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1. Introduction

Commercial banking is a very important service industry in a nation.
A country having a healthy financial system is able to establish a stable,
sound financial market, to deepen its financial development, and to
avoid suffering from financial distress. Scarce loanable funds can thus
be efficiently allocated to the most productive projects that prompt a
nation’s economic development. The presence of financial crises, such
as the Asian financial crisis that occurred in 1997 and the global finan-
cial crisis starting in early 2007 when the sub-prime mortgage crisis
erupted in the U.S., usually severely hurt the well-being of multiple
countries, such as decreases in income and jobs. European banking has
undergone fundamental changes over the last two decades. After the
disintegration of the former Soviet Union in the 1990s, Central and
Eastern European (CEE) countries have committed themselves to
conducting various forms of financial reform, including privatization
and the entry of foreign banks and investments, in an attempt to
enhance the efficiency and productivity of their financial sectors, to pro-
mote corporate governance and the effectiveness of supervision, and to
speed up a country’s financial development and economic growth.Most
CEE countries intended to restructure their banking systems by initiat-
ing large scale privatization programs in the mid-1990s in an attempt
to encourage competition and efficiency of banks by increasing foreign
and private domestic participation. Therefore, the managerial ability of
), a0958920058@hotmail.com
financial institutions is an important issueworth a further investigation,
given the promotion of competition from the presence of foreign banks
in the CEE area and the improvement in the institutional, regulatory,
and supervisory structure.

Most previous studies on the issues of bank efficiency and productiv-
ity change apply either the data envelopment analysis (DEA) or the
stochastic frontier approach (SFA) to find the production or cost fron-
tier. Recently, the directional technology distance function (DDF), pro-
posed by Färe et al. (1997), has drawn much attention of empirical
researchers. Almost all works, except for Koutsomanoli-Filippaki et al.
(2009), adopt the DEA to investigate the efficiency and productivity of
firms, and though DEA has several strengths such as being free from
specifying a functional form, it is unable to separate the effect of random
shocks on the estimated efficiency scores. Conversely, the SFA assumes
composed errors that distinguish statistical noise from the technical in-
efficiency term, while it requires specifying a particular functional form.

Following Koutsomanoli-Filippaki et al. (2009), this paper applies
the stochastic frontier DDF to investigate bank efficiencies in 17 CEE
countries. The advantages of using this DDF are as follows. First, it char-
acterizes the joint production of desirable outputs with undesirable
outputs and allows for a bank to increase desirable outputs and concur-
rently decrease inputs and undesirables. This differs from either the
input- or the output-oriented distance function that permits either
input savings or output expansion, but not both, and is incapable of han-
dling undesirable outputs. Second, the DDF is specified as if the translog
formwithout the need to take the natural logarithm. This flexible func-
tional form can lessen the potential error of functional specification and
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1 In general, there are no market trading undesirable outputs, and hence their market
prices are unobserved. However, their implied prices can be theoretically established from
economic models and are referred to as shadow prices. The shadow price is useful to as-
sess the effectiveness of existing regulatorymeasures and helpsmanagers decidewhether
to buy pollution rights or not.
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the sample with variables taking a zero value can hold. Finally, the
inefficiency term can be linked with a set of environmental variables
that influence a bank’s production effeciency.

In the banking industry, non-performing loans may be viewed as an
undesirable, by-product jointly produced with various loans. According
to Färe and Grosskopf (2005), desirable outputs are said to be null-joint
with undesirable outputs, if there are no bad outputs produced, then
only zero good output can be produced. Furthermore, undesirables are
assumed to be weakly disposed, i.e., the disposal of them needs to
consume resources and is not costless. Consequently, the exclusion
of undesirables from themodel is apt to overestimate the technical effi-
ciency score. For example, suppose that banks A and B are producing
the same level of outputs, but bank A employs less number of workers
than bank B to screen out its applicants for loans. This would result in
the amount of bankA’s non-performing loans to exceed bank B’s. Taking
an intput-oriented distance function as an example, it is very likely that
bank A’s efficiency score is greater than bank B’s, since the former hires
less labor than the latter to yield the same output quantities. If the bad
output, satisfying the foregoing properties of null jointness and weak
disposability, is explicitly taken into account, then the rank of the effi-
ciency scores of the two banks may be reversed. This is because bank
A has to consume some resources to deal with the bad output, lowering
the output oriented technical efficiency measure.

The metafrontier, dated back to Hayami (1969) and Hayami and
Ruttan (1970, 1971), is established on the basis that all firms in different
production groups have access to the same, potential technology,
but each may choose to operate on a different part of it. This may be
attributed to the fact that each group (or country) has its own cultural
and economic traditions, resource endowments, market structure
characteristics, regulation, and political and law systems (Bolt and
Humphrey, 2010; O’Donnell et al., 2008). These conditions hinder
firms in different countries from selecting from the full set of technolog-
ically optimal input–output mixes in the potential technology set.
Therefore, banking industries, for example, of different countries
adopt heterogeneous, sub-technologies. In this context, their perfor-
mance cannot be compared directly on the ground of group-specific
frontiers. Another source of technological heterogeneity may be due
to bank-specific features linked with, e.g., expenditures on R&D, the
capacity to learn new knowledge, and the core competences (Cohen
and Levinthal, 1989; Kontolaimou and Tsekouras, 2010).

To validly conduct a cross-country comparison, a researcher has
to design a procedure that takes care of heterogeneous technologies,
on the one hand, and that the performance of banks should be assessed
on the same benchmark for different countries, on the other. This re-
quires the use of the newly developed metafrontier model by Battese
et al. (2004) and O’Donnell et al. (2008), which proceeds in a two-
step procedure. In the first step, the stochastic frontier of each country
(or group) is estimated to yield technical efficiency scores for all
banks within the individual countries. In the second step, one estimates
the metafrontier to obtain the technology gap ratios (TGRs) between
the (deterministic) metafrontier and the group frontiers for each
bank, using the linear or quadratic programming technique that allows
for easily imposing the tangency restriction between the metafrontier
and the group frontiers. Bos and Schmiedel (2007) apply this model
to examine banking efficiency in 15 Western European countries ac-
counting for potential differentials among country-specific banking
technologies.

We extend the stochastic frontier DDF of Koutsomanoli-Filippaki
et al. (2009) to the new metafrontier DDF (MDDF), which allows for
estimating and comparing bank efficiency across 17 CEE countries.
The idea of the new MDDF is first proposed by Huang et al. (2014) ex-
emplified by a production function. It differs considerably from
Battese et al. (2004) and O’Donnell et al. (2008) mainly in the second
step, aiming at establishing the (stochastic) metafrontier. Our new
MDDF is constructed under the stochastic frontier framework, instead
of relying on mathematical programming techniques. The primary
difficulties of programming techniques are that they are deterministic,
similar to the DEA, such that the estimation results are easily confound-
ed with random shocks, and that no statistical inferences can be made,
because the statistical properties of the estimates are unknown. Both
difficulties can be disentangled by the employment of the new MDDF,
to be thoroughly discussed in Section 3.

The purpose of this paper is three-fold. First, we attempt to build a
new MDDF under the stochastic frontier framework. The new MDDF is
recommended and possibly preferable, because the resulting estimates
of TGRs are free from the influence of random shocks. Second, the TGRs
can be further specified as a function of an array of exogenous variables
characterizing the environments in which production takes place. This
approach is akin to Battese and Coelli (1995). In this manner, one is able
to study the determinants of the TGRs and, more importantly, banks
from different countries can be compared under similar condisitons.
Third and finally, the new MDDF is applied to estimate and compare
bank efficiencies of 17 CEE countries, as banks in these transition nations
tend to adopt heterogeneous technologies due to systematic, cultural,
regulatory, and endowment differences, and the financial systems
in these countries have experienced various series of financial reforms
during the past two decades.

The rest of this paper is organized as follows. Section 2
briefly reviews relevant literature on the DDF and MDDF. Section 3
establishes the new MDDF. Section 4 describes the data. Section 5
analyzes the empirical results, while the last section concludes the
paper.

