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Abstract

In this paper, we focus on the Data Envelopmentysis (DEA)-based model
structures that have been used in assessing bang&hefficiency. Probing the
methodologies of 75 published studies at the brdeedl since 1985 to early
2015, we found that these models can be dividedfour categories: standard
basic DEA models, single level and multi-level misgdesnriched (hybrid)
models and special models. Also, summary stati$ticDEA applications in
bank branches from the perspectives of differenagueement approaches
adopted by researchers andthe frequency of appe#nm models of each
category in the literature of discussion are deriaed presented. The illustrated
statistical comparisons show that the popularitynodti-level models than the
single level models are on the rise. Furthermosea aesult, we can conclude
that from the perspective of performance measurem@eproaches applied to
bank branches, the production approach is morelyig®d than the others.
Keywords: Bank branch, data envelopment analysis, efficienoypdel
structures.

1- Introduction

Data Envelopment Analysis (DEA) has become ohé¢he most widely used instruments for
measuring bank branch efficiency. As pointed intation-based DEA survey by Liu et al. (2013), it
is expected that the literature will grow to atdedouble its current size. Fethi & Pasiouras (2010
identified DEA as the most widely used operatiomakearch technique in assessing bank
performance. However, the majority of DEA bankimgdées have focused on banks at an institutional
level, rather than at the branch level. This canpbeially attributed to the difference of data
availability. The majority of banks are publichatted firms that are listed on major stock exchanges
and thus, must provide their investors with quéirtand annual financial reports (LaPlante & Paradi,
2015). This makes the collection of data for ingitinal level analysis rather easy. On the contrary
branch level data is proprietary information andas generally disclosed to the public. Insteads it
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either aggregated into bank financial reports drreported at all. Nonetheless, surveys have shown
that there has been a steady increase in DEA brstoclies, nearly doubling in the last five years
alone (Paradi & Zhu, 2013).

To date, there are four survey papers thatwadeDEA applications in the banking industry. Three
of them focused on the studies that analyzed effey at the bank level and one of them at the branc
level. Berger & Humphrey (1997) were the first &view five major efficiency analysis techniques
including DEA on the financial institutions leved thake some useful comparisons between their
average efficiency levels. Out of the total of E3ldies reviewed by them, there were 57 DEA based
papers, 42 focusing at the bank level and 15 orbthach level. Berger (2007) reviewed over 100
applications of frontier techniques that comparadkbefficiencies across nations. Fethi & Pasiouras
(2010) reviewed 196 studies employing operatiopatarch and artificial intelligence techniques in
the assessment of bank performance. Among thetli@lges, 151 of them used DEA-like techniques
to measure bank efficiency and productivity grovethg only 30 studies focused on the branch level.
Paradi & Zhu (2013) found 275 DEA applications lre tbanking sector between 1985 and 2011,
among them 195 studies examined banking institatéena whole, but only 80 on the branch level.

Despite these four surveys on the use of DEth@tank and branch level, there is no research at
the branch level (not at the bank level) concermimly the model structures and mathematical
programming formulates applied in this context. &feally, one can study on existing assessments
carried out on bank branches from two perspectiwgs:is focusing on various input sets and output
sets as indexes of assessment. The other is igatsg multifarious model structures applied by
users in these assessments. Ahn & Lee (2014) avaled an insight into the specification of inputs
and outputs for DEA-based bank efficiency measungsnelThey aimed at examining whether the
input-output specifications for banks in DEA apgtions are in consistence with the criteria upon
which banks make decisions. Four bank behavior teodlich are most popularly employed to
determine input and output factors in DEA studieshe intermediation approach, production
approach, user cost approach and value added approwere comprehensively discussed and
reviewed by them. Our contribution in this papetoi$ocus specifically on investigating various DEA
model structures and measurement approaches applibé branch level in order to classify them
into several categories. Cook & Seiford (2009) patigntion to various models of DEA, including
basic DEA models and multi-level models, and otmecial considerations regarding the status of
variables, different multiplier restrictions andtalazariations. But their study did not include bank
branch-specific applications. However, we've fonondstudy that specifically address and classify the
different types of methodologies and models havenbeased in efficiency measurement of bank
branches. With a growing number of studies usind\[Ebank branch analysis, a survey of this field
would be useful and timely.

