (mtb) 73.80 27.23 38.10 28,940 172,467,000,000 60,746 0.056863

Macquarie (mb) 59.50 32.33 47.60 2,916 9,250,645,000 144,033 0.070404

Suncorp-Metway (rb) 61.90 25.40 47.60 4,500 26,219,000,000 64,444 0.073382

NAB (mtb) 73.80 29.43 38.10 44,799 343,677,000,000 75,917 0.062288

CBA (mtb) 90.50 31.80 38.10 28,734 217,671,000,000 59,337 0.081991

St George (rb) 57.15 24.23 42.90 7,886 49,610,000,000 65,686 0.073392

AXA (inf) 57.10 34.17 38.10 3,300 26,825,000,000 86,667 0.117838

Zurich (if) 52.40 33.60 47.60 1,300 6,901,271,000 68,599 0.088893
*These classifications are not exclusive but an attempt to indicate each firm’s main operations: af (allfinanz); if (insurance firm) 
inf (investment firm); mb (merchant bank); mtb (major trading bank); rb (regional bank). 
 

8.3 Analysis of Results 

Table 8.3 depicts the constant returns to scale technical efficiency, the residually calculated 

allocative efficiency, and cost efficiency scores. On average, the sample is cost inefficient, where 

most of the inefficiencies can be traced to inefficient utilisation of inputs in producing the triple 

bottom line29. Zurich is the only DMU that is efficient, indicating good discrimination of the 

sample by the productivity model used. At the opposite end of the scale, NAB emerges as the least 

cost efficient DMU, with the other major banks CBA, ANZ, and Westpac following suit. Overall, 

with the exception of AXA, all the institutions with a cost efficiency score of less than 0.50 are 

banks.30 

                                                   
29 Since CRS has been assumed in the DEA modelling, some of this technical inefficiency may be explained by scale inefficiencies. 
30 However, we should not read too much into this observation. Currently, the outputs in the model do not have a natural scale because 
they are expressed as per cent. Yet, the non-homogeneous nature of the sample precluded re-scaling of outputs to reflect firm operations. 
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Table 8.3  Constant Returns to Scale Efficiency Scores (ranked on cost efficiency) 
DMU  Technical Efficiency Allocative Efficiency Cost Efficiency 
Zurich 1.0000 1.0000 1.0000 
QBE 0.9538 0.8580 0.8183 
Macquarie 0.8471 0.8422 0.7135 
MML 0.8565 0.8081 0.6922 
NRMA 0.5469 0.9398 0.5140 
Suncorp-Metway 0.3413 0.9228 0.3149 
AXA 0.4293 0.6819 0.2927 
St George 0.1798 0.8633 0.1552 
Westpac 0.0580 0.9937 0.0576 
ANZ 0.0633 0.9074 0.0574 
CBA 0.0781 0.7269 0.0568 
NAB 0.0409 0.7342 0.0300 
Mean 0.4496 0.8565 0.3919 

 

Table 8.4 summarises the potential improvements for the two DMUs lying on each side of 

the mean cost efficiency, namely, NRMA and Suncorp-Metway. The efficiency scores of these 

inefficient DMUs are calculated by comparing them to Zurich (the only efficient DMU in the 

reference set). NRMA, a major insurance firm is less efficient regarding staff numbers compared to 

the regional bank Suncorp-Metway. That is, all other things being equal, NRMA has a greater 

potential to cut back its staff numbers and still produce the same level of outputs. At the same time, 

Suncorp-Metway has greater inefficiency in asset utilisation and greater output slacks (i.e. under-

produced outputs), in particular, the potential to raise environmental performance. 

Table 8.4  Potential Improvements in Costs, Inputs and Outputs Compared to the Efficient DMU Zurich 
Input/Output Data Projection Difference % Unit cost Cost change

NRMA: cost efficiency 0.5140 

Total Cost 3,828,916,000 1,968,025,351 -1,860,890,649 -48.60%     

Staff No 6,900 1,250 -5,650 -81.89% 49,973 -282,364,206

Total Assets 12,129,900,000 6,634,257,539 -5,495,642,461 -45.31% 0.287232 -1,578,526,443

FinPer 47.65 50.37 2.72 5.71%     

EnvPer 32.30 32.30 0.00 0.00%     

EthPer 42.90 45.76 2.86 6.66%     

 
 

   

Suncorp-Metway: cost efficiency 0.3149 
Total Cost 2,214,000,000 697,209,169 -1,516,790,831 -68.51%     

Staff No 4,500 1,536 -2,964 -65.87% 64,444 -191,033,503

Total Assets 26,219,000,000 8,152,455,628 -18,066,544,372 -68.91% 0.073382 -1,325,757,328

FinPer 61.90 61.90 0.00 0.00% 
  

  

EnvPer 25.40 39.69 14.29 56.27%     

EthPer 47.60 56.23 8.63 18.13%     

 

8.4 Discussion 

Demonstration of the methodology remains the main contribution of this study to financial 

economics literature. However, a more confident interpretation of results can be attempted once 

consistent measurement methods start yielding reliable data. Currently, measurement of triple 
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bottom line performance is still in its early days, with various rating agencies joining the task with 

proprietary scales. 

The major limitation of this study is Grossman’s Reputation Index. More specifically, 

inadequate coverage of the finance sector as a result of top 100 culling, a small but non-

homogeneous sample, and some questionable scoring (see omitted rating agencies) preclude overall 

conclusions about the sector. Addressing these shortcomings comprise some of the challenges in 

measuring triple bottom line performance. 

The approach to performance measurement used here, that is, starting with the top 100 

companies (ranked by revenue), rating these companies as per Reputation Index and then scoring 

the finance sector firms on two inputs and three outputs using DEA, helps in identifying potential 

investments that promise to do well financially and socially. If we chose to use this approach as a 

screening process, we could nominate a cut-off score for accepting potential investments. For 

example, firms with a DEA score below 0.8 can be rejected. While it can be argued that this would 

be a crude method, it will have the distinct advantage of measuring performance from a 

multivariate perspective and identifying the top performers. Also, the cut-off score can be easily 

changed to satisfy the desired performance range of the socially responsible investor, in the process 

changing the pool of acceptable investments. 

As a final caveat, it is important to emphasise that any measurement that relies on historical 

data should not be used in isolation to make recommendations for the future. Instead, it is essential 

to interpret such analysis in the context of other more subjective analyses e.g. competence of 

management, labour relations in a firm, major new projects and so on. 

8.5 Summary 

Firms have been examined through DEA for technical, allocative and cost inefficiencies. The 

input-oriented productivity model developed constitutes an innovative approach to measurement of 

relative performance in the financial services sector. The multi stakeholder perspective on 

benchmarking rates firms’ performance on key financial, environmental and ethical outputs, while 

focussing on minimising the key inputs of staff numbers and total assets and their costs. 

Chapter 9 expands on allocative and cost efficiency concepts introduced here to illustrate 

revenue efficiency in for-profit and not-for-profit settings. 
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CHAPTER 9: Revenue Efficiency – Public 
Transportation and Pension Funds 
by Necmi K Avkiran 

9.1 Introduction 

In this chapter we extend the concept of cost efficiency to revenue efficiency. Revenue efficiency is 

illustrated in two separate industries, namely, public transportation provided by private bus 

companies and pension funds.31 Data used for the public transportation case are simulated and the 

data for the pension funds case are from the annual reports of the companies. We assume variable 

returns to scale in both cases. 

9.2 Public Transportation – Research Design 

The case of public transportation illustrates revenue efficiency analysis for profit-making private 

bus companies. The data were randomly generated using Excel. The simulated sample consists of 

forty private bus companies serving different catchment areas. It is assumed that municipality 

boundaries define the catchment areas. It is also assumed that bus companies schedule service 

frequency and provide seat numbers according to the population density in the catchment area. 

Unfortunately, it was not possible to include average population density (i.e. number of people per 

square kilometre) as an input because the revenue efficiency model of DEA-Solver-Pro currently 

cannot accommodate non-discretionary inputs. The following and Table 9.1 summarise the 

simulated inputs and outputs: 

 
Inputs  Outputs 

 Average daily service frequency (average 

number of daily return trips across all routes) 

  Total number of tickets 

sold in a year 

 Number of seats available (number of buses x 

seating capacity) 

  Average price per ticket 

(output price) 

 

Table 9.1  Bivariate Correlations Between the Variables in the Public Transportation Productivity 
Model 

  (I)SerFreq (I)Seats (O)Tickets 

(I)SerFreq 1   

(I)Seats 0.191242 1  

(O)Tickets 0.400474 0.020768 1 

Note: (I) designates input and (O) designates output.
 

 

                                                   
31 In Australia, pension funds are known as superannuation or super funds. 
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The inputs and outputs in our revenue efficiency model are the result of discussions with 

Queensland Transport, Public Transport Division.32 Three recent studies into technical efficiency of 

the bus industry (Viton 1998; Cowie and Asenova 1999; Odeck and Alkadi 2001) use inputs such 

as average fleet age, directional miles, total staff employed, number of buses operated, total number 

of seats, fuel consumption, equipment and effective driving hours. The same group of studies use 

outputs such as vehicle miles, passenger trips, passenger kilometres and seat kilometres. 

9.3 Analysis of Results 

Assuming a revenue maximising model (see Cooper, Seiford and Tone 2000, p.236), DEA yields 

an average revenue efficiency of 65.57%, with a range of 100%-17.20%. The global leader by a 

clear margin is the bus company 35 (BC35) appearing in the reference sets of 27 inefficient bus 

companies. Thirty-two of the bus companies emerge as inefficient (see Table 9.2). 

Table 9.2  Bus Companies Ranked on Revenue Efficiency Scores 

DMU Score DMU Score 

BC40 1.000000 BC38 0.628393 

BC35 1.000000 BC8 0.618449 

BC30 1.000000 BC11 0.593446 

BC3 1.000000 BC7 0.579599 

BC24 1.000000 BC25 0.560042 

BC18 1.000000 BC15 0.559088 

BC17 1.000000 BC22 0.518656 

BC13 1.000000 BC9 0.489643 

BC14 0.988300 BC6 0.458667 

BC31 0.960269 BC37 0.427886 

BC39 0.939618 BC29 0.427606 

BC10 0.858725 BC1 0.399744 

BC19 0.834954 BC5 0.387903 

BC21 0.813270 BC26 0.363707 

BC27 0.795378 BC2 0.307062 

BC28 0.772982 BC4 0.304379 

BC33 0.718938 BC36 0.295310 

BC23 0.708331 BC16 0.203585 

BC20 0.704235 BC32 0.181144 

BC34 0.658168 BC12 0.172013 

 

Examining the four least efficient bus companies in Table 9.3 shows BC35 contributing in 

the range of 43.19% to 100% toward determining the output projections i.e. peer weights or lambda 

values. The other efficient DMU appearing in the reference sets of these inefficient DMUs is 

BC18. Hence, BC35 and BC18 can be seen as benchmark DMUs. 

                                                   
32 A special thanks goes to Colin Jennings, Senior Project Officer. 
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Table 9.3  Reference Set Membership for the Four Least Efficient Bus Companies 
DMU Score Reference Set and Lambdas 
BC36 0.2953 BC35(1.0)  
BC16 0.2036 BC18(0.0145) BC35(0.9855) 
BC32 0.1811 BC18(0.1635) BC35(0.8365) 
BC12 0.1720 BC18(0.5681) BC35(0.4319) 

 

Table 9.4 is an extract from the projection sheet of the DEA-Solver-Pro output showing the 

global leader and the four least efficient DMUs. Potential improvement in revenue ranges between 

481.35% and 238.63%. Focusing on the least efficient, that is BC12, the potential increase in 

revenue dollars of $15,846,137 is arrived at by multiplying the unit price with the projected rise in 

number of tickets ($5.021393 x 3,155,725). This potential improvement is determined by 

comparing BC12’s configuration of inputs and outputs to those of the efficient bus companies in its 

reference set i.e. BC18 and BC35. This should then be used as the starting point for further 

investigation by management to determine how such an improvement can be brought about in 

BC12. DEA does not specify a precise mechanism for reaching the projected targets. 

Table 9.4  Global Leader and Projections (Targets) for Revenue Inefficient Bus Companies 
DMU Score      

 I/O Data Projection Difference   % Unit price Revenue change 

BC35 1.00      

Revenue 36661384 36661384 0 0.00%     

SerFreq 4.783288 4.783288 0 0.00%     

Seats 700 700 0 0.00%     

Tickets 4894528 4894528 0 0.00% 7.49028 0 

BC36 0.2953      

Revenue 7004644 23719647 16715003 238.63%     

SerFreq 7.505295 4.783288 -2.72201 -36.27%     

Seats 909 700 -209 -22.99%     

Tickets 1445402 4894528 3449126 238.63% 4.846156 16715003 

BC16 0.2036      

Revenue 8225692 40404268 32178576 391.20%     

SerFreq 4.75277 4.75277 0 0.00%     

Seats 1190 719.9884 -470.012 -39.50%     

Tickets 990829 4866912 3876083 391.20% 8.301828 32178576 

BC32 0.1811      

Revenue 6953622 38387159 31433537 452.05%     

SerFreq 4.438795 4.438795 0 0.00%     

Seats 1121 925.6292 -195.371 -17.43%     

Tickets 830149 4582800 3752651 452.05% 8.376354 31433537 

BC12 0.1720      

Revenue 3292021 19138158 15846137 481.35%     

SerFreq 3.58623 3.58623 0 0.00%     

Seats 1984 1484.025 -499.975 -25.20%     

Tickets 655599 3811324 3155725 481.35% 5.021393 15846137 

 

Another interesting insight emerges from scrutiny of the inputs. Twenty-seven of the 

sample of forty bus companies’ inputs show negative projections for one or both of the inputs. 

These projected reductions represent input slacks and indicate that certain bus companies over 
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utilise their inputs. Returning to Table 9.4, we see that input slacks for the least efficient DMUs 

range between –17.43% and –39.50%. 

Next, we demonstrate the application of revenue efficiency analysis in the context of the 

not-for-profit section of the pension funds industry. 

9.4 Pension Funds – Australian Background 

Total assets under management in pension funds in Australia currently exceed $497 billion, with 

the industry enjoying a 14% per annum growth over the last decade (APRA 2001a). This 

substantial growth in pension funds represents the Australian federal government’s legislative 

efforts to encourage people to save for retirement, as well as a rising awareness amongst the 

general public that the old age pension will not be adequate to maintain current life styles in 

retirement. Other factors that continue to play a positive role in pension savings are the lower taxes 

charged on pension funds, greater choice of investment plans, and the increasing disposable income 

of families with home mortgages who are enjoying unprecedented low interest rates. Important 

legislative changes in the pipeline include the choice of fund policy that is designed to provide 

more choice to employees and the Financial Services Reform Bill that is expected to bring about 

more consistent and comprehensive disclosure requirements about pension products. 

The five main functional categories of pension funds are outlined below (APRA 2001a, 

p.5): 

Corporate funds are funds sponsored by a single employer or group of 
related employers. 
Industry funds draw members from a large number of usually unrelated 
employers across a single industry and are those established under an 
agreement between parties to an industrial award. 
Public Sector funds are those where the sponsoring government agency 
or business enterprise is majority government owned. 
Retail funds are those funds that are primarily public offer. Members join 
retail funds by purchasing policies sold through intermediaries such as 
life insurance agents or financial planners. 
Small funds refer to Self-Managed Superannuation Funds, Small APRA 
Funds and Single Member Approved Deposit Funds. 
 

Retail funds currently hold about 30% of all pension assets, followed by public sector funds at 

22%, corporate funds at 15.8%, small funds at 15% and industry funds at 8% (APRA 2001b). 

Industry funds, the focus of this section, represent multi-employer pension funds usually 

for a given industry, with some funds encompassing a range of industries. Industry funds have 

large memberships and enjoy economies of scale. Combined with their not-for-profit nature and the 

absence of commission-based sales representatives, they provide the lowest cost service to their 

members across all categories. Industry funds have trustee boards comprised of representatives 

from employees and employers. 
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9.5 Research Design 

Pension fund managers are entrusted with collecting contributions from members and employers, 

investing these monies prudently, and returning the contributions plus investment income (less 

charges) to members as benefits at retirement, death or disablement. 

Under the above behavioural model, a revenue efficiency model for pension funds can 

have the following inputs and outputs: 

Inputs Outputs 
 Member contributions ($)  Benefits paid ($) 
 Employer contributions ($)  (Charges-to-benefits) 

 

The price of benefits is represented by the ratio of charges-to-benefits. However, there is currently 

a practical problem with collecting data on charges, which are either not reported by pension funds 

or simply hidden in a myriad of varied charging schedules. To overcome this practical problem, a 

theoretical solution is offered. That is, it is assumed that in the long-term, charges and 

administration costs will converge. This then allows us to substitute administration costs for 

charges in calculating a proxy for the price of benefits. Administration costs represent the operating 

expenses of a pension fund and include the costs involved in collecting contributions, managing 

member accounts, and paying benefits. 

Data for the 1999-2000 financial year were extracted from the financial statements of twenty 

industry funds serving a range of industries including education, government, construction, finance, 

health, printing and retail. As suggested by the behavioural model, statistics on the input/output 

data indicate that member contributions and employer contributions are highly correlated with 

benefits paid at 0.94 and 0.98 respectively. 

9.6 Analysis of Results 

Once again, assuming a revenue maximising DEA model, the emerging efficiency scores indicate 

ten of the twenty DMUs as 100% revenue efficient (see Table 9.5). The average of the efficiency 

scores is 83.69%, with the maximum and minimum of 100% and 22.12% respectively. 

Table 9.5  Pension Funds Ranked on Revenue Efficiency Scores 

DMU Score DMU Score 

SunSuper 1.000000 ASSET 0.946298 

STASuper 1.000000 AMIST 0.909173 

TWU 1.000000 WestScheme 0.845948 

ISST 1.000000 AGEST 0.749059 

REST 1.000000 NGSuper 0.706381 

CARE 1.000000 C+Bus 0.684009 

FinSuper 1.000000 Statewide 0.578646 

UniSuper 1.000000 Buss(Q) 0.565946 

ARF 1.000000 Hesta 0.532301 

Qsuper 1.000000 PrintSuper 0.221225 
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STASuper and FinSuper are tied as global leaders with both pension funds appearing a 

total of eight times in reference sets of inefficient DMUs. Reference set of the least revenue 

efficient fund, PrintSuper, indicates that FinSuper contributed 75.65% toward setting its output 

projection, followed by CARE at 13.81% and STASuper at 10.54%. Effectively, these three 

pension funds become the benchmarks for PrintSuper to emulate. 

The extract from DEA-Solver-Pro in Table 9.6 shows the two global leaders and the 

projections for the two least efficient pension funds. Looking at the second least efficient pension 

fund Hesta, the product of unit price (0.144692486) and benefits paid (109,673,643) gives the 

revenue (15,868,952). The projection for the revenue for this inefficient pension fund is determined 

by its reference set comprised of STASuper, ARF and QSuper, where STASuper’s peer weight is 

90.93%. Therefore, if we were to benchmark Hesta against STASuper, what kind of insights can 

we gain? 

Table 9.6  Global Leaders and Projections (Targets) for Revenue Inefficient Pension Funds 

DMU Score      

 I/O Data Projection Difference   % Unit price Revenue change 

STASuper 1.00      

Revenue 18,490,742.00 18,490,742.00 0.00 0.00%   

Member contr. 32,071,717.00 32,071,717.00 0.00 0.00%   

Employer contr. 353,828,841.00 353,828,841.00 0.00 0.00%   

Benefits paid 200,666,779.00 200,666,779.00 0.00 0.00% 0.092146503 0.00 

FinSuper 1.00      

Revenue 1,039,826.00 1,039,826.00 0.00 0.00%   

Member contr. 839,368.00 839,368.00 0.00 0.00%   

Employer contr. 25,622,491.00 25,622,491.00 0.00 0.00%   

Benefits paid 18,400,000.00 18,400,000.00 0.00 0.00% 5.65E-02 0.00 

Hesta 0.53      

Revenue 15,868,952.00 29,811,995.97 13,943,043.97 87.86%   

Member contr. 34,745,283.00 34,745,283.00 0.00 0.00%   

Employer contr. 365,432,662.00 365,432,662.00 0.00 0.00%   

Benefits paid 109,673,643.00 206,036,933.20 96,363,290.20 87.86% 0.144692486 13,943,043.97 

PrintSuper 0.22      

Revenue 3,275,760.00 14,807,370.33 11,531,610.33 352.03%   

Member contr. 5,028,433.00 5,028,433.00 0.00 0.00%   

Employer contr. 77,179,367.00 77,179,367.00 0.00 0.00%   

Benefits paid 10,268,581.00 46,416,917.49 36,148,336.49 352.03% 0.31900805 11,531,610.33 

 

A closer look at the raw data indicates that the inputs of STASuper and Hesta are similar. 

However, they differ significantly on benefits paid and unit price. That is, while Hesta is paying 

much less benefits and charging a higher unit price, STASuper is paying much more benefits and 

charging a lower unit price. The overall result for Hesta is a potential (projected) revenue rise of 

87.86%. To realise this kind of improvement, Hesta will have to raise its unit price to 0.271824617 

(assuming benefits paid remain the same). Conversely, if management feels that raising the unit 

price (and thus, charges) can be detrimental to membership numbers, then they will have to raise 

the benefits paid instead, or some combination of the two approaches. 
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However, given the not-for-profit nature of industry pension funds, this recommendation 

creates a paradox. That is, increasing the unit price means raising the charges, and possibly making 

a profit. Clearly, this approach cannot be defended for the long-term unless charges are currently 

less than the administration costs. In equilibrium, we would expect charges to equal administration 

costs. 

9.7 Summary 

Essentially, revenue efficiency analysis investigates the level of service output and pricing policy 

combination, and benchmarks the inefficient DMUs against the best performers in the same sample 

that reside on the efficient frontier. The case of public transportation followed by the case of 

pension funds illustrates some of the challenges facing for-profit versus not-for-profit enterprises 

keen to undertake revenue efficiency analysis. Revenue efficiency analysis is a natural extension of 

cost efficiency analysis and lays the foundation for profit efficiency analysis, which is the topic of 

the next chapter. 
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CHAPTER 10: Profit Efficiency – Health Insurance 
by Joseph C Paradi 33 

10.1 Introduction 

The reader would have had a real education about DEA in the preceding chapters and will have 

found that DEA is a very efficient tool that promises comparisons between complex human 

directed entities to be fair and equitable. However, when one attempts to measure managerial 

performance, the typical managerial pushback is that local market conditions prevent meaningful 

and equitable comparisons between DMUs that operate under different market conditions. What 

they mean is that both costs and prices are different which makes the comparison inherently unfair. 

Allocative DEA's profit efficiency approach responds to this issue. 

We will be using the Canadian life and health (L&H) insurance industry as our example in 

this chapter34. This constitutes one of the major financial sectors in Canada and in 1998 there were 

more than 120 Canadian and foreign owned companies actively competing to provide a wide range 

of financial securities products to nearly 22 million Canadians and their dependants. The Office of 

the Superintendent of Financial Institutions (OSFI) ensures that commitments to policyholders are 

met and supervises all federally incorporated companies along with all foreign insurer branches. 

The industry held CAD227.2 billion in assets under management at the end of 1998 and although a 

relatively large number of companies operate in Canada, the 15 largest firms accounted for roughly 

90 percent of total industry assets. As the Canadian population ages, its focus continues to shift 

toward retirement savings and asset accumulation. Correspondingly, assets for segregated funds, 

which are kept separate from the general corporate funds, increased by 27.7 percent and revenues 

in the form of premiums by 8.7 percent in 1998 (CLHIF 2000). 

DEA’s multidimensional framework has instigated a number of efficiency and productivity 

studies of the L&H insurance industry in the US (Cummins and Zi 1998, Cummins, Tennyson and 

Weiss 1999), Spain (Cummins and Rubio-Misas 1998), Japan (Fukuyama 1997), Italy (Cummins, 

Turchetti and Weiss 1996) and France (Fecher et al. 1993). There has been very little prior research 

examining the efficiency of Canadian insurers and the work that was done in this area focused 

mostly on scale economies (Kellner and Mathewson 1983; Daly, Geehan and Rao 1984; Bernstein 

1992). Bernstein (1997) investigates the issue of total factor productivity growth in the L&H 

insurance industry whereas Hewlitt (1998) reports on the productive efficiency in the Property and 

Casualty sector using DEA, while a DEA based study of interest in this sector is by Chen (1999). 

But we will have more about the industry later on. 

                                                   
33 Executive Director and Professor, Centre for Management of Technology and Entrepreneurship, University of Toronto, 
paradi@mie.utoronto.ca 
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10.2 Profit Efficiency in DEA 

Allocative efficiency in DEA can be carried out only when prices or costs are known precisely. In 

most DEA applications such value information is either unavailable or the analyst is attempting to 

see what influence variability of these values may have on the study. Charnes et al. (1994) 

examined the application of Allocative DEA methods to hospitals and Cooper, Seiford and Tone 

(2000) has a very useful chapter on allocative efficiency. The best early paper on this subject is by 

Banker and Maindiratta (1988) and of course there are several more not listed here. Earlier in 

Chapter 8, we dealt with cost and allocative efficiencies and have shown how a DMU may be 

technically efficient but allocatively inefficient. 

In the same vein we can look at profit efficiency of a unit. This is possible if both cost and 

price data are available. We can examine how a DMU may be inefficient by failing to produce the 

highest value of outputs with a given level of input and output prices. The causes of this 

inefficiency may be that the firm is responding poorly to market pressures and fails to produce 

enough high value outputs while producing too much low value outputs. And, this may happen 

even when the DMU is on the frontier, as we saw in Chapter 8 for cost efficiencies when a firm 

was using too much high priced inputs or used too little of low priced inputs (see Figure 8.1). In 

fact, a firm can be faulted for both cost and profit inefficiency at the same time. 

Another aspect of price efficiency is economies of scale, where a larger producer may be 

able to produce high value goods (capital investment requirements) whereas a smaller competitor 

cannot (wafer manufacturing plants). This is the case when a 50% increase in production yields 

more than 50% revenue growth, that is, scale economies. By the same token, high value small 

production run products may favour the small competitor because it has the ability to build that 

product while the large firm cannot (example high value wire harnesses for drug manufacturing 

plants). Similarly, in retail, consumers may prefer one-stop shopping and thus a large store may 

benefit, while a small, speciality store may be able to sell premium, focussed goods (speciality 

butcher), at a much higher price because they provide special services. 

Profit efficiency incorporates both cost and revenue efficiencies. Akhavein, Berger and 

Humphrey (1997) report that profit efficiency studies of U.S. banks found that estimated 

inefficiencies were usually quite large, and, it was found that most inefficiencies were due to 

deficient output revenues rather than excessive input costs. The insurance industry in Canada 

represents a good example for this type of analysis. 

Without repeating the information on allocative efficiency in Chapter 8, we can represent 

profit efficiency by the following equation after Cooper, Seiford and Tone (2000): 

                                                                                                                                                          
34 One of my graduate students, Ms. Sandra Vela, has been kind enough to let me use results from her Master's thesis work to enhance 
this chapter. She had made a significant contribution by selecting the data and producing some of the underlying analyses for the tables 
herein and I am grateful to her. We also acknowledge the generosity of TRAC Insurance Services Ltd., the firm that supplied the data. 
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where y0, x0 are vectors of observed values for DMU0 and y*, x* are the optimal values from a 

profit maximising linear program (see Appendix A, Equation 10). If the firm is profitable to any 

extent, that is, p0y0 > c0x0, then 0 < Ep  1. If Ep = 1, DMU0 is said to be profit efficient. 

10.3 The Life and Health Insurance Industry in Canada 

The vast majority of insurers in Canada are domestic stock companies, but the relatively smaller 

number of mutual companies account for approximately 60 percent of the total assets held on 

behalf of Canadian policyholders and hence dominate the industry in terms of their market share. 

Insurance is marketed through a variety of distribution channels; most L&H insurance is sold 

through agents and brokers, followed by direct writers. Both groups receive compensation in the 

form of a commission from the company with whom they place the business. A direct writer is a 

company that sells insurance contracts through its own employee-agents or sales representatives. 

Employees are paid on a salary basis plus eventually a commission or bonus for production. When 

we calculate the price for labour all these forms of remuneration must be taken into account. 

Among the more innovative forms of distribution are banks selling insurance, financial consultants, 

direct marketing (mail and telemarketing) and the Internet. Labour costs here cannot be readily 

determined, so we left firms of this type out of the sample used here. 

As any other business, L&H firms use various services and incur expenses such as: 

computer costs, rent, out-of-pocket expenses, expenditures that relate to underwriting and loss 

settlement services, local business taxes and the like. We lumped all these costs together under the 

classification of general expenses. 

An insurance policy is a complicated and intricate financial instrument, which pays the 

policyholder prescribed amounts contingent upon the occurrence of certain insured events. There 

are four basic characteristics of an insurance policy: 

 It represents the insured event that can relate to life, property, health or unemployment;  

 The surrender value which distinguishes term from basic insurance where for the former there 

is no surrender value; 

 The face value of the policy is the value received by the insured if the event that is being 

insured against occurs;  

 The last basic characteristic pertains to the policyholder, either an individual or a group. 

A purchaser of insurance, in a sense, is buying financial protection. An insurance company 

is able to offer protection because it has created the facilities for pooling risks, which enable 

transfer of risk from one individual to a group thus sharing losses by all members of the group. 

Insurers obtain funds through the sale, usually on an instalment basis, of contingent claims to 
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annuitants and policyholders. The timing and the amount of payment on these claims is dependent 

upon the occurrence of insured events, such as death, disability, number of years of survival, etc., 

which form the conditions of the contract. The premiums collected during a year are used to cover 

immediate claims incurred within that period. The excess portion of those premiums is held in 

reserve to meet future commitments (see Figure 10.1). 

Figure 10.1  A Flow of Funds Model of the Operations of Insurance Companies 
 

 

 

 

 

 

 

 

 

 

 
 

At the end of 1998, insurers held actuarial liabilities in Canada totalling $179 billion (IBC 

2000). The net increase in the actuarial reserve is deducted from the premiums collected during the 

year to calculate a net premium income. The number of policy contracts and the premiums written 

(in the form of prices) will be used as the output in this example. An important issue that we will 

not deal with in this chapter is the fact that insurance firms run large investment operations to earn 

income on all the money they have accumulated, either as prepaid premiums yet to be earned, or 

deposits as part of insurance contracts. 

L&H insurance companies market two major classes of products: life insurance contracts 

and annuity contracts. Most life companies also offer health and accident insurance protection to 

Canadians. While the Canadian government provides basic health care, insurance firms offer a 

range of additional coverage including health care benefits, disability, dental coverage, accidental 

death and dismemberment coverage and others. The most important lines of business in terms of 

revenues are those involving asset accumulation products i.e. individual life, and individual and 

group annuities (IBC 2000) particularly because here they gather investment funds where they can 

make extraordinary profits (or losses). 

10.4 Analysis Design 

The insurance industry carries on a very complex business and it would make little sense to 

illustrate profit efficiency on the entire dataset. Moreover, allocative DEA in the context of profit 

efficiency requires that exact prices be available for all inputs and outputs. This condition is seldom 
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met fully, so analysts typically calculate or infer prices and costs where these are not readily 

available. We did the same here for one of our inputs and the output. The data is a subset of the 

data available from the edition of the two CD-ROMs published by TRAC Insurance Services Ltd 

covering 1998. 

We selected 25 DMUs and chose only two inputs and one output. The basic data follows in 

Table 10.1. 

Table 10.1  Company data used 
DMU Net Premiums

Written
(x000)

# Policies

(output)

Price per 
Policy
(x000)

Labour
Cost

(x000)

FTE 
Labour 

 
(input) 

Labour Cost 
per FTE

(x000)

General 
Expenses

(x000)
(input)

Allianz Life Ins. Co. of N/A 46,688 24,797 1.883 13,817 211 65.48 1,950

Balboa Life Ins. Co.    30,222    16,676 1.812    3,054    25 122.16     2,731 
Blue Cross Life Ins. Co. of 
Canada 

   49,595    29,604 1.675   10,202   100 102.02    5,497 

Clarica Life Ins. Co. 2,016,219 4,530,912 0.445  390,194  7,800 50.02   73,491 
Co-operators Life Ins. Co.   297,865   243,231 1.225   33,547   325 103.22   64,767 
Combined Ins. Co. of America   147,087    93,970 1.565   45,663   300 152.21   12,724 
Commercial Union Life 
Assurance Co. of Canada 

   98,042   113,686 0.862  30,022   143 209.94     9,586 

Concordia Life Ins. Co.   53,571    65,212 0.821  17,850   200 89.25    5,890 
Empire Life Ins. Co.   231,720   245,372 0.944   58,272   520 112.06    18,865 
Imperial Life Assurance Co. of 
Canada  

  413,687   456,005 0.907   79,754   750 106.34   185,335 

London Life Ins. Co. 2,219,811 2,652,973 0.837  430,184  7,395 58.17   163,257 
Manufacturers Life Ins. Co.  2,384,263 1,207,631 1.974  596,325  5,000 119.27   65,823 
Maritime Life Assurance Co.    537,618   268,506 2.002  148,502  1,900 78.16    35,434 
NN Life Ins. Co. of Canada   158,749   191,844 0.827   89,933   258 348.58    22,150 
North West Life Assurance Co. 
of Canada  

   47,116    52,748 0.893   14,184   101 140.44     4,324 

Norwich Union Life Ins. Co. 
(Canada) 

   78,443   163,229 0.481   14,621   140 104.44    18,318 

Primerica Life Ins. Co. of 
Canada 

   86,728   169,392 0.512   31,053   136 228.33    10,373 

Royal & Sun Alliance Life Ins. 
Co. of Canada 

  111,714   148,332 0.753   36,542  1,806 20.23     9,826 

Seaboard Life Ins. Co.   173,197   100,629 1.721   71,379   325 219.63    14,030 
State Farm Life Ins. Co.    56,207   135,368 0.415    7,466   112 66.66     5,969 
Sun Life Assurance Co. of 
Canada 

5,360,285 4,623,495 1.159  949,876  4,000 237.47   310,275 

Transamerica Life Ins. Co. of 
Canada 

  195,709   311,044 0.629   69,491   296 234.77    17,461 

Wawanesa Life Ins. Co.    50,871    41,668 1.221    7,893   180 43.85     2,665 
Westbury Canadian Life Ins. Co.   142,089   308,422 0.461   49,855   344 144.93    22,329 
Zurich Life Ins. Co. of Canada   130,633  174,286 0.750    9,212   245 37.60    38,886 

 

The figures above include cost data for labour that were derived in the following manner: 

Labour Cost = Salaries + Commissions + Bonuses + Benefits + Related Costs 

The costs for general expenses and net premiums written were unity as the price was inherent in the 

data available to us. But in any case, the items covered under general expenses tend to be bought at 

the same or very similar cost, as they are standard goods and services for the most part. For the 

output, number of policy contracts (# policies), we calculated the price by assuming that each firm 

sold average value contracts as follows: 

Price per Policy (Contract Price) = Net Premiums Written / # policies 
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Statistics for the dataset are in Table 10.2 below, where there is a substantial range of firm 

sizes represented: 

Table 10.2  Summary Statistics on the Data Used in the Analyses 
FTE Labour General Expenses # Policies

Min      25      1,950      16,676 

Max    7,800    310,275    4,623,495 

Average    1,304     44,878     654,761 

Median     296     17,461     169,392 

Standard Deviation    2,260     72,570    1,298,737 

 

Now we can calculate profit efficiency using constant returns to scale and variable returns 

to scale models. The model is quite simple with two inputs and one output and one can readily 

formulate the problem and proceed to solve it. Table 10.3 shows the summary statistics of the 

results of this analysis where CRS, VRS and scale efficiency are shown for the profit efficiency 

analysis. 

Table 10.3  Summary Statistics on DEA Results 
 CRS VRS Scale Efficiency

Average 0.4561 0.5670 0.8463

Standard Deviation 0.2833 0.3162 0.2126

Median 0.3895 0.4912 0.9201

Minimum 0.1399 0.1495 0.1466

Number Efficient 3 6 3

 

The other useful information, shown in Table 10.4, is the list of DMUs that were efficient 

and the frequency with which these efficient units were used as reference units for the inefficient 

insurance companies. 

Table 10.4  Reference units for inefficient DMUs 
           Reference Frequency to other DMUs

Reference VRS CRS

Allianz Life Insurance Company of North America 2 

Balboa Life Insurance Company 4 

Clarica Life Insurance Company 13 11

Primerica Life Insurance Company of Canada 6 9

State Farm Life Insurance Company 11 14

Sun Life Assurance Company of Canada 14 

 

Considering that a DMU's score being equal to 1.0 denotes efficiency, we can calculate 

profit shortcomings by multiplying one minus the efficiency measure with the profit level as py - 

cx. We can see from Table 10.3 that average efficiency for the VRS case is 0.567 or about 57%. 

This implies that the average insurance company could improve their profits by increasing their 

prices (and/or decreasing their costs) such that their profits will increase by 43% to reach the 

operating efficiency of the insurance companies found as efficient. However, this is highly unlikely 

to be possible in the real world. Experience has shown that this theoretical (mathematical) result is 

seldom possible to fully implement. Instead, the practitioner should look to policies and procedures 
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that would allow about 30-40% of the projected profit increase to be made. This extent of 

improvement might be considered the ‘low hanging fruit’ because it will be fairly apparent where 

the opportunities lie. The next 30-40% of the gains will take substantial analysis and much 

managerial persuasion to convince DMU managers that these improvements are possible and are 

worth doing. The rest is not really possible to get, no matter what efforts are expended in the 

process. 

Now we turn to examining the relative results of CRS and VRS efficiency. There has been 

a debate about the nature of the financial services industry, that is, is it's natural operational mode 

constant or variable returns to scale? There is some rationale for this discussion since service 

organisations find that they rely on people doing the work and there are little economies of scale 

possible there, thus supporting the CRS argument. Where gains can be made in the insurance 

industry is in investment management and financial matters in general, and this is quite likely to be 

a VRS activity. However, we have found in the past that banking (Schaffnit, Rosen and Paradi 

1997) and telecommunications engineering teams (Paradi, Rehm-Smith and Schaffnit-Chatterjee 

2002), for example, show that CRS technology is a reasonable goal to aim for. This also applies to 

our case here. While we do not want to enter into a lengthy discourse on returns to scale, the 

comparison of CRS with VRS results do give us some indication of how this might work in the 

insurance industry. 

When we examine Table 10.4, we see that Allianz, Balboa and Sun Life become efficient 

when we run VRS models. We also observe from Table 10.1 that Allianz and Balboa are the two 

smallest insurance firms, both on net premiums written and number of policies. These are used as 

efficient peers by only 6 DMUs combined. Moreover, their CRS scores are 0.1466 and 0.4788 

respectively (see Table 10.5). This indicates that they are substantially distant from the CRS 

frontier, but efficient under VRS. The conclusion out of this may be that these are outliers at the 

low end of the sample set. Sun Life, on the other hand, has a CRS score of 0.9069 and is used 14 

times as a peer under VRS, so this is a DMU that is close to being on the CRS frontier. 

Table 10.5  Disaggregated DEA Results for the Study Sample 
DMU CRS VRS Scale Efficiency
Allianz Life Insurance Company of North America 0.1466 1.0000 0.1466

Balboa Life Insurance Company 0.4748 1.0000 0.4748
Blue Cross Life Insurance Company of Canada 0.1810 0.1858 0.9746
Clarica Life Insurance Company 1.0000 1.0000 1.0000
Co-operators Life Insurance Company 0.4562 0.4801 0.9503
Combined Insurance Company of America 0.2034 0.2282 0.8915
Commercial Union Life Assurance Co. of Canada 0.5210 0.5285 0.9857
Concordia Life Insurance Company 0.2511 0.2730 0.9201
Empire Life Insurance Company (The) 0.3895 0.4484 0.8687
Imperial Life Assurance Company of Canada (The) 0.2091 0.2258 0.9261
London Life Insurance Company 0.3946 0.4947 0.7976
Manufacturers Life Insurance Company (The) 0.3075 0.3187 0.9647
Maritime Life Assurance Company (The) 0.1399 0.1495 0.9354
NN Life Insurance Company of Canada 0.2986 0.3180 0.9390
North West Life Assurance Company of Canada (The) 0.3715 0.4912 0.7564
Norwich Union Life Insurance Company (Canada) 0.7682 0.7803 0.9845
Primerica Life Insurance Company of Canada 1.0000 1.0000 1.0000
Royal & Sun Alliance Life Insurance Company of Canada 0.1536 0.1809 0.8495
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DMU CRS VRS Scale Efficiency
Seaboard Life Insurance Company 0.1723 0.1966 0.8762
State Farm Life Insurance Company 1.0000 1.0000 1.0000
Sun Life Assurance Company of Canada 0.9069 1.0000 0.9069
Transamerica Life Insurance Company of Canada 0.7777 0.9334 0.8331
Wawanesa Life Insurance Company (The) 0.3008 0.8597 0.3499
Westbury Canadian Life Insurance Company 0.5667 0.6557 0.8643
Zurich Life Insurance Company of Canada 0.4110 0.4274 0.9615

 

When we turn to scale efficiency, we observe from Table 10.3 that the average scale 

efficiency is 0.8463 with a standard deviation of 0.2126. So we see that in the insurance context the 

firms are not that different from each other in how they run their businesses as far as their input 

mix choices go. This is not a surprising finding because they are highly regulated and they operate 

in a very competitive market where firms tend to adopt each other's best practices as they hire staff 

from one another. 

We can run a small credibility check on the results by looking at the performance ratios for 

efficient and inefficient insurance firms. We use the VRS results and ratios of premium dollars 

production per dollar of labour and general expense; number of polices written per labour cost and 

general expense cost; and number of policies written and premiums earned per labour FTEs; we 

can see these comparisons in Table 10.6. 

 
Table 10.6  Ratio to DEA comparisons on Efficient and Inefficient Firms 
 Number of 

firms 
Premiums$/ 

Labour$ 
Premiums$/ 

Expenses$ 
Policy/ 

Labour$ 
Policy/ 

Expenses$ 
Policies/ 

FTE 
Premiums$/ 

FTE 
Efficient 6 5.73 16.25 7.89 22.40 829 695 
Inefficient 19 4.60 11.06 5.10 10.57 527 476 
%Difference  25 47 55 112 57 46 

 

Clearly, there is a substantial difference between efficient and inefficient firms as the 

former outperforms the latter from 25% to 112%. As one would expect, efficient firms do much 

better in utilising their expense dollars than inefficient firms. These checks are very useful because 

they provide comfort to management that they have a dependable and credible set of results, which 

can form the foundations for action to improve performance. 

10.5 Summary and Conclusions 

This chapter introduced the notion that profit efficiency is dependent upon the wise management of 

output prices, as much as upon the management of input costs. Following a deeper analysis into 

opportunities to altering output prices, we could offer directions to management as to how they 

might organise their units in order to maximise profit performance. In the context of profit 

efficiency, allocative efficiency depends on the availability of prices and costs which are typically 

very hard to obtain because firms are protective of such data as they rightly consider these as part 

of their competitive advantage. The other problem comes from price fluctuations that are not under 

management's control. After all, competitive pressures drive most businesses and those participants 

who are most capable to deal with these challenges typically win the day. And finally, when 
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working with the public sector, prices are simply not available; for example, what would be the 

price of a policing activity where a crime is prevented? The potential victim would price this high, 

but the community sees the price more as an average level of benefits. Yet, one would like to carry 

out price efficiency studies even in these environments. 

Many times people comment that a firm is very successful because they are very profitable 

and that is fine providing that the analysts are willing to ignore the potential profits that would be 

possible for the seemingly successful DMU if it was operating at optimum profit efficiency. In 

other words, there can be lost profit opportunities for even the most profitable firms in an industry. 

Moreover, insurance executives may be able to use the results from such an analysis to assess how 

competitive they are with others in the industry and then make changes to align themselves better 

with the more successful entities. When larger models are used with all the inputs and outputs as 

appropriate, managers may be able to fine tune their organisations and provide accurate and to the 

point information to their people about what benefits may be derived from changes indicated by the 

DEA analysis. 

Part IV launches this book on a more technical path. In Part IV, we highlight potential 

problems with DEA and offer solutions, as well as demonstrating multiple tests of stability of the 

efficient frontier and integrity of scores in a fully units-invariant setting. 
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PART IV: USING DEA WITH CONFIDENCE 

 

CHAPTER 11: Potential Problems with DEA and 
Corresponding Solutions 
by Necmi K Avkiran 

 

11.1 Homogeneity 

DMUs are assumed to share a similar production technology i.e. undertaking similar activities and 

producing comparable products/services. Under the heading of homogeneity other assumptions 

include similar resources being available to all DMUs and operating in similar environments. When 

any of these homogeneity assumptions are violated, DEA results cannot be interpreted with 

confidence. 

For example, a potential problem arises when we try to compare branches of a bank with 

substantially different business profiles. One solution is to find branches external to the bank to 

populate different categories, thus facilitating an internal comparison of each branch in its own 

field. Alternatively, if there are sufficient numbers in the branch network of the bank, each category 

can be populated internally thus creating homogeneous sets, and DEA repeated for each category. 

When the assumption of similar resources being available to all DMUs appears to be 

violated, we can work around this problem by costing the resources. Dealing with the potential 

problem of different operational environments is more difficult and this is still an area of DEA 

under development. (see Chapters 17 and 18). 

Dyson et al. (2001) suggest that environmental factors of non-discretionary nature can be 

included as inputs in an output oriented model, and as outputs in an input oriented model. 

 

11.2 Nature of Inputs and Outputs 

Many DEA models assume inputs and outputs to be isotonic where higher inputs reduce efficiency 

and higher outputs increase efficiency. In terms of the measurement scale, DEA normally assumes 

data to be generated on an interval scale which does not have a zero point but has equal intervals. 

The choice of inputs and outputs assumes that resources used in the DMUs, activity levels, 

and impacts of the environment have been captured by a set of variables common to DMUs in the 

sample. In practice, there is a limitation in satisfying these assumptions because as the number of 

variables rise, DEA loses discrimination by the reporting mostly 100% efficient DMUs. Therefore, 
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it is essential to devise a parsimonious productivity model that will discriminate between efficient 

and inefficient DMUs. Three rules of thumb can be used here where sample size is selected, 

namely, (a) that is greater than twice the product of inputs and outputs, (b) there is greater than 

three times the sum of the number of inputs and outputs, or (c) a trial and error approach where the 

researcher becomes happy with a sample size that yields not more than one third of the DMUs as 

efficient. 

Correlation analysis can be used to test whether inputs and outputs are positively correlated 

as one would expect in a productivity model. However, Dyson et al. (2001) recommend against 

omitting inputs or outputs based purely on correlation. For example, omitting an output that is 

perfectly positively correlated with another output or multiplied by a constant should not change 

efficiency scores. Yet, if the same output is highly positively correlated with another output then 

we expect a change in the efficiency scores when one of them is omitted. 

Mixing indices for performance measures and volume measures for activity levels can be 

misleading in interpreting efficiencies. This potential problem becomes evident when one of the 

variables represents the environment of the DMU. For example, in the case of measuring the 

efficiency of schools, instead of indexing the socio-economic background of parents, we can use a 

proxy volume measure of, say, annual salaries. Alternatively, index can be re-scaled by a volume 

measure. 

We may also encounter undesirable inputs and outputs that violate the assumption of 

isotonic variables. For example, competitor branches operating in the catchment area of your bank 

would be an undesirable input whereas the number of bad loans would be an undesirable output. 

Possible solutions include taking the reciprocal of the values (however, this removes any interval 

scale nature of the data), subtracting the values from a large number (see Chapter 12), or treating an 

input as an output or vice versa. 

 

11.3 Assigning Weights 

DEA mathematics assigns weights to inputs and outputs of a DMU in assessing its efficiency 

relative to the performance of others in the sample. It is this mechanism that makes DEA a 

powerful benchmarking tool where weights can be regarded as the values or prices of inputs and 

outputs. However, the process has some limiting technical and managerial assumptions which we 

address next. 

For example, the linearity assumption may not hold when we consider that the value of 

additional output might decrease, suggesting a nonlinear function. Yet, in practice, nonlinear 

functions are regarded as difficult to follow and the additional insight gained marginal. 

Another weights related potential problem is assigning zero or a very small weight to an 

input or output that essentially removes it from the analysis. This contradicts the selection of inputs 
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and outputs based on their managerial importance in the first place. Use of weight restrictions is a 

well-established practice that secures the presence of all the variables in the assessment. In 

assigning weights, we also need to pay attention to preserving the presumed interaction and 

rationale between inputs and outputs. Careful assignment of weights can be used to reflect 

managerial objectives as well. However, imposing weight restrictions reduces the degrees of 

freedom in the analysis, as well as making a direct comparison with non-weighted DEA 

impossible. For example, a CCR DEA with weight restrictions cannot be regarded a radial model. 

For a more detailed discussion of pitfalls associated with weight restrictions, the reader is referred 

to Dyson et al. (2001) and Chapter 20 of this book. 
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CHAPTER 12: Preparing Your Data for DEA –
Information Technology 
by Joseph Sarkis 35 

 

12.1 Introduction 

DEA and its appropriate applications are heavily dependent on the data set that is used as an input 

to the productivity model. As we now know there are numerous models based on DEA. However, 

there are certain characteristics of data that may not be acceptable for the execution of DEA 

models. In this chapter we shall look at some data requirements and characteristics that may ease 

the execution of the models and the interpretation of results. 

The lessons and ideas presented here are based on a number of experiences and 

considerations for DEA. We shall not get into the appropriate selection and development of 

models, such as what is used for input or output data, but focus more on the type of data and the 

numerical characteristics of data. 

12.2 Selection of Inputs and Outputs and Number of DMUs 

This is covered in Chapter 2, section 2.2 of the book, but we still wish to repeat a few points here 

since it is one of the difficulties in developing a productivity model and preparing data. In this brief 

review, we will not focus on the managerial reasoning for selection of input and output factors, but 

more on the computational and data aspects of this selection process. 

Typically, the choice and the number of inputs and outputs, and the DMUs determine how 

good of a discrimination exists between efficient and inefficient units. There are two conflicting 

considerations when evaluating the size of the data set. One consideration is to include as many 

DMUs as possible because with a larger population there is a greater probability of capturing high 

performance units that would determine the efficient frontier and improve discriminatory power. 

The other conflicting consideration with a large data set is that the homogeneity of the data set may 

decrease, meaning that some exogenous factors of no interest to the analyst may affect the results 

(Golany and Roll 1989).36 Also, the computational requirements would tend to increase with larger 

data sets. Yet, there are some rules of thumb on the number of inputs and outputs to select and their 

relation to the number of DMUs. 

Boussofiane, Dyson and Thanassoulis (1991) stipulate that to get good discriminatory 

power out of the CCR and BCC models the lower bound on the number of DMUs should be the 

                                                   
35 Professor of Operations and Environmental Management, Graduate School of Management, Clark University, jsarkis@clarku.edu 
36 There are methods to look into homogeneity based on pre-processing analysis of the statistical distribution of data sets and removing 
‘outliers’ or clustering analysis, and post-processing analysis such as multi-tiered DEA (Barr, Durchholz and Seiford 1994) and returns-
to-scale analysis to determine if homogeneity of data sets is lacking. 
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multiple of the number of inputs and the number of outputs. This reasoning is derived from the 

issue that there is flexibility in the selection of weights to assign to input and output values in 

determining the efficiency of each DMU. That is, in attempting to be efficient a DMU can assign 

all of its weight to a single input or output. The DMU that has one particular ratio of an output to an 

input as highest will assign all its weight to those specific inputs and outputs to appear efficient. 

The number of such possible inputs is the product of the number of inputs and the number of 

outputs. For example, if there are 3 inputs and 4 outputs the minimum total number of DMUs 

should be 12 for some discriminatory power to exist in the model. 

Golany and Roll (1989) establish a rule of thumb that the number of units should be at least 

twice the number of inputs and outputs considered. Bowlin (1998) mentions the need to have three 

times the number of DMUs as there are input and output variables. Dyson et al. (2001) recommend 

a total of two times the product of the number of input and output variables. For example with a 3 

input, 4 output model Golany and Roll recommend using 14 DMUs, while Bowlin recommends 21 

DMUs. In any circumstance, these numbers should probably be used as minimums for the basic 

productivity models. 

These rules of thumb attempt to make sure that the basic productivity models are more 

discriminatory. If the analyst still finds that the discriminatory power is lost due to the few number 

of DMUs, they can either reduce the number of input and output factors37, or the analyst can turn to 

a different productivity model that has more discriminatory power. DEA-based productivity models 

that can help discriminate among DMUs more effectively regardless of the size of the data set 

include models introduced or developed by Andersen and Petersen (1993), Rousseau and Semple 

(1995), and Doyle and Green (1994). 

12.3 Reducing Data Sets for Input/Output Factors that are Correlated 

With extra large data sets, some analysts may wish to reduce the size by eliminating the correlated 

input or output factors. To show what will happen in this situation, a simple example of illustrative 

data is presented in Table 12.1. In this example, we have 20 DMUs, 3 inputs and 2 outputs. The 

first input is perfectly correlated with the second input. The second input is calculated by adding 2 

to the first input for each DMU. The outputs are randomly generated numbers. 

                                                   
37 Inputs that correlate highly with one another or outputs that correlate highly with one another can be eliminated through correlation 
analysis. 
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Table 12.1  Efficiency Scores from Models with Correlated Inputs 
DMU Input 1 Input 2 Input 3 Output 1 Output 2 Efficiency Score

(3 Inputs, 2 Outputs)
Efficiency Score

(2 Inputs, 2 Outputs)
1 10 12 7 34 7 1.000 1.000
2 24 26 5 6 1 0.169 0.169
3 23 25 3 24 10 1.000 1.000
4 12 14 4 2 5 0.581 0.576
5 11 13 5 29 8 0.954 0.948
6 12 14 2 7 2 0.467 0.460
7 44 46 5 39 4 0.975 0.975
8 12 14 7 6 4 0.400 0.400
9 33 35 5 2 10 0.664 0.664

10 22 24 4 7 6 0.541 0.541
11 35 37 7 1 4 0.220 0.220
12 21 23 5 0 6 0.493 0.493
13 22 24 6 10 6 0.437 0.437
14 24 26 8 20 9 0.534 0.534
15 12 14 9 5 4 0.400 0.400
16 33 35 2 7 6 0.900 0.900
17 22 24 9 2 3 0.175 0.175
18 12 14 5 32 10 1.000 1.000
19 42 44 7 9 7 0.352 0.352
20 12 14 4 5 3 0.349 0.346

 

The basic CCR model is executed for the 3-input case (where the first two inputs correlate) 

and a 2 input case where Input 2 is removed from the analysis. The efficiency scores are in the last 

two columns. Notice that in this case, the efficiency scores are also almost perfectly correlated.38 

The only differences that do occur are in DMUs 4, 5, 6, and 20 (for three decimal places). This can 

save some time in data acquisition, storage, and calculation, but the big caveat is that even when a 

perfectly correlated factor is included it may provide a slightly different answer. What happens to 

the results may depend on the level of correlation that is acceptable and whether the exact 

efficiency scores are important. 

12.4 Imbalance in Data Magnitudes 

One of the difficulties faced by some mathematical programming software that may be used to 

execute the DEA models (for example LINDO 39) is that there may be scaling issues. This 

imbalance could cause problems in the execution of the software and round-off error problems may 

occur. One of the best ways of making sure there is not much imbalance in the data sets is to have 

them at the same or similar magnitude. A way of making sure the data is of the same or similar 

magnitude across and within data sets is to mean normalise the data. The process to mean 

normalise is taken in two simple steps. First step is to find the mean of the data set for each input 

and output. The second step is to divide each input or output by the mean for that specific factor. 

                                                   
38 A simple method to determine correlation is by evaluating the correlation of the data in a statistical package or even on a spreadsheet 
with correlation functions. 
39 http://www.lindo.com/ 
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For example, let us look at a small set of 10 random data points (10 DMUs) with 2 inputs 

and 2 outputs as shown in Table 12.2. The magnitudes range from 100 to 106; in many cases this 

situation may be more extreme.40 Assume that Table 12.2 is a raw data set for the problem at hand 

and a simple output-oriented constant returns to scale (CCR) model is to be applied. 

Table 12.2  Raw Data Set for the Mean Normalisation Example 

DMU Input 1 Input 2 Output 1 Output 2

1 1733896 97.0 1147 0.82

2 2433965 68.0 2325 0.45

3 30546 50.0 1998 0.23

4 1052151 42.0 542 0.34

5 4233031 15.0 1590 0.67

6 3652401 50.0 1203 0.39

7 1288406 65.0 1786 1.18

8 4489741 43.0 1639 1.28

9 4800884 90.0 2487 0.77

10 536165 19.0 340 0.57

Column Mean 2425119 53.9 1505.7 0.67

 

In Table 12.2, the column means are given in the final row. The mean is determined by the 

simple mean Equation 1 that sums up the value of each DMU’s input or output in that column and 

then divides the summation by the number of DMUs. 
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where iV  is the mean value for column i (an input or output), N is the number of DMUs and Vni is 

the value of DMU n for a given input or output i. In Table 12.2, 24251191 V , 9.532 V , 

7.15053 V , and 67.04 V . 

The second step is to divide all of the values of a given column by this final row of mean 

values. The general equation for each cell of Table 12.3 is: 

 

i

ni
ni

V

V
VNorm       (2) 

where VNormni is the normalised value for the value associated with DMU n and input or output in 

column i. Table 12.3 shows the mean normalised data set to four decimal places. As we can see in 

the last row of Table 12.3, the mean for each column of a mean normalised data set is 1. The last 

column of Table 12.3 contains the respective efficiency score for each DMU using the basic CCR 

                                                   
40 For example, if total sales of a major company (usually in billions of dollars) was to be compared to the risk associated with that 
company (usually a “Beta” score of approximately 1). 
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model. These efficiency scores are the exact same efficiency score results as for the data set in 

Table 12.2. 

Table 12.3  Mean Normalised Data Set for the Mean Normalisation Example 

DMU Input 1 Input 2 Output 1 Output 2 CCR 

1 0.7150 1.7996 0.7618 1.2239 0.432 

2 1.0036 1.2616 1.5441 0.6716 0.709 

3 0.0126 0.9276 1.3270 0.3433 1.000 

4 0.4339 0.7792 0.3600 0.5075 0.419 

5 1.7455 0.2783 1.0560 1.0000 1.000 

6 1.5061 0.9276 0.7990 0.5821 0.448 

7 0.5313 1.2059 1.1862 1.7612 0.952 

8 1.8513 0.7978 1.0885 1.9104 0.865 

9 1.9796 1.6698 1.6517 1.1493 0.570 

10 0.2211 0.3525 0.2258 0.8507 1.000 

Column Mean 1 1 1 1  

 

12.5 Negative Numbers and Zero Values 

Many times the data set will have negative numbers. Basic DEA models are not capable of 

completing an analysis with negative numbers and all numbers must be non-negative and 

preferably strictly positive (no zero values). This has been defined as the positivity requirement of 

DEA. Charnes, Cooper and Thrall (1991) provide a model to relax this requirement, but we shall 

not focus on it here. 

One of the more common methods for eliminating the problems of non-positive values in 

DEA (for ratio models) has been through the addition of a sufficiently large positive constant to the 

values of the input or output that has the non-positive number. And in some cases it has been 

advised (Bowlin 1998) to make the negative numbers or zero values a smaller number in 

magnitude than the other numbers in the data set. This might overcome some of the difficulties of 

this limitation, yet the results may still change depending on the scale (adjusting constant value) 

used by the models. This problem has been defined as translation variance. It has been found that 

some ratio-based DEA models are translation-invariant, for example, the BCC model (Ali and 

Seiford 1990), but even they are limited as to what values can be scaled or translated. 

Before addressing some of the solutions, let us investigate a scenario for insurance policy 

providers who decided to invest in a number of Information Technology (IT) systems. This 

example can show us a number of difficulties in the original preparation of data. Assume that there 

are 8 new IT systems in place in various departments for a given insurance company. The only data 

given to an analyst is labour cost savings, operational cost savings, decreases in policy mistakes, 

and decrease in turnaround time for a policy. The analyst has decided that the cost savings will be 

used to determine operational and labour costs and serve as inputs to the productivity model, while 

outputs will be the improvement in policy accuracy and time to process policies. In some cases 

there are improved results (e.g. processing mistakes decrease with positive values) and in some 
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cases there are worse performing results e.g. processing mistakes increase and have negative 

values. Thus, the data, as it is currently presented needs to be adjusted (see Table 12.4). 

 
Table 12.4  Unadjusted Data Set for Information Technology Systems 

DMU INPUTS OUTPUTS 

 
Labour Cost 

Savings  
(000’s) 

Operational Cost 
Savings  
(000’s) 

Processing Mistake Decrease 
(number of policies) 

Decrease in Turnaround Time 
(minutes per policy) 

IT1 240  128  2  0  
IT2 -325  1006  0  59  

IT3 -1400  1017  27  26  

IT4 -363  500  0  75  

IT5  -55  256  77  66  

IT6 4450  -246  12  -14  

IT7 6520  79  -3  -14  

IT8 3900  341  20  23  

 

One of the first steps in this adjustment process is to eliminate any zero or negative values 

in the data set. Another issue is to set up the data such that inputs have the characteristic of smaller 

values being better (less resource needed for a given output), and outputs with a characteristic of 

having larger values being better. In this situation we have two adjustments that need to be 

completed before execution of the model and such that the results make managerial sense. 

To show the variation in our results and the problem of translation variance in DEA (at 

least the basic CCR model), we shall illustrate two examples of arbitrarily selecting translation 

constants and approaches where no negative numbers exist and the inputs are better when smaller 

in value and outputs are better when larger in value. As inputs, we will use labour and operational 

costs. To convert the cost savings in the original data into labour cost and operational cost 

estimates, we will arbitrarily select a large number, say, 10,000 (in 000’s), and subtract each 

number in the first two columns from this value. 

We arrive at the data set in the second and third columns in Table 12.5 defined now as 

Labour Costs and Operational Costs for the inputs. Notice that now we have all positive values for 

the inputs since it is better for smaller costs than for larger costs. For example IT1 does better on 

labour costs (less cost value) than IT2, but IT2 does better on operational costs. This is a similar 

situation as in previous Table 12.4 where IT1 was better in labour cost savings than IT2 (with 

higher cost savings values), and IT2 was better in operational cost savings. 
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Table 12.5  Scaled Data Set 1 

DMU INPUTS OUTPUTS  

 
Labour 
Costs 

Operational 
Costs 

Processing Mistake Decrease 
(number of policies) 

Decrease in Turnaround Time 
(minutes per policy) 

CCR Technical 
Efficiency Score 

IT1 9760 9872 12 20 0.232 
IT2 10325 8994 10 79 0.881 
IT3 11400 8983 37 46 0.564 
IT4 10363 9500 10 95 1.000 
IT5 10055 9744 87 86 1.000 
IT6 5550 10246 22 6 0.458 
IT7 3480 9921 7 6 0.232 
IT8 6100 9659 30 43 0.805 

 

For the outputs we looked at increasing the decreases in mistakes and increasing the 

decreases in turnaround time, so we arbitrarily added a value of 20 to each. This translation 

eliminated any zero or negative values while still retaining the characteristic that larger values are 

better. Executing the CCR model shows IT4 and IT5 as efficient units followed by IT2 as the 

highest scoring inefficient unit. 

Let us now change the translation constants separately for each input and output factor. In 

this next example, the values are still arbitrarily chosen, but vary for each input and output. We 

selected numbers that were about 500 above the maximum values for each of the output values. 

That is, for the labour cost savings column of Table 12.4 we subtracted all the values from 7000, 

and for the operational cost savings we subtracted all the values from 1500. For the inputs we 

added enough units to make them positive. So we added values of 4 and 15 to each value of the 

processing mistake decrease and turnaround decrease times respectively, to arrive at the values that 

appear in the Outputs columns of Table 12.6. 

 
Table 12.6  Scaled Data Set 2 

DMU INPUTS OUTPUTS  

 Labour 
Costs 

Operational 
Costs  

Processing Mistake Decrease 
(number of policies) 

Decrease in Turnaround Time 
(minutes per policy) 

CCR Technical 
Efficiency Score 

IT1 6760 1372 6 15 0.184 
IT2 7325 494 4 74 1.000 

IT3 8400 483 31 41 1.000 

IT4 7363 1000 4 90 1.000 

IT5  7055 1244 81 81 1.000 

IT6 2550 1746 16 1 0.546 

IT7 480 1421 1 1 0.181 

IT8 3100 1159 24 38 1.000 

 

This time, when we execute the basic models we see that there are more efficient units than 

before and that some increased in efficiency (e.g. IT2) while others decreased e.g. IT1. This is the 

major difficulty encountered when there is scale translation of results. Now the issue is how to 

address this situation. 
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A number of steps can be taken to make sure that data scaling or translation errors do not 

play a role in the final results of this analysis. First, instead of using arbitrary numbers, every 

attempt should be made to acquire and apply actual values for the initial baseline41. This may mean 

access to additional raw data and data from previous periods, thus the analyst will have to go 

searching. 

The original data set in Table 12.4 is based on a real world problem, where the actual 

baselines were found for each input and output factor. The values within each column were 

subtracted from their respective baseline. These results provided appropriate characteristics for the 

inputs, but the outputs still needed to have larger values as more preferable. These columns were 

scaled by taking the inverse of their actual values, thus maintaining the integrity of the relationships 

of the data. As we see in Table 12.7 these new values contain the necessary characteristics for 

completing the analysis. There is also a caveat when taking the inverse of data as a translation. This 

translation may also cause a variation in the efficiency scores (Lewis and Sexton 2000) 42. Thus, 

managerial subjectivity and preference come into play again, depending on how the managers wish 

to view and interpret the input and output values. 

Table 12.7  Scaled Data Set 3 

DMU INPUTS OUTPUTS  

 Labour 
Costs 

Operational 
Costs  

Processing Mistake Decrease 
(number of policies) 

Decrease in Turnaround Time 
(minutes per policy) 

CCR Technical 
Efficiency Score 

IT1 7260 4372 3.597 0.7143 0.833 
IT2 7825 3494 3.571 0.7457 1.000 

IT3 8900 3483 3.953 0.7278 1.000 

IT4 7863 4000 3.571 0.7547 0.915 

IT5  7555 4244 4.926 0.7496 1.000 

IT6 3050 4746 3.731 0.7072 0.887 

IT7 980 4421 3.534 0.7072 1.000 

IT8 3600 4159 3.846 0.7262 1.000 

 

Another way to address data scaling or translation error concerns is to explicitly include 

before and after performance. That is, instead of subtracting the data from period to period, or 

adjusting with inverses, the purest method may be to use the previous period’s performance as an 

input and this period’s performance as an output for those measures where larger values are better, 

and the opposite for those measures where smaller values are better. This will require the additional 

input and output factors to be included (double the number) and may hurt the discriminatory power 

of some productivity models if not enough DMUs exist. 

Yet another remedy for making sure that translation variance does not impact your solution 

is to use a different type of DEA model. For example, Ali and Seiford (1990) and Pastor (1996) 

                                                   
41 A baseline is defined as the initial value from which a translation adjustment will be made. 
42 An output that has larger numbers as less preferable has been termed an ‘undesirable output’ by Yaisawarng and Klein (1994) and 
‘anti-isotonic’ by Scheel (2001), and taking the inverse of these values has been recommended. An example of this type of output is 
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have shown that a displacement does not alter the efficient frontier for certain DEA formulations 

(specifically, the additive model for both inputs and outputs and the BCC model for outputs) and 

thus these approaches are translation-invariant. Thus, absolute value constants can be added to any 

input and output in the additive model, and any output in the BCC model in order to solve the issue 

of negative or zero-value problems. Similar to what we showed in our example, the same 

adjustment must be made to the input or output values for all DMUs included in the data set in 

order not to alter the efficiency frontier. 

Bowlin (1998) mentions the substitution of a very small positive value for the negative 

value if the variable is an output. He suggests this approach because the characteristic of DEA 

models is that they try to put each DMU in the best light possible and therefore, emphasise (weight 

highest) those outputs on which the DMU performs best. Thus, Bowlin argues, an output variable 

with a very small value would not be expected to contribute to a high efficiency score which would 

also be true of a negative value. Thus, this type of translation would generally not inappropriately 

affect the efficiency score. Of course this will mean that this value must not be larger than any 

other output value in the data set. 

12.6 Missing Data 

When evaluating DMUs and attempting to get the necessary inputs and outputs, the analyst will 

come across situations where data is missing. The usual alternative is to eliminate any DMUs that 

lack data for any input or output. Clearly, when eliminating DMUs from consideration there is an 

issue of whether the true efficient frontier is developed. The remedies for missing data are still 

quite limited. In all the situations presented by researchers and practitioners of DEA, it is still a 

relatively subjective approach in filling a gap from missing data. 

One approach, from a managerial perspective, is to get a ‘best estimate’ from managers as 

to what they believe would be the value for the missing data point. This is a simple way to 

accomplish this task, but is very subjective. To attempt at getting around the issue of asking for one 

value, sometimes it may be beneficial to ask for the most optimistic, pessimistic and likely values 

and run the models based on those values to see how sensitive the solution would be to these 

subjective rankings. An expected value may be determined in this situation. In project management 

when estimating the completion time of a project, a beta distribution (see later) is used to arrive at 

an expected value when optimistic, most likely, and pessimistic times are used. One method to 

arrive at an expected value is to apply the subjective values from a manager into an expected value 

calculation based on this probability distribution. 

For example, assume that a data point is missing for the amount of time it took to process 

an insurance policy in an insurance underwriting department. A group of managers may be asked to 

                                                                                                                                                          
pollution. Another way to achieve a similar result of adjusting for undesirable outputs is to make this output value an input value but this 
does not guarantee the same efficiency score as taking the inverse of the output and leaving it in the numerator. 
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define the optimistic estimate of time of completion, a most likely time, and a pessimistic time. The 

beta distribution expected value calculation is defined as: 

(3) 

6

4 pmo
e
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where Ve is the estimated value, Vo is the optimistic value, Vm is the most likely value and Vp is the 

pessimistic value. Note that the most likely value is weighted more than the other possible 

outcomes. 

Clearly, there are a number of assumptions here, first, that the beta distribution truly 

represents the data structure, and the managers are capable of giving estimates. An alternative 

approach is to look at the data across DMUs and to determine what structure does exist and use 

estimation models based on those structures. In this situation, the optimistic value would be the 

best value among the given input or output factor, the pessimistic would be the worst value and the 

average will be the most likely value. Yet, you cannot ignore the values of the other inputs and 

outputs. Another issue that arises is that the missing data point may be the best point for that DMU 

which may severely impact its efficiency score. In this case, variations in data and sensitivity 

analysis will be required. 

Recently, others have proposed alternative approaches, based on more complex techniques, 

to determine missing values. One such technique is by Kao and Liu (2000b), which relies on a 

Fuzzy Mathematics approach to arrive at estimates of missing value data. This technique requires a 

significant effort to arrive at possible values that may be used and is still dependent on a series of 

value variations to determine the relative sensitivity of the solutions. 
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CHAPTER 13: Testing For Stability and Integrity – 
Canadian Foreign Bank Subsidiaries 
by Necmi K Avkiran 

13.1 Introduction 

It is important to be able to test the stability of the efficient frontier and integrity of scores to ensure 

managerial decisions are made with confidence. Over the last ten years, ease-of-use and intuitive 

appeal of DEA have lead to its quick adoption across a wide range of disciplines. In turn, this has 

meant a proliferation of application papers where DEA results are often taken at face value. We 

hope that the stability and integrity tests brought together in this chapter will help reduce 

incidences of decisions made on test results that may be unreliable. 43 

With the above motivation in mind, we demonstrate multiple tests of stability and integrity 

in a setting of fully units-invariant bank efficiency measurement. These tests are illustrated by 

investigating the productivity of foreign bank subsidiaries in Canada across 1996-2000 using the 

DEA model known as slacks-based measure (SBM).  

CCR (Charnes, Cooper and Rhodes 1978) and BCC (Banker, Charnes and Cooper 1984) 

models, while producing units-invariant (i.e. dimension free) radial inefficiency estimates, do not 

generate units-invariant estimates of non-radial (slacks) inefficiency (Lovell and Pastor 1995). 44 

On the other hand, SBM can account for input and output slacks in the calculation of the bank’s 

efficiency score (reported as scalar ρ) where slacks represent input excesses or output shortfalls 

after radial inefficiencies have been identified (see Tone 2001a and Tone 2002). Thus, in the 

presence of slacks, the SBM score will be less than the CCR score. We note that, while additive 

DEA models also measure slacks, they cannot produce a scalar measure of efficiency. Hence, we 

regard SBM as a more appropriate DEA model unless one is certain that there are no significant 

slacks, or there is no need to summarise efficiency evaluation in a single figure which facilitates 

ranking, or variables have the same dimensions. 

13.2 Data and overall methodology 

DEA has become a highly popular technique in bank efficiency analysis since its first application 

by Sherman and Gold (1985). Berger and Humphrey (1997) provide an international survey of 

efficient frontier analysis of financial institution performance. Our illustrative pre-test sample 

comprises twenty-seven Canadian foreign bank subsidiaries across 1996-2000. Bank financial 

                                                   
43 This chapter is based on the paper “Stability and Integrity Tests in Data Envelopment Analysis” forthcoming in the Socio-Economic 
Planning Sciences. 
 
44 Radial efficiency measures how close a unit is to the efficient frontier on a straight line drawn through the origin, the unit under 
observation and the frontier. For example, when radial measurement is output oriented, that is, looking for possible output expansions 
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statement data are available on the web site of the Office of the Superintendent of Financial 

Institutions (from 1996 onwards); this source provided most of the data for the empirical testing in 

this study.45 Financial data were inflated forward to year 2000 values by using consumer price 

indices from the Bank of Canada web site. The choice of variables is shown in Table 13.1. 

Table 13.1  A productivity model of three inputs and three outputs for empirical testing 
Key Inputs Key Outputs 
1. Demand, notice and fixed-term deposits ($) 
 Deposits($) 

1. Loans, less allowance for impairment ($) 
 Loans($) 

  
2. Non-interest expenses 1 ($) 
 NonIE($) 

2. Securities ($) 
 Sec($) 

  
3. Equity multiplier 2 
 EM 

3. Non-interest income or fee income 3 ($) 
 NonII($) 

  
1 Salaries, pensions and other staff benefits, plus other non-interest expenses including advertising, general expenses, professional fees, and 
business taxes. 
2  Measure of potential risk exposure, where equity multiplier is defined as average assets / average equity. 
3 This measure is net of trading income and gains (losses) on instruments held for other than trading purposes as these items are not fee generating 
activities and they are volatile. 

13.3 Empirical results and analysis 

13.3.1 Looking for outliers 

Table 13.2 represents the first run of slacks-based measure of efficiency with super-efficiency 

scores where a small number of banks with zero values for the output securities have been omitted 

to maintain sample homogeneity. As a rule of thumb, banks with super-efficiency scores above 2 or 

3 are usually regarded as having an inordinate impact on the efficient frontier and thus are treated 

as potential outliers (Hartman, Storbeck and Byrnes 2001). Nevertheless, given that DEA is an 

efficient frontier technique where outliers can substantially influence the scores of other banks we 

prefer a more conservative rule of thumb where banks with efficiencies of 2 or above are 

scrutinised as potential outliers. Initially, only one foreign bank falls into this category, namely, 

Credit Lyonnais (CL) of Canada. In fact, a close inspection of its data reveals a substantial drop in 

deposits, as well as in other inputs, in preparation for its merger with HSBC in March 2001. Under 

these circumstances, Credit Lyonnais is treated as an outlier and omitted from the year 2000 sample 

in the rest of the tests. As a precaution we re-calculate super-efficiency scores on the new year 

2000 sample without Credit Lyonnais; results (not shown) reveal no further outliers. 

                                                                                                                                                          
calculated on the line through the origin, non-radial measurement searches for simultaneous possible input contractions located in a 
region of the production possibilities set where a straight line cannot be drawn to intersect the efficient frontier. 
45 Pre-1996 balance sheet data can be found in the Supplement Canada Gazette in public libraries. 
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Table 13.2  Banks ranked by super-efficiency scores1 

1996 (N=24) 1997 (N=25) 1998 (N=26) 1999 (N=26) 2000 (N=25) 
JPMorgan 1.6674 JPMorgan 1.8659 JPMorgan 1.9776 HSBC 1.6472 CL 41.9955 
Deutsche 1.2612 Citibank 1.2649 BoA 1.2440 JPMorgan 1.4925 Deutsche 1.3286 
Citibank 1.1997 UBS 1.2102 UBS 1.2083 Citibank 1.2391 Citibank 1.3205 
BoTM 1.1779 ABN 1.1883 BoTM 1.1349 UBS 1.2335 UBS 1.2901 
SBoI 1.1620 Deutsche 1.1429 Deutsche 1.0619 BoTM 1.1832 HSBC 1.2887 
UBS 1.1331 BoTM 1.1178 Sumitomo 1.0067 Deutsche 1.1669 SBoI 1.2593 
CL 1.0923 Sumitomo 1.0358 Sanwa 0.6553 Sumitomo 1.1401 Sanwa 1.2340 
Société 1.0770 SBoI 1.0223 Citibank 0.6549 Sanwa 1.1283 BoTM 1.1918 
HSBC 1.0576 Société 0.9660 HSBC 0.6472 BoA 1.0582 BankOne 1.0964 
Dresdner 1.0360 Dresdner 0.9170 Dresdner 0.6454 Dresdner 1.0261 JPMorgan 1.0881 
Sumitomo 0.8359 CL 0.8316 Société 0.5088 CS 1.0137 Société 1.0510 
ABN 0.7905 HSBC 0.7670 BoC 0.4355 Société 0.6281 BoA 1.0401 
CS 0.7644 BoA 0.6734 Sakura 0.4073 Sakura 0.5287 CS 0.8193 
Hanvit 0.6827 BankOne 0.5956 ABN 0.3160 Hanvit 0.5180 ABN 0.6011 
BoA 0.6108 NBoG 0.4852 CL 0.2964 BoC 0.5087 Dresdner 0.5042 
BoEA 0.5614 Sakura 0.4776 SBoI 0.2919 NBoG 0.4948 BoC 0.4747 
NBoG 0.4687 SottoBank 0.4509 BoEA 0.2796 ABN 0.4743 Sakura 0.4674 
Intesa 0.4609 BoEA 0.4315 NBoG 0.2658 CL 0.4600 NBoG 0.3740 
SottoBank 0.4111 Hanvit 0.4235 KEB 0.1910 SBoI 0.4464 Sumitomo 0.2975 
Sakura 0.3619 BoC 0.4206 Intesa 0.1845 BankOne 0.4342 Intesa 0.2694 
KEB 0.2158 CS 0.4096 SottoBank 0.1617 SottoBank 0.3244 BoEA 0.2654 
Tokai 0.1407 Intesa 0.3338 Hanvit 0.1425 BoEA 0.3056 KEB 0.1694 
ICBoC 0.1013 KEB 0.2608 Tokai 0.0864 KEB 0.2210 SottoBank 0.1256 
BankOne 0.0799 Tokai 0.1109 CS 0.0777 Intesa 0.1968 ICBoC 0.0670 
  ICBoC 0.0523 BankOne 0.0679 ICBoC 0.0809 Tokai 0.0470 
    ICBoC 0.0661 Tokai 0.0664   
1From a potential sample of 27 foreign bank subsidiaries, we are left with the annual sample sizes indicated at the head of each column after 
omitting banks on grounds of zero values for output securities. 

 

Scores in Table 13.2 show a wide distribution. This is a reflection of the variance in the 

raw data, which in turn indicates the different levels of performance on the chosen variables in the 

productivity model. 46 Given that the sample represents the population of foreign bank subsidiaries 

operating in Canada under the same regulatory system, any substantial violation of sample 

homogeneity is not in question. In fact, we can argue that the consistency of the membership of 

high performers and low performers across 1996-2000 provides further confidence in our choice of 

discriminating inputs and outputs. 

 

13.3.2 Stability tests 

In this section, a number of independent tests are carried out to evaluate the stability (robustness) of 

the efficient frontier to data perturbations. In principle, we say a frontier is stable if, in general, the 

same efficient banks are found after changes to the data which often take the form of deletion or 

addition of variables or units, or some other change to data without changing the variables used or 

the sample. 

13.3.2.1 Deleting variables and its impact on the efficient frontier membership 

Initially, we monitor the membership of the efficient frontier as variables are deleted. First, output 

securities (Sec) is removed, followed by the input equity multiplier (EM); each of these arbitrarily 

removed variables are returned to the sample before the next deletion, thus maintaining the same 

degrees of freedom. We focus our attention on correspondence of the frontier’s membership from 

                                                   
46 However, there is the possibility that DEA scores are also influenced by the operating environment and random errors which the 
technique cannot purge before reporting efficiency scores. For an approach designed to separate the impact of the environment and 
measurement errors from managerial efficiency, see Chapter 18 in this book, Marrying DEA with SFA. 
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the reduced variable set with that of the full-complement model. Overall, the efficient frontier can 

be regarded as stable because we find no new banks on the frontier as we independently remove an 

output and an input (see Table 13.3). 

Table 13.3  Stability of the efficient frontier after deletion of variables (banks on the frontier sorted by 

bank number)1 
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1FC is the abbreviation for the full-complement model. Second and third column headings refer to runs without the variables securities and equity 
multiplier respectively. 
 

Similarly, Bauer et al. (1998, p.87) refer to a consistency condition (iv) where one expects 

to see the same banks as relatively efficient or inefficient in different years. Perusing Table 13.3 we 

notice consistent efficiency scores over time particularly under the FC (full-complement) columns. 

We note that normally banks use similar technologies and key management does not change 

frequently. Thus, notwithstanding any significant external factors that may affect foreign bank 

subsidiaries differently (e.g. investment decisions by parent banks), efficiencies of banks are 

unlikely to change drastically in the short term unless there are problems with the measure used. 

