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ABSTRACT 

 

Measurement of Banks Efficiency in Emerging Economies 

 

The objective of the study was to measure the risk-adjusted efficiency of 918 banks 

operating in 24 emerging economies for the period of 1999-2013. This study was 

taken into account the undesirable outputs, i.e. non-performing loans while considered 

the sequential nature of banking operations to measure more robust efficiency 

estimates. To achieve this objective, the study employed a directional distance 

function technique based on network DEA approach. The study concluded that overall 

average efficiency of banks increased as NPLs was incorporated in the model. The 

risk-adjusted efficiency of banks was 0.80 points. The study performed three equality 

of distributions test. First, it made comparative analysis of efficiency scores with and 

without incorporating undesirable outputs in modeling. The distributions of efficiency 

scores were significantly different when credit quality was taken into account. 

Second, the study found significant difference between efficiency scores of deposit 

mobilization stage and loan financings stage. Third, it compared the efficiency scores 

in pre-crisis and post-crisis period and reported significant difference at 1% level of 

significance. The results of a follow-on non-parametric regression found that smaller, 

better capitalized and private banks were more efficient. The conditions conducive for 

high levels of technical efficiency by banks were found to be characterized by 

economic growth and low inflation. The financial crisis of 2007–2008 impacted more 

adversely the regions that had higher proportions of non-performing loans in banks‟ 

portfolios. However, the empirical findings of the study had fundamental implications 

for policy makers, such as (i) the banks need to be sufficiently capitalized (ii) Central 

banks need to play their role in discouraging the accumulation of non-performing 

loans and (iii) good macroeconomic management that keeps inflation low and 

stimulate growth provides the environment in which the bank can perform efficiently.  
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This study investigated the operational efficiency of the banks in selected emerging 

economies. Efficient financial intermediation that the financial intermediaries, 

including the banks, provide is a contributing factor to economic growth (Beck, 

Demirguc-Kunt, Laeven, & Levine, 2008; Levine, 2005). In the microeconomic 

perspective of the bank management, success lies in controlling costs, as revenue 

growth achieved through cost escalation may lead to inefficiency (Sathye, 2003). 

Inefficient financial intermediation may put the banking operations at risk, that may in 

turn increases the probability of bank failure (Wheelock & Wilson, 2000). From a 

systematic perspective, an inefficient banking sector poses risks to macroeconomic 

stability (Tennant & Folawewo, 2009). 

Most of the bank efficiency literature employs measures of efficiency that compare 

the outputs or revenues with the costs. In other words, inefficiency is defined in terms 

of less than maximum possible output, given the input level; or alternatively, in terms 

of the usage of more than the least possible input for producing given output. There is, 

however, another way in which the banks could be inefficient: their growth may come 

at a higher risk. The traditional bank efficiency studies have eschewed risk for the 

want of a theoretically sound measurement framework that could incorporate it 

(Kumar & Gulati, 2014).  

Risk management constrains banks‟ choices in terms of loan allocation decisions. 

Because screening of the new investment projects requires additional resources, 

therefore, banks may hold loan portfolios of varying credit quality. If the traditional 

efficiency measurement approaches that ignore credit quality are used, it is possible 

that a bank, with more prudent management that is expends greater effort and 

resources for screening and monitoring of loan projects, may be assigned a lower 

measured efficiency score compared to a bank whose management generates higher 

loans growth by investing in risky projects (Mester, 1996). This limitation pervades 

the literature.  

This study aimed to extend the efficiency measurement to incorporate banks‟ risk 

profile by treating risk as an undesirable output. Towards this end, it employed recent 

developments in modeling non-parametric technological frontiers that allow for the 

presence of undesirable outputs in the technology set. Thus, it attempted to fill an 

important literature gap.  
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Liu, Lu, Lu, and Lin (2013) compiled a survey of data envelopment analysis studies 

that incorporated 323 bank efficiency studies. They discussed the latest 

methodological development of DEA, and pointed out that the current studies dealt 

with the sequential process concept to a banking study measured through Network 

DEA. Paradi and Zhu (2013) reviewed 80 studies of bank branch efficiency, and 

pointed out that these studies were occupied two areas (i) development of advanced 

DEA models, and (ii) evaluating efficiency to provide guidelines for improvement. 

Moreover, Kumar and Gulati (2014) reviewed 200 studies that examined the 

efficiency of banks measured through stochastic frontier analysis and DEA 

techniques. The survey identified four key areas where substantial research efforts 

were devoted in last two decades. First, the most recognized area was to measure the 

consequence of deregulation on the bank's efficiency. Second; it explored the 

connection between efficiency and ownership structure. Third; it studied the 

comparisons of cross-country efficiency scores. The fourth area focused on the 

impacts of Merger and Acquisitions on the efficiency of banks. 

The above mentioned surveys on bank efficiency indicate that previous studies largely 

ignored the critical issue of measuring credit quality. However, some studies did 

consider the sequential nature of banking process. However, none of the studies 

incorporated risk within the sequential two stage DEA framework that more 

accurately represented both the nature of banking operations and the risk inherent in 

them. 

This study attempted to incorporate both the above considerations into the efficiency 

analysis. The previous studies performed efficiency measurements using either the 

production or the intermediation approaches, assuming that the banking operations 

consisted of a single stage that nicely conformed to the one or the other of the two 

approaches
1
. This assumption was dispensed with as it was unrealistic. Because the 

actual banking operations are more complex, a multi-stage setting was chosen where 

the choice of approach could depend on the nature of operations in the given stage. To 

accomplish this objective, the network DEA approach was adopted where efficiency 

                                                             
1
 Bank efficiency studies employed either the production or intermediation approach see (Arshinova, 

2011; D. Barbullushi, 2015; Cava, Junior, & Branco, 2016a; Karimzadeh, 2012; Karray & eddine 

Chichti, 2013; Tahir & Bakar, 2009) for details of the two approaches. 
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was modeled separately for deposit mobilization and loan financing stages with 

appropriate choice of approach. 

Thus, by employing the network (two-stage) DEA, and specifying directional distance 

functions with NPLs as undesirable outputs in the follow-on stage, the study 

attempted to integrate a more realistic characterization of banking operations with an 

efficiency measurement framework that also incorporated risk for a group of 

emerging economies. 

1.1 Financial Intermediaries and Economic Development  

In order to gain understanding of economic development, one needs to comprehend 

the progress of financial intermediaries(Schumpeter, 1934). These intermediaries 

include the banks and NBFIs, such as the leasing companies, modaraba companies, 

investment banks, mutual funds, insurance companies and microfinance lenders 

(Dima & Corches, 2013; Dunia, 2012). The financial intermediaries offer a range of 

financial services to the businesses, government, consumers, and other financial 

institutions (Adam & Siaw, 2010). 

There is a rich literature that highlights the crucial role of financial intermediaries in 

mobilizing savings from the lenders to the borrowers across a wide range of countries 

(Levine, 1997).The services provided by the financial intermediaries are important for 

economic development (Schumpeter, 1934). These services can be of the following 

four broad types categories: mobilizing savings, allocating savings, diversifying risk, 

and monitoring the investment projects (Mote, 1983). 

Financial intermediaries play a significant role in allocating resources to 

entrepreneurs, the entrepreneurs are able to create the new technologies that serve as 

the engines of growth and development (Schumpeter, 1912). Schumpeter also 

emphasizes that entrepreneurship is impossible without efficient financial 

intermediation. 

The role of financial intermediation is very important for the sustainability of growth 

in emerging economies. For example, if an economy grows at the rate of 2% annually, 

and it will double in its size after 36 years. On the other hand, an economy with 4% 

growth rate will double in less than half time due to compounding effects. Thus, 
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financial intermediation that enables emerging countries to obtain money sooner, also 

allows the countries to invest in productive inputs sooner, grow faster, and achieve 

their development paths more quickly (Knoop, 2013). 

To attain higher levels of economic development, the financial institutions may 

encourage the public to save more by offering high interest rates. The savings so 

mobilized are channeled to the businesses and the government that need them for 

productive uses (van Daelen & van der Elst, 2010). There are other studies which  

claim that financial deepening improves not only the productivity of capital, but also 

the savings rate and, therefore, investment and growth (McKinnon, 1973; Shaw, 

1973). 

Moreover, efficient financial intermediaries mobilize investment funds that lead to 

development of capital markets. A dynamic capital market has the capacity to attract 

capital both from national and foreign investors, which helps achieve an advanced 

level of economic development of the society (Al-Faki, 2006). On the other hand, 

inefficient financial intermediaries discourage foreign investment (Asiedu, 2006; 

Smarzynska & Wei, 2000; Tang & Quenby, 2010). This may lower the rate of growth 

in the economy. 

Efficient intermediation in the financial sector improves the allocation of resources by 

making large investments in diversified portfolios, gathering information on most 

profitable projects, and monitoring the borrower's performance to ensure  that they 

fulfill their commitments to their creditors (Garcia & Liu, 1999). 

The development of any economy is also reliant on availability of physical 

infrastructure. The Financial sector services play in alleviating the infrastructure 

constraint by financing infrastructure projects. The infrastructure investment can also 

create employment opportunities and consumer demand (Kessides, 1993). 

An important function of financial intermediation services is to support local and 

foreign trade. Foreign trade is typically supported by provision of pre-shipment and 

post-shipment funds by the commercial banks. The banks also issue Letters of Credit 

in favor of the importer. Thus, trade takes place smoothly and the valuable foreign 

exchange is received by the economy. As a result, , the growth of the country is 
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speeded  up, which contributes positively towards the economic development (Beck, 

2002). 

Financial system permits the government to raise funds through the issue of bonds 

and securities which may carry higher interest rates and tax concessions. Moreover, 

inflation and exchange rates are also managed by government interventions through 

the sale and purchase of government securities. These securities offer a secure 

investment instruments that help mobilize savings (A. Lewis, 1989). 

According to Schumpeter, economic development lies in entrepreneurial innovations 

that primarily rely on the monetary and banking system (Schumpeter, 1934). 

Financial institutions contribute a part of their investable funds for the promotion of 

high return new ventures with positive effects on development (Levine, 2005). 

Competitive financial intermediaries increase the amount of funds available for 

investment by pooling savings and facilitation of entrepreneurial innovation. Banks 

are indeed active agents without their financing of  investment expenditures, 

entrepreneurial innovations would be constrained, putting brakes on the course of 

economic development (Ülgen, 2014).  

The fundamental functions of a financial system are principally similar in all countries 

over the globe. But the financial environments in countries are quite different due to 

differences in the use of technology, globalization, speed and flexibility of the 

banking operations. These differences mean that role of the financial sector to 

economic development of the countries may differ greatly (Meslier, Tacneng, & 

Tarazi, 2014). Financial markets and institutions have faced significant structural 

changes, and new financial instruments have been developed for the households and 

the firms that offer new investment prospects and ways of handling risk. These 

include swaps, financial futures, exchange-traded options, electric funds transfer and 

securities trading, automated teller machines, mortgage-backed securities, etc. These 

technological advances have contributed to vastly reduced costs of financial 

transactions (Merton, 1995). Through the use of technology, banks in an emerging 

economy have improved their customer retention and loyalty by offering easy access 

to banking services (Nui Polatoglu & Ekin, 2001). 

In view of these considerations it is reasonable to suggest that financial sectors within 

countries are highly diversified in terms of services offered. Also, there are expected 
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changes in efficiency, among the individual financial intermediaries, between 

intermediaries across countries, and across regions. This study focused on a particular 

type of financial intermediaries, namely the banks, in the emerging economies. In the 

primary phases of economic development the banks are more important as compare to 

securities markets (Demirgüç-Kunt, Feyen, & Levine, 2013). 

1.2 Emerging Economies 

An emerging economy is the one that has a few features of a developed economy, but 

does not fully meet the criteria to be a developed economy (Heakal, 2003). This 

consists of economies that may become developed economies in the near future or 

were developed economies in the past. The key indicators of an emerging economy 

are the higher returns, better investment diversification opportunities, faster economic 

growth, and extensive interdependence with more advanced economies (Amadeo, 

2016). Traditionally, the financial research largely focused on the developed markets 

(Bekaert & Harvey, 2002). However, with their increasing impact in global economic 

and political aspects, emerging economies have begun to receive more attention in the 

academic literature (Elfakhani, Arayssi, & Smahta, 2008; Kefela, 2011). 

In the past few decades, the emerging economies witnesses substantial growth, that 

led some to refer it as an “economic miracle” (Amann & Baer, 2012). Emerging 

economies presents a very diverse investment proposal. Compared to the developed 

economies, many emerging economies are well resourced, have younger work forces 

and stronger balance sheets. Economic forecasts from various studies predict that 

emerging countries will continue to grow faster as compare to developed countries 

(Klein & Olivei, 2008; Śledzik, 2012). 

International production and consumption have also shifted towards emerging world. 

Later on, the role of MNCs in emerging economies is considered as key market 

players in the development of emerging economies either through building 

infrastructure or developing their domestic consumption. It is forecasted that in the 

future, international brands need to compete with these domestically growing 

companies in India, China and Russia (Jadhav, 2012). 

Sankaraiah (2012) identified three key drivers of emerging economies to achieve 

steady state growth and less variability during most of the period in the last decade 
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such as (i) better responses to both external and domestic shocks (ii) adequate policy 

frameworks like fiscal, monetary and exchange rate and (iii) structural advantages, 

which are not restricted to labor cost anymore. China due to its leadership in large 

scale manufacturing, and India is driven by its leadership in digital and corporate 

service sector enjoys business location cost advantage. Countries like Russia, China 

and India provide cheap brain power. They have produced highly motivated 

university graduates in a year. Since 2000, six hundred million people of the regions 

like Central Europe, Asia, Latin America, Russia, and the Gulf region have entered in 

the middle class. These new consumers are keen to purchase branded products as 

status symbols such as cars, electronics and cell phones, etc. Therefore, the private 

consumption share of the GDP is growing fast (Garelli, 2008). 

This new middle class is the potential user of financial products and services offered 

by banks and capital markets in emerging economies. Banks and capital markets both 

are important. Bank-based system has centered on Japan and Germany whether 

market-based system has centered on the U.S. and the U.K., both systems have 

comparative merits (Levine, 2002). In an unsystematic institutional environment and 

initial phases of economic development bank-based systems are considered better at 

classifying good investments, mobilizing savings and employing comprehensive 

corporate control. However, capital markets are helpful in providing risk-management 

tools, allocation of capital and mitigating the difficulties allied with influential banks 

(Levine, 2000). Banks provide a long-term stable financial framework for businesses. 

In contrast, capital markets have a tendency to be less stable but are quite well in 

channeling funds rapidly to new corporations in growing industries (Vitols, 2001). 

Bank-based system performs better as compared to market-based system. As income 

inequality is lower and per capita income and investment is lower under a market-

based system. Moreover, through provisions of external finance in bank-based 

systems with a big number of entrepreneurs are allowed to contribute better in 

production and manufacturing activities which leads to economic growth and 

development (Chakraborty & Ray, 2006). However, survival capability of a well-

established bank-based system improved. Moreover, previous experiments provides 

strong backing for the endorsement to follow the model of bank-based system in the 

developing countries(Vitols, 2001).  
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1.2.1 Nomenclature of Emerging Economies 

In 2001, Goldman Sachs, the Global Economic Research Group, proposed that four 

big economies Brazil, Russia, India, and China were the most capable emerging 

economies (O‟Neill, 2001). They named this group the BRIC economies. These 

economies gained attention of the world‟s MNCs as high growth opportunities due to 

low cost of labor and good tax incentives. The BRIC group were also major exporters: 

Russia was a key mineral products exporter, Brazil was a major agricultural products 

exporter, and India offered itself as a source of cheap intellectual resources. Abdella, 

Naghavi, & Fah (2018) forecasted that Russia and Brazil would be the top raw 

material exporters by 2050. 

In 2011, O'Neill included South Africa, and renamed the group as BRICS. The 

BRICS were the five largest emerging economies by GDP, and were home to 40% of 

world's population. According to Wang (2019), their share in the world GDP was 

21%, and they registered a 6.5% growth rate during the period 1985-2016. Moreover, 

in 2015, China became the largest economy in the world in terms of GDP based 

purchasing power parity (Willige, 2016). 

In 2011, the Goldman Sachs had studied another four emerging economies – Mexico, 

Indonesia, South Korea, and Turkey – and named the group as the MIST countries. 

According to the World Economic Forum (2011), the MIST economies combined 

positive population growth with high GDP growth. The GDP growth rates in the 

MIST and BRIC groups were much higher as compared to those in the G-5 group. In 

2017, combined population of the eight emerging countries such as Brazil, Russia, 

China, India, Mexico, Indonesia, Turkey and Nigeria covered 50% of the world 

population. These economies will continue their GDP growth and population 

(Scherer, Koning, & Tukkr, 2019). According to forecasts, the six largest economies 

of the world in 2050 would include China as the leading economy, and there would be 

two more Asian emerging economies, i.e. India and Russia (Herciu, Ogrean, & 

Belașcu, 2010). 

In 2014, these economies established the BRICS Bank with equity of $100 billion 

shared equally among the member countries.  
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Following to the BRICS, Goldman Sachs used the term „Next Eleven‟ to refer to the 

grouping of economies that included Egypt, Pakistan, Indonesia, Iran, Nigeria, South 

Korea, Philippines, Mexico, Turkey, Bangladesh and Vietnam (O‟Neill, Wilson, 

Purushothaman, & Stupnytska, 2005). These countries were quite diverse in terms of 

their economic structures and geography; they had several similarities such as large 

populations with high growth rates, indicating consumer market potential.  

1.2.2 Selection of Emerging Economies for this Study 

This study selected 24 emerging economies based on nine analyst‟s reports published 

in 2013. These analysts were IMF, BRICS + Next Eleven, Morgan Stanley Capital 

International, Financial Times Stock Exchange, The Economist, S&P, Dow Jones, 

Russell and Colombia University Emerging Market Global Player (EMGP). Each 

expert group provides their own list of Emerging Economies that overlap a good deal.. 

This study selected those countries that were declared as emerging by at least three 

groups of analysts.  

Table 1.1: Number of emerging economies by analyst groups 

Analyst Group   Countries Analyst Group   Countries 

IMF 27 The Economist 31 

BRICS+ Next Eleven 16 Dow Jones    23 

FTSE 22 Russell    22 

MSCI 23 Columbia University EMGP     21 

S&P 21   

 

Table 1.1 explains the number of economies which are categorized as an emerging 

economy by various analyst groups. Table 1.2 shows the representation of countries 

from each region. 

The selected emerging markets were divided in six geographic regions: East Asia, 

Emerging Europe, South Asia, Latin America, South East Asia, and Africa and 

Middle East. 
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Table 1.2: The regional distribution of the selected emerging economies 

Region Countries 

East Asia China, Taiwan and South Korea 

South Asia India and Pakistan 

South East Asia Malaysia, Indonesia, Thailand and Philippines  

Latin America Argentina, Mexico, Brazil, Colombia, Chile and Peru 

Emerging Europe Greece, Czech Republic, Turkey, Poland and 

Hungary 

Africa and Middle East South Africa, Morocco, Egypt and UAE 

1.3 Financial Crisis 2007-08 

Financial system plays a vital role in the economic growth of any country. Financial 

intermediaries collect deposits from customer and channel them to investors for 

productive uses (Drigă & Dura, 2014). If the banks in an economy are efficient, 

disciplined and effective, it brings out a fast growth in the various segments of the 

economy (Saini & Sindhu, 2014). At the same time, consumer borrowing and 

spending in innovative products of financial sector is reinforced each other in the 

boom. However, in recession both the two sectors began pulling each other down 

(Baily & Elliott, 2009). Moreover, destabilized financial system has contributed 

towards macroeconomic instability and, in some cases, reverse of the economic 

growth (Jennifer Moyo, 2014). 

The financial crisis of 2007-08 has started from US bursting of the housing bubble to 

the worst recession the world has observed over last seven decades (Verick & Islam, 

2010). Erkens, Hung, and Matos (2012) investigated the 296 financial firms focusing 

on the U.K., the U.S. and continental Europe that dominated in the financial crisis 

2007-08. An unexpected huge number of financial institutions failed or were bailed 

out by governments throughout the financial disaster. It also showed a steady increase 

in non-performing loans from the middle of year 2007 to the third quarter of 2008. 

The study concluded that risk-taking and financing policies of financial firms 

adversely affected the performance in crisis. Ryan (2008) pointed out that GFC 

started at the beginning of year 2007 because this was generally regarded as the time 

when the severity of losses realized related to subprime mortgages. This subprime 
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mortgage crisis had established into a full-scale international banking collapse with 

the failure of the fourth largest Lehman Brothers, US investment bank, on15
th

 

September, 2008 (Staff, 2008).  

One of the major reasons of the crisis is excessive risk-taking behavior of financial 

institutions. Risk-takers and loan officers have received huge incentives based on the 

volume of advances offered, instead of on profits these advances are produced 

(Acharya & Naqvi, 2012). A study was conducted by the OCC and found that 73 

percent of the 171 failed banks in U.S. for the period of 1979-1987 had involved in 

aggressive risk-taking (Currency, 1988). Ben Bernanke, Chairman Federal Reserve 

has witnessed the reason behind financial crisis 2007-08 is the compensation structure 

of banks which need to be linked with the performance of employees instead of 

excessive risk taking (Solomon & Paletta, 2009). 

Moreover, excessive liquidity also encourages risk-taking behavior by bank managers 

(Acharya & Naqvi, 2012). However, capital is treated as a tool to limit risk, absorb 

financial losses and a signal of bank's quality assets. Banks with relatively a better 

capitalized positions would provide confidence to the equity participants that they are 

in better position to absorb the shocks (Demirguc‐Kunt, Detragiache, & Merrouche, 

2013).  

The financial crisis undoubtedly verified that the prevailing capital regulation, i.e. 

Basel-II, in its implementation or design, is found insufficient to remain safe in 

financial distress. So, there is a need to implement more strengthened regulations to 

prevent future collapse (Demirguc‐Kunt et al., 2013). Shakdwipee and Mehta (2017) 

pointed out that high leverage and inadequate liquidity buffers were the reasons of 

financial crisis 2007-2008. These weaknesses were gone together with poor risk 

management, governance and inappropriate incentive structures. The complex 

combination of all these factors was adequate to shape huge non-performing loans. 

The Basel Committee provides regulatory treatment of loan loss provisions under 

standardized approach which is largely the same as in Basel I and Basel II. The banks 

are allowed to incorporate general provisions in Tier 2 capital up to a limit of 1.25% 

of credit RWA. Basel-III Accord is established with the aim of strengthening the 

capital requirements. The capital adequacy ratio is increased from 8% to 10.5%. This 



13 
 

additional 2.5% capital is considered as capital conservation buffer. Moreover, this 

accord is to enhance the resilience of the banks to face the phases of financial and 

economic stress. Furthermore, it improves the quality of capital, enhance risk 

management and governance along with transparency and disclosures of banks. The 

GFC places a big question mark on the financial stability of the global financial 

system. So, to promote financial stability, Basel II and III are implemented through 

strengthening capital adequacy and leverage of banks in countries around the world. 

But previous measurement techniques of bank's efficiency have ignored credit quality 

which again led us to face another crisis. Because the omission of credit quality tends 

to over rate those banks which takes more risk, making seem better performing. So 

proper modeling of credit quality is important for the enduring stability of the 

financial system. Previous literature has not accounted for credit quality and 

sequential nature of banking process to measure unbiased efficiency scores. This 

study added in literature through handling the untouched area of the study in the 

banking sector of emerging economies. It provided a unified framework for looking at 

the efficiency adjusted for risk. 

1.4 Motivations of this study 

The study used a concept of efficiency that incorporates credit quality and 

appropriately adapted for the operational characteristics of the sector or the industry 

applied to i.e. banking. In view of the above requirements this study proposed: (i) 

incorporation of credit quality into efficiency measurement. (ii) Modified the 

efficiency concept to incorporate sequential nature of banking operations. (iii) The 

study considered how various macro-economic factors particularly crisis, and bank 

characteristics impact efficiency. 

Most previous studies of baking efficiency have used DEA as a black-box (Azad, 

Kian-Teng, & Talib, 2017). However, actual banking operations involve two distinct 

stages. The first stage is deposit mobilization and the follow-on stage loan financings. 

The banks efficiency may differ in both stages. This helps us in better understanding 

either banks are inefficient in producing deposits or offering loans. Recently there 

have been attempts to address this problem through employing network DEA 

approach to banking sector (Wanke & Barros, 2014). These studies consider only 
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desirable outputs and unable to dealt with undesirable outputs. This limitation 

provides underestimated efficiency scores because these approach not crediting banks 

for their efforts in reducing undesirable outputs i.e. non-performing loans. Moreover, 

banks which are taking more risks in offering poor quality loans are considered more 

efficient. So, there is a need to incorporate undesirable outputs and consider actual 

banking operations while measuring bank efficiency. 

There are only three pioneering studies in the banking sector that have initiated to 

measure of the sequential nature of banking operations while taking into account the 

non-performing loans as undesirable output (Akther, Fukuyama, & Weber, 2013; 

Fukuyama & Weber, 2010; Fukuyama and Matousek 2017) . As per knowledge of the 

researcher, no other study of the banking sector has considered the sequential nature 

of banking operations while taking into account bad outputs using Chung, Färe, and 

Grosskopf (1997). 

Table 1.3: List of studies employed credit quality or sequential nature of banks 

Credit Quality Sequential Nature 

 Taiwanese Banks (Yang, 2003),  

 Indian (Rajan & Dhal, 2003), 

 Malaysian and Singaporean Banks 

(Karim, Chan, & Hassan, 2010),  

 Nigerian Banks (Adeyemi, 2011),  

 Greek Banks (Louzis, Vouldis, & 

Metaxas, 2012),  

 Japanese banks (Barros, Managi, 

& Matousek, 2012), 

 Eurozone Banks  (Makri, 

Tsagkanos, & Bellas, 2014). 

 Malaysian(Avkiran, 2009), 

 Taiwanese Banks (Yang & Liu, 2012),  

 Chinese Banks (Matthews, 2013),  

 Brazilian Banks (Wanke &  Barros, 

2014). 

1.5 Contributions of this study 

This study made the following contributions to the literature on bank efficiency 

measurement. First, it incorporated credit quality into measurement of bank efficiency 

for a group of emerging economies. The previous literature as discussed above either 
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ignored credit quality altogether or conducted those studies only for individual 

countries, thereby, yielding poor estimates of efficiency frontier. Credit quality 

needed to include in modeling efficiency scores. Exclusion of credit quality produced 

underestimated efficiency scores because additional resources used to reduce NPLs 

through screening and monitoring loans led to downwards biased estimates. 

In recent developments of DEA some studies have modeled efficiency measurement 

incorporated credit quality (Barros et al., 2012; Fukuyama & Matousek, 2017; 

Fukuyama & Weber, 2009). However, this literature, mostly consists of single 

country studies. This literature does not address bank efficiency in emerging 

economies as a whole. It is an important gap because the efficiency measurements 

critically depend upon an estimate of multiple emerging economies. The inclusion of 

multiple emerging economies may provide a better measure of the frontier, and result 

in better efficiency measurement. 

Second, most of the previous literature has treated efficiency scores as a black-box 

ignoring the sequential nature of banking operations, i.e., deposit mobilization 

operations followed by loan financing. Recently, some studies have used network 

DEA that measured efficiency in separate stages better corresponding to actual 

banking operation. However, none of the network DEA studies of banking sector have 

considered credit quality in emerging economies. The present study employed the 

network DEA. It also considered credit quality that may significantly alter efficiency 

scores of banking sector in emerging economies. Our study filled an important 

knowledge gap.  

Third, all previous studies have investigated the determinants of bank efficiency using 

parametric regressions in a follow-on the second stage. This approach suffers from 

reliance on parametric assumptions. The present study employed non-parametric 

regression to perform more robust analysis of the determinants of efficiency. This 

approach provided us point-wise estimates through producing partial regression plots 

and allowed us to discuss the precision and significance of the association among the 

variables in question. 

Fourth, all the previous studies measured the effect of GFC 2007-08 on banks 

efficiency. But these studies did not incorporate credit quality in efficiency 
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measurement. This study investigated the impact of GFC on banks' risk-adjusted 

efficiency scores operating in emerging economies as well as for banks in each 

region. 

An important consideration in choosing network DEA was that credit quality affected 

efficiency scores only in the final stage (i.e. loan financing). By separating efficiency 

measurement in the two stages, the network DEA allowed separate investigation of 

determinants of efficiency in each stage. This was not investigated in the previous 

studies that had incorporated credit quality into efficiency measurement. 

Consequently, their estimated efficiency scores were confounded by efficiency effects 

from the previous stage, which was made, it difficult to estimate the effects of 

determinants of efficiency. This study incorporated the sequential nature of banking 

operations, and hence improved the analysis of the determinants of bank efficiency. 

Most efficiency studies explore the characteristics of efficiency, usually by employing 

a following parametric regression, e.g. Tobit or Probit models. However, the results of 

the parametric approach depend upon assumptions, distribution of the variable of 

interest and the functional form of the regression function. All the previous banking 

studies have relied on second stage parametric regression on determinants of 

efficiency. This study employed the non-parametric regression approach to inspect 

determinants of efficiency. So, this study extended the bank efficiency literature in 

this methodological dimension. 

Ontologically, the researchers consider measurement of technical efficiency either as 

a production problem or an intermediation problem. This had clear epistemological 

implications where each group of researchers chose a single stage black-box DEA 

approach, mostly without considering risk. Moreover, based on their respective 

ontological position they disagreed on how to model inputs and outputs. The 

ontological position in the study is that banking operations are a two-stage process 

with stage being a production process and the second stage, loan financing being an 

intermediation process. From epistemological perspective this study seeks to integrate 

the production and intermediation stages into a network DEA using directional 

distance functions that are able, in the second stage, to incorporate risk. So, this study 

makes an important contribution from both ontological and epistemological 

perspectives. 
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1.6 Significance of the study 

Banking sectors influenced overall performance of the economy. Therefore, 

efficiency of the banks in emerging economies was a very important topic of research. 

The study allowed examining the efficiency of banks when credit quality was 

incorporated. It revealed the efficiency profile of the efficient and inefficient banks 

individually. 

This study incorporated credit quality into efficiency measurement as many of the 

risks facing the banking sector which led to increase defaults arising from portfolios 

of poor credit quality. This aspect assumed much greater importance during times of 

crisis, as the crisis contagion of 2007-08 indicated. Moreover, this was one of the very 

few studies that adapts the concept of efficiency measurement by giving due 

consideration to the underlying production process of the industry in question i.e. 

banking. In this industry, a two-stage process is more appropriate given the sequential 

nature of banking operations. 

The findings of this study may beneficial to regulatory authorities as they may 

identify bank at risk (those with poor efficiency scores). The findings may also be 

useful for bank managers as this can help them to benchmark their bank's 

performance against those poor performing banks particularly in each stage of bank 

operations. The findings may also be useful for researchers and academics as they 

may help them in better understanding of the features that impact efficiency. In 

particular, these findings may shed light on how the macro crisis influences behavior 

the bank's efficiency in general, and across sub-groups of emerging economies. 

1.7 Statement of the Problem 

Efficiency of financial institutions played a key role in the economic development; 

however, in measuring efficiency, credit quality had largely ignored in the previous 

research. This omission tends to over-rate those banks which took more risk, making 

them seem better performing. However, excessive risk-tanking behavior may 

jeopardize bank solvency. So, it was important to include credit quality in the 

efficiency model and used it to classify, the efficient along with the inefficient banks. 
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In addition, the inclusion of credit quality and associated risk in efficiency 

measurement, more realistic modeling of the banking operations was also required. In 

literature, DEA technique was considered as black-box. So, there was a need look 

inside this black-box and build more realistic reproduction of the banking operations, 

possibly involved multiple stages. 

1.8 Research Objectives 

The objectives of the study were to improve measurement of bank efficiency. The 

existing literature had largely ignored credit quality while estimating the bank 

efficiency, which led to biased interpretations of efficiency scores. These studies over 

rate those banks which took more risk, and failed to reward those banks which extend 

their resources in monitoring of loans and offering quality loans. Moreover, the study 

also investigated the impact of financial variables like capital adequacy and liquidity 

of the bank on its efficiency. Lastly, the study intended to measure the effect of GFC 

2007-08 on the risk-adjusted efficiency of banks in the emerging economies. The 

specific objectives of the study were as follows: 

 To measure the risk-adjusted efficiency of banks in emerging economies 

 To explore whether efficiency levels differ across deposit mobilization and 

loan financings stages 

 To investigate the contribution of bank-specific and country-specific 

determinants towards efficiency of banks 

 To examine the impact of global financial crisis 2007-08 on the efficiency 

levels of banks in emerging economies  

1.9 Research Questions 

The study needed to address the following research questions based on the identified 

knowledge gaps regarding the incorporation of credit quality in banking operations. 