Since the first published paper about DEA agpions in a U.S. bank branch setting by Sherman &
Gold (1985), our paper considers the main resepuchoses and model structures of 75 available
DEA-based published studies on bank branch effigiamtil 2015.In this study, we have tried to
provide a summary of these models and approachesdar to achieve our judgments about them.
Then we categorize these structures from diffesspects. This paper is organized as follows. Sectio
Il statistically discusses several most commonguarnce measurement approaches that have been
applied in the banking industry at the branch legeiction Ill focuses on models from four points of
view: basic DEA models, single level and multi-lewgodels, hybrid models (combining DEA with
other techniques and strategies), and special modather operational research and statistical
techniques that are used for enriching DEA modetspeesented in this section. In section IV, we
draw our conclusions.

2- Statistical analysis of different measurement approaches in data

envelopment analysis applied to assessing bank branches

Different measurement approaches were propogdédabadi & Zhu (2013). But we found other
additional views in our survey that would be meméid subsequently. These approaches that
sometimes called as bank behavior models deterthi@epurpose of an evaluation study. These
approaches constitute an important part of modetsire of a given study on bank branch efficiency.
This purpose might be defined by either manageraéibtank or by researcher. Some studies have
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explicitly expressed their adopted approach, butrobthem did not specify the main adopted views
in the text of their paper. In these cases, we mdiginguish the main research purpose of that
respective study ourselves. Our diagnosis is bagdtie types of inputs and outputs were employed
in the study. We should notice thhe specification of input and output factors inf&pplications is

in consistence with the criteria upon which bankakendecisions. This section aims to provide an
insight and statistical comparison into all exigtepproaches which are employed in DEA efficiency
studies. They are:

1. Methodology improvement:ridr to 1995, the use of DEA in bank branch studiesnly
focused on directly applying standard DEA modelsas$sess branch efficiency. Since1997,
the DEA research has gradually shifted towardsingatith both the theoretical extensions
and practical applications of DEA. The flexibiliof DEA models and the complexity of bank
branch operating characteristics offer researchgysificant opportunities to develop new
models, which are needed in different applicatituasions and with specific purposes. Two
lines of research have emerged around the DEA rdetbgy improvement: extending the
traditional DEA models and combining DEA models hwibther advanced operational
research methodologies (Paradi & Zhu, 2013).

2. Branch production analysi®roduction efficiency is one of most significantnéinsions of
bank branch performance. In bank branch analybespitoduction model commonly views
bank branches as producers of services using &imbother physical resources as inputs and
providing services for taking deposits, making wamd others (number of transactions or
document processing) as outputs.

3. Branch profitability analysisProfitability is the measure of how well brancheengrate
profits from their use of labor, assets and capltaireats the branch as the producer of a
product as opposed to the provider of a service.

4. Branch intermediation analysi§he branch’s intermediary role is mainly studiecexamine
how efficient the branch is in collecting depositgl other funds from customers (inputs) and
then lending the money in various forms of loansrtgages, and other assets (investments).

5. Branch cost efficiency analysi€ost efficiency evaluates the ability of a branalptoduce

current outputs at minimal cost.

Efficiency ranking.

Branch studies incorporating service qualifyhere are mainly two ways to incorporate

service quality factors into branch performancelys®s, either directly into the DEA model

or conducting post-hoc analyses on the relationbbipveen the DEA efficiency scores and
the service quality reported.

8. Environmental impacts on branch performanthis approach accounts for the exogenous
impacts, such as the impacts of locations, marketep, regulations, organization, and new
technologies in the evaluation of branches.

9. Effects of mergers and acquisition on branch peréorce.

10. Unusual banking applications of DEA.

11. Market efficiency: Market efficiency has an output maximization oréitn and can be
defined as the extent to which individual bank lbtaes, given their capacity and resources
available, utilize their market potential by maxamig sales (Athanassopoulos, 1998).

12. Transaction efficiency: Transactional efficiencydsfined as the extent to which a bank
branch moves general transactions away from a brémalternative means of distribution
(Portela & Thanassoulis, 2007).

