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PART I: Overview of the dissertation

1. Introduction

The banks have a central role in the economy. The liquidity, solvency and
other risks of the banks have gained much attention especially during the
unstable years that started in 2007-2008. In addition and connected to that,
the banks need to develop also the efficient use of their resources in their
operations. The efficiency evaluation between banks and within banks has
gained attention in the scientific literature providing rigorous approaches both
for researchers and practitioners. The industry is however constantly
changing. The evaluation of performance is also contingent upon the changing
strategies of the banks. Thus new needs emerge and new insights are required.
Retail banks are a core part of the banking system serving households and
small businesses. In contemporary retail banking the production is based
heavily upon centralized data processing and the customers take care of the
vast majority of the transactional burden by using electronic self-services. The
sale of services has become the main role for bank branches in retail banks.
Efficiency of the sales network is critical for the bank as the bank objectives
include extension of the customer base and enhancement of the existing
customer relations.
This dissertation focuses on the efficiency evaluation in a Finnish retail bank
over the years 2007-2010. As the research project was conducted in cooperation with the case bank, the principles for the evaluation were the
following:
x The organizational level to be evaluated was the bank branches. The
primary role of the branches in the case bank is sales. Thus the study
focused on the efficiency in selling banking services with their
resources.
x The management believes in a holistic approach where multiple angles
and several information sources build an understanding about the
branch network. Thus the research project was expected to cover
multiple perspectives on sales efficiency.
x The sales teams of the branches can learn from each other. The study
should support benchmarking with the best performers.
The research project is based upon theories and methods of productive
efficiency measurement. The research applies techniques of axiomatic
efficiency evaluation. Data envelopment analysis (DEA) (Farrell, 1957;
Charnes, Cooper, and Rhodes, 1978) is the most common technique for bank
branch evaluation. It estimates sales possibilities for the branches from
1

observed data without strong prior assumptions. Free disposal hull (FDH)
(Deprins, Simar, and Tulkens, 1984) compares only observed units and thus it
is suitable especially for benchmarking and optimistic evaluations. Besides
DEA and FDH this study utilizes and also extends Value efficiency analysis
(VEA) (Halme, Joro, Korhonen, Salo, and Wallenius, 1999). VEA incorporates
management’s judgments of preferred performance to axiomatic
nonparametric framework allowing efficiency evaluation beyond a pure
technical perspective. The fourth main efficiency evaluation method used is
Stochastic non-smooth envelopment of data (StoNED) (Kuosmanen and
Kortelainen, 2012) which has benefits for studying efficiency over time in
turbulent conditions.
The existing literature provides a significant amount of knowledge for bank
branch efficiency evaluation (see e.g., Berger and Humphrey, 1997; Fethi and
Pasiouras, 2010; and Paradi and Zhu, 2013, for reviews). More than eighty
studies have been published regarding the efficiency of the bank branches.
Approaches to evaluate the efficiency are almost as numerous. The
performance evaluation of the bank depends on the time and place related
context. Even though this evaluation is also contextual the existing literature
provides valuable reference and insight that were applied in this study.
There were, however, challenges in the existing methods and approaches
that this research project particularly addressed. From the scientific
perspective the purpose of this study is to provide methodological insights that
emerge from this case. The essays depict these insights.
When evaluating the operational efficiency from a technical perspective,
without value judgments, the analysis suffers from poor discrimination. Too
many observations are found efficient and the differences are small. This is
due to the high number of services the branches sell. There are techniques to
reduce variables for efficiency analysis, but these techniques have implications
that can affect the acceptance in the organization and the conclusions about
performance of the units and appropriate improvement means. These
implications have not been addressed in the bank branch literature. Essay I
compares three of these techniques and their implications.
The sales activity of the branches should be assessed also from an economic
perspective, in this case the efficiency to maximize profit and total return.
However the prices of financial products sold are not easily available in
banking. The challenge to overcome is how to estimate economic efficiency
when prices are not explicitly known. In this research project that was solved
with an extension of Value Efficiency Analysis. This is depicted in Essay II.
There were also challenges related to the use of preferred benchmarks. In
Value Efficiency Analysis management is expected to select the benchmark.
Essay II discusses the use of stretch benchmarks that exceed the observed
possibilities. On the other hand when selecting benchmarks the existing
assumption of convex possibilities may lead to an underestimation of value a
branch generates. This topic and extension of value efficiency to non-convex
setting is discussed in Essay III. It presents how management preferences can
be recognized also in the optimistic efficiency evaluation based upon FDH.

2

The fourth challenge was the changing conditions in retail banking as the
demand fluctuated strongly during 2007-2010. The challenge was how to
evaluate the development of efficiency in such conditions. Essay IV proposes a
novel approach for evaluating sales over turbulent times.
The case bank found the research collaboration interesting as it would
provide them insights during the research process. For the case bank this
study provided insight that among other available information helped in
decisions regarding the existing branches and the new branches to be
established, and supported organizational learning. Even though the research
project resolved issues in the efficiency evaluation for the case bank, the
results of this work are applicable to other contemporary retail banks and
organizations in other industries.
The rest of this summary is organized in structures as follows. Section 2
presents the case bank and its sales process. Section 3 introduces the
theoretical and methodological foundation of efficiency evaluation for this
dissertation. Section 4 discusses the study of bank branch efficiency evaluation
presenting both some influential previous studies but also research gaps.
Section 5 gives an overview on the essays. Section 6 discusses the scientific
contribution of this dissertation, the implications in the case bank and areas
for future research.

3

2. Case description

The case bank, Helsinki OP Bank Plc., is a retail bank operating in the Helsinki
metropolitan area. It belongs to OP-Pohjola Group which is a leading financial
service provider in Finland. The group comprises 200 independent
cooperative banks and OP-Pohjola Group Central Cooperative. Helsinki OP
Bank is an exception in the group because it is a subsidiary of the Group
Central Cooperative. It was founded in 1996 as a merger of cooperative banks
to boost the presence of cooperative bank group in the Helsinki area. The
cooperative banking had been traditionally strong in countryside but the
growth potential for the group was in the cities, especially in the Helsinki area.
Helsinki OP provides financing, investment, daily banking and insurance
services to households and small and medium sized businesses. In the end of
the period of this study, 2010, the loans to customers were MEUR 4 635 and
deposits MEUR 3 248. Besides deposits the other source of funding came from
the other financial institutions, in practice from the central bank of the OPPohjola Group, MEUR 1 388. The main sources of income were net interest
income (MEUR 53.1 in 2010) and net commissions and fees (MEUR 31.0 in
2010). (Helsinki OP).
In 2010 the bank served the customers in 36 retail locations (branches or
service desks) and also via a web and telephone contact center (Helsinki OP).
The branches in this study are primarily a distribution channel for banking
services as 98 % of the customer’s bank transactions were electronic selfservices. All branches provided financing and investment services, but some
branches did not even have cashier services.
The market of Helsinki OP comprises of four municipalities with a total
population of 1 045 000 inhabitants in the end of 2010 (Helsinki Region
Infoshare). There is no public information on market shares in Helsinki area
but according to the number of retail locations Helsinki OP Bank is the second
largest retail bank in Helsinki area1. The Helsinki area forms a single entity for
business, working and transport (SYKE, 2012)2. As the consumers of banking
services shuttle between homes, work and shopping, the branches do not have
clear sales territories. The branch network is aimed to cover retail locations
suitable for customers.
1
Review conducted by the author in November 2012. The review covered retail locations of the banks in
the four municipalities of Helsinki area.
2

For a wider overview on the behavior of bank customers in Helsinki area, see Essay IV.
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The branch network employs approximately 300 banking professionals,
called advisors. Financing and investment advisors are specialists. Service
advisors deal with the daily services and least demanding loan and saving
needs. The advisors work in branch based sales teams. The team leaders
support the advisors in developing their competences, collaboration and work
practices for the efficiency and effectiveness of sales. The performance
management is based upon semiannual targets where the objectives of the
bank are cascaded to the teams and further to the individual sales people. The
incentives are however mainly team-based.
The sales process starts from the customer needs. The financing services are
more often initiated by the customer, for example, the need for a housing loan
emerges from the customer’s wish to purchase a new home. The bank is more
pro-active regarding investment services. The bank also contacts those
insurance service customers that are not yet customers of banking services. In
all cases the majority of the contacts go through the contact centers, which
book appointments with the advisors based upon the customer needs. The
customers can choose the location in the network according to their
preferences. In the meeting the advisor should probe the customer needs and
discuss solutions. If successful, this leads to banking services at Helsinki OP,
sometimes after several meetings. The advisor may also guide the customer to
another specialist if the customer has additional banking or insurance needs.
Customer experience is important because a satisfied customer often returns
with new needs and impacts positively on other potential customers.
By committing to this research project, the bank management wanted to
evaluate the branches from a long-term perspective to supplement the sales
semiannual follow up and other sources of information used for managing and
developing performance. By using the information from these efficiency
analyses and multiple other sources, the management gained insight for
decisions related to network and branches – are the branches viable based
upon their long-term performance, where to focus the improvement actions
and interventions, what should the staff of new branches be as the bank
searches for an opportunities for growth. Management also wanted to support
future development of individual branches – by finding good benchmarks and
practices, and by learning from past development.
The analyses of this dissertation cover the years 2007-2010. The period was
exceptionally turbulent. The banking sector experienced a serious global crisis.
Internally this period was however stable without any major changes in the
branch network. According to the bank’s annual reports, the customer base
increased during these years from 283 000 to 335 000 customers in 20072010 (growth rate of 18.5 %) (Helsinki OP). The research focused in the
efficiency of sales of banking services through the sales teams of 25 branches
dedicated to serve households. However the sales of services obviously reflect
the capability to attract and retain customers.
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3. Theoretical and methodological
foundation

The performance of a unit3 can be evaluated with multiple concepts such as
financial indicators, quality in meeting the customer expectations or
productivity in respect to resources used for generating the services and other
outcomes. In the end these various performance aspects are interconnected;
productivity is in a central position in creating customer satisfaction, revenue
growth and profit in service organizations such as banks (see e.g., Heskett,
Jones, Loveman, Sasser, and Schlesinger, 1994). This dissertation considers
performance from the productivity point-of-view.
A production process of the unit consumes resources (inputs) to generate
outcomes (outputs). In the case of multiple inputs and multiple outputs,
productivity is measured as a ratio of aggregated outputs to aggregated inputs
(see e.g., Coelli, Rao, O’Donnell, and Battese, 2005). Efficiency is a close but
distinct concept referring to ability to perform on the level of maximal
potential productivity. We assume also that there may be also inefficiencies,
some systematic gaps between the observed productivity of the units and their
potential productivity and thus there may be also space for performance
improvement. This section will presents concepts and methods for evaluating
efficiency that are relevant in this dissertation.

3.1

Production possibilities and technical efficiency

The production process of the unit is constrained. Only some combinations of
inputs and outputs are feasible. A unit consumes m inputs to produce p
outputs. Denote the vector of inputs by x  
ା and the vector of outputs by y

 ା . A feasible pair of input and output vectors is called technology (see e.g.,
Kallio and Kallio, 2002)4. The set of feasible technologies is defined as T = {(y,
ା
x) | y can be produced from x} ା . This set is also often called the
production possibility set (PPS).

3
Term unit is used in this dissertation for entities under evaluation. Economic literature uses often terms
firm or producer. However in organizational context the unit is an entity within a firm.
4
Other definitions for technology exist in the literature. Coelli et al. (2005 p.42) refer production
technology as description of the multiple-output process i.e., the production technology determines the
production possibility set.

7

A form of efficiency that considers the ability of the unit to maximize its
output or minimize its input within the production possibilities set is called
technical efficiency. This dissertation applies Koopmans’ (1951) definition of
technical efficiency which can be expressed as the following (Lovell, 1993, p.
10): "a producer (unit) is technically eƥcient if an increase in any output
requires a reduction in at least one other output or an increase in at least one
input, and if a reduction in any input requires an increase in at least one other
input or a reduction in at least one output". Such a technically efficient unit is
Pareto-optimal in the PPS. The boundary of the PPS is called the efficient
frontier. Figure 1 illustrates the concepts of PPS and efficient frontier in a
single input and output case.

Figure 1. Production possibility set and efficient frontier.

The inefficiency of the unit can be evaluated either as a difference measure i.e.,
the distance from the input and output levels of the unit to the frontier or a
ratio measure between the input and output levels of the unit and the frontier.
An often used ratio measure of technical efficiency has been defined by Debreu
(1951) and Farrell (1957). This measure is one minus maximum
equiproportional reduction in all inputs allowing the production of the outputs
of the unit. The measurement value for a technically efficient unit is one as it
cannot reduce inputs while maintaining the level of outputs. However value
one for Debreu-Farrell measure does not necessarily mean that the unit is
technically efficient by the Koopmans’ definition. If the unit is able to reduce
some inputs to produce the same outputs, it is called technically weakly
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efficient. A unit that can reduce inputs equiprorotionally is strictly inefficient.
Then the efficiency measure takes values between one and zero.
When evaluating the inefficiency the direction of measurement is relevant.
The measurement described above minimizes the inputs keeping outputs
fixed. This is called input orientation. Alternatively the efficiency can be
measured by maximizing outputs while keeping inputs fixed. This is output
orientation. The third option is non-oriented allowing simultaneous decrease
of inputs and increase of outputs. The orientation depends on the expected
behavior of the unit. When evaluating technical efficiency of sales activity we
typically assume that the unit is maximizing the sales of products with the
given resources but the unit involved with service process often aims to
minimize resources needed for the given demand of service.

3.2

Methods to evaluate efficiency

In empirical applications the efficient frontier and PPS are unknown. Methods
that measure the inefficiency at the unit level by using the estimated efficient
frontier are called frontier methods.
The frontier methods are often divided into parametric and nonparametric
methods. Parametric methods typically consider a single output (e.g., total
production) and multiple inputs such as labor, capital and materials. The
frontier is defined by the production function5 with a prior assumption of its
form. The estimated inefficiency is sensitive to the specified form which is
considered a drawback (see e.g., Lovell, 1993). Nonparametric methods are
solely data driven comparative techniques. The most widely used branch of
nonparametric methods is based upon axiomatic assumptions regarding the
PPS 6 . These approaches can utilize simultaneously multiple inputs and
outputs.
Another dimension of taxonomy divides the methods into stochastic and
deterministic techniques. The deterministic techniques assume that data is
free of measurement error and random disturbance, and the deviation from
the estimated frontier is interpreted as inefficiency. However measurement
errors and disturbances exist in empirical data, which is the main criticism of
deterministic approaches. The stochastic techniques distinguish the random
error in data and the inefficiency but they require some parametric
assumptions for this separation.
The most common parametric method is stochastic frontier analysis (SFA;
Aigner, Lovell, and Schmidt, 1977; Meeusen and van den Broeck, 1977). The
most common nonparametric efficiency evaluation methods are DEA and
FDH. They are axiomatic and deterministic techniques.
Our case contains multiple outputs and initially multiple inputs. On the
other hand no justified selected functional form exists for the case in hand.
5

The term production function is used in single output case. This corresponds to definition of Coelli et al.
(2005, p.42). In the context of sales and marketing this function is often called sales response function
(see e.g., LaForge, Cravens, and Ranney, 1984).

6

There are also non-parametric frontier methods that utilize local averaging.
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Also the previous work regarding the use of preferences and the literature of
bank branch efficiency evaluation is mostly nonparametric. Thus the
nonparametric axiomatic methods provide the methodological basis for this
dissertation. However, when studying the development of efficiency in
changing conditions some virtues of parametric approaches are desired.
Therefore, use of a semi-nonparametric approach that combines the
stochastic treatment of the error term to the axiomatic frontier analysis will be
discussed later in this section.

3.3

Axiomatic nonparametric efficiency evaluation

Farrell (1957) proposed estimating the boundaries of the PPS by using a
piecewise linear frontier defined by the observed data of multiple units.
Charnes et al. (1978) presented the DEA method based upon linear
programming to estimate such a frontier. The units under assessment are
called decision making units (DMU). The DMUs are assumed to be
homogeneous, i.e., they undertake similar activities and produce comparable
products or services, use similar range of resources, and operate in similar
environments (Dyson et al., 2001).
The observed data of the DMUs present some feasible technologies. All data
points are enveloped by the estimated efficient frontier. In standard DEA
identification of the frontier is based upon free disposability which means that
the same output can be produced with more input or less output can be
produced with the same input. Thus more input produces at least the equal
amount of output. DEA assumes that PPS is convex i.e., every point on the line
segment between two feasible technologies is also feasible7.
Consider n DMUs denoted by j, (j=1,…, n). The DMUs use m inputs to
j
m
produce p outputs. The input vector of the jth DMU is x  and the output
j
p
vector is y  . Let X be the m u n - matrix of observed input data and Y

the p u n - matrix of observed output data. /  n is the set of intensity
vectors λ
is T

(O j ) 8. The estimated production possibility set, denoted also by T

^(x, y) x t Xλ 

m

`

, y d Yλ  p , λ / .

The form of the convex production possibility set distinguishes two DEA
estimators9 . CCR (Charnes et al., 1978) assumes constant returns to scale
(CRS) in the entire PPS. Then the estimated production possibility set is
defined by intensity vectors /

^λ 

n

`

λ t 0 . BCC (Banker, Charnes, and

Cooper, 1984) assumes variable returns to scale (VRS), where the PPS is
defined by the convex combination of individual observed technologies

7

Equivalently the frontier is monotonically increasing and concave.

8

λs are also called weights. Term intensity variable is used to avoid confusion with the weights of the
multiplier form of DEA presented later.
9
Estimator refers here to a method that is applied to a model. DEA, FDH and their variants are
estimators. The model contains the variables. The literature uses often expressions DEA model or FDH
model with the same meaning, including Essay II and III in this dissertation.
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/

^λ 

n

¦

j

`

O j 1, λ t 0 . VRS means that some units may be found to be

operating under increasing returns to scale, some units decreasing returns to
scale and some units under most productive scale size. Thus BCC estimator
assumes that there are scale inefficiencies and some technically efficient units
can still increase their productivity if their inputs are increased or decreased.
As the purpose is to evaluate the performance of the unit, these DEA
estimators find a reference point on the estimated frontier for the unit under
assessment either by radial decrease of input (input orientation) or radial
increase of output (output orientation). Because the estimated PPS is assumed
to be within the true unknown PPS the DEA efficiency score is an optimistic
estimate of Debreu-Farrell’s efficiency measure. DEA estimates also input
surpluses and output deficits called slacks which enable to identify if the unit
is only technically weakly efficient. DEA efficient is a point on the efficient
frontier with DEA efficiency score one and all slacks zero (see e.g., Cooper,
Seiford, and Tone, 2007). Regarding to the two estimators, as the PPS of BCC
is always a subset of the PPS of CCR, BCC efficiency scores are more (or
equally) optimistic than CCR efficiency scores.
The approach above describes the envelopment form of DEA estimators. The
multiplier form of DEA compares the ratio of the weighted sum of outputs to
the weighted sum of inputs (or vice versa) and searches nonnegative weights
for inputs and outputs that maximize efficiency score of the unit when
compared to all other evaluated units10. The multiplier and envelopment forms
are related to each other by the duality theorem of linear programming
(Charnes et al., 1978). The DEA efficiency scores of the envelopment and
multiplier forms are exactly the same, assuming that both multiplier and
envelopment forms have a solution. The multiplier form is used because it
provides useful information to decision makers for example about the relative
importance of the inputs and outputs to the efficiency evaluation of the unit.
Also many extensions to standard DEA are based upon constraining the
weights. When using the multiplier form the unit is DEA efficient when the
efficiency score is one and all input and output weights are nonzero.
CCR and BCC are so called standard DEA estimators (see e.g., Lovell and
Rouse, 200311). Various extensions and modifications to these standard DEA
estimators have been presented in the literature. Next, some of the limitations
of standard DEA and resolutions to them will be discussed.
In order to develop productivity, we often expect that the inefficient units
could learn from the efficient ones. The best performers are called
benchmarks. In the standard DEA estimators the reference point on the
frontier is often a combination of some existing DEA efficient units. Such a
virtual unit may be less convincing as a benchmark (Bogetoft, Tama, and Tind,
2000).
10
Problem maximizing ratio of the weighted sum of outputs to the weighted sum of inputs subject to
constraints is actually a non-linear problem. The DEA multiplier form is a transformation of the fractional
problem to a linear program (see Cooper et al., 2007 pp. 23-24)
11

Lovell and Rouse (2003) use expression ”standard models of DEA”. As CCR and BCC are called
estimators in this summary, expression ”standard estimators” is used.
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FDH (Deprins et al., 1984) is a nonparametric efficiency estimator that
assumes only free disposability. The efficient frontier comprises only of the
existing Pareto-optimal units and the PPS in non-convex. FDH estimates the
efficiency of a dominated unit by identifying a dominating benchmark that has
been able to produce the same amount or more output with same amount or
less input. FDH efficiency scores are equal or more optimistic than the scores
of BCC estimator. Essay III will utilize FDH for benchmarking and extend it.
Another issue relates to the ability of the standard DEA estimators to rank
units and distinguish efficient and inefficient units. All inputs and outputs are
initially equal in the standard estimators of DEA and the best possible input
and output weights are found for each unit. If the number of inputs and
outputs is high compared to number of units, a large proportion of units are
found efficient and the differences in the efficiency scores are small. Results of
such an analysis may be useless. This is called lack of discrimination
(Podinovski and Thannassoulis, 2007). Often in practice representative
variables need to be selected and/or the variables have to be aggregated prior
to the use of DEA. This is called variable reduction. Several techniques deal
with reduction of variables for DEA. For example Jenkins and Anderson
(2003) propose a multivariate statistical procedure to reduce variables with
minimal loss of variance. Pastor, Ruiz, and Sirvent (2002) developed a
measure to test the contribution of the variables to DEA scores. Ueada and
Hoshiai (1997) and Adler and Golany (2001, 2002) developed a method that
uses principal component analysis to aggregate data for DEA. Techniques of
variable reduction and their practical implications will be discussed in Essay I.
Other methods to mitigate the lack of discrimination include ranking
procedures for efficient units, for example super-efficiency (Andersen and
Petersen, 1993) and cross-efficiency (e.g., Doyle and Green, 1994). Also the use
of value judgments increases differences between the units. This leads to
deviation from the concept of technical efficiency to consider allocation of
input and output mix i.e., “doing right things”.

3.4

Incorporating value judgments of decision makers

If we consider technical efficiency, all DEA efficient units are equally good.
Thus technical efficiency is value-free. That may not be however always
desired. A unit can be identified efficient when the weights of a certain inputs
or outputs are very low compared to the weights of other inputs and outputs.
That may violate the knowledge of those utilizing the results of the evaluation.
Similarly the benchmarks proposed by DEA may represent less preferred mix
of inputs and outputs.
Value judgments are logical constructs that reflect the decision maker’s
(DM) preferences incorporated within an efficiency analysis (Allen,
Athanassopoulos, Dyson, and Thanassoulis, 1997). The value judgments can
be expressed in the form of weight restrictions (e.g., Charnes, Cooper, Wei,
and Huang, 1989; Thompson, Singleton, Thrall, and Smith, 1986; Wong and
Beasley, 1990), output and/or input targets (e.g., Golany, 1988; Thanassoulis
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and Dyson, 1992; Yang, Wong, Xu, and Stewart, 2009) or artificial units
(Thanassoulis and Allen, 1998). These forms of value judgments are
interchangeable (see e.g., Roll, Cook, and Golany, 1991).
The value judgments can be expressed as restrictions to admissible weights
(see e.g., Halme and Korhonen, 2000). Assume the problem has r inequalities
defining the weights. Denote v m the vector of input weights and μ 

p

the vector of output weights. The set of admissible weights P is defined:

P

^(v, μ) 

m p

`

vT B1  μT B2 d a
mur

with matrices B1 

pur
and B2 
and row vector a r for constants. If

the constant a associated with a constraint is zero, then the weight constraint
is relative, otherwise it is absolute.
Value efficiency analysis (Halme et al., 1999) is a method to incorporate
value judgments to DEA. Value efficiency measures the extent to which the
unit maximizes the value to DM among the alternative feasible technologies.
DM chooses a benchmark that is preferred in PPS. This benchmark is called
the most preferred solution (MPS). The selection reflects DM’s unknown value
function that is strictly increasing in outputs and strictly decreasing in inputs.
Moreover, the value function is assumed to be pseudo-concave for outputs and
pseudo-convex for inputs. Similarly as in standard DEA the PPS is a convex set
defined by the appropriate returns to scale assumption. The MPS can be a
virtual unit or a real DEA efficient unit in which case it is called the most
preferred unit (MPU).
Value efficiency analysis evaluates the efficiency with respect to the
indifference contour of the DM’s value function passing through the MPS.
Because this function is unknown the value function is approximated with all
the possible linear functions that achieve their optimum in the MPS. These
linear functions represent all possible tangents of the unknown value function.
In the spirit of DEA the most favorable tangent for the unit under assessment
is considered. Thus it is an optimistic estimate of true value efficiency. Because
the tangent cannot be within the interior of the production possibility set, VEA
score is worse than or equal to the corresponding DEA efficiency score. Thus
VEA discriminates the units by taking into account the DM’s preferences.
Generally incorporation of value judgments has been discussed under
assumption of convex PPS12. Also the original VEA requires that benchmark
has to be a DEA efficient point. Consequences of DEA’s convexity and
relaxation of that assumption will be discussed in Essay III. Essay II relaxes
the assumption that the benchmark has to be within the estimated PPS.

12
To the best of author’s knowledge, there are no published studies incorporating value judgments to
FDH model. However the unpublished manuscript of Vanden Eeckaut and Wunsch (1995) discussed
spotting FDH efficient DMUs under various types of objective functions and output preferences. The
approach does not include measurement of efficiency under value judgments.
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3.5

Economic efficiency under uncertain prices

In the analysis of economic efficiency the underlying assumption is that the
units under evaluation exhibit certain economic behavior and should be
evaluated accordingly. The neo-classical economic theory assumes that the
firms intent to maximize their profit i.e., margin between total income and
total costs. However if the outputs are not under their control, the behavior
can be assessed by regarding how the units minimize the costs for the given
output. If the inputs are not under their control, the interest may be how the
unit maximizes the revenues (i.e., total income) with the given level of inputs.
The unit may be evaluated also to the extent in which it maximizes return i.e.,
the ratio of total income to total costs13.
The economic efficiency depicts how well the unit exhibits the economic
behavior subject to technological constraints. Moreover, economic efficiency
evaluation allows study of the source of the inefficiency. It can be decomposed
into technical inefficiency, as described earlier and allocative inefficiency, i.e.,
extent to which the input and/or output mix deviates economically from the
optimal. When evaluating economic efficiency in a nonparametric framework,
the concepts of input and output weights are replaced with prices that have
monetary interpretation.
Ideally the unit specific quantities and prices of inputs and outputs are
known. However in many empirical studies prices are not known or they are
unreliable (see e.g., Kuosmanen, Kortelainen, Sipiläinen, and Cherchye,
2010)14. Instead of exact, explicit prices a set of admissible prices needs to be
used. The economic behavior is tested subject to both production possibilities
and admissible prices. This dissertation utilizes nonparametric economic
efficiency tests presented by Kallio and Kallio (2002).
Techniques have been proposed how to operate with uncertain admissible
prices (see e.g., Thompson, Dharmapala, Humphrey, Taylor, and Trall, 1996;
Camanho and Dyson, 2005a; Kuosmanen et al., 2010). A relevant insight for
this dissertation is that the preferences of value efficiency analysis may be
incorporated to profit efficiency evaluation to constrain the admissible prices
(Kallio and Kallio, 2002). Essay II presents an approach that utilizes and
extends the value efficiency analysis for profit and return efficiency evaluation.

3.6

Taking context into account

One of the criteria in nonparametric efficiency evaluation is that the compared
units operate in similar environments, which is not however always the case.
On the other hand the units may operate in different internal systems e.g., due
to different managerial practices or operational models assigned to them.
Some factors effecting the evaluation may be out of the control of the unit
under assessment. These differences between the units are called context.
13

Return is also called profit ratio (see Cooper et al., 2007 p. 268) or profitability (see e.g., Althin, Färe,
and Grosskopf, 1996). Term profitability is used analogously to return in Essay IV.
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Also the quantities can be unknown. Färe, Grosskopf, and Lee (1990) present that observed revenues
and costs can replace missing quantity and price data.
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There are several reasons to take context in the account. Unfair comparison
may not be accepted in the organization and thus such evaluation has little
practical value. On the other hand we may be interested in studying if a certain
contextual factor has an actual effect on the efficiency estimates and in case it
has, what is its significance. Contextual variables include both variables
depicting external operational conditions and internal non-discretionary
factors15.
If the units can be classified to clusters of homogenous units then the
comparative efficiency analysis can be conducted within each cluster to enable
fair comparison (see e.g., Dyson et al., 2001). In this case the contextual
variable is nominal and each cluster has a separate frontier. Banker and Morey
(1986a) introduced the use of hierarchal categories, where units in more
favorable context can be compared also to units classified to operate within
less favorable context.
If the contextual variables are continuous they can be incorporated into the
efficiency analysis along with input and output variables. This is also called
one stage-approach. As the units cannot alter the contextual variables,
approaches have been developed to control these variables in the efficiency
evaluation (see e.g., Banker and Morey, 1986b; Ruggiero, 1996). The drawback
of both clustering and one stage-approach in DEA is that the evaluation may
suffer from lack of discrimination (see e.g., Yang and Pollitt, 2009). The
number of units decreases when clustering and the number of variables
increases when incorporating contextual variables. Use of techniques such as
principal component analysis has been proposed for reducing incorporated
contextual variables (Adler and Golany, 2002).
While the one-stage approach focuses only on taking the context into
account in the efficiency evaluation, the two-stage approach provides also
information on the effect of the contextual factors. In the two-stage approach
the traditional efficiency evaluation is conducted without contextual variables
and the efficiency scores are then regressed against the contextual variables.
This approach was first proposed by Ray (1988) and a wide range of
techniques has been proposed for the two stage approach (see Simar and
Wilson, 2007 for a literature review). Because the number of initial DMU’s and
input and output variables is unchanged, this approach does not increase lack
of discrimination. However the impact of contextual variables to efficiency
may be distorted due to finite samples that cause the DEA frontier estimators
to be downward biased (Johnson and Kuosmanen, 2012).
This dissertation uses two approaches to deal with the context. The study of
profit and return efficiency in Essay II is relevant only for a subsets of similar
units, thus clusters based upon management classification are used. Also
Essay IV uses clusters to comprise separate frontiers for branches with two
different operational models but in addition to that it incorporates contextual
variables to analysis with a novel approach that overcomes the issues of the
one and two-stage stage approaches.
15

Besides contextual variables the literature of efficiency analysis uses several overlapping concepts
such as environmental variables, non-discretionary variables and uncontrollable variables.
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3.7

Stochastic data and semi-nonparametric approach to
efficiency evaluation

In the deterministic efficiency evaluation, discussed so far, the deviation from
the estimated efficient frontier is attributed to inefficiency. The real processes
generating the quantities of inputs and outputs are however often stochastic.
Several extensions to DEA have been proposed in the literature to mitigate
the sensitivity of DEA to data errors and outliers (e.g., Stochastic DEA of
Banker, Datar, and Kemerer, 1991; DEA+ of Gstach, 1998). However,
Kuosmanen and Johnson (2010) criticize their statistical basis and lack of
genuine probabilistic treatment.
Semi-parametric stochastic frontier approaches originate from SFA by
replacing the parametric frontier function with a nonparametric specification
(e.g., Fan, Li, and Weersink, 1996; Kneip and Simar, 1996; Park, Sickles, and
Simar, 1998; Kumbhakar, Park, Simar, and Tsionas, 2007). StoNED
(Kuosmanen and Kortelainen, 2012) is a method that combines a DEA-type
nonparametric efficient frontier with SFA-style stochastic treatment of
inefficiency and random noise term. In the preceding work to StoNED
Johnson and Kuosmanen (2011) propose incorporating contextual variables in
one-stage estimation and show that this approach enables statistical inference
of the impact of the contextual variables.
Assume that there is one variable e.g., total production that is explained as a
function of input variables and contextual variables, inefficiency and random
disturbance. Denote yj the total production, vector xj the input, and uj the
inefficiency of unit j. Vector zj is the vector of the contextual variables
associated to this unit. Random variable vj is a stochastic noise term. Function
f(xj) is the production function. This function is concave and monotonic
increasing in all inputs x. Function h(zj) depicts the effect of the context to the
output. The model that combines the joint effect of the inputs and the
contextual variables is

yj

f (x j ) u h(z j ) u exp(u j  v j ), u j t 0, j 1,..., n

The StoNED method contains two stages. The underlying assumption is that
instead of extreme performances the production possibilities are more
accurately depicted by a central tendency. The method estimates a piecewise
linear curve by solving a convex nonparametric least square (CNLS) problem
(Hildreth, 1954; Hanson and Pledger, 1976; Kuosmanen, 2008) subject to
similar monotonicity and concavity constraints as DEA. The function depicting
the effect of the contextual variables is parametric h(z j )

exp(βT z j ) , where β

is a vector of coefficients common to all units and it is estimated from the
data16. The estimated central tendency from the first stage can be interpreted
as an “average practice”.

16

For the mathematical programming form the first stage estimator see Kuosmanen and Kortelainen
(2012).
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The second stage decomposes the CNLS residuals to inefficiency term and
noise term. In case of cross sectional data (i.e., single period multiple units)
the inefficiency term is assumed to be half normally and noise term normally
distributed. The decomposition of residuals shifts the curve from central
tendency to the estimated frontier. Because the noise term is normally
distributed some observations may exceed the estimated frontier. For panel
data (multiple periods, multiple units) a decomposition strategy can be based
upon estimation of unit specific average deviation from the CNLS-curve. The
best average can be considered as the best practice frontier and the periodic
performance is compared to this frontier. The average of each unit represents
long term inefficiency.
As the stochastic phenomena are related strongly to the time aspects the
relation of this study to random disturbance will be discussed in the next
subsection.

3.8

Evaluating efficiency over time

The literature distinguishes two types of temporal efficiency studies – studies
of tracking efficiency over time and dynamic studies that are interested in the
connection of endogenous and exogenous forces during time (Stefanou, 2009).
The temporal research interest of this dissertation is depicting the efficiency
development and thus it falls into the first type.
Tulkens and Vanden Eeckaut (1995b) have presented three different
fundamental assumptions related to production possibilities over time that
lead to different methods when using panel data in nonparametric efficiency
evaluation. Contemporaneous assumption considers each period separately
and thus the periodic frontiers are also separate. Only the observations of the
period define the estimated production possibility set. The productivity change
of the unit between two periods can be studied by dividing the change into two
components – technological change shifting the frontier and catch-up
depicting the improvement and worsening the DMU’s relative efficiency. The
Malmquist index (Malmquist, 1953; Caves, Christensen, and Diewert, 1982) is
the most common measure of productivity change.
In sequential temporal analysis, observations of a sequence of periods define
the PPS. Tulkens and Vanden Eeckaut (1995b) consider window analysis
technique (Klopp, 1985) as a special case of a sequential method. Comparing
the efficiency over several windows depict the development trends of the unit.
A drawback of the rolling window analysis is that the observations from the
first and last periods have less importance in the total evaluation than the
middle periods.
The third, intertemporal assumption includes all observations from all
periods in the estimation of the PPS (Tulkens and Vanden Eeckaut, 1995b).
The intertemporal approach fits when depicting time series of efficiency, thus
such applications may utilize panel data with relatively short periods, for
example monthly data (see e.g., Tulkens and Vanden Eeckaut, 1995a). If
standard nonparametric approaches are used, no frontier shift is assumed,
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which may be restricting. Some metafrontier approaches (Asmild and Tam,
2007; Portela and Thanassoulis, 2010) combine intertemporal recognition of
all observations to estimate frontier shifts.
When using panel data the research interest may be however in the longterm average efficiency instead of a temporal study. Ruggiero (2004) has
shown that if the data contain random errors the average of the periodic
efficiency scores causes biased results in the deterministic efficiency
estimation. But use inputs and outputs averaged (or summed) across time is
unbiased.
Essay II and Essay III focus on the long-term average efficiency by using
summed periodic data, i.e., the approach proposed by Ruggiero (2004). This
cancels out the random disturbance. Essay I and Essay IV use intertemporal
assumption. In Essay I annual data with a wide variable set are used. The
variables are affected by random disturbances. The sensitivity of the variable
selection is discussed in the essay. Essay IV presents a novel approach that
aims to study the effect of contextual variables over time and reveal the
development trend attributable to the unit.

3.9

Summary of methods

Even though all essays in this dissertation consider efficiency they have
different focuses, issues and different methodological considerations. Table 1
summarizes these differences.
Table 1. Focus, issues and methods.

Essay I

Essay II

Focus
Operational
efficiency
evaluation based
upon sales of
banking products

Profit and return
efficiency
evaluation

Essay III

Benchmarking by
using DM’s
preferences

Essay IV

Development of
unit’s efficiency
over time
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Issues
x Lack of
discrimination due
to the high number
of outputs
x Implications of the
variable reduction
to efficiency
evaluation
x Uncertain prices
x Heterogeneity of
the units under
assessment
affecting the profit
and return analysis
x Limitations of
convex PPS when
incorporating DM’s
preferences
x Turbulent
conditions
x Random
disturbance of
short periods

Methods
x Standard DEA
estimators
x Data reduction
techniques

x
x

Value efficiency
analysis
Classification of units
to clusters

x
x

Free disposal hull
Value efficiency
analysis

x

Intertemporal
efficiency evaluation
Stochastic nonsmooth envelopment
of data (StoNED)
incorporating
contextual variables
to efficiency
evaluation

x

4. Efficiency evaluation of bank
branches

The recent survey of Paradi and Zhu (2013) lists 80 published studies that
have used the axiomatic nonparametric framework for bank branch efficiency
evaluation. In addition to that some studies have used parametric techniques
(e.g., Berger, Leusner, and Mingo, 1997; Chaffai and Dietsch, 2009). This
section focuses on some relevant characteristics of bank branches studies.

4.1

The role of the bank branches

There is no overall consensus of which approach would be best for evaluating
the efficiency of the bank branches. Instead the variety of applications is wide.
The diversity is partly related to the various roles that the branches have.
There are three approaches to evaluate efficiency of financial institutions
that have been traditionally most common (see e.g., Paradi, Yang, and Zhu,
2011). The production approach considers the branch using inputs (such as
labor, capital, and space) to generate banking services. As the branches in
contemporary banking are not merely service producers but primarily a sales
channel the operational approach could be a more appropriate term for
providing loans, saving and investment services and daily banking. The
profitability approach examines how efficiently a branch uses its cost factors
of inputs to create revenues from outputs. The intermediation approach is
derived from the intermediary role of the bank and considers the branch
collecting funds for loans and other revenue earning activities.
The intermediation approach is somewhat controversial regarding to the
bank branches. Thanassoulis (1999) states that intermediation, when
considering liquidity, belongs to a bank-level evaluation rather than a branchlevel one. However, Camanho and Dyson (2005b) and Paradi, Rouatt, and Zhu
(2011) have presented and used forms of intermediation for the bank branch
level analysis17.
Some studies of bank branches have taken a holistic view. The branches are
seen as part of a system of the bank and the market involving customer and
competitors. As the branches have multiple roles the approaches are
17

The terminology related to the approaches is somewhat vague especially related to intermediation.
Camanho and Dyson (2005b) introduce three forms of intermediation approach for bank branches: asset
approach, user-cost approach and value added approach. On the other hand Berger et al. (1997) and
Athanassopoulos (1997) use term intermediation approach for the contribution to bank’s profitability.
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complementary. Among others Soteriou and Zenios (1999), Manandhar and
Tang (2002), Portela and Thanassoulis (2007) and Paradi et al. (2011) have
used multiple parallel and attached efficiency estimations.
The principle of this study is also to provide multiple perspectives. As the
intermediation role of the branches was not considered significant by the
management in the case bank situation, only operational and profitability
approaches will be elaborated.

