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Abstract

This thesis examines the performance and risk of Chinese commercial banks,
with a focus on the Chinese regional commercial banking sector from 2005 to
2015. To that end, cost efficiency, scale economies and loan loss provisioning
practices are investigated. We begin our analysis by classifying Chinese
provinces into three regions using a novel hybrid hierarchical and k-means
clustering method based on provincial macroeconomic conditions. We then
estimate pooled and individual cost frontiers, and we test whether Chinese
regional commercial banks operate under different technologies. Our likelihood
test results reject the common technology assumption in favour of technology
heterogeneity. Building on the latter, we adopt a stochastic meta-frontier method
to estimate a country meta-frontier that envelops regional frontiers. We find that
cost efficiency for regional banks mainly stems from technological gaps between
regional frontiers and the country meta-frontier. These gaps can be narrowed
through increased foreign bank presence, increased banking sector competition
and acceleration in regional urbanisation. Banks in the North-eastern and
Coastal regions of China are found to be the most cost-efficient, while banks in
the Inland region are found to be the least cost-efficient. In addition, we expand
our analysis, and we obtain economies of scale from both the individual frontiers
and the meta-frontier. Our comparison suggests that banks in the Inland area
would operate at the optimal size if they adopt the meta-frontier technology,
while regional banks in the core financial centres would start to enjoy economies
of scale when they adopt the meta-frontier technology. We also find that
investment banking activities, higher liquidity ratio, and lower credit risk would
contribute to economies of scale, while banks’ profitability from traditional

lending activities does not seem to impact scale economies.

After examining the performance of Chinese regional commercial banks, we
focus on loan loss provision practices of the Chinese banking system using a
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series of system Generalized Methods of Moments dynamic panel data
regressions developed by Arellano and Bover (1995) and Blundell and Bond
(1998). Overall, we find that Chinese banks are generally backwards-looking in
terms of provisioning, and there is strong evidence of income-smoothing.
Furthermore, we find that Chinese banks engage more intensively in income-
smoothing during the 2007-2008 global financial crisis, in line with the
arguments of Curcio et al. (2016) and EI Wood (2012) that stress that adverse
financial conditions might incentivise bank managers to lower perceived risk of
stakeholders and signal bank resilience by reducing earnings volatility. We also
find that loan loss provisions mainly signal an expense rather than financial
strength to investors. The higher level of loan loss provisions is also linked to
lower cost efficiencies derived from the meta-frontier, supporting Berger and
DeYoung’s (1997) “bad management” hypothesis. Finally, following Beatty
and Liao (2014), we first estimate the discretional component of loan loss
provisions by obtaining residuals from regressions of loan loss provisions on
their non-discretionary elements and following Jin et al. (2018), we estimate an
equation of determination of discretionary loan loss provisions. We find
consistent results that reliance on retail (core) deposits has a positive impact on
the quality of reported earnings as banks with more reliance on core deposits for

funding tend to engage less in discretional use of loan loss provisions.

This thesis contributes to the literature methodologically and empirically and
highlights several important policy implications. Firstly, banks in different
regions in China are found to operate under different technologies, and higher
cost efficiencies can be achieved by narrowing the technological gaps between
the regional frontiers and the country’s meta-frontier. This thesis suggests that
this can be achieved by encouraging more competition, more foreign bank
presence in the banking sector and advancement of urbanisation to narrow the
technological gaps while encouraging better bank management via better capital
adequacy and lower levels of non-performing loans. With respect to size effects,
our findings stress the importance of optimal technology adoption for banks
operating in economic centres. In terms of bank loan loss provisioning in China,

a dynamic, forward-looking counter-cyclical loan loss provisioning method may
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be beneficial to avoid its cyclical nature that amplifies credit shortages during
economic crises. Furthermore, our findings that banks engage more in income-
smoothing during a crisis period should encourage regulators to monitor more
closely bank accounting information during times of economic and financial
stress. As banks’ earnings quality is positively driven by retail deposits,
regulators should also pay more attention to regulating banks that rely heavily

on wholesale funding in order to enhance market discipline.
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1.1 Research questions
This thesis attempts to answer the following main research questions:

(1) To examine whether regional commercial banks in China with a large
disparity in regional economic environments operate under the same
technology.

(2) Does cost inefficiency for Chinese commercial banks mainly come from
managerial inefficiency or their technological gaps?