Moreover, the integration of production and intermediation approaches led to 

investigation of the sequential nature of banking process in emerging economies. 

 How efficient are the emerging economy banks when credit quality is taken 

into account? 
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 How efficiency levels vary across deposit mobilization stage and loan 

financing stage? 

 What are the determinants of bank efficiency in emerging economies? 

 Did global financial crisis 2007-08 affect the efficiency levels of banks in 

emerging economies? 

The first research question guided us to know whether banks in emerging economies 

operating efficiently when credit quality is taken into account. Most of the previous 

studies had ignored credit quality. Therefore, it was not enough to look at simple 

efficiency measures to determine how well the banks were performing. A more robust 

measure of technical efficiency would take into account credit quality in the 

calculation of the efficiency levels themselves. The directional distance functions 

approach provided a way of accounting for differences in credit risk exposure among 

the banks by considering bad loans as "undesirable output" in the context of a multi-

input, multi- output technology. 

The second question was answered by more realistic modeling of banking operations 

which was the integration of production approach and intermediation approach. It led 

us to look inside the black-box and divided the efficiency scores into deposit 

mobilization and loan financings stage. The study computed efficiency scores for both 

stages which provided more insights about the underlying process. The network DEA 

approach measured more robust technical efficiency scores. 

The third question investigated the determinants of bank efficiency in emerging 

economies. This study used a combination of bank characteristics and macroeconomic 

indicators to know the contribution of these variables towards efficiency levels. For 

this purpose, the study employed the non-parametric regression analysis. Moreover, 

the study employed kernel densities to visualize the relationship among the variables 

under discussion. 

The last question regarding the GFC affected the efficiency levels of banks in 

emerging economies. The question was answered through using financial crisis 2007-

2008 dummy variables in non-parametric regression analysis. Moreover, the study 

computed pre-crisis and post-crisis risk-adjusted efficiency scores to measure the 

impact of crisis. 
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1.10      Hypotheses of the study 

The study constructs four hypotheses based on the research questions.  

    The average bank efficiency may be higher when the credit risk is taken into 

account in efficiency measurement. 

We use non-performing loans as a measure of credit risk. If credit risk is ignored, for 

example by employing conventional radial distance function, those banks that follow 

more prudent lending policies involving more conservatism in making loans and 

better screening, may end up seeming less efficient. This is because they either have 

smaller loan portfolios or higher loan screening expenditures compared to banks with 

less prudent management. Using directional distance functions for measuring 

efficiency allows taking into account NPLs that capture the lending policies better. 

This has implications for measured efficiency scores. In the case of radial distance 

functions, the banks taking more risks form the efficient frontier, artificially 

depressing the efficiency scores of the more prudent banks. When the directional 

distance function is employed, the risk taking banks are penalized due to their having 

higher levels of bad outputs (non-performing loans). The efficient frontier would be 

likely formed by banks with prudent lending policies and lower NPLs.  Their 

efficiency score would be higher. Zago and Dongili (2011) noted that technical 

efficiency of Italian credit unions improved when scores were calculated after 

accounting for bad loans. Hamid, Ramli, and Hussin (2017) also noted improvement 

in efficiency of foreign banks when scores were similarly computed. 

Assuming that a majority of banks are reluctant to finance risky project to boast short 

term lending performance, more banks would improve their efficiency scores when 

directional distance functions are employed and relatively fewer (risk taking) banks 

would have lower efficiency scores, leading to higher mean efficiency. Zago and 

Dongili (2011) found that overall efficiency scores improved when bad loans were 

taken into account.  

    The efficiency of banks may be different at loan financing stage as compare to 

deposit mobilization stage. 
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The traditional DEA studies treat banking operations as a black box. To gain better 

insight into banking operations, this study considered these operations in their natural 

sequence -- deposit mobilization followed by loan financing -- and separately 

computed efficiency scores for each stage, employing directional distance function in 

the latter stage to take into account excessive bank risk-taking behavior in efficiency 

measurement. A bank might be efficient in generating deposits and inefficient in 

converting those deposits into loans. This is because technical efficiency at the loan 

financing stage is determined by a balance of loan portfolio size and quality. NPLs 

undermine portfolio quality and count as bad output that decreases technical 

efficiency. Separate measurements of efficiency score for each respective stage of 

operations is likely to yield a better and more nuanced understanding of bank 

efficiency. 

The third set of hypotheses (    and     below) with the determinants of bank 

efficiency.  

     Bank efficiency depends on banks' own characteristic. 

According to H3a, bank financial characteristics explain bank efficiency levels. It is 

likely that the size of the bank may be associated with efficiency. Similarly, 

inadequate capital may hamper banks efficiency by increasing moral hazard between 

debt-holders and shareholder. Moreover, banks with adequate capital are expected to 

bear financial shocks better. Excess liquidity at the disposal of banks may lead them 

to offer more loans relative to deposits, and may lead to poor credit quality. 

     Bank efficiency depends the macroeconomic environment in which the bank 

operates. 

The inefficiency of banks may not be entirely attributable to their poor management, 

and could be at least partly influenced by the macroeconomic environment in which 

they operate . Efficiency may increase under conditions of economic growth because 

those condition create greater demand for banking services. Banks in economies with 

low to moderate inflation rates may also experience enhanced efficiency of banks. 

To test these hypotheses the study used non-parametric regression analysis. This 

technique is less restrictive as it does not rely on ad hoc parametric assumptions. 
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Moreover, the non-parametric regression allows the effects of individual independent 

variables to vary locally.  

   The global financial crisis 2007-08 significantly affected the efficiency levels of 

banks in emerging economies. 

Anecdotal evidence suggests that the Global Financial Crisis (2007-08) negatively 

impacted the efficiency of banks in emerging economies. This is because the banks 

economy faced large share of NPLs during that period and in its immediate aftermath.  

1.11      Organization of the thesis 

The study was divided into six chapters. The next chapter reviews the existing 

literature that considers the bank‟s efficiency without incorporating the credit quality 

and sequential process of banking operations. Chapter three describes the data used in 

the study and the selection of the relevant variables. Chapter four explains the 

methodologies used in this study such as data envelopment analysis, directional 

distance function and non-parametric regression. Chapter five evaluates and discusses 

the findings of the first and the second stages of bank technical efficiency. This 

chapter provides some comparative analysis such as efficiency with and without 

incorporating NPLs in the model, as well as the efficiency in the pre-crisis and the 

post-crisis periods. Moreover, the results of non-parametric regression were also 

discussed. The last chapter concludes the study with some policy recommendations 

and future research. 
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This chapter covered a summary of the literature and discussed the efficiency 

measurement of banks. The topics enclosed were approaches for modeling bank 

performance and methods used in efficiency measurement. The present chapter 

reviewed the different approaches employed in efficiency measurement of banks. 

Later on, methodological issues in data envelopment analysis technique discussed 

such as (i) dilemma of deposit treated as input or output, (ii) DEA as a black box, and 

(iii) incorporation of bad loans in Data Envelopment Analysis. Moreover, the study 

debated the directional distance functions (DDF) which dealt with the incorporation 

of bad outputs in efficiency estimation. Furthermore, in the follow-on stage, the study 

discussed the non-parametric regression analysis approach that produces partial 

derivatives which are permitted to vary over the domain of the variable in question. In 

contrast, partial derivatives are typically assumed to be constant over the domain in 

parametric multivariate linear regression. 

2.1 Approaches for Modeling Bank Performance 

In the literature, numerous approaches employed to estimate the efficiency of banks. 

These necessarily involve conceptualizing bank operations that in turn guide 

efficiency measurement. These approaches employed combinations of multi-outputs 

and multi-inputs for measuring bank's efficiency. The selection of outputs and inputs 

for the banks is still facing a debate. Considerable disagreements exist in research 

literature that primarily stem from differing views of bank operations. Many times, 

the choice of inputs-outputs is based on researcher's ad hoc choices. This chapter 

reviews the existing literature with a view to understand how banking operations have 

been conceptualized by previous researches and notes the limitations of each 

approach. It also proposes a two-stage conceptualization of bank operations that 

avoids the difficulties inherent in using more traditional single stage approaches (Lin 

& Chiu, 2013). 

Banks are diverse business units producing a range of outputs by using multiple 

inputs. There is consensus among the researchers on the consideration of different 

kind of earning assets as outputs while capital and labor are the inputs (Keshari & 

Paul, 1994). But there is a long debate on the appropriate choice of considering 

deposits as an output or input for examining the efficiency of banks (Berger & 

Humphrey, 1992; Holod & Lewis, 2011). According to one school of thought, the 
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bank employs several inputs i.e. capital and labor to produce deposits. So, according 

to this view, bank deposits are an output in the production process (Ncube, 2009). 

Other school of thought considers bank as an intermediary and its main role as being 

the provision of services to the savers and the demanders of funds. Accordingly, 

banks use deposits along with other liabilities in order to finance loans and 

investments. So, deposits should be treated as input into the intermediation process 

(Kao & Liu, 2004; Nigmonov, 2010; Yeh, 1996a). 

This study resolved the dilemma of treating deposits as output or input by considering 

the banking operations in sequential stages. The study broke the overall process of 

banking transactions into deposit mobilization stage and loan financing stage. In the 

deposit mobilization stage, the study considered deposits as output and the banks 

assumed to generate deposits by employing several inputs. In the financing stage, 

deposits were used as input to produce financial products such as advances, 

investments and NPLs. 

In literature, many approaches are employed to measure the efficiency of banks. 

These approaches are broadly categorized into the two i.e. production and 

intermediation approach. 

2.1.1 Production Approach 

This approach as mentioned above is used to examine the bank's performance. This 

approach considers the use of inputs such as capital and labor to produce financial 

products. The products are demand deposits, term deposits, installment loan, business 

loans and real estate loans (Benston, 1965). In production approach, the resources of 

commercial banks i.e. capital and labor are employed to produce deposits along with 

other earning assets (Subramanyam & Reddy, 2008). Banks produce several types of 

deposits, loans, and investments. Banks also provide services to account holders and 

employ labor and physical capital (Colwell & Davis, 1992). 

Several studies employed the production approach to measure bank efficiency. Sathye 

(2003) measured the bank's efficiency in India. He compared the foreign, private and 

public Indian banks and found that private banks were more inefficient. Moreover, the 

study recommended that banking industry should focus on its present policy of 
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controlling NPLs and rationalization of branches and staff of the bank to achieve 

efficiency gains. 

Casu and Molyneux (2003) studied the efficiency of Banks in Europe. It concluded 

that the European Union as single market showed small improvement in efficiency. 

Several other studies also employed production approach to compute the efficiency of 

banks like Latvian banks (Tatyana, 2011), Albanian banks (Barbullushi & Dhuci, 

2015) and Brazilian banks (Cava, Junior, & Branco, 2016b). 

2.1.2 Intermediation Approach 

This approach commonly used for measurement of bank efficiency. The 

intermediation approach interprets banks as agents or service providers between the 

suppliers of loanable funds and demanders of funds. These service providers employ 

labor, capital, and the borrowed funds from customers (i.e. deposits) to produce loans 

and investments (Sealey & Lindley, 1977). Several studies computed the efficiency 

using this approach such as Indian banks (Karimzadeh, 2012), Malaysian banks 

(Tahir & Bakar, 2009) and15 developing countries banks (Karray & eddine Chichti, 

2013). Moreover, several studies pointed out the variants of intermediation approach 

and used them for efficiency measurement like value-added approach, asset approach 

and user-cost approach for Indian Banks (Sharma, 2008) profitability approach for 

Czech Republic Banks (Stavárek & Řepková, 2013), asset approach and profitability 

approach for South-East Europe (Toci & Hashi, 2016). 

Asset Approach: Asset approach has introduced the idea of T-account of the balance 

sheet. In this approach, the liability side is considered as inputs and the asset side is 

considered as outputs (Sealey & Lindley, 1977). Asset approach is used deposits and 

other liabilities as inputs and, financings and investments as bank‟s outputs to 

measure performance. The asset approach ignores the profit and loss account of 

financial statements and also off-balance sheet items (Tortosa-Ausina, 2002). 

User-Cost Approach: The approach identifies the financial items either as outputs or 

inputs based on their net contribution towards revenues (Barnett, 1978; Donovan, 

1978). The selection of outputs and inputs is solely based on their net contribution to 

bank revenues. If the financial benefits are more than the opportunity cost of assets, it 

is considered as a financial output otherwise financial input. The changes in service 
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charges and interest rates may also change the way assets and liabilities are 

categorized as inputs and outputs (Hancock, 1991). Das and Ghosh (2006) measured 

the efficiency of banks for the year 1992-2002 in India which was also considered the 

period of post reform. The study employed the intermediation approach along with its 

two variants such as value-added and user-cost approach. The study reported that 

different approaches produce different results. However, efficiency measures were 

also found to be lower under user-cost approach. Moreover, the study suggested that 

private sector banks performed relatively more inefficiently. 

Value-Added Approach: This approach varies from both user-cost approach and asset 

approach because it employs all assets and liabilities to have some output features 

rather than distinctive combinations of inputs from outputs. The Value-added 

approach divides the balance sheet data into important outputs, unimportant outputs, 

and intermediate outputs or inputs. This approach uses operating expenses data rather 

than examining the expenses by the difference between additional opportunity costs 

and estimated financial flows as in the case of user cost approach. 

Value-added approach is also employed to measure the banks performance. Berger, 

Hanweck, and Humphrey (1987) categorized the deposits into savings deposits, 

demand deposits and time deposits and loans into real estate loans and commercial 

loans as important outputs because these were the major contributors in the value of 

the bank. Investment in govt. securities and other investments were measured as less 

important outputs. Purchased funds, overseas deposits and other liabilities were 

measured as inputs.Karray and eddine Chichti (2013) measured the efficiency of 402 

banks of 15 developing economies through value-added approach for the study period 

of 2002-2003. The study pointed out that banks in the developing countries seriously 

suffered from massive waste of resources. 

Profitability Approach: In profitability approach, all the incomes, including non-

interest incomes and interest incomes are considered as outputs, and all the expenses, 

are considered as inputs to measure the banks efficiency. Drake, Hall, and Simper 

(2006) measured the efficiency of Hong Kong banks through profitability approach. 

The study concluded that banking sector of Hong Kong was affected by a number of 

macroeconomic indicators which were not in the control of banks own management. 

Several studies employed this approach like (Ataullah, Cockerill, & Le, 2004; Chu & 
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Lim, 1998; Gaganis, Liadaki, Doumpos, & Zopounidis, 2009) to calculate efficiency 

of banks. 

2.1.3 Two-Stage Network Approach 

The efficiency studies mostly model a single stage decision-making process. 

However, many organizational operations including those of the banks have multiple 

stages that offer possibilities for separate measurement of efficiency for each stage. 

The pioneering paper of Charnes et al. (1986) introduced the notion of network DEA 

structures for measurement of efficiency in multi-stage operations. This approach is 

the integration of production and intermediation approach. 

For banks efficiency measurement, Cron and Sobol (1983) divided the overall process 

into production and intermediation approaches. In the first stage it employed the 

production approach and used capital and labor as inputs while deposits as outputs. At 

second stage it used intermediation approach and treated deposits, capital and labor as 

inputs to produce financings and investments. In the traditional single stage DEA 

system dealt as a black-box in which researchers provide a combination of inputs-

outputs and received efficiency scores which may not be always true. A survey of 100 

plus studies that employed network approach reviewed and concluded that the basic 

purpose of all these studies was to decompose the whole process of production (Kao, 

2014). 

The network approach was used to measure the effect of IT on the commercial bank's 

performance and divided the whole production process into deposits, collections and 

investments (Wang, Gopal, & Zionts, 1997). The two-stage network approach was 

employed, which divided the whole process into two stages to examine the 

performance of banks separately for each stage. This approach was used by many 

researchers. For example Seiford and Zhu (1999) used it to measure the performance 

of US banks on the basis of their profitability and marketability; Taiwanese banks for 

deposit mobilization and loan financing stages (Yang & Liu, 2012); Brazilian banks 

for cost efficiency and productive efficiency stages (Wanke & Barros, 2014). Several 

other studies employed two-stage network technique, to measure the efficiency of 

Fortune five-hundred companies (Zhu, 2000), holding companies of Taiwan (Lo & 

Lu, 2006, 2009), construction companies of Greece(Tsolas, 2011), banking industry 
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of Greece (Tsolas, 2010) and life insurance companies of Taiwan (Wang & Tsai, 

2009). 

In the literature, there were two types of approaches used such as single-stage and 

two-stage to measure efficiency of banks. The single stage approaches provide a 

"black box" treatment of efficient production behavior through employing the 

information on outputs and inputs to examine the banks efficiency. Moreover, single 

stage approaches are unable to resolve the dilemma of deposits. The intermediation 

approach treats the deposits as inputs and the production approach considers deposits 

as outputs. 

The two-stage network approach offers a more flexible way of modeling banking 

operations and allows looking inside the black-box. Moreover, the two-stage 

sequential approach deals with the dilemma of deposits. This study employed two-

stage network approach on the banking sector of 24 emerging economies of the world. 

2.2 Review of methodologies used in measuring efficiency of banks 

In examining the efficiency of banks in literature the studies were employed 

parametric and non-parametric approaches. This study reviewed the applications of 

frontier techniques on the banking sector. Moreover, this chapter reviewed the 

applications of frontier techniques to evaluate the relationship bank characteristics and 

their efficiency. Before discussing frontier methods, this study reviewed the 

conventional performance assessment tools employed in banks. Ratio analysis 

remains popular in examining the bank's performance. Financial ratios employed to 

compare a value of the ratio with some standard value to identify whether it is low or 

high and make decisions based on the computed values. Financial ratios are broadly 

categorized in profitability, leverage, liquidity and gearing ratios. Financial ratios are 

easy to compute and provide quick snapshots of data. Moreover, the analysis can 

provides a profile of economic and operating features of banks (Halkos & Salamouris, 

2004). Earlier studies produced complex results about the ability of financial ratios in 

gauging performance. 

Several studies employed these ratios and found them useful at the initial stage while 

computing operating performance (Whittington, 1980). These ratios, deal with the 
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average or single input and single output that provide information about focus aspect 

of operations but are unable to consider information of other dimensions(Paradi, 

Rouatt, & Zhu, 2011). Financial ratios are implicitly assuming CRS implying that the 

banks are working at optimum scale. However, this assumption may not hold because 

the financial institutions face imperfect competitions, financial constraints and size 

matters in performance (Ataullah & Le, 2006). 

Profitability ratios such as ROA, ROE, EPS and ROI are commonly employed to 

determine the performance of banks (Sherman & Zhu, 2006). These ratios are unable 

to provide various features of efficiency. Efforts have been made in the literature of 

banks efficiency to deal with the drawbacks of financial ratios such as frontier 

approaches (Berger & Humphrey, 1997). Financial ratios are hard to assess the bank 

performance (Sherman & Gold, 1985). Moreover, it is pointed out that frontier 

approaches are superior as compared to approaches employing traditional financial 

ratio, the former account for the relevant outputs, inputs and their prices (Berger & 

Humphrey, 1997). 

2.3 Frontier Methodologies 

The efficiency measurement proceeds by first is to identifying the reference efficient 

boundary and then examining the efficiency of an observed bank relative to that 

boundary. There are two major classes of frontier methods which have been 

developed in literature, such as parametric frontier and non-parametric frontier 

methods. These approaches are further divided into stochastic and deterministic 

frontiers. 

2.3.1 Parametric and Semi-Parametric Frontier Methods 

Parametric frontier and non-parametric frontier methods are different in making 

assumptions about the shape of the frontier and the existence of the random error 

term. The efficient frontier of parametric approaches assumes a specific functional 

forms, i.e. revenues, profit, cost or production functions and calculates the parameters 

of the model (Bauer, Berger, Ferrier, & Humphrey, 1998). 

In literature, there are three main approaches which have been used to lay down a 

functional form for revenue, profit, cost or production function. These approaches are 
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Stochastic Frontier Analysis (Aigner, Lovell, & Schmidt, 1977), Distribution-Free 

Approach (Berger, 1993) and Thick-Frontier Approach (Berger & Humphrey, 1991). 

These models allow noise when examining inefficiency but they differ on how they 

model the error term. These approaches are precisely discussed below. 

2.3.1.1 Stochastic Frontier Analysis 

The stochastic frontier production function has a parametric functional form in 

addition to a random error term. This error term comprises of two components a) 

account for technical inefficiency b) account for random effects. Stochastic frontier 

analysis assumes that deviations from the efficient production frontier are because of 

two factors‟ one is controlled by the management and the other is controlled by the 

outside management. SFA imposes strong distributional assumptions on the error 

term (Aigner et al., 1977). Evidence suggests limited impact of distributional 

assumptions on the estimates (Lee, 1983). In literature, numerous studies have 

employed SFA approach to measure the efficiency of the banks for example see 

(Kuchler, 2013; Mohamad, Hassan, & Bader, 2008; Murillo‐Zamorano, 2004; XU & 

SHI, 2006). 

This approach was extensively used to measure the efficiency of financial 

intermediaries other than banks through employing the SFA approach, for example 

the efficiency of mutual funds (Asghar, Afza, & Bodla, 2013), the efficiency of 

leasing and modaraba companies (Asghar & Afza, 2013), technical efficiency and 

financial reforms of insurance companies in Pakistan (Afza & Asghar, 2012). 

2.3.1.2 Thick-Frontier Approach 

This approach is proposed for the data where a large number of best practicing DMU 

support the frontier and the measurement of inefficiency employs weaker 

distributional assumptions. An advantage of Thick frontier approach is that it does not 

impose any distributional assumptions on either noise or inefficiency and eliminates 

the effect of extreme values in the data(Berger & Humphrey, 1991). Wagenvoort and 

Schure (2006) examined the cost efficiency of banks through thick frontier approach 

and concluded that this technique out-perform SFA. This approach was also used in 

measuring efficiency of banks e.g. (Lang & Welzel, 1998; Wagenvoort & Schure, 

2006). 
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Table 2.1: Classification of Frontier Methods 

Parametric Methods Non-Parametric Methods 

Stochastic Stochastic Deterministic 

Parametric 

stochastic 

methods 

Semi-

Parametric 

stochastic 

methods 

Non-Parametric 

stochastic 

methods 

Non-Parametric 

deterministic methods 

 Stochastic 

Frontier 

Analysis 

(Aigner et al., 

1977) 

 Thick Frontier 

Analysis(Cau

dill, 2002; 

Lang & 

Welzel, 1998) 

and 

 Distribution-

Free 

Approach 

(Berger, 

1993) 

 

 Semi-

Parametric 

Method 

(Park, 

Sickles, & 

Simar, 

1998; Park 

& Simar, 

1994) 

 Bootstrapped 

Methods 

(Simar & 

Wilson, 1998; 

Simar & 

Wilson, 

1999b, 2000; 

Simar & 

Wilson, 2007) 

 Data Envelopment 

Analysis (Banker, 

Charnes, & Cooper, 

1984;  Charnes, 

Cooper, & Rhodes, 

1978) 

 Free-Disposal Hull 

(Deprins & Simar, 

1984) 

 Malmquist Index 

(Caves, 

Christensen, & 

Diewert, 1982) 

 Directional 

Distance Functions 

(Chambers, Chung, 

& Färe, 1998; 

Chung et al., 1997) 

 Directional 

Distance Functions 

based on Network 

DEA (Fukuyama & 

Weber, 2010) 
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2.3.1.3 Distribution-Free Approach 

This approach is introduced and estimated the US banks efficiency (Berger, 1993). 

This approach also has a specified functional form for the technology frontier and 

distinguished inefficiencies from error term in its own way. There are no 

distributional assumptions made in DFA regarding inefficiencies and error term. DFA 

assumes that technical efficiency of each DMU is consistent over time and mean of 

error term tends to be zero. However, if the efficiency of firms is changing over time 

due to regulatory policies, the interest rate and other macroeconomic indicators, then 

DFA measures the mean deviation of each DMU from the best average practicing 

frontier. Several studies have employed this DFA to examine the banks efficiency e.g. 

(DeYoung, 1997; Drake & Simper, 2002). 

2.3.2 Semi-Parametric stochastic frontier methods 

The idea of semi-parametric stochastic frontier method makes a contribution to relax 

the assumptions of parametric SFA approach and to bridge the gap between SFA and 

DEA (Park et al., 1998; Park & Simar, 1994). Semi-parametric stochastic frontier 

model has employed several assumptions and its non-parametric section dealing with 

the distribution of inefficiency component (Park, Sickles, & Simar, 2007). However, a 

study has commented that the technique bridge the gap between parametric 

approaches and non-parametric approaches the developments are still underway 

(Ohene-Asare, 2011). 

2.3.3 Non-Parametric Approaches: 

2.3.3.1 Data Envelopment Analysis 

Data Envelopment Analysis is used to create a non-parametric efficiency frontier by 

employing given data. The point-wise-linear convex hull technique for frontier 

measurement has proposed by Farrell (1957). Several other studies have proposed 

mathematical methods that may accomplish the task of efficiency measurement 

(Afriat, 1972; Boles, 1966). But the technique has not got a broad acceptance until the 

study of Charnes, Cooper, and Rhodes (1978), which has introduced the term DEA. 

This technique has recommended a model which is assumed CRS and an input-

orientation. Subsequent papers used the somewhat assumptions and proposed VRS 
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models for efficiency measurement (Banker et al., 1984). Since these seminal 

contributions, a rich body of literature has emerged that employed the DEA technique. 

Data Envelopment Analysis provides efficiency estimates of the sample banks on an 

interval between zero and one, with bank at the upper limit being considered fully 

efficient. A bank attaining a score equals 0.85 means its efficient in producing outputs 

through the use of inputs is 85% compared to the bank that is fully efficient. DEA 

does not require any distributional assumptions of inefficiency, nor does it require the 

analysis to assume any functional form. 

Several studies have identified that in the existence of statistical noise and 

measurement error problem the performance of DEA declines (Banker, Gadh, & Gorr, 

1993; Bifulco & Bretschneider, 2001; Qayyum, 2007; Ruggiero, 1999). Moreover, in 

statistical sense the technical efficiency scores which are calculated through DEA are 

clearly dependent on each other. New developments have attempted to overcome 

these problems (Xue & Harker, 1999). To handle noisy data in nonparametric 

analysis,Simar and Wilson (1998); Simar and Wilson (2000) have proposed 

bootstrapping procedures. Qayyum and Riaz (2012b) studied the efficiency of 

Pakistan' banking industry through employing bootstrapping procedure and found that 

commercial Islamic banks performed poorer than traditional banks. The study also 

scrutinizes the characteristic variables through applying the Tobit model and 

concluded that market share, liquidity and public ownership register positive 

significant contribution towards efficiency.  

Several studies have investigated TFP change employing the Malmquist productivity 

index, and decomposing it into the change in efficiency, productivity, scale efficiency 

and technological efficiency (Simar & Wilson, 1999a). Several researchers have 

applied these approaches to emerging economies‟ banking sector. Qayyum and Riaz 

(2012a) measured the effect of 2008 crisis on the TFP and its components and found 

that banks register negative impact on the scale efficiency that indicated scaling down 

of banking operations that have adversely affected banks in Pakistan. The productivity 

of Polish agriculture investigated through employing bootstrapped Malmquist 

approach and calculated the TFP and its decompositions of the agriculture sector 

(Latruffe, Davidova, & Balcombe, 2008b). The efficiency and productivity of 

Norwegian grain producers was examined through employing bootstrapping 
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algorithms (Odeck, 2009). The TFP and its components of carbon emission were 

examined through bootstrapping Malmquist index approach (Zhou, Ang, & Han, 

2010). 

In their seminal work,Simar and Wilson (2007) proposed a double bootstrapping 

technique, which, better handles the noisy data and dependency problems when 

computing efficiency scores and also at a Tobit analysis stage. Several studies 

employed the double bootstrapping procedure to examine the efficiency of industries 

like farm efficiency in Central Europe (Latruffe, Davidova, & Balcombe, 2008a), rice 

farms efficiency in Bangladesh (Balcombe, Fraser, Latruffe, Rahman, & Smith, 

2008), productivity and efficiency of Spanish saving banks (Tortosa-Ausina, Grifell-

Tatjé, Armero, & Conesa, 2008), efficiency of Australian hotels (Assaf & Agbola, 

2011), and efficiency of Greek hospitals (Kounetas & Papathanassopoulos, 2013), 

efficiency of secondary schools in New Zealand (Alexander, Haug, & Jaforullah, 

2010) and technical efficiency of Saudi banks (Assaf, Barros, & Matousek, 2011). 

Several studies have discussed the issues in DEA and commented that the technical 

efficiency scores are sensitive to outliers (Berger & Mester, 1997a; Qayyum & Riaz, 

2012a, 2012b; Xue & Harker, 1999). Berger and Mester (1997b)has discussed another 

issue of the DEA technique by calling it black-box. In a black-box DEA model, 

without any consideration of the underlying process, yielding less robust efficiency 

measurements. Additionally, it would make more difficult to pinpoint the operations 

associated with lower efficiency (Holod & Lewis, 2011). 

In the literature, numerous studies used the DEA approach to estimate the technical 

efficiency of hospital and health care centers(Hollingsworth, 2003; Hollingsworth, 

Dawson, & Maniadakis, 1999; Hollingsworth & Street, 2006; Joumard, André, & 

Nicq, 2010; Kirigia, Sambo, & Lambo, 2015; Rosko, 1990). Several studies evaluated 

the efficiency of agriculture and farms (Fraser & Cordina, 1999; Mugera & 

Langemeier, 2011; Sperat, Paz, & Robledo, 2008; Zibaei, Kafi, & Bakhshoodeh, 

2008). Few studies investigated the performance of airports and railways (Karlaftis, 

2004; Tongzon, 2001). Some other studies  analyzed the efficiency of education 

systems (Afonso & Santos, 2005; Härdle & Jeong, 2005; Johnes & Johnes, 2009; 

Kirjavainen & Loikkanent, 1998; Tauer, Fried, & Fry, 2007; Thanassoulis, 

Kortelainen, Johnes, & Johnes, 2011). 
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In the literature, DEA was heavily employed to measure the efficiency of the banks. 

The efficiency of Taiwanese banks was examined through employing DEA technique 

and focusing on pre-deregulation era of 1981-89(Yeh, 1996b). The efficiency of 

Nigerian banks was measured through DEA(Felix, Adebayo, & Omolehinwa, 1998). 

Numerous studies were measured the efficiency of commercial Islamic and 

conventional banks, particularly in Malaysia (Hisham Yahya, Muhammad, & Razak 

Abdul Hadi, 2012; Kamaruddin, Safab, & Mohd, 2008; Sufian, 2007; Yudistira, 

2003). Efficiency of forty three Islamic banks of 21 economies was investigated for 

the study period of 1995-2001. Hassan (2006) concluded that conventional banks 

were more efficient as compared to Islamic banks worldwide. 

Several other studies measured the bank's efficiency in emerging economies like 

Pakistan (Aftab, Ahamad, Ullah, & Sheikh, 2011; Akhtar & Nishat, 2002; Akmal & 

Saleem, 2008; Burki & Niazi, 2010; Gishkori & Ullah, 2013; Nazir & Alam, 2010; 

Qayyum, 2007; Qayyum & Riaz, 2012b), efficiency of Indian banks (Rajan & Pandit, 

2012; Sathye, 2003), efficiency of Chinese banks (Silva, Tabak, Cajueiro, & Dias, 

2017), efficiency of South Korean banks (Sufian & Habibullah, 2009), efficiency of 

South African banking sector (Ncube, 2009), efficiency of Turkish banks (Yilmaz & 

Güneş, 2015), efficiency of bank branches in Greece (Pasiouras, Gaganis, Liadaki, 

Doumpos, & Zopounidis, 2009), efficiency of Brazilian banks (de Borobia Pires 

Gonçalves, 2006; de Freitas Branco, Junior, Cava, Junior, & de Souza Junior, 2017), 

efficiency of Colombian banks (Poveda, 2011). 