2. Literature review

2.1. Applications of the directional distance function

Färe et al. (1993) derive a formula suitable for calculating shadow
prices of undesirables, which can be empirically estimated by linear
programming.1 Most existing works estimating technical efficiency,
on the basis of the directional distance function (DDF), require solving a
linear programming problem. Chung et al. (1997) study the Malmquist-
Luenberger productivity index (MLPI) of 39 Swedish pulp and paper
firms over the period 1986–1990 and find that the main source of
their productivity gains comes from technological progress. To highlight
the importance of undesirable outputs, Färe et al. (2001) estimate the
MLPI of the manufacturing sector of the U.S. covering 1974–1986,
confirming that the MLPI is seriously underestimated if the model ig-
nores undesirable outputs.

Yu (2004) consider both undesirables and environmental factors
in his directional output distance function to measure the physical
efficiency of Taiwan’s airports. Comparing to the conventional
output-oriented DEA method, his model leads to a large increase in
the estimated efficiency scores for the sample airports, echoing the
results of Färe et al. (1989). This may be attributed to the fact that
firms (airports) must reallocate inputs not only to execute pollution
control activities, but also to maintain desirable outputs’ production
activities in response to the imposition of a weak disposability con-
straint on undesirables. As a result, the efficiency measures obtained
from the DDF are likely to reflect true production efficiency of the
sample firms.

Watanabe and Tanaka (2004) employ a directional output distance
function to evaluate the efficiency of the Chinese industry at the provin-
cial level spanning from 1994 to 2002 under the framework of the DEA.
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Theyfind evidence that efficiency levels are biased if themodel excludes
undesirables. Both Picazo-Tadeo et al. (2005) and McMullen and Noh
(2007) confirm the importance of undesirable outputs in evaluating
technical efficiencies of Spanish producers of ceramic pavement and
single-mode U.S. bus transit agencies, respectively. Using the DDF and
the MLPI, Kaneko and Managi (2007) investigate a Chinese province-
level economywide dataset over 1987–2001 and stress the significance
of efficiently utilizing pollution abatement technologies in gauging pro-
ductivity gains.

Fukuyama and Weber (2008) view problem loans, jointly produced
with the loan production process, as an undesirable output of the
Japanese banking industry and assess this industry’s inefficiency and
the shadow price of problem loans. They estimate the directional output
distance function of Färe et al. (2005) using theDEA and a parametric lin-
ear programming technique. Their results verify that NPLs for Japanese
banks in 2002 to 2004 are like polluting by-products of manufacturing
firms or power generation.2 Treating non-performing loans as an unde-
sirable by-product of South Korean banks, Park andWeber (2006) exam-
ine these banks’ inefficiency and productivity change for the period
1992–2002. They find positive productivity growth due to the excess of
technical progress over efficiency declines. Tsang et al. (2014) propose
a range-adjusted measure model to estimate dynamic productivity in
the presence of negative data and undesirable outputs for 36 Taiwan’s
commercial banks spanning 2007–2009. Using the similar data to the
previous work, Yang (2012) characterizes the production process of
commercial banks as three components in the context of the network
DEA and DDF.

Unlike the foregoing studies, Koutsomanoli-Filippaki et al. (2009)
formulate a stochastic DDFwith composed errors,which is used tomea-
sure technical efficiency and productivity change in terms of the
Luenberger productivity indicators and their components for banks
across 10 CEE countries covering 1998–2003. Unfortunately, their DDF
precludes undesirable outputs so that the advantage of a DDF is not
fully utilized. They detect strong relationships of competition and con-
centration with bank efficiency. Furthermore, efficiency and productiv-
ity gains of foreign banks are found to be superior to domestic private
and state-owned banks.

2.2. Metafrontier functions

Battese et al. (2004) first propose a two-step approach to construct a
metafrontier function suitable for estimating and comparing the techni-
cal efficiency of firms belonging to various technology groups. In the
second step, they suggest using either a linear programming or quadrat-
ic programming technique, which permits the imposition of inequality
constraints and forces the group frontier to be below (or above) the
metafrontier, in order to compute the technology gap ratio for each
firm in different groups. Following the same procedure, O’Donnell
et al. (2008) compare the technical efficiency of agricultural production
across 97 countries spanning 1986 to 1990. Huang et al. (2011a) extend
the above model to the metafrontier Fourier flexible cost function and
compare technical efficiencies for banks in 16Western European coun-
tries. A relatively technically efficient bank is found to be possibly tech-
nologically efficient and vice versa.

Huang et al. (2014) initiate a newmetafrontier to estimate technical
efficiency (TE) scores for firms in different groups. Their approach di-
verges from Battese et al. (2004) and O’Donnell et al. (2008) mainly in
the second step, where a stochastic frontiermodel is formulated and es-
timated by the maximum likelihood to obtain the parameter estimates
of the metafrontier, instead of relying on programming techniques. In
2 Note that the linear programming method allows the authors to estimate the shadow
price of non-performing loans for 99% of the sample banks, while the DEA can estimate
shadow prices for only 13% of the banks.
this manner, the so-derived estimators have the desirable statistical
properties and enable some relevant statistical inferences to be drawn.

The use of a metafrontier is preferable in that it allows researchers
to assess the TGR for firms from different groups with respect to
the common metafrontier. Therefore, these TGRs are comparable
among firms of different groups, which are the salient features under
the metafrontier framework. This present article intends to exploit
such advantages and to explore banks’ performance among CEE coun-
tries. It is noteworthy that a study on cross-country efficiency measure
comparisons in transition countries’ banking industry has largely in-
creased recently without relying on the metafrontier. See, for example,
Allen and Rai (1996), Altunbas et al. (2001), and Weill (2004), Bonin
et al. (2005), Fries and Taci (2005), Yildirim and Philippatos (2007),
and Huang et al. (2011a, 2011b), to mention a few.

However, Bos and Schmiedel (2007) and Huang et al. (2011a) per-
form the cross-country comparisons in the context of the metafrontier,
proposed by Battese et al. (2004).

3. Newmetafrontier directional distance function

3.1. Directional technology distance function

Input quantities are denoted by x = (x1, …, xN)′ ∈ R+
N , output

quantities are denoted by y = (y1, …, yM)′ ∈ R+
M , and the undesir-

able vector is signified by b = (b1, …, bJ)′ ∈ R+
J . Following

O’Donnell et al. (2008), the kth (k =1,…, K) group’s technology
set is defined as:

Tk ¼ x; y;uð Þ : x can be used by firms in group k to produce y; bð Þf g:

A directional vector is expressed as g=(gx′, gy′, gu′)′, in which gx∈ R+
N ,

gy ∈ R+
M, and gb ∈ R+

J .
We now define the directional technology distance function (DDF)

for group k as:

D
*k

T x; y; b; gð Þ ¼ sup β : x−βgx; yþ βgy; b−βgb
� �

∈Tk
n o

ð1Þ

It expands outputs in the direction gy and contracts inputs
and undesirables in the directions gx and gb, respectively, in
order to be able to produce on the group frontier. The DDF translates
the (x, y, b) vector in the direction g onto the boundary of the
technology.

Since (x, y, b) is usually interior to technology Tk, the value of the dis-

tance function is non-negative. A firm having a value ofD
*k

T x; y; b; gð Þ ¼ 0
implies that it is already producing at the frontier, while a value of

D
*k

T x; y; b; gð ÞN0 reveals that the firm’s actual (x, y, b) locates underneath
the frontier. Following Koutsomanoli-Filippaki et al. (2009), the direc-
tional vector herein is specified as g = (1,1,1), which means that a
firm can produce at the efficient frontier if it simultaneously reduces
its input quantities and undesirables by β units and increases outputs
by β units along with the direction (1,1,1).