No

Frequency of the use of the performance mea®meapproach mentioned above in the 75 studies
we surveyed is illustrated in Figure (1). we cae #®t the production approach is the most widely
used approach at the branch level. However, mamjest have adopted more than one perspective.
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Fig 1.Different measurement approaches used in -based bank branch efficiency analy

The concept of transaction efficiency was firsroduced by Giokas (2008Later, Cook & Zhu
(2010) used this approach to identify and builehdéads into the DEA analysis that led to introdgc
standardecision Making Unit (DMU. Only one study b$herman & Rupert (200thas been found
applying DEA to investigate the effects of mer and acquisitions on branch performa The
production approach has been regarded from thestgly at 1985 by Sherman & Gold (1985) u
now.

3- Classification of DEA models have been used in bank branch efficiency
literature

3-1- Standard basic DEA models

Our discussiorconcentrates on fo basic DEA models including the CCR model by Chaetesl.
(1978), the BCC model by Banker et al. (1¢, Additive model by Charnes et al. (19 and the
RAM (Range Adjusted Measu model by Cooper et al. (1999These modelare most popularly
employed in DEAbased bank efficiency studies and are here ccvely referred to as the ba DEA
models.At the advent of applications of DEA in assessiaglbbranch performance by Shen &
Gold (1985), most of the practitioners and modelsesd the foregoing basic models sometimes ¢
with weight restrictions and value judgments orhwiit inputs/output We found 15 studies th
employed basic models with assurance region t (ARI) and only study with absolute weic
restrictions.The first study that made changes in bimodelswas Oral & Yolalan (1990)They
added an equality constraint to the CCR model @eoto force a special DMlcalled as 'global
leader ‘tobe in the reference set of all under evaluation Bl But almost from 1997, we found |
study that uses basic model in its original for Today, models enriched with other operati
research techniques and hybrid mo (that will be explained in theext sections are more favorable
for practitionersThe conventional DEA models m fail to capture branchehavior. In such cases,
DEA results can hardly reflect the performancetitiue sense, i.e. how bi branches perform
against the goals that thedecide to pursue. The findings suggest focusing (DEA-based)
performance measurement from a ~oriented perspective, i.e. from the point of vietvnaulti
criteria decision making.

3-2- Singlelevel and multi-level models
Some models generalbertain to single level situations in which we wishevaluate the efficienc
status of each member of a given set of DMUs aivangpoin in time. anumber of efficienc
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measurement situations can involve having to ldcwhat might be regarded as niple levels.We
classify single level models as:

* The Constant Return to Scale (CRS) m

* The Variable Return to Scale (VRS) mc

* The Additive model

» Slackbased measures (Green et al., 1997 and Tone,

* The Russell measuredie & Lovell, 1978)

» Other nonradial models (such as RA

* FDH-The Free Disposal Hull moc

* Least distance projectic
and multi-level models as:

» multi-stage/serial mode (such as network DEA and supply chains)

» multi-component/parallel mode

» Hierarchical/nestethodels
Although DEA can evaluate the relative efficiendyacset of DMUs, iicannotidentify the sources ¢
inefficiency in the DMUs because conventional DEAdels view DMUs as black boxes tl
consume a set of inputs to produce a set of oufputsran, 2(09). In such cases using sin-stage
DEA may result in inaccurate efficiency evaluat{®ho & An, 2007).In contrast, a tw-stage DEA
model allows one to further investigate the strrectand processes inside the DMU, to identify
misallocation of inputsamong su-DMUs and generate insights about the sources dfidiency
within the DMU (Li et al., 2012

The existing multstage DEA models in the literature can be claskifido two categori¢ as
shown in Figure (2) and Fuge (3): closed-systemna open system models. In the clc-system
DEA models, the intermediate outputs remain unceddigom one stage to another. In contrast, ir
opensystem DEA models, the intermediate outputs in stage are partial inputs in a subseq:
stage (Ebrahimejad et al., 201«

Stage 1 Stage 2

Fig 2. A closed two-stage DEA model

e Stage 1 Stage 2 [

.
e

Fig 3. An open two-stage DEA model

In most applications of DEA presented in the litere, the models presented are desi to obtain
a single measure of efficiency. In many inces however, the DMUsvolved may perform sever
different and clearly identifiable functions, omcle separated into differemomponents. The is a
growing need to view performance in a more disaggfex sense, paying specific attention
different components of the operation. Th components include different classes of product
sales activities, such as mutual fu and mortgages, and different elements of serviganBasuring
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a branch’s performance on each of a set of suchpopbents, particular areas of strength and
weakness can be identified and addressed, wheessay (Cook et al., 2000).