4.2

Operational perspective to efficiency evaluation

While the first studies considered bank branches minimizing the resources to
given service demand (see e.g., Sherman and Gold, 1985) in the 1990´s the
market oriented role of bank branches started to gain attention in bank branch
literature. Sales or market efficiency, maximizing the market oriented output,
has often been seen as separate concept from service efficiency. Mahajan
(1991) proposed a model for the branch sales efficiency evaluation. However
she applied this model to the insurance company context. Nash and SternaKarwat (1996) studied efficiency in the sales of additional services with the
primary services. Athanassoupoulos (1998) pioneered the market efficiency
model parallel to the cost efficiency of service production. Cook, Hababou, and
Tuenter (2000) distinguished between the sales and service function and
evaluated efficiency of both functions. Portela and Thanassoulis (2007) used
the concept of operational efficiency that considered branches to generate both
services and sales outcomes. This dissertation attaches to this sales and market
oriented stream of bank branch studies.
When modeling the operational perspective there are three issues that the
operationally oriented bank branch studies seem to face. They have been
relevant for this dissertation as well. The first issue relates to the wide scope of
operations. Usually the banks can provide a high number of services to the
customers through the branches and use a high number of various resources to
produce/sell these services. As the efficiency analyses reflect the bank’s
strategies it may be relevant to include also indicators of quality (Soteriou and
Zenios, 1999; Manandhar and Tang, 2002) or customer capital (Coughlan,
Shale, and Dyson, 2010). However, including all inputs and outputs might
prove to be quite difficult and may turn the analysis insignificant (Portela,
2003). Even though there are large nationwide and international banks, the
majority of the branch networks are small with a relatively low number of
branches 18 . Also in the large banks the branches are often clustered into
smaller homogeneous subsets. Thus some variables need to be omitted or they
need to be aggregated to a practical level to prevent the lack of discrimination.
The second issue relates to available data. Even if there is an ideal model
derived from the operational role, in practice some necessary information may
18
In the United States the commercial banks have in average 13.2 branches in 2011 (data source: U.S.
Federal Deposit Insurance Corporation). In the United Kingdom the monetary financial institutions have
28.7, Germany 18.9, France 31.8 and Finland 3.8 branches (data source: European Central Bank 2011,
UK data from 2010). The exceptionally low figure in Finland is explained by the high proportion of small
local cooperative and savings banks.
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not available or the quality of data may not reliable. Thus the actual estimator
deviates from the ideal approach (for a demonstrative example see Portela,
2003, pp. 95-105). Proxies need to be often used and/or some unreliable
information needs to be omitted.
The third challenge relates to returns to scale specification and convexity of
the production possibilities for bank branches. Ideally we should rely on the
theory or strong empirical findings. Unfortunately the prior knowledge
regarding the returns to scale in banking and bank branches seems to be
controversial. Berger and Humphrey (1991) wrote that technical efficiency the
management can influence tends to dominate scale economies in banking.
Niederkorn (2009) state that the distribution (branches, call centers) is not
largely scale sensitive in banks and the potential economies of scales lie in the
centralized production. On the other hand, the branches are sales units and
the sales efficiency literature often expects decreasing marginal sales when the
sales force is increased (see e.g., Horsky and Nelson, 1996). Empirical findings
vary: for example Paradi and Schaffnit (2004) found in their empirical study
that branches operate under CRS. On the other hand Camanho and Dyson
(2005b) found that branches’ operational activity exhibits VRS.
Almost all bank branch studies are based upon convex estimators (see the
list of published studies, Paradi and Zhu, 2013), but the convexity has been
also challenged. Parkan (1987) utilized DEA in the evaluation of bank branches
but criticized the hypothetical composite branches as they do not provide
convincing arguments to explain inefficiencies. Dekker and Post (2001) claim
that there may be increasing marginal productivity for small branches
violating convexity and propose a non-convex estimator. The conclusion is
that caution is needed if scale size or the convexity is of central importance (for
the scale size see also Paradi and Schaffnit 2004; Sherman and Zhu, 2006, pp.
138-139). Thus the perspectives to study efficiency should include analyses
with various axiomatic specifications. Pastor, Lovell and Tulkens (2006)
provide an example of complementary use of convex and non-convex
efficiency evaluation of bank branch network19.

4.3

Profitability approach

The profitability approach has taken two different forms in bank branch
context – profitability efficiency and profit efficiency. Several studies have
used profitability efficiency (see e.g., Oral and Yolalan, 1990; Tsolas, 2009;
Paradi et al., 2011). Profitability efficiency is a ratio based measure of weighted
incomes to weighted costs and thus has similarity with return efficiency.
However when an input or output oriented estimator is used this approach
reduces to cost or revenue efficiency estimation (Portela, 2003). Also if
monetary values of expenses and revenues are used, the weighted inputs and
outputs include “double pricing” (first pricing while calculating the income
19
There can be other managerial benefits to utilize both DEA and FDH estimators. As DEA is more
pessimistic than FDH, the top DEA scores reveals the best performers even with high standards while the
bottom of FDH scores indicate low performance even with lax standards (Pastor et al., 2006).
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and cost items used as outputs and inputs and then weighting in DEA). Even
though this may provide insight into relative strengths regarding cost or
income items, it can be questioned why earned or spent euros (or other
monetary units) can have a different economic value depending on the income
or cost item.
Another form of profit related studies considers actual profit efficiency (i.e.,
the analysis is based upon the difference between total income and total costs).
According to the author’s knowledge Portela and Thanassoulis (2005) and
Chaffai and Dietsch (2009) have presented so far the only published studies of
profit efficiency of the bank branches.
Ideally the profitability approach uses quantities of cost and revenue items
and explicit price information (see e.g., Berger and Mester, 2003). However
such information may not be available or it may be uncertain also in banking.
In case of unknown prices, financial cost and revenue information can be used
(Portela and Thanassoulis, 2005). However, as the revenues come over a long
period of time in banking, the basis of period’s revenues may have been
constructed to great extent from the activity of the past periods while the costs
may be more accurately from the period under assessment (c.f. Smith, 1990).
Therefore, also optional solutions to cope with unknown prices in bank branch
profit and return efficiency analysis should be considered.

4.4

Context and time in bank branch studies

The branches may operate externally in different conditions (e.g., market
potential and competition) and internally under different practices (e.g., due
to mergers). Contextual considerations have gained much attention in bank
branch efficiency studies. The clustering approach has been used especially in
wide networks on a regional (e.g., Camanho and Dyson, 2006; Yang, 2009) or
business environmental basis (Cook and Zhu, 2008; Chaffai and Dietsch,
2009; Deville, 2009). Avkiran (1999) and Paradi and Schaffnit (2004)
incorporated socioeconomic factors depicting local market conditions and
Hartman, Storbeck, and Byrnes (2001) used the size of customer base as a
proxy of local market. Athanassopoulos (1998) used both statistical clustering
and incorporated market research data in to one-stage analysis. Barth and
Staat (2005) and Gaganis, Liadiki, Doumpos, and Zapounidis (2009) used the
two-stage approach where the technical efficiency and productivity change
were regressed against the local market conditions. Regarding to the internal
context Paradi, Vela, and Zhu (2010) prosed an approach to adjust cultural
differences in bank branch network after a merger.
Productivity change, applying the Malmquist Index, has been a common
focus in banking (e.g., Camanho and Dyson, 2006; Portela and Thanassoulis,
2006; Gaganis et al., 2009). Portela and Thanassoulis (2010) have presented
development trajectories over time with a meta-frontier approach. Stanton
(2002) studied efficiency development trends of the relationship managers of
a bank.
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As a conclusion much attention has been paid in the static characteristics of
the context. As the sales in branches are jointly produced by the workforce and
the customers, the performance is sensitive to changes in the market. The
changes in banking do not come only from technical development but the
demand changes strongly shape the possibilities for branches. According to the
author’s knowledge the changing conditions have not been explicitly
considered in the literature of bank branch efficiency evaluation.

4.5

Position of this study in the literature of bank branch
efficiency evaluation

Table 2 presents the key topics in the bank branch efficiency analysis that this
dissertation addresses and contributes to.
Table 2. Position of the dissertation in the bank branch literature.

Essay I

Essay II

Essay III

Essay IV

Issues in the bank branch
efficiency analysis
x
Too few units compared to
inputs and outputs in
branch networks
x
Appropriate returns to
scale specification unclear
x
Unknown prices for profit
and return efficiency
analysis for banks
x
Periodic mismatch of
income and cost
information in banking
x
Most often convex PPS is
assumed in bank branch
efficiency analysis, but the
true form of PPS may be
non-convex
x
Changes in demand can
be significant in banking
and shape the possibilities
for sales of services.

Contribution to the bank branch
efficiency literature
x
Insights into the use of
variable reduction techniques
in the bank branch context and
their implications, including
returns to scale tests
x
An optional approach for
evaluating profit and return
efficiency when prices are
unknown
x

Approach for benchmarking
with the best performing
branches when convex PPS is
doubted

x

Approach to evaluate
efficiency development in
changing market conditions
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5. Results

5.1

Research collaboration

The collaboration between the author and Helsinki OP Bank started in 2007
when the author was engaged to an assignment to compare achieved sales
results with the internal working environment and leadership of the sales
teams. That study was insightful to the bank management and led to actions to
mitigate potential risks. Later that year the author proposed performance
evaluation based upon efficiency analysis utilizing DEA.
When the financial crisis hit the banking sector in autumn of 2008, the
author proposed a long-term research cooperation to gather performance data
over several years and develop efficiency analysis to a level of doctoral
dissertation. The author committed to provide analyses to the management
during the research project. In spring of 2009 the bank and the author started
developing a new version of the efficiency evaluation model. The data
gathering was ended in the beginning of 2011 when the bank made a major
reorganization in the branch network causing a discontinuity in data.
In the next phase the research project was divided into work streams that
have led to the essays of this dissertation. The co-authors of the essays joined
the research work. The streams emerged from the insights and feedback from
the bank and from the research ideas at Aalto University School of Business.
The initiatives were discussed with the management of the network and
approved.
The management of the branch network defined the core principles used in
the evaluation, adduced their preferences and gave feedback to the analyses
and finally to the essays. The second crucial group was the controllers that
extracted data from the data bases and shared their knowledge of the existing
performance management. The third group that participated was the branch
managers and advisors in two branches that gave induction to their work and
the practices of sales through the series of interviews in the early phase. The
total amount of work required from the bank has not been traced exactly but
according to the management it has been several weeks during the research
project. A more detailed description on the research interaction covering the
early phases and the intertemporal efficiency evaluation is presented in the
Appendix 3 of Essay III.
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5.2

Data

The original data gathered from the bank’s information systems consist of
sales of banking products (quantities) and work (full time equivalent) by job
role for each branch on a monthly level. The sales quantities were extracted
from the sales statistics of the bank and the work amounts from the human
resource information system. Additional data was collected from the branches
considering the cashier desks and that work was deducted because cashier
services were not included in the sales outputs. The bank had also senior
advisors that were shared sales resources for the branches. Their work was
allocated to the branches. The advisors of the non-life insurances were
considered to be part of a different sales force, therefore they are not included
in this research.
All four essays use this initial panel data set; however the essays use different
periodic aggregations. Essay I uses the annual data of four years, Essay II and
Essay III are based on the average performance and use the sum of all periods.
Essay IV is based on a monthly analysis.
There were 25 branches in all. Three of them were founded during the
evaluated timeframe. In Essay II and III the sum was adjusted as the new
branches would have existed all four years. In Essay I and IV the new branches
do not have observations for all periods.
Some judgmental information was also available. The management decided
that the average salaries of the job roles should be used as standard unit costs
for all branches and all periods. This enabled aggregation of work of sales force
by job role. Thus input in all essays is cost of sales force. The management also
defined relative weights for individual banking products within two primary
service groups – financing and investment services. This enabled aggregation
of sales quantities to the service group level. The aggregated sales of financing
services and sales of investment services are the outputs in essays II-IV.

5.3

Essay I: Implications of variable reduction for data
envelopment analysis: an empirical case from a retail bank

In banking the number of inputs and outputs can be numerous, however the
majority of bank branch networks are small or middle sized. If the number of
units is small compared to the number of services produced and resources
needed, the discrimination power of DEA suffers. In such a case the results
may not be useful for the intended purpose. Usually the analyst needs to select
a representative set of inputs and outputs, aggregate them or introduce weight
restrictions. This essay studies the implications of variable reduction when
value judgments are not used.
Several statistical techniques have been introduced to help in this task. Three
techniques, variable reduction (VR) procedure of Jenkins and Anderson
(2003), Efficiency Contribution Measure (ECM) of Pastor et al. (2002) and a
combination of principal component analysis and DEA (PCA-DEA) proposed
by Ueada and Hoshiai (1997) and Adler and Golany (2001, 2002) were
compared. The VR procedure is a technique that measures information lost
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when some of the correlated variables are omitted and some of them retained.
Also PCA-DEA attempts to minimize the loss of information but instead of
selecting initial variables, it uses aggregated principal components. ECM
reveals the effect that a variable has in the DEA scores, and this information
can be used to eliminate superfluous variables.
The purpose was to evaluate operational efficiency of the branches.
Alternative variable specifications were constructed by applying the techniques
to branch-level annual data from the years 2007-2010. As in many empirical
applications, the distributions of variables were skewed. The efficiency was
estimated both with CRS and VRS assumptions.
The initial estimation of 11 outputs found 30 of 95 units efficient when VRS
was assummed. The proportion of efficient units dropped significantly with all
techniques. VR and PCA-DEA led to similar average scores, while ECM based
efficiency scores were slightly higher and deviated less between the units.
However there were some big differences between rankings of the individual
units. In the case of VRS only five of 95 units were found indisputably efficient
in all techniques. The different criteria that the techniques use explain partly
the unit level differences in the scores and rankings.
The VR procedure was found sensitive to distributional differences and
extreme performances in the sales of individual service products. This caused
overemphasis of some services in the efficiency evaluation with the cost of
others. Eventhough also ECM used individual service products as outputs it
led to a more balanced efficiency evaluation between major service groups.
The reason was ECM’s tendendy to retain variables that have significant
impact on the effieciency evaluation of high proportion of units. As an
aggregative technique, PCA-DEA was less sensitive to anomalies in data and
held well the equality of service groups.
When testing the returns to scale exhibited in data, PCA-DEA retained the
CRS assumption while VR procedure and ECM rejected it clearly in favor for
VRS. The contradiction underlines the caution needed in the returns to scale
considerations.
The management gave feedback on the approaches and results. The
principles of both VR and ECM were found clear and justified. These two
approaches led to specifications that can be interpreted as different
perspectives to efficiency – VR highlighted the big performance differences
between units while ECM emphasized the performance in the core services
where a large proportion of units perform relatively well. The principal
component analysis has not been used in the performance evaluation in the
bank earlier, thus PCA-DEA drew less attention than the two selection
approaches. The management preferred ECM over the other two techniques
due to the clarity of the approach and more balanced weighting of services
compared to VR.
This study showed that the techniques used can lead to contradicting
interpretations made from the efficiency evaluation. Thus when applying the
variable reduction techniques to support management decisions also their
implications such as variable weightings and possible RTS tests should be
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considered. On the other hand, as the results can vary, multiple techniques can
be used in parallel for questions of central importance.
The study emphasizes the implications of the variable reduction techniques
for the acceptance of the efficiency evaluation in the organization. It
supplements previous simulation based studies.

5.4

Essay II: Bank branch sales evaluation using extended value
efficiency analysis

When assessing economic efficiency, such as profit or return efficiency, some
prices may be unknown and direct use of financial data may suffer from
periodic mismatch. For solving these issues, the essay puts forth an extension
to value efficiency analysis proposed by Halme et al. (1999) where the weights
can be interpreted as prices. We employ profit and return efficiency tests of
Kallio and Kallio (2002). We constrain admissible prices by using
management preferences of the most preferred unit a la VEA, pairwise
comparisons of other units and other possible expressions of preferences.
The other significant extension to original VEA is to use of benchmarks that
are outside the production possibility set, which enable us to assess long-term
value potential. These benchmarks, called desired technologies (DT), stretch
thinking of long-term possibilities or other compositions of resources.
The developed value and return efficiency estimators were applied to the
case bank. In order to deal with the heterogeneity of the branches the network
management grouped the branches in five clusters that were partly
overlapping. The management identified the MPUs for each cluster. They also
defined DTs which were “dream teams” of best performing individual sales
people. In addition pairwise comparisons and other judgmental information
were incorporated as additional price restrictions to the efficiency evaluations.
Profit and return efficiencies were estimated by cluster. The two concepts are
related but separate as profit efficiency is affected by the size of the resources
while return efficiency is not. The Spearman correlation of rankings between
profit and return efficiency scores among the five clusters was in the range of
0.81-0.96 when the benchmark was the MPU. The management requested us
to comprise a special cluster including branches of two regions. The analyses
confirmed the expectations of the management that the branches in one region
outperformed the other branches, both in profit and return efficiency.
The benchmarking with the “dream teams” presented aspects to the
economic potential of the sales force that could be targeted in the long run. For
example in the cluster of large branches the best performing branch lagged 27
% in return efficiency compared to the same sized dream team comprised of
the highest performing advisors. Clusters of small and medium sized branches
were compared to a small extremely high performing “super DT”. The best
performing branches were ca. 50 % behind this ultimate benchmark when
return efficiency was considered.
The management received results along the iterative process and combined
the insights with other information and previous knowledge. The insights
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impacted on the requirements for new branches to be established in the future
and the reorganization of existing small and low performing branches. They
prompted also collaboration for better staff deployment and use of extended
opening hours. The results also emphasized the importance of leadership.
The introduced profit and return efficiency evaluation approach may help
banks and other enterprises selling long term services especially when some
prices of revenue generating services or cost factors are uncertain. The
methodology is generally applicable whenever the feasible technologies (the
production possibility set) and admissible prices (accounting for managerial
preferences) are specified. What is new in the approach is the use of a desired
technology as a benchmark that may or may not be in the production
possibility set. This can be especially useful in the evaluation of the units
whose performance depends heavily on the competence of individuals.

5.5

Essay III: Non-convex value efficiency analysis with an
application to bank branch sales evaluation

The motivation for this article emerged from the observation that when
applying VEA the decision makers wish to provide existing units as
benchmarks rather than non-existing virtual units. However the best existing
DMU may reside ”far from” the true MPS. The decision maker may also prefer
an existing DMU that is not efficient in convex setting. In these situations the
axiom that PPS is convex is problematic. FDH (Deprins et al., 1984) provides a
requisite framework for our approach where only existing units are employed
as benchmarks.
The essay proposes an approach that allows preference information to be
used in the FDH. The value function is assumed to be quasi-concave in outputs
and quasi-convex in inputs. The original VEA is based upon approximation of
value function at the most preferred unit by using linear functions and thus
introducing a lower bound for efficiency scores but in the non-convex FDH
framework this is not possible.
In order to apply VEA in the FDH framework we employ the theory of
convex cones by Korhonen, Wallenius, and Zionts (1984). The convex cones
are used to approximate the contours of value function passing through the
MPU selected by the DM. The convex cones can accommodate also other
preference information from DMU such as ranking of some units, several
equally excellent units or pairwise comparisons. As the preference information
is added, the FDH value efficiency scores indicate an equal or larger
inefficiency than “traditional” value-free FDH scores.
The non-convex efficiency analysis was applied to the bank branch network
of Helsinki OP Bank. In this analysis the branch network management and
researchers agreed to use FDH, which produces the most optimistic scores.
The management selected three branches that were preferred to all other
branches based upon their performance from 2007-2010. One of these
preferred branches was not efficient in convex PPS indicating that non-convex
production possibility set can be seen as justified.
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Both FDH and FDH value efficiency scores were produced and the results
were discussed with the management. The management liked the idea to
identify first the branches that were inefficient from even the most optimistic
perspective by using regular FDH. These branches would require the most
urgent improvement measures. After that they would look to FDH efficient
units that are inefficient when the preferred benchmarks are taken into
consideration. Also these branches would need improvement in order to
approach the benchmark performance regarding their value efficiency. The
management feedback was that in the hands of a knowledgeable DM who was
familiar with the branch network, the proposed approach would work well in
terms of efficiency assessment.
The analysis was made after the bank changed their organization in 2011.
According to the management the benefit for the bank would be repeating the
analysis with the information of the new organization a couple of years after
the launch of the new organization.
The essay presented an approach that enables benchmarking based upon
value efficiency when the convexity of the production possibility is in doubt.
The approach is applicable to retail banking and generally to other situations
with similar doubts. The authors are not aware of any other published
procedures that would allow the inclusion of preference information in FDH.

5.6

Essay IV: Intertemporal efficiency analysis of sales teams of a
bank: Stochastic semi-nonparametric approach

This essay examines efficiency and performance development of branch sales
teams of Helsinki OP Bank during 2007-2010 by using monthly data and
contextual variables depicting the changing conditions.
The estimation followed the principle of StoNED approach presented in
Kuosmanen and Kortelainen (2012). The frontier estimation was done by
using the cost function which is dual to the sales response function. The time
varying contextual variables were derived directly from data. As the branches
operated in a limited uniform market the total sales quantities of financing
services and investment services were used as proxies of the periodic demand
for the case bank’s services. The third contextual variable was the total cost of
sales that captured internal factors such as holiday seasons.
The result showed that the effect of contextual variables were significant
when estimating efficiency. Large branches were even more sensitive to
changing conditions than small- and middle-sized branches. The large braches
were able to exploit favorable market conditions while during the low demand
small and medium size branches were competitive, especially in financing
services. In general, the large branches enjoyed a comparative advantage in the
sales of investment services and the small and medium sized branches in
financing services. The study indicated also that the sales teams in large
branches had synergies between the sales of financing and investment services
while similar synergies were not found in the small and midsize branches. The
performance was estimated both with CRS and VRS assumption and the
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returns to scale were tested. The test indicated that VRS is a better fit in both
clusters. However this result should be interpreted with caution because the
same units appear 48 times in the sample and thus other factors may be
misinterpreted as diseconomy of scale.
The highest average performance was considered benchmark in both
clusters. The periodic performance was compared to this benchmark. The
average efficiency in all teams in both clusters was 80 % in the CRS case and
5-9 % higher in the VRS. These results were in line with the other branches
level studies.
Trajectories of performance development were produced and also a trend
line was fitted and tested to help the perception of the development. The
pattern of performance, such as constant high and low efficiency,
improvement and deterioration, was identified for each branch. Also
endogenous shocks, like receiving and losing high performing individuals,
became apparent.
The results were reported to the management. The main deliverable was the
development trajectories. As the management believed in multiple
perspectives to view performance they requested two variants of analyses: the
first variant included the contextual variables as described above i.e., the effect
of conditions were eliminated. In the second variant the contextual variants
were omitted from the analysis i.e., the conditions affected in the evaluation.
For most units the interpretation of development trend was different.
The management considered results credible and the trajectories easy to
perceive. The value was seen most of all in learning. The management
launched discussions with the regional managers and people involved: what
did the sales teams and the managers do well and what can be repeated
elsewhere, what could be done better and what is to be avoided. The
management also expressed their interest to repeat the analysis to analyze the
performance development after the recent reorganization and transition
phase.
The essay introduced an axiomatic, semi-nonparametric modeling of
intertemporal benchmark technology, explicit modeling of changing
operational conditions and explicit modeling of random disturbance in the
banking context. While this study focused on the case of a specific bank, some
of the innovative features of our approach are applicable to sales efficiency
assessment in other banks and financial institutions, as well as other networkbased sales organizations.
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6. Discussion

Even though this research project was executed in collaboration with a single
bank focusing on the issues of the bank, the study provided approaches and
solutions that can be applied in other banks and more generally in retail
organizations. Essay I focused on the lack of discrimination which is a
practical issue in the bank branch networks and other retail organizations. It
was the first study that compared the use of variable reduction techniques in
an empirical context. It complemented the previous simulation-based studies.
Essay II proposed an approach for uncertain and unknown prices that may
disturb the analyses of economic efficiency. This study extended the value
efficiency analysis to profit and return efficiency. The approach was based
upon selection of benchmark units and other pair wise comparisons which the
decision makers may find attractive as a way to express their knowledge. It
also introduced the use of benchmarks outside of the estimated feasible set to
value efficiency analysis framework allowing more stretch evaluations. Essay
III extended to valued efficiency in the other direction by allowing real units
that are Pareto optimal but convex dominated to be benchmarks. It was also
the first approach that explicitly incorporated preferences to efficiency
measurement in non-convex FDH framework.
Essay IV proposed an approach for intertemporal sales efficiency analysis
that took explicitly changing conditions and random disturbance into account.
This makes the approach attractive for revealing the development of the unit.
It was the first application of stochastic semi-nonparametric envelopment of
data (StoNED) in banking context.
The research provided multiple perspectives to the case bank’s data by
applying different efficiency evaluation approaches. The efficiency estimators
utilized in this research project comprise a continuum from most optimistic
non-convex efficiency evaluation to most demanding profit and return
efficiency analyses and benchmarks even to desired levels of performance.
There were no significant contradictions on the branch evaluations. The
evaluation results confirmed the existing picture of high and low performers
rather than created any big surprises.
One contradicting theme in the evaluations was however related to returns to
scales. We do not have clear single suggestion regarding RTS in the case bank
over the years. Rather as Essay IV indicates, certain sizes and operational
models may be favorable in certain conditions while other units may benefit
from other conditions.
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The results of the analyses were delivered to the management and discussed
in multiple stages during the process. It has been difficult for the managers to
express the specific effect that certain results had. Rather the analyses were
one information source that the managers used, along with other information
sources and constant interaction with the staff to construct their knowledge on
the branches.
According to the management the results have impacted on the criteria for
the new branches to ensure their viability. The research project reflected also
the reorganization of the branch network in 2011 when some of the sales teams
of the branches were merged operationally to enable a more efficient sales
force deployment. The study of the intertemporal efficiency was utilized to
support organizational learning from the past.
The performance evaluation is contextual to certain situations and strategies
that the organization has. The collaboration with the bank took place during
six years in which the case bank was also transformed. The perspective of this
study was rather traditional product sales but during the research project new
needs were emerging. Enhancing the customer relations, customer loyalty and
exploiting the economies of scope between banking and insurance were topics
that became significant during the project but which were not included in this
efficiency evaluation. Also the industry and the consumer behavior were
changing. The centralized web and telephone call centers were taking more
significant role also in sales. This development may shape the sales role of the
branches significantly in the future. A study of the changing sales role and its
efficiency implication would be required.
Finally the dynamics of bank branch efficiency is still quite immature in the
literature of bank branch efficiency. This study adds a small piece to this topic
by providing an approach to depict the performance development and analyze
the impact of market changes. Still much research would be needed to
understand how the workforce is attached to sales and services, customer
satisfaction and further to financial performance over time in banks. What is
the concept of efficiency in such a dynamic system and how should the
effcienciency be evaluated?
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Eskelinen, Juha. Implications of variable reduction for data envelopment
analysis – an empirical case from a retail bank branch sales evaluation.

Implications of variable reduction for
data envelopment analysis – an
empirical case from a retail bank

Juha Eskelinen
Aalto University School of Business

Abstract

If there are too few units compared to inputs and outputs, the nonparametric
efficiency evaluation suffers from lack of discrimination. The literature has
proposed various techniques when value judgments are not guiding the
selection or aggregation of the inputs/outputs. Three techniques, the variable
reduction procedure of Jenkins and Anderson (2003), the efficiency
contribution measure (Pastor, Ruiz, and Sirvent, 2002), and the combination
of principal component analysis and data envelopment analysis proposed by
Ueada and Hoshiai (1997) and Adler and Golany (2001, 2002), were compared
in an empirical retail bank context. The results were to some extent
contradictory, not only regarding the efficiency of individual units, but also the
returns to scales tests and the importance that the main service groups have in
the efficiency evaluation. The bank management gave feedback on the
techniques and the results from a practical perspective. One should be careful
and understand potential implications when applying variable reduction
techniques. On the other hand, the techniques can be utilized to evaluate the
units from multiple perspectives.
Key words: Bank branch management, Frontier estimation, Variable
reduction, Data envelopment analysis, Productive efficiency analysis.
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1. Introduction

Data envelopment analysis (DEA) is a method used to evaluate efficiency of
comparable units with multiple inputs and/or outputs. It takes an optimistic
perspective by allowing most beneficiary non-negative weights when
evaluating a unit. This virtue has a consequence. A low number of units under
assessment compared to inputs and outputs leads to finding a large portion of
the units efficient or nearly efficient. Identification of many units falsely
efficient and too optimistic efficiency scores is called lack of discrimination
(see e.g., Podinovski and Thanassoulis, 2007). Such an efficiency estimation
may not serve the purpose of the evaluation. Simar and Wilson (2008) have
shown that the relation between the required number of observations and
inputs and outputs is exponential.
This essay focuses on the variable side (i.e., inputs and outputs) of the
discrimination problem. The number of variables can be reduced by selecting
the most important outputs/inputs to depict the activity. As lack of
discrimination is a common issue in bank branch evaluations (see Part 1,
section 4), various approaches have been employed. For example, Cook,
Hababou, and Tuenter (2000) used certain variables that represented the
outcomes of the service and sales activities in the bank branches.
Athanassopoulos and Giokas (2000) categorized and aggregated banking
services to outputs according to their transactional complexity. Cook and Zhu
(2008) restricted weight flexibility by defining upper and lower bounds based
upon processing times of banking services. In these cases some judgmental
knowledge was utilized.
Numerous techniques have been proposed for situations where judgmental
knowledge is not available for reducing the number of variables. They apply
statistical approaches either by selecting a representative set of variables or by
aggregating variables. The following review illustrates the variety of
techniques.
Some selective techniques omit variables prior to DEA. Lewin, Morey, and
Cook (1982), among others, used correlation and regression analysis to test
redundant variables to be omitted. Jenkins and Anderson (2003) proposed a
variable reduction procedure (called VR in this paper) where a combination of
variables is selected based upon the proportion of the total variance retained.
Gonzalez-Bravo (2007) proposed a procedure to help model specification by
using an output/input ratio based analysis prior to DEA.
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Another sub-branch of selective techniques tests the impact of the retained
variables to DEA results. Banker (1996) proposed the use of statistical tests for
different inefficiency distribution assumptions to indicate the significance of a
variable in the production process (i.e., efficiency estimates). Simar and
Wilson (2001) recommended bootstrapping to test if the input or output
variables are relevant. Pastor, Ruiz, and Sirvent (2002) introduced an
efficiency contribution measure (ECM) to test for the significance of a variable
to efficiency estimation. Fanchon (2003) and Ruggiero (2005) regressed the
efficiency scores against the variables and tested regression coefficient to drop
the insignificant variables. Wagner and Shimshak (2007) proposed a stepwise
procedure that evaluated the impact of the variable set to the average
efficiency scores.
The aggregation techniques determine statistically the weights for summing
up the data to a reduced set of variables. The motivation for some of these
techniques has been primarily reducing the impact of data entry errors that
DEA is sensitive to, even though at the same time they improve discrimination.
Sengupta (1990) used canonical correlation to weight inputs and outputs.
Sinuany-Stern and Friedman (1998) introduced a technique to find a single set
of weights that best discriminates efficient and inefficient units in DEA. Ueda
and Hoshiai (1997) and Adler and Golany (2001, 2002) used principal
component analysis (PCA) to produce a reduced aggregated data set to be used
with a special version of DEA estimator. This technique is called PCA-DEA.
Also Daraio and Simar (2007, pp. 148-150) suggested PCA to aggregate highly
correlated variables to a single input and output. Bian (2012) used another
transformation procedure, Gram-Schmidt process, to aggregate data for DEA.
Amirteimoori, Despotis, and Kordrostami (2012) introduced a stepwise
method to aggregate variables until the predefined threshold for the number of
inputs and outputs is achieved.
There are a few published studies comparing some of the statistical variable
reduction techniques (Sirvent, Ruiz, Borras, and Pastor, 2005; Adler and
Yazhemsky, 2010; Nataraja and Johnson, 2011). These comparisons are based
upon Monte Carlo simulations and the efficiency estimates are compared to
the known true frontier.
We take another approach in this essay. The main interest is in the
implications that the use of variable reduction could have in the interpretation
and acceptance of the DEA results for performance management. We use data
that have been gathered during research collaboration with a Finnish retail
bank. The variable reduction has a specific contextual focus: to specify a model
for evaluating operational efficiency of the branches during 2007-2010 by
using DEA. The techniques and their outcomes are also reviewed by the
branch network management.
In this case the output variables represent sales quantities of banking
services that are highly positively correlated. Based upon the simulations of
Nataraja and Johnson (2011), PCA-DEA technique performs well with highly
correlated data compared to other evaluated techniques (ECM, Ruggiero’s
regression approach, bootstrapping approach). However ECM performs

4

moderately well in most scenarios tested by Nataraja and Johnson (2011). On
the other hand, Jenkins and Anderson (2003) justify their VR procedure as a
rigorous approach for highly correlated data. Adler and Yazhemsky (2010)
compared PCA-DEA and VR procedure of Jenkins and Anderson and found
out that PCA-DEA provides consistently more accurate results when compared
to the true frontier.
These three techniques have been associated with banking applications. VR
and PCA-DEA techniques have been specifically discussed earlier in the
context of bank and bank branch efficiency evaluation (Paradi, Yang, and Zhu,
2011). PCA-DEA has been applied by Kordrostami, Amirteimoori, and
Masoumzadeh (2011) to a sample of Iranian bank branches. Pastor, Lovell,
and Tulkens (2006) used ECM in the evaluation of a Spanish bank branch
network. The three techniques represent different main approaches of
statistical variable reduction. It is justified to study diverse rather than similar
techniques. Thus VR, ECM and PCA-DEA are selected to the comparison.
The rest of this paper is organized as follows. Section 2 presents the three
selected techniques used in this study. Section 3 introduces the empirical case
including the data used and initial estimation with variable reduction. Section
4 describes how the techniques were applied to construct alternative
specifications for efficiency estimation. Section 5 discusses the key findings.
Section 6 summarizes the management feedback to the comparison. Section 7
makes concluding remarks.
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2. Variable reduction techniques

First, we briefly introduce DEA estimator that provides the baseline for
variable reduction and then we explain each technique applied for variable
reduction in this comparison.

2.1

DEA estimator

The efficiency of a decision making unit (DMU) can be evaluated by using the
generalized DEA estimator presented by Banker, Charnes, and Cooper (1984).
We use the output-oriented multiplier form of DEA here. Assume there are n
DMUs, each consuming m inputs and producing p outputs. The inputs are
mun

denoted by x  and outputs by y  . Let X 
m

p

pun

and Y  be

the matrices of observed inputs and outputs for the DMUs. DEA finds the most
favorable input weights ν and output weights μ for the DMU under
assessment, denoted by superscript r. Scalar uo is associated with the returns
to scale (RTS) assumption. If constant returns to scale (CRS) is assumed, uo
equals zero and the estimator is called CCR (Charnes, Cooper, and Rhodes,
1978). If variable returns to scale (VRS) is assumed, uo is free and the estimator
is called BCC (Banker et al., 1984). The generalized DEA estimator is the
following:
(1)
min v T x r  u
o

s.t.
μT y r

1

 μ Y  v T X  1T uo t 0 T
T

μ, v t 0
The objective function provides an efficiency score for the DMU, the smaller
the better because of the output orientation. If the score is one and all variable
weights ν and μ are strictly positive, the DMU is efficient.
The first constraint normalizes the sum of weighted outputs to one. This
normalization has a convenient side product because the weighted value of the
output

Pi yir depicts directly the importance of the particular variable in the

efficiency evaluation of the DMU. This weighted value is called virtual output
and it is an important concept in this comparison. The second constraint limits
the weights in such a way that the performance of the unit is scaled to the best
performance among all units.
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2.2

PCA-DEA

Principal component analysis is a statistical technique to reduce
dimensionality in data. This technique uses least-sum-of-squares to find noncorrelated linear combinations that explain best the variance in data. These
combinations are new variables called principal components (PCs). Ueda and
Hoshiai (1997) and Adler and Golany (2001, 2002) proposed that if most of
the variance can be attributed to first few PCs then they can replace the
original variables in DEA with minimal loss of information.
This description follows Adler and Golany (2002)1. First, we briefly
introduce the key concepts of PCA. The PCA aggregations are separate for
inputs and outputs in PCA-DEA. Assume that output variables y1, y2,.., yp are
chosen to be aggregated. The covariance matrix associated with these output
variables is C pu p . The eigenvalues of the covariance matrix are O1 t O2 t ... t O p
with normalized eigenvectors l1 , l2 ,..., l p 2. The values of eigenvectors are
called loadings and they are used as weights when aggregating the initial data
to the PCs, denoted by yPCk (k=1,..., p). The aggregation of principal
components is yPC k

Var ( yPCk )

lkT Clk

lkT Y l1k y1  l2k y2  ...  l pk y p . The variance of the PC is

Ok . Similarly, m inputs are aggregated.

As a result of the aggregation, there are m input PCs and p output PCs. The
eigenvalue is the measure of information contained by each PC. In order to
reduce dimensionality, the last PCs can be omitted without a significant loss of
information. Only h first input PCs and e first output PCs will be used in DEA
(h ≤ m, e ≤ p). The matrices for loadings associated to these PCs are denoted
by L x 

hum

eu p
and L y  . The aggregated data matrices of the chosen PCs

hun

are denoted by XPC 

eun

and YPC 

. Some loadings can be negative,

and therefore also the PCs may take negative values even when the original
data is non-negative.
PCA-DEA estimators are special variants of DEA. They operate with PCs. We
present here the multiplier form of the standard radial PCA-DEA3. In the
multiplier form the decision variables are the PC weights

ν PC and μPC . Scalar

uo captures the returns to scale similarly as in (1). The multiplier formulation
of output oriented radial PCA-DEA to estimate efficiency of DMU r is the
following.

1

For the sake of brevity, we assume here that all inputs and outputs are included in the aggregations.
The generalized case where only some variables are aggregated and the rest remain original is
presented in Adler and Golany (2002).

2
3

Each eigenvector is normalized to the unit length.

The PCA-DEA technique supports non-radial DEA as well. For non-radial DEA and envelopment form of
DEA see Adler and Yazhemsky (2010).
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r
min v TPC x PC
 uo

(2)

s.t.
r
μTPC yPC

1

T
X PC  1T uo t 0 T
 μTPC YPC + v PC

v TPC L x t 0 T
μTPC L y t 0 T
μPC , v PC are free in sign
The principal component weights and the weights of the original variables
T
vTPC L x and μT = μTPC L y (see Adler and Golany, 2002).
are connected by v
Keeping this connection in mind, we see that the objective function and the
first two constraints are similar to standard DEA in (1). A major difference
compared to standard DEA is that the principal component weights are free in
sign in order to cope with the negative data and loadings that the PCA may
produce. PCA-DEA adheres the non-negativity of the original weights. The
additional constraints in PCA-DEA v PC L x t 0
T

T

T
T
and μPC L y t 0 take care that

the initial variable weights v and μ remain non-negative as required in DEA.
When omitting PCs, the estimation becomes more discriminative as the
flexibility of the initial variable weights decreases. Thus PCA-DEA efficiency
scores are always equal or worse than the scores of DEA estimator utilizing all
variables. If only the first PC is extracted from the input or output set, there is
no space for weight flexibility. Such a PCA-DEA problem is equivalent to an
initial DEA problem using fixed weights between the variables and these
weights are based upon variable loadings to this first PC4.
Variable reduction with PCA-DEA may not always provide a feasible solution
due to negative correlations. An extreme case is highly correlated data where
only the first PC is extracted from the input/output set and some variable
loadings have a different sign (i.e., high negative correlations exist and some
data of the only PC is negative). Because the original weights are based upon
loadings of the original variables, the non-negativity requirement of the
original weights cannot be fulfilled in such a case5.
Adler and Yazhemsky (2010) proposed guidelines for applying PCA-DEA.
They state that PCA-DEA can be used to replace initial variables either for all
inputs/outputs simultaneously or groups of variables with common theme.
They have also run simulation-based tests and studied the tradeoff between
discrimination and incorrect classification of efficient units as inefficient. They
suggest that the cumulative information (variance) retained should never be

4

Consider two output variables yi and ys. If the variables are aggregated only to one PC k, the variable

weights are ߤ ൌ ߤೖ ݈ and ߤ௦ ൌ ߤೖ ݈௦ . Then ߤ ൌ ߤ௦ ೖ . The weight ߤ௦ can be used as the base unit of
ೖೞ

measurement for other variables aggregated to PC k (ߤ௦ is so called numéraire).
5
Based upon the previous footnote when only one PC is extracted, the two original variable weights are

connected by ߤ ൌ ߤ௦ ೖ . If the loadings are opposite signs, one of the original variable weights must be
ೖೞ

negative. This contradicts non-negative weights of DEA.
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reduced below 80 % with CRS and 76 % with VRS assumption6. This
convention is also used when applying PCA-DEA in our case.