However, there is a general reduction in the number of efficient banks on the frontier 

which can be attributed to the rise in degrees of freedom compared to the full-complement model 

and thus, the sharper discrimination it brings to the analysis regarding efficient and inefficient 

banks. Stability of the frontier is particularly noticeable in 1997 and 1998 where deletion of the 

input EM produces a set of efficient banks identical to that of the full-complement model. We also 

note that the reduction in the number of ‘efficient’ banks is not the same. This suggests that overall, 

dimensionality (i.e. number of efficient banks changing as a result of number of variables relative 

to sample size) is not the key driver of scores, and that, scores are in fact capturing actual bank 

inefficiencies. Where dimensionality is suspected to be the main driver of efficiency scores, data 

simulation and hypothesis testing can be employed as per Hughes and Yaisawarng (2004), which is 

demonstrated next. 
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13.3.2.2 Number of variables in relation to sample size and dimensionality 

The input of equity multiplier (EM) in the productivity model used in this study is not a commonly 

found variable in similar studies although risk level has been included as an input by Stanton 

(2002) as well. Yet, equity multiplier is a well-accepted measure of potential risk in banking theory 

(Sinkey 2002). We set out to gauge the importance of this variable in our productivity model as per 

Hughes and Yaisawarng (2004, p.418, footnote 6). In principle, the method involves generating 

multiple samples of random numbers for equity multiplier and comparing the mean proportion of 

efficient banks to emerge from DEA runs that include these samples, against that of the proportion 

of efficient banks from DEA with actual data for all variables. The significance of the difference 

between the two proportions can be tested by the t statistic. We hope to find support for the 

alternative hypothesis which states, ‘The proportion from the DEA run with full actual data will be 

lower than the mean proportion from the DEA runs where equity multiplier has been replaced by 

randomly generated numbers’. That is, the randomly generated EM numbers will have no 

technological relationship to other actual EM data and such samples will not capture all the 

inefficiency. On the other hand, if we discover that the proportions are not significantly different, 

then the implication would be that EM is not adding anything to the productivity model. 

For brevity, we test our hypothesis using 1998 data only and using 40 replications as per 

Tauer and Hanchar (1995). This partial dimensionality test indicates that, on average, 32.12% of 

banks are efficient in 1998 where EM values are randomly generated, whereas 23.08% of banks are 

efficient using actual values across all variables. The t statistic of 48.05 against the one-tailed 

critical t of 2.43 for alpha equal to 0.01 and 39 (N-1) degrees of freedom shows that there is no 

evidence to accept the null hypothesis that the proportions of efficient banks are the same. Thus, 

the alternative hypothesis is supported which states that the proportion of efficient banks from full 

actual data is lower than the mean proportion using random numbers. That is, EM is an important 

variable in our productivity model and it does not contribute to dimensionality. 

 

13.3.2.3 Deleting variables and its impact on rankings 

A possible extension of the first test of robustness is to generate Spearman’s rank correlations using 

super efficiency scores from the full complement model and reduced variable sets (see Hughes and 

Yaisawarng 2000). This is clearly a stricter test of sensitivity of bank rankings to the productivity 

model specification where the focus moves from the membership of the efficient frontier to pairs of 

rankings across the whole sample. The argument is, ranks of banks should not change substantially 

as variables are removed, thus producing statistically significant correlations. In fact, the Spearman 

rank correlations support this argument when we test ranks pooled across 1996-2000 from the full 

complement productivity model against the two reduced variable sets. When the variable securities 

is removed, ranks are correlated at 0.643 (with a two-tailed significance of 0.000), and the 

correlation is even stronger at 0.749 (with a two-tailed significance of 0.000) when securities is 
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returned to the model and equity multiplier is removed. Nevertheless, in practice, we can observe 

significant differences in rankings if the performance of banks varied substantially on the variable 

removed. We urge caution against productivity modelling where such sensitivity tests are allowed 

to dominate theoretical considerations in choice of variables. 

 

13.3.2.4 Deleting units and its impact on efficient frontier membership 

In this stability test, we monitor the membership of the efficient frontier as the top one-third of the 

efficient banks (as determined through super efficiency scores) in each year is deleted; this rule of 

thumb moderates the perturbations on the efficient frontier where the number of efficient banks 

may vary. 47 If the same efficient banks emerge after deletions, this suggests a stable efficient 

frontier. Results as seen in Table 13.4 indicate a stable efficient frontier across 1996-2000 e.g. in 

1996 (first column), BoTM to Dresdner are in both samples but they are not identically ranked. The 

increased proportion of efficient banks in the truncated samples (with the exception of year 2000) 

is due to reduced sample size and the resulting loss of discrimination. The shaded cells in Table 

13.4 indicate that the new efficient banks in the truncated samples are usually from amongst banks 

that were close to the efficient frontier in the complete sample. 

                                                   
47 When one-third is a fraction, the number is rounded down e.g. there are 10 efficient banks in 1996 where one-third is rounded down to 
3. 
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Table 13.4  Stability of the efficient frontier after deletion of the top one-third of efficient banks (banks ranked on scores)1 

ComSam ‘96 TrunSam ‘96 ComSam ‘97 TrunSam ‘97 ComSam ‘98 TrunSam ‘98 ComSam ‘99 TrunSam ‘99 ComSam ‘00 TrunSam ‘00 

JPMorgan 1.667   JPMorgan 1.866   JPMorgan 1.978   HSBC 1.647   UBS 1.345   

Deutsche 1.261   Citibank 1.265   BoA 1.244   JPMorgan 1.493   Deutsche 1.329   

Citibank 1.200   UBS 1.210 HSBC 1.549 UBS 1.208 HSBC 1.610 Citibank 1.239   Citibank 1.321   

BoTM 1.178 HSBC 2.330 ABN 1.188 UBS  1.381 BoTM 1.135 Deutsche 1.403 UBS 1.234 Dresdner 1.248 HSBC 1.289 HSBC 3.509 

SBoI 1.162 BoTM 1.213 Deutsche 1.143 Deutsche 1.338 Deutsche 1.062 UBS  1.274 BoTM 1.183 UBS  1.242 SBoI  1.259 Sanwa 1.311 

UBS 1.133 UBS 1.179 BoTM 1.118 ABN 1.188 Sumitomo 1.007 Citibank 1.205 Deutsche 1.167 Deutsche 1.202 Sanwa 1.234 Société 1.289 

CL 1.092 SBoI  1.173 Sumitomo 1.036 BoTM 1.160 Sanwa 0.655 BoTM 1.194 Sumitomo 1.140 BoTM 1.196 BoTM 1.192 SBoI  1.259 

Société 1.077 CL 1.136 SBoI 1.022 SBoI 1.143 Citibank 0.655 Société 1.148 Sanwa 1.128 BoA 1.160 BankOne 1.096 CS  1.243 

HSBC 1.058 Société 1.078 Société 0.966 Dresdner 1.114 HSBC 0.647 SBoI  1.140 BoA 1.058 Sumitomo 1.154 JPMorgan 1.088 BoTM 1.192 

Dresdner 1.036 Dresdner 1.066 Dresdner 0.917 Société 1.046 Dresdner 0.645 Dresdner 1.131 Dresdner 1.026 Sanwa 1.136 Société 1.051 BankOne 1.126 

Sumitomo 0.836 ABN 1.037 CL 0.832 Sumitomo 1.036 Société 0.509 Sumitomo 1.121 CS 1.014 CS  1.072 BoA 1.040 JPMorgan 1.088 

ABN 0.791 BoEA 1.026 HSBC 0.767 BankOne 1.003 BoC 0.436 Sanwa 1.064 Société 0.628 Société 1.042 CS  0.825 BoA 1.040 

CS 0.764 CS  0.836 BoA 0.673 BoA 0.986 Sakura 0.407 CS  1.063 Sakura 0.529 SBoI  1.014 ABN 0.601 ABN 0.639 

Hanvit 0.683 Sumitomo 0.836 BankOne 0.596 CL 0.942 ABN 0.316 BoC 0.877 Hanvit 0.518 CL 0.891 Dresdner 0.510 Dresdner 0.529 

BoA 0.611 BoA 0.697 NBoG 0.485 CS  0.500 CL 0.296 ABN 0.779 BoC 0.509 BoC 0.653 BoC 0.475 BoC 0.517 

BoEA 0.561 Hanvit 0.686 Sakura 0.478 NBoG 0.492 SBoI 0.292 BoEA 0.773 NBoG 0.495 NBoG 0.622 Sakura 0.467 Sakura 0.467 

NBoG 0.469 Intesa 0.556 SottoBank 0.451 Sakura 0.482 BoEA 0.280 Sakura 0.646 ABN 0.474 ABN 0.595 NBoG 0.374 NBoG 0.401 

Intesa 0.461 NBoG 0.469 BoEA 0.432 BoEA 0.458 NBoG 0.266 CL 0.577 CL 0.460 BoEA 0.531 Sumitomo 0.297 Sumitomo 0.297 

SottoBank 0.411 SottoBank 0.458 Hanvit 0.424 SottoBank 0.454 KEB 0.191 NBoG 0.507 SBoI 0.446 Sakura 0.529 Intesa 0.269 BoEA 0.276 

Sakura 0.362 Sakura 0.362 BoC 0.421 Hanvit 0.453 Intesa 0.185 Intesa 0.495 BankOne 0.434 Hanvit 0.518 BoEA 0.265 Intesa 0.270 

KEB 0.216 KEB  0.243 CS 0.410 BoC 0.445 SottoBank 0.162 SottoBank 0.385 SottoBank 0.324 BankOne 0.479 KEB 0.173 KEB  0.212 

Tokai 0.141 Tokai 0.155 Intesa 0.334 Intesa 0.389 Hanvit 0.143 KEB  0.345 BoEA 0.306 SottoBank 0.447 SottoBank 0.135 SottoBank 0.188 

ICBoC 0.101 ICBoC 0.114 KEB 0.261 KEB  0.262 Tokai 0.086 Hanvit 0.305 KEB 0.221 Intesa 0.364 ICBoC 0.067 ICBoC 0.091 

BankOne 0.080 BankOne 0.086 Tokai 0.111 Tokai 0.137 CS 0.078 Tokai 0.166 Intesa 0.197 KEB  0.301 Tokai 0.047 Tokai 0.047 

    ICBoC 0.052 ICBoC 0.052 BankOne 0.068 BankOne 0.138 ICBoC 0.081 ICBoC 0.099     

        ICBoC 0.066 ICBoC 0.076 Tokai 0.066 Tokai 0.072     

1ComSam is the abbreviation for complete sample; TrunSam is truncated sample. Banks deleted are in italics. New efficient banks appearing in truncated samples are shaded. 
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13.3.3 Beyond Stability: Integrity tests 

We continue by implementing an integrity test to investigate the ability of efficiency scores to 

discriminate between banks on performance; alternatively, we can regard this as a test of reliability, 

which is often defined as the extent to which an instrument can generate consistent results. We 

achieve this by constructing output/input ratios (based on raw, unweighted data) and comparing the 

difference of these ratios for efficient versus inefficient banks. Results shown in Table 13.5 lend 

further confidence to the use of DEA in separating efficient banks from inefficient banks where 

twenty-seven of the thirty-six ratios are higher for the efficient group. 

Other integrity tests can involve comparing the rankings of banks based on DEA scores 

and rankings based on standard non-frontier performance measures. Bauer et al. (1998, p.87) refer 

to a consistency condition (ii) where “the different approaches should rank the institutions in 

approximately the same order”. Our method involves comparing rankings pooled over the five year 

study period based on super-efficiency scores (see Table 13.2) against those based on widely used 

industry ratios such as return on assets (ROA) and cost efficiency. 48 The expected finding is that 

those banks that are more efficient will produce higher values on ROA and lower values on the 

ratio of cost efficiency. We measure the degree of correspondence between the ranks based on 

DEA and the ranks based on these two ratios by generating Spearman’s rho (rank-order 

correlations). Results indicate low but significant positive rank correlation coefficients where ROA 

ranks are correlated with DEA ranks at 0.260 (with a two-tailed significance of 0.003); similarly, 

cost efficiency ranks are correlated with DEA ranks at 0.182 (with a two-tailed significance of 

0.042). In a similar analysis, Bauer et al (1998, p.109) report even lower coefficients. 

 

                                                   
48 Return on assets is defined as the ratio of net income before provision for income taxes to total assets. Cost efficiency is defined as the 
ratio of operating expenses to total assets. 
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Table 13.5  Integrity test of efficiency scores using unweighted output/input ratios1 

1996 #banks Loans/Deposits Loans/NonIE Loans/EM Sec/Deposits Sec/NonIE Sec/EM NonII/Deposits NonII/NonIE NonII/EM 

Efficient 10 0.92 39.50 199,136 0.24 10.40 52,428 0.0128 0.55 2,771 

Inefficient 14 0.76 52.19 47,195 0.24 16.12 14,574 0.0058 0.40 359 

%Difference  20.32 -24.33 321.94 2.58 -35.48 259.74 119.98 38.36 671.44 

           

1997 #banks Loans/Deposits Loans/NonIE Loans/EM Sec/Deposits Sec/NonIE Sec/EM NonII/Deposits NonII/NonIE NonII/EM 

Efficient 8 1.10 29.55 132,801 0.58 15.42 69,304 0.0218 0.58 2,620 

Inefficient 17 0.84 48.90 126,162 0.17 9.76 25,188 0.0097 0.56 1,453 

%Difference  31.30 -39.58 5.26 243.20 57.93 175.15 124.94 3.51 80.33 

           

1998 #banks Loans/Deposits Loans/NonIE Loans/EM Sec/Deposits Sec/NonIE Sec/EM NonII/Deposits NonII/NonIE NonII/EM 

Efficient 6 1.18 40.71 138,841 0.37 12.90 44,006 0.0182 0.63 2,141 

Inefficient 20 0.93 38.93 147,594 0.21 8.64 32,749 0.0135 0.57 2,150 

%Difference  27.08 4.56 -5.93 81.53 49.36 34.37 34.56 10.71 -0.40 

           

1999 #banks Loans/Deposits Loans/NonIE Loans/EM Sec/Deposits Sec/NonIE Sec/EM NonII/Deposits NonII/NonIE NonII/EM 

Efficient 11 0.93 30.01 269,987 0.25 8.16 73,435 0.0201 0.65 5,850 

Inefficient 15 0.98 38.00 64,717 0.16 6.37 10,844 0.0120 0.47 793 

%Difference  -5.09 -21.03 317.18 54.07 28.19 577.18 67.87 39.68 637.85 

           

2000 #banks Loans/Deposits Loans/NonIE Loans/EM Sec/Deposits Sec/NonIE Sec/EM NonII/Deposits NonII/NonIE NonII/EM 

Efficient 11 0.88 31.66 308,717 0.27 9.54 92,978 0.0214 0.77 7,482 

Inefficient 13 0.90 35.64 52,714 0.19 7.55 11,172 0.0153 0.61 895 

%Difference  -1.93 -11.17 485.64 39.37 26.24 732.25 39.94 26.75 735.65 
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 The above findings point to a weak consistency between ranks suggested by DEA and the 

two financial ratios. This observation can be partly explained by the noise that would be present in 

data collected across five years particularly in an aggregate figure such as total assets. 

Nevertheless, the positive and significant Spearman rank correlations point in the right direction, 

thus providing some confidence in decisions based on DEA when compared to common financial 

ratios. Finally, at the risk of stating the obvious, let us say that the degree of consistency between 

DEA based ranks and ranks derived from non-frontier measures will also depend on the 

correspondence of variables that comprise such performance models. Furthermore, DEA works on 

the principle of capturing the interaction amongst multiple inputs and outputs and it is this 

advantage of DEA over financial ratios that we need to recall. That is, there is no compelling 

reason here to expect a strong positive rank correlation although it is always comforting when 

different approaches yield similar results. 

13.4. Conclusions 

We choose the slacks-based measure of efficiency rather than relying solely on the traditional 

models of data envelopment analysis because it is a fully units-invariant model that simultaneously 

measures radial as well as non-radial inefficiencies. That is, we are able to capture both the radial 

and non-radial components of inefficiency in a scalar without being concerned about the different 

dimensions of variables. Furthermore, we successfully test for stability of the efficient frontier, a 

step that is often omitted or not reported. As a result, we are more confident of the appropriateness 

of our productivity model and methodology to the task on hand. 

Efficient frontier techniques such as DEA rely on relative evaluation by comparing the 

position of the inefficient unit to the frontier. As such, a stable frontier we have confidence in 

becomes critical to any benchmarking decisions that may emanate from DEA. That is, in 

determining potential improvements for inefficient units, management needs to be careful in 

selecting units to be emulated. The stability and integrity tests illustrated in this study provide a 

sound group of approaches that can be employed toward building confidence in managerial 

decision making. 
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PART V: ADVANCED CONCEPTS OF DEA 
 

 

CHAPTER 14: Malmquist Productivity Index – 
Australian Trading Banks 
by Necmi K Avkiran 

14.1 Introduction 

This chapter discusses and illustrates Malmquist productivity indices (MPI) in the context of the 

changes in productivity of the Australian retail-banking sector in the deregulated period 1986-

199549. Productivity of four major trading banks and six regional banks is investigated over the ten-

year period using MPI. Malmquist indices capture the overall change in productivity, as well as 

provide a breakdown into technical efficiency (TE) and technological change (TC). That is, an 

increase in productivity from one year to the next may be due to improved technical efficiency, 

technological progress or a combination of the two. 

Measuring technical efficiency is an attempt to quantify how well the inputs are converted 

into outputs by the production process. However, used in isolation, technical efficiency can be a 

misleading measure of productivity for an organisation or industry where major environmental 

changes are under way e.g. deregulation or technological change. Thus, another source of 

productivity improvement that should be studied is technological progress. Technological progress 

represents a shift of the efficient frontier due to technological innovation and it should be 

distinguished from gains in technical efficiency represented by units moving towards the frontier. 

The Malmquist index is often used to measure technological progress (Coelli, Rao and Battese 

1998). 

Deregulation of the Australian finance sector began in December 1983 when the dollar was 

floated and exchange controls lifted. Australia entered the deregulated period with 24 banks. 

Deregulation continued to unfold with lifting of deposit controls, authorisation of savings banks to 

provide chequing facilities, invitation of foreign banks to operate in Australia, changes in 

ownership of authorised money market dealers, expansion of services by credit unions and building 

societies, and so on. 

As a direct result of deregulation Australian banks are facing more competition from 

building societies, credit unions and mortgage originators. In the last ten years or so, the lines 

separating the banks and other financial institutions have become less well defined. Taking 

                                                   
49 This chapter has been adapted from Avkiran (2000). 
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advantage of legislative and technological changes, state banks, regional banks, and building 

societies are competing head-on with larger banks both across geographical boundaries and product 

range. 

The Australian banks have responded to increased competition through such practices as 

securitisation, generating revenue from fees rather than the interest spread, product innovation, and 

new delivery channels. For example, banks are entering collaborative agreements with major 

retailers such as supermarket chains to increase distribution of products with minimal capital 

investment. Rationalisation or restructuring of existing branch networks is also part of banks' 

responses to competitive pressures in the deregulated period. Central to this exercise are staff 

redundancies, sale and leaseback of branch real estate, branch closures, and in some cases, re-

engineering of the retail delivery channels aimed at improving cost efficiency and customer 

service. The self-service technologies have become the indispensable tools in minimising service 

delivery costs and are particularly promoted in rural areas where branch closures otherwise pose a 

serious depletion of retail banking services. 

14.2 Research Design 

14.2.1 Modelling Bank Behaviour 

Measuring productivity requires determining inputs and outputs. This can be difficult because there 

is no consensus amongst researchers about the inputs and outputs of a bank. Nevertheless, there are 

two principal schools of thought on bank behaviour that can help select inputs and outputs. One of 

these is the intermediation approach to modelling bank behaviour where, as the name suggests, 

banks are regarded as intermediaries in raising funds in the form of deposits and other funds, and 

lending funds in the form of loans and other assets to generate earnings. In this asset approach, the 

funds raised and the expenses incurred in the intermediation process are normally treated as inputs, 

whereas the funds loaned and income generated are regarded as outputs. According to Sealey and 

Lindley (1977), who are often credited with introducing the now popular intermediation approach, 

designation of only earning assets as outputs is consistent with rational profit maximising 

behaviour. Hence, the objective of banks is considered as implementing this transfer process 

efficiently where outputs are maximised and/or inputs minimised. As the intermediation approach 

effectively takes into account both operating and interest expenses, it is often considered as more 

appropriate for investigating economic viability (Wheelock and Wilson 1995). 

The main alternative to the intermediation approach is the production approach. Under the 

production approach, the objective of banks is to minimise the consumption of resources in 

providing various products and services, or maximise products and services for given levels of 

resources. Hence, the essence of production modelling is to identify those resource inputs that are 

key to producing the main outputs, where outputs are usually measured in number of accounts or 

transactions rather than dollars. Due to its stronger focus on operations where interest expenses are 
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normally ignored, the production approach is more appropriate for the study of operating 

efficiency. The production approach can be traced to Towey (1974) who regards demand deposits 

as the main output of commercial banks. Outputs can include some of the other key activities of 

modern retail banking such as funds management and insurance as well.  

A third approach to modelling bank behaviour is that of value-added (Berger and 

Humphrey 1992). Under this approach high value creating activities requiring large expenditures 

on labour and physical capital such as making loans and taking deposits are classified as outputs 

and measured in dollar terms, whereas labour, physical capital, and purchased funds are classified 

as inputs (Wheelock and Wilson 1995). The value-added approach can be seen as a variation of the 

production approach. 

A fourth approach is known as user-cost. The user-cost approach assigns an asset (e.g. 

personal loans) as an output if the financial returns are greater than the opportunity cost of funds. 

Similarly, a liability item (e.g. savings accounts) is regarded as an output if the financial costs are 

less than the opportunity cost. If neither of these conditions is satisfied, the asset or the liability is 

classified as input (Berger and Humphrey 1992). The user-cost approach is usually attributed to 

Hancock (1986). According to Hancock, user costs can be calculated for all assets and liabilities on 

the balance sheet. However, the assignment of assets and liability items as inputs or outputs may 

change with movements in interest rates and service charges. In its implementation, the user-cost 

approach remains difficult at best and in most countries the kind of disaggregated specific data 

required elude those external to the financial institution. Other implementation problems include 

generally unobservable asset and capital prices in the next period, the choice of discounting rate 

and depreciation rate (Hancock 1991). 

 

14.2.2 Measuring Bank Efficiency 

In the last decade of the 20th century the focus of bank efficiency measurement has shifted to x-

efficiencies, that is, the ability of management to control costs and generate revenues (Elyasiani 

and Mehdian 1990; Ferrier and Lovell 1990; English et al. 1993; Allen and Rai 1996; Mester 

1996). X-efficiency, a general term that refers to various frontier measures capturing the deviation 

in performance from the best practice, comprises allocative and technical efficiencies of banks. 

Allocative inefficiency is defined as ‘a decline in performance from selecting an ineffective 

production plan’ (see Chapter 8, section 8.2.1), whereas technical inefficiency is defined as the 

poor implementation of this production plan (Berger, Hancock, and Humphrey 1993). Existing 

studies indicate that x-inefficiencies constitute 20% or more of costs, whereas economies of scale 

and scope inefficiencies account for less than 5% of costs in banking (Berger, Hunter, and Timme 

1993). 

There is no consensus on the best method for measuring x-efficiencies. The principal 

measurement problem is distinguishing variations in x-efficiency from random error. Examples of 
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different methods are the econometric frontier approach, the thick frontier approach, the 

distribution-free approach, and DEA. Each of these approaches makes different assumptions about 

the distribution of x-efficiency differences and random error (Berger, Hunter, and Timme 1993). 

DEA, the technique adopted in this study for generating MPI, usually assumes no random error, 

thus implying that all deviations from the estimated efficient frontier actually constitute x-

inefficiencies. 

 

14.2.3 Sample and Data 

Ten Australian trading banks in the deregulated period comprise the study sample. Four of the 

banks are major trading banks and six are regional banks as shown in Table 14.1; others could not 

be included due to inconsistent availability of data between 1986-1995 primarily due to mergers, 

acquisitions or establishment of new banks. Foreign banks were omitted because between 1986-

1995, most operated as subsidiary banks with restrictive capital adequacy requirements and dealt 

mainly in wholesale banking. The research is designed to follow the technical efficiency and 

technological progress of the retail-banking sector across 1986-1995. 

Table 14.1  Trading Banks in the Study Sample 
Name of Trading Bank Abbreviation Used 
Advance Bank Australia Advance 
ANZ Banking Group (major) ANZ 
Bank of Queensland BankQLD 
Bank of South Australia BankSA 
Bank of Western Australia BankWA 
Commonwealth Bank of Australia (major) CBA 
Macquarie Bank Macquarie 
National Australia Bank (major) NAB 
State Bank of NSW SBankNSW 
Westpac Banking Corporation (major) Westpac 

 

It was possible to collect data on 4 inputs (staff numbers, deposits, interest expense, and 

non-interest expense) and 3 outputs (net loans, net interest income, and non-interest income) of 

interest to this research project through the Reserve Bank of Australia. In the spirit of directly 

measuring management’s success in controlling costs and generating revenues in a discriminating 

model, net loans, deposits, and staff numbers were dropped from the analysis, leaving two input 

and two output variables. Modelling output orientation, the analysis was run with interest expense 

and non-interest expense as inputs, and net interest income and non-interest income as outputs.50 

Table 14.2 reports the descriptive statistics for the four variables. 

                                                   
50 Non-interest expense equals before tax total expenses less interest expenses and charges for bad and doubtful debts. Net interest 
income equals interest income less interest expense. Non-interest income equals all revenues less interest income and bad debt 
recoveries. 
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Table 14.2  Descriptive statistics for inputs and outputs 

Inputs/Outputs 
Interest Expense Non-interest Expense Net Interest Income Non-interest Income 

Pearson Correlations 

Interest Expense 1.000    

Non-interest Expense 0.906 1.000   

Net Interest Income 0.891 0.975 1.000  

Non-interest Income 0.890 0.971 0.932 1.000 

     

Year Mean SD Mean SD Mean SD Mean SD 

1986 1746.269 1887.275 692.227 795.538 633.745 741.377 343.287 410.234 
1987 1913.887 1921.185 760.818 811.826 695.572 758.512 378.730 418.565 
1988 1474.491 1762.033 570.630 735.517 556.155 741.139 259.386 325.452 
1989 1957.122 1904.986 769.754 806.322 717.097 766.860 425.457 507.899 
1990 1906.573 1954.506 753.768 821.163 700.580 781.700 421.179 511.632 
1991 1930.631 1934.455 762.320 813.731 711.739 772.200 422.511 510.558 
1992 1650.783 1953.182 620.676 806.209 560.654 746.463 379.176 525.028 
1993 1984.029 1912.077 766.789 811.630 710.504 754.873 425.592 513.635 
1994 1604.335 1911.475 645.793 828.506 586.701 771.519 364.071 517.832 
1995 1904.688 1981.943 756.982 829.497 707.721 783.840 424.414 518.527 
1986-1995 1697.751 1690.915 818.138 698.842 789.104 641.418 459.924 492.291 
Note: SD (standard deviation). 
 

The selected variables can be argued to fall under the intermediation approach to modelling 

bank behaviour where interest expense is a proxy for deposits and net interest income is a proxy for 

loans. Non-interest expense represents the resources expended in converting deposits to loans and 

non-interest income represents the fees charged for services. Examples of other studies where these 

variables have been used include: Charnes et al. (1990), Yue (1992), Miller and Noulas (1996), 

Bhattacharyya, Lovell, and Sahay (1997), Brockett et al. (1997), Leightner and Lovell (1998), and 

Avkiran (1999b). The dollar entries were deflated back to the base year 1986. 

The main limitation of this study is the assumption of a common technology by projecting 

the small regional banks and the major trading banks onto the same production frontier. Due to the 

small sample size it was not feasible to repeat the analysis separately for the two groups. Hence, it 

is unknown whether the productivity differences between the major banks and regional banks are 

due to the characteristics of the markets in which they operate. 

 

14.2.4 Defining Malmquist Productivity Index 

Here the more traditional approach to defining the Malmquist productivity index is outlined. The 

Malmquist productivity index is defined with distance functions. When panel data are used, 

distance functions permit the researcher to describe multiple input multiple output production 

technologies without behavioural objectives such as profit maximisation or cost minimisation 

(Coelli, Rao and Battese 1998). In an output distance function, the aim is to maximise the 

proportional expansion of the output vector for a given input vector. Equation 1 shows the 

Malmquist total factor productivity index decomposed into technical efficiency and technological 

change after Fare et al. (1994). The ratio outside the square brackets represents the change in 
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technical efficiency and the expression inside the square brackets depicts technological change. To 

assist the interpretation of equation 1, it is noted that dt (yt+1, xt+1) represents the distance between 

the period t+1 observation and the period t technology. 
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Figure 14.1 illustrates the measures inherent in equation 1 using the example of a single 

output y and a single input x. The bank is producing at a level of productivity less than what is 

feasible under each period’s technology. MPI under constant returns to scale technology indicates a 

potential rise in productivity as the technology frontier shifts from period t to t+1. For example, the 

bank at time t could produce output yp for input xt; for the same input it could produce output yq at 

time t+1. Change in technical efficiency and technological change depicted in Figure 14.1 are 

represented by the distance functions in equations 2 and 3 respectively. 

Figure 14.1  Output Oriented Malmquist Productivity Index Using Constant Returns to Scale 
Technology 
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Let us now put some numbers on the points in Figure 14.1 and illustrate Malmquist index 

by a simple example that represents real life practice. Assume that a major bank operating under 

the production frontier (i.e. inefficient) produces 30,000 mortgages (output) in period t employing 

500 loan officers (input). In period t+1 the bank produces 45,000 mortgages with 550 officers. 

However, we have no way of telling whether the change in TFP was due to changes in TE or TC or 

some combination of TE and TC. Fortunately, Malmquist allows TFP to be explained in terms of 

TE and TC indices, where TFP = TE x TC. 

To calculate the change in TE, we need to know how much the bank will produce if it were 

to shift itself onto the production frontier, that is, yp and yr. Let us further assume that yp and yr 

equal 35,000 and 50,000 mortgages respectively, representing the bank’s potential outputs in two 

consecutive periods if it were to catch up with the production frontier. We now have sufficient 

information to apply equation 2. TE index emerges as 1.05 or a gain of 5%. 

Next we calculate TC by using equation 3. Here, the only unknown is yq, which represents 

the bank’s output on the t+1 production frontier using the previous period’s input, xt; we assume 

this to be 40,000 mortgages. Technological change index emerges as 1.43 or a gain of 43%. We 

can now calculate TFP by multiplying TE with TC, i.e. 1.50 (1.05x1.43). The rise in total factor 

productivity of the major bank can be seen in Figure 14.1 in the way it has followed the frontier 

shift. 

We now return to the formulation of MPI. Distance functions in the MPI are calculated 

using DEA-like linear programs. Benefits of using a DEA-like efficient frontier technique include: 

(a) not having to rely on price information, (b) organisations need not be assumed efficient, and (c) 

total factor productivity can be decomposed into changes in technical efficiency and technological 

change. Total factor productivity is equal to the product of technical efficiency and technological 

change. In turn, technical efficiency is equal to the product of PTE and SE. However, even though 

the product of TE and TC equals TFP, the two components may be changing in opposite directions. 

Output orientated DEA-like linear programs are summarised in equations 4-7. Equations 4 

and 5 represent the case where a datum point observed in a period is compared to production 

technology (frontier) of that period. Similarly, in equations 6 and 7, data points are compared to 

technology of the previous period. It should be noted that equations 4-7 have to be solved once for 

each bank in each pair of adjacent time periods. To construct a chained index, it is necessary to 

solve for N x (3T-2) linear programs, where N is the number of banks and T is the number of time 

periods (Coelli, Rao and Battese 1998). That is, for 27 banks across five years, it is necessary to 

solve 351 linear programs i.e. [27 x (3 x 5-2)]. 
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14.3 Analysis of Results 

Table 14.3 summarises the changes in total factor productivity (TFP) for the study period on an 

individual bank basis and across each year. On average the retail-banking sector increased its TFP 

by 3.2% per year between 1986-1995. This compares favourably to the cost efficiency (operating 

expenses/total assets) of major trading banks that varied between 3.2-3.8% for the same period 
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(Financial System Inquiry 1997); comparable international banks showed cost efficiencies between 

2.6-4.3%. This indicates that Australia (or, at least the major banks that hold the majority of bank 

assets) performed well in the context of international benchmarks. 

NAB makes the largest contribution to the rise in TFP whereas SBankNSW appears to 

reduce TFP. In terms of annual sector performance, 1993 is associated with the largest rise in TFP 

due to both pure technical efficiency (PTE) and TC improving in the same year. Years 1990 and 

1991 are associated with a reduction in TFP (see bottom row of mean values in Table 14.3). 

Coefficient of variation (i.e. standard deviation / mean) of TFP reveals highest sector relative 

variability in 1991 and highest bank variability with BankSA (not reported in tables). 

 

Table 14.3  Changes in Total Factor Productivity (TFP) 

Bank 1987 1988 1989 1990 1991 1992 1993 1994 1995 
Mean(SD) 

Bank 
TFP* 

Advance 0.953 1.021 0.920 1.003 1.143 1.050 1.089 1.047 1.003 1.023 
(.067) 

ANZ 1.187 0.969 0.940 0.934 1.083 1.016 1.051 1.124 0.947 1.024 
(.090) 

BankQLD 1.034 1.217 0.869 0.943 1.116 1.140 1.065 0.988 0.893 1.024 
(.117) 

BankSA 1.012 1.018 1.128 1.053 0.351 1.461 1.718 0.800 1.393 1.021 
(.398) 

BankWA 0.997 1.183 1.031 0.754 0.936 1.166 1.064 1.051 1.094 1.023 
(.129) 

CBA 0.940 1.174 1.022 0.914 1.148 0.871 1.069 1.080 1.012 1.021 
(.104) 

Macquarie 1.230 0.942 1.080 0.908 1.054 0.905 1.071 1.161 0.839 1.014 
(.130) 

NAB 1.057 1.122 1.032 0.941 1.044 1.037 1.139 1.126 0.866 1.037 
(.090) 

SbankNSW 0.962 1.032 1.040 0.912 1.085 0.920 0.988 0.975 1.048 0.994 
(.060) 

Westpac 0.996 1.129 0.975 1.071 0.976 0.861 1.246 0.995 0.955 1.017 
(.112) 

 
Mean (SD) 
Annual TFP 

1.037 
(.098) 

1.081 
(.096) 

1.004 
(.078) 

0.943 
(.089) 

0.994 
(.236) 

1.043 
(.182) 

1.150 
(.211) 

1.035 
(.104) 

1.005 
(.158) 

 

1.032** 

Notes: SD (standard deviation); * Geometric mean across the period; ** Average of mean annual TFP. 

 

Table 14.4 summarises the changes in PTE. On average the sector increased its PTE by 

0.7% per year. Advance and BankWA show a small rise in PTE, with the remaining banks either 

experiencing an overall reduction in PTE or showing no change between 1986-1995. Years 1992, 

1993 and 1995 are the only years showing a substantial sectoral growth in PTE, with other years 

(except 1988) showing an overall reduction in PTE (greatest reduction is in 1991). Relative 

variability of PTE is highest in 1992 and with BankSA. An explanation of the variability in 

BankSA's performance is provided by the technical inefficiency in interest expense usage almost 

doubling from 1990 to 1991. This, in turn, is attributed to the particularly large non-accruals in 

1991 that lead to state government indemnifying $2.2 billion of BankSA's capital (KPMG 1992). 
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Table 14.4  Changes in Pure Technical Efficiency (PTE) 

Bank 1987 1988 1989 1990 1991 1992 1993 1994 1995 
Mean(SD) 

Bank 
PTE* 

Advance 0.957 0.991 0.902 1.009 1.015 1.144 1.016 1.000 1.000 1.002 
(.064) 

ANZ 1.000 1.000 1.000 1.000 0.897 1.115 1.000 0.983 0.997 0.998 
(.055) 

BankQLD 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 
(.000) 

BankSA 1.022 0.915 1.053 1.048 0.340 1.796 1.399 0.760 1.409 0.994 
(.419) 

BankWA 0.908 1.150 1.020 0.761 0.832 1.302 1.038 1.020 1.098 1.002 
(.165) 

CBA 1.000 0.994 1.006 0.971 1.030 0.934 0.949 0.969 1.165 1.000 
(.068) 

Macquarie 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 
(.000) 

NAB 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 
(.000) 

SbankNSW 0.889 1.034 1.007 0.925 1.014 1.001 0.965 0.951 1.041 0.980 
(.052) 

Westpac 1.000 1.000 1.000 1.000 1.000 0.973 1.028 0.846 1.063 0.988 
(.059) 

 
Mean (SD) 
Annual PTE 

0.978 
(.045) 

1.008 
(.058) 

0.999 
(.038) 

0.971 
(.080) 

0.913 
(.211) 

1.127 
(.259) 

1.040 
(.129) 

0.953 
(.084) 

1.077 
(.129) 

 

1.007** 

Notes: SD (standard deviation); * Geometric mean across the period; ** Average of mean annual PTE. 

 

Declines in PTE should be interpreted with caution. For example, in BankSA, the 

technological progress of 16.7% in 1991 (see Table 14.5) would have further amplified the 

observed decline in PTE. This is because PTE is now measured against an efficient frontier that 

represents better productive possibilities under technological advance. In principle, if the 

movement toward the frontier (i.e. gains in PTE) were less than the shift of the frontier (i.e. 

technological progress) then there would be an overall decline in measure of PTE. 

Table 14.5 highlights the numbers for TC. On average the sector shows an improvement of 

2.8% per year. Regarding TC (see Table 14.5), all the banks exhibit overall progress of similar 

magnitudes across the period where NAB can claim the greatest progress and Macquarie the 

smallest progress. As a sector, the greatest progress takes place in 1991, with years 1990, 1992 and 

1995 showing technological regress. 

 
Table 14.5  Technological Change (TC) 

Bank 1987 1988 1989 1990 1991 1992 1993 1994 1995 
Mean(SD) 

Bank 
TC* 

Advance 1.025 1.050 0.997 1.001 1.090 0.962 1.022 1.047 1.003 1.021 
(.037) 

ANZ 1.142 1.032 0.992 0.982 1.194 0.915 1.090 1.056 0.922 1.032 
(.095) 

BankQLD 1.034 1.217 0.869 0.943 1.116 1.140 1.065 1.000 0.883 1.024 
(.118) 

BankSA 1.004 1.110 1.058 1.014 1.167 0.905 0.986 1.039 1.011 1.030 
(.075) 

BankWA 1.080 1.019 1.025 0.996 1.088 0.901 1.027 1.030 1.008 1.018 
(.054) 

CBA 0.943 1.196 1.001 0.942 1.113 0.962 1.126 1.089 0.863 1.021 
(.109) 

Macquarie 1.230 0.942 1.080 0.908 1.054 0.905 1.071 1.161 0.839 1.014 
(.130) 
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Bank 1987 1988 1989 1990 1991 1992 1993 1994 1995 
Mean(SD) 

Bank 
TC* 

NAB 1.057 1.122 1.032 0.941 1.044 1.037 1.139 1.126 0.866 1.037 
(.090) 

SbankNSW 1.082 1.011 1.015 0.989 1.063 0.919 1.027 1.033 1.007 1.015 
(.046) 

Westpac 1.023 1.129 1.020 0.997 1.151 0.955 1.043 1.074 0.898 1.029 
(.080) 

 
Mean (SD) 
Annual TC 

1.062 
(.079) 

1.083 
(.087) 

1.009 
(.056) 

0.971 
(.035) 

1.108 
(.050) 

0.960 
(.076) 

1.060 
(.048) 

1.066 
(.048) 

0.930 
(.070) 

 

1.028** 

Notes: SD (standard deviation); * Geometric mean across the period; ** Average of mean annual TC. 

  

Figure 14.2 charts the changes in TFP, PTE, and TC for the deregulated period 1986-1995 

where values above 1 indicate a gain in productivity. Figure 14.2 shows that up to 1990 the 

changes in PTE and TC were in the same direction. After 1990, PTE and TC changed in opposite 

directions, switching positions from one year to the next. The overall outcome of this interaction 

was a fluctuating TFP for the retail-banking sector. The only sustained growth in TFP in this ten-

year deregulated period is between 1990 and 1993. 

Figure 14.2  Summary of Productivity Changes in Retail Banking Sector, 1986-1995 
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Table 14.6 illustrates the mean productivity change grouped for major trading banks and 

regional banks. The performances of the two groups are similar on PTE although there is a higher 

variability amongst the regional banks. Regarding TC, major banks exhibit a higher technological 

progress compared to the regional banks. The net effect of these changes is a smaller improvement 

in TFP (with larger variability) amongst the regional banks. Figure 14.2 also indicates that, overall, 

TFP is driven more by TC than PTE. 

 
Table 14.6  Summary of Mean Change (and Standard Deviation) in Productivity Grouped for Major 
Trading Banks and Regional Banks, 1986-1995 
 Major Banks Regional Banks 
TFP 1.025 (0.008) 1.016 (0.011) 
PTE 0.997 (0.006) 0.996 (0.009) 
TC 1.030 (0.007) 1.020 (0.006) 
Notes:  (change). 
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14.4 Discussion 

The initial decline in TFP from 1988 to 1990 followed by a steady rise from 1991 to 1993 can be 

explained by the events of the period. The unprofitable lending decisions in the late 1980s 

following deregulation would have impacted the interest income (output) of most banks. On the 

input side of the equation, interest expense emerges as a significant source of inefficiency as banks 

were allowed to compete with each other on deposit rates and types of interest paying products. 

This was particularly noticeable because banks had been slow in setting up a trade-off between 

offering competitive deposit rates and raising fees. Once the banks recovered from the 

consequences of their poor decisions and the market rules of competitive engagement became 

clearer, the TFP shows a steady rise in early1990s. 

Findings in the Australian retail-banking sector for the deregulated period 1986-1995 

indicate an overall rise in total productivity (on average 3.2% per year) driven more by 

technological progress than technical efficiency. Whereas all the trading banks exhibit an overall 

technological progress across 1986-1995, the less than 1 average changes in PTE for the same 

period imply that about half the banks were unable to keep up with the technological change. Can 

this be construed as an indication of degree of control managers exercise over the processes of PTE 

versus TC? For example, an effective way to raise PTE is to reduce non-interest expenses e.g. 

salaries. However, forced redundancies often lead to interruption of services usually followed by 

public and political backlash. Thus, it can be argued that management has limited control in this 

area. On the other hand, management can proceed with installation of a new banking technology 

with relative ease, suggesting that they have more control over technological progress. 

Results indicate a small overall rise in PTE (on average 0.7% per year) and a more 

significant overall rise in TC (on average 2.8% per year). Theoretically, overall improvement in 

PTE implies diffusion of technology. PTE improvement at bank level is evidence of that 

organisation catching up to the production frontier that represents the period's technology. On the 

other hand, improvement in TC is considered progress of this technology and constitutes evidence 

of innovation. Distinguishing between improvement in PTE and TC is significant for policy 

formulation in retail banking. For example, low growth rates in productivity could be a 

consequence of institutional barriers hindering the diffusion of innovations. Such a case suggests 

that efforts exerted in removing institutional barriers should be more effective than developing 

more innovations (Grosskopf 1993). 

14.5 Summary 

Productivity of four major trading banks and six regional banks is investigated using Malmquist 

productivity indices in the deregulated period 1986-1995. The principal findings indicate an overall 

rise in total productivity driven more by technological progress than technical efficiency. 



Part V – Advanced Concepts of DEA 

Chapter 14 

- 147 -

Performance of major trading banks on technical efficiency is similar to that of regional banks but 

higher on technological progress. Distinguishing between improvement in technical efficiency and 

technological change is significant for policy formulation. Technological innovation can be 

construed as a sign of dynamic efficiency where banks take advantage of new cost-effective 

technologies and pursue product and market development. The next chapter applies the 

mathematical models shown in this chapter to an analysis of government funded education 

services. 
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CHAPTER 15: Malmquist Productivity Index – 
Government Funded Education Services 
by C A Knox Lovell 51 

 

15.1 Introduction 

This chapter uses data from annual editions of the Report on Government Services (SCRGSP 2006; 

hereafter referred to as the Report) to generate preliminary estimates of productivity change in the 

provision of government education services. The Report is an inter-governmental exercise overseen 

by the Steering Committee for the Review of Government Service Provision. The Review was 

established by heads of government in 1993 to develop objective and consistent data on the 

performance of services that are central to the wellbeing of Australians. In discussing the reasons 

for reporting on performance, the Steering Committee states that: 

Traditionally, much of the effort to improve the effectiveness of 

government services has focused on increasing the level of resources 

devoted to them. This approach overlooks another important means of 

enhancing services – that is, by finding better and more cost-effective 

ways in which to use existing resources … 

Performance measurement provides one means of shifting the focus from 

resources (or inputs) to the use of resources to deliver desired outcomes 

of government services. (SCRGSP 2006, pp. 1.3, 1.4) 

The Report provides performance reporting on 14 service areas. The education services 

component, consisting of school education and vocational education and training (VET), accounted 

for 36 per cent of approximately $89.4 billion of government recurrent expenditure on services in 

2004-05 (SCRGSP 2006, pp. 1.6).  

The study is derived from a larger project on the estimation of productivity change in 

government services (Lovell and Baker 2005). It extends the study period from 1996-97–2002-03 

to 1996-97–2004-05, and it sharpens the focus from government services to government education 

services. It also attempts to identify strategies for improving preliminary evidence on productivity 

change in government education services provision. 

The chapter is organised as follows. Section 15.2 discusses some features of government 

service provision that make productivity measurement a challenging exercise. Section 15.3 

provides the motivation for, and a brief discussion of, the methodology used to estimate 

                                                   
51 C. Herman and Mary Virginia Terry Professor Department of Economics, Terry College of Business University of Georgia, Athens, 
knox@terry.uga.edu 
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productivity change. Section 15.4 describes the data used in the chapter. Section 15.5 presents 

preliminary estimates of productivity change for the school education and VET service areas. 

Variations on the basic model are estimated to examine the effect of alternative specifications of 

inputs and outputs, the latter involving adjustments for service attributes. Section 15.6 draws 

conclusions from the preliminary estimates and supporting evidence available in the Report. It also 

suggests how estimates of productivity change in the provision of government services might be 

improved in future. 

15.2 Characteristics of government services 

Government services differ from market sector activities in ways that affect both actual 

productivity change and the techniques suitable for the estimation of productivity change.  

Actual productivity change is influenced by the environment in which production occurs. 

Government services are delivered in an environment that differs systematically from that 

confronting the market sector. The principal differences are that government services are often not 

priced and their provision is often not subject to competitive pressures. In addition, production 

decisions are often affected by non-commercial considerations generally not faced in the market 

sector (for example, policies requiring the delivery of services in remote locations). A service 

provider’s revenue and financing is often largely from tax revenue or public debt, in contrast with 

entities in the market sector which rely on consumer expenditures for revenue and equity markets 

for financing. Management also tends to be less influenced by market disciplines (and rewards), 

there being no tradeable ownership shares and no residual claimants on surpluses.  

In an environment lacking price signals and competitive pressures, it is possible that 

productivity change for government services lags behind that found in the market sector. However, 

any comparison is complicated by difficulties in measuring outputs not typically encountered in the 

market sector. These include a lack of agreement on suitable definitions for the services being 

provided, and difficulties in characterising quality and other attributes of the services being 

provided. Where quality and other service characteristics have been improving, these measurement 

difficulties can cause actual productivity change for government services to be understated. There 

is a widespread belief that productivity change is understated for services generally — the 

existence of additional measurement difficulties makes this even more likely for government 

services. Griliches (1992, 1994) was an early proponent of the idea that measurement difficulties 

cause productivity change in services to be understated. Improvements in measurement in the last 

decade have generally raised estimated rates of productivity change in services. Diewert, Nakamura 

and Sharpe (1999) and Triplett and Bosworth (2003) provide empirical evidence. 
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The absence of both output prices and competitive pressures has an additional 

consequence: it limits the choice of method used to estimate productivity change. The paucity of 

evidence on productivity change in the non-market sector is due in part to this fact — that the 

conventional techniques used to estimate productivity change in the market sector cannot be used. 

Prices cannot be used to aggregate service outputs as they either do not exist or are not 

economically meaningful due to government subsidy or control, and behavioural assumptions 

(revenue maximisation and cost minimisation) underlying the application of conventional 

techniques applied to the market sector are inappropriate.  

15.3 Methodology 

Estimation of productivity change in the market sector is based on index number techniques. These 

techniques use market prices to aggregate possibly disparate changes in output quantities and input 

quantities, and to generate an index of productivity change as the ratio of aggregate output change 

to aggregate input change. (Australian Bureau of Statistics, ABS, uses a Törnqvist index number to 

measure productivity change in the market sector.)  

Since a defining characteristic of the non-market sector is the absence of market prices, an 

alternative technique for estimating productivity change in government services is required. A 

Malmquist productivity index serves the purpose. The essential distinctions between a Malmquist 

productivity index and Fisher and Törnqvist productivity index numbers are that a Malmquist index 

does not require price information, and it does not rest on behavioural assumptions that might be 

inappropriate in the provision of government services. These features make it ideal for estimating 

productivity change in government services, where services are not priced and non-commercial 

considerations are significant.  

The Malmquist productivity index replaces price information and behavioural assumptions 

with information on the structure of best practice service delivery technology. This information 

must be estimated, using quantity data. 

The year t Malmquist productivity index uses best practice prevailing in year t as a 

benchmark. This benchmark plays the same role as base period prices play in a Laspeyres index 

number. The year t+1 Malmquist productivity index uses best practice prevailing in year t+1 as a 

benchmark. This benchmark plays the same role as comparison period prices play in a Paasche 

index number. The geometric mean Malmquist productivity index uses best practice prevailing in 

years t and t+1 as benchmarks. These benchmarks play the same role as base period and 

comparison period prices play in a Fisher index number, which itself is the geometric mean of 

Laspeyres and Paasche index numbers. 
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A Malmquist productivity index decomposes, enabling productivity change to be attributed 

to two sources: an improvement or deterioration in best practice, and catching up with or falling 

behind best practice. Improvements in best practice are typically associated with improvements in 

technology, while catching up with best practice is typically associated with diffusion of 

technology. An alternative interpretation attributes improvement or deterioration in best practice to 

public policies that enhance or constrain the performance of best practice service providers, and 

attributes catching up with or falling behind to the diffusion of the impacts of policy to the 

remaining service providers. In both cases decomposability leads naturally to a productivity gap 

analysis, with the gap being defined as the difference between best practice productivity levels and 

rates of change and those of laggards. The ability to distinguish the productivity performance of 

best practice service providers from that of lagging service providers has important policy 

ramifications, since the appropriate remedies for slow productivity growth or productivity decline 

depend on its source. Enhancing the productivity of best practice service providers and encouraging 

the spread of best practices are fundamentally different challenges requiring different policies. 

The Malmquist productivity index is estimated and decomposed using the linear 

programming technique data envelopment analysis. An introduction to Malmquist, Törnqvist and 

other productivity indexes appears in Coelli, O’Donnell, Battese and Rao (2005). An introduction 

to DEA, with illustrative applications to several non-market services, appears in SCRCSSP (1997). 

The software used for the analysis presented in this chapter is DEAP Version 2.1 (Coelli 1996). 

Details of the equations that lie behind the analysis presented in this chapter can be read in Chapter 

14 of this book. 

15.4 Data 

Data for this chapter are sourced largely from the Report on Government Services. The Report 

contains annual data, aggregated to the state and territory level, for 14 government service areas. I 

study education, which contains two service areas, school education and VET. Current and 

previous issues of the Report provide a variety of indicators of service provision and resource 

consumption data extending from 1996-97 to 2004-05, and so for each service area I have a panel 

consisting of eight state/territory jurisdictions and nine years. 

Productivity is defined as the ratio of output to input. To estimate changes in productivity, 

therefore, panel data are required for output and input. My measure of productivity is the ratio of a 

volume measure of output to an implicit input quantity index given by real expenditure. This 

measure has the attractive property of being the reciprocal of the primary indicator of efficiency of 

service provision (unit cost) used in the Report. 

Real expenditure is nominal government recurrent expenditure, as included in the Report, 

deflated by an unpublished ABS input price deflator. The deflator does not capture inter-

jurisdiction variation in service delivery cost, and consideration was given to adjusting real 
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expenditure by factors used by the Commonwealth Grants Commission (CGC) to account for 

differences in service delivery unit costs across jurisdictions. These factors include variation in 

wage rates, population dispersion, and the proportion of clients from groups that are relatively 

costly to service. Such adjustment could, potentially, remove the effects of environmental 

differences among jurisdictions, leading to more accurate measures of real expenditure. However, 

it was decided not to incorporate CGC unit cost adjustments at this time due to uncertainty about 

their interpretation in this context. 

For each service area a volume measure of output is specified that best reflects the quantity 

of service provision. The volume measure of output for school education is the number of full time 

equivalent (FTE) students in all schools. This measure incorporates changes in the proportion of 

part-time students, but not other compositional changes such as changes in the proportion of senior 

secondary students and changes in the proportion of special needs students. For VET the volume 

measure of output is annual curriculum hours. This measure incorporates changes in course mix, 

but not other compositional changes such as changes in the proportion of clients from 

disadvantaged groups. Providing educational services to special needs students and disadvantaged 

groups generally requires more resources than is required for the average student. Failure to 

account for these types of compositional changes has the potential to result in misleading measures 

of output. 

The specification of the implicit input quantity index may penalise jurisdictions having 

relatively high service delivery cost, and the specification of the volume measure of output may 

penalise jurisdictions having relatively high proportions of special needs students and clients from 

disadvantaged groups. Thus estimated productivity levels may be adversely affected, but if the 

unmeasured influences on input and output are relatively stable through time, estimated rates of 

productivity change will be unaffected. 

15.5 Preliminary Findings 

In this section I present preliminary findings of a basic model and various modifications to it, for 

both service areas. I focus the discussion on our preferred model, which is the basic model with the 

volume measure of output scaled by a service attribute indicator.52 

 

15.5.1 The basic model 

The basic model has a volume measure of output (FTE students for school education, and annual 

curriculum hours for VET) and an implicit input quantity index (real government expenditure for 

both service areas). Preliminary estimates are summarised in Table 15.1, and suggest very different 

productivity patterns in the two service areas. 
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Preliminary estimates show productivity decline of 2.4 per cent annually in school 

education. Estimated productivity decline has been widespread, across every jurisdiction and 

during every year. The estimated decline is largely due to deterioration in the productivity of best 

practice jurisdictions, and to a lesser extent to an inability of lagging jurisdictions to keep pace with 

best practice, even though it was deteriorating. As a consequence the average productivity gap (the 

difference between best practice productivity and the average productivity of lagging jurisdictions) 

has widened each year.  

Preliminary estimates show productivity growth of 3.4 per cent annually in VET. Estimated 

productivity growth has been widespread, across every jurisdiction and during six of eight years. 

The estimated growth is largely due to improvement in the productivity of best practice 

jurisdictions, and partly to the ability of lagging jurisdictions to narrow the productivity gap. As a 

consequence the average productivity gap has narrowed each year. 

The estimated productivity decline in school education reported in Table 15.1 is in part a 

consequence of increasing real expenditure per student and staff-to-student ratios over the period; 

this decrease was at least partly motivated by a desire to improve student outcomes through 

decreasing class sizes. There is no clear consensus that increased funding, including funding the 

reduction of student-staff ratios, necessarily improves student outcomes (Freebairn 2005, p. 63, 

SCRGSP 2006, p. 3.34). Still, increased funding per student depresses measured efficiency, as 

defined in the Report, and creates productivity decline in the basic model, which does not account 

for possible improvements in student outcomes.  

 

Table 15.1  Preliminary estimates of productivity change, basic model, mean annual results for the 

period 1996-97 – 2004-05 

Service area Productivity change Frontier shift Catching up

School education -2.4 -1.9 -0.5

Vocational education and training  3.4 2.3 1.1
Notes: Annual rates weighted by the output share for each jurisdiction. 

 

Government policy may have played a part in improving the productivity of VET. An inter-

governmental agreement relating to VET services entered into in the late 1990s specified that 

Australian Government funding would be maintained at the then current levels, with VET 

productivity growth to be achieved through efficiency improvements (SCRCSSP 1999). The high 

productivity growth estimate for VET is likely to be at least partly a result of reforms initiated to 

meet the objectives set out in this agreement. In addition, VET is experiencing increasing 

competition and rising expectations from policy makers. 

                                                                                                                                                          
52 In both service areas the primary output is a quantity indicator. I want to account for possible changes in quality. I do so by adjusting 
(that is, scaling) the quantity indicator by one of its characteristics. I use the term attribute, which is used in the Report to refer to equity, 
access, appropriateness, quality and outcome. 
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These disparate preliminary estimates highlight the need to go beyond the basic model. In 

the next section I consider three modifications. The first two focus on the input side of the 

productivity formula, and the third examines the output side.  

 

15.5.2 Modifications of the basic model 

15.5.2.1 The importance of deflators 

The basic model uses an unpublished ABS deflator that reflects changes in input prices in the 

provision of government education services. The Report uses the GDP price deflator, which is an 

output price deflator relating to the whole economy. The index of input prices in government 

education services has increased faster than the index of output prices in the whole economy. 

Consequently using the GDP price deflator will yield lower estimates of productivity change than 

the ABS deflator does. 

To examine the importance of price deflators in calculating productivity, estimated 

productivity growth is compared using both deflators. 

 

15.5.2.2 Real expenditure versus physical inputs 

The basic model uses real expenditure as a measure of resource consumption. A common 

alternative procedure is to use physical inputs to estimate productivity change. However, the use of 

physical inputs may overstate productivity change if input quality improvement shows up in real 

expenditure but not in physical inputs.53 

To examine the sensitivity to alternative specifications of resources consumed, two models 

using physical inputs in place of real expenditure are applied to the school education service area, 

due to the availability of physical input data. The first of these models uses FTE school staff as the 

sole input. Both teaching and non-teaching staff are included and no adjustment is made for 

variation in staff composition. However, FTE staff accounts for approximately 75 per cent of total 

expenditure, and may yield a misleading estimate of productivity change unless other inputs change 

at the same rate. For this reason the second model includes two inputs: FTE staff and real non-

employee related government expenditure.  

 

15.5.2.3 Adjusting for service attributes 

The basic model provides estimates of productivity change that are based on changes in the 

quantity of services provided. There is no adjustment for changes in service attributes. It is 

desirable that changes in significant attributes, such as quality, be reflected in productivity change 

estimates. In the market sector this would be achieved by replacing physical output with deflated 

revenue, analogous to the use of deflated expenditure in place of physical input in the basic 

                                                   
53 If wages reflect the productivity of different types of labour, they can be appropriate weights for aggregating physical inputs. Under 
certain conditions, using wages as aggregation weights is equivalent to using the wage bill as a measure of labour input. 
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model.54 For government services, output prices and revenue are largely absent, and an alternative 

approach must be found.  

The Report includes performance indicators that relate to the attributes of services 

provided. The categories used for these indicators are equity, access, appropriateness, quality and 

outcomes. Indicators from any of these categories might be used to estimate attribute-adjusted 

outputs and productivity change. Once a suitable indicator (or suite of indicators) has been chosen 

for attribute adjustment there are two options for how the indicator (or indicators) is used in 

estimating productivity change.  

An attribute indicator can be included as a separate output (outputs = volume measure of 

output, attribute). An advantage of this approach is that it allows the data to define the best practice 

combinations of quantity and attribute, and, therefore, the shadow prices at which quantity may be 

transformed into attribute. A disadvantage is the reduction in degrees of freedom resulting from an 

increase in the dimensionality of the model. 

Alternatively, an attribute indicator can be used to scale output (output = volume measure 

of output  attribute). A disadvantage of this approach is that it requires an à priori judgment of the 

shadow price at which quantity may be transformed into attribute. An advantage is that it does not 

increase the dimensionality of the model. Because limiting the number of variables is important in 

a small panel, quantity scaling is the method used to estimate attribute-adjusted productivity 

change. I provide estimates of attribute-adjusted productivity change for both service areas. 

 

15.5.3 Alternative model results: school education 

Table 15.2 reports preliminary estimates of productivity change for school education. The first set 

of results repeats the basic model results from Table 15.1 for purposes of comparison. 

As expected, using the GDP price deflator to calculate real expenditure biases the estimate 

of productivity decline, from -2.4 per cent to -3.1 per cent annually. This confirms that input prices 

in the provision of government education services have increased more rapidly than output prices 

in the wider economy over the sample period. The magnitude of the bias is -0.7 per cent, or 29 per 

cent of the original estimate. 

The use of physical inputs reduces the estimated rate of productivity decline. The first 

physical input model estimates productivity decline at -1.6 per cent annually. The second model 

estimate, -1.1 per cent annually, is similar. It follows that non-employee expenditure has grown 

almost in proportion with staff numbers, an indication that FTE staff may be an adequate 

representation of overall resource consumption. The difference between the new estimates and that 

of the basic model is substantial, however, and is associated with staff quality, as distinct from staff 

quantity. Changes in staff quality are not captured in the physical input models, and may be 

                                                   
54 Deflating revenue in the market sector can also be problematic. For example, the performance of information technology equipment 
has been increasing while its price has been decreasing.  
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captured by the basic model that uses real expenditure. Since estimated productivity decline is 

smaller in the physical input models than in the basic model, it follows that FTE staff has grown 

less rapidly than real expenditure. It is possible that this difference reflects costly improvement in 

staff quality, although it could reflect other influences as well.  

 
Table 15.2  Preliminary estimates of productivity change for school education using alternative model 
specifications, mean annual results 1996-97 – 2004-05 

Model Productivity change Frontier shift Catching up

Basic model -2.4 -1.9 -0.5

GDP price deflated expenditure -3.1 -2.7 -0.4
FTE staff -1.6 -1.3  -0.4
FTE staff and real non-employee related government 
expenditure 

-1.1 -1.1 0.0

Attribute scaled quantity -1.8 -1.3 -0.5

Notes: Annual rates weighted by the output share for each jurisdiction. 

 
The Report contains three indicators relating to the government objective of enabling all 

students to complete school education to year 12 (or its vocational equivalent). Due to their 

similarity, one of these indicators — apparent retention (from year 10 to year 12) — has been 

selected to scale the volume measure of output in an attribute-adjusted model. A drawback of this 

attribute indicator is that it is not entirely under schools’ control, since both the effectiveness of 

schooling and external factors (such as the availability of employment opportunities for early 

school leavers) influence retention rates. With this in mind, the estimated rate of productivity 

decline is reduced to -1.8 per cent annually when the volume measure of output is scaled by 

apparent retention rates. Comparing the basic and attribute-adjusted models, the only difference is 

in the frontier shift component, which improves from -1.9 per cent annually to -1.3 per cent 

annually and drives all of the improvement in estimated productivity change. It follows that 

improvement in apparent retention rates has been the same for best practice jurisdictions as for 

other jurisdictions, although the latter average conceals considerable variation among the other 

jurisdictions.  

 

15.5.4 Alternative model results: vocational education and training 

Table 15.3 reports preliminary estimates of productivity change for VET. The first set of results 

repeats the basic model results from Table 15.1 for purposes of comparison. 

Using the GDP price deflator to calculate real expenditure, the estimated rate of 

productivity growth declines to 2.6 per cent annually. The magnitude of the bias is 0.8 per cent, or 

24 per cent of the original estimate. 
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Table 15.3  Preliminary estimates of productivity change for VET using alternative model 
specifications, mean annual results 

Model Productivity change Frontier shift Catching up

Basic model (1996-97 – 2004-05)  3.4 2.3 1.1 

Basic model (1998-99 – 2004-05)  2.6 1.0 1.6 

GDP price deflated 2.6 1.1 1.5 

Attribute scaled quantity (1998-99 – 2004-05) 3.0 1.2 1.7 

Notes: Annual rates weighted by the output share for each jurisdiction. 

 
Load pass rates55 have been selected to scale the volume measure of output in an attribute-

adjusted model. This attribute indicator has two drawbacks. It is available only for the period 1998-

99 – 2004-05, and load pass rates are not necessarily comparable as the standard required to pass 

may vary over time. With these caveats in mind, scaling the volume measure of output by this 

attribute increases estimated productivity growth from 2.6 per cent annually (basic model, 1998-99 

– 2004-05) to 3.0 per cent annually. Both frontier shift and catching up improve marginally, 

leading to a modest increase in the estimated rate of productivity growth. Load pass rates improved 

marginally more in best practice jurisdictions than in other jurisdictions, where the average 

improvement conceals considerable variation. 

The relative importance of frontier shift and catching up is reversed in both the basic and 

the attribute-adjusted seven year models from its pattern in the basic nine year model. This 

illustrates the information loss under aggregation, either over time or across jurisdictions. The first 

three years of the sample experienced rapid improvements in best practice in the basic model (8.9 

per cent annual frontier shift on average), and other jurisdictions did not keep pace (-2.0 per cent 

annual falling behind on average). Thereafter best practice stagnated, and other jurisdictions 

narrowed the gap. 

 

15.5.5 Further discussion of the attribute-adjusted models 

For reasons expressed above, I prefer the attribute-adjusted model specification in both service 

areas. It uses a comprehensive measure of resource consumption (real government recurrent 

expenditure) and volume measures of output (FTE students in school education and curriculum 

hours in VET). It scales the volume measures of output by the most appropriate attributes available 

in the Report (apparent retention rate from year 10 to year 12 in school education and load pass rate 

in VET). Both the volume measures of output and the attribute scaling are consistent with United 

Nations (1993) recommendations for treating education services output. The two attribute 

adjustments take a small but significant step toward recognition of the quality dimension of output 

in the estimation of productivity change. 

                                                   
55 Load pass rate is an attribute of the primary VET quantity indicator (which is measured in hours). SCRGSP (2006; 4.40) characterises 
load pass rate as "...an indicator of students' success...", and defines load pass rate as the number of courses passed divided by the sum of 
number of courses passed, failed and withdrawn. 
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A useful way of summarising the most important aspects of the preliminary findings of the 

preferred attribute-adjusted models is to present cumulated productivity levels and average 

productivity gaps in each service area. 

Cumulated productivity levels in the two service areas appear in Table 15.4. In school 

education an estimated -1.8 per cent annual rate of productivity decline compounds quickly; 

productivity levels in 2004-05 are 86.5 per cent of their levels in 1996-97. In VET an estimated 3.0 

per cent annual rate of productivity growth compounds even more quickly; productivity levels in 

2004-05 are 119.3 per cent of their levels in 1998-99. 

 
Table 15.4  Cumulated productivity levels in government education service provision, attribute-
adjusted models 

Year School education Vocational education and training

1996-97 1.0 
1997-98 0.980 
1998-99 0.942 1.0
1999-00 0.923 1.063
2000-01 0.902 1.121
2001-02 0.889 1.175
2002-03 0.888 1.159
2003-04 0.878 1.165
2004-05 0.865 1.193

Notes: Annual rates weighted by the output share for each jurisdiction. 

Productivity does not change at the same rate in all jurisdictions, as indicated by non-zero 

values of catching up or falling behind in Tables 2 and 3. Consequently average productivity gaps 

can grow or shrink through time. Average annual productivity gaps in the two service areas appear 

in Table 15.5. For school education, on average, lagging jurisdictions started out 22% beneath best 

practice productivity levels and, on average, they fell further behind in five of eight years. The 

story is just the opposite for VET. For VET, on average, lagging jurisdictions started out 31% 

beneath best practice productivity levels and, on average, they narrowed the gap in five of six 

years.  

 
Table 15.5  Average annual productivity gaps in government education service provision, attribute-
adjusted models 

Year School education Vocational education and training

1996-97 0.224 

1997-98 0.237 
1998-99 0.266 0.309
1999-00 0.271 0.320
2000-01 0.257 0.301
2001-02 0.277 0.263
2002-03 0.216 0.221
2003-04 0.231 0.184
2004-05 0.230 0.199
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In school education, productivity in best practice jurisdictions has been deteriorating, other 

jurisdictions have only just kept pace. However in VET, productivity in best practice jurisdictions 

has been improving less rapidly than in other jurisdictions, and consequently the productivity gap 

has narrowed. These divergent productivity performances conceal a common theme: average 

productivity gaps conceal considerable variation in individual jurisdiction productivity gaps.  

15.6 Conclusions and future directions 

Expenditure on government service provision is large and growing, and so its productivity 

performance is gaining in importance. However the absence of output prices and competitive 

pressures restricts the techniques that can be used to estimate productivity change in government 

service provision.  

This chapter uses a Malmquist productivity index to provide preliminary estimates of 

productivity change for the two components of government education services. The basic model 

contains an implicit input quantity index (real government expenditure) and a volume measure of 

output (FTE students in school education, and annual curriculum hours in VET). Modifications to 

the basic model involve adjustments to the input (either by changing the deflator or by replacing 

real expenditure with physical input measures) or to the output (by scaling the volume measure of 

output by an attribute indicator). 

The principal finding is one of productivity decline in school education and productivity 

growth in VET.  

A second finding concerns the complementary roles of the two components of productivity 

change. For school education, productivity decline in best practice jurisdictions has been reinforced 

by some jurisdictions falling further behind, and so some productivity gaps have widened. 

However for VET, productivity growth in best practice jurisdictions has been reinforced by other 

jurisdictions catching up, and so the productivity gap has narrowed.  

A third finding, concealed by averages, concerns jurisdictional productivity gaps. In both 

service areas some lagging jurisdictions converge toward best practice and others fall behind.  

These preliminary findings are based on small samples (eight jurisdictions and nine years), 

and must be interpreted with caution. Small samples dictate parsimonious model specifications that 

cannot capture the complexity of government education service provision. However the implicit 

input quantity index is a comprehensive measure of resource consumption, and the volume 

measures of output are indicators of the quantity of teaching services provided and consumed, so 

the foundation provided by the basic model is solid. Scaling the volume measures of output by the 

best available attribute indicators generates my preferred models of government education service 

provision. I believe these models are consistent with the United Nations recommendations, and are 

the best parsimonious models that can be constructed from data available in the Report.  

Future research might proceed in either or both of two directions. 
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Additional attribute indicators do appear in the Report, but with sufficient numbers of 

missing observations to render them unusable in an estimating model. They can, however, provide 

valuable qualitative evidence that may reinforce or contradict quantitative model-based estimates 

of productivity change. An example for school education describes year 3, year 5 and year 7 

learning outcomes, which trend upward in most jurisdictions.56 An example for VET concerns 

whether students meet their main objective for doing a course. The available data show no 

discernible trend at the national level. Patterns of these and other indicators available in the Report 

can add useful insight even though they cannot be used in an estimating model.  

A second direction would be to supplement aggregate findings based on jurisdiction data 

with disaggregate findings based on individual service provider data. Disaggregation would 

increase sample sizes, thereby enabling the use of additional variables that would enrich the 

estimating model. It would also enable the exploration of disaggregate productivity gaps, among 

individual service providers within jurisdictions.57 

 

This chapter was written in close association with staff at the Australian Government Productivity 
Commission. I am particularly indebted to Mintwab Tafesse for expert data analysis and to Rick 
Baker, Patrick Jomini and Jonathan Pincus for guidance and encouragement on this and earlier 
drafts. The Productivity Commission’s support for this work is gratefully acknowledged. This 
chapter does not necessarily reflect the views of the Productivity Commission. Any errors remain 
the author’s responsibility.  

                                                   
56 Opinions on the value of test results vary widely. Zhao and Jones (n.d.) express the concern that standardised test results may reflect 
family background as much as school value added. Hampel (2005), on the other hand, uses standardised test results as the only outputs 
in an educational productivity index. Separation of the impacts of exogenous factors and school value added generally requires 
additional variables (e.g., family income) that would strain degrees of freedom using jurisdiction data and motivate a search for 
disaggregate data. 
57 A recent illustration of the type of disaggregate data available and the uses to which they can be put is provided by Bradley, Draca and 
Green (2004). 



Part V – Advanced Concepts of DEA 

Chapter 15 

- 162 -



Part V – Advanced Concepts of DEA 

Chapter 16 

- 163 -

CHAPTER 16: Stochastic Data Envelopment 
Analysis 
by Meryem Duygun Fethi 58 and Thomas G Weyman-Jones 59 

 

16.1 Introduction 

A disadvantage of traditional DEA is that it appears to be non-stochastic, consequently it assumes 

that there is no random error in the data, and it makes no assumptions about the statistical 

properties of the DEA efficiency rankings. While these criticisms can be challenged, researchers 

have become interested in relaxing the assumptions of non-random data, and in looking for some 

wider statistical properties in DEA. One approach is stochastic DEA (SDEA for short) and here we 

set out to examine the advantages and difficulties of this approach to modelling performance 

measurement. We begin by considering the purpose of SDEA and how it relates to the general 

issue of performance measurement. Then we explain the basic ideas that researchers in this field 

are concerned with. Following this we explore one particular model in detail to show how it works. 

This is the envelopment model with marginal or individual chance constraints developed by Land, 

Lovell and Thore (1993). Finally, we mention briefly other approaches to the issues that are 

addressed by SDEA, and comment on their applicability in the field of financial services. 

16.2 The Purpose of Stochastic Data Envelopment Analysis 

SDEA has been developed to deal with a well-known criticism of standard DEA, that it is non-

stochastic. This means that the data used as parameters in the DEA linear programming models are 

taken to be fixed constants measured without error. There are three types of error usually 

considered in performance measurement, comprising measurement error, sampling error, and 

specification error. Data used in performance measurement consists of inputs, outputs, 

environmental factors and, often, prices of inputs and outputs as well. Measurement error arises 

when the data used contain random errors of reporting and recording. Sampling error occurs when 

the data refer only to a subset of the possible populations of values that could have been recorded. 

Occasionally researchers have data on all of the firms in an industry, or all of the branches of a 

bank or financial organization. This does not mean the data are free from sampling error if we 

consider that the inputs and outputs are random variables. All we will have observed are particular 

realizations of the population of random variables that we are considering. Specification error 

becomes important when we are unsure of the underlying theoretical or population model which 

describes agents’ behaviour. Specification error is often said to be less important in DEA (more 

                                                   
58 Corresponding author: Management Centre, University of Leicester, Leicester, LE1 7RH United Kingdom, m.fethi@le.ac.uk 
59 Department of Economics, Loughborough University, Leicestershire, LE11 3TU, T.G.Weyman-jones@lboro.ac.uk 
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generally non-parametric studies) than in econometrics (i.e. parametric studies). Nevertheless, 

specification error can include using the wrong list of input and output variables, and this can affect 

the nature of the DEA frontier and the relative efficiency scores.  

In parametric or econometric approaches to performance measurement, the specification of 

the error term is critical. Typically, the researcher may have panel data (observations: 

Tt,Ii  11  on I firms for T periods) on, for example, total cost, y, and several determinants 

of cost, xk. A regression of the following form may be estimated: 

itit

Kk

k
kitkit uvxy 



1
     (1) 

Inferences will be made about performance based on the residuals eit from the fitted 

regression. These residuals contain information on the two components: idiosyncratic error (v) and 

inefficiency (u). Inefficiency could be regarded as time-invariant, in which case it can be estimated 

by fixed effects: ii u  , but these will pick up all of the factors determining firm 

heterogeneity including inefficiency. Alternatively, time-invariant inefficiency may be regarded as 

a random variable that can be modelled by the one-way panel data random effects model: iit uv  . 

Specification requirements for these models are relatively parsimonious. When the inefficiency is 

assumed to be time varying, or when only a single cross-section of data is available for a particular 

year, the specification is more critical and very strong assumptions are needed to separate out the 

conditional mean inefficiency:  ii euE . 

Data envelopment analysis must address the issues of measurement error and sampling 

error, and although it does not have the same specification requirement as the parametric approach, 

it should also consider whether there is a need to separate idiosyncratic error from inefficiency and 

whether inefficiency should be treated as a random variable distributed across firms60. 

Stochastic data envelopment analysis has been developed to address similar issues, but it is 

still a subject in relative infancy so that the development of the necessary models has been far less 

extensive, and the assumptions made about the nature of the random factors in SDEA are still 

relatively primitive. The key variables in any DEA study are the inputs and outputs, and essentially 

SDEA assumes that some or all of these may be random variables with known probability 

distributions involving only a small number (usually two) parameters, mean and variance. These 

mean and variance parameters are assumed to be known or discoverable in the research. 

Consequently the theory of error terms in SDEA is much less developed than in econometric 

approaches (see Chapter 18). 

In our analysis, we shall deal with continuous random variables for which we know the 

probability density function,  xf . Ideally we want this to depend on a small number of known 
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parameters, e.g. as in the normal distribution, where the parameters are the mean and variance, 

2 , . Consequently,        2

2
1

1
2  


xexpxf               (2) 

where pi is a constant. 

This enables us to make probability statements such as the probability is 95 percent that 

  x  lies between -1.96 and 1.96. Generally we can say that  b,a  defines a  %1100  

confidence interval for   x  if  

     1bxaPr      (3) 

where alpha is a value chosen by the researcher to reflect a desired level of confidence. 

SDEA is based on making similar types of probability statements about the components of 

a DEA model when the inputs and outputs are assumed to be random variables with known 

probability density functions with known parameter values. 

16.3 The standard DEA model 

We begin by developing a standard model of non-parametric efficiency61. We define initially a 

production set describing how s real valued non-negative and non-random outputs, s
Ry , are 

made by m real valued, non-negative and non-random inputs m
 Rx  

 

    yxyx,yx,  make can :T      (4) 

 

To make this operational, define a piecewise linear representation (PLR) of the production 

set based on observations of m inputs used to make s outputs by n firms. 

 

    sT PLR   ,, YyXx:yx,yx,     (5)     

An input orientated measure of the relative technical efficiency of an observation is then 

given by solving the programme:  

 

  PLRTts yx,..min
,




    (6) 

              

In this PLR, the properties of the intensity weights on the observations differ according to 

the scale and convexity assumptions which are in place. A variety of cases is possible depending on 

the properties of the set  s . 

                                                                                                                                                          
60 Note that only the econometric fixed effects model allows the inefficiency to be correlated with the firms’ choice of the exogenous 
variables. 
61 See Färe, Grosskopf and Lovell (1994). 
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The procedure for DEA measurement of input based technical efficiency is well known. 

We take each firm in turn and compare it with the reference set of the whole industry. This is 

represented by the input requirements set for a given level of outputs, which is bounded below by 

the isoquant. The object here is to find the largest reduction in the firm’s actual input usage which 

will allow it to remain in the input requirements set, i.e. achieve a position on the efficient frontier 

isoquant determined by the observations on the industry as a whole.  

Doing this for each firm in turn we identify the firm’s  value. This is the firm’s Farrell 

efficiency: 10  . Values of  = 1 indicate that the firm is already one of those which defines 

the frontier and is 100 per cent efficient. The firm’s inefficiency is   %1001  . In what 

follows it is necessary to examine particular output and input constraints which can be written in 

terms of s outputs:  njsryrj  1,1,  and m inputs: njmixij  1,1,   for the n 

different producing units. The input requirement set is defined by the following inequalities for 

each producing unit in turn. The producing unit under observation is subscripted ‘0’ to distinguish 

it from all of the producing units together: nj 1  

rth  typical output constraint:  

sryyeiy r

nj

j
jrjrr ,,10..0 0

1
0  


y    (7) 

ith typical input constraint:  

mixxeix i

nj

j
jijii ,,10..0 0

1
0  


x   (8) 

We measure the producing unit’s technical efficiency by calculating the following linear 

programme for the firm in question (now subscripted 0): 

0

0

.min

0

0










ii

rr

x

y

ts

x

y       (9) 

We shall use this standard DEA input orientation as the basis for our analysis. 

16.4 Stochastic Data Envelopment Analysis with Joint Chance Constraints 

SDEA is based on treating the inputs and outputs in a DEA study as random variables. However 

there is a variety of ways in which this can be done. We begin with a consideration of the joint 

chance constrained approach described by Cooper et al (2004) and Li (1998). The key to 

performance measurement by DEA is to define when a firm is inefficient, i.e. when it is dominated 
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by others and when it can be defined as efficient. We know that the standard DEA model is derived 

from using non-random inputs and outputs. We now assume that the inputs and outputs are random 

variables, and therefore we are required to make statements such as that a given firm is dominated 

by other efficient firms with a known level of probability, or that a given firm is efficient with a 

known level of probability. If we are able to assume probability density functions for the random 

inputs and outputs it is possible to develop such statements when we have defined what is meant by 

a dominated firm or an efficient firm. In these cases it is the combination of the efficiency 

definition and the assumed probability density functions that determine the level of probability 

associated with each statement. 