The idea of measuring efficiency relative to certaub-processes or components of a DMU is not
new. Fare and Grosskopf (1996), for example, lopk anulti-stage process where in intermediate
products or outputs at one stage, can be bothgnaalucts and inputs to later stages of productaen.

an example of multi-component models, considerfdiewing dual component model proposed by
Cook et al. (2000). They supposed that all brarefisections are classified into two groups, satés a
service, as shown in Figure (4). The branch perfmee is simultaneously assessed along with sales
component and service component.

Service

X 1 X — Y.tl

X Branch k

G X I

Fig 4. A dual component model in assessing bank branches

However, our studies show that the use of multelewodels is increasing. As Figure (5) shows, 47
from 75 studies used multi-level models.

12

10

# of studies
o)}

® multi-sage models = multi-component models

Fig 5. Multi-level models growth.

3-3- Hybrid models

Some studies combine DEA with other parametrid aonparametric performance evaluation
methods, operational research techniques and etc€&igure (6) Shows all techniques that we found
in 75 papers of the related literature and compémgpiency of using them. These techniques are
somehow included in DEA evaluation and construttridymodels.
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Fig 6. Techniques applied in hybrid DEA models and fremyeof using them.

Different types of statistical tests (ST) andpdihesis tests could be seen in DEA-based bank
branch studies such as Pearson correlation cagfticEpearman’s correlation coefficient, Kendall,
Kruskal-Wallis' nonparametric test, Wilcoxon rankns test, Hausman test, Kolmogorov-Smirnov
test, and semi-parametrical statistical tests.

Different methods of regression analysis (RAQhsas Tobit regression, logistic regression, et. a
employed for different purposes. For example, alnation approach of multiple regression analysis
and DEA is used to estimate the service index@btianches under evaluation (Paradi et al., 2010).
The field of multi-objective linear programming (M®) has attracted a lot of attention and many
approaches were developed to address these prolletfiet al. (2010) used an interactive decision
making technique that encompasses both DEA and M@LPcorporate preference information,
without necessary prior judgment. They conductetbmbined-oriented CCR model performance
assessment using an MOLP method. Angiz et al. (R@it®oduced a mathematical method for
improving the discrimination power of DEA and tongoletely rank the efficient DMUs using fuzzy
concept. The introduced model is a multi-objectimear model, endpoints of which are the highest
and lowest of the weighted values. Yang et al. (2afeveloped a hybrid approach to incorporate
value judgments of both branch managers and hda@-afirectors and to search for most preferred
solution along the efficient frontier for each bamtanch. Yang & Liu (2012) considered that the
complementation of production and intermediatiotiviiies within a branch should be evaluated
simultaneously and proposed a two-stage series Imodae network framework to measure branch
performance in Taiwan‘s banking system. In ordeowercome the shortage of a traditional network
DEA methodology about branches that cannot be ssdesn the same base, they combined the
MOLP and the fuzzy approach to propose the fuzzitivobjective model to evaluate this network
problem.

An artificial neural network (ANN) 'learns' ationship between input and output variables thnoug
being repeatedly shown example data and changam@téarnal structure of the network to represent
the relationships more closely. Both DEA and nemetlvorks are non-parametric methods in the
sense that no assumptions are made concerningitbgdnal form that links the inputs and outputs
used to describe an operating process. In DEAt afsgeights is assessed for the inputs/outputs of
each DMU in order to maximise its relative effiagrsubject to the efficiency of the other DMUs in
the study. Neural networks are also based on tmagn of sets of weights that link inputs with
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outputs. In the latter case, however, the weigktk 40 derive the best possible fit through the
observations of the assessed data set. DEA wag bempared with ANN by Athanassopoulos &
Curram, (1996). Wu et al. (2006a) applied DEA maakeh data filter to create a sub-sample training
data set used for neural networks (NN) to evalttaebranch efficiency. They introduced a two-stage
DEA-NN model and claimed that this model producesi@e robust frontier and identifies more
efficient units since more good performance pastemne explored.