2.3

VR

As variables in the efficiency evaluation are often highly correlated, an
intuitive approach is to omit some of the highly correlated variables without
significant loss of information. Jenkins and Anderson (2003) criticized this
approach because interrelations between variables are less obvious and cannot
be determined directly from the correlation matrix. They wanted to introduce
a logical procedure to help make decisions for variable reduction.
VR is a multivariate statistical procedure used to find a reduced set of initial
input or output variables to be included in DEA. The indicator of the
information contained by a variable is the variance around the mean. When
omitting a set of variables, the information loss is less than the variance of the
individual variables because the variables are correlated. The data used in the
selection procedure are normalized to zero mean and unit variance for each
variable to treat the variables equally.
First in the VR procedure variables are divided into two sets: omitted
variables and retained variables. Then the partial variance-covariance matrix
of the omitted variables given the retained variables is computed. The trace of
this matrix represents the information loss. The procedure is repeated to all
combinations of variables that are to be tested. The information losses of the
combinations are compared. A reduced variable set is chosen and used with
the appropriate DEA estimator. Unlike PCA-DEA, using the VR procedure
does not require any specific variants of DEA.
Jenkins and Anderson (2003) do not give exact criteria for choosing the set
of initial variables retained. The number of variables is externally defined to
avoid lack of discrimination and the set of chosen variables should lead to a
small loss of information. Jenkins and Anderson state that the ultimate
decision to omit particular variables depends upon the importance of the
variables to the management, and that the VR procedure plays a supportive
role in this decision.

2.4

ECM

Even though ECM is also a selective technique, it differs from VR in the role of
DEA. VR makes the variable reduction with a statistical test without any use of
DEA. ECM uses the appropriate DEA estimator to test the contribution of each
variable to the efficiency estimation. Following Pastor et al. (2002), the test
procedure is presented for an output oriented radial efficiency estimation and
uses efficiency scores [1,∞) where 1 is efficient.

6
Ueada and Hoshiai (1997) recommend that the cumulative variance retained should be at least 70 % or
those components with eigenvalue at least one should be retained. Generally this leads to choosing less
PCs and more often only the first PC.
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The ECM approach is based upon two variable specifications that are called
original model and reduced model. The original model contains a set of
variables. In the reduced model one of the input or output variables, called the
candidate variable (denoted by z), has been removed. The impact of reduction
is tested by adjusting the data used in the original model in such a way that the
all DMUs become efficient. Then DMU r’s efficiency score (denoted by φr)
obtained from the reduced model with adjusted data represents the change in
the efficiency scores of between the original model and the reduced model. If
φr=1 then we can conclude that the candidate variable z has no influence on
the efficiency evaluation of the DMU. Analogously φr=1.1 indicates that
removal of the candidate variable has a 10 % impact on the efficiency score of
the DMU. These scores are calculated for all DMUs.
The relevance of the candidate variable z for the original model can be tested
statistically using a binomial test. The null hypothesis is that the efficiency
score distributions of the original model and the reduced model do not differ
significantly and the candidate variable could be eliminated. The test has two
parameters. The first one is a parameter for tolerated change between the
models (denoted by M ). Then T is the number of DMUs that exceed the
tolerance. The second parameter is the probability level (denoted by p0) for the
maximum allowed proportion of DMUs exceeding the tolerance. Sirvent et al.
(2005) have found that M =1.1 and p0=0.15 are a suitable conservative choice
for practical purposes. These parameters mean that the proportion of DMUs
affected more than 10 % should not exceed 15 % at the given significance level.
Otherwise the variable cannot be eliminated.
Use of ECM is a stepwise process. Pastor et al. (2002) propose both a
backward procedure (variable elimination) and a forward procedure (variable
incorporation). As the backward procedure is relevant for variable reduction, it
will be our focus. First all variables are tested. The candidate variable with
lowest value of T is eliminated. Then we build the new original model with the
remaining variables and test the remaining candidates. The process continues
until no variables can be eliminated.
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3. The empirical case

The case is an application to evaluate operational efficiency of the bank
branches in a Finnish retail bank, Helsinki OP Bank. The case bank is
presented in more detail in Part I Section 2.
The variable reduction techniques are applied to a set of outputs (services)
for operational efficiency estimation when assuming that all outputs are
initially equal. The impacts of the use of these techniques are assessed by the
following questions:
x How discriminative are they in relation to the distribution of
efficiency scores and identification of efficient units?
x What are the implications to the ranking of the units, based upon the
efficiency scores?
x What are the results from the returns to scale tests?
x What is the importance of each main group of services to the
efficiency evaluation?
Management’s feedback on the techniques and the results will be also
considered.

3.1

Outputs and inputs

The bank branches provide over 50 banking products that are tracked in the
bank’s sales system. Many of them are only variants, for example different
types of credit cards. The output set can be reduced to eleven services by
aggregating different product variants. These services, denoted by i, are
presented in Table 1. The unit of measurement related to each service is the
number of new agreements e.g., new housing loans granted, mutual fund
investments sold or current accounts opened during the period.
The services comprise three main groups: financing, investment and daily
banking. In addition to housing loans and consumer loans, financing services
include two types of payment protection insurances7. The investment services
include savings in an account or investment funds either directly or as
insurance savings accounts. Daily banking services include services that the
customers need for payments and other daily affairs. Thus new agreements for
7

The two types of payment protection serve a similar purpose for the customers, but their revenue
generation mechanisms to the bank are different. The bank has kept them as separate services in the
sales statistics. Implications of this separation are discussed in 5.4.
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daily services reflect well the new customer base. Critical illness cover is
actually an insurance however sold by the banking professionals. It is a
relevant output of the bank branch activity, but it is not significant enough to
be a fourth group in this analysis. The bank management decided to locate it
under investment services in the efficiency evaluation8.
The initial inputs represent the working time of employees (full time
equivalent, FTE) in five different job roles in the sales activity. The bank had
standard unit costs for different job roles. They were used to aggeregate the
cost of the workforce used as single input. The unit of measurement presented
in this paper is working year (FTE) standardized with these unit costs.
Table 1. Initial outputs for the bank branch efficiency evaluation.

Notation (i)
1
2
3
4
5
6
7
8
9
10
11

3.2

Service
Housing loans
Consumer loans
Payment protection insurances, lump sum
Payment protection insurances, monthly
payment
Mutual funds
Insurance savings
Savings accounts
Critical illness covers
Current accounts
Online banking agreements
Cards

Service group
Financing
Financing
Financing
Financing
Investment
Investment
Investment
Investment
Daily banking
Daily banking
Daily banking

Data

This study is based on annual data of the 25 bank branches from years 20072010. As some of the branches were founded during the time frame, there are
95 observations. We use an intertemporal approach in the variable
specification (for the different options to utilize panel data, see Part I Section
4.4.). All observations specify the model used in the efficiency estimation. If we
applied a contemporaneous or sequential approach, each period would have a
different specification which would complicate the comparisons. In this study,
DMUs are the observations of branch-year combinations.
As the variable reduction techniques are based upon statistical analysis, the
distributions and correlations are relevant when explaining both the
specifications and outcomes of the efficiency estimations.
The cost of work force is denoted by c. The outputs (i.e., services) are
denoted by yi (i=1,.., 11). The descriptive statistics are presented in Table 2.

8

Critical illness cover could be considered also as a daily banking service especially as the service
advisors dedicated to daily banking are in a key role when offering this service to the customers.

14

Table 2. Descriptive statistics of variables.

12.0

10.3

Std.
Dev.
6.3

y1 Housing loans

392.5

353

227.4

0.82

0.14

92 1074

y2 Consumer loans

286.0

244

179.7

0.95

0.25

52

802

y3 Payment protection ins., l.s.

120.6

112

73.3

0.79

0.29

21

349

36.8

34

25.4

0.95

0.52

2

119

y5 Mutual funds

684.1

459

568.6

1.67

2.66

y6 Insurance savings

131.9

101

88.6

1.01

0.83

y7 Savings accounts

918.4

836

670.7

1.26

1.26

c Cost of Sales force

y4 Payment protection ins., m.p.

y8 Critical illness cover

Mean

Median

Skewness
0.73

Kurtosis
-0.61

Min

Max

4.2

27.4

100 2781
16

458

153 3003

91.4

72

71.5

1.07

0.29

y9 Current accounts

849.2

728

471.5

0.81

-0.01

277 2291

12

297

y10 Online banking agreements

622.7

585

339.0

0.67

-0.35

172 1619

y11 Cards

896.7

756

528.8

0.69

-0.57

185 2206

n=95. For c the unit of measurement is working year (FTE). Outputs y1-y11 represent
quantities of transactions.

The distributions of the variables are positively skewed. There are more small
and medium size branches than large branches in the network. The skewness
differs by service. One reason for these differences is that in panel data, the
distribution is affected not only by the branch size but also by yearly
fluctuation of the service. The services have fluctuated differently. Appendix 1
presents an approximate extent to which the variances can be attributed to the
branch differences and yearly fluctuation.
Table 3. Correlation matrix between variables.

c

y1

y2

y3

y4

y5

y6

y7

y8

y9

y10

c
1
y1 0.941
1
y2 0.781 0.836
1
y3 0.761 0.817 0.732
1
y4 0.607 0.655 0.477 0.852
1
y5 0.842 0.777 0.720 0.658 0.442
1
y6 0.833 0.834 0.834 0.733 0.565 0.771
1
y7 0.734 0.742 0.685 0.597 0.496 0.433 0.711
1
y8 0.812 0.761 0.695 0.826 0.681 0.682 0.707 0.678
1
y9 0.846 0.850 0.725 0.844 0.680 0.593 0.707 0.799 0.853
1
y10 0.790 0.811 0.780 0.803 0.643 0.528 0.724 0.852 0.825 0.958
1
y11 0.766 0.786 0.885 0.768 0.551 0.577 0.758 0.814 0.788 0.892 0.954
All correlations are significant at the 0.001 level.

y11

1

The correlations between the variables are presented in Table 3. They are
relatively high between the outputs and between the outputs and the input.
There are however some lower correlations even between services within the
same group. The lowest correlation is between y5 mutual funds and y7 savings
accounts. The reason for this is in the customer’s behavior during the
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turbulent times of 2007-2010. During the bull market before the financial
crisis, the customers sought profits from the mutual funds, but as the share
prices dropped, the customers changed to less risky instruments such as fixedterm saving accounts. Service y4 Payment protection insurance, monthly
payment correlates less with other variables. It is a small service with noisy
data.

3.3

Initial sales efficiency estimation

The baseline estimation utilized a sales efficiency model that consists of all
eleven outputs. We do not utilize logical grouping of services. The branches’
intent was to maximize the sales of banking products with their resources
rather than minimize the resources to a given demand (see Part I Section 3).
Thus output-oriented measurement of efficiency will be used.
We apply a radial output oriented DEA estimator (1). Additive DEA
estimators, based upon the difference between weighted outputs and weighted
inputs, are sometimes used in bank branch efficiency analysis. They allow
negative input/output values which we do not have9. The radial DEA is more
appropriate for our purposes to rank the units.
Ideally we should have a theoretical foundation for returns to scale
specification. However the literature and previous studies do not provide a
solid basis for a prior assumption (see discussion in Part I Section 4.2). The
efficiencies will be estimated both with CRS and VRS assumption, and a test
will be used to determine the appropriateness of the CRS assumption.
When applying the initial sales efficiency estimation, we have a good reason
to suspect that the efficiency scores will be significantly overestimated, and we
will find too many efficient units. Simar and Wilson (2008) state that the rate
of convergence of DEA estimator when VRS is assumed depends on the
number of DMUs and variables exponentially n-α and α = 2/(m+p+1).
Estimation with our single input, 11 outputs and 95 DMUs would be
approximately as accurate as the estimation with a single input, 3 outputs and
6 DMUs when using BCC estimator10.

9
See for example Portela and Thanassoulis (2007) where the outputs include the change in the number
of clients and differences in the monetary values of various financial services. These changes can
obviously be also negative.
10

Rules of thumb have been often referred such as n ≥ 2ൈm ൈ p (Dyson et al., 2001) or n ≥ 3ൈ(m + p)
(e.g., Friedman and Sinuany-Stern, 1998). Based upon the results of Simar and Wilson (2008), these
rules generally underestimate the need for observations.
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4. Applying the variable reduction
techniques

This section presents how the reduced output specifications were constructed
by using the variable reduction techniques.

4.1

Applying PCA-DEA

We include two fundamentally different variants of PCA based specifications.
These variants followed two uses of PCA-DEA proposed by Adler and
Yazhemsky (2010). PCA-DEA Alternative 1 includes all output variables in a
single PCA aggregation. PCA-DEA Alternative 2 follows the logical grouping of
outputs (service groups in Table 1) and employs a separate PCA aggregation
for each group.
PCA-DEA is not included as a standard feature in DEA software packages.
However Adler and Yazhemsky have provided a software tool available on the
Internet. This software combines PCA and DEA in a single run, and it supports
the most common assumptions used in DEA based efficiency estimations. In
addition, statistical software (SPSS) was used to gain a better understanding of
the principal components.
4.1.1

PCA-DEA Alternative 1 – include all outputs to single PCA

The results of PCA are presented in Table 4. The table contains the loadings
between outputs and all PCs. The two bottom rows show the eigenvalue (λ)
and percentage extent to which the principal component explains the total
variance (%).
At least the first two PCs are needed to meet the requirement of 80 %
minimum information retained for CRS and 76 % for VRS. The third PC, which
has almost the same eigenvalue as the second component, can also be
considered a candidate. PCs starting from the 4th PC are insignificant and can
be omitted. Table 5 presents the descriptive statistics and some key indicators
related to the three candidate PCs11.

11
In PCA-DEA, the PC data are the pure weighted sum of normalized original data. This is different from
factor scores, which are a typical outcome of PCA and which are normalized to zero mean and unit
variance.
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Table 4. Component matrix, PCA-DEA Alternative 1.

l1

l2

l3

l4

l5

l6

y1 0.321 0.175 0.031 0.190 0.145 -0.614
y2 0.304 0.293 -0.236 0.085 -0.572 0.065
y3 0.312 -0.093 0.392 -0.018 -0.274 -0.037
y4 0.253 -0.321 0.635 0.387 -0.052 0.085
y5 0.258 0.652 0.189 -0.258 0.267 -0.128
y6 0.301 0.343 -0.059 0.448 0.103 0.443
y7 0.284 -0.248 -0.431 0.361 0.493 0.079
y8 0.308 -0.076 0.155 -0.543 0.292 0.499

l7

l8

l9

l10

l11

0.202 -0.454 0.228 -0.264 -0.252
0.434 -0.096 0.033 0.310 0.364
-0.140 -0.177 -0.768 -0.146 -0.037
0.195 0.324 0.342 0.099 0.010
0.014 0.552 -0.086 -0.040 0.058
-0.557 -0.226 0.131 0.027 -0.017
0.326 0.193 -0.380 0.064 0.002
0.299 -0.369 0.136 -0.029 -0.040

y9 0.323 -0.252 -0.045 -0.261 0.122 -0.352 -0.380 -0.040 0.063 0.684 0.072
y10 0.323 -0.289 -0.201 -0.145 -0.070 -0.087 -0.240 0.142 0.187 -0.561 0.557
y11 0.319 -0.118 -0.306 -0.161 -0.378 0.103 -0.069 0.311 0.117 -0.114 -0.694
λ 8.350 0.814 0.772 0.322 0.276 0.187 0.107 0.083 0.061 0.018 0.011
% 75.91

7.40

7.02

2.93

2.51

1.70

0.97

0.75

0.56

0.16

0.10

Table 5. Descriptive statistics and other indicators of three candidate components, PCA-DEA

Alternative 1.

ݕభ

ݕమ

ݕయ

Mean
Median

5.176
4.717

Standard Deviation

2.890

0.902

0.878

Skewness

0.557

1.656

0.439

Kurtosis

-0.706

7.272

0.863

Minimum

1.330

Maximum
Correlation with c (cost of workforce)
2

Yearly fluctuation, attributable variance (R )

-0.178 0.021
-0.241 -0.058

-2.364 -2.119

13.352

4.481

2.512

0.910

0.206

0.019

5.4 % 39.5 % 40.8 %

2

Branch differences, attributable variance (R ) 94.1 % 38.8 % 31.0 %
Attributable variances are indicative. Appendix 1 presents the approach used.

The interpretation of PCs has received little attention in PCA-DEA literature.
However, if the PCA-DEA is used to support performance management, the
analyst needs to be able to explain the efficiency estimation to the decision
makers and other people possibly affected. Instead of using the minimum
thresholds of the guideline mechanically, we try also to interpret the candidate
PCs and their relevance from the performance management point-of-view.
All output variables have high loadings to ݕభ . The variance of this PC is
attributable almost solely to branch differences and this component is highly
correlated to the cost of the workforce. Thus, the ݕభ can be interpreted as
“Volume component”. Variance of ݕమ is attributable both to the branch
differences and yearly fluctuation. Table 4 shows that the loadings of ݕమ
differ significantly by variable and some loadings are negative. This is
inevitable due to the orthogonality of the PCs with highly positively correlated
data. The high positive loadings of mutual funds and negative loadings of
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savings accounts and daily baking services relate this component to the market
events in 2007-2010. This component seems to reflect the capability of the
branch team to use market opportunities and thus it is interpreted as
“Opportunity component”. Component ݕయ is even more strongly attached to
yearly fluctuation and but there is no correlation with the cost of workforce.
Unexplained variance (variance other that can be attributed to yearly
fluctuation and the branch differences) is nearly 30 % indicating that it also
contains significant noise. It is hard to find an intuitive interpretation and a
justified reason to include ݕయ in the evaluation of performance.
Even though in this case justified performance-related interpretations can be
found for two principal components that may not be always the case. As the
third PC demonstrates, principal components may not have relevance from the
performance management perspective.
If two or several PCs are extracted from highly correlated data, the principal
components are not equal in PCA-DEA estimator. In the PCA aggregation, the
first PC often gets higher values than the other PCs. On the other hand,
constraints imposed to PC weights limit the flexibility, thus the first PC tends
to have a significant higher proportion of virtual input/output for the units
than the other PCs. Also in our case the “volume component” dominates.
Descriptive statistics presented in Table 5 show that the 2nd PC “Opportunity
component” contains negative data. As described earlier PCA-DEA can handle
such data, and it adheres to the principle that the initial variable weights
remain non-negative. Solutions of PCA-DEA problem (2) with the retained two
PCs are feasible both in CRS and in VRS cases.
4.1.2

PCA-DEA Alternative 2 – PCA in logical groups

Alternative 2 applies PCA to the service groups. The PCs associated with
financing services are denoted by ݕிଵ െ ݕிସ , investment services by ݕூଵ െ ݕூସ
and daily banking services by ݕଵ െ ݕଷ . The corresponding normalized
eigenvectors (loadings) are denoted by ிଵ െ ிସ , ூଵ െ ூସ and ଵ െ ଷ . The
loadings are presented in Table 6. The last row (%/gr.) contains the percentage
of variance explained by the variable within the service group it belongs to.
The first PCs of the service groups (ݕிଵ ǡ ݕூଵ ǡ ݕଵ ) retain totally 86 %12 of the
information, which is also sufficient for the PCA-DEA threshold. One may
however consider if the investment services are sufficiently covered, because
only 75 % of its information is retained. Judgment would be needed to decide
if the second PC (ݕூଶ ) is a meaningful aspect for performance management,
and if it should be retained. This comparison applies the threshold only to the

12
In order to calculate the information retained, one should not sum the eigenvalues of the retained
principal components as in Alternative 1 where all output variables were included in a single PCA. Unlike
in PCA-DEA Alternative 1 the omitted PCs are, to some extent, correlated with the retained PCs of other
service groups. The information retained can be calculated as follows: 1) calculate all PCs for all DMUs 2)
normalize this PC data to variance equal to eigenvalue for each PC. The total variance in data equals the
number of initial variables 3) Calculate covariance matrix for the normalized PC data 4) Calculate partial
covariance of the omitted PCs given the retained PCs. The remaining variance is the information retained
by the chosen PCs.
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total variance retained and uses only the first components of the service
groups.
Table 6. Component matrix, PCA-DEA Alternative 2.

lF1

lF2

lF3

lF4

lI1

lI2

lI3

lI4

lD1

lD2

lD3

y1 0.520 -0.280 -0.806 -0.046
y2 0.477 -0.624 0.504 0.360
y3 0.534 0.224 0.310 -0.754
y4 0.466 0.695 0.028 0.547
y5
0.482 -0.677 -0.085 0.549
y6
0.534 -0.078 -0.537 -0.648
y7
0.468 0.730 -0.194 0.459
y8
0.513 0.051 0.817 -0.261
y9

0.573 -0.695 0.434

y10

0.586 -0.023 -0.810

y11

0.573 0.719 0.394

λ 3.194 0.582 0.140 0.083 2.999 0.570 0.303 0.128 2.869 0.109 0.022
%/
79.86 14.56 3.51 2.08 74.97 14.26 7.58 3.19 95.64 3.62 0.74
gr.

Table 7 presents the descriptive statistics and other indicators of the first
components of each service group. The first PCs are highly correlated with the
input. The variance is almost totally attributable to the branches. These PCs
have similar interpretations as the “volume component” of PCA-DEA
Alternative 1.
Table 7. Descriptive statistics and other indicators of three components, PCA-DEA Alternative 2.

yF1

yI1

yD1

Mean
Median

3.211
0.183

2.671
0.178

3.080
0.174

Standard Deviation

1.787

1.732

1.694

Skewness

0.508

0.751

0.678

Kurtosis

-0.684

Minimum

0.757

0.577

0.835

Maximum
Correlation with c (cost of workforce)

7.757

7.369

7.974

2

Yearly fluctuation, attributable variance (R )

-0.450 -0.429

0.868

0.930

0.818

2.5 %

5.3 %

9.7 %

2

Branch differences, attributable variance (R ) 92.6 % 92.0 % 90.0 %
Attributable variances are indicative. Appendix 1 presents the approach used.

In this alternative the three PCs do not contain negative data. Thus also
standard DEA estimators can be employed.
4.1.3

Applying VR technique

In this study VR is applied to select one output from each service category.
Thus the number of retained outputs is three. Appendix 2 presents the ranking
of combinations meeting this criterion.
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Generally DEA results may vary greatly depending on which variables are
omitted (Jenkins and Anderson, 2003). In order to study the impact of this
characteristic in our case, the two highest ranked alternative combinations are
included in our comparison. The first ranked combination (y4 Payment
protection insurance, monthly payment, y5 Mutual funds and y10 Online
banking agreements) is VR Alternative 1. The second ranked alternative is
almost the same. The only difference is that output y11 Cards represents daily
services. This is VR Alternative 2. VR 1 Alternative 1 retains 87.1 % and VR
Alternative 2 86.5 % of the total variance of the initial outputs.
We used Microsoft Excel spreadsheet with a Visual Basic macro to compute
the matrices of partial variance-covariance for each possible combination of
retained/omitted variables and to sort the combinations according to the
variance retained as Jenkins and Anderson (2003) propose.
4.1.4

Applying ECM

This study applies only backward procedure of ECM to delete superfluous
variables from the initial variable set. When ECM utilizes DEA, the efficiency
scores are affected by the RTS specification. As we do not have returns to scale
specification, the procedure is executed both for CCR and BCC estimators
separately. Thus it could be possible that the procedure ends up to different
reduced variable set.
The recommendation of Sirvent et al., 2005 ( M =1.1 and p0=0.15) was
followed for deleting the outputs in the stepwise process. Binomial distribution
B(94, 0.85) was used with the 5 % level of statistical signifigance to determine
if the output can be deleted13. However in some steps several variables caused
equal effect (or have no effect at all exceeding the tolerance). In such cases the
tolerance was decreased ( M =1.05, M =1.03 etc.) until the variable to be
deleted was identified.
The stepwise variable deletion process is presented in Appendix 3 for both
CRS and VRS assumptions. Even though there are some differences between
the intermediate steps, both assumptions end up with the same three variables
after which no further variable reduction is possible. When following the ECM
procedure, the ideal combination for evaluating efficiency would be variables
y1 Housing loans, y5 Mutual funds and y9 Current accounts. The rest of the
outputs can be considered superfluous.
This combination of y1, y5 and y9 meets also the criterion of three variables,
one from each service group that was used in VR procedure. It retains 80.72 %
of the total variance of the initial output, which again meets the criterion of the
information retained in PCA-DEA. It is however only 28th of 48 of the three
variable alternatives in the VR rankings (see Appendix 2).
At this phase we can conclude that y5 Mutual funds is statistically a key
service from the performance perspective as it is included in the reduced
variable set both in the VR alternatives and ECM. It has significance also in
13
Binomial distribution B(94, 0.85) was used because there are only n-1 DMUs that can be affected. At
least one of the DMUs remains efficient in the reduced model. The success is not exceeding the
tolerance thus the rate is 0.85 is (1-po).
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PCA-DEA Alternative 1 with high loadings to the 2nd PC (opportunity
component).
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5. Findings

The efficiencies of the DMUs were estimated by employing both CRS and VRS
assumptions. The descriptive statistics of the efficiency scores and the number
of efficient units are presented in Table 8. The scores are presented in a form
where scores below one represent inefficiency. A high number of efficient
DMUs indicates that false identification of efficient units is likely. Also high
average, median and minimum efficiency scores, and low standard deviation
are indicators of possible overestimation of efficiencies.
Table 8. Descriptive statistics of Efficiency scores and number of efficient DMUs under CRS and

VRS assumptions.

Constant returns to scale
(CCR)
Initial estimation
PCA-DEA Alternative 1
PCA-DEA Alternative 2
VR Alternative 1
VR Alternative 2
ECM
Variable returns to scale
(BCC)
Initial estimation
PCA-DEA Alternative 1
PCA-DEA Alternative 2
VR Alternative 1
VR Alternative 2
ECM
n=95

Number of
efficient DMUs

Average

Efficiency scores
Median Std.Dev.
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3
6
6
5
3

0.83
0.68
0.70
0.70
0.63
0.76

0.82
0.65
0.66
0.69
0.62
0.75

0.13
0.16
0.16
0.15
0.16
0.12

0.57
0.38
0.39
0.41
0.32
0.56

30
8
12
15
15
13

0.88
0.73
0.75
0.77
0.74
0.82

0.92
0.72
0.74
0.76
0.73
0.82

0.12
0.16
0.16
0.15
0.18
0.12

0.65
0.41
0.40
0.43
0.38
0.57

Min

Initial DEA estimation that contains all eleven variables is, by default, the least
discriminative specification. If VRS was assumed, approximately one third of
the DMUs would be considered efficient. The discrimination can clearly be
improved by adopting any of the three techniques. When CRS was assumed,
PCA-DEA Alternative 1 and ECM found the smallest amount of efficient units.
When VRS was assumed, PCA-DEA Alternative 1 identified clearly less
efficient units than other alternatives, which is expected as it uses only two
outputs while the other ones use three outputs. Only one DMU was found
indisputably efficient with all alternatives when CRS was assumed and five
DMUs when VRS was assumed.

23

Regarding the efficiency scores, the VR and PCA-DEA alternatives gave fairly
similar distributions. However, efficiency scores of VR Alternative 2 are lower
than VR Alternative 1, even though VR Alternative 1 ranks first according to
information retained. ECM scores are higher, and the differences between
units are smaller than the scores of the other alternatives.

5.1

Ranking differences

The rank correlations of the DMUs are presented in Table 9. For the sake of
brevity, only results from VRS estimations are presented. Some significant
differences occur in the rankings of individual DMUs. The PCA-DEA
alternatives are more strongly correlated with the initial estimation than EMC
and especially VR alternatives. Also the rank correlations between PCA-DEA
and VR alternatives remain on the level of 0.65-0.7. However ECM has
relatively low correlation with the rankings of the two other techniques.
Table 9. Rank correlations between DMUs, VRS (Kendall’s Tau).

Initial estim. PCA-DEA 1 PCA-DEA 2 VR 1 VR 2 ECM
Initial estim.
PCA-DEA 1

1
0.738

1

PCA-DEA 2

0.744

0.853

1

VR 1

0.689

0.666

0.694

VR 2

0.664

0.659

0.663 0.778

ECM

0.719

0.591

0.570 0.619 0.550

1
1
1

VR is sensitive to the change of individual variables omitted. In DEA extreme
observations define the efficient frontier that the other observations are
compared to. Even though variables representing daily services y10 and y11 are
highly correlated, they define the frontier differently. For example the DMU
representing branch 8 in year 2008 demonstrates high performance in y10
Online banking agreements relative to other branch-year combinations. Thus
this DMU is efficient in VR alternative 1 when y10 is retained and y11 cards
omitted. When y11 is retained and y10 omitted this DMU does not lie on the
efficient frontier any more. The efficiency score drops from 1 to 0.84, and the
ranking drops from 1 to 30. The rank differences between PCA-DEA
alternatives are smaller because the efficiency evaluations do not depend on
individual variables to the same extent due to the aggregation.
The same characteristics of the techniques explain also the differences
between VR and PCA-DEA rankings. Branch 8 has another good example. This
branch was successful in the sales of y5 Mutual funds in year 2009. As y5 is
retained in both VR alternatives, this DMU is identified efficient (efficiency
score 1 and ranking 1). When PCA-DEA Alternative 2 is used also all other
investment services are taken into account practically equally (see loadings lI1
in Table 6). The branch performed relatively well in the sales of insurance
savings and even with saving accounts, but poorly in critical illness cover in
2009. Thus the aggregated performance in investment services was on the
24

average level. As the performances in the other two service groups are
mediocre, the score of this DMU is 0.73 and overall ranking is 51 in PCA-DEA
Alternative 2. This example is the most significant drop in rankings for a DMU
identified efficient.
The differences between ECM and other two alternatives emerge from the
different aims in the variable reduction. VR focuses on the variance between
the variables and thus emphasizes difference in the outputs between the units.
Also PCA-DEA aims to retain variance even though the approach is quite
different from VR. Instead, ECM tends to retain variables that cause
significant changes in the efficiency scores of the units. These variables that
ECM retains are not necessarily the ones with big differences between the
DMUs. For example y1 Housing loans is a core service, where most branches
perform relatively well, thus a large number of DMUs operate close to the
frontier and y1 cannot be deleted without significant change in the efficiency
scores of a large proportion of DMUs. Branch B17 performed well when the
housing loans had a high demand in 2007 and this DMU has an overall
ranking of 15 when ECM is used. The ranking of this observation drops to 66
when VR alternative 1 is applied to variable reduction and housing loans are
omitted.
As different techniques take different approaches for dealing with the
dimensionality issue, some variations in the results are natural. The
organization may benefit from a combined use of the specifications based
upon techniques with different aims.
The above results illustrate the impact of the variable reduction techniques
on the efficiency estimation of individual branches. The rest of this chapter will
focus on two more general contradictions that emerge.

5.2

Returns to scale

In order to examine RTS, the non-parametric Kolmogorov-Smirnov (KS) test
(Banker, 1993; Banker and Natarajan, 2011) is used. The test compares CCR
and BCC efficiency score distributions. The null hypothesis is that the frontier
exhibits CRS and the alternative hypothesis is VRS. The results of the KS test
are presented in Table 10. The initial estimation rejects the null hypothesis of
CRS barely if the 5 % statistical significance level is required. The PCA-DEA
alternatives retain CRS but VR alternatives reject CRS clearly. Also the ECM
alternative rejects CRS for VRS14.
The question about the RTS exhibited can be a significant one for the branch
network development strategies. We can make two types of errors. Type I error
rejects CRS when it actually exists. As a consequence, the bank could launch
14
ECM procedure can be also utilized to examine RTS. The only difference between CRS and VRS
specifications is that the variable associated with convexity uo in VRS based BCC estimator is deleted
from CRS based CCR estimator by fixing uo=0. The null hypothesis is that CCR and BCC efficiency score
=1.1 and p0=0.15) when the 5 % statistical significance level is
distributions do not distinguish (
required. The results of the test are: initial estimation T=29, PCA-DEA 1 T=24, PCA-DEA 2 T=25, VR 1
T=38, VR 2 T=51, ECM T=26. As the critical value is T=19 all ECM based RTS tests reject null
hypothesis of CRS (p<0.001 for all alternatives except PCA-DEA alternatives p<0.01).

M
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mergers and splits of branches that would not contribute to the performance
improvement and instead resources would be wasted in these initiatives. As
the structural changes require a transient period, the performance can
temporarily suffer. Type II error retains CRS when it should rejected. In that
case, the bank would focus only on the managerial side of the efficiency
improvement, but the branches below or over the most productive scale size
could not however achieve the expected performance level.
Table 10. Kolmogorov-Smirnov test of the constant returns to scale specification.

Initial estimation
PCA-DEA Alternative 1

Most Extreme
Differences (D) p-value
0.200
0.045
0.168
0.135

PCA-DEA Alternative 2

0.158

0.187

VR Alternative 1

0.232

0.012

VR Alternative 2

0.295

0.001

ECM

0.221

0.019

Critical D (5 % sign.) is 0.197.

Because of potentially important implications, further investigation is needed
– why do the variable reduction techniques produce different RTS test results?
In VR and ECM the efficient frontier is shaped by extreme performances in the
selected variables. In our case the variables are distributed and scattered
differently. Especially the largest branch size may suffer because there are
fewer observations (so called finite sample bias). Different variable
combinations generate significantly different returns to scale test results. In
order to demonstrate this we use the last ranked combination (y2, y7 and y11)
according to VR procedure (Appendix 2). This combination retains null
hypothesis of CRS (extreme difference 0.170, sign. 0.095)15. This can be seen
as one form of the unpredictability of VR results.
PCA-DEA aggregates individual variables. This offsets to a large extent the
impact of extreme performances in the individual outputs. On the other hand,
PCA-DEA may have lost a relevant part of information as it emphasizes the
first component. If the only first principal component was used in PCA-DEA
Alternative 1, the KS test would even more clearly retain CRS assumption
(sign. 0.336). Nataraja and Johnson (2011) found out in their simulations that
PCA-DEA’s accuracy decreases if the true production frontier is VRS.
DEA provides also information if a DMU prevails constant, increasing or
decreasing returns to scale (i.e., if it could improve productivity with either
increase or decrease of resources, even if it was BCC efficient). When assuming
VRS, the multiplier uo of each DMU indicates the RTS (uo =0 constant returns
to scale, uo <0 increasing returns to scale; uo >0 decreasing returns to scale).
Appendix 4 presents indicative plot diagrams of uo and costs of sales force of
DMUs by each alternative. The diagrams illustrate that uo values are often
15
The last ranked combination is also more discriminative than the two VR alternatives. The average with
CRS assumption is 0.57 and three DMUs are found efficient. The average of efficiency estimates with
VRS is 0.66 and only eleven DMUs are efficient.
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quite low, especially in PCA-DEA, indicating that the BCC and CCR frontiers
are often close to each other, particularly among the midsized DMUs.
Table 11 presents DMUs with opposite interpretations of increasing and
decreasing returns to scale between the alternatives (i.e., sign reversals of uo).
The high number of reversals associated with PCA-DEA alternatives can be
explained with low absolute values of uo in PCA-DEA. Thus it is necessary to
focus on significant RTS reversals between the alternative specifications. The
reversal was considered significant if both alternative specifications indicated
also scale inefficiencies exceeding a tolerance level of 1.05 for a DMU 16.
Because the RTS is reversed this tolerance is comparable to M =1.1 of EMS. No
RTS reversals were found exceeding the tolerance level, thus occurrence of
serious DMU level errors would be unlikely.
Table 11. Reversals between increasing and decreasing returns to scale.

PCA-DEA 1
PCA-DEA 2

Initial estimation PCA-DEA 1 PCA-DEA 2 VR 1 VR 2
6%
9%
20 %

VR 1

6%

13 %

17 %

VR 2

5%

6%

16 %

ECM

5%

8%

18 % 13 %

9%
8%

The RTS test results are to some extent contradicting in this case. Because
same branches have several observations in the data set, some branch specific
managerial factors may also have influence on the efficiency score
distributions. This will be elaborated in the management feedback in section 6.

5.3

Importance of outputs in efficiency evaluations

Virtual outputs depict the importance of a particular output for the unit under
assessment for the maximum efficiency rating. Study of virtual variables has
been proposed by Boussofiane, Dyson, and Thanassoulis (1991).
Appendix 5 presents the descriptive statistics of virtual outputs in the initial
estimation and the five alternative specifications. For the sake of simplicity,
only the virtual outputs of VRS assumption are presented. Because much
attention is paid to the service groups in the case bank, a relevant question
arises about how important each main service group is to the efficiency
evaluation.
We compare the expected virtual weights and the mean of the actual virtual
weights in the set of all DMUs. Hotelling’s T squared test is used. The null
hypothesis is that the vector of mean virtual outputs of the groups does not
deviate from the expected mean vector. Table 12 presents mean virtual outputs
of each service group by alternative. These tests are only very indicative
because the virtual weights of service groups depend on each other.

16

Scale inefficiency was measured by CCR efficiency score/ BCC efficiency score, scores [1,∞).
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VR alternatives, ECM and PCA-DEA Alternative 2 use three outputs each
representing a different service group; we expect that the arithmetic mean of
virtual outputs is approximately 33 % for each service group. Initial estimation
and PCA-DEA Alternative 1 utilize all output variables without logical
grouping, thus the proportion of virtual outputs depends also on the number
of variables in the group. The mean virtual output for financing services and
investment services is expected to be approximately 4/11=36 % and daily
services 3/11=27 %.
Table 12. Mean virtual outputs by service group, all DMUs.

Financing
services
39 %

Investment
services
41 %

Daily banking
services
20 %

PCA-DEA
Alternative 1
PCA-DEA
Alternative 2
VR Alternative 1

38 %

33 %

36 %

VR Alternative 2
ECM

Initial estimation

2

t test
statistics

pvalue

29 %

8.634
10.116

0.017
0.009

28 %

36 %

2.655

0.274

16 %

30 %

55 %

21 %

31 %

48 %

37 %

27 %

36 %

82.441
33.767
6.706

0.000
0.000
0.041

Test is Hotelling’s t-squared statistics. Test is indicative only.

There is a clear difference between alternatives in how the service groups are
weighted. PCA-DEA Alternative 2 is the only alternative that, according to our
indicative test, is aligned with the expected importance. The virtual weights of
ECM and PCA-DEA Alternative 1 are also intuitively quite balanced. The initial
estimation underweights daily banking services. VR alternatives underweight
financing services strongly and overweight the importance of daily services.
The importance of the variables among all DMUs depends on how far the
observations generally are from the frontier. The distributional anomalies
impact on the mean virtual weights. For example positive skewness indicate
that majority of the variable’s observations are far away from the tails defining
the frontier. As the skewness differs by variable, it is generally more favorable
to weight variables whose observations tend to be closer to the frontier. VR is
especially sensitive to the distributional differences as it is based upon
retained few variables17. Also ECM is potentially affected by extreme
performances in single service. However the ECM procedure tends to delete
outputs having vast majority of the observations far away from the frontier, as
it is favorable for the units not to weight them. Also PCA-DEA is less sensitive
to distributional anomalies of the initial variables due to neutralizing
aggregation.
An interesting comparison from the managerial perspective is how the
virtual outputs reflect the cost of sales force. As the initial input data contained
the work of sales force by job role and the standard unit costs, we can make an
indicative split of the costs of sales force to the service groups. The cost of the
17
VR assumes implicitly that the variable distributions are normal when using partial covariance to select
variables. The issue of normality requirement for VR in empirical cases has been brought up earlier by
Adler and Yazhemsky (2010).
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team leaders is allocated to the service groups by the FTEs of the direct sales
force. An indicative split of the cost of sales force is: financing services 41 %,
investment services 30 % and daily banking services 28 %. VR alternatives
violate this split clearly while ECM and PCA-DEA alternatives are quite well
aligned with it.
The results show that the apparent equality of the variables may lead in
practice to unexpected differences in the importance of the variables and their
logical groups in the efficiency evaluation. This may be against the implicit
knowledge of management. Thus it is worth studying the virtual outputs (and
inputs) generated through the variable reduction and discussing the findings
with the management.