Consider an example based on Cooper et al (2004). Suppose that we assume that there is a 

number of firms or decision making units (DMUs) and that each has inputs and outputs drawn 

randomly from different independent uniform probability density functions. The uniform 

probability density function is written as follows. A variable is uniformly distributed over the 

interval:  b,a  when its probability density function is  xf : 

   


 


otherwise0

1

,

bxa,ab
xf     (10) 

and it has the following cumulative probability function  xF  stating the probability that the 

variable takes a value less than or equal to x : 

     














bx,

bxa,abax

ax,

xF

1

0
    (11) 

We need a definition of efficiency for the stochastic case, and Cooper et al (2004) suggests 

the following extension of deterministic efficiency. In the deterministic case, DMU0 is dominated if 

another DMU has simultaneously lower input and the same or higher output. Their extension is to 

state that DMU0 is dominated stochastically if there is a reasonable chance that another DMU has 

simultaneously lower input and the same or higher output. To formalize this, consider a one input- 

one output example, and write 

   





  

j j
jjj ,,yy,xxPr 1000    (12) 

Expression (12) states that the probability of such another DMU dominating the one in 

question must be less than or equal to . It uses the idea of a piecewise linear representation of the 

technology as shown in equation (5). Note that the restriction in (12) on the j  intensity weights 

ensures that they are either zero or unity. This means that only actual DMUs in the sample are 

compared with each other. Comparisons are not made with linear combinations of other DMUs. 
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Now the stochastic efficiency test reduces to the following procedure. For DMU0 , note its 

minimum possible input, 0xmin , and maximum possible output: 0ymax . Then taking each other 

DMU in turn, calculate, from the assumed uniform cumulative distribution functions for each 

DMU, the following result: 

        0000 1 ymaxyPrxminxPrymaxyPrxminxPr jjjj    (13) 

If this joint probability is zero for every DMUj in comparison with DMU0, then DMU0 is 

not stochastically dominated, and can be said to be stochastically efficient. If, however, this 

probability exceeds zero, the researcher must decide whether it is high enough relative to some 

acceptable   value to regard the DMU0 as stochastically dominated. To illustrate suppose we 

compare three DMUs producing with a one input-one output technology. The DMUs have inputs 

drawn from uniform distributions with the following support: 

250210

200120

150100

33

22

11





x:DMU

x:DMU

x:DMU
 

and outputs drawn from uniform distributions with the following support: 

190150

12080

10050

33

22

11





y:DMU

y:DMU

y:DMU

 

We compare each in turn with the others in Table 16.1 to illustrate this first example: 

Table 16.1  Stochastic dominance with joint chance constraints, first example 

joint  

probability 

 
  0

0

1 ymaxyPr

xminxPr

j

j



  
 

  0

0

1 ymaxyPr

xminxPr

j

j



   
  0

0

1 ymaxyPr

xminxPr

j

j




 

DMU0 Prob (DMU0 dominated by 

DMUj, j = 1) 

Prob (DMU0 dominated by DMUj, 

j = 2) 

Prob (DMU0 dominated by DMUj, 

j = 3) 

DMU 1 - 0 0 

DMU 2 0 - 0 

DMU 3 0 0 - 

 

Since all of the joint probability calculations are zero, we conclude that none of these 

DMUs is dominated by any of the others. However, suppose now that the second DMU, DMU2, 

has input which is randomly drawn with uniform probability from the interval:  20070, . There is 

now an increased chance that this DMU will be stochastically efficient. Recalculating the joint 

probabilities for this second example will result in Table 16.2. 
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Table 16.2  Stochastic dominance with joint chance constraints, second example 

joint  

probability 

 
  0

0

1 ymaxyPr

xminxPr

j

j



   
  0

0

1 ymaxyPr

xminxPr

j

j



   
  0

0

1 ymaxyPr

xminxPr

j

j




 

DMU0 Prob (DMU0 dominated by 

DMUj, j = 1) 

Prob (DMU0 dominated by DMUj, 

j = 2) 

Prob (DMU0 dominated by DMUj, 

j = 3) 

DMU 1 - 0.115 = 0.231  0.5 0 

DMU 2 0 - 0 

DMU 3 0 0 - 

 

In Table 16.2, we see that there is now a probability of 11.5 percent that DMU1 will be 

dominated by DMU2. 

In this test, several key factors in the approach must be noted. First we have used joint 

chance constraints. These refer to the fact that all of the constraints are examined together for both 

inputs and outputs and a joint probability is calculated. Secondly, we need not have independent 

distributions – this was just a simplification. Thirdly, we might find that a DMU0 is stochastically 

dominated by several others, and then we must define a stochastically most dominant DMU using 

an overall efficiency index. Examples are radial or additive efficiency scales. Finally note that the 

model itself is used to generate the probabilities ( ) of each DMU0 being stochastically 

dominated. In that sense, the risk level is not pre-determined by the researcher, but is generated as 

part of the exercise. This development can be widely generalized, but only at the expense of 

considerable complexity. Applications of this approach are difficult and very few if any have been 

attempted so far. We now turn to an earlier, and simpler, conceptual approach. This is based on 

marginal chance constraints. It is much easier to implement and apply, but at the expense of 

making strong assumptions. 

16.5 The SDEA Envelopment Model with Marginal Chance Constraints 

We now consider the chance constrained DEA problem described by Land, Lovell, and Thore 

(1993). This allows the constraints in the deterministic model to hold with probability level 

 1,0  i.e. with less than certainty: 

mix

sry

ts

ioi

ror





10Pr

10Pr

..

min






 






 







x

y    (14) 

Note here that the risk level is predetermined by the researcher instead of being calculated 

within the model, as in the previous section. In particular, the risk level may differ for each 
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constraint, and not all of the constraints need be stochastic. We are able to focus separately on each 

individual constraint. 

The argument for this formulation is as follows. The deterministic DEA problem allows 

firms to lie on or inside the production frontier. The constraints in the deterministic problem can be 

thought of as holding with probability one. Land, Lovell and Thore (LLT) allow a small number of 

firms to be super-efficient, i.e. to lie beyond the production frontier. For these firms the output and 

input constraints in the envelopment DEA model will be violated. In the general statement of the 

problem the constraints will hold with probability less than one. The implication of this is that the 

frontier is not defined by these outlier firms but lies closer to the observations of the mass of firms 

in the sample. In a sense the frontier is defined in a fuzzier manner. After developing the statement 

of the model, an alternative interpretation of chance constrained DEA due to Olesen and Petersen 

(1995) is presented which reinforces this idea of stochastic variation in the constraints. 

The basic probability statement to be used is the conventional result for the normal 

distribution: 

   00

0

)(Pr zdzzzz
z



    (15) 

where z is the standard normal deviate with probability density function: 

 
2

2
1

2

1 z
ez



 .     (16) 

and  z is the cumulative distribution function of the normally distributed variable. Since the 

cumulative distribution function is non-decreasing over the support   , , it has the inverse 

function:  

)(1 z for given  . 

Though not amenable to analytical evaluation, the inverse is well known from the tables of 

the standard normal distribution, e.g.: 

    96.1975.0and645.195.0 11    

The symmetry of the distribution around zero provides the two additional properties (a) 

and (b) below which are used in the construction of the tables for z. Symmetry implies: 

   zz   and this together with integration by change of variable easily establishes property 

(a) and it is this property which is used in the Charnes Cooper (1963) derivation. 

   
     
     

       95.0645.105.0e.g.1)(

Pr1PrPr:and

PrPr1Pr:i.e.

1)(

1111

000

000

00

 






b

zzzzzz

zzzzzz

zza

 (17) 
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We now return to the chance constrained DEA problem: 

mix

sry

ts

ioi

ror





10Pr

10Pr

..

min






 






 







x

y    (18) 

Charnes and Cooper (1963) show how to use the idea of a modified certainty equivalent to 

transform this stochastic linear programming problem into a deterministic non-linear programming 

problem. As we noted earlier, the difference between the firm’s output and the reference weighted 

outputs of all the firms is treated as a random variable. The difference between the firm’s input 

adjusted for its efficiency and the reference weighted inputs of all the firms in the industry is also 

treated as a random variable.  

We begin with the constraints relating to the outputs, and re-write them as below. In these 

steps we assume that the random variable has a finite positive variance so that the standard 

deviation: 
2
1

var 




 





 

ror yy  can be used as a divisor. 
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deviation standard by the dividing and arranging-re so and

0Pr

then

0PrIf

ror

ror
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ror
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yE

y

yEy

yyEyE

y

y

y

y

yy

yyy

y

  (19) 

Now assume the random variable representing the output shortfall is normally distributed: 

 1,0~var

then

var,~

2
1

NyyEyz

yyENy

rorrorror

rorrorror
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 (20) 

We use z to replace the first expression in the preceding probability statement to obtain: 
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    (21) 

This step uses the symmetry property (a) described earlier. Now we use the definition of 

the probability statement in terms of the distribution function to write: 
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    (22) 

giving: 

 
2
1

var1 




 





 





  

rorror yyE  yy     (23) 

This completes the transformation of the probabilistic version of the linear output 

constraint into a deterministic non-linear form using what Charnes and Cooper (1963) refer to as a 

modified certainty equivalent. It is useful to write it in a slightly more general form as follows. 

    rororrrr Eyy 




 





  

2
1

var1  yyEyy   (24) 

Turning now to the input constraints, these are initially expressed as 

 




  0Pr ioi xx     (25) 

and using the identical algebraic steps as in the output case, together with the normality 

assumption, 
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we obtain the transformed probability statement: 
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Proceeding as before we therefore write: 
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  (28) 

This completes the transformation as in the output case, but again we can write the 

transformed non-linear constraint in a slightly more general form: 

    0var 00
1

2
1






 





    iiiiii ExxxxExx  (29) 

With these results we can write the stochastic DEA model in the LLT formulation as 

follows: 
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xxExx

yyEyy  (30) 

Here we are measuring the efficiency of the mean performance of the firm temporarily 

labelled with the 0 subscript. We may be more interested in measuring the efficiency of an actual 

realisation, in which case ior ExEy and0  are replaced by ior xy and0 .  

The effect of the Charnes and Cooper algebra is to transform a stochastic linear 

programming problem into a deterministic non-linear programming problem. There are significant 

additional data requirements as a result and these concern the means and variances of the outputs 

and inputs and their covariances across different firms. For each output and each input the 

following data are required. 

The expected value of usage of output and input for each firm: 

njmiEx

njsrEy

ij

rj




1;1

1;1




    (31) 

and the variance-covariance matrix of usage of each output and each input across all firms, 

i.e. (s + m) variance covariance matrices: 
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  (32) 

The deterministic non-linear constraints which have replaced the probabilistic linear 

constraints of the original chance-constrained problem contain composite variance terms. These 

differ according to whether the efficiency of the firm’s mean performance or a realisation is being 

assessed. Each uses the relevant variance-covariance matrix of an output or input compared across 

all the firms, i.e.: ir  or . When the mean performance is being assessed the scalar composite 

variance terms are computed as follows: 
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       (33) 

In these expressions, ̂ is the vector which has 2
1j in the position corresponding to the 

firm whose efficiency is being measured, and jknkk  ,1,   elsewhere, and i0 is the column 

of the (n by n) identity matrix which has the value 1 in the position corresponding to the firm 

whose efficiency is being measured. When a realisation is being assessed the composite variance 

terms are computed as: 
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For clarity of setting up the model, LLT (1993) suggest that the problem can be restated in 

non-matrix terms. Using Z1- to denote the critical value of z from the standard normal tables, we 

have for the mean performance case: 
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  (35) 

In this restatement, 

0for,1and0,1for,  jjnj jjjj     (36) 

and 

0for,and0,1for,  jjnj jjjj     (37) 

 

This is a non-linear programming problem in the variables: , j, j and j. Specifically, it 

has a linear objective and (s + m) quadratic inequality constraints with additional restrictions on the 

variables to ensure positive variance terms. For the single realisation case the implementation is 

shown below, and this version is stated in Lovell (1993, pp 34-5): 
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 (38) 

 

This version is slightly simpler because the choice variables in the variance terms are 

independent of the efficiency score . To implement this programme we can use the algorithm of 

Lasdon et al (1978) which is widely available in many spreadsheet and symbolic programming 

applications (see Kendrick, 1996). Note however that we have not explicitly checked the convexity 

of the programming problem. Separate additional algebraic transformations may be needed to 

ensure this. In Appendix F, we present a simple GAMS62 implementation of this model that can be 

extended by interested researchers. 

16.6 The Intuitive Ideas in Stochastic Data Envelopment Analysis 

What is the intuition behind SDEA? The explanation of stochastic DEA in the envelopment form 

appears in Land, Lovell and Thore (1993) (LLT) and in Lovell (1993). We take these in turn. LLT 

demonstrate an argument based on analogy with regression analysis. In an input oriented example, 

the inputs could be regarded as deterministic, i.e. fixed in repeated samples, while the outputs 

reflect both the use of inputs, and stochastic influences such as measurement error. While 

deterministic DEA derives a frontier based on overall best practice, the chance constrained model 

allows a number of producers to do even better than the top performing producers. The argument 

focuses on the possible values of the slack variables in the output constraints. These are non-

negative in the deterministic DEA model: 

00  rrr syy       (39) 

In the LLT chance constrained model, these slacks have a non-negative expected value but 

a proportion may be negative. In particular, LLT’s argument suggests that we write these slacks as 

normally distributed random variables for given values of  : 
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    (40) 

                                                   
62 GAMS: General Algebraic Modeling System, available from www.gams.com  
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Distribution of output slack variable: normal density function 

s 

f s

0

The diagram in Figure 16.1 illustrates. 

Figure 16.1  Output slacks as normally distributed random variables 
 

 

 

 

 

 

 

 

 

 

 

 

The argument for assuming the normal distribution can be based on analogy with the 

disturbance term in regression analysis. Two forces are at work: inefficiency and stochastic error. 

The inefficiency component is deterministic and is captured by the radial contraction of inputs 

required to reach the frontier. Sampling error, measurement error and omitted variable effects are 

captured by symmetric random variation of the slack variables. 

Lovell (1993: 34-5) refers to this model as stochastic DEA, and outlines a similar 

argument. The purpose is to allow the evaluator to be uncertain about the accuracy of the data. 

Consequently, there is uncertainty about the correct placement of the frontier. This raises the 

possibility that extremely efficient producers might violate the feasibility constraints that describe 

the behaviour of the mass of producers. The impact of this assumption can be represented by 

Figures 2 and 3 which contrast the deterministic DEA frontier in input space, and the 

corresponding stochastic DEA frontier. Lovell (1993) allows for both output and input slacks to be 

symmetrically distributed random variables, in particular: 

Hence: 

00  iii exx      (41) 

and we have now 

 

 

     



,var,,~

00

iii
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eEeNe

and

EexxE 

   (42) 

Consequently, the SDEA envelopment model proceeds by allowing the input and output 

constraints to hold with probability less than one, so as to accommodate the possibility that the 

frontier lies above the most efficient observations in input space. 
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Figure 16.2  Deterministic DEA frontier 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 16.3  Stochastic DEA frontier 
 

 

 

 

 

 

 

 

 

 

 

 

In summary, in the envelopment model, the stochastic approach seeks to add a symmetric 

measurement error component to the starting point which is deterministic DEA. It is not an attempt 

to model an asymmetric inefficiency distribution, and in that sense differs from stochastic frontier 

analysis, which seeks consistent estimation in the presence of both a symmetric random error 

distribution and an asymmetric inefficiency distribution (see Chapter 18). 

We can see that particular observations will have a SDEA efficiency greater than unity. 

The SDEA score will usually be greater but never lower than the DEA efficiency score. The 

difference between the two frontiers represents the role of the stochastic error term in accounting 

for the variation in production performance. The greater is the variance of the sample, the greater 

will be the confidence ranges for the data and therefore the greater will be the distance between 
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DEA and SDEA frontiers. In other words, a sample with a wide variation in inputs and outputs 

observed for each unit will ascribe more of the variation in performance to the stochastic error than 

a sample with a narrow variation over the panel. In some cases we may find that a widely varying 

panel has two properties:  

The mean performance of the units clusters around unity (100 percent efficiency) because 

the SDEA frontier has shifted so far towards the units which lie below the DEA frontier, and the 

extreme performance or individual realisation of some of the most successful observations lies well 

in excess of 100 percent. Such results would indicate that the sample contained a very large degree 

of measurement error and other stochastic influences. 

Olesen and Petersen (1995) apply essentially the same reasoning concerning the impact of 

sampling error, measurement error and omitted variables on the data, by using probabilistic 

constraints applied to the dual multiplier model of DEA. These authors (OP) also use independent 

normal distributions as the primary basis for modelling the random variables in a chance 

constrained framework. In addition, they make use of panel data to provide estimates of the 

parameters of the assumed normal distributions. 

Olesen (2004) compares the LLT and OP approaches. He demonstrates when they are dual 

to each other, i.e. for realisations corresponding to the mean values of the random variables and  

equal to 0.5. In addition he explores how the two approaches complement each other and the scope 

for developing a merged model. This paper also demonstrates the effect of choosing different  

values. This parameter is the minimum probability with which the constraints are required to hold. 

Olesen (2004) demonstrates that in the LLT model higher values of  push the output frontier 

isoquant closer to the origin and the input frontier isoquant further away from the origin. This has 

the effect of increasing the measured efficiency score of any given producer as fewer producers lie 

on the inefficient side of the frontier. 

The general procedure of chance constrained programming has a long history as a 

modelling procedure (for a summary see McCarl and Spreen, 1997)). Chance constrained 

programming is sometimes open to criticism as an optimisation tool because in general it depends 

on satisficing behaviour. In the context of DEA, however, the chance constrained approach does 

seem to capture the nature of the contamination of the data that DEA may be subject to. Two other 

criticisms may be more serious, and these relate to the choice of the density function for the 

random errors, and the source of information about the expected value and variance terms. The use 

of the normal distribution assumption is, as Lovell points out, in line with the assumptions of the 

classical normal regression model’s disturbance term, and this represents the same factors of 

sampling error, measurement error, and omitted variables, which we are trying to capture in the 

chance constrained DEA approach. A more conservative, non-parametric approach would be to 

generate confidence intervals from Chebysev’s inequality (McCarl and Spreen 1997: 14-26).  
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To calculate the expected values and variances, it is usual, but not necessary, to use 

historical data. In principle, as LLT (1993, p.547) argue, we should re-evaluate each producer 

repeatedly under identical conditions. Alternatively, expected values and variances could, for 

example, be hypothesised for the sample of producers on the basis of expert opinion, or 

accumulated knowledge and experience from related industries. Chen (2002) exemplifies such an 

approach. Instead, we could make use of the possible availability of panel data on the producers to 

estimate the underlying population parameters.  

16.7 Other Approaches to Stochastic Data in DEA  

Several other approaches to the handling of stochastic data in DEA can be noted. Among the 

simplest is to source panel data on the DMUs or firms and their inputs and outputs. Ruggiero 

(2004) demonstrates that this can remove volatility due to measurement error for calculating 

relative DEA inefficiencies, if time weighted (averaged values) of the inputs and outputs of a panel 

of firms is used to calculate an inefficiency ranking for each. This is a better approach than 

averaging the panel efficiencies after calculation, and reflects a corresponding econometric panel 

data approach. Seaver and Triantis (1989) note that technical efficiency scores in DEA and 

deterministic parametric analysis are dominated by outliers. In fact in DEA, the elimination of a 

single outlier will entirely affect the efficiency scores – a fact which makes super-efficient outliers 

much more influential in non-parametric approaches than in the parametric methods. Seaver and 

Triantis suggest several multiple-outlier tests but note that consistency amongst them may be a 

problem. A specific outlier test for DEA has been suggested by Simar (2003). 

An alternative procedure to those described in this chapter, is to consider whether statistical 

tests can be developed for DEA efficiency scores. Some results on the statistical properties of DEA 

efficiencies have been developed by Banker (1993); these are asymptotic properties and a difficulty 

is that the sample sizes required for the slow convergence to the interesting properties are 

extremely large. Simar and Wilson (2000) show that very little is known about the sampling 

distributions of the DEA efficiency scores. This has led them to develop an approach based on 

simulating the probability density function of the DEA scores by repeated sampling with 

replacement from the actual data. This bootstrapping approach provides a smooth probability 

density function whose properties can be used to construct confidence intervals on the DEA 

efficiency scores. Nevertheless, as Coelli et al (2005) point out this deals only with the sampling 

error aspect of the problem, and leaves aside errors of measurement and specification. 

In this chapter we have reviewed a number of ways of dealing with the natural statistical 

variability of the data used in DEA studies. None of these is wholly successful or fully developed 

as yet, so the fundamental division between DEA and econometric approaches remains to be 

addressed by future research (see Chapter 18). 
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CHAPTER 17: Accounting for the Influence of the 
Environment in a Two-Stage Analysis – Public 
Hospitals 
by Henry T Burley 63 

17.1 Introduction 

In this chapter we consider the role of environmental factors in the analysis of productivity. 

Recalling Part I of this book we see that DEA observes the relative ability of each producing unit to 

generate the theoretical outputs obtainable from extant best practices observed from other peer 

group enterprises, after taking into account the producing unit’s use of all input factors considered 

in the analysis. To be relevant from a production modelling point of view the input factors 

considered should exhaust the production i.e. be those that are important in producing the outputs. 

In other words, the model should describe the reality of the production process. But, how can we 

integrate a process that is affected by the environment? 

Dyson et al. (2001, p.247) discussing pitfalls and protocols in DEA methodology, observe 

that: 

…there is an unwritten assumption that the units are operating in similar 
environments, since the external environment generally impacts upon the 
overall performance of units. However that assumption can rarely be 
safely made… 

 

The importance of environmental variables is clearly evident in studies of public utilities 

where the different units are operating under different regimes of government regulation, and also 

in viticultural studies where wine-grape quality (and hence price) is influenced markedly by soil 

type, and climate at the crucial growing stages. If one is attempting to measure the discretionary 

efficiency of the producing units then obviously these factors cannot be ignored. 

In recent years various DEA studies have introduced environmental variables into the 

input/output data set and/or DEA solution algorithm in various ways. Two transparently simple but 

generally applicable approaches will be illustrated in this chapter, namely, a purely DEA approach 

and a two-stage procedure including DEA and Tobit regression. In addition there will be some 

discussion about other methods. But first, one needs to consider three changed aspects concerning 

the more complex production environment now confronting our immediate attention when 

attempting to incorporate environmental consideration into a DEA analysis: 

 The measurement properties of the environment: 

                                                   
63 Dr Henry T Burley, La Trobe University, h.burley@latrobe.edu.au 
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An environment may only be able to be classified as a category, not a number with 

continuous ratio scale measurement properties e.g. a mainly Hispanic or Jewish 

neighbourhood. 

 The desirability of outputs: 

So far outputs have been treated as desirable. It was assumed that more of any output is 

better. In some environmental studies, particular outputs like pollution are undesirable. 

Further it must be considered whether the pollution, as a collateral output, can be disposed 

of freely or must be disposed of at considerable cost. 

 Discretionary and non-discretionary input variables: 

In elementary DEA studies of production and its frontiers it is presumed that firms or 

production units can, at their own discretion, turn on and off their input variables in order 

to utilise them in the best proportions to maximise productive efficiency. 

17.2 Conceptual Frameworks for Environmental Variables 

17.2.1 Measurement Properties of DEA Variables 

DEA measures the efficiency of a production process. This relates the efficiency of a decision-

making unit to other units in combining similar factors of production to produce similar outputs. 

The quality of each factor of production must be homogeneous within itself. For example, in 

agriculture there is a difference between a hectare of desert land and a hectare of river flat. 

Categorically different factors therefore must be treated as separate variables in a DEA analysis. 

Similarly, trained labour input should be treated as a separate variable from untrained 

labour as it represents a different quality of input. An exception to this rule, that they must be 

treated as different factors, is in the case of monetary coins if the environment of tendering is 

discretionary. Coins have a denominated value or utility bearing a fixed ratio with that of other 

coins. In this case the denominations can be amalgamated, by indexing into a common variable, the 

monetary value of payment. 

Further, in DEA it is presumed that all magnitudes of variables used as inputs and outputs 

are correctly measured on a ratio scale. A ratio scale is the highest measurement scale. It is one in 

which a true origin exists, plus the scale possesses order characteristics, and furthermore, all along 

the scale the absolute difference between the different descriptors (numbers) are known and 

expressed in the units of measurement. This property is true of physical entities like kilometres, or 

the number of workers (for a given skill). It is termed ratio scale as it permits the construction of 

ratios comparing absolute flows of factor services. Here the numbers should correspond with the 

physical flows. Traditional DEA theory, like input-output analysis, assumes all variables are 

measured in the ratio scale with origin zero. Next, we expand our discussion on measurement 

levels. 
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17.2.2 Working with Categorical and Ordinal Variables 

The simplest form of a categorical variable is a binary (0,1) relationship to indicate the absence or 

presence of a particular attribute. It may indicate gender of a person or other non-directly 

measurable quality attribute of an environment. 

An ordinal categorical variable is the case where the categories are discrete, but which can 

be ordered. An ordinal scale only indicates relative magnitude differences among objects. It does 

not require an absolute measure of distance or origin. An appropriate environmental ordinal 

variable in a road transport study might be the type of road: a freeway, a bitumen paved road, or a 

bush track. One could further consider straight roads and winding roads, or flat roads and 

undulating roads. In this example the roads are environments of increasing order of harshness, from 

the point of view of ease of maintaining speed.  

In measuring relative efficiency it would be unfair to compare the speed achieved by a 

particular vehicle operating on a bush track with that achieved by another routed on the easier 

freeway. But it is fair to require that the freeway vehicle be faster than the vehicle on the bush 

track, and be rated inefficient if it were not so. In junior athletics an under 14 running speed record 

should be at least as fast as the under 13 record. In studies measuring technical efficiency, within 

its discretionary realm, an enterprise should only be compared with others facing an equal, or more 

harsh, environments. 

Banker and Morey (1986b) supplied an ingenious adaptation of the DEA solution 

algorithm to cater for an exogenously fixed (non-controllable) ordinal categorical variable. The 

method adapts the DEA solution algorithm to control so that each decision unit is only compared 

with those on its own category plus those whose category is either upwards and downwards on the 

ordinal categorical scale. The categorical variable is represented by integers, which rank the 

environments in order of harshness. The method controls the membership of the appropriate 

reference set for each peer group. In a particular application, harshest environment might be 

Category 1 and its members are only compared with their own peer group, not easier ones. 

Category 2 members are compared with their own Category 2 members and those in Category 1, as 

Category 2 members could be expected to perform at least as well as Category 1 members. 

Category 3 members, in the easiest environment, have to compete with all peer groups, including 

their own. In this algorithm the categorical variable only controls the appropriate indexing of the 

reference set membership of each environmental group. 

In this formulation one has allowed for, or recognised, the handicap by not submitting 

Category 1 members to open competition. If one were to estimate the handicap, one would reverse 

the order. 

Banker and Morey’s method, of course, requires that the categories can be ranked in order, 

and the above formulation computes efficiency after allowing for the handicaps. This approach has 

the desirable property that it can be applied to the whole generality of DEA models, constant 
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returns to scale CCR models, increasing returns to scale IRS models and decreasing returns to scale 

DRS models and so on. 

Cooper, Seiford and Tone (2000) have now provided an algorithm for a controllable 

ordinal category. Their example considered the provision of customer services in shops at three 

levels: poor, average and good. This controllable service level characteristic permits the DEA 

computation to consider shops in other categories of the service level, besides own, to determine an 

efficient reference point. On account of the categories being ordinal the results are also able to 

suggest that a particular shop might operate at a new hybrid service level such as between two 

existing categories. 

 

17.2.3 Desirability of Outputs 

Modelling consists of three sets of factors: desirable outputs, inputs and undesirable outputs. 

Environmentally detrimental variables are sometimes termed undesirable outputs. In DEA, outputs 

are assumed to have positive value. But an increased pollution output has a negative value to the 

objective of the DMU consequent on an increase in input. Scheel (2001) distinguishes two 

approaches to this problem: 

 Firstly an indirect approach transforms the values of the undesirable outputs by a monotone 

decreasing function f. For example, the function 1/x (multiplicative inverse) would enable the 

transformed undesirable output data to be included in the DEA evaluated technology set. After 

transformation, increasing these values means decreasing the undesirable outputs. But with this 

approach one loses the original environmental output data, including its measurement 

properties. 

 The direct approach preserves the measurement properties of the undesirable outputs by simply 

translating them. Ali and Seiford (1990) use the original output data but only modify the 

assumptions about the structure of the technology set in order to treat undesirable outputs 

appropriately. They structure the DEA technology so that an undesirable output series is 

regarded (theoretically) as a negative output. Since DEA formulations, and software, require 

non-negative measurements of all inputs and outputs, they add a constant B to all elements of 

the (negative) undesirable output series. This only changes the location of the series relative to 

the origin. The constant B is chosen just large enough to render all elements of the series 

positive. Ali and Seiford (1990, p.404) note that in additive DEA models the measures of the 

variables are independent from the location of the technology set relative to the origin. With 

radial efficiency measures, like the output oriented BCC model in which the objective is a 

ratio, this property is not strictly true. The direct approach is still viewed as superior as it does 

not impose a non-linear transformation of the original data. 
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The new series (relocated with respect to the origin) is then considered as an output variable, with 

its DEA results interpreted negatively. This appears to be better than the indirect approach of 

inverting the pollution series, as it maintains a linear relationship with the original measurements. 

There have been various other mathematical formulations, which also differ in the way 

they measure performance. Tyteca (1996) views undesirable outputs as peculiar outputs, to be 

minimised with respect to other production factors, inputs and desirable outputs. Note this is a 

different objective, but also attractive in its rationality. Reinhard, Lovell and Thijssen (2000) adopt 

yet another variant by defining environmental efficiency as the minimum feasible to observed use 

of environmentally detrimental inputs, conditional on observed levels of the desirable outputs and 

conventional inputs. All of these approaches are tractable in a linear, or fractional programming 

framework. As expected the DEA results are not invariant to the method chosen. 

The importance of non-freely disposable pollution is highlighted by Lovell (1995, p.459) in 

observing that it is: 

 Costly to produce less of it 

 Costly in terms of the reduced collateral desirable outputs 

 Or, in terms of increased expenditure on abatement of inputs. 

Research is continuing on this topic, including the associated managerial question of the motivation 

of a DMU to adopt a particular objective. 

 

17.2.4 Non-discretionary Variables 

There are common examples of non-discretionary variables in the demand driven, service outputs 

of various utilities in the provision of gas, electricity, water, and emergency medical services. On 

the input side many enterprises have a fixed, lumpy, capital stock, or negotiated labour contracts. 

Extensive agriculture faces an exogenous climate. Some environmental input variables (like rainfall 

influencing production) may permit measurement on a (continuous) ratio scale. But if control of the 

variable is exogenous to the production decision by the DMU, it is a non-discretionary variable. 

One cannot simply use a non-discretionary variable in the conventional DEA model to infer about 

performance of the DMU. 

A non-discretionary variable is one that the management unit cannot influence or control. 

Charnes et al. (1994) provide an extension of the linear programming DEA solution algorithms. 

They distinguish discretionary and non-discretionary in both input and output variables. 

In so far as the purpose of a DEA technical efficiency study is to identify the benefits of 

managed reduction of input variables, it is clearly not meaningful to talk about reductions in non-

discretionary variables as a possible way of increasing efficiency. Thus, Charnes et al. (1994, p.53) 

formulation excludes the non-discretionary variables from the objective function observing, “In any 

realistic situation however, there may exist exogenously fixed or non-discretionary inputs or 

outputs that are beyond the control of a DMU’s management.” 
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In this formulation the non-discretionary variables are, however incorporated in the 

constraints, to provide the reference points to calculate relative efficiencies, from convex 

combinations of efficient frontier points. The OnFront 64 software User’s Guide (2000, p.16) makes 

provision in this way for some of the outputs and inputs to be specified as fixed (non-

discretionary), and thus remain fixed in the programming of the objective outputs. In a Variable 

Options dialogue box of the software one can indicate particular variables to be treated as fixed in 

the linear programming optimisation procedure. This prevents any scaling of fixed inputs and 

outputs in the objective. 

However there remains the question of the meaning and application of programming the 

fixed variables in the constraints to establish a referent efficient technology for non-efficient 

DMUs. The referent technology may need to include all the variables but Ruggiero (1998) has 

pointed out that this attempt, and others, to break the link between efficiency and fixed factors still 

has some problems in the assumed feasibility of the referent production possibility. Referring a 

DMU to a convex combination of non-discretionary inputs may not be a viable way to assume a 

referent technology from which to judge its performance. 

This problem, of referent technology is fundamental to the original DEA idea. Data 

envelopment analysis is referral of possible efficiency of a DMU to projected reference points in 

multi-dimensional input-output space. The dimensions are the important inputs and outputs in the 

production process. The reference points are derived from a convex combination of neighbouring 

efficient facets and constitute the assumed optimum production surface. The assumption being that 

each DMU, accountable through the measurements of its inputs and outputs, ought to be able to 

adopt that reference technology, if it does not itself already define one of the extant efficient points 

on the optimum surface. The above is seen as the managerial paradigm, and the DEA formulation, 

in linear or non-linear programming, should fit with this, or another clear and practical, managerial 

construct in providing a tractable algorithm of empirical DEA solution. Two different research 

designs to handle non-discretionary variables are outlined in the next section. 

17.3 Research Designs 

17.3.1 Hierarchical Environmental Variables in Public Hospital Productivity 

This application illustrates the use in DEA of a hierarchical environmental variable. The purpose of 

the investigation is to derive a viable funding formula for public hospitals delivering services in 

different residential environments. Many hospital services have to be provided in all localities. Due 

to fixed equipment costs, the obvious economies of scale, and the lower utilisation rates in the 

smaller hospitals, it becomes more expensive to deliver hospital services as the environment (of 

patient geographical region) changes from a large metropolis to a rural district hospital remote from 

other facilities. The different categories of hospital peer group, the hierarchical environmental 

                                                   
64 www.emq.com 
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variable, in this case is ranked 1 for a Principal Metropolitan Referral hospital and 9 for a 

Community Non-Acute Hospital. The objective here is to estimate the average cost handicap 

incurred by the different peer groups on account of their environment. 

A paper by Burley and Duckett (2000) examines multi-factor productive efficiency of New 

South Wales (NSW) public hospitals classified by two ordinal categorical environmental variables: 

hospital peer group and budget size. This study observes three measured outputs produced by one 

input across a sample of public hospitals in different environments (see Table 17.1). 

Table 17.1  Hospital output, input and categorical variables in the analysis 
Outpatient services (output) 
A measure of the output of that part of the public health system that provides services to non-inpatients. An occasion of service 
is defined as any examination, consultation, treatment or other service provided to a patient in each functional unit of a health 
service establishment on each occasion such a service is provided. Each diagnostic test for a patient referred to a hospital 
pathology department consists of one occasion of service. Group sessions are converted to the equivalent of a non-inpatient 
occasion of service by multiplying by the number of group sessions by 1.3. 
 
Weighted acute patient (output) 
It is the sum of AN-DRG weights for each patient departure from hospital, where AN-DRG is a table of agreed 
weights associated with Australian Diagnostic Groups of patient treatments. It weights the different treatments according to 
average resources required. 
 
Hotel services - bed days (output) 
It represents the total number of bed days where the patient episode of care was other than acute i.e. the sum of patient days 
where the episode of patient care was rehabilitation, palliative care, and non-acute care. 
 
Expenditure (input) 
The total of all salary and non-salary expenses over all programs. ($000’s) 
 
Environmental variable: Peer Group (controls reference set in DEA algorithm) 
Hospital peer group type, A to L, coded (1 to 12) 
 
Environmental variable: Expenditure Size Group (used in statistical analysis of DEA results) 
Classification (seven elements) of annual budget category: <$1m, $1m-2m, $2m-3m, etc. 

 
In Australia there is some variation in size of the provision and demand for hospital 

services as there are often large distances between the sparsely populated rural communities. The 

NSW Public Hospitals Comparison Data Book (1996), and other similar Australian publications, 

assign hospitals to ‘peer groups’, which include relatively homogeneous hospitals in terms of size, 

location and role. In its introduction, the data book makes the explicit point that peer grouping of 

hospitals allows for meaningful comparison of similar hospitals. 

The hospital type peer groups, reflecting environments A to L, and depicted in Table 17.2, 

are ranked from the least cost provision in large Metropolitan hospitals to the most expensive 

provision in rural areas. The administrative (State) funding authority assigns the hospitals to the 

peer groups. The hospital environmental peer groups categorise the hospitals by: 

 the level of services provided; and 

 the complexity of the hospital’s case mix. 
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Table 17.2  New South Wales public hospitals by hospital type peer group, 1994-95 
Category Hospital type Number Available beds 

A (1) Principal Referral  9   5717 
B (2) Major Metropolitan Referral  5   1991 
C (3) Major Non-Metropolitan Referral  6   1255 
D (4) District Metropolitan 21   3390 
E (5) Large District Non-Metropolitan 12   1365 
F (6) Small District Non-Metropolitan 31   1754 
G (7) Community Acute 55   1633 
H (8) Ungrouped Acute  8    781 
I (9) Community Non-Acute 32    656 
J (10) Nursing Homes 12    2222 
K (11) Psychiatric   4    1648 
L (12) Ungrouped Non-Acute  2    1286 
 Total 197   23698 

 
This peer group categorisation is also desirable in a DEA analysis, as the hospitals within 

peer groups are producing approximately the same mix of services and in about the same 

proportions. This enables realistic measurement and interpretation of results of the DEA efficiency 

computations as each hospital will only be compared with other members of their (or a higher) peer 

group. 

For the purposes of illustration, a selection only from the full data used (185 hospitals) 

appears in Table 17.3 together with the CRS, input oriented, efficiency score derived for each 

DMU (hospital) where the reference set for each peer group is its own, and the less expensive peer 

groups. The software used was IDEAS 5.1, supported by Ali Iqbal Ali. In IDEAS terminology, Ali 

(1995, p.21) classifies a ranked categorical variable “as an input when DMUs are compared only 

against DMUs whose categorical value is less than or equal to its own categorical value. The 

opposite applies when a categorical variable is an output”. 

 
Table 17.3  NSW Hospital data and Efficiency scores 
(Only a subset of data is tabulated) 

DMU 
(hospital) 

Hospital 
Type 

Category 

Budget 
size 

Category 

Bed days 
 

(Output) 

Acute patient 
(Output) 

 

Outpatient 
service 

(Output) 

Expenditure 
 

(Input) 

CRS 
Efficiency 

score 
1 7 2 3393 336 7065 1663 .73704 
2 7 3 1208 390 15147 2401 .47075 
3 7 4 1989 1274 12092 4080 .62272 
4 9 2 1616 0 8276 1608 .18088 
5 9 1 489 0 3332 875 .12368 
6 9 2 479 0 2114 1029 .07574 
7 4 7 0 12809 143394 35382 .89786 
8 4 6 593 5850 59726 17391 .81851 
9 4 7 9592 22882 122872 50196 1.00000 

10 5 6 4910 6094 95127 22285 .78446 
11 5 6 7012 7403 45631 24341 .69019 
12 5 6 203 5859 90534 15846 .99221 
13 2 7 32299 26573 184862 87397 1.00000 
14 2 8 0 38306 269952 129970 .84812 
15 2 7 8179 28378 211979 83599 1.00000 
16 3 7 10602 9048 155730 41099 .97611 
17 3 7 444 10711 108547 39962 .78139 
18 3 7 3269 16266 290916 53159 1.00000 
19 1 8 16792 44722 344068 150849 .97555 
20 1 8 39038 44718 278571 144541 1.00000 
21 1 8 20620 62697 760867 268432 .85155 
22 6 5 968 1634 57858 9654 .65842 
23 6 5 98 2575 27373 5413 1.00000 
24 6 6 172 3781 41668 11428 .70371 
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DMU 
(hospital) 

Hospital 
Type 

Category 

Budget 
size 

Category 

Bed days 
 

(Output) 

Acute patient 
(Output) 

 

Outpatient 
service 

(Output) 

Expenditure 
 

(Input) 

CRS 
Efficiency 

score 
25 8 6 401 3250 67195 12115 .48221 
26 8 3 0 1423 127257 3141 1.00000 
27 8 5 10802 2642 16015 8022 .80943 

 

The aim of this particular project is to report a basis cost (for funding purposes) in the 

individual peer groups and the expenditure size groups of hospitals within each peer group. The 

DEA efficiencies, derived above, were then analysed for mean efficiency scores (allowing for 

multi-factor service delivery and the categorical hierarchy of peer groups) for the individual peer 

groups (hospital type). For hospital funding political purposes we further sub-classified the average 

efficiencies of delivery by Expenditure size group within each hospital type. In this project these 

mean efficiency scores represent handicaps attributable to the hospital type and expenditure budget 

size environments. Viewing Table 17.4 we note a generally decreasing efficiency as we descend to 

the smaller peer group types. 

Table 17.4  NSW Public Hospitals Efficiency by Type and Budget Peer Groups, 1994-95 
(Only a subset of data is tabulated) 

Environment Categories Expenditure Budget Size Group 

Hospital Type <$1M $1-<2M $2-<3M $3-<5M $5-<10M $10-<30M $30-100M Total 
District Metropolitan 
 Count 
 Mean 
 Std Deviation 
 Std Error of Mean 
 

 
 
. 
. 
. 
 

 
 
. 
. 
. 
 

 
 
. 
. 
. 
 

 
 
. 
. 
. 
 

 
2 

.8675 

.0121 

.0085 

 
8 

.8933 

.0806 

.0285 

 
11 

.9351 

.0771 

.0232 

 
21 

.9127 

.0767 

.0167 

Large District Non-Metro 
 Count 
 Mean 
 Std Deviation 
 Std Error of Mean 
 

 
 
. 
. 
. 
 

 
 
. 
. 
. 
 

 
 
. 
. 
. 
 

 
 
. 
. 
. 
 

 
 
. 
. 
. 
 

 
10 

.7940 

.1558 

.0493 

 
2 

.7796 

.0835 

.0590 

 
12 

.7916 

.1433 

.0414 

Small District Non-Metro 
 Count 
 Mean 
 Std Deviation 
 Std Error of Mean 
 

 
 
. 
. 
. 
 

 
 
. 
. 
. 
 

 
 
. 
. 
. 
 

 
6 

.9040 

.1218 

.0497 

 
17 

.8118 

.1318 

.0320 

 
8 

.7822 

.1857 

.0657 

 
 
. 
. 
. 
 

 
31 

.8220 

.1470 

.0264 

Community Acute 
 Count 
 Mean 
 Std Deviation 
 Std Error of Mean 
 

 
6 

.6286 

.2323 

.0948 

 
19 

.6222 

.1742 

.0400 

 
16 

.6256 

.1979 

.0495 

 
16 

.5822 

.1477 

.0369 

 
4 

.6845 

.0669 

.0335 

 
 
. 
. 
. 
 

 
 
. 
. 
. 
 

 
61 

.6173 

.1724 

.0221 
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32 

.2627 

.2090 

.0370 

 
17.3.2 A Two-stage Procedure: DEA plus Tobit Regression 

Rosko et al. (1995), in a study of nursing home efficiency, point out that it is inappropriate to use 

DEA (by itself) to compare the efficiency of different types of organisations. The very rationale of 

DEA assumes enterprises use common inputs to produce similar outputs. In a two-stage procedure 

they first used DEA to estimate an efficiency score for each of 461 nursing homes involving five 
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numerical inputs, being the numbers of full-time equivalent employees in various nursing and 

paramedical occupations, and two output variables recognising the volumes of the two discreet 

levels of care recognised by federal and state agencies. At this first stage, no categorical or 

environmental variables are used in the estimation of the efficiency scores of each of the nursing 

homes. 

In the second stage, the resultant DEA efficiency scores (with an upper value of 1 for the 

90 efficient nursing homes and a mean value of 0.67 for the 371 inefficient homes) were then used 

as the predicted (dependent) variable in a Tobit model (regression type analysis). The Tobit model 

outlined in Greene (2003) is more appropriate than ordinary least squares regression in this 

application due to the half-Normal distribution of error terms.65 These DEA scores are clearly 

negatively skewed on account of the large disparity between the mode and the mean. 

 In many DEA absolute frontier studies the efficiency scores are generally negatively 

skewed with the mode being at or near its upper limit, unity. One should recognise that negative 

skewness of computed efficiency scores is not solely determined by the data behaviour. The 

fundamental nature of the mathematical programming n-dimensional solution algorithm involves 

that the number of efficient facets is positively associated with the number of input and output 

variables. The essential point here is that a variant of regression, like Tobit analysis, which handles 

data that is skewed and truncated, is commonly a more appropriate vehicle for modelling and 

understanding DEA results. 

Returning to the second stage in the above nursing home study, the explanatory variables 

in the Tobit regression included a binary (dummy) variable to distinguish two category types of 

nursing homes, and another dummy variable indicating country occupancy, as well as several 

numerical variables measuring competitive pressures, regulatory procedures, demand patterns and 

wage rates. This second stage involves a regression type association analysis to estimate the 

response surface of the first stage DEA derived efficiency scores to the various economic, medical 

and categorical variables (the environmental and categorical variables were not in the first stage 

DEA analysis). Essentially, the second stage now looks at the first stage DEA results to see how 

they may have been influenced by the environmental and categorical factors. 

The resultant regression-type coefficients and their standard errors (not shown) are 

interesting and very useful as they estimate the response of these factors to relative efficiency in the 

nursing home data set, including the effects of the categorical variables. Also of interest, of course, 

are the stage two regression predicted values of the efficiency scores as they can be adjusted for the 

effects of the environmental categorical variables. 

Other desirable aspects of this two-stage method include: the ability to perform statistical 

tests of significance on the environmental factors, and the possibility of using other statistical 

                                                   
65 Remember that DEA efficiency scores give rise to a censored distribution, where scores are truncated below at zero and above at 
unity. 
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analysis such as cluster analysis or simply using a cross-tabulation. In a second stage cross-

tabulation, no model is assumed. The DEA first stage efficiency scores would constitute the 

elements in the cells, which are cross-classified at the second stage analysis. Rows could represent 

the different values of a categorical variable and the columns, say, the values of an environmental 

variable. Something like this is performed in Table 17.4 with the Australian data, where the 

categorical variable was treated as ordinal. 

For the two-stage approach, or any approach for that matter, to have good experimental 

design properties there should be a good range of environmental and categorical experiences in the 

data and also these variables themselves should be uncorrelated with the first stage input and output 

variables. Another benefit of this second-stage is that it highlights these factors rather than hiding 

them within the algorithm. For example Table 17.4 usefully makes explicit the counts of 

experience in the data, the means and the standard deviations of the efficiency scores in each cell of 

the different categorical and environmental experiences in the data. 

A further significant aspect explicit in this approach focuses on the word ‘efficient’. Whilst 

pure programming DEA defines an enterprise as efficient if it has a score of 1.0, is it really 

managerially inefficient if it had an efficiency of 0.98? 

17.4 Summary 

In this chapter, we examined different methods of accounting for environmental factors in DEA of 

productivity. A discussion of the measurement properties of various types of variables was 

followed by demonstration of using hierarchical environmental variables in public hospital 

productivity analysis and explanation of the two-stage procedure that includes Tobit regression. 

The key points to emerge from this chapter are summarised below: 

a. We cannot ignore the environment in productivity analysis or the importance of 

categorical variables for policy making. 

b. We cannot validly treat environmental and non-discretionary variables just like any 

other input or output. That is, one cannot simply use a non-discretionary variable in the 

conventional DEA model to infer about performance of the DMU. 

c. In studies measuring technical efficiency, within its discretionary realm, an enterprise 

should only be compared with others facing equal, or more difficult, environments. 

d. The direct approach of treating undesirable outputs seems better than the indirect 

approach as its transformation retains most, or all, of the measurement properties of the 

original data. 

e. The ordinal categorical variable one-stage formulation appears as an elegant model, 

and also consistent with DEA basic theory. It becomes managerially operational if the 

actual reference set, in reality, does move as the categories decline or ascend. 
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f. The two-stage approach preserves the basic orthodox DEA theory at stage one and 

allows one to focus on the environmental and categorical aspects using the wide and 

explicit capabilities of statistical techniques in stage two. 

g. For the two-stage approach to have good experimental design properties environmental 

and categorical variables themselves should be uncorrelated with the first stage input 

and output variables. 

 

 The next chapter continues the quest for a methodology that can provide an explanation of 

the impact of the environment. The state-of-the-art three-stage analysis combines data envelopment 

analysis and stochastic frontier analysis to purge the DEA efficiency scores of the influence of 

statistical noise and the environment.  
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CHAPTER 18: Accounting for the Influence of the 
Environment in a Three-Stage Analysis – Marrying 
DEA with Stochastic Frontier Analysis 
by Necmi K Avkiran 

 

18.1 Introduction 

The purpose of this chapter is to detail a performance evaluation method that can help identify the 

true managerial performance in an organisational unit on a level playing field. The method consists 

of a three-stage analysis that starts with data envelopment analysis. The second stage is a stochastic 

frontier analysis (SFA) to explain the variation in organisational performance measured in the first 

stage in terms of the operating environment, statistical noise, and managerial efficiency. The third 

stage concludes with DEA of organisational performance using adjusted data from the second stage 

that have been purged of the influence of the operating environment and statistical noise.66 

The three-stage sequential DEA/SFA approach highlights a partnership between non-

parametric and parametric techniques. For instance, SFA efficiency measures are based on the 

estimated average parameter values in the regression equation. Thus, these efficiencies are not very 

sensitive to large data changes at the unit level, which is an advantage over data envelopment 

analysis in the presence of measurement errors. On the other hand, SFA may be inappropriate if the 

structural form imposed on the analysis does not represent the behaviour of the organisation under 

study, whereas the non-parametric nature of DEA makes the technique less susceptible to 

specification errors regarding the production technology. In short, DEA and SFA both have some 

non-testable assumptions that represent the core weaknesses of these techniques. For example, in 

DEA, we assume that there are no measurement errors, whereas in SFA, we assume a particular 

structure. It is also recognised in literature that neither method, that is, parametric vs. non-

parametric, is superior to the other (Tortosa-Ausina 2002). Furthermore, “…unlike parametric 

frontier models, the incorporation of environmental variables in DEA models is a field still being 

researched…” (Pastor 2002, p.896). 

As any honest manager would admit, performance of a business unit depends as much on 

managerial efficiency as on the operating environment and measurement errors. While managerial 

efficiency is mostly a controllable component of performance evaluation, the latter two 

components are beyond the control of management. The stochastic analysis in stage 2 of the three-

stage analysis in this chapter is designed to capture the influence of the operating environment and 

statistical noise. Potentially, the technique can be used to test the contentions of those managers 

                                                   
66 This chapter is based on Avkiran and Rowlands (2006). I would like to acknowledge Professor Kaoru Tone’s encouragement. 
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who attribute the lacklustre performance of their organisational units to the operating environment, 

or the contentions of those who claim all the credit for the good performance of their units. 

The rest of the chapter is presented as follows. Section 18.2 reviews how the impact of 

environmental factors in DEA has been addressed in the past. Section 18.3 provides an overview of 

Fried et al’s (2002) approach, DEA and SFA. Section 18.4 details the research design of the 

proposed improved three-stage analysis. Section 18.5 concludes the chapter with a summary of the 

key potential contributions of the chapter to measurement of organisational performance and 

efficiency measurement literature, and directions for future research. 

18.2 A Review of Accounting for the Impact of the Environment in DEA 

Data envelopment analysis (see the seminal papers by Charnes, Cooper, and Rhodes 1978, and 

Banker, Charnes and Cooper 1984) has been applied across a wide-range of industries as well as in 

not-for-profit organisations. Traditionally DEA has been used to measure the technical efficiency 

of organisational units as opposed to their allocative efficiency. In the context of DEA, allocative 

efficiency is defined as the effective choice of inputs vis. à vis. prices with the objective of 

minimising production costs, that is, selection of an effective production plan, whereas technical 

efficiency investigates how well the production process converts inputs into outputs; the latter is 

the focus of DEA in this chapter. 

The key limitation of DEA is that it assumes data to be free of measurement error and thus, 

it is more sensitive to the presence of measurement error than parametric techniques. Another 

problem that has lead to various approaches being developed involves dealing with the impact of 

environmental factors. While this is not a limitation specific to DEA, we consider accounting for 

the influence of environmental factors an important part of data envelopment analysis where 

reliable findings are expected. We now continue to review the latter issue first, before we detail in 

sections 3 and 4 how to deal with both issues. 

It is possible that some of the DMUs in the same sample operate in different environments. 

For example, in measuring literacy and numeracy in primary schools we need to consider the 

educational background of parents of children in each school. Failure to account for such an 

external factor may well discriminate the DEA results in favour of those schools located in better-

educated neighbourhoods. The implied link here is that schools that draw their students from 

educated families are expected to show higher literacy and numeracy levels due to additional 

resources available to those children. 

In a real life analysis, failure to account for environmental factors is bound to confound the 

DEA results and lead to unreliable economic decisions. There are at least two main approaches to 

incorporating uncontrollable or non-discretionary inputs in DEA. As part of a single-stage 

adjustment, the uncontrollable input can be included in DEA in such a manner that it becomes a 

constraint in linear programming (see Banker and Morey 1986a and 1986b). However, the single-
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stage approach to account for environmental factors runs into difficulty where we have no pre-test 

understanding of the direction of their influence on efficiency. 

The multiple-stage approach can entail a number of methods. A common practice is to run 

DEA where all the inputs are treated as controllable and then, in stage two, regress the emerging 

efficiency scores on non-discretionary inputs. However, DEA efficiency scores are censored. Thus, 

in this case, the Tobit model outlined in Greene (2003) has been regarded as more appropriate than 

ordinary least squares regression (e.g. see Fried, Schmidt and Yaisawarng 1999). 

Others who developed variations on the multiple-stage approach include Fried, Lovell and 

Eeckaut (1993), Bhattacharyya, Lovell and Sahay (1997), Fried, Schmidt and Yaisawarng (1999), 

Pastor (2002) and Muñiz (2002). Fried, Lovell and Eeckaut (1993) perform a two-stage approach 

that uses free disposal hull67 to initially evaluate performance, followed by logistic regression to 

explain performance variation on environmental variables and features of credit unions. 

Bhattacharyya, Lovell and Sahay (1997) also implement a two-stage approach that uses variable 

returns to scale DEA to compute radial technical efficiency scores, which are then regressed on 

environmental variables through SFA to explain variation attributable to an ownership component, 

random noise, and a temporal component. 

However, the main drawback of two-stage approaches that have dominated multiple-stage 

analyses is their inability to account for measurement error. In two-stage approaches, where both 

stages are DEA-based, measurement error is not addressed at all and the approach is deterministic. 

Fried, Schmidt and Yaisawarng (1999) report a three-stage analysis that uses Tobit regression in 

the second stage to explain the impact of operating environment on unit performance (nursing 

homes), followed by the third stage where the first stage data are adjusted before a repeat of DEA 

analysis. However, this study does not explain statistical noise in unit performance. This 

shortcoming was later addressed in Fried et al. (2002) where the authors focussed on input slacks 

only through a three-stage analysis that used DEA and SFA (once again using nursing home data); 

this study is reviewed in more detail in the next section. 

Similarly, a three-stage DEA/SFA approach is used by Pastor (2002) to separate the impact 

of environment on the risk management efficiency of European banking systems. In Pastor’s 

comparative study, findings indicate similar efficiency scores across two- and three-stage methods 

of accounting for the environment but different scores using the single-stage method. Using a 

sample of public high schools, Muñiz (2002) compares the single-stage approach of Banker and 

Morey (1986a) with the three-stage approach put forward by Fried and Lovell (1996), where the 

first stage DEA identifies slacks, the second stage DEA distinguishes between slacks traceable to 

managerial inefficiency and non-controllable inputs, and the third stage DEA uses data adjusted for 

the impact of non-controllable inputs as part of the final analysis. The key finding is that the single-

                                                   
67 Fried, Lovell and Eeckaut (1993) refer to this as a generalised model of variable returns to scale DEA first proposed by Banker, 
Charnes and Cooper (1984). 
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stage approach does not identify the efficient units as well as the three-stage approach because it 

fails to account for the nature of inputs. Muñiz’s study does not identify inefficiency attributable to 

statistical noise. 

In summary, we can ignore neither the environment nor the measurement errors. Thus, 

performance evaluation should be purged of environmental impact and statistical noise, which is 

the main theme of this chapter. Before proceeding to detail our proposed approach, we first provide 

an overview of Fried et al. (2002) and the two techniques that lie at the heart of their study. 

18.3 Overview of Fried et al.’s Approach, DEA and SFA 

Fried et al.’s (2002) three-stage approach to purging performance evaluation of environmental 

factors and statistical noise begins with DEA. In the second stage, SFA is applied to trace 

components of performance attributable to the operating environment of the unit, statistical noise, 

and managerial efficiency. In the third and final stage of their approach, data entered into DEA in 

stage 1 are adjusted for the effect of the environment and statistical noise before repeating DEA. 

Thus, the evaluation emerging from stage 3 DEA is said to represent managerial efficiency only. 

Fried et al. (2002) demonstrate their methodology with a cross-sectional data set on US nursing 

homes. Next we detail each stage as per Fried et al. (2002) and at the same time provide an 

overview of DEA and SFA following a brief historical comment. 

SFA and DEA were developed in response to the challenge laid down by Farrell (1957) 

about estimating the production function either through a parametric approach such as Cobb-

Douglas functional form, or by using non-parametric piecewise linear technology. Aigner, Lovell 

and Schmidt (1977), and Meeusen and van den Broeck (1977) independently proposed SFA. A 

year later, DEA was formalised by Charnes, Cooper and Rhodes (1978). 

Returning to Fried et al. (2002), in stage 1 they use input oriented variable returns to scale 

DEA with the conventional BCC model (Banker, Charnes and Cooper 1984). The linear 

programming problem as outlined by the authors is shown in equation (1): 

,
min (1)
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where x ≥ 0 is a DMU’s N x 1 vector of inputs, y ≥ 0 is a DMU’s M x 1 vector of outputs, X = [x1, 

…, xI] is an N x I  matrix of input vectors in the sample, Y = [y1, …, yI] is an M x I matrix of output 

vectors in the sample, λ = [λ1,…, λI] is an I x 1 vector of peer weights, e = [1,…,1] is an I x 1 

vector, and there are I DMUs in the sample. Inputs and outputs for the unit evaluated are indicated 

by the superscript ‘o’ and the linear program is solved once for each unit in the sample. The optimal 
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solutions to emerge from equation (1) are the preliminary performance evaluation scores that are 

likely to be confounded by environmental effects and statistical noise. 

In stage 2, Fried et al. (2002) focus on radial slacks, that is, input contraction [x – Xλ] ≥ 0 

to emerge from stage 1 DEA (rather than non-radial slacks i.e. under-produced outputs, [Yλ - y] ≥ 

0). Using SFA, input slacks are regressed on observable environmental variables, and a composed 

error term that captures statistical noise due to measurement errors and managerial inefficiency. 

The main justification for SFA (rather than Tobit regression) is an asymmetric error term that 

allows for identification of the one-sided error component (i.e. managerial inefficiency) and the 

symmetric error term component i.e. statistical noise. 

It is common to assume a normally distributed error term for statistical noise and a half-

normal or exponential distribution for managerial inefficiency (2001). Examples of statistical noise 

include a strike by staff, equipment failure, and errors in measuring variables in the model; 

instances of managerial inefficiency include incompetency, inadequate staffing, and inadequate 

equipment. 

The general function of the SFA regressions is represented in equation (2a) for the case of 

input slacks and in equation (2b) for the case of output slacks: 
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The SFA regression model does not require specification of the direction of impact of 

environmental variables; this can be read from the signs of the parameters. Following each 

regression, parameters 2 2, , ,i i
i u i    are estimated and permitted to vary across N input slack 

regressions. 

SFA enables hypothesis testing and estimation of standard errors using maximum-

likelihood methods (1998). Econometrics computer programs such as LIMDEP (by Econometric 

Software) and FRONTIER (by Tim Coelli) can be used to estimate the parameters of SFA 

regression models. Details of how SFA results can be used to adjust data are provided in the next 

section. 

In stage 3, Fried et al. repeat the DEA of stage 1 by replacing observed input data with 

input data that have been adjusted for the influence of environmental factors and statistical noise. 
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Thus, the DEA analysis to emerge from stage 3 represents performance due to managerial 

efficiency only. 

18.4 Proposed Research Design 

This section continues to detail the research design put forward by Fried et al. (2002) and the 

improvements suggested in this chapter. 

 

18.4.1 Stage 1 - Initial Data Envelopment Analysis to measure input and output 

slacks 

As mentioned before, Fried et al.’s (2002) analysis begins with traditional DEA using the BCC 

model (refer back to equation 1). However, the BCC model (or, the CCR model i.e. Charnes, 

Cooper and Rhodes 1978), while producing units-invariant (i.e. dimension free) radial inefficiency 

estimates, does not generate units-invariant estimates of non-radial inefficiency68 (1995). For 

consistent interpretation of DEA and SFA estimates, we need to choose a fully units-invariant DEA 

model. Such a solution exists within the slacks-based measure (SBM) of efficiency (see Cooper, 

Seiford and Tone, p.97, and Tone 2001).69 Here it is possible to argue for either output 

maximisation or input minimisation; Fried et al. (2002) arbitrarily select input minimisation and 

thus in stage 2 they focus only on input slacks. We propose a more comprehensive analysis where 

total input and output slacks of radial and non-radial nature are measured simultaneously against 

the same reference set, facilitated by a non-oriented SBM model that is fully units-invariant. The 

fractional program for the non-oriented constant returns to scale SBM is shown below (Tone 2001) 

where ρ is the scalar that captures radial and non-radial slacks. 

                                                   
68

 Non-radial inefficiency is traditionally known as ‘slacks’. For brevity, the term ‘slacks’ covers radial and non-radial inefficiency in 
the rest of our chapter. 
69

 While the additive DEA model can also capture slacks, it is neither units-invariant nor able to generate a scalar measure of efficiency. 
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where the first term represents the mean contraction rate of inputs and the second term

represents the mean expansion rate of outputs.



b

 

In equation (3a) the test DMU is deemed efficient if the optimal value for the objective 

function is unity. That is, for the test DMU to be efficient, all optimal input slack (input excess) and 

output slack (output shortfall) must equal zero. In the alternative formulation represented by 

equation (3b) we can see that SBM is the product of input and output inefficiencies. Environmental 

variables are omitted in stage 1 analysis. 

 

18.4.2 Stage 2 - Purging stage 1 slacks through Stochastic Frontier Analysis 

The objective of stage 2 in Fried et al. (2002) is to decompose stage 1 input slacks into 

environmental influences, statistical noise attributable to measurement errors in the original data, 

and managerial inefficiency. Input slacks are regressed through SFA on environmental variables. 

Fried et al. ignore output slacks because of their model’s input orientation. However, they do 

acknowledge that a case can be made where both input and output slacks are explained through 

SFA, which is what we are proposing here and thus providing a more refined measure of 

organisational efficiency which can be incorporated into managerial decision-making with more 

confidence. We focus on stage 1 input slacks s -³ 0, and output slacks s+³ 0. Thus, stage 2 analysis 

leads to an estimate of N+M (i.e. inputs plus outputs) SFA regressions (refer back to equations 2a 

and 2b) where slacks measured by SBM for each input (output) are regressed on environmental 

variables. 

Next, the inputs of DMUs that have enjoyed an advantage by their relatively favourable 

operating environments or statistical noise are adjusted upwards, thus lowering efficiency scores. 

Fried et al. (2002) propose that adjusting inputs upwards is preferred to the alternative method, 
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where inputs are adjusted downwards for those DMUs disadvantaged by their relatively 

unfavourable operating environments or statistical noise, because some inputs may become 

negative after adjustments. Similarly, we adjust outputs upwards for those DMUs disadvantaged by 

their relatively unfavourable operating environments or statistical noise, thus raising efficiency 

scores. In this exercise of relocating DMUs in the efficiency space, we are levelling the playing 

field by bringing closer those DMUs advantaged and those DMUs disadvantaged by their operating 

environment or statistical noise. This is an improvement over Fried et al.’s (2002) approach to 

levelling the playing field based on input slacks only. 

Parameter estimates obtained from SFA regressions are used to predict input slacks 

attributable to the operating environment and to statistical noise. Thus, observed inputs can be 

adjusted for the impact of the environment and statistical noise by equation (4a): 
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The first adjustment in equation (4a), ˆ ˆ[max { } ]i i
j j jz z  , levels the playing field regarding the 

operating environment by placing all units into the least favourable environment observed in the 

sample. The second adjustment in equation 4(a), , ,ˆ ˆ[max { } ]j i j i j  , places all units in the least 

fortunate situation (i.e. regarding measurement errors) found in the sample. Hence, DMUs enjoying 

relatively favourable operating environments and statistical noise would find their inputs adjusted 

upwards. 

Equation (4b) is our proposed transformation of Fried et al.’s approach to adjusting inputs, 

where the researcher is better able to see the degree of adjustments attributable to the operating 

environment and statistical noise. This is achieved by taking ratios instead of differences and 

arriving at an adjustment factor (e.g. 1.2) which multiplies the observed input. The first variable in 

equation 4(b), that is, AdjFactorEnvironment, represents the percent upward adjustment of the 
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observed input for the impact of the environment, and the second variable, that is, AdjFactorNoise, 

captures the percent upward adjustment attributed to statistical noise. 

Similarly, DMUs suffering from relatively unfavourable operating environments and 

statistical noise would have their outputs adjusted upwards as shown in equation (5a) by comparing 

their slacks against those generated by the DMUs operating in the most favourable environment 

and the most fortunate situation. Equation (5b) transforms equation 5(a) similar to the example 

shown for equations 4(a) and 4(b). The first variable in equation 5(b) captures the percent upward 

adjustment of the observed output for the influence of the environment, and the second variable 

represents the percent upward adjustment attributed to statistical noise. 
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 However, to use equations (4a) or (4b), it is necessary to distinguish input-sourced 

statistical noise (ui,j) from managerial inefficiency ( i ju , ) in the composed error term of the SFA 

regressions. Once ui,j has been estimated for each unit, equation (4a) or (4b) can be implemented 

and observed input usage adjusted. Most researchers in this field (and LIMDEP software) use the 

method by Jondrow et al. (1982) to separate the composed error term into its components. Hence, 

the input-sourced statistical noise is estimated residually by equation (6), where i j i j i jE u u , , ,
ˆ[ I ]  

depends on 2 2ˆ ˆ ˆ ˆ, , ,i i
i u i    . 

1 1 6         
,, , , , , ,

ˆˆ ˆ[ I ] [ I ], ,..., , ,..., ( )
i j

i
i j i j i j j i j i j i jE u s z E u u i N j I  

That is, statistical noise attached to an input usage, which is conditional on the composed error 

structure, is estimated by subtracting from the stage 1 input slack the estimate of that input’s slack 

for a given unit attributed to environmental factors and the conditional estimate of managerial 
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inefficiency for the same input and unit. We extend Fried et al.’s (2002) method by estimating 

statistical noise in output generation as well (see Equation 7). 

1 1 7         
,, , , , , ,

ˆˆ ˆ[ I ] [ I ], ,..., , ,..., ( )
r j

r
r j r j r j j r j r j r jE u s z E u u r M j I  

18.4.3 Stage 3 - Final Data Envelopment Analysis with adjusted inputs and outputs 

Stage 3 is a repeat of stage 1 analysis using input and output data adjusted in stage 2. The results of 

stage 3 analysis represent SBM DEA analysis of managerial efficiency purged of the influence of 

operating environment and statistical noise. That is, in this final stage of the three-stage efficiency 

analysis, all units are re-evaluated after inputs and outputs have been adjusted for influences of 

operating environment and statistical noise. Our proposed methodology is an improvement over 

Fried et al. (2002) who base their analysis on comparing DMUs after adjusting inputs for radial 

slacks only and do not work with a fully units-invariant DEA model. 

18.5 Summary 

We detail a potential improvement on the performance evaluation method by Fried et al. (2002) 

that can be used to measure an organisational unit’s performance purged of the impact of 

environment and statistical noise, thus helping identify the true managerial performance. Key 

contributions of this chapter to the organisational performance measurement and efficiency 

literature include, (i) a comprehensive approach where total input and output slacks are identified 

simultaneously against the same reference set for radial as well as non-radial inefficiencies before 

levelling the playing field, (ii) identifying percent adjustments attributable to the operating 

environment and measurement errors, and (iii) using a fully units-invariant DEA model i.e. SBM. 

 The proposed improvements specifically designed to address the key limitation of DEA, 

namely the assumption of no measurement error, and the more general problem of how to account 

for environmental effects, create new opportunities for researchers to revisit their existing studies 

or design new studies from ground up. Researchers who have access to environmental data are 

encouraged to apply the three-stage method. 
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CHAPTER 19: Context-Dependent DEA – Public 
Libraries 
by Hiroshi Morita 70 and Joe Zhu 71 

19.1 Introduction 

It is well known that adding or deleting an inefficient DMU does not alter the efficiencies of the 

existing DMUs and the efficient frontier. The inefficiency scores change only if the efficient 

frontier is altered. The performance of DMUs depends only on the identified efficient frontier 

characterised by the DMUs with a unity efficiency score.  

If the performance of inefficient DMUs deteriorates or improves, the efficient DMUs still 

may have a unity efficiency score. Although the performance of inefficient DMUs depends on the 

efficient DMUs, efficient DMUs are only characterised by a unity efficiency score. The 

performance of efficient DMUs is not influenced by the presence of inefficient DMUs. In contrast, 

the evaluation is often influenced by the context. A DMU’s performance will appear more 

attractive against a background of less attractive alternatives and less attractive when compared to 

more attractive alternatives. In contrast, researchers of the consumer choice theory point out that 

consumer choice is often influenced by the context. e.g., a circle appears large when surrounded by 

small circles and small when surrounded by larger ones. Similarly, a product may appear attractive 

against a background of less attractive alternatives and unattractive when compared to more 

attractive alternatives (Simonson and Tversky 1992). Considering this influence within the 

framework of DEA, one could ask “what is the relative attractiveness of a particular DMU when 

compared to others?” As in Tversky and Simonson (1993), one agrees that the relative 

attractiveness of DMUx  compared to DMUy  depends on the presence or absence of a third 

option, say DMU z  (or a group of DMUs). Relative attractiveness depends on the evaluation 

context constructed from alternative options (or DMUs). 

In fact, a set of DMUs can be divided into different levels of efficient frontiers. If we 

remove the (original) efficient frontier, then the remaining (inefficient) DMUs will form a new 

second-level efficient frontier. If we remove this new second-level efficient frontier, a third-level 

efficient frontier is formed, and so on, until no DMU is left. Each such efficient frontier provides an 

evaluation context for measuring the relative attractiveness. e.g., the second-level efficient frontier 

serves as the evaluation context for measuring the relative attractiveness of the DMUs located on 

the first-level (original) efficient frontier. On the other hand, we can measure the performance of 

DMUs on the third-level efficient frontier with respect to the first or second level efficient frontier. 

                                                   
70 Department of Information and Physical Sciences, Osaka University, Suita 565-0871, Japan, morita@ist.osaka-u.ac.jp 
71 Corresponding author: Department of Management, Worcester Polytechnic Institute, Worcester, MA 01609, jzhu@wpi.edu 
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The context-dependent DEA (Seiford and Zhu 2003, Zhu 2002) is introduced to measure 

the relative attractiveness of a particular DMU when compared to others. Relative attractiveness 

depends on the evaluation context constructed from alternative DMUs. The original DEA method 

evaluates each DMU against a set of efficient DMUs and does not differentiate the performance of 

efficient DMUs. This is because all efficient DMUs have an efficiency score of one. Although one 

can use the super-efficiency DEA model or modified DEA (MDEA) (Andersen and Petersen 1993, 

Seiford and Zhu 1999, Zhu 2001) to rank the performance of efficient DMUs, the evaluation 

context changes in each evaluation and the efficient DMUs are not evaluated against the same 

reference set. 

In the context-dependent DEA, the evaluation contexts are obtained by partitioning a set of 

DMUs into several levels of efficient frontiers. Each efficient frontier provides an evaluation 

context for measuring the relative attractiveness. When DMUs in a specific level are viewed as 

having equal performance, the attractiveness measure allows us to differentiate the “equal 

performance” based upon the same specific evaluation context. A combined use of attractiveness 

and progress measures can further characterise the performance of DMUs. 

The context-dependent DEA model can be easily applied to various DEA approaches such 

as assurance region analysis, cone-ratio analysis, slack-based measure, non-discretional variable, 

hierarchical category variable, and so on. In this chapter, we show the method of efficiency 

analysis by using hierarchical category variable (Banker and Morey 1986b).  

The rest of the chapter is organized as follows. The next section presents the context-

dependent DEA and expands on the stratification method, attractiveness and progress measures, 

and the input-oriented and output-oriented models. This is followed by extensions to context-based 

DEA by introducing value judgments. We then analyse a set of Tokyo public libraries (Cooper, 

Seiford and Tone 2000) through a hierarchical structure to demonstrate some of the theory 

discussed. 

19.2 Context-Dependent DEA 

19.2.1 Stratification and Input-oriented Context-Dependent DEA Model 

Assume that there are n  DMUs which produce s  outputs by using m  inputs. The set of DMUs 

subject to the analysis is denoted as J , and the set of efficient DMUs, say E , is constructed from 

the DMU ,k k JÎ  with an optimal value 1kq =  to the following linear programming problem: 

,
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where ijx  and rjy  are i -th input and r -th output of DMU j , respectively. Notice that E  consists 

of all the radially efficient DMUs, which may have non-zero input/output slack values. Model (1) 

is an input-oriented CCR model (Charnes, Cooper and Rhodes 1978). 

To obtain the stratification structure, we first define the set of all DMUs as 1J . The set of 

efficient DMUs in 1J , say 1E , coincides with the conventional set of efficient DMUs. Then we 

define the sequences of lJ  and lE  interactively as 1l l lJ J E+ = - . The set lE  is constructed 

from the efficient DMU , lk k JÎ , which has an optimal value 1l
kq =  to the following linear 

programming problem: 
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We call lE  the l -th level efficient frontier. The DMUs in set 1E  define the first-level efficient 

frontier. When 2l = , model (2) gives the second-level efficient frontier after the exclusion of the 

first-level efficient DMUs. In this manner, we identify several levels of efficient frontiers. The 

following algorithm accomplishes the identification of these efficient frontiers by model (2). 

Step 1: Set 1l = . Evaluate the entire set of DMUs, 1J , by model (2) to obtain the first-level 

efficient DMUs, set 1E  (the first-level efficient frontier). 

Step 2: Exclude the efficient DMUs from future DEA runs. 1l l lJ J E+ = - . If 1lJ + = Æ  then 

stop. 

Step 3: Evaluate the new subset of "inefficient" DMUs, 1lJ + , by model (2) to obtain a new set of 

efficient DMUs 1lE +  (the new efficient frontier). 

Step 4: Let 1l l= + . Go to step 2. 

Stopping rule: 1lJ + = Æ , the algorithm stops. 

Model (2) yields a stratification of the whole set of DMUs, which partitions into different 

subgroups of efficiency levels characterised by lE . It is easy to show that these sets of DMUs have 

the following properties: 

(i) 1 lJ E=   and 'l lE EÇ = Æ  for 'l l¹ ; 

(ii) The DMUs in 'lE  are dominated by the DMUs in lE  if 'l l> ; 

(iii) Each DMU in set lE  is efficient with respect to the DMUs in set 'lJ  for all 'l l> . 

 

The above algorithm is used in the DEA software included with Zhu (2003). Figure 19.1 

plots the three levels of efficient frontiers of 10 DMUs with two inputs and one single output of one 
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(see Table 19.1). Notice that DMU4 is classified into the first level, but it is not efficient because of 

the non-zero slack. By using the slack-based measure to context-dependent DEA, another 

stratification structure is provided (Morita, Hirokawa and Zhu 2005), which takes the slackness 

into consideration. Then DMU4 is classified into second level. 

 
Figure 19.1  Efficient frontiers in different levels 
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Table 19.1  Sample DMUs 
DMU 1 2 3 4 5 6 7 8 9 10 
Input 1 4 2 1 1 5 2.5 1.5 5 4 2.5 
Input 2 1 1.5 3 4 2 2.5 5 3 3 4.5 

 

19.2.2 Attractiveness and Progress 

Based upon the evaluation context lE , the context-dependent DEA measures the relative 

attractiveness of DMUs. Consider a specific DMUq  in 'lE . The following model is used to 

characterise the attractiveness with respect to levels exhibiting poorer performance in 'lE  for 

'l l> . 
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It is easy to show that ' 1l
qq >  for 'l l> , and 1 2l l

q qq q>  for 1 2l l> . Then 'l
qq  is called the 

input-oriented d -degree attractiveness of DMUq  from a specific level 'lE , where 'd l l= - .  

In model (3), each efficient frontier represents an evaluation context for evaluating the 

relative attractiveness of DMUs in 'lE . Note that the larger the value of ' 1l
qq > , the more 
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attractive DMUq  is, because DMUq  makes itself more distinctive from the evaluation context 

'lE . We are able to rank the DMUs in 'lE  based upon their attractiveness scores and identify the 

best one. 

To obtain the progress measure for a specific DMUq  in 'lE , we use the following context-

dependent DEA, which is used to characterise the progress with respect to levels exhibiting better 

performance in 'lE  for 'l l< . 
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We have that ' 1l
qj <  for 'l l< , and 1 2l l

q qj j<  for 1 2l l> . Then 'l
qj  is called the input-oriented 

g -degree progress of DMUq  from a specific level 'lE , where 'g l l= - .  

 

19.2.3 Output-oriented Context-Dependent DEA Model 

There exists an output-oriented version of stratification model, which yields the same stratification 

of the whole set of DMUs. Consider the following linear programming problem for DMUk  in a 

specific level lE : 
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Then l
kf  is called the output-oriented d -degree attractiveness of DMUq  from a specific level 'lE , 

where 'd l l= - . The smaller the l
kf  is, the more attractive the DMUk  is. Note that dividing each 

side of the constraint of (5) by f  gives 

1
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  (6) 

Therefore (5) is equivalent to (2), and we have that 1l l
k kq f=  for DMUk  in level 'lE , ' 1l

kf <  

for 'l l> , and 1 2l l
q qf f<  for 1 2l l> . 
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To measure the progress of DMUk  in level 'lE , we develop the following linear 

programming problem. 
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We have that ' 1l
qr >  for 'l l< , and 1 2l l

q qr r>  for 1 2l l> . Then 'l
qr  is called the output-oriented 

g -degree progress of DMUq  from a specific level 'lE , where 'g l l= - . 

19.3 Extensions to Context-Dependent DEA 

The framework of context-dependent DEA can be extended to various DEA approaches such as 

assurance region mode, cone ratio model, non-discretional variables, and categorical variable and 

so on. Here we show how value judgment can be incorporated into the context-dependent DEA and 

introduce the hierarchical category data into the context-dependent DEA. 

 

19.3.1 Context-Dependent DEA with Value Judgment 

Both attractiveness and progress are measured radially with respect to different levels of efficient 

frontiers. The measurement does not require à priori information on the importance of the 

attributes (input/output) that features the performance of DMUs. However different attributes play 

different roles in the evaluation of a DMU’s overall performance. Therefore, we introduce value 

judgment into the context-dependent DEA. 

In order to incorporate such à priori information into our measures of attractiveness and 

progress, we first specify a set of weights related to the m  inputs, , 1,...,iv i m= such that 

1
1

m
ii
v

=
=å . Based upon Zhu (1996), we develop the following linear programming problem for 

DMUq  in lE . 
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'*l
qQ  is called the input-oriented value judgment d -degree attractiveness of DMUq  from a specific 

level 'lE , where 'd l l= - . Obviously, '* 1l
qQ > . The larger the '*l

qQ  is, the more attractive the 

DMUq  appears under the weights , 1,...,iv i m= . We now can rank DMUs in the same level by 

their VJ attractiveness scores incorporated with the preferences over outputs. 

 If one wishes to prioritize the options (DMUs) with higher values of the oi -th input, then 

one can increase the value of the corresponding weight 
oiv . These user-specified weights reflect the 

relative degree of desirability of the corresponding outputs. For example, if one prefers a printer 

with faster printing speed to one with higher print quality, then one may specify a larger weight for 

the speed. The constraints of 1, 1,...,iq i mQ £ =  ensure that in an attempt to make itself as 

distinctive as possible, DMUq  is not allowed to decrease some of its outputs to achieve higher 

levels of other preferred outputs. 

Note that '*l
qQ  is an overall attractiveness of DMUq  in terms of inputs while keeping the 

outputs at their current levels. On the other hand, each individual optimal value of , 1,...,iq i mQ =  

measures the attractiveness of DMUq  in terms of each input dimension. *
iqQ  is called the input-

oriented value judgment input-specific attractiveness measure for DMUq . 

With the input-specific attractiveness measures, one can further identify which inputs play 

important roles in distinguishing a DMU’s performance. On the other hand, if * 1
oi qQ = , then other 

DMUs in 'lE  or their combinations can also produce the amount of the oi -th input of DMUq , i.e., 

DMUq  does not exhibit better performance with respect to this specific output dimension. 

Therefore, DMUq  should improve its performance on the oi -th input to distinguish itself in the 

future. 

Similar to the development in the previous section, we can define the output-oriented value 

judgment progress measure: 
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The optimal value '*l
qF  is called the input-oriented value judgment g -degree progress DMUq  

from a specific level 'lE , where 'g l l= - . The larger the '*l
qF  is, the greater the amount of 
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progress is expected for DMUq . Here the user-specified weights reflect the relative degree of 

desirability of improvement on the individual output levels. Let * , 1,...,iq i mF =  represent the 

optimal value of (9) for a specific level 'l . By Zhu (1996), we know that '
* *

l j ij iq iqj E
x xl

Î
= Få  

holds at optimality for each 1,...,i m= s. Consider the following linear programming problem: 
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The following point 
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is called a preferred global efficient target for DMUq  in level lE  for ' 1l l= - ; otherwise, if 

' 1l l< - , it represents a preferred local efficient target, where *
iqF  is the optimal value in (9), 

and *
rs
+  represent the optimal values in (10). 

 

19.3.2 Context-Dependent DEA Using Hierarchical Category Data 

Category variable reflects the presence or absence of a particular capability or more natural 

representation as discrete levels. Assume that a set of DMUs D  is partitioned into L  levels 

1 2, , ..., LD D D  by the categorical data taking L  values, where mD  is a set of DMUs with category 

value of m . Notice that 1 2 ... LD D D D= È È È  and ,j kD D j kÇ = Æ ¹ . When the category 

has precedence order, and a DMU in the higher category has advantage over DMUs in the lower 

category. In this case, the efficient frontier should be determined from the DMUs in its and all 

proceeding categories. The following linear programming problem evaluates the efficiency of 

DMUk  in category MD , which should be evaluated with respect to the DMUs in categories 

1 2 ... MD D DÈ È È . 
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For the stratification of DMUs under the hierarchical categorization, we combine the 

context-dependent DEA model (2) and hierarchical category model (11), that is,  

( )

( )

( )

1

1

,

1

minimize

subject to , 1,...,

, 1,...,

0,

Ml
mm

Ml
mm

l
k

j ij ik

j J D

j rj rk

j J D

Ml
j mm

x x i m

y y r s

j J D

l q
q q

l q

l

l

=

=

Î Ç

Î Ç

=

=

£ =

³ =

³ Î Ç

å

å






  (12) 

The set lE  is constructed from the efficient DMU ( )1
,

Ml
mm

k k J D
=

Î Ç  , with an optimal value 

1l
kq =  to linear programming problem (12). The sequence of lJ  is defined as 1l l lJ J E+ = - , 

which is the same to original stratification scheme. 

Attractiveness scores should be calculated based on the hierarchical structure. Assume that 

the DMU in category MD  is in the first level, the attractiveness score when 2E  is chosen as the 

evaluation context should be calculated based on the efficient frontier spanned by the intersection 

of DMUs in 2E  and DMUs in categories 1 2 ... MD D DÈ È È . 