Fuzzy logic formulation could be introducedoi®EA model to deal with environmental variables
so that the branch performance from different negjicould be assessed (Wu et al., 2006b).

The conventional DEA approach, as applied mkbralated studies, has tended to concentrate on a
single measure of performance for the DMU. Vergofthowever, there are multiple components or
sub units within the DMU whose individual perforneanis required. By its very nature, the goal
programming (GP) technique has the tendency tceftine component measures toward each other
(Cook & Hababou, 2001).

In many of the studies of economies of scalébamking, output is assumed to be produced
according to a Cobb-Douglas production functionisTiinction has the desirable property of being
transformable into a logarithmic linear functiorattwill allow the coefficients to be estimated by
solving a linear programming model (Giokas, 1990his loglinear function estimation has been
compared with DEA in three studies of bank braredeasment literature.

Operational competitiveness rating analysis RABL is a relative performance measurement

approach based on a nonparametric model. With O@R@ can obtain ratings for a set of production
units (PUs) that gauge the performance of theiraifmns in a relative sense. This technique is
combined and compared with DEA in two studies asvwshin Figure 6.
Principal component analysis (PCA) is used to eataluhe significance of a variable in a model by
comparing the efficiency distributions obtainedrbgining the model with and without the variable by
means of a Wilcoxon rank sum test. The principlengonent analysis performed by LaPlante &
Paradi (2015) provided insights into the relatiopshhat exist between certain variables and irsdice
and each type of branch efficiency. This method alsed by Athanassopoulos (1998) identifies
factors in clustering analysis.

Shyu & Chiang (2012) measured the true manalgefficiency of bank branches in Taiwan using a
three-stage DEA model. They aimed to distinguiste tmanagerial performance from that gained
(lost) by favorable (unfavorable) environments ogasurement errors. The method consists of a
three-stage analysis that starts with the firsgestBEA. The process continues with the stochastic
frontier analysis (SFA) to explain the variatiomsarganizational performance measured in the first
stage, in terms of the operating environment, statil noise, and managerial efficiency. It is
noticeable that SFA is a parametric econometrictieo efficiency approach.

Multivariate analysis (MA) is a statistical analygechnique that has been combined with DEA in
order to ensure the homogeneity of the branchesriagtessment.

The frequency of using other special considamatin 75 related studies, regarding the status of
variables, such as nondiscretionary inputs/outpdéta variations and time series data, such as
Malmquist index (Fére et al. 1994) for total facmmoductivity growth, comparison of technical
efficiency and profitability of DMUs by means of Bgn's matrix, and different types of weight
restrictions applied by researchers, is illustrameigure (7).

45



16 15
14
12
(%]
2 10
©
>
» 8 6
. 6 5
4 3
2 1 1
0
ARI nondiscretionarfMalmquist index Dyson's matrix absolute weightcategorical
variables restrictions variables

Fig 7. Frequency of special considerations regardingthieis of variables, data variation, and weight
restrictions in DEA-based bank branch efficienaydss

In order to obtain an enhanced picture of braacperformance, the relation between the DEA
efficiency measure and profitability of them is pd by means of Dyson's matrix proposed by
Boussofiane et al., (1991). The joint use of tHeiehcy and profitability measures can highlighet
potential performance improvements that managemegitt be able to exploit, leading to higher
profits. This analysis is based on the efficienogfipability matrix' as illustrated in Figure (8).
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Fig 8. Efficiency-profitability matrix

The efficiency-profitability matrix is divideith four quadrants, where different profiles of briaes
are likely to exist. The precise boundary posititme$ween quadrants are subjective (Camanho &
Dyson, 1999). Branches located in the 'star' quaidpsovide benchmarks for the network. Branches
in 'dog' quadrant are operating efficiently but maatively low on profitability. This may be due &n
unfavorable environment, in which case their vigbishould be questioned, as the branches' profit
may be critically affected by the presence of caiitipa and low business potential in the catchment
area. Branches located in the 'question mark' qudrave the potential for both greater efficiency
and profitability. The 'sleepers' are profitablet ynefficient. Their profitability is likely to bea
consequence of favorable environment rather thaod gmanagement. They should be prime
candidates for an efficiency improvement effortieg to greater profits.
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3-4- Special models

The DEA models of this type cannot be incorpetan previous categories. Each special model
have a special name that is selected by the ag)hair(he paper. In Table I, we mentioned some of
these special models appear in DEA-based bank ibefficiency studies and give a brief description
about each of them.