5.4

Sensitivity regarding payment protection insurance

In this study all services were assumed to be equal when the variable reduction
techniques were applied. A relatively minor service y3 (Payment protection
insurance, monthly payment) seems to have a substantial role in some of the
specifications. It was the variable that represented Financing services in the
VR alternatives. It has also the strongest negative loading of second
component in PCA-DEA Alternative 1 making it influential. A parallel analysis
was made by replacing the two types of payment protection insurances with a
new variable, denoted y34, that is a sum of quantities of the two payment
protection services.
In this parallel analysis VR procedure ranked variable combination y34, y5 and
y10 highest, so the new total payment protection insurance y34 replaces y3. This
combination had in practice the same discrimination power as VR Alternative
1 (CRS average efficiency score 0.69, efficient DMUs 4, VRS average efficiency
score 0.77, efficient DMUs 17). It rejected null hypothesis of CRS (extreme
difference 0.242; sign. 0.008). When compared to the virtual weights, the
daily banking services were overweighted (average virtual output 53 %) and
the financing services underweighted (average virtual output 20 %). Also in
PCA-DEA Alternative 2 combining the payment protection insurances had no
practical implications.
However PCA-DEA Alternative 1 turned out to be slightly more sensitive to
this change. The discrimination power was similar with the “original” PCADEA Alternative 1 (CRS mean efficiency score 0.67, efficient DMUs 4; VRS
mean efficiency score 0.73, efficient DMUs 9), but this change was sufficient to
reject the null hypothesis of CRS (extreme difference 0.200; sign. 0.045).
Interestingly, the initial estimation retained the null hypothesis of CRS
(extreme difference 0.179; sign 0.095). In this case a relatively small change in
the variable specification had opposite effects on KS based RTS tests. This
shows that the RTS test can be sensitive to small changes. This emphasizes the
importance of caution when drawing conclusions about RTS from empirical
data.
Combining the two payment protection insurance services had no impact on
the outcome of ECM procedure. The new variable y34 was deleted when six
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outputs were remaining. The procedure ended up with the same three outputs
as when the initial output set contained both services separately.

30

6. Management feedback

The management of the branch network reviewed the main results of the
initial efficiency estimation and alternative VR techniques. The managers were
provided with a graphical presentation of the efficiency scores of branches
(both CRS and VRS assumptions). Because each branch had several yearly
observations from 2007-2010, averages of efficiency scores were used. The
branch level results were more convenient for the managers. This however
reduced the visibility of some extreme observed performances and yearly
performance fluctuation. The management also reviewed the virtual weights of
the service groups and compared them to the costs of different job roles that
were attached to these groups. In addition, the fundamentals of each
technique were discussed with the management.
The management stated that their preferred approach to evaluate efficiency
uses aggregation based upon the revenue value of services (as in Essays II, III
and IV). An operational efficiency evaluation could be a supplementary
analysis. If a wide data set is gathered then it would be attempting to use all
that information. However the management found it hard to accept that a
branch could claim itself efficient only by any individual service that the bank
provides. Thus variable reduction can be justified.
The comments of the managers regarding each technique were the following:
x VR. The principle of using the output set with the largest overall
differences between the observations was reasonable (i.e., variance
retained). Also the set of variables selected by VR alternative 1 was
justified as the management had put emphasis on these services during
the years under evaluation. However the disadvantage in this case was
that the results were impacted by the strongly overweighted daily
services.
x ECM. The principle of eliminating the least significant outputs
according to their contribution to efficiency was considered attractive.
The output set obtained from ECM contained the core services that the
branches are constantly engaged with. Also the virtual weights of the
services group were balanced and aligned with the costs. Thus the
management favored ECM over the other evaluated variable reduction
techniques. Ideally a branch is efficient both in the business value and
core service delivery perspectives.
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x

PCA-DEA. The principal component analysis has not been used in the
performance evaluation in the bank earlier, thus it drew less attention
than the two selection approaches.
The study also provided insights to returns to scale. The management was
provided with the branch level scale inefficiencies, indication of RTS of each
branch (increasing, constant or decreasing) and the plot diagram of the
convexity multiplier uo (based upon the preferred technique ECM, see
Appendix 4).
According to the management the presented results reaffirmed the prior
knowledge that the small branches are affected by their scale size. As many of
these branches that operated under most productive scales size have no
sufficient customer flow to improve their performance, they have been either
merged or closed down after 2010.
The management was more uncertain about the decreasing returns to scale
of the large branches, because many significant positive deviations from CRS
in the uo plot diagram were attached to a single branch. This branch has
suffered declining customer flow due to its location. But there might be also
some structural scale inefficiencies impacting on the largest branches.
Competent team leaders are vital in sales. According to management’s
experience, team leaders can effectively manage a team of 10-15 people; as the
size of the team increases beyond that, performance suffers. If an additional
team leader is assigned to the branch, the sales volumes would be higher, but
productivity may decrease due to the extra resource.
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7. Concluding remarks

It has been well known that the DEA results are sensitive to variable reduction.
Even in the case where the variables are highly correlated (like in our case), the
choice of the variables can affect the results of the efficiency evaluation
significantly (Dyson et al., 2001). This study has demonstrated that the
implications may concern not only the efficiency scores and rankings of
individual DMUs, but also the returns to scales test and importance that the
variables and their logical groups have in the efficiency evaluation. Thus it may
impact on the conclusions drawn from the results regarding the entire branch
network.
On the other hand, this case study suggests also that some contradictions are
natural. The techniques represented three strategies of variable reduction.
They led to different interpretations of efficiency measurement. VR
emphasized combination of services with the largest performance differences
between the units while ECM ended up with a set of core outputs that a high
number of units perform relatively well. PCA-DEA revealed the overall,
aggregated business volume related efficiency which was less dependent on the
performance in individual services.
The differences between the approaches can also benefit decision-making.
Cooper, Seiford, and Tone (2007, p. 166) state that: “If we cannot identify the
characteristics of the production frontiers by preliminary surveys, it may be
risky to rely on only one particular model.” This statement seems to apply to
the variable reduction as well. When the results from different techniques are
uniform, they confirm the basis for decisions. Contradicting results regarding
an important issue indicate uncertainty and further study may be needed
before the decision.
All techniques have benefits and drawbacks. VR has been criticized because
variance retained has little value to managers (Pastor et al., 2006). In our case
the management appreciated the principle of VR and the reduced variable set
made sense to them. Thus it might be insightful to consider which set of
outputs contains the biggest differences and discuss if these differences are
relevant from the performance improvement point-of-view. On the other
hand, this study demonstrated that variance retained as the criterion is not a
guarantee of superior discrimination that the approach aims for. The main
drawback of VR is the unpredictability that has been highlighted also by
Jenkins and Anderson (2003). The results are sensitive to extreme
performances, skewness and also noise. In our case the sensitivity to
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anomalies caused an unbalanced weighting of services contradicting the prior
knowledge of management.
ECM’s criterion for variable selection, contribution to efficiency
measurement, is straightforward. Thus the technique seems to be easily
acceptable to management. As it avoids changes in the efficiency scores, it
seems to emphasize existing strengths in the network rather than areas where
the units have the biggest opportunities to stretch their capabilities.
Both selective techniques seem to be suitable for interactive variable
selection for the organizational performance management purposes. In such
situations the selection technique is in a supportive role. A slight practical
drawback is that ECM based selection is a stepwise procedure requiring
recurring use of DEA. If standard DEA tools are used, the steps to test
variables can be time consuming. When applying VR, the different
combinations are ranked beforehand which may be a benefit when the analyst
supporting the management has to give quick responses.
The advantage of PCA-DEA is that as an aggregative approach it is less
sensitive to the data anomalies in individual variables, rather it reduces the
effects. Adler and Golany (2002) highlight the virtue that PCA-DEA uses all
initial inputs and outputs, at least to some extent. In the managerial context it
would not give a signal to the organization that some inputs or outputs would
be insignificant. The main drawback is complexity. When used with highly
correlated data, the first component can have a clear interpretation. However
if other components are needed, it may be challenging to justify them from the
performance management perspective. PCA-DEA is a combination of two
quantitative techniques, which may reduce transparency required for
understanding and approval in the organizations. The use of PCA-DEA for
reducing the outputs that are services may not be the natural domain for this
technique when the managers want to have clear control over the way the
performance is measured. A more appropriate use of PCA-DEA could be in
situations where the performance evaluation requires compressing data
depicting the business environment; another use would be the inclusion of
performance indicators from customer and employee satisfaction surveys.
These are situations where PCA is generally used for data reduction, and
selective techniques may lose essential information.
This study complements the previous comparative studies of variable
reduction by employing an empirical case. The author hopes that this article
can be helpful also to the practitioners of DEA based performance
management in banking and other industries.
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Appendix 1: Variance explained by
branch difference and yearly fluctuation

In order to approximate the proportion of variance explained by yearly
fluctuation we use yearly dummy variables as regressors for each input/output
variable in a linear regression. The coefficient of determination (R 2) is the
approximate of the proportion of variance attributable to yearly fluctuations.
Analogously, the proportion of variance explained by the branch differences is
approximated by using branch specific dummies.

Figure. The proportion of variance explained by the yearly fluctuation and differences between
the branches by variable (the proportions are indicative).
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Appendix 2: Proportion of variance
retained according to VR

Ranking of three output combinations between service groups by the
proportion of variance retained according to the variable reduction procedure
of Jenkins and Anderson (2003).
Ranking of
combination

Combinations of three output
variables

Proportion of variance
retained %

1

y4

y5

y10

87.13 %

2

y4

y5

y11

86.47 %

3

y3

y5

y10

86.04 %

4

y3

y5

y11

85.35 %

5

y4

y6

y10

85.17 %

6

y3

y6

y10

85.00 %

7

y4

y6

y11

84.26 %

8

y4

y6

y9

84.23 %

9

y4

y5

y9

84.05 %

10

y3

y6

y11

83.95 %

11

y2

y5

y9

83.71 %

12

y2

y5

y10

83.55 %

13

y3

y6

y9

83.51 %

14

y3

y5

y9

83.02 %

15

y1

y5

y10

82.60 %

16

y1

y8

y10

82.03 %

17

y2

y8

y10

82.00 %

18

y3

y7

y11

81.88 %

19

y1

y5

y11

81.84 %

20

y2

y6

y9

81.79 %

21

y1

y8

y11

81.77 %

22

y1

y6

y10

81.71 %

23

y2

y7

y9

81.59 %

24

y2

y8

y9

81.22 %

25

y2

y6

y10

81.18 %

26

y4

y8

y11

81.02 %

27

y1

y7

y10

81.01 %

28

y1

y5

y9

80.72 %

29

y3

y8

y11

80.71 %

30

y1

y6

y9

80.58 %

31

y1

y7

y11

80.55 %

32

y4

y7

y11

80.53 %

33

y2

y8

y11

80.45 %

34

y1

y7

y9

80.45 %
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Ranking of
combination
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Combinations of three output
variables

Proportion of variance
retained %

35

y3

y7

y10

80.43 %

36

y1

y6

y11

80.26 %

37

y3

y8

y10

80.10 %

38

y4

y8

y10

79.99 %

39

y1

y8

y9

79.87 %

40

y3

y7

y9

79.83 %

41

y2

y5

y11

79.47 %

42

y2

y7

y10

79.35 %

43

y4

y7

y9

78.32 %

44

y4

y7

y10

78.21 %

45

y2

y6

y11

77.99 %

46

y4

y8

y9

77.56 %

47

y3

y8

y9

77.46 %

48

y2

y7

y11

75.80 %

Appendix 3: ECM backward procedure
by step

The critical value for binomial test B(94,0.85) at the 5 % statistical significance
level is 19. The null hypothesis states that the distributions of the efficiency
scores of the original model (i.e., the model from the previous step) and the
reduced model are statistically indistinguishable. Thus, if T > 19 at the
tolerance level M =1.1, the null hypothesis is rejected, and the output cannot
be deleted. If there are several outputs that could be removed, the output with
lowest T is deleted. If it is necessary, the tolerance level is reduced in order to
identify the variable to be deleted.
Constant returns to scale (CCR)

Variable returns to scale (BCC)

Step 1: All 11 outputs

Step 1: All 11 outputs
T

T

M =1.1 M =1.05 M =1.03 M =1.01
delete y1

15

25

delete y2

0

0

delete y3

0

delete y4

M =1.1 M =1.05 M =1.03

29

41 delete y1

7

17

1

6 delete y2

0

1

0

1

6 delete y3

0

2

2

6

9

11 delete y4

2

5

delete y5

15

27

40

52 delete y5

14

26

delete y6

0

2

2

12 delete y6

0

2

delete y7

1

7

11

20 delete y7

0

4

delete y8

4

18

23

31 delete y8

3

12

delete y9

6

12

13

24 delete y9

2

9

delete y10

0

1

4

7 delete y10

0

1

delete y11

0

1

1

4 delete y11

0

0

Reduce to 10 outputs (delete y11)

Reduce to 10 outputs (delete y11)

Step 2: 10 outputs

Step 2: 10 outputs

delete y1

15

25

29

delete y1

7

17

24

delete y2

0

3

5

delete y2

0

3

5

delete y3

0

2

5

delete y3

0

3

4

delete y4

2

6

9

delete y4

2

5

8

delete y5

17

29

41

delete y5

15

27

32

delete y6

0

2

2

delete y6

0

2

3

delete y7

1

8

13

delete y7

0

5

9

delete y8

4

18

23

delete y8

4

13

17

delete y9

6

13

13

delete y9

2

9

11

delete y10

0

4

6

delete y10

0

2

5

Reduce to 9 outputs (delete y6)
Cont…

Reduce to 9 outputs (delete y6)
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Constant returns to scale (CCR) Variable returns to scale (BCC)
Step 3: 9 outputs

Step 3: 9 outputs

M =1.1

T

T

M =1.05

M =1.1 M =1.05

delete y1

14

25 delete y1

8

18

delete y2

0

4 delete y2

0

4

delete y3

0

2 delete y3

0

3

delete y4

2

6 delete y4

2

5

delete y5

22

41 delete y5

15

30

delete y7

6

10 delete y7

4

7

delete y8

4

19 delete y8

5

16

delete y9

7

13 delete y9

3

10

delete y10

1

0

1

4 delete y10

Reduce to 8 outputs (delete y3)

Reduce to 8 outputs (delete y10)

Step 4: 8 outputs

Step 4: 8 outputs

delete y1

15

delete y1

8

delete y2

0

delete y2

1

delete y4

2

delete y3

0

delete y5

23

delete y4

2

delete y7

5

delete y5

15

delete y8

5

delete y7

6

delete y9

7

delete y8

6

delete y10

1

delete y9

8

Reduce to 7 outputs (delete y2)

Reduce to 7 outputs (delete y3)

Step 5: 7 outputs

Step 5: 7 outputs

delete y1

19

delete y1

9

delete y4

2

delete y2

1

delete y5

36

delete y4

3

delete y7

5

delete y5

16

delete y8

5

delete y7

5

delete y9

7

delete y8

6

delete y10

1

delete y9

10

Reduce to 6 outputs (delete y10)
Cont…
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Reduce to 6 outputs (delete y2)

Constant returns to scale (CCR) Variable returns to scale (BCC)
Step 6: 6 outputs

Step 6: 6 outputs
T

T

M =1.1
delete y1

M =1.1

21

delete y1

delete y4

2

delete y4

3

delete y5

36

delete y5

23

delete y7

6

delete y7

6

delete y8

5

delete y8

5

delete y9

18

delete y9

10

14

Reduce to 5 outputs (delete y4)

Reduce to 5 outputs (delete y4)

Step 7: 5 outputs

Step 7: 5 outputs

delete y1

29

delete y1

22

delete y5

34

delete y5

24

delete y7

4

delete y7

5

delete y8

7

delete y8

7

delete y9

18

delete y9

12

Reduce to 5 outputs (delete y7)

Reduce to 5 outputs (delete y7)

Step 8: 4 outputs

Step 8: 4 outputs

delete y1

27

delete y1

21

delete y5

31

delete y5

23

delete y8

9

delete y8

10

delete y9

26

delete y9

16

Reduce to 3 outputs (delete y8)

Reduce to 3 outputs (delete y8)

Step 9: 3 outputs

Step 9: 3 outputs

delete y1

25

delete y1

25

delete y5

45

delete y5

38

delete y9

36

delete y9

26

End up with 3 outputs

End up with 3 outputs

45

Appendix 4: Returns to scale indicator
and the cost of sales force by
alternative

The vertical axis depicts returns to scale indicator uo (the multiplier associated
with the convexity constraint).
The horizontal axis depicts the cost of the sales force. The unit of
measurement is a working year (FTE) standardized with the unit costs.
The diagrams are indicative as VRS efficient DMUs do not have unique
values for uo. In the diagram CRS efficient DMUs have fixed uo=0. If uo<0
returns to scale is increasing, if uo>0 decreasing.

Figure a. Initial estimation.

Figure e. VR alterative 1.

Figure b. PCA-DEA alternative 1.

Figure f. VR alternative 2.

Figure c. PCA-DEA alternative 2.

Figure g. ECM.
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Appendix 5: Virtual outputs by
alternative – variable returns to scale

Virtual outputs
u1y1

u2y2

u3y3

u4y4

u5y5

u6y6

u7y7

u8y8

u9y9

u10y10

u11y11

Initial estimation
Mean

0.217

0.050

0.048

0.079

0.165

0.054

0.088

0.105

0.110

0.044

0.042

Std.Dev.

0.275

0.106

0.146

0.163

0.207

0.116

0.191

0.195

0.228

0.108

0.115

Min

0

0

0

0

0

0

0

0

0

0

0

Max

0.930

0.563

0.865

0.899

0.925

0.501

0.897

0.824

0.833

0.483

0.674

PCA-DEA Alternative 1
Mean

0.119

0.111

0.092

0.057

0.104

0.105

0.061

0.065

0.097

0.097

0.095

Std.Dev.

0.039

0.051

0.031

0.052

0.094

0.055

0.041

0.025

0.043

0.050

0.027

Min

0.051

0.038

0.026

0

0

0.018

0.010

0.019

0.020

0.017

0.038

Max

0.266

0.236

0.185

0.283

0.336

0.242

0.167

0.134

0.178

0.188

0.158

PCA-DEA Alternative 2
Mean

0.098

0.080

0.099

0.081

0.067

0.087

0.060

0.067

0.121

0.129

0.111

Std.Dev.

0.088

0.071

0.090

0.084

0.086

0.102

0.067

0.083

0.101

0.109

0.095

Min

0

0

0

0

0

0

0

0

0

0

0

Max

0.393

0.339

0.357

0.386

0.356

0.455

0.316

0.352

0.311

0.369

0.336

VR Alternative 1
Mean

-

-

-

0.157

0.298

-

-

-

-

0.545

-

Std.Dev.

-

-

-

0.205

0.243

-

-

-

-

0.279

-

Min

-

-

-

0

0

-

-

-

-

0

-

Max

-

-

-

0.988

0.990

-

-

-

-

1.000

-

Mean

-

-

-

0.211

0.314

-

-

-

-

-

0.476

Std.Dev.

-

-

-

0.227

0.305

-

-

-

-

-

0.316

Min

-

-

-

0

0

-

-

-

-

-

0

Max

-

-

-

0.987

0.990

-

-

-

-

-

1.000

Mean

0.369

-

-

-

0.268

-

-

-

0.363

-

-

Std.Dev.

0.379

-

-

-

0.247

-

-

-

0.371

-

-

Min

0

-

-

-

0

-

-

-

0

-

-

Max

1.000

-

-

-

1.000

-
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The weights of the efficient DMUs are not unique in DEA. These results are
based upon a DEA problem using AIMMS with CPLEX 12.4 solver.

49

Essay II

Eskelinen, Juha; Halme, Merja; Kallio, Markku. Bank branch sales
evaluation using extended value efficiency analysis. European Journal of
Operational Research, volume 232, issue 3, pages 654-663, 2014.
© 2014 Elsevier B.V.
Reprinted with permission

European Journal of Operational Research 232 (2014) 654–663

Contents lists available at ScienceDirect

European Journal of Operational Research
journal homepage: www.elsevier.com/locate/ejor

Innovative Applications of O.R.

Bank branch sales evaluation using extended value efﬁciency analysis
Juha Eskelinen, Merja Halme ⇑, Markku Kallio
Department of Information and Service Economy, Aalto University School of Business, POB 21210, FIN-00076 AALTO, Finland

a r t i c l e

i n f o

Article history:
Received 10 September 2012
Accepted 5 August 2013
Available online 20 August 2013
Keywords:
Data envelopment analysis
Value efﬁciency analysis
Sales performance
Bank branches

a b s t r a c t
This article results from our collaborative project with a Finnish bank aiming to evaluate the sales performance of bank branches. The management wishes to evaluate the branches’ ability to generate proﬁt,
which rules out the pure technical efﬁciency considerations. The branches operate in heterogeneous
environments. We deal with the heterogeneity by subdividing the branches according to the bank speciﬁcation into overlapping clusters and analyze each cluster separately. The prices of the branch outputs
are hard to assess as the results from the sales efforts can only be observed with long delays. We employ
benchmark units similarly as in value efﬁciency analysis (VEA). However, we extend VEA in two ways.
First, in standard VEA the benchmark unit is assumed to yield the maximum proﬁt among the set of feasible technologies; instead, our benchmark technology may or may not be in the feasible set. Second, we
consider efﬁciency tests employing a benchmark with respect to both proﬁt and return. We propose a
solution strategy for these extensions. The bank uses the study to support decisions concerning new
branches, changes in the operations of inefﬁcient branches, and actions aiming to more ﬂexible deployment of the staff.
Ó 2013 Elsevier B.V. All rights reserved.

1. Introduction
The banks have traditionally been forerunners in adopting new
approaches to improve operating efﬁciency. However, no standard
system exists to benchmark the bank branches. The initiative for
this paper was the need to compare the performance of the branch
sales activities of Helsinki OP Bank, part of the OP-Pohjola Group
which is a leading ﬁnancial service group in Finland. The monitoring of branches of Helsinki OP Bank has so far been done on a relatively short-term basis. By carrying out the branch efﬁciency
analysis with several years of perspective and combining the results with other information sources, the bank management seeks
for a more profound understanding of the operational process in
the branches to tackle three major challenges: what are the
desirable characteristics of new branches in consideration, how
to reorganize inefﬁcient branches, and how to deploy the personnel in the branch network. To achieve valuable results, our analysis
was carried out in close collaboration with the bank management.
The surveys on efﬁciency studies in ﬁnancial institutions by
Berger and Humphrey (1997) and by Fethi and Pasiouras (2010) report more than 300 studies since the early 1980’s. Even though the
majority of the literature has focused on the comparison of banks,
there are a number of publications with the focus on bank
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branches that are discussed by a recent review of 80 DEA
applications (Paradi & Zhu, 2013). According to the surveys almost
all of the published branch level studies use the data envelopment
analysis (DEA) with some chosen sets of inputs and outputs.
The choice of inputs and outputs for DEA depends on the speciﬁc purpose of the analysis. For instance, Mahajan (1991) deals
with branch sales performance, Nash and Sterna-Karwat (1996)
consider cross-selling in the bank branches, and Cook, Hababou,
and Tuenter (2000) distinguish between the sales and service function and their respective resources. Paradi, Yang, and Zhu (2011)
distinguish three approaches of DEA to assess efﬁciency in bank
branches: production, proﬁtability and intermediation approaches;
see also Berger, Hanweck, and Humphrey (1987). The production
approach considers the branch using inputs (such as labor, capital,
and space) to generate output services such as loans, deposits and
insurances. The proﬁtability model examines how efﬁciently a
branch uses its cost factors of inputs to create revenues from outputs. The intermediation approach considers the bank as an intermediary collecting funds for loans and other revenue earning
activities. Thanassoulis (1999) distinguishes two forms of the
intermediation approach: liquidity efﬁciency reﬂecting the solvency risk measured on the bank level, and market efﬁciency
reﬂecting the ability to convert the inputs as well as the market potential (as an additional input) into sales. Athanassopoulos (1998)
is a pioneer in utilizing the market efﬁciency model for clusters of
branches. Thanassoulis (1999) lists example branch studies that
have adopted the production approach or the market efﬁciency
form of the intermediation approach.
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For the banking outputs and/or inputs the unit prices may not
be easily available. The results of sales efforts in banks are often
observed with a long delay. The exact speciﬁcation of prices for
the outputs is not realistic, for instance, because it is uncertain
when a customer will withdraw from an investment fund or how
long the actual period of lending is. Even though the monetary value of earnings in a period could be used, it cannot be matched
with the sales activity of the same period (see also Smith, 1990)
but with the activity of several periods. Moreover, the bank offers
a wide range of services the price of which for a customer may depend on the assortment of services that she/he uses: e.g., a customer with a long-lasting and stable relationship with the bank
often gets a loan with a lower margin than other customers. The
revenues from the sales of services are based on both interests
and commissions and fees. This further challenges the explicit definition of prices especially if the outputs are on an aggregate level.
Also Thanassoulis (1999) recognizes the need of improvement
in the price measurement in branch studies. As a consequence of
the price measurement problem, the bank branch studies often
measure branch operations’ technical efﬁciency. However, there
are also studies on the cost efﬁciency (Hartman, Storbeck, &
Byrnes, 2001), output-mix efﬁciency (Camanho & Dyson, 2005)
or proﬁt efﬁciency (Portela & Thanassoulis, 2005; Portela &
Thanassoulis, 2007) that employ some price information.
The branches of Helsinki OP Bank have both the roles of a service provider and selling. Our interest lies in such previous work
that includes sales type outputs. Furthermore, it was in the interest
of the management of Helsinki OP Bank to evaluate each branch –
the decision making unit (DMU) – in terms of monetary value.
Therefore, we excluded from consideration pure technical efﬁciency. In principle, the market efﬁciency approach may be
adopted in the analysis of branches. However, due to the lack of
data on the market potential of the branches, we rejected that type
of approach. We utilize transactional sales volumes of ﬁnancial services as output and workforce effort as input. Commonly in DEA,
input and output weights are interpreted as scaled prices. However, the scaling can be different for inputs and outputs in which
case the monetary units are different as well. Instead, our input
and output weights of the analysis have monetary interpretations,
which enable us the assessment of revenues, costs, proﬁt and return. Furthermore, in place of standard DEA approaches (CCR by
Charnes, Cooper, & Rhodes, 1978, and BCC by Banker, Charnes, &
Cooper, 1984) we extend and employ value efﬁciency analysis
VEA by Halme, Joro, Korhonen, Salo, and Wallenius, 1999 to make
efﬁcient use of managerial judgment in the analysis.

1.1. Value and return efﬁciency analysis of bank branches
Few studies have included clear managerial value judgments in
the analysis. Among others, Schaffnit, Rosen, and Paradi, 1997 and
Cook and Zhu (2005) and Paradi and Schaffnit (2004) employ
weight restrictions. Yang, Wong, Liu, and Steuer (2010) made the
managers and directors search for the most preferred solution on
the efﬁcient frontier. We employ management preference information in several ways: (i) we carry out performance evaluation separately in several overlapping branch clusters which are relatively
homogenous and subjectively deﬁned by the management based
on environmental factors such as existing customer base of the
branch, for instance; (ii) for efﬁciency tests we employ benchmark
units also deﬁned by the management; (iii) we employ managerial
judgment in the form of pair-wise comparison of branches belonging to the same cluster; and (iv) we use judgmental lower limits on
the proﬁtability of individual services of a benchmark branch. All
such judgmental information has an impact in prices used for efﬁciency evaluation.
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We employ the benchmark units in the analysis in two different
ways: using value efﬁciency analysis (VEA) by Halme et al. (1999)
that compares the proﬁts of the units, or using return efﬁciency
analysis (REA) by Kallio and Kallio (2002) that compares the return
of the units. In the context of sales evaluation we deﬁne the proﬁt
as the margin between revenue generated from the sales and cost
of sales activity. The return is correspondingly the ratio of revenues
to costs.
Originally VEA assumes that the benchmark is the most preferred unit (MPU) of the cluster and it is efﬁcient among the set
of production possibilities. We extend VEA in a way that a benchmark, a desired technology (DT), is not necessarily in the current
set of feasible technologies deﬁned using existing DMUs.1 However, DT is a conceivable technology to be adopted in the future.
After all, it is up to the management to choose such a technology
of interest. This amendment to the VEA is well justiﬁed from the
point of view of the bank branch application, for instance. The bank
management found it natural and straightforward to think of an
ideal unit consisting of the best salespeople forming a ‘‘dream team’’.
The superior competencies of such a team have a signiﬁcant effect on
the branch performance.
Also Sowlati and Paradi (2004) suggest the use of targets for
efﬁcient units not in the current production possibility set. They
point out that based on a DEA analysis no further improvement
can be indicated for efﬁcient units (Sowlati & Paradi, 2004, p.
261): ‘‘Nevertheless, it is important for management to indicate
targets for their efﬁcient units if the organization is to improve
as a whole. Based on possible variations in the input and output
levels of efﬁcient DMUs, new units which are more efﬁcient than
DEA efﬁcient units can be created’’. Such variations are based on
management’s judgment.
Our approach thus deviates from standard DEA in several ways:
we use clusters of units that are partially overlapping, within
homogeneous clusters we compare proﬁts in addition to return,
and we use preference information in terms of benchmarks supplemented possibly by other types of preference information. The use
of the clusters tends to increase efﬁciency scores of the units compared with those of the standard DEA. The impact of preference
information restricting the set of admissible prices is opposite:
accounting for the preference information introduces additional
restrictions into an LP problem – thus it never results in more optimistic scores and tends to decrease efﬁciency scores.
The performance of the bank branches is considered speciﬁcally
from the point of view of their long-term sales performance in order to mitigate the short-term random effects in the outputs. We
use data of four years and carry out the efﬁciency analysis employing benchmarks in a number of homogeneous clusters.
We consider efﬁciency tests employing benchmarks with respect to both proﬁt (VEA) and return (REA). The VEA, including
its extension, is carried out using linear programming. While the
efﬁciency tests for REA involve nonconvex optimization problems
which may have multiple local optima, we propose a solution
strategy for global optimization.
As far as our terminology is concerned, VEA refers to value
efﬁciency analysis2 or its extension and REA to return efﬁciency
analysis or its variation. The respective efﬁciency measures are proﬁt
efﬁciency and return efﬁciency. Scores for each efﬁciency measure are

1
In this article, a technology refers to a pair of input and output vectors. For
instance, each point in the production possibility set refers to one particular existing
technology.
2
Value enters the name of the method because the starting point in VEA by Halme
et al. (1999) in comparing alternative technologies is based on a pseudo-concave
value function; however, linear approximation of the value function at the optimum
technology can be interpreted as using proﬁt in place of value.
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introduced in Sections 3 and 4. Subsequently, return always refers to
total return which is revenues divided by costs.
In Sections 2–4 we introduce value efﬁciency analysis (VEA) of
Halme et al. (1999) with an extension and the return efﬁciency
analysis (REA) of Kallio and Kallio (2002) with some modiﬁcations.
The methods are discussed in a general framework for which the
subsequent bank branch efﬁciency analysis in Section 5 is a special
case.
2. Feasible technologies and admissible prices
For the discussion of efﬁciency analysis, we begin by introducing the set of feasible technologies and the set of admissible prices
to be employed in the efﬁciency tests. Here we introduce the methodology in more general terms than is necessary for the subsequent bank branch analysis.
Consider n decision making units (DMUj) j, j = 1, 2, . . ., n, to be
evaluated against each other. There are m input and k output products which are consumed or produced by the DMUs. An intermediate product may appear twice: as an output for some DMUs and as
an input for others.
Let xji P 0 be the input of product i by DMUj and yji P 0 the output in a given period of analysis. The input vector of DMUj is
 
 
xj ¼ xji 2 Rm and the output vector is yj ¼ yji 2 Rk . Let
 
 
X ¼ xji be the m  n-matrix with columns xj and Y ¼ yji the
k  n-matrix with columns yj.
Let an index r refer to a DMUr to be evaluated. We judge DMUr
in terms of the input xr and output yr with respect to a set T of feasible technologies and a set P of admissible price vectors. Feasible
technologies are deﬁned by pairs of input and output vectors
(x, y) 2 T. For all j, we assume that (xj, yj) 2 T; i.e., technology employed by DMUj is a feasible technology.
The set T can be deﬁned in alternative ways. We consider feasible technologies, which are linear combinations of the input and
output pairs (xj, yj); i.e., for a set K  Rn, we deﬁne

T ¼ fðx; yÞjx ¼ Xk 2 Rm ; y ¼ Yk 2 Rk ; k 2 Kg:
We assume that the inputs and outputs are freely disposable.
Hence, if (x, y) is feasible, then output y with input x0 P x is also feasible, and similarly output y0 6 y with input x is feasible.
Note that this deﬁnition of the set T is not restrictive. Because
ﬁctitious DMUs related to feasible technologies (input and output
vectors) may be included among the n alternatives, all technologies
which are feasible in the real world can be included in T. For example, a technology representing a ray in the production possibility
set may be included among the DMUs. Similarly, technologies of
abandoning inputs or outputs (for free disposability) may be
included.
The choice of K results in alternative sets T, of which one is
adopted for evaluation. If K consists of all unit vectors in Rn, then
T consists of the observed n input and output pairs (xj, yj). Additionally, for K = {k 2 Rnjk P 0}, T is the minimal convex cone containing
P
individual technologies j, and for K ¼ fk 2 Rn j j kj ¼ 1; k P 0g, T is
the convex combination of individual technologies.
For convex T, with A 2 Rhn and b 2 Rh, we deﬁne K = {k 2
RnjAk 6 b, k P 0} and

T ¼ fðx; yÞjx ¼ Xk; y ¼ Yk; Ak 6 b; k P 0g:

ð1Þ

For example, if A = (1, . . . , 1) and b = 1, then (1) deﬁnes T as convex
combinations of the origin and the n individual technologies (xj, yj).
On the other hand (1) can be used to approximate any convex set T
arbitrarily closely.
The efﬁciency concept that we employ uses preference information provided by the DM. This information leads to dealing with

constrained input and output row vectors of prices q 2 Rm and
v 2 Rk. Note that the price vectors are expressed in money/unit
which means their values normally are not equal to the values of
the DEA multipliers. We require (v, q) > 0. If an output is undesirable (e.g., pollution), then we treat such a product as an input with
positive input price. Prices may be restricted by other means as
well. For instance, some prices may be ﬁxed or restricted to some
interval. We deﬁne a set P of admissible row vectors of prices
(q, v) 2 R(m+k), which are used to evaluate costs and revenues of
the DMUs. We deﬁne a convex set of admissible prices P

P ¼ fðv ; qÞ 2 Rmþk jv B1 þ qB2 6 cg:

ð2Þ

with B1 2 Rks, B2 2 Rms and row vector c 2 Rs. There are s inequalities in (2) which refer to relative or absolute price constraints depending on the component of c being zero or nonzero, respectively. For
example, we may require that price of a certain product is at least
as high as the price of another product. Such requirement represents
a relative price constraint. Additionally, if (x, y) is preferred to (x0 , y0 )
in a pair-wise comparison between two technologies in T, then we
may include such preference information in the analysis. In this case,
we require vy  qx P vy0  qx0 ; i.e., v(y  y0 )  q(x  x0 ) P 0 which
represents a relative price constraint.
Given a choice for feasible technologies T and for a set P of
admissible prices, the evaluation of DMUr may be based on alternative concepts. We consider proﬁt efﬁciency and return efﬁciency
which are deﬁned in the next two sections.
3. Proﬁt efﬁciency
In this section we introduce value efﬁciency analysis with an
extension for proﬁt efﬁciency measurement. The starting point is
the set of feasible technologies T and the set of admissible prices
P. The latter accounts for managerial preference information, such
as pair-wise comparisons. For proﬁt efﬁciency evaluation of DMUr,
as usual in DEA, we search for prices in P which are most favorable
for the proﬁt of DMUr in comparison with the best proﬁt achievable by feasible technologies in T. The methodology is generally
applicable whenever feasible technologies in T and admissible
prices are speciﬁed. The advantage of using preference information
in price restrictions is an improved discrimination power; for instance, without price restrictions a large share of DMUs may turn
out to be efﬁcient while such result appears inconsistent from
management’s point of view.
We proceeds as follows. First, we deﬁne proﬁt efﬁciency in a
way which includes alternative cases of proﬁt efﬁciency by
Kuosmanen, Kortelainen, Sipiläinen, and Cherchye (2010,
pp. 585–586) as special cases. Second, with the additional requirement that the most preferred unit (MPU) yields the largest proﬁt
we end up with the value efﬁciency analysis (VEA) of Halme
et al. (1999). Third, while an MPU in VEA needs to be an efﬁcient
technology of T, we employ a desired technology DT in place of
an MPU to achieve an extension of VEA. DT need not be in T but
it is a conceivable technology to be adopted (or a long term target
achievable) in the future.
Given a price vector (v, q) 2 P, the proﬁt of a technology (x, y) 2 T
is vy  qx. Technology (xr, yr) is proﬁt efﬁcient with respect to P and
T if there is a price vector (v, q) 2 P such that vyr  qxr P vy  qx, for
all (x, y) 2 T. Because (v, q) > 0, for all (v, q) 2 P, proﬁt efﬁciency implies Pareto optimality.
We adopt the test for proﬁt efﬁciency from Kallio and Kallio
(2002) as follows. Given the set P of admissible prices and the
set T of feasible technologies, we solve the following problem to
test for proﬁt efﬁciency

min fh  ðv yr  qxr Þjh P v y  qx; for all ðx; yÞ 2 Tg:

ðv ;qÞ2P;h;x;y

ð3Þ
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At the optimal solution of (3), h is the maximum proﬁt over T and
h  (vyr  qxr) P 0 because (xr, yr) 2 T. If h  (vyr  qxr) = 0, then
(xr, yr) maximizes vyr  qxr over T and (xr, yr) is proﬁt efﬁcient.
Following the deﬁnitions of Nerlove (1965), the optimal objective
function value h  (vyr  qxr) in (3) is the difference measure of proﬁt
efﬁciency3 while (vyr  qxr)/h is the ratio measure.
Next, consider technologies T given in (1) and prices P given in
(2). In general, the number of technologies (x, y) 2 T is inﬁnite and
the problem stated in (3) is not a linear programming problem4.
Therefore, we reformulate (3) as follows. For (x, y) 2 T, x = Xk and
y = Yk for some k P 0 such that Ak 6 b. Thus, (3) is equivalent with
the problem

In VEA above, the MPU is assumed to be on the efﬁcient frontier.
Next we deal with a desired technology DT in place of an MPU.
Here as well, DT represents technology which is in DM’s preferences at least as good as any technology in T. However, DT need
not necessarily be in T. We propose an approach to account for a
DT, and thereby extend the result of Halme et al. (1999).
Let (x⁄, y⁄) be a DT, which is required to be at least as proﬁtable
as any technology (x, y) 2 T. Hence, we impose an additional
restriction h = vy⁄  qx⁄ in (3), and the problem is rewritten as
the following linear programming problem:

min fmaxfðv Y  qXÞkjAk 6 bg  ðv yr  qxr Þg:

v ;q;gP0

ðv ;qÞ2P

kP0

ð4Þ

Given any constant price vector (v, q) 2 P, the inner maximization in
(4) is a linear program. Hence, by standard duality theory of linear
programming, it can be replaced by its dual problem: mingP0{gbj(vY  qX)  gA 6 0}. Hence, (4) is restated as a linear programming problem

min fgb  ðv y  qx Þjv Y  qX  gA 6 0; g P 0g:
r

r

ðv ;qÞ2P;g

ð5Þ

In conclusion, if (v, q) and g denote an optimal solution for (5), then
(v, q) and h = gb solve (3) with admissible prices given by (2) and
technologies given by (1).
3.1. Value efﬁciency analysis
Value judgment schemes have been proposed for the originally
value-free DEA for several reasons, initially in the form of weight
restrictions (e.g., Charnes, Cooper, Wei, & Huang, 1989; Thompson,
Singleton, Thrall, & Smith, 1986; Wong & Beasley, 1990). Another
way is to provide the information in the form of target outputs given the inputs or vice versa (Golany, 1988; Thanassoulis & Dyson,
1992). Value efﬁciency analysis (VEA) by Halme et al. (1999) suggests that the DM’s preferences are incorporated in the analysis
by locating the DM’s most preferred unit (MPU), which is a (possibly virtual) unit on the efﬁcient frontier and which is preferred by
the DM to the rest of the units. At this point the DM’s pseudo-concave value function is assumed to attain its maximum in the set of
efﬁcient technologies. In VEA, this means that there exist prices of
the inputs and outputs deﬁning a linear value function for which
the MPU is an optimum. Therefore, when the proﬁt efﬁciency of
a unit is diagnosed, the prices are further constrained such that
the MPU yields optimal proﬁts over the set of feasible technologies.
We supplement the information of the MPU à la VEA. Suppose
the DM chooses (x⁄, y⁄) 2 T as an MPU. Then x⁄ = Xk⁄, y⁄ = Yk⁄, for
some k⁄ P 0 and Ak⁄ 6 b. When this information is taken into account while judging the efﬁciency of (xr, yr), then (v, q) and g in
(5) are further restricted so that (x⁄, y⁄) is an optimal technology given prices (v, q); i.e., k⁄ is optimal for the proﬁt maximization problem maxkP0{(vY  qX)kjAk 6 b}. Such optimality is guaranteed if
we append to the constraints of (5) the following complementarity
conditions

ðv Y  qX  gAÞk ¼ 0 and gðAk  bÞ ¼ 0:
Hence, an MPU (x⁄, y⁄) in VEA introduces two additional linear constraints to (5) and such modiﬁed problem is a linear programming
problem as well.
3

For suitable deﬁnitions of the admissible prices P and feasible technologies T our
deﬁnition of proﬁt efﬁciency is consistent with the deﬁnitions of four alternative
cases by Kuosmanen et al. (2010).
4
A linear programming model involves only linear functions of endogenous
variables. In (3), however, vectors v, q, x and y are endogenous and vy  qx is a
nonlinear function.