A second group of studies made comparative efficiency analysis of India, Pakistan 

and Bangladesh‟s banking industry for the period of 1993-2001 (Jaffry, Ghulam, 

Pascoe, Cox, & Anwar, 2005).Cihak and Hesse (2008) evaluated the efficiency of 20 

banking systems, including six emerging economies like Pakistan, Egypt, Indonesia, 

Malaysia, Iran and UAE. The study concluded that small Islamic banks are financially 

strong as compare to big Banks. 

Luciano and Regis (2007) pointed out that two diverse techniques were mostly used 

to evaluate the efficiency of banks (i) parametric methods, like the SFA, and (ii) non-

parametric methods, mainly DEA. They concluded that the question as to which 

approach provides better solution to the problem of measuring the banks efficiency is 

still under discussion. 



37 
 

Liu et al. (2013) has reviewed 323 bank efficiency studies and summarized the overall 

methodological development of DEA. This survey pointed out that latest studies deal 

with the sequential process concept to model banking operation through Network 

DEA.Emrouznejad and Yang (2017) conducted another latest survey of 10,000 

efficiency studies for the year 1978-2016 and identified recent working trends in the 

year 2015-16 which are: DDFs, and Network DEA. 

Both the surveys on bank efficiency were pointed out that recent developments of 

DEA dealt with credit quality through DDFs and the sequential nature through 

Network DEA. This study dealt with the critical issue of measuring credit quality 

while the sequential nature of banking process was taken into account. Previous 

efficiency studies in emerging economies largely ignored this important issue. In view 

of this, risk is an important dimension that must be incorporated into the efficiency 

measurement framework when comparing the performance of banks. 

2.4 Methodological issues in data envelopment analysis 

2.4.1 Dilemma of Modeling Deposits 

The efficiency measurement remains a priority in literature of banking industry 

analysis since the early contributions of (Benston, 1965; Greenbaum, 1967) and 

others. For efficiency computation through data envelopment analysis approach 

assumes multi-input and multi-output technology set. The core issue which is faced 

by the researcher is about the appropriate selection of outputs and inputs which are 

used by the banks. There is still a controversy in literature on the choice of 

appropriate outputs and inputs for computing the technical efficiency of banks. A 

consensus among researchers is observed on considering equity and bank personnel as 

inputs and the earning assets as outputs. (Holod & Lewis, 2011). 

However, there is little consensus on the role of deposits. Two main approaches 

which are heavily employed in the efficiency literature of banks are the intermediation 

and the production approaches. In the production approach, deposits are considered as 

outputs because it views deposits as having been mobilized as the result of the inputs 

employed by the banks such as capital and labor. However, the deposits are 

considered as inputs in the intermediation approach because it considers deposits as 
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providing the basis for advances and other earning assets to the uses of such financial 

products. 

Numerous studies of banking sector treated the deposits as input (Felix Ayadi, 

Adebayo, & Omolehinwa, 1998; Kamaruddin et al., 2008; Yeh, 1996a). However, 

many other studies used deposits as outputs (Mohan & Ray, 2004; Ncube, 2009). A 

way of dealing of dealing with the dilemma was proposed by Holod and Lewis (2011) 

who noted that banking operations have two distinct stages: a deposit mobilization 

phase and an investment or advance making stage. Accordingly, they suggested a 

two-stage DEA. This technique takes the deposits as outputs in the first stage and uses 

these deposits as inputs in the second stage to produce outputs, i.e. advances and other 

earning assets. 

This study employed more robust two-stage Network DEA technique that allowed us 

to use the integration of production and intermediation approach. It employs the 

production approach at the first stage (deposit mobilization) and the intermediation 

approach at the final stage of making loans. Moreover, this sequential process deals 

with actual banking operations and it is far superior in identifying the inefficiencies at 

each stage. 

2.4.2 DEA as a Black-Box 

It has been pointed out that several studies have commented that DEA is a black-box 

and there is need to explore it further.Berger and Mester (1997b) discussed the 

methodological issue of the DEA technique by calling it black-box. Avkiran (2009) 

studied the efficiency of UAE banks has pointed out that DEA is inadequate in 

providing details about the specific causes of inefficiency. The study employed the 

non-oriented network slacks-based DEA method to handle the black-box. Wang et al. 

(1997) inspected the effect of IT on the performance of firms. Their work also 

discussed that the operations of banks and other similar businesses had two 

procedures, the collection of funds and the investments. The study of banks' 

efficiency is also informed that network DEA gives access to the underlying 

investigative information. 

Avkiran (2009) recommended a network DEA approach.Lewis and Sexton (2004) 

examined the efficiency of major baseball league and pointed out the structure of 
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DEA model was a black-box which provided results for analysis without any 

consideration of the intervening steps. The study proposed a network DEA as offering 

greater insight about the sources of organizational inefficiencies. Chen (2009) 

criticized DEA by saying that it could lead to bias interpretations due to the dynamic 

effect in the production. This study incorporated the dynamic effect on the production 

process through employing a network DEA approach. He concluded that the network 

DEA method after exploring the internal structure of DMUs shed light on new areas 

for the improvement. 

In view of the above the point of departure for the present study is the need to look 

inside the black-box DEA and to handle the dilemma of modeling deposits. This study 

assumes the data generating process as having two stages i.e. deposit mobilization 

(production approach) and loan financings (intermediation approach). Accordingly, 

the study employed the two-stage network DEA approach. 

2.4.3 Modeling of Bad Outputs in DEA 

An important issue in the banking sector is NPLs. If these are not considered, the 

efficiency measurements may be inaccurate with risk-taking banks appearing 

efficient. NPLs are the important components of the production process. Our 

efficiency measurement method should consider the bank which is making efforts on 

screening, monitoring and providing quality loans, and should have a better efficiency 

score compared to a bank taking excessive risk. 

Basel Committee on Banking Supervision 2001 defines a loan is considered as NPLs 

when bank declares that a borrower unable to meet his/her commitment to repay the 

loan. The borrower past due three months or more on any payment of the bank 

credit.Gambo, Abdul-Rahman, and Ibrahim (2017) discusses three categories of NPLs 

such as sub-standard, doubtful and lost on the basis of the given criteria. A loan is 

considered sub-standard if it remains unpaid and due date for more than 90 days and 

less than 180 days. Whereas if the loan remains outstanding and unpaid for at least 

180 days but less than 360 days it is considered as doubtful. Moreover, a loan is 

considered as lost if the principal or interest amount remains outstanding for 360 days 

or more. 
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Previous studies ignored this important argument and reported efficiency scores 

seems to portray as efficient the banks that take more risk in offering volume of loans, 

which result in increasing NPLs and, ultimately, bank failures (Acharya & Naqvi, 

2012). Acharya and Naqvi (2012) found that excessive liquidity also induced risk-

taking behavior by the bank managers. Demirguc‐Kunt et al. (2013) pointed out that 

relatively high debt to capital ratio is also a cause of risk-taking behavior. Moreover, 

banks with relatively better capitalized positions were found better in providing 

quality loans and confident to absorb the shocks and the stock price of these banks did 

not fall in crisis as compared to poorly capitalized banks.Bhatia (2015) discussed that 

capital health of Indian banks pointed out that banks are strong enough to bear losses 

during financial crisis. Capital adequacy of the bank is directly related to the 

resilience of the bank to crisis conditions. 

The omission of credit quality tends to over rate those banks which take more risk, 

making seem better performing. Proper modeling of credit quality is essential for 

sound efficiency measurement that could contribute to the long-term stability of the 

financial system. Previous literature has not accounted for credit quality and 

sequential nature of banking process to measure unbiased efficiency scores. This 

study adds to the literature through handling this less explored aspect in the efficiency 

measurement of banking sector of emerging economies. It provides a unified 

framework for looking at the efficiency adjusted for risk. This contributes to the 

recent literature by incorporating credit quality in efficiency measurement through the 

use of DDFs, and by taking a more realistic view of banking operations that 

conceptualizes a two-stage stage operational process. In the next section, we focus 

attention on the literature on two-stage network DEA. 

2.5 Two-Stage Network DEA Approach 

The pioneering paper of Charnes et al. (1986) introduced the notion of network DEA 

structures for measurement of efficiency in two-stage operations. In basic two-stage 

network DEA process, all inputs, supplied to the first process are producing an 

intermediate product which is considered as input for the production of the final 

output. This conceptualization opened a new dimension for researchers and policy 

makers and provided an opportunity to look inside the DEA black-box. 
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Numerous studies used the network DEA technique to measure the specific causes of 

inefficiency in organizations.Wang et al. (1997) examined the impact of information 

technology on the efficiency of 22 banks out of the top 100 efficient handlers of IT 

services. The study divided the intermediation process into two stages i.e. funds 

collection and financing.Wanke and Barros (2014) studied the efficiency of Brazilian 

banks and pointed out that in the literature on network DEA technique, the 

applications to the banking industry were scarce. Only few studies employed this 

technique to examine the performance of banks. Seiford and Zhu (1999) studied the 

efficiency of 55 US banks employing a network DEA technique, and divided the 

operations of the banks into two stages i.e. bank‟s profitability and marketability. 

The study of Yang and Liu (2012) analyzed the technical efficiency of 2 Taiwanese 

banks had 55 branches through network DEA. The study considered the integration of 

production and the intermediation measures within a branch that should be measured 

at the same time and recommend a network DEA method.Ebrahimnejad, Tavana, 

Lotfi, Shahverdi, and Yousefpour (2014) measured the efficiency of the banks in the 

state of Eastern Virginia. The study employed three- stage network DEA approach. 

The outputs of the first and second stage considered as the inputs of the third 

stage.Wanke and Barros (2014) studied the efficiency of major Brazilian banks for the 

year 2012 employing a network approach. In the beginning stage, the cost efficiency 

was calculated. In the later stage, productive efficiency was calculated. The study 

computed the final efficiency scores by taking the mean of the scores measured at 

both stages. 

Degl'Innocenti, Kourtzidis, Sevic, and Tzeremes (2017) estimated the efficiency of 

116 banks of Eastern European and Central EU members for the year 2004-2015. The 

study used two-stage DEA. The first stage focused on efficiency of valued addition in 

deposit mobilization, and the second stage dealt with bank efficiency when profits 

were treated as output variable. The study found that Central European countries 

registered higher efficiency scores as compare to Eastern European and Balkan 

countries. Gulati and Kumar (2017) measured the efficiency of 46 Indian banks for 

the period of 2011-2013. The study used two-stage network DEA and concluded that 

compared to the public banks, the private banks were inefficient at the first stage and 

efficient at the second stage. Azad et al. (2017) examined the efficiency of 43 
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Malaysian banks, and noted that that Shariah compliant banks performed inefficiently 

at the loan financing (second) stage, and more efficiently at the deposit mobilization 

(first) stage. An, Meng, Ang, and Chen (2018) used network DEA to measure the 

performance of Chinese banks, and concluded that decomposition of efficiency into 

stages helped in better understanding the operations structure of banks. 

Some other studies also used Network DEA method to measure the efficiency of other 

economic sectors through investigating the proper operational process.Lo and Lu 

(2006) measured the performances of fourteen financial holding companies operating 

in Taiwan. Efficiency of other than life insurance companies such as heath, auto etc. 

in Taiwan was measured by Kao and Hwang (2008). The study computed the overall 

efficiency through multiplying the efficiency of both stages and compared the result 

of single stage DEA and the network DEA. The authors concluded that the latter were 

relational results and considers more consistent in examining the efficiencies and 

therefore capable of detecting the sources of inefficiency more precisely. The study 

also recommended that the same technique for industries whose products process 

involved multiple stages. 

Li, Chen, Liang, and Xie (2012) considered the R&D efficiency of thirty regions of 

Mainland China. The study divided the whole measurement process into two stages 

with all the outputs of the initial stage taken as inputs in the final stage.Zhang (2019) 

examined the technical efficiency of 30 provincial industries of China from 2013-

2015 using network DEA. The study found that the model allows the periodic 

efficiencies but also variations in efficiency computed. Moreover, identification of 

stage-wise inefficiencies might be better dealt to improve. 

In the banking sector, few studies employed Network DEA technique to deal with 

undesirable outputs.Wang, Huang, Wu, and Liu (2014) measured the technical 

efficiency of banks in China through hyperbolic Farrell-type efficiency measure 

proposed by Rolf Färe, Grosskopf, Lovell, and Pasurka (1989). The study divided the 

overall efficiency into two processes such as deposit producing and profit earning. 

The results indicated that the conventional DEA over estimates the banks. At the 

second stage, the inclusion of NPLs increases the efficiency and on the other side 

inefficiency slightly increases when NPLs excluded in the second stage of efficiency 

measurement. Huang, Chen, and Yin (2014) examined the super efficiency of Chinese 
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banks employing a two-stage network model with bad outputs by extending the 

network slack based measure model (NSBM) of Tone and Tsutsui (2009). The NPLs 

were modeled as a second stage undesirable output. An interesting finding of the 

study was that the polarization of bank technical efficiency scores occurred in the 

deposit mobilization stage but not in the loan financings. 

This two-stage network DEA technique helps in resolving the dilemma of considering 

deposits as inputs or outputs. It also decomposes the whole measurement process 

often considered a black-box into deposit mobilization and loan financing stage with 

deposits treated as output in the former and input in the later stages, thus integrating 

the production and intermediation approaches. 

As mentioned earlier, some bank managers may take excessive risks in pursuit of 

short run profits, which may load to over estimation of efficiency scores because a 

simple network DEA may not consider the risk of loans being defaulted upon. 

Therefore, this study used the notion of undesirable outputs such as NPLs, which 

typically arise in the second stage. The modeling of NPLs, undesirable outputs in the 

DEA setting is based on the notion of DDFs. The next section discusses directional 

distance function. 

2.6 Directional Distance Functions 

In literature, undesirable outputs deal in several ways: Firstly; the undesirable output 

can only be reduced to a proportional decrease in desirable outputs (Pittman, 1983). 

Secondly; simply treat undesirable outputs as inputs (Hailu & Veeman, 2001; 

Reinhard, Lovell, & Thijssen, 2000). Thirdly; deal with efficiency estimates that are 

specifically defined to account for undesirable outputs, i.e. directional distance 

function (Chambers et al., 1998; Chung et al., 1997). Third way of dealing with 

undesirable outputs is quite practical because in the output-oriented production 

process. We need to enhance the desirable outputs and at the same time control the 

undesirable outputs along with inputs used in the production. On the other hand, in the 

first two approaches provide underestimated efficiency levels. 

The first study which employed the DDF was Chung et al. (1997), who investigated 

the environmental efficiency. The basic DDF seeks to enhance desirable outputs while 
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reducing the inputs and undesirable outputs simultaneously. The DDF allows for a 

range of direction vector to be scaled representing inefficiencies depending upon the 

objective of the study (Chung et al., 1997; N. Zhang & Y. Choi, 2014). 

Several studies used this technique for measurement of efficiency without taking into 

account the undesirable output such as Koutsomanoli-Filippaki, Margaritis, and 

Staikouras (2012) measured the profit efficiency of banking sectors in 25 European 

Union member states through DDF for the study period of 1998-2008. The study 

examined the efficiency differences among banks between old and new European 

Union regions. The study concluded that higher profit inefficiencies existed due to 

allocative inefficiencies. Banks working in the old European Union region were more 

efficient as compared to new EU regions. Moreover, the study explained that big 

banks were less efficient. 

Guarda, Rouabah, and Verdanyan (2011) estimated the efficiency of banks through 

using the deposits of customers and debts as inputs, and advances and investments as 

outputs. The study computed that efficiency was more widely dispersed in big banks. 

Silva and Lansink (2013) employed the dynamic DDF to measure the efficiency of 

banks through employing the deposits of customers and debts as inputs, and 

investments and financings as outputs. The study pointed out that efficiency was more 

widely dispersed in big banks. Dynamic efficiency measures indicated the degree of 

efficiency at a point along with its adjustment path. The performance of municipal 

waste was investigated through DDF in UK regions by Halkos and Tzeremes (2011). 

The study estimated the associations of GDP per capita and the inefficiencies of 

municipal waste. The study evidenced that there was a provincial environmental 

inefficiency for most of the UK regions irrespective their provincial GDP per capita. 

2.6.1 Incorporating Bank Risk-Taking in Efficiency Measurement 

Earlier studies on bank performance ignored the methodological concept of 

incorporating undesirable outputs, i.e. non-performing loans (NPLs). The NPLs are an 

important determinant that is affecting the overall bank performance.Fernandez, 

Koop, and Steel (2002) pointed out that the studies which employ only desirable 

outputs have failed to reward a financial intermediary for its effort to control 

undesirable outputs. 
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Assaf, Matousek, and Tsionas (2013) discussed the importance of NPLs that have to 

be included in the production process to avoid biasedness. For example, in examining 

bank performance the study may consider worthless without incorporating NPLs 

directly in the model. They argue that if the higher bank profits came by pushing a big 

proportion of NPLs in its balance sheet. Any conclusion about bank efficiency may be 

misleading. They suggest, a production process must include good and bad outputs. 

Only few banking sector studies employed the directional distance functions that 

incorporated the undesirable outputs in the modeling. A study measures the efficiency 

and shadow prices of the Japanese banks incorporating NPLs for the period of 2002-

2004 and found that NPLs should be included in modeling to get unbiased 

performance (Fukuyama & Weber, 2008). The inclusion of undesirable outputs 

affects bank performance and provided to bank regulators and managers an added 

dimension for decision making (Barros et al., 2012). The productivity and efficiency 

of Turkish banking sector are measured for the study period of 2002-2010. Assaf et al. 

(2013) incorporated NPLs in efficiency measurement and concluded that undesirable 

outputs used to be integrated in the production model.  

Berg, Førsund, and Jansen (1992) employed Malmquist Index to examine the TFP of 

Norwegian banks and considered loan losses as an additional output of the model. 

Several studies pointed out that non-radial efficiency scores offer better opportunity 

for examining the efficiencies of DMUs (Barros et al., 2012; Fukuyama & Weber, 

2009). Park and Weber (2006) suggested to incorporate undesirable outputs i.e. NPLs 

in the production process. They employed directional technology distance function to 

treat undesirable output for examining TFP and efficiency of banks and allowed 

controlling for loan losses. 

Barros et al. (2012) measured the efficiency of banks in Japan for the period of 2000-

2007. They used a directional distance function and quantified the impact of bad 

outputs, i.e. NPLs on efficiency. They concluded overall increase in inefficiency due 

to NPLs, and huge differences exists and between two categories of banks, (i.e. 

regional banks-I, regional banks-II) and City Banks. Furthermore, inefficiency was 

found to increase during study period. The study established that the inclusion of bad 

loans in the applied model was beneficial for policy makers (regulators) and bank 

managers. 
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Zhang and Choi (2014) reviewed a survey of seventy articles on the application of 

DDFs for the year 1997-2013. The study discussed that thirteen studies employed 

DDF technique to deal with particular issues in the manufacturing sectors. Eleven 

studies employed this technique in power mobilization sectors. Six studies employed 

the same procedure on the transportation sector and the four studies used DDF on the 

agriculture sector. The study pointed out that 86% of the studies employed this 

method in year 2005 to 2013 which indicated that in recent literature, researchers 

prefer DDF in technical efficiency estimation. 

Daraio and Simar (2014) discussed that DDF represents a flexible mode to gauge the 

inefficiencies in US mutual funds. Allowing the selection of the direction to the 

efficient frontier for empirical applications is often beneficial. Färe, Grosskopf, 

Margaritis, and AUT (2010) discussed potential applications of DDF in in various 

industries. Some other studies also employed the DDFs to examine the efficiency of 

different industries like airports performance of Taiwan (Yu, Hsu, Chang, & Lee, 

2008), productivity measurement of OECD countries (Mahlberg & Sahoo, 2011), 

performance of fossil fuel electricity mobilization of Korean industries (Zhang, Zhou, 

& Choi, 2013) and total factor carbon emission change in China (Zhang & Choi, 

2013). 

Having considered in detail the various methodological issues regarding DEA. This 

study planned DDFs based on two-stage network DEA approach for measurement of 

banks efficiency. 

2.6.2 Directional Distance Functions Based on Network DEA 

Several studies combined two-stage process of network DEA approach with 

directional distance function for measurement of bank efficiency. Fukuyama and 

Weber (2010) employed the directional distance function based on network DEA to 

examine the efficiency of Japanese banks for the study period of 2000-2006. This 

network DEA technique was used to look inside the DEA commonly known as black-

box and properly model the sequential nature of the banking process. In the first stage, 

the study employed physical capital, labor and equity as inputs to generate deposits 

(output). In the second stage, it used the inputs of first stage, along with deposits to 

produce the loans, investments, other earning assets and an undesirable output i.e. bad 
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loan. The study concluded that it dealt better with modeling deposits and resolved a 

long-standing debate whether deposits were a part of inputs or outputs of the financial 

institution. Moreover, the study modeled NPLs properly through a non-radial measure 

of efficiency.  

Akther et al. (2013) measured the efficiency of Bangladeshi banks during the period 

of 2005-2008. The study also used directional distance function based on the two-

stage network DEA approach. They concluded that the performance estimates 

measured through the network structure indicated decline in efficiency from 2005 to 

2008. These measures of efficiency indicated that on average, deposits were not 

generated optimally in the first stage. Fukuyama and Matousek (2017) examined the 

efficiency of Japanese banks employing directional distance functions based on 

network DEA for the period of 2000 to 2013. The first stage of operations was 

mobilizing funds and the second stage involved making loans/investments. The 

efficiency measurement in the latter stage considered bad loans as undesirable output. 

The study found that banks in Region II were inefficient as compared to those in 

Region. 

The efficiency of 39 airports has investigated in Spain for the year 2008. This study 

employs the directional distance function based on two stage network DEA and 

considering undesirable outputs. The proposed method is employed to the problem of 

benchmarking and modeling Spanish airport operations. It employs two inputs, i.e. 

Aircraft handled and Aircraft Movement, one intermediate product, i.e. Aircraft 

Traffic Movements and two final outputs i.e. Annual Cargo handled and Annual 

Passenger Movement. The study makes a comparative analysis of two-stage DDF 

technique with conventional single-stage DDF technique. The study reaches at an 

important finding that single-stage conventional DDF has less discriminatory power 

than the DDF based on two-stage Network DEA approach. The network DEA method 

uncovers higher inefficiencies than does the single-process approach Lozano, 

Gutiérrez, and Moreno (2013). 

These studies, however, consider banks in single countries. There is a need for 

investigating efficiency of banks using more robust measurement approaches, and in a 

multi-country setting across emerging economies that would allow efficiency patterns 

to be compared across countries and regions. The present study attempted to fill this 
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gap. It used a two-stage network DEA, with separate specification of technologies for 

the deposit mobilization and loan financing stages using directional distance 

functions. 

After computing efficiency scores the study moved towards the next section to 

measure the determinants of technical efficiency scores. In this section, the study 

employed kernel density distributions and the non-parametric regression to measure 

the effects of bank characteristic on the efficiency estimates. 

2.7 Kernel Density Distributions 

The study computed risk-adjusted technical efficiency and the next step was to 

construct relationship between technical efficiency and other influential variables. To 

fulfill this purpose the study employed kernel densities among several combination of 

variables such as efficiency scores and NPLs, efficiency scores and year, size and 

year. Moreover, to identify different determinants of technical efficiency which could 

be later used in the follow-on non-parametric regression analysis. 

For visualizing the technical efficiency scores there are some common techniques that 

are employed, i.e. histograms and bar charts, etc. These graphs involve an arbitrary 

number of bins which may cause biased interpretations. The non-parametric kernel 

density distribution overcome this problem and plot the underlying density estimation 

i.e. technical efficiency scores. The kernel density distributions are becoming 

increasing popular in visualizing analysis of efficiency scores (Mugera & 

Langemeier, 2011). The main benefits of using this technique are to smooth the 

density estimates and independence from the width and number of bins in visualizing. 

Moreover, no distributional assumptions are compulsory on the technical efficiency.  

Simar and Zelenyuk (2006) highlighted three issues regarding kernel density 

estimation. First, the variable should be of bounded in nature, i.e. efficiency scores 

should lie between 0-1. Second, the underlying variable should be consistent in 

nature, which requires the only consistent measures of the efficiency scores are 

employed. Third, the variable under discussion should not violate the assumption of 

continuity, i.e. efficiency scores can take any values between zero and one. The kernel 

density function can be obtained as unconditional or it can be conditional upon some 
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other variable. Conditional densities show the occurrence of a one variable‟s value 

given that the values of another variable. The created kernels are able to represent 

highly nonlinear relationships among the variables. The authors employed the 

conditional density distributions that described the occurrence of technical efficiency 

scores given another selected variable. These densities were able to adequately 

represent a non-linear relationship between the variables in question. 

In the literature several studies employed kernel density distributions to visualize the 

technical efficiency. The stochastic kernels were estimated through employing np 

package proposed by Hayfield and Racine (2008) to interpret the distribution of 

efficiency scores. Zelenyuk and Zelenyuk (2015) estimated the efficiency of 168 

Ukrainian banks for the year 2006. The study employed kernel density distributions to 

represents the inefficiency scores of banks.Brissimis, Delis, and Tsionas (2010) 

investigated the efficiency of European banks over the years 1996-2003. The study 

used kernel density distributions to portray efficiency scores of banks.  

Zago and Dongili (2011)measured the efficiency of Italian banks for the year 1993-

2004. The study used kernel density distributions for the sake of comparative analysis 

of efficiency scores measured through different approaches such as intermediation 

approach, value added approach etc. Moreover, the study also made comparative 

analysis efficiency scores incorporating bad loans in the measurement process and 

without bad loans. The study concluded that once bad loans were considered, the 

inefficiency of banks decreased significantly. 

In the literature few studies employed conditional kernel density estimates to visualize 

the relation among the bank characteristic variable and technical efficiency scores. 

Baležentis, Kriščiukaitienė, and Baležentis (2014) measured the technical efficiency 

of family farms in Lithuanian for the year 2004–2009. The conditional distribution 

functions were used to depict the relationship among efficiency scores Lithuanian 

family farms over the years. The study determined that there was significant decrease 

in efficiency of family farms in 2009. 

Illueca, Pastor, and Tortosa-Ausina (2009) examined graphically the significance of 

relationship among variables through employing conditional kernel densities of 

savings banks‟ productivity growth, which were found to be distinctive for different 
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degrees of geographical expansions in the number of branches. The study examined 

the Productivity growth indicators, natural markets, other markets and total 

(nationwide) expansion through visualizing conditional density estimations. 

2.8 Non-Parametric Regression 

Apart from visualizing conditional densities of efficiency scores with respect to 

selected variables, previous studies have also been concerned with explaining the 

scores within the setting of multivariate model. The primary workhorse of this body 

of literature has been the Tobit model. However, Tobit belongs to the family of 

parametric regression. 

In the literature, early attempts to explain efficiency scores employed least square 

regression. The OLS is probably the most employed approach in research for 

measuring the cause and effect relationship. In general, a linear model was usually 

suggested, without considering too much for the mechanism underlying the 

relationship being modeled. In econometrics, the assumptions of the correct model 

specification have always been a major concern. A wrong model specification of the 

functional forms can suggest invalid tests for the hypothesis. At the introductory level, 

in the field of economics most applications employ descriptive statistics, correlation 

analysis and ordinary least squares. Krackhardt (1988) analyzed that OLS technique is 

statistically biased, the degree of biasness depends upon the amount of 

autocorrelation. 

Most DEA efficiency studies conduct a follow-on analysis to measure the 

characteristics of efficiency, often using a Tobit model (Tobin, 1958) that produced 

point estimates of contribution of different variable. Most previous studies that 

measured efficiency also attempted to model the determinants of efficiency in a 

second stage follow on regression, often employing Tobit specification (McDonald, 

2009) that relied on ad hoc parametric assumptions. 

Another contribution of this study is that it modeled the determinant of efficiency 

using nonparametric regression. Non-parametric regression is an alternative method 

that does not suffer from ad hoc assumptions (Rosenblatt, 1956). This approach 

provided a method for obtaining point-wise estimates. The nonparametric regression 
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allowed one to graphically observed how a dependent variable was affected by the 

changes in the explanatory variables. The np package was proposed to estimate 

confidence bounds against each decimal point on the graph to test significance level 

for the nonparametric regression that suggested more robust interpretations (Hayfield 

& Racine, 2008). 

The nonparametric regression method has employed for data analysis, which enables 

them to look at the data more flexibly, finding the patterns in the data that might be 

missed otherwise. Akbar and Ullah (2011) made an effort to estimate the relationship 

without using any parametric functional form. The nonparametric regression gives 

more flexibility in characterizing its own shape (DiNardo & Tobias, 2001). Additional 

benefits of the nonparametric techniques have been noted to be their ability to provide 

estimators and inference processes that are less reliant on the functional form 

assumptions (Yatchew, 1998).  

Racine (1997) proposed a non-parametric regression estimation for continuous 

independent variables based on bootstrapped procedures. The study pointed out that 

nonparametric regression technique produces partial derivatives that are allowed to 

vary over their domain of the variable in question. On the other hand, parametric 

multivariate regression produces partial derivatives which are typically assumed to be 

constant over its domain. In particular, the test is constructed to spot whether a partial 

derivative equal zero over the entire domain of each variable. Later on, Racine, Hart, 

and Li (2006) proposed a nonparametric regression procedure for testing the 

significance of categorical variables. The test is fully data-driven and uses cross-

validated smoothing parameter selection while the null distribution of the test is found 

through bootstrapping procedure. 

In the literature a few studies employ nonparametric regression. Illueca et al. (2009) 

measured the productivity of Spanish savings banks for the study period of 1992-2004 

and employed kernel density estimations and nonparametric regression. However, the 

study did not consider NPLs within a multi-stage network DEA. The study concluded 

that savings banks registered positive impact of expanding their operations outside 

their natural markets to achieve higher productivity gains. Moreover, expansion of 

banks within the country side showed slight increase in productivity. Baležentis et al. 

(2014) studied the family farm efficiency in Lithuania through nonparametric analysis 
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for the period of 2004-2009. The study employed bootstrapped DEA to estimate 

efficiency and used nonparametric regression to determine the impact of independent 

variables on efficiency. 

The nonparametric regression provides the information about the sign and 

significance among considered variables. However, the observed sign may be positive 

or negative, which can be identified by looking at the graphical depiction. This study 

employed conditional kernel density distributions to visualize the overall results. 

Moreover, it is contributed to the literature for being the first comprehensive study 

that employed nonparametric regression analysis of the banking sectors of emerging 

economies.   

The present study made the following contributions such as it incorporated the credit 

risk in efficiency measurement of banks and use a flexible multi-stage network DEA 

framework that can better interpreted banking operations where credit risk arises in 

the loan financing stage. This study extended the efficiency measurement to a multi-

country setting making possible comparisons across countries and regions. Moreover, 

the study used non-parametric regression techniques to avoid ad hoc assumptions for 

study of determinants of efficiency. Nonparametric regression technique tests the 

hypothesis to detect whether a partial derivative equal to zero over the entire domain 

of each variable in question. The partial derivatives may vary over their domain. 
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This study employed annual data of the banking sector from the BankScope database. 

The sample included 819 banks in transition both private and public banks and 

covered the study period 1999-2013. The study analyzed the efficiency of banks in 

24Emerging Economies of the world, i.e. Argentina, Brazil, China, India, Chile, 

Colombia, Turkey, Czech Republic, Pakistan, Egypt, Poland, Greece, Taiwan, 

Hungary, Indonesia, Philippines, Malaysia, South Africa, Mexico, Morocco, Peru, 

South Korea, Thailand and United Arab Emirates These economies were divided into 

six broad geographic regions i.e. South Asia, East Asia, South East Asia, Latin 

America, Emerging Europe and, Africa and Middle East. 

hTe study made a selection of those 24 Countries, based on nine renowned analyst‟s 

reports of 2013. Those analysts were IMF, BRICS + Next Eleven, Morgan Stanley 

Capital International (MSCI), Financial Times London Stock Exchange (FTSE), S&P, 

The Economist, Dow Jones, Russell and Colombia University Emerging Market 

Global Player (EMGP). Each expert group provided not-mutually exclusive list of 

Emerging Economies. This study picked those countries which were declared 

emerging by at least three groups of analysts. The criteria provided 25 economies, but 

the data of Rniissu  banks was not available, so this study skip pde  that economy.  

