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Abstract

This study uses Data Envelopment Analysis to analyse the evolution of the efficiency of the European
Union banking sector with different concepts and measures of bank efficiency, as well as the results
provided by the Malmquist index to measure different efficiency changes, and the total productivity
changes considering a panel of 784 relevant banks from all the 27 European Union countries, between
2006 and 2021. Banks are assumed to produce three outputs: loans, other earning assets, and non-
earning assets using three inputs: interest expenses, non-interest expenses, and equity, overall, the
findings of the paper point to the existence of inefficiencies which are mainly justified by non-optimal
combinations of the considered inputs and outputs, and not by the scale of the production. The results
obtained also reveal that the EU banks included in the sample have room to improve their choices of
the combinations of inputs to produce the desired outputs at minimum costs. The values of the
computed Malmquist index indicate overall progress, except during the period of the global financial
crisis, and to some extent also between the years 2015-2017, corresponding to a turbulent period of the
EU banking sector with the advancements of the European Banking Union and two relevant initiatives:
the European Banking Supervision and the Single Resolution Mechanism.
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1. Introduction

Over decades, and particularly after the last global financial crisis and the sovereign debt crisis
that affected many European Union (EU) countries, the EU banking sector had to face significant
challenges in adaptation to the new economic and financial reality. The EU banks were obliged to
adapt to the reshaped bank market regulations and the supervision of the banks, and they have been
struggling for their profitability in a very strict environment, including the historically low interest rate
levels.

The efficiency of the EU banks go on being relevant not only to the banking sector but also to the
whole EU economic system, namely because in Europe banks are still the largest providers of credit to
producers and households. The good performance of banks is also important to improve the
transmission of monetary policy, ensuring the required lending volumes at sustainable lending rates.

There is a large strand of literature analysing the efficiency of the EU banks using frontier
methods and estimating efficient production frontiers with parametric and non-parametric approaches.
Some of these studies use the Stochastic Frontier Analysis, a parametric approach which is based on a
problem of optimisation, that is, the maximisation of the profit or the minimisation of the costs, given
the assumption of a stochastic optimal frontier (among others, Lozano-Vivas et al, 2011; Vozkova and
Kuc, 2017; Kuc, 2018: Huljak et al, 2022).

Data Envelopment Analysis (DEA) is one of the most used non-parametric approaches to
estimate efficient production frontiers. It is based on a linear programming methodology that is
appropriate to measure the efficiency of different decision-making units (DMUSs) using multiple inputs
and outputs in a production process. DEA has been used to analyse the efficiency of European banks in
single-country studies (such as Tanna et al, 2011; Ouenniche and Carrales, 2018) as well as in multi-
country studies (for example, Chortareas et al, 2013; San-Jose et al, 2018; Kolia and Papadopoulos,
2022).

This paper uses DEA techniques to measure the efficiency of a relatively large panel of 784
relevant banks of all the 27 European Union (EU) countries between 2006 and 2021, considering
different concepts of efficiency: technical efficiency, pure technical efficiency, scale efficiency, cost
efficiency, and allocation efficiency, as well as the results provided by the Malmquist indices to

measure the different efficiency changes, and the total productivity changes.



The results of the computed technical efficiency (with constant returns to scale), the pure
technical efficiency (with constant returns to scale), and the scale efficiency reveal that the technical
inefficiency of the considered EU banks is mainly justified by non-optimal combinations of the
considered inputs and outputs, and not by the scale of production. The findings of the paper also show
that the allocative efficiency is always higher than the cost efficiency, revealing that the EU banks
included in the sample have room to improve their choices of the combinations of inputs to produce the
desired outputs at minimum costs.

The performed estimates allow the presentation of rankings lists with the classification of the
sub-samples of the banks from each EU country included in the panel, according to the results of their
technical (and pure technical) efficiency, cost efficiency, and allocative efficiency. Although there is no
evident conclusion that the sub-sample of banks from one specific EU country is always more efficient
than the other EU banks, it is still possible to compare their positions in the different ranking lists and
to identify the ones that are often included in the top position.

The values of the computed Malmquist index overall reveal progress, except during the period of
the global financial crisis, and to some extend also between the years 2015-2017, corresponding to a
turbulent period of the EU banking sector with the advancements of the European Banking Union and
two relevant initiatives: the European Banking Supervision and the Single Resolution Mechanism.