19.4  Application to Tokyo Public Libraries 

We apply the context-dependent DEA to measure the relative attractiveness of 23 public libraries in 

Tokyo (Cooper, Seiford and Tone 2000). Table 19.2 presents the data for the public libraries in the 

23 Wards of the Tokyo Metropolitan Area. The inputs are (i) floor area (unit = 1000m2), (ii) the 

number of books (unit = 1000), (iii) staffs (unit = 1000) and (iv) population (unit = 1000). The 

outputs are (i) the number of registered residents (unit = 1000) and (ii) the number of borrowed 

books (unit = 1000). 

 



Part V – Advanced Concepts of DEA 

Chapter 19 

- 212 -

Table 19.2  Public libraries data 

  Input Output 

Libraries Area Books Staff Population Registered 
residents 

Borrowed
books

L1 Chiyoda 2249 163523 26 49196 5561 105321

L2 Chuo 4617 338671 30 78599 18106 314682

L3 Taito 3873 281655 51 176381 16498 542349

L4 Arakawa 5541 400993 78 189397 30810 847872

L5 Minato 11381 363116 69 192235 57279 758704

L6 Bunkyo 10086 541658 114 194091 66137 1438746

L7 Sumida 5434 508141 61 228535 35295 839597

L8 Shibuya 7524 338804 74 238691 33188 540821

L9 Meguro 5077 511467 84 267385 65391 1562274

L10 Toshima 7029 393815 68 277402 41197 978117

L11 Shinjuku 11121 509682 96 330609 47032 930437

L12 Nakano 7072 527457 92 332609 56064 1345185

L13 Shinagawa 9348 601594 127 356504 69536 1164801

L14 Kita 7781 528799 96 365844 37467 1348588

L15 Koto 6235 394158 77 389894 57727 1100779

L16 Katsushika 10593 515624 101 417513 46160 1070488

L17 Itabashi 10866 566708 118 503914 102967 1707645

L18 Edogawa 6500 467617 74 517318 47234 1223026

L19 Suginami 11469 768484 103 537746 84510 2299694

L20 Nerima 10868 669996 107 590601 69576 1901465

L21 Adachi 10717 844949 120 622550 89401 1909698

L22 Ota 19716 1258981 242 660164 97941 3055193

L23 Setagaya 10888 1148863 202 808369 191166 4096300

 

19.4.1 Stratification of Libraries 

We illustrate the stratification model (2) by the 23 libraries. By calculating (2) for 1l = , we obtain 

1 1kq =  for k = 5, 6, 9, 17, 19 and 23. The set of first-level efficient DMUs is 1E = {L5, L6, L9, 

L17, L19, L23} (the original DEA frontier). Next, we exclude the DMUs in set 1E  from 1J  and 

obtain 2J ={L1, L2, L3, L4, L7, L8, L10, L11, L12, L13, L14, L15, L16, L18, L20, L21, L22}. 

We have 2 1kq =  for k = 2, 4, 12, 13, 15, 18, 20, 21, and 22. Therefore, the efficient frontier of 2J  

is 2E = {L2, L4, L12, L13, L15, L18, L20, L21, L22.} (second level efficient frontier). By 

repeating this process, we finally obtain 5E = {L1} (the fifth-level efficient frontier) and 5L = . 
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Table 19.3  Stratification of public libraries 

Libraries CRS efficiency score Level Reference libraries 

L1 0.350 5 L11 

L2 0.792 2 L5, L6, L23 

L3 0.573 4 L7, L14 

L4 0.719 2 L6, L9, L23 

L5 1 1  

L6 1 1  

L7 0.697 3 L12, L20, L21 

L8 0.580 4 L10 

L9 1 1  

L10 0.705 3 L12, L15, L20, L21 

L11 0.569 4 L7, L10 

L12 0.758 2 L6, L9, L23 

L13 0.747 2 L5, L6, L23 

L14 0.722 3 L12, L20 

L15 0.844 2 L17, L23 

L16 0.582 4 L10 

L17 1 1  

L18 0.787 2 L19, L23 

L19 1 1  

L20 0.849 2 L19, L23 

L21 0.787 2 L23 

L22 0.785 2 L6, L9, L23 

L23 1 1  
 
Table 19.4  Levels 

Levels Frontier libraries Efficiency range 

Level 1 L5, L6, L9, L17, L19, L23 1 

Level 2 L2, L4, L12, L13, L15, L18, L29, L21, L22 0.719 – 0.849 

Level 3 L7, L10, L14 0.697 – 0.722 

Level 4 L3, L8, L11, L16 0.569 – 0.582 

Level 5 L1 0.350 

 

Table 19.3 reports the five levels of efficient frontiers and Table 19.4 shows the range of 

efficiency score for each level. The scores are obtained using the input-oriented CRS model. It can 

be seen that six libraries are CRS efficient. The reference libraries in Table 19.3 indicate the 

reference DMUs on the next level, which is derived from the first degree progress. L1 has the least 

inefficiency indicated by the CRS efficiency score and form the last level of efficient frontier. 

Although L14 has a larger efficiency score than does L4, L14 is on the level 3 and L4 is on the 

level 2. This indicates that the levels obtained using (2) do not necessarily follow the order of the 

original CRS efficiency scores. 

We now turn to the attractiveness scores for the libraries on first two levels. Table 19.4 

reports the attractiveness scores for the libraries in the first level based upon model (3). When 2E  

is chosen as the evaluation context, we have that L23 is the best library because L23 has the largest 

attractiveness score of 2.049. We can rank these libraries in the order of L23, L6, L9 L5, L17 and 

L19 (2.049 > 1.786 > 1.620 > 1.507 > 1.310 > 1.292). 
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Since there is only one level difference between the libraries under evaluation in 1E  and 

the evaluation context 2E , the above attractiveness scores are called first degree. If the libraries in 

3E  are chosen as the evaluation context, we obtain the second degree attractiveness scores for the 

first-level libraries, which is reported on the last column in Table 19.5. It can be seen that the same 

ranking is obtained. This indicates that L23 is the best library, followed by L6 and L9. 

Table 19.5  Attractiveness scores for the libraries in the first level 

Libraries 
Evaluation context 

2E 3E  
L5 1.507 1.961 
L6 1.786 2.206 
L9 1.620 1.989 
L17 1.310 1.737 
L19 1.292 1.552 
L23 2.049 2.703 

 

Table 19.6  Attractiveness scores for the libraries in the second level 

Libraries 
Evaluation context 

3E 4E  
L2 1.492 1.619 
L4 1.217 1.496 
L12 1.290 1.823 
L13 1.296 1.688 
L15 1.548 2.109 
L18 1.239 1.678 
L20 1.238 1.674 
L21 1.335 1.908 
L22 1.257 1.516 

 

We next take a look at the library on the second level frontier. Table 19.6 reports the 

attractiveness scores when the third and fourth levels are chosen as the evaluation background, 

respectively. L15 is ranked as the best library under both evaluation contexts. When 3E  is chosen 

as the evaluation context, L2 is ranked second. However, when 4E  is chosen as the evaluation 

context, L2 is ranked seventh. The ranking position is changed for L12, L18, L20, L21 and L22 

when the evaluation context is changed. This demonstrates that the performance of the library can 

be dependent of the evaluation background. 

 

19.4.2 Categorical Analysis 

We next consider the environmental situation by using the hierarchical category variable based on 

the population. The public libraries in Tokyo can be classified into three categories based on the 

number of population (Cooper, Seiford and Tone 2000). The first category 1D  consists of libraries 

in the business district of central Tokyo. The second category 2D  consists of libraries in the 

shopping area around business district. The third category 3D  consists of libraries in the residential 

area on the outskirts. The input variable of population is deleted instead of the categorization. Table 
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19.7 shows the results of obtained level and the set of reference libraries for categorical analysis. 

The results of Table 19.3 are also listed for comparison. 

Table 19.7  Stratification with categorical variable 

Category Libraries 
Level 

Reference 
libraries 

Continuous 
variable 

Category 
variable 

Business 
district 

(category 1) 

L1 5 3 L2, L3 
L2 2 2 L5, L6 
L3 4 2 L4, L6 
L4 2 1  
L5 1 1  
L6 1 1  

Shopping 
area 

(category 2) 

L7 3 3 L12 
L8 4 4 L10 
L9 1 1  
L10 3 3 L12 
L11 4 4 L10 
L12 2 2 L9 
L13 2 2 L9, L15 
L14 3 3 L12 
L15 2 1  
L16 4 4 L10 

Residential 
area 

(category 3) 

L17 1 1  
L18 2 2 L19, L23 
L19 1 1  
L20 2 2 L19, L23 
L21 2 2 L23 
L22 2 4 L7, L10, L14 
L23 1 1  

 

Based upon Table 19.8, we have (i) all the category 3 libraries are in the first two levels, 

(ii) 4 (two thirds) and 2 (one thirds) of the category 1 libraries are in the first two and last two 

levels, respectively, and (iii) only one category 2 library is on the first level frontier and all the 

remaining ones are equally distributed over the frontiers on levels 2, 3, and 4. Thus, based upon the 

performance levels, the category 3 libraries in the residential area on the outskirts have the best 

performance. 

By calculation (12), we have four levels. For example, we obtain the set of first-level 

efficient DMUs as 1E = {L4, L5, L6, L9, L15, L17, L19, L23}, where L4 and L15 turned into the 

first level. Notice that the level of L22 has been changed from second level to fourth level. The 

reference set of the inefficient library consists of the libraries in its and all proceeding categories 

reflecting the hierarchical structure. 

The attractiveness scores for the libraries in the first level are shown in Table 19.8. When 

2E  is chosen as the evaluation context, we have that L23 is the best library in category 3, and we 

can rank the libraries in category 3 in the order of L23, L17 and L19. In category 2, L9 is better 

than L15. In category 1, we have the order of L5, L6 and L4. If the libraries in 3E  are chosen as 

the evaluation context, we obtain the second degree attractiveness scores for the first-level libraries. 

It can be seen that the same ranking is obtained. 
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Table 19.8  Attractiveness scores for the libraries in the first level by categorical analysis 

Category Libraries 
Evaluation context 

2E 3E
1 L4 1.312 3.283 

L5 2.693 4.638 
L6 2.085 4.124 

2 L9 1.625 1.989 
L15 1.312 1.548 

3 L17 1.578 1.737 
L19 1.259 1.552 
L23 2.108 2.703 

 

19.5 Concluding remarks 

We present a context-dependent DEA approach to measure the attractiveness and progress of 

DMUs with respect to a given evaluation context. Different strata of efficient frontiers rather than 

the traditional efficient frontier are used as evaluation contexts. In the original DEA, adding or 

deleting inefficient DMUs does not alter the efficiencies of the existing DMUs and the efficient 

frontier, whereas in the context-dependent DEA, such action changes the performance of both 

efficient and inefficient DMUs. This change makes DEA more versatile and allows DEA to locally 

and globally identify better options. Value judgment is incorporated into the context-dependent 

DEA through a specific set of weights reflecting the preferences over various indices (a wider 

discussion of how to incorporate value judgments can be read in Chapter 20). In particular, the 

attractiveness measure can be used to identify DMUs that have outstanding performance and 

differentiate the performance of DEA efficient DMUs. Hierarchical category variable expresses the 

precedence relation of environment of DMUs, which can be used to avoid the disadvantage of 

evaluation for DMUs in lower category. 

 
Part of the material in this chapter is adapted from OMEGA, vol. 31, no. 5, L. M. Seiford and J. 
Zhu, Context-dependent data envelopment analysis: measuring attractiveness and progress, pp. 
397-408 (2003), with permission from Elsevier Science, and International Journal of Information 
Technology & Decision Making, vol.4, no.3, Y. Chen, H. Morita and J. Zhu, Context-dependent 
DEA with an application to Tokyo public libraries, pp. 385-394 (2005), with permission from 
World Scientific. 
 



Part V – Advanced Concepts of DEA 

Chapter 20 

- 217 -

CHAPTER 20: Incorporating Value Judgments in 
DEA Models – Education and Olympics 
by Wenbin Liu,72 Wei Meng 73 and DaQun Zhang 74 

 

20.1 Introduction 

The issue of reflecting on value judgments very frequently arises in both theoretical investigations 

and practical applications of DEA. As Allen et al. (1997, p.2) presented: the concept of value 

judgments, albeit frequently discussed, is lacking a formal definition in the context of DEA, and 

therefore value judgments are considered as “logical constructs, incorporated within an efficiency 

assessment study, reflecting the decision makers’ preferences in the process of assessing efficiency. 

The immediate intention of incorporating value judgments into DEA methodology is to reflect 

prior views or information in efficiency assessments. This prior information can be incorporated in 

different ways, and then has different implications on the outcomes of the assessments. 

This chapter examines the issue of incorporating value judgments in DEA, some available 

approaches and their advantages and drawbacks. The chapter is organized as follows: The next 

section highlights motivations of incorporating value judgments in DEA models, and reviews some 

existing approaches. In section 20.3, we further discuss the approaches related to weights 

restrictions. In section 20.4, methods associated with preferences changes are introduced from a 

viewpoint of changing the default preference in DEA models. Relationships and interpretations of 

these approaches are discussed in section 20.5. In section 20.6, we conclude this chapter. 

20.2 Value Judgments in DEA: purposes and motivations 

Value judgments are often closely associated with preferences used in performance evaluation 

processes, as explained in Liu, Sharp and Wu (2006). Preferences are a set of rules that are 

explicitly or implicitly assumed in a performance evaluation in order to judge whether or not some 

input-output data sets (thus DMUs) are superior to others. For instance, under Pareto preference, 

which is widely used in performance evaluations and assumed in the classic DEA models, one 

desirable output vector is said to be higher (or better) than another one only if each component of 

the former is not lower than that of the latter respectively. Thus under Pareto preference, one 

questionable but legitimate strategy for a DMU to become efficient is to maximize its efficiency 

only over a subset of the output components (e.g., any single output), while totally ignoring its 

performance on the other ones, because then no other DMUs can possibly beat it over this subset of 

                                                   
72 Corresponding author: KBS, University of Kent, W.B.Liu@kent.ac.uk 
73 Institute of Physics, Chinese Academy of Sciences, China, mengwei@aphy.iphy.ac.cn 
74 Institute of Policy and Management Science, Chinese Academy of Sciences, China, flyingredhorse@163.com 
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the outputs (so cannot beat it in Pareto preference). For instance let us assume that for the same 

amount of time spent on their studies, chemistry students A, B, and C have the examination results 

(71, 2, 3), (70, 70, 70), and (50, 50, 99) on mathematics, physics, and chemistry respectively. Most 

teachers may well think that the student B is the most efficient, but under Pareto preference that is 

used in standard DEA models, they are all efficient as no one is better than the others on all outputs 

i.e. A outperforms B and C on mathematics, B outperforms A and C on physics, and C outperforms 

A and B on chemistry. Such an assessment may not be desirable for the decision makers or for the 

objectives of evaluation, as most of our universities will not allow too low results across two 

subjects, while some chemistry teachers may think that the student C is very talented. Such relevant 

à priori information may often need to be incorporated in DEA so that the value judgments will be 

reflected in the outcomes of the assessments.  

Next, we discuss why it may be necessary to incorporate value judgments in real-life 

applications of classical DEA models. 

 

20.2.1 Incorporating prior knowledge of the variables  

There are several inter-related problems associated with the default preference of DEA models 

when applied in performance evaluation. Among them is the problem of unrealistic weight 

distribution, where some DMUs are identified as efficient simply because they have relatively very 

large (or small) weights in a single output (or input) while these extreme weights are practically 

undesirable. This is illustrated through the following multiplier DEA model and the results are 

shown in Table 20.1.  
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Table 20.1  Optimal weights of Model (1) for the chemistry students 

Student Mathematics Physics Chemistry Score *
1u  

*
2u  

*
3u  

A 71 2 3 1 0.0141 0 0 
B 70 70 70 1 0 0.0085 0.0058 
C 50 50 99 1 0 0 0.0101 

where rirjij uvyx ,,, are the inputs, outputs and the corresponding weights respectively. Clearly 

some outputs are ignored in this DEA assessment by assigning zero weight, such as physics and 

chemistry for student A. This phenomenon often occurs in practical applications of DEA. As matter 

of fact, in the first DEA paper on performance evaluation of the “program follow through” in the 

USA, Charnes, Cooper and Rhodes (1978) observed that many DMUs were rated efficient by 
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putting their output weights solely on “self-esteem” and ignoring performance on mathematics and 

verbal reasoning. 

The default preference in standard DEA models such as CCR and BCC is Pareto 

preference, assuming no prior preference and knowledge on any of the inputs and outputs, so that a 

DMU has the complete freedom to select the weights that are most favourable for its assessment to 

achieve the maximum efficiency score. This full flexibility of selecting weights is important in the 

identification of inefficient DMUs. Nevertheless, weights with full flexibility may not always be 

suitable in practical applications when prior information or value judgments of decision makers 

need to be incorporated in performance evaluation, such as the marginal rates of substitution 

between the inputs and/or outputs, or relative importance of the inputs and outputs. Still taking the 

chemistry students as an example, if decision makers believe that the students must make good 

progress in a broad selection of subjects, then the weight for each subject in the DEA model should 

not be allowed too low, say, lower than 0.0045. If these constraints are added into Model (1), then 

only student B is rated as efficient. 

On the other hand, if the chemistry department believes that the weights for the chemistry 

are more important than those of physics and mathematics, then one may add other weight 

constraints to incorporate such value judgments in the multiplier DEA model, as seen in the 

following sections. In fact weights restriction is an easy-to-use and yet powerful approach in 

incorporating prior information and value judgments in DEA models, and has been extensively 

studied in the DEA literature (see Allen et al. 1997, Thanassoulis, Portela and Allen 2004). 

Weights restrictions can be used to reflect prior knowledge on marginal rates of substitution and/or 

transformation of the factors of production as seen in Thanassoulis (1995), or to capture special 

interdependencies between the inputs and outputs of the production process being modelled as in 

Beasley (1990), Thanassoulis, Boussofiane and Dyson (1995), or to incorporate price information 

as in Charnes et al. (1990). In the next section, we will further discuss how to set up appropriate 

weights restrictions according to application needs.  

For many applications, the dual DEA models can be modified to effectively incorporate 

prior information on some variables, such as the marginal rates of substitution between the inputs 

and/or outputs and relative importance of the inputs and outputs. The most well known example is 

probably the Cone-Ratio Model (see Charnes et al. 1989, 1990, and Brockett, Charnes and Cooper 

1997). This approach can be interpreted from a point of view of data transformations (see 

Thanassoulis, Portela and Allen 2004). In Liu, Sharp and Wu (2006), it was regarded as a special 

case of another approach: Preferences Changes – to change the default preference of DEA models 

to reflect such information, since Pareto preference does not allow substitutions between inputs or 

outputs. These will be further explained below and in section 20.4.  
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20.2.2 Incorporating preferences on inputs and outputs 

Pareto preference implies that all the components of inputs and outputs are equally important in the 

evaluations, but this may not be desirable in some real-life applications. In fact, the decision 

makers often have some preferences on relative importance of the input or output components. For 

instance, in assessing scientific research, often quality of research is regarded as of dominant 

importance over other outputs. In the above simple example in Table 20.1, since the students are in 

a chemistry department, the department may put more emphasis on the examination results in 

chemistry, and incorporate this value judgment into DEA evaluation. One of the most difficult 

tasks of incorporating such value judgments is how to quantify them in DEA models. Usually these 

preferences are expressed in vague daily languages like “more important” or “very valuable”, but 

have to be translated into precise mathematical relationships in DEA models. 

One widely used approach is again weights restrictions. In fact since the weights in the 

DEA models represent relative values attached to inputs and outputs, to some extent putting extra 

weights restrictions in the DEA models can reflect preferences on relative importance of the inputs 

and the outputs. In our students’ example, if one adds the weights restrictions like: 123 uuu   in 

the multiplier DEA model to reflect the decision makers’ preference on importance of the marks of 

the subjects, then students B and C are now classified as efficient. This approach will be further 

discussed in section 20.3. 

On the other hand, value judgments can be incorporated into DEA directly by changing the 

default preference in dual DEA models as discussed recently in Liu, Sharp and Wu (2006). Let us 

explain this approach by examining the following CCR model:  

0.                

                  

,  

           

0

0 :Subject to
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, YY

XX
          (2) 

Basically this approach (to be referred to as the approach of Preferences Changes) replaces the 

original meanings of the inequalities (  or  ) in the dual DEA models with something that can 

reflect the desired preferences in an application. Taking the students’ case as an example, the 

second inequality for the outputs in the above model originally means greater than or equal in all 

the marks of the three subjects. If one replaces the meaning of this inequality in the above model by 

a suitable preference so that “  ” means “to have higher examination scores both in chemistry and 

in the total”, then student A is classified as inefficient by the modified DEA model. One can also 

replace it by “to have higher total examination scores”. This approach will be discussed in section 

20.4. Some existing DEA models like the Cone-Ratio model and DEA model with preferences in 

Zhu (1996) can be related to this approach. 
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20.2.3 Improving discrimination between DMUs 

When the number of DMUs under performance evaluation is small compared to the total number of 

inputs and outputs, the problem of weak discriminating power often occurs. In this situation, 

classical DEA models, such as the CCR and BCC models, often identify too many DMUs as 

efficient. This is again partly due to the fact that CCR and BCC models allow full flexibility in the 

selection of weights so that many DMUs will be able to achieve the maximum DEA efficiency 

score, especially if the number of DMUs is relatively small to the total number of inputs and 

outputs. That is, it becomes more likely that each DMU would specialise on a specific input-output 

mix not directly comparable with that of the other DMUs. 

Weights restrictions can increase discrimination power of a DEA model, and the example 

in Table 20.1 has demonstrated this. Thompson et al. (1986) and Cook et al. (1991) addressed the 

issue of discriminating between efficient DMUs through weights restrictions. Similarly the 

preferences in DEA dual models affect discrimination power of the models. For instance, by 

replacing the Pareto preference with the preference of total average in the dual CCR DEA model, 

only student B is classified as efficient. Some DEA models with the preferences of total or part 

averaging have been successfully applied on smaller data sets (for example, in Zhu 1996 and 

Meng, Liu and Li 2005). 

Discrimination between efficient DMUs can also be addressed by other methods like the 

super-efficiency DMU model in Andersen and Petersen (1993), the cross- evaluation procedure in 

Green, Doyle and Cook (1996), and multiple-objective programs in Li and Reeves (1999). 

 

20.2.4 Methods for incorporating Value Judgments 

The issue of incorporating value judgments should be considered even before DEA models are 

selected and computations start. In fact careful studies should be carried out on selections of all the 

possible input-output indicator combinations, and their implications on value judgments should be 

highlighted and discussed with all the stakeholders in an evaluation. Agreed value judgments 

should be borne in mind throughout the processes of indicator selection. Furthermore some outlets 

can be removed during these processes according to the agreed value judgments. For example, if 

research quality is the key objective of a research evaluation, then maybe only publications in the 

very top academic journals should be counted when selecting output data for that evaluation.  

In the rest of the chapter we will concentrate on the issue of how to incorporate value 

judgments through DEA models. In the DEA literature there exist several types of approaches to 

incorporating value judgments in DEA models, some of which have been discussed above, such as 

1. Weights Restrictions: This approach incorporates value judgments by adding suitable 

weights restrictions on the weights in the multiplier DEA models as explained above; 

2. Data Transformations: This approach incorporates value judgments by translating the 
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original input-output data sets into new ones and then applying the standard DEA models. We 

will not discuss this approach further, and the readers are referred to Thanassoulis, Portela and 

Allen (2004) for more details; 

3. Preferences changes (PCs). This approach incorporates value judgments by replacing the 

default Pareto preference in the dual DEA models with some more suitable preferences.  

There exist several other interesting ideas used to incorporate value judgments in DEA, 

such as, restricting (extending) facets of the efficient frontier in Bessent et al. (1988) and Olesen 

and Petersen (1996), and formulating decision makers preferred value functions in Halme et al. 

(1999). According to the discussions in Liu, Sharp and Wu (2006), at least value judgments can be 

reflected also through expanding the production possibilities set (PPS) (see Thanassoulis, Portela 

and Allen (2004) for adding extra DMUs), and selecting suitable merit measurements. These 

approaches have been used to incorporate prior information in DEA models, although we will not 

detail them here any further.  

In the next section, we will focus on the DEA models with weights restrictions. In the 

section 20.4, we will discuss the DEA models with preferences different from that of Pareto’s. For 

simplicity, we will often restrict the discussion to the classical CCR DEA model (Charnes, Cooper 

and Rhodes 1978), which implicitly assumes that the DMUs are operating at constant returns to 

scale. All the inputs and outputs are assumed to be desirable and positive. 

20.3 DEA models with weights restrictions 

20.3.1 Constraint forms of weights restrictions 

Generally weights restrictions incorporate value judgments in DEA through the models of 

multiplier type, such as Model (3). In order to make the coming explanations simpler, CCR 

multiplier models with a constant return to scale are to be used throughout this section. 

Model (3) (multiplier model) Model (4) (dual model) 
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In a CCR multiplier model like Model (3), the weights ( ru and iv ) assigned to DMU0 

originally have full flexibility as long as the linear programming constraints are satisfied. In some 

ways, the weights ru and iv  in Model (3) reflect relative importance of the inputs and outputs for 
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each assessed DMU, although the precise meanings could be quite subtle and are context 

dependent as to be seen later. 

Allen et al. (1997) classified weights restrictions on the multiplier models into three major 

categories as: 1) absolute weights restriction; 2.1) assurance regions of type I within inputs or 

outputs, 2.2) assurance region of type II between inputs and outputs; and 3) restrictions on virtual 

inputs and outputs. Table 20.2 summaries them. 

Table 20.2  Summary of Weight Restrictions on the Multiplier Models 

Categories 
Relationships 

weight restrictions on inputs weight restrictions on outputs 

Absolute weight restrictions iii v            rrr u            

Assurance region of type I 

211   iiiii vvv    211   rrrrr uuu   
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* The Greek letters (
rriiirriirirrii  ,,,, , , , , ,  , , , , ,
) are user-specified constants to reflect 

value judgment of decision makers in the formulas. 
 
 

20.3.1.1 Absolute weights restrictions 

Absolute weights restrictions directly provide lower and/or upper bounds for input weights iv  

and/or output weights ru , as the formulas (5) and (6) below show: 

iii v            (5)              rrr u             (6) 

This type of weights restrictions was first introduced by Dyson and Thanassoulis (1988) on an 

application to rate departments. Cook et al. (1991) presented an application of this type on 

evaluation of highway maintenance patrols. Allen et al. (1997) explained that initially this type of 

weights restrictions was mainly introduced to prevent the inputs or outputs from being over 

emphasised or ignored in the assessment. It is straightforward to include the constraints of types (5) 

and/or (6) into Model (3). However, how to interpret the meanings of these bounds parameters in 

efficiency assessment is still a challenge, since weights in DEA models are significant on a relative 

basis. In general the values of the bounds are context dependent. Another difficulty is associated 

with the potential infeasibility of DEA models with absolute weights restrictions; see for example, 

Podinovski and Athanassopoulos (1998) and Podinovski (1999, 2004). It was also noted that 

switching from an input orientation to an output orientation might produce different efficiency 

scores for DEA models with absolute weight restrictions, see Allen et al. (1997). 
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It is important to realise that there is an implicit interdependence between the bounds on 

different weights when applying absolute weight restrictions. For example, in our student example 

above, there is only one input (i.e. time spent on studying) and it is assumed to be the same for all 

the DMUs. Thus the total virtual outputs have to be less than or equal to 1, and when we impose a 

lower bound for one output weight, we have also implicitly set the upper bounds for the other 

output weights. In this example, if the absolute upper bounds are set to be higher than 0.0141 (see 

optimal weights in Table 20.1) then these restrictions have no effect on the model. However, if the 

lower bounds are higher than 0.0048, then the constrained models are infeasible. Thus it is neither 

straightforward nor intuitive to set suitable absolute weight restrictions for this case. Sometimes, it 

is helpful to first examine the unbounded solutions in Model (1), and then decide the appropriate 

bound levels. Therefore we can set the lower bounds on outputs to be 0.0045. Then only student B 

is rated as efficient when the emerging weights are multiplied with each student’s outputs (see 

Tables 20.1 and 20.3). 

Table 20.3  Results of Model (3) with weight restrictions ui >=0.0045 

Student Score *
1u  

*
2u  

*
3u  

A 0.3978 0.0053 0.0045 0.0045 
B 1 0.0045 0.0045 0.0053 
C 0.9733 0.0045 0.0045 0.0053 

 

Roll and Golany (1993) studied the approach of using unbounded DEA models to decide the 

weights restrictions systematically. When absolute weights restrictions are used in the DEA models 

of multiplier form, new variables are introduced in the dual models not only on the constraints but 

also the objective function. Customary interpretation of radial measurement in standard DEA 

models may break down when absolute weights restrictions are incorporated. How to test the 

validation of a model with absolute weights restrictions and how to interpret the results clearly and 

make it meaningful for decision makers and managers have been extensively discussed. Podinovski 

(2001, 2004) proposed to replace the traditional DEA objective functions (which measure absolute 

efficiency) by max-min objective functions to measure relative efficiency in order to avoid 

misrepresentation of unit relative efficiency.  

 

20.3.1.2 Assurance region method 

20.3.1.2.1 Assurance regions of type I (weight restrictions within inputs or 

outputs)  

These types of restrictions impose relative lower and/or upper bounds for either inputs weights (7) 

and (8) or outputs weights (9) and (10), or both to incorporate value judgments in the models: 
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They were first used by Thompson et al. (1986) to improve discrimination on laboratory site 

selections. Since then, such weights restrictions have been applied in various applications, and 

among them weights restrictions in the forms of (8) and (10) are most common. AR-Is are 

particularly suitable when there is à priori information on marginal rates of substitution between 

inputs and/or outputs. For instance, when all the weights are set to be the same in (8) and/or (10), 

then the total sums of the inputs or outputs replace the virtual inputs or outputs. Generally, this type 

of weights restrictions shares similarity with assessing trade-off in multi-criteria decision analysis. 

The difference between multi-criteria decision analysis and DEA is that the former aims to identify 

the trade-off exactly, while DEA leaves some weight flexibility, see, e.g. Dyson et al. (2001). 

In many applications, these types of weights restrictions are explicit and meaningful to 

decision makers and managers, although the bound values for AR-I are dependent on the scaling of 

the inputs or outputs, and are sensitive to non-commensurable indicators, as discussed in Allen et 

al. (1997). Take the chemistry students’ case as example; if we add the constraints 

 0123  uuu into the multiplier model to reflect the value judgments that the marks in 

chemistry are more important than those of physics, and physics marks are more important than 

those in mathematics, then we will have the following results: 

 
Table 20.4  Results of Model (3) with AR-I u3>= u2>= u1 

Students Score *
1u  

*
2u  

*
3u  

A 0.3619 0.0048 0.0048 0.0048 
B 1 0.0026 0.0058 0.0058 
C 1 0.0000 0.0067 0.0067 

 

Furthermore unlike absolute weights restrictions, Charnes et al. (1990) and Thompson et al. (1990) 

pointed out that different oriented DEA models produce consistent results. 

Bounds in AR-Is generally reflect information on marginal rates of substitution between 

inputs and/or outputs, and such information can be obtained by summarizing expert opinions on the 

comparative importance between inputs or outputs (see Beasley 1990 and Takamura and Tone 

2003), or by combining expert opinions with price or cost information as presented in Thompson et 

al. (1990). Usually such price information is not accurate and a range of prices is used instead, see 

Camanho and Dyson (2005).  

Meanwhile, when weights restrictions of AR-I are incorporated in the multiplier DEA 

model, their managerial meanings may need to be clarified and resolved by using its dual model. 

However, when complex weights restrictions are used, its dual model may have complicated 
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structures so it may be very difficult to give clear interpretations for their managerial meanings, as 

discussed in Allen et al. (1997) and Thanassoulis, Portela and Allen (2004). 

 

20.3.1.2.2 Assurance regions of type II (weight restrictions between Inputs and 

Outputs) 

These types of restrictions impose relative lower and/or upper bounds between inputs and outputs 

as (11) below to incorporate value judgments in the models: 

rii uv               (11) 

In Thompson et al. (1990) both AR-Is and AR-IIs were proposed, although only AR-Is were 

actually used to assess the efficiency of Kansas farming. As a matter of fact, they already realised 

several problematic issues in applying AR-IIs (see Thanassoulis, Portela and Allen 2004) for more 

details. This type of weights restrictions has mainly been applied to profit efficiency analysis, since 

the ratios like 
1

1

v
u

are naturally associated with profit efficiency. The applications of AR-IIs with the 

traditional DEA models are not very easily found in the DEA literature. One interesting example is 

Thanassoulis, Boussofiane and Dyson (1995), where they assessed the efficiency of perinatal care 

units in England, and required the weight on “babies at risk” (input) to be linked with the weight on 

“number of survivals” (output). Otherwise, a DMU could be efficient by assigning very high 

weights on survivals or very lower weights on babies at risk, while actual survival rate is ignored. 

How to meaningfully interpret the results have also been discussed in, for example, Thompson and 

Thrall (1994) and Thompson, Dharmapala and Thrall (1995). 

 

20.3.1.3 Restricting virtual inputs and outputs 

Apart from direct restrictions on weights, there exists an implicit type of weights restrictions on 

virtual inputs and/or outputs, as formulas (12) and (13) below:  
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Restrictions on virtual inputs and outputs were first investigated in Wong and Beasley (1990). The 

virtual inputs/outputs of a DMU reflect the relative contribution of each input/output to its 

efficiency rating, and therefore can be quite helpful in identifying strong and weak areas of 

performance. Restrictions on the virtual inputs and outputs impose implicit weights restrictions and 

received relatively little attention in the DEA literature. One advantage of virtual weights 

restrictions is that virtual inputs and outputs are independent of units of measurement. Furthermore 

virtual weights restrictions are often more intuitive for decision makers. However, as Thanassoulis, 

Portela and Allen (2004) pointed out, DEA models with such constraints may become 
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computationally expensive, and sensitive to the model orientation. Also they have the same 

complexity as AR-I and AR-II on results interpretations. In determining the bounds, it is useful to 

have some prior view on the relative importance of the individual inputs and outputs. Sarrico and 

Dyson (2004) extended proportional virtual weights restrictions in Wong and Beasley (1990) to 

non-proportional, and categorised them as simple virtual weights restrictions, and virtual assurance 

regions of type I and II. 

 

20.3.1.4 Cone-Ratio approach 

Charnes et al. (1989) proposed the following Cone-Ratio model, which confines weights in cones, 

V  and U :  

.   ,                  

,,...,1 ,1                  
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When  mRV  and  sRU , it is back to the classic CCR DEA model. In practical applications, 

value judgments are incorporated into the models by defining suitable polyhedral cones V  and U . 

There are two different ways to represent such cones: Either, we can say that a cone mRV   is 

polyhedral cone, if it has the so-called half space form:  

}0|{  CvvV , where C is a ml   matrix. Or if it is generated by a finite set of vectors 

with the form: 









 


.,...,1,0  ,|}),...,({ˆ
1

1 ljavvaaconeV j

l

j
jjl  , 

where ),...,( 1 laa  are some vectors in mR , and l  is a positive integer. Let lm  matrix TA  be 

formed from the vectors ),...,( 1 laa . Then we can say the cone V̂  is generated by matrix TA . 

Generally the constraints of AR-Is can be written as follows: }0|{  CvvV , and 

}0|{  DuuU . Thus DEA models with weights restriction of AR-I are clearly a specific case 

of Cone-Ratio models.. Charnes et al. (1991) discussed relationships between the matrixes A and 

C: which are very useful in applying Cone-Ratio model. Then we can transform the Cone-Ratio 

Model (14) into the following programming problems (Charnes et al. 1990): 
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Cone-Ratio Prime Model (15) Cone-Ratio dual Model (16) 

.0,0                 

,0)()(                 

,1)(             ..

)(   

0

0
T













BYAX

AXts

BYMaxmize

TT

T

 

.0    

)()(   

)()(   

0

0











              

,BYBY               

,AX  AX    s.t.      

 Minmize   

 

Let BYYAXX  ˆ   and    ,ˆ  in Model (15) and (16). Then it is clear that the cone-ratio model is 

consistent with a CCR model, but with the transformed inputs and outputs YX ˆ and ˆ . Thus the 

cone-ratio model can be viewed as a special case of the approach of data transformations, see 

Thanassoulis, Portela and Allen (2004) for the details. In the next section we will see a different 

interpolation of the cone-ratio model.  

There are several different ways to construct suitable cones to incorporate values 

judgments. One possible approach uses expert opinions through, for example, the analytic 

hierarchy process (AHP) or Delphi first. Then we may be able to decide the constraints of AR-I and 

then construct the matrixes C , D . One can also use the DMUs optimal weights to construct the 

cones. Generally, one first solves the original CCR model and then selects the preferable DMUs 

among the efficient ones. Then we can use the set of the optimal weights *v  and *u  of the 

preferable DMUs as the elements of matrix TA , TB , see Cooper, Seiford and Tone (2000). 

Charnes et al. (1990) and Brockett, Charnes and Cooper (1997) used this approach to set the 

admissible directions for the cone to analyse efficiency for some banks. In the next section, we will 

explain another possible approach to construct the matrixes A and B . 

20.4 Incorporating value judgments in DEA by changing preferences 

As mentioned in the section 20.2 of this chapter, one difficult task in incorporating value judgments 

in DEA is how to quantify them. Usually they are expressed in vague expressions such as “more 

important” or “very valuable”, and have to be translated into precise mathematical relationships in 

DEA models. In many applications, value judgments can be reflected by preference that has been 

one of the bases of multiple criteria decision-making theory. Preference can be viewed as an order 

relation, and aims to clarify the precise meanings of our fuzzy concepts like “higher” or “lower”, 

and “better” or “worse”. With a preference selected, we can unambiguously state that outcome of 

one DMU is greater or better than another. 

 

20.4.1 Preferences and properties 

A preference is a relationship defined for some pairs ),( yx  on a set X, which can be denoted by 

}{  and }{  to represent “better than”, and “worse than”. That is for Xyx  , if yx  then 
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“ x  is at least as good as y ”; if yx  , then “ x  is at most as good as y ”. The definition of 

preference looks slightly abstract, but essentially it just clarifies the precise meanings for the vague 

expressions like “better, worse”. Clearly one should have some understandings on these meanings 

before an evaluation is carried out. The most classic example is the numerical order (preference) 

for the real numbers like “ 35  ” and “ 64  ”. Such an order can be generalized to a column or a 

table of real numbers – like the Pareto preference to be discussed below. However unlike the real 

number preference, a pair ),( yx  generally may not have such a relationship under these 

generalized preferences; many pairs may not be comparable under these preferences.  

When there exist no other element in X  better than an element x , then it will be 

considered as “optimal, or non-dominant” solution in X , although this does not really mean that it 

is better than the others in assigned preference like in the real numbers, since this could only mean 

there are many elements incomparable with it. In a sense, DEA is to find “optimal” DMUs in 

Production Possibilities Sets under Pareto preference, see, Cooper, Seiford and Zhu (2004) and Liu, 

Sharp and Wu (2006).  

All the preferences discussed here are Reflexive: For all x  in X , xx  , and most of 

them are Transitive: For all x , y , and z  in X , if yx   and zy  , then zx  . These 

properties usually hold in real-life applications of DEA, and they are defined to make sure the 

mathematical summaries of the value judgments of decision makers are consistent and logical. Let 

us first examine some preferences frequently used.  

Example 1: Pareto preference 

The Pareto preference is by far the most widely used one in economical and management areas. We 

will keep using the usual inequality symbols   ,  for this preference. 

Let ),...,( 1 nxxx  , ),...,( 1 nyyy   be two outputs. Then in Pareto preference, yx   ( yx  ), or 

x  is better than (worse than) y , if and only if ii yx   ( ii yx  ) for ni ,...,1 . Thus if 1n , 

then }{  in Pareto preference is just the standard numeral symbol “ ”. However when 1n , this 

standard “ ” is no longer meaningful, and Pareto preference is just a natural generalization of this 

symbol to higher dimensions.  

Pareto’s “better than” requires each of the outputs is better. Therefore for the same inputs, 

if one DMU has achieved the maximum in any one of the outputs, then it becomes an “optimal” 

solution in this preference, as no other DMUs can be better than it in Pareto preference. Thus 

students A, B, and C having the examination results (71, 2, 3), (70, 70, 70), and (50, 50, 99) are all 

efficient. Pareto preference also implies no-substitutions between outputs and equal-importance of 

all components. This is quite different if we define the preference using the total of the marks, as 

then only student B will be efficient due to substitutions between marks of different subjects.  
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For DMUs ),( YX  with desirable inputs and outputs, DMU1 ),( 11 YX  is better than ( ) 

DMU2 ),( 22 YX  in the standard DEA means 21 XX  , and 21 YY   in Pareto preference. DEA 

tries to find the “optimal” DMUs in the Production Possibilities Sets under this preference (see Liu, 

Sharp and Wu 2006). 

Example 2: (A, B) matrix preference 

Let us re-examine the chemistry students’ example. Let 3-dimensional vector iY  denote the 

examination marks of math, physics and chemistry of student-i respectively. In the example above, 

all the subject marks are regarded as equally important and non-substitutable so that the students A, 

B, C are not comparable. This may not be the case as the students are in a chemistry department. 

For example, the department may think student-i is better than student-j if his or her chemistry 

marks and marks in total are higher, that is: 

jjjiii

ji

yyyyyy

yy

321321

33




 

If the students are however in a mathematics department, then this could be changed as: A student-i 

is better than student-j if  

jjjiii

ji

yyyyyy

yy

321321

11




 

Still no students are directly comparable. If the university thinks all the subject marks are equally 

important and substitutable, then the totals are the most important so that student-i is better than 

student-j if 

jjjiii yyyyyy 321321   

The above preferences can be conveniently presented with matrixes. For the first case we 

can let A= 







111

100
, so performance of student-i is better than that of student-j if and only if 

ji AYAY   in Pareto preference. For the second and third cases we can let A= 







111

001
, and 

A=  111 . Finally, if we let A=I=
















100

010

001

, then the matrix preference ji YY   is just the  



Part V – Advanced Concepts of DEA 

Chapter 20 

- 231 -

Pareto preference: 

ji

ji

ji

yy

yy

yy

33
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11





 

In general let A be a ml   matrix with non-negative entries. A preference on X can be defined via 

the matrix A so that WY   if and only if AWAY   in the Pareto preference. Particularly, when 

A is the unit matrix, then we can see the matrix preference is just the standard Pareto Preference. 

When A is row vector with all “1” elements, then the preference is just to compare the totals. From 

the examples above, we can see many preferences can be obtained in this way. 

For input-output data, DMU(X, Y) is preferred to DMU(W, Z) under the (A, B) matrix 

preference, if and only if AWAX   and BZBY   in the Pareto preference, where A and B are 

ml  and sk   matrices with non-negative entries. In the DEA models, the matrix preference 

plays a very important role in incorporating value judgments. The Cone-Ratio model is closely 

related to this preference.  

Example 3: Lexicographic preference 

A lexicographic ordering is sometimes very useful when the k-th component is overwhelmingly 

more important than the k+1-th component for 1,...,1  nk . A lexicographic ordering preference 

is defined as follows: the outcome ),...,( 1 nyyy   is preferred to ),...,( 1 nxxx   (i.e. xy  ) if 

and only if 11 xy  , or there is some k(2,…,n) so that kk xy   and ii xy   for 1,...,1  ki . A 

chemistry department may think that the chemistry marks are the most important. For the students 

A, B, C, we have then C BA in Lexicographic preference. Lexicographic order is used in 

Olympic games to rank the countries’ performance according to the medals they have obtained. 

Thus one country has better performance than another, if its total of gold medals is more than that 

of another’s. If the gold medal numbers are equals, then we count the silver medal numbers that the 

countries have obtained, and so on.  

20.4.2 DEA models with various preferences 

20.4.2.1 Classical DEA models under Pareto preference 

Let jX  jY  be m and s dimensional inputs and outputs respectively for j=1,2,…,n. Let us first 

examine the standard additive DEA model:  
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where ),...,,( 21
  msssS , ),...,,( 21

  ssssS , and the inequalities are understood in Pareto 

preference. It is clear that  
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 is an indicator for how much better of the virtual DMU 

(


n

j
jjλX

1

,


n

j
jj λY

1

) in PPS than 0(X , 0Y ) under Pareto preference, see Liu, Sharp and Wu 

(2006) for more details. Thus this DEA model is to identify the virtual DMU in its PPS, which is 

better than 0(X , 0Y ) and achieves the maximum performance with the additive indicator. Let us 

then examine the output oriented CCR model: 
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where the inequalities are again understood under Pareto preference, and   is an output orientated 

radial measurement for how much better of the virtual DMU (


n

j
jj λX

1

,


n

j
jj λY

1

) than 0(X , 0Y ) 

in Pareto preference, see Liu, Sharp and Wu (2006). Let us also note that an inequality like: 





n

j
jj YY

1
0 can be equivalently expressed by: ,0,

1
0 




n

j
jj SYSY   using the slacks 

S . Thus the CCR with slacks reads: 
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According to Liu, Sharp and Wu (2006), one can substitute the default preference with those 

suitable for an application to incorporate value judgments directly. 

 

20.4.2.2 DEA models with matrix preferences 

We start from a simple example and assume that a mathematics department wishes to investigate 

study efficiency of mathematics and physics for its students via DEA. Total time spent on study is 

used as the input, and examination marks of mathematics and physics are used as the outputs for 

each of its students. Let jj xX 1  be the inputs and T
jjj yyY ),( 21  denote the examination 

marks of mathematics and physics respectively as outputs for student-j in the department. As a 

mathematics department, it puts more emphasis on mathematics. Thus it adopts the Pareto 

preference for the inputs, and the following preference for the outputs: 

iY  is better than jY  if 
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Using these preferences, then the output oriented CCR model reads: 
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where “ ” is understood in the above preference. Thus for individual components of the inputs 

and outputs, it reads: 
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Now let us re-examine the chemistry students’ case and let jj xX 1  be the input and 

T
jjjj yyyY ),,( 321  denote the examination marks of mathematics, physics and chemistry 

respectively as outputs for student-j in a chemistry department. The department adopted the 

following preference: 
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Using this preference, then the output oriented CCR model still reads: 
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although here “ ” is understood in the new preference. For individual components of the inputs 

and outputs, it now reads (adding slacks): 
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The computational results for the chemistry students’ case using this DEA model are summarized 
in Table 20.5: 

Table 20.5  Results of Model (23) for chemistry students 

Student   1/  
*
1  

*
2  

*
3  Slacks-1 (Chem.) 

Slacks-2 
(Math. +Phy. +Chem.) 

A 2.7632  0.3619  0 1 0 61.7105  0 
B 1 1 0 1 0 0 0 
C 1 1 0 0 1 0 0 

It is interesting to know how to recover (23) by imposing AR-I restrictions in the multiplier DEA 

model in the sense that the dual of the restricted model coincides with (23). These models can be 

conveniently summarized using the matrix preference:  
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where the preferences are understood in the (A,B) matrix preference. Using the standard 

inequalities:  
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We have A=I and B= 







11

01
, A=I and B= 








111

100
 for the first and second cases respectively.  

Some of these models seem to coincide with the dual form of the well-known Cone-ratio 

model, although the preferences changes approach looks more general. For the reference change 

approach, the matrices A and B are decided directly from the value judgment information of an 

application, as we have seen above.  

We can also replace the preference in the standard additive DEA model: 
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where the inequalities are understood in the (A,B) matrix preference so that using the standard 

symbols, it reads:   
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The computational results for the chemistry students’ case using this model are presented in Table 

20.6: 

Table 20.6  Results of Model (27) for chemistry students 

Student Score *
1  

*
2  

*
3  Slacks-1 (Chem.) 

Slacks-2 
(Math. +Phy. +Chem.) 

A 219 0 0 1 96 123 
B 0 0 1 0 0 0 
C 0 0 0 1 0 0 

 

20.4.2.3 DEA models with weighted average preferences 

One of the most useful preferences for multi-inputs and multi-outputs is to compare total average. 

Let ),...,( 1 nxxx  , ),...,( 1 nyyy   be two outputs. Then in this preference, yx   if  

nnnn yyyxxx   ,...,,..., 22112211 , 

where 0i  are the assigned weights. Using this preference assumes that the inputs or outputs 

are i -important and substitutable. For instance, subject examination marks of a student in a 

university often are considered to be equally important and substitutable. For sake of simplicity, 

assume that the weights for inputs are all the same. Then the additive DEA model in this preference 

reads:  
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A DMU is efficient if its score is zero. Let us have a closer look at this model. Assume that 

all the DMUs have the same inputs, and then it is clear that: 

(max  max ,...1 njss 
  02021012211 ...()... sssjsjj yyyyyy   ) 

Thus this DEA model recovers the widely used statistical comprehensive analysis model with the 

pre-assigned weights i  for the ratio data.  

Of course, often adding the inputs or outputs like student numbers and profits together is 

meaningless. Thus the following preferences are often very useful. Let ),...,( 1 nxxx  , 

),...,( 1 nyyy   be the two positive outputs, and let 
i

i
i y

x
 . One can express preferences with 

these ratios. For example, Pareto preference can be described by the condition that yx   if 

1i for i=1,2,…,n. In order to compare the outputs via the total average, we can use the sum of 
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the ratios. We say that yx   if n
n

i
i 

1

  (sometimes it can be replaced by 121 
n

n  ). 

This preference allows the individual ratios below the unit as long as the total average is not less 

than 1 without adding all the inputs or outputs together. Only the inputs or outputs in the same 

category are compared and this makes a lot of sense. Then with this preference we can have some 

useful DEA models. For example, in some applications, outputs are equally important and non-

substitutable, but inputs are equally important and substitutable. Then the corresponding DEA 

models are  
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Let us note that this is not just the DEA model with Russell measurement since here the 

vital individual constraints 1i  are dropped so now only the total averages are important, 

referred to as the DEA models with preference. The standard Russell DEA model does not allow 

performance compensation between the outputs in constructing its PPS, although a limited 

measurement substitution is carried out in counting the overall performance scores for the virtual 

DMUs in its PPS. This new model has more discrimination power than the standard Russell DEA 

models, and this has been confirmed in Zhu (1996) and Meng, Liu and Li (2005). 

20.4.2.4 DEA models with lexicographic preference 

In this section we present some DEA models with lexicographic preference via examining a typical 

application. Olympic ranking is a typical example of applying lexicographic preference, where 

countries are ranked in accordance with the number of gold, silver and bronze models that their 

athletes have won. Gold medals are of dominant importance, as the countries that won a number of 

silver and bronze medals but none of gold are often ranked below the countries that have just won a 

single gold medal. When the gold medals are the same, then the silver and then bronze medals are 

used to break ranking ties. Thus this procedure typically uses lexicographic preference. 

Since such Olympic ranking only focuses on outputs (medals), in other words, it is a 

typical effectiveness evaluation that ignores resource utilisation. It raises an interesting issue on 

examining the participant countries’ efficiency. In fact there are already several papers on 

efficiency evaluation of Olympic Games by using DEA approach. Lozano et al. (2002) and Lins et 

al. (2003) analysed the relative efficiency of countries that win at least one medal in Olympic 

Games in relation to its available resources, where inputs were a country’s population and GDP, 



Part V – Advanced Concepts of DEA 

Chapter 20 

- 238 -

outputs were the number of gold, silver and bronze medals. These two papers used weights 

restrictions to incorporate the value judgments that gold medals were worth more than silver ones 

and that the latter were worth more than bronze medals. Let 1x , 2x represent the population and the 

GDP, and 1y , 2y , 3y  represent the number of gold, silver, and bronze medals respectively. For 

example, Lozano et al. (2002) incorporated this value judgment in the multiplier DEA model by 

restricting , ,
3

2

2

1  
u

u

u

u
 where  ,   were numerical scalar.  

Churilov and Flitman (2006) instead aggregated four outputs according to four possible 

preferences by the formula 



3

1r
jrrj yuy , where yrj were the corresponding number of gold, silver, 

and bronze medals won by DMUj, ur were the weights. For example, the first output could be 

accounted by assigning weights (10, 7, 2) to gold, silver and bronze medal. This implies that 

winning a gold medal is five times as important as winning a bronze medal. With selected inputs 

and aggregated four outputs, standard DEA models were used to examine different countries’ 

technical efficiency and scale efficiency.  

However it is clear that these DEA models on evaluation of Olympic Games did not use 

lexicographic preference, but some kinds of matrix preferences. Here we indicate how to 

incorporate lexicographic preference in DEA in this application, in order to illustrate the general 

idea. Output oriented model is used, and Pareto preference is adopted for the inputs, as we regard 

the population and GDP are equally important and non-substitutable. Let us select lexicographic 

preference for the outputs with the radial measurement. Then the BCC model with lexicographic 

preference can be presented via a multi-phase procedure as follows: (for simplicity, we omit slacks) 

Step 1: First consider the number of gold medals as the output 
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If all countries are assigned different efficiency scores in this step, then we have completed 

the ranking. Otherwise, those DMUs that have the same efficiency scores need to be further ranked 

in Step 2. This means that these countries have the same efficiency scores from the point of view of 

obtaining the gold medals, and need to be further compared using their silver medals.  
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Step 2: Substitute the optimal value *1  obtained from Step 1 into the following model. Then rank 

these countries by comparing their relative efficiency from a point of view of winning silver 

medals: 
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Then if some DMUs still have the same efficiency scores in Step 2, we need to move to Step 3.  

Step 3: Substitute the optimal values of ,*1  and *2  , which were obtained from Step 2, into the 

following model to measure the relative efficiency to win bronze medals for these countries. 
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This approach clearly reflects the value judgment that the number of gold medals is of the 

dominant importance, and so on. Then interpreting the results is easier and clearer. For any two 

countries A and B, DMUA>DMUB (i.e., A is ranked higher than B) if 11
B A . If  A

11
B  , then 

we move to Step 2. If 22
B A , then DMUA>DMUB. Otherwise, we further move to Step 3. If the 

two countries still have the same efficiency score at Step 3, we give them the same rank. 

 

20.4.3 Discussions 

The core of the preferences changes approach is to quantify value judgments into suitable 

preferences and then incorporate them into DEA models. This approach has the advantage of 

incorporating value judgments in DEA more directly. The most difficult part is quantifying value 

judgments into suitable preferences, and this is not always possible. Sometimes, only a part of the 

value judgments can be reflected. Often the issue of preferences is silently hided inside mission 

statements of DMUs and needs to be clarified. For instance, when stakeholders in an application 



Part V – Advanced Concepts of DEA 

Chapter 20 

- 240 -

tell an evaluator that one particular output is more important than the others, this statement can be 

quantified via a) the lexicographic preference – then it is of dominant importance; or b) via the 

preference used in the chemistry department in section 20.4.2.2 – then this particular output is not 

substitutable although the others are with the equal weights; or c) via the weighted total preference 

with a high assigned weight as in section 20.4.2.3 – then all the outputs are substitutable although 

this particular output has a higher weight; or d) something more suitable for this situation. 

Agreement is needed through close communication with the decision makers and the 

stakeholders from all sides. A useful approach is that the evaluator first listens to and understands 

the requirements from all stakeholders, and present several possible alternatives (as the above) with 

clear explanations of their meanings and differences in plain English for discussions. This often can 

lead to an agreement on the preference to be used. For instance when evaluating a group of 

research institutes as requested by a funding body, if the evaluator is not sure what preference to be 

used, then he or she should present several possible alternatives for discussion and to communicate 

with the researchers, administrators, and the funding body in order to have an agreed solution. This 

is of course quite demanding for the evaluator. In this sense weights restrictions are easer to use. 

However in fact it is much more difficult to know whether the resulting DEA models with weights 

restrictions correctly reflect the value judgments requested in a particular application, as to be seen 

in the next section.  

More discussions and useful preferences can be found in Liu, Sharp and Wu (2006). For 

instance, the approach of preferences changes was used to handle the cases where parts of the 

inputs or outputs are undesirable, and also economics preference is defined to handle allocative 

efficiency. Furthermore it is important to realize that the performance measurements may affect 

incorporation of value judgments as well with selecting the preferences. 

20.5 Interpretation and relationship of different approaches 

Interpreting results of DEA models with value judgments may not be a trivial task. Among the 

several approaches discussed in this chapter, interpretation is generally more straightforward for 

the approach of preferences changes, as an important part of interpretation has been included in the 

procedure of quantifying value judgments into suitable preferences. For example, when 

incorporating the value judgment that the marks of chemistry are more important than the others, 

the evaluator would have already discussed with the stakeholders which of the precise statements 

a)-d) in the section above most accurately reflects the real meanings of “more important” for the 

department. Thus an important part of interpretation has been transferred to the decision makers 

and stakeholders. The rest of the task follows the standard interpretations of dual DEA models, as 

illustrated in Liu, Sharp and Wu (2006). 
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On the other hand, interpreting results of DEA models with weights restrictions often needs 

careful thinking, although applying this approach seems more straightforward. For example, in the 

absence of weights restrictions, the CCR efficiency score for a DMU is traditionally interpreted as 

a measure of the radial contraction of inputs (or expansion of outputs) necessary for efficient 

operation. However this interpretation of the CCR efficiency measure no longer holds under 

weights restrictions. The standard interpretation that a DEA model seeks the virtual DMUs of the 

best performance in PPS often breaks down as well in the presence of weight restrictions. As stated 

in the general guidelines in Thanassoulis, Portela and Allen (2004) for interpreting results of DEA 

models with weight restrictions, there may exist substantial changes to the mix of inputs and 

outputs of a given DMU, and deteriorations in some observed inputs or output level. There are 

comprehensive studies on effects of DEA weight restrictions on the efficiency scores, DEA targets, 

and efficient peers, etc, see, Allen et al. (1997) and Thanassoulis, Portela and Allen (2004).  

However here we wish to emphasize that these changes brought by the weight restrictions 

may be perfectly in line with intuition, and suitable for incorporating value judgments in a 

particular application, as long as the evaluators are fully aware of, and approve these changes. Take 

the mathematical department case in section 20.4.2.2 for example. Suppose that we wish to 

incorporate the value judgment that marks of mathematics are more important than these of physics 

with weights restrictions, say, 021  uu  in the multiplier-DEA model. Then it can be shown that 

the dual model reads:  
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 (33) 

Thus in this case, the model with weight restrictions exactly coincides with the PCs model 

in section 20.4.2.2. Therefore implicitly it assumes the preference in option b) in section 20.4.3 for 

the outputs as adopted by the mathematical department in section 20.4.2.2: 

jjii

ji

yyyy

yy

2121

11




 

Of course as long as these implicit features are in line with the decision makers value judgments, 

they are all perfectly acceptable. However it is not very often that implications of weight 

restrictions can be clearly demonstrated as in this simple case. Until the dual models are clearly 

presented and analysed, an evaluator may not easily realize these implicit features and changes, and 

therefore the implications and consequences that they will bring to the assessment outcomes.  
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As illustrated above, the DEA models from weights restrictions have some overlaps with 

the DEA models from preferences changes. Also sometimes, the PCs approach can be viewed as a 

kind of data transformations as in the Cone-ratio model. It is easy to see that many modified DEA 

models with weights restrictions cannot be produced from the PCs approach. On the other hand, it 

is not always possible to recover a modified DEA model with PCs via weight restrictions. For 

example, a DEA model of type (29) cannot be recovered from any weights restrictions of a 

standard DEA model (see Zhu 1996). In fact it does not seem to be straightforward to recover any 

of the models after (22) via weights restrictions of a standard DEA model.  

20.6 Conclusions 

Incorporating value judgments in DEA models may arise in many real-life applications with 

several different goals, and may be dealt with via different approaches. However none of the 

approaches studied or briefly outlined in this chapter is all-purpose, or free of disadvantages. It is 

important for evaluators to be aware of their advantages and pitfalls. 

It appears more straightforward to interpret mathematical and managerial implications of 

introducing value judgments via the preferences changes. This approach often requires the explicit 

participation of the decision makers and stakeholders, although it is now considered to be 

increasingly important to involve these stakeholders in the evaluation processes to reach 

agreements on ways to reflect the value judgments. On the other hand, the approach of weights 

restrictions seems to be simpler to use and more flexible in incorporating value judgments in DEA, 

although it is still a current issue how to interpret the emerging efficiency scores.  

The most suitable approaches will depend on many factors such as objectives of the 

evaluators and the data available. It is also important to remember that there may be other methods 

such as selecting suitable sets of inputs-outputs or data transformation, which can better handle 

incorporation of value judgments. 
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CHAPTER 21: Imprecise DEA – Telecommunications 
by W W Cooper 75 and K S Park 76 

 

21.1 Introduction 

Data envelopment analysis models, as treated in other parts of this book, assume that the data for 

all inputs and outputs are known exactly. In some applications, however, the data may be 

imprecise. The term “imprecise” means that some data are known only to lie within specified 

bounds while other data are known only to satisfy ordinal relations. For example, a qualitative 

factor such as ease of use, skill level of labourers or managers, may take the form of only ordinal 

relations as when an expert may say DMU1 is best, DMU2 is second, and so on. These DMUs 

might alternatively be categorized into several groups with respect to performances that are 

regarded as good, moderate, or poor. For an example of bounds an expert may say that the 

performance of DMU1 is more than two times and less than three times that of DMU2. 

Alternatively one may say that the performance of DMU2 is between 70% and 80% of the 

performance level of DMU1. Even some quantitative factors may involve such imprecise data. For 

instance, the manpower employed in a DMU could fail to be constant and may be so volatile that 

these data can only be said to fluctuate within upper and lower bounds. 

 The nature of the imprecise data will be problem-specific and will depend upon particulars 

of the problem in question such as prior knowledge or experience with the factors involved. 

Generally, there are various types of imprecise data including those mentioned above. The Multi-

Criteria Decision Analysis (MCDA) literature contains a more extensive discussion on the use of 

imprecise data, where various forms of imprecise data that occur in practice are described. Similar 

situations might occur in the context of DEA because of the structural similarity between MCDA 

and DEA. See Appendix G for literature review. 

 To deal with all aspects of such imprecise data in DEA, Cooper, Park and Yu (1999) 

proposed a body of concepts and methods that go by the name of Imprecise Data Envelopment 

Analysis (IDEA). These IDEA concepts and methods also show how conditions on the multiplier 

variables as well as the data can be treated in DEA. This includes the Assurance Region (AR) 

conditions on the variables, as in Thompson, Dharmapala and Thrall (1995) and Thompson et al. 

(1990), and extends to the combined variable-data transformations employed in the cone-ratio 

envelopments of Charnes et al. (1990, 1991) and Brockett et al. (1997). This is all unified in one 

approach referred to as AR-IDEA which includes not only treatments of imprecise data but also 

assurance regions and like concepts. 

                                                   
75 Corresponding author: Red McCombs School of Business, University of Texas at Austin, cooperw@mail.utexas.edu 
76 College of Business Administration, Korea University, Seoul, sampark@korea.ac.kr 
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 As we will see, these IDEA and AR-IDEA models lead to nonlinear relations that result 

from the fact that some inputs and outputs are unknown in the form of exact data and become 

decision variables in order to determine their values as part of the solution. However, these 

nonlinearities can be replaced by a linear programming equivalent as we will show in this chapter. 

 The primary purpose of this chapter is to introduce the IDEA and AR-IDEA models and 

methods. This includes showing how the resulting nonlinear programming problems can be 

transformed into linear programming equivalents for use in DEA. To present an idea of what is 

involved we first supply a simple numerical example. We follow this with a general and rigorously 

established form of IDEA and AR-IDEA. After this has been done, we provide an application of 

these methods. Finally, we conclude this chapter with a summary and a sketch of further 

opportunities for research and use. 

21.2 Illustrative Example 

We start our discussion with the example in Table 21.1, where five DMUs (j = 1,…,5) each 

produce two different outputs yrj (r = 1, 2) by utilizing two different inputs xij (i = 1, 2). As 

indicated in the column headings, the data are to be dealt with in ordinal and bounded forms as well 

as in the customary exact forms. Specifically, the data for the first output (y1j) and the first input 

(x1j) are all exact. The values for the second output (y2j) are ordinal so that these numerical values 

represent only ordinal relations, as noted in the footnote to this table. The bounded data for the 

second input (x2j) are stated relative to the unit value that is assigned to this input for DMU3 or 

DMU5. 

Table 21.1  Mixtures of Exact and Imprecise Data 

DMU j 

Outputs Inputs 
Exact Ordinal Exact Bound 

Revenue 
y1j 

Satisfaction 
y2j 

Cost 
x1j 

Judgment 
x2j 

1 2000 4 100 [0.6, 0.7] 
2 1000 2 150 [0.8, 0.9] 
3 1200 5 150 1 
4 900 1 200 [0.7, 0.8] 
5 600 3 200 1 

Note: The y2j data reflect only the ordinal relations y23  y21  ...  y24. The x2j data represent ratio bounds based on the reference DMUs 3 or 5 
(e.g., 0.6  x21  0.7 for DMU1 in row1 with x23 =1). Source: Cooper, Park and Yu (1999). 

 

 Although we can use other DEA models, we here use the CCR (Charnes, Cooper, Rhodes 

1978) multiplier model to assess the relative efficiency of each of the five DMUs in Table 21.1. 

The resulting model with which to evaluate each DMU is formalized as, 
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Here, the yro and xio data respectively represent the outputs and inputs for DMUo, the DMUj to be 

evaluated. The variables r and i are multipliers associated with output r and input i, respectively, 

and  > 0 is a non-Archimedean element (smaller than any positive real number) which restricts the 

variable values to be positive as shown in the last set of constraints for (1.1). 

 When the yrj, xij data are exact, as in the two sets labelled by “Exact” in (1.2), simple 

substitution produces the usual DEA model, i.e., (1.1) becomes a standard CCR multiplier model. 

However, the data y2j and x2j in the sets labelled as “Ordinal” and “Bound” are variables to be 

determined because their exact values are not known in advance. Consisting of both (1.1) and (1.2), 

the complete model in (1) thus incorporates imprecise data as well as exact data with each 

constituting a subset of one collection of constraints in a CCR multiplier model. This is an example 

of the IDEA model as originally proposed by Cooper, Park and Yu (1999) that involves treating a 

nonlinear programming problem because the data for the ordinal and bounding relations consist of 

variables whose values are to be determined. Hence this problem, as formulated, cannot be treated 

by standard methods without further transformations like those we now describe. 

 For model (1), we introduce new nonnegative variables Yrj, Xij defined as follows: 

 

.,,

,,

jixX

jryY

iijij

rrjrj





      (2) 

 

Note that the nonnegitive yrj, xij data variables require the newly introduced variables Yrj and Xij to 

be nonnegative. Using the new variables defined on the left in (2) transforms model (1) into the 

following linear program: 
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with the Yrj, Xij variables all constrained to be nonnegative. 

 Let us now see how the transformation from (1) to (3) is accomplished in detail. By means 

of the equations in (2), the transformation of (1.1) into (3.1) is quite evident. For y11 = 2000 in the 

first set of exact data in (1.2), multiplying both sides of this equation by 1 yields y111 = 20001. 

Using the new variable Y11 = y111 defined in (2), the original equation y11 = 2000 in (1.2) becomes 

Y11 = 20001, as in the first set of relations in (3.2). For the ordinal data y23  y21  ...  y24 in (1.2), 

we multiply every variables in these relations by a positive scalar 2  , without disturbing the 

original relations, so we have y232  y212  ...  y242. By using the definition in (2) this is 

converted to Y23  Y21  ...  Y24 in (3.2). Proceeding analogously with the other exact and bounded 

data in (1.2) we obtain the other relations in (3.2). In this way we achieve the linear programming 

equivalent represented in (3) to the nonlinear version of IDEA model (1). 

 We next use the resulting linear IDEA model in (3) to evaluate the relative efficiency of the 

five DMUs. En route to solving the problem, we might consider setting  either at zero or at a small 

positive number77 like 10-6. Setting  = 0 ignores the slacks as sources of inefficiency and hence 

corresponds to the use of a radial measure of efficiency.78 However with only radial efficiency it is 

unclear whether or not the evaluated DMU is efficient (100%). We therefore make further 

computations of efficiency with  = 10-6 in (3).79 The resulting efficiency scores for both cases are 

recorded in the middle two columns of Table 21.2. DMUs 1 and 3 appear to be efficient in both 

columns but DMU4 becomes radially efficient with  = 0 but not with  = 10-6. In both cases the 

other two DMUs are inefficient. 

 

                                                   
77 We are using this small positive number only for simplicity of illustration and do not recommend it generally.  See Ali and Seiford 
(1993), for hazards associated with uses of such small real number. More generally one would use a multi-stage process like the two-
stage procedure for solving for the slack in the CCR envelopment model. 
78 This concept of efficiency is also called weak efficiency or the Farrell measure of efficiency, as opposed to Pareto-Koopmans 
efficiency. See Cooper, Park, and Pastor (1999) and the references cited therein. 
79 We are here using this numerical value for convenience to see if a DMU is efficient in the present illustration. We might also note, as 
done in Thompson et al. (1990), that imposing  > 0 on the admissible values for the multipliers can be regarded as a special application 
of the AR approach. 
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Table 21.2  Efficiency Scores 

DMUo 
zo

* 

with  =0 
zo

* 

with  = 10-6 
o

*

(See footnote) 
1 1 1 1 
2 0.8750 0.8749 0.7146 
3 1 1 0.7543 
4 1 0.9999 0.6462 
5 0.7000 0.6999 0.5354 

Note: The o
* values in the last column represent the AR-IDEA efficiency scores obtained from model (5) below. 

 

 This completes the illustration of IDEA. We next turn to AR-IDEA to demonstrate how to 

use AR information in the framework of IDEA. Suppose that we have AR conditions, 2  1/2  3 

and 1  1/2  2, that reflect judgments made on the allowable values for the output multipliers 

and the input multipliers involved in IDEA model (1). Incorporating these AR constraints into (1) 

we have 
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Here we have added the AR conditions in the last row, represented by (4.3), where it is worth 

noting that the AR constraints in (4.3) make the constraints 1, 2, 1, 2   in (1.1) redundant. 

Hence we have omitted these constraints in (4) because the AR constraints in (4.3) ensure that all 

of the multipliers will be positive. We also replace zo by o in the objective of AR-IDEA Model (4) 

to recognize explicitly that AR conditions are also to be used in obtaining these efficiency scores. 

 Model (4) is a specific example of the way that AR-IDEA is to be incorporated in the 

unified approach presented in Cooper, Park and Yu (1999). This nonlinear programming model can 

also be transformed by means of equation (2) into the following linear program: 
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subject to 0, 1, ,5 (5.1)
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Ordinal: { }
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Bound: {0.6 0.7 ; 0
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AR: 2 / 3; 1 / 2 (5.3)
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with all variables constrained to be nonnegative. Note that no change is made in these AR 

conditions so (5.3) is the same as (4.3). Consequently, model (5) represents the linear programming 

equivalent to the nonlinear version of AR-IDEA model (4). 

 Using the linear AR-IDEA model in (5), we assess the AR-IDEA efficiency of the five 

DMUs shown under o
* in Table 21.2. Only DMU1 is found to be efficient under the AR efficiency 

conditions and the efficiency scores for the other DMUs are drastically lowered in comparison with 

those in the middle two columns of Table 21.2. Thus the use of AR-IDEA leads to the conclusion 

that, under these conditions, DMU1 is the best performer, and the use of AR bounds produces 

drastic changes in the efficiency scores of the other DMUs. 

21.3 Generalised Formulations 

With this illustration as background, we now present a general, rigorously established form of 

IDEA and AR-IDEA as follows: Let there be n DMUs (j = 1,…,n) each of which produces s 

outputs yrj (r = 1,…,s) by utilizing m inputs xij (i = 1,…,m). The AR-IDEA model can then be 

represented in its general form as follows: 

 

1

1 1

1
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 The sets Dr
+, Di

 in (6.2) represent the sets of imprecise data constraints as in IDEA, with 

Dr
+ representing the set for the vector of output data variables yr = (yr1,…,yrn) and Di

 representing 

the set for the vector of input data variables xi = (xi1,…,xin). As mentioned before, imprecise data 

encompasses both ordinal data and bounded data. Table 21.3 exhibits specific examples of such 

imprecise data for the output relations that are identified by name in the first column on the left. 

Hence Dr
+ can in these different cases include output identified by constraints like those shown in 

the middle column of Table 21.3. (The Di
 set can be similarly arranged for inputs). More 

generally, each of the Dr
+, Di

 sets can be assumed to be a convex polyhedron in n, formed by a 

system of linear inequalities representing imprecise data in such linear inequality relations where 

we assume throughout that the vectors yr  0, yr  0 r and xi  0, xi  0 i. 

 The A+, A in (6.3) represent the sets of AR bounds on the multiplier variables  = (r) and 

 = (i) associated with the outputs in A+ and the inputs in A. An example is 

 

},...,2,|){( 1 srA rrr
s

r    ,   (7) 

 

where r
, r

+ represent fixed lower and upper bounds for these output multipliers. (The A set 

applies similarly to the input multiplier variables). In addition to such ratio bounds, the AR 

conditions can take other forms such as rankings of multiplier variables.80 Throughout, we assume 

that all multipliers are to be positive but note that the AR bounds in the form of (7) also ensure 

positivity. See the discussion in the paragraph following (4). 

Table 21.3  Examples of Imprecise Data 
Description Math. form: original Math. form: transformed 
(F1) Weak order yj  yj+1 Yj  Yj+1 
(F2) Difference order yj  yj+1  yj+1  yj+2 Yj  Yj+1  Yj+1  Yj+2 
(F3) Multiplied order jyj  yj+1 jYj  Yj+1 
(F4) Ratio bound j

  yj /yj+1  j
+ j

Yj+1  Yj  j
+Yj+1 

(F5) Fixed bound yj
  yj  yj

+ yj
  Yj  yj

+ 
(F6) Strict order j  yj+1  yj j  Yj+1  Yj 
Note: Subscript r is fixed to one of outputs but removed for brevity of notation, and the symbols yj

, yj
+ and j, j

, j
+, j 

represent positive constants to be specified in advance. Source: Park (2004). 

 

 As a result, model (6) represents a unified approach to efficiency valuations, which makes 

it possible to handle two distinct types of incomplete information simultaneously. One type deals 

with conditions on the data (or more precisely “imprecise data”) symbolized by Dr
+ and Di

; the 

other deals with the conditions on multiplier variables (or more precisely, “AR conditions”) 

denoted by A+ and A. (It is to be noted that when the A+, A sets in (6.3) are instead specified only 

by ,    as in (1.1) without further capturing other actual AR conditions on the data, then the 

model is referred to as IDEA rather than AR-IDEA). 

                                                   
80 See Allen et al. (1997) for other forms of AR conditions. 
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 The AR-IDEA model in (6) is a nonlinear program since the input and output data are to be 

solved for because they are known only imprecisely at the outset. However, as shown in the above 

illustrative examples, the nonlinear model can be transformed into a linear programming 

equivalent. A general description of the transformation technique is now given as follows: 

 Assume, without loss of generality, that the sets Dr
+, Di

 in (6.2) are defined by constraints 

including arbitrary (but closed and consistent) linear inequalities for the input and output data, 

which we write 

 

.,...,1},|{

,...,1},|{
T

T

miD

srD

iii
n

ii

rrr
n

rr








hxHx

hyHy     (8) 

 

The Hr
+, Hi

 are kr
+n, ki

n matrices where kr
+, ki

 signify the number of constraints on the output 

and input data variables. The hr
+, hi

 are column vectors for which the dimensions are the same as 

kr
+, ki

. 

 For AR-IDEA model (6), we now introduce new variables Yrj, Xij and let 

 

njmixX

njsryY

iijij

rrjrj

,...,1;,...,1,

,...,1;,...,1,







    (9) 

or, equivalently, 

mi

sr

iii

rrr

,...,1,

,...,1,







xX

yY      (10) 

 

where Yr = (Yr1,…,Yrn) and Xi = (Xi1,…,Xin). This implies that the desired transformation is 

completed, which we sum up in the following: 

 

Theorem 1. Using the variable definitions in (9) and (10), the constraints on the data in 

(8) can be converted into 

 

.,...,1},|),{(

,...,1},|),{(
T1

T1

miB

srB

iiii
n

iii

rrrr
n

rrr








hXHX

hYHY




   (11) 

 
Model (6) can thus be transformed into the following linear program: 
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with all variables non-negative and the sets Br

+, Bi
 in (12.2) are as defined in (11). 

 

 The proof of Theorem 1 (Park 2004) can be accomplished by using equation (9) or (10) 

and by using the fact that all of the multipliers are positive. Thus, in this way we achieve a linear 

programming equivalent to model (6). Examples of the transformed data variables for (12.2) are 

shown in the last column of Table 21.3. In this manner, we also maintain the original AR 

conditions on the multiplier variables that are shown in (12.3). This implies that the linear IDEA 

model is given by model (12) in which only the A+, A sets need to be specified by ,   , while 

the other formulations remain the same. 

21.4 Redundant AR conditions 

We now provide an important finding in the joint use of imprecise data and AR conditions in DEA. 

It is shown in Park (2004) that some AR conditions do not affect the efficiency ratings when some 

special types of imprecise data are involved in the AR-IDEA model. These conditions are then 

redundant and may be omitted to simplify the computations as we now show. 

 Consider AR-IDEA model (12). In the Table 21.3 portrayal of imprecise data, the last 

column of transformed data results from multiplying the yj by a positive scalar, , in the middle 

column of original data in Table 21.3 and then using equation (9) to obtain the Yj. No multiplier  

is present for the transformed data corresponding to F1 through F4 in the table. A common feature 

of these imprecise data is represented by hr
+ = 0, so the linear inequalities in (8) become Hr

+Yr
T  0 

as is also the case for in (12.2). 

 If hr
+ = 0 for all output r, then, by virtue of the non-negativity requirements, all of the 

output multiplier variables vanish in (12.2). The values of (r) are then no longer of concern for the 

formulations in (12.2) and (12.1). It is therefore obvious that the AR conditions (r)A+ for these 

output multipliers will be redundant and may be omitted in (12). The following lemma summarizes 

this result: 
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Lemma. In (12), (i) if hr
+ = 0 for all r, then all of the AR conditions for output multipliers 

are redundant. (ii) If hi
 = 0 for all i, then all of the AR conditions for input multipliers 

are redundant. 

 

 We now assume that the AR conditions in (12.3) are given in the form of (7), and that hr
+ = 

0 holds for some output r. Although the freedom to model (r)A+ is limited, the form given in (7) 

is most prevalent in AR efficiency evaluations (Thompson et al. 1990, 1995; Charnes et al. 1990, 

1991). To see what happens in this situation, we first provide an example and a generalization. This 

is followed by a discussion as to whether the presence of imprecise data in the form of hr
+ = 0 is 

present in practice. 

 Consider an example in which 

 

{1  2/1  2;  3  4/2  5;  2  3/4  4}   (13) 

 

is given together with h4
+ = 0 and the other hr

+  0. Note that these AR conditions are in a different 

format from those in (7) in that 1 is the common denominator in (7). However, to gain access to 

(7), we can replace the conditions in (13) by 

 

{1  2/1  2;  6  3/1  40;  3  4/1  10}.   (14) 

 

The modification of (13) to (14) is made as follows: The first conditions in both sets are the same. 

In (13) multiplying the first condition (1  2/1  2) by the second condition (3  4/2  5) yields 

the last condition (3  4/1  10) in (14). Finally, multiplying the obtained condition (3  4/1  

10) by the last condition (2  3/4  4) in (13) results in the middle condition (6  3/1  40) in 

(14). In sum, a series of multiplication operations replaces (13) by (14). 

 The first two conditions in (14) then encompass all the information about 1, 2 and 3, but 

not 4. Now consider the last condition and replace it by (31  4  101). Since h4
+ = 0 was 

assumed 4 vanished in (12.1) and (12.2), and the arbitrary value of 4 (but positive and finite as 

we assumed) does not alter the decimal solution. Hence we can remove this last condition from 

consideration without altering the desired efficiency rating, because the values of 1 will be 

confined to the first two conditions in (14), {1  2/1  2; 6  3/1  40}. 

 A point to be noted is that it may be hazardous to remove all AR conditions involving 4 

that are exhibited in the last two ratio bounds in (13). Namely, in (13), this hazard arises by 

removing the two bounds {3  4/2  5; 2  3/4  4} and therefore considers only the remaining 

one condition (1  2/1  2). As shown at the end of the immediately preceding paragraph, one 
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more condition we should consider is (6  3/1  40). This condition is not revealed explicitly in 

(13) but is implied by 4 or by the combination of all three conditions in (13), as was done in part 

of the modification of (13) to (14). 

 This is why we first gain access to the format in (7) with a common denominator needed, 

but not necessarily 1. We also note that the condition (6  3/1  40) may be redundant in 

problem (12), and we may detect this after solving that problem. In the formulation stage of (12), 

however, we should include this AR condition because we are not sure of its redundancy. 

 We confine our attention to this notion of redundancy. The following theorem generalizes 

these results: 

 

Theorem 2. In (12), (i) assume that we have s – 1 AR conditions for the output multipliers 

as in (7), i.e., r
  r/1  r

+, r = 2,…,s. If hk
+ = 0 for any k, 2  k  s and hr

+  0, r  k, 

then k
  k/1  k

+ among the given s – 1 AR conditions is redundant in (12). (ii) 

Assume that we have i
  i/1  i

+, i = 2,…,m for the input multipliers. If hl
 = 0 for any 

l, 2  l  m and hi
  0, i  l, then l

  l/1  l
+ is redundant in (12). See Park (2004) for 

a proof. 

 

 Imprecise data that form homogenous inequalities, such as are listed for F1 through F4 in 

Table 21.3, are likely to occur in practice. As mentioned in the introduction to this chapter, for a 

qualitative factor to be considered for evaluation, an expert may often say DMU1 is best (rank 1), 

DMU2 is the second best (rank 2), and so on. This information can then be expressed by using weak 

orders. Alternatively, an expert may say in a more precise manner that the performance of DMU1 is 

at least three times and not more than four times that of DMU2, 3  y1/y2  4, etc. This is an 

example of ratio bounds. A similar approach applies to multiplier orders. Note that such ratio 

bounds may also be obtained in a slightly different manner as when we say, for instance, that 

DMU2 is between a level of 80% and 90% relative to the level of DMU1, i.e., 0.8  y2/y1  0.9, etc. 