3.2. Extending value efﬁciency analysis

min

½ðv y  qx Þ  ðv yr  qxr Þ

ð6Þ

s.t.

v B1 þ qB2
v Y  qX  gA
 v y þ qx þ gb

6c

ð7Þ

60

ð8Þ

60

ð9Þ

The weak duality theorem of linear programming implies that
gb is an upper bound for the maximum proﬁt of all technologies
in T given prices (v, q). Therefore, (9) implies that DT is at least as
proﬁtable as any technology in T. The following result, whose proof
is in Electronic Appendix, concerns properties of the problem
(6)–(9).
Theorem 1. Assume that the set P of admissible prices in (2) and the
set T of feasible technologies in (1) are nonempty.
(a) If the problem (6)–(9) is feasible then the optimal objective
function value is non-negative and vy  qx 6 vy⁄  qx⁄ for all
(x, y) 2 T.
(b) Consider an optimal solution for (6)–(9) with optimal prices
(v, q). If the optimal dual variable for (9) is strictly negative,
then there exists a proﬁt maximizing technology (xo, yo) 2 T
such that vyo  qxo = vy⁄  qx⁄.
(c) If the problem (6)–(9) is infeasible and the set P is bounded,
then there exists (xo, yo) 2 T such that (vyo  qxo) > (vy⁄  qx⁄)
for all (v, q) 2 P; i.e., (xo, yo) is superior to (x⁄, y⁄) with respect
to the set P of admissible prices.
In case (a) of Theorem 1, if the optimal objective function value
is zero then DMUr is proﬁt efﬁcient. As above, (vy⁄  qx⁄) 
r
(vy  qxr) at the optimum is the difference measure of proﬁt efﬁciency and (vyr  qxr)/(vy⁄  qx⁄) is the ratio measure. In case (b)
there exists an efﬁcient technology in T that produces the same
proﬁt as the DT. In case (c), if P is unbounded there may or may
not be (xo, yo) 2 T which is superior to (x⁄, y⁄); for examples, see
the Electronic Appendix.
The linear programming problem (5) was shown to be equivalent to the original proﬁt efﬁciency problem (3). An alternative
way of solving (3) proceeds as follows. Given extreme points
(xe, ye) and extreme rays (xs, ys) of the set T in (1), the condition
h P vy  qx for all (x, y) 2 T in (3) holds if and only if h P vye  qxe
for all extreme points, and 0 P vys  qxs for all extreme rays. Hence
problem (3) can be rewritten as a linear programming problem

min fh  ðv yr  qxr Þjh P v ye  qxe for all e;

ðv ;qÞ2P;h

0 P v ys  qxs for all sg:

Furthermore, if in the evaluator’s preferences (x⁄, y⁄) is a DT or an
MPU, we append this linear programming problem with an additional constraint h = vy⁄  qx⁄. Such approach is particularly attractive if the set T is simple in the sense that its extreme points and
rays are easily available.
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4. Return efﬁciency
We may evaluate the units also on the basis of an alternative
model using return efﬁciency analysis (REA). Starting with a model
in the spirit of the REA model of Kallio and Kallio (2002), we incorporate DT (or MPU) in REA.
Given a price vector (v, q) 2 P in (2), the revenue of output for
technology (x, y) 2 T in (1) is vy, the cost of input is qx and the return is vy/qx. For efﬁciency test, we solve the following problem

minh  ðv yr =qxr Þ
v ;q;h

ð10Þ

s.t.

v y =qx ¼ h
v y=qx 6 h; for allðx; yÞ 2 T
v B1 þ qB2 6 c:

ð11Þ
ð12Þ
ð13Þ

Note that the problem differs from a DEA problem with weight
restrictions in such a way that (1) the return efﬁciency of the best
performing unit is a variable in the optimization and (2) we maximize the deviation of the return of the unit under consideration
and the best unit instead of their ratio (3) the prices (v, q) are expressed in money/unit.
To solve (10)–(13), observe ﬁrst that because (xj, yj) 2 T, for all
j = 1, 2, . . . , n, and (x, y) 2 T means that x = Xk and y = Yk, for some
k P 0, it follows that requirement (12) can be replaced by vyj  hqxj 6 0 for all j, or equivalently, vY  hqX 6 0. Second, deﬁne
a = qxr, l = v/a and x = q/a. Then (10)–(13) is restated as

min

aP0;h;l;x

h  lyr

ð14Þ

s.t.

xxr ¼ 1;
ly  hxx ¼ 0
lY  hxX 6 0
alB1 þ axB2 6 c:

ð15Þ
ð16Þ
ð17Þ
ð18Þ

In (18), a P 0,al = v > 0, ax = q > 0 imply that a > 0, l > 0 and x > 0.
Consequently, (16) implies that h > 0. The optimal objective function value h  (vyr/qxr) = h  lyr is the difference measure of return
efﬁciency and (vyr/qxr)/h = lyr/h is the ratio measure. The difference
measure is equal to 0 if (xr,yr) is return efﬁcient.
In general, the problem (14)–(18) is a non-convex optimization
problem which may have multiple local optima. However, for any
ﬁxed positive a and h, the problem reduces to a linear programming problem. Therefore, the global optimum can be found by
solving a sequence of such linear programs with varying a and h.
If there are no absolute price constraints in (18) beyond some small
lower bounds  > 0 for all prices, then a > 0 falls out from (18) and
the search for a global optimum involves variations in h only.
5. Evaluation of sales performance in bank branches
5.1. The bank branch case
Next we discuss the efﬁciency analysis of bank branches in the
Helsinki OP Bank. The bank management was looking for tools to
evaluate the economic performance of the branches and welcomed
the analyses we offered. Subsequently, the evaluation was conducted as a joint effort of the researchers and the bank. At the time
of our study, the bank hired a consultant to make a site location
study to measure the potential customer ﬂows of the branches.
Both that and our study were aimed to identify improvement
opportunities in the network of the branches.

The analysis concerns the years 2007–2010 in the 25 branches
operating in the Helsinki metropolitan area. These branches serve
private customers and small businesses offering ﬁnancing, investment, daily personal ﬁnance services and insurance services. For
the bank, the branches are crucial sales channels along with the
internet and call centers. The ﬁnancing and investment advisors
are organized in teams and their performance is monitored against
semi-annual sales targets. This monitoring, however, emphasizes
short term sales with a rather large variation. The management
wished to view the performance with a longer perspective and
asked to carry out a cross sectional analysis of the four years as
the annual data was including a signiﬁcant amount of random elements. Note that some years included in the data were turbulent
on the ﬁnancial market.
We use the transactional volumes as the basis of the sales activity evaluation. The management preferred dealing with them to
using monetary amounts of sales which was considered unfair because the branches function in different types of areas. They found
the use of market efﬁciency unrealistic as the market potential is
hard to assess owing to the complexity of customer ﬂows in their
living, working and shopping environments. As mentioned earlier
the liquidity form of intermediation approach is functioning on
the bank level and was not considered suitable for the branch level
sales efﬁciency analysis.
5.2. Outputs: Aggregate services
As the title of our article refers to bank branch sales evaluation,
the outputs in our analysis are the banking services to the customers provided by sales people, while inputs consist of resources
needed for sales activity. Such banking services of a branch can
be divided in four categories: ﬁnancing, investment, daily banking
services and insurance services.
Financing services consist of loans and additional services to
borrowers (housing loans, consumer loans and payment protection
insurance) and the investment services include all saving services
(mutual funds, insurance savings and critical illness cover; new
saving accounts were excluded because of ambiguity between renewed and truly new ﬁxed term accounts, and because the importance of other types of saving accounts were considered minor).
The bank considers these two categories as the primary ones and
they are used as outputs in the model. The daily services including
the cashier services are considered rather as consequences of the
sales activity of ﬁnancing and investment services and thus they
are excluded in the analysis. As for the insurance services, part of
them have been included in the investment services and part in
the ﬁnancial services. However, non-life insurances intermediated
by the bank were excluded.
Both the ﬁnancial and investment services consist thus of several components. The analysis aims at evaluating the sales performance and the two services categories were considered adequate
for that purpose by the management. However special attention
was paid to how the individual services within the categories of
ﬁnancial and investment services were aggregated. The bank provided the weights that were employed in the aggregation. Such
weights reﬂect the ability of the service to create return and were
based on the data available in the accounting system. The output
quantities for the aggregate ﬁnancing services and investment services by bank branch are shown in Table 3 of the electronic appendix. These quantities are weighted sums of the number of services
in various categories during the four year period.
5.3. Input: Sales force employed
In our analysis we employed one input, the total cost of sales
force. Many bank branch studies include additionally other
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operational costs. We omitted them to view the sales directly as a
result of the work of sales teams. The sales force is also the most
signiﬁcant cost in the branches and unlike many other operational
costs, like rents, it is locally controllable. The input quantity used is
the overall work time in full-time years. Such ﬁgures are weighted
sums over sales force categories where the weight for each category is proportional to the average wage in that category. The sales
force was divided to direct sales force working mainly with ﬁnancing services and investment services, and indirect sales force consisting of managers, team leaders and service advisors. The work
years of indirect sales force are allocated to the two service groups
in proportion to the work years of the direct sales force. The total
input quantities for the aggregate ﬁnancing and investment services by bank branch are shown in Table 3 of the electronic
appendix.5
5.4. Clustering and technologies
The 25 branches are different in size, internal organization,
location and customer base and stage of life-cycle. Some bank efﬁciency studies have applied cluster analysis to the branches (see
e.g., Athanassopoulos, 1998; Chaffai & Dietsch, 2009). The number
of branches being relatively small we instead categorize the units
according to the DM’s subjective judgment into ﬁve partly overlapping clusters: C1, C2, . . . , C5 as indicated in Table 1.
Dyson et al. (2001) deﬁned homogeneity in DEA as follows: ﬁrst
the units are undertaking similar activities and producing comparable products or services so that common set of outputs can be
deﬁned, second similar range of resources is available to all the
units, and third that units are operating in similar environments.
The management constructed the clusters to fulﬁll these requirements. Cluster C1 units are located in shopping centers that are today important retail locations. Cluster C2 involves large branches
having a big customer base and they are typically located favorably
close to signiﬁcant customer ﬂows. Unlike other clusters they have
separate teams for the customer ﬁnancing and investment services. Their input–output combinations are not attainable for the
established small branch cluster C3 that functions in less favorable
locations. Cluster C4 represents new branches. Thus, the basis of
categories C1–C4 is in the size, retail location, and life-cycle stage.
The three categories C2, C3 and C4 are mutually exclusive. C5 is an
exception among the clusters as the geographic location of the
branches is its basis and it includes branches in two suburban
towns A and B. All its units belong also to some other cluster.
It is customary in management accounting to rely on several
measures in judging performance. Also in the case of Helsinki OP
Bank, both VEA and REA are carried out separately within each
cluster. For branch i, let xi denote the sales force input during the
four-year period and yi the vector of ﬁnancing and investment services. For each cluster Ck, k = 1, . . . , 5, the set of feasible technologies is deﬁned as the non-negative combinations of the
technologies of its branches; i.e., suppressing k,

T ¼ fðx; yÞjðx; yÞ ¼

X
ki ðxi ; yi Þ; ki P 0g
i

where summation is taken over the branches of the particular cluster Ck. In this case, the matrix A and the vector b in (1) are void.
When deﬁning the clusters the size of a unit was one factor taken
into account, which to a large extent removes the need to assess
the scale efﬁciencies. We also expect that the main sources of inefﬁciency lie in differences in local management and competencies of
individuals.

Table 1
Clusters and their MPUs.

Note that we use the data of the two inputs (instead of their sum) only when
deﬁning price restrictions for the MPUs (see Section 5.5).

MPU

Other branches

C1
C2
C3
C4
C5

B15
B12
B14
B15
B12

B3, B4, B14, B18, B22, B24
B6, B16, B17, B19, B21, B23
B1, B2, B7, B8, B9, B10, B13, B20
B4, B5, B11, B24, B25
B13, B14, B16, B17, B18, B24, B25

Shopping center branches
Large branches
Small established branches
New branches
Branches of town A and B

The management identiﬁed the MPU as well as a DT for each
cluster. As in Halme and Korhonen (2012), the MPU is an existing
DMU that the management considered to have a superior performance among its peers. The management found it convenient to
use existing branches as MPUs though virtual MPUs could have
been used. The choices for the MPUs were made in a meeting
where both numerical data and supporting graphs were available.
Table 1 indicates the most preferred unit for each cluster as well.
The input/output data for the MPUs are given in Table 4 of the electronic appendix, where the benchmark technology is denoted by
(x⁄, y⁄), the output vector y⁄ with two components y1 and y2 , and
the input x⁄ assigned to the two services by x1 and x2 .
As for the cluster DTs in Table 4 of the electronic appendix, their
outputs were based upon the actual sales of the top performing
advisors in the three advisor roles in 2010. The sales statistics of
each individual advisor was aggregated to ﬁnancial and investment
services using the weights employed in the aggregation of the outputs. The ideal performance per work year for a service was deﬁned as the average of two best individuals in each advisor role.
For each cluster and each service, the output quantity for the DT
of the cluster is computed as the product of the ideal performance
and the sales force input of the cluster MPU in that service category. Thus the DT of a cluster was deﬁned to have the input level
of the cluster MPU and the ideal output in case the DMU had the
best performing individuals according to year 2010 sales.
It was the management’s initiative to employ also a Super DT
(Table 4 of the electronic appendix) to be shared by all clusters
excluding clusters C2 and C5 which both include large branches.
Super DT is made up of a self-steering team consisting of two best
performing advisors of the bank in the two advisor types.6 In total
four advisors made up the ideal branch team.
5.5. Additional price restrictions
When applying the value and return efﬁciency analysis we account for additional price restrictions as well. First, for the deﬁnition of the set of admissible prices P, we scale prices so that the
input price q is one monetary unit (cost of one unit of labor). Thereby, we set q = 1 and we measure proﬁt in monetary terms, but the
unit of money is the cost of one unit of labor7. Second, in each cluster Ck,k = 1, . . . , 5, it is required that in an MPU, a DT or the Super DT,
whose technology is denoted by (x⁄,y⁄), neither of the outputs is at a
loss; i.e., both outputs must at least break even. Thus, for the admissible prices the bank requires that the return for each individual output u, u = 1, 2, is at least q = 1; i.e., v u yu =qxu P q, where yu is the
output of service u and xu is the total sales force allocated to u. This
rules out zero prices of outputs. Third, in return efﬁciency analysis in
each cluster Ck, the prices are constrained employing pair-wise comparisons among pairs (i, j) of DMUs, where both i and j belong to the
same cluster Ck. The pairs of units in comparisons were deﬁned by
the management and are listed in Table 5 of the electronic appendix.
6

The bank used statistics on the individual salespeople performance.
Note that such a cost can be interpreted to account for overhead costs as well, in
addition to direct cost of labor. In fact, such an interpretation was used by the bank
management.
7

5

Cluster
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Table 2
Difference measure of proﬁt efﬁciency and ratio measure of return efﬁciency with MPUs, DTs and Super DTs as benchmarks. Clusters are denoted by C1, . . . , C5 and bank branches
by B1, . . . , B25.
DMU MPU

DT

Proﬁt efﬁciency
C1
B1
B2
B3
B4
B5
B6
B7
B8
B9
B10
B11
B12
B13
B14
B15
B16
B17
B18
B19
B20
B21
B22
B23
B24
B25

C2

C3

Return efﬁciency
C4

C5

C1

C2

8.7
7.1
8.9
10.3

C3

0.86
0.59

20.2

0.73

19.8
18.0
8.6
8.1
5.1
25.2
10.4
14.1
9.9

C1

C2

C3

20.7
14.9

C4

34.8

0.99
1

Let Qk denote the set of such pairs (i, j) where ordering is such that
branch i is found superior to branch j in cluster Ck. Hence, for
(i, j) 2 Qk, the resulting price restriction is vyi/qxi P vyj/qxj. In summary, the set of admissible prices for cluster Ck, suppressing k, is
given by

P v yj =qxj for ði; jÞ 2 Q k g:

C2

v yi =qxi

5.6. Results: Efﬁciency scores across the clusters
We consider both proﬁt and return based efﬁciency scores
across the ﬁve clusters with (i) existing units as MPUs, (ii) desired
technologies DT as benchmarks and (iii) the Super DT as
benchmark. In each case and for each cluster we use the set T of
technologies deﬁned in Section 5.4 and the set P of prices deﬁned
in Section 5.5. With an MPU, a DT or the Super DT as benchmark,
proﬁt efﬁciency is obtained by solving (6)–(9) and return efﬁciency by solving (10)–(13) with requirement (11) replaced by
vy⁄  hqx⁄ = 0 and (12) replaced by vY  hqX 6 0.
The efﬁciency scores are presented in Table 2 (at the end) both
for VEA and REA. The number of branches in each cluster is small.
However, due to the incorporation of subjective preference information, very few branches are efﬁcient. Note that proﬁt efﬁciency
scores depend on size of the unit unlike in return efﬁciency. We
may expect that these measures give different but correlated ranking results as demonstrated for clusters C2 and C5 below. With the
MPU as benchmark the Spearman correlation of rankings based on
VEA and REA among the ﬁve clusters is in range 0.81–0.96.
Recall that the DT in each cluster uses the input (work time) of
the MPU with the additional assumption that the unit employs the
‘‘dream team’’ as its sales force. Therefore, return efﬁciency scores
with DT are more pessimistic than the scores with MPU, but the
ranking of the units remains the same. However, for VEA the rankings with DT and MPU are not perfectly correlated. The small

C3

0.57
0.41

C4

C5

Proﬁt efﬁciency

Return efﬁciency

C1

C1

C3

C4

17.6
27.9
0.41
0.57

0.49
0.62
0.55
0.51

12.7
1
17.6
0.91
11.7
1
0.90 12.3
15.4
0
1
1
7.8
7.7
19.8
0.72
0.72
33.0
18.0
0.76
0.76
32.4
10.6 0.81
0.77 20.1
0.89
31.9
0.82
12.1
0.70
40.7
0.75
20.4
0.83
41.3
9.9 10.7 0.59
0.59 0.56 14.4
14.2
10.7 11.5
0.52 0.49
14.5
1

P ¼ fðv ; qÞjq ¼ 1; v u yu =qxu P q; u ¼ 1; 2;

C1

32.2
17.7

C3

C4

0.32
0.41
0.41
17.7 0.30
12.6

0.30
0.42

0.54
18.6
11.2
10.1
13.4

0.62

0
4.6
5.2

C5

0.47
0.60
14.7
9.2

0.69
0.95
0.78
0.71
8.3

0.5
0

C5

Return efﬁciency

13.7
18.9
0.59
1

11.4
4.0
5.0
7.8

0.5
0

C4

0.67
0.85
10.3
3.3

0

Super DT

Proﬁt efﬁciency

24.3
16.6
14.2
17.8

0.33
0.43
0.37
0.34

0.43
15.2
0.31
17.6
0.73
0.73
13.4
0.70
0.65
20.3
0.47
17.8 0.66
0.71
0.66 23.9 22.6
0.48 0.48
0.71
0.71
13.2
13.2 0.51
0.51
33.0
0.53
0.53
32.4
0.56
0.56
19.7 0.57
0.58 27.3
0.41
0.65
0.58
17.8
0.39
0.51
0.52
26.5
0.38
0.60
14.1 0.41
0.41 0.42 17.0
17.0 0.30
0.30
14.4
0.35 0.36
16.6
0.26

branches in clusters C1, C3 and C4 were also benchmarked against
the Super DT. In each cluster the MPU has ca. 50% inefﬁciency in
REA. Thus, a super team could signiﬁcantly improve the performance of established branches. Again, for REA the rankings with
Super DT and MPU are perfectly correlated but for VEA they are
not.
For the sake of brevity, we limit a more detailed discussion to
clusters C2 and C5 only. Cluster C2 includes big units which – in
the case of poor performance – can have a large unfavorable impact on the bank proﬁtability. Similarly as Boussoﬁane, Dyson,
and Thanassoulis (1991) present their results in an efﬁciency/profitability matrix, we illustrate the proﬁt and return efﬁciencies in
Fig. 1 for the branches of cluster C2 with B12 as an MPU. In this
case the efﬁciency measures are highly correlated which is due
to the homogeneous sizes of the units – a property which is not valid for cluster C5 to be discussed below. One unit in proﬁt inefﬁciency represents one standard work year lost during the four
year period. Fig. 1 shows that – apart from benchmark B12 – two
other branches, B19 and B23, outperform the others. The remaining four branches are, however, much inferior to the MPU with respect to both proﬁt and return. Because the branches are large, the
proﬁt lost is remarkable, for instance, for branch B21, the loss is 25
times the cost of one work year. The management put a high priority to investigate sources of inefﬁciency.
Cluster C5 includes the branches in two suburban towns, A and
B, in the Helsinki metropolitan area. Fig. 2 shows the return vs.
proﬁt efﬁciency for cluster C5 with B12 as an MPU. Unlike Fig. 1,
Fig. 2 illustrates that proﬁt and return efﬁciency are different concepts. The objectives of the models are different and neither proﬁt
efﬁciency implies return efﬁciency nor vice versa. In Fig. 2 proﬁt
and return based rankings are not strongly correlated. B16 and
B17 are units with high volumes while B24 and B25 are smaller
branches. The former pair is superior to the latter in terms of return
efﬁciency. However, for big units the difference measure of proﬁt
efﬁciency is large compared to the small ones, wherefore the ranking with VEA is reversed compared with REA. Thus, different sizes
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sources of performance differences was the ﬂexible practices in resource sharing across the branches in town B. Thereby, there were
learning opportunities not only on the branch level but also on the
regional level. Fig. 3 is a graphical illustration of the computation of
prices used to determine return efﬁciency of branch B14 in cluster
C5.
5.7. Study implications in the bank

Fig. 1. Ratio measure of return efﬁciency vs. difference measure of proﬁt efﬁciency
in cluster C2 (large branches) with benchmark B12 as an MPU.

Fig. 2. Ratio measure of return efﬁciency vs. difference measure of proﬁt efﬁciency
in cluster C5 of suburban towns A and B; the benchmark is B12 as an MPU.

Fig. 3. For the computation of return efﬁciency of branch B14, a linear programming problem is solved for v1 and v2. The gray area is the feasible region determined
by lower bounds (obtained from the requirement that both outputs of the MPU are
proﬁtable) and by price restrictions related to pair-wise comparisons of units. Only
the restrictions that form the ﬁnal feasible region are made visible. The downward
sloping line is the isoquant of the objective function and the circled point is the
optimum price vector v.

of the units explain why proﬁt and return based analyses lead to
imperfectly correlated rankings.
The analysis indicates that the branches in region B outperform
the branches in region A. The difference was so alerting that we
prepared for the management additional monthly data for discussion. The results indicated that the difference in sales performance
in the two towns had increased during the four-year period. Both
towns are located in the metropolitan areas where the bank image
is the same. The bank management concluded that one of the likely

Simultaneously with this study the newly appointed CEO of
Helsinki OP Bank introduced major changes in the bank. Therefore, it is somewhat difﬁcult to judge the importance of distinct
factors – such as our research ﬁndings – affecting the revisions
in the bank policies. Nevertheless, from the management’s perspective the time was right for the study as the bank was
reshaping its operations. The information provided by the study
improved and focused the largely intuitive perceptions of the
management on the bank branch performance. According to
bank management, this study undoubtedly provided useful insights or helped in policy choices in the following topics of
management.
New branch establishment. The bank ranks the growth very high
in its strategy and new branch establishment is an essential
means to achieve it. The performance measures of the existing
branches provide crucial benchmark information concerning
e.g., how targets should be set for the new ones. In the analysis
additionally an important insight was related to the desired
minimum staff of the new branches. The results reinforced to
the management that the smallest branches (5–7 people) tend
to be outperformed by the midsize branches (8–10 people) in
return efﬁciency. The exceptions seem to relate to some outstanding individuals who can have a considerable effect on
the efﬁciency of a small branch. This size effect on efﬁciency
can be seen especially in the cluster of established branches.
The network management recognized that the work practices
require the advisors to substitute each other often in the smallest branches. For example ﬁnancing and investment advisors
have to lend their hand to the daily services which deteriorates
their sales performance and further harms the return efﬁciency
of their branch. Based upon this insight the bank management
has redeﬁned the minimum staff requirement for new branches
to be established.
Reorganizing inefﬁcient branches. The insight of the critical size
led to reorganizations in the existing branches. In some small
branches the demand may not be sufﬁcient to justify the critical
size. In such a case the branch can be merged operationally with
a larger branch and the service assortment is revised. Branches
B1 and B6 are already merged and they share the sales force.
The advisors are working in location of B1 when taking care
of booked customer appointments only. The management considers similar measures for other inefﬁcient branched as well.
Staff deployment. The bank has enhanced the collaboration
among the branches by reorganizing them – instead of the previous ﬁve regional groups there are currently three and the personnel is deployed within each group in quite a ﬂexible way.
Opening hours. Many branches have avoided evening opening
hours due to staff working arrangement problems caused by
collective labor agreements. However, the evening hours are
preferred by customers and – as the study indicated – they
seem to pay off as the branches with longer opening hours tend
to have higher return efﬁciency than those operating only daytime. The management decided to encourage the extended service hours. As the opening hours data was not available for the
researchers at the time of the study, this insight was provided
by the management.
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Leadership. The bank has been assessing systematically the
work environment and leadership in the branches. The study
results conﬁrmed to the management that superiors that create
atmosphere favorable for improved practices and boost novel
ideas – own or adopted – to the stage of implementation were
also successful in increasing their branch efﬁciency. The role of
the leaders is seen increasingly important.
As for the DTs they may not be realistic in the long term but
they indicate sales potential. Such teams could be used in special
situations, for example when launching a new branch. They,
however, would probably require special planning. The management was especially concerned of the risk of putting high performing individuals in the same team – owing to team
dynamics high performing individuals may not make a high performing team.
The measures taken should enable a strong start of the new
branches to be established, decrease the efﬁciency gaps between
the existing branches, and as the result, increase sales of the entire
network. The analysis will be repeated to see the development of
the sales efﬁciency.
According to the branch network management the main beneﬁt
of the analysis was that it assessed and gave a quantitative measure of the long term efﬁciency of the branches as the bank’s
own measures were based on semiannual and even shorter term
data. A key challenge which the bank faces is the assessment and
restructuring of the branch network to increase the market share.
For that aim our study is one piece in the larger picture including a
retail site location study, for instance.

6. Conclusions
We analyze the long term sales efﬁciency of bank branches to
complement previous sales efﬁciency measures which exclusively
concerned semiannual and shorter term sales performance. Two
basic approaches are employed to measure the efﬁciency of the
branches: one based on comparisons of proﬁts and another based
on returns. In the proﬁt based approach the starting point is value
efﬁciency analysis (Halme et al., 1999), where the most preferred
unit – an efﬁcient unit chosen by bank management among feasible technologies – restricts the prices of inputs and outputs. We
also generalize the use of value efﬁciency analysis to employ desired technologies – such units need not be in the set of feasible
technologies. For the return based analysis a method is proposed
to account for benchmark technologies as above.
Our methodology is generally applicable whenever the feasible
technologies (the production possibility set) and admissible prices
(accounting for managerial preferences) are speciﬁed. What is new
in our approach is the use of a desired technology (DT) as a benchmark, and such a DT may or may not be in the production possibility set. But the approach does not require any other type of
preference information to restrict the set of admissible prices. Neither does our approach require any type of clusters to be used –
they were employed in our case example owing to the wishes of
the bank management.
The evaluation of the branches took place in collaboration with
the management of the branch network which provided the necessary preference information for the assessment. Such information
included – besides the most preferred units and desired technologies – pair-wise comparisons of branches to be used for further
price restriction in the efﬁciency analysis. The use of preference
information improved the discrimination ability in comparison
with standard DEA models. To deal with the heterogeneity we analyzed the bank branches in homogeneous clusters deﬁned by the
management.

The use of the efﬁciency analysis with preference information
provided the management a new platform for learning. In the
interactive process with the analyst the management was imposed
to deﬁne their value judgments for the analysis. While shaping the
benchmarks (desired technologies) outside the production possibility sets the management assessed the sales potential of ‘‘dream
teams’’ – a concept which they found easy to adopt. Even if such
ambitious benchmarks are not feasible targets for all the branches
they inspire new initiatives to deal with important business challenges such as how to initiate a new branch. From the bank management’s point of view, the research methodology was relatively
easy to understand and valid for the problems studied. In the future, the management plans to use the methodology while more
data accumulate over time.
This study provided the bank management with information
about the proﬁt and return efﬁciency of the current branch sales.
Together with other sources of information – such as customer
ﬂow studies in the neighborhood the branches – our results help
develop the bank branch network and the operating models of
the branches.
Appendix A. Supplementary material
Supplementary data associated with this article can be found, in
the online version, at http://dx.doi.org/10.1016/j.ejor.2013.08.005.
References
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(2), 172–192.
Banker, R. D., Charnes, A., & Cooper, W. W. (1984). Some models for estimating
technical and scale inefﬁciencies in data envelopment analysis. Management
Science, 30, 1078–1092.
Berger, A. N., Hanweck, G. A., & Humphrey, D. B. (1987). Competitive viability in
banking: Scale, scope and product mix economies. Journal of Monetary
Economics, 20(3), 501–520.
Berger, A. N., & Humphrey, D. B. (1997). Efﬁciency of ﬁnancial institutions:
International survey and directions for future research. European Journal of
Operational Research, 98(2), 175–212.
Boussoﬁane, A., Dyson, R. G., & Thanassoulis, E. (1991). Applied data envelopment
analysis. European Journal of Operational Research, 52(1), 1–15.
Camanho, A. S., & Dyson, R. G. (2005). Cost efﬁciency measurement with price
uncertainty: A DEA application to bank branch assessments. European Journal of
Operational Research, 161(2), 432–446.
Chaffai, M.E., & Dietsch, M. (2009). The effect of the environment on proﬁt efﬁciency
of bank branches. In M. Balling, E. Gnan, F. Lierman, J. -P. Schoder, (Eds.),
Productivity in the ﬁnancial services sector, SUERF – The European Money and
Finance Forum, Study 2009/4, Vienna (pp. 259-273).
Charnes, A., Cooper, W. W., & Rhodes, E. (1978). Measuring efﬁciency of decision
making units. European Journal of Operational Research, 2(6), 429–444.
Charnes, A., Cooper, W. W., Wei, Q. L., & Huang, Z. M. (1989). Cone ratio data
envelopment analysis and multi-objective programming. International Journal of
Systems Science, 20(7), 1099–1118.
Cook, W. D., Hababou, M., & Tuenter, H. J. H. (2000). Multicomponent efﬁciency
measurement and shared inputs in data envelopment analysis. An application
to sales and service performance in bank branches. Journal of Productivity
Analysis, 14(3), 209–224.
Cook, W. D., & Zhu, J. (2005). Building performance standards into data
envelopment analysis structures. IEEE Transactions, 37(3), 267–275.
Dyson, R. G., Allen, R., Camanho, A. S., Podinovski, V. V., Sarrico, C. S., & Shale, E. A.
(2001). Pitfalls and protocols in DEA. European Journal of Operational Research,
132, 245–259.
Fethi, M. D., & Pasiouras, F. (2010). Assessing bank efﬁciency and performance with
operational research and artiﬁcial intelligence techniques: A survey. European
Journal of Operational Research, 204(2), 189–198.
Golany, B. (1988). An interactive MOLP procedure for the extension of DEA to
effectiveness analysis. Journal of the Operational Research Society, 39(8),
725–734.
Halme, M., Joro, T., Korhonen, P., Salo, S., & Wallenius, J. (1999). A value efﬁciency
approach to incorporating preference information in data envelopment
analysis. Management Science, 45(1), 103–115.
Halme, M., & Korhonen, P. (2012). Using value efﬁciency analysis to benchmark
non-homogeneous units. Forthcoming in International Journal of Information
Technology & Decision Making.
Hartman, T. E., Storbeck, J. E., & Byrnes, P. (2001). Allocative efﬁciency in branch
banking. European Journal of Operational Research, 134(2), 232–242.

J. Eskelinen et al. / European Journal of Operational Research 232 (2014) 654–663
Kallio, M., & Kallio, M. (2002). Nonparametric methods for evaluating economic
efﬁciency and imperfect competition. Journal of Productivity Analysis, 18(2),
171–189.
Kuosmanen, T., Kortelainen, M., Sipiläinen, T., & Cherchye, L. (2010). Firm and
industry level proﬁt efﬁciency analysis using absolute and uniform shadow
prices. European Journal of Operational Research, 202, 584–594.
Mahajan, J. (1991). A data envelopment analytic model for assessing the relative
efﬁciency of the selling function. European Journal of Operational Research, 53(2),
189–205.
Nash, D., & Sterna-Karwat, A. (1996). An application of DEA to measure branch cross
selling efﬁciency. Computers and Operations Research, 23(4), 385–392.
Nerlove, K. (1965). Estimation and identiﬁcation of Cobb–Douglas production
functions. Chicago, Illinois: Rand Mcnally.
Paradi, J. C., Yang, Z., & Zhu, H. (2011). Assessing bank and bank branch performance
– Modeling considerations and approaches. In W. W. Cooper, L. M. Seiford, & J.
Zhu (Eds.), Handbook of data envelopment analysis (2nd ed., pp. 315–361). New
York, Dordrecht, Heidelberg, London: Springer.
Paradi, J. C., & Schaffnit, C. (2004). Commercial bank performance evaluation and
results communication in a Canadian bank – A DEA application. European
Journal of Operational Research, 156(3), 719–735.
Paradi, J. C., & Zhu, H. (2013). A survey on bank branch efﬁciency and performance
research with data envelopment analysis. Omega, 41, 61–79.
Portela, M. C. A. S., & Thanassoulis, E. (2005). Proﬁtability of a sample of Portuguese
bank branches and its decomposition into technical and allocative components.
European Journal of Operational Research, 162(3), 850–866.

663

Portela, M. C. A. S., & Thanassoulis, E. (2007). Comparative efﬁciency analysis of
Portuguese bank branches. European Journal of Operational Research, 177(2),
1275–1288.
Schaffnit, C., Rosen, D., & 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(2), 269–289.
Smith, P. (1990). Data envelopment analysis applied to ﬁnancial statements. Omega,
18(2), 131–138.
Sowlati, T., & Paradi, J. C. (2004). Establishing the ‘‘practical frontier’’ in data
envelopment analysis. Omega, 32(4), 261–272.
Thanassoulis, E. (1999). Data envelopment analysis and its use in banking. Interfaces
(3), 1–13.
Thanassoulis, E., & Dyson, R. G. (1992). Estimating preferred target input–output
levels using data envelopment analysis. European Journal of Operational
Research, 56(1), 80–97.
Thompson, R. G., Singleton, F. R., Jr., Thrall, R. M., & Smith, B. A. (1986). Comparative
site evaluation for locating a high-energy physics lab in Texas. Interfaces, 16(6),
35–49.
Wong, Y-H. B., & Beasley, J. E. (1990). Restricting weight ﬂexibility in data
envelopment analysis. Journal of the Operational Research Society, 41(9),
829–835.
Yang, J. B., Wong, B. Y. H., Liu, X. B., & Steuer, R. E. (2010). Integrated bank
performance assessment and management planning using hybrid minimax
reference point – A DEA approach. European Journal of Operational Research, 207,
1506–1518.

Supplemantary material for
“Bank branch sales evaluation
using extended value eﬃciency analysis”
Juha Eskelinen, Merja Halme and Markku Kallio

Proof of Theorem 1
Theorem 1 concerns properties of the following linear programming problem
minv,q,η≥0 [(vy ∗ − qx∗ ) − (vy r − qxr )]
s.t.
≤c
π≤0:
vB1 + qB2
λ≤0:
vY − qX − ηA
≤0
ν≤0:
−vy ∗ + qx∗ + ηb
≤0

(1)
(2)
(3)
(4)

where the dual variables associated with constraints are shown on the left. The proof
of Theorem 1 is as follows.
(a) Given prices (v, q) ∈ P , consider the proﬁt maximization problem maxλ ≥0 { (vY −
qX)λ | Aλ ≤ b}. Let η ≥ 0 denote a vector of dual feasible variables associated with
the inequality constraints. Then by the weak duality theorem of linear programming,
vy − qx ≤ ηb for all (x, y) ∈ T , and this holds for any v, q and η which is a feasible
solution for (1)–(4). Because (xr , y r ) ∈ T and (4) holds, we have vy r − qxr ≤ ηb ≤
vy ∗ − qx∗ . Hence, the optimal value in (1)–(4) is non-negative.
(b) For an optimal primal solution v, q and η, and a dual optimal solution π ≤ 0, λ ≤ 0
and ν < 0 of (1)–(4), deﬁne λo = λ/ν, xo = Xλo and y o = Y λo . Optimality conditions
imply Aλ − bν ≥ 0 so that Aλo ≤ b, λo ≥ 0 and (xo , y o ) ∈ T . Complementarity
conditions require ηAλ = ηbν and (vY −qX)λ = ηAλ. Consequently, ηbν = (vY −qX)λ
wherefore ηb = (vY − qX)λo = vy o − qxo . Complementarity condition for (4) with
ν < 0 implies ηb = vy ∗ − qx∗ so that vy o − qxo = vy ∗ − qx∗ .
(c) Scale the prices via multiplication of the vector c in (2) by a parameter κ > 0 and
consider the following system with nonnegative vectors of slack variables s1 , s2 and s3
−κc + vB1 + qB2 + s1 = 0
vY − qX − ηA + s2 = 0
−vy ∗ + qx∗ + ηb + s3 = 0.