The paper proceeds as follows: Section 2 presents some relevant literature; Section 3 introduces
the adopted methodology and the used data; Section 4 presents the results obtained; Section 5

concludes.

2. Relevant Literature

The studies on bank efficiency mainly follow the strand of literature that considers the possibility
of defining an efficiency frontier as the best combination of the required inputs to get the desired
outputs. The firm's efficiency is therefore the deviation of its position from a defined efficiency
frontier, which can be obtained with parametric and non-parametric approaches.

Data Envelopment Analysis (DEA) is one of the most used non-parametric approaches that was
first introduced by Charnes et al (1978) and developed among others by Ali and Seiford (1993), Lovell
(1993), Cooper et al (2006), Cook et al (2014). DEA is based on a linear programming methodology
that is appropriate to measure the efficiency of different decision-making units (DMUSs) using multiple

inputs and outputs in a production process. It has been used often to assess and compare the efficiency
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performance of banks in different countries or regions, including the European banking institutions,
both in focused studies and in multi-country focussed studies.

Examples of single-focused DEA studies include Favero and Papi (1995) who provided measures
of the technical and scale efficiencies in the Italian banking industries by implementing non-parametric
DEA on a cross-section of 174 Italian banks taken in 1991. The conclusions pointed to the existence of
both technical and allocative efficiency; in addition, when regression analysis was used, bank
efficiency was best explained by productive specialization, size and, to a lesser extent, location.

Drake (2001) analysed relative efficiencies within the banking sector and the productivity change
in the main UK banks over the period 1984 to 1995. The results obtained provided important insights
into the size-efficiency relationship in the considered sample of banks and offered a perspective on the
evolving structure and competitive environment within which the banks are currently operating. Webb
(2003) utilised DEA window analysis, to measure the relative efficiency levels of large UK retail banks
during the period 1982-1995, mostly finding that the overall long-run average efficiency trend was
falling, and also that all banks in the study showed reducing levels of efficiency over the entire period.

Tanna et al (2011) considered a sample of 17 banking institutions operating in the UK between
2001 and 2006 and used DEA techniques to provide empirical evidence on the association between the
efficiency of UK banks and board structure, namely board size and composition. They found some
evidence of a positive association between board size and efficiency as well as robust evidence that
board composition had a significant and positive impact on all measures of efficiency.

Ouenniche and Carrales (2018) also assessed the efficiency profiles of UK banks, collecting data
from 109 commercial banks over the years 1987-2015, and concluded that, on average, commercial
banks operating in the UK were yet to achieve acceptable levels of overall technical efficiency, pure
technical efficiency, and scale efficiency.

Examples of multi-country DEA studies analysing the efficiency of the European banks include
Casu and Molyneux (2003) who considered a sample of 750 from five EU countries (France, Germany,
Italy, Spain and the UK) to investigate the existence of improvement and the potential convergence of
efficiency across the European banking markets in the aftermath of the creation of the Single Internal
Market with efficiency measures obtained with DEA estimations. The main findings of this work
suggested that there was a small improvement in the bank efficiency levels but there was no convincing
evidence to support the convergence of the EU banks' productive efficiency.

Chortareas et al (2013) used a large sample of commercial banks operating in 27 EU member
states over the 2000s and with data sourced from the Bankscope database, they estimated bank-specific

efficiency scores with DEA. The paper investigated the dynamics between the obtained bank efficiency
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levels and the financial freedom counterparts of the economic freedom index drawn from the Heritage
Foundation database. The main findings suggested that the higher the degree of a country's financial
freedom, the higher the benefits for the banks located in the country, in terms of cost advantages and
overall efficiency.

Degl'Innocenti et al (2017) used a two-stage DEA model to analyse the efficiency of 116 banks
from nine Central and Eastern European (CEE) countries, members of the EU, covering the period
2004-2015. In the first stage, they included total assets and personnel expenses as two inputs, while
deposits were considered as the output of the "value-added activity". Deposits then entered the second
stage (the "profitability activity) as inputs, whereas loans and securities were the final outputs.
Overall, the findings of the paper indicated a low level of efficiency over the entire period of analysis,
especially for Eastern European and Balkan countries. Moreover, the paper concluded that inefficiency
in CEE countries was mainly driven by the profitability stage rather than the value-added activity stage.