Table:3.1 List of Countries with No. of Analyst Declared as Emerging 

Economies 

Country Analyst Country Analyst Country Analyst 

 Brazil  9  Malaysia 7 Bulgaria 1 

 China  9  Peru 7 Estonia 1 

 India  9 Taiwan 7 Iran 1 

 Mexico  9 
 Czech 

Republic 
6 Israel 1 

 Russia  9  Egypt 6 Latvia 1 

 South Africa  9  Greece 6 Lithuania 1 

Turkey 9  South Korea 6 Oman 1 

 Chile  8  Morocco 5 Qatar 1 

 Hungary 8  Argentina 3 Romania 1 

 Indonesia  8  Pakistan 3 Slovenia 1 

 Philippines 8 UAE 3 Ukraine 1 

 Poland 8 Nigeria 2 Venezuela 1 

 Thailand 8 Vietnam 1   

 Colombia 7 Bangladesh 1   

http://en.wikipedia.org/wiki/Brazil
http://en.wikipedia.org/wiki/Malaysia
http://en.wikipedia.org/wiki/China
http://en.wikipedia.org/wiki/Peru
http://en.wikipedia.org/wiki/India
http://en.wikipedia.org/wiki/Mexico
http://en.wikipedia.org/wiki/Czech_Republic
http://en.wikipedia.org/wiki/Czech_Republic
http://en.wikipedia.org/wiki/Russia
http://en.wikipedia.org/wiki/Egypt
http://en.wikipedia.org/wiki/South_Africa
http://en.wikipedia.org/wiki/Greece
http://en.wikipedia.org/wiki/South_Korea
http://en.wikipedia.org/wiki/Chile
http://en.wikipedia.org/wiki/Morocco
http://en.wikipedia.org/wiki/Hungary
http://en.wikipedia.org/wiki/Argentina
http://en.wikipedia.org/wiki/Indonesia
http://en.wikipedia.org/wiki/Pakistan
http://en.wikipedia.org/wiki/Philippines
http://en.wikipedia.org/wiki/Poland
http://en.wikipedia.org/wiki/Venezuela
http://en.wikipedia.org/wiki/Thailand
http://en.wikipedia.org/wiki/Colombia


55 
 

In Table 3.1, the list of countries is provided along with a number of analyst‟s that 

declared the country as emerging economy. Overall 40 economies were declared as 

emerging by these nine group of analysts. The study selected 24 economies for 

analysis, which were declared as emerging by at least three analyst groups in the year 

2013. 

Table: 3.2 List of Selected Countries and Selected Banks 

Region Country Name 

Number of 

Banks 

Number of 

Observations 

South East 

Asia 

Indonesia 80 562 

Malaysia 46 137 

Philippines 32 191 

Thailand 6 54 

South Asia 
India 69 587 

Pakistan 26 219 

East Asia 

China 151 744 

South Korea 15 61 

Tsswsu 47 164 

Latin 

America 

Argentina 57 506 

Brazil 96 640 

Chile 30 134 

Colombia 14 93 

Mexico 32 225 

Peru 15 124 

Emerging 

Europe 

Czech Republic 25 148 

Greece 16 99 

Hungary 13 94 

Poland 33 173 

Turkey 39 276 

Africa and 

Middle East 

Egypt 22 91 

Morocco 12 57 

South Africa 18 91 

United Arab Emirates 24 215 

 

TOTAL 918 5685 
 

Table 3.2, shows the representation of 24 countries' banking sector. The study 

included 918 banks having 5685 observations for the study period of 1999-2013. 

Moreover, the study employed unbalanced panel data for analysis. Table 3.3, shows 

the number of observations for each year. 
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Table 3.3: Yearly Number of Observations 

Year Number of Observations 
Year Number of 

Observations 

1999 232 2007 462 

2000 267 2008 369 

2001 280 2009 537 

2002 278 2010 498 

2003 326 2011 559 

2004 368 2012 491 

2005 402 2013 165 

2006 452 TOTAL 5685 

 

The study used directional distance function technique which was based on network 

DEA approach for the estimation of efficiency scores. Tables 3.4, explains the 

combinations of variables used in both stages to compute the efficiency scores of 

banks and Table: 3.5 explains the combination of independent and dependent 

variables.  

Tables: 3.4 Combination of multi-inputs and multi-outputs 

Process 
Variables 

Method 
Inputs Outputs 

Deposit 

Mobilization 

Stage 

 Personnel Expenses 

 Total Deposits 

Directional 

Distance 

Function 

Based on  

Network DEA 

 User Cost of Fixed 

Assets 

 Other Administrative 

Expensive 

Loan 

Financing 

Stage 

 Total Deposits Desirable Outputs  

 Personnel Expenses  Total Loans 

 Other Earning 

Assets 

Undesirable Outputs 

 Non-Performing 

Loans 

 User Cost of Fixed 

Assets  

 Other Administrative 

Expensive 

 

Personnel Expenses: The value of all expenditures paid by the bank to its employees 

as their remunerations. 

Other Administrative Expenses: The expenses paid by the bank other than payments 

made to employees. 

User Cost of Fixed Asset: The value computed by multiplying the 10-year yield rate 

on bonds with value of Fixed Assets acquired by the bank. 
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Total Deposits: Bank deposits consisted of money placed in banking institutions by its 

customers for safe keeping. 

Total Loans: The total of all funds provided by the bank as loans and advances to the 

businesses, consumers and investors. 

Other Earning Assets: Earnings from all other assets other than financings of the bank 

e.g. investments made by the bank in shares and bonds. 

NPLs: All the loans on which the borrower did not pay interest payments or 

repayment of principal. Depending upon the bank regulations, the bank classifies it as 

non-performing or bad debt. In our model NPLs were used as bad outputs of the bank.  

Table: 3.5 Combination of independent and dependent variables 

Variables 
Method 

Independent Dependent 

 Size 

Technical 

Efficiency Scores 

Non-

Parametric 

Regression 

 Capital Adequacy 

 Liquidity 

 GDP Growth Rate 

 Inflation Rate 

 Public Bank Dummy 

 Financial Crisis 2007-08 Dummy 

 Regional Dummies  

 Country Crisis Dummies 
 

Size: The variable size was measured by taking the log of total assets. 

Capital Adequacy: It was measured through dividing the total equity by total assets of 

the bank. The higher ratio indicated more equity investment by the owners of the 

banks. 

Liquidity: The ratio of total loans offered to total deposits received. A ratio greater 

than one, indicated that the bank was creating less liabilities and providing more 

loans. 

GDP Growth Rate: The GDP growth rate was calculated through measuring the 

change in Nominal GDP from one year to another. 

Inflation Rate: The rate at which prices increased over time and resulted in a fall in 

the purchasing value of money. 
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Public Bank Dummy: The ownership status of bank is controlled through introducing 

a public bank dummy variable. 

Financial Crisis 2007-08: The study used a dummy variable to measure the impact of 

GFC 2007-2008 in emerging economies.   

Regional Dummies: The study employed five regional dummy variables to control the 

impact of regional banks efficiency such as South Asia, East Asia, South East Asia, 

Emerging Europe and Latin America. 

Country Crisis Dummies: The study employed twelve country specific crisis dummies 

to control the impact of individual country crisis dummies. It included the followings: 

Turkey crisis 2001, Greece crisis 2009-2013, Czech Republic crisis 2099-2011, 

Colombia crisis 1999, Argentina crisis 1999-2002, Brazil crisis 1999, Morocco crisis 

2009, Egypt crisis 2011-2013, Philippines crisis 1997-2001, Malaysian crisis 1997-

1999, Thailand crisis 1997-2000 and Indonesian crisis 1997-1999.     

Figure 3.1, shows the position of annual average NPLs of each region. It is identified 

that Emerging European, South East Asian and African and Middle Eastern regions 

have faced more than 9% NPLs throughout the study period. This huge share of NPLs 

indicates that banks in these regions suffer from a decline in efficiency and faces bank 

failure. However, the wider confidence intervals in these regions indicates greater 

inter and intra country variability around the comparatively higher mean NPL levels. 

Moreover, this share also highlights that banking sectors in these regions offered poor 

quality loans, which ultimately increase the cost of funds. In contrast, Latin American 

and East Asian regions faced only 4% or lower NPLs, which point out that these 

regions successfully managed their loan quality. 

Table 3.6, depicts that in post crisis years percentage share of NPLs declined in the 

regions of South East Asia, Latin America and East Asia. This decline pointed out 

that bank in these regions managed their loan quality even in the period of financial 

crisis and also in post-crisis years. In contrast, banks in the region of Emerging 

Europe and Africa and Middle East hit by the GFC and their percentage share of 

NPLs increased by 2% on average in the post-crisis years. 
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Figure 3.1: Regional Annual Average Non-Performing Loans Ratio of Banks (%) 

 

Table 3.6: Regional percentage share of NPLs in Pre and Post Crisis 

Region Pre-Crisis share of NPLs Post-Crisis share of NPLs 

South East Asia 12.44 6.24 

South Asia 8.15 6.19 

Latin America 4.12 3.63 

Emerging Europe 9.41 11.85 

East Asia 5.99 2.98 

Africa and Middle East 7.95 9.57 
 

In BASEL-II, the minimum total capital ratio was 8%. In BASEL-III, an addition of 

the capital conservation buffer is considered which increased the total sum of capital a 

financial institution must retained to 10.5% of risk-weighted assets (RWAs). The 

Capital Conservation Buffer is designed to absorb financial losses during crisis. 

Financial institutions are mandatory to hold a capital conservation buffer of 2.5% to 

withstand future periods of stress. This increase in capital requirement indicated that 

banks with higher capital were ready to bear financial shocks better as compared to 

banks with poor capital ratio. 

The study considered capital adequacy ratio calculated through capital to total assets 

ratio as a proxy of total capital to RWAs. Figure 3.2, discusses the capital adequacy 
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ratio and pointed out that Latin American Banks maintained high level of capital 

adequacy which was 18% plus, on average, during the study period. Followed by 

Africa and Middle East, and South East Asian banking sectors maintained more than 

12.5% of paid up capital. Adequate capital adequacy ratios helped in offering quality 

loans to bank customers and at the same time it increased the ability of the bank to 

absorb macroeconomic shocks. 

Figure 3.2: Regional Annual Average Capital Adequacy Ratio of Banks 

 

Figure 3.3, discusses the regional liquidity ratio of banks in emerging economies. It 

identifies that Latin American banks shows great dispersion in liquidity. This 

dispersion was mainly caused by on average more than 27 times liquidity managed by 

Brazilian Banks. At the same time banks in Latin American regions maintained less 

than 4% NPLs which showed that even with high liquidity, banks were offering 

quality loans. On the other hand, banks in the Emerging European region also offered 

4 times more loans as compared to deposits received but failed to manage their loan 

quality which ultimately turned into NPLs. 
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Figure 3.3: regional Annual Average Liquidity Ratio of Banks 

 

Figure 3.4: Country wise Annual Average GDP Growth Rate (%)

 

Figure 3.4, explains the average nominal GDP growth rate of each country annually. 

China and India were the leaders in emerging economies during the study period with 

highest GDP growth rates. Followed by Taiwan, Malaysia, Indonesia, Peru and 

Philippines grew by more than 5% on average. Meanwhile, Emerging European 
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economies like Hungary, Check Republic and Mexico registered less than 2.5% 

growth rate in GDP. However, GDP growth of Greece was negative and relatively 

very volatile during the study period. 

Figure 3.5, discusses the annual average inflation rates of each country among 

emerging economies. It was evidenced that economies maintained higher inflation 

rate like Pakistan, Egypt and Malaysia faced huge NPLs. Meanwhile, most economies 

successfully managed their inflation rates below 5% annually. An increased inflation 

rates led the bank to suffer from loss of value their cash assets. On the other side, 

depositors expected higher returns to maintain real value of their cash assets. On both 

sides financers and depositors seek to gain higher returns as compensation against risk 

premium, the overall rate of return increased dramatically. This higher cost on lending 

and borrowing raises the default risk and ultimately NPLs.  

Figure 3.5: Country wise Annual Average Inflation Rate (%) 

 

To summarize, the group of economies in question had fairly robust GDP growth 

rates between 4-5% for most countries in the group. China, India and Taiwan were the 

growth leaders with the China posting average GDP growth in excess of 10% during 

1999-2013. During this period, Greece experienced contraction of its economy. The 
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economies under consideration experienced low to moderate inflation, 

notwithstanding some economies such as Turkey where mean inflation during the 

period was higher than 15 percent.  

In terms of bank characteristics, there was a good deal of variation in capital adequacy 

across regions with Latin American banks being more adequately capitalized (capital 

adequacy ratio, CAR henceforth, of 18.5%) and the East Asian bank least adequately 

capitalized with CAR 7.5%. Average regional liquidity profiles indicated that the 

Latin American banks were most liquid albeit with high variation within the region, 

and South Asian and South East Asian banks the least liquid.  The concentration of 

non-performing loans was the highest in Emerging Europe (11%), South east Asia 

(9.5%) and Africa and Middle East (9%). The banks in Latin America, East Asia, on 

the other hand had lowest NPLs at around 4% of total loans. The NPLs exhibit 

interesting temporal patterns around the year of Global Financial Crisis of 2007-08 

(see Figure A41). The NPLs had been declining quite rapidly in the entire pre-crisis 

period, hitting their lowest average level of 2.5% in the year 2007. Following the 

crisis, starting rising reaching a high at 10% on average in the year 2013. This year 

also saw  considerable variation in NPLs among banks but the levels were much 

higher than the NPL levels observed  in the post crisis period.    
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The literature has employed parametric and non-parametric approaches for measuring 

the technical efficiency of banks. This chapter reviewed the applications of frontier 

techniques on the banking sector. Several studies employed data envelopment 

analysis which was the most commonly employed method to compute the technical 

efficiency of banks like (Aggelopoulos, Georgopoulos, & Siriopoulos, 2010; Erasmus 

& Makina, 2014; Nigmonov, 2010; Qayyum & Riaz, 2012b; Sathye, 2003; Weill, 

2004). The estimated efficiency score of sample banks computed through DEA 

technique ranges between 0 and 1. A bank attained close to one score considered 

more efficient as compared to another bank that scored close to zero. DEA did not 

require any distributional assumptions of inefficiency nor did it require any functional 

form of data. 

The study proposed a network DEA to look inside the DEA black-box and offered 

insight about the sources of bank inefficiencies. Due to the greater significance of this 

approach it led the individual managers to prefer the specific inefficiency reducing 

methods on the individual components of the production process (Lewis & Sexton, 

2004). According to Avkiran (2009) the network DEA gave access to the underlying 

investigative information that would otherwise remained undiscovered. The study 

recommended a network DEA approach for economies with high inefficiencies and 

where more focused strategies were needed to identify and removed the residual 

inefficiencies. 

The present study recognized that there was a need to explore the DEA black-box and 

handled the dilemma of modeling deposits. Accordingly, this study separated the data 

generating process into two stages, deposit mobilization and loan financings and 

employed the two-stage network DEA approach to compute bank's technical 

efficiency in each one of those stage. Moreover, it employed bad loans as additional 

undesirable output in the production process to attain accurate efficiency scores. 

This study employed the directional distance function which was based on network 

DEA technique. The aggressive risk taking by banks in emerging economies 

increased the need to apply a suitable method to examine the efficiency of the banks. 

By using this approach, the study was able to properly model the undesirable output, 

i.e. NPLs and dealt with the sequential nature of the banking operations which 

consisted of two distinct stage i.e. deposits mobilization stage to loan financing stage. 
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Moreover, the study made the comparative analysis of efficiency scores with and 

without NPLs to investigate difference among the efficiency scores. The study also 

conducted comparative analysis of efficiency scores in pre-crisis and post-crisis years 

to understand the effect of GFC on bank's technical efficiency in sample emerging 

countries. 

4.1 The Production Theory 

The theoretic depiction of production technology is providing understanding of the 

concept of the distance functions. In productivity measurement a key role is played by 

underlying framework of distance functions. A technology set J is used to define 

multi-output, multi-input production technology. The notion y and x used to represent 

a non-negative M ⨉ 1 output vector and a N ⨉ 1 input vector of real numbers (non-

negative), respectively. Here is the technology set: 

J = {(x, y): x can produce y}. 

The set is consisted of all input vectors and output vectors (x, y), such as x can 

produce y. This technology maybe defined through output sets and input sets.  

4.1.1 Output sets 

The production technology is described by the set, J, and using the output set,     , 

equivalently, which denotes the set of all output vectors, y, that may be produced 

using the input vectors, x. such as: 

      = {y: x can produce y} = {y: (x, y)  J}.    

To sketch the production possibility curves of two-dimensional output vectors the 

output sets are providing the base. The output sets are sometimes stated to as 

production possibility sets link with many input vectors, x. 

The output set       needs to satisfy the following properties for each x:  

(i) If a firm using zero inputs it cannot produce nonzero outputs; 

(ii) If y       and   ≤  then         ;       satisfies strong disposability of 

outputs: 
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(iii) The output y may be produced from x, then output y may also be produced 

from   ≥ x;     satisfies strong disposability of inputs; 

(iv)       is closed 

(v)       is bounded; and 

(vi)       is convex. 

4.1.2 Input sets 

The input set is related with an output vector, y, such as: 

    = {x: x can produce y} = {x: (x, y)  J}. 

The input set includes of all input vectors, x, that may produce a given output vector, 

y. The input set      needs to satisfy the following properties for each y:  

(i)      is considered closed for all y; 

(ii)      is considered convex for all y; 

(iii) Inputs are considered weakly disposable if x       then, for all𝜆≥ 1, 𝜆x 

     ; 

(iv) Inputs are considered strongly disposable if x       and if   ≥ x then 

       . 

Both the input and output sets are interrelated and provides alternative understandings 

of the same technology. It may be simply seen that if y belongs to output set      , i.e., 

y may be produced through input vector x, then x belongs to the input set of y, such 

as    . 

Before considering this background to discuss multi-output and multi-input distance 

functions, the study digresses to explain the output sets employing production 

possibility curves (PPC). 

4.1.3 Production Possibility Curves and Revenue Maximization 

To conceptualize the idea of multi-output production technology, the study is used an 

example of two outputs and a single input. It specifies an input requirement function 

where the single input is expressed as a function of the two outputs: 
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   f(  ,   ). 

Figure 4.1 Production Possibility Curve (PPC) 

 

The PPC is illustrated output complement of the isoquant with the help of two outputs 

and a single input. The isoquant characterizes several groupings of inputs that may be 

employed to produce a specified output. The PPC, also shows the several output 

groupings that may be produced employing a given inputs. Figure 4.1 is provided an 

example of a PPC. 

A PPC may be computed for each input level. The grouping of outputs that maximize 

profit, said input level, are equal to maximizes revenue. The optimal point can be seen 

is where the both PPC and isorevenue line touches each as shown in figure 

4.2.Production at level other than the optimal point G on the PPC implies lower total 

revenue. 

4.1.4 Output and Input Distance Functions 

The idea of a distance functions is closely associated to production frontiers and 

useful is describing the technology. The concept of distance functions is very simple, 

including radial expansions and contractions in explaining these functions. Distance 

functions allow one to define a multi-output, multi-input production technology 

without the requirement of profit maximization or cost minimization (behavioral 

objective). An input distance function expresses the production technology through 
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proportional contraction of the input vector, having pre decided output vector. An 

output distance function expresses proportional expansion of the output vector, having 

pre decided input vector. 

Figure 4.2 The Production Possibility Curve and Revenue Maximization 

 

4.1.4.1 Output Distance Functions 

This defines on the output set,      , as: 

        = min{δ: (  ⁄ )       }. 

Some properties of         follow straight from the axioms on the technology set: 

(i)         = 0 for all non-negative x; 

(ii)         is non-decreasing in y and non-increasing in x; 

(iii)         is linearly homogeneous in y; 

(iv)         is quasi-convex in x and convex in y; 

(v) if y belongs to the production possibility set of x (i.e. y     ), then 

       ≤ 1; and 

(vi) distance is equal to one (i.e.        = 1) if y belongs to the "frontier" of 

the production possibility set. 
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Figure 4.3: Output Distance Function and Production Possibility Set 

 

To explain the idea of output distance function we may take an example where the 

input vector x is employed to produce outputs,    and   . In Figure 4.3,the production 

possibility set,      , is the area restricted by the   -axes,   -axes and the production 

possibility frontier, PPC-       Point G, is equal to δ =     ⁄ , which shows the value 

of distance function for the DMU. 

4.1.4.2 Input Distance Functions 

The input distance function, which encompasses the scaling of the input vector, is 

discussed on the input set,     , as: 

        = max{ρ:    ⁄ )      }. 

Where the input set     may produce the output vector, y. 

(i) the input distance function is non-decreasing in x and it is non-increasing 

in y; 

(ii) it is linearly homogeneous in x; 

(iii)         is concave in x and quasi-concave in y; 

(iv) if x belongs to the input set of y (i.e., x      ) then        ≥ 1; and  

(v) if x belongs to the “frontier” of the input set then distance is equal to 1 

(i.e.,         = 1). 
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Figure 4.4 Input Distance Function and Input Requirement Set 

 

The input distance function where output vector (y) is produced through employing 

two inputs (   and   ). Figure 4.4 explains the production technology on the two-

dimensional diagram for a given output vector. The input set,     , is the area bounded 

from below by the isoquant, Isoq-    . At point G the firm is producing output vector 

y and using     of input 1 and     of input 2, is equal to ρ =     ⁄ . 

Some useful results may be drawn from these functions. The first point is that if 

      , then x      . 

We may say this in case of week disposability of outputs and inputs; 

        ≥ 1 if and only if         ≤ 1. 

Further, in case of CRS technology this may be argued that: 

        =         ⁄ , for all x and y. 

4.2 Input-Oriented Measures of Technical and Allocative 

Efficiency 

Idea of efficiency measurement is given by Farrell and can understand with the help 

of a simple example. Suppose a firm employs inputs, i.e.    and    that generates an 
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output y, by applying the CRS technology. In Figure 4.5, the point G   represents 

fully efficient organization, allows the estimation of efficiency. If an organization 

under consideration employs quantities of inputs which is defined by point B, to 

generate a given level of output, then the distance BS represents the proportional 

concentration in all inputs that can make without reducing the output. The ratio 

SB/OB, which indicates the percentage points by which all inputs can contracts, while 

holding the same output level. 

The technical efficiency of an organization calculates by the ratio,         ⁄ . 

Which is identical to 1 minus 
  

  
 and may take any value ranges between 0 and 1. A 

value of 1 indicates that the firm under consideration is fully efficient and the value 

less than one shows that it is technically inefficient e.g. the point S on the isoquant 

represents full technically efficient bank. 

It is also feasible to compute cost efficiency of a firm provides their price information. 

The cost efficiency of the bank may be calculated as:  

        ⁄  

The slope of isocost line    represents the input price ratio. The allocative efficiency 

and technical efficiency may estimate respectively by using the isocost line, as shows 

below.   

        ⁄  

        ⁄  

The   is allocative efficiency and    is the technical efficiency. 

In Figure 4.5, the distance shows the decline in production expenses that may take 

place if production takes place at the technically (and allocatively) efficient point, 

instead of at the allocatively inefficient, but technically efficient, point. 

The overall cost/economic efficiency may define as: 

      ⨉    
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 (    ⁄ ) ⨉(    ⁄ ) 

      ⁄  

Figure 4.5: Input Oriented Technical and Allocative Efficiency 

 

The above discussed all three measures are ranges between 0 and 1. 

Figure 4.5, shows the economic efficiency that is related to the input-oriented 

estimates of efficiency while output-oriented estimates of efficiency portrays in 

Figure 4.7. 

4.3 Output-Oriented Measures of Technical and Allocative 

Efficiency 

Input-oriented technical efficiency answers the question that to what extent input 

quantities be proportionately reduces without altering the output quantities produces? 

On the other hand, one can also ask the question that to what extent output quantities 

be proportionately expands without changing the input quantities employs? 

The former question corresponds to input-oriented technical efficiency analysis while 

the latter corresponds to output-oriented efficiency analysis. The difference between 
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output-oriented and input-oriented estimations may stats by employing a simple 

illustration involving.  

Figure         shows the non-increasing returns to scale (NIRS) technology. A 

technically inefficient bank function at the position  . Farrell's input-oriented 

estimate of    equal to the
  

  
, while the output-oriented estimate of    equal to 

the
  

  
. Under CRS output-oriented and input-oriented estimates provide equal 

estimates of technical efficiency, but this may the case for decreasing or increasing 

returns to scale(Rolf Färe & Lovell, 1978). The CRS is shown in Figure 4.6(b) where 

it is observed that 
  

  
 

  

  
, for any inefficient firm functioning at point  . 

For output-orientation measurements one can also represents    taking into account 

two outputs, i.e.    and    and a single input x for the production process. Again, if 

one assumes CRS, then the technology may depict by a unit production possibility 

curve in two dimensions. In Figure 4.6, where the curve     shows unit production 

and the point   represents to an inefficient firm. The     curve represents the upper 

limit of production possibilities and point   lies inside the frontier. 

Farrell output-oriented efficiency estimates may define with the help of figure 4.7. 

The distance    represents technical inefficiency.   shows by how much the 

potential outputs can increase without employing additional inputs. The estimate of 

output-oriented technical efficiency is:        ⁄  

Figure 4.6: Input and Output Orientated Estimates of Technical Efficiency and 

Returns to Scale 
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Figure 4.7: Output-Oriented Technical and Allocative efficiency 

 

Farrell output-oriented efficiency estimates may define with the help of figure 4.7. 

The distance    represents technical inefficiency.   shows by how much the 

potential outputs can increase without employing additional inputs. The estimate of 

output-oriented technical efficiency is: 

        ⁄  

If one hold price information, the iso-revenue line   maydraw, and the allocative 

efficiency measure as below  

        ⁄  

With the help of    and    we can describe in general revenue, we may compute 

revenue efficiency as: 

      ⨉    

 (    ⁄ )⨉(    ⁄ ) 

      ⁄  

This identifies a revenue increasing explanation. All of these estimates are bounded 

by 0 and 1. 
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4.4 Data Envelopment Analysis (DEA) 

Data Envelopment Analysis (DEA) is used linear programming to create a non-

parametric (point-wise) efficiency frontier given the data. The point-wise-linear 

convex hull technique is proposed for frontier measurement(Farrell, 1957).The 

mathematical programming methods is proposed that may accomplish the task of 

efficiency frontier measurement (Afriat, 1972; Shepherd, 1970). 

Some technology is needed to motivate analysis, the technology T describes the 

transformation of input vector   = (                )    
  into the output vector 

   (                )    
  i.e. 

  {                     } (1) 

The production technology may define by the set T, might be equivalently define 

employing the output set,  , which represents the set of all output vectors, q, that 

may produces employing the input vector,   like; 

  {                 }  {         }  (2) 

The input is linked with a given output vector,  , is expressed as: 

  {                 }  {         }  (3) 

The input set is consisted of all input vectors,  , that may produce a given output 

vector,  .  

The output distance function can form on the output set   as: 

           {  (  
 
 ⁄ )   } (4) 

The output distance function is discussed as that if we scaled down   the output may 

increase, but it is needed to remain under capacity T. 

The input distance function can form on the input set as: 

           {  (
 
 ⁄   )   } (5) 
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The input distance function is defined such that if we scaled up   the input may 

decrease, but it is needed to remain under capacity T. 

The technique does not get wide acceptance until the work of Charnes et al. (1978). In 

that research paper, they are invented the term DEA. Since then enormous research 

articles are extended and uses the DEA technique to measure the technical efficiency 

of production units. 

An input-orientation model is proposed under CRS assumption following Charnes et 

al. (1978). Several papers are measured technical efficiency under alternative 

including VRS models (Banker et al., 1984; Rolf Färe, Grosskopf, & Logan, 1983). 

The next section is presented the mathematical formation of DEA problem, starting 

with CRS model, as is employed in many early papers. 

4.4.1 The Constant Returns to Scale Model 

If all the organizations are working at the optimal scale, then the CRS is a suitable 

assumption to estimate their technical efficiency. But first we need to define some 

notations. It is assumed that the information on           and         on each of the 

R decision making units (DMU's). For the     DMU these are characterized by the 

vectors   and  , respectively. The Y⨉N output matrix, Q, and X⨉N inputs matrix, P, 

represents the data of all R-DMU‟s. The rationale of the DEA is to establish a non-

parametric frontier for all estimates that may lie at the production frontier or below. 

DEA may establish via the ratio form. For every DMU, one like to find an estimate of 

of all outputs divided by all inputs, such as     / 
   , where u is a M⨉1 vector of 

output weights and v is a N⨉1 vector of input weights. The most favorable weights 

are attained by solving the given problem: 

         
   / 

   ), 

St     / 
    ≤ 1,  j=1,2,3…..R 

 u, v ≥ 0, 

This includes the value for u and v, so that the efficiency measure for the     DMU is 

maximum, subject to the constraint that all estimated efficiency scores need to be ≤ 1. 
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The issue with this specific ratio calculation is that it has an unlimited solutions 

(Coelli, Rao, O'Donnell, & Battese, 2005). So, to avoid it, one may impose the 

constraint      = 1, which provided: 

       (    ), 

St      = 1 

     -     ≤ 0,  j=1,2,3…….R 

 µ, λ ≥ 0, 

Here the notation is changed to µ and λ from u and v which shows the conversion. 

Applying the duality in LP, one may derive an input-oriented DEA problem: 

      λ , 

St -    𝜆≥ 0, 

      𝜆      

 𝜆      

In the above discussed LP,   considers as a scalar and λ is a N⨉1 vector of constants. 

The term 𝜆 is the frontier or boundary of input requirement set constructs by taking 

linear combinations of firms in the data set.    is the radially contracts input vector. 

The individual firm outputs  are less than or equal to  𝜆, theoutputs of the frontier. 

This envelopment form includes a smaller number of constraints than the multiplier 

form (X+Y < N+1), and hence is in general the ideal form to solve. The amount of   

is the attained efficiency score for the     DMU.  

We can also derive output-oriented DEA problem: 

     λ  , 

St -     𝜆   , 

     𝜆     

 𝜆     



79 
 

The frontier 𝜆 is greater than or equal to combination of outputs produce by 

individual firms   , so radially expand output quantities. The individual firm inputs 

  are greater than or equal to the frontier ( 𝜆) firm inputs. The output-oriented may 

satisfy   ≤ 1, with a value of one indicates a value on the production frontier and 

hence a technically full efficient DMU asFarrell (1957) is estimated. The LP problem 

may solve FR times, one time for each DMU in the study sample and a value of   is 

then obtained for every DMU. The technical efficiency scores in these earlier DEA 

studies were estimated  using DEAP 2.1 software (Coelli, 1996). Some of the 

parametric efficiency studies employed stochastic frontier functions (Battese and 

Coelli, 2005). 

4.4.2  The Variables Returns to Scale Model and Scale Efficiencies 

The CRS assumption is only suitable when all the DMU‟s operating at an optimum 

level. However, government regulation, imperfect competition and financial 

constraints, etc. may influence a DMU not to operate at an optimal level. Pioneering 

authors propose an extensions of the CRS DEA methodology into account VRS is 

proposed by Banker et al. (1984); Rolf Färe et al. (1983). In case of DMU‟s are not 

working at a best possible level, then the use of CRS assumption may result in 

efficiency scores which are affected by scale efficiencies. The assumption of VRS 

allows the measurement of efficiency devoid these effects. 

The LP of CRS may simply modify into VRS by putting the convexity constraint that 

requires the weights λ to add up to 1. 

So input-oriented DEA problem is as follows: 

      λ , 

St -    𝜆     

      𝜆     

    𝜆     

𝜆   , 
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Here    is an   ⨉   vector of ones. This method is formed a convex hull of 

intersecting planes which envelop the data points more certainly than the CRS conical 

hull and thus provides efficiency estimates that are ≥ 1 to those obtained. Convexity 

constraint (   𝜆   ) make sure that an inefficient firm is only “benchmarked” 

against other DMUs of same size (Coelli et al., 2005). 

We may also derive output-oriented DEA problem as follows: 

     λ , 

St -     𝜆     

     𝜆     

    𝜆     

𝜆   , 

4.5 Directional Distance Functions 

This study employed the directional distance function that had the property of being 

non-radial, which allowed modeling technology with undesirable outputs. The 

directional output distance function is related toShephard (1970) output distance 

function. Data of 918 banks in 24 emerging economies was taken for the objective of 

computing risk-adjusted efficiency of banks. 

The study reviewed some of the properties of the directional (technology) distance 

function. Then it discussed how the translation property of the directional distance 

function evolved into homogeneity when the directional vector was chosen to yield 

one of its special cases, like the output distance function in equation (1).  