In the 'radius of stability' model of Haag & Bag1995), A radius of stability technique has been
demonstrated as an alternative mechanism for ditimgnminimum simultaneous perturbations for
technical efficiency reclassification. The radidsstability will facilitate the evaluation of the akth
of new programs by identifying minimum targetedtpdrations. The appropriate interpretation of
inefficiency ratings in the additive model of DEAa$1been explored. The results demonstrate that
efficiency scores can only be used to discriminbggween efficient and inefficient DMUs.
Additionally, the issue of data scaling has beedresked to create a units-invariant model and hence
should be applied to all DEA models. The variat#etion test developed by Lovell & Pastor (1997),
provides a test of hypothesis that a variable graup of variables can be deleted from a linear
programming assessment problem such as DEA modéf®uw statistically significant loss of
information.

Multivariate analysis in order to ensure the bgeneity of the branches is the first step for
introducing the nonparametric frontier models fesessing the market and cost efficiency of large-
scale bank branch networks. Athanassopoulos (19898) the nonparametric deterministic frontier
analysis models for assessing site-specific anceggte market and cost efficiency of bank branches.

As a branch's scale size can significantly aftseefficiency, the standard VRS model was medifi
in order to preclude from the peer set branchesateaeither too large or too small to be considere
benchmarks for the assessed branch. In this studgs considered that the peers should not differ
from the current size of the branch evaluated byentban two employees (Camanho & Dyson,
1999).

In contrast to BCC, the quasi-concave (QC) malbels give consistent estimators. In addition, it
suffers less from finite sample error than the Fdkker & Post, 2001). This model assumes that
the production possibility set is a quasi-concage Measure function (objective function) of the
Normalized weighted additive VRS model is the wetghsum of the slacks and the weights are the
inverse of standard deviation of the i-th input grti output variables. Seéwvi¢ et al.(2001)
introduced three measures of efficiency and contptre results.

Cascaded overall efficiency model of ManandhaiT&ng (2002), is composed of three-stage,
namely, internal service quality efficiency, opargtefficiency, and profitability efficiency. Each
stage uses the CCR model and the outputs of eagle sire part of the inputs of the next stage.
Eventually, the BCC model with three outputs andnpaits is used for aggregating these measures.

Two types of reference sets for benchmarkingDMJs were considered by Cook et al. (2004):
benchmarking the electronic branches (e-brancheginst the traditional branches, and
benchmarking within e-branches.

The practical frontier obtained from P-DEA mod¥l Sowlati & Paradi (2004), enhanced the
discrimination power of standard basic DEA modelsadding the unobserved DMUs to the set of
observed DMUs.

Geometric Distance Function (GDF), that is th#dor of the geometric mean of input efficiency
scores to the geometric mean of output efficienoyres, is used in calculating maximum profit
targets and then overall profit efficiency is estied in a four-stage process introduced by Po&ela
Thanassoulis (2005).

Quality Adjusted DEA model (QA-DEA) is an iterag algorithm developed by Sherman & Zhu
(2006) in order to incorporating the high qualitDs in the reference set of inefficient DMUs.
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The methodology used by Yang & Paradi (2006)if@orporating environmental impacts in the
assessment is a three-stage procedure within vahiandicapping factor is used in the model of stage
two for adjusting the cultural differences betwéeanches of different regions.

In order to apply DEA to negative data, Cong@eiet al, (2007) developed a model called Range
Directional Model (RDM)that is based on the direntil distance model. The model used was output
oriented with a nondiscretionary output. Input atput values to be used in the RDM model can be
negative, since the RDM model is translation anidumvariant. The efficiency measure reflecting
the distance from observed points to its targetth(veference to the ideal point) is directly obtd
from the optimal objective function of the modehel RDM provides efficiency scores similar in
meaning to radial efficiency scores, which can beatly used to compare production units when
some inputs and/or outputs are negative.