Asmild and Zhu (2016) analysed the risk and efficiency of the European banks considering a
sample of 71 banks from 20 different EU member-states for the years 2006-2009 and data collected
directly from each bank's audited financial report. Aiming to analyse the impact of the proposed weight
restrictions, they estimated two DEA models: the "Funding mix model”, including five inputs (Retail
funding expenses, Wholesale funding expenses, Physical capital expenses, Personnel expenses, and
Impaired loan) and two outputs (Loans, and Financial assets), and the "Asset mix model”, also
considering five inputs (Property loan, Non-property loan, Trading financial assets, Non-trading
financial assets, and Impaired loan), and two outputs (Income, and Provision for impaired loan loss).
The findings reveal that using a more balanced set of weights tended to reduce the estimated efficiency
scores more for those banks which were bailed out during the financial crisis, highlighting some
potential bias and limitations of the DEA estimations, and showing that the decreases in efficiency
scores after weight restrictions were significantly higher for the bailed-out banks than for the non-
bailed-out banks.

Kocisova (2017) used DEA estimations to analyse the efficiency of the banking sectors in the
European Union countries in 2015 with data compiled from the database of the European Central Bank.
The results obtained with the DEA estimations revealed the large banking sectors appear to be most
efficient. Moreover, the paper highlighted the benefits of using DEA as it provides recommendations
on how banks should adjust the structure of their inputs and outputs, taking into account output prices,
which should result in a shift to the efficiency frontier. On the other hand, the paper also highlighted
some potential disadvantages of the DEA method as it is used to calculate relative efficiency, within

the selected group of decision-making units (DMUs), and under the selected group of variables (input,
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output, and prices of the outputs), therefore, a change in the group of DMUs or used variables, can lead
to a change in the efficiency frontier as well as in the level of efficiency obtained for each DMU

San-Jose et al (2018) studied the relationship between economic efficiency and sustainability of
banking in Europe, applying DEA techniques to a sample of 2752 financial institutions (separately
analysing three types of banks: commercial, cooperative, and saving banks) from EU-15 countries in
2014. The main findings of the paper highlighted that European banking was not yet harmonized,
providing also evidence that there was no trade-off between social efficiency and economic efficiency.
Moreover, the paper contributed to the discussion of the strengths and weaknesses of the DEA
approach, emphasising that DEA is extremely flexible as there is no pre-established relation between
input and outputs, and this permits a quasi-real show of the relationship between variables. However,
DEA is also an extreme form and deterministic method that assumes that if a DMU levels output with
input, other DMUs should reach the same level; also, the variable selection is of fundamental
importance as there are no suitable tests to estimate if the results of the analysis are stable or would
vary significantly with other variables.

Kolia and Papadopoulos (2022) investigated the development of bank efficiency and the progress
of banking integration between 2013 and 2018, examining whether banking integration among the Euro
area countries has developed more than that of the total sum of European countries. They also
compared the evolution of efficiency and the progress of banking integration across the Euro area
countries with that of the United States. Bank efficiency was measured with DEA estimations,
considering three inputs: labour, capital, and deposits, and two outputs: loans and net interest income.
The findings showed that the efficiency of the US banking system was considerably higher than that of
the Euro area and the EU banks. Moreover, the paper concluded that overall, there was no evidence of
convergence across the reported banking groups.

3. Methodology and data

The paper uses Data Envelopment Analysis (DEA), a well-tested non-parametric efficiency
approach to measure the efficiency of different decision-making units (DMUSs), using multiple inputs
and outputs in a production process. Despite the recognition that the results obtained with this
methodology are very sensitive to the chosen inputs and outputs, as well as that the number of efficient
DMUs tends to increase with the inclusion of more input and output variables, DEA is still considered
appropriate to measure efficiency, including bank efficiency. In comparison with other tested

methodologies, it presents some advantages, such as the possibility of handling multiple inputs and
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outputs without an explicit definition of a production function, the possibility of being used with any
input-output measurement, and the possibility of obtaining efficiency (and inefficiency) measures for
every DMU.

DEA is based on a linear programming methodology that was first developed by Charnes et al
(1978) and developed among others by Ali and Seiford (1993), Lovell (1993), Charnes et al (1994),
and Cooper et al (2006). Nowadays DEA is a well-tested non-parametric efficiency approach, based on
a linear programming methodology that is appropriate to measure the efficiency of different decision-
making units (DMUSs) using multiple inputs and outputs in a production process.