On the other hand, assume we have y1  y2  y3 from an expert. Then let 1 = y2  y1  0 and 2 = y3 

 y2  0, where the latter represents the difference in performance between DMU3 (rank 1) and 

DMU2 (rank 2) while the former represents the difference in performance between DMU2 (rank 2) 

and DMU1 (rank 3). A question as to which one has a greater gap may be more suitable for expert 

judgments than specification of the 1, 2 values numerically as for F6 in Table 21.3. Such choices 

can yield a difference order, if ratio bounds or similar value judgments are possible for the same 

variables. 

 In view of the possibility of homogenous inequalities occurring, our redundancy theory is 

most helpful in the formulation stage, e.g., in assessing AR conditions from several different 

sources, which might be burdensome in some applications. In particular, great difficulties may be 
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involved in assessing AR information for a qualitative factor, when its absolute measurement unit 

(e.g., number or dollars) is absent and when we want to regard its multiplier value, as obtained 

from a solution to (12), as a price (or cost) per unit amount of output (or input) which is often the 

case in evaluating AR efficiency. Such difficulties can sometimes be reduced to a great extent by 

recourse to the redundancy theory in Theorem 2. Thus, when we have a set of homogenous 

inequalities that represents the data for such qualitative (or other) factors under consideration, we 

can set aside their multipliers and turn to the other multipliers to obtain a simpler set of AR 

constraints. One such application of this redundancy theorem is demonstrated in the next section. 

21.5 Application 

In this section, we discuss an application of IDEA and AR-IDEA reported in Cooper, Park and Yu 

(2001a,b) for use in evaluating the efficiency of the eight branch offices of a Korean mobile 

telecommunication company (termed TELCOM). For this purpose we provide a summary of the 

problem and the evaluation results to illustrate the applicability of the methods we have described. 

 All branch offices in TELCOM perform a number of common tasks using given manpower 

and operating costs. The key common tasks comprise operation and management of mobile 

telecommunication facilities, which includes maintenance and repair of facilities (e.g., exchanges) 

and the bases in their respective areas, handling customer relations and securing subscribers and 

other potential customers in a satisfactory manner, including anticipating and responding to 

customer needs and wants. 

 Table 21.4 presents the data for three inputs and three outputs that contain information on 

the performances of eight branch offices in 1996. Manpower represents the number of regular 

employees (or full-time equivalents) for which data (x1) are exact. Operating cost consists of 

variable costs relevant to providing services of mobile telephones and pagers, but excludes interest 

cost, depreciation of the equipment, and labour costs (because they are implicitly included in 

another input, manpower). These data (x2) are also exact. The final input factor, management level 

is qualitative and reflects not only the skill level of the team used in facility maintenance and repair 

but also another aspect of skill and effort in the form of dealing with customers and securing new 

business. Headquarter management evaluates this factor for all branches once a year, and reports 

the evaluation results in the form of rankings of the eight branches (x3) that are noted in the 

footnote at the bottom of Table 21.4. 
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Table 21.4  Data for the branch offices in TELCOM 
 Inputs Outputs 
 

DMUj 
x1: 

Manpower 
(num.) 

x2: 
Operating cost 

(mill. $) 

x3: 
Management 

level 
(rank) 

y1: 
Revenue 
(mill. $) 

y2: 
Facility success 

rate 
(%) 

y3: 
Call completion 

rate 
(ratio %) 

1 124 18.22 4 25.53 89.8 [80, 85] 
2 95 9.23 2 18.43 99.6 [85, 90] 
3 92 8.07 6 10.29 87.0 [75, 80] 
4 61 5.62 8 8.32 99.4 100 
5 63 5.33 7 7.04 96.4 [70, 75] 
6 50 3.53 3 6.42 86.0 [90, 95] 
7 40 3.50 5 2.20 71.0 [80, 85] 
8 16 1.17 1 2.87 98.0 [95, 100] 

Note: The x3 data reflect only the relations x34  x35    x32  x38. Source: Cooper, Park and Yu (2001a). 

 

 Using the above three inputs, each branch office produces the three outputs that are 

summarized under the three columns labelled “Outputs” in Table 21.4. First, (y1) represents 

revenue receipts from providing services of mobile telephones and pagers in which the data (y1) are 

exact. Second, (y2) the rate of facility successes is given by (100 – the rate of facility failures), 

where the failure rate reflects the number of failures for exchanges and bases in a year. These (y2) 

data are also exact. Finally, the rate of call completion is the number of successful calls per total 

number of calls initiated by customers in a year. The original data for this factor are indeed known 

precisely. However, these values are highly dependent on the regional characteristics of each 

branch office. For example, almost all branch offices located in mountainous territory have lower 

call completion rates than other branches in regions where the topographies are almost flat. This is 

because high mountains affect the call completion rate in a negative manner. For this (and other 

reasons), the efficiency evaluation team at company headquarters believes that the original data on 

the call completion rate needs to be adjusted to obtain a fairer evaluation. Failing agreement on a 

suitable method of scaling, it was decided to replace the original data with the bounds represented 

in square bracket under the column headed by (y3) in the last column of Table 21.4. The 

replacement is made in a manner that first fixed the rate for DMU4 at 100% because its 

performance was deemed to be the best in terms of the call completion rate. All comparisons are 

then to be effected relative to this highest score as represented by the bounding values in the square 

brackets. 

 Evaluating the relative efficiency of the branches in TELCOM with this mix of qualitative 

data in the form of the ordering and bounds in Table 21.4 was conducted with the linear IDEA 

model described in (12). The middle two columns of Table 21.5 exhibit the efficiency scores for 

each of the eight DMUs which are obtained with values of  = 0 and  = 10-3 for the A+ and A 

conditions in (12.3). In both cases five out of eight branch offices were rated as performing 

efficiently (100%) in the DEA sense. Moreover, these results remain virtually unchanged when we 

move from the first column, with  = 0, to the next column, with  = 10-3. This excessive 

percentage (5/8 = 62.5%) of efficient performances results from an insufficient number of degrees 

of freedom, since we used only eight DMUs with three inputs plus three outputs. 
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Table 21.5  Efficiency Ratings Calculated in Several Cases 
DMUo zo

* at  =0 zo
* at  = 10-3 o

* 
1 1 1 1 
2 1 1 1 
3 0.894 0.894 0.809 
4 1 1 0.976 
5 0.976 0.975 0.835 
6 1 1 0.957 
7 0.895 0.894 0.735 
8 1 1 1 

 

 We now turn to an AR efficiency analysis to demonstrate how to use information obtained 

from managerial assessments in our unified approach and to illustrate its uses in treating bounded 

information such as occurs in this TELCOM application. Treatment is restricted to the case of 

separate input and output ratio bounds on multipliers i and r, as in (7).81 

 In the TELCOM problem, the multiplier i can be viewed as the shadow (or dual) price per 

unit of input i (= 1, 2, 3) and r as the shadow price per unit of output r (= 1, 2, 3). In obtaining 

ratio bounds, it is convenient to select operating cost as an input numeraire and revenue as an 

output numeraire, because these are directly attributable to money values. The shadow price data in 

Table 21.6 are used to develop the AR ratio bounds for the three inputs and three outputs in the 

TELCOM problem in terms of the ratios 1/2, 3/2 for the inputs and 2/1, 3/1 for the 

outputs. 

 

Table 21.6  The Price/Cost Ranges for AR Use in the TELCOM Application 
Factors Lower bound Upper bound 

Manpower ($/104$/num) 2.00 12.50 
Operating cost ($/106$) 1 1 
Management level ($/level) not available not available 
Revenue ($/106$) 1 1 
Facility success rate ($/104$/%) 4.00 16.00 
Call completion rate ($/104$/%) 4.40 19.20 

 

 We now briefly describe the data in Table 21.6. The bounds on the shadow price for 

Manpower is obtained from salary (including bonus) information in 1996, which ranges from $2.00 

to $12.50 (in 104) per regular FTE (Full-Time Equivalent) employee in all eight branch offices. The 

data related to Operating Cost and Revenue serve as the input and output numeraires so both are 

restricted to the lower and upper bounds of unity in the corresponding two rows.82 Obtaining the 

shadow price ranges for management level as an input was not available and not used because of its 

complexity. Next for the Facility success rate, the second of the three outputs, the bounds on its 

dual prices, are estimated indirectly by reference to managerial decisions as informed by 

                                                   
81 Thompson et al. (1990) introduced two types of AR bounds: (1) as separate bounds on associated variables and (2) as linked input and 
output bounds. Later, Thompson and Thrall (1994) extended the linked case in which they developed a linked cone profit ratio model to 
obtain maximum and minimum profit ratios and thereby avoided “zero profit maxima” such as would otherwise occur with DEA models 
(see also Thompson, Dharmapala, and Thrall 1995). We do not deal with the linkage and positive profit ratio models here except to note 
that our unified approach can be extended to include these linkages. 
82 In some situations, specifying the shadow prices for cost/revenue may be available in more detail. See Thompson, Dharmapala, and 
Thrall (1995) and Thompson et al. (1996) who use the availability of information on interest rates to obtain discounted values. However, 
this is not done here because of volatility and uncertainty for interest rate behaviour in the TELCOM situation. Note, however, that the 
shadow prices for the other inputs and outputs are to be stated relative to the shadow prices set at unity. 
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assignment of experts or specialists to improve the services provided by the individual branch 

offices. Analysis of past records, accomplished with guidance from management, suggests that 

using four to eight experts can produce incremental value in the form of improving a 5% failure 

rate level. Based on the salary information on such technical experts over all branch offices in 

1996, it is estimated that the salary ranges from $5 to $10 (in 104) per expert assigned. Therefore, 

the assurance region condition 4$5  52  8$10, is applicable and reduces to 2  [4.00, 16.00], 

as shown in the next-to-last row of Table 21.6. A similar approach was taken to determine a price 

range for call completion rates and yields a multiplier value of 3  [4.40, 19.20], as shown in the 

last row. This range is consistent with a value range in an interval from 110% to 120% of the 

shadow price for facility success rate. The cost associated with improving a 5% level of call 

completion rate is thus more expensive (at percentages ranging from 10% to 20%) than the cost for 

improving the 5% facility failure rate level. 

 Using the price/cost information in Table 21.6, the following inequality bounds are 

constructed: 

}192.0044.0;16.004.0|{

}125.002.0|{

1312
3

21
3











A

A   (15) 

 

where A and A+ represent the constraint sets, as defined in (6.3), for input and output multiplier 

ratio bounds, respectively. Note that all ratio bounds in (15) are represented in $106 units. 

 Substituting the AR constraints in (15) in place of (12.3), we obtain an efficiency score of 

o
* for each DMU. These scores are exhibited in the last column of Table 21.5 where we note that 

DMUs 4 and 6 lose their efficient status, while DMUs 1, 2 and 8 remain efficient. In addition, the 

efficiency values of all of the inefficient DMUs are lowered. Utilizing the results in Table 21.5, we 

conclude that the imprecise data analysis with IDEA and AR-IDEA leads to characterizing DMUs 

1, 2 and 8 as best performers, and while DMUs 4 and 6 are good performers they do not attain 

efficiency. In fact, in all of the non-efficient cases the scores are lowered with DMUs 3, 5 and 7 

warranting managerial attention when AR efficiency is considered. 

 Finally, it is important to note that, as mentioned before, assessment of AR conditions is 

not always an easy task since it may be difficult to elicit an AR condition on a qualitative factor 

especially when an absolute measurement unit is absent. An example appears in our TELCOM 

example where obtaining the shadow price ranges for “Management level” as an input is not 

available because of its complexity. See row 3 in Table 21.6. So the AR condition associated with 

this multiplier, 3/2, is not considered as shown in the A set of (15). Nonetheless, we know from 

Theorem 2 that the AR efficiency scores in Table 21.5 remain the same regardless of any 

information on 3/2, since the data for the management levels as the third input factor would take 

the form of weak orders, and these are a kind of homogeneous inequality. This implies, by virtue of 

Theorem 2, that we can be free from any concern about eliciting the 3/2 information that would 
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otherwise be needed. We thereby avoid this burdensome task even when the requisite additional 

data are available. 

21.6 Conclusion 

We have introduced IDEA and its extension to AR efficiency analysis, which we referred to as AR-

IDEA. This provides one unified approach for the treatment of imprecise information on both data 

and variables in DEA. Our introductory treatments were used to show how to incorporate 

imprecise data and imprecise knowledge of prices and costs in the framework of DEA, and how to 

resolve the resulting nonlinear programming problems in order to arrive at linear programming 

equivalents to achieve relative efficiency evaluations. We have here also provided a general 

method to obtain linear IDEA and AR-IDEA models even when arbitrary linear forms of imprecise 

information are encountered. For this purpose special emphasis was placed on redundancy in AR 

conditions because this can be helpful in avoiding burdensome undertakings that would be required 

to establish these AR bounds in some applications. Possible areas of application are numerous and 

include project selection, location and policy analysis, managerial and operational performance 

evaluation, among others. 

 The models and methods introduced here are directed to deterministic uses of DEA. They 

are not intended to cover stochastic approaches to DEA as in the chance constrained programming 

formulations of Olesen and Petersen (1995, 1999) or the statistical characterizations provided by 

Banker (1993). See also Simar and Wilson (2004) for bootstrapping approaches to such statistical 

characterizations. One feature underlying imprecise data could involve uncertainty in which case 

the associated stochastic nature of the data may require recourse to stochastic approaches for DEA. 

Of particular interest may be the realization or specification of the relationships that need to be 

identified in order to facilitate the exchange of information between the IDEA and stochastic DEA 

areas. Thus, further work on this topic is warranted that could also lead to new tools and still 

further extensions. 

 This, of course, is not the end of the line. The published IDEA models are all formed by 

incorporating imprecise data into the dual (or multiplier) side of DEA. This brings into play a 

question of what happens to other models that can be thought of as embedding the same imprecise 

data in the primal (or envelopment) side of DEA. This entails developments that still need to be 

made so that we can obtain other measures of efficiency from envelopment models synthesized 

from imprecise data. Still further studies would then be needed to understand the relationships that 

characterise the efficiency solutions for these two different formulations. 
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PART VI: TEACHING DEA IN CLASSROOM 
 

 

Part VI, which is new to the 3rd edition, provides a greater opportunity for this book to be used as a 

textbook. For the benefit of the instructor, we make the following suggestions: 

 Use chapters from Parts I-V to compose a reading list that suits the desired difficulty level 

and syllabus. Parts I-III are best suited for introductory to medium level courses (and 

Chapter 23 in Part VI should also be on such a reading list), whereas Parts IV-V are 

suitable as reading for advanced level courses in DEA. The key reference list provided in 

the Epilogue to this book can be given to students enrolled in medium to advanced level 

courses. 

 The DEA seminar slides reproduced in the next chapter are best suited for introductory to 

medium level courses. 

 The case studies provided in this part can be used to design tutorials. For example, each 

case study has been rated on its level of learning challenge and the cases provided are rated 

as either ‘low’, ‘moderate’ or ‘high’. 

 The last chapter in Part VI provides three assignments rated as ‘moderate’, ‘high’, and 

‘very high’ on their level of learning challenge. These assignments have already been 

successfully used in classroom as assessment. 



Part VI – Teaching DEA in Classroom 

- 260 -



Part VI – Teaching DEA in Classroom 

Chapter 22 

- 261 -

CHAPTER 22: DEA SEMINARS 
by Necmi K Avkiran 

 
 

SEMINARS ON

“DATA ENVELOPMENT ANALYSIS & MEASURING 

RELATIVE EFFICIENCY OF BANKS”

by Necmi K Avkiran

Measuring Relative Efficiency

These seminars are designed to give you an 
edge in the workplace by introducing you to 
an increasingly popular nonparametric 
technique, as well as whet your appetites with 
regards to research.



Part VI – Teaching DEA in Classroom 

Chapter 22 

- 262 -

 
 
 

Some Key Definitions

Efficiency: ‘maximising a desired outcome with given 
resources’. The usual definition of efficiency is the ratio of 
an output to an input e.g. operating income to operating 
expenses, used in KPMG Financial Institutions Performance 
Survey (www.kpmg.com.au).
Relative efficiency: ‘ratio of weighted sum of outputs to 
weighted sum of inputs’. Where this ratio equals 1, we 
refer to that organisation as an 'efficient unit'. This is the 
standard economic definition of productivity.
Data Envelopment Analysis (DEA) is a nonparametric 
technique that has been widely used to measure relative 
efficiency in banking (and many other applications).

Data Envelopment Analysis (DEA): Key Features

A linear programming technique
Captures the interplay among multiple inputs 
and multiple outputs
Benchmarks actual observed performance
Identifies efficient vs. inefficient decision making 
units (DMU)
Determines potential improvements for 
inefficient DMUs
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Data Envelopment Analysis: Designing a Model of 
Relative Efficiency

Appropriate Sample Size: Unless we work with a large 
enough sample size, the analysis loses discriminatory power. 
That is, the majority of the units appear fully efficient, with 
only a few units benefiting from potential improvements 
analysis (see Example 1 later).

Rule-of-thumb 1: Select a sample size preferably larger 
than the product of number of inputs and number of 
outputs.

Rule-of-thumb 2: Another acceptable approach is to 
select a sample size at least three times the sum of the 
number of inputs and outputs.
Rule-of-thumb 3: a.k.a. ‘one-third rule’ where sample 
size is accepted if the number of fully efficient DMUs do 
not exceed one-third of the sample.

Data Envelopment Analysis: Designing a Model of 
Relative Efficiency

Sample Size (continued): 
But, which rule of thumb 

do we follow? Here are 
some input/output 

combinations.

Choose the largest
sample size (N) 

suggested by either rule. 51728 & 9

39426 & 7

27204 & 5

1562 & 3

N by Rule 2N by Rule 1# Inputs & 
Outputs

51728 & 9

39426 & 7

27204 & 5

1562 & 3

N by Rule 2N by Rule 1# Inputs & 
Outputs
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Data Envelopment Analysis: Designing a Model of 
Relative Efficiency

Selecting the Analysis Options
Input Minimisation: Under input minimisation, the 
analyst is concerned with maintaining at least the 
same level of outputs while minimising inputs. 
Assumes management’s focus is on cost cutting or 
downsizing.
Output Maximisation: Output maximisation is defined 
as maximising the level of outputs for the given 
levels of inputs. It is particularly appropriate when 
the management is interested in raising productivity 
without necessarily reducing resource usage e.g. 
expanding market share.

Data Envelopment Analysis: Designing a Model of 
Relative Efficiency

Selecting the Analysis Options (cntd.)
Constant Returns to Scale (CRS): Under this option we 
assume that outputs change in direct proportion to the 
change in inputs regardless of the size of the DMU. 
That is, CRS assumes that the DMU’s scale of 
operations does not influence its efficiency.
Variable Returns to Scale (VRS): Variable returns to 
scale assumes that changing inputs may not 
necessarily result in a proportional change in outputs. 
That is, as a DMU becomes larger, its efficiency would 
either fall or rise.
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Key Advantages of Data Envelopment Analysis

There is no preconceived structure imposed on the 
data in determining the efficient units

That is, DEA does not assume a particular 
production technology. The importance of this 
feature is that a bank's efficiency can be 
assessed based on other observed 
performance.

As an efficient frontier technique, DEA identifies the 
inefficiency in a particular DMU by comparing it to 
similar DMUs regarded as efficient, rather than 
trying to associate a DMU's performance with 
statistical averages that may not be applicable to 
that DMU (see the following three charts).

Efficient Frontier versus Regression Line – Single Input, 
Single Output
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Two-Output, One-Input Efficiency Frontier with Ten 
DMUs (output orientation)

Output X per unit of input Z

Output Y 
per unit of 
input Z

 A'
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Composite DMU

Production possibility set
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Output Y 
per unit of 
input Z
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C
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Composite DMU

Production possibility set

Demonstrating Measurement of Efficiency Score and Potential 
Improvement Under Output Orientation (assumes CRS)





' ' '

( , )
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8
. . 80% is the efficiency score of unit A and it is a

10
radial measure i.e. through the origin.
Potential Improvement as outputs expand=[(1/.8)-1]=25%

2
or, 25%

8
This type of ineff

OA A A

OA A A

d x y
d x y

e g

iciency is known as 'technical inefficiency' where
outputs are changing by the same proportion as improvement is
implemented.
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Two-Input, One-Output Efficiency Frontier with Ten 
DMUs (input orientation)
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Conclusion: Under CRS assumption (i.e. CCR model), 
DEA reports the same efficiency score regardless of 
orientation but different potential improvements in 
outputs and inputs.
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Key Disadvantages of Data Envelopment Analysis

DEA assumes data to be free of measurement error and 
thus, it is more sensitive to the presence of measurement 
error than parametric techniques.

That is, integrity of data used in DEA must be secured 
before results can be interpreted with confidence.

Another caveat of DEA is that those DMUs indicated as 
efficient are only efficient in relation to others in the 
sample. It may be possible for a unit outside the sample to 
achieve a higher efficiency than the best practice DMU in 
the sample.

Modelling Bank Behaviour
While there is no consensus amongst researchers about the 
inputs and outputs of a bank, there are two principal 
schools of thought on bank behaviour:

•One of these is the production approach where banks are 
regarded as using labour and capital to generate deposits 
and loans;

•The other is the intermediation approach to modelling 
bank behaviour where deposits are regarded as being 
converted into loans .

•Other models of bank behaviour include value-added (a 
variation of the production approach) and user-cost 
(difficult to implement).
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Production Approach

Under the production approach, the objective of 
banks is to minimise the consumption of resources 
in providing various products and services.
Hence, the essence of production modelling is to 
identify those resource inputs that are key to 
producing the main outputs (here, outputs are 
usually measured in number of accounts or 
transactions rather than dollars).
Due to its stronger focus on operations, the 
production approach is more appropriate for the 
study of operating efficiency.

Example of Inputs and Outputs for the Production Approach

Number of commercial 
loans

Number of personal loans

Number of property loansOther non-interest 
expenses ($)

Number of term depositsOccupancy, furniture and 
equipment expenses ($)

Number of demand 
deposits (savings accounts)

Full-time equivalent 
number of employees

OutputsInputs

Number of commercial 
loans

Number of personal loans

Number of property loansOther non-interest 
expenses ($)

Number of term depositsOccupancy, furniture and 
equipment expenses ($)

Number of demand 
deposits (savings accounts)

Full-time equivalent 
number of employees

OutputsInputs
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Intermediation Approach

In this asset approach, the funds raised and the 
expenses incurred in the intermediation process are 
normally treated as inputs, whereas the funds loaned 
and income generated are regarded as outputs.
The objective of banks is considered as implementing 
this transfer process efficiently where outputs are 
maximised or inputs minimised.
As the intermediation approach effectively takes into 
account both operating and interest expenses, it is 
often considered as more appropriate for 
investigating economic viability.

Example of Inputs and Outputs for the Intermediation Approach

Non-interest income ($)

Other non-interest 
expenses ($)

Physical capital ($)

Deposits with other 
banks, except the Reserve 
Bank ($)

Full-time equivalent 
number of employees

Securities ($)Debentures and other 
liabilities ($)

Loans ($)Deposits ($)

OutputsInputs

Non-interest income ($)

Other non-interest 
expenses ($)

Physical capital ($)

Deposits with other 
banks, except the Reserve 
Bank ($)

Full-time equivalent 
number of employees

Securities ($)Debentures and other 
liabilities ($)

Loans ($)Deposits ($)

OutputsInputs
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Example 1: A General Performance Model for 
Foreign Banks in Australia

The example examines the performance of foreign banks 
operating in Australia (1995). Most foreign banks were 
established in the early 1980s following deregulation of 
the Australian financial sector. They focus their efforts on 
wholesale or corporate banking.
The analysis assumes constant returns to scale (CRS) 
and is modelled to reflect the managerial focus of 
maximising outputs for given levels of inputs.
Outputs are non-interest income and net interest income. 
Inputs are interest expense and non-interest expense. 
This fits the intermediation approach to modelling bank 
behaviour.

Example 1: Justifying Choice of Inputs/Outputs

In this case, net interest income represents interest 
income from loans and investments, less interest 
expense. Non-interest income is total revenue, less 
interest income and bad debt recoveries. Most of non-
interest income consists of fee income, which reflects the 
level of business activity in the bank and its ability to 
charge for services.
To make loans and earn interest income a bank collects 
deposits or purchases capital. Thus, the interest expense
is an essential input for generating the output net 
interest income. Non-interest expenses such as salaries, 
leasing expenses and advertising expenses are all 
essential to supporting the operations that will produce 
the net interest and non-interest incomes.
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Example 1: Sample Size

To determine the appropriateness of sample size we 
compare the product of outputs and inputs with the 
sample size. In this case, the product is 4(2x2) which 

compares favourably with 12 banks in the sample.

Note that the other rule of thumb mentioned on slide 
5 does not give as favourable a ratio!

All other things being equal, the smaller the product of 
outputs and inputs compared to the sample size, better is 
the discrimination between efficient and inefficient DMUs.

Example 1: Analysis Options

Foreign banks are tested under the option of output 
maximisation. This choice is particularly appropriate 
given that

foreign banks operating in Australia are fighting 
for a larger share of the domestic financial 
services market, and
foreign banks are able to utilise extra capital from 
the balance sheets of their parent banks; that is, 
availability of resources and thus the option of 
input minimisation is of secondary concern.
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Example 1: Analysis Options (cntd.)

Given the small sample size and the homogenous 
nature of DMUs in the foreign bank project, for 
brevity, we assume CRS.

Having selected the analysis options, we run the DEA 
test on our data. Results are depicted in the table on 
the next slide. Four of the twelve banks are efficient, 
with the remainder exhibiting a range of inefficiency.

Example 1: DEA Scores

54.55Bank of Tokyo
54.93Hong Kong Bank 
54.96Mitsubishi Bank
80.26IBJ Australia Bank
80.71Citibank
82.12Bank of Singapore
92.41NatWest Markets
98.91Lloyds Bank NZA

100.00Bankers Trust

100.00Standard Chartered Bank

100.00ING Mercantile Mutual Bank

100.00Arab Bank

Efficiency ScoreDMU

54.55Bank of Tokyo
54.93Hong Kong Bank 
54.96Mitsubishi Bank
80.26IBJ Australia Bank
80.71Citibank
82.12Bank of Singapore
92.41NatWest Markets
98.91Lloyds Bank NZA

100.00Bankers Trust

100.00Standard Chartered Bank

100.00ING Mercantile Mutual Bank

100.00Arab Bank

Efficiency ScoreDMU
This is a good 
distribution of relative 
efficiency scores (also 
known as theta, , in 
DEA mathematics) 
and is evidence of the 
appropriate 
relationship between 
the number of 
variables in the model 
and sample size.
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Example 1: DEA Scores and Importance of Sample Size

If we were to run the same inputs and outputs on a 
smaller sample, say, 8 instead of 12, where we remove 
the four efficient banks in the previous run, we would 
observe the following:

DMU Score 
Bank of Singapore (Australia) 100.00 
Lloyds Bank NZA 100.00 
IBJ Australia Bank 100.00 
NatWest Markets Australia 100.00 
Citibank 100.00 
Mitsubishi Bank of Australia 80.90 
HongkongBank of Australia 69.65 
Bank of Tokyo Australia 64.80 
 

How well is 
the model 
discriminating 
now? 

Example 1: Interpreting DEA Scores

We should also be cautious in interpreting overall 
productivity gains from efficiency scores. The actual 
productivity gains may be greater than indicated by 
efficiency scores. For example, a smaller inefficiency 
in a larger bank branch may translate into larger 

dollar gains than what can be achieved in a smaller 
bank branch with a larger inefficiency.
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Example 1: Interpreting Potential Improvements for the 
Most Inefficient DMU, Bank of Tokyo (=54.55%)
 

100500%-50-100 

interest 
expense 

noninterest 
expense 

net interest 
income 

noninterest 
income 

-51

0

83

83

Slack or over-
utilised input!

Example 1: Summary of Potential Improvements for 
the Sample (N=12)

interest expense -15.24 %
noninterest expense 0 %
net interest income 66.05 %
noninterest income 18.71 %

Total potential improvements

interest expense

noninterest expense

net interest income

noninterest income
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Example 1: Interpreting Potential Improvements 
and Slacks

There is also the potential to reduce interest expense 
by 51%. While this latter observation may look like a 
contradiction of the definition of output maximisation, it 
can be explained by existence of a slack for the DMU in 
question. In simple terms, it means that Bank of Tokyo 
is still over-utilising interest expense even when it has 
maximised its outputs.

Example 1: Reference Set for Bank of Tokyo

Efficient units, Bankers Trust and ING Mercantile, 
form the reference set (peer group) for the inefficient 
unit, Bank of Tokyo.

That is, these two efficient banks act as benchmarks 
in calculation of the projected values for Bank of 
Tokyo (its potential improvements).

For a visual explanation of a reference set, see chart 
on slide 11, facet ‘C-D’.
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Example 1: Reference Set Frequencies

The global leader is 
Bankers Trust, 
appearing in eight 
reference sets.
In a ranking 
exercise, we can 
use reference set 
frequencies to 
break ties amongst 
efficient DMUs.
How would you 
rank the first four 
efficient banks?

8Bankers Trust

0Standard Chartered Bank

7ING Mercantile Mutual Bank

4Arab Bank

Frequency in 
Reference Sets of 
Inefficient DMUs

Efficient DMU

8Bankers Trust

0Standard Chartered Bank

7ING Mercantile Mutual Bank

4Arab Bank

Frequency in 
Reference Sets of 
Inefficient DMUs

Efficient DMU

Example 1: Summary of Key Points

Sample size in relation to number of variables was 
satisfactory

Reducing the sample size leads to loss of 
discriminatory power for the model

Due to small sample size we assumed CRS technology for 
operations. Use of VRS technology would have lead to 
further loss of discriminatory power
In addition to output inefficiencies, input slack was 
detected
Reference set frequencies can be used to break ranking 
ties amongst efficient DMUs
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Example 2: A Specific Model of Bank Performance

Objective: To measure relative efficiency of banks by 
focussing on their lending activities only
Analysis options: Input minimisation and variable returns 
to scale (for demonstration purposes, these are the 
opposite of choices made in Example 1)
Production approach to modelling bank behaviour where

Inputs: #FTE employees, Premises and Equipment ($)
Outputs: #Property Loans, #Personal Loans, 
#Commercial Loans
Data in this example are simulated for a sample size 
of 26 banks

Example 2: DEA Scores

IRS12.94ZDRS100.00H
DRS13.39NCRS100.00R
DRS14.75QDRS100.00G
DRS20.06PDRS100.00L
IRS34.50ACRS100.00M
IRS57.81UCRS100.00T
IRS69.31FDRS100.00Y
IRS69.56ECRS100.00J
IRS76.28VDRS100.00D
DRS84.47IDRS100.00K
DRS100.00SCRS100.00O
DRS100.00WDRS100.00B
DRS100.00CCRS100.00X

Returns to 
Scale

PTE ScoreBankReturns to 
Scale

PTE ScoreBank

IRS12.94ZDRS100.00H
DRS13.39NCRS100.00R
DRS14.75QDRS100.00G
DRS20.06PDRS100.00L
IRS34.50ACRS100.00M
IRS57.81UCRS100.00T
IRS69.31FDRS100.00Y
IRS69.56ECRS100.00J
IRS76.28VDRS100.00D
DRS84.47IDRS100.00K
DRS100.00SCRS100.00O
DRS100.00WDRS100.00B
DRS100.00CCRS100.00X

Returns to 
Scale

PTE ScoreBankReturns to 
Scale

PTE ScoreBank
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Example 2: Calculating Scale Efficiency (SE=TE/PTE)

100.00

100.00

100.00

100.00

100.00

100.00

100.00

100.00

100.00

100.00

100.00

100.00

100.00

PTE Score

12.94

13.39

14.75

20.06

34.50

57.81

69.31

69.56

76.28

84.47

100.00

100.00

100.00

PTE Score

92.1211.92Z27.0627.06H

62.518.37N100.00100.00R

95.4614.08Q22.1522.15G

99.7020.00P35.4935.49L

69.5724.00A100.00100.00M

65.8238.05U100.00100.00T

34.9224.20F59.8759.87Y

56.4139.24E100.00100.00J

50.4738.50V67.2467.24D

55.4246.81I57.9457.94K

23.0523.05S100.00100.00O

32.3632.36W94.3594.35B

23.4423.44C100.00100.00X

SE ScoreTE ScoreBankSE ScoreTE ScoreBank

100.00

100.00

100.00

100.00

100.00

100.00

100.00

100.00

100.00

100.00

100.00

100.00

100.00

PTE Score

12.94

13.39

14.75

20.06

34.50

57.81

69.31

69.56

76.28

84.47

100.00

100.00

100.00

PTE Score

92.1211.92Z27.0627.06H

62.518.37N100.00100.00R

95.4614.08Q22.1522.15G

99.7020.00P35.4935.49L

69.5724.00A100.00100.00M

65.8238.05U100.00100.00T

34.9224.20F59.8759.87Y

56.4139.24E100.00100.00J

50.4738.50V67.2467.24D

55.4246.81I57.9457.94K

23.0523.05S100.00100.00O

32.3632.36W94.3594.35B

23.4423.44C100.00100.00X

SE ScoreTE ScoreBankSE ScoreTE ScoreBank

Example 2: Recapping TE, PTE and SE

TE score is also known as CRS score (see Example 1). 
It represents technical efficiency which measures 
inefficiencies due to the input output configuration, as 
well as the size of operations.
PTE score is also known as VRS score. It is a measure 
of pure technical efficiency where scale efficiency has 
been separated.
SE is the component of TE that can be attributed to 
the size of operations i.e. TE = PTE x SE
In short, we can decompose TE into PTE and SE. SE is 
calculated residually by dividing PTE into TE.

Note: Allocative efficiency is the ratio of cost efficiency (based 
on input costs) to technical efficiency.
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Example 2: Graphical Representation of TE, PTE and SE

Slope of CRS 
frontier equals 1
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Example 2: Trouble-shooting DEA Scores

16 out of 26 banks emerge as PTE efficient!

This suggests that either the majority of banks are 
efficient (i.e. operate very similar to each other) or the 
model is not discriminating well

First, we check the sample size and number of variables 
in the test: 15(3(2+3)) compared to 26 appears healthy.

We already know that VRS assumption causes some loss 
of discriminatory power. But is there anything else?
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Example 2: Trouble-shooting DEA Scores

It is also important to pay attention to the 

correlations between inputs and outputs. Ideally, one 

would look for low correlations among the inputs 

(outputs) and high correlations between inputs and 

outputs. The former reduces variable redundancy in 

analysis and the latter helps design a discriminating 

productivity model.

Example 2: Correlations amongst Inputs and Outputs

1.00-0.060.220.130.12#Commercial 
Loans [O]

1.000.01-0.060.16#Personal 
Loans [O]

1.000.140.14#Property 
Loans [O]

1.000.08Premises and 
Equipment 
($) [I]

1.00#FTE 
employees [I]

#Commercial 
Loans [O]

#Personal 
Loans [O]

#Property 
Loans [O]

Premises 
and 
Equipment 
($) [I]

#FTE 
employees 
[I]

1.00-0.060.220.130.12#Commercial 
Loans [O]

1.000.01-0.060.16#Personal 
Loans [O]

1.000.140.14#Property 
Loans [O]

1.000.08Premises and 
Equipment 
($) [I]

1.00#FTE 
employees [I]

#Commercial 
Loans [O]

#Personal 
Loans [O]

#Property 
Loans [O]

Premises 
and 
Equipment 
($) [I]

#FTE 
employees 
[I]

These are all low correlations and partly explain 16/26 banks emerging efficient.
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Example 2: Potential Improvements for the Second Most Inefficient 
DMU (Bank N with a DEA score of 13.39%)

44.02 (slack)3,555,691.712,468,804#Commercial Loans [O]

78.60 (slack)6,657,897.053,727,763#Personal Loans [O]

355.14 (slack)38,742,839.808,512,371#Property Loans [O]

-86.611,338,749.249,999,793Premises and Equipment ($) [I]

-86.6113.52101#FTE employees [I]

Potential 
Improvement (%)

TargetActual

44.02 (slack)3,555,691.712,468,804#Commercial Loans [O]

78.60 (slack)6,657,897.053,727,763#Personal Loans [O]

355.14 (slack)38,742,839.808,512,371#Property Loans [O]

-86.611,338,749.249,999,793Premises and Equipment ($) [I]

-86.6113.52101#FTE employees [I]

Potential 
Improvement (%)

TargetActual

Example 2: Reference Set (Peer Group) of Bank N

Banks M and T comprise the reference set for Bank N

Observing the peer weight (lambda) for each peer 
indicates which bank should be the main benchmark 
for the inefficient bank

Bank M (0.5598) and Bank T (0.4402)

DEA software Frontier Analyst does not provide 
lambda values but DEA-Solver-Pro does!

Thus, Bank M emerges as the key benchmark for Bank 
N by a small margin (but not the sole benchmark)
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Example 2: Comparing Efficiency Scores Across Two Samples

Sometimes we want to measure the difference (or 
agreement) between two sets of DEA scores:

e.g. You revise some of your raw data and re-run the 
DEA tests. You are interested in knowing to what 
extent the scores from the two runs agree with each 
other.

Because DEA scores are measures of relative efficiency, 
results cannot be directly compared. Instead we use a 
nonparametric test of correlation such as Spearman 
rank-order correlation coefficient or rho (this is the 
nonparametric counterpart of Pearson’s r), which 
requires data to be ranked before testing.

Example 2: Comparing Efficiency Scores: Reference Set Frequencies

0C

0G

0H

0L

0O

0S

0Y

1B

1K

1W

2D

3R

6X

7J

8M

8T

Frequency in Reference SetsEfficient DMUs

0C

0G

0H

0L

0O

0S

0Y

1B

1K

1W

2D

3R

6X

7J

8M

8T

Frequency in Reference SetsEfficient DMUs We start ranking by 
looking at the efficiency 
scores. Unfortunately, 
16 DMUs are fully 
efficient! We then look 
at the reference set 
frequencies to break 
the ranking ties. 
However, notice that 
some banks have equal 
frequencies and we will 
need another decision 
rule to break the 
ranking ties.
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Example 2: Ranking with ‘Average of the Ranks’ Method

The method calls for assigning the tied reference set 
frequencies the average of the ranks which would 
have been assigned if the values had differed 
slightly. Pay attention to the meaning of your data 
before ranking!
In this instance, the DMUs with the higher reference 
set frequency should be ranked higher.
Ranking is problematic when there are too many 
ties. However, ranking becomes essential when we 
want to compare the efficiency scores from two 
separate DEA runs through Spearman’s rho.

Example 2: Comparing Efficiency Scores: Ranking with ‘Average of the Ranks’
Method

130C

170I             inefficient DMU

18 etc.0V            inefficient DMU

130G

130H

130L

130O

130S

130Y

81B

81K

81W

62D

53R

46X

37J

1.58M

1.58T

RankFrequency in Reference SetsDMUs

130C

170I             inefficient DMU

18 etc.0V            inefficient DMU

130G

130H

130L

130O

130S

130Y

81B

81K

81W

62D

53R

46X

37J

1.58M

1.58T

RankFrequency in Reference SetsDMUs
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Example 2: Comparing Efficiency Scores using Super-efficiency (using DEA-
Solver-Pro software, model Super SBM-I-V)

An alternative method of ranking 
DMUs that may by-pass the 
potentially problematic tied-ranks 
is to generate super-efficiency
scores.

Unfortunately, the Super SBM-I-V 
model can suffer from 
infeasibility of LP solutions. This 
can be seen in the persisting tied 
ranks for banks Y to H.

  Rank DMU Score
1 X 11.34389
2 R 10.92263
3 J 9.109328
4 M 2.585765
5 T 2.168959
6 B 1.962679
7 K 1.903568
8 O 1.696217
9 D 1.414124

10 L 1.111993
11 Y 1
11 G 1
11 C 1
11 W 1
11 S 1
11 H 1
17 I 0.783931
18 V 0.613826
19 E 0.574406
20 F 0.513156
21 U 0.51262
22 A 0.254872
23 P 0.189866
24 N 0.129438
25 Z 0.1221
26 Q 0.111829

Example 2: Comparing Efficiency Scores using Super-efficiency (using DEA-Solver-Pro 
software, non-oriented model Super SBM-V)

The non-oriented Super SBM-V 
model does not suffer from the 
infeasibility seen on the previous 
slide, thus breaking all ranking ties 
among the efficient banks. Finally, 
a satisfactory method for ranking 
efficient DMUs!

Points to ponder: Are inefficient 
DMUs properly ranked based on 
their relative efficiency scores?
Is there a cut-off for the super-
efficiency score that may also help 
us identify outlying efficient 
DMUs?
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Stability or Robustness of the Efficient Frontier

In principle, we say an efficient frontier is stable if, on 
overall, the same efficient DMUs are found after changes 
to the data.

We can undertake, at least, three different tests of 
stability, namely, deleting variables while maintaining the 
degrees of freedom, deleting a selection of top super-
efficient DMUs, and/or generating sensitivity scores 
based on modified super-efficiency models (algorithm 
developed by Zhu 2001).

Next, we demonstrate the first method.

Stability or Robustness of the Efficient Frontier: Deleting Variables

We monitor the membership of the efficient frontier as 
variables are deleted.

First, output #Property Loans is removed, followed by the 
input Premises and Equipment ($) (choices are arbitrary); 
each of these removed variables are returned to the 
sample before the next deletion, thus maintaining the 
same degrees of freedom.

We focus our attention on correspondence of the efficient 
frontier’s membership from the reduced variable set with 
that of the full-complement model.
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w/o property loans w/o premises with all variables
DMU Score DMU Score DMU Score
B 1.069984 C 1.053178 B 1.045592
C 1.004928 G 1.020789 C 1.053178
D 1.075981 H 1.057136 D 1.078271
H 1.051649 J 1.005368 G 1.020789
J 1.452652 K 1.023975 H 1.057136
K 1.028167 M 2.426106 J 1.413272
M 1.559788 S 1.076113 K 1.028249
O 1.696217 T 1.082225 L 1.010896
R 1.069483 W 1.030578 M 2.001249
S 1.001831 X 1.410215 O 1.691485
T 1.883512 Y 1.100394 R 1.325446
W 1.129599 S 1.076113
X 1.250953 T 1.54815

W 1.082821
X 1.410215
Y 1.102176

Stability or Robustness of the Efficient Frontier: Deleting Variables

The banks on the efficient frontiers that 
emerge after variable deletions are also on 
the original frontier, suggesting stability.

Example 2: Summary of Key Points

Despite a satisfactory sample size, initial run indicated poor 
discrimination

Examination of bivariate correlations revealed no significant 
variable redundancy but low correlations between inputs 
and outputs leading to loss of discriminatory power

In this example because the optimisation mode chosen was 
‘input minimisation’, we observed some output slacks (not 
always the case)
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To compare scores across two samples using 
Spearman’s rho, we first generated rankings

To further improve the rankings process, we first 
resorted to oriented and then to non-oriented super 
efficiency scores

Finally, we demonstrated the variable deletion 
method of testing the stability of the efficient 
frontier.

Example 2: Summary of Key Points

Considerations in Choosing between Basic DEA Models
(Source: Table 4.4 on page102 in Cooper et al. (2000) Data Envelopment Analysis: A Comprehensive Text with 

Models, Applications, References and DEA-Solver Software, Kluwer Academic Publishers, Boston.)

C(V)RSC(V)RSVRSVRSCRSCRSReturns to 
scale

MixMixTech.Tech.Tech.Tech.Tech. or Mix

[0,1]No[0,1][0,1][0,1][0,1]Θ

YesNoYesYesYesYesUnits 
invariance

No
No

Yes
Yes

Yes
No

No
Yes

No
No

No
No

Trans.       X
Invariance Y

Semi-p
Free

Free
Free

Free
Semi-p

Semi-p
Free

Semi-p
Free

Semi-p
Free

Data         X
Y

SBMADDBCC-OBCC-ICCR-OCCR-IDEA Model

C(V)RSC(V)RSVRSVRSCRSCRSReturns to 
scale

MixMixTech.Tech.Tech.Tech.Tech. or Mix

[0,1]No[0,1][0,1][0,1][0,1]Θ

YesNoYesYesYesYesUnits 
invariance

No
No

Yes
Yes

Yes
No

No
Yes

No
No

No
No

Trans.       X
Invariance Y

Semi-p
Free

Free
Free

Free
Semi-p

Semi-p
Free

Semi-p
Free

Semi-p
Free

Data         X
Y

SBMADDBCC-OBCC-ICCR-OCCR-IDEA Model

Legend: X: input;  Y: output;  Θ: scalar (one-dimensional) measure of efficiency;  Semi-p: 
semi-positive;  ADD: additive;  -O: output oriented;  Tech: technical efficiency;  Mix: mix 
efficiency. Note that ADD and SBM models do not have to be oriented.
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Considerations in Choosing between Basic DEA Models (continued)

DEA models shown on the previous slide expect certain 
types of data to run:

‘Semi-positive’ means non-negative with at least one 
positive element in data for each DMU.
‘Free’ means negative, zero or positive data.
‘Translation invariance’ refers to the optimal solution 
not being affected by data transformations.
‘Units invariance’ (i.e. dimension free) refers to the 
optimal solution not being affected by variables 
measured in different units

Considerations in Choosing between Basic DEA Models (continued)

‘Mix inefficiency’ refers to inefficiency arising from sub-
optimal production (use) of some of the outputs (inputs ); 
for example, reducing such an output changes the 
proportion of outputs produced. See DMUs F and I on 
output and input oriented charts respectively.
Unlike CCR and BCC, SBM accounts for input and output 
slacks (mix inefficiency) in the calculation of the DMU’s 
efficiency score reported as ρ ; slacks represent output 
shortfalls or input excesses. On the other hand, while 
additive DEA models also measure slacks, they cannot 
produce a scalar measure of efficiency such as θ or ρ. 
Where there are slacks, ρ < θ.
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Overview of DEA Models

Briefly, CCR is the original DEA model that measures 
technical efficiency reported in the scalar θ ; θ does not 
measure non-radial inefficiency (i.e. slacks).
BCC is the model that historically followed CCR, by 
allowing the separation of technical efficiency from scale 
efficiency. It does not measure slacks either.
‘Additive’ models were introduced in response to the 
criticism that CCR and BCC models did not include the 
slacks in the measure of inefficiency. However, additive 
models fail to capture the extent of inefficiency in a scalar.
SBM, the slacks-based measure of efficiency, is the DEA 
model that simultaneously captures technical and mix 
inefficiencies in the scalar ρ, thus addressing the main 
shortcoming of the additive models.

Example 3: Decomposing Efficiency of Canadian Foreign Banks 
into Pure Technical Efficiency, Scale Efficiency and Mix Efficiency

Inputs are deposits, non-interest expense, equity 
multiplier (assets/equity); outputs are loans, securities, 
and non-interest income.
Research Design:

We first check the 27 DMUs in 2000 for homogeneity of 
input/output values. As a result, two banks that have 
zero values are omitted from analysis. Then, we run 
the Super-SBM-O-C model  to look for potential 
outliers. This is followed by the CCR-O and BCC-O 
models which help us investigate the nature of returns-
to-scale and measure scale efficiency.
Finally, SBM-O-C allows for the residual calculation of 
mix efficiency.
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Example 3: Decomposing Efficiency of Canadian Foreign Banks

Output orientation is the preferred approach here 
because:

Foreign banks would be more interested in maximising 
their outputs than minimising their inputs which are 
already small compared to indigenous banks with 
extensive branch networks

The nature of foreign bank business where the inputs 
would be mostly pre-determined by the investment 
decision made by the parent bank, thus giving little 
control to the local managers of foreign banks.

Example 3: Decomposing Efficiency of Canadian Foreign 
Banks; Super-efficiency Scores, N=25

0.3740NBoG1.0964BankOne

0.4674Sakura1.1918BoTM

0.0470Tokai0.4747BoC1.2340Sanwa

0.0670ICBoC0.5042Dresdner1.2593SBoI

0.1256SottoBank0.6011ABN1.2887HSBC

0.1694KEB0.8193CS1.2901UBS

0.2654BoEA1.0401BoA1.3205Citibank

0.2694Intesa1.0510Société1.3286Deutsche

0.2975Sumitomo1.0881JPMorgan41.9955CL

0.3740NBoG1.0964BankOne

0.4674Sakura1.1918BoTM

0.0470Tokai0.4747BoC1.2340Sanwa

0.0670ICBoC0.5042Dresdner1.2593SBoI

0.1256SottoBank0.6011ABN1.2887HSBC

0.1694KEB0.8193CS1.2901UBS

0.2654BoEA1.0401BoA1.3205Citibank

0.2694Intesa1.0510Société1.3286Deutsche

0.2975Sumitomo1.0881JPMorgan41.9955CL
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Example 3: Decomposing Efficiency of 24 Canadian Foreign Banks
(SBM = PTE x SE x MIX)

0.7400.9420.8620.8120.601ABN

1.0001.0001.0001.0001.000BoA

MIX = SBM / TE SE = TE / PTE PTE (BCC-O) TE (CCR-O) SBM (SBM-O-C)Bank

1.0001.0001.0001.0001.000UBS

0.0620.7621.0000.7620.047Tokai

0.4020.9500.7770.7380.297Sumitomo

1.0001.0001.0001.0001.000SBoI

0.2580.8210.6370.5230.135SottoBank

1.0001.0001.0001.0001.000Société

1.0001.0001.0001.0001.000Sanwa

0.6490.9050.7960.7200.467Sakura

0.5190.9700.7430.7210.374NBoG

0.2740.9500.6650.6320.173KEB

1.0001.0001.0001.0001.000JPMorgan

0.3930.9860.6950.6850.269Intesa

0.3470.9370.2060.1930.067ICBoC

1.0001.0001.0001.0001.000HSBC

0.6421.0000.7940.7940.510Dresdner

1.0001.0001.0001.0001.000Deutsche

0.9410.9310.9420.8770.825CS

1.0001.0001.0001.0001.000Citibank

1.0001.0001.0001.0001.000BankOne

1.0001.0001.0001.0001.000BoTM

0.4640.8910.6410.5710.265BoEA

0.6600.9030.7970.7200.475BoC

0.7400.9420.8620.8120.601ABN

1.0001.0001.0001.0001.000BoA

MIX = SBM / TE SE = TE / PTE PTE (BCC-O) TE (CCR-O) SBM (SBM-O-C)Bank

1.0001.0001.0001.0001.000UBS

0.0620.7621.0000.7620.047Tokai

0.4020.9500.7770.7380.297Sumitomo

1.0001.0001.0001.0001.000SBoI

0.2580.8210.6370.5230.135SottoBank

1.0001.0001.0001.0001.000Société

1.0001.0001.0001.0001.000Sanwa

0.6490.9050.7960.7200.467Sakura

0.5190.9700.7430.7210.374NBoG

0.2740.9500.6650.6320.173KEB

1.0001.0001.0001.0001.000JPMorgan

0.3930.9860.6950.6850.269Intesa

0.3470.9370.2060.1930.067ICBoC

1.0001.0001.0001.0001.000HSBC

0.6421.0000.7940.7940.510Dresdner

1.0001.0001.0001.0001.000Deutsche

0.9410.9310.9420.8770.825CS

1.0001.0001.0001.0001.000Citibank

1.0001.0001.0001.0001.000BankOne

1.0001.0001.0001.0001.000BoTM

0.4640.8910.6410.5710.265BoEA

0.6600.9030.7970.7200.475BoC

Example 3: Decomposing Efficiency of Canadian Foreign Banks; 
Summary of Returns-to-Scale, N=24 (BCC-O)

1118606

Most Productive 
Scale Size 

(MPSS)

Constant 
Returns 
to Scale 

(CRS)

Total (/26)
IRS+DRS

Decreasing 
Returns 
to Scale 

(DRS)

Increasing 
Returns 
to Scale 

(IRS)
1118606

Most Productive 
Scale Size 

(MPSS)

Constant 
Returns 
to Scale 

(CRS)

Total (/26)
IRS+DRS

Decreasing 
Returns 
to Scale 

(DRS)

Increasing 
Returns 
to Scale 

(IRS)

Can you identify the MPSS DMUs from the table on the 
previous slide? How many CRS banks are inefficient?
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Example 3: Decomposing Efficiency of Canadian Foreign 
Banks; Integrity Test on DEA Scores (SBM-O-C)

 #DMUs 

N=24 

Loans/ 

Deposits 

Loans/ 

NonIE 

Loans/ 

EM 

Sec/ 

Deposits

Sec/ 

NonIE 

Sec/ 

EM 

NonII/ 

Deposits 

NonII/ 

NonIE 

NonII/ 

EM 

       

Efficient 11 0.88 31.66 308,717 0.27 9.54 92,978 0.0214 0.77 7,482 

Inefficient 13 0.90 35.64 52,714 0.19 7.55 11,172 0.0153 0.61 895 

%Difference  -2.22 -11.17 485.65 42.11 26.36 732.24 39.87 26.23 735.98 
 

%Difference = {(Efficient Group Value – Inefficient Group Value) / 
Inefficient Group Value} x 100

What should be the sign of ‘% Difference’ if DEA scores are in agreement 
with financial ratios?

DEA Software

Frontier Analyst is a manager-friendly DEA software. If 
you use DEA in your research, you probably will have to 
move up to a more powerful package such as DEA-
Solver-Pro, which provides a multitude of mathematical 
models.
Other DEA software are IDEAS, OnFront, Warwick DEA, 
DEA Frontier (ships free with book), DEAP by Tim Coelli 
(free download), EMS by Holger Scheel (free download) 
[see my personal web page, www.uq.edu.au/financesite/, 
for more details and resources on DEA].
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CHAPTER 23: An Intuitive Overview on Application 
of DEA – A Primer Case Using Police Stations 
by Minoo Meimand 83 
 
 
This is a simplified example demonstrating the philosophy of performance management where 

DEA is applied to a fictitious police group. Two performance measurement scenarios involving 

single input/single output, and multiple inputs/multiple outputs are discussed. 

The story follows the fortunes of Max Farrell who has just been appointed as the national 

performance manager in the police force. His job is to define, measure and improve the 

performance of all the police stations in the country. Following the Deming school of thought, Max 

decides that he cannot manage what he cannot measure. Hence, his first job is to create measures of 

performance, then use these measures to monitor and direct performance changes. 

 
At the Beginning – A Simple Performance Model 

Max started his managerial career as a senior sergeant in charge of a small police station dedicated 

to community policing. Community policing is the activity where the police concentrate their 

efforts on a local community, targeting problems while they are still minor. The community police 

group has a number of similar units (police officers/constables) whose performance could be 

compared. Max's view of an organisation's mission-oriented production process was that input 

resources were consumed to produce outputs, which eventually provided the police commissioner 

with desired outcomes. He represented this thinking as shown in Figure 23.1. Max's logic was that 

a better performer would produce more output for each unit of input. 

 

Figure 23.1  Generic Representation of Organisational Production Process 
 

 

 

 

 

 

Ideally, Max would like to be able to associate inputs directly with outcomes and measure them. 

However, he realised that because of external factors and delays in achieving outcomes he has to 

compromise and initially focus on outputs.  

Max's police station was located in the middle of a large city. Its primary policing role was 

to provide beat constables. The executive group met and decided that the station's mission was to 

                                                   
83 New Zealand Treasury, minoo.meimand@treasury.govt.nz 

 
Inputs 
(resources consumed)

 
Outputs 
(services produced)

Outcomes 
(desired results
achieved) 
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apprehend as many felons as possible per month of beat policing. The executive also decided that 

the proactive aspects of beat policing, for instance, focusing on crime prevention in collaboration 

with the community, were important but did not need to be considered as part of the performance 

model since each constable's duties delivered the same proactive work output as the others. Max 

had some doubts as to the value of this simplification but had to be pragmatic as the proactive 

information was not readily available. Max also remembered the survey which had been done in 

the past on how people perceived policing in the community. The majority of people had focused 

on the law enforcement role of the police and not the proactive role. 

The executive group recognised that they could take a non-financial measure such as 

labour and then convert this measure to another non-financial measure, namely, arrests. Max 

collected the following information shown in Table 23.1: 

Table 23.1  Community Policing Statistics – Inputs and Outputs for 1997-99 
Constable 1997 1998 1999 

% Time on Beat Arrests per 
Month 

% Time on Beat Arrests per 
Month 

% Time on Beat Arrests per 
Month 

A 23% 9.9 46% 8.3 77% 14.2 

B 37% 10.2 76% 7.4 66% 9.0 

C 28% 11.8 59% 7.8 66% 14.0 

D 46% 11.6 53% 3.9 59% 13.1 

E 73% 9.9 22% 3.3 68% 10.6 

F 14% 5.8 23% 6.7 54% 14.3 

G 54% 10.7 5% 1.3 19% 6.9 

H 61% 4.3 5% 1.3 54% 7.2 

I 43% 8.0 5% 1.3 42% 12.5 

J 65% 11.0 16% 4.9 62% 12.1 

 

Max decided on a benchmarking approach where he would first identify the best-of-class. 

This was the constable who produced the most output for a given unit of input. Each constable 

would then be rated in terms of this best-of-class. Max plotted the input data against the output data 

for each year so he could compare the relative performance of the constables (see Figures 23.2-

23.4). 
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Figure 23.2  Constables' Performance in 1997 

 

0 

2 

4 

6 

8 

10 

12 

14 

0 20 40 60 80 

% Time on Beat 

A
rr

es
ts

 P
er

 M
o

n
th

 

   X 

 
Figure 23.3  Constables' Performance in 1998 
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Figure 23.4  Constables' Performance in 1999 
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Max noted that: 

1. Best-of-class existed as a performance frontier. That is, there was a line (frontier) defined 

by G-I-F (see Figure 23.4) beyond which there were no instances of better performance. 

Max identified this line as the 100% performance frontier. 

2. There was a point beyond which diseconomies of scale were experienced. This was a point 

beyond which using more input resulted in proportionally less output. This is point X in 

Figures 23.2-23.4. 

3. There were always some constables who were not as good performers as others. Max 

estimated that some of the constables were as low as 50% of the best-of-class performance 

(see constable K in Figure 23.4). That is, for the same input the under-performing 

constable produced 50% of the output produced by the best-of-class. 

 

Max was able to measure performance as the ratio of output to input with the convention that 

performance at the frontier was rated 100%. He reasoned that performance at the frontier was the 

best that he had seen, thus these individuals had to have a 100% performance rating. Max was able 

to summarise constables' performance in 1999 as shown in Table 23.2: 

 

Table 23.2  Constables' Performance 
Constable 1999 

 % Time on Beat Arrests per Month Performance 
A 77% 14.2 99% 
B 66% 9.0 63% 
C 66% 14.0 98% 
D 59% 13.1 92% 
E 68% 10.6 74% 
F 54% 14.3 100% 
G 19% 6.9 100% 
H 54% 7.2 50% 
I 42% 12.5 100% 
J 62% 12.1 85% 

 

The results indicate that 6 of the 10 constables had performance over 90% and one constable had 

performance at 50% of the best-of-class.  

Max optimised performance by: 

1. Setting a maximum amount of labour to invest in each constable's beat. This recognised the 

diseconomies of scale. Max adjusted the time on beat by giving each constable a second 

beat or extending the size of the beat. 

2. Max was able to investigate why some constables were consistently recorded as poor 

performers and others as good performers. Learning from this, he was able to institute 

training, methodology and procedural changes with the ultimate aim of improving the 

station's performance. 
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Max realised that the biggest advantage of this process was characterising performance and then 

exploring and understanding why these performance gaps existed.  

 

The New Challenge - Multidimensional Performance 

Max Farrell’s success in improving the performance of his police station was noted and he was 

quickly promoted to the national performance manager responsible for improving the performance 

of all the police stations. Max felt that his promotion to this role would be short-lived unless he 

could identify the performance gaps and subsequently manage the process of performance 

improvement. His challenge was to increase performance of the country's police force in the same 

way that he had done previously for a small community police station. 

Max inherited a performance management scheme based on twenty-five key performance 

indicators (KPIs). This scheme had evolved and grown over time. However, Max found the system 

unwieldy and ambiguous. For example, it was difficult to examine the KPIs and find out if 

performance had actually improved over time. Some KPIs would improve while others worsened. 

In short, they did not provide a clear picture of each station's performance. 

The police commissioner, in a discussion with Max, had stated that his main concern with 

the performance monitoring regime was that it was not obvious whether real performance was 

improving or just moving in circles. There was no way to view systematically the movements of 

the KPIs to establish whether there was an overall improvement. The 25 KPIs generated a lot of 

data but very little information. 

Max followed the process he previously had successfully applied. He reasoned that the 

organisation existed to achieve its mission, which was stated as "The police department has a zero 

threshold for crimes and will pursue all infringements while providing cost effective policing for 

the community". 

Once again, Max referred to the organisational production process shown in Figure 23.1. 

He recognised that his task was to produce the two types of services ‘Number of Arrests’ and 

‘Number of Cautions’ while minimising the inputs 'Time Spent by Constables on Foot' and 'Time 

Spent by Constables in Cars'. These two inputs, measured as full-time equivalent units (FTEU), 

were chosen since they were the two significant resource inputs that the police provided to the 

community. Max toyed with the idea of introducing measures of the amount of repressed crime (i.e. 

crime which had not happened); however, he viewed this as something he could pursue once he 

mustered more resources. 

Max realised that the current performance model, involving multiple inputs and outputs 

was a more complex situation than he had previously experienced. He was uncertain that he could 

apply the same principles that he had previously used. 

If he were to follow the previous methodology, then there were potentially four 

performance graphs: 
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 Arrests vs. Time Spent by Constables on Foot; 

 Arrests vs. Time Spent by Constables in Cars; 

 Cautions vs. Time Spent by Constables on Foot; and 

 Cautions vs. Time Spent by Constables in Cars. 

Max was somewhat confused, as it was not possible in a simple way to ascertain which station was 

the best performer from such a series of charts. The graphical representation could not depict 

stations that excelled in both ‘Arrests’ and ‘Cautions’ or minimised both 'Time in Cars' and 'Time 

on Foot'. 

Max recognised that he needed to determine the value of the services provided and the 

resources consumed. This was not necessarily value in a monetary sense but value in a holistic 

sense. Max did not know the unit values but proposed that the output produced and the input 

consumed by each station should be represented as volume x unit value as shown in Equations 1 

and 2. Max viewed the output values and input values as virtual quantities since they were artificial 

constructs. 

  

(1) 

Virtual Output Value = Arrests volume x unit value of Arrests + Cautions volume x unit value of 

Cautions 

(2) 

Virtual Input Value = FTEU in cars x unit value of FTEU in cars + FTEU on foot x unit value of 

FTEU on foot 

 

Once the output and input values were known then the performance could be viewed as a ratio 

where 

Virtual OutputValue
Performance

Virtual InputValue
  

 

Max collected information on the performance model variables (see Table 23.3). 

Table 23.3  Stations’ Statistics 
Station Inputs Outputs 

 FTEU in Cars FTEU on Foot Arrests Volume Cautions Volume 
A 100 2 3000 120 
B 50 1 1000 3 
C 20 30 500 5000 
D 121 1 1500 300 
E 83 21 50 1000 
F 21 84 1823 1924 
G 12 82 150 6000 
H 50 64 110 2500 
I 40 93 1500 2542 
J 34 12 400 126 
K 33 54 1556 4 
L 95 12 126 3540 
M 11 121 100 2000 
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Now the time had arrived to discuss his idea for performance measurement with the station 

managers. Max knew most of them personally. He anticipated some managers would welcome his 

idea as a new approach that would help identify inefficiencies and improve performance, whereas 

others would be less enthusiastic. Max expected some resistance from managers who were happy 

with the status quo. 

The approach was discussed with the various station managers. The managers could not 

agree on the unit values of inputs and outputs. Each manager saw the opportunity to pursue his 

(her) own interests to the disadvantage of the others by preparing preferred unit values. The 

proposed unit values represented particular stations in the best light. 

Max set the following rules: 

1. Each station manager is free to propose unit values to maximise their output value for a 

given input value. 

2. Equation 1 gives a station’s value of output production. 

3. Equation 2 gives a station’s value of input consumption. 

4. The unit values (weightings) used in Equations 1 and 2 must not be negative. 

5. No station can have a performance of greater than 100%. 

The manager of station A realised that station A's major output was 'Arrests' and the major 

input was 'FTEU in Cars'. This manager attempted to maximise performance by choosing a smaller 

unit value for the larger input volume, and a larger unit value for the larger output volume (see 

Table 23.4). 

Input/Output Unit Values 

FTEU in Cars 0 

FTEU on Foot 0.5 

Arrests volume 0.00033333 

Cautions volume 0 

 

Table 23.4  Performance of Stations under Station A’s Proposed Weightings 
Station Virtual Input Value Virtual Output Value Performance 

  
A 1.000 1.000 100.00% 
B 0.500 0.333 66.67% 
C 15.000 0.166 1.11% 
D 0.500 0.500 100.00% 
E 10.500 0.016 0.16% 
F 42.000 0.607 1.45% 
G 41.000 0.050 0.12% 
H 32.000 0.036 0.11% 
I 46.500 0.500 1.08% 
J 6.000 0.133 2.22% 
K 27.000 0.518 1.92% 
L 6.000 0.042 0.70% 
M 60.500 0.033 0.06% 
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Station A presented itself in the 'best light' but inadvertently also presented station D in the 

same best light. The virtual input and output values (see Equations 1 and 2) from Table 23.4 are 

charted in Figure 23.5. 

Figure 23.5  Performance Assessment Based on Station A’s Preferred Input Values  
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The unit values can be determined using intuition as demonstrated for station A but a more 

robust solution is available using Operations Research techniques. The linear program optimised 

unit values and the corresponding performance for a subset of stations out of a total sample of 

hundred police stations are presented in Table 23.5. 

Table 23.5  Optimum Unit Values (Weightings) and Performance 
Station Optimum Unit Values Performance 

against the best-of-
class 

 FTEU in Cars FTEU on Foot Arrests Cautions 

A 0.00990 0.00476 0.00033 0.00000 99.00% 
B 0.01981 0.00952 0.00067 0.00000 67.00% 
C 0.04204 0.00531 0.00058 0.00014 99.00% 
D 0.00497 0.39843 0.00037 0.00147 100.00% 
E 0.00375 0.03280 0.00000 0.00021 21.00% 
F 0.04762 0.00000 0.00046 0.00008 99.00% 
G 0.08333 0.00000 0.00000 0.00017 99.00% 
H 0.00164 0.01434 0.00000 0.00009 23.00% 
I 0.01074 0.00614 0.00036 0.00004 64.00% 
J 0.02448 0.01399 0.00082 0.00010 34.00% 
K 0.01697 0.00815 0.00057 0.00000 89.00% 
L 0.00500 0.04375 0.00000 0.00028 99.00% 
M 0.09091 0.00000 0.00088 0.00016 41.00% 

 

When Max reviewed the results, he was able to determine that 35 stations were operating at less 

then 50% efficiency and 40 stations were operating at less than 75% efficiency. Max was able to 

discuss performance gaps and to set individual performance targets that would bring non-

performing stations up to their best-of-class peers. Max noticed one last feature, that is, when all 

the stations were charted on the aggregated virtual inputs/virtual outputs graph (see Figure 23.6), 

then almost invariably there were diseconomies of scale. Stations larger than a certain size did not 

seem to perform as well as their smaller peers. 
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Figure 23.6  Performance of Police Stations Across the Country 
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Reflections 

Max was able to provide insight into the policing operations that were not available from other 

sources. He was able to optimise performance by 

1. Setting a maximum amount of labour and station size that recognised the diseconomies of 

scale; 

2. Finding why some stations were consistently poor performers while others were 

consistently good performers; and 

3. Implementing best practices in each police station. 

The above assisted Max to understand better the operations of the police force while improving the 

performance of a complex organisation. 

In this process, Max used a performance model and subsequently could identify which of 

the police stations were better and which were worse performers. Case studies were undertaken to 

find out why the better performing stations were better at what they did and the less well 

performing stations performed poorly. Max was able to implement reforms to both increase the 

performance of stations and to refine his own performance measurement model. All the time Max 

was aware of the need to be pragmatic and to appreciate that while his analysis provided simple yet 

comprehensive metrics, it had to be underpinned with reliable data. 

"Well", he mused to himself "data is a major strategic asset that can't be fully used until accurate 

and can't be accurate until used! The organisation's attention to data must improve first before a 

more meaningful performance measurement could be made." 
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CHAPTER 24: Will They Accept the DEA Findings? A 
Case Study Using Government Department of 
Energy 
(Level of challenge – High; Objective – Preparing for DEA) 

 

by Minoo Meimand 84 

 

The Department of Energy, Lines, Access & Transmission (DoELAT) 85 is one of New Zealand’s 

major government departments. It consumes (frighteningly) large amounts of GDP. Real funding is 

increasing every year. There have been numerous attempts to rein in this increase, none of them 

successful. Every attempt to rein in the expenditure foundered on claims that public expectations 

and thus demand had increased and also that the AOQ (Average Outgoing Quality) had increased. 

(DoELAT is further described in the Addendum to this case study.) 

Pressure had been brought to bear on Zak Cordite, the new General Manager Service 

Delivery. It was an election year. There was pressure for both demand and supply side 

improvements. The quandary was that more was required, yet apparently less was to be provided to 

do this task. Zak recognising the need for a quantum improvement and engaged Ash Woods, a 

leading consultant from the USA with many years international experience in assessing 

organisational performance. Ash's access to DoELAT was to be facilitated by Tara Zed, the 

Principal Advisor Organisational Performance. Zak rationalised that he was creating a synergy 

between Tara's in-depth organisational knowledge and Ash's extensive theoretical knowledge. Zak 

was still worried about the possibility of creating a scenario that would be meaningful to the 

various stakeholders but at the same time one that would facilitate his quest for performance 

improvement. 

 
Day 1 - The Kick off Meeting 
 
The introductions were a receding memory in Ash's mind. The trip had been long and so had the 

introductions. When he rose to speak he advised that he had been able to obtain a simple data 

envelopment analysis of DoELAT's performance against other OECD equivalents. He presented 

the following graph: 

 

 

                                                   
84 New Zealand Treasury, minoo.meimand@treasury.govt.nz 
85 Names are fictional as is the scenario. Any resemblance to a real world situation is coincidental. 
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Figure 24.1  Efficiency over time 
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Performance was seen to be trending up over time. 

New Zealand (NZ) was one of the leading OECD nations. Ash's comments on the analysis 

were to the effect that: 

 DEA was based on the production function – that is, it was assessing how well instances of 

performance were converting inputs into outputs and outcomes. 

 The analysis was very generic using publicly available information that did not necessarily 

reflect considerations of DoELAT's mission statement. 

 
Day 2 - Confirmation of Results 
 
Zak was pleased with NZ's apparent performance position but was perplexed when he received two 

reports on his desk: 

 Tara had determined that the data were reported by DoELAT to OECD prescribed standards 

but that the time series reported was essentially meaningless. Tara pointed out that 

DoELAT’s major performance improvement, shown on the graph, was due to a policy 

change that happened 5 years ago when people who were eligible for the service were no 

longer deemed eligible. The policy change had the effect of showing NZ in a much better 

light. 

 Ash having had the benefit of a discussion with Zak and Tara produced a report on the match 

between the performance paradigm86 used by the OECD and what performance 'meant' for 

DoELAT. Ash pointed out that the OECD’s focus had been on aspects of performance that 

improved social equity and had not factored in some of the economic performance 

considerations that were important to DoELAT. 

                                                   
86 The paradigm is so called as it stereotypes what an organisation's performance is all about.  
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Zak evaluated the recent global events by calling a meeting with his advisors, Tara and Ash. 

He pointed out the probable effect of the recent bird flu pandemic in Europe. This had damaged 

local economies and had increased NZ's relative rating (see Figure 24.2). 

 

Figure 24.2  Efficiency over time revisited 
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However, Zak was not happy with the ambiguity that was caused by a simple policy change 

that Tara had pointed out to him. He set out the following challenges: 

i. We have a strategic plan underpinned with our mission statement. How do we codify it into 

a performance paradigm? What are the appropriate input and output measures? 

ii. We need to show performance over time, we have internal data and external (aggregate) 

data. What data can be gainfully used? What are the possible data issues? How do we deal 

with data inconsistency over time that may be due to operating procedural changes, 

legislative changes, data definitional changes and management style changes? How do we 

match information from dissimilar systems, e.g., finance and organisational activity 

records? 

iii. How can we correct for known and unknown environmental factors from (ii) above? How 

can we decide which are controllable and which are not where a controllable factor refers to 

the extent that its effect on performance can be mitigated by appropriate managerial 

intervention? 

The advisors reflected that: 

 Ex ante it is necessary to have a robust discussion on what is an important part of the 

performance paradigm. They felt that the mission statement was an important starting point.  
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 They accepted Tara’s position that it was necessary to work with aggregate data but only 

after the ‘pitfalls’ in the underlying data were identified and subsequently eliminated. 

 They were uncomfortable with the notion that some measures imparting on performance 

were affected by controllable and uncontrollable factors. They accepted that these factors 

affected performance but that the Board had decreed certain behaviour/rules that affected 

performance and that the Areas87 had to accept the burden of these decrees. For example, the 

Board, in order to comply with the government policy, has accepted that some of the Areas 

should include rural households and they should be charged the same rate as urban 

households. The advisors realised that they wanted to look at the performance of all the 

Areas but that they needed to separate out the effect of centralised decrees which adversely 

affected some of the Areas’ performance. They felt that they would require more information 

on how this effect can be accounted. 

Tara postulated two scenarios, each of which could potentially affect the performance of 

Areas: 

 Government directive - Government policy was that low socio-economic/remote Areas 

would receive services at a discounted rate. The transmission units providing services to 

these Areas considerably showed low financial performance. Was the government directive a 

‘fair burden’ for an Area? 

 Staffing skills - Staff skills were a major determinant of performance. A number of Areas had 

‘legacy’ staff. They were well paid but could not cope with some of the new technologies 

that the younger staff could. Was the effect of staffing skill levels a ‘fair burden’ for an 

Area? 

 
Day 3 – Issues 
 
Word had spread through DoELAT about the new analysis technique. The middle managers, 

sensing that their individual necks were on the metaphorical block, approached management with 

their concerns: 

 They were comfortable with the existing measures (key performance indicators) used to 

characterise their performance. It was privately admitted that with the measures regularly 

reported that there was always something that could be seized on that would allow the 

manager to claim excellence. They were uncomfortable with one composite measure such as 

may be reported using DEA scores. They felt that this was very ‘black and white’, not 

                                                   
87 Decision Making Units (DMU). 
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allowing for the subtle nuances of performance that they were elaborating on in their 

monthly reports. 

 They felt that senior management would take the DEA results, using them as an assessment 

of an Area’s performance without taking the further step to understand performance and 

facilitate real performance improvement. 

Zak advised Ash and Tara of the issues and asked for their advice. 

Zak provided some comments which were summarised by Tara and reported to the middle 

managers that: 

 Performance is a multidimensional complex subject. Private industry has reduced all its 

many outputs down to two concepts; cost of production and the value created through sales. 

This is the infamous ‘bottom line’. 

 Government organisations (often) have a good grasp of costs but a poor grasp of the value 

created. They have to produce a synthetic bottom line such as can be done in DEA. 

 There is a trade-off between the number of factors introduced into the analysis and the ability 

of the analysis to discriminate between units on performance. 

Ash was at the meeting of the middle managers. They were particularly interested in the 

concept that the same aggregate value might be generated by providing less of one good and more 

of another. Their discussion started with one of the Area managers referring to the new project as 

yet another ‘management fad’. 

After 15 minutes the conversation died down and Ash took over. He was able to rationalise 

and simplify the ideas proposed. He pointed out that: 

 The performance paradigm is one of the most difficult aspects of an analysis to agree on. It 

should be agreed ex ante. The tendency is for organisations to want an ex post determination 

of these factors as this gives a greater ability to ensure that the results meet management's 

needs. 

 A number of the ’important’ measures were proxies of one another and could be eliminated. 

He introduced the idea that these measures were all part of a production function, i.e., there 

was to be causal relationships between factors selected as input and output measures. Real 

performance was correctly characterised by a plethora of measures but the production 

function could only be informed by a lesser set of metrics. 

 DEA results are very sensitive to their input data. This is because DEA is looking for 'best' 

performance and this best performance is not an attribute of an average. There is very little 
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difference in DEA between a data anomaly and best performance. Management in many 

occasions takes this as a flaw providing a rationale to be sceptical about DEA results and 

also any other results that are based on quantitative data. This leaves performance 

characterisation in the realm of a subjective assessment relying on a discussion between 

recognised and respected parties and eventually a judgment call. 

 The analysis process has to confirm that the information can be trusted. It should investigate 

outliers but not blindly discard inconvenient data points in order to make the data 

distribution look ‘alright’. We need to differentiate genuine outliers from data problems. 

Tara confirmed what Ash pointed out and emphasised that it is important to identify any data 

issues and resolve them up front. If this is not done then the results are likely to be treated as 

curiosities without any underpinning business significance. 

Ash drew the following graph on a white board: 

 

Figure 24.3  Relationship between discriminatory power and number of variables 
 

Better 

DEA’s discriminatory power Production function’s representation of business 

Number of variables 

 

He explained that as a model of performance, the production model is only useful to the 

extent that it successfully manages to ignore trivia and distil the essence of the business into the 

model. 
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Pragmatically the 'rule' for selection of factors88 seems to be that: 

  d/v ≥ 3 

where  d, is the number of Areas i.e. DMUs 

v, is the total number of variables used to characterise the DEA input(s) and 

output(s) 

 

Zak requested that Tara and Ash produce a defensible performance paradigm with 

sufficient factors to be a meaningful characterisation of departmental performance, yet 

parsimonious enough to allow DEA to discriminate among Areas on performance. 

 
Day 4 - Interaction with Stakeholders 
 
Zak Cordite felt that the whole exercise would provide a good outcome for his organisation. He had 

nagging doubts on how he could sell this work to his superior or his peers. Would he be able to 

explain the insights gained? 

He knew that his superiors neither like surprises nor unanticipated media attention. They 

may be sensitive to DEA results and may not like the unbiased 'opinion' produced by an apolitical 

objective performance evaluation. The results may be correct but because they may not support the 

current direction of government or the Board, they could be deemed irrelevant. 

He understood the importance of negotiating and discussing data characterisation and 

aggregation, and identifying controllable and non-controllable factors in collaboration with his 

superiors and peers. For the first time, he realised that subject matter experts and management need 

to work together and reach an ex-ante agreement on the choices of input and output factors. 

He summarised the questions that had been raised over the last four days and asked Tara 

and Ash to provide a short answer for each of them. 

 

Required: Place yourself in the position of Ash and Tara and prepare a report for Zak. Your task is 

to identify the key issues raised in the case study and offer concise solutions. 

                                                   
88 Charnes, A., Cooper, W.W., Lewin, A. and Seiford, L. (1994), Data Envelopment Analysis: Theory, Methodology, and Application, 
Kluwer Academic Publishers, p. 435. (This guideline has been presented without any theoretical backing.) 
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Addendum: Case Study Information 

 
Mission Statement: “To set standards that other Power delivery companies strive to meet in 

providing reliable, cost effective, high quality electricity power for New Zealand.” 

 

Basic Information Comment
Distribution node Area - one for each settlement of over 20,000 customers 

in New Zealand 

Power vendor  

Quality  

a. Line fault level  Mean time between faults 

b. Power stability Mean time between unstable periods 

c. Lightening product Mean time between lighting induced events 

d. Responsiveness 1-5 this is a business needing quick response to deploy 
services to new customers 

Marketing $/new customer The business has to acquire new 
customers 

Business function % customer , % residence 

Weather pattern  

Staff  

a. Average length of staff service  

b. Union limitation - different for 
each Area 

 

c. Employee training  

d. Staff levels  

Cost  

a. Variable cost   

b. Fixed cost  

c. Annualised cost  

d. Staff costs   
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CHAPTER 25: To Orient or Not to Orient While 
Fretting About Returns to Scale! A Case Study using 
Menswear Retail Business 
(Level of challenge – Moderate; Objective – Selecting DEA model orientation and returns to scale) 

 

by David W L Tripe 89 

 

Bill Evans is the Managing Director of a menswear retail business with a chain of 50 stores 

throughout New Zealand, called Clothes ‘r’ Us. Over recent months he has been concerned about 

how the business is going. When he bumped into someone who talked about benchmarking, at a 

function at his Golf Club on Saturday evening, he started to wonder if he had found an approach 

that might help him to deal with his concerns. 

When he got to the office on Monday morning, he got his secretary to get Sarah Edwards, 

Manager Special Projects, to come and see him. Bill outlined his concerns to Sarah, and she 

remembered that, while she had been studying at university, one of the courses she had taken had 

discussed something called DEA or Data Envelopment Analysis. Sarah mentioned this to Bill, and 

asked if she could have a couple of days to refresh her memory on the technique and its uses. Bill 

agreed. 

Sarah came back to Bill’s office on Wednesday, and they had a conversation that ran like 

this. 

 

Sarah: DEA would be an excellent approach to undertake comparative performance or 

benchmarking, and it can operate on a number of levels. It will give us a number of useful 

tools, but you’re going to have to prescribe a number of aspects of how you want the 

comparative analysis exercise undertaken. You’re also going to have to spell out the 

questions you want answered in a bit more detail. 

Bill: What exactly do you need to know? 

Sarah: The first thing you need to decide is what level you want to conduct the analysis at – 

although maybe you should look at more than one level. You can look at the relative 

performance of the different stores of Clothes ‘r’ Us, or you can look at how Clothes ‘r’ Us 

as a whole performs relative to other menswear retailers. 

Bill: Both of these approaches sound good. Why can’t we do both of them together? 

Sarah: There are problems with that, which we’ll look at later. But there are some other issues 

we’re going to need to address as well. Undertaking benchmarking requires some criteria 

                                                   
89 Director, Centre for Banking Studies, Massey University, D.W.Tripe@massey.ac.nz 



Part VI – Teaching DEA in Classroom 

Chapter 25 

- 314 -

for measurement of performance. What aspects of the business can be changed if they are 

not meeting the benchmark? Should we be concerned about wasteful use of resources or 

overstaffing? Should we be looking for potential increases in sales volume and value? Are 

we concerned about the sizes of the different stores, or are smaller stores at a disadvantage 

just because they are smaller? Is Clothes ‘r’ Us with 50 stores going to be at an advantage 

relative to some other firm like Your Menswear Specialists, which operates just in 

Auckland, and which has only 20 stores? 