The DDF is commonly expressed as a flexible quadratic functional
form allowing for a non-neutral technical change. It can be shown that
the DDF has the translation property, i.e.,

D
*k

T x−ξgx; yþ ξgy; b−ξgb; gx; gy; gb
� �

¼ D
*k

T x; y; b; gx; gy; gb
� �

−ξ:

This propertymeans that if we translate the vector (x, y, b) into (x−
ξgx, y+ ξgy, b− ξgb), then the value of the distance function is reduced
by the scalar ξ. The translation property is used to transform the DDF
into an estimable regression equation. See, for example, Färe and
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Grosskopf (2005).We arbitrarily choose ξ= x1 to translate the quadratic
DDF into:

−x1 ¼ D
*k�

T x−x1; yþ x1; b−x1;1;1;1; t; θð Þ þ v−u

¼ α0 þ
XN
n¼2

αn xn−x1ð Þ þ
XM
m¼1

βm ym þ x1ð Þ þ
XJ

j¼1

λ jðbj−x1Þ

þ 1
2

XN
n¼2

XN
n0¼2

αnn0 xn−x1ð Þ xn0−x1ð Þ

þ1
2

XM
m¼1

XM
m0¼1

βmm0 ym þ x1ð Þ ym0 þ x1ð Þ þ 1
2

XJ

j¼1

XJ

j0¼1

λ j j0 bj−x1
� �

bj0−x1
� �

þ
XN
n¼2

XM
m¼1

γmn ym þ x1ð Þ xn−x1ð Þ þ
XN
n¼2

XJ

j¼1

ajn bj−x1
� �

xn−x1ð Þ

þ
XM
m¼1

XJ

j¼1

c jm bj−x1
� �

ym þ x1ð Þ

þδ1t þ
1
2
δ2t

2 þ
XN
n¼2

ψnt xn−x1ð Þ þ
XM
m¼1

μmt ym þ x1ð Þ þ
XJ

j¼1

c jt b j−x1
� �

þ ε

ð2Þ

where θ = (α, β, λ, γ, a, c, δ, ψ, μ, c) is a vector of parameters to be
estimated and ε = v − u is the composed error term. Here and hence-

forth, D
*� �ð Þ signifies the translated DDF that will be estimated later

in our empirical study. In addition, u ¼ D
*�
T x; y; b;1;1;1; t; θð Þ is treated

as a non-negative random variable, reflecting technical inefficiency
of the firm under consideration, and v is a two-sided, normally distrib-
uted error with a mean of zero and a constant variance σv

2, which is tra-
ditionally assumed to be independent of u. The DDF of (2) must also
satisfy the symmetrical conditions, i.e.,αnn' = αn'n, βmm' = βm'm and
λjj' = λj'j.3

Similar to Battese and Coelli (1995) and Koutsomanoli-Filippaki
et al. (2009), inefficiency term u is further specified as:

u ¼ α0zþw≥0 ð3Þ

Here, z is a set of environmental variables,α is the corresponding un-
known parameters, andw is assumed to bew ~ N(0, σw

2 ). A set of bank-
level factors will be selected as the environmental variables to describe
banks’ technical inefficiency. Eq. (3) implies thatw≥− α′z. Eq. (2) can
be estimated by themaximum likelihood (ML). After obtaining all of the
parameter estimates, one is able to compute the conditional expectation
that serves as a point estimator for u, representing technical inefficiency,
i.e.:

E ujεð Þ ¼ α0zþ μ� þ σ�

ϕ
−α0z−μ�

σ�

� �

1−Φ
−α0z−μ�

σ �

� � ; ð4Þ

where μ∗=− εσw
2 /σ2, σ ∗

2=σv
2σw

2 /σ2, σ2=σv
2+σw

2 , and ε= v−w.4

The conditional expectation of (4) is non-negative by construction. The
higher the value of E(u|ε) is, the less technically efficient the firm is.
3 ADDFmust also satisfy the following three properties (the superscript k is dropped for
simplicity):

(i) If x′ ≥ x, then D
!

T x0 ; y; b; gð Þ≥ D
!

T x; y; b; gð Þ.
(ii) If y′ ≥ y, then D

!
T x; y0; b; gð Þ≤ D

!
T x; y; b; gð Þ.

(iii) If b ' ≥ b, then D
!

T x; y; b0; g
� �

≥ D
!

T x; y; b; gð Þ.

4 It can readily be shown that the conditional distribution of w|ε is a truncated normal
distribution at zero from below with a mean of μ∗ and a variance of σ∗

2.
3.2. Metafrontier directional distance function (MDDF)

A metafrontier technology set is defined by:

Tm ¼ x; y; bð Þ : x≥0; y≥0; b≥0; x can produce y; bð Þ for all firms under studyf g:

The MDDF is then expressed as:

D
*m

x; y;u; gx; gy; gu
� �
¼ sup βm

: x−βmgx; yþ βmgy;u−βmgu
� �

∈Tm
n o

ð5Þ

This has similar implications to (1), but the reference set of Tk has
to be replaced by Tm. O’Donnell et al. (2008) show that there exist
four properties between group frontiers and the metafrontier, in

which D
!k�

x−x1; yþ x1; b−x1; gð Þ≤ D
!m�

x−x1; yþ x1; b−x1; gð Þ, for all
k=1,…,K, requires that the translatedmetafrontier envelops translated
group frontiers. Hence, the value of group k’s DDF has to be less than or
equal to that of the metafrontier DDF along the prespecified direction
vector g.5 Based on this property, we refer their difference to the tech-
nology gap difference (TGD), i.e.:

D
*m

x; y; b; gð Þ ¼ D
*k

T x; y; b; gð Þ þ TGD; ð6Þ

which shows that the overall inefficiency D
*m

x; y; b; gð Þ, i.e., the firm’s
production technical inefficiency with respect to the metafrontier pro-
duction technology, is equal to the sum of the firm’s production techni-
cal inefficiency with respect to the group-k production technology and
TGD. Term TGD displays the gap between the translated metafrontier
and translated group-k frontier and is non-negative by construction. It
depends on the accessibility and extent of adoption of the available
potential production technology. The larger the value of TGD is, the
less advanced the technology is adopted by firms of group k, and vice
versa. It is crucial to note that since the overall inefficiency measures
of firms are evaluated against the metafrontier, common to all firms in
different groups, they are comparable for firms operating under differ-
ent technologies.

Battese et al. (2004), Bos and Schmiedel (2007), and O’Donnell et al.
(2008) utilize linear and/or quadratic programming techniques to
calculate the unknown parameters of the metafrontier. Even though
simulation or bootstrapping methods are recommended to obtain the
standard errors of the calculated parametes, their statistical properties
are still not known such that no inferences can be made. As the so-
derived metafrontier is deterministic in essence, it is unable to escape
from the influences of the random shocks. In other words, the parame-
ter estimates are apt to be confounded by shocks. In addition, the envi-
ronmental variables that affect the TGD cannot be included (see below),
which is likely to incur biased estimation results.

Due to the foregoing drawbacks, we are now attempting to
establish a new, stochastic metafrontier based on the stochastic
frontier approach (SFA), which avoids the aforementioned problems
and has the desired statistical properties. Recall that the new
metafrontier of Huang et al. (2014) is developed for a production
function. Their model has to be modified to adapt for the case of
the DDF. Using the translation property, Eq. (6) can be re-
formulated as:

D
*k�

x−x1; yþ x1; b−x1; gð Þ ¼ D
*m�

x−x1; yþ x1; b−x1; gð Þ−TGD: ð7Þ
5 The other theee properties are: (i) if (x, y, b) ∈ Tk for any k, then (x, y, b) ∈ Tm; (ii) if
(x, y, b) ∈ Tm, then (x, y, b) ∈ Tk for some k; (iii) Tm = {T1 ∪ T2 ∪ … ∪ Tk}.



Fig. 1. Metafrontier directional distance function.
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Although the true group-k frontier of D
*k�

�ð Þ is unknown, its fitted

value of
b
D
!k�

�ð Þ can be obtained after estimating (2) by the ML, which
leads to:

D
*k�

x−x1; yþ x1; b−x1; gð Þ ¼ b
D
!k�

x−x1; yþ x1; b−x1; gð Þ þ eVm
; ð8Þ

where eVm ¼ ε̂−ε denotes a random error arising from the estimation
error of the translated group frontier from (2), which can be shown to
have a mean of zero with a non-constant variance.6 This arises from
the fact that the residual ε̂ is affected by the set of variables in the
group frontiers.