In term of properties satisfied by the technology  , we assume that it was a convex
2
, 

closed
3
 set and that inputs and outputs were freely disposable. Formally, free 

disposability was defined as follows: 

                                       (6) 

                                                             
2 T is convex set for all y outputs (Aparicio & Pastor, 2011). 
3 T is closed set for all y outputs (Aparicio & Pastor, 2011). 
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      belonged to T where more input than actual input (i.e.     ) produced less 

output than actual output (        ), if true, than (  ,   )  . 

Imposing free disposability of outputs implied that there was no output congestion. 

Following Chambers et al. (1998), let g = (-     ) be a „directional‟ vector, then the 

directional distance functions defined on the technology T as follows: 

 ⃑⃑         -     )     {                  )    }.  (7) 

This distance function chosen   to simultaneously seeks to increase outputs and 

decrease inputs while remaining within the technology set T. 

Figure 4.8: Output Oriented Technical Efficiency through Directional Distance 

Function 

 

For illustration, Figure 4.4, considers the simple case of a single output     and a 

single input. The first quadrant is depicted the frontier OA. The points in area between 

the OA (frontier) and x-axis is indicated the inefficiency. Our directional vector, G = 

(     ), indicates the direction of change. Normally   is negative and   is positive. 

The distance function value is equal to 
  

  
, where    is the ray from the origin point 

to        . If the efficiency score is equal to one it represents the DMU on the 
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frontier. The scoreless than one lies below the frontier, pointed out technical 

inefficiency and represent the radial contraction in inputs and expansion in outputs. 

For example, a score 0.75 shows that the producer has potential to expand output by 
 

 
 

and contract inputs by 
 

 
). The directional vector can employ to depict the technology 

both for output orientation and input orientation. The value of the output direction 

vector equal to proportion by which outputs can be increased. However, values of the 

input directional vectors equal to the proportion by which inputs can be decreased. 

Chung and Fare (1995) assumed that there were          observations of inputs 

and outputs (  ,   ). The distance function estimated for the observations   by 

       = ⃑⃑   (  ,   ;      )    

Subject to 

∑   
 
       ≥      + β     m = 1, 2 ,3…….... M  

∑   
 
      ≤    - β     n = 1, 2 ,3…….…. N  

          k = 1, 2, 3……. …..K  

4.4.1 Modeling Technologies with Good and Bad Outputs 

The good outputs are often produced along with bad outputs. If we like to measure the 

productivity level, there is a need to deal with both the good and bad outputs. The fact 

that good and bad outputs are produced jointly means that reduction of bad outputs is 

either costly or it reduced the overall production. Moreover, if we denote desirable 

outputs by                    )    
 , undesirable outputs by b = 

(                )    
  and inputs by x = (                )    

 , then we 

may write the technology set as: 

  {                         }  (8) 

The technology consists of all possible input as well as output quantities. The vector 

of input quantities can produce both the good and bad outputs. 
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We model the reduction of undesirable outputs by applying what we call weak 

disposability of outputs, that is introduced by Shephard (1970) as follows: 

                                        (9) 

This is stated that contraction of bad outputs is feasible only if good outputs are also 

contracted, having similar level of inputs. This is not feasible to reduce the bad 

outputs only, that is, if      is feasible and      then it may be impossible to 

produce        using x, that is,          and         . Clearly, if bad outputs 

can be disposed of without any cost, then no problem arise at all. 

At the same time, one can assume free and strong disposability of good outputs, that 

is, 

                                       (10) 

The good and bad outputs are jointly produced and modeled by R. W. Shephard and 

Färe (1974) called "null-jointness". In other words, this can also be defined as if no 

bad outputs are produced then there may be no good outputs. Alternatively, if a firm 

wishes to produce some good outputs, then there may be some bad byproducts of 

production. More formally, we have 

                               (11) 

if      is a possible output vector consists on both good outputs (y) and bad outputs 

(b), then if no bad outputs are produced (b = 0) then by null-jointness, the production 

of good outputs is not possible, so y = 0. 

This study employed the directional distance function that considered inputs be 

denoted by x    
 , good outputs by y    

  and bad outputs by b    
 .  The 

directional distance function, which seek to expand the good outputs and contracts the 

inputs and bad outputs directionally, such as: 

 ⃑⃑             Sup {                  ,       )    }    (12) 
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Where the nonzero vector           ,     determined the directions in which 

inputs, good outputs and bad outputs are scaled, and the technology reference 

set   {                         }. 

Suppose that there are          DMUs (banks) in the dataset. Each DMU used 

input    = (  
    

    
       

     
  to produce desirable outputs    = 

(  
    

    
       

     
  and undesirable outputs    = (  

    
    

       
     

 
.  

This study employed the directional distance function (DDF) Chambers et al. (1998); 

Chung et al. (1997) and could be written as: 

        =  ⃑⃑  (x, y, b;   ,   ,   ) 

Subject to 

∑   
 
       ≥      + β     m = 1, 2 ,3…….., M (13)  

∑   
 
        =      - β     j = 1, 2 ,3………., J (14) 

∑   
 
      ≤    - β     n = 1, 2 ,3………, N (15) 

∑   
 
   = 1   (16)   

   ≥ 0,      k =1, 2,3…..K 

∑   
 
      is the efficient frontier formed as a linear combination of outputs of the 

other banks. The equation (13) states that the actual output (     produced by the 

bank plus the possible expansion (      should be at most as large as the output 

represented by the efficient frontier. Likewise, equation (15) requires that the input 

use (   ), less the possible input contraction (     , should be at least as large as 

∑   
 
      , the linear combination of inputs used by the other banks. Moreover,     

denotes the undesirable output i.e. bad loans and (    )is the possible contraction in 

the undesirable output, should be as large as ∑   
 
       , the linear combination of 
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undesirable outputs produced by the other banks.. The weights   are the intensity 

variables to increase or decrease the individual observed activities of DMUs to 

construct convex combinations of the observed outputs and inputs. 

In terms of bank efficiency measurement, the first constraint (Eq 13) implies that the 

    outputs such as loans and other earning assets (     produced by the bank 

question (i.e. bank k) plus the possible expansion in these outputs (      should be 

less than or equal to a linear combination of outputs of other banks i.e. ∑   
 
      . 

The linear combination represents the efficient frontier. 

The second constraint (equation 14) pertains to the                the undesirable 

outputs       of bank k.  Although the algebraic specification allows for multiple 

undesirable outputs, this study model only one undesirable output i.e. the non-

performing loans. The constraint ensures that the undesirable output produced by 

bank k and the possible contraction in it (    ) should be equal to ∑   
 
       , the 

linear combination of non-performing loans of other banks. Note that the constraint 

needs to hold as a strict equality. 

The third constraint (Equation15) restricts the inputs n (n= 1, … N)  (   ) of bank k 

(such as personnel expenses, other administrative expenses, user cost of fixed assets 

and deposits) less the possible contraction in inputs (      to be greater than or equal 

to ∑   
 
      , the linear combination of input vectors used by other banks.  

4.6 Non-Parametric Regression 

Least square regression is probably the most popular approach in research that 

measures the cause and effect relationship. In efficiency measurement of banks, most 

previous studies that measured efficiency also attempted to model the determinants of 

efficiency in a second stage follow on regression, often employing Tobit specification 

(McDonald, 2009) that relied on ad hoc parametric assumptions. 

Tobit regression was first introduced in the pioneering work of Tobin (1958). The 

work of Tobin analyzed the contribution of durable goods toward household 

expenditure and considered the actual fact that the expenditure remained non-

negative. Tobin called his model the model of censored dependent variables. Tobit 
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model entertained the censored dependent variables but follow all the other 

assumptions of ordinary least square regression model. 

This study modeled the determinant of efficiency using nonparametric regression 

(Hayfield & Racine, 2008) that does not rely on arbitrary assumptions. The method 

considered best suited to situations involved large data sets and manageable number 

of variables(Racine, 2008).The nonparametric methods relax the parametric 

assumptions applied on the data generating process and let the data determine a 

suitable model. The idea of nonparametric discrimination proposed by Fix and 

Hodges (1951). Rosenblatt (1956) presented the first paper that discussed kernel 

density estimation. Later on, the field experienced exponential growth. Following 

articles of Nadaraya (1964); Watson (1964) introduced the idea of kernel estimates 

and nonparametric regression. The np package proposed to estimate the 

nonparametric regression that suggested more robust interpretations(Hayfield & 

Racine, 2008). 

Nonparametric regression produces partial derivatives that are permitted to vary over 

their domain. Moreover, the nonparametric regression allowed one to graphically 

observed how a dependent variable was affected by the changes in the independent 

variables. The np package was proposed to estimate the nonparametric regression that 

suggested more robust interpretations (Hayfield & Racine, 2008). The kernel 

bandwidths were selected via least squares cross validation and calculated as 

3.45σ  
 

 (Racine, 2008).  

4.6.1 The Measurement of Test Statistic for Continuous Regressors 

Let f (Y, X) denotes the joint density of a set of interested random variables (Y, X), 

where Yϵ R and X ϵ    p ϵ N, and let (   ,   ) be a realization of (Y, X). The density 

of Y conditional on X can be denoted as     ⁄  =            ⁄ , where       

denotes the marginal density of X. The conditional mean of Y with respect to X is 

defined as      ⁄  . The gradian (angle) of the conditional mean with respect to the 

conditioning variables is defined as ∆    ⁄   = ∂        ⁄ . Here it is assumed that 

the person who reads is interested in a model of form M (    =      ⁄   and its partial 

derivatives of the form β(    = ∆     ⁄  .  
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For simplicity, the vector X is divided into two parts, the variables whose significance 

is going to be tested      and all remaining variables       excluding X(j). 

In particular, tests must be applied to find whether a partial derivative equal zero over 

the entire domain of each variable. The partial derivatives vary over their domain, the 

null hypothesis can be defined in terms of the vector of partial derivatives of the 

conditional means as 

    
      ⁄

     
                                 (17) 

    
      ⁄

     
                                        (18) 

A test statistic must necessarily involve some aggregate estimate of the derivative 

over its domain, an aggregate   norm measure is used for power consideration.   

    𝜆    
   
      ⁄  

     
     (19) 

    𝜆    
   
      ⁄  

     
   ,   (20) 

Where  is denoted as a unit vector of length j and 
      ⁄  

     
 defined as a vector of 

squared derivatives. If the alternative hypothesis is false, then 𝜆 equal to zero. 

Otherwise, 𝜆 is positive. 

The suggested test statistic is accomplished by constructing the sample analog of 

Equation (20) in which the unknown derivatives are changed with nonparametric 

measures,  ̂        
            . The follow-on test statistic symbolizes by �̂� and 

can be written as 

�̂� = 
 

 
∑ ∑   ̂      

  
   

 
     (21) 

There are two possible applications of pivoting for the test statistic. First, this statistic 

is the mean of point-wise squared derivative measures ̂     . These measures can be 

pivoted by point-wise dividing with their standard errors SE  ̂     ) which is based 

on asymptotic approximations. The test statistic can be written as  
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�̂� = 
 

 
∑ ∑  

 ̂     

   ̂     
  

 
   

 
     (22) 

Second, the asymptotic distribution of �̂�is not known.So, the variance estimator 

cannot be employed which is based on asymptotic computations. An estimate of the 

variance can be computed via resampling procedure proposed by Racine (1997).  

Following the above discussed method, a nested resampling procedure is used to 

compute the null distribution of   

 ̂ = 
 ̂

    ̂ 
  (23) 

Where    �̂�  is the computed standard error of �̂�, which is itself obtained via 

resampling. The decision rule for the proposed test is if  ̂> t,    rejects otherwise fail 

to reject   . 

The standard error may be denoted as   ̂. Resampling generates from the {Y, X} 

pairs uses to compute the value of test statistic, as follows: 

i. For a sample {Y, X} uses to measure the test statistic �̂�, draw a resample 

maintaining (     
   pairs. That is resample   

         
  . Call a given 

resample {  ,    }. 

ii. Given resample {  ,    }, calculate�̂� , based on resample. 

iii. Repeat step 1 and step 2, for B times (399 replications), and call the resample 

test statistics �̂� 
 , �̂� 

 , �̂� 
 , ….., �̂�  

 . 

iv. Given the B resample values compute their    �̂� .  

v. The value of the test statistic can be calculated as  ̂ = 
 ̂

    ̂ 
. 

4.6.2 The Test Statistic for Categorical Regressors 

Let z is denoted as the categorical explanatory variables, let X is denoted the other 

continuous variables in the model, and let Y is the dependent variable. The null 

hypothesis for the categorical variables may be written as:  

             ⁄                       ⁄  (24) 
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             ⁄    ⁄  (25) 

If let g(x) =      ⁄  and let m (x, z) =        ⁄ ,so the null hypothesis is m (x, z) = 

g(x) almost everywhere. Suppose that the univariate Z can assume c different values,  

{            }. If    , then Z is a 0-1 dummy variable. 

The null hypothesis    is equivalent to                   for all X and for 

           . The test statistic is an estimator of 

   ∑  {                    }   
   .  (26) 

Obviously      and      if and only if    is true. Therefore,   serves as a proper 

measure for testing   . A viable test statistic is given by  

 ̂   
 

 
∑ ∑   ̂           ̂          

    
   

 
      (27) 

Where  ̂          is the local constant or local linear regression estimator 

described in Regression.  

One should not simply resample from {        }   
 . We therefore used the bootstrap 

procedure proposed by Racine et al. (2006) to estimate the null distribution of  ̂ . 

i. Randomly select   
  from{  }   

 with replacement, and call {        
 }   
  the 

bootstrap sample. 

ii. Use the above computed sample and measure the bootstrap statistic  ̂ 
   where 

 ̂ 
  is the same as  ̂  except that    is swapped by   

 .  

iii. Repeat the steps 1 and step 2 for B times (399 replications) and call the 

resample test statistics  ̂   
 ,  ̂   

 ,  ̂   
 , ……  ̂   

 .  

iv. Given theB resampled values calculate   ( ̂ )of test statistic. 

v. A value of the test statistic can be calculated as  ̂  = 
 ̂ 

    ̂  
. 

Decision criteria, let  ̂     
  denote the  th percentile of { ̂   

 }   
 . We reject    if 

 ̂ > ̂     
  at the level  . 
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This study undertook a comprehensive analysis on the efficiency of banking sectors 

operating in 24 emerging economies for the period of fifteen years which was divided 

into six regions, i.e. East Asia, South Asia, South East Asia, Emerging Europe, Latin 

America, and Africa and Middle East. 

Previous studies employed traditional efficiency measurement techniques that largely 

ignored credit quality in examining the efficiency of banks. These studies under 

estimated the efficiency of banks which made efforts to control NPLs and extend 

resources for screening and monitoring of loan projects as compare to a bank whose 

management generated higher growth by investing in risky projects. This artificial 

high growth due to risky advances led to the financial crisis, which was witnessed in 

2007-08. This study contributed to literature by employing the DDF technique which 

is capable of modeling the credit quality by treating NPLs as undesirable output in the 

technology set. 

Moreover, previous studies were performed efficiency measurements using either the 

production approach or the intermediation approach, assuming that the banking 

operations consisted of a single stage. This is unrealistic. The actual banking 

operations are more complex and can be better modeled in a multi-stage setting where 

the choice of the approach could depend on the nature of operations in any given 

stage. To accomplish this objective, the network DEA approach was adopted where 

efficiency modeled separately for two stages, i.e. deposits mobilization and loan 

financing, with appropriate choices of approach. Additionally, present study 

employed kernel density distributions which are far superior in representing the 

relationship among variables under discussion as compare to conventional graphical 

analysis. 

Furthermore, traditional efficiency studies were employed OLS and Tobit model 

analysis to investigate various determinants of efficiency. These approaches relay on 

ad hoc parametric assumptions. Moreover, parametric regression approach in which 

the partial derivatives is typically supposed to be constant over its domain. This study 

employed nonparametric regression which produces partial derivatives that are 

allowed to vary over its domain. The nonparametric regression allowed one to 

graphically observe how efficiency scores were affected by the changes in each 

determinant of efficiency. 
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This study conducted the non-parametric analysis for the banking sector of emerging 

economies to provide better understanding of the characteristic variables in question. 

Moreover, the study used a combination of bank specific determinants, 

macroeconomic indicators and six dummy variables representing the impact of 

regional financial crisis 2007-08 on the efficiency of banks in emerging 

economies.hTde sdint ie  se  Tde i neTwere discussed with the help of tables and 

graphical analysis. 

5.1 Descriptive information of efficiency scores 

The distributions of efficiency levels, for each stage as well as for the overall score, 

are negatively skewed indicating clustering of individual banks‟ scores at higher 

efficiency levels (see Figure 5.1). In addition, Annex Table E presents country-wise 

descriptive statistics of efficiency scores for both stages. For all countries and for both 

stages of bank operations, the efficiency score distributions negatively skewed (had 

long left tails) with scores concentrated around means indicating high efficiency 

levels. However, there were marked differences in Kurtosis (peakedness) of efficiency 

scores. Latin American ,east Asian and South East Asian countries had high very 

concentration of scores around mean efficiency levels (with Kurtosis orders of 

magnitude higher than 3, the kurtosis of normal distribution). This was especially true 

for efficiency scores for the second stage of bank operations for these countries.  

Table 5.1: Descriptive information of efficiency scores 

Classifications Skewness Kurtosis Mean Standard 

Deviation 

Efficiency of Deposit Mobilization 

(Stage-I) 

-3.11 12.51 0.93 0.1293 

Efficiency of Loan Financings (Stage-II) -1.98 3.21 0.85 0.2311 

Overall Efficiency -1.60 1.79 0.80 0.2463 

 

Figure 5.1, explained the efficiency at deposit mobilization stage were left tailed and 

high peak which indicated that most of the banks were efficient in the generation of 

deposits. Many banks used success at mobilizing deposits as an indicator of 

performance of branch managers and staff, therefore, there were likely strong 

incentives for achieving high efficiency at these operations. 
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At loan financings (second) stage, efficiency score was 0.85 on average, and most of 

the measurements were clustered in the interval of 0.80 and 1. The banks were 

somewhat less efficient in the loan financing stage. This inefficiency was mainly 

caused by high NPLs because of adverse borrower selection. Managers received 

bonuses on the basis of their loan extended to the customer and not on the basis of 

income generated from those loans (Zago & Dongili, 2011). So, they overlooked to 

manage loan quality and focused on increasing the number of loans. The banks that 

considered loan quality and extended their efforts to reduce NPLs were more 

efficient, our results were found similar with the conclusions of Hamid et al. (2017); 

Zago and Dongili (2011). Moreover, the study employed a non-parametric 

Kolmogorov-Smirnov test of equality of distributions for efficiency at deposit 

mobilization stage and loan financings stage and found significant difference with p-

value less than 0.01. 

Figure 5.1: Distributions of measured efficiency scores  
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5.2 Stage-Wise Comparative Analysis of Efficiency Scores  

Figure and Table 5.2, showed that for the deposit mobilization (i.e. first) stage, 

average efficiency score was 93%, implying that on an average the emerging 

economy banks were highly efficient at the deposit mobilization stage. However, the 

banks in Czech Republic, Greece and Egypt were found to be the least efficient at 

deposit mobilization operations. The banks in the latter country had deposit 

mobilization stage efficiency score of only 0.60, implying a huge potential for saving 

the input resources used in this stage or for mobilizing more deposit given the same 

level of inputs. We looked the countries in more detail below. 

Since 2006, Egyptian economy reported low tourist arrivals, massive fall in property 

prices and decrease in collateral values which led to hamper banking risk taking 

behavior (Nasr, 2012). Moreover, after the revolution of 25
th

 January, 2011 the 

government increased the employee salary by 15% and the banks had to bear this 

extra cost which led to inefficiency of the banking system. 

Banks in European emerging economies like the Czech Republic, Greece and 

Hungary faced a huge increase in administrative expenses. For example, Czech 

Republican banks saw 30% to 40% increase in administrative expenses during 2006 

and 2010. Hungarian banks registered an increase of 25% in administrative expenses 

after 2007 through 2010. Greek banks also suffered from high administrative 

expenses which increased by 10% in 2010 and increased by 33% in year 2013 which 

led toward inefficiency of banks. Table 5.2 indicated that efficiency of banks in these 

economies consistently remained below 0.80 in the years after 2007-08.Moreover, the 

Greek debt crisis started in late 2009 and contributed to the inefficiency of the 

banking sector. The government introduced 12 rounds of tax increases, reforms, and 

spending cuts from 2010-2016, which also led to local unrests and national protests. 

Regardless of these efforts, the economy needed bailout loans in 2010, 2012, and 

2015 from the European Central Bank, IMF, and Eurogroup. The government also 

negotiated a 50% cut in debt owed to private banks in 2011. 

Figure 5.3, explained the (second) loan financing stage – where the bank‟s risk-taking 

behavior may be manifested in the accumulation of NPLs –the average efficiency 

score was 85%, which is much lower than the stage-one efficiency score. In this 
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second stage, the efficiency scores of banks in Malaysia, Thailand, Pakistan, India, 

Egypt, UAE, and South Africa were quite low. Again, the Egyptian banks had the 

lowest average efficiency score of only 52 percent. 

Moreover, the banking sector of countries in Africa and Middle East, South East Asia, 

South Asia, and Emerging Europe were more affected due to huge NPLs. The 

Egyptian banking sector faced huge 17% NPLs through year 2009-2013 which led to 

inefficiency. Banks of United Arab Emirates faced more than 10% NPLs in the year 

2012-2013 and NPLs of South African banks increased above 5% during 2008-2010. 

4
Table 5.2: Regional and country-wise bank efficiency patterns 

Region 
Country 

Name 

Number 

of Banks 

Number 

of Obs. 

Stage 

I 

Stage 

II 

Overall 

Average 

Efficiency 

Scores 

South 

East 

Asia 

Indonesia 80 562 1.00 0.86 0.86 

0.83 
Malaysia 46 137 0.99 0.64 0.64 

Philippines 32 191 1.00 0.94 0.94 

Thailand 6 54 1.00 0.69 0.68 

South 

Asia 

India 69 587 0.93 0.72 0.69 
0.67 

Pakistan 26 219 0.91 0.65 0.61 

Latin 

Americ

a 

Argentina 57 506 0.96 0.98 0.95 

0.93 

Brazil 96 640 0.96 0.97 0.93 

Chile 30 134 0.91 0.96 0.89 

Colombia 14 93 0.95 1.00 0.95 

Mexico 32 225 0.93 0.97 0.90 

Peru 15 124 0.91 0.99 0.90 

Emergi

ng 

Europe 

Czech 

Republic 
25 148 0.69 0.73 0.54 

0.68 
Greece 16 99 0.75 0.91 0.69 

Hungary 13 94 0.80 0.93 0.74 

Poland 33 173 0.83 0.86 0.72 

Turkey 39 276 0.86 0.83 0.71 

East 

Asia 

China 151 744 0.98 0.85 0.84 

0.85 South 

Korea 
15 61 1.00 0.91 0.91 

                                                             
4A referee suggested performing sensitivity analysis of results by expressing all nominal values in 

constant US dollars. The nominal financial figures were converted to 2010 US dollars. The efficiency 

scores were re-estimated. The average bank efficiency was marginally different overall, and for all 

regions. In particular, the original average efficiency score was estimated to be 0.80 for nominal data, 

compared to 0.762 when the nominal variables were measured in constant 2010 US dollars (see 

detailed in annex table G). 
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4
Table 5.2: Regional and country-wise bank efficiency patterns 

Region 
Country 

Name 

Number 

of Banks 

Number 

of Obs. 

Stage 

I 

Stage 

II 

Overall 

Average 

Efficiency 

Scores 

Taiwan 47 164 0.97 0.94 0.91 

Africa 

and 

Middle 

East 

Egypt 22 91 0.60 0.52 0.37 

0.55 

Morocco 12 57 0.91 0.79 0.72 

South 

Africa 
18 91 0.85 0.70 0.65 

UAE 24 215 0.87 0.60 0.55 

  Average 918 5685 0.93 0.85 0.80 0.80 
 

The Malaysian banking sector also faced huge 15% NPLs during year 1999-2003 

which were the after effects of the 1997 crisis. In contrast, the Malaysian banks 

reported a recovery and registered less than 3% NPLs during and afterwards the 

financial crisis 2007-2008. This reflected the efforts made by Bank Negara, Malaysia 

in managing an average of core capital more than 10 percent since 2007, which 

helped reduce excessive-risk taking (San, Theng, & Heng, 2011). Moreover, NPLs of 

Thai banks have increased to 8% in 2006 and then declined to reach 4% in 2010. 

Figure 5.2: Country wise Average Efficiency Score of Deposit Mobilization Stage 
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Pakistan's banking sector faced more than 12% NPLs throughout the year 2009-2013. 

The NPLs of Indian banks increased to 4% in 2011-2013. Hungarian banks 

experienced huge 10% increase of NPLs in 2009 and increased by 5% every year till 

2013. Greek banks reported a dramatic increase in NPLs to 16% in year 2010 and 

further to 43% in year 2012-2013. 

Overall average efficiency of banks in the sample was 0.80, which indicated that 

banks were 20% inefficient in transforming their inputs into outputs. This decrease in 

efficiency was majorly contributed by second (loan financing) stage efficiency scores. 

In this stage, banks in economies like Egypt, UAE, South Africa, Pakistan, India, 

Greece and Hungary performed poorly during and after the financial crisis in 

managing their loan quality. 

Figure 5.3: Country wise Average Efficiency Score of Loan Financing Stage 

 

The much different efficiency levels of the two stages serves to underscore the 

importance of adopting a network DEA approach that allows separate efficiency 

measurements at each stage of the banking operations. This suggests that using a 

single stage black-box DEA may not permit appropriate specification of technology, 
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yielding less robust efficiency measurements. Additionally, it would make it more 

difficult to pinpoint the operations associated with lower efficiency. 

Table 5.3: Yearly representation of lower bank efficiency economies at 

Stage-I 

Year Egypt Greece Czech Republic Hungary 

2007 0.50 0.74 0.65 0.77 

2008 0.71 0.74 0.64 0.79 

2009 0.68 0.73 0.56 0.77 

2010 0.64 0.76 0.68 0.78 

2011 0.52 0.77 0.59 0.80 

2012 0.59 0.77 0.58 0.80 

2013 0.64 0.72 0.61 0.82 
 

Figure 5.4: Relationship between Average Efficiency Scores of Deposit 

Mobilization Stage and Loan Financings Stage 

 

Figure 5.4, explained the relationship between the average efficiency at the deposit 

mobilization stage and average efficiency scores at loan financings stage. This figure 

indicates three categories of banking systems operating in emerging economies. First; 

banks which are efficient at both stages largely belong to Latin American and East 

Asian countries. Second; an extreme right section of the figure indicates the banks, 

which are relatively more efficient at first stage and more inefficient at second stage 
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are largely belong to South Asian, South East Asian and African and Middle Eastern 

economies. Third; an extreme left section of the figure shows the banks, which are 

relatively more inefficient at first stage and more efficient at second stage are belong 

to Emerging European economies. 

5.3 Regional Comparative Analysis of Efficiency Scores  

Figure 5.5, explains a comparative analysis of overall average efficiency along with 

stage-wise average efficiency i.e. deposit mobilization and loan financing stage. The 

study found that Latin American banks were the leader in emerging economies and 

registered overall average efficiency of 93%, which was the result of the average 

efficiency of 95% at deposit mobilization stage, and 97% at the loan financing stage. 

Followed by Latin American banks, East Asian and South East Asian banking sectors 

were registered good average efficiency scores respectively. Overall average 

efficiency of East Asian banks was 85%. Chines banks performed relatively poor in 

year 2011-2012 with 72% efficiency score. In the same years NPLs of Chinese banks 

increased from 3% to 7%, which ultimately contributed to inefficiency. Banks in 

South East Asian countries remained highly efficient in the deposit mobilization. In 

second-stage, there was 17% inefficiency, which was majorly contributed by huge 

NPLs faced by Malaysian and Thai banks after Asian Financial Crisis 1997. 

In Emerging Europe, the overall average efficiency of banks was 0.68 which indicated 

a significant (32%) potential to increase efficiency of banks in these economies. 

Inspite of high NPLs faced by Greek and Hungarian banks, emerging European banks 

performed relatively better in loan financing stage as compared to deposit 

mobilization stage. 

In African and Middle Eastern region, the banks were found most inefficient among 

all sample banks in emerging economies. Banking sector of Egypt and UAE remained 

inefficient by more than 40% at the second stage. Administrative expenses of UAE 

banks increased by 50% after 2007 which was a major cause of efficiency decline. 

Average efficiency analysis of South Asian banking sectors indicated that at the 

deposit mobilization (first stage), banking sector in South Asian economies remained 

93% efficient. At loan financing (second stage), there was 30% inefficiency. The 
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efficiency scores of Indian banks decreased by 18% in 2008 relative to 2006 and it 

remained below 60% between year 2008-2012. Indian banks faced on average 50% 

increase in administrative expenses after 2007. In case of Pakistan, varying efficiency 

scores were registered but the study found downward trend in the banking sector 

efficiency in year 2009-2010. Moreover, Pakistani banks faced the same problem with 

an average 25% increase in personnel expenses and other administrative affairs after 

2008. In 2009, banking sector of Pakistan suffered huge losses. The NPLs of the 

banks, which were reported at $3.518 billion in 2007 increases to $5.370 billion in 

2009. In the same year 16 out of 36 banks operating in the country suffered losses 

(Qayyum & Riaz, 2012b). 

 

Next, we discussed the regional comparisons of the overall average efficiency along 

with the stage-wise average efficiency (see Figure 5.5). The Latin American banks 

were found to be the leaders in emerging economies and registered overall average 

efficiency of 0.93 which was the result of average efficiency of 0.95 at deposit 

mobilization stage, and 0.97 at the loan financing stage. This was followed by East 

Asian and South East Asian banks, which registered good average efficiency of 0.85 

and 0.83, respectively. 

Moreover, the study also identified 26 banks which operated their operations in more 

than one country. Annex B reported that efficiency scores of these banks was quite 

similar for the deposit mobilization stage and loan financings stage. The overall 

efficiency of these banks was also 0.787 which was not significantly different from 

0.80 overall average efficiency score of all 918 banks included in the sample.   
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5.4 Incorporating Bad Loans in Modeling and its Effect on Bank 

Efficiency 

Most previous studies of bank efficiency used specifications of technology that did 

not allow for undesirable outputs (such as NPLs). However, Zago and Dongili (2011) 

argued that “recognizing banks‟ efforts to reduce bad loans increases their efficiency”. 

Their results were in line with the argument.  

Efficiency scores with Single-Stage black box DDF while considered bad loans were 

0.85 points and with two-stage network DEA, the efficiency scores were 80 percent. 

However, more care needs to be exercised in making the comparison because the 

single-stage DEA is likely to suffer from considerable confounding of various effects 

that arise at different operational stages. Therefore, the present study used the 

Network DEA where the NPLs were modeled in the second stage. Our results 

exhibited that the overall efficiency after allowing for NPLs were higher, compared to 

the efficiency scores obtained when NPLs were not included. This was also true for 

all regions where the NPLs had a higher proportion of loan portfolios of the banks 

(see Figure 5.6). However, for the Latin America region where the share on NPLs was 

small, the average efficiency scores with and without inclusion of NPLs were similar. 

Moreover, banks after incorporating NPLs in the modeling generated higher 

efficiency scores. This pointed out that it recognized the efforts of banks in reducing 

NPLs. This conclusion reconfirmed the regions (Latin American and East Asian) 

which were leading in bank efficiency registered lowest share of NPLs (see Table 

5.4).Barros et al. (2012) examined the efficiency of Japanese banks for the period of 

2000 to 2007. The study also pointed out that NPLs were the major cause of increase 

in banks inefficiency levels. The efficiency of Japanese banks was measured through 

two-stage directional distance functions and found that previous year NPLs had 

negative effects on the production of loans (Fukuyama & Weber, 2015). 

The study also tested the equality of distributions of efficiency of banks with and 

without incorporating undesirable output in modeling. The results of Kolmogorov-

Smirnov test produced significantly different results at 1% level. This implied that 

once NPLs considered, the technical efficiency of banks increased significantly. This 

suggested an important feature that credit quality, needs to be taken into account when 
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estimating banks‟ performance. Several studies employed this test to investigate the 

equality of distributions (Banker, Zheng, & Natarajan, 2010; Johnes, Izzeldin, & 

Pappas, 2014; Titko, Stankevičienė, & Lāce, 2014). 