Bill: That’s a lot of questions. Why can’t we just look at sales relative to costs? 

Sarah: A proper benchmarking approach using DEA allows us to take account of the different 

conditions under which the different shops operate. Are smaller shops at a disadvantage 

relative to larger stores? What about differences in personal income and population levels 

in the areas where the shops are sited? Don’t we also want to take account of the different 

profit margins and stock turnover rates on different types of menswear that we sell? 

Bill: Those are all useful issues. Will this technique allow us to explore all these questions? 

Sarah: Yes, but we need to make choices to do this analysis properly. Let us start by looking at the 

stores. We could decide to treat the inputs in each of our shops (such as floor area, staff 

numbers, etc) as given, and look to see how well the stores are performing in terms of sales 

revenue or profits. Alternatively, we could say that store sales levels should be treated as 

given, and look for ways in which the (overhead) costs of sales could be minimised for 

each store. This is referred to as the difference between the input or output orientation for 

analysis. 

Bill: Can we do both of these? 

Sarah: Yes we can but it’s better if we just do one at a time until we become more comfortable 

interpreting DEA results. 

Bill: Well, I’d like to think that our shops didn’t have any waste – that they minimised costs. 

Sarah: Yes, but to what extent are these costs under store manager control? Head Office overhead 

costs are allocated from Head Office. How quickly can stores relocate, to change their 

occupancy costs? How quickly can staff costs be changed? If we reduce staff numbers in 

stores, will that undermine the customer service experience, with a negative effect on 

sales? 

Bill: OK – so I can see some of the potential problems. Should we look at stores’ ability to 

increase sales, or even profits? 

Sarah: That generally entails treating the resources used by each store as given …. 

Bill: Which they are in the short term. 

Sarah: Yes. There’s a real advantage in using DEA in letting us consider trade-offs between 

different types of outputs. We can then take account of the different margins applying to 

different types of clothing. For example, there are our cheaper clothing ranges that we 
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source direct from our manufacturers in Fiji and Thailand, on which our margin is 35%. 

Then there’s our business-wear range, on which our margin is 55%. 

Bill: And this technique will allow us to adjust for the different mix of lines sold by different 

shops? 

Sarah: Yes. 

Bill: Surely we can’t expect small stores to achieve the same results as big stores, though? How 

does the technique deal with this issue? 

Sarah: Because DEA looks at ratios of weighted outputs to weighted inputs, store size may not 

matter. But there are at least two possible consequences of different size stores. Small 

stores might be at an advantage because they establish a more personal relationship with 

their customers in the community in which they are operating. On the other hand, big 

stores might have a cost advantage because they can make better use of staff and shelf 

space because of higher overall sales volumes. 

Bill: And DEA can help us to sort out whether store size is important, and whether we’re better 

to have small or large stores? 

Sarah: It can. We’ll show you how when we report the results of the research. But major 

differences may arise between the stores just from things like the quality of management 

and so forth. 

Bill: So far you’ve talked about the stores of Clothes ‘r’ Us. What about comparing Clothes ‘r’ 

Us with other clothing or menswear retailers? 

Sarah: We can do this, but we don’t necessarily follow the same approach as in comparing stores 

with each other, in that the inputs and outputs that we use in such a case might be different, 

and we might make a different choice about whether we should be minimising inputs or 

maximising outputs. 

Bill: What do you mean? 

Sarah: Well, to start with, Clothes ‘r’ Us controls all its overhead costs, and there is scope for 

individual firms to change their overall cost structures (even if they can’t shut all stores, for 

example, they can make some changes over a reasonably short period of time). Changing 

sales levels may be more difficult, as demand for the outputs of the menswear sector as a 

whole are driven more by (economic) conditions in the market than by the efforts of 

individual firms. The amount of clothing that people want to buy in aggregate may be 

relatively fixed, and our challenge is to see what we can do to get them to buy from us, in 

such a way as to maximise our profits. This might be helped if we can keep our costs as 

low as we can. 
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At this stage of the discussion, a number of questions are still outstanding. How would you 

answer the questions below and what recommendations would you offer to Bill and Sarah for the 

analysis that is to be undertaken? 

 

(1) What are the strengths and weaknesses of the input minimisation and output 

maximisation approaches to the measurement of Clothes ‘r’ Us stores? Are there any 

other approaches that might be pursued? What would you advise? 

 

(2) How could we find out if size matters in terms of store performance? If size matters, 

how could we ascertain whether it is small or large stores that are affected? 

 

(3) Show how your choice of variables would change by listing the inputs and outputs for 

internal benchmarking vs. external benchmarking based on the discussion between Bill 

and Sarah. 
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CHAPTER 26: I say input you say output! A Case 
Study using Research Centres 
(Level of challenge – High; Objective – Selecting inputs and outputs for DEA) 

 

by Necmi K Avkiran 

 

Background 

The Centre for Sustainable Energy Systems (CSES) is based in Canberra, Australia; it carries out 

research into photovoltaics and solar thermal energy (http://solar.anu.edu.au/index.html). CSES has 

about forty staff and undertakes contract research to governments and as well as firms. The centre 

is also keen on commercialising its innovations90. The director of CSES, Janet, asks one of the PhD 

students, John, to develop a knowledge production model to measure the productivity of the centre 

against others. Recently, the Federal Government has been pushing for more accountability and 

invited research centres to submit performance measurement models. 

 

Details 

John is unsure about how to approach the task given to him by the director. After some literature 

search on performance of research centres he realises that there is no consensus on what constitutes 

inputs and outputs. One of the compounding factors is the nature of business at research centres 

which focuses on knowledge production. That is, ‘knowledge’ itself is a rather difficult term to 

define. He realises he will have to do further background reading. 

 To operationalise a model of knowledge production performance for CSES, John considers 

placing it in the context of knowledge management, in particular, issues to be addressed in 

measuring intellectual capital, which in turn, is concerned with the measurement of an 

organisation’s intangible assets. 

 John also identifies a number of general criteria that can help in the input/output 

identification process. He summarises them as follows: 

 Behavioural models based on theory of knowledge production. 

 Managerial focus i.e. what do we need to do to deliver on our objectives? 

 Nature of a variable: For example, effluent from a manufacturing process is undesirable 

due to its negative impact on the environment. Quantity of the effluent can be treated as 

an input or its reciprocal can be treated as an output. 

                                                   
90 The rest of the case study on CSES is fiction. 
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John knows that whatever set of inputs/outputs he identifies, they need to capture the core 

operations of the firm. Keen to please Janet, John devises the process outlined in Figure 26.1. 

However, before he can go any further he has to sell his ideas to the director. 

 

Figure 26.1  John’s Proposed Process for Developing a Model to Measure the Knowledge Production 
Performance of CSES 
 

1. Organisational Objectives 

2. Specific Desired Outcomes 

3. Outputs 
(outcome measures) 

4. Inputs 
(resources) 

5. Measure of Centre’s Relative Performance on Outputs and Inputs 
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Discussion 

John: Thanks for allowing me to explain what I have so far put together Janet. Can you please tell 

me what the organisational objectives are for CSES? 

Janet: Well… we have never written them down but I would list them something like this: 

1. Contributing to economic growth and environmental outcomes; 

2. Developing industrial research capacity and expanding the innovative capacities of 

business enterprises; 

3. Adding to intellectual property and promoting its use in businesses and public 

programmes; and 

4. Producing graduates with skills in the application of research. 

John: OK, this gives me a good starting point. However, I still need to sit down and dissect the 

organisational objectives into specific desired outcomes. In my proposed process, measures 

of specific outcomes become outputs, which will later help benchmark the performance of 

CSES against other research centres. Inputs will be identified by determining the resources 

needed to produce the outputs and I will regard this final step of the process as a residual 

transaction rather than a driver. 

Janet: It looks like you have your work cut out for you John! Let me know if I can help further. 

 

Required: Survey relevant literature to critically discuss the issues raised in this case, and 

propose a set of inputs and outputs that can be used together as part of a productivity model to 

measure the performance of CSES. 
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CHAPTER 27: But there are so many DEA models! A 
Case Study using Bank Branches 
(Level of challenge – Moderate; Objective – Coming to terms with different DEA model) 

 

by Necmi K Avkiran 

 

Background 

Sheyda is an overseas student from Azerbaijan undertaking a banking PhD at the Bogaziçi 

University, Istanbul. She has successfully completed her first year’s coursework and is currently 

discussing the details of her proposal with her principal supervisor Dr Sönmez.91 Sheyda’s PhD 

entitled Measuring Bank Branch Performance proposes to use DEA but because of being exposed 

to this non-parametric technique for the first time she is rather confused with the multitude of 

models available. 

 

Details 

Upon her supervisor’s advice Sheyda starts reading Cooper et al. 2000 to come to terms with the 

many DEA models. Table 27.1 summarises her readings: 

 

Table 27.1  DEA models 
DEA Model CCR-I CCR-O BCC-I BCC-O ADD SBM 

Trans.       X 

Invariance Y 

No 

No 

No 

No 

No 

Yes 

Yes 

No 

Yes 

Yes 

No 

No 

Units invariance Yes Yes Yes Yes No Yes 

Θ [0,1] [0,1] [0,1] [0,1] No [0,1] 

Tech. or Mix Tech. Tech. Tech. Tech. Mix Mix 

Returns to scale CRS CRS VRS VRS C(V)RS C(V)RS 

Legend: X: input;  Y: output;  Θ: scalar (one-dimensional) measure of efficiency;  Semi-p: semi-positive;  ADD: additive;  -O: 

output oriented;  Tech: technical efficiency;  Mix: mix efficiency. Note that ADD and SBM models do not have to be oriented. 

(Source: Table 4.4 on page 102 in Cooper et al. (2000) Data Envelopment Analysis: A Comprehensive Text with Models, Applications, 

References and DEA-Solver Software, Kluwer Academic Publishers, Boston.) 

 

                                                   
91 Names of persons are fictional. 
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Discussion 

Dr Sönmez: Hi Sheyda! I am glad you have taken the table from Cooper et al. as your starting 

point. You need to make sure you understand the technical differences outlined in the 

table. For example, you need to be clear in your own mind about terms such as radial 

inefficiency vs slacks, CRS vs VRS, input vs output orientations, translation and unit 

invariance, and even superefficiency! 

Sheyda: I appreciate that Dr Sönmez but I am feeling a bit overwhelmed with the choices. 

Dr Sönmez: As you consolidate your technical background reading consider conceptualising your 

branch network performance measurement. For example, have you drafted a 

preliminary list of inputs and outputs? 

Sheyda:        I must confess I have not but I will get onto to it right away. 

Dr Sönmez: Once you have a good understanding of your variables, sample, and managerial focus 

on performance then you will be in a better position to select the appropriate DEA 

models for testing. Ultimately it is a matter of matching the purpose of your research 

to the most appropriate DEA models that will help you get there. 

Sheyda:        OK, that makes sense. 

 

Required: Start the case study by helping Sheyda understand Table 27.1. Then proceed to draft a 

preliminary list of inputs and outputs for bank branch performance measurement, making sure you 

justify your choice of variables. Finally, argue for at least three different DEA models by 

explaining why each would be appropriate under circumstances you specify. 
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CHAPTER 28: Jenny, how robust and reliable are the 
findings? A Case Study using Tour Operators 
(Level of challenge – High; Objective – Stability of the efficient frontier and reliability of DEA 

scores) 

by Necmi K Avkiran  

 

Background 

Canadian Tourism Services (CTS) is a private company that organises tours through the Canadian 

Rockies. CTS specialises in short local tours of half-day, one-day and two-days. Across Banff, 

Lake Louise, Jasper, Canmore, Waterton and Golden, CTS owns twenty local tour operators that 

are treated as profit centres. Every tour operator employs people at the front desk as well as tour 

guides, drivers and a roving vice-president whose full-time job includes soliciting business from 

main markets such as the USA and Europe. 

Jenny Goldstein, a recent graduate of the University of Toronto, is in the process of taking 

over the family business from her aging father. Mr Goldstein, who is still the president of CTS, has 

for some time been concerned about the substantially varying profits from different operators and 

wants Jenny to look over a report prepared by the consulting firm MaxProfits. He anticipates some 

of the vice-presidents will strongly protest against the rankings. 

Details 

Mr Goldstein commissioned MaxProfits to assess the productivity of the twenty tour operators over 

the last five years. However, he is not so sure about how to interpret the results. Keen to find out 

the returns on his investment in Jenny’s higher education, he passes onto Jenny the following 

extract from the MaxProfits report: 

“Inputs (4): Front desk staff FTE; Guides FTE; Drivers FTE; Sundry expenses 

Outputs (3): # Half-day tours; # One-day tours; # Two-day tours 

Initially, output # one-day tours (TRS) is removed from productivity analysis, followed by 

the input guides FTE (FTE); each of these arbitrarily removed variables are returned to the sample 

before the next deletion. We focus our attention on correspondence of the frontier’s membership 

(??) from the reduced variable set with that of the full-complement model. Results are reported in 

Table 28.1. 

An extension of the above test of robustness is to generate Spearman’s rank correlations 

using super efficiency scores (??) from the full complement model and reduced variable sets. 

When the variable # one-day tours is removed, ranks are correlated at 0.436 (with a two-tailed 

significance of 0.000), and the correlation is 0.289 when # one-day tours is returned to the model 

and guides FTE is removed. 
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In the next stage of testing for the robustness (??) of the efficient frontier, we monitor the 

membership of the efficient frontier as the top three of the efficient tour operators in each year are 

deleted. Results are shown in Table 28.2. “ 

As a seasoned businessman Mr Goldstein wants to know how reliable the efficiency scores 

(shown in Table 28.2) are in discriminating between the tour operators on more traditional 

measures of performance (a point not addressed by MaxProfits). He compiles the returns on assets 

and cost efficiency ratios reported in Table 28.3. 
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Table 28.1  Stability of the efficient frontier after deletion of variables (tour operators on the frontier sorted by the tour operator numbers)1, 2001-2005 
FC01 Less 

TRS01 

Less 

FTE01 

FC02 Less 

TRS02 

Less 

FTE02 

FC03 Less 

TRS03 

Less 

FTE03 

FC04 Less 

TRS04 

Less 

FTE04 

FC05 Less 

TRS05 

Less 

FTE05 

5  5  5  1  5  1  2  5  2  2  5  5  2  2  5  

7  7  7  5  7  5  5  16  5  5  7  7  5  5  10  

8  16  8  7  16  7  10    10  7  9  10  6  6  20  

10    10  10    10  16    16  9  13  11  7  7    

11    11  16    16        10  16  16  10  13    

13    16              11    20  13  16    

16                  13      16      

                  16      20      

                  20            

                              

                              

1
FC is the abbreviation for the full-complement model. Second and third column headings refer to runs without the variables # one-day tours (TRS) and guides FTE (FTE) respectively. 
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Table 28.2  Stability of the efficient frontier after deletion of the top three efficient tour operators (tour operators ranked on scores)1, 2001-2005 
CS ‘01 TS ‘01 CS ‘02 TS ‘02 CS ‘03 TS ‘03 CS ‘04 TS ‘04 CS ‘05 TS ‘05 

16 1.667   16 1.866   16 1.978   13 1.647   10 1.329   

10 1.261   7 1.265   2 1.244   16 1.493   7 1.321   

7 1.200   1 1.188   5 1.135   7 1.239   13 1.289   

5 1.178 13 2.330 10 1.143 13 1.549 10 1.062 13 1.610 5 1.183 11 1.248 20 1.234 13 3.509 

8 1.092 5 1.213 5 1.118 10 1.338 20 0.655 10 1.403 10 1.167 10 1.202 5 1.192 20 1.311 

13 1.058 8 1.136 11 0.917 1 1.188 7 0.655 7 1.205 20 1.128 5 1.196 6 1.096 9  1.243 

11 1.036 11 1.066 8 0.832 5 1.160 13 0.647 5 1.194 2 1.058 2 1.160 16 1.088 5 1.192 

1 0.791 1 1.037 13 0.767 11 1.114 11 0.645 11 1.131 11 1.026 20 1.136 2 1.040 6 1.126 

9 0.764 4 1.026 2 0.673 6 1.003 3 0.436 20 1.064 9 1.014 9  1.072 9  0.825 16 1.088 

12 0.683 9  0.836 6 0.596 2 0.986 19 0.407 9  1.063 19 0.529 8 0.891 1 0.601 2 1.040 

2 0.611 2 0.697 18 0.485 8 0.942 1 0.316 3 0.877 12 0.518 3 0.653 11 0.510 1 0.639 

4 0.561 12 0.686 19 0.478 9  0.500 8 0.296 1 0.779 3 0.509 18 0.622 3 0.475 11 0.529 

18 0.469 15 0.556 4 0.432 18 0.492 4 0.280 4 0.773 18 0.495 1 0.595 19 0.467 3 0.517 

15 0.461 18 0.469 12 0.424 19 0.482 18 0.266 19 0.646 1 0.474 4 0.531 18 0.374 19 0.467 

19 0.362 19 0.362 3 0.421 4 0.458 17 0.191 8 0.577 8 0.460 19 0.529 15 0.269 18 0.401 

17 0.216 17  0.243 9 0.410 12 0.453 15 0.185 18 0.507 6 0.434 12 0.518 4 0.265 4 0.276 

14 0.101 14 0.114 15 0.334 3 0.445 12 0.143 15 0.495 4 0.306 6 0.479 17 0.173 15 0.270 

6 0.080 6 0.086 17 0.261 15 0.389 9 0.078 17  0.345 17 0.221 15 0.364 14 0.067 17  0.212 

    14 0.052 17  0.262 6 0.068 12 0.305 15 0.197 17  0.301   14 0.091 

      14 0.052 14 0.066 6 0.138 14 0.081 14 0.099     

          14 0.076         
1CS is the abbreviation for the complete sample where tour operators are identified by their designated numbers (operators with missing data are excluded, giving rise to unbalanced panel data); TS is 

the truncated sample.  
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Table 28.3  ROA and Cost Efficiency Ratios for CTS, 2001-2005 
Tour Operator ROA ROA ROA ROA ROA CE CE CE CE CE 

 2001 2002 2003 2004 2005 2001 2002 2003 2004 2005 

1 0.0846 0.0066 -0.0319 -0.0538 -0.0475 0.1230 0.1150 0.1284 0.2543 0.1791 

2 0.1792 0.0888 0.0937 0.1082 0.0476 0.1499 0.1011 0.0669 0.1193 0.0856 

3 -0.2520 -0.1604 0.0991 0.0649 0.1294 0.3954 0.2924 0.2246 0.2952 0.2332 

4 -0.0189 -0.0064 -0.0976 -0.0169 0.0156 0.1944 0.2043 0.1957 0.1955 0.2054 

5 0.0244 0.0930 0.0041 0.0561 0.1047 0.0368 0.0521 0.0507 0.0565 0.0496 

6 0.1942 0.1175 -0.0462 -0.0582 0.2262 0.1445 0.0844 0.1268 0.2924 0.2171 

7 0.0073 0.0834 -0.0108 0.1120 0.1276 0.3116 0.2601 0.2350 0.2757 0.2526 

8 0.0479 0.0713 -0.0885 -0.0682 -1.4293 0.0891 0.0845 0.1446 0.3434 1.9473 

9 0.0213 0.1035 0.0601 0.0586 0.0817 0.1072 0.1765 0.3051 0.3553 0.4903 

10 0.0344 -0.0248 -0.0202 -0.0094 -0.0233 0.1804 0.2074 0.1372 0.1952 0.1066 

11 0.1259 0.1478 0.0002 0.1511 -0.1065 0.0621 0.1035 0.0784 0.0915 0.1685 

12 0.0145 0.0168 0.1267 0.3247 0.0291 0.1501 0.1709 0.1839 0.7960 3.0004 

13 0.0873 0.0925 0.0900 0.0974 0.1180 0.1867 0.1979 0.2514 0.2542 0.2523 

14 0.0138 0.0154 -0.3470 -0.0156 0.0258 0.1760 0.1748 0.2282 0.2103 0.1841 

15 0.0590 0.0556 0.0088 0.0017 -0.0770 0.1535 0.1582 0.1759 0.2112 0.2465 

16 0.0667 0.2247 0.1672 0.2753 -0.4184 0.0516 0.0920 0.0703 0.0976 0.0989 

17 0.0347 0.0365 0.0622 0.1002 0.2200 0.2634 0.2640 0.2635 0.2327 0.1979 

18 0.0642 0.0091 0.0518 0.0609 0.0811 0.3256 0.3164 0.3856 0.3522 0.3103 

19 0.0354 0.0396 -0.1394 0.0111 0.0052 0.0669 0.0661 0.0869 0.0792 0.0837 

20 0.0786 0.0965 0.0107 0.0305 0.0988 0.0622 0.0739 0.0794 0.0763 0.0620 

Notes: ROA is defined as “Net Income before Provision of Income Taxes / Total Assets”; CE is defined as “operating expenses/total assets”. 
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Discussion 

Mr Goldstein:  Thanks for agreeing to have a look at the MaxProfits report Jenny. I am afraid I 

need someone to translate it into plain English! 

Jenny:  What exactly is it that you do not understand dad? 

Mr Goldstein:  Well, first of all, what is the efficient frontier? What are we looking for when we 

test its robustness? 

Jenny:  Ohh, I should be able to explain that to you easy enough. Is there anything else on 

your mind? 

Mr Goldstein:  Indeed there is! I don’t quite follow the reasoning behind their testing 

methodologies. Also, I am not so sure about interpreting their findings. For 

example, in the third test, they are removing the top three of the efficient tour 

operators; why three? Is this the best way to go about it? By the way, in the report I 

inserted “??” next to terms I am not familiar. 

Jenny:  (realising the fun days at the university were over) OK dad. Let’s get together in a 

couple of days time. By then I will have a full explanation for you. 

Mr Goldstein:  It’s a date! But I also want you to think about how we can test the integrity of 

productivity scores and let me know if we need to collect more data. 

 

Required: Help Jenny to prepare the answers to Mr Goldstein’s various concerns and questions. 
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CHAPTER 29: Various Assignments 
by Necmi K Avkiran 

 

The assignments below have been successfully used in classroom situations and are presented in an 

order of rising challenge. Nevertheless, instructors are encouraged to use their initiative on this 

matter.  

 

29.1 An Integrated Assignment: Decomposing Technical Efficiency of Australian 

Trading Banks 92 

(Level of challenge: Moderate) 

 

Introduction 

The purpose of this assignment is to test the students’ overall knowledge of DEA and 

understanding of how to investigate the changes in the pure technical efficiency, scale efficiency 

and nature of returns to scale of trading banks. Productivity of a sample of Australian banks is 

followed through 1986-1995. 

It was possible to collect data on 4 inputs (staff numbers, deposits in dollars, interest 

expense, and non-interest expense) and 3 outputs (net loans, net interest income, and non-interest 

income) through the Reserve Bank of Australia.93 In the spirit of directly measuring management’s 

success in minimising costs and generating revenues in a discriminating model, net loans, deposits, 

and staff numbers were dropped from the data envelopment analysis, leaving two input and two 

output variables. That is, modelling input minimisation,94 the DEA analysis was carried out with 

interest expense and non-interest expense as controllable inputs, and net interest income and non-

interest income as outputs. 

Ten Australian trading banks in the deregulated period comprise the study sample. Foreign 

banks were omitted because between 1986-1995, most operated as subsidiary banks with restrictive 

capital adequacy requirements and dealt mainly in wholesale banking. Four of the banks are major 

trading banks and six are regional banks as shown in Table 29.1 (others could not be included due 

to inconsistent availability of data between 1986-1995). 

Deregulation of the Australian finance sector began in December 1983. Years 1989-91 is a 

period when most trading banks would have been taking stock of the lending excesses of the late 

1980s. The period of 1992-95 is characterised by more banks experiencing branch closures and 

staff redundancies. A substantial number of big lending decisions in the 1980s following 

                                                   
92 Adapted from Avkiran, N.K. (2004) Decomposing Technical Efficiency and Window Analysis, Studies in Economics and Finance, 
22(1), 61-91. 
93  Non-interest expense: before tax total expenses less interest expenses and charges for bad and doubtful debts. 
Net loans: gross loans less specific and general provisions for bad and doubtful debts. 
Net interest income: interest income less interest expense. 
Non-interest income: all revenues less interest income and bad debt recoveries. 
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deregulation were unprofitable. Moreover, interest expense was a significant source of inefficiency 

as banks were allowed to compete with each other on deposit rates and types of interest paying 

products. This was particularly noticeable because banks had been slow in setting up a trade-off 

between offering competitive deposit rates and raising fees (a politically sensitive exercise). 

Part A: Overview of DEA 
1. Distinguish between technical and allocative efficiencies. 

2. Identify and demonstrate two rules-of-thumb for selecting an appropriate sample size. 

3. Briefly discuss the advantages and disadvantages of DEA. 

4. Briefly explain the two main approaches to modelling bank behaviour. Looking at the 

variables in this case, which approach describes our model best? Explain. 

5. Distinguish between the optimisation modes input minimisation and output maximisation. 

6. What are the types of slacks we are likely to come across in DEA? 

7. Which assumption regarding production technology is likely to better represent real world 

practice? CRS or VRS? 

8. What is the relationship between SE, PTE and TE? 

Part B: Results and Analysis 
1. Look at Table 29.2 carefully and comment on the sources of technical inefficiency. Which 

of the CRS banks is (are) not MPSS? 

2. Now, go to Table 29.3. Identify those banks that were consistently efficient through 1986-

95. What sort of trends, if any, can you see with TE, PTE and SE? To what extent can 

these trends be explained by the events of the period under study? 

3. Examine Figure 29.1. Can you explain the changes in returns to scale over 1986-95? 

4. What kind of observations can you make based on Table 29.4? 

5. Now, please cast a critical eye on Table 29.5. What sort of insight can we gain about the 

relationship between returns to scale and bank size? 

 

Table 29.1  Trading Banks in the Study Sample 
DMU Name of Trading Bank Abbreviation Used 
1 Advance Bank Australia Advance 
2 ANZ Banking Group (major) ANZ 
3 Bank of Queensland BankQLD 
4 Bank of South Australia BankSA 
5 Bank of Western Australia BankWA 
6 Commonwealth Bank of Australia (major) CBA 
7 Macquarie Bank Macquarie 
8 National Australia Bank (major) NAB 
9 State Bank of NSW SBankNSW 
10 Westpac Banking Corporation (major) Westpac 

 

                                                                                                                                                          
94 Cost minimisation has been the main pre-occupation of Australian banks since late 1980s. 
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Table 29.2  An Example of Decomposing Technical Efficiency Scores, 1995 
Bank Technical 

Efficiency 
    x = 0.942 
       = 0.069 

Pure Technical Efficiency 
x = 0.956 
   = 0.062 

Scale Efficiency 
 
x = 0.985 
  = 0.026 

Nature of Returns to Scale 

Advance 1.000 1.000 1.000 CRS 
ANZ 0.898 0.979 0.917 DRS 
BankQLD 0.998 1.000 0.998 IRS 
BankSA 0.887 0.916 0.968 IRS 
BankWA 0.933 0.954 0.978 IRS 
CBA 1.000 1.000 1.000 CRS 
Macquarie 1.000 1.000 1.000 CRS 
NAB 1.000 1.000 1.000 CRS 
SbankNSW 0.802 0.815 0.985 IRS 
Westpac 0.900 0.900 1.000 CRS 
Notes. CRS (constant returns to scale); DRS (decreasing returns to scale); IRS (increasing returns to scale); Technical efficiency = Pure technical efficiency x Scale efficiency. 

 

 

 

Table 29.3  Annual Sample Mean, Period Mean and Individual Bank Relative Efficiency Scores, 1986-1995 
 Annual Mean Scores Individual Bank Technical Efficiency Scores Between 1986-95 
 TE PTE SE Advance ANZ BankQLD BankSA BankWA CBA Macquarie NAB SbankNSW Westpac 
1986 0.977 0.986 0.991 0.982 0.963 1.000 0.966 0.895 1.000 1.000 1.000 0.967 1.000 
1987 0.955 0.965 0.989 0.913 1.000 1.000 0.975 0.826 0.997 1.000 1.000 0.860 0.974 
1988 0.951 0.969 0.982 0.887 0.939 1.000 0.893 0.960 0.979 1.000 1.000 0.878 0.974 
1989 0.946 0.970 0.975 0.819 0.891 1.000 0.952 0.966 1.000 1.000 1.000 0.900 0.931 
1990 0.919 0.943 0.974 0.820 0.847 1.000 0.989 0.731 0.970 1.000 1.000 0.830 1.000 
1991 0.825 0.844 0.979 0.860 0.768 1.000 0.298 0.629 1.000 1.000 1.000 0.847 0.848 
1992 0.860 0.901 0.957 0.938 0.852 1.000 0.480 0.814 0.905 1.000 1.000 0.848 0.765 
1993 0.909 0.942 0.967 1.000 0.822 1.000 0.836 0.843 0.859 1.000 1.000 0.816 0.914 
1994 0.883 0.899 0.983 1.000 0.874 0.988 0.644 0.859 0.853 1.000 1.000 0.771 0.846 
1995 0.942 0.956 0.985 1.000 0.898 0.998 0.887 0.933 1.000 1.000 1.000 0.802 0.900 
Period Mean 0.917 0.938 0.978 0.922 0.885 0.999 0.792 0.846 0.956 1.000 1.000 0.852 0.915 
Notes. TE (technical efficiency); PTE (pure technical efficiency); SE (scale efficiency) 
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Figure 29.1  Summary of Changes in Nature of Returns to Scale for Trading Banks, 1986-1995 

 

Table 29.4  Nature of Returns to Scale for Individual Trading Banks, 1986-1995 
 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 
Advance IRS IRS DRS IRS IRS IRS DRS CRS CRS CRS 
ANZ DRS CRS DRS DRS DRS DRS DRS DRS DRS DRS 
BankQLD CRS CRS CRS CRS CRS CRS CRS CRS IRS IRS 
BankSA CRS IRS IRS IRS IRS IRS DRS IRS IRS IRS 
BankWA IRS IRS IRS IRS IRS IRS IRS IRS IRS IRS 
CBA CRS DRS DRS CRS DRS CRS DRS DRS DRS CRS 
Macquarie CRS CRS CRS CRS CRS CRS CRS CRS CRS CRS 
NAB CRS CRS CRS CRS CRS CRS CRS CRS CRS CRS 
SbankNSW IRS IRS DRS IRS IRS CRS IRS IRS IRS IRS 
Westpac CRS DRS DRS DRS CRS DRS DRS DRS IRS CRS 
Notes. IRS (increasing returns to scale); CRS (constant returns to scale); DRS (decreasing returns to scale) 

 

Table 29.5  Comparison of Bank Size with Nature of Returns to scale, 1993-95 
Bank Size in staff numbers 
 1993 1994 1995 
 (mean = 17,705) (mean = 16,749) (mean = 16,671) 
DRS Banks ANZ 41,737 ANZ 39,642 ANZ   39,240 
 CBA 42,329 CBA 37,269   
 Westpac 33,724     
       
IRS Banks   BankQLD 745 BankQLD    786 
 BankSA 3,375 BankSA 2,980 BankSA 2,388 
 BankWA 3,312 BankWA 2,959 BankWA 2,872 
 SBankNSW 5,269 SBankNSW 4,687 SbankNSW 4,441 
   Westpac 31,396   
       
CRS Banks Advance  2,197 Advance  2,409 Advance  2,459 

BankQLD 703     
     CBA 35,822 
 Macquarie 1,351 Macquarie 1,528 Macquarie 1,704 
 NAB 43,053 NAB 43,871 NAB 45,585 
     Westpac  31,416 
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29.2 An Assignment of Critiquing Papers on Bank Branches 
(Level of challenge: High) 

 

1. Al-Faraj, T.N., Alidi, A.S. and Bu-Bhsait, K.A. (1993) Evaluation of Bank Branches by 

Means of Data Envelopment Analysis. International Journal of Operations and Production 

Management 13(9), 45-52. 

 

2. Parkan, C. (1987) Measuring the Efficiency of Service Operations: An Application to Bank 

Branches. Engineering Costs and Production Economics 12, 237-242. 

 

With the first article, using the data provided in the paper, re-run tests after implementing your 

proposed amendments and report on the new results. This can be an individual or a group 

assignment. 

 

The second article is more suitable for a class discussion although it can also be part of a written 

assignment report. 

 

Required: Criticise implementation of DEA in the papers identified above and clearly identify the 

key shortcomings of the authors’ research designs. Explain how your approach may have differed. 
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29.3 An Assignment on Canadian Foreign Bank Subsidiaries Where You Can Use 

Your Initiative 
(Level of challenge: Very high) 

 

Partial Dimensionality Test and Stability (Robustness) of the Efficient Frontier 

In this assignment I am interested in assessing your ability to use initiative in the required research 

activity and preferably work as a team. Therefore, I am intentionally providing minimum structure 

as to how you should compose your Report. Basically, I expect you to design your own tests (see 

references below) on the data set provided and report concisely as you address the title of the 

assignment. Reading the seminar notes at the beginning of Part VI and other chapters in this book 

will provide further direction. In short, I am giving you the tools and I expect you to use your 

creativity to come up with your masterpiece. Here are three key articles you can consult for ideas as 

you design your research, and tables showing a productivity model and data: 

 

Bauer, P.W., Berger, A.N., Ferrier, G.D. and Humphrey, D.B. 1998. Consistency conditions for 

regulatory analysis of financial institutions: A comparison of frontier efficiency methods. 

Journal of Economics and Business 50, 85-114. 

Hughes, A. and Yaisawarng, S. 2004. Sensitivity and dimensionality tests of DEA efficiency 

scores. European Journal of Operational Research 154, 410-422. 

Tauer, L.W. and Hanchar, J.J., 1995. Nonparametric technical efficiency of K firms, N inputs, and 

M outputs: a simulation. Agricultural and Resource Economics Review 24, 185-189. 

 

Table 29.6  A bank productivity model of three inputs and three outputs for empirical testing 
Key Inputs Key Outputs 
1. Demand, notice and fixed-term deposits ($) 
 Deposits($) 

1. Loans, less allowance for impairment ($) 
 Loans($) 

  
2. Non-interest expenses a ($) 
 NonIE($) 

2. Securities ($) 
 Sec($) 

  
3. Equity multiplier b 
 EM 

3. Non-interest income or fee income c ($) 
 NonII($) 

  
a salaries, pensions and other staff benefits, plus other non-interest expenses including advertising, general expenses, 
professional fees, and business taxes 
b measure of potential risk exposure, where equity multiplier is defined as average assets / average equity 
c this measure is net of trading income and gains (losses) on instruments held for other than trading purposes as these 
items are not fee generating activities and they are volatile 
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Table 29.7  Input/Output Data for year 2000 
Foreign Bank Subsidiary Deposits NonIE EM Loans Sec NonII 
ABN AMRO Bank Canada 2,462,876 53,458 19.67 2,582,223 454,902 31,377 
Bank of America Canada 3,286,568 59,244 12.87 3,754,216 18,831 57,831 
Bank of China (Canada)  204,728 4,026 6.93 186,106 29,500 3,896 
Bank of East Asia (Canada)  271,482 4,768 11.84 173,656 63,430 1,592 
Bank of Tokyo-Mitsubishi (Canada) 1,706,601 11,799 13.31 2,675,890 19,995 10,176 
Bank One Canada 1,551,073 40,556 7.42 1,534,776 251,694 56,192 
Citibank Canada 5,110,481 239,736 9.58 3,675,688 2,615,769 174,399
Credit Lyonnais Canada 477 19,300 2.19 75,521 5,600 5,028 
Credit Suisse First Boston Canada 1,179,597 72,296 7.48 855,951 440,818 60,097 
Deutsche Bank Canada 4,709,957 76,787 13.86 3,513,348 3,648,930 26,793 
Dresdner Bank Canada 540,489 9,033 9.08 573,344 57,455 11,055 
HSBC Bank Canada (Hong Kong Bank of Canada) 23,511,439 635,188 20.94 20,189,525 3,795,105 409,730
International Commercial Bank of Cathay (Canada)  306,858 5,162 16.64 84,056 5,914 998 
Intesa Bank Canada 1,268,217 26,351 13.89 1,019,056 329,146 4,749 
J.P. Morgan Bank Canada 1,088,115 12,008 9.08 851,215 145,079 25,727 
Korea Exchange Bank of Canada  314,879 5,795 10.41 287,756 11,996 4,076 
National Bank of Greece (Canada)  439,426 14,234 15.64 383,134 92,932 5,649 
Sakura Bank (Canada) 433,806 3,386 8.01 445,640 36,727 1,949 
Sanwa Bank Canada 633,116 4,194 9.22 757,619 128,636 4,553 
Société Générale (Canada)  2,025,540 31,660 14.54 2,034,376 902,977 35,341 
SottoBank 165,824 6,855 9.36 125,484 6,114 1,579 
State Bank of India (Canada)  111,428 2,869 6.64 109,552 13,236 10,466 
Sumitomo Bank of Canada 599,112 4,604 9.26 610,340 61,833 1,189 
Tokai Bank Canada 196,081 1,933 5.06 225,486 9,806 77 
UBS Bank (Canada)  659,114 124,791 9.58 124,873 272,163 139,403

 

Table 29.8  Return on Assets (ROA) and Cost Efficiency (CE) for year 2000 
 ROA CE 
Foreign bank 2000 2000 
ABN -0.004750 0.017911 
BoA 0.004763 0.008558 
BoC 0.012935 0.023325 
BoEA 0.001563 0.020541 
BoTM 0.010468 0.004961 
BankOne 0.022624 0.021708 
Citibank 0.012761 0.025262 
CL -0.142927 0.194734 
CS 0.008174 0.049035 
Deutsche -0.002330 0.010665 
Dresdner -0.010652 0.016853 
HSBC 0.011803 0.025229 
ICBoC 0.002578 0.018414 
Intesa -0.007697 0.024653 
JPMorgan -0.041840 0.009887 
KEB 0.021997 0.019790 
NBoG 0.008106 0.031032 
Sakura 0.000518 0.008372 
Sanwa 0.009883 0.006202 
Société 0.000284 0.009599 
SottoBank -0.006921 0.044043 
SBoI 0.068532 0.029240 
Sumitomo 0.005817 0.008239 
Tokai 0.016169 0.011024 
UBS 0.039773 0.109828 
Notes: ROA is defined as “Net Income before Provision of Income Taxes / Total Assets”; CE is defined as “operating 
expenses/total assets”. 
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PART VII: EPILOGUE 
by Necmi K Avkiran 

VII.1 Productivity Analysis and Improvement 

Productivity analysis in the service sector has lagged behind the manufacturing sector for many 

years. This has been partly due to the development of management science in the manufacturing 

domain following the industrial revolution. In the first half of the twentieth century, economists 

were pre-occupied with the manufacturing sector. It was not until the second half of the twentieth 

century that economists began to acknowledge the importance of the service sector. The twenty-

first century is shaping as the coming of age of productivity analysis in the service sector. 

 Productivity analysis in the service sector originally borrowed from the manufacturing 

sector with less than satisfactory results. Attempts to develop productivity measures specific to the 

service sector have often run into difficulty due to the intangible nature of service. The productivity 

ratios devised fell short of accounting for the complex relationships between inputs and outputs. In 

this book, it has been demonstrated that it is possible to capture the interplay between multiple 

inputs and multiple outputs through DEA. 

However, we should always bear in mind that the primary purpose of productivity analysis 

is 'improvement'. That is, the process of measurement has limited intrinsic value if the findings are 

not used. For best results, DEA should be interpreted in the context of other measurement systems 

in place. In fact, the most astute application of DEA is to use it as a starting point for more in-depth 

investigation before attempting to raise productivity. 

 In theory, productivity can be improved in five different ways (Sandler 1982, p.153): 

a. Increase output more than input 

b. Increase output without increasing input 

c. Decrease output but decrease input more 

d. Maintain same output but decrease input 

e. Increase output and decrease input 

Regardless of the preferred path to productivity improvement, it is first necessary to ensure that the 

organisational commitment is in place. This translates into awareness by management that 

productivity improvement is not simply dependent on performance of line staff but all levels of 

management. To secure commitment it makes sense to highlight the benefits of productivity 

improvement (and its measures) to the organisation and the individuals who work there. In this 

respect, it is important to devise comprehensible and actionable measures that can be demonstrated 

to tie in with the selected improvement goals. 
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VII.2 Principal Advantages and Limitations of DEA Revisited 

In this concluding part of the book, we remember the main advantages and limitations of DEA: 

Key Advantages 

1. Multiple inputs and multiple outputs can be analysed simultaneously. 

2. DMUs are benchmarked against actual performance rather than a theoretical benchmark 

that may not be achievable. 

3. Inefficiencies are identified and potential improvements prescribed accordingly. 

4. Reference set membership provides a peer group whose operations can be emulated by the 

inefficient DMU. 

5. DEA accommodates inputs and outputs that cannot be easily converted to dollars. 

6. Management can nominate the inputs and outputs in the model free of any theoretical 

production function. 

7. Inputs that are beyond managerial control and external factors can be accounted for as part 

of DEA (but with mixed success!). 

8. DEA can provide more insight than traditional ratio analysis. 

9. DEA can be an effective decision-making tool in directing the attention of management to 

areas that can be improved. 

Key Limitations 

1. DEA is sensitive to measurement error and outliers. 

2. DEA does not provide a measure of absolute efficiency but scores represent a relative 

measure within the sample. Two different samples cannot be directly compared. 

3. A sample size that is small compared to the product of number of inputs and outputs will 

cause DEA to report most DMUs as efficient. 

It should also be noted that the DEA examples in this book assume strong input 

disposability. That is, it is assumed that a DMU can reduce its consumption of inputs without 

incurring additional disposal expenses. Where this is not possible congestion inefficiency will 

emerge. Congestion inefficiency is assumed to be uncontrollable by the DMU e.g. union 

determined staff numbers, government regulation, or costly disposal of enriched uranium from 

unwanted missiles. 

VII.3 Further Notes on Using DEA in For-Profit Organisations 

Profits and return on equity are historical measures of performance that normally span a short 

period of time. More importantly, such traditional measures cannot adequately reflect the long-term 

efforts of a firm to raise its earning capacity e.g. product development, staff training, customer 

service quality (Sherman 1984). Similarly, financial ratios fall short of fully accounting for the use 

of physical inputs in the generation of outputs. DEA can help address both of these shortcomings 
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by providing a measure of performance for the longer term, as well as identifying inefficiencies in 

the process of converting inputs to outputs, which can then be applied to raising profitability. 

Figure VII.1 depicts the relationship between profitability and efficiency of an 

organisation. 'Underdog' is an organisational unit that has the greatest potential for improvement of 

efficiency and profitability. Such a unit is probably under-resourced and lacks appropriate 

managerial skills. Therefore, in a favourable environment and with additional resources, an 

underdog can be expected to enhance its efficiency and profitability. On the other hand, an 'ace' is 

an efficient unit with a performance that can be verified by high profitability as measured by 

accounting ratios. These units are most suitable for others to benchmark and can become role 

models for inefficient units. 

 
Figure VII.1  Profitability – Efficiency Quadrants 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Moving diagonally from right to left, a 'lucky' unit is an inefficient unit measured as 

profitable due to favourable environmental factors e.g. no competitors in its catchment area. 

Management of a lucky unit clearly needs intervention from higher up in the organisation to stop 

misallocation of resources. In this case, it should be feasible for a lucky unit to significantly raise 

its efficiency and further enhance its already high profitability to the level of an ace. Finally, an 

'unlucky' unit may well be operating at maximum efficiency when compared to its peers (i.e. it is 

rated by DEA as ‘efficient’) but this is not borne in accounting profitability measures. 
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economically depressed catchment area. The best course of action in such circumstances is 

probably to relocate the unit into a more favourable environment. 

Firms that follow the Balanced Scorecard system of integrating financial measures with 

non-financial operational measures will find DEA a natural extension of such strategic performance 

measurement activities. The next section introduces Balanced Scorecard and explores the possible 

partnership between DEA and Balanced Scorecard. 

VII.4 DEA and Balanced Scorecard – A Synergistic Partnership 

Balanced Scorecard (BSC), popularised by Kaplan and Norton, is a comprehensive framework to 

translate a business’ vision and strategy into a group of cause-and-effect linked performance 

drivers and outcomes. BSC fosters shared understanding within the organisation by creating a 

holistic model of the business unit’s strategy, helps focus the business’ change efforts on long-term 

outcomes, and allows systematic learning at the executive level by providing a framework for 

testing strategies in real-time. 

Balanced Scorecard summarised in Figure VII.2 highlights its core purpose i.e. 

operationalising the vision and strategy of the business. What may not be clear from the diagram is 

that the customer, the internal business process, and the learning and growth perspectives are 

subordinate to the financial perspective. In Kaplan and Norton’s (1996c, p.67) words “Ultimately, 

causal paths from all the measures on a Scorecard should be linked to financial objectives.” 

However, BSC is not simply a collection of financial and non-financial outcomes linked to long-

term strategic objectives; it also defines the mechanisms for reaching those objectives and the 

feedback mechanisms needed to revise the strategic objectives in response to changes observed in 

the business environment. 
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Figure VII.2  The Four Perspectives of Balanced Scorecard 
(adapted from Kaplan 2001) 
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‘Vision’ articulates where a business wants to be, whereas ‘Strategy’ details how the 

business will get there. In fact, we can regard strategy as a set of hypotheses about cause and effect 

(Kaplan and Norton 1996c). However, establishing causal links between performance drivers and 

desired outcomes usually takes many months. Nevertheless, the process itself can be highly 

beneficial to the business, as it requires managers to systematically test their current assumptions, 

which are often based on short-term operational outcomes instead of long-term strategic objectives. 

Operationalising the strategy requires identifying desired outcomes on the four BSC 

perspectives and determining the corresponding performance drivers. Beginning with the customer 

perspective, we measure core outcomes such as customer satisfaction, customer retention and 

market share, as well as strategy-specific outcomes such as market share of targeted customers. 

Such outcomes are driven by customers’ value propositions represented by the product/service 

attributes, as well customer relationship and company image. In essence, the attributes behind the 

value propositions help shape the performance drivers. 

Under the internal process perspective of BSC, the aim is to identify those processes (new 

or existing) that will enable the business to deliver on the value propositions of targeted customers. 

Similarly, the learning and growth perspective focuses the attention of management on the 

infrastructure needed to generate long-term growth and improvement. This organisational learning 

and growth is sourced from people, systems and procedures. People-based generic outcomes 

include employee satisfaction, employee training and employee skills. 

The fourth and the dominant perspective on BSC is the financial perspective. Depending 

on the firm’s position in its life cycle, different financial measures can be devised to represent the 

desired outcomes. Assuming most business units would be in a stage of sustaining their operations, 

we can argue that they will be working on attracting profitable re-investments and maintaining 

market share. Examples of strategy-specific financial outcome measures include percentage 

revenues from new customers, customer segment profitability, cost reduction rates and return on 

capital employed by key asset categories. “In summary, the Balanced Scorecard seeks a balance 

between financial and non-financial measures, between outcomes and drivers, between the short-

term and the long-term, as well as between generic and strategy-specific measures.” (Chia and 

Hoon 2000, p.5).95 

We now work through a brief example to demonstrate the principles of BSC outlined so 

far. Let us assume that we are a bank aiming to raise the percentage of fee-based revenues from 

overdraft facilities i.e. a financial objective that becomes a desired outcome. First we proceed to 

identify the key performance drivers of fee-based revenues from overdrafts by examining the value 

propositions and attributes embedded in such bank services. The customer perspective tells us that 

small businesses that utilise overdraft facilities are happy to pay fees for such attributes as the 

                                                   
95 These are the seminal publications on the topic of ‘balanced scorecard’ by Kaplan and Norton (1992, 1993, 1996a, 1996b, 1996c, 
1996d) and should be part of further reading on this topic. 
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ability to use the overdraft for automated fortnightly salary payments and direct debit for settling 

supplier invoices that can be accessed over the Internet. 

Armed with this insight to customer value propositions, we visit the internal business 

process perspective to identify the key processes that will deliver on the value propositions. For 

example, we determine that the current computing technology in the bank does not allow 

integration of overdraft facilities with customers’ accounting software. Clearly, the bank has to 

overcome this technological bottleneck before the value propositions can be addressed. As part of 

the learning and growth perspective, we consider training staff that normally come in contact with 

small business clients to be proactive in identifying emerging customer value propositions and 

encourage such behaviour by rewarding those who convey their findings to executive management. 

Having introduced Balanced Scorecard, let us now explore what sort of synergies can be 

enjoyed in a joint application with DEA. BSC has the advantage of providing a comprehensive map 

of a business unit’s strategic outcomes, associated performance drivers and value propositions. 

Such demonstrable cause-and-effect relationships provide a conceptual framework for selecting 

meaningful inputs and outputs for DEA. For instance, if we re-visit the bank overdraft example, we 

can designate the percentage of fee-based revenues from overdraft facilities as an output. Inputs are 

then designated by selecting performance drivers identified in the BSC exercise e.g. volume of 

automated fortnightly salary payments and invoice settlements through direct debit. 

However, BSC method suffers from a number of shortcomings. For example, BSC does 

not clearly account for trade-offs, that is, different ways of combining resources to achieve 

performance driver levels, and scale inefficiencies. Fortunately, by its very nature, DEA can 

account for trade-offs between the variables in the productivity model, as well as scale 

inefficiencies. Thus, it is possible to test the relationships between key financial outputs and 

different combinations of inputs through DEA. This is particularly useful since under BSC, the 

large number of variables that fall under the non-financial perspectives can lead to a dilution of the 

importance of financial objectives. 

Another acknowledged shortcoming of BSC is that it takes too long to develop and 

implement (Chia and Hoon 2000; Ahn 2001). In fact, Kaplan and Norton (1996b) indicate that the 

entire BSC process would require about two years. Furthermore, testing of strategies in real time 

can be costly and disruptive to the organisation. Here, DEA can step in as a tool for sensitivity 

analysis where different scenarios and associated projections to emerge from the BSC process can 

be used to see how strategic business units will perform relative to each other under different 

models. The targets for the inefficient DMUs to emerge from DEA can then be fed back into the 

BSC process. Hence, DEA can help reduce the burden of an interactive application of BSC. 

BSC generates a large quantity of data about the operations of a strategic business unit that 

can be difficult to interpret. Yet, it is desirable to establish a unique BSC for a company or its units 

in order for that business to realise its competitive advantages. Here, DEA can be used to fine-tune 



Part VII – Epilogue 

 344

the company or unit-specific BSC by focusing management’s attention on areas of specific interest 

to generate simultaneous multiple inputs / multiple outputs analysis. In large corporations with 

multiple strategic business units, DEA can benchmark units against the actual performance of the 

best-of-class, avoiding theoretical benchmarks that may not be feasible. Similarly, we can use BSC 

as the theoretical foundation to design generic productivity models that can be tested through DEA 

by collecting data on firms operating in the same industry. Clearly, there are potential synergistic 

benefits of a DEA-BSC partnership. See Bogetoft, Bramsen and Nielsen (2006) who use DEA to 

demonstrate how design and implementation of balanced scorecard can be facilitated. 

Finally we provide examples of common BSC metrics that can be borrowed in DEA. Table 

VII.1 shows two sets of metrics (the so-called sustainability metrics have been adopted from 

Epstein and Wisner 2001). Recent research indicates a significant positive correlation between 

successful social/environmental strategies and corporate value creation (e.g. Russo and Fouts 1997, 

Derwall et al. 2005). Value creation can be maximised through sustainability performance that 

manifests itself as lower operational costs, higher shareholder and employee satisfaction and 

productivity, improved corporate image, and higher share prices. 

Table VII.1  Potential DEA Metrics borrowed from BSC 
BSC  Perspective (see Figure VII.2) Generic Metrics Sustainability Metrics 
Financial Return on Investment 

Economic Value Added 
Cash flow 

Fines and penalties ($) 
Environmental health and safety costs 

as percent of sales 
Recycling revenues 
Revenues from ‘green’ products 
 

Customer Number of new customers 
Customer retention ratios 
Customer service quality ratings 

Number of ‘green’ products 
Customer perceptions 
Product safety 
Customer returns 
 

Internal Business Process Number of mistakes in service 
delivery or production 

Supplier evaluations on service, 
price and flexibility 

Job completion times 

Percent of materials recycled 
Greenhouse gas emissions 
Warranty claims ($) 
Observance of international labour 

standards 
 

Learning and Growth Frequency of training 
Opportunity for promotion of 

employees 
Quality of the work environment 

Number of training programs 
Number of violations reported by 

employees 
Number of employees with incentives 

linked to environmental/social goals 
Percent employees owning company 

stock 
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VII.5 Main Pitfalls to Avoid and an Application Checklist for Data Envelopment 

Analysis 

We begin the final pages of the book by going over the main pitfalls to avoid in application of DEA 

(see also Chapter 11 and Dyson et al. 2001): 

1. Placing non-homogeneous DMUs in the same sample: This can distort results as DEA 

assumes DMUs to be homogeneous. That is, DMUs are assumed to be involved in similar 

activities, produce a common set of outputs, and operate in comparable environments. Where large 

numbers of DMUs are available, clustering of similar DMUs and running separate DEA can 

alleviate this problem. Significant differences in the operating environment of DMUs can be 

captured by inclusion of environmental factors as variables in the productivity model. 

2. Assuming all inputs and outputs are within managerial discretion: Certain exogenous factors 

such as environmental conditions, regulatory framework and geographical location are clearly 

outside the managerial sphere of influence. There may also be constraining factors such as market 

demand that is partially controllable by management. Two potential modelling approaches are 

either to include the exogenous factors as inputs and run an output maximising DEA, or to include 

exogenous factors as outputs and run an input minimising DEA. 

3. Assuming inputs are bad and outputs are good for your efficiency score: DEA assumes data 

to be isotonic, that is, efficiency drops as inputs rise, and efficiency rises as outputs increase. 

Examples of anti-isotonic variables include pollution (an undesirable output) and number of 

competitors in the catchment area of a business (an inhibiting input). 

4. Using a small sample size in relation to variables: As the number of variables in DEA rise, 

level of discrimination among DMUs falls. The minimum sample size is often calculated as twice 

the product of number of inputs and number of outputs i.e. 2 (inputs x outputs). 

Finally, an application checklist is presented for the benefit of those who are keen to 

implement DEA: 

1. Define the decision-making unit to be studied. How many of these units are there? 

2. Identify the business drivers (outputs) critical to success of the decision-making unit. 

3. Identify the key resources (inputs) that support the key business drivers. Here, a process 

analysis can provide direction. 

4. Are data on the key outputs/inputs collected in a regular and consistent manner? 

5. Is there a particular angle that you would like to analyse the units' efficiency? For example, 

service volume, service quality, overall efficiency, and so on. 

6. Are you interested in output maximisation or input minimisation as the main objective? 

7. Is there any evidence of variable returns to scale in the units to be analysed? 

8. Run the DEA calculations and determine the units reported as inefficient. 
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9. Are the inefficient units consistently inefficient over time? Here, window analysis is 

recommended. 

10. Are inefficient units measured as efficient when analysed under different methods? If so, 

determine why. For example, see whether environmental factors have been adequately 

considered. 

11. Identify the best practice unit in the sample. 

12. Identify the potential improvements for the inefficient units, as well as their corresponding 

reference sets. 

13. Are there constraints to implementation of the potential improvements? To answer this, re-

visit the outputs and inputs studied. 

14. Communicate the results of the first round of DEA to those mangers that will be affected 

by the projected changes to inputs and outputs. Invite feedback on the observed differences 

in the performance of different DMUs. 

15. If the previous step uncovers significant variables that were omitted, a second round of 

DEA should be undertaken after such variables are satisfactorily incorporated into the 

productivity model. 

 

VII.6 A Key Reference List and Concluding Remarks 

Here we provide a reference list that identifies the key DEA literature under the sub-headings of 

historical background, mathematical background, seminal DEA theory papers, seminal DEA 

application papers in banking and finance, recent key books, and other useful references: 

A. Historical Background 

 Forsund, F.R and Sarafoglu, N. (2002) On the Origins of Data Envelopment Analysis. 

Journal of Productivity Analysis 17, 23-40. 

B. Mathematical Background 

 The paper that laid the foundation for DEA: 

Farrell, M.J. (1957) The Measurement of Productive Efficiency. Journal of the Royal 

Statistical Society 120(3), 253-281. 

C. Seminal DEA Theory Papers 

1. CCR Model: The paper that sparked a whole generation of empirical relative 

efficiency analysis. 

Charnes, A., Cooper, W.W. and Rhodes, E. (1978) Measuring the Efficiency of Decision 

Making Units. European Journal of Operational Research 2, 429-444. 

2. BCC Model: The second most influential seminal paper that enhanced DEA’s 

scope by introducing variable returns to scale measurement. 
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Banker, R.D., Charnes, A. and Cooper, W.W. (1984) Some Models for Estimating 

Technical and Scale Inefficiencies in Data Envelopment Analysis. Management Science 

30(9), 1078-1092. 

3. Banker, R.D. and Morey, R.C. (1986) Efficiency Analysis for Exogenously Fixed 

Inputs and Outputs. Operations Research 34(4), 513-521. 

4. Banker, R.D. and Morey, R.C. (1986) The Use of Categorical Variables in Data 

Envelopment Analysis. Management Science 32(12), 1613-1627. 

5. The paper that introduced multipliers into DEA: 

Thompson, R.G., Singleton Jr, F.D., Thrall, R.M., and Smith, B.A. (1986) Comparative 

Site Evaluation for Locating a High-energy Physics Lab in Texas. Interfaces 16, 35-49. 

D. Seminal DEA Application Papers in Banking and Finance 

1. Sherman, H.D. and Gold, F. (1985) Bank Branch Operating Efficiency: Evaluation 

with Data Envelopment Analysis. Journal of Banking and Finance 9, 297-315. 

2. Berg. S.A., Forsund, F.R., and Jansen, E.S. (1992) Malmquist Indices of 

Productivity Growth during the Deregulation of Norwegian Banking, 1980-89. 

Scandinavian Journal of Economics (Supplement) 94, S211-28. 

3. Fecher, F., Kessler, D., Perelman, S., and Pestieau, P. (1993) Productive 

Performance of the French Insurance Industry. Journal of Productivity Analysis 4, 77-93. 

E. Recent Key Books 

1. Cooper, W.W., Seiford, L.M. and Tone, K. (2000) Data Envelopment Analysis: A 

Comprehensive Text with Models, Applications, References and DEA-Solver Software. 

Kluwer Academic Publishers, Boston. 

2. Thanassoulis, E. (2001) Introduction to the Theory and Application of Data 

Envelopment Analysis, Kluwer Academic Publishers, MA. 

3. Zhu, J. (2003) Quantitative Models for Performance Evaluation and 

Benchmarking: Data Envelopment Analysis with Spreadsheets and DEA Excel Solver. 

Kluwer Academic Publishers, Boston. 

4. Cooper, W.W., Seiford, L.M. and Zhu, J. (2004) Handbook on Data Envelopment 

Analysis, Kluwer Academic Publishers, Norwell, Mass. 

5. Norman, M. and Stoker, B. (2004) Data Envelopment Analysis: The Assessment 

of Performance, UMI, Ann Arbor, Mich. 

6. Avkiran, N.K. (2006) Productivity Analysis in the Service Sector with Data 

Envelopment Analysis, third edition. 

F. Other Useful References 

1. Bogetoft, P., Fare, R. and Obel, B. (2006) Allocative Efficiency of Technically 

Inefficient Production Units. European Journal of Operational Research 168, 450-462. 
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2. Ardehali, P.H., Paradi, J.C., and Asmild, M. (2005) Assessing Financial Risk 

Tolerance of Portfolio Investors Using Data Envelopment Analysis. International Journal 

of Information Technology & Decision  Making 4, 491-519. 

3. Hughes, A. and Yaisawarng S. (2004) Sensitivity and Dimensionality Tests of 

DEA Efficiency Scores. European Journal of Operational Research 154, 410-422. 

4. Dyson, R.G., Allen, R., Camanho, A.S., Podinovski, V.V., Sarrico, C.S. and Shale, 

E.A. (2001) Pitfalls and Protocols in DEA. European Journal of Operational Research 

132(2), 245-259. 

5. (1999) Special Section: Data Envelopment Analysis in Banking. Interfaces 29(3). 

6. Bauer, P.W., Berger, A.N., Ferrier, G.D. and Humphrey, D.B. (1998) Consistency 

Conditions for Regulatory Analysis of Financial Institutions: A Comparison of Frontier 

Efficiency Methods. Journal of Economics and Business 50, 85-114. 

7. Sinuany-Stern, Z. and Friedman, L. (1998) DEA and the discriminant analysis of 

ratios for ranking units, European Journal of Operational Research 111, 470-478. 

8. Berger, A.N., Brockett, P.L., Cooper, W.W. and Pastor, J.T. (1997) New 

Approaches for Analyzing and Evaluating the Performance of Financial Institutions 

(Feature Issue). European Journal of Operational Research 98(2), 169-444. 

9. Cook, W.D., Kress, M. and Seiford, L.M. (1996) Data Envelopment Analysis in 

the Presence of Both Quantitative and Qualitative Factors. Journal of the Operational 

Research Society  47, 945-953. 

10. Tauer, L.W. and Hanchar, J.J. (1995) Nonparametric technical efficiency of K 

firms, N inputs, and M outputs: a simulation. Agricultural and Resource Economics 

Review 24, 185-189. 

11. Andersen, P. and Petersen, N.C. (1993) A Procedure for Ranking Efficient Units in 

Data Envelopment Analysis. Management Science 39(10), 1261-1264. 

 

One other publication merits a separate mention. The SCRCSSP (1997) provides a good 

introduction to application of DEA in measuring government service efficiency. Case studies 

covered in the report include hospitals, dental services, police, motor registries and corrective 

services. 

In conclusion, I would like to think that we have succeeded in providing the type of insight 

to the application of DEA that would be particularly appreciated by the uninitiated and at the same 

time would be welcomed by the existing DEA users looking for further challenges. I firmly believe 

that many people such as managers, consultants, academics, and students of DEA will share my 

enthusiasm once they read this book. 
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APPENDIX A: Fundamental Mathematics of DEA 

In the first chapter we defined productivity as the ratio of weighted sum of outputs to weighted sum 
of inputs. Mathematically, productivity of a DMU, assuming controllable inputs and constant 
returns to scale, can be written as follows: 
 
 

 

 

While outputs and inputs can be measured and entered in this equation without standardisation, 
determining a common set of weights can be problematic at best. DMUs may well value outputs 
and inputs quite differently. This potential problem is addressed through optimisation in the CCR 
model. 

 
 
A.1 CCR Model 

Charnes, Cooper and Rhodes (1978) addressed the above problem by allowing a DMU to adopt a 
set of weights that will maximise its productivity ratio without the same ratio for other DMUs 
exceeding 1. Introduction of this constraint converts the productivity ratio into a measure of 
relative efficiency. Thus, we re-write Equation 1 in the form of a fractional programming problem. 
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Equation 2 represents the ratio form DEA. However, Equation 2 has an infinite number of 
solutions. To avoid this problem, we convert Equation 2 to the more familiar components of a 
linear programming problem. In Equation 3, known as the multiplier form, we set the denominator 
to a constant and maximise the numerator. 
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In order to prevent an output or an input being mathematically omitted in calculation of 
efficiency, the smallest values weights u and v are permitted to have are non-zero small positive 
numbers (). Equation 3 represents constant returns to scale with controllable inputs. It is a primal 
linear programming problem that models input contraction.96 

 
A.2 BCC Model 
Variable returns to scale was addressed by Banker, Charnes and Cooper (1984). They introduced a 
new variable in the CCR model that allowed the measurement of technical efficiency without scale 
efficiency i.e. pure technical efficiency. The BCC primal linear programming problem is depicted 
in Equation 4. 

 

 

                                                   
96 See Coelli, Rao and Battese (1998, p.141) for the equivalent envelopment form of Equation 3. 
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A.3 BCC Model with Uncontrollable Inputs 
The variable returns to scale model that allows for the effect of uncontrollable inputs was 
developed by Banker and Morey (1986a). This model is probably the most relevant approach to 
assessing the relative efficiency of DMUs in the business world. It acknowledges that DMUs may 
not be operating at MPSS and that some of the inputs (or outputs) may not be at the discretion of 
the manager. In such a case, it does not make sense to talk about reducing all the inputs. Potential 
improvements should target only the controllable or discretionary inputs. Equation 5 depicts a 
general model that accommodates VRS and uncontrollable inputs, and assumes input minimisation. 
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A graphical demonstration of DEA mathematics can be followed in Norman and Stoker 

(1991). Starting with a simple two output one input model, they apply a stepwise approach to 
building a productivity model. In an iterative testing procedure, Norman and Stoker’s stepwise 
approach begins with key aggregate variables that are divided into component variables by 
observing their correlations with subsequent efficiency scores. 
 
A.4 Cost, Revenue and Profit Efficiencies 
(adapted from Cooper, Seiford and Tone 2000; see pages 236-37 for details) 
Cost efficiency, also known as economic or overall efficiency, is calculated based on the following 
mathematical model which allows for substitutions in inputs: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
The optimal solution from the above linear programming problem lays the foundation for the cost 
efficiency of a given DMU represented by Equation 7: 
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This is the ratio of minimum input cost observed in the sample to the cost of the evaluated DMU. 
 
Revenue efficiency analysis begins with the optimal solution to the following program, which 
allows for output substitution: 
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Based on the optimal equation to emerge from Equation 8, revenue efficiency becomes: 
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Profit efficiency, the last piece of the puzzle, is solved through the linear programming problem 
shown in Equation 10: 
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Equation 10 aims to find a profit maximising mix in the production technology and does not allow 
for substitutions in inputs and outputs. Based on the optimal solution, profit efficiency is defined by 
Equation 11: 
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APPENDIX B: Pre-test list of retail banking inputs and outputs (see 
Chapter 3) 
(adapted from Avkiran 1997, p.229) 

Non-controllable Inputsa 

Population [POP]: 
Number of persons aged 15 years or more: persons younger than 15 years were deemed not relevant in view of bank 
products/services. 
Average annual family income [INCOME$] 
Proportion of private dwellings rented [DWELL] 
Number of small business establishments [SBEST#]: 
For statistical purposes, Australian Bureau of Statistics defines small business as employing fewer than 20 people for non-
manufacturing enterprises (excluding agriculture), and fewer than 100 people for manufacturing enterprises. 
Presence of competitors [COMPETI]b: 
Composite variable comprised of three items. 

 
Controllable Inputs 

Number of teller windows in branch [TELLWIN#] 
Tangible convenience [CONVENIE]b: 
Composite variable comprised of six items. 
Customer service quality [CUSSERQ]b: 
Composite variable comprised of 17 items. 
Managerial competence of the branch manager [MANCOMP]b: 
Composite variable comprised of 45 items. 

 
Outputs (key business drivers) 

Total average deposit balances held [DEPOBAL$]: 
Averaged over eight months (corresponding to the reporting period of the Bank’s Monthly Trend Report). 
Total number of new deposit accounts [NEWDEPO#]: 
Summed for eight months. 
Total average lending balances outstanding [LENDBAL$]: 
Averaged over eight months. 
Total number of new lending accounts [NEWLEND#]: 
Summed for eight months. 
Number of new referrals [INCREFER]: 
Represented by investment centre referrals. Summed for eight months. 
Fee income [FEEINC$]: 
Averaged over eight months. 
 

Notes: a Names used in statistical files are shown in square brackets. 
 b Composite variables are itemised in the next section in this appendix. 
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Survey Items Comprising the Composite Variables 
(adapted from Avkiran 1997, pp. 234-35) 
 
Presence of Competitors (completed by branch managers) 
 1 Number of competitors within 200 metres employing more staff than the branch 
 2 Number of competitors within 200 metres employing equal or smaller number of staff 
 3 Total number of competitor branches in the branch’s catchment area outside a 200-metre 

radius 
Tangible Convenience (completed by branch managers) 
 1 Location at a regional shopping centre 
 2 Location adjacent to or within walking distance of a regional shopping centre 
 3 Number of automatic teller machines 
 4 Presence of a free car park 
 5 Proximity to public transportation (1 km or less) 
Customer Service Quality Instrument (completed by branch customers) 
 1 Politeness of branch staff  
 2 Branch staff greeting me when it’s my turn to be served 
 3 Willingness of branch staff to help me 
 4 Promptness of service from branch staff  
 5 Neat appearance of branch staff  
 6 Ability of branch staff to apologise for a mistake  
 7 Expression of genuine concern if there is a mistake in my account 
 8 Ability of branch staff to put a mistake right 
 9 Feeling of security in my dealings with the branch staff  
10 Branch staff keeping me informed about matters of concern to me 
11 Branch staff telling me about the different types of accounts and investments available 
12 Quality of advice given about managing my finances 
13  Branch staff helping me learn how to keep down my banking costs 
14  Branch staff’s knowledge of bank’s services and products 
15  Branch staff telling me when services will be performed 
16  Number of open tellers during the busy hours of the day 
17 Number of staff behind the counter serving customers 
Managerial Competence of the Branch Manager (completed by immediate subordinates of branch 
managers) 
 1 Manages change 
 2 Seeks to develop branch’s customer profile in line with the customer groups targeted by the 

Bank 
 3 Encourages customers to provide feedback on quality of service 
 4 Practises proactive decision-making 
 5 Closely follows developments in the branch’s catchment area 
 6 Wants to take action to solve problems and overcome obstacles to achieve goals 
 7 Perseveres with an issue to its conclusion 
 8 Establishes action priorities for achievable goals 
 9 Is conscious of time management needs 
10 Identifies lending opportunities 
11 Develops strategies to maximise lending 
12 Identifies deposit gathering opportunities 
13 Develops strategies to maximise deposit gathering 
14 Matches management style to changing situations 
15 Leads by example 
16 Motivates staff through constructive criticism and positive feedback  
17 Stimulates others to work effectively together in group settings 
18 Determines objectives with subordinate staff to develop team effort 
19 Contributes to harmonious and supportive banking environment 
20 Is sensitive in implementing executive decisions 
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21 Is effective in handling industrial relations in the branch 
22 Provokes thoughtful reactions to important issues 
23 Counsels staff on full utilisation of personal potential 
24 Fosters a non-discriminatory work environment 
25 Recognises and acknowledges good work of staff 
26 Manages the branch relying on goals and values shared with staff  
27 Fosters a high level of trust among staff  
28 Informs staff of organisational plans and programs that impact their work lives 
29 Encourages input from staff on organisational plans and programs 
30 Conveys staff’s concerns to higher management 
31 Delegates decision-making authority 
32 Has interpersonal sensitivity 
33 Listens 
34 Can communicate in writing for two-way understanding 
35 Can communicate orally for two-way understanding 
36 Generates ideas for use at appropriate time 
37 Exercises common sense in decision making and problem solving 
38 Marshals relevant arguments for decision making negotiations 
39 Focuses on central issues 
40 Discards preconceived ideas when made aware 
41 Responds positively to pressures 
42 Maintains a sense of humour 
43 Remains stable in pressure situations 
44 Has knowledge of banking culture: its norms, values, attitudes, customs and language 
45 Has knowledge of banking procedures: work flows, systems processing, and technicalities 
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APPENDIX C: Cross-Efficiency Analysis Using Frontier Analyst (see 
Chapter 3) 97 

Accessing the Cross Efficiency Analysis 
To view the cross efficiency analysis information, select the View menu Cross efficiency item. 
Alternatively, select the Analysis section of the option bar and select the Cross efficiency icon. (If 
these items are disabled, Plus Pack 2 is not installed. 

The Cross efficiency window will appear, and automatically start to perform the analysis. 
Because the calculation is very large, a progress display is shown. For large projects the analysis 
can take a long time (many calculations have to be performed – variables * units * units). 

You can interrupt the analysis at any time by closing the window, or by performing any 
other operation. The calculation will be done in the background, and will automatically restart if 
the main DEA analysis is recalculated. Once complete the window will be updated and the values 
displayed. You can easily copy the values to the clipboard for further analysis.  
Cross Efficiency Window 
The Cross Efficiency window is used to display a post-analysis calculation which compares each 
unit with every other. The basis of the comparison is applying the weights of the other units to the 
unit being considered, to see what score it would have been given under another unit’s weighting 
scheme.  

  
The analysis results are available in a tabular form (which can be copied to the clipboard or saved 
to disk), or as a graph. The graph displays the values across and/or down the grid for a particular 
unit. Click on the unit in the list to display its graphs. 

 

                                                   
97 Extracted and reproduced from Banxia Frontier Analyst Plus Pack 2 User’s Guide (2001) with the permission of Banxia Holdings 
Limited. Frontier Analyst and Banxia are registered trademarks of Banxia Holdings Limited; Frontier Analyst is developed and 
marketed by Banxia Software Limited. 
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Calculation Basis 
The average cross efficiency of a DMU is calculated using the unit’s variable values and the 
weights derived (from analysis) for the other units in the data set. The variable weights used in the 
cross efficiency calculation are those derived from a “simple” (non-weight restricted) DEA 
solution. So a “simple” DEA calculation (based either on the BCC or CCR model) must be carried 
out for the data set prior to the calculation of the cross efficiencies. A matrix is then constructed to 
calculate each unit’s cross efficiency score.  

In the cross efficiency matrix, reading down the columns, the relationship is - “my unit’s 
efficiency scores, when viewed using my variables with other peoples’ (units’) weights”. Reading 
along the rows the relationship is - “my unit’s weights applied to other peoples’ (units’) variables”.  
The averages obtained by averaging down each column are known as an “averaged appraisal by 
peers” - the average cross efficiency obtained for the unit when each of the other unit’s weights 
have been applied to its variables. This gives a peer assessment in the sense of the unit’s 
performance being examined when the unit is rated as if it is operating under other units’ trade-offs 
(as illustrated through their weighting schemes). Under an analysis based on the CCR model with 
input minimisation and no uncontrolled variables, units with a high averaged appraisal by peers are 
representative of good all round performers, since even when portrayed under other units’ trade-
offs (weights), they have a high efficiency score.  

The averages obtained by averaging along each row is known as an “averaged appraisal of 
peers”, an average of all the units efficiencies using one units set of weights. Again, under an 
analysis based on the CCR model with input minimisation and no uncontrolled variables a unit 
might be said to be “truly” efficient, if it is the only unit in the data set (in the row) which is 100% 
efficient under its own weighting scheme. 

 
A cross efficiency matrix for four units would look like this: 
 

 Rated 
DMU 

   Averaged 
appraisal of peers 

Rating 
DMU 

1 2 3 4  

1 E11 E12 E13 E14 A1 
2 E21 E22 E23 E24 A2 
3 E31 E32 E33 E34 A3 
4 E41 E42 E44 E44 A4 
 e1 e2 e3 e4  

Averaged appraisal by peers 
 
For each cell in the matrix, the cross efficiency of unit j is calculated with the optimal weights 
derived (from a “simple” DEA calculation) for unit i. Looking at the second column (unit 2), the 
cross efficiency E12 is the cross efficiency for unit 2, using unit 2’s variables and unit 1’s weights. 
The cross efficiency E22 is the cross efficiency for unit 2, using unit 2’s variables and unit 2’s 
weights (in other words this is the efficiency score from the initial, non-weight restricted analysis). 
The cross efficiency E32 is the cross efficiency for unit 2, using unit 2’s variables and unit 3’s 
weights. The cross efficiency E42 is the cross efficiency of unit 2, using unit 2’s variables and unit 
4’s weights. The results reading down the columns tell us how consistently (or otherwise) a unit is 
performing. The result reading along the rows give a “peer self-comparison” (explained in more 
detail in item 4 of the cross efficiency uses section, below). The matrix shown here illustrates the 
general principles for the calculation of cross efficiencies. The interpretation of the results is 
relatively straightforward for the CCR, input minimisation situation and the comments given in this 
and the next section apply to that situation. 

After each set of weights has been applied to each unit, the average cross efficiency for 
each unit is calculated by simple summation and division (the sum of the column values divided by 
the number of units). This average can be inclusive or exclusive of the leading diagonal in the 
matrix. The values in the leading diagonal represent each unit’s own efficiency score from the 
“simple”/ initial DEA calculation. In a large data sent the inclusion of the leading diagonal is likely 
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to make very little difference to the average efficiency scores. In a smaller data set you may want to 
exclude the leading diagonal, so that the unit is not contributing to its own averaged appraisal by 
peers. 
 
Why Might Cross Efficiency Scores Be Useful? 
Cross-efficiencies are useful because they help to:  
1. Overcome the problem of “maverick” DMU’s 
A “maverick DMU” is a unit whose efficiency score is based only on one or a small number of all 
of the available inputs/ outputs. (This might be typified by the attitude that: “we’re great at one 
thing, so never mind the rest”). The existence of such units may suggest the need to introduce 
weight restrictions into the model. Cross efficiencies can be used to identify maverick DMU’s – the 
greater the difference between the “simple” efficiency score of a unit and the average cross 
efficiency for the unit, the more of a “maverick” that unit is. And cross efficiencies allow you to 
see how these “maverick units” would perform if they were operating under other units’ trade-offs 
(so you may choose not to introduce weight restrictions into the model, but to use the cross 
efficiency results as the basis for identifying performance improvements).  
2. Assess the similarity of the appraisal by peers 
Cross efficiencies make it possible for the DMU’s included in the analysis to be classified into 
separate groupings. By calculating the correlation coefficient between a pair of columns, it is 
possible to identify how similarly the two units have been appraised by their peers. By doing this 
for each of the columns, it is possible to put DMU’s into clusters grouping similar units.  
3. Sub-classify 100% efficient peers 
Through using cross efficiencies you can distinguish between 100% efficient units, providing a 
more meaningful ranking amongst efficient peers. The “simple”/ initial DEA calculation results in 
the identification of a number of “peer” or reference units. The cross efficiency scores in the matrix 
and the average cross efficiencies give you insight into whether or not these 100% efficient peers 
are consistently good performers (in other words whether or not they have a high average cross 
efficiency score). The units with the highest average cross efficiency by peer need not necessarily 
be 100% efficient based on a “simple” efficiency calculation, (however in most cases they will be).  
4. Differentiate “truly” efficient peers  
A “truly efficient” peer is one which is not only 100% efficient based on the “simple” DEA 
calculation, but also one whose own efficiency score (Ejj) is greater than all other DMU’s cross 
efficiency scores (Eij for all i) using j’s weights i.e. looking at the rows in the cross efficiency 
matrix, the 100% efficient unit has the highest value in the row. The question is: “if I am 100% 
efficient, is anyone else 100% efficient when using my weights?”. If not, I am truly differentiated 
from the rest of the units”. The unit appraises itself better, than its trades-offs appraise the other 
units in the data set. 
5. Identify good all round performers – units with a high average cross efficiency appraisal by 
peers are representative of “good all round performers”. 
 
Cross Efficiency and Variable Returns to Scale 
Under the constant returns to scale (CCR) model cross efficiency scores are in the range 0 to 100%, 
as would be expected from a “simple” DEA calculation. Under the variable returns to scale (BCC) 
model cross efficiency results are somewhat different. The non-linear relationship between 
variables and scale effects in the model mean that it is possible to have negative cross efficiency 
scores. This makes the interpretation of the cross efficiency scores rather problematic. Similarly if 
there are uncontrolled variables in the analysis. As with any analysis package, if you are going to 
use cross efficiency analysis with variable returns to scale and uncontrolled variables then it is 
important that you research and understand the underlying mathematics. 

In the calculation of efficiency scores under the BCC model an “intercept value” is 
calculated for each unit. So, rather than the efficiency score being based on the weighted sum of the 
outputs divided by the weighted sum of the inputs, the calculation includes an intercept value 
(either added to the numerator or subtracted from the denominator depending on the input/ output 
orientation of the model). The intercept value relates to the scale size of each unit. In Frontier 
Analyst, when calculating cross efficiency scores, the intercept values used for each unit are those 
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which are calculated from the “simple”, unweighted DEA analysis. The cross efficiency 
calculations in the columns of the matrix are based on “my unit’s variables and my unit’s intercept 
value, with other units’ weights” and, reading along the rows, the calculation is - “my unit’s 
weights applied to other peoples’ (units’) variables with their associated intercept values”. The 
results in this mode require a good understanding of the mathematics to be any use. 
 

 

Press Release, April 2006: Frontier Analyst® 4 
 
Banxia Software Ltd is pleased to announce the forthcoming release of Frontier Analyst® version 4. 
Frontier Analyst® version 4 is a major advance in the development of Banxia’s world class Frontier 
Analyst® efficiency analysis software. Now used in over 60 countries worldwide, Frontier Analyst® 

was the first Windows based data envelopment analysis (DEA) software. Since its first release in 
1995 it has gone from strength to strength. Building on its reputation for providing a user-friendly 
approach to DEA, Frontier Analyst® version 4.0 now offers even more data analysis, presentation 
and exploration options. 
 
Key features of Frontier Analyst® version 4.0 will be: 
 
 Analytical capabilities 

 BCC and CCR models 
 Input and output orientations 
 User defined weights 
 Malmquist analysis 
 Super efficiency 
 Allocative efficiency 
 Categorical variables 

 Improved user interface, making better use of larger screen areas 
 Multiple analysis configurations in the same project allowing quick and easy comparison 

across different data combinations and analysis options 
 Full support for multi-processor computers giving shortest possible analysis time 
 Improved reporting with quick export to Microsoft® Word 
 Results query facility to allow drilling down into the data 
 Direct import of data from SQL Server, Oracle and other servers 
 Project sharing within a workgroup 
 Fully translatable for localisation into any language 
 Still the most user friendly DEA and performance analysis tool available. 

 
Certain features will depend on the license purchased. Make sure you sign up to the Frontier 
Analyst® announcements email list at www.banxia.com for further news. 

 
"Armed with the speed and flexibility of Frontier Analyst we can review numerous scenarios very 
easily, changing inputs and outputs and carrying out analyses with various sub-sets of depots. The 
easy to follow graphical output brings the analyses to life for non-technical users, thereby 
encouraging the move from theory to practical action". 
Stuart McLean, Logistics Manager, John Menzies Distribution, UK. 
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APPENDIX D: Definitions of Items in the Real Estate Agent 
Profitability Report (see Chapter 5) 

(adapted from REIQ 1994, p.9-11) 
 
PRINCIPAL: all directors, partners and proprietors actively engaged in the estate agency business. 
REVENUE 
Sales: all income, fees and commissions received from services provided which resulted in the sale 

of real property and goodwill but excludes any amount received for advertising and/or 
promotion. 