Substituting (8) into (7) we yield the following estimable stochastic
metafrontier:

b
D
!k�

x−x1; yþ x1; b−x1; gð Þ ¼ D
*m�

x−x1; yþ x1; b−x1; gð Þ þ Vm−Um
;

ð9Þ

where Vm = − Ṽm, Vm − Um forms the composed errors, and Um is
nothing but the TGD that is treated as if it is the inefficiency term. The
presence of Vm is important, since it makes (9) in a stochastic, rather
than a deterministic, context. According to the previous paragraph, Vm

(or Ṽm) is not independently and identically distributed (i.i.d.) and
is obviously correlated with ε of the group frontier. The presence of
heteroscedasticity does not influence consistency property of theML es-
timators, but biases the estimated covariance matrix of the coefficients.
Themethod developed byWhite (1982) should be applied to correct for
the estimated covariance matrix and the so-derived estimates are re-
ferred to as quasi-maximum likelihood estimates in the literature.
Also see, for example, Johnston and DiNardo (1992), page 428–430.
Wewill show both original and corrected standard errors of the param-
eter estimates of the metafrontier in Section 5.

Note thatUm can also be linkedwith a set of environmental variables
like (3), which is infeasible if the programming technique is adopted as
suggested by Battese et al. (2004) and O’Donnell et al. (2008). To appro-
priately characterize the differences of the TGR among countries, we
will choose country-level factors as the environmental variables, as
opposed to bank-level factors relating to u’s of group frontiers. This
implicitly assumes that Um of the metafrontier is unrelated with u of
the group frontier. The assumption appears to be reasonable due to
the fact that the two measures have distinct attribute. Recall that Um

represents the gap between the metafrontier, fromed by all groups,
and group frontiers, while u evaluates managerial incapabilities of
banks of a particular group.

The functional form of the translated MDDF D
!m�� �

in (9) is analo-

gously specified to (2) and the TGD is estimated by formula (4). It is
interesting to note that our approach permits the estimated group

frontier to exceed the metafrontier, i.e.:
b
D
!k�

x−x1; yþ x1; b−x1; gð Þ≥
D
*m�

x−x1; yþ x1; b−x1; gð Þ, due to the presence of the error (Vm) from

estimating D
!k�

x−x1; yþ x1; b−x1; gð Þ . However, the metafrontier

must always exceed the true group frontier, i.e., D
!k�

x−x1; yþð
x1; b−x1; gÞ≤D

*m�
x−x1; yþ x1; b−x1; gð Þ:
6 On the ground of (2), the following relationship must be true:

−x1 ¼ D
*k� �ð Þ þ ε ¼ b

D
!k�

�ð Þ þ ε̂

where a “^” on the top of a variable denotes the estimated value by the ML. It follows that

D
*k� �ð Þ ¼ b

D
!k�

�ð Þ þ ε̂−ε

and ε̂−ε vanishes as the sample size goes to infinity.
Fig. 1 illustrates the MDDF model. At given input and output levels,
say, x1 and y1, the observed point A relative to the projected
metafrontier point A‴ consists of three components: the technology

gap difference, TGD ¼ D
*m�

�ð Þ−D
!k� �ð Þ, the firm’s technical inefficiency

between points A and A′, estimated by E(u|ε) of (4), and the random
noise component v of (2) between points A′ and A″, i.e.:

A ¼ A‴−TGD−v−u; ð10Þ

or equivalently:

A‴−A ¼ TGDþ uþ v: ð11Þ

It should be emphasized that, although both the technology gap dif-
ference TGD and the firm’s production inefficiency are non-negative, the

translated metafrontier D
*m�

does not necessarily envelop all firms’
observed production at point A. The unrestricted difference in (11)
distinguishes the metafrontier model using the SFA from the DEA due
to the presence of the random noise component v.

We summarize the estimation procedure for the stochastic MDDF in
the following three steps.

Step 1 Estimate (2) by the ML to get the parameter estimates for

each group and then calculate the fitted value
b
D
!k�

x−x1; yþ x1; b−x1; gð Þ for each firm in the group. The parame-
ter estimates of each group are also used to measure group-
specific technical inefficiency scores for firms in the group
according to (4).

Step 2 Estimate (9) by the ML again to obtain the parameter estimates
of theMDDF. The resulting inefficiencymeasures from (9) using
formula (4) again for all firms represent the measure of TGDs.

Step 3 The sum of the above two inefficiency measures constitutes the
overall inefficiency estimate of (6), which enables us to make
comparisons across different technology groups.

4. Data description

4.1. Data sources

We compile unbalanced panel data covering 1995–2008 from 17
CEE countries from the accounting statements of the Bankscope
database.7 The sample contains 1466 banks with a total of 6770 bank-
year observations. All variables are measured in millions of US dollars
and deflated by the individual consumer price indices of the sample
countries with base year 2005.
7 We exclude three countries, i.e., Albania, Belarus, andMontenegro, due to severe data
unavailability.
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According to the intermediation approach, we identify three inputs
and three outputs. The input categories consist of labor (x1), physical
capital (x2), and borrowed funds (x3).8 Total loans (y1) and other earn-
ing assets (y2) are regarded as the conventional outputs. Non-interest
revenue (y3) is considered as an additional output, reflecting a bank’s
degree of product diversification and constituting a crutial source of rev-
enue for modern universal banks. The inclusion of y3 enables us to
correctly describe a bank’s production process and its capability at
diversifying the output spectrum. Furthermore, the item of non-
performing loans is defined as the single undesirable, mainly because
this item co-exists with various loans granted, whichmeet the property
of null jointness. Appendix 1 gives detailed variable definitions together
with some environmental variables.

This paper classifies the environmental variables into micro- and
macro-environmental variables to reflect the different atmospheres
confronted by banks. The former variables are used to explain technical
inefficiencies for the group frontiers and the latter to explain technology
gap differences. Following Berger et al. (1993),Mester (1993), Allen and
Rai (1996), Lozano-Vivas et al. (2002), and Huang et al. (2011b), Huang
et al. (2014), we identify fourmicro-level variables: the ratio of equity to
total assets (ETA), average ROA per year (AROA), ownership dummies,
and an unlisted dummy. Three macro-level variables are defined: real
GDP per capita (RGDP), population density (PD), and the Herfindahl-
Hirschman Index (HHI).9

The variable ETA shows the regulatory conditions of a country’s
banking industry, as well as bank managers’ attitudes toward risk.
Some earlier works, e.g., Hughes and Mester (1993), Mester (1996),
Berger and Mester (1997), and Huang (2000), consider the variable as
a fixed netput in either a cost or a profit function in order to control
for regulation and a bank’s risk preferences. A risk-averse manager pre-
fers to maintain a higher level of equity capital than a risk-neutral man-
ager so as to lower possible insolvency risk, at the expense of lowering
loanable funds that can be granted to promising projects earning high
interest revenues. As each country’s regulatory conditions change over
time and bank managers’ preferences differ, the expected sign of ETA
on inefficiency is unclear. Mester (1993), Lozano-Vivas et al. (2002),
and Huang et al. (2011b), support that ETA negatively affects technical
inefficiency, i.e., the higher the ETA is, the more efficient the bank will
be.

The variable ROA is used as an indicator of profitability, which is in-
timately correlated with competitiveness in the financial sector. To es-
cape from any possible endogeneity of the variable, we apply the
average value of the ROA over a country’s entire banks for each year.
Therefore, it varies only with time in a country. A positive relationship
between the average ROA and efficiency is expected in competitive
surroundings. See, for example, Berger et al. (1993), Mester (1993),
Allen and Rai (1996), Lozano-Vivas et al. (2002), and Huang et al.
(2011b), for banking and savings and loan industries. The sample
banks are divided into three classes, i.e., foreign-, domestic private-,
and state-owned banks,with thefirst one arbitrarily selected as the nor-
malization. In addition, we classify the sample banks into listed and un-
listed ones to the stock markets.