(3) What affects the deviation between each bank and its regional frontier?
What are the determinants of the technological gaps?

(4) To investigate regional differences in terms of cost efficiency and the
main drivers for these differences.

(5) Do regional banks in China enjoy economies of scale under the current
technology? Does adopting a better technology allow them to enjoy
greater economies of scale?

(6) What are the determinants of economies of scale for Chinese regional
banks?

(7) What are the current practices of loan loss provisioning in China? Are
loan loss provisions in China procyclical or countercyclical? Do Chinese
banks use loan loss provisions (LLPs) as a mechanism for income-
smoothing and capital management?

(8) Do LLPs in China signal good news or bad news to the investors?

(9) Does retail deposit have an impact on the discretionary use of LLPs?

1.2 Research motivation and contribution

To the best of our knowledge, regional disparities in the performance of Chinese
banks have drawn little attention thus far (Sun et al., 2013). So far, the primary
focus has been on large national-branching state-owned and joint-stock banks
(Yang et al., 2015). Within the literature, bank efficiencies in China have been
estimated with one frontier under the assumption that they operate under the
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same technology® (Fu and Heffernan, 2007, Kumbhakar and Wang, 2007,
Berger et al., 2009, Jiang et al., 2009, Du and Girma, 2011). However, regional
differentiation, especially the coast-inland gap, is considered a fundamental
characteristic of the Chinese economy. (Naughton, 2006). Thus, it is of great
interest to capture the regional economic differences when modelling Chinese
bank performance. Furthermore, regional banks offer a more homogenous
sample, including mainly city and rural commercial banks that operate primarily
within their own provinces or regions. It would also be interesting to know
whether adopting a better technology would allow banks to enjoy greater
economies of scale. With their rapid growth in recent years, this study would
provide insight for regulators to find the best strategies to maximise both cost
efficiency and economies of scale for these regional banks, also to create
competition for the largest banks. In terms of risks in the Chinese regional
banking sector, there has been a lack of studies on loan loss provisioning practice
in China, considering it is a relatively large bank accrual. Moreover, we wanted
to know if Chinese banks manipulate LLPs to practice earnings management and
capital management, even with increasing market discipline and increasing audit
quality over the past decade. It would also be of interest for investors to know
whether the information contained in LLPs signals financial strength as good

News or an expense as bad news.

As far as | am aware, this study is the first one in the literature that applies the
latest stochastic meta-frontier (SMF) method to the Chinese regional banking
sector. This study offers insight into the macroeconomic factors that contribute
to technological gaps. Moreover, this study also links cost efficiency with scale
economies and quantifies the effect of better technology on scale economies and
offers bank-specific factors that impact economies of scale. This thesis also
offers strong evidence of income-smoothing for Chinese commercial banks,

especially during a financial crisis period, and shows evidence that loan loss

* Huang and Fu (2013) recognise the differences in financial market structure,
institutional environment and political development and estimate a meta-frontier for
mainland China and Taiwan under the assumptions that they operate under different
technologies. However, they do not study provincial/regional differences within
mainland China.
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provisions do not signal good news to investors. Lastly, we offer insight for
policy makers that the banks relying on wholesale funding may need closer
monitoring in terms of accounting information in order to enhance market

discipline.

1.3 Overview of Chapters

Chapter 2 gives an overview of the Chinese banking system. Chapter 3 provides
a literature review on the main theories on banking firms and provides the
foundation for the methodology on bank efficiency and stochastic frontier
analysis. Chapter 4 firstly uses a novel hybrid clustering method to group
Chinese provinces into three regions based on regional macroeconomic
conditions, then adopts SMF methods to investigate the contributors to both
technological gap and managerial inefficiency. It also provides estimates on
economies of scale and determinants of economies of scale using a series of
regressions. Chapter 5 studies the behaviour and determinants of LLPs and tests
a list of hypotheses. The cost efficiencies obtained from Chapter 4 are also
included as an explanatory variable in Chapter 5, offering the link between cost

efficiency and LLPs. Finally, Chapter 6 concludes the thesis.
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Chapter 2. A Review of the Chinese Banking System
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2.1 Introduction

As the world’s second-largest economy, China also has the third-largest territory
in terms of landmass, with considerable regional disparities in terms of economic
development (Naughton, 2006). The Chinese banking sector plays an important
role in the Chinese economy. As of the end of 2016, the total assets of the
Chinese banking sector totalled RMB 232 trillion, which was approximately

three times as big as China’s GDP.