The model proposed by Charnes et al (1978) is based on the assumption of constant returns to
scale and is very well presented in Coelli (1996) assuming that each of the considered N firms (or
DMUs) use K inputs to produce M outputs, being X the KxN input matrix and Y the MxN output
matrix that include the data of all the N DMUs. Using linear programming, one of the ways to measure
the efficiency is by solving the problem:

Ming,, 6,

Subject to: VitYA 20; Oyi-XA1 20,220 (1)

(where @is a scalar and A is a Nx1 vector of constants).

Solving this problem, we obtain, for each DMU, the efficiency score . In all situations 6 < 1,
when 6 =1 the correspondent DMU is in the efficient frontier, and when they are not in the frontier the
values of 1-8 represent the distance to this frontier or the measure of their technical inefficiencies.

Under these conditions, the technical efficiency of each DMU is a comparative measure of how
well it processes the inputs to obtain the desired outputs in comparison with the best-achieved
performance that is represented by the production possibility frontier. This overall efficiency measure
depends not only on the input/output specific combination (representing the pure technical efficiency)
but also on the scale of the production operation (or the scale efficiency).

Still following Coelli (1996), we can introduce the assumption of variable returns to scale
including the convexity constrain N/’A = 1 in the model (1) and solve the following linear
programming problem to obtain the measure of the pure technical efficiency:

Ming, 6,

Subject to: VitYA 20; Oyi-XA 20, NI'A=1; 21 >0 (2

(where @is a scalar, A is a Nx1 vector of constants, and N1 is a Nx1 vector of ones).

Under the assumption of variable returns to scale the measure of (pure) technical efficiency

basically captures the managerial performance. The scale efficiency represents the ability of the
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management to choose the scale of the production and can be obtained as the ratio of the overall
technical efficiency (under the assumption of constant returns to scale) and the pure technical
efficiency (see, among others, Kumar and Gulati, 2008; Fujii et al, 2018).

To obtain the allocative efficiency, first, it is necessary to get the cost efficiency measure, solving
the problem:

Mingxix Wi " xi*,

Subject to: YVitYA 20; xi*-XA 20, NI'A=1; 1 >0 (3)

(where wj is a vector of the prices of the inputs of the i-th DMU, x; * is the cost-minimising vector
of the input quantities for the i-th DMU, given the input prices x;, and the output levels y;).

Solving this problem, it is possible to obtain the value of the cost efficiency of the i-th DMU as
the ratio of the minimum cost to the observed cost of this DMU, w; * xj*/ w; * x;. Moreover, and as well
demonstrated in Coelli (1996), the allocative efficiency (AE) is obtained as the ratio of the cost
efficiency (CE) to the technical efficiency (TE), that is AE=CE/TE.

When considering panel data, we can also use a DEA linear programme to get a Malmquist index
that measures the productivity change, decomposing it into the technical change and the technical
efficiency change (see among others, Candemir et al, 2011) the Malmquist productivity change index

between the period t and the period t+1 can then be defined as

dt(xt+1;3’t+1) % dt+1(xt+1'yt+1) 1/2
at(x, ye) aAt*1(xe, yr)

(4)

MVe41 Xer 1) Voo Xe) = l

This index can be decomposed into the

.. qi+i (x1+1 y1+1)
Efficiency Change (EC) = =—F—==— (5) and the
dy (xyh)

t t 1/2
Technical Change (TC) = [ do(er1Yern) o, doCreye) 6)

i (e yern) AP (xeye)

Overall, it is generally recognised that DEA is an appropriate method to analyse and measure
efficiency, including bank efficiency, and that in comparison with other tested methodologies, it
presents some advantages, such as the possibility of handling multiple inputs and outputs without an
explicit definition of a production function, the possibility to be used with any input-output
measurement, and the possibility to obtain efficiency (and inefficiency) measures for every DMU.

On the other hand, DEA has also some recognised disadvantages, namely the fact that we cannot
test for a better specification, as well as the fact that the results are very sensitive to the chosen inputs
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and outputs, as the number of efficient DMUs tend to increase with the inclusion of more input and

output variables (see, for example, Ali and Lerme, 1997; Johnes, 2006; Berg, 2010).

In this paper, banks are assumed to produce three outputs: loans, other earning assets, and non-
earning assets using three inputs: interest expenses, non-interest expenses, and equity. The inclusion of
equity aims to take into account the relevance of the risk preferences when estimating efficiency (see,
for example, Altunbas et al, 2007; Almanza and Rodriguez, 2018).