(5)
(6)
(7)

Then the problem (1)–(4) is infeasible if and only if there is no κ > 0, η ≥ 0, s1 ≥ 0,
s2 ≥ 0 and s3 ≥ 0, v and q satisfying (5)–(7). Hence, assuming (1)–(4) is infeasible,
Tucker’s theorem of the alternative (Mangasarian, 1969, p. 34) implies existence of

0

vectors π ≥ 0 and λ ≥ 0 and a parameter ν ≥ 0 satisfying
−cπ
−Aλ + bν
B1 π + Y λ − y ∗ ν
B2 π − Xλ + x∗ ν

>
≥
=
=

0
0
0
0

(8)
(9)
(10)
(11)

For the rest of the proof, consider a given solution π ≥ 0, λ ≥ 0 and ν ≥ 0 for
(8)–(11). Pick any (v, q) ∈ P , multiply (10) by v and (11) by q, and sum up to get
(vy ∗ − qx∗ )ν = (vY − qX)λ + (vB1 + qB2 )π.

(12)

Furthermore, (v, q) ∈ P , π ≥ 0 and (8) imply
(vB1 + qB2 )π ≤ cπ < 0.

(13)

Next, consider the case with ν > 0. Combining (12) and (13) yields (vy ∗ − qx∗ )ν <
(vY − qX)λ. Dividing both sides by ν > 0, and denoting λo = λ/ν ≥ 0, xo = Xλo and
y o = Y λo , yields vy ∗ − qx∗ < (vY − qX)λo = vy o − qxo . Because this holds for any
(v, q) ∈ P , (xo , y o ) is superior to (x∗ , y ∗ ) with respect to the set P of admissible prices.
By (9), Aλo ≤ b so that (xo , y o ) ∈ T and the assertion follows in case ν > 0.
Finally, suppose ν = 0. Pick any (x̄, ȳ) ∈ T . Then x̄ = X λ̄ and ȳ = Y λ̄ such that
Aλ̄ ≤ b and λ̄ ≥ 0. For all θ ≥ 0, suppressing θ, deﬁne (xo , y o ) = (x̄, ȳ) + θ(Xλ, Y λ).
Because Aλ ≤ 0 by (9), and λ ≥ 0, (xo , y o ) ∈ T for all θ ≥ 0 and vy o − qxo =
v ȳ − qx̄ + θ(vY − qX)λ. Using (12) and (13) with ν = 0 we get
(vy o − qxo ) − (vy ∗ − qx∗ ) =
v ȳ − qx̄ + θ(vY − qX)λ − vy ∗ + qx∗ =
v ȳ − qx̄ − θ(vB1 + qB2 )π − vy ∗ + qx∗ ≥
v ȳ − qx̄ − vy ∗ + qx∗ − θcπ
Because P is assumed bounded, a minimum value for v ȳ − qx̄ − vy ∗ + qx∗ for (v, q) ∈ P
exists. Because −cπ > 0 by (8) and cπ is independent of (v, q), there is θ ≥ 0 for which
(vy o − qxo ) − (vy ∗ − qx∗ ) > 0 holds for all (v, q) ∈ P . This complets the proof.
Examples with P unbounded. Consider two examples with a single input and a
single output. Let P = {(v, q)|(v, q) = (2, 1) + μ(1, 1), μ ≥ 0} and (x∗ , y ∗ ) = (1, 3). In
the ﬁrst example, suppose T = {(x, y)|(x, y) = θ(1, 1), θ ≥ 0}. Then for any (xo , y o ) =
θ(1, 1) ∈ T and (v, q) = (2, 1)+μ(1, 1) ∈ P , (vy o −qxo )−(vy ∗ −qx∗ ) = θ−5−2μ. Hence,
for any θ ≥ 0 there is μ > 0 such that (vy o − qxo ) − (vy ∗ − qx∗ ) < 0. Therefore, there
is no (xo , y o ) ∈ T which is superior to (x∗ , y ∗ ) with respect to the set P . In the second
example, let T = {(x, y)|(x, y) = θ(1, 2), θ ≥ 0}. Then for any (xo , y o ) = θ(1, 2) ∈ T
and (v, q) = (2, 1) + μ(1, 1) ∈ P , (vy o − qxo ) − (vy ∗ − qx∗ ) = 3θ + θμ − 5 − 2μ > 0 for
all μ ≥ 0, provided that 3θ − 5 > 0 and θμ − 2μ ≥ 0. The latter conditions hold for
θ = 2, for instance. Hence, (xo , y o ) = (2, 4) ∈ T is superior to (x∗ , y ∗ ).

Reference
Mangasarian, O.L. 1969. Nonlinear Programming, McGraw-Hill, New York.
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Inputs and outputs

Outputs:
Services
DMU
B1
B2
B3
B4
B5
B6
B7
B8
B9
B10
B11
B12
B13
B14
B15
B16
B17
B18
B19
B20
B21
B22
B23
B24
B25

y1
Financing
services
1090
2633
3320
1147
1180
3821
1574
1171
1174
1203
928
4393
2642
3362
2263
3619
4163
3075
5757
1763
3825
2354
5289
1108
743

y2
Investment
services
497
1111
1477
353
540
1769
716
1004
449
568
384
2210
931
1505
541
1541
1594
805
2601
496
1961
792
3160
332
354

Input:
Sales force
x
Sales force,
total
25.99
47.72
60.69
25.19
21.61
75.45
36.37
29.05
22.53
27.20
22.04
65.88
38.80
53.10
26.87
70.27
73.62
46.68
93.00
28.96
83.09
42.44
104.04
24.22
22.42

Table 3: Input and output data of the period 2007-2010. In each branch, y1 and y2 are
sales transactions and x is work years in 2007-2010.

2

Sales
y1∗
y2∗
Financing Investment
services
services

Cluster

Benchmark

C1
C2
C3
C4
C5
C1
C2
C3
C4
C5
C1,C3,C4

B15
B12
B14
B15
B12
DT1
DT2
DT3
DT4
DT5
Super DT

2263
4393
3362
2263
4393
2885
5631
4835
2885
5631
2387

541
2210
1505
541
2210
952
3263
2058
952
3263
1598

x∗
Sales
force,
total
26.87
65.88
53.10
26.87
65.88
26.87
65.88
53.10
26.87
65.88
22.06

Sales force
x∗1
x∗2
Financing Investment
services
services
17.83
35.91
32.61
17.83
35.91
17.83
35.91
32.61
17.83
35.91
10.16

9.04
29.97
20.49
9.04
29.97
9.04
29.97
20.49
9.04
29.97
11.90

Table 4: Benchmark technologies (MPUs, DTs and Super DT) for clusters C1 to C5.

Cluster
C1

C2
C3

C4
C5

Superior
branch i
B15
B14
B3
B18
B12
B19
B14
B13
B8
B2
B15
B5
B12
B14
B13
B18

Inferior
branch j
B14
B3
B18
B4, B22, B24
B23
B6, B16, B21
B13
B8
B2
B20
B5
B4, B11, B24, B25
B14
B13
B18
B16

Table 5: Pair-wise comparison results.
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Non-convex value efficiency analysis
and its application to bank branch sales
evaluation
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Abstract

We have observed when applying value efficiency analysis (Halme, Joro,
Korhonen, Salo, and Wallenius, 1999), that decision makers wish to provide
preference information related to existing rather than virtual (efficient) units.
This observation motivated us to develop an approach based on preference
comparisons of existing units. The free disposal hull model provides the
requisite framework. We assume that a decision maker compares units using
an implicitly known value function that reaches its maximum at his/her most
preferred (efficient) unit. The unknown value function is assumed to be quasiconcave in outputs and quasi-convex in inputs. The main purpose – as in the
original value efficiency analysis - is to approximate the distance of each unit
from the contour of the value function passing through the most preferred
unit. We use examples to illustrate the approach. Finally, we describe a real
application in which value efficiency analysis was used to produce information
for bank managers wishing to evaluate the performance of bank branches.
Key words: Multiple criteria decision making, Data envelopment analysis,
FDH model, Value efficiency, Quasi-concave, Quasi-convex.
The research was supported by the Academy of Finland (Grant number
133387).
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1. Introduction

Some ten years after Charnes, Cooper, and Rhodes (1978 and 1979) developed
(value-free) data envelopment analysis (DEA), the first articles introducing
value judgments into DEA were published. These papers incorporated a
decision maker’s (DM) a priori knowledge into the analysis (see e.g., Dyson
and Thanassoulis, 1988; Roll, Cook, and Golany, 1991; Thompson, Singleton,
Thrall, and Smith, 1986; Wong and Beasley, 1990; Charnes, Cooper, Wei, and
Huang, 1989). This extension of DEA can be considered significant. In various
applications it is reasonable to utilize the DM’s insights based on possibly
decades of experience in the field in which the units to be compared are
functioning. Thus the inclusion of available subjective knowledge is often well
justified. Preference information takes the form of weight restrictions on
inputs and/or outputs or explicitly given aspiration values for inputs and/or
outputs, for instance. Alternatively, the DM can identify “well-performing”
units (benchmarks) on the efficient frontier, or the efficient frontier can be
supplemented with artificial units. Several reviews have been published in this
field relatively recently (Angulo-Meza and Pereira Estellita Lins, 2001;
Thanassoulis, Portela, and Allen, 2004; Cook and Seiford, 2009).
Halme et al. (1999) proposed one way of incorporating preference
information into efficiency analysis, which they termed value efficiency
analysis (VEA). VEA is based on the assumption that the DM compares units
using an unknown value function, which is assumed to be pseudo-concave in
(desired) outputs and pseudo-convex in inputs. It reaches its maximum at a
point called the most preferred solution (MPS), which can be any existing or
virtual unit on the efficient frontier. The purpose of VEA is to assess the
amount by which outputs have to be increased and/or inputs decreased in
order to reach the contour of the value function passing through the MPS.
Because the value function is unknown, the indifference contour cannot be
defined precisely. Instead, we define a region consisting of input-output
vectors that are less or equally preferred to the MPS. VEA uses a linear
approximation of the contour of the DM’s unknown value function. If we
compute by what proportion we have to improve input and/or output values to
reach the linear approximation of the contour we obtain the value
(in)efficiency score, which measures technical (in)efficiency and also takes
into account preference information.
During our long experience of DEA applications we repeatedly encountered
the phenomenon that DMs are reluctant to evaluate other than existing units.
3

As Bogetoft, Tama, and Tind (2000) point out, “fictitious production
possibilities, generated as convex combinations of those actually observed
units are usually less convincing as benchmarks or reference DMUs than
actually observed ones”. In the bank branch application introduced later we
decided to develop an approach that takes account of this phenomenon. If we
apply the original VEA in such a way that the best existing unit approximates
the MPS this unit may be far less preferred than the true MPS, which is virtual
and also “far away” on the efficient frontier. Moreover, the most preferred
(existing) unit chosen may be dominated by a convex combination of efficient
units. In this kind of situation it is also impossible to deal with an assumption
that the production possibility set is convex. Thus we started developing a new
modification of the original value efficiency analysis that provides a sound
basis on which to obtain value efficiency scores when the DM only wishes to
evaluate existing efficient units. The approach always gives an optimistic score
and allows us to deal with so-called convex dominated efficient units. The
problems caused by their use as MPS in VEA have not been solved in a
satisfactory way so far. This new approach is based on the free disposable hull
(FDH) model (Deprins, Simar, and Tulkens., 1984). The original DEA assumes
a convex production possibility set, whereas this set is non-convex in the case
of FDH. The efficient frontier is defined by a subset of observed decision
making units (DMUs), namely those with an input-output vector that is Pareto
optimal.
We develop an approach that – from the technical point of view – could be
seen as an extension of the FDH model supplemented with preference
information. Thus far no such approach is described in the literature. The
unknown DM’s value function is assumed to be quasi-concave in outputs and
quasi-convex in inputs. The purpose is the same as in the original VEA: to
assess the amount by which outputs have to be increased and/or inputs
decreased in order to reach the contour of the value function passing through
the MPS. When the MPS is an existing unit we call it the most preferred unit
(MPU).
We make no attempt to explicitly assess the contour of the value function
passing through the MPU, but use so-called convex cones to approximate it.
We assume that the DM is able to express some preference information in
accordance with his/her value function. Any kind of preference information is
suitable provided that it leads to pairwise comparisons of the units. This
information is then used to generate convex cones, which are used in the
analysis.
Preference information can be collected from a DM in the form of simple
pairwise comparisons of units. We could also ask the DM to name an MPU or
(equally preferred) MPUs from among the FDH efficient units. Every pairwise
comparison produces additional information that is employed in the
approximation of the value function contour.
Our approach and the needs of Helsinki OP bank management coincided in
2012. The analysis of branch efficiency has attracted a lot of attention in the
banking sector in recent years (for a recent review see Paradi and Zhu, 2013).
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The Helsinki OP management wished to use our approach to identify sets of
branches that most urgently needed to improve their sales performance. The
management was also more comfortable providing preference information
over existing units than virtual units, and found the results valuable.
Our main theoretical contributions are twofold. First, we can deal with
convex-dominated efficient input-output vectors such as MPS as well, and the
DM is able to use them for providing preference information in value efficiency
analysis. Second, we provide a way of supplementing preference information
in the FDH model.
The rest of the paper is organized as follows. We discuss VEA and the
problems caused by the reluctance to assess virtual units in Section 2, and in
Section 3 we introduce FDH and develop the approach. Section 4 describes
how the approach was applied in the case of the bank branches, and Section 5
comprises the discussion and our concluding remarks.

5

2. Original VEA

In DEA the set of production possibilities is a convex polytope, and VEA was
originally developed for that case. After introducing some basic concepts and
definitions, we briefly review the main principles of the original VEA.
Denote the set of n decision-making units N = {1, 2,…, n}. Each unit

consumes m inputs and produces p outputs. Let x  
ା and y  ା denote
the vector of inputs and outputs, respectively. We define the production
possibility set (PPS) as follows:
ା

T = {(y, x) | y can be produced from x} ା

,

(2.1)

where T consists of all feasible inputs and outputs. As usual, we assume more
is better in outputs and less is better in inputs. Set S includes the observed
ା
units: S = {(y, x)i | (y, x)i  ା , i  N = {1,…, n}}1.
Efficient and weakly efficient points in set T are defined as follows:
Definition 1. Point (y*, x*)  T is efficient iff there does not exist another (y,
x)  T such that y t y*, x d x*, and (y, x) z (y*, x*).
If point (y*, x*)  T is not efficient, then it is said to be inefficient or
dominated by (y, x). However, if an inefficient point is not an interior point in
T, it may still be weakly efficient. Weak efficiency is defined as follows:
Definition 2. Point (y*, x*)  T is weakly efficient iff there does not exist
another (y, x)  T such that y > y*, x < x*.
If point (y*, x*)  T is not weakly efficient, then it is said to be strongly
inefficient or strongly dominated by (y, x). Note that a weakly efficient point
can be inefficient/dominated, but not strongly inefficient/strongly dominated.
In the following we use the symbol “ ” to indicate a relationship “is
preferred to”. Furthermore, “ ” indicates “is at least as good as”. We assume
the relation is transitive. The DM’s preferences are expressed by set P = {((y,
x)r, (y, x)s) | (y, x)r
(y, x)s, r, s  N },2 called a preference set. Thus P
defines a strict partial order in S.
1
2

Alternatively, we refer to point (y, x)i  S by denoting it as (yi , xi).
If (y, x)i dominates (y, x)j, i, j  N,  ((y, x)i, (y, x)j)  P.
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Definition 3. Function g: m+p o , is called a value function if it has the
following properties (Dehnokhalaji et al., 2012):
g(y*, x*) > g(y, x), if (y*, x*) dominates (y, x),
g(y*, x*) > g(y, x), iff (y*, x*)
g(y*, x*) ≥ g(y, x), if (y*, x*)

(y, x) and
(y, x).

Function g is strictly increasing in outputs and decreasing in inputs in m+p.
The DM’s value function is, moreover, assumed to be pseudo-concave for
outputs and pseudo-convex for inputs, but only its functional form is specified.
In order to simplify the notation, we define f(y,-x) = g(y, x), (y, x)  m+p.
Thus f is a strictly increasing pseudo-concave function. Without causing any
confusion we may call f a value function as well, and hence in the sequel we say
that a value function is pseudo-concave.
ൈ
and Y  ା
be matrices that consist of non-negative
Let X  ൈ
ା
elements that are the observed values for the inputs and outputs of the DMUs.
We further assume that there are no duplicated units in the data set. We
denote by xj (the jth column of X) the vector of inputs consumed by DMUj, and
by xij the quantity of input i consumed by DMUj. A similar notation is used for
outputs. Furthermore, we denote 1 = >1,..., 1@T.
The purpose of VEA is to evaluate the efficiency of each unit with respect to
the indifference contour of the DM’s value function passing through the MPS.
However, the value function remains unknown and we cannot characterize the
indifference curve precisely. The value function is approximated in the MPS
with all the possible linear functions that achieve their optimum therein. These
functions represent all possible tangents of the unknown value function.
Let us illustrate VEA by means of the following numerical example, which we
will use in later considerations as well. The data consist of seven units with two
outputs and one input with the same amount consumed by all the units:
Table 1. The data set of a numerical example.

Units
A
B
C
D
E
F
G

Input
1
1
1
1
1
1
1

Output 1
1
2
3
3.4
4.6
3.2
2.6

Output 2
10
9
7
4
2
2.5
4.5

We assume that the DEA model is the Non-Increasing Returns-to-Scale
(NIRS) model (see e.g., Cooper, Seiford, and Tone, 2000, p.135). Thus the
production possibility set of the model can be described in a two-output space
such as in Figure 1, because the input is constant for all given units.
Let us consider the determination of the value efficiency of unit G. First we
determine its technical efficiency. By improving the output values of G
proportionally we reach point G1, which lies on the efficient frontier, and the
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technical efficiency score of G is the ratio:

ȁைீȁ
ȁைீ భ ȁ

| 0.77. Notation _OG_ refers to

the length of the line segment from O (origin) to G, and _OG1_ to the length of
the line segment from O to the point on the efficient frontier. Length _GG1_ is
called the radial distance of point G from the efficient frontier.
Suppose next that a DM has specified that his/her most preferred point
(MPS) lies on the facet between B and C. The basic assumption in VEA is that
the MPS in the production possibility set maximizes the DM’s value function,
which is unknown but is assumed to be pseudo-concave. If the MPS is (strictly)
preferred to B and C, then the value function cannot be linear. We would like
to evaluate the value efficiency of point G by measuring its radial distance from
unit G to the contour (the dotted curve in Figure 1) of the value function
passing through the MPS. The line starting from the origin and passing
through unit G crosses the contour at point G3. From Figure 1 we estimate that
ȁைீȁ
the true value efficiency score is about ȁைீ య ȁ | 0.65. However, because the value
function and thus the contour are unknown we approximate the contour from
all possible tangents of a pseudo-concave function reaching its maximum at
the MPS. This time the tangent is uniquely defined and coincides with the line
segment B-C. We measure the radial distance of unit G to point G2, which is
used to determine the value efficiency for G. The approximation of the true
ȁைீȁ
value efficiency score is ȁைீ మ ȁ = 0.75, which is more optimistic than the true
score. In the sequel we use the term value efficiency when we refer to the
approximation of the true value efficiency. Had the MPS been extreme point B,
then any linear function with a maximum at B could be a possible tangent. In
all cases, our approach to approximating the true value efficiency always gives
the most optimistic estimate for it.

Figure 1. An illustration of value efficiency analysis of unit G.
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The value efficiency score is easy to calculate, and needs only a slight
modification to the traditional DEA model. Assume that the MPS is a convex
combination of the existing units such that:
ݕ כൌσୀଵ ݕ ߣכǡൌͳǡǥǡ
ݔ כൌσୀଵ ݔ ߣכǡൌͳǡǥǡ
σୀଵ ߣכൌͳǡߣכͲǡൌͳǡǥǡǤ
The convex combination has to lie on the efficient frontier.
The linear approximation of the value function leads to optimization
problem 2.2b, where the VEA scores can easily be calculated by means of
Linear Programming (LP). Note that the only difference compared with DEA is
that if Oj* > 0 then Oj need not be non-negative at the optimum of (2.2b).
In (2.2a), DMU0 with (y0, x0) is efficient iff the optimal value of V in (2.2a)
V* = 0 and all the slack variables s-*, s+* equal zero - otherwise it is inefficient
(Charnes , Cooper, Lewin, and Seiford., 1994). Correspondingly, in (2.2b) unit
DMU0 with (y0, x0) is value efficient iff the optimal value of V in (2.2b) V* = 0
and all the slack variables s-*, s+* equal zero.
Table 2. A comparison of the output oriented variable returns-to-scale in the DEA and VEA

models.

Output oriented DEA model

Output oriented VEA model

Variable returns-to-scale (VRS) assumed

Variable returns-to-scale (VRS) assumed





ି
max σ + H (σୀଵ ݏା  σ
ୀଵ ݏ ሻ

ି
max σ + H (σୀଵ ݏା  σ
ୀଵ ݏ ሻ

s.t.

s.t.

σୀଵ ݕ ߣ
σୀଵ ݔ ߣ

(2.2a)
െ
+

ߪݕ

ି
ݏ
=

-

ା
ݏ
=

ݕ

ݔ

σୀଵ ݕ ߣ
σୀଵ ݔ ߣ

(2.2b)
െ
+

ߪݕ

ି
ݏ
=

-

ା
ݏ
=

ݕ

ݔ

σୀଵ ߣ = 1

σୀଵ ߣ = 1

ା ି
ݏ
, ݏ , ߣ ≥ 0

ା ି
ݏ
, ݏ ≥ 0, Oj t 0, if Oj* = 04,

j = 1,…, n

j = 1,…, n

k = 1,…, p

k = 1,…, p

i = 1,…, m

i = 1,…, m

ε > 0 ("Non-Archimedean")3

H > 0 (“Non-Archimedean“)

Figure 2 illustrates the problem occurring when the DM chooses a convexdominated point as the MPU in value efficiency analysis. Assume that the DM
wishes to evaluate only existing units and names unit D as the most preferred
one. This choice is in conflict with the convexity assumption of the production
possibility set. If we stick to that assumption, then D is not efficient and cannot
3
4
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For more details on “Non-Archimedean”, see Arnold, Bardhan, Cooper, and Gallegos (1998).
This is the only difference between the DEA and VEA models (see Halme et al., 1999).

be the MPU. We have to approximate unit D with an efficient unit or ask the
DM to name a new MPU. Assume that we approximate unit D by unit C, the
value of which measured by the value function may be close to the maximum
reached at D (cf. the dotted line standing for the indifference curve of the value
function passing through unit D). Consider the value efficiency of units A and

G. The value efficiency score of unit A is
(= 0.923) when the approximation

ి

is used. If D is truly the most preferred unit, then the true value efficiency
score for A should be computed by replacing AC by the point where line OA
intersects the indifference curve passing through unit D. The difference is
dramatic. In the case described, the production possibility set is not convex,
and the traditional VEA scores based on the convexity assumption provide
poor results. Consider next the value efficiency score of unit G. If the
approximation is used the score coincides with the technical efficiency score
(=0.77). Instead, the true value efficiency score (in Figure 2) is approximately
0.89. It turns out that the true value efficiency score is higher than the
approximation – thus the approximation is pessimistic.
An alternative approach to using unit C as the MPU is to project unit D e.g.
radially onto the efficient frontier and use the projection D’ to approximate the
MPU. The resulting approximation is very close to the case when we use unit C
as MPU instead of D. In the approach developed in this paper we do not to
stick to the convexity assumption of the production possibility set.

Figure 2. Illustration of the error made when the benchmark is the convex-dominated point D,
which is approximated by point C
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3. The FDH model and preference
Information

3.1

The FDH model

Next we write the output oriented FDH model that diagnoses the efficiency of
DMU0 with (y0, x0).
max σ
s.t.

(3.1)

ା
σୀଵ ݕ ߣ െ ɐݕ - ݏ
= ݕ ǡ ݇ ൌ ͳǡ ǥ ǡ 
ି
σୀଵ ݔ ߣ + ݏ
= ݔ , i = 1,…, m

σୀଵ ߣ ൌ ͳ, ߣ ൌ ሼͲǡͳሽ.
The difference between the traditional DEA and the FDH models is that in the
former the production possibility set is a convex polytope, whereas in the latter
it is not. The efficient “frontier” of the FDH model is the set of existing efficient
units. As Figure 3 indicates, the efficient set consists of units A, B, C, and D.
Unit D is not efficient in the traditional DEA model because the convex
combination C and E dominates it. (The technical efficiency score of the
traditional DEA model is 0.89 < 1.) Note that for the linear function whose
contour meets D there are improved solutions in the production possibility set.
The FDH model produces more or equally optimistic efficiency scores
compared to those of traditional DEA. This can easily be validated if the
production possibility sets are compared – in the case of FDH that set is a
subset of the traditional DEA production possibility set and thus the scores are
never more pessimistic.
Especially when the number of observed units is low compared to the
number of inputs and outputs, efficiency analysis can lead to a high number of
efficient units when FDH is employed. An option is to introduce preference
information into the analysis. We will do this by adding only a simple
assumption about the DM’s value function.
We assumed in the original VEA approach that the value function is pseudoconcave. With the convex production possibility set such an assumption
allowed us to approximate the value function at the MPS with linear functions,
and thus to introduce lower bounds for the efficiency scores. This approach
does not work when the production possibility set is non-convex, however.
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Some points belonging to the efficient set, such as unit D in Figure 1, are called
convex dominated, i.e. dominated by the convex combination of the other
units (C and E) (see e.g., Zionts and Wallenius, 1980). Thus a linear
approximation of the value function cannot reach its optimum at unit D. The
linear approximation is not applicable.
Moreover, there is another reason why linear approximation does not work
even if the unit is not convex dominated: the tangent approximation may be
too pessimistic. This situation is illustrated in Figure 3 as well. Assume that
the value function is exactly the same as in Figure 1. Because the production
possibility set consists of efficient units and points dominated by those units,
the value function used before (Figure 1) reaches its maximum at unit B or C.
Let us suppose it is B. Now the method of approximating the value function by
linear functions reaching their maximum at B no longer works because the
linear function approximation is too pessimistic (see the illustration of the
value efficiency approximation of point F). The true value efficiency score is
between its approximation and the FDH efficiency score: (approximation of
the true value efficiency score) 0.81 < 0.83 < 0.93 (FDH efficiency score). The
approximation we used in the original VEA was always optimistic, but here it
may be more optimistic or more pessimistic than the true score.

Figure 3. The linear value function and the FDH model.

Instead, we use the theory of convex cones (Korhonen, Wallenius, and Zionts,
1984) based on the assumption that the value function is quasi-concave. Such
an assumption is quite general, yet powerful in taking advantage of preference
information. VEA employed the assumption of a pseudo-concave value
function which is more restrictive – pseudo-concave functions are quasiconcave.
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The value function assumption allows us to approximate the contour of that
function using convex cones that provide us with lower bounds for the true
value efficiency scores. In traditional DEA the contours of the value function
are approximated by hyper-planes, whereas convex cones are used in the FDH
model.
The precision of the approximation is heavily dependent on the information
received from the DM. We do not necessarily need to specify the MPU. A good
approach is to collect implicit or explicit preference information in the form of
pairwise comparisons. If a DM is able to name his/her MPU, then we have a
good amount of pairwise comparisons because the MPU is preferred to all
other points. We could also ask the DM to rank some units.

3.2

The quasi-concave value function and convex cones

Assume f is the DM’s quasi-concave value function f: m+p o . Consider r
zk for i = 1,…, r, i ӆ k. Based
(distinct) points z1, z2,…, zr  m+p such that zi
on this information, we construct cone C(z1,…, zr ; zk), where point zk is the
vertex and f(zk) = min f(zi), i = 1, …, r:
C(z1 ,…, zr ; zk) = {z | z = ࢠ  σୀଵ ߤ ሺ ࢠ െ ࢠ ), μi ≥ 0, i = 1,…, r, i ≠ k}

(3.2)

ஷ

If the determination of cone C includes only one point in addition to the vertex
we call it a two-point cone (see Figure 4), and in the case of r points it is called
an r-point cone.
For any z  C(z1,…, zr ; zk), the inequalities f(zi) ≥ f(zk) t f(z) hold for i = 1,…,
r, i ӆ k based on the quasi-concavity assumption of value function f
(Korhonen et al., 1984, Lemma 2). We employ Theorem 1 in Korhonen et al.
(1984) to diagnose whether z  m+p is dominated by points in the cone (3.2).
Consider the following LP problem:
max H
s.t.
ࢠ  σୀଵ ߤ ሺ ࢠ
ஷ

(3.3)
െ ࢠ ) - H  z

ߤ ≥ 0, i = 1, 2, …, r.
If in the optimum H ≥ 0 there exists at least one vector z*  C(z1,…, zm ; zk)
with z* ≥ z and f(zi) ≥ f(zk) t f(z), i = 1,…, r. If H > 0 in the optimum, then f(zi)
≥ f(zk) > f(z).
Definition 4. Point z  m+p is dominated by cone C(z1,…, zr ; zk ) if there
exists a point z*  C(z1,…, zm ; zk), z* ≥ z, z*z z.
Definition 5. Point z  m+p is strongly dominated by cone C(z1,…, zr ; zk ) if
there exists a point z*  C(z1,…, zm ; zk), z* > z.
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If problem (3.3) has an optimal solution with H > 0, vector z is strongly
dominated by cone C(z1,…, zm ; zk). Solution H= 0 in the optimum has two
interpretations: 1) z  C(z1,…, zm ; zk ) and z is not dominated by cone C(z1,…,
zm ; zk ), or 2) z is dominated by cone C(z1,…, zm ; zk ), but not strongly.
Consider next a slightly modified problem5:
max H
s.t.

(3.4)

ࢠ  σୀଵ ߤ ሺ ࢠ
ஷ

െ ࢠ ) - Hw ≥ z

ߤ 0, i = 1, 2, …, r; w m+p, w ≥ 0, w ≠ 0.
Lemma 1. If in the optimum of (3.3) H = 0, but (3.4) has an optimal solution H
> 0 for some w ≥ 0, w ≠ 0, then z is dominated by cone C(z1,…, zm ; zk).
Proof. Because the model (3.3) has the optimal solution H = 0, then there
exists z*  C(z1,…, zr ; zk), z* ≥ z. If the model (3.4) has the optimal solution H
> 0 for some w ≥ 0, w ≠ 0, then there exists z*  C(z1,…, zr ; zk), such that z*
≥ z, zj* ≠ zj. Thus z is dominated by cone C(z1,…, zm ; zk).
Remark 1. If the model (3.3) has the optimal solution H , but z is
dominated by the non-preferred cone, then f(zk) > f(z).
Lemma 2. If  w  m+p, w ≥ 0, w ≠ 0 such that in the optimum of problem
zk for i = 1,…, r, i
(3.4) H is unbounded, then the preference information zi

ӆ k is not consistent with the quasi-concavity assumption of the value
function f: m+p o .
Proof. Assume that the optimal solution H of model  is unbounded for
some w m+p, w ≥ 0, w ≠ 0. Then  P ≥ כ0, P ≠ כ0, for some i = 1, 2, …, r
such that σୀଵ P כሺ ࢠ െ ࢠ ) ≥ 0, σୀଵ P כሺ ࢠ െ ࢠ ) ≠ 0, and σୀଵ P כሺ ࢠ െ ࢠ ) > 0
ஷ

ஷ

ஷ

for the elements of w m+p with wj > 0, j = 1,…, m+p. This implies ࢠ 
σୀଵ Pכ ሺ ࢠ െ ࢠ ) ≥ zk, ࢠ  σୀଵ P כሺ ࢠ െ ࢠ ) ≠ zk. Because the value function is
ஷ

ஷ

strictly increasing in all its arguments this, in turn, implies that f(ࢠ 
σୀଵ Pכ ሺ ࢠ െ ࢠ )) > f(zk). However, as Korhonen et al. (1984, Lemma 2) state,
ஷ

owing to the quasi-concavity of f, f(zk) ≥ f(ࢠ  σୀଵ P כሺ ࢠ െ ࢠ )). Hence it
ஷ

follows that the preference information zi

zk for i = 1,…, r, i ӆ k is not

consistent with the quasi-concavity assumption of the value function f: m+p
o .

5

Note that if in the optimum of (3.3) H > 0 all the elements of z can be increased, which is not the case
in (3.4).
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Figure 4 demonstrates a set of two-point cones. Assume the DM has named
unit B as his/her MPU. Based on this information, we know that B is preferred
to all other points, thus providing us with preference information to generate
two-point cones. Dominated points such as F and G do not provide us with
useful information. We can generate four relevant two-point cones with
vertices A, C, D, and E as follows: lines are drawn from B passing through
units A, C, D, and E. The solid parts of the lines in Figure 4 are the two-point
cones of interest. Now we diagnose the points dominated by one of these
cones. Units D, G, E, and F are dominated by cone C(B,C;C), which actually
dominates all points belonging to cones C(B,D;D) and C(B,E;E). Thus cones
C(B,C;C) and C(B,A;A) include all the information we need.
Preference information was consistent with the quasi-concave value function
assumption in the previous considerations. Using Figure 4 we can illustrate a
case in which the pairwise comparison information causes problems. If the
DM assesses B and D as equally preferred MPUs, we could generate threepoint cone C(B,C,D;C). Any point of this cone dominates unit C, and some
points even dominate B and D. The solution of the corresponding model (3.4)
is unbounded. We observe in Figure 4 that there exists no quasi-concave
function that would have optima at both B and D. The unbounded optimum of
(3.4) reveals that the preference information is not in accordance with the
assumption of a quasi-concave value function.
Employing the approach of convex cones gives lower approximations of the
contour of the quasi-concave value function passing through the MPU. It is not
necessary to know the MPU, but as our illustration demonstrates, it provides
useful information.

Figure 4. Analysis of unit E when B is the most preferred unit.
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3.3

The development of the approach

We are now ready to develop the model we use in VEA when the DM wishes to
evaluate only existing units. What we technically do is extend the FDH model
to include preference information. We employ convex cones and assume that
the value function is quasi-concave. Because the value function is quasi-convex
for inputs, in order to unify our formulations we replace the input values with
their additive inverses to make them behave as outputs. Denote z = (-x, y). For
k {א1,…, n} consider r < n distinct points z1, z2,…, zr  m+p, a subset of the set
of all given points the indices of which have been redefined in such a way that
zi
zk for i = 1,…, r, i ӆ k. We refer to the unit under consideration by z0.
Unit z0 may be an element of the set {z1, z2,…, zr} or any other unit.
We would like to measure the relative distance of z0 to the indifference curve
passing through the MPU. Consider unit G in Figure 4. We would like to
ȁைீȁ
calculate the ratioȁைீ య ȁ െ the true value efficiency score. Because the contour
of the value function is unknown, we approximate _OG3_ by _OG2_. Inequality
ȁைீȁ
ȁைீȁ
  ȁைீ మ ȁ always holds, i.e. the approximation is less “pessimistic” than the
ȁைீ య ȁ
ȁைீȁ

ȁைீȁ

true one. In the example, ȁைீ య ȁ | 0.63 (Figure 4) and ȁைீ మ ȁ = 0.75. In the sequel
we call this approximation the value efficiency score.
If we further develop model (3.4) and slightly change the notations we
obtain:
max V + H1Ts
s.t.
ࢠ  σୀଵ ߤ ሺ ࢠ
ஷ

(3.5)
െ ࢠ ) - Vw - s = z

ߤ ≥ 0, i = 1, 2, …, r; s ≥ 0, w m+p, w ≥ 0, w ≠ 0,
where H > 0 (“Non-Archimedean“) and 1 = [1, 1, …, 1]T.
This is a typical formulation used in DEA (see, Charnes et al., 1994). Point z
is dominated by cone C(z1,…, zm ; zk ) iff in the optimum of (3.5) either 1) V > 0
or 2) V = 0 and slack vector s ≠ 0. Otherwise z is not dominated by cone
C(z1,…, zm ; zk ) and thus the cone does not provide us with any additional
information about the contour of the value function6. Note that by suitably
locating zeros as elements of w ≥ 0 we get the output- and input oriented
models.
We have assumed in this paper that the DEA and FDH models are output
oriented. If we choose w = (0T, y0) and z = (-x0, y0) we can write an output
oriented model to calculate the value efficiency score with respect to cone
C(z1,…, zm ; zk ). Our final model is as follows:

6
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Note that problem (3.4) does not necessarily have a feasible solution if any wi = 0, i = 1,2, …, m+p.



ି
max σ + H ( σୀଵ ݏା  σ
ୀଵ ݏ ሻ

s.t.
ݕ 

(3.6)
σୀଵ ߤ ሺݕ

െ  ݕ ሻ െ ɐݕ

-

ା
ݏ
= ݕ ,

j = 1, 2, …, p

ି
= ݔ , h = 1, 2, …, m
ݔ  σୀଵ ߤ ሺݔ െ ݔ ሻݏ

ݏା , ݏି ≥ 0, ߤ t 0, j = 1, 2, …, p, h = 1, 2, …, m, i = 1, 2, …, n

H > 0 (“Non-Archimedean“).
The value efficiency score with respect to the cone C(z1,…, zm ; zk ) for the
ଵ
output oriented model can be determined simply as ଵାఙ provided that the
problem has a feasible solution. If we had wished to use an input oriented
model we would have used vector w = (-x0, 0T)
Thus far we have studied one cone. Usually, we have several. Assume we
have q cones Cv, v = 1, 2, …, q. In this case we solve the problem (3.6) for each
cone and choose

V* = max{V _ V as the optimal solution of (3.6) for cone Cv, v = 1, 2, …, q} (3.7),
which is used to calculate the final value efficiency score.
In (3.6) we assume that the value efficiency score is computed for each cone
separately. It is also possible to deal with all the cones simultaneously (see
Appendix 1). Both methods are applicable to small problems, but in the case of
large-scale problems the computational efficiency may be critical. Choosing
between them is a problem requiring numerical tests, which is a topic for
future research.
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4. Analyzing the efficiency of bank
branches

4.1

Analysis of the units

The following investigation into the sales efficiency of bank branches, which
we carried out in collaboration with Helsinki OP Bank, is among the few
studies that specifically analyze branch sales (see also Athanassopoulos, 1998,
Cook and Hababou, 2001, Portela and Thanassoulis, 2007). Like Cook,
Seiford, and Zhu (2004), we use existing units as benchmarks.
Helsinki OP is a retail bank operating in the Helsinki metropolitan area. It
belongs to OP-Pohjola Group, a leading financial service group in Finland. The
bank provides financing, investment, daily banking and insurance services to
private customers and small businesses, and the branch network is an
important channel for the sale of its financial services. The management was
seeking opportunities to improve the sales performance of the branches.
The problem is also discussed in Eskelinen, Halme, and Kallio (2014) as well
as in Eskelinen and Kuosmanen (2013), although from different perspectives:
Eskelinen and Kuosmanen (2013) take an inter-temporal setting and use panel
data, whereas Eskelinen, Halme, and Kallio (2014) attempt to draw an
accurate picture of the units’ relative economic performance and to do
benchmarking from a longer perspective than the bank was accustomed to. In
the present case the management wished to identify the units giving a poor
performance even under the most optimistic assumptions, and thus needed
the most urgent attention. The cross-sectional analysis, based on aggregated
data from the years 2007-2010, covered all 25 branches of the network. The
sales performance of a branch was defined as the value of sales generated in it
by its sales force. The bank wished to identify the units that without doubt and
with no excuses were showing poor performance. These units formed the set of
units that most urgently needed to improve.
The outputs represent the transactional sales volumes of the branches. Sales
are given in two categories covering: 1) financing services and 2) investment
services. The bank considers these two categories the primary ones and they
were used as outputs in the model. Daily banking services including cashier
services were considered a consequence of the sales of these primary services
and were thus excluded from the analysis. Some of the insurance services were
included in investment services, and others in financial services. However, we
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excluded non-life insurances intermediated by the bank. The management
defined the task as output maximization. The branches are assumed to
increase their sales by actively approaching their existing and potential
customer bases. We applied weights provided by the bank’s management in
aggregating outputs from the sales of individual products.
Only one input was employed in the analysis: the work of the sales force. The
management decided to omit other operational costs because they considered
them less significant and mostly non-discretionary to the branch. The input
quantity used is the overall use of work time in sales activity as a full-time
equivalent. It was the bank management that defined the orientation. The
amount of output (sales) could not be considered given. The management
rather encourages the branches to actively search for sales opportunities using
the branch’s resources, pointing out that the use of input orientation would
give a wrong signal to the organization. We calculated the output oriented
FDH efficiency scores (Table 3) to identify the set of units as objects for the
most urgent measures. We explained to the management that they are scores
when the units are compared with each other without any assumptions or
preference information. We found that 12 units of the 25 were FDH efficient.
Next the sales-network management identified B12, B13 and B15 as the best
performing branches (MPUs). The resulting FDH value efficiency analysis was
thus based on the information that branches B12, B13 and B15 were preferred
to all the others. The introduction of value judgments lowered the scores of six
units.
Note that with constant or variable returns to scale the selected MPU B13 is
not efficient, it is convex-dominated – thus a non-convex production
possibility set could be considered justified. We used four-point cones in which
all the other (efficient) units except those three were the vertices. Units B12,
B13 and B15 were thus used to define the cones in which the vertices varied. In
theory we could also have constructed three additional cones consisting of
these three best units, each of them being a vertex of one cone. However, in
this case the managers meant that the three units belonged in the “top”
category and were undoubtedly performing better than the other units.
We solved model (3.6) for each cone and each unit. Two FDH efficient units
turned out to be inefficient when preference information was included, i.e.
dominated by at least one cone. The total score of the six units changed when
the preference information was added to the analysis and the FDH value
efficiency scores were calculated. Note that Unit B3, for example, was almost
FDH-efficient even if it was identified as clearly inefficient in the FDH value
efficiency analysis: this kind of information is considered valuable.
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Table 3. The FDH efficiency scores and the FDH value efficiency scores.