Property Management: all income, fees and commissions received from services provided with 
respect to rent collection, leasing/letting, strata management and other property management 
services but excludes any amounts received for advertising and/or promotion. 

Other: income, fees and commissions received from services including insurance, valuation and 
other income categories not being sales or property management (1 and 2 above) but excludes 
any amounts received for advertising and/or promotion. 

EXPENSES 
Advertising, promotion: all monies paid for advertising and/or promotion in areas such as 

newspapers, magazines, brochures, signage and for canvassing/prospecting less any amounts 
received by way of recovery of advertising/promotion i.e. advertising/promotion is shown as the 
net amount after deducting recoveries. 

Bank charges: all monies paid for bank services excluding interest. 
Equipment/Plant: all monies paid for leasing, interest provision for depreciation, repairs and 

maintenance on all plant and equipment but excludes motor vehicles. 
Group Fees: all monies paid to franchise marketing and multiple listing groups for the provision of 

services but excludes advertising and promotion. 
Insurance: all monies paid for insurance cover including loss of profits, cash in transit, premises, 

contents/equipment, public liability, professional indemnity, workers compensation and motor 
vehicles. 

Interest: all monies paid as interest on funds borrowed to operate the business but excludes interest 
on equipment/plant, motor vehicles and premises. 

Motor Vehicles: all monies paid for motor vehicle leasing, interest provision for depreciation, 
repairs and maintenance but excludes insurance and parking. 

Personnel: all monies paid for personnel to attend training, seminars and conferences plus 
uniforms, petty cash and staff amenities. 

Postage/Couriers: all monies paid for stamps, postage, document exchange and couriers. 
Printing/Stationery/Copying: all monies paid for printing, stationery, copying and binding. 
Premises: all monies paid for leasing, interest or provision for depreciation on premises, plus rates, 

taxes, electricity, fuel, cleaning, refuse removal, repairs, maintenance and security. 
Professional Fees: all monies paid for accounting, auditing, legal or other professional services 

plus any associated costs such as stamp duty. 
Recoverables: all monies paid for services and products such as certificates, reports and keys which 

are recoverable from clients. 
Salaries-Employees: all monies paid to employees as wages, commission, car allowance, telephone 

allowance, uniform allowance, superannuation, fringe benefit tax, group tax, payroll tax and long 
service leave. 

Subscriptions/Donations: all monies paid for licensing, registration, association membership, 
professional literature/magazines and donations. 

Telephone/Fax: all monies paid for telecommunication services but excludes telephone allowances 
paid to personnel. 

Travel/Parking: all monies paid for travel and parking but excludes travel and parking related to 
training. 
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APPENDIX E: Reputation Index Criteria (see Chapter 8) 

(Source: Gettler 2000) 

Scorecard 2: Environmental Performance 

Criteria 

Environment Protection Authority (Vic) 
 
1. Has an effective environmental policy (1-7 scale) 
2. Has an effective environmental management system (EMS) that incorporates performance 

targets and external auditing (1-7 scale) 
3. Engages in effective communication with the public on its environmental performance (1-7 

scale) 
4. Prosecution record in relation to environmental matters over the past 12 months (1-7 scale) 
 
Not known: 
n The company did not respond to our inquiries (Mean score, shown in bold) 
t The company chose not to participate (Mean score, shown in bold) 
* Because EPA findings evaluated policy and systems rather than environmental impact, an 

agreed weighting has been applied to the final adjusted total 
: Indicates that a penalty score has been applied for result of prosecution over the past two 

years 
 
Approach: 
A small research team prepared and distributed a survey to all companies. Responses were verified 
against existing databases. Researchers examined policy management and legislative compliance. 
Because environmental impact was not taken into account, the EPA weighted its final findings out 
of 100. 
 

Greenpeace 

Single score based on the following descriptors: 
 
Excellent (4+/6) 
 
Company sets an international benchmark for corporate best practice by integrating 
environmentally sustainable development (ESD) goals across all corporate functions and activities, 
and has significantly reduced its major environmental impacts. 
 
Average (3/6) 
 
Company makes genuine but partial attempts to integrate ESD goals across all its major corporate 
goals and activities and has reduced its major environmental impacts. 
 
Poor (2/6) 
 
Company typically develops major corporate goals and undertakes activities without integrating 
ESD goals. If it acknowledges its environmental responsibilities, its approach is inconsistent and 
has not reduced its major environmental impacts. 
 
Very Poor (1/6) 
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Like above, company typically develops major corporate goals and undertakes activities without 
integrating ESD goals. If it does acknowledge its environmental responsibilities, its approach is 
inconsistent and has not reduced its major environmental impacts. The company also actively 
stymies implementing ESD principles through political lobbying and stakeholder management. 
 
Approach: 
Greenpeace’s analysis was given on the available evidence. Information about companies was 
sourced in different ways including phone interview, publications, Internet. The final assessments 
were based on performance measured against the underlying objectives of Greenpeace’s 
international campaigns. 
 

Australian Conservation Foundation 

1. Environmental strategies: the company has implemented the best-available strategies to 
create environmentally friendly products and services i.e. the company has the best-
available environmental management system, an environmental policy and reports on its 
environmental performance. 

 
2. Environmental footprint: The company does not have a harmful impact on land, air, water, 

plants, animals and human health through its activities or its partners’ activities. 
 
3. Focus on sustainability: The company and its partners are proving that they can make the 

big changes to create products and services that will not harm land, air, water, plants, 
animals and human health. 
 
The following scale was applied to all criteria: 
 
1 2 3 4 5 6 7 8 9 10 
Very Poor           Poor              Average                    Good           Very Good 
 

Not Known: 
1 Insufficient information (Mean score, shown in bold) 
# Not participating in this survey (Mean score, shown in bold) 
 
Approach: 
A project team of 10 environmental managers and engineers did the research process. Performance 
perceptions were scored against the criteria using additional sub-measures. Information sources 
included company questionnaires, publications, direct communication with companies’ 
environmental managers and reports from other community groups and NGO’s. Raw scores were 
collected and standardised for consistency. 
 

The Wilderness Society 

1. Takes responsibility for both the direct and indirect environmental consequences of its 
actions (1-7 scale). 

2. Adopts patterns of production, consumption, and reproduction that safeguard Earth’s 
regenerative capacities (internal) (1-7 scale). 

3. Attempts to restore the integrity of Earth’s ecological systems, with special concern for 
biological diversity and the natural processes that sustain life (external) (1-7 scale). 

4. Does not impact on the environment in a negative way (1-7 scale). 
 
Not Known: 
Insufficient information (Mean score, shown in bold) 
 
Approach: 
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An existing corporate environmental performance database was evaluated. Updated information 
was collated from public documents and communication with the company. The four criteria, 
drawn from the Earth Charter, were weighted. 
 
 

Scorecard 4: Ethical Performance 

Criteria 

The St James Ethics Centre 
 
1. Has a code of ethics (Yes/No). 
2. Has an ethics committee or a person with formal responsibility for promoting ethical 

conduct within the organisation (Yes/No). 
3. Can give practical examples of how its code of ethics informs daily practice (Yes/No). 
4. Obtains an independent assessment/audit of its practice in relation to the principles of 

corporate social responsibility (Yes/No). 
 
No Response: 
ä We contacted the company but there was no response (Mean score, shown in bold). 
1 The company has a policy of not responding to surveys (Mean score, shown in bold). 
: The company chose not to participate in this survey (Mean score, shown in bold). 
 
Approach: 
A survey was given to all companies, designed to elicit direct responses for each criterion. These 
were used for the final finding. 
 

Financial Services Consumer Policy Centre 

1. Has an ethical policy, which positively impacts on its customers (1-7 scale). 
2. Ensures that its services are readily accessible to all consumer groups (e.g. disabled, non-

English speaking, low income) (1-7 scale) 
3. Has an ethical and trustworthy approach to marketing and communication (1-7 scale). 
 
Not Known: 
Insufficient information (Mean score, shown in bold). 
 
Approach: 
A decision was made to not contact the public relations departments of companies. Instead an 
internal survey on perceptions of each company’s ethical performance was undertaken. 

 

Scorecard 5: Financial Performance 

Criteria 
 
Australian Shareholders’ Association 
 
1. Provision of total shareholder return over the medium to long-term (1-7 scale). 
2. Quality of all forms of information provided to shareholders (1-7 scale). 
3. Experience and skills of directors and management (1-7 scale). 
 
Not known: 
Insufficient information (Mean score, shown in bold). 
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Approach: 
Surveys were sent to 1500 members. Responses for non-listed entities or overseas entities were 
generally indicated “not known”. 
 
Institute of Chartered Accountants 
 
A single score on a 1-7 scale was calculated based on: 
 
 Return on shareholders’ equity; 
 Comparative change in return on shareholders’ equity from the previous year; 
 Price earnings ratio. 
 
Not Known: 
Insufficient information (Mean score, shown in bold). 
 
Approach: 
A small team of academics and professional affiliates collected data from annual reports. This was 
used to determine findings for each component of research. Findings for each component were 
collated into one score for each company. 
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APPENDIX F: A simple GAMS model for SDEA (see Chapter 16) 

 

$title SDEA: chance constrained model for stochastic DEA 
$Ontext 
This GAMS set up measures chance constrained or stochastic DEA using 
the envelopment model described in the following references: 
 
1. Land, K.C., Lovell, C.A.K, and Thore, S. (1993), 
"Chance-constrained Data Envelopment Analysis", 
Managerial and Decision Economics 14, 541-554. 
 
2. Lovell, C.A.K. (1993), Production Frontiers and Productive Efficiency 
in H. Fried, C.A.K. Lovell and H. Schmidt (eds) 
The Measurement of Productive Efficiency, Oxford University Press. 
 
* INPUT ORIENTATION IS ADOPTED IN THIS EXAMPLE, BUT OUTPUT ORIENTATION CAN BE 
  WRITTEN INSTEAD 
* EXECUTION LOOPS AROUND ALL THE SELECTED DMUs ACCORDING TO THE SET js 
* THE DMU UNDER ANALYSIS IS GIVEN THE INDICATOR jo 
* FARRELL EFFICIENCY IS CALCULATED WITHOUT NON-ARCHIMIDEANS 
* THE EXAMPLE HAS ONE INPUT AND THREE OUTPUTS. BOTH THE OUTPUT CONSTRAINTS & 
  THE INPUT CONSTRAINTS CAN BE TREATED AS STOCHASTIC, BUT THE USER CAN ADAPT 
THE 
  PROGRAMME TO CHANGE THIS. HERE THE OUTPUT CONSTRAINTS  ARE DETERMINISTIC 
  AND THE INPUT CONSTRAINT IS STOCHASTIC. THERE ARE 21 DMUs IN THE SAMPLE. 
 
* THIS VERSION COMPUTES ONLY THE EFFICIENCY OF A SINGLE REALISATION (LOVELL 
1993) 
* COLLECT THE RESULTS IN SDEAEXAMPLE.txt FILE 
 
$Offtext 
 
FILE 
results  /SDEAEXAMPLE.txt/; 
results.nd=3; 
 
SETS 
* THESE ARE STATIC SETS 
i inputs in sample /x-1*x-1/ 
 
r outputs in sample /y-1*y-3/ 
 
j dmus in sample /1*21/ 
 
* NOW THESE ARE DYNAMIC SETS, SUBSETS OF THE SET OF DMUs IN THE SAMPLE 
js(j) units to be selected for analysis (could be all units) /1*21/ 
jo(j) selected dmu 
; 
alias(j,k); 
 
PARAMETER 
z value of z corresponding to chosen probability level /1.645/ 
; 
 
* NOW READ DATA FILES. SDEA MODEL NEEDS DATA ON EXPECTED VALUES OF INPUTS 
* AND OUTPUTS, AND COVARIANCE MATRICES OF INPUTS AND OUTPUTS. 
* HERE THE OUTPUT CONSTRAINTS  ARE DETERMINISTIC AND THE INPUT CONSTRAINT IS 
STOCHASTIC. 
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* IN THIS EXAMPLE, DEVIATIONS OF INPUTS FROM EXPECTED VALUES  ARE USED: edx, AND 
THE 
* COVARIANCE MATRIX OF THE INPUTS IS NEEDED: xvar 
* WHEN A REALISATION IS ALSO TO BE EVALUATED, THE INPUT AND OUTPUT DATA FOR 
THAT 
* REALISATION ARE ALSO NEEDED. 
* IN THIS EXAMPLE THESE REALISATIONS ARE ALSO EVALUATED BY DETERMINISTIC DEA. 
 
$include xrealisation.txt 
; 
* FILE OF DATA LABELLED: Table xp(j,i) 
$include yrealisation.txt 
; 
* FILE OF DATA LABELLED: Table yp(j,r) 
$include edx.txt 
; 
* FILE OF DATA LABELLED: Table Edxp(j,i) 
$include xvariance.txt 
; 
* FILE OF DATA LABELLED: Table Vx(j,k) 
* PARAMETER DATA FILES ARE MOST EASILY READ IN TRANSPOSED (p) WITH DMUs IN 
ROWS 
* THESE TABLES CAN BE TRANSPOSED WITH THE NEXT COMMANDS 
 
PARAMETER 
x(i,j) matrix of realised inputs 
y(r,j) matrix of realised outputs 
Edx(i,j) matrix of expected deviations from input means 
; 
 
x(i,j)=xp(j,i) 
; 
y(r,j)=yp(j,r) 
; 
Edx(i,j)=Edxp(j,i) 
; 
 
VARIABLES 
lambda(j) first order intensity weights & second order covariance weights 
 
theta radial efficiency 
 
deteff objective to minimize theta in deterministic model 
cceff objective to minimize theta in chance constraint model 
; 
 
POSITIVE VARIABLE 
lambda 
; 
 
EQUATIONS 
* THE CONSTRAINTS HAVE 2 SUBSCRIPTS, 1ST FOR x OR y, 2ND FOR DMU TO BE SELECTED 
inpcon(i,j)  deterministic input constraints 
outcon(r,j)  deterministic output constraints 
 
ccdeainpcon(i,j) chance constraint for input 
 
detobj    detertministic objective 
ccobj     chance constraint objective 
 
; 
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inpcon(i,jo)..sum(j,x(i,j)*lambda(j))-x(i,jo)*theta=l=0; 
outcon(r,jo)..sum(j,y(r,j)*lambda(j))-y(r,jo)=g=0; 
 
ccdeainpcon(i,jo)..sum(j,(Edx(i,j)+x(i,j))*lambda(j))+z*sqrt(sum((j,k),Vx(j,k)*lambda(j)*lambda(k)))-
(x(i,jo)*theta)=l=0; 
 
detobj..deteff=e=theta; 
ccobj..cceff=e=theta; 
 
* FOR MODELS WHICH ARE KNOWN TO WORK, THE FOLLOWING SAVES EXCESSIVE OUTPUT 
* option limrow = 0, limcol = 0; 
 
MODEL 
detdea /inpcon,outcon,detobj/ 
ccdeainput /outcon, ccdeainpcon, ccobj/ 
; 
 
PUT results; 
PUT 'CCDEA: stochastic DEA model for radial input efficiency'/// 
; 
results.ap=1; 
 
* NOW SET UP THE LOOP TO SELECT DMUs TO BE ANALYSED 
jo(j) = no; 
 
loop(js, jo(js) = yes; 
 
solve detdea using lp minimizing deteff; 
put 
'DEA with CRS: DMU selected:   ', js.tl / 
; 
put ' deterministic technical efficiency for DMU',detdea.objval// 
; 
* INITIALIZE VARIABLES FOR NLP SOLUTION: SET lambdas & theta = 1 
 
lambda.l(j)=1; 
theta.l=1; 
 
solve ccdeainput using nlp minimizing cceff; 
put 'z value for ccdea: ',z/; 
put ' chance constrained technical efficiency for realisation', ccdeainput.objval // 
; 
 
put 
'******************************************************'///; 
jo(js) = no 
); 
 
* PROGRAMME ENDS HERE. MERYEM DUYGUN FETHI & THOMAS WEYMAN-JONES 
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APPENDIX G: Literature Review (see Chapter 21) 

 

Cook, Kress and Seiford (1993, 1996) first showed how DEA could be extended to treat ordinal 
data, which were illustrated with applications to adoption of a new technology and a R&D project 
selection, respectively. The Multi-Criteria Decision Analysis (MCDA) literature contains extensive 
discussions on the use of imprecise data, including data known only in the form of upper and lower 
bounds. See Sage and White (1984), Park and Kim (1997) where various forms of imprecise data 
are discussed that can occur in practice. Similar situations can occur in the context of DEA because 
of structural similarities between MCDA and DEABelton and Vickers (1993), Stewart (1996), 
Bouyssou (1999). See also Cooper (2006) for a precise characterization that relates goal 
programming models from MCDA to DEA. See also Belton and Steward (1999) for differences in 
uses. 
 To deal with all aspects of such imprecise data that can appear in DEA, Cooper, Park and 
Yu (1999) proposed a body of concepts and methods that go by the name of IDEA (Imprecise Data 
Envelopment Analysis). Extensions of IDEA can simultaneously comprehend treatments of bounds 
on the variables such as are to be found in the Assurance Region (AR) treatments of the multiplier 
values in Thompson, Dharmapala and Thrall (1995) and Thompson et al. (1990), and extends to the 
combined variable and data transformations employed in the cone-ratio envelopments of Charnes et 
al. (1990, 1991) and Brockett et al. (1997). 
 This is all unified in the approach referred to as AR-IDEA which includes not only 
imprecise data capabilities but also assurance regions, cone ratio envelopments and like analyses 
and concepts. Kim, Park and Park (1999) first applied an AR-IDEA approach to the evaluation of 
telephone offices in Korea that also used these ideas to treat “partial data omissions.” Cooper, Park 
and Yu (2001a) demonstrated uses of IDEA and AR-IDEA in an application to the Korean mobile 
telecommunication company that is illustrated in this chapter. 
 Other developments involve the treatment of nonlinear AR-IDEA models that result from 
the fact that some inputs and outputs are unknown and hence must be treated as variables. This 
extends to showing how a linear programming equivalent may be obtained. See Cooper, Park and 
Yu (2001b) and Park (2004) for details on the transformations in which the latter paper also 
simplified the transformation in Cooper, Park and Yu (1999, 2001a,b). Zhu (2003, 2004) then 
showed that the same efficiency score could be more efficiently obtained by employing another 
algorithm to resolve these nonlinear IDEA problems which are involved in treating rankings and 
bounds on the data. 
 Still further extensions of the IDEA approach have been made. Despotis and Smirlis (2002) 
treated interval or bounded data in DEA and showed how the upper and lower bounds of efficiency 
could be achieved in order to accomplish more detailed classifications of efficiency performance. 
Kao and Liu (2000a) dealt with the situation of missing data that was encountered in evaluating the 
efficiency of university libraries in Taiwan. They then showed that interval data or fuzzy data 
(specified by pessimistic, optimistic, and most likely estimates solicited from expert judgments) 
could be used in place of missing data and demonstrated a slightly different model in which fuzzy 
data were involved in DEA, referred to as fuzzy DEA. See also Kao and Liu (2000b), Hougaard 
(1999), Guo and Tanaka (2001), for more information on fuzzy DEA. Despite the different kinds of 
data, such fuzzy approaches usually generate bounded data (an example of imprecise data, as 
shown in Table 3) from the given fuzzy data en route to efficiency valuations and efficiency 
classifications and therefore closely relate fuzzy DEA to IDEA. 



Appendix G 

 370



Bibliography 

 371

BIBLIOGRAPHY 
Ahn, H. (2001) Applying the Balanced Scorecard Concept: An Experience Report, Long Range Planning 

34(4), 441-461. 
Ahn, T., Charnes, A. and Cooper, W.W. (1988) Some Statistical and DEA Evaluations of Relative 

Efficiencies of Public and Private Institutions of Higher Learning. Socio-Economic Planning Sciences 
22(6), 259-269. 

Ahn, T.S. (1987) Efficiency and Related Issues in Higher Education: A Data Envelopment Analysis 
Approach. Doctoral Dissertation, The University of Texas at Austin. 

Aigner, D., Lovell, C.A.K. and Schmidt, P. (1977) Formulation and Estimation of Stochastic Frontier 
Production Function Models. Journal of Econometrics 6, 21-37. 

Akhavein, J.D., Berger, A.N. and Humphrey, D.B. (1997) The Effects of Megamergers on Efficiency and 
Prices: Evidence from a Bank Profit Function. Review of Industrial Organization 12, 95-139. 

Al-Faraj, T.N., Alidi, A.S. and Bu-Bhsait, K.A. (1993) Evaluation of Bank Branches by Means of Data 
Envelopment Analysis. International Journal of Operations and Production Management 13(9), 45-
52. 

Ali, A.I. (1995) IDEAS Version 5.1 Reference Manual, 1 Consulting, PO Box 2453, Amherst, MA. 
Ali, A.I. and L.M. Seiford (1993). Computational accuracy and infinitesimals in data envelopment analysis. 

INFOR 32, 290-292. 
Ali, A.I. and Seiford, L.M. (1990) Translation Invariance in Data Envelopment Analysis. Operations 

Research Letters 9, 403–405. 
Allen, L. and Rai, A. (1996) Operational Efficiency in Banking: An International Comparison. Journal of 

Banking and Finance 20, 655-672. 
Allen, R., A. Athanassopoulos, R.G. Dyson, and E. Thanassoulis (1997). Weight restrictions and value 

judgments in data envelopment analysis: Evolution, development and future directions. Ann. Opns. 
Res. 73, 13-34. 

Allen, R., Athanassopoulos, A., Dyson, R.G., and Thanassoulis, E. (1997) Weights Restrictions and Value 
Judgements in Data Envelopment Analysis: Evolution, Development and Future Directions. Annals of 
Operations Research 73, 13-34. 

Andersen, P., and Petersen, N.C. (1993) A Procedure for Ranking Efficient Units in Data Envelopment 
Analysis. Management Science 39(10), 1261-1264. 

Anderson, L. and Walberg, H.J. (1997) Data Envelopment Analysis. In Educational Research, Methodology, 
and Measurement: An International Handbook (Edited by Keeves, J.P.), 498-503. Flinders University 
of South Australia, Adelaide. 

Andrews, L., Aungles, P., Baker, S. and Sarris, A. (1998) Characteristics and Performance of Higher 
Education Institutions (A Preliminary Investigation). Department of Employment, Education, 
Training and Youth Affairs, Canberra. 

APRA (2001a) Review of the Methodology behind APRA Superannuation Statistics, Australian Prudential 
Regulation Authority. 

APRA (2001b) Superannuation Trends March Quarter 2001, Australian Prudential Regulation Authority. 
Athanassopoulos, A. (1997) Service Quality and Operating Efficiency Synergies for Management Control in 

the Provision of Financial Services: Evidence from Greek Bank Branches. European Journal of 
Operational Research 98, 300-313. 

Athanassopoulos, A.D. (1998) Nonparametric Frontier Models for Assessing the Market and Cost Efficiency 
of Large-scale Bank Branch Networks. Journal of Money, Credit, and Banking 30, 172-192. 

Avkiran, N.K. (1997) Models of Retail Performance for Bank Branches: Predicting the Level of Key 
Business Drivers. International Journal of Bank Marketing 15(6/7), 224-237. 

Avkiran, N.K. (1999a) An Application Reference for Data Envelopment Analysis in Branch Banking: Helping 
the Novice Researcher. International Journal of Bank Marketing 17(5), 206-220. 

Avkiran, N.K. (1999b) The Evidence on Efficiency Gains: The Role of Mergers and the Benefits to the Public, 
Journal of Banking and Finance, 23(7), 991-1013. 

Avkiran, N.K. (2000) Rising Productivity of Australian Trading Banks Under Deregulation 1986-1995. 
Journal of Economics and Finance 24(2), 122-140. 

Avkiran, N.K. and Rowlands, T. (2006) How to Better Identify the True Managerial Performance: State of 
the Art using DEA. OMEGA, International Journal of Management Science (forthcoming). 

Ball, R. and Wilkinson, R. (1992) Measuring Performance of Higher Education Institutions: The Application 
of Data Envelopment Analysis (DEA), Proceedings of the 13th International Forum of the European 
Association for Institutional Research, 219-234. 

Ball, S.D., Johnson, K. and Slattery, P. (1986) Labour Productivity in Hotels: An Empirical Analysis. 
International Journal of Hospitality Management 5(3), 141-147. 



Bibliography 

 372

Banker, R.D. (1984) Estimating Most Productive Scale Size Using Data Envelopment Analysis. European 
Journal of Operational Research 17, 35-44. 

Banker, R.D. (1993). Maximum likelihood, consistency and data envelopment analysis: A statistical 
foundation. Mgmt Sci 39, 1265-1273. 

Banker, R.D. and Maindiratta, A. (1988) Nonparametric Analysis of Technical and Allocative Efficiencies in 
Production. Econometrica 56(6), 1315-1332. 

Banker, R.D. and Morey, R.C. (1986a) Efficiency Analysis for Exogenously Fixed Inputs and Outputs. 
Operations Research 34(4), 513-521. 

Banker, R.D. and Morey, R.C. (1986b) The Use of Categorical Variables in Data Envelopment Analysis. 
Management Science 32(12), 1613-1627. 

Banker, R.D., Charnes, A. and Cooper, W.W. (1984) Some Models for Estimating Technical and Scale 
Inefficiencies in Data Envelopment Analysis. Management Science 30(9), 1078-1092. 

Banker, R.D., Conrad, R.F. and Strauss, R.P. (1986) A Comparative Application of Data Envelopment 
Analysis and Translog Methods: An Illustrative Study of Hospital Production. Management Science 
32(1), 30-44. 

Bardhan, I., Cooper, W.W. and Kumbhakar, S. (1998) A Simulation Study of Joint Uses of Data 
Envelopment Analysis and Statistical Regressions for Production Function Estimation and Efficiency 
Evaluation. Journal of Productivity Analysis 9(3), 249-278. 

Barr, R., Durchholz, M. and Seiford, L. (1994) Peeling the DEA Onion: Layering and Rank-Ordering DMUs 
Using Tiered DEA. Southern Methodist University Technical Report, 1994/2000. 

Barrow, M. and Wagstaff, A. (1989) Efficiency Measurement in the Public Sector: An Appraisal. Fiscal 
Studies 10(1), 72-97. 

Beasley, J.E. (1990) Comparing University Departments. OMEGA, International Journal of Management 
Science 18(2), 171-183. 

Belton, V. and S.P. Vickers (1993). Demystifying DEA – A visual interactive approach based on multiple 
criteria analysis. J. Oper. Res. Soc. 44, 883-896. 

Belton, V. and T.J. Steward (1999) “DEA and MCDA: Competing and Complementary Approaches?” in M. 
Meskens and M. Roubens, eds., Advances in Decision Analysis (Dordrecht, Kluwer), 87-104. 

Berger, A.N. and Humphrey, D.B. (1991) The Dominance of Inefficiencies over Scale and Product Mix 
Economics in Banking. Journal of Monetary Economics 28, 117-148. 

Berger, A.N. and Humphrey, D.B. (1992) Measurement and Efficiency Issues in Commercial Banking. In 
Output Measurement in the Service Sectors (Edited by Griliches, Z.). The University of Chicago 
Press, Chicago. 

Berger, A.N. and Humphrey, D.B. (1997) Efficiency of financial institutions: International survey and 
directions for future research. European Journal of Operational Research 98, 175-212. 

Berger, A.N. Hancock, D. and Humphrey, D.B. (1993) Bank Efficiency Derived from the Profit Function. 
Journal of Banking and Finance 17, 317-347. 

Berger, A.N., Hunter, W.C. and Timme, S.G. (1993) The Efficiency of Financial Institutions. Journal of 
Banking and Finance 17, 221-249. 

Bernstein, J.I. (1992) Information Spillovers, Margins, Scale and Scope: With an Application to Canadian 
Life Insurance. Scandinavian Journal of Economics 94, Supplement, 95-105. 

Bernstein, J.I. (1997) Total Factor Productivity Growth in the Canadian Life Insurance Industry: 1979-1989. 
CSLS Conference on Service Centre Productivity and the Productivity Paradox, April 11-12, Ottawa, 
Canada. 

Bessent, A. and Bessent, W. (1980) Determining the Comparative Efficiency of Schools Through Data 
Envelopment Analysis. Educational Administration Quarterly 16(2), 57-75. 

Bessent, A., Bessent, W., Elam, J. and Clark T. (1988) Efficiency frontier determination by constrained facet 
analysis. Journal of the Operational Research Society 36, 785-796. 

Bhattacharyya, A., Lovell, C.A.K. and Sahay, P. (1997) The Impact of Liberalisation on the Productive 
Efficiency of Indian Commercial Banks. European Journal of Operational Research 98, 332-345. 

Birch, S. and Maynard, A. (1986) Performance Indicators and Performance Assessment in the UK National 
Health Service: Implications for Management and Planning. International Journal of Health 
Management 1, 143-156. 

Bogetoft, P., Bramsen, J.M. and Nielsen, K. (2006) Balanced Benchmarking. International Journal of 
Business Performance Management (forthcoming). 

Boussofiane, A., Dyson, R.G. and Thanassoulis, E. (1991) Applied Data Envelopment Analysis. European 
Journal of Operational Research 52, 1-15. 

Bouyssou, D. (1999). Using DEA as a tool for MCDM: Some remarks. J. Oper. Res. Soc. 50, 974-978. 
Bowlin, W.F. (1998) Measuring Performance: An Introduction to Data Envelopment Analysis (DEA). 

Journal of Cost Analysis 7, 3-27. 



Bibliography 

 373

Bradley, S., Draca, M., and Green, C. (2004) School Performance in Australia: Is There A Role For Quasi-
Markets? Australian Economic Review 37(3), 271-86. 

Breu, T.M. and Raab, R.L. (1994) Efficiency and Perceived Quality of the Nation’s Top 25 National 
Universities and National Liberal Arts Colleges: An Application of Data Envelopment Analysis to 
Higher Education. Socio-Economic Planning Sciences 28(1), 33-45. 

Brockett, P.L., A. Charnes, W.W. Cooper, Z. Huang, and D.B. Sun (1997). Data Transformations in DEA 
Cone-ratio Approaches for Monitoring Bank Performances. European Journal of Operational 
Research 98, 250-268. 

Brockett, P.L., Charnes, A., Cooper, W.W., Huang, Z.M. and Sun, D.B. (1997) Data Transformations in 
DEA Cone Ratio Envelopment Approaches for Monitoring Bank Performances. European Journal of 
Operational Research 98, 250-268. 

Burley, H.T. (1995) Data Envelopment Analysis in Ranking Educational Processes. In Research into Higher 
Education: Dilemmas, Directions and Diversions (Edited by McNaught, C. and Beattle, K.), Herdsa, 
Victoria, 19-27. 

Burley, H.T. and Duckett S.J. (2000) Relative Technical Efficiency of NSW Public Hospital Peer Groups. 
Journal of Cost Analysis & Management (Winter), 17-30. 

Business Queensland (1997) Business Queensland Book of Lists, Brisbane. 
Butterfield, R.W. (1987) A Quality Strategy for Service Organizations. Quality Progress, December, 40-42. 
Camanho, A.S. and Dyson, R.G. (1999) Efficiency, Size, Benchmarks and Targets for Bank Branches: an 

Application for Data Envelopment Analysis.  Journal of the Operational Research Society 50(9), 903- 
915. 

Camanho, A.S. and Dyson, R.G. (2005) Cost efficiency measurement with price uncertainty: a DEA 
application to bank branch assessments. European Journal of Operational Research 161, 432–446. 

Camanho, A.S. and Dyson, R.G. (2005) Cost Efficiency, Production and Value-added Models in the Analysis 
of Bank Branch Performance. Journal of the Operational Research Society 56(5), 483-494. 

Canadian Life and Health Insurance Facts (2000) Published by Canadian Life and Health Insurance 
Association Inc. 

Cave, M., Hanney, S. and Kogan, M. (1991) The Use of Performance Indicators in Higher Education: A 
Critical Analysis of Developing Practice. Jessica Kingsley Publishers, London. 

Caves, D.W., Christensen, L.R., and Diewert, W.E. (1982) The Economic Theory of Index Numbers and the 
Measurement of Input, Output and Productivity. Econometrica 50, 1393-1414. 

Charnes, A. and Cooper, W.W. (1963) Deterministic Equivalents for Optimising and Satisficing Under 
Chance Constraints. Operations Research 11(1), 18-39. 

Charnes, A., Clark, C.T., Cooper, W.W. and Golany, B. (1985) A Developmental Study of Data 
Envelopment Analysis in Measuring the Efficiency of Maintenance Units in the US Air Forces. 
Annals of Operations Research 2, 95-112. 

Charnes, A., Cooper, W., Wei, Q.L. and Huang, Z.M. (1989) Cone Ratio Data Envelopment Analysis and 
Multi-objective Programming. International Journal of Systems Science 20, 1099-1118. 

Charnes, A., Cooper, W.W. and Rhodes, E. (1978) Measuring the Efficiency of Decision Making Units. 
European Journal of Operational Research 2, 429-444. 

Charnes, A., Cooper, W.W. and Rhodes, E. (1981) Evaluating Program and Managerial Efficiency: An 
Application of Data Envelopment Analysis to Program Follow Through. Management Science 27(6), 
668-697. 

Charnes, A., Cooper, W.W., and Thrall, R.M. (1991) A Structure for Characterizing and Classifying 
Efficiency and Inefficiency in Data Envelopment Analysis. Journal of Productivity Analysis 2, 197–
237. 

Charnes, A., Cooper, W.W., Huang, Z.M. and Sun, D.B. (1990) Polyhedral Cone-Ratio DEA Models with an 
Illustrative Application to Large Commercial Banks. Journal of Econometrics 46, 73-91. 

Charnes, A., Cooper, W.W., Lewin, A.Y. and Seiford, L.M. (1994) Data Envelopment Analysis: Theory, 
Methodology and Application. Kluwer Academic Publishers, Boston. 

Charnes, A., W.W. Cooper, and E. Rhodes (1978). Measuring the efficiency of decision making units. Euro. 
J. Oprl. Res. 2, 429-444. 

Charnes, A., W.W. Cooper, Z.M. Huang, and D.B. Sun (1990). Polyhedral cone-ratio DEA models with an 
illustrative application to large commercial banks. J. Econometrics 46, 73-91. 

Charnes, A., W.W. Cooper, Z.M. Huang, and D.B. Sun (1991). Relations between half-space and finitely 
generated cones in polyhedral cone-ratio DEA models. Int. J. Systems Sci. 22, 2057-2077. 

Chen, T. (2002) A Comparison of Chance-constrained DEA and Stochastic Frontier Analysis: Bank 
Efficiency in Taiwan. Journal of the Operational Research Society 53, 492-500. 

Chen, T. (2002) An Assessment of Technical Efficiency and Cross-efficiency in Taiwan’s Electricity 
Distribution Sector. European Journal of Operational Research 137, 421-433. 



Bibliography 

 374

Chen, T. (2004) A Study of Cost Efficiency and Privatisation in Taiwans Banks: The Impact of the Asian 
Financial Crisis. The Service Industries Journal 24(5), 137-151. 

Chen, T.Y. (1999) Determining the Comparative Efficient Units of Insurance Industries Through DEA. 
Journal of Professional Services Marketing 18(2), 105-118. 

Chia, A. and Hoon, H.S. (2000) Adopting and Creating Balanced Scorecards in Singapore-based Companies. 
Singapore Management Review 22(2), 1-15. 

Churilov, L. and Flitman, A. (2006) Towards fair ranking of Olympics achievements: the case of Sydney 
2000. Computers & Operations Research 33, 2057-2082. 

Coelli, T. (1996) A Guide to DEAP Version 2.1: A Data Envelopment Analysis (Computer) Program, Centre 
for Efficiency and Productivity Analysis, working paper no. 96/08. 

Coelli, T., Rao, D.S.P., and Battese, G.E. (1998) An Introduction to Efficiency and Productivity Analysis. 
Kluwer Academic Publishers, Boston. 

Coelli, T., Rao, D.S.P., O’Donnell, C.J., and Battese, G.E. (2005) An Introduction to Efficiency and 
Productivity Analysis (2nd edition). Springer, New York. 

Cook, W.D. and Hababou, M. (2001) Sales Performance Measurement in Bank Branches. The International 
Journal of Management Science 29(1), 299-307. 

Cook, W.D., Kazakov, A., Roll, Y. and Seiford, L. (1991) A Data Envelopment approach to measuring 
efficiency: case analysis of highway maintenance patrols. Journal of Socio-Economics 20, 81-103. 

Cook, W.D., M. Kress, and L.M. Seiford (1993). On the use of ordinal data in data envelopment analysis. J. 
Oper. Res. Soc. 44, 133-140. 

Cook, W.D., M. Kress, and L.M. Seiford (1996). Data envelopment analysis in the presence of both 
quantitative and qualitative factors. J. Oper. Res. Soc. 47, 945-953. 

Cooper, W.W. (2006). Origins, uses of and relations between goal programming and data envelopment 
analysis. Journal of Multi-Criteria Decision Analysis (forthcoming). 

Cooper, W.W., Huang, Z., and Li, S.X. (2004) Chance Constrained DEA, in William W. Cooper, Lawrence 
M. Seiford and Joe Zhu (eds) Handbook on Data Envelopment Analysis, Boston, Kluwer Academic 
Publishers, 2004. 

Cooper, W.W., K.S. Park, and G. Yu (1999). IDEA and AR-IDEA: Models for dealing with imprecise data in 
DEA. Management Sci. 45, 597-607. 

Cooper, W.W., K.S. Park, and G. Yu (2001a). An illustrative application of IDEA (Imprecise Data 
Envelopment Analysis) to a Korean mobile telecommunication company. Oper. Res. 49, 807-820. 

Cooper, W.W., K.S. Park, and G. Yu (2001b). IDEA (Imprecise Data Envelopment Analysis) with CMDs 
(Column Maximum Decision Making Units). J. Oper. Res. Soc. 52, 176-181. 

Cooper, W.W., Seiford, L.M. and Tone, K. (2000) Data Envelopment Analysis: A Comprehensive Text with 
Models, Applications, References and DEA-Solver Software. Kluwer Academic Publishers, Boston. 

Cooper, W.W., Seiford, L.M. and Zhu, J. (2004) Handbook on Data Envelopment Analysis, Kluwer 
Academic Publishers, Norwell, Mass. 

Cowie, J. and Asenova, D. (1999) Organisation Form, Scale Effects and Efficiency in the British Bus 
Industry. Transportation 26, 231-248. 

Cummings, L. (2000) The Financial Performance of Ethical Investment Trusts: An Australian Perspective. 
Journal of Business Ethics 25, 79-92. 

Cummins, J.D., and Rubio-Misas, M. (1998) Efficiency in the Spanish Insurance Industry. Working Paper, 
The Wharton School, University of Pennsylvania. 

Cummins, J.D., and Zi, H. (1998) Comparison of Frontier Efficiency Methods: An Application to the U.S. 
Life Insurance Industry. Journal of Productivity Analysis, 10, 131-152. 

Cummins, J.D., Tennyson, S., and Weiss, M.A. (1999) Consolidation and Efficiency in the US Life 
Insurance Industry. Journal of Banking and Finance 23, 325-357. 

Cummins, J.D., Turchetti, G., and Weiss, M.A. (1996) Productivity and Technical Efficiency in the Italian 
Insurance Industry. Working Paper 96-10, The Wharton School, University of Pennsylvania. 

Daly, M., Geehan, R., and Rao, P. (1984) Productivity, Scale Economies and Technical Progress in the 
Canadian Life Insurance Industry. Economic Council of Canada, Discussion Paper No. 271. 

DCITA (Department of Communications, Information Technology and the Arts) (2005) Productivity Growth 
in Service Industries (occasional economic paper), Canberra. 

DEETYA (Department of Education, Employment, Technology and Youth Affairs) (1997) The Composite 
Index: Allocation of the Research Quantum to Australian Universities. Research Branch, Higher 
Education Division, Canberra. 

Dekker, D. and Post, T. (2001) A Quasi-Concave DEA Model with an Application for Bank Branch 
Performance Evaluation. European Journal of Operational Research 132(2), 296-311. 

Derwall, J, Guenster, N., Bauer, R., and Koedijk K. (2005) The Eco-Efficiency Premium Puzzle. Financial 
Analysts Journal 61(2), 51-63. 



Bibliography 

 375

Despotis, D.K. and Y.G. Smirlis (2002). Data envelopment analysis with imprecise data. Euro. J. Oprl. Res. 
140, 24-36. 

Diewert, W. E., Nakamura, A.O., and Sharpe, A. (eds) (1999) Canadian Journal of Economics: Special Issue 
on Service Sector Productivity and the Productivity Paradox, 32(2). 

Diltz, D. (1995) The Private Cost of Socially Responsible Investing. Applied Financial Economics 5, 69-77. 
Domini Social Investments (2000) Domini 400 Social Index – frequently asked questions. 20 October, 

www.domini.com/QADSI400.html. 
Doyle, J., and Green, R. (1994) Efficiency and Cross-efficiency in DEA: Derivations, Meanings and Uses. 

Journal of the Operational Research Society 45(5), 567-578. 
Drake, L. and Howcroft, B. (1994) Relative Efficiency in the Branch Network of a UK Bank: An Empirical 

Study. OMEGA, International Journal of Management Science 22(1), 83-90. 
Dyson, R.G. and Thanassoulis, E. (1988) Reducing Weight Flexibility in Data Envelopment Analysis. 

Journal of the Operational Research Society 39(6), 563-576. 
Dyson, R.G., Allen, R., Camanho, A.S., Podinovski, V.V., Sarrico, C.S. and Shale, E.A. (2001) Pitfalls and 

Protocols in DEA. European Journal of Operational Research 132(2), 245-259. 
EIA (Ethical Investment Association) (2005) Sustainable Responsible Investments in Australia – 2005: A 

Benchmarking Survey, Sydney. 
Elfring, T. (1989) The Main Features and Underlying Causes of the Shift to Services. The Service Industries 

Journal 9(3), 337-56. 
Elyasiani, E. and Mehdian, S. (1990) Efficiency in the Commercial Banking Industry, a Production Frontier 

Approach. Applied Economics 22, 539-551. 
English, M., Grosskopf, S., Hayes, K. and Yaisawarng, S. (1993) Output Allocative and Technical Efficiency 

of Banks. Journal of Banking and Finance 17, 349-366. 
Epstein, M.J. and Wisner, P.S. (2001) Using a Balanced Scorecard to Implement Sustainability. 

Environmental Quality Management 11(2), 1-10. 
Epstein, M.K. and Henderson, J.C. (1989) Data Envelopment Analysis for Managerial Control and 

Diagnosis. Decision Sciences 20, 90-119. 
Evanoff, D.D. and Israilevich, P.R. (1991) Productive Efficiency in Banking. Economic Perspectives 15(4), 

11-32. 
Färe, R., Grosskopf, S., Norris, M. and Zhang, Z. (1994) Productivity Growth, Technical Progress, and 

Efficiency Change in Industrialized Countries. American Economic Review 84, 66-83. 
Farrell, M.J. (1957) The Measurement of Productive Efficiency. Journal of the Royal Statistical Society 

120(3), 253-281. 
Favero, C.A. and Papi, L. (1995) Technical Efficiency and Scale Efficiency in the Italian Banking Sector: A 

Non-parametric Approach. Applied Economics 27(4), 385-395. 
Fecher, F., Kessler, D., Perelman, S., and Pestieau, P. (1993) Productive Performance of the French 

Insurance Industry. Journal of Productivity Analysis 4, 77-93 
Feldman, S., Soyka, P. and Ameer, P. (1996) Does Improving a Firm’s Environmental Management System 

and Environmental Performance Result in a Higher Stock Price? ICF Kaiser International, Fairfax 
VA. 

Ferrier, G.D. and Lovell, C.A.K. (1990) Measuring Cost Efficiency in Banking. Journal of Econometrics 46, 
229-245. 

Financial System Inquiry (1997) Financial System Inquiry Final Report. Australian Government Publishing 
Service, Canberra. 

Flynn, N. (1986) Performance Measurement in Public Sector Services. Policy and Politics 14(3), 389-404. 
Freebairn, J. (2005) Government Policy and School Performance: Introduction and Overview. Australian 

Economic Review 38(1), 61-65. 
Fried, H.O. and Lovell, C.A.K. (1996) Searching the Zeds. Working paper presented at the Second Georgia 

Productivity Workshop, Athens, GA, November 1-3. 
Fried, H.O., Lovell, C.A.K. and Eeckaut, P.V. (1993) Evaluating the Performance of US Credit Unions. 

Journal of Banking and Finance 17(2/3), 251-265. 
Fried, H.O., Lovell, C.A.K., Schmidt, S.S., and Yaisawarng, S. (2002) Accounting for environmental effects 

and statistical noise in data envelopment analysis. Journal of Productivity Analysis 17, 157-174. 
Fried, H.O., Schmidt, S.S., and Yaisawarng, S. (1999) Incorporating the Operating Environment into a 

Nonparametric Measure of Technical Efficiency. Journal of Productivity Analysis 12(3), 249-267. 
Fukuyama, H. (1997) Investigating Productive Efficiency and Productivity Changes of Japanese Life 

Insurance Companies. Pacific-Basin Finance Journal 5, 481-509. 
Geller, A.N. (1985) Tracking the Critical Success Factors for Hotel Companies. Cornell Hotel and 

Restaurant Administration Quarterly 25(4), 76-81. 
Gettler, L. (2000) Reputations on the line. The Age, 29 October, 

www.theage.com.au/bus/200001030/A15105-2000Oct29.html. 



Bibliography 

 376

Gillen, D. and Lall, A. (1997) Developing Measures of Airport Productivity and Performance: An 
Application of Data Envelopment Analysis. Transportation Research (Part E) 33(4), 261-273. 

Giokas D. (1991) Bank Branch Operating Efficiency: A Comparative Application of DEA and the Loglinear 
Model. OMEGA, International Journal of Management Science 19, 549-557. 

Golany, B. and Roll, Y. (1989) An Application Procedure for DEA. OMEGA, International Journal of 
Management Science 17(3), 237-250. 

Golany, B. and Thore, S. (1997) The Economic and Social Performance of Nations: Efficiency and Returns 
to Scale. Socio-Economic Planning Sciences 31, 191-204. 

Green, R.H., Doyle, J.R. and Cook, W.D. (1996) Preference voting and project ranking using DEA and cross-
evaluation. European Journal of Operational Research 90, 461-472. 

Greene, W.H. (2003) Econometric Analysis. Macmillan, New York. 
Griliches, Z. (1994) Productivity, R&D, and the Data Constraint. American Economic Review 84(1), 1-23. 
Griliches, Z. (ed) (1992) Output Measurement in the Service Sectors, National Bureau of Economic 

Research, Studies in Income and Wealth 56, University of Chicago Press. 
Grosskopf, S. (1993) Efficiency and Productivity. In The Measurement of Productive Efficiency: Techniques 

and Applications (Edited by Fried. H.O., Lovell, C.A.K. and Schmidt, S.S.). Oxford University Press, 
New York. 

Guerrier, Y. and Lockwood, A.J. (1988) Work Flexibility in Hotels, in Proceedings of the Annual 
International Conference of the Operations Management Association (Edited by Johnston R.), 
University of Warwick, 351-365. 

Guo, P. and H. Tanaka (2001). Fuzzy DEA: A perceptual evaluation method. Fuzzy Sets and Systems 119, 
149-160. 

Haag, S.E. and Jaska, P.V. (1995) Interpreting Inefficiency Ratings: an Application of Bank Branch 
Operating Efficiencies. Managerial and Decision Economics 16(1), 7-14. 

Halme, M., Joro, T., Korhonen, P., Salo, S. and Wallenius, J. (1999) A Value Efficiency Approach to 
Incorporating Preference Information in Data Envelopment Analysis. Management Science 45(1), 
103-115. 

Hamilton, S., Jo, H., Statman, M. (1993) Doing Well While Doing Good? The Investment Performance of 
Socially Responsible Mutual Funds. Financial Analysts Journal 49, 62-66. 

Hampel, M. (2005) Measuring Educational Productivity in Standards-Based Accountability Systems: 
Introducing the SES Return On Spending Index. Education Working Paper No. 4, Directorate for 
Education, OECD, Paris. 

Hancock, D. (1986) A Model of the Financial Firm with Imperfect Asset and Deposit Elasticities. Journal of 
Banking and Finance 10, 37-54. 

Hancock, D.A. (1991) Theory of Production for the Financial Firm (Kluwer Academic Publishers, Norwell, 
Massachusetts). 

Harker, P. T. (1995) The Service Productivity and Quality Challenge. Kluwer Academic Publishers, 
Netherlands. 

Hartman, T.E., Storbeck, J.E. and Byrnes P. (2001) Allocative efficiency in branch banking. European 
Journal of Operational Research 134, 232-242. 

Hauner, D. (2005) Explaining Efficiency Differences among Large German and Austrian Banks. Applied 
Economics 37(9), 969-980. 

Haywood, K.M. (1983) Assessing the Quality of Hospitality Services. International Journal of Hospitality 
Management. 2(4), 165-177. 

Hewlitt, A. (1998) Efficiency in the Canadian Insurance Industry: A Data Envelopment Analysis Approach. 
M.A.Sc. Dissertation, Department of Industrial Engineering, University of Toronto. 

Hougaard, J.L. (1999). Fuzzy scores of technical efficiency. Euro. J. Oprl. Res. 115, 529-541. 
Hughes, A. and Yaisawarng, S. (2000) Efficiency of local police districts: A New South Wales experience, 

in: Blank, J.L.T. (Ed.), Public Provision and Performance: Contributions from Efficiency and 
Productivity Measurement, Elsevier Science B.V., Amsterdam, 277-296. 

Insurance Bureau of Canada (2000) Facts of the General Insurance Industry in Canada. Published by the 
Insurance Council of Canada. 

Jacobs, R. (2001) Alternative Methods to Examine Hospital Efficiency: Data Envelopment Analysis and 
Stochastic Frontier Analysis. Health Care Management Science 4(1), 103-115. 

Johnes, G. (1988) Research Performance Indications in the University Sector. Higher Education Quarterly 
42(1), 54-71. 

Johnes, G. and Johnes, J. (1993) Measuring the Research Performance of UK Economics Departments: An 
Application of Data Envelopment Analysis. Oxford Economic Papers 45, 332-347. 

Johnes, J. (1996) Performance Assessment in Higher Education in Britain. European Journal of Operational 
Research 89, 18-33. 



Bibliography 

 377

Johnes, J. and Johnes, G. (1995) Research Funding and Performance in U.K. University Departments of 
Economics: A Frontier Analysis. Economics of Education Review 14(3), 301-314. 

Johns, N. and Wheeler, K. (1991) Productivity and Performance Measurement and Monitoring, in Strategic 
Hospitality Management (Edited by Teare R. and Boer A.), Cassell, London, 45-71. 

Jondrow, J., Materov, I.S., Lovell, C.A.K., and Schmidt, P. (1982) On The Estimation of Technical 
Inefficiency in the Stochastic Frontier Production Model. Journal of Econometrics 19, 233-238. 

Jones, P. (1988) Quality, Capacity and Productivity in Service Industries. International Journal of 
Hospitality Management 7(2), 104-112. 

Kao, C. and Liu, S.T. (2000a) Data Envelopment Analysis with Missing Data: An Application to University 
Libraries in Taiwan. Journal of Operational Research Society 51(8), 897-905. 

Kao, C. and Liu, S.T. (2000b) Fuzzy Efficiency Measures in Data Envelopment Analysis. Fuzzy Sets and 
Systems 113(3), 427-437. 

Kaplan, R.S. (2001) Strategic Performance Measurement and Management in Nonprofit Organizations. 
Nonprofit Management and Leadership 11(3), 353-370. 

Kaplan, R.S. and Norton D.P. (1992) The Balanced Scorecard – Measures that Drive Performance. Harvard 
Business Review 70(1), 71-79. 

Kaplan, R.S. and Norton, D.P. (1993) Putting the Balanced Scorecard to Work. Harvard Business Review 
71(5), 134-147. 

Kaplan, R.S. and Norton, D.P. (1996a) Using the Balanced Scorecard as a Strategic Management System. 
Harvard Business Review 74(1), 75-85. 

Kaplan, R.S. and Norton, D.P. (1996b) The Balanced Scorecard: Translating Strategy into Action. Harvard 
Business School Press, Boston. 

Kaplan, R.S. and Norton, D.P. (1996c) Linking the Balanced Scorecard to Strategy. California Management 
Review 39(1), 53-79. 

Kaplan, R.S. and Norton, D.P. (1996d) Strategic Learning and the Balanced Scorecard. Strategy & 
Leadership 24(5), 18-24. 

Kellner, S., and Mathewson, G.F. (1983) Entry, Size Distribution, Scale, and Scope Economies in the Life 
Insurance Industry. Journal of Business 56(1). 

Kendrick, D.A. (1996) Chapter 6: Sectoral Economics in Hans M. Amman, David A. Kendrick, and John 
Rust (eds) Handbook of Computational Economics, volume 1, Handbooks in Economics 13, Elsevier: 
Amsterdam. 

Kim, S.H., C.K. Park, and K.S. Park (1999). An application of data envelopment analysis in telephone offices 
evaluation with partial data. Com. Opns. Res. 26, 59-72. 

KPMG Peat Marwick (1992) 1992 Financial Institutions Performance Survey. Melbourne. 
Land, K.C., Lovell, C.A.K. and Thore, S. (1993) Chance-constrained Data Envelopment Analysis. 

Managerial and Decision Economics 14, 541-554. 
Lasdon, L.S., Waren, A.D., Jain, A. and Ratner, M. (1978) Design and Testing of a Generalised Reduced 

Gradient Code for Non-linear programming. ACM Transactions on Mathematical Software (TOMS) 
4(1), 34-50. 

Leightner, J.E., and Lovell, C.A.K. (1998) The Impact of Financial Liberalization on the Performance of 
Thai Banks. Journal of Economics and Business 50, 115-131. 

Lewin, A.Y., Morey, R.C. and Cook, T.J. (1982) Evaluating the Administrative Efficiency of Courts. 
OMEGA, International Journal of Management Science 10(Spring), 401-411. 

Lewis, H.F., and Sexton, T.R. (2000) Data Envelopment Analysis with Reverse Inputs. Working Paper, State 
University of New York at Stony Brook. 

Li, S.X. (1998) Stochastic Models and Variable Returns to Scales in Data Envelopment Analysis. European 
Journal of Operational Research 104(3), 532-548. 

Li, X. and Reeves, G.R. (1999) A Multiple Criteria Approach to Data Envelopment Analysis. European 
Journal of Operational Research 115, 507-517. 

Lins, M.P.E., Gomes, E.G., Soares de Mello, J.C.C.B. and Scares de Mello, A.J.R. (2003) Olympic ranking 
based on a zero sum gains DEA model. European Journal of Operational Research 148, 312-322. 

Liu, W.B., Sharp, J. and Wu, Z.M. (2006) Preference, production and performance in data envelopment 
analysis. Annals of Operations Research (forthcoming). 

Lovell, C. A. K., and Baker, R. (2005) Experimental Estimates of Productivity Change in the Non-Market 
Sector: Preliminary Evidence from Government Services. Research Memorandum, Cat. No. GA-521, 
Productivity Commission, Canberra, September. 

Lovell, C.A.K. (1993) Production Frontiers and Productive Efficiency, in H. Fried, C.A.K. Lovell and H. 
Schmidt (eds) The Measurement of Productive Efficiency, Oxford University Press: Oxford. 

Lovell, C.A.K. (1995) Econometric Efficiency Analysis - A Policy-oriented Review. European Journal of 
Operational Research 80, 452-461. 



Bibliography 

 378

Lovell, C.A.K. and Pastor, J.T. (1995) Units invariant and translation invariant DEA models. Operations 
Research Letters 18, 147-151. 

Lovell, C.A.K. and Pastor, J.T. (1997) Target Setting: An Application to a Bank Branch Network. European 
Journal of Operational Research 98, 290-299. 

Lozano, S., Villa, G., Guerrero, F. and Cortés, P. (2002) Measuring the performance of nations at the 
Summer Olympics using data envelopment analysis. Journal of the Operational Research Society 53, 
501-511. 

Mallin, C., Saadouni, B., Briston, R. (1995) The Financial Performance of Ethical Investment Funds. Journal 
of Business Finance and Accounting 22, 483-496. 

McCarl, B.A. and Spreen, T.A. (1997) Applied Mathematical Programming Using Algebraic Systems. Texas 
A&M University, http://agrinet.tamu.edu/mccarl. 

McLaughlin, C.P. and Coffey S. (1992) Measuring Productivity in Services, in Managing Services: 
Marketing, Operations, and Human Resources (Edited by Lovelock C. H.), 2nd edition, Prentice-Hall, 
New Jersey, 103. 

Meeusen, W. and Broeck, J.V.D. (1977) Efficiency Estimation from Cobb-Douglas Production Functions 
with Composed Error. International Economic Review 18, 435-444. 

Meng, W., Liu, W.B. and Li. X.X. (2005) Application of Index DEA Model on Performance Evaluation of 
Basic Research Institute (in Chinese) Science of Science and Management of Science and Technology 
9, 11-16. 

Messenger, S.J. and Mugomeza, C. (1995) An Exploratory Study of Productivity and Performance 
Measurement in Zimbabwean Hotels. International Journal of Contemporary Hospitality 
Management 7(5), v-vii. 

Mester, L.J. (1987) Efficient Production of Financial Services: Scale and Scope Economies. Business Review 
of Federal Reserve Bank of Philadelphia (January/February), 15-25. 

Mester, L.J. (1996) A Study of Bank Efficiency Taking into Account Risk-Preferences. Journal of Banking 
and Finance 20(6), 1025-1045. 

Mill, R. C. (1989) Productivity in Service Organisations, in Management in Service Industries (Edited by 
Jones P.), Pitman, London, 275. 

Miller, D.M. (1984) Profitability = productivity + price recovery. Harvard Business Review 62(3),145-153. 
Miller, S.M. and Noulas, A.G. (1996) The Technical Efficiency of Large Bank Production. Journal of 

Banking and Finance 20(3), 495-509. 
Morey, R.C. and Dittman, D.A. (1995) Evaluating a Hotel GM's Performance. Cornell Hotel and Restaurant 

Administration Quarterly 36(5), 30-35. 
Morey, R.C. and Dittman, D.A. (1997) An Aid in Selecting the Brand, Size and Other Strategic Choices for a 

Hotel. Journal of Hospitality and Tourism Research 21(1), 71-99. 
Morey, R.C., Capettini, R. and Dittman, D.A. (1985) Pareto Rate Setting: An Application to Medicaid Drug 

Reimbursement. Policy Sciences 18, 169-200. 
Morey, R.C., Fine, D.J., Loree, S.W., Roberts, D.L.R. and Tsubakitani, S. (1992) The Trade-off between 

Hospital Cost and Quality of Care. Medical Care 30(8), 677-698. 
Morey, R.C., Ozcan, Y.A., Roberts, D.L.R., and Fine, D.J. (1995) Estimating the Hospital-Wide Cost 

Differentials Warranted for Teaching Hospitals. Medical Care 33(5), 531-552. 
Morita, H., Hirokawa, K. and Zhu, J. (2005) A Slack-Based Measure of Efficiency in Context-Dependent 

Data Envelopment Analysis. OMEGA, International Journal of Management Science 33, 357-362. 
Muñiz MA. (2002) Separating Managerial Inefficiency and External Conditions in Data Envelopment 

Analysis. European Journal of Operational Research 143, 625-643. 
Nash, D. and Karwat, A.S. (1996) An Application of DEA to Measure Branch Cross Selling Efficiency. 

Computers Operations Research 23(4), 385-392. 
Norman, M. and Stoker, B. (1991) Data Envelopment Analysis. John Wiley & Sons, Essex. 
Norman, M. and Stoker, B. (2004) Data Envelopment Analysis: The Assessment of Performance, UMI, Ann 

Arbor, Mich. 
Norton, R. (1994) Which Offices or Stores Really Perform Best? A New Tool Tells, Fortune, October 31, 38. 
NSW Health. (1996) NSW Public Hospitals Comparison Data Book 1994-95. Information and Data Services 

Branch, North Sydney. 
Nunamaker, T.R. (1985) Using Data Envelopment Analysis to Measure the Efficiency of Non-Profit 

Organizations: A Critical Evaluation. Managerial and Decision Economics 6(1), 50-58. 
Odeck, J. and Alkadi, A. (2001) Evaluating Efficiency in the Norwegian Bus Industry Using Data 

Envelopment Analysis. Transportation 28(3), 211-232. 
Olesen, O.B. (2004) Comparing and Combining Two Approaches for Chance Constrained DEA, 

unpublished, URL: www.sam.sdu.dk/~ole. 
Olesen, O.B. and N.C. Petersen (1999). Probabilistic bounds on the virtual multipliers in data envelopment 

analysis: Polyhedral cone constraints. J Productivity Analysis 12, 103-134. 



Bibliography 

 379

Olesen, O.B. and Petersen, N.C. (1995) Chance Constrained Efficiency Evaluation. Management Science 
41(3), 442-457. 

Olesen, O.B. and Petersen, N.C. (1996) Indicators of ill-conditioned data sets and model misspecification in 
data envelopment analysis: An extended facet approach, Management Science 42, 205-219. 

Olsen, M., Crawford-Welch, S. and Tse, E. (1991) The Global Hospitality Industry of the 1990s, in Strategic 
Hospitality Management (Edited by Teare R. and Boer A.), Cassell, London, 213-226. 

Oral, M. and Yolalan, R. (1990) An Empirical Study on Measuring Operating Efficiency and Profitability of 
Bank Branches. European Journal of Operational Research 46(3), 282-294. 

Oral, M., Kettani, O. and Yolalan, R. (1992) An Empirical Study on Analysing the Productivity of Bank 
Branches. IIE Transactions 24(5), 166-176. 

Paradi, J.C., Rehm-Smith, S. and Schaffnit-Chatterjee, C. (2002) Knowledge Worker Performance Analysis 
Using DEA: an Application to Engineering Design Teams at Bell Canada. IEEE Engineering 
Management 49(2), 161-172. 

Park, K.S. (2004). Simplification of the transformations and redundancy of assurance regions in IDEA 
(Imprecise DEA). J. Oper. Res. Soc. 55, 1363-1366. 

Park, K.S. and S.H. Kim (1997). Tools for interactive multi-attribute decision making with incompletely 
identified information. Eur. J. Oper. Res. 98, 111-123. 

Parkan, C. (1987) Measuring the Efficiency of Service Operations: An Application to Bank Branches. 
Engineering Costs and Production Economics 12, 237-242. 

Pastor, J.M. (2002) Credit Risk and Efficiency in the European Banking System: A Three-Stage Analysis. 
Applied Financial Economics 12(12), 895-911. 

Pastor, J.T. (1996) Translation Invariance in Data Envelopment Analysis: A Generalization. Annals of 
Operations Research 66, 93-102. 

Pava, M. and Krausz, J. (1996) The Association Between Corporate Social Responsibility and Financial 
Performance: The Paradox of Social Cost. Journal of Business Ethics 15, 321-357. 

Podinovski, V.V. (1999) Side effects of absolute weight bounds in DEA models. European Journal of 
Operational Research 115, 583-595.  

Podinovski, V.V. (2001) Validating Absolute Weights Bounds in Data Envelopment Analysis (DEA) 
Models. Journal of the Operational Research Society 52(2), 221-225. 

Podinovski, V.V. (2004) Suitability and redundancy of non-homogeneous weights restrictions for measuring 
the relative efficiency in DEA. European Journal of Operational Research 154, 380-395.  

Podinovski, V.V. and Athanassopoulos, A.D. (1998) Assessing the relative efficiency of decision making 
units using DEA models with weights restrictions. Journal of the Operational Research Society 49, 
500-508. 

Post, T. (2001) Performance Evaluation in Stochastic Environments Using Mean-Variance Data 
Envelopment Analysis. Operations Research 49(2), 281-292. 

Prokopenko, J. (1987) Productivity Management: A Practical Handbook. International Labour Office, 
Geneva. 

Reinhard, S., Lovell C.A.K., and Thijssen, G.J. (2000) Environmental Efficiency with Multiple 
Environmentally Detrimental Variables: Estimated with SFA and DEA. European Journal of 
Operational Research 121(2), 287-300. 

REIQ (Real Estate Institute of Queensland) (1994) Queensland Residential Real Estate Agency Practice 
Profitability Report 1992/93. 

Renaghan, L.M. (1981) A New Marketing Mix for the Hospitality Industry. The Cornell Hotel and 
Restaurant Administration Quarterly 22(2), 31-35. 

Resti, A. (1997) Evaluating the Cost-efficiency of the Italian Banking System: What Can be Learned from 
the Joint Application of Parametric and Non-Parametric Techniques. Journal of Banking and Finance 
21, 221-250. 

Rhodes, E.L. and Southwick, Jr. L. (1993) Variations in Public and Private University Efficiency. 
Applications of Management Science 7, 145-170. 

Roll, Y. and Golany, B. (1993) Alternate methods of treating factor weights in DEA. OMEGA 21, 99–109. 
Rosko, M.D., Chilingerian, J.A., Zinn, J.S., and Aaronson, W.E. (1995) The Effects of Ownership, Operating 

Environment, and Strategic Choices on Nursing-home Efficiency. Medical Care 33(10), 1001-1021. 
Rousseau, J.J., and Semple, J.H. (1995) Radii of Classification Preservation in Data Envelopment Analysis: 

A Case Study of ‘Program Follow-Through. Journal of the Operational Research Society, 46, 943-
957. 

Ruggiero, J. (1998) Non-discretionary Inputs in Data Envelopment Analysis. European Journal of 
Operational Research 111, 461-469. 

Russo, M.V. and Fouts, P.A. (1997) A Resource-based Perspective on Corporate Environmental Performance 
and Profitability. Academy of Management Journal 40(3), 534-559. 



Bibliography 

 380

Sage, A.P. and C.C. White (1984). ARIADNE: A knowledge-based interactive system for planning and 
decision support. IEEE Trans. Sys. Man & Cybern. 14, 35-47. 

Sandler, M. (1982) Productivity Measurement and Improvement in the Hospitality Industry, in The Practice 
of Hospitality Management (Edited by Pizam, A. et al.), AVI, Connecticut. 

Sarrico, C.S. and Dyson, R.G. (2004) Restricting Virtual Weights in Data Envelopment Analysis. European 
Journal of Operational Research 159(1), 17-34. 

Sarrico, C.S., Hogan, S.M., Dyson, R.G. and Athanassopoulos, A.D. (1997) Data Envelopment Analysis and 
University Selection. Journal of the Operational Research Society 48(12), 1163-1177. 

Schaffnit, C., Rosen, D. and Paradi, J.C. (1997) Best Practice Analysis of Bank Branches: An Application of 
DEA in a Large Canadian Bank. European Journal of Operational Research 98, 269-289. 

Scheel, H. (2001) Undesirable Outputs in Efficiency Valuations. European Journal of Operational Research 
132, 400-410. 

Schroeder, R.G. (1985) Operations Management: Decision Making in the Operations Function, 2n ed., 
McGraw-Hill, New York. 

SCRCSSP (Steering Committee for the Review of Commonwealth/State Service Provision) (1997) Data 
Envelopment Analysis: A Technique for Measuring the Efficiency of Government Service Delivery, 
AGPS, Canberra. 

SCRCSSP (Steering Committee for the Review of Commonwealth/State Service Provision) (1999) Report on 
Government Services, Ausinfo, Canberra. 

SCRGSP (Steering Committee for the Review of Government Service Provision) (2006) Report on 
Government Services 2006, Productivity Commission, Canberra. 

Sealey, Jr C.W. and Lindley, J.T. (1997) Inputs, outputs, and a theory of production and cost at depository 
financial institutions. The Journal of Finance  32, 1251-1266. 

Seaver, B.L., and Triantis, K.P. (1989) The Implications of Using Messy Data to Estimate Production-
Frontier-Based Technical Efficiency Measures. Journal of Business and Economic Statistics, 7(1), 49-
59. 

Seiford, L.M. and Thrall, R.M. (1990) Recent Developments in DEA: The Mathematical Programming 
Approach to Frontier Analysis. Journal of Econometrics 46, 7-38. 

Seiford, L.M. and Zhu, J. (1999) Infeasibility of Super-efficiency DEA Models. INFOR, 37(2), 174-187. 
Seiford, L.M. and Zhu, J. (2003) Context-dependent Data Envelopment Analysis: Measuring Attractiveness 

and Progress, OMEGA, International Journal of Management Science 31(5), 397-408. 
Sengupta, J.K. (1998) Testing Allocative Efficiency by Data Envelopment Analysis. Applied Economics 

Letters 5(11), 689-692. 
Sengupta, J.K. (2000) Efficiency Analysis by Stochastic Data Envelopment Analysis. Applied Economics 

Letters  7(6), 379-383. 
Sexton, T., Silkman, R., and Hogan, A. (1986) Data Envelopment Analysis: Critique and Extensions. In R. 

Silkman (ed.) Measuring Efficiency: An Assessment of Data Envelopment Analysis. New Directions 
for Program Evaluation. San Francisco: Jossey-Bass. 

Sherman, H.D. (1981) Measurement of Hospital Efficiency Using Data Envelopment Analysis. Doctoral 
Dissertation, Harvard University. Dissertation Abstracts International 42(8), 3731A, University 
Microfilms No 8202819. 

Sherman, H.D. (1984) Data Envelopment Analysis as a New Managerial Audit Methodology-Test and 
Evaluation. Auditing: A Journal of Practice and Theory 4(1), 35-53. 

Sherman, H.D. (1988) Service Organization Productivity Management. The Society of Management 
Accountants of Canada, Hamilton, Ontario. 

Sherman, H.D. and Gold, F. (1985) Bank Branch Operating Efficiency: Evaluation with Data Envelopment 
Analysis. Journal of Banking and Finance 9(2), 297-315. 

Sherman, H.D. and Ladino, G. (1995) Managing Bank Productivity Using Data Envelopment Analysis 
(DEA). Interfaces 25(2), 60-73. 

Silva Portela, M.C.A., Thanassoulis, E. and Simpson, G. (2004) Negative Data in DEA: A Directional 
Distance Approach Applied to Bank Branches. Journal of the Operational Research Society 55(10), 
1111-1121. 

Simar, L. (2003) Detecting Outliers in Frontier Models: A Simple Approach. Journal of Productivity Analysis 20, 
391-424. 

Simar, L. and P.W. Wilson (2004). Performance of the bootstrap for DEA estimates and iterating the 
principle. Handbook on Data Envelopment Analysis, W.W. Cooper, L.M. Seiford and J. Zhu (eds.). 
Norwood, Mass: Kluwer Academic Publishers. 

Simar, L. and Wilson, P.W. (2000) Statistical Inference in Nonparametric Models: The State of the Art. 
Journal of Productivity Analysis 13, 49-78. 

Simonson, I and Tversky, A. (1992) Choice in context: Tradeoff Contrast and Extremeness Aversion. 
Journal of Marketing Research 29, 281-295. 



Bibliography 

 381

Sinkey, Jr J.F. (2002) Commercial Bank Financial Management in the Financial-Services Industry, 6th 
edition., Prentice Hall, New Jersey. 

Soteriou, A.C. and Stavrinides, Y. (1997) An Internal Customer Service Quality Data Envelopment Analysis 
Model for Bank Branches. International Journal of Operations & Production Management 17, 780-
789. 

Spiller, R. (2000) Ethical Business and Investment: A Model for Business and Society. Journal of Business 
Ethics 27, 149-160. 

Stanton, K.R. (2002) Trends in relationship lending and factors affecting relationship lending efficiency. 
Journal of Banking and Finance 26, 127-152. 

Stern, Z.S., Mehrez, A. and Barboy, A. (1994) Academic Departments Efficiency via DEA. Computers 
Operations Research 21(5), 543-556. 

Stewart, T.J. (1996) Relationships between Data Envelopment Analysis and Multicriteria Decision Analysis. 
Journal of the Operational Research Society 47, 654-665. 

Sun, S. and Lu, W.M. (2005) A Cross-Efficiency Profiling for Increasing Discrimination in Data 
Envelopment Analysis. Infor 43(1), 51-60. 

Takamura, Y. and Tone, K. (2003) A comparative site evaluation study for relocating Japanese government 
agencies out of Tokyo. Socio-Economic Planning Sciences 37, 85–102. 

Tauer, L.W. and Hanchar, J.J. (1995) Nonparametric technical efficiency of K firms, N inputs, and M 
outputs: a simulation. Agricultural and Resource Economics Review 24, 185-189. 

Tavares, G. (2002) A Bibliography of Data Envelopment Analysis (1978-2001). Rutcor, Rutgers University, 
640 Bartholomew Road, Piscataway, NJ 008854-8003. Email: gtavares@rutcor.rutgers.edu. 

Thanassoulis, E. (1995) Assessing police forces in England and Wales using data envelopment analysis. 
European Journal of Operational Research 87, 641-657. 

Thanassoulis, E. (2001) Introduction to the Theory and Application of Data Envelopment Analysis, Kluwer 
Academic Publishers, MA. 

Thanassoulis, E. and Allen, R. (1998) Simulating Weight Restrictions in Data Envelopment Analysis by 
Means of Unobserved DMUs. Management Science 44(4), 586-594. 

Thanassoulis, E., Boussofiane, A. and Dyson, R.D. (1995) Exploring output quality targets in the provision 
of perinatal care in England using Data Envelopment Analysis. European Journal of Operational 
Research 80, 588-607. 

Thanassoulis, E., Dyson, R.G. and Foster, M.J. (1987) Relative Efficiency Assessment Using Data 
Envelopment Analysis: An Application to Data on Rates Departments. Journal of the Operational 
Research Society 38(5), 397-411. 

Thanassoulis, E., Portela, M.C. and Allen, R. (2004) Incorporating value judgment in DEA. In Handbook on 
Data Envelopment Analysis (Edited by Cooper, W.W., Seiford, L.M. and Zhu, J.), 99-138. Kluwer 
Academic Publishers. 

Thompson, R.G. and R.M. Thrall (1994). Polyhedral assurance regions with linked constraints. New 
Directions in Computational Economics, W.W. Cooper and A.B. Whinston (eds.), Kluwer Academic 
Publishers, 121-133. 

Thompson, R.G. and Thrall, R.M. (1994) Polyhedral assurance regions with linked constraints. In New 
Directions in Computational Economics (Edited by Cooper, W.W. and Whinston, A.B.), 121-133. 
Kluwer Academic Publishers. 

Thompson, R.G. Singleton, F.D., Thrall, Jr, R.M. and Smith B.A. (1986) Comparative site evaluation for 
locating a high-energy physics lab in Texas. Interfaces 16, 35-49. 

Thompson, R.G., L.N. Langemeier, C.T. Lee, E. Lee, and R.M. Thrall (1990). The role of multiplier bounds 
in efficiency analysis with applications to Kansas farming. J. Econometrics 46, 93-108. 

Thompson, R.G., P.S. Dharmapala, and R.M. Thrall (1995). Linked-cone DEA profit ratios and technical 
efficiency with application to Illinois coal mines. Int. J. Production Economics 39, 99-115. 

Thompson, R.G., P.S. Dharmapala, E.J. Gatewood, S. Macy, and R.M. Thrall (1996). DEA/assurance region 
SBDC efficiency and unique projections. Opns. Res. 44, 533-542. 

Tomkins, C. and Green, R. (1988) An Experiment in the Use of Data Envelopment Analysis for Evaluating 
the Efficiency of UK University Departments of Accounting. Financial Accountability and 
Management 4(2), 147-164. 

Tone, K. (2001a) A slacks-based measure of efficiency in data envelopment analysis. European Journal of 
Operational Research 130, 498-509. 

Tone, K. (2001b) On Returns to Scale under Weight Restrictions in Data Envelopment Analysis. Journal of 
Productivity Analysis 16(1), 31-47. 

Tone, K. (2002) A slacks-based measure of super-efficiency in data envelopment analysis. European Journal 
of Operational Research 143, 32-41. 

Tortosa-Ausina, E. (2002) Bank Cost Efficiency and Output Specification. Journal of Productivity Analysis 
183, 199-222. 



Bibliography 

 382

Towey, R.E. (1974) Money Creation and the Theory of the Banking Firm. The Journal of Finance 29, 57-72. 
Triplett, J. E., and Bosworth, B. P. (2003) Productivity Measurement Issues In Services Industries: 

‘Baumol’s Disease’ Has Been Cured, Federal Reserve Bank of New York Policy Review, September, 
pp. 23-33. 

Tulkens, H. (1993) On FDH Efficiency Analysis: Some Methodological Issues and Applications to Retail 
Banking, Courts, and Urban Transit. The Journal of Productivity Analysis 4 (1/2), 183-210. 

Tversky, A. and Simonson, I. (1993) Context-dependent Preferences. Management Sciences 39, 1179-1189. 
Tyteca, D. (1996) On the Measurement of the Environmental Performance of Firms - A Literature-Review 

and a Productive Efficiency Perspective. Journal of Environmental Management 46, 281-308. 
United Nations (1993) System of National Accounts 1993. United Nations, New York. 
Vassiloglou, M. and Giokas, D. (1990) A Study of the Relative Efficiency of Bank Branches: An Application 

of Data Envelopment Analysis. Journal of the Operational Research Society 41, 591-597. 
Viton, P.A. (1998) Changes in Multi-Mode Bus Transit Efficiency, 1988-1992. Transportation 25, 1-21. 
Waddock, S. and Graves, S. (2000) Performance Characteristics of Social and Traditional Investments. 

Journal of Investing 9, 27-38. 
Webster, R., Kennedy, S. and Johnson, L. (1998) Comparing Techniques for Measuring the Efficiency and 

Productivity of Australian Private Hospitals, Australian Bureau of Statistics, Working Papers in 
Econometrics and Applied Statistics, 98/3, November. 

Wheelock, D.C. and Wilson, P.W. (1995) Evaluating the Efficiency of Commercial Banks: Does Our View of 
What Banks do Matter? Federal Reserve Bank of St Louis Review 77, 39-52. 

WinTRAC Life’98: CDROM and User’s Manual (1998). TRAC Insurance Services Ltd. 
WinTRAC P&C’98: CDROM and User’s Manual (1998). TRAC Insurance Services Ltd. 
Witt, C.A. and Witt, S.F. (1989) Why Productivity in the Hotel Sector is Low. Journal of Contemporary 

Hospitality Management 1(2), 28-34. 
Witt, S.F. and Moutinho, L. (1994) Tourism Marketing and Management Handbook, Prentice Hall, 

Hertfordshire. 
Wong, Y.H.B. and Beasley, J.E. (1990) Restricting Weight Flexibility in Data Envelopment Analysis. Journal of 

Operational Research Society 41(9), 829-835. 
Yaisawarng, S., and. Klein, J.D. (1994) The Effects of Sulfur-Dioxide Controls on Productivity Change in 

the United-States Electric-Power Industry. Review of Economics and Statistics 76, 447-460. 
Yue, P. (1992) Data Envelopment Analysis and Commercial Bank Performance: A Primer with Applications 

to Missouri Banks. Federal Reserve Bank of St Louis Review 74, 31-45. 
Zhao, S., and Jones, M. (n.d.) The Output of the Government Education Sector – Experimental Estimates and 

Issues, Australian Bureau of Statistics, Canberra. 
Zhu, J. (2003). Imprecise data envelopment analysis (IDEA): A review and improvement with an application. 

Eur. J. Oper. Res. 144, 513-529. 
Zhu, J. (2004). Imprecise DEA via standard linear DEA models with a revisit to a Korean mobile 

telecommunication company. Oper. Res. 52, 323-329. 
Zhu, Joe (1996) Data Envelopment Analysis with Preference Structure. Journal of Operations Research 

Society 47, 136-150. 
Zhu, Joe (2001) Super-efficiency and DEA Sensitivity Analysis. European Journal of Operational Research 

129(2), 443-455. 
Zhu, Joe (2003) Quantitative Models for Performance Evaluation and Benchmarking: Data Envelopment 

Analysis with Spreadsheets and DEA Excel Solver. Kluwer Academic Publishers, Boston. 

 



Further References 

 383

FURTHER REFERENCES 
Adler, N. and Berechman, J. (2001) Measuring Airport Quality from the Airlines’ Viewpoint: An Application 

of Data Envelopment Analysis. Transport Policy 8(1), 171-181. 
Adler, N. and Golany, B. (2001) Evaluation of Deregulated Airline Networks Using Data Envelopment 

Analysis Combined with Principle Component Analysis with an Application to Western Europe. 
European Journal of Operational Research 132(2), 260-273. 

Agrell, P., Bogetoft, P. and Tind, J. (2005) DEA and Dynamic Yardstick Competition in Scandinavian 
Electricity Distribution. Journal of Productivity Analysis 23(2), 173-201. 

Ahn, T., Arnold, V., Charnes, A. and Cooper, W.W. (1981) DEA and Ratio Efficiency Analysis for Public 
Institutions of Higher Learning in Texas. Research in Governmental and Nonprofit Accounting 5, 
165-185. 

Ahn, T., Charnes, A. and Cooper, W.W. (1988) Efficiency Characterization in Different DEA Models. Socio-
Economic Planning Sciences 22, 253-257. 

Aigner, D., Lovell, C.A.K. and Schmidt, P. (1977) Formulation and Estimation of Stochastic Frontier 
Production Function Models. Journal of Econometrics 6, 21-37. 

Alam, I.M.S. and Sickles, R.C. (1998) The Relationship between Stock Market Returns and Technical 
Innovations: Evidence from the US Airline Industry. Journal of Productivity Analysis 9, 35-51. 

Alam, J.B., Sikder, S.H. and Goulias, K.G. (2004) Role of Transportation in Regional Economic Efficiency 
in Bangladesh: Data Envelopment Analysis. Transportation Research Record (1864), 112-120. 

Allen, P.H. (1994) Making Consolidation Work. Bankers Magazine 177, 32-37. 
Al-Shammari, M. (1999) A Multi-criteria Data Envelopment Analysis Model for Measuring the Productive 

Efficiency of Hospitals. International Journal of Operations & Production Management 19(9), 879-
890. 

Anonymous. (2004) The Economic Impact of ICT Measurement, Evidence and Implications: Productivity 
Slowdown and the Role of ICT in Italy: A Firm-Level Analysis. SourceOECD Science & Information 
Technology 2004(5), 696-735. 