To estimate the cost efficiency, it is also necessary to get information regarding the costs of
production. Here these costs are proxied first, with the ratio of the interest expenses to the deposits and
short-term funding (representing the price of the borrowed funds); second, the price of the capital and
labour is proxied by the ratio of the non-interest expense to total assets; third, the ratio of the equity to
total assets, representing the price of the equity.

Under these conditions, the aim will be to choose the best combination of inputs to produce the
outputs at minimum cost. Following the adopted methodology, allocative efficiency (AE) will be the
ratio of the cost efficiency (CE) to the technical efficiency (TE), and it is possible to consider either
constant return to sale (CCR) or variable return to scale (VRS).

The information regarding the considered bank outputs, inputs, and production costs, was
sourced from the Moody's Analytics BankFocus database in December 2022 and the paper includes a
relatively large panel of 784 relevant banks of all the 27 European Union (EU) countries between 2006
and 2021. The choice of the banks took into consideration not only the availability of the data but also
the size of the banks, as the size of the banks is likely to affect their behaviour. Overall, banks with
less than 2 billion Euros of total assets in 2021 were excluded from the sample. However, for the EU
countries with few banks with a high amount of total assets, the sample includes banks with less than 2
billion Euros of total assets (but not far from 1 billion Euros in 2021). Table 1 indicates the number of
banks for each of the 27 EU countries included in the sample, as well as their representativeness not
only in terms of the percentage of the total number of the banks included in the whole sample but also
in terms of their percentages of the total deposits and of the total loans provided to costumers.



Table 1 — Number of the considered banks by European Union member-state and their

rep resentativeness

EU Number of | % of the total | % of the deposits in | % of the provided loans in

country banks banks 2021 2021
Austri 27 3.44

a 2.62 2.44
Belgi 19 2.42

um 3.66 3.37
Bulga 9 1.15

ria 0.20 0.14
Croati 4 0.51

a 0.21 0.14
Cypru 5 0.64

S 0.42 0.30
Czech 12 1.53

Rep. 0.96 0.70
Denm 15 1.91

ark 1.17 1.85
Estoni 4 0.51

a 0.09 0.08
Finlan 7 0.89

d 1.39 1.81
Franc 129 16.45

e 31.05 32.97
Germ 322 41.07

any 26.82 26.30
Greec 6 0.77

e 0.76 0.50
Hung 6 0.77

ary 0.44 0.29
Irelan 6 0.77

d 1.23 0.82
Italy 63 8.04 9.66 9.68
Latvia 5 0.64 0.08 0.05
Lithu 4 0.51

ania 0.13 0.07
Luxe 34 4.34

mbourg 1.33 0.94
Malta 7 0.89 0.12 0.07
Nethe 16 2.04

rlands 6.68 7.28
Polan 18 2.30

d 1.47 1.16
Portu 12 1.53

gal 1.27 0.94
Roma 6 0.77

nia 0.30 0.19
Slova 5 0.64

kia 0.19 0.20
Slove 7 0.89

nia 0.17 0.11
Spain 28 3.57 5.55 474
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Swed 8 1.02
en 2.05 2.84

Source: Author’s calculations using data sourced from the Moody’s Analytics BankFocus database.

4. Empirical Results

The paper first reports the results of each EU country’s bank technical efficiency (with constant
returns to scale), the pure technical efficiency (with variable returns to scale), and the scale efficiency,
during the considered period. Secondly, the paper presents the values of the cost and allocative
efficiencies, with both constant and variable returns to scale. In the third step, the paper presents the
countries’ ranking lists according to the scores obtained for the three measures of bank efficiency
(technical, cost, and allocative efficiencies) also considering constant and variable returns to scale.
Finally, the paper provides the results of the computed Malmquist indices, measuring the technical,

technological, and scale efficiency changes, as well as the total productivity changes.

4.1.Technical Efficiency, Pure Technical Efficiency, and Scale Efficiency

The technical efficiency measure (with constant returns to scale) for the whole sample of 784 EU
banks during the period 2006-2021 is TEcrs = 0.903, while the pure technical efficiency (with variable
returns to scale) is TEyrs = 0.922, revealing that the technical inefficiency of the European banks
included in our sample is mainly due to inefficient managerial performance and non-efficient
combinations of the considered inputs and outputs. The scale efficiency represents the ability of the
management to choose the scale of the production and can be obtained with the ratio TEcgs / TEyrs.
Here the scale efficiency of the whole sample is 0.980, indicating that overall, the scale of production

of the considered EU banks is not very far away from the most productive scale size.