Units

Sales of
financing
services

Sales of
investment
services

Work of
sales
force

FDH
efficiency
scores

FDH value
efficiency
scores

B1

1090

497

26.0

0.924

0.924

B2

2633

1111

47.7

1

0.917

B3

3320

1477

60.7

0.987

0.887

B4

1147

353

25.2

0.972

0.972

B5

1180

540

21.6

1

1

B6

3821

1769

75.5

0.870

0.852

B7

1574

716

36.4

1

1

B8

1171

1004

29.1

1

1

B9

1174

449

22.5

0.995

0.995

B10

1203

568

27.2

1

1

B11

928

384

22.0

0.786

0.786

B12 (MPU)

4393

2210

65.9

1

1

B13 (MPU)

2642

931

38.8

1

1

B14

3362

1505

53.1

1

1

B15 (MPU)

2263

541

26.9

1

1

B16

3619

1541

70.3

0.824

0.824

B17

4163

1594

73.6

0.948

0.947

B18

3075

805

46.7

1

1

B19

5757

2601

93.0

1

1

B20

1763

496

29.0

0.917

0.917

B21

3825

1961

83.1

0.887

0.786

B22

2354

792

42.4

0.891

0.891

B23

5289

3160

104.0

1

0.892

B24

1108

332

24.2

0.939

0.939

B25

743

354

22.4

0.656

0.656

4.2

Management feedback

The branch-network management reviewed our study results as one among a
series of studies covering the branches and their real and potential
performance. Its members had previous experience of DEA analysis with
constant returns to scale (CRS), and when we were discussing the scale
assumptions they remarked that the CRS assumption could be problematic.
In the course of our conversations the managers indicated that they liked the
idea of first identifying the units that were inefficient from even the most
optimistic perspective. They found the process of providing preference
information easy and its use justified. The bank ranks growth highly in its
strategy, and believes that the benchmarks could play an important role in
boosting efficiency in the branches. The management planned to review the
inefficient units in two phases. First they would consider units that were
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inefficient in FDH, in which the improvement needs were most urgent.
Second, they would look at the units that were FDH efficient, but not so
efficient when management preference was taken into consideration: they
needed improvement in order to approach the benchmark performance.
Having looked closely at the data and the results they made the following
remarks:
x Comparison of the other branches to B5 seems unfair given that its
efficiency is based on one super-salesperson who is responsible for
most of the branch’s sales. That outlier needs to be removed.
x Branch B25 should also be removed due to its young age and the fact
that it had started from scratch.
x It is hard to confirm the efficiency of unit B10: it is the same size as
unit B15, produces about the same amount of investment services but
almost 50 per cent less of financial services.
The management view was that in the hands of a knowledgeable DM who
was familiar with the branch network the analysis tool would work well in
terms of efficiency assessment. Given that the new organization was
implemented as recently as 2011, it was suggested that the analysis should be
repeated approximately two years after that date.
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5. Discussion and conclusions

In this paper we developed a new approach to value efficiency analysis, which
questions the convexity of the production possibility set. This can occur when,
for example:
1. The DM is willing to use only existing units for evaluation and
comparison or
2. The DM names a convex-dominated point as the MPU.
The authors have frequently encountered both conditions in real problems,
not least in our bank branch application. VEA cannot deal with nost preferred
solutions that are inefficient with respect to the DEA model used. If, for
example, a convex-dominated unit not dominated by any other unit is chosen
as the MPU, it is only reasonable to suspect the convexity of the production
possibility set.
Our aim is to develop a sound theory that takes into account the fact that the
DM may well wish to evaluate only existing units when providing preference
information in DEA. Our approach adopts the FDH model framework and the
analysis is based on convex cones, which are used to approximate the contours
of the value function passing through the most preferred unit (MPU). The
value function is assumed to be quasi-concave for outputs and quasi-convex
for inputs. The original VEA (Halme et al., 1999) employed a pseudo-concave
value function for outputs and a pseudo-convex function for inputs.
The construction of convex cones requires preference information from the
DM. As a result of our analysis we obtained scores that we call FDH value
efficiency scores. Different orientations of the FDH model (e.g., input or
output) can be applied.
There are various ways of collecting preference information from the DM:
x Identify the MPU
x Rank a sub-set of units
x Name a set of excellent units that are better than the remaining ones
x Make pairwise comparisons between the units.
We applied our approach to the analysis of bank branch performance, in
collaboration with bank management. The feedback was very positive: the
managers felt that it gave them a holistic view of the different branches.
The FDH model is attractive as it can always be used as the optimistic
evaluation. However, its discriminating capabilities are weak if the number of
units is small compared with the total number of inputs and outputs. Hence,
the possibility of supplementing preference information in the model under a
25

usually non-restrictive assumption about the DM’s value function could be
considered welcome, even when the FDH model is the starting point of the
analysis. We are not aware of any other procedures that would allow the
inclusion of preference information in FDH.
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Appendix 1

We formulate a model that makes it possible to incorporate all the preference
information of different cones into one model. Assume we have q cones Cv =
C(ࢠ࢜ ,…, ࢠ࢜࢘ ; ࢠ࢜ ), v =1, 2, …, q. For each cone we introduce a binary variable
tv, v = 1, 2, …, q, with the coefficient “big M”, and require that the sum of the
binary variables is q-1.To calculate the value efficiency scores we solve the
problem:
max V
s.t.
௩

ೝ
ࢠ௩ೖ  σ ୀଵ
ߤ௩ ሺ ࢠ௩ೖ െ ࢠ௩ ) - Vwv + Mtv ≥ z

ஷ௩ೖ

σ௩ୀଵ ݐ௩ ൌ  ݍെ ͳǡ ݐ௩ ൌ Ͳǡ ͳǡ  ݒൌ ͳǡ ʹǡ ǥ ǡ ݍ
ߤ௩ ≥ 0, i = 1, 2, …, rv, wv  m+p, wv ≥ 0, wv ≠ 0, v = 1, 2, …, q.
If in the optimum tv = 0 then 1/(1+V) is the efficiency score. If the model has
no feasible solution, then no cone dominates vector z.
Consider the problem in Figure 4 and the calculation of the FDH value
efficiency of unit G. The DM named B as the most preferred unit. On this basis
we could generate four relevant cones: C(A,B;A), C(B,C;C), C(B,D;D) and
C(B,E;E). We ignored the dominated units. Observing that the inputs can be
omitted, in order to calculate the score of point G we solve the optimization
problem presented above setting wv = [2.6, 4.5]T (outputs of G), v = 1,…, 4.
In the optimum the binary variable corresponding to the cone C(B,C;C), tC =
0. We can conclude that this cone includes a point that dominates G, namely
(1, 3.4, 6.0). In the optimum V = 0.340. Hence the best approximation for the
value efficiency score is 0.75 (= 1/(1+0.340)).
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a b s t r a c t
The primary role of a bank branch is evolving from a service provider towards a sales channel. Previous
branch-level studies of sales efﬁciency consider a static setting of a single time period, ignoring the stochastic nature of sales outcomes. In this paper, we examine efﬁciency and performance of sales teams in a
bank branch network over time, taking into account the changing demand and operational conditions, as
well as random disturbances. The intertemporal sales frontier is estimated from the panel of monthly
data over the years 2007–2010 using the stochastic semi-nonparametric envelopment of data (StoNED)
method. The efﬁciency scores of sales teams and the trajectories of performance over time allow managers and the sales force to learn from past events and to develop the managerial and work practices across
the network. While this study focuses on the case of a speciﬁc bank, some of the innovative features of
our approach are applicable to sales efﬁciency assessment in other banks and ﬁnancial institutions, as
well as other network-based sales organizations.
Ó 2013 Elsevier B.V. All rights reserved.

1. Introduction
Performance of banks and other ﬁnancial institutions is one of
the prime application areas of productive efﬁciency analysis (see,
e.g., Berger and Humphrey, 1997; Fethi and Pasiouras, 2010; and
Paradi and Zhu, 2013, for reviews). While most studies focus on
the institutional level, efﬁciency analysis at the bank branch level
has been a vital ﬁeld for improving managerial performance of
ﬁnancial institutions (see, e.g., Asmild et al., 2013). Branches have
a dual role in contemporary retail banking. They provide quality
service to the clients and they are an important sales channel to
sell ﬁnancial services and engage new clients. As the transactional
services have predominantly become customer self-services via
internet banking and automatic teller machines, the sales role of
branches has become increasingly important for retail banks.
The sales role of bank branches has attracted some attention in
the bank efﬁciency literature. Athanassopoulos (1998) evaluated a
branch network in the dual role and used concept of market efﬁciency, focusing on the capability of the branches to use market potential to generate a new customer base and new sales. Cook et al.
(2000) proposed an approach to handle the shared resources be⇑ Corresponding author. Address: Aalto University School of Business, Runeberginkatu 22-24, POB 21220, 00076 Aalto, Helsinki, Finland. Tel.: +358 943 131;
fax: +358 943 138700.
E-mail address: timo.kuosmanen@aalto.ﬁ (T. Kuosmanen).
0378-4266/$ - see front matter Ó 2013 Elsevier B.V. All rights reserved.
http://dx.doi.org/10.1016/j.jbankﬁn.2013.03.010

tween sales and service activities, which enabled efﬁciency evaluation of sales activity, and applied this approach to evaluate both
activities in bank branches. Portela and Thanassoulis (2007) evaluate operational efﬁciency of the bank branches of the post-internet
era with a focus on sales outcomes. These studies are cross-sectional, restricted to a single time period.
Another line of bank branch studies analyzes development of
efﬁciency over time. Portela and Thanassoulis (2006, 2010), Camanho and Dyson (2006), and Asmild and Tam (2007) have proposed
methodological developments applied to bank branch networks.
Gaganis et al. (2009) analyzed the efﬁciency development under
different conditions in which the branches operate. In the ﬁeld of
organizational research, Bartel (2004) has studied the relation between the growth of deposits and lending and the local managerial
practices. Stanton (2002) conducted a micro-level study on the
performance of relationship managers of a bank over 6 years.
Drawing from these two lines of bank studies, in this paper, we
focus on the sales function of bank branches, with the aim of
assessing intertemporal efﬁciency and performance development
of the sales teams that operate within branches of a speciﬁc bank.
Our study is a real-world managerial application, conducted in
close collaboration with Helsinki OP Bank, a regional retail bank
belonging to OP-Pohjola Group, one of the leading ﬁnancial service
providers in Finland. The primary objective of this study is to estimate efﬁciency differences across sales teams and gain better
understanding of the drivers of good performance, in order to help
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bank managers both at branch and overall bank network levels to
make better decisions. Therefore, the objectives, scope, methods,
data, and variables have been discussed with and approved by
the management of the branch network, to match the information
needs and the organization of the bank.
The secondary objective of this study is to propose a novel perspective on intertemporal efﬁciency and performance analysis, together with some innovative methodological solutions, which are
directly applicable to sales efﬁciency assessment in other banks
and ﬁnancial institutions, as well as other sales networks or chains.
We recognize that our approach is tailored for the purposes and
circumstances of Helsinki OP Bank, and that not all of our assumptions and model speciﬁcations are necessarily relevant in all other
bank applications. However, our approach has several novel features that can be replicated elsewhere. The methodological contributions of this paper include the following:
(1) Axiomatic, semi-nonparametric modeling of the intertemporal benchmark technology.
(2) Explicit modeling of changing operational conditions.
(3) Explicit modeling of random noise.
Regarding the ﬁrst contribution, the previous literature on productive efﬁciency analysis can be classiﬁed into the parametric and
nonparametric approaches, where the former approach mainly applies the stochastic frontier analysis (SFA; Aigner et al., 1977;
Meeusen and Van den Broeck, 1977) and the latter one adheres
to data envelopment analysis (DEA; Farrell, 1957; Charnes et al.,
1978). Both approaches have been applied in the efﬁciency analysis of banks and other ﬁnancial institutions (e.g., DEA has been applied in Sherman and Gold, 1985; Berg et al., 1993; Mukherjee
et al., 2001; Banker et al., 2010; SFA has been applied in Cuesta
and Orea, 2002; Bos and Kool, 2006; Bos and Schmiedel, 2007;
Fenn et al., 2008; Feng and Zhang, 2012; among others). In this
study, we resort to the axiomatic, semi-nonparametric StoNED
method (stochastic semi-nonparametric envelopment of data), recently developed by Kuosmanen and Kortelainen (2012) (the
immediate predecessors include Kuosmanen, 2008; Kuosmanen
and Johnson, 2010; Johnson and Kuosmanen, 2011, 2012). This
method combines the axiomatic, non-parametric DEA-style frontier with the stochastic, probabilistic treatment of inefﬁciency
and noise similar to SFA.1 In fact, both DEA and SFA can be obtained
as restricted special cases of the more general StoNED model. To our
knowledge, this study is one of the ﬁrst applications of StoNED in an
intertemporal setting involving multiple time periods, and the ﬁrst
application of the StoNED method to banks.2
As for the second contribution, we must emphasize that sales
do not occur in isolation in the bank, but are jointly produced with
the sales personnel and the customer. It is obvious that demand for
loans and investment products inﬂuences the sales performance.
The operating environment of the sales teams changed rapidly during the ﬁnancial crisis of 2008 and the subsequent recovery. In order to assess performance and efﬁciency of sales teams during such
turbulent times, we have to take the operating environment and
the changing demand conditions explicitly into account. In this paper, we describe one possible approach that seems to work well in
the present application, and that could be useful, perhaps in a
modiﬁed form, in other applications.
Thirdly, it is obvious that sales activity is a random process that
does not always result in the desired sales output. There may be

1
In the bank efﬁciency literature, Post (2007) can be recognized as one of the ﬁrst
attempts to combine the SFA-style with the DEA-style axiomatic framework.
2
Previous published applications of the StoNED method are in the areas of
agriculture (Kuosmanen and Kuosmanen, 2009), electricity generation (Mekaroonreung and Johnson, 2012) and electricity distribution (Kuosmanen, 2012).

omitted factors, such as competence and motivation of the sales
personnel, which may differ across sales teams and change over
time, but which are very difﬁcult to measure and take explicitly
into account in performance analysis. Due to the random nature
of the sales activity and the fact that our data may be subject to
omitted factors, measurement errors, and other noise, we ﬁnd it
important to model the random noise explicitly in our model.
The empirical results of this paper suggest that the stochastic,
semi-nonparametric approach is well suited for modeling service
provision with random demand ﬂuctuations and changing operational conditions. The chain managers of Helsinki OP Bank conﬁrm
that they ﬁnd the results credible, easy to understand, and useful
for performance assessment.
The rest of the paper is organized as follows. Section 2 describes
the operational model of the sales teams and introduces the input
and output variables used in our analysis. Section 3 introduces our
model of intertemporal sales efﬁciency. Section 4 discusses the
estimation method. Section 5 describes the data and reports the
main results and managerial insights. Section 6 draws concluding
remarks and suggests avenues for further research. Supplementary
materials to this article include a detailed description of the collaborative research process with the bank (Appendix 1), development
trajectories of all evaluated sales teams (Appendix 2), more detailed results of the heteroskedasticity tests (Appendix 3), and
the GAMS code used in the computations (Appendix 4). These
materials are provided online at http://dx.doi.org/10.1016/
j.jbankﬁn.2013.03.1044.010.
2. Operational model of the sales teams
We have worked in close co-operation with the branch network
management of Helsinki OP Bank to set the objectives and to deﬁne the inputs, outputs, and assumptions required for sales efﬁciency assessment. The study also included ﬁeld visits to some of
the branches, to interview managers and advisors, to get understanding about the sales practices. Finally, the results were discussed with the branch network management. In this section we
brieﬂy describe the operational model of the sales teams in Helsinki OP Bank and its operating environment. A more detailed
description of the research process and the collaboration with
the bank is presented in the Supplementary material.
2.1. Retail banking market in Finland and in Helsinki metropolitan
area
The Finnish banking sector was hit hard by the bank crisis and
recession in the early 1990s, caused by the sudden liberalization of
the previously regulated ﬁnancial markets, and the disintegration
of the Soviet Union, a major trade partner of Finland at that time
(see e.g., Jonung et al., 2009). The crisis resulted in a heavy consolidation of the banking sector during 1993–2000. Today, the Finnish
banking sector is dominated by three large bank groups. According
to the statistics of the Federation of Finnish Financial Services
(FFFS, 2011), the three largest bank groups had approximately
90% of the total assets of the banking sector, and 75% of the loan
and deposit markets in 2010. Parallel consolidation has taken place
in other Nordic countries, involving several mergers across borders. The banks have also expanded to insurance markets through
mergers and acquisitions. Further, insurance companies and even
supermarket chains have started to provide banking services.
Information technology (IT) is another major factor that has
strongly reshaped the retail banking sector in recent decades. At
the end of 2010, the number of personal online service contracts
was 5.24 Million (FFFS, 2011), which covers almost the entire population (5.38 Million). Only 3% of the bank customers in Finland
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used bank branches as their primary invoice payment method in
2010, while another 5% used bank branches occasionally. As a result of the rapid adoption of ICT and consolidation, approximately
half of the bank branches and employees were wiped out in the
past two decades (FFFS, 2011).3
Today, the role of bank branches has evolved to a sales channel
where dedicated sales professionals work in sales teams. Access to
international credit markets has made banks less dependent on the
deposits. According to the statistics of the Bank of Finland, the
deposits covered 68% of the loans in the Finnish banking sector
at the end of 2010. The interest margins have been low, increasing
the relative importance of other non-interest sources of income. In
2010 the non-interest income exceeded the net-interest income in
Finnish banks (FFFS, 2011). Today, a signiﬁcant part of the noninterest incomes come from the fees and commissions of various
services such as insurances and investment services. In these circumstances, the objectives of the sales teams include attracting
new customers and expanding the customer base, but also retaining the existing customers and providing them with additional
services.
OP-Pohjola Group is the leading domestic bank group in Finland, with approximately 33% of the market share in the loan base
and deposits (FFFS, 2011) and 23% share in the fund management
assets (Financial Supervisory Authority Finland, 2010). OP-Pohjola
Group consists of more than 200 local cooperative retail banks and
the central institution, Group Central Cooperative. The Group Central Cooperative supports, supervises and steers the local banks.
Our case bank, Helsinki OP bank, is an exception among the local
banks in the group. It is a direct subsidiary of the Group Central
Cooperative of OP-Pohjola Group. It started during the recovery
phase of the bank crisis in 1996 when the co-operative bank group
made a decision to merge the healthy parts of the co-operative
banks operating in the Helsinki metropolitan area.
Helsinki OP Bank provides ﬁnancing, investment, and insurance
services through bank branches, call centers, and internet banking.
Typical customers are households and small businesses in the Helsinki metropolitan area, with the total population of 1,045,000
inhabitants at the end of 2010 (Helsinki Region Infoshare). According to the Finnish Environmental Institute (SYKE, 2012), the Helsinki metropolitan area (consisting of four municipalities –
Helsinki, Vantaa, Espoo and Kauniainen) forms a single entity for
business, working, retail and transport. The market research data
on the use of banking services supports this view. The market research company TNS Gallup Oy studied the use of banking services
by the Finnish households in 2010–2011 (the sample size in the
Helsinki region was approximately 6000). According to the survey,
most respondents had used a bank in their own municipality (Helsinki 85%, Kauniainen 75%, Espoo, 71%, Vantaa 69%), but not necessarily the closest branch or a branch in the immediate
neighborhood of home. The center of Helsinki is a major working
and shopping area, where 26% of all households of the metropolitan area use their banking services. In the largest suburban neighborhoods of Espoo, for example, only 50–60% households use their
local branch. The metropolitan area also attracts customers from
the neighboring municipalities. For example, 29% the households
of the neighboring town Kirkkonummi are customers to bank
branches located in Espoo or Helsinki.
The geographic distribution of the branch network of Helsinki
OP Bank is illustrated in Fig. 1. The sales model of the bank reﬂects
the nature of the Helsinki area as a single market and the consumer
behavior. The center of Helsinki where a large number of people
3
The rapid decline in the number of branches in Finland is not uncommon in
Europe. In contrast, a large proportion of North American customers still visit their
bank branches and the number of branches has shown a steady increase in the U.S.
and Canada (see, e.g., the recent survey by Paradi and Zhu, 2013).
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work has a high density of branches, while only a few branches
are located in the suburban areas of Espoo and Vantaa. We emphasize that there are no speciﬁc sales regions for branches, but all
branches operate in the single market of the Helsinki region. Further, note that the call center plays an important role in assigning
the sales force to customer meetings according to the customer’s
preferences. A customer is free to pick any branch that is located
near home, ofﬁce, or a favorite shopping center.
2.2. Units under evaluation
Today the main purpose of the bank branch is to serve as a sales
channel for services. Performance of individual advisors and
branches is evaluated predominantly by their sales results. The local leaders have an essential role in the performance management
by coaching their teams, involving people in collaboration, and
developing work practices. The sales performance evaluation has
been based primarily upon following up semiannual targets. The
longer-term performance evaluation has, so far, been mainly intuitive, and according to the branch network management, lacking
quantitative facts. The aim of this study was to assess the managerial efﬁciency over several years.
The units under assessment are the sales teams of the bank
branches. These sales teams comprise front-line sales persons
called advisors. The sales work is collaborative; the team shares
sales targets and incentives are based upon team performance.
The sales teams are attached to a branch. The branches also have
other activities, such as cashier services, which are not in the scope
of this efﬁciency analysis. The speciﬁc service points were included
in their host branch because they share the management and
frontline sales force with the host branch. The sales teams of
new branches established during the period were excluded.
The sales teams of the 22 branches under evaluation were clustered in two subsets: the sales teams operating in large branches (7
branches), and the teams operating in small and medium-size
branches (15 branches). The clusters differ not only in terms of
the size of sales team, but also in their operational model. Large
branches have specialized sub-teams for investment and ﬁnancing
services, whereas small and medium-size branches operate as a
single team where employees substitute each other in their daily
work. In smaller branches, the managers are strongly involved in
the direct sales activity.
In the following, we will index time periods by t = 1, . . . , T. The
sales teams in a cluster are indexed as i = 1, . . . , I. We denote the total number of observations in a cluster by n = I  T.
2.3. Input and output indicators
The bank management evaluates performance of sales teams in
terms of multiple objectives, including customer loyalty and the
market share within the Helsinki metropolitan area. Since the local
OP banks within OP-Pohjola Group are cooperative banks owned
by the customers, it is difﬁcult to translate the stated objectives
to formulate explicit behavioral hypotheses that would be applicable to efﬁciency analysis of sales teams. In our interpretation, the
overall long-term goal of the sales teams is best described as the
maximization of proﬁtability, taken here as the ratio of sales to resources. Note that the notion of proﬁtability in production economics is directly analogous to return on investment, the
standard performance metric in ﬁnance.
The recent survey of bank branch efﬁciency and performance
studies by Paradi and Zhu (2013) ﬁnds signiﬁcant diversity among
the surveyed studies in terms of the input/output selection. The
choices of input and output indicators seem to be highly dependent on the market environment, the sales model of the bank,
and also the data availability. We refer to Paradi and Zhu (2013)
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Fig. 1. Geographic locations of the bank branches in the Helsinki metropolitan area in 2010.

for a detailed discussion of the inputs, outputs, and model speciﬁcations employed in the recent literature on bank branch efﬁciency
and performance. In general, identifying appropriate input and
output indicators to reﬂect the contemporary banking practices
is recognized as a major challenge.
In this study, we use the transactional sales volumes of banking
services as the output variables. These transactional sales volumes
reﬂect both the increase of customer base and successful sales to
existing customers. More speciﬁc division of various sales objectives such as increased market share or customer loyalty would
be insightful but left from the scope for further development.
The total sales of banking services in the case bank can be divided
into two main groups of ﬁnancing services and investment services, which are considered as primary sales. Daily services were
considered to be a consequence of primary sales, and were thus excluded from the analysis. The various insurance services were included either in the ﬁnancing or investment services, depending
on their nature. Non-life insurance services were not included because they are not sold by the same sales teams as the banking services considered here.
The two output variables considered in our performance assessment represent the aggregated volumes of these two service
groups: y1 denotes the ﬁnancing services and y2 denotes the
investment services. These two outputs consist of several individual services, which have been aggregated by using coefﬁcients provided by the bank. These coefﬁcients reﬂect the long-term return
of each service compared to the other services within the same service group. The outputs represent transactional volumes, which
the management considered to be more appropriate for the performance analysis than monetary volumes.
It is worth noting that the ﬁnancing services consist of different
types of bank loans, which involve several types of risks from the
point of view of the bank. It would be very important to take the

risk into account in the efﬁciency assessment of a bank network
as a whole. However, this study focuses on the sales teams. The
bank follows strict authorization policies for local credit decisionmaking. Thus, the team managers cannot boost sales by offering
cheap credit to risky clients. Hence, the risk associated with ﬁnancing services is excluded from our analysis.
The investment services consist of insurance savings and mutual funds. New saving accounts would be also considered as
investment services. Majority of the saving accounts are ﬁxed-term
saving accounts. Before the ﬁnancial crisis of 2008, the saving accounts were not seen as an important sales outcome. However,
as the funding from the interbank market has become more uncertain and expensive since 2008, the ﬁxed-term saving accounts are
now included as one of the sales targets. Unfortunately, the precrisis practices of recording new ﬁxed-term saving accounts (considered as sales) and renewals (considered as services) differ from
one team to another, and hence the bank management considers
the data for sales of new saving accounts too unreliable to be included in efﬁciency analysis.
As the input factor, we use the cost of controllable resources c,
which is calculated based on the working time (full-time equivalent) of the sales force in different job roles. The job roles included
in the sales force are three different advisor roles in direct customer work, shared senior advisors whose work was allocated to
them, and local management whose main role is to lead sales activity. Work required by cashier desks has been excluded. The working times are converted to monetary values using standard unit
costs of different job roles. The unit costs depict the average salaries of the job role, and they are the same across all periods and
all sales units.
The input factor used in our analysis does not include any measure or indicator of the physical capital stock, which is a standard
input variable in productivity and efﬁciency analysis. In the
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present context, it is difﬁcult to obtain meaningful and reliable
data on the capital inputs of the sales teams. However, we ﬁnd it
reasonable to assume there are no signiﬁcant differences in the
capital intensity across sales teams. All sales teams have access
to similar ICT equipment, software resources, and ofﬁce facilities,
provided by the bank. Thus, any meaningful measure of physical
capital would likely be perfectly correlated with the labor cost variable c. Hence, we do not believe that the omission of the capital
input results in any systematic bias in our estimates.
2.4. Time horizon and contextual variables
The time horizon of our study spans 4 years, 2007–2010. The
bank operated 22 branches throughout this period. Three new ones
were established in the middle of the period, but these three were
excluded from efﬁciency analysis. The management was interested
in identifying good practices implemented, and in assessing the effects of managerial changes and other events on the development
trajectories of sales performance. Thus, the analysis was conducted
using monthly data. A relatively high frequency was considered
necessary to separate the effects of internal managerial changes
from external events such as the ﬁnancial crisis of late 2008. The
changing demand conditions create a need to control for the
changing operating environment.
Various possibilities for modeling the changing demand and
operational conditions have been considered, including the use of
time trends and periodic dummy variables. However, these techniques were found unsatisfactory in our empirical tests. Our preferred solution is to apply the total monthly sales of the entire
chain as indicators for the sales environment. We denote these
P
indicators by z1 ¼ 25
i¼1 y1i (total sales quantities of ﬁnancing serP25
vices) and z2 ¼ i¼1 y2i (total sales quantities of investment services). These contextual variables include both the large branches
and the small and medium sized branches, as well as three recently
established branches that were excluded from efﬁciency analysis,
and thus i = 1, . . . , 25. These contextual variables change over time
but are the same across all sales units. This was considered appropriate, because all units operate in the same market in the same
limited geographical region. These contextual variables also capture seasonality related to the demand.
The sales force is also subject to continuous development and
intertemporal ﬂuctuations. For example, the development of
shared services with the bank group has impacted the prospecting
work and the time available for customers. Enhanced call center
and internet services have taken parts of the early phases of sales.
There is also seasonality, including vacations and holidays, affecting the use of the work force. The factors related to the need for
a sales force are estimated by using a third environmental variable
P
z3 ¼ 25
i¼1 ci (total cost of sales force).
Other contextual variables, such as demographic indicators of
the neighborhoods of branches, were considered unreliable. Bank
management emphasizes that the sales teams do not have clearly
deﬁned territories, because all teams operate in the same metropolitan area with mixed customer ﬂows between living, working,
and shopping environments.
3. Intertemporal sales efﬁciency model
There are three main approaches to examining efﬁciency in
banking: production, intermediation, and proﬁtability approaches
(e.g., Paradi et al., 2011). These approaches assume different objectives related to the units under assessment and therefore use different inputs and outputs. The production approach sees the
units using inputs (such as labor, capital, and space) to generate
output services such as loans, deposits, and insurance. The inter-

mediation approach considers the unit as an intermediary that collects funds for loans and other income-earning activities (see
Sealey and Lindley, 1977). The proﬁtability approach by Berger
and Mester (2003) examines how efﬁciently a unit uses its cost factors of inputs to create revenues from outputs.
In the sales efﬁciency literature, the unit under assessment is
seen as a part of the ﬁrm’s sales function, and it uses sales resources to generate sales outcomes (see, e.g., Mahajan, 1991).
The sales and marketing literature typically uses the notion of
the sales response function (e.g., Hanssens and Parsons, 1993).
The sales response function deﬁnes how the inputs and external
events connect to the sales outcomes. In the following, we present
and discuss our approach to efﬁciency analysis of sales teams.
We characterize the benchmark performance for sales using the
cost frontier model

cit ¼ Cðyi;t Þ  hðzt Þ  expðui;t þ v i;t Þ;

i ¼ 1; . . . ; I; t ¼ 1; . . . ; T

where C is the frontier cost function, h(zt) is a parametric function
that depicts the effect of the sales conditions zt = (z1t, z2t, z3t), ui,t is
a random variable representing cost inefﬁciency of the sales unit i
during period t, and vi,t is a stochastic noise term that captures
the effects of measurements errors, omitted variables, and other
random disturbances. We denote by ei,t = ui,t + vi,t the composite error term that combines both inefﬁciency and noise. We next examine the motivation and the rationale behind this model in more
detail.
The cost function C(y) deﬁnes the minimum cost of providing
services y = (y1, y2), which provides the best-practice benchmark
for the performance assessment of sales teams. Recall that the input prices used in this study are constant across all periods and
sales units, and are hence omitted from the cost function. In the
present context, we interpret the cost function as a dual representation of the sales response function, which is commonly used in
the marketing literature. It is well established in duality theory
that the cost function is an equally valid representation of production technology as the conventional production function, or some
type of distance function (e.g., Färe and Primont, 1995; Kuosmanen, 2003). In contrast to a common misconception, the cost function does not necessarily imply or necessitate a particular
behavioral hypothesis, such as cost minimization. The duality does
not require any behavioral assumptions.
We do not assume a speciﬁc functional form for C, but impose
the following axioms:
(1) C is monotonic, increasing in all outputs y.
(2) C is convex.
In addition to these two maintained assumptions, we will also
consider (and test statistically) the third common axiom describing
returns to scale (RTS):
(3) C exhibits constant returns to scale (CRS).
We report most empirical results both under CRS and under
variable returns to scale (VRS). The CRS assumption is discussed
in more detail in Section 6.1, where we subject it to empirical test.
Following Tulkens and Vanden Eeckaut (1995), we use the term
intertemporal to refer to the fact that the same cost function C is applied over all time periods. To model temporal changes in the demand and operating environment, we apply a parametric function

hðzt Þ ¼ expðc0 zt Þ;
where coefﬁcients c are constant across sales teams and time periods, and are estimated from the data. We next proceed to the
description of the estimation method.
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4. Estimation method
To estimate the model described in the previous section, we apply the following StoNED estimator. We denote the marginal costs
of outputs y by vector b. We minimize the sum of squares of residuals (denoted by ~e) by solving the following least squares problem:

min
b;c;~e

I X
T
X
~e2i;t

In order to estimate the long-term cost frontier, we follow the
ﬁxed effects approach suggested by Schmidt and Sickles (1984),
also discussed in Kuosmanen and Kortelainen (2012). In this approach, the sales team with the largest average distance from the
average performance level is taken to represent the best long-term
performance and to serve as a benchmark for other teams. Computing the average performance of unit i as

 ¼
d
i

i¼1 t¼1

X expð~ei;t Þ
T

subject to
ln ci;t ¼ lnðai;t þ b0i;t yi;t Þ þ c0 zt þ ~ei;t

i ¼ 1; . . . ; I; t ¼ 1; . . . ; T

ai;t þ b0i;t yi;t P aj;w þ b0j;w yi;t

i; j ¼ 1; . . . ; I; t; w ¼ 1; . . . ; T

bi;t P 0

i ¼ 1; . . . ; I; t ¼ 1; . . . ; T

This nonlinear programming problem can be interpreted as a
least squares regression problem where the regression equation
consists of a nonparametric and a parametric part (see Johnson
and Kuosmanen, 2011, 2012; and Kuosmanen and Kortelainen,
2012, for a more detailed discussion). In contrast to linear regression, the coefﬁcients a, b are speciﬁc to each unit and time period.
The CRS assumption is imposed by setting ai,t = 0 for all i = 1, . . . , I;
t = 1, . . . , T. The b coefﬁcients can be interpreted as marginal costs of
outputs, characterizing the tangent hyperplanes to the cost function C. The system of inequality constraints is referred to as Afriat
inequalities in honor of Afriat (1972). Estimated a, b coefﬁcients
characterize a piece-wise linear cost frontier, which provides a
consistent estimator of EðcjyÞ (Seijo and Sen, 2011; Lim and Glynn,
2011).
The parametric part of the regression equation containing the
contextual variables z is directly analogous to standard OLS. Modeling of z-variables has attracted considerable attention in the recent literature of productive efﬁciency analysis. In the DEA
literature, the shortcomings of the two-stage approach, where
DEA efﬁciency estimates are subsequently regressed on the z-variables, have become evident (Simar and Wilson, 2007).4 In this respect, we must emphasize that the StoNED method does not
require that the z-variables are uncorrelated with the explanatory
variables (here outputs y) (Johnson and Kuosmanen, 2011, 2012).
In contrast to two-stage DEA, the nonparametric and parametric
parts of the model are jointly estimated, and hence the correlations
between y and z are explicitly taken into account in the estimation of
the frontier. In the present application, the z-variables represent the
overall trends in the inputs and outputs, calculated as the monthly
totals of all sales teams, and thus it is obvious that z and y are correlated across different time periods. Indeed, we see the ability of the
StoNED method to deal with such correlations as one of its main
advantages relative to conventional DEA methods.
Cost efﬁciency is deﬁned as the ratio of the minimum cost to the
actual cost. Thus, we measure the periodic performance of the sales
unit di,t as:

di;t ¼ expð~ei;t Þ
Even though the distance from the average performance di,t
could be interpreted as an indicator of performance, it represents
the ratio to the average performance. In the spirit of the frontier
techniques of efﬁciency analysis, we should compare the performance to the efﬁcient frontier.
4
Another approach to model z-variables in the nonparametric fashion is to resort
to the robust order-m or oder-alpha frontiers (see Daraio and Simar, 2005, 2007a,b;
Bădin et al., 2012). In this approach the z-variables are modeled in a fully
nonparametric fashion: no parametric model of z-variables is imposed. This can be
an advantage (e.g., if one is mainly interested in the efﬁciency estimates) or a
disadvantage (e.g., if one is mainly interested in estimating the effects of z-variables
on the dependent variable or performance). Despite the greater robustness to outliers,
the robust frontier models do not assume any explicit model of noise.