Figure 5.6, presented the overall efficiency scores with and without NPLs. The 

distribution of efficiency scores that treated the NPLs as bad output, were more 

skewed to the left and concentrated at higher efficiency levels. However, the 

efficiency scores calculated from model that did not take into account the NPLs had 

greater dispersion, and more of the mass of the distribution was concentrated in the 

lower efficiency range represented by the interval 0.25 to 0.75, compared to the 

distribution that was obtained by including NPLs in the model. 

Figure 5.6: Comparative distribution analysis of efficiency scores with and 

without NPLs 

 

In summary, the inclusion of NPLs as an undesirable output in the directional distance 

functions model tended to cause clustering of the scores at higher efficiency levels. 

This interesting result was due to the fact that the undesirable outputs model was able 

to distinguish between the banks that exercised due diligence in scrutinizing the loan 

applications -- and expended real resources in the process -- and the banks that took 

higher risk by extending loans more liberally. When the NPLs were not incorporated 

in the model, the former type of banks' loan screening efforts showed up as extra 

resource use, seemingly without the corresponding benefits (e.g. lower risk of default) 

to the banks (Zago & Dongili, 2011).  These findings serve to underscore the 



103 
 

importance of incorporating risk into the bank efficiency models. They also 

demonstrate the usefulness of the directional distance function DEA, featuring 

undesirable outputs in the form of NPLs, for the estimation of efficiency of banks. 

An important question was how treating bad loans as an undesirable output impacted 

the efficiency measurements. Most previous studies of bank efficiency used various 

specifications of technology that did not allow for the presence of undesirable outputs 

in the technology set. However, Zago and Dongili (2011) argued that efficiency of 

banks increased after recognizing the efforts of the bank to control bad loans. 

This is by no means a foregone conclusion, and depends on the distribution of prudent 

versus risk-taking banks in the sample. As mentioned in chapter 1 (see discussion of 

hypothesis I), specifying directional distance functions that take into account non-

performing loans in efficiency measurement, penalizes risk-taking banks. The 

efficient frontier corresponding to directional distance function likely comprises of 

banks following more prudent, risk-averse lending strategies. If most banks in the 

sample followed the latter type of conservative lending policies then more banks 

would be closer to the efficient frontier in case of direction distance function then in 

the case of traditional radial distance function that ignore bad loans.  

To confirm this hypothesis, the study also a comparison of efficiency scores of top 

10% banks those were most efficient in the loan financing operations (stage II) 

according to directional distance function with the efficiency scores of the same banks 

computed from traditional radial distance function.  The results are presented in Table 

5.4.   

Table 5.4: Comparative Analysis of Traditional and Directional Efficiency 

Scores 

Efficiency Stages 

Efficiency scores 

Directional                                

(NPLs as bad output) 
Traditional 

Efficiency at Deposit Mobilization 

(Stage-I) 
0.98 0.17 

Efficiency at Loan Financing (Stage-II) 1.00 0.16 

Overall Efficiency 0.98 0.04 

 



104 
 

The results provide strong support for the above hypothesis regarding the importance 

of distribution of prudent banks versus the banks exhibiting risk taking behavior. The 

banks with efficiency scores near 1.0 that formed the efficient frontier under the 

directional distance function had very low scores when their efficiency was measured 

using the radial distance function. The reason is that the radial distance function did 

not penalize risk taking banks for non-performing loans while it made the prudent 

banks appear to have lower level of output (conservatism in financing risky projects) 

and higher input costs on account of greater amount of resources expended for better 

screening loan applications. The implication of this is that if more banks in the sample 

followed prudent lending practices and there were relatively fewer banks with 

managements that displayed risky behavior, measurement of efficiency using 

directional distance functions (with NPLs as bad loans) would increase sample mean 

level of efficiency compared to the corresponding mean score obtained from 

conventional radial distance function.  

Table 5.5: Average overall efficiency scores with and without non-Performing 

Loans 

Region Share of NPLs Efficiency scores 

with NPLs without NPLs 

South East Asia 9.76 0.83 0.61 

South Asia 7.29 0.67 0.51 

Latin America 3.97 0.93 0.94 

Emerging Europe 10.74 0.68 0.54 

East Asia 4.11 0.85 0.71 

Africa and Middle East 8.98 0.55 0.41 

Average 7.48 0.80 0.69 
 

The results of our study supported the Zago and Dongili argument. We used the two-

stage Network DEA approach where the NPLs were modeled in the loan financing 

(second) stage. Our results (Table 5.5) shows that the overall efficiency scores after 

allowing for NPLs were higher at 0.80 compared to only 0.69 obtained when NPLs 

were excluded. This was also true for all regions where the NPLs were a higher 

proportion of loan portfolios of the banks. However, for the Latin America region 

where the proportion on NPLs was only about half the average proportion of NPLs 

across all regions, the average efficiency scores with and without the inclusion of 

NPLs were quite similar. This suggests that it is important to incorporate NPLs, and 

also use the undesirable output DEA formulation, for measuring bank efficiency in 
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countries and regions with higher proportion of bad loans in the loans portfolios of the 

banking system. 

Table 5.6: Average Efficiency and NPLs in Pre- and Post-Crisis periods, by 

region 

 

Efficiency in Pre-crisis 

period 

Efficiency in Post-crisis 

period 

Share of NPLs 

(%) 

Regions 
Stage 

I 

Stage 

II 
Over 

all 

Stage 

I 

Stage 

II 
Over 

all 

Pre-

Crisis 

period 

Post-

Crisis 

period 

South East 

Asia 
1 0.87 0.87 1 0.78 0.78 12.44 6.24 

South 

Asia 
0.94 0.76 0.73 0.91 0.63 0.6 8.15 6.19 

Latin 

America 
0.96 0.97 0.94 0.92 0.98 0.9 4.12 3.63 

Emerging 

Europe 
0.83 0.82 0.68 0.78 0.86 0.68 9.41 11.85 

East Asia 0.98 0.94 0.93 0.98 0.83 0.81 5.99 2.98 

Africa and 

Middle 

East 

0.83 0.59 0.53 0.81 0.65 0.56 7.95 9.57 

Overall 

Efficiency 
  0.85 

  
  0.74 

  
    

 

5.5 Impact of Global Financial Crisis on Efficiency of Banks  

The study employed the non-parametric Kolmogorov-Smirnov test to investigate the 

difference in efficiency score of banks in pre-crisis and post-crisis years, and found 

significant difference at 1%. In pre-crisis period the distribution of efficiency levels 

was more skewed to the left and concentrated at higher efficiency levels. However, in 

post-crisis period the efficiency was concentrated in the lower efficiency range 

represented by the interval 0.70 to 0.90. The overall average efficiency score in pre-

crisis period was 0.85. However, it dropped by 11 point to 0.74 in post-crisis period 

(see Table 5.6). This reconfirmed that GFC 2007-2008 hit banking efficiency in 

emerging economies
5
. 

                                                             
5
The study found slight changes in efficiency scores after using constant US dollars and registered 

efficiency scores in pre-crisis period 0.81 and efficiency in post-crisis period 0.71. (see details in annex 
table F). 
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The overall average efficiency score during 1999-2007, the period before the global 

financial, was 0.85. However, it dropped to 0.74 during post-crisis period 2008-2013 

(see Table 5.6). The study estimated a non-parametric Kolmogorov-Smirnov test for 

equality of distributions and found significant difference at 1% level of significance. 

In Figure 5.7, the distribution of overall efficiency in pre-crisis period were more 

skewed to the left and mass of the distribution was concentrated at higher efficiency 

levels. However, in post-crisis period the overall efficiency was concentrated in the 

lower efficiency range represented by the interval 0.70 to 0.90. This reconfirmed that 

GFC hit banking efficiency in emerging economies. 

Figure 5.7: Comparative analysis of efficiency scores in pre-crisis and post-crisis 

 

In summary, the study found that in almost all the regions of emerging economies, the 

banks were found efficient at deposit mobilization stage except the few countries like 

Egypt, Czech Republic and Greece. These economies faced inefficiency at deposit 

mobilization stage due to high administrative expenses. 

Moreover, the results suggested complex patterns of bank efficiency in the loan 

financing stage. Banking sectors of Latin American and East Asian economies were 

found most efficient and consistent throughout the study period 1999-

2013.Chortareas, Garza‐Garcia, and Girardone (2011) also noted the efficiency of 
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Latin American banks over 1997–2005and concluded that efficiency seemed to be the 

main driving force of improved profitability for most Latin American states like 

Brazil, Argentina and Chile. 

In contrast, banks operating in South Asia, Emerging Europe and Africa and Middle 

East were found relatively inefficient and also seemed to suffer more from financial 

crisis of 2007-2008. Several other studies also registered similar results. Abu Hatab 

(2009) found Egyptian banks suffered from financial crisis. A fall of bank's efficiency 

was reported in Greek banks due to financial crisis (Alzubaidi & Bougheas, 2012). In 

2010, a sharp drop in efficiency of banks in Greece was visible due to financial crisis 

(Papagiannis, 2014). Hungarian banks faced the difficulties during the crisis period 

(Radulescu & Tanascovici, 2012). Profit efficiency of Indian banks declined only 3% 

during the crisis years and experienced a rapid rebound in the era of post-crisis(Gulati 

& Kumar, 2016). In 2008, efficiency of Pakistani banks was severely hit by the crisis. 

16 out of thirty six Pakistani banks registered losses in 2009 (Qayyum & Riaz, 

2012b). 

As showed in Table 5.4, the banking sector of South East Asian economies was 

registered 17% inefficiency. Banking sector of these economies was inefficient due to 

higher NPLs faced by banks after Asian Financial Crisis 1997, and not due to GFC 

2007-08. Efficiency of Malaysian banks was unaffected by the Crisis 2008 (San et al., 

2011). The study found that most of Indonesian banks survived in crisis 2007-08 and 

performed with 77% efficiency (Sarifuddin, Ismail, & Kumaran, 2015).  

To conclude, technical efficiency scores of banks exhibited some consistent patterns. 

The NPLs impact the efficiency of banks in important ways. The lower efficiency 

scores were associated, both across space and time, with the rise in NPLs proportion 

in the banking sector's loan portfolio. This clearly has policy implications that we take 

up in the concluding section. 

Out of total 918 banks, 114 banks were not survived after financial crisis 2007-08. 

469 banks survived during the financial crisis and the remaining 335banks were either 

close down their operations before the crisis or started their operations after the crisis. 

Moreover, Table 5.7 shows that in the pre-crisis period 1999-2006 overall efficiency 

of the failed banks was higher as compared to efficiency of survived banks. This 

higher efficiency of failed banks was due to high efficiency levels at stage-II. This 
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indicated that failed banks could be taking more risks which were not captured by 

one-year window of our network DEA. Because the loan defaults occurred later than 

one-year and let the bank failures. In future research to deal with survivorship bias 

multi-stage network DEA might be a technique to handle this issue.  

Table 5.7: Efficiency Scores of Failed and Survived Banks 

Time 

Duration 

Failed Banks Survived Banks 

Stage-I Stage-II 
Overall 

Efficiency 
Stage-I Stage-II 

Overall 

Efficiency 

1999-2006 0.95 0.93 0.89 0.94 0.87 0.84 

2007-2013  ------- 0.91 0.82 0.76 

 

5.6 sei esnee KrnreK 

This section tried to interpret the relationship among the chosen variables. It portrayed 

how efficiency changes in different time spans. Kernel density distributions helped us 

in understanding different patterns of efficiency scores and NPLs of banks. Section 

5.3 highlighted the impact on efficiency after incorporating NPLs. Here, the 

relationship between the efficiency in second stage and NPLs provided more precise 

look of efficiency of banks. 

Figure 5.8, portrayed kernel density of Year-wise efficiency scores at deposits 

mobilization (stage-I). It indicates many small peaks and one major, peak which 

shows the efficiency between 0.95 and 1.0. Moreover, banks which were fully 

efficient at first stage in the beginning years of analysis registered a fall in efficiency 

in the later years. This fall of technical efficiency scores can be seen after the crisis 

year 2007-08 due to huge administrative expenses faced by banking sectors of 

emerging European and African and Middle Eastern economies. 

Samad (2014) discussed that during financial crisis when NPLs increased, the 

administrative expenses also increased significantly. Extra expense included such as 

monitoring of delinquent borrowers and value of collateral, attorney expenses of 

dealing with defaulted borrowers, if default happens ultimately then the bank bear 

added cost of maintaining, acquiring and disposal of collateral. All of these additional 

administrative expenses led to decrease performance of banks. Some country specific 
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factors also caused an increase of non-interest expense such as in Egypt govt. 

increased salary of bank employees by 15% in year 2011. 

Figure 5.9, explained Year-wise efficiency scores in the second or loan financing 

stage. It indicates many small peaks and two major peaks. The first peak is at 0.90 and 

the second peak is between 0.95 and 1.0. Moreover, as noted for deposit mobilization, 

efficiency scores of loan financings stage was higher in the beginning years of 

analysis and declined significantly in the latter years. High NPLs and administrative 

expenses were the cause of inefficiency faced by banking sectors of South Asian, 

South East Asian, Emerging European and African and Middle Eastern economies for 

details see section 5.1 Stage-wise comparative analysis of efficiency scores. 

Figure 5.8: Kernel Density Dist. of Average Efficiency Score of Deposit 

mobilization stage and Year 
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Figure 5.9: Kernel Density Dist. of Average Efficiency Score of Loan financings 

stage and Year 

 

Figure 5.10: Kernel Density Dist. of Overall Average Efficiency Scores and Year 
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Figure 5.10, presented the year-wise overall efficiency scores. It shows that major 

peaks are located above 0.80 score. Moreover, overall average efficiency scores were 

also consistent with the results of efficiency score at deposits mobilizations and loan 

financings stage. The Efficiency scores dropped due to crisis of 2007-08 significantly, 

which is also obvious in the density plots. It indicated that highly efficient banks 

showed an increase in inefficiency in financial crisis. 

Figure 5.11: Kernel Density Dist. of Overall Average Efficiency Score and 

Percentage share of NPLs  

 

Figure 5.11 highlighted the relationship between overall efficiency scores and 

percentage share of NPLs of the bank. It pointed out one major peak positioned at 5% 

share of NPLs and lower. There were some smaller peaks as well ranging between 8% 

to 15% share of NPLs. The major peak pointed out the banks in the region of East 

Asia and Latin America see Table 5.4. Banks in these regions were the most efficient 

banks in emerging economies and portrayed a smaller share of NPLs. The other 

smaller peaks indicated that as the percentage share of NPLs increased the overall 
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efficiency declined as in the case of banks in Emerging Europe, South Asia and 

Africa and Middle East see Table 5.4. 

Figure 5.12 portrays the percentage share of NPLs in each year. The density shows 

one major peak at 5% NPLs and few small peaks between 5% to 10% NPLs. The 

height of major peak can be viewed that it confirms the impact of financial crisis 

2007-2008 and post-crisis huge portfolio of NPLs. Small peak points out that some 

banking sector gained 5 to 10 percent NPLs during crisis year. Moreover, aftermaths 

of Asian Financial crisis 1997 can also be seen, as indicated by small peaks in year 

1999-2002. 

Figure 5.12: Kernel Density Dist. of Percentage share of NPLs and Year 

 

The Figure 5.13, explained the relationship between the size of banks and overall 

average efficiency. It showed that the major peak of the density was found after 0.85 

score, which meant most of the banks had an average efficiency greater than 85%. 

Moreover, smaller banks were the more efficient banks. This density has also pointed 

out that big and average size banks faced more inefficiency as compare to smaller 

banks. 
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Figure 5.13: Kernel Density Dist. of Overall Average Efficiency Scores and Size 

of the Bank 

 

Figure 5.14: Kernel Density Dist. of Overall Average Efficiency Scores and 

Capital Adequacy of the Bank 
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Figure 5.14 discussed the relationship between overall efficiency of the bank and 

capital adequacy ratio. It was noted that banks with higher capital adequacy were 

more efficient.  Figure 5.15, explained the relationship between the size of banks and 

year. The major peak of the density indicated that throughout the study period there 

were most, medium sized banks operating in emerging economies. 

Figure 5.15: Kernel Density Dist. of Size of the Bank and Year 

 

5.7 Non-Parametric Regression 

As mentioned earlier, much of the existing literature used a follow-on parametric 

regression, such as the Tobit model, for measuring the impact of the determinants of 

bank efficiency. Not only these formulations were restrictive because of the 

parametric assumptions, they yielded point estimates of the causal effects on bank 

efficiency. This study employed a non-parametric regression for understanding the 

impact on technical efficiency of the various bank characteristics and other variables 

of interest. This approach is less restrictive because it does not rely on ad hoc 

parametric assumptions. Moreover, the non-parametric regression allows the effect to 

vary locally in different regions of the domain. This helps bring out more clearly the 

nuances of the association between efficiency and its determinants. 
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The reader would recall that the effects of individual independent variables were 

tested against the null of no effect over the entire domain of the regression function. 

To measure the significance of environmental variables the study employed the 

bootstrapping procedure proposed by Racine et al. (2006); Racine (1997). The p-

values corresponding to the derived test statistics also referred to response over all of 

the domain. Also note that the non-parametric regression allows the effects of the 

individual independent variables to vary locally. Both these considerations have to be 

borne in the mind when interpreting the non-parametric regression results. The kernel 

bandwidths were selected via least squares cross validation and calculated as 

3.45σ  
 

  (Racine, 2008). 

The study estimated three non-parametric regression models and explained the 

efficiency scores with the help of banking financial ratios and macroeconomic 

indicators. The study also incorporated dummy variables representing financial crisis 

2007-08, ownership status, regional banks and country specific crisis. Table 5.8 

reports the band width and the p-values for individual explanatory variables. 

In a cross country analysis, bank's efficiency may depend on the differences in 

regulations (Barth, Caprio, & Levine, 2008). However, in the absence of controlling 

the impact of differences in regulatory regime may produce biased results. The study 

introduced country fixed effect in model-I and model-II to control the impact of 

country-specific regulatory environment. 

The regression results of model-I and model-II reported that size of bank significantly 

affected the efficiency levels with p-value of 0.075. The capital adequacy ratio of the 

bank also significantly affected the efficiency with p-value less than 1% in model-II 

and p-value 0.06 in model-III. The other bank characteristic liquidity was found 

statistically insignificant effect. The ownership status of public bank was also 

significantly affected the efficiency for the entire three models. 

The study found that both the macroeconomic environment indicators such as GDP 

growth rate and inflation rate had significantly affected the efficiency of banks in 

model-III. The results of model-I also reported that inflation significantly contributed 

to efficiency. All the three models reported that financial crisis 2007-08 affected 

efficiency significantly. 
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6
Table 5.8: Non-Parametric Regression Results 

  Model-I Model-II Model-III 

Variable 
Band 

Width 
P-value 

Band 

Width 
P-value 

Band 

Width 
P-value 

Size 0.2853 0.0752 1.6045 0.0676 0.285 0.4135 

Capital Adequacy 0.0177 0.2130 69358 <0.001 0.014 0.0602 

Liquidity Ratio 0.1325 0.2656 17.152 0.3834 0.126 0.5438 

GDP Growth rate 7.3452 0.8496 0.0146 0.3709 4.908 0.0652 

Inflation Rate 3.1927 0.0201 0.3356 0.7518 3.609 0.0226 

Public Banks 

Dummy 
0.0746 <0.001 0.4999 0.0275 0.046 <0.001 

Financial Crisis 

2007-08 
0.4293 <0.003 0.26 0.0802 0.447 <0.001 

East Asia Dummy  ___ ___  ___ ___ 0.027 <0.001 

South East Asia 

Dummy 
___ ___ ___ ___ 0.0002 <0.001 

South Asia Dummy ___ ___ ___ ___ 0.0163 <0.001 

Latin America 

Dummy 
___ ___ ___ ___ 0.0003 <0.001 

Emerging Europe 

Dummy 
___ ___ ___ ___ 0.0006 <0.001 

Indonesian Crisis 

Dummy 
___ ___ 0.5 0.4862 ___ ___ 

Malaysian Crisis 

Dummy 
___ ___ 0.4999 0.7468 ___ ___ 

Phil. Crisis Dummy ___ ___ 0.4999 0.2807 ___ ___ 

Thailand Crisis 

Dummy 
___ ___ 0.3107 0.0852 ___ ___ 

Brazil Crisis 

Dummy 
___ ___ 0.4999 0.4461 ___ ___ 

Arg. Crisis Dummy ___ ___ 0.5 0.9974 ___ ___ 

Colombia Crisis 

Dummy 
___ ___ 0.4018 0.9774 ___ ___ 

Turkey Crisis 

Dummy 
___ ___ 0.4640 0.8972 ___ ___ 

Egypt Crisis Dummy ___ ___ 0.1214 0.0125 ___ ___ 

Morocco Crisis 

Dummy 
___ ___ 0.4999 0.8947 ___ ___ 

Czech Rep. Crisis 

Dummy 
___ ___ 0.4999 0.5889 ___ ___ 

Greece Crisis 

Dummy 
___ ___ 0.4999 0.5939 ___ ___ 

 
R-square = 0.80 R-Square = 0.48 R-Square = 0.78 

                                                             
6 The study used regional fixed effects (dummies) for model-I, country fixed effect for model-II and 

country fixed effect and country specific crisis (dummies) for model-III. In model-III, the detail of the 

country specific crisis dummies are as follows: Argentina crisis 1999–2002, Brazil crisis 1999, 

Colombia crisis 1999, Malaysian crisis 1997–1999, Thailand crisis 1997–2000, Indonesian crisis 1997–

1999, Philippines crisis 1997–2001, Morocco crisis 2009, Egypt crisis 2011–2013, Czech Republic 

crisis 2009–2011, Turkey crisis 2001, and Greece crisis 2009–2013. 
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Model-II incorporated country specific crisis dummies and reported Thailand and 

Egypt were significantly affected efficiency levels. The study displayed partial 

regression plots for model-I in Figure 5.16. The remaining plots for model-II and 

model-III could be found in the Appendix. The graphs from all plots show a high 

degree of similarity. 

The partial regression plots of model-I and model-II showed that the efficiency 

declined rapidly at higher bank sizes and the precision of the size effect also 

decreased as indicated by the wider error bounds at that range. It indicated that small 

banks were performed relatively more efficiently in emerging economies. 

Several bank efficiency studies reported complex patterns while considering the size 

of the bank. For example, Forster and Shaffer (2005) reported significant negative 

relation between the efficiency of Latin American banks and size. They pointed out 

that smaller banks may had superior personal knowledge of debtors, leading to control 

the share of NPLs.Mesa, Sánchez, and Sobrino (2014) estimated the efficiency of 

banks in European Union and found positive relationship between size of the banks 

and efficiency. The efficiency of Malaysian banks measured by Majid, Nor, and Said 

(2003) and they found significant positive relationship of efficiency and banks size. In 

contrast, Mester (1997) investigated the efficiency of US banks and found no relation 

of efficiency and size. Girardone, Molyneux, and Gardener (2004) reported that there 

was no clear relationship between asset size and efficiency of Italian banks. 

The plots of model-II and model-III showed that increase in the capital adequacy ratio 

of the bank increased the efficiency levels. However, the precision of the effect 

decreased as capital adequacy ratio greater than 0.25. This indicated that banks with 

higher capital indulged in excessive risk taking sometimes it succeeded and 

sometimes received failure. Numerous studies had registered positive relationship 

between capital adequacy and efficiency of bank. Altunbas, Carbo, Gardener, and 

Molyneux (2007) measured the efficiency of European banks and found positive 

relationship of capital adequacy and bank efficiency. Demirguc‐Kunt et al. (2013) 

pointed out that banks with relatively well capitalized positions would provide 

confidence to the shareholders that their investments are in safe hands and the bank is 

in a better position to absorb the shocks as compare to banks with lower capital 

adequacy. Moreover, Lotto (2018)measured the efficiency of Tanzanian banks and 
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registered significant positive relationship between capital adequacy and bank 

efficiency. He pointed out that banks in Tanzania following more strict capital 

regulations were less inefficient. Moreover, strengthen capital adequacy also 

improved bank efficiency through preventing a moral hazard problem between debt-

holders and shareholders. 

Figure 5.16: The relationship between technical efficiency, bank characteristics 

and macroeconomic indicators 

 

Figure 5.16 also provided a graphical representation of macroeconomic environment 

and the technical efficiency of bank. These graphs reveal interesting empirical 

regularities in different segments of the domain of the relationship. The nature of the 
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impact of GDP growth on efficiency was highly non-linear and exhibited meaningful 

variations. The banks operating in negative GDP growth economies had poor 

efficiency scores, which were also highly volatile on that part of the domain.
7
 As GDP 

growth entered positive territory, the bank efficiency score also increased. This 

pattern was observed for positive at growth rates of up to about 5 percent.Vu and 

Nahm (2013) pointed out that high growth led to more savings and hence more 

deposits with the banks at a relatively low cost. For growth rates exceeding 5 percent, 

however, the technical efficiency scores became considerably more volatile and 

showed a somewhat declining trend.Hermes and Nhung (2010) reported that banks 

operating in Latin American and Asian economies where higher GDP growth were 

more efficient due to the consistent quality and skills of banks. The skills of optimal 

use of inputs and outputs employed in the production process such as effective 

monitoring and screening of borrowers, controlling operating costs, efficient risk 

management and focusing on attracting depositors etc. 

The relationship between the rate of inflation and technical efficiency of banks was 

also highly non-linear with higher efficiency scores found at low to moderate rates of 

inflation.Vu and Nahm (2013) also found that low inflation was associated with high 

levels of bank efficiency. As inflation reached above 6 percent the relationship 

became somewhat more volatile and declining efficiency scores were observed.
8
With 

inflation rates in excess of 10 percent efficiency scores showed great variations and 

declines sharply. High inflation rates were hampering the efficiency levels through 

increasing administrative and financial costs. This finding is consistent with Batir, 

Volkman, and Gungor (2017) who pointed out that high inflation caused the 

efficiency of banks of banks to decline. 

The graph of all the three models pointed out that public banks performed poor as 

compare to private banks. Many other studies confirmed the relatively poor efficiency 

of public banks. Public banks were less efficient than private banks in Poland and 

Czech Republic (Weill, 2003). Fries and Taci (2005) discussed that public owned 

banks were more inefficient as compare to private owned banks among 15 countries 

                                                             
7In our sample the economies such as Egypt, Czech Republic, Greece and Hungary experienced 

negative growth rates and poor bank efficiency at various sub-periods. 
8 In our sample the economies such as Turkey, Argentina, Indonesia, Malaysia, and Pakistan 

experienced high inflation at various sub-periods and highly volatile technical efficiency scores for 

banks.   
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in transition from Eastern Europe. In China state-owned banks were found less 

efficient than private joint-stock banks (Xiaoqing Maggie & Heffernan, 2007). 

However, all the three models pointed out that financial crisis 2007-08 caused bank 

efficiency to decline in emerging economies. The model-III results highlighted that 

banks in the regions of Latin America, Southeast Asia and East Asia were performed 

significantly efficient with p-values less than 1%.The banks belonged to these three 

regions had a smaller portion of NPLs in their loan portfolio. In contrast, banks in the 

regions of Emerging Europe and South Asia performed significantly poor with p-

value less than 1%. The banks in these regions registered higher portion of NPLs (see 

Table 5.5). This pointed out that negative effect of the crisis on efficiency of bank was 

due to increase in NPLs. 

Several studies found consistent results for example; Egyptian economy adversely 

effected by GFC. The economy suffered from deteriorating figures of export levels, 

stock prices, inflows of worker remittances, and FDIs. All these led to a sharp 

deterioration in efficiency of banks (Abu Hatab, 2009).Egyptian banks had reported a 

massive fall in property prices, which lead toward a fall in collateral values which was 

considered a major cause of the increased in NPLs and inefficiency of banks (Nasr, 

2012). The Egyptian banks faced inefficiency due to higher administrative expenses. 

It was also discussed that banks with bigger network of branches relatively more 

inefficient(H. Hassan & Jreisat, 2016). The financial crisis caused a sharp drop in 

efficiency of European banks during 2007-2008(Alzubaidi & Bougheas, 2012). The 

efficiency of banks was estimated and found that GFC negatively affected the 

performance of UAE banks (Mehta, 2012). 

However, Hungarian banks faced the largest difficulties during the crisis period 

(Radulescu & Tanascovici, 2012).The crisis hampered the Greek bank's efficiency 

(Papagiannis, 2014). 

However, efficiency of Indian banks remained 0.69 which is 0.11 points less than the 

average efficiency of the sample banks. Inefficiency of Indian banks was due to poor 

efficiency of banks at loan financings stage. Moreover, in the post crisis period 2011-

2013 efficiency of Indian banks declined by more than 4%. Several studies also 

registered similar findings such as Kumar, Charles, and Mishra (2016) increase in 
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inefficiency of Indian banks was due  to the GFC. The crisis affected the Indian 

bank's profit efficiency. The banks recovered quickly in post-crisis period due to the 

adoption of accommodative macro plans aiming at injecting adequate liquidity in the 

banks (Gulati & Kumar, 2016).The efficiency of banks in Pakistan was estimated and 

found that financial crisis 2008 severely hit Pakistan's economy and efficiency of 

banks declined by more than 10%. The GDP growth rate dropped to 3.7% from nearly 

7% in the earlier year, and 16 banks out of a total of 36 generated losses (Qayyum & 

Riaz, 2012b). 

On the other hand, banks in the region of East Asia, South East Asia and Latin 

America remained safe from financial crisis. Banks in these regions scored 

significantly above average efficiency during financial crisis. Banking sectors of Latin 

American economies were found most efficient and consistent throughout the study 

period 1999-2013. A study was reported that Chinese banks performed well during 

crisis and rise just after the crisis (Fan, 2016). Another study was registered that 

during crisis, Chinese big banks least affected banks among the world big banks (Luo, 

Yao, Chen, & Wang, 2011). Moreover, the efficiency of Malaysian banks was 

unaffected by the crisis 2008 (San et al., 2011). Sarifuddin et al. (2015) investigated 

the efficiency of south east Asian banks and concluded that Thai banks were leading 

the technical efficiency in selected ASEAN countries during financial crisis followed 

by banks in Malaysia and Indonesia. 
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The objective of the study was to conduct a comprehensive efficiency analysis for 

banks in the emerging economies, using a robust efficiency measurement framework 

that could take into account differences in credit quality and also offer a more realistic 

characterization of stylized banking operations. The selected banks of emerging 

countries were taken from six regions. The study modeled the sequential nature of 

banking operations as consisting of two stages i.e. the deposit mobilization stage, and 

the loan financing stage. Technical efficiency was measured at each stage separately. 

This process helped in understanding the potential areas of improvement in banking 

operations. 

In the previous studies that employed traditional efficiency measurement techniques, 

the differences in credit quality among the banks' loan portfolios was ignored. These 

studies tended to underestimate the technical efficiency of the banks that expended 

resources for screening and monitoring of loan projects, as compared to the banks 

whose management generated huge loans through aggressive risk-taking behavior. 

Moreover, the previous bank efficiency studies employed either the production or the 

intermediation approaches, assuming that the banking operations consisted of a single 

stage. This is not a realistic assumption as the actual banking operations are more 

complex and can be best modeled in a multi-stage setting where the choice of 

approach could depend on the nature of operations at any given stage. The study made 

it easy to understand the effect of NPLs on efficiency of banks. It conducted a 

comparative analysis of distributions of efficiency score with and without 

incorporating NPLs in specification of technologies assumed to be used by banks. 

Furthermore, all previous studies have examined the determinants of bank efficiency 

by employing follow-on OLS or Tobit regression models. This approach suffers from 

reliance on arbitrary parametric assumptions. The present study employed a non-

parametric regression analysis approach, which is free from model specification error. 

Moreover, it provides a flexible method of interpreting a general relationship between 

the two variables. This study used a combination of bank characteristics and 

macroeconomic indicators as explanatory variables to model the determinant of bank 

efficiency. Lastly, the study attempted to measure the impact of GFC 2007-08 on the 

efficiency levels of banking sector in the emerging economies. The study employed 
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one dummy variable for GFC and six regional dummy variables examined the 

efficiency of banks in each region. 

6.1 Technical Efficiency Scores incorporating NPLs 

The overall average efficiency score without incorporating NPLs was 0.69 points. 

After allowing for NPLs the overall average efficiency scores increased to 0.80 

points. The difference was statistically significant. 