The culturally adjusted (CA) DEA model is desd to control the influences of corporate culture
through two indices, Corporate Index (Cl) and Smrvindex (Sl), in order to assess the true
managerial efficiency. The CI reveals the diffeenin corporate strategies, while the SI measures
the effectiveness of the operating systems forveihig high quality customer service. The Cl is
included in the profitability analysis because ttwgporate strategies imposed upon a branch may
limit its scope of business mix. The Sl is incogied into the operational model since the level of
customer service quality affects the productiottitéds of the branches (Paradi et al., 2010).

Azizi & Ajirlu (2010) Evaluated branch performnzes from both optimistic and pessimistic
perspectives. The optimistic efficient branchedeatively delineate an efficiency frontier, whiléd a
pessimistic inefficient branches define an ineffieiy frontier. The conventional form of DEA
evaluates performances of DMUs only from the opiinipoint of view. In other words, it chooses
the most favorable weights for each DMU. Therensther approach that measures efficiency of a
DMU from the pessimistic point of view. This appcbachooses the most unfavorable weights for
evaluation of each DMU. Azizi & Ajirlu (2010) proped to integrate both efficiencies in the form of
an interval in order to measure the overall pertoroe of a DMU. The proposed DEA models for
evaluation of efficiencies are called bounded DE#dsi.

Incorporating decision maker's preference imfation into the process of DEA assessing
efficiency using multi-objective linear programmi(glOLP) is developed by Lotfi et al. (2010). A
directional vector for showing the direction of mmy an inefficient DMU toward the efficient
frontier was introduced.

For computing our index and indicator of pratlity change, Portela & Thanassoulis (2010) used
a meta-frontier, which envelops the pooled data gfanel covering a number of time periods, to
which we refer collectively as the meta-period.rgsimeta-frontiers under VRS makes it possible to
compute the index for all units. It is recalledtteame approaches to decomposing Malmquist indices
of productivity change under VRS can encounterasitele models for some units. In addition, meta-
Malmquist indices have the advantage of being tarcand computationally simpler because they do
not resort to geometric averages. Luenberger itmigaise directional distance functions to capture
differences in productivity of a DMU between twmé periods.

The HMRP-DEA approach is composed of three miminmodels, including the super-ideal point
model, the ideal point model and the shortest digtamodel, which share the same decision and
objective spaces, are different from each othey antheir reference points and weighting schema,
and are proven to be equivalent to the output-teteDEA dual models. The HMRP-DEA approach
uses DEA as an ex-post-facto evaluation tool fast gmerformance assessment and the minimax
reference point approach as an ex-ante planninigfdoduture performance forecasting and target
setting. Thus, the HMRP-DEA approach provides #eradtive means for realistic target setting and
better resource allocation (Yang et al., 2010).
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Table 1. Some of the special models applied in DEA-basatkibranch efficiency studies.

The name of the model

Creator

Objectives

Radius of stability

Haag & Jaska,
1995

Determining minimum simultaneous perturbationstémhnical
efficiency reclassification in Additive model.

Deletion of variables
technique

Lovell & Pastor,
1997

Examine the performance of target setting procedoce
determine the optimal structure of targets

Site-specific/Aggregate
market/cost efficiency

Athanassopoulos,
1998

Assessment of market efficiency and cost efficiecmycerned
with both central management (aggregate) and atsa |
management (site-specific).

DEA model with restricted

Camanho &
Dyson, 1999

The peers should not differ from the current sizthe branch
evaluated by more than two employees.

peer selection

Dual component CRS

Cook et al., 2000

Derive an aggregate measure of branch performéiate t
involving the sales and service functions (multinpmnent
efficiency measurements and shared inputs in DE@Jt, the
shared inputs for optimizing the aggregate efficiescore.

model
Dekker & Post Propose a quasi-concave DEA model to relax thelatarDEA
QC-DEA model 2001 ' assumptions of concavity for the production frontie
Normalized weighted Sewovic et al., Compare and analysis DEA efficiencies obtained fdiffierent
Additive VRS model 2001 measures.
Benchmarking performance of branches in differemtetisions
Cascaded overall efficiency Manandhar & simultaneously: internal service quality, operatéfficiency, and
model Tang, 2002 profitability in order to incorporating intangibéspects in
assessment.