Figure 1 presents the results obtained for the technical efficiency, pure technical efficiency, and
scale efficiency of the considered banks of all EU member states, between 2006 and 2021. In line with
the results reported for the whole sample of EU banks, there is clear evidence that the scale of the bank
production is overall appropriate and bank efficiency is always higher when considering variable

returns to scale.
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Figure 1 - Technical efficiency (with CRS), pure technical
efficiency (with VRS) and scale efficiency
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Source: Author’s calculations.

4.2.Cost Efficiency and Allocative Efficiency, with Constant and Variable Returns

As already mentioned, cost efficiency represents the selection of the necessary inputs,
considering their prices, more precisely, the choice of the best combinations of inputs to produce the
outputs at minimum cost. Following the methodology presented in the previous section, allocative
efficiency (AE) will be the ratio of the cost efficiency (CE) to the technical efficiency (TE), either with
constant returns to scale or variable returns to scale.

Considering constant returns to scale, and the whole sample of 784 EU banks over the years
2006-2021 the cost efficiency is CEcrs = 0.671 and the allocative efficiency is AEcgrs = 0.744. The
results obtained with variable returns to scale are CEygrs = 0.731 and AEygrs = 0.793, confirming that
bank efficiency is higher when the scale of the bank production is not constant. The results also reveal
that the cost efficiency is much lower than the technical efficiency and therefore, there is evidence of
allocative inefficiency, that is, the inability of the EU banks to allocate funding to the most productive

uses.
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Figure 2 - Cost and allocative efficiencies, with constant
returns to scale
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The values of the cost and allocative efficiencies that were obtained for the whole sample of EU
banks are fully in line with those regarding the country-specific efficiencies, which are presented in
Figure 2 (considering constant returns to scale) and in Figure 3 (with variable returns to scale). In all
situations, the allocative efficiency is higher than the cost efficiency, revealing that the scores of the
cost efficiency (representing the combinations of inputs to produce the outputs at minimum costs) are
always worse than the scores obtained for the technical and the pure technical efficiencies, which
measure how well banks use the inputs to obtain the desired outputs in comparison with the best-

achieved performance that is represented by the production possibility frontier.

Figure 3 - Cost and allocative efficiencies, with variable
returns to scale
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4.3. Countries’ Ranking Lists
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DEA techniques provide the results not only for the whole sample of the considered 784 EU
banks but also for the sub-samples of the banks from all EU countries.

Table 2 presents the countries' ranking lists according to the scores obtained for three measures
of bank efficiency: technical efficiency, cost efficiency, and allocative efficiency, considering both
constant and variable returns to scale. The results do now allow the conclusion that the banks of one
specific EU country are always the most efficient because the rankings change according to the
different concepts and measures of bank efficiency. Nevertheless, it is still possible to identify some
countries (such as Finland, and the Netherlands) that in all situations are in the top positions of the
different ranking lists, clearly indicating that their banks look more efficient than the other EU banks

included in the sample.
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Table 2 - Countries’ rankings according to the scores obtained for the EU banking efficiencies

TEcrs CEcrs AEcgs TEvrs CEyrs AEyrs

1 | Latvia 0.934 | Finland 0.831 | Finland 0.902 Netherlands | 0.942 | Finland 0.892 | Finland 0.946
2 | Lithuania 0.922 | Spain 0.797 | Spain 0.897 Finland 0.941 | Ireland 0.85 | Spain 0.926
3 | Finland 0.919 | Estonia 0.756 | Estonia 0.841 Latvia 0.94 | Netherlands | 0.849 | Ireland 0.919
4 | Malta 0.919 | Luxembourg | 0.734 | France 0.831 Croatia 0.936 | Spain 0.839 | Luxembourg | 0.906
5 | Netherlands | 0.918 | France 0.733 | Ireland 0.816 Estonia 0.935 | Luxembourg | 0.838 | Netherlands | 0.899
6 | Croatia 0.915 | Malta 0.733 | Luxembourg | 0.816 Lithuania 0.935 | Austria 0.795 | France 0.875
7 | Hungary 0.915 | Austria 0.72 Austria 0.807 Romania 0.935 | Estonia 0.792 | Austria 0.872