The variables real GDP per capita (RGDP) and population density
(PD) are taken from the World Development Indicators data bank. The
former variable is measured in thousands of US dollars and the latter
is calculated by the ratio of population to the area of the country (square
kilometer). RGDP is used to represent the overall economic condition
8 The entry for the number of employees is missing for many sample banks. Although
the item of personnel expense is available, it is missing entirely in Bosnia and Bulgaria
for 1995–1997, in Serbia for 1995–1999, and in Poland for 1995–1996. In addition, some
countries have merely a few (less than three) observations on this variable for several
years. The item of total assets net of fixed assets is instead used as a proxy for the number
of employees. Altunbas et al. (2000, 2001), Weill (2004), and Fries and Taci (2005), to
mention a few, utilize the same definition for labor.

9 The variable of density of demand for deposits is used by several previous works. Un-
fortunately, this variable is not available in Serbia and hence is overlooked here.
that influences both demand and supply sides of various banking activ-
ities. An increase in RGDPhelps the development of a country’s financial
sector, which usually stimulates bank efficiency. It thus is expected that
the variable is positively associated with technical efficiency, as con-
firmed by Lozano-Vivas et al. (2002) and Huang et al. (2011b).
Lozano-Vivas et al. (2002) assert that a higher level of population den-
sity should make retail distribution of banking activities less expensive,
enhancing bank efficiency.

We finally consider themarket concentration index - the Herfindall-
Hirschman index (HHI) - as a determinant of technical efficiency. In a
highly condensed market, a bank is apt to be inefficient due to a lack
of competition - the quiet life hypothesis. However, Fries and Taci
(2005) claim that if the high market concentration arises from consoli-
dation through the survival of more efficient banks and the market is
contestable, thenmarket concentration is with higher efficiency. There-
fore, the sign of HHI’s coefficient is ambiguous, emphasizing the impor-
tance of conducting an empirical study on this topic.

Table 1 shows the number of observations and ownership structure
across nations. The sample states have at least 80 observations, inwhich
the number of foreign banks leads the other two types of banks and the
number of state-owned banks makes up the least in most of the states,
except for Russia whose private banks outnumber the other two types
of banks. Moreover, the number of unlisted banks exceeds that of listed
banks in most countries, while the reverse is true in Croatia, Moldova,
Macedonia, and Serbia. Note that Estonia has no listed banks.

Table 2 summarizes the sample statistics for inputs and outputs of all
countries. The average amounts of loans, investments, and non-interest
revenue in the CEE countries are equal to 439, 297, and 50 million US
dollars, respectively. Average total assets net of fixed assets, the proxy
of labor, are equal to 821 million US dollars. The remaining two inputs,
i.e., fixed assets and borrowed funds, have the mean values of 22 and
631 million US dollars, respectively. Finally, the mean of the undesir-
able, the NPL, is equal to 27 million US dollars.

Table 3 reveals that the average loans, non-interest revenue, labor,
and borrowed funds of foreign banks are greater than those of private
and state-owned banks, while state-owned banks produce the highest
undesirable (10.68% of total loans), indicating that political intervention
is likely to be serious and the quality of granted loans by state-owned
banks needs improvement. This further shows that loan quality may
play a certain role in a bank’s decision-making process. As for the envi-
ronmental variables, private banks have higher average ETA and ROA
than the other two types of banks.

Sample statistics across countries are not shown to save space. Gen-
erally speaking, banks in different countries are inclined to hire quite
different amounts of inputs to produce various output quantities
under heterogeneous environments. The assumption that these banks
adopt the same technology to provide an array of financial products
seems to be unrealistic. The construction of the newmetafrontier intro-
duced in Subsection 3.2 solves this difficulty, which enables researchers
to estimate and compare banks’ technical efficiencies on the basis of a
common metafrontier, while at the same time those banks are operat-
ing under dissimilar technologies.

5. Empirical results

5.1. Coefficient estimates of group frontiers

To validate the use of MDDF, it is crucial to test the null hypothesis
that the banking systems among countries undertake the same technol-
ogy. If the hypothesis is not rejected, then researchers can simply pool
the data from different countries and estimate a common frontier.
There is no need to establish a MDDF.

Following Battese et al. (2004), the likelihood-ratio (LR) test statistic
L = −2{ln(L1) − ln(L2)} is computed, where ln(L1)= −30120 is the
value of the likelihood function for the stochastic DDF estimated by
pooling the data for all groups, and ln(L2)=−22664 is the sum of the



11 Foreign investors could follow “cherry-picking” strategies,meaning that foreign banks
acquire themost efficient banks, or foreign banks transfer knowledge andmanaging expe-
rience to their subsidiaries banking.
12 The hypothesis asserts that bankswhose shares are publicly tradedwould bemore ef-

Table 1
Number of observations and ownership structure.

Country Number of Banks Number of Obs. State-owned (%) Domestic Private-owned (%) Foreign-owned (%) Unlisted (%) Listed (%)

Bosnia (BA) 26 174 12.07 25.29 62.64 59.77 40.23
Bulgaria (BG) 22 165 12.73 18.18 69.09 92.12 7.88
Czech (CZ) 30 180 6.67 35.00 58.33 93.33 6.67
Estonia (EE) 11 71 15.49 21.17 63.38 100 0.00
Croatia (HR) 54 374 5.88 37.70 56.42 47.86 52.14
Hungary (HU) 20 87 13.79 27.59 58.62 79.31 20.69
Lithuania (LT) 13 118 19.49 12.71 67.80 58.48 41.52
Latvia (LV) 29 259 9.27 17.76 72.97 89.58 10.42
Moldova (MD) 17 81 11.11 40.74 48.15 49.38 50.62
Macedonia (MK) 16 98 3.06 30.61 66.33 12.24 87.76
Poland (PL) 45 126 7.93 29.37 62.70 60.31 39.68
Romania (RO) 29 179 5.59 14.53 79.89 94.42 5.59
Serbia (RS) 36 179 10.06 32.96 56.98 44.13 55.87
Russia (RU) 1,030 4,242 1.25 82.13 16.62 91.61 8.39
Slovenia (SI) 15 99 26.26 23.23 50.51 81.82 18.18
Slovakia (SK) 22 93 2.15 30.11 67.74 74.19 25.81
Ukraine (UA) 51 245 2.86 32.24 64.90 70.2 29.80
Total 1,466 6,770 4.19 61.70 34.11 83.13 16.87

Table 2
Descriptive statistics for all countries.

Variable Mean Standard Deviation

Loans (y1) 439.930 2,273.688
Investments (y2) 297.619 1,463.854
Non-interest revenue (y3) 50.900 462.341
Labor (x1) 821.277 4,088.618
Capital (x2) 22.425 143.046
Funds (x3) 631.803 3,314.271
Undesirable (b) 27.962 251.935

Note: All items are measured in millions of US dollars and deflated by the CPI of each
country with base year 2005.
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values of the likelihood functions for the 17 country frontiers. The value
of the LR statistic is equal to 14912 and the hypothesis is decisively
rejected at the 1% level of significance with 706 degrees of freedom.
Banks of different countries are indeed operating under heterogenous
technologies.

The parameter estimates of each country are not shown to save
space, but their results are summarized as follows. More than half
of the estimates of the DDF attain statistical significance at least at the
10% level and the test for the hypothesis that technical change is neutral
is decisively rejected at the 1% significance level for each country, impling
that nonneutral technical change occurs in the sample countries.10 With
regard to environmental variables, the ETA of Romania has a significantly
positive effect on inefficiency, which implies that a bank in Romaniawith
a higher ETA has lower technical efficiency on average. The remaining
countries have significantly negative parameter estimates for ETA, except
for Latvia, Poland, and Serbia. The higher the value of ETA is, the more
technically efficient are the banks in these nations, consistent with
Mester (1993), Huang et al. (2011b), and Lozano-Vivas et al. (2002).
The average ROA is found to have a significantly negative effect on tech-
nical inefficiency in eight nations, i.e., Czech Republic, Estonia, Latvia,
Poland, Russia, Slovenia, Slovakia and Ukraine, indicating that profitabili-
ty is positively correlated with efficiency. This is congruent with,
e.g., Allen and Rai (1996), Mester (1993), Berger et al. (1993), Lozano-
Vivas et al. (2002), and Huang et al. (2011b). However, profitability has
no significant impact in the remaining countries.