Armah, B.K.N., Park, T.A. and Lovell, C.A.K. (1999) Evaluating the Performance of Agricultural Bank 
Management: The Impact of State Regulatory Policies. Journal of Agricultural and Applied 
Economics 31(3), 437-448. 

Armistead, C., Johnston, R. and Slack, N. (1988) The Strategic Determinants of Service Productivity, in 
Proceedings of the Annual International Conference of the Operations Management Association, 
University of Warwick, (Edited by Johnston R), 325-340. 

Ataullah, A. and Le, H. (2004) Financial Repression and Liability of Foreignness in Developing Countries. 
Applied Economics Letters 11(9), 545-549. 

Ataullah, A., Cockerill, T. and Le, H. (2004) Financial Liberalization and Bank Efficiency: A Comparative 
Analysis of India and Pakistan. Applied Economics 36(17), 1915-1924. 

Athanassopoulos, A.D. (1995) Performance Improvement Decision Aid Systems (PIDAS) in Retailing 
Organizations Using Data Envelopment Analysis. The Journal of Productivity Analysis 6, 153-170. 

Athanassopoulos, A.D. and Ballantine, J.A. (1995) Ratio and Frontier Analysis for Assessing Corporate 
Performance: Evidence from the Grocery Industry in the UK. Journal of the Operational Research 
Society 46, 427-440. 

Athanassopoulos, A.D. and Giokas, D. (2000) The Use of Data Envelopment Analysis in Banking 
Institutions: Evidence from the Commercial Bank of Greece. Interfaces 30(2), 81-95. 

Athanassopoulos, A.D. and Karkazis, J. (1997) The Efficiency of Social and Economic Image Projection in 
Spatial Configurations. Journal of Regional Science 37, 75-97. 

Athanassopoulos, A.D. and Thanassoulis, E. (1995) Assessing Marginal Impacts of Investments on the 
Performance of Organisational Units. International Journal of Production Economics 39, 149-164. 

Athanassopoulos, A.D. and Thanassoulis, E. (1995) Separating Market Efficiency from Profitability and Its 
Implications for Planning. Journal of the Operational Research Society 46, 20-34. 

Athanassopoulos, A.D., Lambroukos, N. and Seiford, L. (1999) Data Envelopment Scenario Analysis for 
Setting Targets to Electricity Generating Plants. European Journal of Operational Research 115, 413-
428. 

Australian Bankers’ Association. (1990) Submission to the Parliamentary Inquiry into the Australian 
Banking Industry, December, Melbourne. 

Avkiran, N.K. (2001) Investigating Technical and Scale Efficiencies of Australian Universities through Data 
Envelopment Analysis. Socio-Economic Planning Sciences 35(1), 57-80. 

Avkiran, N.K. (2002) Monitoring Hotel Performance. Journal of Asia Pacific Business 4(1). 
Baltagi, B.H. (1995) Econometric Analysis of Panel Data. John Wiley & Sons, Chichester, England. 



Further References 

 384

Banker, R.D. (1980) A Game Theoretic Approach to Measuring Efficiency. European Journal of 
Operational Research 5, 262-268. 

Banker, R.D. (1993) Maximum Likelihood, Consistency and Data Envelopment Analysis: A Statistical 
Foundation. Management Science 39(10), 1265-1273. 

Banker, R.D. and Kemerer, C.F. (1989) Scale Economies in New Software Development. IEEE Transactions 
on Software Engineering 15, 1199-1205. 

Banker, R.D. and Morey, R.C. (1989) Incorporating Value Judgements in Efficiency Analysis. Research in 
Government and Nonprofit Accounting 5, 245-267. 

Banker, R.D. and Morey, R.C. (1993) Integrated System Design and Operational Decisions for Service 
Sector Outlets. Journal of Operations Management 11, 81-98. 

Banker, R.D. and Thrall, R.M. (1992) Estimation of Returns to Scale Using Data Envelopment Analysis. 
European Journal of Operational Research 62, 74-84. 

Banker, R.D., Kauffman, R.J. and Morey, R.C. (1990) Measuring Gains in Operational Efficiency from 
Information Technology: A Study of the Positran Deployment at Hardee's Inc. Journal of 
Management Information Systems 7(2), 29-54. 

Barla, P. and Perelman, S. (2005) Sulphur Emissions and Productivity Growth in Industrialised Countries. Annals 
of Public and Cooperative Economics 76(2), 275-300. 

Barr, R.S., Seiford, L.M. and Siems,T.F. (1994) Forecasting Bank Failure: A Non-parametric Frontier 
Estimation Approach. Recherches Economiques de Louvain 60(4), 417-429. 

Barros, C.P. and Athanassiou, M. (2004) Efficiency in European Seaports with DEA: Evidence from Greece 
and Portugal. Maritime Economics & Logistics 6(2), 122-140. 

Basso, A. and Funari, S. (2001) A Data Envelopment Analysis Approach to Measure the Mutual Fund 
Performance. European Journal of Operational Research 135(3), 477-492. 

Bates, J.M. (1997) Measuring Predetermined Socioeconomic 'Inputs' When Assessing the Efficiency of 
Educational Outputs. Applied Economics 29(1), 85-93. 

Beasley, J.E. (1995) Determining Teaching and Research Efficiencies. Journal of the Operational Research 
Society 46, 441-452. 

Bell, R.A. and Morey, R.C. (1994) The Search for Appropriate Benchmarking Partners: A Macro Approach 
and Application to Corporate Travel Management. Omega, International Journal of Management 
Science 22(5), 477-490. 

Belton, V. and Vickers, S.P. (1993) Demystifying DEA - A Visual Interactive Approach Based on Multiple 
Criteria Analysis. Journal of Operational Research Society 44(9), 883-896. 

Bendheim, C.L., Waddock, S.A. and Graves, S.B. (1998) Determining Best Practice in Corporate-
Stakeholder Relations Using Data Envelopment Analysis. Business & Society 37(3), 305-338. 

Berg, S.A., Forsund, F.R. and Jansen, E.S. (1992) Malmquist Indices of Productivity Growth During the 
Deregulation of Norwegian Banking 1980-1989. Scandinavian Journal of Economics 94 
(supplement), 211-228. 

Berg, S.A., Forsund, F.R., Hjalmarsson, L. and Suominen, M. (1993) Banking Efficiency in the Nordic 
Countries. Journal of Banking and Finance 17, 371-388. 

Berger, A.N. and Humphrey, D.B. (1992) Megamergers in Banking and the Use of Cost Efficiency As an 
Antitrust Defense. The Antitrust Bulletin Fall, 541-600. 

Berger, A.N., Hanweck, G.A. and Humphrey, D.B. (1987) Competitive Viability in Banking: Scale, Scope 
and Product Mix Economies. Journal of Monetary Economics 20, 501-520. 

Berry, B.J.L. and Chen, Y.S. (1999) Measurement of Campaign Efficiency Using Data Envelopment 
Analysis. Electoral Studies 18(3), 379-395. 

Bessent, A.M., Bessent, E.W., Charnes, A., Cooper, W.W. and Thorogood, N.C. (1983) Evaluation of 
Educational Program Proposals by Means of DEA. Educational Administration Quarterly 19(2), 82-
107. 

Bjorkgren, M., Fries, B., Hakkinen, U. and Brommels, M. (2004) Case-mix Adjustment and Efficiency 
Measurement. Scandinavian Journal of Public Health 32(6), 464-471. 

Blank, J.L. and Valdmanis, V. (2005) A Modified Three-stage Data Envelopment Analysis. European 
Journal of Health Economics 6(1), 65-72. 

Blois, K.J. (1984) Productivity and Effectiveness in Service Firms. Marketing in the Service Industries 4(3), 
49-60. 

Blose, J.E., Tankersley, W.B. and Flynn, L.R. (2005) Managing Service Quality Using Data Envelopment 
Analysis. Quality Management Journal 12(2), 7-24. 

Bogetoft, P. and Wang, D. (2005) Estimating the Potential Gains from Mergers. Journal of Productivity 
Analysis 23(2), 145-171. 

Bogetoft, P., Thorsen, B.J. and Strange, N. (2003) Efficiency and Merger Gains in the Danish Forestry 
Extension Service. Forest Science 49(4), 585-595. 



Further References 

 385

Boljuncic, V. (1999) A Note on Robustness of the Efficient DMUs in Data Envelopment Analysis. European 
Journal of Operational Research 112(1), 240-244. 

Bonaccorsi, A., Giuri, P. and Pierotti, F. (2005) Technological Frontiers and Competition in Multi-
technology Sectors. Economics of Innovation and New Technology 14(1-2), 23-42. 

Borenstein, D., Becker, J.L. and Prado, V.J. (2004) Measuring the Efficiency of Brazilian Post Office Stores 
Using Data Envelopment Analysis. International Journal of Operations and Production Management 
24(10), 1055-1078. 

Borger, B.D. and Kerstens, K. (2000) The Malmquist Productivity Index and Plant Capacity Utilization.  
Scandinavian Journal of Economics 102(2), 303-310.                                                                

Borger, B.D., Ferrier, G.D. and Kerstens, K. (1998) The Choice of a Technical Efficiency Measure on the 
Free Disposal Hull Reference Technology: A Comparison Using US Banking Data. European Journal 
of Operational Research 105(3), 427-446. 

Bougnol M.L., Dula, J.H., Retzlaff-Roberts, D. and Womer, N.K. (2005) Nonparametric Frontier Analysis 
with Multiple Constituencies. Journal of the Operational Research Society 56(3), 252-266. 

Bowen, J.W. (1990) The Changing Face of Consumer Banking. Journal of Retail Banking 12, 9-18. 
Bowlin, W.F. (1999) An Analysis of the Financial Performance of Defense Business Segments Using Data 

Envelopment Analysis. Journal of Accounting and Public Policy 18(4/5), 287-310.                                                      
Braglia, M., Zanoni, S. and Zavanella, L. (2003) Measuring and Benchmarking Productive Systems 

Performances Using DEA: An Industrial Case. Production Planning and Control 14(6), 542-554. 
Bretschneider, S., Marc-Aurele, F.J. and Wu, J. (2005) "Best Practices" Research: A Methodological Guide 

for the Perplexed. Journal of Public Administration Research and Theory 15(2), 307-323. 
Brockett, P.L., Cooper, W.W., Golden, L.L., Rousseau, J.J. and Wang, Y. (2005) Financial Intermediary Versus 

Production Approach to Efficiency of Marketing Distribution Systems and Organizational Structure of 
Insurance Companies. Journal of Risk & Insurance 72(3), 393-412. 

Brockett, P.L., Cooper, W.W., Kumbhakar, S.C., Kwinn, M.J. and McCarthy, D. (2004) Alternative Statistical 
Regression Studies of the Effects of Joint and Service Specific Advertising on Military Recruitment. 
Journal of the Operational Research Society 55(10), 1039-1048. 

Bronn, C. and Bronn, P.S. (2005) Reputation and Organizational Efficiency: A Data Envelopment Analysis 
Study. Corporate Reputation Review 8(1), 45-58. 

Bulla, S., Cooper, W.W. and Wilson, D. (2000) Evaluating Efficiencies of Turbofan Jet Engines: A Data 
Envelopment Analysis Approach. Journal of Propulsion and Power 16(3), 431-439. 

Burgess, J. and Walker, G. (1978) Scale Economies in Australian Banking and Insurance: Preliminary 
Results, paper presented at the ANZAAS Conference Auckland, N.Z. 

Burley, H.T. (1980) Productive Efficiency in US Manufacturing: A Linear Programming Approach. The 
Review of Economics and Statistics 62(4), 619-622. 

Burley, H.T. (1994) Farrell, Data Envelopment Analysis and Leibenstein on Efficiency Measurement, in 
Perspectives on the History of Economic Thought (Edited by Vaughn K.I.); London, 256-265. 

Button, K. and Weyman-Jones, T. (1993) X-efficiency and Regulatory Regime Shift in the UK. Journal of 
Evolutionary Economics 3, 269-284. 

CabreraRios, M., Castro, J.M. and MountCampbell, C.A. (2004) Multiple Quality Criteria Optimization in 
Reactive In-Mold Coating with a Data Envelopment Analysis Approach II: A Case With More Than 
Three Performance Measures. Journal of Polymer Engineering 24(4), 435-450. 

Caine, D.J. and Parker, B.J. (1996) Linear Programming Comes of Age: A Decision-Support Tool for Every 
Manager. Management Decision 34(4), 46-53. 

Capettini, R., Dittman, D.A. and Morey, R.C. (1985) Reimbursement Rate Setting for Medicaid Prescription 
Drugs Based on Relative Efficiencies. Journal of Accounting and Public Policy 4, 83-110. 

Castelli, L., Pesenti, R. and Ukovich, W. (2001) DEA-like Models For Efficiency Evaluations of Specialized 
and Interdependent Units. European Journal of Operational Research 132(2), 274-286. 

Chalos, P. (1997) An Examination of Budgetary Inefficiency in Education Using Data Envelopment 
Analysis. Financial Accountability and Management 13(1), 55-69. 

Chapparo, F., Jimenez, J.S. and Smith, P. (1997) On the Role of Weight Restrictions in Data Envelopment 
Analysis. Journal of Productivity Analysis 8, 215-230. 

Chapparo, F., Jimenez, J.S. and Smith, P. (1999) On the Quality of the Data Envelopment Analysis Model. 
Journal of the Operational Research Society 50(6), 636-644. 

Charnes, A., Cooper, W.W. and Shanling, L. (1989) Using Data Envelopment Analysis to Evaluate 
Efficiency in the Economic Performance of Chinese Cities. Socio-Economic Planning Sciences 23(6), 
325-344. 

Charnes, A., Cooper, W.W. and Thrall, R.M. (1986) Classifying and Characterizing Efficiencies and 
Inefficiencies in Data Development Analysis. Operations Research Letters 5(3), 105-110. 

Charnes, A., Cooper, W.W., Golany, B. and Seiford, L. (1985), Foundations of Data Envelopment Analysis 
for Pareto-Koopmans Efficient Empirical Production Functions. Journal of Econometrics 30, 91-107. 



Further References 

 386

Charnes, A., Cooper, W.W., Lewin, A.Y., Morey, R.C. and Rousseau, J. (1985) Sensitivity and Stability 
Analysis in DEA. Annals of Operations Research 2, 139-156. 

Charnes, A., Haag, S., Jaska, P. and Semple, J. (1992) Sensitivity of Efficiency Classifications in the 
Additive Model of Data Envelopment Analysis. International Journal of Systems Sciences 23(5), 789-
798. 

Cherchye, L. (2001) Using Data Envelopment Analysis to Assess Macroeconomic Policy Performance. 
Applied Economics 33(3), 407-416. 

Cherchye, L., Kuosmanen, T. and Post, T. (2001) Alternative Treatments of Congestion in DEA: A Rejoinder 
to Cooper, Gu, and Li. European Journal of Operational Research 132(1), 75-80. 

Chitkara, P. (1999) A Data Envelopment Analysis Approach to Evaluation of Operational Inefficiencies in 
Power Generating Units: A Case Study of Indian Power Plants. IEEE Transactions on Power Systems 
14(2), 419-425. 

Cinca, C.S. and Molinero, C.M. (2004) Selecting DEA Specifications and Ranking Units via PCA. Journal of 
the Operational Research Society 55(5), 521-528. 

Coates, D. (1999) The Effects of Campaign Spending on Electoral Outcomes: A Data Envelopment Analysis. 
Public Choice 99, 15-37. 

Coelli, T. (1996) Measurement and Sources of Technical Inefficiency in Australian Coal-Fired Electricity 
Generation, revision of paper presented at the New England Conference on Efficiency and 
Productivity, UNE Armidale, November 23-24, 1995. 

Coelli, T. (1998) Productivity Growth in Australian Electricity Generation: Will the Real TFP Measure 
Please Stand Up? Revision of paper presented at the International Conference on Public Sector 
Efficiency, UNSW, Sydney, 27-28 November, 1997. 

Coelli, T.J. and Rao, D.S.P. (2005) Total Factor Productivity Growth in Agriculture: A Malmquist Index 
Analysis of 93 countries, 1980-2000. Agricultural Economics 32(s1), 115-134. 

Cole, E.T. and Healy, J.P. (2000) Efficient CEO Compensation: A Data Envelopment Analysis Approach. 
Advances in Management Accounting 9(1), 189-210. 

Colwell, R.J. and Davis, E.P. (1992) Output and Productivity in Banking. Scandinavian Journal of 
Economics 94, 111-129. 

Cook, W.D. and Green, R.H. (2000) Project Prioritisation: a Resource-Constrained Data Envelopment 
Analysis Approach. Socio-Economic Planning Sciences 34(2), 85-99. 

Cook, W.D. and Zhu, J. (2005) Building Performance Standards into Data Envelopment Analysis Structures. 
IIE Transactions 37(3), 267-276. 

Cooper, W.W., Gu, B. and Li, S. (2001) Comparisons and Evaluations of Alternative Approaches to the 
Treatment of Congestion in DEA. European Journal of Operational Research 132(1), 62-74. 

Cooper, W.W., Park, K.S. and Yu, G. (2001) IDEA (Imprecise Data Envelopment Analysis) with CMDS 
(Column Maximum Decision Making Units).  Journal of Operational Research Society 52(2), 178-
181. 

Cooper, W.W., Thompson, R.G. and Thrall, R.M. (1996) Introduction: Extensions and New Developments in 
DEA. Annals of Operations Research 66(1), 3-45. 

Cornett, M.M. and Tehranian, H. (1992) Changes in Corporate Performance Associated with Bank 
Acquisitions. Journal of Financial Economics 31, 211-234. 

Cubbin, J. and Tzanidakis, G. (1998) Regression versus Data Envelopment Analysis for Efficiency 
Measurement: An Application to the England and Wales Regulated Water Industry. Utilities Policy 7, 
75-85. 

De Borger, B., Ferrier, G.D. and Kerstens, K. (1998) The Choice of a Technical Efficiency Measure on the 
Free Disposal Hull Reference Technology: A Comparison Using US Banking Data. European Journal 
of Operational Research 105, 427-446. 

Delgado, F.J., Valino, A. and Santin, D. (2004) The Measurement of Technical Efficiency: A Neural 
Network Approach. Applied Economics 36(6), 627-635. 

Dervaux, B., Leleu, H. and Valdmanis, V. (2004) Estimating Tradeoffs Among Health Care System's Objectives. 
Health Services and Outcomes Research Methodology 5(1), 39-58. 

Desai, A., Ratick, S.J. and Schinnar, A.P. (2005) Data Envelopment Analysis with Stochastic Variations in 
Data. Socio-Economic Planning Sciences 39(2), 147-164. 

Desli, E. and Ray, S.C. (2004) A Bootstrap-Regression Procedure to Capture Unit Specific Effects In Data 
Envelopment Analysis. Indian Economic Review 39(1), 89-110. 

Despotis, D.K. (2005) A Reassessment of the Human Development Index via Data Envelopment Analysis. 
Journal of the Operational Research Society 56(8), 969-980. 

Despotis, D.K. (2005) Measuring Human Development via Data Envelopment Analysis: The Case of Asia 
and the Pacific. Omega 33(5), 385-390. 



Further References 

 387

Dexter, F. and ONeill, L. (2004) Data Envelopment Analysis to Determine by How Much Hospitals Can 
Increase Elective Inpatient Surgical Workload for Each Specialty. Anesthesia and Analgesia 99(5), 
1492-1500. 

Dhungana, B.R., Nuthall, P.L. and Nartea, G.V. (2004) Measuring the Economic Inefficiency of Nepalese 
Rice Farms using Data Envelopment Analysis. Australian Journal of Agricultural and Resource 
Economics 48(2), 347-369. 

Dia, M. (2004) A Model of Fuzzy Data Envelopment Analysis. Infor 42(4), 267-280. 
Dittman, D.A., Capettini, R. and Morey, R.C. (1991) Measuring Efficiency of Acute Care Hospitals: An 

Application of Data Envelopment Analysis. Journal of Health and Human Resources Administration 
4(1), 89-108. 

Djerdjouri, M. (2005) Assessing and Benchmarking Maintenance Performance in a Manufacturing Facility: A 
Data Envelopment Analysis Approach. Infor 43(2), 121-134. 

Domney, M.D., Wilson, H.I.M. and Chen, E. (2005) Natural Monopoly Privatisation under Different 
Regulatory Regimes: A Comparison of New Zealand and Australian Airports. International Journal 
of Public Sector Management 18(3), 274-292. 

Donthu, N. and Yoo, B. (1998) Retail Productivity Assessment Using Data Envelopment Analysis. Journal 
of Retailing 74(1), 89-105. 

Doyle, J.R. and Green, R.H. (1991) Comparing Products Using Data Envelopment Analysis. Omega, 
International Journal of Management Science 19(6), 631-638. 

Doyle, J.R. and Green, R.H. (1994) Cross-evaluation in DEA: Improving Discrimination among DMUs. 
INFOR 33(3), 205-222. 

Drake, L. and Simper, R. (2000) Productivity Estimation and the Size-Efficiency Relationship in English and 
Welsh Police Forces. An Application of Data Envelopment Analysis and Multiple Discriminant 
Analysis. International Review of Law and Economics 20(1), 53-73. 

Duan, Y., Tian, P. and Zhang, W. (2005) Relative Efficiency Analysis of Complex System Based on Data 
Envelopment Analysis. Journal- Shanghai Jiaotong University 36(3), 433-436. 

Dyson, R.G., Thanassoulis, E. and Boussofiane, A. (1998) Data Envelopment Analysis. Warwick Business 
School, www.csv.warwick.ac.uk/~bsrlu/dea/deat/deat1.htm. 

Easun, S. (1994) Beginner's Guide to Efficiency Measurement. School Library Media Quarterly 22(2), 103-
107. 

Edgar, R.J., Hatch, J.H. and Lewis, M.K. (1971) Economies of Scale in Australian Banking 1947-1968. 
Economic Record 47, 17-37. 

Einolf, K.W. (2004) Is Winning Everything? A Data Envelopment Analysis of Major League Baseball and 
the National Football League. Journal of Sports Economics 5(2), 127-151. 

Elyasiani, E. and Mehdian, S. (1995) The Comparative Efficiency Performance of Small and Large US 
Commercial Banks in the Pre- and Post-Deregulation Eras. Applied Economics 27, 1069-1079. 

Ertay, T. and Ruan, D. (2005) Data Envelopment Analysis Based Decision Model for Optimal Operator 
Allocation in CMS. European Journal of Operational Research 164(3), 800-810. 

Espitia-Escuer, M. and GarcIa-CebriAn, L.I. (2004) Measuring the Efficiency of Spanish First-Division 
Soccer Teams. Journal of Sports Economics 5(4), 329-346. 

Estellita-Lins, M.P., Angulo-Meza, L. and Moreira da Silva, A.C. (2004) A Multi-objective Approach to 
Determine Alternative Targets in Data Envelopment Analysis. Journal of the Operational Research 
Society 55(10), 1090-1101. 

Färe, R., Grosskopf, S. and Lovell, C.A.K. (1994) Production Frontiers. Cambridge University Press, 
Cambridge. 

Färe, R., Grosskopf, S. and Weber, W.L. (1989) Measuring School District Performance. Public Finance 
Quarterly 17(4), 409-428. 

Fare, R., Grosskopf, S. and Whittaker, G. (2004) On Value Efficiency and Data Envelopment Analysis. 
Indian Economic Review 39(1), 81-88. 

Fare, R., Grosskopf, S. and Zelenyuk, V. (2004) Aggregation Bias and its Bounds in Measuring Technical 
Efficiency. Applied Economics Letters 11(10), 657-660. 

Farrell, M.J. and Fieldhouse, M. (1962) Estimating Efficient Production Functions under Increasing Returns 
to Scale. Journal of Royal Statistical Society 125, 252-267. 

Ferrier, G.D. and Valdmanis, V.G. (2004) Do Mergers Improve Hospital Productivity? Journal of the 
Operational Research Society 55(10), 1071-1080. 

Fields, J.A., Murphy, N.B. and Tirtiroglu, D. (1993) An International Comparison of Scale Economies in 
Banking: Evidence from Turkey. Journal of Financial Services Research 7, 111-125. 

Fitzgerald, L. (1988) Management Performance Measurement in Service Industries, in Proceedings of the 
Annual International Conference of the Operations Management Association, (Edited by Johnston 
R.), University of Warwick, 341-349. 



Further References 

 388

Fixler, D.J. and Zieschang, K.D. (1993) An Index Number Approach to Measuring Bank Efficiency: An 
Application to Mergers. Journal of Banking and Finance 17, 437-450. 

Flegg, A.T., Allen, D.O., Field, K. and Thurlow, T.W. (2004) Measuring the Efficiency of British 
Universities: A Multi-period Data Envelopment Analysis. Education Economics 12(3), 231-250. 

Flessa, S. (2005) Between Love and Efficiency. A Performance Analysis of Ambulatory Nursing Care with 
Data Envelopment Analysis Models. Journal of Public Health 12(4), 242-249. 

Forsund, F.R. and Hjalmarsson, L. (1979) Generalised Farrell Measures of Efficiency: An Application to 
Milk Processing in Swedish Dairy Plants. The Economic Journal 89, 294-315. 

Forsund, F.R. and Hjalmarsson, L. (2004) Calculating Scale Elasticity in DEA Models. Journal of the 
Operational Research Society 55(10), 1023-1038. 

Fried, H.O., Lovell, C.A.K. and Eeckaut, P.V. (1993) Evaluating the Performance of US Credit Unions. 
Journal of Banking and Finance 17(2/3), 251-265. 

Fried, H.O., Lovell, C.A.K. and Schmidt, S.S. (1993) The Measurement of Productive Efficiency: Techniques 
and Applications. Oxford University Press, New York. 

Fried, H.O., Schmidt, S.S. and Yaisawarng, S. (1999) Incorporating the Operating Environment Into a 
Nonparametric Measure of Technical Efficiency. Journal of Productivity Analysis 12(3), 249-267. 

Fukuyama, H. (1995) Measuring Efficiency and Productivity Growth in Japanese Banking: A Nonparametric 
Frontier Approach. Applied Financial Economics 5(2), 95-107. 

Fukuyama, H. (2000) Returns to Scale and Scale Elasticity in Data Envelopment Analysis. European Journal 
of Operational Research 125(1), 93-112. 

Ganley, J.A. and Cubbin, J.S. (1992) Public Sector Efficiency Measurement: Applications of Data 
Envelopment Analysis. North-Holland, Amsterdam. 

Gathon, H.J. (1989) Indicators of Partial Productivity and Technical Efficiency in the European Urban 
Transit Sector. Annals of Public and Co-operative Economics 60(1), 43-59. 

Gattoufi, S., Oral M., Kumar, A. and Reisman, A. (2004) Content Analysis of Data Envelopment Analysis 
Literature and its Comparison with that of Other OR/MS Fields. Journal of the Operational Research 
Society 55(9), 911-935. 

Golany, B. and Roll, Y. (1993) Some Extensions of Techniques to Handle Non-Discretionary Factors in Data 
Envelopment Analysis. The Journal of Productivity Analysis 4, 419-432. 

Grazhdaninova, M. and Lerman, Z. (2005) Allocative and Technical Efficiency of Corporate Farms in 
Russia. Comparative Economic Studies 47(1), 200-213. 

Greasley, A. (2003) The Use of Data Envelopment Analysis and Simulation in Process Redesign. Simulation 
Series 35(3), 531-535. 

Gregoriou, G., Messier, J. and Sedzro, K. (2004) Assessing the Relative Efficiency of Credit Union Branches 
Using Data Envelopment Analysis. Infor 42(4), 281-298. 

Gregoriou, G.N., Sedzro, K. and Zhu, J. (2005) Hedge Fund Performance Appraisal Using Data Envelopment 
Analysis. European Journal of Operational Research 164(2), 555-571. 

Grifell-Tatje, E. and Lovell, C.A.K. (1996) Deregulation and Productivity Decline: The Case of Spanish 
Savings Banks. European Economic Review 40, 1281-1303. 

Grosskopf, S. (1996) Statistical Inference and Nonparametric Efficiency: A Selective Survey. The Journal of 
Productivity Analysis 7, 161-176. 

Haag, S., Jaska, P. and Semple, J. (1992) Assessing the Relative Efficiency of Agricultural Production Units 
in the Blackland Prairie, Texas. Applied Economics 24, 559-565. 

Halkos, G.E. and Salamouris, D.S. (2004) Efficiency Measurement of the Greek Commercial Banks with the 
use of Financial Ratios: A Data Envelopment Analysis Approach. Management Accounting Research 
15(2), 201-224. 

Hanushek, E.A. (1979) Conceptual and Empirical Issues in the Estimation of Educational Production 
Functions. The Journal of Human Resources 14(3), 351-388. 

Hao, H., Gu, P. and Lu, Q. (2004) Extended Data Envelopment Analysis Model Based on C2GS2 Model-
EC2GS2. Xitong Gongcheng Xuebao 19(1), 1-7. 

Harrison, J.P. and Ogniewski, R.J. (2005) An Efficiency Analysis of Veterans Health Administration Hospitals. 
Military Medicine 170(7), 607-611. 

Harrison, J.P., Coppola, M.N. and Wakefield, M. (2004) Efficiency of Federal Hospitals in the United States. 
Journal of Medical Systems 28(5), 411-422. 

Hatch, J.H. and Lewis, M.K. (1973) Economies of Scale in Australian Banking: A Reply. Economic Record 
49, 481-484. 

Heyes, A.G. and Liston-Heyes, C. (2004) Brand Management in US Business Schools: Can Yale Learn from 
Harvard? International Journal of Educational Advancement 5(1), 35-45. 

Hirschberg, J.G. and Lye, J.N. (2001) Clustering in a Data Envelopment Analysis Using Bootstrapped 
Efficiency Scores. Unpublished Paper from the University of Melbourne. 



Further References 

 389

Ho, C.T. and Tan, K.H. (2004) Measuring Operational Efficiency: An Approach Based on the Data 
Envelopment Analysis. International Journal of Management and Enterprise Development 1(2), 120-
135. 

Ho, C.T. and Zhu, D. (2004) Performance Measurement of Taiwan’s Commercial Banks. International 
Journal of Productivity and Performance Management 53(5), 425-434. 

Hof, J., Flather, C., Baltic, T. and King, R. (2004) Forest and Rangeland Ecosystem Condition Indicators: 
Identifying National Areas of Opportunity Using Data Envelopment Analysis. Forest Science 50(4), 
473-494. 

Hollingsworth, B. (2004) Non Parametric Efficiency Measurement. The Economic Journal 114(496), F307-
F311. 

Homburg, C. (2001) Using Data Envelopment Analysis to Benchmark Activities. International Journal of 
Production Economics 73(1), 52-58. 

Hong, Y. and Wei, Q. (2000) A Method of Transfering Cones of Intersection Form to Cones of Sum Form 
and its Applications in Data Envelopment Analysis Models.  International Journal of Systems Science 
31(5), 629-638. 

Houston, J.F. and Ryngaert, M.D. (1994) The Overall Gains from Large Bank Mergers. Journal of Banking 
and Finance 18, 1155-1176. 

Hu, B.A. and Cai, L.A. (2004) Hotel Labor Productivity Assessment: A Data Envelopment Analysis. Journal 
of Travel and Tourism Marketing 16(2/3), 27-38. 

Huang, Y.L. and McLaughlin, C.P. (1989) Relative Efficiency in Rural Primary Health Care: An Application 
of Data Envelopment Analysis. Health Services Research 24(2), 143-158. 

Hunter, W.C. and Timme, S.G. (1986) Technical Change, Organizational Form, and the Structure of Bank 
Productivity. Journal of Money, Credit and Banking 18, 152-166. 

Hunter, W.C. and Timme, S.G. (1991) Technological Change in Large U.S. Commercial Banks. Journal of 
Business 64, 339-362. 

Jackson, P.M., Fethi, M.D. and Inal, G. (1998) Efficiency and Productivity Growth in Turkish Commercial 
Banking Sector: A Nonparametric Approach. Paper presented at the European Symposium on Data 
Envelopment Analysis, Hochshule Harz, Wernigerode, Germany, 16-18 October. 

Jacobs, R. (2001) Alternative Methods to Examine Hospital Efficiency: Data Envelopment Analysis and 
Stochastic Frontier Analysis. Health Care Management Science 4(1), 103-115. 

Jahanshahloo, G.R., Amirteimoori, A.R. and Kordrostami, S. (2004) Measuring the Multi-component 
Efficiency with Shared Inputs and Outputs in Data Envelopment Analysis. Applied Mathematics and 
Computation 155(1), 283-293. 

Jahanshahloo, G.R., Hosseinzadeh, F., Shoja, N., Sanei, M. and Tohidi, G. (2005) Sensitivity and Stability 
Analysis in Data Envelopment Analysis. Journal of the Operational Research Society 56(3), 342-345. 

Jahanshahloo, G.R., HosseinzadehLotfi, F. and Zohrehbandian, M. (2005) Finding the Piecewise Linear 
Frontier Production Function in Data Envelopment Analysis. Applied Mathematics and Computation 
163(1), 483-488. 

Jahanshahloo, G.R., HosseinzadehLotfi, F., Shoja, N., Tohidi, G. and Razavyan, S. (2004) Ranking using l1-
norm in Data Envelopment Analysis. Applied Mathematics and Computation 153(1), 215-224. 

Jahanshahloo, G.R., KazemiMatin, R. and HadiVencheh, A. (2004) On Return to Scale of Fully Efficient 
DMUs in Data Envelopment Analysis under Interval Data. Applied Mathematics and Computation 
154(1), 31-40. 

Jahanshahloo, G.R., Lotfi, F.H. and Zohrehbandian, M. (2005) Notes on Sensitivity and Stability of the 
Classifications of Returns to Scale in Data Envelopment Analysis. Journal of Productivity Analysis 23(3), 
309-313. 

Jesson, D., Mayston, D. and Smith, P. (1987) Performance Assessment in the Education Sector: Educational 
and Economic Perspectives. Oxford Review of Education 13(3), 249-266. 

Johnson, R., 1993, Bank Mergers and Excess Capacity: A Study of the Relative Operating Performance of 
Four Multi-Bank Holding Companies, Federal Reserve Bank of New York, Research Paper No.9305, 
May. 

Joro, T. and Korhonen, P. and Wallenius, J. (1998) Structural Comparison of Data Envelopment Analysis 
and Multiple Objective Linear Programming. Management Science 44(7), 962-970. 

Joumady, O. and Ris, C. (2005) Performance in European Higher Education: A Non-parametric Production 
Frontier Approach. Education Economics 13(2), 189-205. 

Kao, C. (2000) Data Envelopment Analysis in Resource Allocation: An Application of Forest Management.  
International Journal of Systems Science 31(9), 1059-1066. 

Kao, C. (2000) Measuring the Performance Improvement of Taiwan Forests after Reorganization. Forest 
Science 46(4), 577-584. 

Kao, C. and Lin, Y.C. (2004) Evaluation of the University Libraries in Taiwan: Total Measure versus Ratio 
Measure. Journal of the Operational Research Society 55(12), 1256-1265. 



Further References 

 390

Kao, C. and Liu, S.T. (2000) Fuzzy Efficiency Measures in Data Envelopment Analysis. Fuzzy Sets and 
Systems 113(3), 427-437. 

Kao, C. and Liu, S.T. (2005) Data Envelopment Analysis with Imprecise Data: An Application of Taiwan 
Machinery Firms. International Journal of Uncertainty Fuzziness and Knowledge Based Systems 
13(2), 225-240. 

Kaparakis, E.I., Miller, S.M. and Noulas, A.G. (1994) Short-run Cost Efficiency of Commercial Banks: A 
Flexible Stochastic Frontier Approach. Journal of Money, Credit and Banking 26(4), 875-893. 

Karadag, M., Onder, O. and Deliktas, E. (2005) Growth of Factor Productivity in the Turkish Manufacturing 
Industry at Provincial Level. The Journal of the Regional Studies Association 39(2), 213-223. 

Karkazis, J. and Thanassoulis, E. (1998) Assessing the Effectiveness of Regional Development Policies in 
Northern Greece Using Data Envelopment Analysis. Socio Economic Planning Sciences 32(2), 123-
137. 

Keeves, J.P. (1997) Educational Research, Methodology, and Measurement: An International Handbook, 
2nd edn. Cambridge University Press, Cambridge. 

Kells, H.R. (1993) The Development of Performance Indicators for Higher Education, 2nd edn, Programme 
on Institutional Management in Higher Education, Organisation for Economic Co-operation and 
Development, Paris. 

Kirigia, J.M., Emrouznejad, A., Sambo, L.G., Munguti, N. and Liambila, W. (2004) Using Data 
Envelopment Analysis to Measure the Technical Efficiency of Public Health Centers in Kenya. 
Journal of Medical Systems 28(2), 155-166. 

Kleinsorge, I.K. (1994) Financial and Efficiency Differences in Family-Owned and Non-Family-Owned 
Nursing Homes: An Oregon Study. Family Business Review 7(1), 73-86. 

Kneip, A. and Simar, L. (1996) A General Framework for Frontier Estimation with Panel Data. The Journal 
of Productivity Analysis 7, 187-212. 

Koch, S.F., Schoeman, N.J. and Tonder, J.J. (2005) Economic Growth and the Structure of Taxes in South 
Africa: 1960-2002. South African Journal of Economics 73(2), 190-210. 

Kohers, T., Huang, M.H. and Kohers, N. (2000) Market Perception of Efficiency in Bank Holding Company 
Mergers: the role of the DEA and SFA Models in Capturing Merger Potential. Review of Financial 
Economics. 9(2), 101-120. 

Kontodimopoulos, N. and Niakas, D. (2005) Efficiency Measurement of Hemodialysis Units in Greece with 
Data Envelopment Analysis. Health Policy 71(2), 195-204. 

Krishnasamy, G., Ridzwa, A.H. and Perumal, V. (2004) Malaysian Post Merger Banks Productivity: 
Application of Malmquist Productivity Index. Managerial Finance 30(4), 63-74. 

Kuntz, L. and Scholtes, K. (2000) Measuring the Robustness of Empirical Efficiency Valuation. Management 
Science 46(6), 807-823. 

Kuosmanen, T. (2001) DEA with Efficiency Classification Preserving Conditional Convexity. European 
Journal of Operational Research 132(2), 326-342. 

Laine, J., Finne-Soveri, U.H., Bjorkgren, M., Linna, M., Noro, A. and Hakkinen, U. (2005) The Association 
Between Quality of Care and Technical Efficiency in Long-term Care. International Journal for Quality 
in Health Care 17(3), 259-267. 

Lam, P.L. and Shiu, A. (2004) Efficiency and Productivity of Chinas Thermal Power Generation. Review of 
Industrial Organization 24(1), 73-93. 

Lambert, D.K. (1999) Scale and the Malmquist Productivity Index. Applied Economics Letters 6(9), 593-596. 
Land, K.C., Lovell, C.A.K. and Thore, S. (1992) Productive Efficiency Under Capitalism and State 

Socialism: The Chance-Constrained Programming Approach. Public Finances 47, 109-121. 
Latruffe, L., Balcombe, K., Davidova, S. and Zawalinska, K. (2005) Technical and Scale Efficiency of Crop 

and Livestock Farms in Poland: Does Specialization Matter? Agricultural Economics 32(3), 281-296. 
Lehmann, E., Warning, S. and Weigand, J. (2004) Governance Structures, Multidimensional Efficiency and 

Firm Profitability. Journal of Management & Governance 8(3), 279-304. 
Lewin, A.Y. and Morey, R.C. (1981) Measuring the Relative Efficiency and Output Potential of Public 

Sector Organizations: An Application of Data Development Analysis. International Journal of Policy 
Analysis and Information Systems 5(4), 267-285. 

Liao, H. (2005) Using N-D Method to Solve Multi-response Problem in Taguchi. Journal of Intelligent 
Manufacturing 16(3), 331-347. 

Liao, H.C. (2004) A Data Envelopment Analysis Method for Optimizing Multi-response Problem with 
Censored Data in the Taguchi Method. Computers and Industrial Engineering 46(4), 817-835. 

Lien, D. and Peng, Y. (1999) Measuring the Efficiency of Search Engines: An Application of Data 
Envelopment Analysis. Applied Economics 31(12), 1581-1587. 

Lim, G.H. and Randhawa, D.S. (2005) Competition, Liberalization and Efficiency: Evidence from a Two-stage 
Banking Model on Banks in Hong Kong and Singapore. Managerial Finance 31(1), 52-77. 



Further References 

 391

Lins, M.P.E., AnguloMeza, L. and DaSilva, A.C.M. (2004) A Multi-objective Approach to Determine 
Alternative Targets in Data Envelopment Analysis. Journal of the Operational Research Society 55(10), 
1090-1101. 

Lissitsa, A. and Odening, M. (2005) Efficiency and Total Factor Productivity in Ukrainian Agriculture in 
Transition. Agricultural Economics 32(3), 311-325. 

Liu, J. and Yu, D. (2004) Evaluation of Plant Maintenance Based on Data Envelopment Analysis. Journal of 
Quality in Maintenance Engineering 10(3), 203-209. 

Lothgren, M. (1999) Bootstrapping the Malmquist Productivity Index – A Simulation Study. Applied 
Economics Letters 6(11), 707-710. 

Lothgren, M. and Tambour, M. (1999) Bootstrapping the Data Envelopment Analysis Malmquist 
Productivity Index. Applied Economics 31(4), 417-425. 

Lovell, C.A.K. (1996) Applying Efficiency Measurement Techniques to the Measurement of Productivity 
Change. The Journal of Productivity Analysis 7, 329-340. 

Lovell, C.A.K. and Eeckaut, P.V. (1994) Frontier Tales: DEA and FDH. in Mathematical Modelling in 
Economics: Essays in Honour of Wolfgang Eichhorn (Edited by Diewert, W., Spremann, K. and 
Stehlings, F.), Springer, Berlin, 446-457. 

Lozano, S. and Villa, G. (2004) Centralized Resource Allocation Using Data Envelopment Analysis. Journal 
of Productivity Analysis. Journal of Productivity Analysis 22(1-2), 143-161. 

Lozano, S. and Villa, G. (2005) Centralized DEA Models with the Possibility of Downsizing. Journal of the 
Operational Research Society 56(4), 357-364. 

Luksetich, W. and Hughes, P.N. (1997) Efficiency of Fund-Raising Activities: An Application of Data 
Envelopment Analysis. Nonprofit and Voluntary Sector Quarterly 26(1), 73-84. 

Ma, Y. and Goo, Y. (2005) Technical Efficiency and Productivity Change in China's High- and New-Technology 
Industry Development Zones. Asian Business & Management 4(3), 331-355. 

Mahajan, J. (1991) A Data Envelopment Analytic Model for Assessing the Relative Efficiency of the Selling 
Function. European Journal of Operational Research 53, 189-205. 

Maital, S. and Vainsky, A. (1999) Data Envelopment Analysis with Resource Constraints; An Alternative 
Model with Non-Discretionary Factors.  European Journal of Operational Research 128(1), 206-212. 

Maital, S. and Vaninsky, A. (1999) Data Envelopment Analysis with a Single DMU: A Graphic Projected-
Gradient Approach. European Journal of Operational Research 115, 518-528. 

Managi, S. and Karemera, D. (2004) Input and Output Biased Technological Change in US Agriculture. 
Applied Economics Letters 11(5), 283-286. 

Manos, B. and Psychoudakis, A. (1997) Investigation of the Relative Efficiency of Dairy Farms Using Data 
Envelopment Analysis. Quarterly Journal of International Agriculture 36(2), 188-197. 

Marianna, S., Peter, J., Andrew, L. and David, A. (2005) Productivity in Hotels: A Stepwise Data 
Envelopment Analysis of Hotels Rooms Division Processes. The Service Industries Journal 25(1), 61-
81. 

Martić, M. and Savić, G. (2001) An Application of DEA for Comparative Analysis and Ranking of Regions 
in Serbia with Regards to Social-Economic Development. European Journal of Operational Research 
132(2), 343-356. 

Martin, J.C., Gutierrez, J. and Roman, C. (2004) Data Envelopment Analysis (DEA) Index to Measure the 
Accessibility Impacts of New Infrastructure Investments: The Case of the High-speed Train Corridor 
Madrid-Barcelona-French Border. Regional Studies 38(6), 697-712. 

McAllister, P.H. and McManus, D. (1993) Resolving the Scale Efficiency Puzzle in Banking. Journal of Banking 
and Finance 17, 389-405. 

McCabe, B., Tran, V. and Ramani, J. (2005) Construction Prequalification Using Data Envelopment Analysis. 
Canadian Journal of Civil Engineering 32(1), 183-193. 

McMullen, P.R. and Tarasewich, P. (2000) Selection of Notebook Personal Computers Using Data 
Envelopment Analysis.  The Southern Business and Economic Journal 23(3), 200-215. 

McWilliams, A., Siegel, D. and VanFleet, D.D. (2005) Scholarly Journals as Producers of Knowledge: 
Theory and Empirical Evidence Based on Data Envelopment Analysis. Organizational Research 
Methods 8(2), 185-201. 

Meeusen, W. and Broeck, J.V.D. (1977) Efficiency Estimation from Cobb-Douglas Production Functions 
with Composed Error. International Economic Review 18, 435-444. 

Min, H. and Park, B.I. (2005) Evaluating the Inter-temporal Efficiency Trends of International Container 
Terminals Using Data Envelopment Analysis. International Journal of Integrated Supply 
Management 1(3), 258-277. 

Morey, R.C., Fine, D.J. and Loree, S.W. (1990) Comparing the Allocative Efficiencies of Hospitals. Omega, 
International Journal of Management Science 18(1), 71-83. 



Further References 

 392

Morey, R.C., Retzlaff-Roberts, D.L. and Fine, D.J. (1994) Getting Something for Nothing: Estimating 
Service Level Improvements Possible in Hospitals. International Transactions in Operational 
Research 1(3), 285-292. 

Morita, H., Hirokawa, K. and Zhu, J. (2005) A Slack-based Measure of Efficiency in Context-dependent 
Data Envelopment Analysis. Omega 33(4), 357-362. 

Mota, S. Benzecry, J.H. and Qassim, R.Y. (1999) A Model for the Application of Data Envelopment 
Analysis (DEA) in Activity-Based Management (ABM). International Journal of Technology 
Management 17(7/8), 861-868. 

Munksgaard, J., Wier, M., Lenzen, M. and Dey, C. (2005) Using Input-Output Analysis to Measure the 
Environmental Pressure of Consumption at Different Spatial Levels. Journal of Industrial Ecology 9(1-2), 
169-186. 

Narasimhan, R., Talluri, S. and Mendez, D. (2001) Supplier Evaluation and Rationalization via Data 
Envelopment Analysis: An Empirical Examination. The Journal of Supply Chain Management 37(3), 
28-37. 

Neal, P. (2004) X-Efficiency and Productivity Change in Australian Banking. Australian Economic Papers 
43(2), 174-191. 

Nemoto, J. and Goto, M. (1999) Dynamic Data Envelopment Analysis: Modeling Intertemporal Behavior of 
a Firm in the Presence of Productive Inefficiencies. Economics Letters 64(1), 51-56. 

Neralic, L. and Stein, O. (2004) On Regular and Parametric Data Envelopment Analysis. Mathematical 
Methods of Operations Research 60(1), 15-28. 

Neralic, L. and Wendell, R.E. (2004) Sensitivity in Data Envelopment Analysis Using an Approximate 
Inverse Matrix. Journal of the Operational Research Society 55(11), 1187-1193. 

Neto, L.B., Lins, M.P.E., Gomes, E.G., DeMello, J.C.C.B.S. and Oliveira, F.S. (2004) Neural Data 
Envelopment Analysis: A Simulation. International Journal of Industrial Engineering 11(1), 14-24. 

Nghiem, H.S. and Coelli, T. (2002) The Effect of Incentive Reforms Upon Productivity: Evidence from the 
Vietnamese Rice Industry. Journal of Development Studies 39(1), 74-93. 

Nkamleu, G.B. (2004) Productivity Growth, Technical Progress and Efficiency Change in African 
Agriculture. African Development Review 16(1), 203-222. 

Noulas, A.G., Ray, S.C. and Miller, S.M. (1990) Returns to Scale and Input Substitution for Large U.S. 
Banks. Journal of Money, Credit and Banking 22, 94-108. 

Nozick, L.K., Borderas, H. and Meyburg, A.H. (1998) Evaluation of Travel Demand Measures and 
Programs: A Data Envelopment Analysis Approach. Transportation Research (Part A) 32(5), 331-
343. 

Nyhan, R.C. and Cruise, P.L. (2000) Comparative Performance Assessment in Managed Care: Data 
Envelopment Analysis for Health Care Managers. Managed Care Quarterly 8(1), 18-27. 

Nyhan, R.C. and Martin, L.L. (1999) Assessing the Performance of Municipal Police Services Using Data 
Envelopment Analysis: An Exploratory Study. State and Local Government Review 31(1), 18-30. 

Nyrud, A.Q. and Baardsen, S. (2003) Production Efficiency and Productivity Growth in Norwegian 
Sawmilling. Forest Science 49(1), 89-97. 

Odeck, J. (2000) Assessing the Relative Efficiency and Productivity Growth of Vehicle Inspection Services: 
An Application of DEA and Malmquist indices. European Journal of Operational Research 126(3), 
501-514. 

Odeck, J. (2001) Comparison of Data Envelopment Analysis and Deterministic Parametric Frontier 
Approaches: An Application in the Norwegian Road Construction Sector. Transportation Planning 
and Technology 24(2), 111-134. 

Okuda, H. and Hashimoto, H. (2004) Estimating Cost Functions of Malaysian Commercial Banks: The 
Differential Effects of Size, Location, and Ownership. Asian Economic Journal 18(3), 233-259. 

Olatubi, W.O. and Dismukes, D.E. (2000) A Data Envelopment Analysis of the Levels and Determinants of 
Coal-Fired Electric Power Generation Performance. Utilities Policy 9(1), 47-59. 

Olesen, O.B. and Petersen, N.C. (1995) Chance Constrained Efficiency Evaluation. Management Science 
41(3), 442-457. 

O'Neill, L. and Dexter, F. (2004) Market Capture of Inpatient Perioperative Services Using DEA. Health 
Care Management Science 7(4), 263-273. 

Park, K.S. (2004) Simplification of the Transformations and Redundancy of Assurance Regions in IDEA 
(imprecise DEA). Journal of the Operational Research Society 55(12), 1363-1366. 

Pascoe, S. and Herrero, I. (2004) Estimation of a Composite Fish Stock Index Using Data Envelopment 
Analysis. Fisheries Research 69(1), 91-105. 

Peck, Jr. M.W., Scheraga, C.A. and Boisjoly, R.P. (1998) Assessing the Relative Efficiency of Aircraft 
Maintenance Technologies: An Application of Data Envelopment Analysis. Transportation Research 
(Part A) 32(4), 261-269. 



Further References 

 393

Pendharkar, P.C., Mehdi, K. and Rodger, J.A. (2000) Application of Bayesian Network Classified and Data 
Envelopment Analysis for Mining Breast Cancer Patterns. Journal of Computer Information System 
40(4), 127-132. 

Peter, C.S. and Andrew, S. (2005) Measuring the Efficiency of Public Services: The Limits of Analysis. 
Journal of the Royal Statistical Society: Series A (Statistics in Society) 168(2), 401-417. 

Pitaktong, U., Brockett, P.L., Mote, J.R. and Rousseau, J.J. (1998) Identification of Pareto-efficient Facets in 
Data Envelopment Analysis. European Journal of Operational Research 109(3), 559-570. 

Podinovski, V.V. (2004) Bridging the Gap between the Constant and Variable Returns-to-scale Models: 
Selective Proportionality in Data Envelopment Analysis. Journal of the Operational Research Society 
55(3), 265-276.   

Podinovski, V.V. (2004) Production Trade-offs and Weight Restrictions in Data Envelopment Analysis. 
Journal of the Operational Research Society 55(12), 1311-1322. 

Porembski, M., Breitenstein, K. and Alpar, P. (2005) Visualizing Efficiency and Reference Relations in Data 
Envelopment Analysis with an Application to the Branches of a German Bank. Journal of Productivity 
Analysis 23(2), 203-221. 

Post, T. (2001) Estimating Non-Convex Production Sets – Imposing Convex Input Sets and Output Sets in 
Data Envelopment Analysis. European Journal of Operational Research 131(1), 132-142. 

Post, T. (2001) Transconcave Data Envelopment Analysis. European Journal of Operational Research 
132(2), 374-389. 

Post, T. and Spronk, J. (1999) Performance Benchmarking Using Interactive Data Envelopment Analysis. 
European Journal of Operational Research 115, 472-487. 

Premachandra, I., Powell, J.G. and Shi, J. (1998) Measuring the Relative Efficiency of Fund Management 
Strategies in New Zealand Using a Spreadsheet-based Stochastic Data Envelopment Analysis Model. 
Omega, International Journal of Management Science 26(2), 319-331. 

Qassim, R.Y., Corso, G., DosSantosLucena, L. and Thome, Z.D. (2005) Application of Data Envelopment 
Analysis in the Performance Evaluation of Electricity Distribution: A Review. International Journal 
of Business Performance Management 7(1), 60-70. 

Raab, R. and Lichty, R. (1997) An Efficiency Analysis of Minnesota Counties: A Data Envelopment 
Analysis Using 1993 IMPLAN Input-Output Analysis. The Journal of Regional Analysis and Policy 
27(1), 75-93. 

Ramanathan, R. (2001) A Data Envelopment Analysis of Comparative Performance of Schools in the 
Netherlands. Opsearch 38(2), 160-181. 

Ramanathan, R. (2004) Business Excellence of Industrial Groups in Oman. Measuring Business Excellence 
8(4), 34-44. 

Ramanathan, R. (2005) An Introduction to Data Envelopment Analysis: A Tool for Performance Measurement. 
Journal of the Operational Research Society 56(6), 751. 

Ramanathan, R. (2005) Estimating Energy Consumption of Transport Modes in India using DEA and 
Application to Energy and Environmental Policy. Journal of the Operational Research Society 56(6), 
732-737. 

Ramanathan, R. (2005) Operations Assessment of Hospitals in the Sultanate of Oman. International Journal 
of Operations & Production Management 25(1), 39-54. 

Ravenscraft, D.J. and Scherer, F.M. (1987) Mergers, Sell-offs, and Economic Efficiency. Brookings 
Institution, Washington. 

Ray, S.C. (1988) Data Envelopment Analysis, Nondiscretionary Inputs and Efficiency: An Alternative 
Interpretation. Socio-Economic Planning Sciences 22(4), 167-176. 

Reichmann, J.G. (2004) Measuring University Library Efficiency Using Data Envelopment Analysis. Libri 
54(2), 136-146. 

ReigMartinez, E. and PicazoTadeo, A.J. (2004) Analysing Farming Systems with Data Envelopment 
Analysis: Citrus Farming in Spain. Agricultural Systems 82(1), 17-30. 

Resende, M. (2000) Regulatory Regimes and Efficiency in US Local Telephony. Oxford Economic Papers 
52(3), 447-470. 

Retzlaff-Roberts, D.L. and Morey, R.C. (1993) A Goal-Programming Method of Stochastic Allocative Data 
Envelopment Analysis. European Journal of Operational Research 71, 379-397. 

Reynolds, D. (2003) Hospitality-Productivity Assessment: Using Data-envelopment Analysis. The Cornell 
Hotel and Restaurant Administration Quarterly 44(2), 130-137. 

Reynolds, D. (2004) An Exploratory Investigation of Multiunit Restaurant Productivity Assessment Using 
Data Envelopment Analysis. Journal of Travel and Tourism Marketing 16(2/3) 19-26. 

Rhoades, S.A. (1986) The Operating Performance of Acquired Firms in Banking Before and After 
Acquisition, Board of Governors of the Federal Reserve System, Washington, D.C., April. 

Rhoades, S.A. (1993) Efficiency Effects of Horizontal (in-market) Bank Mergers. Journal of Banking and 
Finance 17, 411-422. 



Further References 

 394

RodriguezDiaz, J.A., CamachoPoyato, E. and LopezLuque, R. (2004) Application of Data Envelopment 
Analysis to Studies of Irrigation Efficiency in Andalusia. Journal of Irrigation and Drainage 
Engineering 130(3), 175-183. 

Rose, P.S. (1995) The Distribution of Outcomes from Corporate Mergers: Evidence from Commercial Bank 
Acquisition Strategies. Journal of Accounting, Auditing & Finance 10, 343-364. 

Rousseau, S. and Rousseau, R. (1997) Data Envelopment Analysis as a Tool for Constructing Scientometric 
Indicators. Scientometrics 40, 45-56. 

Ruggiero, J. (1996) On the Measurement of Technical Efficiency in the Public Sector. European Journal of 
Operational Research 90(3), 553-565. 

Ruggiero, J. (2004) Data Envelopment Analysis with Stochastic Data. Journal of the Operational Research 
Society 55(9), 1008-1012. 

Ruggiero, J. and Vitaliano, D.F. (1999) Assessing the Efficiency of Public Schools using Data Envelopment 
Analysis and Frontier Regression. Contemporary Economic Policy 17(3), 321-331. 

Ruiz, J.L. and Sirvent, I. (2001) Techniques for the Assessment of Influence in DEA. European Journal of 
Operational Research 132(2), 390-399. 

Saen, R.F., Memariani, A. and Lotfi, F.H. (2005) Determining Relative Efficiency of Slightly Non-
homogeneous Decision Making Units by Data Envelopment Analysis: A Case Study in IROST. 
Applied Mathematics and Computation 165(2), 313-328. 

Saen, R.F., Memariani, A. and Lotfi, F.H. (2005) The Effect of Correlation Coefficient Among Multiple 
Input Vectors on the Efficiency Mean in Data Envelopment Analysis. Applied Mathematics and 
Computation 162(2), 503-521. 

Sahoo, B.K., Mohapatra, P.K.J. and Trivedi, M.L. (1999) A Comparative Application of Data Envelopment 
Analysis and Frontier Translog Production Function for Estimating Returns to Scale and Efficiencies. 
International Journal of Systems Science 30, 379-394. 

Salehirad, N. and Sowlati, T. (2005) Performance Analysis of Primary Wood Producers in British Columbia 
Using Data Envelopment Analysis. Canadian Journal of Forest Research 35(2), 285-294. 

Santin, D., Delgado, F.J. and Valino, A. (2004) The Measurement of Technical Efficiency: A Neural 
Network Approach. Applied Economics 36(6), 627-635. 

Sarkis, J. (1997) Evaluating Flexible Manufacturing Systems Alternatives Using Data Envelopment Analysis. 
The Engineering Economist 43(1), 25-47. 

Sarkis, J. (2001) Ecoefficiency: How Data Envelopment Analysis Can be Used by Managers and 
Researchers, Environmentally Conscious Manufacturing for the SPIE Proceedings, Boston, M.A., 
194-203. 

Sarkis, J. and Talluri, S. (2004) Ecoefficiency Measurement Using Data Envelopment Analysis: Research 
and Practitioner Issues. Journal of Environmental Assessment Policy and Management 6(1), 91-124. 

Scheraga, C.A. (2004) Operational Efficiency versus Financial Mobility in the Global Airline Industry: A 
Data Envelopment and Tobit Analysis. Transportation Research Part A Policy and Practice 38(5), 
383-404. 

Seaver, B.L. and Triantis, K.P. (1995) The Impact of Outliers and Leverage Points for Technical Efficiency 
Measurement Using High Breakdown Procedures. Management Science 41(6), 937-956. 

Seiford, L.M. (1996) Data Envelopment Analysis: The Evolution of the State of the Art (1978-1995). The 
Journal of Productivity Analysis 7, 99-137. 

Seiford, L.M. and Zhu, J. (1998) An Acceptance System Decision Rule with Data Envelopment Analysis. 
Computers and Operations Research 25(4), 329-332. 

Seiford, L.M. and Zhu, J. (1998) Identifying Excesses and Deficits in Chinese Industrial Productivity (1953-
1990): A Weighted Data Envelopment Analysis Approach. Omega, International Journal of 
Management Science 26(2), 279-296. 

Seiford, L.M. and Zhu, J. (1998) Stability Regions for Maintaining Efficiency in Data Envelopment Analysis. 
European Journal of Operational Research 108(1), 127-139. 

Seiford, L.M. and Zhu, J. (1999) An Investigation of Returns to Scale in Data Envelopment Analysis. 
Omega, International Journal of Management Science 27, 1-11. 

Seiford, L.M. and Zhu, J. (1999) Infeasibility of Super-Efficiency Data Envelopment Analysis Models. Infor 
37(2), 174-187. 

Seiford, L.M. and Zhu, J. (2005) Notes on Sensitivity and Stability of the Classifications of Returns to Scale in 
Data Envelopment Analysis: A Comment. Journal of Productivity Analysis 23(3), 315-316. 

Sena, V. (2001) The Generalized Malmquist Index and Capacity Utilization change: An application to the 
Italian Manufacturing. Applied Economies 33(1), 1-9.  

Sengupta, J.K. (1987) Data Envelopment Analysis for Efficiency Measurement in the Stochastic Case. 
Computers and Operations Research 14(2), 117-129. 

Sengupta, J.K. (1995) Dynamics of Data Envelopment Analysis. Kluwer Academic Publishers, Dordrecht. 



Further References 

 395

Sengupta, J.K. (1998) New Efficiency Theory: Extensions and New Applications of Data Envelopment 
Analysis. International Journal of Systems Science 29(3), 255-265. 

Sengupta, J.K. (1998) Stochastic Data Envelopment Analysis: A New Approach. Applied Economics Letters 
5(5), 287-290. 

Sengupta, J.K. (2004) Estimating Technical Change by Nonparametric Methods. Applied Economics 36(5), 
413-420. 

Sengupta, J.K. (2005) Data Envelopment Analysis with Heterogeneous Data: An Application. Journal of the 
Operational Research Society 56(6), 676-686. 

Sengupta, J.K. (2005) Nonparametric Efficiency Analysis under Uncertainty Using Data Envelopment 
Analysis. International Journal of Production Economics 95(1), 39-49. 

Serasinghe, R.N., Mahipala, M.B.P. and Gunaratne, L.H.P. (2003) Comparison of Stochastic Frontier 
Analysis (SFA) and Data Envelopment Analysis (DEA) to Evaluate Technical Efficiency: Illustrated 
by Efficiency Analysis of Cattle Farming Systems in Up-Country Wet-Zone of Sri Lanka. Tropical 
Agricultural Research 15, 217-225. 

Serrano-Cinca, C., MarMoliero, C. and Chaparro, F. (2004) Spanish Savings Banks: A View on Intangibles. 
Knowledge Management Research & Practice 2(2), 103-117. 

Seydel, J. (2005) Supporting the Paradigm Shift in Vendor Selection: Multicriteria Methods for Sole-sourcing. 
Managerial Finance 31(3), 49-66. 

Shafer, S.M. and Byrd, T.A. (2000) A Framework for Measuring the Efficiency of Organizational 
Investments in Information Technology using Data Envelopment Analysis. Omega, The International 
Journal of Management Science 28(2), 125-141. 

Sharma, K.R., Leung, P. and Zane, L. (1999) Performance Measurement of Hawaii State Public Libraries: 
An Application of Data Envelopment Analysis (DEA). Agricultural and Resource Economics Review 
28(2), 190-198. 

Sherman, H.D. (1984) Improving the Productivity of Service Businesses. Sloan Management Review 25(3), 
11-23. 

Shyu, J. (1998) Deregulation and Bank Operating Efficiency: An Empirical Study of Taiwan’s Banks. 
Journal of Emerging Markets 3, 27-46. 

Siems, T.F. (1992) Quantifying Management's Role in Bank Survival. Economic Review (Federal Reserve 
Bank of Dallas) First Quarter, 29-41. 

Sigala, M. (2004) Using Data Envelopment Analysis for Measuring and Benchmarking Productivity in the 
Hotel Sector. Journal of Travel and Tourism Marketing 16(2-3), 39-60. 

Sigala, M. and Mylonakis, J. (2005) Developing a Data Envelopment Analysis Model for Measuring and 
Isolating the Impact of Contextual Factors on Hotel Productivity. International Journal of Business 
Performance Management 7(2), 174-190. 

Sigala, M., Airey, D., Jones, P. and Lockwood, A. (2004) ICT Paradox Lost? A Stepwise DEA Methodology 
to Evaluate Technology Investments in Tourism Settings. Journal of Travel Research 43(2), 180-192. 

Sigala, M., Jones, P., Lockwood, A. and Airey, D. (2005) Productivity in Hotels: A Stepwise Data 
Envelopment Analysis of Hotels' Rooms Division Processes. Service Industries Journal 25(1), 61-82. 

Silva, E., Arzubi, A. and Berbel, J. (2004) An Application of Data Envelopment Analysis (Dea) in Azores 
Dairy Farms. New Medit 3(3), 39-43. 

Simar, L. and Wilson, P.W. (1998) Sensitivity Analysis of Efficiency Scores: How to Bootstrap in 
Nonparametric Frontier Models. Management Science 44(1), 49-61. 

Sinkey, Jr. J.F. (1983) Commercial Bank Financial Management, McMillan Publishing Company, New York. 
Skinner, W. (1986) The Productivity Paradox. Harvard Business Review 64(4), 55-59. 
Sola, M. and Prior, D. (2001) Measuring Productivity and Quality Changes Using Data Envelopment 

Analysis: An Application to Catalan Hospitals. Financial Accountability and Management 17(3), 219-
245. 

Soteriou, A.C. and Zenios, S.A. (1999) Using Data Envelopment Analysis for Costing Bank Products. 
European Journal of Operational Research 114, 234-248. 

Sowlati, T. (2005) Efficiency Studies in Forestry Using Data Envelopment Analysis. Forest Products 
Journal 55(1), 49-57. 

Sowlati, T. and Paradi, J.C. (2004) Establishing the "Practical Frontier" in Data Envelopment Analysis. 
Omega 32(4), 261-272. 

Spindt, P.A. and Tarhan, V. (1992) Are There Synergies in Bank Mergers? Tulane University, New Orleans, 
LA. 

Srdjevic, B., DantasPintoMedeiros, Y. and LaLainaPorto, R. (2005) Data Envelopment Analysis of Reservoir 
System Performance. Computers and Operations Research 32(12), 3209-3226. 

Srinivasan, A. (1992) Are there Cost Savings from Bank Managers? Federal Reserve Bank of Atlanta 
Economic Review March/April, 17-28. 



Further References 

 396

Srinivasan, A. and Wall, L.D. (1992) Cost Savings Associated with Bank Mergers, Federal Reserve Bank of 
Atlanta, Working Paper Series, 92-2, February. 

Stewart, T.J. (1996) Relationships between Data Envelopment Analysis and Multicriteria Decision Analysis. 
Journal of the Operational Research Society 47, 654-665. 

Stokes, J.R. and Claar, P.W. (2004) 2004-01-2705 Evaluating Agricultural Tractor Performance: A Data 
Envelopment Analysis Approach. Sae SP (1912), 7-20. 

Stone, M. (1993) Data Envelopment Analysis: A Technique for Presenting the Results of a Cost-
effectiveness Analysis? in Framing Research in Educational Administration, (Edited by Walker, A.), 
Australian Council for Educational Administration Inc., Victoria, 136-146. 

Stone, M. (2002) How Not to Measure the Efficiency of Public Services (And How One Might) (with 
Discussion). Journal of the Royal Statistical Society: Series A (Statistics in Society) 165(3), 405-434. 

Sueyoshi, T. (1999) DEA Duality on Returns to Scale (RTS) in Production and Cost Analyses: An 
Occurrence of Multiple Solutions and Differences Between Production-Based and Cost-Based RTS 
Estimates. Management Science 45(11), 1593-1608. 

Sueyoshi, T. and Goto, M. (2001) Slack-adjusted DEA for time series analysis: Performance measurement of 
Japanese electric power generation industry in 1984-1993. European Journal of Operational Research 
133(2), 232-259. 

Sun, S. (2004) Assessing Joint Maintenance Shops in the Taiwanese Army using Data Envelopment 
Analysis. Journal of Operations Management 22(3), 233-245. 

Swan, P.L. and Harper, I.R. (1982) Economies of Scale in Australian Branch Banking, AGSM Working 
Paper Series, 82-021, November. 

Swan, P.L. and Simmonds, D. (1989) Costs and Technology in Australian Branch Banking, paper presented 
at 2nd Australasian Finance and Banking Conference, UNSW. 

Syrjanen, M.J. (2004) Non-discretionary and Discretionary Factors and Scale in Data Envelopment Analysis. 
European Journal of Operational Research 158(1), 20-33. 

Takeda, A. and Nishino, H. (2001) On Measuring the Inefficiency with the Inner-Product Norm in Data 
Envelopment Analysis. European Journal of Operational Research 133(2), 377-393. 

Taylor, D.T. and Thompson, R.G. (1995) DEA Best Practice Assesses Relative Efficiency, Profitability. The 
Oil and Gas Journal 93(4), 60-64. 

Teare, R. and Boer, A. (1991) Strategic Hospitality Management, Cassell Educational Limited, London. 
Thanassoulis, E. (1993) A Comparison of Regression Analysis and Data Envelopment Analysis as 

Alternative Methods for Performance Assessments. Journal of Operational Research Society 44(11), 
1129-1144. 

Thanassoulis, E. (1999) Data Envelopment Analysis in Banking. Interfaces, An International Journal of the 
Institute for Operations Research and the Management Sciences 29(3), 1-13. 

Thanassoulis, E. (2000) The use of Data Envelopment Analysis in the Regulation of UK Water Utilities: 
Water Distribution. European Journal of Operational Research 126(2), 463-453. 

Thanassoulis, E. and Read, L.E. (2000) Improving the Identification of Returns to Scale in Data Envelopment 
Analysis.  Journal of the Operational Research Society 51(1), 102-110. 

Timmer, M. and Los, B. (2005) Localized Innovation and Productivity Growth in Asia: An Intertemporal 
DEA Approach. Journal of Productivity Analysis 23(1), 47-64. 

Tingley, D., Pascoe, S. and Coglan, L. (2005) Factors Affecting Technical Efficiency in Fisheries: Stochastic 
Production Frontier versus Data Envelopment Analysis Approaches. Fisheries Research 73(3), 363-
376. 

Tobin, J. (1958) Estimation of Relationships for Limited Dependent Variables. Econometrica 26, 24-36. 
Tracy, D.L. and Chen, B. (2005) A Generalized Model for Weight Restrictions in Data Envelopment 

Analysis. Journal of the Operational Research Society 56(4), 390-396. 
Tsai, C.T. and Wang, Y.H. (2004) The Association between Technical Efficiency. Innovations and Stock 

Returns: An Application of Data Envelopment Analysis. Chinese Institute of Industrial Engineers 
21(2), 136-145. 

Valdmanis, V., Kumanarayake, L. and Lertiendumrong, J. (2004) Capacity in Thai Public Hospitals and the 
Production of Care for Poor and Nonpoor Patients. Health Services Research 39(6p2), 2117-2134. 

Valentine, T.J. and Williamson, P.J. (1982) A Note on Economics of Scale in Australian Banking, in 
Australian Financial System Inquiry, Commissioned Studies and Selected Papers Part 1, Australian 
Government Publishing Service, Canberra. 

Van der Meer, R.B., Quigley, J. and Storbeck, J.E. (2005) Using Data Envelopment Analysis to Model the 
Performance of UK Coastguard Centres. Journal of the Operational Research Society 56(6), 630-641. 

Van der Meer, R.B., Quigley, J. and Storbeck, J.E. (2005) Using Data Envelopment Analysis to Model the 
Performance of UK Coastguard Centres. Journal of the Operational Research Society 56(8), 889-901. 

Vaninsky, A. (2004) Combining Data Envelopment Analysis with Neural Networks: Application to Analysis 
of Stock Prices. Journal of Information and Optimization Sciences 25(3), 589-611. 



Further References 

 397

Vitaliano, D.F. (1998) Assessing Public Library Efficiency Using Data Envelopment Analysis. Annals of 
Public and Cooperative Economics 69(1), 107-122. 

Volodin, A.V., Krivonozhko, V.E., Ryzhikh, D.A. and Utkin, O.B. (2004) Construction of Three-
Dimensional Sections in Data Envelopment Analysis by Using Parametric Optimization Algorithms. 
Computational Mathematics and Mathematical Physics 44(4), 589-603. 

Walker, G., 1994, Scale and Scope Economies in Australian Banking, Paper Presented at the 1994 
Conference of Economists. 

Wang, Y.M., Greatbanks, R. and Yang, J.B. (2005) Interval Efficiency Assessment Using Data Envelopment 
Analysis. Fuzzy Sets and Systems 153(3), 347-370. 

Wheelock, D.C. and Wilson, P.W. (1999) Technical Progress, Inefficiency, and Productivity Change in US 
Banking, 1984-1993. Journal of Money, Credit and Banking 31, 212-234. 

White, G.P. (1987) The Implementation of Management Science in Higher Education Administration. Omega, 
International Journal of Management Science 15(4), 283-290. 

Wilson, P.W. (1993) Detecting Outliers in Deterministic Nonparametric Frontier Models with Multiple 
Outputs. Journal of Business & Economic Statistics 11(3), 319-323. 

Wilson, P.W. (1995) Detecting Influential Observations in Data Envelopment Analysis. The Journal of 
Productivity Analysis 6(1), 27-45. 

Woodbury, K. and Dollery, B. (2004) Efficiency Measurement in Australian Local Government: The Case of 
New South Wales Municipal Water Services. Review of Policy Research 21(5), 615-636. 

Woodward, L. (1996) Mergers in the Finance Industry, IIR Finance Law Conference, Sydney, 18-19 March. 
Worthington, A. (1999) Performance Indicators and Efficiency Measurement in Public Libraries. The 

Australian Economic Review 32(1), 31-42. 
Worthington, A.C. (1998) Malmquist Indices of Productivity Change in Australian Financial Services, 

1993/94-1996/97. Paper presented to the 11th Annual Australasian Finance and Banking Conference, 
University of New South Wales, 15-16 December. 

Worthington, A.C. (1998) Testing the Association between Production and Financial Performance: Evidence 
from a Not-for-Profit Cooperative Setting. Annals of Public and Cooperative Economics 69(1), 67-83. 

Worthington, A.C. (1998) The Determinants of Non-bank Financial Institution Efficiency: A Stochastic Cost 
Frontier Approach. Applied Financial Economics 8(3), 279-287. 

Wu, C., Chen, X. and Yang, Y. (2004) Decision-Making Modeling Method Based on Artificial Neural 
Network and Data Envelopment Analysis. International Geoscience and Remote Sensing Symposium 
4, 2435-2438. 

Wyckoff, D.D. (1984) New Tools for Achieving Service Quality. The Cornell Hotel and Restaurant 
Administration Quarterly 25(3), 78-91. 

Xiaoming, W. and Xinqi, Z. (2005) Application of Data Envelopment Analysis (DEA) In Evaluating of the 
Urban Land Utilization. Journal- Shandong Normal University Natural Science 20(1), 48-51. 

Xie, F. and Meng, F. (2004) A Method Evaluation of Chemical Technology Experiment Based on Data 
Envelopment Analysis Model. Computers and Applied Chemistry 21(2), 288-292. 

Yin, R. (2000) Alternative Measurements of Productive Efficiency in the Global Bleached Softwood Pulp 
Sector. Forest Science 46(4), 558-569. 

Yun, Y.B., Nakayama, H. and Tanino, T. (2004) A Generalized Model for Data Envelopment Analysis. 
European Journal of Operational Research 157(1), 87-105. 

Yun, Y.B., Nakayama, H., Tanino, T. and Arakawa, M. (2001) Generation of Efficient Frontiers in Multi-
Objective Optimization Problems by Generalized Data Envelopment Analysis. European Journal of 
Operational Research 129(3), 586-595. 

Zaim, O. (1995) The Effect of Financial Liberalization on the Efficiency of Turkish Commercial Banks. 
Applied Financial Economics 5, 257-264. 

Zhang, H. (2004) Green Assessment of Manufacturing Process of Powder Based on the Data Envelopment 
Analysis. Chinese Journal of Explosives and Propellants 27(4), 37-41. 

Zhang, Y. and Shen, R. (2004) Demonstration Research on Evaluating Investment Value of Listed 
Companies by Data Envelopment Analysis. Journal- Tongji University 32(7), 961-965. 

Zheng, J., Liu, X. and Bigsten, A. (1998) Ownership Structure and Determinants of Technical Efficiency: An 
Application of Data Envelopment Analysis to Chinese Enterprises (1986-1990). Journal of Comparative 
Economics 26, 465-484. 

Zheng, Y. and Zhou, Y. (2005) Measures of the Fishing Capacity of Chinese Marine Fleets and Discussion of the 
Methods. Journal of Oceanography 61(3), 623-630. 

Zhu, J. (1998) Data Envelopment Analysis vs. Principal Component Analysis: An Illustrative Study of Economic 
Performance of Chinese Cities. European Journal of Operational Research 111(1), 50-61. 

 



Further References 

 398



Index 

 399

INDEX 

A 

additive DEA .............................................. 123, 184 
adjustment process .............................................. 120 
allocative efficiency ................................. 4, 87, 102 
analysis options ..................................................... 14 
application checklist ........................................... 345 
assurance region-I ............................................... 225 
assurance region-II .............................................. 226 

B 

balanced scorecard .............................................. 340 
BCC model, mathematics of ............................... 350 
benchmarking ....................... 18, 31, 39, 54, 63, 339 
beta distribution .......................................... 123, 124 
bounds ................................................................. 243 

C 

categorical variable ............................................. 183 
CCR model, mathematics of ............................... 349 
congestion inefficiency ....................................... 338 
consistency condition .................................. 128, 132 
constant returns to scale ........................................ 28 
controllable ordinal category .............................. 184 
cost efficiency ................................................. 87, 89 
cost efficiency, mathematics of ........................... 352 
cross-efficiency ..................................................... 40 

D 

data envelopment analysis ..................................... 3 
DEA application checklist .................................. 345 
DEA software ........................................................ 5 
DEA-Solver-Pro ................................................... 79 
decreasing returns to scale ........................ 50, 55, 57 
dimensionality ....................................... 34, 128, 156 
dual DEA models ................................................ 219 

E 

economies of scale .............................................. 102 
efficiency scores ................................................... 15 
efficient unit ........................................................... 1 
environmental factor ............................................. 26 
exogenously fixed ordinal categorical variable ... 183 

F 

facet ....................................................................... 5 
false positive index ............................................... 40 
Frontier Analyst ............................................... 5, 11 

G 

global leader .......................................................... 20 

H 

hierarchical category variable ............................. 214 
hierarchical environmental variable .................... 187 

homogeneity ....................................................... 111 

I 

Imprecise DEA ................................................... 243 
increasing returns to scale ............................... 50, 55 
input / output contributions ................................... 19 
input disposability ............................................... 338 
input minimisation .................................... 27, 36, 50 
integrity test ........................................................ 132 
intermediation approach ..................................... 136 
isotonic ................................................... x, 111, 112 

L 

lambda .................................................................. 42 
lexicographic preference ..................................... 231 
longitudinal data ............................................. 43, 64 

M 

Malmquist index ......................................... 135, 151 
maverick DMU ..................................................... 40 
maverick index ..................................................... 40 
mean normalise ................................................... 117 
measurement error ........................................ 34, 163 
missing data ........................................................ 123 
most productive scale size (MPSS) ................ 28, 57 
multiplicative inverse.......................................... 184 
multiplier form DEA........................................... 350 

N 

non-discretionary variable .................................. 185 
non-increasing returns to scale ............................. 50 

O 

ordinal scale ........................................................ 183 
outliers ................................................................ 126 
output maximisation ................................. 27, 36, 50 
overall improvement summary ............................. 30 

P 

panel data .............................................................. 70 
Pareto preference ................................................ 217 
partial dimensionality test ................................... 129 
peer weights .......................................................... 42 
pitfalls in DEA .................................................... 345 
positivity ............................................................. 119 
potential gain under output maximisation ............. 29 
potential productivity improvements .. 16, 30, 42, 54 
preferences .......................................................... 217 
preferences changes ............................................ 220 
production approach ........................................... 136 
production theory .................................................. 48 
productivity paradox ............................................. 66 
productivity ratios .................................................. 6 
profit efficiency .......................................... 101, 102 
profitability vs efficiency .......................... 2, 64, 339 
pure technical efficiency ........................... 50, 55, 57 



Index 

 400

R 

radial inefficiency ............................................... 125 
rank ordering ................................................... 29, 39 
ranked categorical variable ................................. 188 
ratio form DEA ................................................... 350 
ratio scale ............................................................ 182 
ray ........................................................................... 3 
reference comparison ............................................ 17 
reference contributions ......................................... 18 
reference set ..................................................... 5, 41 
reference set frequency ......................................... 20 
referent technology ............................................. 186 
relative efficiency .................................................. 1 
reliability ............................................................. 132 
research income, classification of ......................... 47 
revenue efficiency ................................................. 99 
robustness ........................................................... 127 

S 

sample size ...................................... 27, 34, 115, 116 
sampling error ..................................................... 163 
scale efficiency ............................................... 50, 55 
slack .......................................................... 30, 54, 72 
slacks-based measure (SBM) ...................... 125, 198 
socially responsible investments (SRI), definition 

of ...................................................................... 86 
Spearman’s rank correlation ............................... 129 
specification error ............................................... 163 
SRI screens ........................................................... 85 
stability ............... 8, 70, 78, 125, 127, 130, 134, 312 
stochastic DEA (SDEA) ..................................... 163 
stochastic frontier analysis (SFA) ....................... 193 
super-efficiency scores ....................................... 126 

T 

technical efficiency .............................. 4, 34, 52, 55 
technological progress ........................................ 135 
theta ...................................................................... 29 
time-series data ............................................... 68, 73 
Tobit regression .................................................. 190 
translation constants ............................................ 120 
translation error ................................................... 122 
translation invariant .................................... 119, 123 

U 

undesirable outputs ............................................. 184 
units-invariant ..................................................... 198 
user cost approach ............................................... 137 

V 

value added approach .......................................... 137 
value judgments .................................................. 217 
variable returns to scale ............................ 28, 37, 50 

W 

weight restrictions ..................... 37, 50, 60, 209, 223 
weights, difficulties with ..................................... 112 
window analysis .............................................. 70, 76 



 

 401

 