8 | Romania 0.914 | Ireland 0.717 | Malta 0.797 Czech Rep 0.929 | France 0.791 | Belgium 0.86
9 | Germany 0.911 | Czech Rep 0.699 | Czech Rep 0.774 Hungary 0.929 | Belgium 0.787 | Estonia 0.845
10 | Slovakia 0.908 | Netherlands | 0.689 | Belgium 0.77 Malta 0.929 | Sweden 0.781 | Sweden 0.841
11 | Bulgaria 0.906 | Belgium 0.688 | Italy 0.761 Luxembourg | 0.927 | Czech Rep 0.761 | Malta 0.818
12 | Luxembourg | 0.903 | Slovenia 0.686 | Slovenia 0.76 Ireland 0.926 | Malta 0.761 | Czech Rep 0.817
13 | Slovenia 0.903 | ltaly 0.678 | Netherlands | 0.754 Slovakia 0.924 | Portugal 0.737 | Portugal 0.804
14 | Czech Rep 0.901 | Latvia 0.677 | Sweden 0.738 Sweden 0.924 | Italy 0.722 | Iltaly 0.793
15 | Portugal 0.901 | Sweden 0.666 | Germany 0.731 Germany 0.92 | Latvia 0.706 | Slovenia 0.777

16 | Sweden 0.901 | Germany 0.665 | Portugal 0.73 Greece 0.92 | Slovenia 0.705 | Germany 0.76
17 | Estonia 0.897 | Portugal 0.657 | Latvia 0.719 Bulgaria 0.918 | Germany 0.699 | Denmark 0.757
18 | Greece 0.896 | Denmark 0.64 Denmark 0.717 Belgium 0.916 | Denmark 0.687 | Latvia 0.745
19 | Cyprus 0.895 | Bulgaria 0.637 | Cyprus 0.713 Portugal 0.916 | Hungary 0.677 | Cyprus 0.742
20 | Austria 0.894 | Cyprus 0.635 | Bulgaria 0.705 Austria 0.913 | Cyprus 0.671 | Hungary 0.727
21 | Belgium 0.894 | Slovakia 0.626 | Poland 0.701 Cyprus 0.909 | Slovakia 0.666 | Poland 0.726
22 | Italy 0.891 | Poland 0.62 Slovakia 0.692 Italy 0.909 | Poland 0.652 | Slovakia 0.723
23 | Denmark 0.89 Hungary 0.615 | Hungary 0.673 Slovenia 0.908 | Bulgaria 0.651 | Bulgaria 0.712
24 | Spain 0.889 | Lithuania 0.597 | Lithuania 0.649 France 0.905 | Greece 0.647 | Greece 0.705
25 | Poland 0.886 | Croatia 0.577 | Greece 0.646 Spain 0.905 | Lithuania 0.626 | Lithuania 0.672
26 | France 0.885 | Greece 0.575 | Croatia 0.632 Denmark 0.903 | Croatia 0.609 | Croatia 0.651
27 | Ireland 0.88 Romania 0.481 | Romania 0.527 Poland 0.9 Romania 0.547 | Romania 0.585
Average 0.903 | average 0.671 | average 0.744 average 0.922 | average 0.731 | Average 0.793

TE=Technical efficiency; CE = Cost efficiency; AE = Allocative efficiency. CRS=Constant returns to scale; VRS = Variable returns to scale.

Source: Author’s calculations.
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4.4. Malmquist Indices Measuring Technical and Productivity Changes

The values of the computed Malmquist index provide the measures of the annual productivity
changes and they allow the decomposition of these changes into the technological changes and the
technical efficiency changes. The computed Malmquist index also reports the results of the technical
efficiency change (with constant returns to scale), the pure technical efficiency change (with variable
returns to scale), the scale efficiency change, and the total factor productivity change. Values greater
than one always indicate positive changes between one year and the next one.

During the considered period the value of total factor productivity changes was, on average,
1.069, and as documented in Figure 4, the year-to-year changes were almost always greater than one,
with the exceptions of the years between 2008 and 2011, corresponding to the period of the global

financial crisis that deeply affected the EU banking sector.

Figure 4 -Total factor productivity changes
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Source: Author’s calculations.

The value of the technical efficiency changes (with constant returns to scale) on average was
1.099, a little higher than the average of the changes of the pure technical efficiency changes (with
variable returns to scale), which was 1.029, as well as of the scale efficiency changes, which, on
average was 1.014. The next three figures represent the year-to-year evolutions of these efficiency
changes. Not surprisingly, the fluctuations of the technical efficiency changes (Figure 5) were a little
higher than those of the pure technical changes (Figure 6) and of the scale efficiency changes (Figure
7). The three figures also clearly demonstrate a regress in these efficiency changes during the period of

the global financial crisis (2008-2011) as well as between the years 2015-2017 corresponding to a
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turbulent period of the EU banking sector and the advancements of the European Banking Union with

two important initiatives: the European Banking Supervision and the Single Resolution Mechanism.