For the ownership dummies, the class of foreign banks is arbitrarily
selected as the normalization. There is, in fact, no consensus in the
literature about which type of bank is more efficient than the other
types. Our results confirm this claim as evidence from Bulgaria, Czech
Republic, Croatia, Latvia, and Serbia supports the hypothesis of home
10 The same applies to the MDDF.
field advantage, i.e., private banks are found to be more efficient
than the remaining two forms of banks. However, six countries,
i.e., Lithuania, Macedonia, Russia, Slovenia, Slovakia, and Ukraine,
support the hypothesis of global advantage and/or cherry-picking
strategies,11 since foreign banks are the most technically efficient
in these countries, while state-owned banks in Estonia, Poland,
and Romania outperform the other two forms of banks. Ownership
dummies in the remaining three countries are insignificant.

Unlisted banks in Latvia, Moldova, Macedonia, and Poland are more
efficient than listed banks, while the reverse is true in seven countries:
Bosnia, Bulgaria, Czech Republic, Serbia, Russia, Slovenia, and Ukraine,
where themarket discipline hypothesis is supported.12 The foregoing in-
dicateswhether or not being listed in the stockmarket has advantages, as
well as disadvantages. This outcome is consistent with Mamatzakis et al.
(2008).

Following Färe et al. (2005), we test the condition of null-
jointness for all sample countries, using the coefficient estimates

of group frontiers. We evaluate D
*k

T x; y;0; gð Þ for y N0 and g =1. Vast
majority of our sample countries havemore than 95% of observations

withD
*k

T x; y;0; gð Þb 0, except for Croatia (87%) and Russia (85%). Viewed
from this angle, our parameter estimates are satisfactory.
5.2. Group-specific technical inefficiency

Table 4 presents average inefficiency scores for each country over
time, and mean inefficiency scores are in the last column. These mea-
sures tell us how many units of outputs and inputs (undesirables), on
average, should be increased and reduced, respectively, in order to be
able to produce on the efficient group frontier. A higher inefficiency
score of a bank implies that the observed input–output mix of the
bank deviates farther away from the group-specific frontier and that
the bank is less technically efficient. It is worth mentioning that these
average inefficiency scores across countries are not comparable since
they are gauged against heterogeneous frontiers.
ficient, other things being equal, to the extent that stock-holders of the bank can exert dis-
cipline over themanagement. See, for example, Isik andHassan (2003). Shareholders have
incentives tomonitormanagement performance as it contains risks correlatedwith agen-
cy problems.



Table 4
Average group-specific technical inefficiency over time.

1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 Mean

Bosnia (BA) NA 1.50 0.74 1.28 1.10 1.16 1.23 0.90 1.31 1.47 1.43 1.48 1.25 1.21 1.24
Bulgaria (BG) 0.95 0.86 2.07 1.30 1.37 1.66 1.52 0.91 0.61 1.99 1.73 2.03 1.62 1.59 1.53
Czech (CZ) 1.39 10.04 1.97 6.25 5.77 2.97 1.97 2.88 3.17 1.80 1.70 1.31 1.05 1.68 2.90
Estonia (EE) 0.96 1.48 0.82 1.01 0.70 1.01 0.47 0.71 1.28 0.37 1.03 0.75 0.12 2.79 0.97
Croatia (HR) 2.44 1.57 1.27 1.27 2.32 2.03 1.98 1.93 1.52 1.84 2.62 3.08 1.98 2.23 1.98
Hungary (HU) 3.75 2.71 2.21 1.94 1.53 1.41 1.08 0.70 1.20 1.20 2.32 4.91 1.75 0 2.13
Lithuania (LT) 0.83 1.60 1.12 1.22 1.40 0.80 1.01 0.80 0.81 1.00 0.95 1.14 0.91 1.95 1.09
Latvia (LV) 1.73 1.24 0.89 2.41 2.20 1.27 1.35 1.41 1.47 1.46 0.98 0.86 1.69 3.84 1.61
Moldova (MD) 2.71 2.82 2.58 2.83 2.54 2.61 2.49 2.75 2.45 2.63 2.54 2.54 2.59 2.56 2.58
Macedonia (MK) 0.58 0.26 0.15 0.34 0.31 0.35 0.44 0.27 0.88 0.33 0.30 0.27 0.36 0.53 0.38
Poland (PL) 1.57 1.06 2.79 2.98 3.39 3.83 8.44 18.00 8.33 5.64 5.58 1.67 2.88 4.63 4.11
Romania (RO) 29.08 11.37 0.51 0.96 9.48 2.79 5.17 4.38 4.40 3.61 7.18 9.04 11.10 5.49 5.94
Serbia (RS) 1.28 1.92 2.21 1.43 3.02 2.54 2.99 2.30 3.23 2.48 2.48 2.09 2.67 3.97 2.68
Russia (RU) 19.36 15.01 18.63 10.46 5.49 6.33 5.19 4.61 4.74 3.13 2.72 2.99 3.51 3.80 3.66
Slovenia (SI) 5.04 2.46 2.54 1.95 2.38 3.04 9.64 5.04 5.41 7.71 3.18 3.43 3.07 3.77 3.82
Slovakia (SK) 1.03 3.98 2.70 3.01 0.83 0.67 2.89 1.18 0.61 1.45 1.94 1.26 1.30 1.35 1.79
Ukraine (UA) 0.88 0.90 0.45 0.48 0.48 1.84 1.47 1.27 1.24 1.73 2.40 2.22 2.21 4.36 2.03

Table 3
Descriptive statistics by ownership structure.

State-owned Domestic Private-owned Foreign-owned

Variable Name Mean Standard Deviation Mean Standard Deviation Mean Standard Deviation

Loans (y1)* 667.004 1,496.583 224.093 2,471.936 802.451 1,899.736
Investments (y2)* 699.160 2,307.773 130.097 1,171.541 551.281 1,735.885
Non-interest revenue (y3)* 80.988 469.234 31.508 374.005 82.278 587.412
Labor (x1)* 1,482.169 3,973.177 406.739 4,241.116 1,489.891 3,706.081
Capital (x2)* 39.750 116.905 13.142 142.604 37.089 145.372
Funds (x3)* 1,061.563 2,765.472 309.600 3,481.500 1,161.812 2,975.760
Undesirable (b)* 71.211 252.440 17.160 294.249 42.185 145.037
Equity to asset ratio (%) 17.255 13.816 21.335 15.682 16.996 13.591
ROA (%) 1.326 1.290 1.777 0.605 1.341 0.947
Sample Size 284 4,177 2,309

Note: *: Measured in millions of US dollars and deflated by the CPI of each country with base year 2005.
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Average technical inefficiency scores range from 0.38 (Macedonia)
to 5.94 (Romania). Macedonian banks should simultaneously decrease
0.38 units (millions of US dollars) of both inputs and the undesirable
and increase 0.38 units of outputs in order to attain the efficient frontier.
The measure of 5.94 for Romanian banks can be analogously explained.