Variable-benchmark and
fixed-benchmark models

Cook et al., 2004

A unit under benchmarking selects a portion of hemark such
that the performance is characterized in the naairbble light
or is benchmarked against a fixed set of benchmarks

Sowlati & Paradi,

Develop a DEA model that provides targets for eiogily
efficient units by defining a practical frontier.

L.

technical inefficiency

P-DEA model 2004
Optimistic/pessimistic cost Camanho & Estimation of upper and lower bounds for the cffstiency
efficiency model Dyson, 2005 measure in the situation of price uncertainty.
GDF Portela & Calculate overall profit efficiency and decomposinigto
Thanassoulis, 2004 allocative and technical profit efficiency.
QA-DEA model Sherman & Zhu, Improve benchmarking abll!ty of a DEA model by imgorating
2006 quality factor.
Handicapped DEA model Yang & Paradi, Adjusting cultural dlfferencelsldue to corporate agament’'s
2006 policies.
Conceicao et al., Range directional model is developed in order tdyaDEA to
RDM .
2007 negative data.
Directional measurement gf Deville, 2009 Determining one efficiency frontier feach type of environmen

CA-CCR model

Paradi et al., 201

Propose a new strategy to benchmark businessthatteperate
under different cultural (business) environmentsoTultural
indices (corporate strategy index and service dgpiaciex) are
identified to represent a firm’s unique operatimgieonment.

Bounded DEA models

Azizi & Ajirlu,
2010

Measurement of interval efficiencies of DMUs based
optimistic efficiency of ADMU (Anti-ideal DMU) and
pessimistic efficiency of IDMU (Ideal DMU).

model

Combined-oriented CCR

Lotfi et al., 2010

Reflecting the DM's preferences in the process sfsmsng
efficiency without necessary prior judgment usingrgeractive
decision making technique that encompasses both &teA
MOLP.

Meta-Malmquist index and
Meta-Luenberger indicato

Portela &

Thanassoulis, 201(

Develop an index and an indicator of productivityange that can
be used with negative data.

HMRP-DEA model

Yang et al., 2010

The HMRP-DEA approach provides an alternative méans

realistic target setting and better resource afiosand
incorporating of value judgments of both branch aggars and
head-office directors and to search for most pre€esolution

along the efficient frontier for each bank branch.
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4- CONCLUSION

DEA became a mainstream technology in bankdbratudies in recent years. Since its introduction
in 1978, DEA has become one of the preeminent manpetric methods for measuring efficiency and
productivity of DMUs (Emrouznejad, 2014). Howevérere is a lack of a literature review in the
field of model structures have been used by rebeescand practitioners. Until now, there has been
no classification and regularization of multifarsoumodels applied in DEA-based bank branch
efficiency measurements. Therefore, it is crititelt the DEA community has an open mind on these
issues, as DEA is being further developed and egii various areas.

In this paper, we present the results of aesunf model structures of 75 DEA applications & th
branch level published in journals since 1985katbwn (to authors) studies in this area. Given the
importance of bank branch modeling techniques &edfbcus on performance improvement, we
believe that the basic DEA models as well as thedny extensions would likely play a more
important role in bank branch studies in future.d®mparison of four different categories of models
presented in this study, one can conclude thaingh&s and outputs of the most DEA applications in
bank branches are compatible with the productigoragch. On the other hand, the popularity of
multi-level models is increasing among practitiameé3ome of the special models, that could not be
included in basic models and hybrid models, areregfced.

Although there have been many research thrustEify 2chniques over the past four decades, there
is still no reliable DEA model which can effectiydtandle the situations where some variables are
mixed with both positive and negative entri€s. point out a promising direction for future resdg

we suggest probing the model structure of eaclyoagantroduced in this paper separately and more
precisely and then offering a theoretical framewéok each of the four classes presented here.
Another interesting future research area is to fied ways to apply DEA in conjunction with other
advanced methodologies in order to extend such adetbgies and to complement each other’s
strengths while eliminating their weaknesses.
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