;

the benchmark is obtained as

 ¼ maxðd
 Þ:
d
i
We then adjust the average performance level of the sales unit
to match the average performance of the benchmark, analogous to
Schmidt and Sickles (1984). The average efﬁciency of unit i is


d
i
Effi ¼ 
d
This efﬁciency measure represents the average efﬁciency of unit
i during the time period considered. Note that the residuals (~e) contain both inefﬁciency and noise, but averaging the residuals over a
period of 48 months, the effects of a symmetric noise term are

effectively canceled out. The resulting performance measure d
i
captures the average efﬁciency of unit i. This measure is normalized relative to the best performing unit in the sample, to restrict
the efﬁciency scores within the interval (0, 1). There are other possibilities to specify the best practice benchmark, but the average
 ) was considered to be the most
performance of the best unit (d
practical approach for the purposes of this study. For the managers
of the branch network, the average performance of the best unit
forms a natural and understandable benchmark, which facilitates
the discussion of results and setting achievable performance
targets.
Besides the average efﬁciency, the bank management is particularly interested in the development of sales performance over
time. To this end, we assess the performance of unit i in period t
by the following performance metric:

Perfi;t ¼

expð~ei;t Þ

d

This measure takes into account the periodic changes in the input and output factors, as well as the changing operational environment represented by the contextual variables z. Thus, this
measure represents performance differences that cannot be explained by the observed data. We must stress that this sales performance metric captures both inefﬁciency and noise, and it should
not be interpreted purely as an efﬁciency measure. However, since
the symmetric noise term is assumed to have a time invariant zero
mean, the periodic performance measure can help us to identify
efﬁciency improvement or deterioration at sales team level.
Although the performance measure is normalized relative to the
long-term benchmark, the periodic performance score may exceed
a value of one in some months, due to an exceptional situation or
just pure luck in a small unit.
5. Data, results, and managerial insights
5.1. Data
The application used proprietary panel data from the databases
of the bank. The descriptive statistics of input, output, and contextual variables are presented in Table 1. The number of observations
(the number of units multiplied by months) is indicated by n. The
unit of measure for costs in the table is equivalent to a standard
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Table 1
Descriptive statistics of the input, output, and contextual variables.
Variables

n

Average Std. dev. Min

Sales teams of large branches (7 units)
c cost of sales force
336
y1 sales of ﬁnancing services
336
y2 sales of investment services
336
Sales teams of small and medium-size
c cost of sales force
y1 sales of ﬁnancing services
y2 sales of investment services
Contextual variables
z1 total sales of ﬁnancing services
z2 total sales of investment services
z3 total cost of sales force

Max

Table 2
Descriptive statistics of the output shadow prices (b coefﬁcients) and the coefﬁcients
of determination.
Average St. dev. Median Mode Min

20.3
87.0
44.1

4.15
27.90
18.19

8.5
36.6
9.6

34.1
198.8
135.6

branches (15 units)
720
8.9
3.34
720
38.9
20.35
720
16.4
10.06

2.7
5.7
0.8

27.2
112.1
70.6

48 1226.2
48 567.4
48 284.2

238.76
123.63
23.47

810.3 1905.3
357.0 829.6
214.5 321.0

full-time work month. The unit of measure for output is sales
transactions. We note in Table 1 that the input variable has been
relatively stable compared to outputs that show high volatility
over time.
5.2. Estimated coefﬁcients
The StoNED estimator presented in Section 4 was computed
using the GAMS software and the NLP solver MINOS (see the website http://nomepre.net/index.php/computations for further details). The GAMS code used in the computations is provided in
the Supplementary material (Appendix 4). We present the main results in the following order. We start with some descriptive statistics of the estimated coefﬁcients b and c, and proceed to the
graphical representations of the output frontiers and their periodic
changes in selected months. We then examine the efﬁciency estimates, starting with the summary statistics of the unit-speciﬁc
efﬁciency scores, and proceeding to the development of efﬁciency
in some selected units.
Descriptive statistics of estimated coefﬁcients of the output
variables (b coefﬁcients) and the coefﬁcients of determination
(R2) in the CRS and VRS cases are presented in Table 2. Even
though we use a very ﬂexible semi-nonparametric speciﬁcation,
the R2 statistics show that a large proportion of variance in the
costs of sales teams (both across teams and over time) is left
unexplained. The empirical ﬁt is better in the sample of small
sales teams.
The coefﬁcients b reﬂect the shape of the piece-wise frontier.
There is very little variation in the estimated b coefﬁcients of
the teams of small and medium-size branches in the CRS case,
which means that the estimated frontier is practically a straight
line (compare to Fig. 2 below). On average, the estimated coefﬁcients are much smaller in the VRS case than under CRS because
the VRS speciﬁcation includes the intercept ai,t. According to the
VRS model, a majority of sales teams operate in the decreasing
RTS part of the frontier. This could be related to the sharp decrease in demand due to the ﬁnancial crisis, which is evident
from Fig. 2 below.
Table 3 reports the parameter estimates of the c coefﬁcients
and the related statistics. We ﬁnd that all contextual variables
(total sales of ﬁnancing services, total sales of investment services, and total cost of sales force) have a highly signiﬁcant effect
on the logarithm of the cost of sales force (p-value 0.0000) in all
four models considered. Further, the coefﬁcients of the z-variables
have the expected signs in all cases. We can interpret that the
changing conditions common to all the sales teams signiﬁcantly
affect the cost frontier and the performance estimates. Below
the parameter estimates, we also report the partial R2 of the
parametric parts, that is, the proportion of variance that is left

CRS
Sales teams of large branches
0.144
y1 sales of ﬁnancing services
y2 sales of investment services 0.113
2
R of the model
0.3745

Max

0.011
0.018

0.149
0.106

0.149 0
0.167
0.106 0.077 0.237

Sales teams of small and medium-size branches
0.154
0.002
y1 sales of ﬁnancing services
0.003
y2 sales of investment services 0.237
R2 of the model
0.5250

0.154
0.237

0.154 0.154 0.173
0.237 0.237 0.318

0.007
0.023

0.026
0.041

0
0

0
0

0.036
0.092

Sales teams of small and medium-size branches
0.062
0.030
y1 sales of ﬁnancing services
y2 sales of investment services 0.094
0.020
R2 of the model
0.7533

0.072
0.099

0.072 0
0.099 0

0.493
0.240

VRS
Sales teams of large branches
y1 sales of ﬁnancing services
0.023
y2 sales of investment services 0.039
R2 of the model
0.4735

Notes: the sample size is n = 336 for large branches (7 units  48 periods) and
n = 720 for small and medium-size branches (15 units  42 periods).

unexplained by the nonparametric part, which can be explained
by the z-variables (note that the partial R2 can be greater than
the R2 of the full model because the explained variables are different). We note that the z-variables have a higher explanatory
power in the sample of large teams: performance of large teams
is more sensitive to the changes in the operating environment
characterized by the z-variables.

5.3. Output frontiers in the CRS case
We can illustrate the output frontiers in two-dimensional diagrams because we have two outputs and a single input, and the
CRS axiom allows us to divide the output variables by the input.
Fig. 2 presents four examples of periodic output frontiers. In our
model, the operational conditions represented by contextual
variables z1, z2, and z3 can shift the location of the frontiers over
time.
Fig. 2 is divided in four panels denoted by a, b, c, and d. Panel a
depicts the starting situation in 2007, characterized by high demand and a favorable operating environment. The demand peaked
in April 2008 (panel b), when the bank received a signiﬁcant customer ﬂow from a competitor in trouble. Due to the global ﬁnancial
crisis, the market crashed in the second half of 2008 and the bottom was reached in November 2008 (panel c). The conditions improved towards the end of the study period, but the uncertainty in
the Euro region continued to affect the operating environment of
the bank (panel d).
The output frontiers of the large branch cluster nearly dominate
the frontiers of the small and medium branches during the favorable times (panels a and b in Fig. 2). However, the sales teams of
small and medium sized branches are competitive during the
low demand (panels c and d), particularly in the sales of ﬁnancing
services. Note that the output frontiers of the two clusters cross at
different points each month. In general, the sales teams of large
branches enjoy a comparative advantage in the sales of investment
services, while the teams of small and medium-size branches have
a comparative advantage in the ﬁnancing services. Another point
worth noting is the curvature of the output frontiers. The sales
teams in large branches have a more curved frontier, which
indicates synergy between the sales of ﬁnancing and investment
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Fig. 2. Illustration of the output frontiers in four selected months.

Table 3
Parameter estimates of the contextual variables c.

CRS
Sales teams of large branches
z1 total sales of ﬁnancing services
z2 total sales of investment services
z3 total cost of sales force
Partial R2 of the z-variables

Coefﬁcient

St. error

t Statistic

p-Value

Lower 95%

Upper 95%

0.000619
0.000631
0.004486
0.5014

0.000050
0.000097
0.000481

12.282
6.518
9.333

0.000
0.000
0.000

0.000719
0.000822
0.003540

0.000520
0.000441
0.005431

0.000050
0.000097
0.000474

9.098
7.108
6.555

0.000
0.000
0.000

0.000550
0.000867
0.002178

0.000355
0.000492
0.004040

0.000037
0.000072
0.000356

5.332
4.762
11.766

0.000
0.000
0.000

0.000273
0.000485
0.003485

0.000126
0.000201
0.004884

0.000037
0.000070
0.000348

6.735
5.339
8.410

0.000
0.000
0.000

0.000319
0.000515
0.002244

0.000175
0.000238
0.003610

Sales teams of small and medium-size branches
z1 total sales of ﬁnancing services
0.000453
z2 total sales of investment services
0.000679
0.003109
z3 total cost of sales force
2
0.2394
Partial R of the z-variables
VRS
Sales teams of large branches
z1 total sales of ﬁnancing services
z2 total sales of investment services
z3 total cost of sales force
Partial R2 of the z-variables

0.000200
0.000343
0.004184
0.3681

Sales teams of small and medium-size branches
0.000247
z1 total sales of ﬁnancing services
z2 total sales of investment services
0.000376
z3 total cost of sales force
0.002927
2
Partial R of the z-variables
0.1858

services. In contrast, the output frontier of the small and medium
sized branches is almost linear. The different shapes of the output

frontiers reﬂect the different operating models in the two clusters.
Large branches have sub-teams specialized in the sales of
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investment and ﬁnancing services. In contrast, the sales teams in
small and medium-size branches operate as a single team, with
limited resources for the sales of investment services.
5.4. Average sales efﬁciency
The descriptive statistics of the average sales efﬁciencies (Eff)
in the two clusters are presented in Table 4. Recall that the
efﬁciency scores are computed relative to the best performing
team in the cluster, based on the average of residuals ~e. When
we average over 48 periods, the effects of the symmetric noise
term v are expected to cancel out, and the remaining unexplained
performance differences are viewed as efﬁciency differences
across teams.
The average efﬁciency is somewhat higher in the sales teams
that operate in large branches. The VRS assumption increases the
average efﬁciency by 5–9% points. The standard deviations of efﬁciency scores are approximately the same in two clusters. The
average efﬁciency of approximately 80% in the CRS case is well in
line with the published literature of bank branch efﬁciency in other
countries (see, e.g., Berger and Humphrey, 1997; Fethi and Pasiouras, 2010; Paradi and Zhu, 2013). We ﬁnd that there are systematic
efﬁciency differences across branches, which cannot be explained
by the changes in demand and other operating conditions or by
random noise. To gain better understanding of these efﬁciency
differences, and possible efﬁciency changes over time, we next
consider intertemporal performance analysis at the level of individual teams.
5.5. Intertemporal development of sales performance
We next consider the development of sales performance (Perf)
over time. Recall that our sales performance measure differs from
the average sales efﬁciency metric (Eff) in that the performance
measures contain the random noise term, whereas noise is averaged out in the average efﬁciency measure reported in the previous
section. The development trajectories of each of the 22 sales teams
were presented to the management of the branch network. We
next present two examples of the sales performance development
in the CRS case, and comment them with insights obtained during
the study. We refer to the sales teams using the codes B1–B22,
according to their host branch.
Fig. 3 presents the development of sales performance in sales
team B15, which is the most efﬁcient sales team in the cluster of
 used
small and medium-size sales teams (i.e., this team deﬁnes d
for calculating Eff and Perf scores). Performance of B15 represents
the efﬁcient frontier, and thus the periodic ﬂuctuations in its performance vary on both sides of score one.
We have also ﬁtted linear and quadratic time trends to the
Perf scores to test if there are signiﬁcant changes in performance
over time. We have used the t-test for independent samples to

Table 4
Descriptive statistics of efﬁciency scores.
Average

St.
dev.

Median

Min

Max

CRS
Sales teams of large branches
Sales teams of small and mediumsize branches

0.81
0.80

0.11
0.11

0.79
0.82

0.69
0.64

1.00
1.00

VRS
Sales teams of large branches
Sales teams of small and mediumsize branches

0.90
0.85

0.09
0.10

0.90
0.84

0.74
0.69

1.00
1.00
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test the difference between average efﬁciency, and the F-test to
test joint signiﬁcance of the parameters of the linear and
quadratic trend functions. The time trend of sales team B15 reveals a signiﬁcant linear improvement in performance over time
Est
(the estimated linear time trend is Perf B15 ¼ 0:879 þ 0:005t, with
p = 0.04). B15 has been able to keep the high performance level
through the periods since the second half of 2007. The team
suffered a short drop compared to other teams in the ﬁnancial
crisis of 2008. This may be related to the nature of its retail site
in a shopping center, making it more sensitive to demand
changes. It recovered quickly, however. The team is considered
to have a sales-oriented sub-culture, which has not suffered from
the managerial changes it has undergone. When the bank renewed the sales organization in 2011, B15 was untouched, even
though it is relatively small.
The performance trajectory of team B1 is illustrated in Fig. 4.
This team has operated at a relatively low level of efﬁciency. Its
average efﬁciency is 0.65, which is signiﬁcantly lower than the
benchmark frontier (t-test value 7.65, p < 0.001). The long term
pattern demonstrates neither progress nor regress (the time
trend is insigniﬁcant in the F-test). The team has experienced
several managerial changes, which can be linked to the trajectory. Still, there is no notable turnaround in the performance
trajectory. Finally, the network management came to the conclusion that the team was not able to ﬂourish as an independent
sales unit, and the team was merged operationally with a sales
team of a larger branch, to reinforce the better use of a joint sales
force.
Performance trajectories of all sales teams examined are provided in Appendix 2, available online as Supplementary material.
These examples reveal interesting patterns of improving or deteriorating performance, and teams that experienced shocks.
5.6. Managerial insights
The managers of the branch network were provided with a report containing an analysis of the development of the sales teams.
The report contained not only the sales teams of the two clusters,
but also the three teams of recently established branches, which
were projected against the frontier of the sales teams of small
and medium-size branches.
The feedback from the network management was enthusiastic.
The managers considered the analysis credible and the development trajectories easy to perceive. The average efﬁciency levels
did not present any real surprises because the bank monitors the
performance constantly from multiple perspectives, and several
other efﬁciency analyses had been carried out during the last few
years. However, the intertemporal performance analysis offers
valuable new perspectives to the bank management, facilitating
better understanding and learning from the past. While the external operating environment was extremely turbulent during this
period, the internal operating conditions remained relatively stable. When the impacts of external conditions are explicitly controlled for, the impacts of various internal events in the sales
teams become evident.
The management has launched an internal project in the
branch network to gain further insights to the developments depicted in the team speciﬁc performance trajectories. The regional
managers held meetings with people involved during the periods
under assessment to discuss such questions as what did the sales
teams and their managers do well and what can we repeat
elsewhere; what could be done better and what is to be avoided
in the future.
Our study also created initiatives for further analysis. The management asked us to dig more deeply into the critical periods such
as the ﬁnancial crisis of 2008–2009 and the high-demand peak
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Fig. 3. Performance development of an efﬁcient sales team (B15), the CRS case.

Fig. 4. Performance development of an inefﬁcient sales team (B1), the CRS case.

preceding it. The interest is in the agility of the sales teams in these
kinds of drastic shifts.
The bank has made major organizational and managerial
changes in 2011, and the management is considered to be in the
transition phase throughout 2012, when these results of our analysis were presented to the management. The management plans to
repeat this study in 2014. The present study provides a valuable
benchmark for the sales performance in the coming years, as the
management expects to see a signiﬁcant improvement in performance when the reorganization of the network has been fully
implemented.
6. Speciﬁcation tests and sensitivity analysis
6.1. Returns to scale
The size of the sales teams will likely affect performance: teams
do enjoy economies of scale or suffer diseconomies of scale in the
real world (e.g., Horsky and Nelson, 1996). According to the recent
survey of bank branch efﬁciency and performance studies by
Paradi and Zhu (2013), the CRS assumption is commonly imposed
in bank branch efﬁciency studies: 47% of the studies reviewed impose CRS, and 33% of studies consider both CRS and variable returns to scale (VRS).
The CRS assumption can be tested statistically by applying the
nonparametric Kolmogorov–Smirnov (KS) test (Banker, 1993;

Banker and Natarajan, 2004). The KS-test does not require any
particular distributional assumptions, which is a desirable property in the present context of semi-nonparametric estimation.
The null hypothesis of the KS test is that the cost frontier exhibits
CRS. As the alternative hypothesis we postulate VRS. If the VRS
speciﬁcation yields signiﬁcantly different results, the null hypothesis is rejected. The values of the KS test statistics, the critical
values of the test statistics (at 5% signiﬁcance level), and the
p-values for the two samples considered in this study are
reported in Table 5.
In both sub-samples, the null hypothesis of CRS can be rejected
at 5% signiﬁcance level, in the group of small and medium-size
branches even below 1% signiﬁcance level. Indeed, the VRS estimator yields considerably better empirical ﬁt in both sub-samples, as
can be noted in Table 2. However, it is worth to note that a panel
data where each sales team is observed 48 times is not a sample
of independently drawn observations. Indeed, the sizes of sales
teams are relatively constant over time. Hence, persistent

Table 5
Kolmogorov–Smirnov test of the constant returns to scale speciﬁcation.
KS test statistic Critical D (5% sign.) p-Value
Sales teams of large branches 0.1131
Sales teams of small and
0.1014
medium-size branches

0.074
0.051

0.025
0.001
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inefﬁciency of certain sales teams over time might appear as diseconomies to scale. Therefore, the results of the CRS tests should
be interpreted with caution.
Although the null hypothesis of CRS is rejected in the statistical
tests, we stress that the true cost frontier is not necessarily the
most appropriate benchmark. Applying the duality theory, Kuosmanen et al. (2004) show that axioms of monotonicity, convexity,
and CRS can be harmlessly imposed for the benchmark technology
if the ﬁrm maximizes proﬁtability (i.e., the ratio of revenue to cost,
or the return per dollar). In the present case, the managers at the
network level can inﬂuence the resources of sales teams, and can
also channel customer ﬂows through the call center. Indeed, the
general management is actively trying to achieve scale efﬁciency
by channeling a critical mass of resources and customer ﬂow to
sales teams. In these circumstances, the bank management ﬁnds
it appropriate to apply the most productive scale size as the benchmark in performance assessment.
Another attractive feature of the CRS axiom is that the choice
of the input or output orientation does not matter: Färe and
Lovell (1978) show that the input and output distance functions
are equivalent under CRS. Focus on the sales function might
suggest the use of the output orientation. However, demand
for ﬁnancing services such as housing loans is, to a large extent,
customer driven, which would suggest the use of the inputoriented model. In our view, the real behavioral model of the
bank managers is not purely input or output oriented, but a
mixture of both.
6.2. Heteroskedasticity
To test for heteroskedasticity, we applied the standard White
test (see, e.g., Kuosmanen, 2012). The test statistics, the critical values of the v2 distribution at the 5% signiﬁcance level, and the p-values are reported in Table 6 for the two samples of large and small/
medium size sales teams. More detailed results of the auxiliary
regressions underlying the White tests are reported in Appendix
3, available online as Supplementary material.
The null hypothesis of homoscedasticity cannot be rejected for
the group of sales teams operating in large branches. In contrast,
we ﬁnd signiﬁcant heteroskedasticity in the subsample of small
and medium-size branches. The result does not depend on the
CRS or VRS assumption.
The sensitivity of the cross-sectional StoNED model to heteroskedasticity is discussed in detail in Kuosmanen and Kortelainen
(2012). However, we must emphasize that the panel data approach
applied in this study (i.e., using the average performance of the
most efﬁcient sales team as the benchmark) is more robust to heteroskedasticity as we do not shift the frontier based on the parametric distributional assumptions about the inefﬁciency term,
but estimate the frontier based on the average performance of
the most efﬁcient unit in the sample.

Table 6
White test of heteroskedasticity.

Table 7
Test of AR(1) autocorrelation.

CRS
Sales teams of large
branches
Sales teams of small and
medium-size
branches
VRS
Sales teams of large
branches
Sales teams of small and
medium-size
branches

Estimated
AR(1)
coefﬁcient

LM test
statistic

Critical
N(0, 1) (5%
sign.)

pValue

0.417

52.700

1.645

0.000

0.337

62.584

1.645

0.000

0.483

61.274

1.645

0.000

0.352

65.388

1.645

0.000

6.3. Autocorrelation
To test for autocorrelation, we apply the Lagrange multiplier
(LM) test adapted for the ﬁxed effects panel data model by Baltagi
and Li (1995). More speciﬁcally, we test the null hypothesis of no
autocorrelation against the alternative of positively autocorrelated
disturbance term that follows the ﬁrst-order autoregressive
(AR(1)) process (one sided-test). The estimated autocorrelation
coefﬁcients of the AR(1) model, the LM test statistics and the associated critical values (at 5% signiﬁcance) and the p-values are reported in Table 7 for the CRS and VRS cases.
The autocorrelation coefﬁcients are positive in all four cases
considered, and the one-sided LM test indicates there is highly signiﬁcant positive autocorrelation. This is not a surprising result: we
would expect the past performance to have signiﬁcant effect on the
current performance of sales teams. In other words, the performance trends depicted in Figs. 2 and 3 (and similar graphs presented in Appendix 2) are not just random noise, but there are
persistent performance trends in the regression residuals. Indeed,
signiﬁcant positive autocorrelation justiﬁes the use of performance
trends of sales teams for managerial efﬁciency analysis.
Finally, it is worth to recognize that both autocorrelation and
heteroskedasticity may have adverse effects on the statistical properties and precision of the semi-nonparametric least squares estimator used in this study. In the case of linear regression, the
standard OLS estimator is known to be unbiased and consistent under autocorrelation and heteroskedasticity, but explicit modeling
of autocorrelation and heteroskedasticity might improve efﬁciency. The properties of the OLS estimator do not directly carry
over to the semi-nonparametric estimator used in this study, but
by comparison to OLS, we do not expect autocorrelation or heteroskedasticity to cause systematic bias in our panel data approach.
Further investigation of the statistical properties would be worthwhile, but is left as an interesting challenge for future research.

7. Concluding remarks
White’s test
statistic

Critical v2
(5% sign.)

p-Value

CRS
Sales teams of large branches
Sales teams of small and
medium-size branches

1.303
18.053

11.070
11.070

0.935
0.003

VRS
Sales teams of large branches
Sales teams of small and mediumsize branches

7.851
20.937

11.070
11.070

0.165
0.001

We have developed and applied a novel approach to assess
intertemporal efﬁciency and performance development of sales
teams of a bank. Our study can be viewed as a real-world application with an innovative methodological approach. The applied
work has been carried out in close collaboration with Helsinki OP
Bank in Finland. The model speciﬁcation and the methodological
choices have been agreed with the management of the branch network, to meet the information needs and the organizational structure of the bank. Although the present study focuses on the case
bank, and all of our simplifying assumptions are not applicable
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to all other bank applications, we do believe that our approach has
several novel features that can be replicated elsewhere. As we
noted in the introduction, the methodological contributions of this
paper include:
(1) Axiomatic, semi-nonparametric modeling of the intertemporal benchmark technology.
(2) Explicit modeling of changing operational conditions.
(3) Explicit modeling of random noise.
Our real-world application aptly illustrates the advantages of
the proposed approach compared to more established parametric
and nonparametric techniques. The estimated output frontiers
have a meaningful interpretation, revealing the comparative
advantages of sales teams that operate in large or small and medium sized branches. Through the use of the contextual variables,
the output frontiers adjust to the changing demand and operational conditions, which allows us to assess intertemporal sales
performance during a very turbulent time period. Our approach
distinguishes time varying contextual factors such as demand conditions from the controllable use of resources. Finally, sales of
investment and ﬁnancing services involve uncontrollable random
elements, which are explicitly taken into account in our model
through the use of a random noise term.
To take the changing market environment and operational conditions into account in our application, we used the aggregated input and output volumes as a contextual variable that represents the
common demand factors, such as the global ﬁnancial crisis, which
inﬂuence all sales teams alike. This approach was considered appropriate as the sales teams operate in a relatively homogenous market
in the same metropolitan area. In larger and more diverse sales networks, local operational conditions may differ considerably, and it
may be more challenging to ﬁnd appropriate indicators for demand
and competition at the local level. Some static indicators such as
demographic characteristics of the region may be useful if the units
under evaluation have clearly deﬁned and mutually exclusive target regions for their sales operations. Extending the proposed approach to wider branch networks, taking into account static
demographic factors as well as time-varying contextual variables,
presents an interesting challenge for future research.
The approach proposed in this paper has been developed for retail
banks and other sales organizations consisting of several sales units
with relatively high transactional sales volumes (the so-called transactional sales model). However, banks also use sales models that are
based upon extensive interaction with the customers, typically ﬁrms
or selected private customers (the so-called relationship sales model). Whether the second type of model could be applied to modeling
sales efﬁciency and performance, and how the approach would need
to be modiﬁed, would be interesting topics for further investigation.
This would likely involve revising the objectives to include the extent to which the bank succeeds to extend its customer base as well
as strengthen its relations with the existing customers. While in this
study we have applied an intertemporal model of sales performance
that takes into account the changing operating environment over
time, we have ignored possible time lags in sales activities as well
as various feedback effects. For example, the sales of ﬁnancing services today will likely inﬂuence the sales of investment services in
the future. While the time lags and feedback effects fall beyond the
scope of the present study, we believe the semi-nonparametric approach developed in this paper provides a useful platform for truly
dynamic modeling of sales performance.
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Supplementary material to article:
“Intertemporal efficiency analysis of sales teams of a bank:
Stochastic semi-nonparametric approach”
Appendix 1: A brief description of the research process and
interactions with the bank
PHASE 1: CROSS-SECTIONAL DEA EFFICIENCY ANALYSIS
Sep 25, 2007
Meeting with the managing director (MD) of Helsinki OP Bank. Proposal to
conduct an academic branch-level efficiency study. MD takes this proposal
to his management team, which decides to co-operate.
Oct 15, 2007
The first meeting with the branch network management, to define the
objectives of the study and to draft the initial version of decision-making
units, inputs and outputs, and time span 10/2006-9/2007. Agreement
about data delivery from the bank to the researcher.
Nov 28, 2007
Meeting with the branch network management about the preliminary
results. The DEA-based model contained too many inputs/outputs finding
16 of 22 branches efficient. Management feedback to aggregate
inputs/outputs.
Jan 29, 2008
Meeting with the branch network management to develop the initial model
further. Agreement to utilize assurance regions (AR). Defining the ARs.
Jun 13, 2008
The final results of the first efficiency analysis were presented to the branch
network management, who considered the results insightful and requested
an extension of the analysis to cover 10/2007- 6/2008.
Oct 5, 2008
Presentation and discussion of the results of the cross-sectional efficiency
analysis of 10/2006-6/2008.

PHASE 2: CONTEMPORANEOUS EFFICIENCY ANALYSIS
Dec 18, 2008
Meeting with the branch management about continuing the academic
efficiency studies to cover several years, from 2007 until 2010-2011. The
proposal was initiated by the ongoing financial crisis. The MD of the bank
approves the proposal.
1

Apr 17, 2009
Meeting with branch management about the further development of the
efficiency analysis. Agreement about an in-depth background study before
further steps.
May 15, 2009
Meeting with the controller about the bank’s existing performance
measurement and productivity analyses.
May 19, 2009
1st site visit: Induction to branch operations by the branch manager and
leaders of the sales teams of a large branch. The discussions were
documented.
May 26, 2009
2nd site visit: Four semi-structured interviews in a medium-size branch
(manager plus financing, investment, and service advisor). The interviews
were transcribed.
Dec 17, 2009
The controller gives feedback on a draft document describing the branch
operations and discussing various options to develop the efficiency
estimation.
Jan 29, 2010
Meeting with the branch network management. In-depth discussion about
the core role of the branches, leading to a decision to focus on the sales
function: two primary outputs, services excluded from output and input.
Jun 11, 2010
Meeting with the branch network management about the first temporal
analysis covering 2007-2009 on a yearly basis, based upon Malmquist
indices, and decomposition of the total factor productivity utilizing DEA.
The deputy MD announces his retirement.

PHASE 3: INTERTEMPORAL SALES EFFICIENCY ANALYSIS
Oct 18, 2010
Meeting with the new deputy MD in charge of the branch network.
Discussion about academic and bank research interests. Agreement about
research topics, including conducting the intertemporal sales efficiency
analysis of the bank branches to capture internal and external effects.
Dec 1, 2010
Meeting about the clustering requirements of sales units. The branch
network management initially defines five partly overlapping clusters of
2

similar branches, which were later consolidated into two clusters used in
intertemporal sales efficiency analysis.
Mar 23, 2011
Meeting with the branch network management. Fine-tuning the input and
output sets for efficiency analysis used in intertemporal efficiency analysis.
Feb 23, 2012
Review of preliminary results in a meeting with branch network
management. Agreement on the final scope, to cover 2007-2010 due to the
recent reorganization of 2011.
Jun 14, 2012
Final meeting with the researchers and branch network management about
the results. Verification that the results are credible and useful.
Management feedback.

3

1

-

Periodic performance, monthly estimate of the performance.
Average efficiency, four year average of periodic performances.
Benchmark, the average efficiency of best performer within the cluster.
Trend. Both a linear and quadratic time trend was tested with 5 % level of significance (F-test). The best fit is presented as the trend line
if the fit is significant. If neither linear nor quadratic fit is significant, the performance is interpreted as unchanged and average efficiency
line represents the trend line.

The curves in the figures are the following

1. Changing conditions are omitted. The estimation is based only upon monthly sales volumes and cost of sales force without proxies of
changing conditions.
2. Changing conditions are taken into account. The estimation is based upon monthly sales volumes and cost of sales force and proxies of
changing conditions as presented in section 4 (Estimation method).

The following figures depict the performance estimations of the sales teams of the case bank in the following two forms

Appendix 2: Performance of sales teams 2007-2010

Changing conditions taken into account
Sales team B6

Sales team B12 (Benchmark)

Changing conditions omitted
Sales team B6

Sales team B12 (Benchmark)

Sales teams of large branches
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Changing conditions taken into account
Sales team B16

Sales team B17

Sales team B17
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Changing conditions omitted
Sales team B16

Sales team B21

Sales team B21

.

Changing conditions taken into account
Sales team B19

4

Changing conditions omitted
Sales team B19

Changing conditions omitted
Sales team B1

Sales teams of small and medium-size branches

Changing conditions omitted
Sales team B23
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Changing conditions taken into account
Sales team B1

Changing conditions taken into account
Sales team B23

Changing conditions taken into account
Sales team B2

Sales team B3

Sales team B3
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Changing conditions omitted
Sales team B2

Changing conditions taken into account
Sales team B5

Sales team B7

Sales team B7

7

Changing conditions omitted
Sales team B5

Changing conditions taken into account
Sales team B8

Sales team B9

Sales team B9
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Changing conditions omitted
Sales team B8

Changing conditions taken into account
Sales team B10

Sales team B11

Sales team B11

9

Changing conditions omitted
Sales team B10

Sales team B14

Sales team B14

Sales team B15 (Benchmark)

Changing conditions taken into account
Sales team B13

10

Changing conditions omitted
Sales team B13

Changing conditions taken into account

Sales team B18

Sales team B18
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Changing conditions omitted
Sales team B15 (Benchmark)

Changing conditions taken into account
Sales team B20

Sales team B22

Sales team B22
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Changing conditions omitted
Sales team B20
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Appendix 3: Auxiliary regressions conducted for the
heteroskedasticity tests
This appendix reports the results of auxiliary regressions required for
conducting the statistical tests reported in Section 6. The results of the
White test are summarized in the article as follows:
Table 6: White test of heteroskedasticity
CRS
Sales teams of large branches
Sales teams of small and medium-size
branches
VRS
Sales teams of large branches
Sales teams of small and medium-size
branches

2

White’s test
statistic
1.303

Critical χ
(5% sign.)
11.070

pvalue
0.935

18.053

11.070

0.003

White’s test
statistic
7.851

Critical χ
(5% sign.)
11.070

pvalue
0.165

20.937

11.070

0.001

2

The test statistics reported in Table 6 were computed based on the
coefficients of determination (R2) of the auxiliary regressions where the
dependent variable is the natural logarithm of the squared CNLS residual
(lne2) and the explanatory variables include the two outputs, their squared
values, and their product. The results of the auxiliary regressions are
reported in the four tables below, together with some comments.
Sales teams of large branches, CRS
Coefficient
Intercept
Y1
Y2
2
Y1
2
Y2
Y1·Y2
R

2

White test stat
2
(nR )

-4.2523
-0.0059
-0.0177
0.0001
0.0004
-0.0002

Std.
Error
1.2513
0.0259
0.0310
0.0003
0.0007
0.0008

t Stat
-3.3984
-0.2290
-0.5724
0.4184
0.5352
-0.2409

P-value
0.0008
0.8190
0.5674
0.6760
0.5928
0.8098

Lower
95%
-6.7138
-0.0569
-0.0787
-0.0005
-0.0010
-0.0018

Upper
95%
-1.7908
0.0450
0.0432
0.0008
0.0017
0.0014

0.0039
1.3029

0.9346

For the sales teams operating in large branches (the CRS case), the output
variables cannot explain the squared residuals, and the null hypothesis of
homoscedasticity cannot be rejected.

1

Sales teams of small and medium-size branches, CRS
Coefficient Std. Error
Intercept
Y1
Y2
2
Y1
2
Y2
Y1·Y2
R

2

White test stat
2
(nR )

-2.6801
-0.0421
-0.0505
0.0006
0.0020
0.0003

t Stat

0.3819 -7.0186
0.0165 -2.5553
0.0273 -1.8515
0.0004 1.6736
0.0013 1.5695
0.0011 0.2565

P-value Lower 95% Upper 95%
0.0000
0.0108
0.0645
0.0947
0.1170
0.7976

-3.4298
-0.0744
-0.1041
-0.0001
-0.0005
-0.0019

-1.9304
-0.0097
0.0031
0.0013
0.0045
0.0024

0.0251
18.053

0.0029

For sales teams operating in small and medium-size branches, we find
significant evidence of heteroskedasticity. Note that the coefficient of
output 1 is significant in the t-test (p-value 0.01), and the coefficient of
output 2 is almost significant (p-value 0.06). Further, note that the
coefficients of Y1 and Y2 are negative while the coefficients of the squared
terms are positive. At the relevant range of output values, the variance of
residuals decreases as the size of the sales team increases. This is in
contrast to the usual assumption that variance increases with the scale of
production.
For comparison, we also tested for heteroskedasticity using the VRS
specification. As a general conclusion, we find that the outcomes of the
heteroskedasticity test do not depend on the RTS assumption.
Sales teams of large branches, VRS
Coefficient Std. Error
Intercept
Y1
Y2
2
Y1
2
Y2
Y1·Y2
R

2

White test stat
2
(nR )

-6.0846
-0.0128
0.0351
0.0002
0.0001
-0.0004

t Stat

1.0582 -5.7500
0.0219 -0.5865
0.0262 1.3398
0.0003 0.6324
0.0006 0.0967
0.0007 -0.5572

P-value Lower 95% Upper 95%
0.0000
0.5580
0.1812
0.5275
0.9230
0.5778

-8.1663
-0.0559
-0.0164
-0.0004
-0.0011
-0.0017

-4.0030
0.0302
0.0867
0.0008
0.0012
0.0010

0.0234
7.8512

0.1646

For the sales teams operating in large branches, we do not find significant
heteroskedasticity in the VRS case either: the null hypothesis of
homoscedasticity cannot be rejected.
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Sales teams of small and medium-size branches, VRS
Coefficient Std. Error
Intercept
Y1
Y2
2
Y1
2
Y2
Y1·Y2
R

2

White test stat
2
(nR )

-3.4187
-0.0303
-0.0722
-0.0001
0.0004
0.0030

0.3667
0.0158
0.0262
0.0003
0.0012
0.0011

t Stat
-9.3239
-1.9171
-2.7550
-0.2136
0.3234
2.8926

P-value Lower 95% Upper 95%
0.0000
0.0556
0.0060
0.8309
0.7465
0.0039

-4.1385
-0.0613
-0.1237
-0.0008
-0.0020
0.0010

-2.6988
0.0007
-0.0208
0.0006
0.0028
0.0051

0.0291
20.937

0.0008

Similar to the CRS case, for sales teams operating in small and medium-size
branches, we find significant evidence of heteroskedasticity. Note that the
coefficient of output 2 is now significant in the t-test (p-value 0.01), and the
coefficient of output 1 is almost significant (p-value 0.06). Further, note
that the coefficients of Y1 and Y2 are negative while the coefficients of the
squared terms are close to zero. Also in this case, the variance of residuals
decreases as the size of the sales team increases.
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;

alias(i,j)
alias(m,s)

SETS
i
k
m
;

StoNED

cluster observations /i1*i15/
all observations /k1*k25/
periods /1*48/

Efficiency analysis is based on the CNLS residuals E. It can be subsequently implemented
using any spreadsheet or statistical package, as explained in the paper.

The use of sales force (X) is explained by the transactional sales volumes of financing
service (Y1) and investment services (Y2). The non-discretionary factors related to the
sales (such as demand fluctuations) and use of sales force (internal development of IT, processes,
learning etc.) are incorporated to the model by using variables Z1,Z2 and Z3.
These z-variables are calculated from the input and outputs of all branches in the network
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* APPENDIX 4:
*Intertemporal Efficiency Analysis of Sales Teams of a Bank:
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*
* Juha Eskelinen & Timo Kuosmanen,
* Aalto University School of Business
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*
* This GAMS code implements the CNLS regression,
* which is the first step in the panel data StoNED estimation applied in the paper.

output 1
output 2
input
output of all branches
output of all branches
input of all branches

additional export var for E

*In this example it is assumed that the data files are in the root of drive c:
$libinclude xlimport AY1 c:\dataY1_all.xls a1:z49
$libinclude xlimport AY2 c:\dataY2_all.xls a1:z49
$libinclude xlimport AX c:\dataX_all.xls a1:z49
$libinclude xlimport Y1 c:\dataY1_C9.xls a1:p49
$libinclude xlimport Y2 c:\dataY2_C9.xls a1:p49
$libinclude xlimport X c:\dataX_C9.xls a1:p49
$libinclude xlimport T c:\TIME.xls a1:av2

;

n
Evalue(m,i)
Xhatvalue(m,i)
B1value(m,i)
B2value(m,i)
C1value
C2value
C3value

* Monthly sums to capture the cluster level fluctuation across periods
* (i.e. seasonal, business cycle, bank's proposition in relation to competition)
Z1(m)
total output of all clusters
Z2(m)
total output of all clusters
Z3(m)
total input of all clusters

PARAMETERS
Y1(m,i)
Y2(m,i)
X(m,i)
AY1(m,k)
AY2(m,k)
AX(m,k)
T(m)

**** formula's for calculating CSLS***
EQUATIONS
QSSE
objective=sum of squares of errors
QREGRESSION(m,i)
regression equation
Qlog(m,i)
log transformation
QCONC(i,j,m,s)
Afriat inequalities (convexity constraints)

POSITIVE VARIABLES
B1(m,i)
beta coefficients (positivity quarantees monotonicity)
B2(m,i)
beta coefficients (positivity quarantees monotonicity)
Xhat(m,i)
;

;
scalar z/3/;

VARIABLES
E(m,i)
error term
SS
sum of square of errors
C1
C2
C3
A(m,i)
*note: exclude variables A(m,i) to obtain the constant returns to scale (CRS) specification

* Calculate monthly sum of Y1, Y2 and X of all DMUs
Z1(m)=sum(k,AY1(m,k));
Z2(m)=sum(k,AY2(m,k));
Z3(m)=sum(k,AX(m,k));

;

solvelink =
limrow
=
limcol
=
SOLPRINT =
optcr
=
iterlim
=
reslim
=
decimals=8;

SS=e=sum(i, sum(m, E(m,i)*E(m,i))) ;
log(X(m,i)) =e= log(Xhat(m,i)+0.000001) +C1*Z1(m)+C2*Z2(m)+C3*Z3(m)+ E(m,i);
Xhat(m,i) =e= A(m,i) + B1(m,i)*Y1(m,i)+ B2(m,i)*Y2(m,i);
Xhat(m,i) =g= A(s,j) + B1(s,j)*Y1(m,i)+ B2(s,j)*Y2(m,i);

0;
0;
0;
OFF;
0.0;
10000000;
10000000;

Option E:3:0:1;

* Formatting for the display command

SOLVE StoNED using NLP Minimizing SS;

$libinclude gams2txt

OPTION
OPTION
OPTION
OPTION
OPTION
OPTION
OPTION
OPTION

MODEL StoNED /all/

QSSE..
QREGRESSION(m,i)..
Qlog(m,i)..
QCONC(i,j,m,s)..

;

$libinclude
$libinclude
$libinclude
$libinclude
$libinclude
$libinclude
$libinclude
$libinclude
$libinclude
$libinclude

xldump
xldump
xldump
xldump
xldump
xldump
xldump
xldump
xldump
xldump

C1value=C1.l;
C2value=C2.l;
C3value=C3.l;

Xhatvalue
Evalue
B1value
B2value
C1value
C2value
C3value
Z1
Z2
Z3

Evalue(m,i)=E.l(m,i);
B1value(m,i)=B1.l(m,i);
B2value(m,i)=B2.l(m,i);
Xhatvalue(m,i)=Xhat.l(m,i);

c:\results.xls
c:\results.xls
c:\results.xls
c:\results.xls
c:\results.xls
c:\results.xls
c:\results.xls
c:\results.xls
c:\results.xls
c:\results.xls

Xhat a1:cw120
Residuals a1:cw120
B1 a1:cw120
B2 a1:cw120
C1 a1:cw120
C2 a1:cw120
C3 a1:cw120
Z1 a1:cw120
Z2 a1:cw120
Z3 a1:cw120
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