The determinants of a bank’s efficiency can be attributed to both
external and internal factors. The former is related to a nation’s institu-
tional andmacroeconomic conditions, towhichwe are trying to capture
using the environmental variables. The latter depends on a bank’s
managerial capabilities and how well it deals with the undesirables.
We draw the mean inefficiency scores for each sample country over
the sample period.13 Generally speaking, shocks, such as the Russian
and the global financial crises respectively in 1998 and 2008 did
stimulate technical inefficiency.14 In addition, eight of our sample
countries, i.e., Poland, Czech Republic, Hungary, Slovakia, Slovenia,
Estonia, Latvia, and Lithuania, joined the European Union (EU) on May
1, 2004, followed by another two countries, i.e., Romania and Bulgaria,
on January 1, 2007. Since the EU is highly integrated especially its finan-
cial market, banks’managerial abilities are very likely impacted. Finally,
the technical inefficiency measure is found to be positively associated
with the level of the undesirable due possibly to the fact that a bank
13 We do not show these diagrams to save space, but they are available upon request
from the authors.
14 The Russianfinancial crisiswas, in fact, infected from the Asian financial crisis in 1997.
The Russian Ruble at that time sharply depreciated. This adverse event also devalued the
currencies of its neighboring countries andheavily injuried their banking systems and eco-
nomic growth.
must consume resources to disentangle its undesirables and/or from
the imposition of weak disposability of outputs on the technology. The
weak disposability simply says that if the economic bads of a firm are
to be reduced, then the economic goods of the same firm must also be
reduced, keeping the input mix constant. This consequently worsens
the firm’s producton efficiency. We shall come back to this point in
Subsection 5.4.

Viewed from the angles of sample statistics, inefficiency scores, and
the likelihood ratio testing result, wemay conclude that banks of differ-
ent countries adopt heterogenous technologies to offer financial prod-
ucts, as pointed out by Staikouras et al. (2008) and Mamatzakis et al.
(2008). If this is the case, then the MDDF can play a pivotal role in the
cross-country comparisons of technical efficiency, because it renders a
common standpoint on which banks’ performance in different nations
can be correctly evaluated and compared.

5.3. Empirical results of the MDDF

Table 5 presents the parameter estimates of the MDDF, in which
more than one half of the parameters are significantly estimated at
least at the 10% level, based on uncorrected standard errors.15 Only
one of the threemacro-environmental variables, i.e., HHI, is significantly
estimated. Its negative coefficient estimate reflects that banks in more
15 There aremerely 15 estimates attain statistical significance on the ground of corrected
standard errors. This confirms that the composed error is indeed heteroskedastic, which
causes the original standard errors to be underestimated and then the t-statistics tend to
lie in the critical region.



Table 5
Parameter estimates of the MDDF.

Variables Parameter Estimates Variables Parameter Estimates Variables Parameter Estimates Variables Parameter Estimates

Intercept 1.78E-01 (1.00E+00)
[1.81E-1]

x22 −1.94E-05 (6.05E-06)***
[1.73E-05]

y3x2 4.36E-05 (1.84E-05)**
[6.05E-05]

ty2 1.73E-02
(4.89E-04)***
[3.21E-03]***

y1 −3.90E-01 (8.08E-03)***
[4.66E-01]

x32 3.04E-05 (6.40E-06)***
[3.03E-04]

y3x3 −1.12E-05 (1.46E-06)***
[3.60E-06]***

ty3 −6.04E-04 (2.25E-03)
[6.54E-03]

y2 −3.85E-01 (2.68E-03)***
[2.23E-02]***

b2 3.16E-05 (1.03E-06)***
[6.51E-05]

x2x3 1.14E-05 (7.02E-06)*
[5.16E-05]

tx2 2.25E-02 (1.07E-03)***
[1.10E-02]**

y3 −2.39E-02 (8.75E-04)***
[6.42E-02]

y1y2 −2.37E-05 (4.61E-06)***
[9.71E-06]**

y1b −2.18E-05 (9.86E-07)***
[4.27E-05]

tx3 −6.39E-03 (8.04E-04)***
[1.41E-02]

x2 −1.74E-01 (2.04E-02)***
[1.03E-01]*

y1y3 8.65E-06 (8.76E-07)***
[2.32E-06]***

y2b 1.88E-05 (4.24E-06)***
[5.97E-06]***

tb 2.59E-02 (1.09E-03)***
[1.24E-02]**

x3 9.64E-02 (2.97E-02)***
[3.99E-01]

y2y3 1.90E-05 (5.86E-07)***
[7.77E-06]**

y3b 2.17E-06 (1.50E-05)
[5.05E-05]

Intercept −3.50E+02 (1.00E+00)***
[3.12E-02]***

b 2.47E-05 (3.53E-06)***
[3.29E-05]

y1x2 −4.61E-05 (1.18E-05)***
[3.22E-05]

x2b −4.85E-05 (1.02E-05)***
[3.56E-05]

RGDP −2.16E-01 (9.98E-01)
[7.75E-01]

y12 −2.66E-05 (3.40E-06)***
[1.23E-05]**

y1x3 9.44E-06 (8.67E-06)
[3.45E-05]

x3b 1.39E-05 (9.73E-06)*
[2.70E-05]

PD 1.72E-04 (2.03E-04)
[2.18E-04]

y22 2.00E-06 (7.03E-06)
[1.68E-05]

y2x2 −3.58E-05 (1.01E-05)***
[2.54E-05]

t 6.43E-01 (9.04E-01)
[2.62E+00]

HHI −2.46E-02 (1.91E-03)***
[1.57E-02]

y32 7.26E-07 (1.31E-06)
[7.76E-06]

y2x3 2.08E-05 (1.07E-06)***
[2.65E-05]

t2 −2.76E-02 (1.29E-03)***
[3.58E-03]***

σ2 2.36E+03 (1.00E+00)***
[3.64E+02]***

likelihood −0.3292E+05 ty1 1.55E-02 (8.68E-04)***
[1.59E-02]

gamma 9.73E-01 (1.33E-02)***
[4.28E-02]***

Note: ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively.
Numbers in brackets are corrected standard errors suggested by White (1982).
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concentrated markets are more technically efficient. Koutsomanoli-
Filippaki et al. (2009) yield similar evidence. This result can be justified
using the contestable theory, proposed by Baumol (1982). When those
markets under consideration become more concentrated, incumbent
banks behave competitively to discourage entry; otherwise higher
prices and profits will induce potential competitors to enter and to
share themarket. A number of works investigating transition countries,
such as Mamatzakis et al. (2008), Fries and Taci (2005), and Yildirim
and Philippatos (2007) reach similar findings.

We next use the parameter estimates to compute the conditional
mean of Um in (10), which is exactly the TGD estimate. Table 6 presents
the average TGD measures over time and various mean inefficiency
measures for each sample country. Moreover, Fig. 2 draws the trend of
these average TGD measures. The measure falls from 1996 to 1998
and then rises until 2003, or the year before some of the sample coun-
tries joined the EU. The measure goes down in the first two years after
entering the EU, followed by three years of slight increases. Generally
speaking, a representative bank’s TGD measure in the CEE countries
Table 6
Average TGD over time and various inefficiency estimates across countries.

年 Year TGD Country TGD Group-specific Ineff. Overall Ineff.

1995 1995 4.87 BA 7.58 1.24 8.82
1996 1996 5.89 BG 5.65 1.53 7.18
1997 1997 4.75 CZ 17.77 2.9 20.67
1998 1998 3.21 EE 5.22 0.86 6.08
1999 1999 3.77 HR 5.12 1.98 7.10
2000 2000 4.44 HU 5.30 2.13 7.43
2001 2001 5.06 LT 6.76 1.09 7.85
2002 2002 4.56 LV 2.68 1.61 4.29
2003 2003 6.43 MD 3.00 2.58 5.58
2004 2004 5.45 MK 6.16 0.38 6.54
2005 2005 4.92 PL 8.44 4.11 12.55
2006 2006 5.29 RO 10.47 5.94 16.41
2007 2007 5.64 RS 13.91 2.68 16.59
2008 2008 6.09 RU 4.34 3.66 8.00
平均 Average 5.32 SI 2.79 3.82 6.61

SK 5.70 1.79 7.49
UA 5.90 2.03 7.93
slightly worsens during the sample period, and enrollment in the EU
prompts an increase in an average bank’s technology somewhat.