Figure 5 - Technical efficiency changes, with CRS
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Figure 6 -Pure technical efficiency changes, with VRS
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Figure 7 - Scale efficiency changes
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The results of the computed Malmgquist index also provide the measurements of the technological
changes. On average, these changes were 1.099, the higher value of all average changes obtained with
the Malmquist index computations, clearly indicating technological progress. This progress
corresponds to the European Union banks’ efficiency shifting out as a result of the adoption of new and
more productive technologies by the most efficient banks.

Figure 8 presents the evolution of the technological changes during the considered period, with
clear evidence of the strength of the technological progress as a response to the challenges of the global
financial crisis and those related to the implementation of the European Banking Union. Not
surprisingly, Figure 8 also reveals that after the periods of increased financial progress, there are few
years of regress, demonstrating that there are also limits to the introduction of the new technologies
adopted by the EU banking institutions.

Figure 8 - Technological changes
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Source: Author’s calculations.

5. Concluding Remarks

This paper contributes to the literature on the analysis of the efficiency of the European Union
banking sector, considering a panel with 784 relevant banks of all 27 EU countries, between 2006 and
2021. Data Envelopment Analysis techniques are applied to measure different concepts of bank
efficiency: technical and pure technical efficiency, scale efficiency, cost efficiency, and allocative

efficiency as well as to estimate the different Malmquist indices. Banks are assumed to produce three
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outputs: loans, other earning assets, and non-earning assets using three inputs: interest expenses, non-
interest expenses, and equity.
The results obtained allow the following overall conclusions:
1) On average, the technical efficiency for the whole sample of 784 EU banks during the
period 2006-2021 is lower than the pure technical efficiency, showing that the technical
inefficiency of the EU banks included in the panel is mainly justified by inefficient managerial
performance and non-efficient combinations of the considered inputs and outputs. Moreover,
the results obtained for the scale efficiency of the whole sample indicate that overall, the scale
of production of the considered EU banks is not very far away from the most productive scale

size

2) The results obtained for the cost and the allocative efficiencies, considering both
constant and variable returns to scale, clearly indicate that the cost efficiency is much lower
than the technical efficiency. More precisely, the allocative efficiency is always higher than the
cost efficiency, revealing that the scores of the cost efficiency (representing the combinations of
inputs to produce the outputs at minimum costs) are always worse than the scores obtained for
the technical and the pure technical efficiencies, which measure how well banks use their inputs
to obtain the desired outputs in comparison with the best-achieved performance that is

represented by the production possibility frontier.

3) The ranking lists obtained using the results regarding the technical (and pure technical)
efficiency, cost efficiency, and allocative efficiency, for the sub-samples of the banks from
each EU country do not allow a conclusion that the banks from one specific EU country are
always the most efficient. However, it is still possible to conclude that the banks from some EU
countries, namely those from Finland and the Netherlands, are in the top positions of the

different ranking lists.

4) The values of the computed Malmquist index reveal that

a. The year-to-year changes of the total factor productivity were almost always
greater than one, revealing progress, except during the period of the global financial crisis.

b. The year-to-year changes of the technical efficiency were a little higher than
those of the pure technical efficiency changes as well as of the scale efficiency changes.

Moreover, the values of these three efficiency changes indicate regress not only during the
19



global financial crisis but also between the years 2015-2017, a turbulent period of the EU
banking sector with the advancements of the European Banking Union and two relevant
initiatives: the European Banking Supervision and the Single Resolution Mechanism.

C. The values of the technological changes also demonstrate that there was
significant technological progress, shifting out the EU banks' efficiency with the adoption of new
and more productive technologies by the most efficient banks. This progress was a clear response
to the challenges of the global financial crisis and those related to the implementation of the
European Banking Union. Not surprisingly, the results also demonstrated that after periods of
increased financial progress, there are few years of regress, revealing the plausible existence of

limits to the adoption of new technologies by the EU banking institutions.

Further research should be encouraged, in this field, namely exploring the bank efficiency
measures obtained with the Data Envelopment approach but considering other bank inputs and outputs,
with different samples of EU and non-EU banks, during other periods and/or using other

methodologies to estimate bank efficiency.
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