The analysis of regional efficiency patterns provided interesting insights. As the NPLs 

were incorporated in the model, increased in the efficiency scores were observed for 

all the regions. However, the banks in the Latin American region registered similar 

efficiency levels with and without incorporating bad loans because the banks were 

facing lowest NPLs across all regions. This suggested that inclusion of undesirable 

output in DEA formulation was important for measuring bank efficiency and to 

acknowledge the efforts of banks that maintain lower portions of NPLs by expending 

resources for screening and monitoring loans. Moreover, the test for equality of 

distributions also found significant difference at 1% level in efficiency with and 

without inclusion of NPLs in modeling. However, the study also made comparison of 

top 10% most efficient banks in loan financing stage (II) after incorporating credit 

quality for traditional and directional (with bad output) efficiency scores. The study 

concluded that most efficient banks in directional distance functions approach were 

fount 84% inefficient in traditional efficiency measurement through DEA. 

The study tested the differences in efficiency with and without incorporating 

undesirable outputs in modeling banks efficiency (  ). The study rejected the    

hypothesis and concluded that efficiency scores increased after allowing for 

undesirable output i.e. NPLs in modeling to recognize the efforts for maintaining 

credit quality. 

As against the full-sample (1999 to 2013) risk-adjusted efficiency of banks of 80%, 

the efficiency for the sub-period 1999-2007 was 0.85 and that for the sub-period 

2008-2013 was 0.74. This indicated that the financial crisis of 2007-08 had significant 

negative impact on bank efficiency. This decline was resulted from a deterioration in 

economic conditions that resulted in accumulation of NPLs. Several banks reported 
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huge NPLs after 2007, especially in countries like Greece, Hungary, Egypt, UAE, 

India and Pakistan. A non-parametric test for equality of distributions found 

significant difference at 1% level in pre-crisis efficiency scores and post-crisis 

efficiency scores. This reconfirmed that GFC hit banking efficiency in emerging 

economies. 

Moreover, the study found that Latin American banks were the leaders in emerging 

economies and registered overall average efficiency of 93%. They were followed by 

East Asian and South East Asian banks that registered good average efficiency scores, 

respectively. Banking sector in South East Asian economies had 17% measured 

inefficiency, which was majorly contributed by huge NPLs on the books of Malaysian 

and Thai banks after the Crisis of 1997. 

Another contribution of this study was the integration of the production and the 

intermediation approaches for measurement of bank efficiency. At the deposit 

mobilization stage, the production approach was employed. At the loan financings 

stage, the intermediation approach was used that postulated deposits and other inputs 

being used to produce several outputs such as loans, other earning assets, and 

undesirable output i.e. the NPLs. The study found that the average efficiency of 

deposit mobilization stage was 93%, which indicated that the banking sectors of 

emerging economies were efficient at this stage. Some countries that had inefficient 

deposit mobilization (such as Egypt, Greece, Hungary, Czech Republic and Turkey). 

This inefficiency was majorly caused by increased administrative costs, and internal 

economic conditions of these economies. 

At loan financings stage, the efficiency score was 0.85 which suggested that banks 

might be increased 15% potential efficiency through reducing the input costs, poor 

quality loans and increasing the higher quality loans. Moreover, banking sector of 

countries like Malaysia, Pakistan, Egypt and UAE performed relatively poor, at below 

65% efficiency, in this second stage. There was evidence that the banking sector of 

both Latin American and East Asian economies performed well. The major 

contributing factor of their higher banking efficiency was the banks in both of these 

countries had a much smaller proportion of NPLs at about 4 percent, against 7.5 

percent average NPLs of emerging economies. 
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One of the hypotheses to be tested was lower efficiency at loan financings stage as 

compare to deposit mobilization stage (  ).  The study rejected the   hypothesis and 

concluded that efficiency was lower at loan financings stage as compare to deposit 

mobilization stage, and banks were found to be more efficient at the deposit 

mobilization stage. 

6.2 Determinants of Technical Efficiency of Banks 

To understand the determinants of bank efficiency, followed on analysis was 

performed. Specifically, non-parametric regression analysis was done that explained 

the efficiency scores with the help of several financial ratios and macroeconomic 

indicators. The dummy variables were employed to capture the impact of GFC 2007-

2008, Country specific crisis, ownership status and regional banks. Because the 

follow-on analysis employed non-parametric regression, the effects of individual 

explanatory variables were tested against the null of no effects over the entire domain 

of the regression function. The p-values corresponding to the derived test statistics 

also referred to response over all of the domain. Also note that the non-parametric 

regression allowed the effects of the individual independent variables to vary over 

their domain. 

The results suggested that there was a decline in overall efficiency as the size of the 

bank increased. The efficiency declined more rapidly at higher bank sizes, and the 

imprecision of the size effect also increased, as indicated by the wider error bounds in 

the left tail. It indicated that small banks were performing better in emerging 

economies during the period of study. Meanwhile, it was also noted that the Chinese 

and the Latin American big banks performed relatively better than other big banks in 

the emerging economies. 

Another important result was that, a significant increase in the capital adequacy ratio 

raised technical efficiency. However, the precision of this effect decreased, especially 

for capital adequacy ratios higher than 0.3. Higher capital adequacy was considered as 

an indicator banks' ability to absorb shocks. Thus, the banks that were better prepared 

to absorb adverse shocks tended to be also more efficient. Furthermore, ownership 

status of banks indicates that private banks performed significantly better as compare 

to public banks with p-value less than 0.001.Based on the above discussed 
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determinants of banks efficiency, the study rejected the     hypothesis and concluded 

that own of characteristics banks impacted the efficiency level of banks. 

The relationship between the overall efficiency and macroeconomic environment in 

which the banks operated was also investigated. The relationship of GDP growth rates 

and overall efficiency of the banks was highly non-linear. The banks operating in 

stagnant or contracting economies had lower and highly volatile efficiency scores. For 

the economies registering up to 5 percent GDP growth rate, the efficiency scores 

followed an increasing trend. As the growth rates exceeded 5 percent, however, the 

efficiency of the bank became considerably more volatile and showed a somewhat 

declining trend. 

The relationship between the overall efficiency of the banks and the rate of inflation 

was found to be highly non-linear. The higher bank efficiency was observed in those 

economies that had low to moderate rates of inflation. On the basis of the results 

presented above, the study rejected the     hypothesis and concluded that Country's 

macroeconomic environment effected bank efficiency significantly. 

To capture the impact of the GFC on emerging economy banks, a dummy variable for 

the year 2007-08 was included in the model. The study found that financial crisis 

caused efficiency scores to decline in emerging economies. The regional banks in 

Latin America, Southeast Asia and East Asia performed significantly better at 1% 

significance level. The banks in these regions had a lower proportion of NPLs in their 

portfolios. In contrast, banks in the regions of Emerging Europe and South Asia 

performed significantly poor at 1%. The banks in these regions had a high proportion 

of NPLs. This suggested that the negative effect of the financial crisis on efficiency of 

banks was associated with the accumulation of NPLs. 

The study rejected the    hypothesis and concluded that the global financing crisis 

2007-08 negatively affected the overall average efficiency of banks in the emerging 

economies.  
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6.3 Main Contributions in Literature of Technical Efficiency of 

Banks 

In summary, this study made four contributions to the literature on bank efficiency 

measurement. First, it incorporated credit quality into measurement of bank efficiency 

for banks in emerging economies. Credit quality should be included in modeling 

efficiency scores otherwise the estimated efficiency scores would not be robust. The 

DDF approach provided a way of accounting for differences in credit risk exposure 

among the banks by considering bad loans as "undesirable output" in the context of a 

multi-output, multi-input technology. This study filled an important knowledge gap, 

by implementing robust approach for bank efficiency measurement.  

Second, the study integrated production and intermediation approaches for modeling 

bank efficiency using network DEA. This method more realistically represent the 

actual operations of the banks which are sequential in nature. The first stage 

corresponded to deposit mobilization followed by the second stage dealing with loan 

financing and investment. In this way, the dilemma of treating deposits as inputs or 

outputs, typically representing production or intermediation approaches was also 

resolved. Deposits were treated as output in the deposit mobilization stage, and an 

input in the loan financing stage. The study computed efficiency of both stages 

separately and also computed overall technical efficiency scores for both stages 

combined, which resulted in more robust efficiency measurement. 

Third, this study employed nonparametric regression which allowed estimation local 

response of efficiency scores to bank characteristics and macroeconomic variables. 

The effects of individual independent variables were tested against the null of no 

effect over the entire domain of the regression function. The results suggested that 

well capitalized and smaller banks were more efficient. Private banks were more 

efficient as compare to public banks. The macroeconomic conditions favorable for 

bank efficiency were a growing economy, and low to moderate inflation rates. 

Fourth, the study investigated the impact of GFC on banks' efficiency in the emerging 

economies. The results suggested that the financial crisis of 2007-08 negatively 

impacted the efficiency of banks. The analysis of regional patterns of efficiency levels 
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indicated that the most vulnerable banks were located in regions of Africa and Middle 

East, South Asia, and Emerging Europe where the proportion of NPLs was high. 

6.4 Policy Implications 

The empirical findings of this study not only filled an important literature gap, but 

also highlighted some general application to financial sectors of the economy. More 

importantly, the empirical findings of the study had fundamental implications for 

policy makers, bank managers and researchers, as discussed below: 

The findings of the study pointed out that banks need to be sufficiently capitalized. 

This may require regulations setting the capital adequacy requirements that the bank 

could achieve by attracting capital from the shareholders and investors, or acquired 

through mergers and acquisitions. Our results also support regulatory authority 

forcing the less capitalized banks to merge, especially for small banks where 

efficiency gains due to better capital adequacy would not be outweighed by adverse 

impact on efficiency of larger size. 

A high proportion of NPLs increase the risk of bank failures, macroeconomic crisis, 

and contagion, depending, respectively, on whether the accumulation of NPLs took 

place at a single bank, within the banking system, or in countries across the region. 

The central banks need to play their role in discouraging the accumulation of non-

performing loans. 

Bank Managers may benchmark their performance with other banks. Banks need to 

perform efficiently in a competitive environment through lowering their burden of 

NPLs. 

Finally, good macroeconomic management provides the environment in which bank 

can perform efficiently. Our results indicated that two dimensions of this environment 

were economic growth and low inflation. 

6.5 Future Research 

The future research should extend the analysis by taking into account the impact of 

regulatory environment on bank efficiency. This would be a challenging research 
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project because long enough time series of data depicting the different regulatory 

regimes in a large number of countries are not readily available. However, smaller 

data sets containing information on features of regulatory environment may be 

available for a few countries. Apart from the need for developing the necessary 

information base, this represents an important issue that needs to be addressed by 

future research. 
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Annex: A 

Annex A1-A5 shows the graphical representation of non-parametric regression results 

for Model-II and Model-III. Model-II included the bank characteristics i.e. Size, 

Capital Adequacy, Liquidity and Public Ownership, and macroeconomic indicators 

i.e. Inflation rate and GDP growth rate. Moreover, the model incorporated the 

financial crisis 2007-08 dummy and country specific crisis dummies for analysis. 

Model-III included the bank characteristics, macroeconomic indicators, financial 

crisis 2007-08 dummy and regional dummies for analysis.  

Figure A1: The relationship between technical efficiency, bank characteristics 

and macroeconomic indicators (Model-II) 
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Figure A2: The relationship between technical efficiency, financial crisis 2007-08 

and country crisis dummies (Model-II) 
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Figure A3: The relationship between technical efficiency and country crisis 

dummies (Model-II) 
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Figure A4: The relationship between technical efficiency, bank characteristics 

and macroeconomic indicators (Model-III) 
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Figure A5: The relationship between technical efficiency, financial crisis 2007-08 

and regional dummies (Model-III) 

 

The regression results of model-IV were found consistent with the results of above 

three models represented for the bank characteristic and macroeconomic environment. 

Additionally, this model incorporated legal environment such as creditor rights and 

found significant relationship with risk-adjusted technical efficiency of banks.  
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Table A: Non-Parametric Regression Results 

 
Model-IV 

Variable Band Width P-value 

Size 1.9776 <0.0001 

Capital Adequacy 0.1015 <0.0001 

Liquidity Ratio 31.5670 0.1529 

GDP Growth rate 0.08656 <0.0001 

Inflation Rate 0.04355 <0.0001 

Public Banks Dummy 0.4999 0.03258 

Financial Crisis 2007-08 0.4999 0.4912 

Creditor Rights  0.2715  <0.0001 

 
R-square = 0.5043 

 

The study used the Index of country level creditor rights established in the early 

studies on law and finance (Porta, Lopez-de-Silanes, Shleifer, & Vishny, 1998). The 

Index was measured through four components (i) Restrictions imposed on minimum 

dividend or creditor's consent, (ii) There is no automatic freeze of asset imposed, (iii) 

Proceeds first distributed to the secured creditor and (Menon) No management stay. 

The Index was obtained by adding 1 value against each of these powers provided for 

the safety of lenders. The Index ranges from four to zero and higher value indicated 

strong creditor rights and well protected in case of borrower defaults. 

The Figure A6 shows that banks efficiency scores were poor in countries with 

stronger creditor rights like Malaysia, South Korea, South Africa and Czech Republic. 

However, the countries like Mexico, Peru and Colombia registered higher efficiency 

scores with poor creditor rights. The stronger creditor rights led the banks to take 

excessive risk in financings which lower the credit quality. The results were 

consistent with the findings of Houston, Lin, Lin, and Ma (2010) who pointed out that 

stronger creditor rights led to decrease the ROA and increase the bank capital. 

Moreover, the study also discussed that stronger creditor rights induced the banks to 

provide loans to a broader set of riskier borrowers which ultimately increase the 

chances of financial crisis. 
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Figure A6: The relationship between technical efficiency, legal environment, 

bank characteristics and macroeconomic indicators (Model-IV) 

 

Annex A1to A6 shows the yearly average efficiency score at deposit mobilization 

stage, loan financings stage and overall efficiency for banks in each Region like South 

East Asia, South Asia, Latin America, Emerging Europe, East Asia, and Africa and 

Middle East.   
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Annex: A1 Year Wise Efficiency of Banks in South East Asia 

Country 

Name 
Year 

N 

Obs. 

Average                     

Efficiency of 

Deposit 

Mobilization 

Stage 

Average                  

Efficiency of 

Loan 

Financings 

Stage 

Overall                    

Average 

Efficiency 

Indonesia 

1999 32 0.998 0.9041 0.9024 

2000 42 0.9978 0.8262 0.8245 

2001 44 0.9978 0.8662 0.8643 

2002 39 0.9979 0.8989 0.8971 

2003 38 0.9981 0.8932 0.8916 

2004 40 0.9981 0.8654 0.8639 

2005 48 0.9982 0.8692 0.8676 

2006 47 0.9982 0.8678 0.8663 

2007 47 0.9981 0.8427 0.8412 

2008 48 0.9982 0.8565 0.855 

2009 13 0.9983 0.9111 0.9095 

2010 23 0.9983 0.8608 0.8593 

2011 37 0.9981 0.837 0.8355 

2012 41 0.9981 0.7745 0.7731 

2013 23 0.9981 0.8428 0.8412 

Malaysia 

1999 5 0.9965 0.8661 0.8631 

2000 6 0.9952 0.7723 0.7689 

2001 5 0.996 0.8999 0.8963 

2002 4 0.9955 0.8557 0.8518 

2003 4 0.9878 0.7221 0.7166 

2004 3 0.9815 0.6829 0.677 

2005 3 0.995 0.8251 0.821 

2006 3 0.9949 0.8208 0.8164 

2007 3 0.9947 0.7145 0.711 

2008 5 0.9961 0.6566 0.6543 

2009 6 0.9963 0.6246 0.6226 

2010 31 0.9937 0.6088 0.6057 

2011 33 0.9944 0.5492 0.5469 

2012 27 0.9952 0.5597 0.5575 

 

Philippines 

 

 

 

 

 

 

1999 1 0.9995 0.9851 0.9847 

2000 1 0.9994 0.9175 0.917 

2001 3 0.9984 0.9 0.8986 

2002 3 0.9976 0.8717 0.8697 

2003 15 0.9987 0.9045 0.9032 

2004 19 0.9987 0.9313 0.9302 

2005 21 0.9988 0.9283 0.9271 
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Philippines 

Year 
N 

Obs. 

Average                     

Efficiency of 

Deposit 

Mobilization 

Stage 

Average                  

Efficiency of 

Loan 

Financings 

Stage 

Overall                    

Average 

Efficiency 

2006 17 0.9987 0.9282 0.9269 

2007 18 0.9984 0.9682 0.9667 

2008 20 0.9984 0.968 0.9665 

2009 21 0.9985 0.9714 0.9699 

2010 21 0.9984 0.9424 0.9409 

2011 21 0.9985 0.9288 0.9274 

2012 10 0.9982 0.9057 0.904 

Thailand 

1999 1 0.9961 0.9815 0.9777 

2000 2 0.9967 0.5424 0.5403 

2001 2 0.9968 0.5631 0.5611 

2002 1 0.9966 0.9806 0.9772 

2003 2 0.9977 0.9902 0.988 

2004 3 0.9977 0.9595 0.9573 

2005 4 0.9973 0.7071 0.7051 

2006 6 0.9975 0.6434 0.6418 

2007 5 0.9975 0.7673 0.7654 

2008 4 0.9974 0.7702 0.7682 

2009 5 0.9976 0.6322 0.6306 

2010 5 0.9977 0.7401 0.7383 

2011 4 0.9978 0.6817 0.6802 

2012 5 0.9975 0.5031 0.5018 

2013 5 0.9976 0.4513 0.4502 

Indonesia 562 0.9981 0.8583 0.8566 

Malaysia 138 0.9943 0.6380 0.6351 

Philippines 191 0.9985 0.9387 0.9373 

Thailand 54 0.9975 0.6852 0.6834 

Average  0.9976 0.8325 0.8307 
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Annex: A2 Year Wise Efficiency of Banks in South Asia 

Country 

Name 
Year 

N 

Obs. 

Average                     

Efficiency of 

Deposit 

Mobilization 

Stage 

Average                  

Efficiency of 

Loan 

Financings 

Stage 

Overall                    

Average 

Efficiency 

India 

1999 36 0.9855 0.93 0.917 

2000 39 0.9854 0.9107 0.8977 

2001 39 0.9646 0.8764 0.8496 

2002 41 0.9303 0.8228 0.7752 

2003 43 0.9279 0.8016 0.7545 

2004 45 0.9519 0.7964 0.7693 

2005 39 0.9611 0.8083 0.7841 

2006 39 0.9464 0.7553 0.7234 

2007 45 0.9288 0.6594 0.6272 

2008 44 0.8909 0.5706 0.5358 

2009 45 0.9076 0.5907 0.5554 

2010 45 0.898 0.5736 0.5404 

2011 45 0.8977 0.549 0.5194 

2012 42 0.9017 0.5689 0.5389 

Pakistan 

2003 14 0.8084 0.4597 0.4146 

2004 18 0.9079 0.5765 0.5578 

2005 16 0.8258 0.4452 0.402 

2006 21 0.9525 0.5766 0.5551 

2007 17 0.8744 0.4765 0.4463 

2008 22 0.9591 0.8271 0.8037 

2009 22 0.8869 0.693 0.6083 

2010 20 0.921 0.6835 0.668 

2011 24 0.986 0.8031 0.7996 

2012 22 0.9343 0.7536 0.7167 

2013 23 0.8599 0.6525 0.5886 

India 
587 0.9324 0.7223 0.6915 

Pakistan 219 0.9076 0.6489 0.6139 

Average  0.9257 0.7023 0.6704 
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Annex: A3 Year Wise Efficiency of Banks in Latin America 

Country 

Name 
Year 

N 

Obs. 

Average                     

Efficiency of 

Deposit 

Mobilization 

Stage 

Average                  

Efficiency of 

Loan 

Financings 

Stage 

Overall                    

Average 

Efficiency 

Argentina 

1999 27 0.9039 0.9853 0.8901 

2000 39 0.9276 0.9781 0.9082 

2001 44 0.994 0.9873 0.9813 

2002 42 0.991 0.9833 0.9746 

2003 44 0.9898 0.9481 0.9384 

2004 42 0.9811 0.9812 0.9626 

2005 40 0.9439 0.9789 0.9316 

2006 40 0.9514 0.9758 0.9302 

2007 33 0.9686 0.9933 0.9623 

2008 14 0.99 0.9955 0.9855 

2009 45 0.9814 0.9886 0.9702 

2010 35 0.9617 0.9919 0.954 

2011 38 0.9462 0.991 0.9386 

2012 23 0.9127 0.9908 0.9057 

Brazil 

1999 41 0.9824 0.9505 0.9333 

2000 52 0.9805 0.94 0.9209 

2001 55 0.9877 0.9648 0.9527 

2002 55 0.9653 0.9365 0.9032 

2003 52 0.9725 0.9547 0.9278 

2004 50 0.9699 0.972 0.9423 

2005 50 0.9826 0.984 0.9669 

2006 56 0.975 0.9844 0.9595 

2007 45 0.9812 0.9721 0.9535 

2009 68 0.958 0.9743 0.9351 

2010 40 0.9393 0.9693 0.9092 

2011 43 0.913 0.9768 0.8909 

2012 37 0.8902 0.9831 0.8745 

 

 

 

Chile  

 

 

 

 

 

 

1999 5 0.9639 0.9947 0.9588 

2000 6 0.9571 0.9946 0.9521 

2001 4 0.9569 0.9939 0.9511 

2002 3 0.9744 0.9923 0.9669 

2003 1 0.9782 0.992 0.9704 

2004 1 0.9798 0.9848 0.9649 

2005 1 0.9754 0.9697 0.9459 

2006 1 0.9741 0.9666 0.9415 
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Chile 

Year 
N 

Obs. 

Average                     

Efficiency of 

Deposit 

Mobilization 

Stage 

Average                  

Efficiency of 

Loan 

Financings 

Stage 

Overall                    

Average 

Efficiency 

2007 20 0.9297 0.986 0.9195 

2008 18 0.9201 0.9358 0.8853 

2009 19 0.9056 0.9873 0.898 

2010 19 0.895 0.9305 0.8602 

2011 19 0.8799 0.934 0.8374 

2012 17 0.8978 0.9343 0.8503 

Colombia 

1999 5 0.9924 0.9967 0.9891 

2000 6 0.9889 0.9964 0.9854 

2001 6 0.9969 0.9965 0.9934 

2002 6 0.9963 0.9972 0.9935 

2003 6 0.9871 0.996 0.9831 

2004 8 0.9894 0.9974 0.9869 

2005 7 0.9645 0.9964 0.9611 

2006 11 0.968 0.996 0.9641 

2007 12 0.9669 0.9945 0.9615 

2009 14 0.9639 0.9925 0.9566 

2010 4 0.5839 0.9861 0.5757 

2011 4 0.827 0.9965 0.8242 

2012 4 0.8804 0.9971 0.8778 

Mexico 

1999 17 0.9716 0.9962 0.9679 

2000 19 0.9021 0.9319 0.8725 

2001 18 0.9753 0.9732 0.9491 

2002 18 0.9765 0.9837 0.9603 

2003 19 0.9507 0.9906 0.9417 

2004 18 0.9399 0.9931 0.9335 

2005 22 0.9103 0.9533 0.8699 

2006 30 0.8984 0.9774 0.8774 

2007 29 0.906 0.9733 0.8804 

2008 1 0.9993 0.9621 0.9614 

2009 33 0.9018 0.9589 0.864 

2010 1 0.981 0.8632 0.8468 

 

 

 

Peru 

 

 

 

1999 8 0.9691 0.9971 0.9663 

2000 7 0.9779 0.9968 0.9748 

2001 8 0.98 0.9965 0.9766 

2002 8 0.9795 0.9963 0.9758 

2003 9 0.974 0.9943 0.9684 

2004 10 0.955 0.9963 0.9514 
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Peru 

 

 

 

 

 

 

 

 

Year 
N 

Obs. 

Average                     

Efficiency of 

Deposit 

Mobilization 

Stage 

Average                  

Efficiency of 

Loan 

Financings 

Stage 

Overall                    

Average 

Efficiency 

2005 12 0.9686 0.9946 0.9634 

2006 11 0.9693 0.9953 0.9648 

2007 13 0.9514 0.9969 0.9485 

2008 14 0.9084 0.997 0.9057 

2009 8 0.6906 0.9891 0.6837 

2010 8 0.7057 0.9883 0.6979 

2011 8 0.6371 0.9893 0.63 

Argentina 506 0.9626 0.9822 0.9464 

Brazil 644 0.9636 0.9661 0.9304 

Chile 134 0.9147 0.9585 0.8890 

Colombia 93 0.9501 0.9952 0.9457 

Mexico 225 0.9278 0.9713 0.9040 

Peru 124 0.9051 0.9947 0.9006 

Average  0.9499 0.9745 0.9271 

 

Annex: A4 Year Wise Efficiency of Banks in Emerging Europe 

Country 

Name 
Year 

N 

Obs. 

Average                     

Efficiency of 

Deposit 

Mobilization 

Stage 

Average                  

Efficiency of 

Loan 

Financings 

Stage 

Overall                    

Average 

Efficiency 

 

 

 

Czech 

Republic 

 

 

 

 

1999 7 0.8677 0.902 0.7857 

2000 6 0.88 0.9463 0.8356 

2001 7 0.8161 0.789 0.6708 

2002 6 0.7983 0.8977 0.7188 

2003 6 0.7317 0.7095 0.565 

2004 12 0.7506 0.645 0.5067 

2005 11 0.7547 0.724 0.5578 

2006 10 0.75 0.6189 0.4773 

2007 11 0.6523 0.6413 0.4663 

2008 10 0.6435 0.7452 0.5121 

2009 11 0.5601 0.6584 0.4313 

2010 11 0.6835 0.7155 0.4929 

2011 14 0.5979 0.7008 0.4914 

2012 14 0.5829 0.7032 0.4787 

2013 12 0.6123 0.797 0.5101 

Greece 

 

2004 5 0.7741 0.917 0.7113 

2005 5 0.7771 0.9254 0.7188 
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Greece 

Year 
N 

Obs. 

Average                     

Efficiency of 

Deposit 

Mobilization 

Stage 

Average                  

Efficiency of 

Loan 

Financings 

Stage 

Overall                    

Average 

Efficiency 

2006 9 0.7491 0.9167 0.6872 

2007 11 0.7383 0.8761 0.6505 

2008 13 0.7407 0.8572 0.6406 

2009 14 0.7345 0.8311 0.6138 

2010 12 0.7627 0.9249 0.7084 

2011 10 0.7756 0.9556 0.7426 

2012 12 0.7689 0.9772 0.7521 

2013 8 0.7225 0.9532 0.6898 

Hungary 

1999 4 0.8195 0.8954 0.7382 

2000 6 0.8412 0.8813 0.746 

2001 5 0.7981 0.8862 0.7101 

2002 4 0.8097 0.9251 0.7497 

2003 5 0.8126 0.8973 0.731 

2004 5 0.8211 0.9378 0.7701 

2005 6 0.8046 0.9364 0.7535 

2006 7 0.7679 0.8959 0.6909 

2007 5 0.7655 0.9298 0.713 

2008 7 0.7855 0.9004 0.709 

2009 7 0.7714 0.9366 0.7239 

2010 7 0.7771 0.963 0.7485 

2011 9 0.7999 0.9679 0.7749 

2012 9 0.8005 0.9581 0.7675 

2013 8 0.8245 0.9578 0.7891 

 

 

 

 

Poland 

 

 

 

 

1999 3 0.8741 0.9756 0.8525 

2001 1 0.8269 0.9414 0.7785 

2002 2 0.8746 0.6572 0.5508 

2003 8 0.8647 0.7743 0.6661 

2004 10 0.851 0.9485 0.8069 

2005 13 0.8447 0.8092 0.679 

2006 15 0.8405 0.8425 0.7003 

2007 17 0.8328 0.8223 0.6769 

2008 22 0.8429 0.8545 0.7119 

2009 23 0.8514 0.8581 0.7227 

2010 23 0.8312 0.8984 0.7429 

2011 22 0.8186 0.8945 0.7284 

2012 14 0.7717 0.9115 0.7051 

Turkey 1999 11 0.9196 0.7475 0.6873 
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Turkey 

 

Year 
N 

Obs. 

Average                     

Efficiency of 

Deposit 

Mobilization 

Stage 

Average                  

Efficiency of 

Loan 

Financings 

Stage 

Overall                    

Average 

Efficiency 

2000 8 0.9052 0.9302 0.8418 

2001 8 0.9043 0.8954 0.8083 

2002 11 0.9195 0.6771 0.6128 

2003 14 0.92 0.7758 0.7105 

2004 15 0.8631 0.7969 0.6864 

2005 21 0.8645 0.7881 0.6773 

2006 24 0.8436 0.8122 0.691 

2007 27 0.8603 0.8608 0.7445 

2008 28 0.8617 0.87 0.7512 

2009 28 0.8516 0.8621 0.7368 

2010 26 0.8478 0.8463 0.7137 

2011 28 0.8324 0.8459 0.6988 

2012 28 0.8295 0.8367 0.6904 

Czech Republic 148 0.6907 0.7290 0.5407 

Greece 99 0.7520 0.9079 0.6857 

Hungary 94 0.7988 0.9289 0.7433 

Poland 173 0.8348 0.8649 0.7164 

Turkey 277 0.8618 0.8303 0.7140 

Average  0.8027 0.8404 0.6820 

 

Annex: A5 Year Wise Efficiency of Banks in East Asia 

Country 

Name 
Year 

N 

Obs. 

Average                     

Efficiency of 

Deposit 

Mobilization 

Stage 

Average                  

Efficiency 

of Loan 

Financings 

Stage 

Overall                    

Average 

Efficiency 

 

 

 

 

China 

 

 

 

 

 

 

 

 

 

1999 1 0.9994 0.999 0.9984 

2000 2 0.9993 0.9966 0.9959 

2001 8 0.9994 0.9875 0.9868 

2002 13 0.9291 0.908 0.9073 

2003 24 0.9607 0.939 0.9353 

2004 35 0.9687 0.9708 0.9524 

2005 61 0.9766 0.945 0.932 

2006 79 0.9872 0.9278 0.9173 

2007 76 0.9842 0.8951 0.8877 

2008 80 0.9685 0.8839 0.8565 

2009 92 0.9757 0.828 0.8118 

2010 102 0.9821 0.8027 0.7899 
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China 

 

Year 
N 

Obs. 

Average                     

Efficiency 

Deposit 

mobilization 

stage 

Average                  

Efficiency 

Loan 

financings 

stage 

Overall                    

Average 

Efficiency 

2011 99 0.9789 0.7259 0.713 

2012 72 0.9759 0.7639 0.7479 

South Korea 

2008 1 0.9959 0.8117 0.8084 

2009 9 0.9985 0.8932 0.8919 

2010 12 0.9985 0.9175 0.9161 

2011 14 0.9977 0.9198 0.9177 

2012 14 0.995 0.9143 0.9096 

2013 11 0.9978 0.8973 0.8955 

Taiwan 

1999 10 0.9991 0.9942 0.9934 

2000 10 0.9991 0.9949 0.9941 

2001 10 0.9973 0.9951 0.9924 

2002 10 0.9935 0.9926 0.9862 

2003 8 0.9981 0.9906 0.9887 

2004 8 0.9981 0.9889 0.987 

2005 6 0.9941 0.9862 0.9804 

2006 3 0.9996 0.9965 0.9961 

2011 30 0.9564 0.8992 0.8594 

2012 34 0.9463 0.9074 0.8573 

2013 35 0.9651 0.892 0.8609 

China 744 0.9771 0.8519 0.8380 

South Korea 61 0.9973 0.9083 0.9059 

Taiwan 164 0.9724 0.9363 0.9110 

Average  0.9776 0.8697 0.8546 

 

Annex: A6 Year Wise Efficiency of Banks in Africa and Middle East 

Country 

Name 
Year 

N 

Obs. 

Average                     

Efficiency 

Deposit 

mobilization 

stage 

Average                  

Efficiency 

Loan 

financings 

stage 

Overall                    

Average 

Efficiency 

 

 

 

Egypt 

 

 

 

 

1999 1 0.9828 0.673 0.6614 

2000 1 0.6694 0.0954 0.0639 

2001 1 0.3593 0.0592 0.0213 

2002 1 0.3345 0.0121 0.0041 

2004 1 0.4278 0.5735 0.2453 

2005 1 0.2193 0.252 0.0553 

2006 2 0.266 0.1773 0.0445 
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Egypt 

 

 

 

 

 

 

Year 
N 

Obs. 