The average TGD measure is equal to 5.32, which gauges the differ-
ence between themetafrontier and the group-specific frontier. An aver-
age bank is able to produce 5.32 million US dollars of more desirables
and less undesirable, respectively, and to employ 5.32million US dollars
of fewer inputs, if it adopts the potential technology to provide financial
products. Latvia has the lowest mean TGD (2.68), followed by Slovenia
(2.79) and Moldova (3.00), while Czech Republic (17.77), Serbia
(13.91), and Romania (10.47) are at the other end of the spectrum. It
is noticeable that most of the countries have higher average TGDs
than their average technical inefficiency measures, with the exception
of Slovenia. This implies that the main source of inefficiency comes
from the failure of our sample banks to undertake the potential technol-
ogy, instead of managerial inabilities. Bank managers are suggested to
adopt new innovations swiftly to enhance their production technology
in such a way as to be able to produce on the metafrontier. By doing
so, their outputs can be largely increased, accompanied by a decrease
in both inputs and the undesirable output.

Fig. 3 depicts the scatter diagram for each country with the horizon-
tal and vertical axes being themean values of the group-specific techni-
cal inefficiency score and TGD, respectively. Countries located at the
lower-left quadrant reflect that their banks outperform those of the
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Fig. 2. The trend of average TGD measures.
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remaining countries in the other three quadrants on average, because
the former have a smaller average inefficiency score and a narrower av-
erage technology gap. In this regard, banks in Latvia, Bosnia, Bulgaria,
Estonia, Croatia, Hungary, Lithuania, Moldova, Macedonia, Slovakia,
and Ukraine perform relatively well.

The average technical inefficiency of Romania’s banks stands the
highest, along with the third highest average TGD, indicating that
their managerial abilities and production technology have large room
for improvement. Banks in Poland, Russia, and Slovenia have worse
technical efficiency measures, but adopt advanced production technol-
ogy, while the reverse is true for banks in Czech Republic and Serbia.
The two countries’ bankshave bettermanagerial abilities, but undertake
less sophisticated technology.

5.4. Effects on inefficiency measures from excluding undesirables

If undesirables are removed from the DDF, then the parameter esti-
mates of such a simplifiedmodel are expected to be biased due to the in-
capability of the model in correctly describing the true production
process. The subsequent estimated technical inefficiency measure is also
biased as its calculation requires the use of the biased parameter
estimates. In addition, the simplifiedmodel tends tofindmore banks pro-
ducing at the metafrontier, since the omission of undesirables decreases
capabilities of the model to distinguish performance among banks.
Table 7
Comparisons between models with and without undesirables.

With Undesirables Without

Mean Tech. Ineff. Number of Banks Producing
on the Group-frontier

Likelihood Value Mean Tec

BA 1.24 7 −2.60E+02 0.88
BG 1.53 8 −2.96E+02 0.40
CZ 2.90 74 −6.38E+02 1.57
EE 0.86 4 −8.76E+01 0.32
HR 1.98 31 −8.31E+02 0.22
HU 2.13 23 −2.30E+02 0.09
LT 1.09 12 −2.20E+02 0.95
LV 1.61 15 −5.03E+02 1.23
MD 2.58 0 7.71E+00 0.92
MK 0.38 19 −4.86E+01 0
PL 4.11 41 −4.83E+02 0.30
RO 5.94 30 −1.34E+03 0.62
RS 2.68 72 −5.78E+02 2.55
RU 3.66 206 −1.60E+04 3.45
SI 3.82 7 −2.76E+02 2.05
SK 1.79 23 −2.14E+02 0.08
UA 2.03 34 −6.42E+02 0.30
Table 7 shows the average inefficiency scores for each group, which
are consistentwith our expectation. The average technical inefficiencies
that are derived from the model precluding undesirables are much less
than those derived from the one incorporating undesirables in all sam-
ple countries. The simplified model also reveals that there are more
banks producing on their group frontiers than the maintained model
projects. Finally, as the standard likelihood ratio test statistics for the
null hypothesis - that all of the coefficients of the terms involving unde-
sirables are jointly zero - are not accepted, the simplified model is not
recommended by the data.

6. Concluding remarks

The current paper has applied the MDDF to compute and compare
production efficiencies of banks in 17 CEE countries, in which the bank-
ing industry of each country is assumed to have potential access to the
same technology, but each bank chooses to operate on a different part
of technology frontier. The directional distance function appears to be
a better choice for estimating banking efficiency, since it allows for
gauging a bank’s efficiency from the orientations of inputs, outputs,
and undesirables at the same time. As the undesirables are jointly
produced with some desirables - various loans - and the disposal of
the undesirables requires the use of resources and adversely affects
the production of desirables, it is suggested that researchers include
Undesirables

h. Ineff. Number of Banks Producing
on the Group-frontier

Likelihood Value Likelihood Ratio Test

79 −3.13E+02 105.96
147 −4.07E+02 223.29
172 −7.45E+02 215.07
51 −2.42E+02 308.42
356 −1.30E+03 948.61
86 −3.03E+02 145.96
112 −2.57E+02 73.57
90 −5.96E+02 186.91
0 −3.32E+01 81.92
98 −1.00E+02 103.42
119 −4.86E+02 5.25
164 −1.44E+03 199.01
136 −6.02E+02 47.63
1770 −1.68E+04 1575.23
65 −2.89E+02 26.08
86 −2.31E+02 33.30
217 −6.96E+02 108.73
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the undesirables in their econometric models in order to appropriately
characterize a bank’s production process, aswell as to correctlymeasure
its technical efficiency.Moreover, the employment of theMDDF enables
the technology gap to be evaluated for banks under different technolo-
gies relative to the potential technology available to the industry as a
whole in the framework of the stochastic frontier approach, as opposed
to the programming technique proposed by Battese et al. (2004). One of
the advantages of our MDDF is that the technology gap can be further
related to a group of environmental variables, which is infeasible in
the context of programming techniques.

Evidence is found to verify that the banking industries of the 17 CEE
countries do indeed adopt different technologies. This justifies the valid-
ity of the MDDF in the comparison of technical efficiencies among
groups. Some of the environmental variables are found to have signifi-
cant impacts on the group frontiers and the metafrontier, confirming
the usefulness of the stochastic metafrontier model.

Our empirical study shows that the average TGDs substantially vary
across countries and exceed average technical inefficiency scores in
most countries, while those mean TGDs present no clear trend during
the sample period. Bank managers should promote their production
technology by quickly responding to financial innovations in such a
way as to shift their group frontiers closer to themetafrontier. As the av-
erage technical inefficiency score is relatively small to the average TGD
of the same country, managerial inability appears to be less of an issue.

The production of undesirables is almost inevitable in many in-
dustries, such as manufacturing and banking sectors, and it requires
the disposing of consuming resources. The exclusion of undesirables
from the model is apt to mislead the subsequent results. Therefore,
using the directional distance function by the current paper is more
preferable. This is confirmed in Subsection 5.4, where the model ig-
noring the undesirables tends to underestimate the technical ineffi-
ciency scores.

For future research studies, our MDDF can be extended to
measure and compare productivity change for banks in different
countries under the framework of the Luenberger productivity indi-
cator. Since these indicators of different groups are evaluated rela-
tive to the same metafrontier, they are comparable and able to
provide insightful information, or more specifically, whether pro-
ductivity change is driven by technical efficiency change or techno-
logical change has different implications to managers, business
consultants, and regulatory authorities.

Appendix 1. Variable definitions
Variable Name
 Definition
Total loans ( y1)
 Short-term and long-term loans

Other earning assets (y2)
 Other earning assets, including government bonds,

corporate securities, and other investments

Non-interest revenue (y3)
 Fee and commission income and other income

Labor (x1)
 Proxied by total assets net of fixed assets

Capital (x2)
 Total fixed assets

Borrowed funds (x3)
 Deposits, other borrowed money, and money market

fund

Undesirable (b)
 Non-performing Loans

Environmental variables

Equity to asset ratio (ETA)
 The ratio of equity capital to total assets of a bank

Average return on assets
per year (ROA, %)
Average ROA across all banks of a country per annum
Ownership
 State =1 for state-owned banks and 0 otherwise;
private =1 for private banks and 0 otherwise;
foreign banks are the normalization.
Unlisted
 1 if the bank has not been listed on the stock market
and 0 otherwise
Real GDP per capita
(RGDP)
Thousands of the US dollars with the base year 2000
Population Density (PD)
 Number of persons per square kilometer

HHI
 The Herfindall-Hirschman index
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