Average                     

Efficiency 

Deposit 

mobilization 

stage 

Average                  

Efficiency 

Loan 

financings 

stage 

Overall                    

Average 

Efficiency 

2007 2 0.497 0.3238 0.2263 

2008 1 0.7142 0.6798 0.4856 

2009 12 0.6814 0.6592 0.5128 

2010 15 0.6438 0.5498 0.4082 

2011 18 0.5267 0.5062 0.3129 

2012 19 0.5962 0.513 0.3462 

2013 16 0.6463 0.586 0.4274 

 

 

 

 

 

 

Morocco 

 

 

 

 

 

 

 

1999 4 0.9773 0.767 0.7574 

2000 3 0.9908 0.9444 0.9357 

2001 1 0.9887 0.9435 0.9328 

2002 1 0.9894 0.9623 0.9521 

2003 1 0.9496 0.957 0.9088 

2004 6 0.8843 0.8265 0.7349 

2005 7 0.8619 0.8051 0.6968 

2006 7 0.9088 0.7692 0.7052 

2007 7 0.9048 0.7637 0.6971 

2008 7 0.8711 0.6922 0.6031 

2009 6 0.8752 0.8011 0.7024 

2010 7 0.9239 0.7533 0.6923 

 

 

 

 

South Africa 

 

 

 

 

 

 

 

1999 2 0.9516 0.7179 0.6913 

2000 2 0.9887 0.9446 0.9344 

2001 1 0.9984 0.9972 0.9956 

2003 4 0.8741 0.5758 0.5501 

2004 7 0.7635 0.4832 0.4643 

2005 3 0.9529 0.9576 0.9116 

2006 7 0.9278 0.6764 0.6414 

2007 8 0.8985 0.7163 0.6842 

2008 9 0.8054 0.6178 0.5836 

2009 12 0.9142 0.7816 0.7274 

2010 13 0.8031 0.6918 0.6131 

2011 12 0.8074 0.6914 0.6189 

2012 11 0.8139 0.7141 0.6351 

 

United Arab 

Emirates 

 

 

1999 11 0.9003 0.7526 0.6968 

2000 12 0.8517 0.6846 0.6113 

2001 10 0.9149 0.729 0.6686 

2002 10 0.8619 0.7477 0.6537 

2003 11 0.8176 0.6301 0.5354 
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United Arab 

Emirates 

Year 
N 

Obs. 

Average                     

Efficiency 

Deposit 

mobilization 

stage 

Average                  

Efficiency 

Loan 

financings 

stage 

Overall                    

Average 

Efficiency 

2004 13 0.7657 0.526 0.4376 

2005 12 0.7336 0.3371 0.2748 

2006 13 0.8057 0.3239 0.2791 

2007 12 0.8066 0.3754 0.3118 

2008 15 0.9629 0.4801 0.4642 

2009 17 0.926 0.5982 0.5602 

2010 19 0.9072 0.6868 0.6353 

2011 21 0.9295 0.7094 0.6716 

2012 22 0.8895 0.6854 0.6294 

2013 17 0.8815 0.6877 0.6156 

Egypt 91 0.5958 0.5246 0.3671 

Morocco 57 0.9063 0.7897 0.7196 

South Africa 91 0.8523 0.6970 0.6457 

UAE 215 0.8711 0.6041 0.5462 

Average  0.8166 0.6301 0.5520 

 

Annex B shows average efficiency of banks operated in more than one country. The 

study identified 26 banks and their efficiency scores were similar to all other banks 

included in the sample. 

Annex: B Average Efficiency of Banks Operated in Multiple Jurisdictions 

Bank Name 
Country 

Name 

N 

Obs. 

Average                     

Efficiency 

Deposit 

mobilization 

stage 

Average                  

Efficiency 

Loan 

financings 

stage 

Overall 

Efficiency 

ABN Amro 

Bank 

Argentina 10 0.9140 0.9910 0.9090 

Hungary 1 0.9200 0.8900 0.8200 

Indonesia 2 1.0000 0.9700 0.9600 

American 

Express 

Bank Ltd. 

Chile 2 0.9800 0.9950 0.9800 

Mexico 4 0.6025 0.9850 0.5950 

Banco 

Santander 

Brazil 2 0.7350 0.9900 0.7250 

Chile 7 0.9443 0.9971 0.9400 

Mexico 10 0.9470 0.9990 0.9440 

Peru 2 0.6800 1.0000 0.6800 

Banco de la 

Nacion 

Argenti 

Argentina 5 0.9960 1.0000 0.9920 

Brazil 2 1.0000 0.9900 0.9900 

Chile 3 1.0000 0.8633 0.8633 
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Bank Name 
Country 

Name 

N 

Obs. 

Average                     

Efficiency 

Deposit 

mobilization 

stage 

Average                  

Efficiency 

Loan 

financings 

stage 

Overall 

Efficiency 

Banco de la 

Provincia de 

B 

Argentina 13 0.9692 0.9946 0.9631 

Brazil 1 1.0000 0.9700 0.9700 

Banco do 

Brasil SA 

Argentina 6 0.9983 0.9917 0.9900 

Chile 1 0.9400 0.9900 0.9300 

Bank of 

America 

Argentina 4 0.9675 0.8750 0.8500 

India 2 0.9050 0.1150 0.1050 

Malaysia 2 1.0000 0.9100 0.9100 

Mexico 10 0.7970 0.9750 0.7760 

Bank of 

China 

Limited 

China 10 1.0000 0.6980 0.6980 

Malaysia 1 1.0000 0.2900 0.2900 

Bank of 

Tokyo - 

Mitsubishi 

Argentina 5 1.0000 0.8680 0.8680 

China 6 0.9333 0.4967 0.4617 

India 7 0.9871 0.5429 0.5400 

Malaysia 2 0.9900 0.0600 0.0600 

Mexico 10 0.7110 0.9980 0.7080 

Philippines 2 0.9950 0.8000 0.8000 

CTBC Bank 

Corporation 

Ltd 

Philippines 7 1.0000 0.9586 0.9571 

Taiwan 3 0.9933 0.9900 0.9867 

Citi Bank 

Argentina 10 0.9400 0.9980 0.9370 

Brazil 8 0.9800 0.9825 0.9613 

Chile 8 0.9763 0.9875 0.9625 

China 6 0.9367 0.2633 0.2450 

Colombia 13 0.9538 0.9969 0.9500 

Czech 

Republic 
7 0.8157 0.7557 0.6243 

India 14 1.0000 0.8250 0.8236 

Indonesia 2 1.0000 0.9650 0.9650 

Malaysia 3 1.0000 0.8533 0.8533 

Peru 13 0.9100 0.9969 0.9069 

South 

Korea 
5 0.9980 0.9760 0.9740 

Taiwan 3 0.9600 0.8033 0.7733 

Turkey 7 0.8914 0.9143 0.8143 

DBS BANK 

Limited 

China 6 0.9383 0.7183 0.6783 

Taiwan 2 0.9500 0.9850 0.9350 
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Bank Name 
Country 

Name 

N 

Obs. 

Average                     

Efficiency 

Deposit 

mobilization 

stage 

Average                  

Efficiency 

Loan 

financings 

stage 

Overall 

Efficiency 

Deutsche 

Bank 

Argentina 12 0.8367 0.8742 0.7517 

Chile 6 0.4400 0.6100 0.2533 

Malaysia 1 1.0000 0.0800 0.0800 

Mexico 2 0.4700 0.6600 0.3800 

Thailand 4 1.0000 0.4675 0.4675 

Fubon 

Commercial 

Bank Co. 

China 11 0.9955 0.8909 0.8845 

Taiwan 4 1.0000 0.9875 0.9875 

HSBC Bank 

Co Ltd 

Argentina 10 0.9640 0.9990 0.9600 

Brazil 1 0.9000 0.9800 0.8900 

Chile 3 0.6533 0.6933 0.4567 

China 6 0.9667 0.6717 0.6533 

Egypt 2 0.5100 0.2900 0.1500 

India 14 0.9986 0.8779 0.8764 

Malaysia 3 1.0000 0.8433 0.8400 

Mexico 10 0.9420 0.9990 0.9390 

Poland 3 0.9033 0.7600 0.6833 

Taiwan 3 0.9267 0.4067 0.3767 

Turkey 8 0.9163 0.9425 0.8613 

Hana Bank 

China 6 0.9767 0.9183 0.8967 

South 

Korea 
5 1.0000 0.9200 0.9180 

ING Bank 

Argentina 1 0.4500 0.9900 0.4500 

Brazil 4 0.9750 0.9975 0.9700 

Turkey 7 0.8800 0.9071 0.7986 

Industrial & 

Commercial 

Bank 

Argentina 12 0.9850 0.9992 0.9808 

China 8 0.5188 0.4988 0.3663 

Industrial 

Bank of 

Korea 

China 2 0.9700 0.6600 0.6400 

South 

Korea 
5 1.0000 0.7400 0.7380 

JP Morgan 

Chase Bank 

Argentina 9 0.9500 0.8011 0.7622 

Brazil 1 1.0000 0.2300 0.2300 

Malaysia 2 1.0000 0.5000 0.5000 

OCBC Bank 

Limited 

China 5 0.9840 0.4560 0.4540 

Malaysia 3 0.9967 0.7300 0.7233 

Piraeus Bank 
Egypt 5 0.9260 0.9960 0.9200 

Greece 10 0.6790 0.8540 0.5850 

Rabobank 

Chile 

Brazil 1 0.9700 1.0000 0.9700 

Chile 6 0.9850 0.9900 0.9767 

Poland 1 0.8400 0.5000 0.4200 
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Bank Name 
Country 

Name 

N 

Obs. 

Average                     

Efficiency 

Deposit 

mobilization 

stage 

Average                  

Efficiency 

Loan 

financings 

stage 

Overall 

Efficiency 

Scotiabank 

Brazil 12 0.9717 0.9300 0.9008 

Chile 6 0.9700 0.9983 0.9667 

Mexico 10 0.9440 0.9970 0.9420 

Peru 11 0.9136 0.9955 0.9082 

Standard 

Chartered 

Bank Ltd. 

China 4 0.9825 0.9125 0.9000 

India 12 0.9992 0.8250 0.8233 

Malaysia 8 1.0000 0.4825 0.4800 

Pakistan 11 0.9527 0.6327 0.6145 

South 

Korea 
5 1.0000 0.9200 0.9180 

Taiwan 2 0.9550 0.9700 0.9250 

Turkey 7 0.9929 0.4857 0.4829 

United 

Overseas 

Bank Ltd. 

China 6 0.9567 0.6650 0.6367 

Malaysia 3 0.9900 0.4700 0.4667 

Philippines 6 1.0000 0.8567 0.8567 

Average Efficiency Score 

of International Banks 
548 0.9256 0.8458 0.7876 

Average Efficiency Score 

of All Banks 
5685 0.9300 0.8500 0.8000 

 

Annex C represents the Creditor Rights given in each country scored 0 to 4. If the 

Score is 4 it means stronger creditor rights and zero means week creditor rights.    

Annex: C Score of Creditor Rights Given in Each Country 

Country Name Creditor Rights Country Name Creditor Rights 

Colombia 0 China 2 

Mexico 0 Egypt 2 

Peru 0 India 2 

Argentina 1 Indonesia 2 

Brazil 1 Taiwan 2 

Greece 1 Thailand 2 

Hungary 1 Turkey 2 

Morocco 1 United Arab Emirates 2 

Pakistan 1 Czech Republic 3 

Philippines 1 Malaysia 3 

Poland 1 South Africa 3 

Chile 2 South Korea 3 
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Annex D1 shows the list of banks which did not survive after the financial crisis 

2007-2008. These were 114 banks representing 11% of the total sample size.  

Annex: D1List of Banks Not Survived After Financial Crisis 2007-2008 

-Country Name Bank Name N Obs 

 

 

Argentina 

 

 

 

ABN Amro Bank 10 

Banco Piano SA 8 

Banco Provincia del Neuqu 5 

Banco Supervielle SA 2 

Banco de Servicios Financi 10 

Banco de Servicios y Trans 4 

Nuevo Banco La Rioja 6 

Nuevo Banco de Entre Rios 4 

Nuevo Banco de Santa Fe 4 

 

 

 

 

 

 

 

 

 

Brazil 

 

 

 

 

 

 

 

 

 

 

BPN Brasil Banco Multiplo 7 

Banco AJ Renner 2 

Banco BRJ 3 

Banco CNH Capital 9 

Banco CG Brasil 2 

Banco Daycoval 6 

Banco Guanabara 4 

Banco Intermedium 3 

Banco KDB Do Brasil 4 

Banco Mizuho do Brasil 4 

Banco Moneo 2 

Banco PanAmericano 3 

Banco Pecunia 9 

Banco Pine 6 

Banco Pottencial 4 

Banco Regional de Desenvol 9 

Banco Santander (Brasil) 2 

Goldman Sachs do Brasil 2 

Novo Banco Continental 5 

Parana Banco 3 

Chile Banco Sudamericano 3 

 

China 

 

Bank of Nanchang co. Ltd 6 

Bank of Xinyang 2 

Changshu Rural Commercial 2 

Nanchong City Commercial B 3 

Qilu Bank co ltd 7 

Royal Bank of Scotland 3 

Yantai Bank Co Ltd 7 
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-Country Name Bank Name N Obs 

 

 

 

 

Colombia 

 

 

 

 

Banco Colpatria Multibanca 2 

Banco Falabella sa 3 

Banco Finandina-Finandina 9 

Banco Popular 3 

Banco Procredit Colombia S 2 

Banco de Bogota 4 

Bancolombia S.A. 10 

Helm Bank S.A. 3 

 

 

Czech Republic 

 

 

Bank Austria Creditanstalt 1 

Calyon Bank Czech Republic 6 

Calyon Bank S.A. organizac 1 

Citibank Europe plc 7 

eBanka as 5 

Greece 

 

Marfin Egnatia Bank SA 4 

Proton Bank S.A. 4 

 

India 

Bank of America - India B 2 

SBIndore 11 

SB Saurashtra 9 

 

Indonesia 

 

 

Bank Antardaerah 3 

Bank BNP Paribas 4 

Bank KEB Indo. 7 

Bank Lippo Tbk. 8 

Bank Mutiara Tbk. 10 

Bank Nusantara Parahyangan 9 

Bank Syariah Mandiri 9 

Bank Index Selindo 1 

Bank OCBC Indo. 8 

Bank of India Indo. 8 

Bank Pembangunan Daerah 3 

Bank Woori Indo. 7 

Malaysia 

 

EON Bank Berhad 11 

EONCAP Islamic Bank Berhad 5 

 

 

 

Mexico 

 

 

 

ABC Capital SA 3 

American Express Bank (Mex 4 

BBVA Bancomer S.A. 10 

BanCoppel SA 3 

Banca Afirme 6 

Banca Mifel de CV 10 

Banco Actinver-Instituc 3 

Banco Azteca 4 

Banco Inbursa 10 
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-Country Name Bank Name N Obs 

Mexico 

Banco Interacciones SA de 10 

Banco Invex SA 10 

Banco JP Morgan SA 8 

Banco Mercantil del Norte 10 

Banco Monex 4 

Banco Nacional de Mexico 10 

Banco Regional de Monterre 10 

Banco Santander (Mexico) 10 

Banco Ve por Mas SA 10 

Banco WalMart de Mexico 2 

Banco del Ahorro Nacional 2 

Banco del Bajio 10 

Bank of America (Mexico) 10 

Bank of Tokyo – Mitsubishi 10 

Bansi S.A. Instituci?n de 3 

CI Banco 3 

Consubanco S.A. Institucio 3 

HSBC Mexico SA 10 

ING Commercial Banking 8 

Investa Bank SA 9 

Scotiabank Inverlat SA 10 

Pakistan 

 

Atlas bank ltd 3 

Emirates Global Islamic ba 3 

 

 

Peru 

 

 

 

Banco Agropecuario-Agroban 7 

Banco Falabella-Peru 6 

Banco Gnb-Peru 4 

Banco Ripley 2 

Banco Santander Peru 2 

Caja Municipal de Ahorro y 2 

Philippines CARD Bank Inc A Microfinan 2 

 

Poland 

 

Bank Polskiej Spoldzielczo 2 

DZ Bank Polska 4 

FCE Bank Polska 2 

Getin Bank 2 

South Africa VBS Mutual Bank 6 

Turkey Fortis Bank AS 2 

SUM 114 Banks 618 

 

 

 



172 
 

Annex D2 represents the list of banks which were successfully survived during and 

after the GFC. These were 469 banks. 

Annex: D2 List of Banks Survived After Financial Crisis 2007-2008 

Country Name 

Number of 

Banks Survived Country Name 

Number of 

Banks Survived 

 Argentina  42  Philippines  20 

 Brazil  47  Thailand  6 

 Mexico  1  Malaysia  3 

 Chile  19  Egypt  3 

 Colombia  5  Morocco 6 

 Peru 8 UAE 18 

 China  90  South Africa  8 

 South Korea 1 Turkey 28 

Taiwan 2  Greece 11 

 India  47  Czech Republic  12 

 Pakistan  24  Hungary 7 

 Indonesia  42  Poland  19 

 

Annex E shows the descriptive information of distributions for efficiency stage I, 

efficiency stage II and overall efficiency. Higher negative values of skewness indicate 

that distributions are left skewed and higher positive values of kurtosis shows that 

mass of distribution fall in area of left tail. 

Annex E: Descriptive information of efficiency scores for each country 

Country Name Classifications Mean Std Dev Skewness Kurtosis 

Argentina 

Efficiency Stage I 0.96 0.09 -4.82 26.45 

Efficiency Stage II 0.98 0.06 -8.62 92.42 

Overall Efficiency 0.95 0.11 -4.34 21.27 

Brazil 

Efficiency Stage I 0.96 0.09 -4.97 30.97 

Efficiency Stage II 0.97 0.09 -5.95 45.53 

Overall Efficiency 0.93 0.12 -3.86 18.71 

Chile 

Efficiency Stage I 0.91 0.14 -4.12 17.96 

Efficiency Stage II 0.96 0.16 -5.29 27.34 

Overall Efficiency 0.89 0.19 -3.77 13.56 

China 

Efficiency Stage I 0.98 0.08 -9.76 107.56 

Efficiency Stage II 0.85 0.23 -2.13 3.91 

Overall Efficiency 0.84 0.24 -2.03 3.45 

Colombia 

Efficiency Stage I 0.95 0.10 -3.58 12.56 

Efficiency Stage II 1.00 0.01 -2.59 9.85 

Overall Efficiency 0.95 0.11 -3.57 12.43 

http://en.wikipedia.org/wiki/Argentina
http://en.wikipedia.org/wiki/Philippines
http://en.wikipedia.org/wiki/Brazil
http://en.wikipedia.org/wiki/Thailand
http://en.wikipedia.org/wiki/Mexico
http://en.wikipedia.org/wiki/Malaysia
http://en.wikipedia.org/wiki/Chile
http://en.wikipedia.org/wiki/Egypt
http://en.wikipedia.org/wiki/Colombia
http://en.wikipedia.org/wiki/Morocco
http://en.wikipedia.org/wiki/Peru
http://en.wikipedia.org/wiki/China
http://en.wikipedia.org/wiki/South_Africa
http://en.wikipedia.org/wiki/South_Korea
http://en.wikipedia.org/wiki/Greece
http://en.wikipedia.org/wiki/India
http://en.wikipedia.org/wiki/Czech_Republic
http://en.wikipedia.org/wiki/Pakistan
http://en.wikipedia.org/wiki/Hungary
http://en.wikipedia.org/wiki/Indonesia
http://en.wikipedia.org/wiki/Poland
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Country Name Classifications Mean Std Dev Skewness Kurtosis 

Czech Republic 

Efficiency Stage I 0.69 0.21 -1.56 2.40 

Efficiency Stage II 0.73 0.27 -1.17 0.47 

Overall Efficiency 0.54 0.27 -0.61 -0.69 

Egypt 

Efficiency Stage I 0.60 0.23 -0.40 -0.57 

Efficiency Stage II 0.52 0.29 -0.07 -1.06 

Overall Efficiency 0.37 0.28 0.49 -0.83 

Greece 

Efficiency Stage I 0.75 0.06 -0.79 1.89 

Efficiency Stage II 0.91 0.13 -3.26 16.10 

Overall Efficiency 0.69 0.13 -1.52 3.91 

Hungary 

Efficiency Stage I 0.80 0.05 0.38 0.41 

Efficiency Stage II 0.93 0.07 -2.16 5.61 

Overall Efficiency 0.74 0.09 -0.80 1.64 

India 

Efficiency Stage I 0.93 0.10 -2.43 5.93 

Efficiency Stage II 0.72 0.25 -1.27 0.92 

Overall Efficiency 0.69 0.26 -1.10 0.34 

Indonesia 

Efficiency Stage I 1.00 0.00 -10.49 108.38 

Efficiency Stage II 0.86 0.18 -2.31 5.42 

Overall Efficiency 0.86 0.18 -2.31 5.42 

Malaysia 

Efficiency Stage I 1.00 0.01 -2.43 10.06 

Efficiency Stage II 0.64 0.29 -0.75 -0.72 

Overall Efficiency 0.64 0.29 -0.75 -0.72 

Mexico 

Efficiency Stage I 0.93 0.12 -3.56 14.57 

Efficiency Stage II 0.97 0.10 -5.61 35.64 

Overall Efficiency 0.90 0.15 -3.16 11.21 

Morocco 

Efficiency Stage I 0.91 0.06 -0.34 -0.20 

Efficiency Stage II 0.79 0.18 -1.74 3.54 

Overall Efficiency 0.72 0.19 -1.10 1.26 

Pakistan 

Efficiency Stage I 0.91 0.17 -2.56 6.53 

Efficiency Stage II 0.65 0.31 -0.50 -1.07 

Overall Efficiency 0.61 0.32 -0.36 -1.26 

Peru 

Efficiency Stage I 0.90 0.14 -2.53 7.82 

Efficiency Stage II 1.00 0.01 -1.49 2.68 

Overall Efficiency 0.90 0.14 -2.48 7.42 

Phillipines 

Efficiency Stage I 1.00 0.00 -13.82 191.00 

Efficiency Stage II 0.94 0.11 -3.91 17.17 

Overall Efficiency 0.94 0.11 -3.93 17.31 

Poland 

Efficiency Stage I 0.84 0.09 -0.44 0.68 

Efficiency Stage II 0.86 0.19 -2.29 5.10 

Overall Efficiency 0.72 0.16 -1.59 3.20 

South Africa 

Efficiency Stage I 0.85 0.22 -2.29 5.27 

Efficiency Stage II 0.70 0.36 -0.86 -0.94 

Overall Efficiency 0.65 0.36 -0.74 -1.13 
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Country Name Classifications Mean Std Dev Skewness Kurtosis 

South Korea 

Efficiency Stage I 1.00 0.00 -4.42 20.77 

Efficiency Stage II 0.91 0.08 -0.79 -0.18 

Overall Efficiency 0.91 0.08 -0.74 -0.32 

Taiwan 

Efficiency Stage I 0.97 0.04 -1.41 1.69 

Efficiency Stage II 0.94 0.17 -3.59 11.89 

Overall Efficiency 0.91 0.17 -3.23 9.92 

Thailand 

Efficiency Stage I 1.00 0.00 . . 

Efficiency Stage II 0.68 0.30 -0.78 -0.61 

Overall Efficiency 0.68 0.30 -0.78 -0.60 

Turkey 

Efficiency Stage I 0.86 0.08 -0.85 1.57 

Efficiency Stage II 0.83 0.20 -1.99 3.37 

Overall Efficiency 0.71 0.18 -1.56 2.08 

United Arab 

Emirates 

Efficiency Stage I 0.87 0.13 -1.43 2.29 

Efficiency Stage II 0.60 0.28 -0.43 -0.99 

Overall Efficiency 0.55 0.28 -0.23 -1.12 

 

Annex F: Yearly Stage-Wise Efficiency of Banks 

Year Efficiency Stage I Efficiency Stage II Overall Efficiency 

1999 0.9600 0.8844 0.8515 

(Pre-Crisis) 

0.8091 

2000 0.9532 0.8872 0.8515 

2001 0.9652 0.8889 0.8643 

2002 0.9493 0.8854 0.8536 

2003 0.9297 0.8305 0.7995 

2004 0.9286 0.8354 0.7977 

2005 0.9257 0.8284 0.7885 

2006 0.9264 0.8292 0.7848 

2007 0.9108 0.8115 0.7623 

2008 0.8987 0.7628 0.7103 

(Post-Crisis) 
0.7080 

2009 0.9079 0.8189 0.7592 

2010 0.9039 0.7637 0.7053 

2011 0.9029 0.7603 0.7015 

2012 0.8844 0.7454 0.6740 

2013 0.8491 0.7520 0.6699 
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Annex G: Regional and country-wise bank efficiency patterns using constant 

US dollar 

Region 
Country 

Name 

Number 

of Banks 

Number 

of Obs. 

Stage 

I 

Stage 

II 

Overall 

Average 

Efficiency 

Scores 

South 

East Asia 

Indonesia 80 562 0.998 0.844 0.843 

0.795 
Malaysia 46 137 0.992 0.536 0.534 

Philippines 32 191 0.999 0.929 0.927 

Thailand 6 54 0.964 0.653 0.621 

South 

Asia 

India 69 587 0.929 0.696 0.666 
0.619 

Pakistan 26 219 0.847 0.544 0.511 

Latin 

America 

Argentina 57 506 0.959 0.976 0.938 

0.914 

Brazil 96 640 0.956 0.945 0.905 

Chile 30 134 0.908 0.932 0.877 

Colombia 14 93 0.950 0.995 0.945 

Mexico 32 225 0.927 0.967 0.901 

Peru 15 124 0.905 0.994 0.900 

Emerging 

Europe 

Czech 

Republic 
25 148 

0.674 0.641 0.473 

0.653 
Greece 16 99 0.752 0.907 0.685 

Hungary 13 94 0.790 0.919 0.735 

Poland 33 173 0.829 0.836 0.692 

Turkey 39 276 0.865 0.809 0.696 

East Asia 

China 151 744 0.964 0.800 0.787 

0.811 
South 

Korea 
15 61 

0.997 0.909 0.907 

Taiwan 47 164 0.954 0.914 0.889 

Africa 

and 

Middle 

East 

Egypt 22 91 0.564 0.482 0.337 

0.501 

Morocco 12 57 0.888 0.737 0.672 

South 

Africa 
18 91 

0.800 0.615 0.570 

UAE 24 215 0.852 0.548 0.495 

  Average 918 5685 0.917 0.811 0.762   
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Annex H: Stage-Wise Technical Efficiency Scores of Banks in Pakistan 

Bank Name 

Ownership 

Status 

Efficiency at 

Deposit 

Mobilization 

Stage 

Efficiency 

at Loan 

Financing 

Stage 

Overall 

Efficiency 

First women bank 

ltd Public Bank 0.7923 0.5551 0.4777 

National bank of 

Pakistan Public Bank 0.9942 0.7215 0.7174 

The Bank of Khyber Public Bank 0.8450 0.7635 0.6778 

The Bank of Punjab Public Bank 0.9277 0.8072 0.7563 

Albaraka Islamic 

bank B.S.C. (E.C) Private Bank 0.7202 0.6017 0.4443 

Allied bank ltd Private Bank 0.8602 0.6885 0.6088 

Askari bank ltd Private Bank 0.9631 0.5738 0.5539 

Atlas bank ltd Private Bank 0.7779 0.4359 0.3236 

Bank al habib ltd Private Bank 0.8710 0.5772 0.5326 

Bank alfalah ltd Private Bank 0.8805 0.5772 0.5329 

Bank Islami Pakistan 

ltd Private Bank 0.8175 0.7060 0.6219 

Dubai Islamic bank 

Pakistan ltd Private Bank 0.8542 0.5804 0.5310 

Emirates Global 

Islamic bank ltd Private Bank 0.8188 0.6042 0.5276 

Faysal bank ltd Private Bank 0.9326 0.6560 0.6123 

Habib bank ltd Private Bank 0.9575 0.8521 0.8195 

Habib metropolitan 

bank ltd Private Bank 0.8377 0.6146 0.5427 

JS bank ltd Private Bank 0.7940 0.5460 0.4946 

KASB bank ltd Private Bank 0.8492 0.5306 0.4933 

MCB bank ltd Private Bank 0.9737 0.7050 0.6877 

Meezan bank ltd Private Bank 0.9380 0.5944 0.5700 

NIB bank ltd Private Bank 0.8321 0.6564 0.5755 

SAMBA bank ltd Private Bank 0.7804 0.6034 0.4589 

Silkbank ltd Private Bank 0.7706 0.6096 0.5402 

Soneri bank ltd Private Bank 0.8251 0.7042 0.6232 

Standard chartered 

bank ltd Private Bank 0.9506 0.6307 0.6129 

United bank ltd Private Bank 0.9831 0.7769 0.7680 
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There is a list of graphs which shows the data of banks for the bank characteristics, 

and macroeconomic indicators. 

Figure A7: Country wise Average Total Assets of Banks (million $) 

 

Figure A8: Regional Average Total Assets of Banks (million $) 
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Figure A9: Annual Average Total Assets of Banks (million $) 

 

 

Figure A10: Country wise Average Total Loans of Banks (million $) 
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Figure A11: Regional Average Total Loans of Banks (million $) 

 

Figure A12: Annual Average Total Loans of Banks (million $) 
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Figure A13: Country wise Average Total Deposits of Banks (million $) 

 

Figure A14: Regional Average Total Deposits of Banks (million $) 
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Figure A15: Annual Average Total Deposits of Banks (million $) 

 

Figure A16: Country wise Average Total Equity of Banks (million $) 
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Figure A17: Regional Average Total Equity of Banks (million $) 

 

Figure A18: Annual Average Total Equity of Banks (million $) 
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Figure A19: Country wise Average Total Liabilities of Banks (million $) 

 

Figure A20: Regional Average Total Liabilities of Banks (million $) 
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Figure A21: Annual Average Total Liabilities of Banks (million $) 

 

Figure A22: Country wise Average other Earning Assets of Banks (million $) 
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Figure A23: Regional Average other Earning Assets of Banks (million $) 

 

Figure A24: Annual Average other Earning Assets of Banks (million $) 
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Figure A25: Country wise Average Total Fixed Assets of Banks (million $) 

 

Figure A26: Regional Average Total Fixed Assets of Banks (million $) 
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Figure A27: Annual Average Total Fixed Assets of Banks (million $) 

 

Figure A28: Country wise Average Personnel Expenses of Banks (million $) 
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Figure A29: Regional Average Personnel Expenses of Banks (million $) 

 

Figure A30: Annual Average Personnel Expenses of Banks (million $) 
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Figure A31: Country wise Average Non-Interest Expenses of Banks (million $) 

 

Figure A32: Regional Average Non-Interest Expenses of Banks (million $) 
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Figure A33: Annual Average Non-Interest Expenses of Banks (million $) 

 

Figure A34: Country wise Average other Administrative Expenses of Banks 

(million $) 
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Figure A35: Regional Average other Administrative Expenses of Banks (million 

$) 

 

Figure A36: Annual Average other Administrative Expenses of Banks (million $) 
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Figure A37: Country wise Average NPLs of Banks (million $) 

 

Figure A38: Regional Average NPLs of Banks (million $) 
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Figure A39: Annual Average NPLs of Banks (million $) 

 

Figure A40: Country wise Average NPLs Ratio of Banks (%) 
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Figure A41: Annual Average NPLs Ratio of Banks (%) 

 

Figure A42: Country wise Average Liquidity Ratio of Banks (%) 
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Figure A43: Annual Average Liquidity Ratio of Banks (%) 

 

Figure A44: Country wise Average Leverage Ratio of Banks (%) 
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Figure A45: Annual Average Leverage Ratio of Banks (%) 

 

Figure A46: Country wise Average GDP Levels of Banks (billion $) 
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Figure A47: Regional Average GDP Levels of Banks (billion $) 

 

Figure A48: Annual Average GDP Levels of Banks (billion $) 
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Figure A49: Regional Average GDP Growth Rate of Banks (%) 

 

Figure A50: Annual Average GDP Growth Rate of Banks (%) 
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Figure A51: Regional Average Inflation Rate of Banks (%) 

 

Figure A52: Annual Average Inflation Rate of Banks (%) 

 