This chapter provides an overview of the Chinese banking sector. In section 2.2,
we review the four stages of the Chinese banking reform from 1978 until the
present. Insection 2.3, the structure of the Chinese banking system after banking
reforms is examined. An overview of the Chinese banking sector during our
study period from 2005 to 2015 is given in section 2.4. Section 2.5 provides the

conclusion of the chapter.

2.2 Chinese Banking Reform

The Chinese banking system started as a monobank system in the planned
economy in the 1940s. That is, a government bank was in control of all the
financial businesses in China. The central bank at that time, the People’s Bank
of China (PBC), was established in 1948 as a result of consolidating Huabei
Bank, Beihai Bank and Xibei Peasant Bank. Other banks are either restructured
into or administrated by PBC. Therefore, they served as part of the monobank
system to facilitate the nation’s production plans without any competition among

each other.

The first phase of reform started in 1978 to increase competition and improve
the performance of the Chinese banking system. During the 1980s, four
commercial banks with designated functions known as the ‘big four’ are carved
out of the monobank taking charge of different business areas. As a result, a
two-tier banking system has been created. The first Tier is the PBC, with the

function of maintaining price stability, supervising financial institutions,
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conducting clearance and issuing banknotes. The second Tier consists of the
newly established specialised state-owned commercial banks, operating as
commercial banks. Most of the Deposit and Lending business was taken charge
of by the Industrial and Commercial Bank of China (ICBC), the bank with the
largest assets, in the cities and by Agricultural Bank of China (ABC), the bank
with the largest personnel number and more than 44000 branches, in the rural
areas. The China Construction Bank (CCB) was responsible for financing
infrastructure projects, and the Bank of China (BOC) was responsible for foreign
trade and transactions. The ‘big four’ banks were all accountable for lending to
state-owned enterprises and set up local branches and offices to help local
governments fulfil production plans without considering either the default risk
of these loans or their profitability. Due to state-owned enterprises being highly
inefficient and making losses, the loan default rates were very high, leading to a
high volume of non-performing loans. All of the ‘big four’ banks are troubled
by unrecoverable loans due to lending on demand to local and central
governments accompanied by the problem of skill-lacking staff and a lack of

profit-oriented objectives (Naughton, 2006).

The ‘big four’ were created to serve their designated areas of the economy, and
local branches and offices are under the administrative control of their respective
local government. Therefore, bank branches have little competition across
regions or sectors. The second phase of the reform to further deepen the
institutional restructuring started in 1984, with the objectives of increasing
competition among state banks and improving the efficiency of the banking
system. Since the early 1980s, foreign banks and domestic joint-stock
commercial banks (JSCBs) were allowed to enter the market and nationwide and
regional JSCBs were launched with shareholdings ownership structures. In
order to change from policy-oriented towards profit-oriented, the restrictions of
having to serve a designated sector for state-owned banks were removed during
the first step of the reform in 1985. State-owned banks were encouraged to
enlarge their business scopes and compete with one another as well as JSCBs.
However, the competition was still rather limited due to regular government
interventions and control of local branches by local governments. As of 1994,

‘big four’ state-owned banks still played a dominant role in maintaining
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economic growth and stability (Yao et al., 2007).

The third phase of the reform aimed to commercialise the banking sector. Three
policy banks, namely, China Development Bank, Agriculture Development
Bank and Import and Export Bank of China, were established to take over the
policy lending activities from ‘Big Four’ in 1994. In 1995, the law of the
People’s Republic of China on Commercial Banks was enacted, symbolising the
beginning of bank commercialisation. The law defines the ‘Big Four’ as state-
owned commercial banks, which are profit-driven and operationally independent.
Nonetheless, due to a lack of branch networks and capital, the newly established
policy banks did not have the capacity to fulfil the demand of policy lending.
Therefore, state-owned banks still participated in policy lending and were under
pressure by central and local authorities to lend to their favoured organisations
or sectors. As aresult, large volumes of non-performing loans (NPLs) have been
accumulated in the 1990s. By the end of 1998, major state-owned banks were
deemed insolvent, and the banking system and the total NPLs amounted to RMB
3.3 trillion under the four-category loan classification system, accounting for 41
percent of GDP for the year.

To strengthen the banking system and prevent further accumulation of NPLs,
PBOC decided to prevent local government interference by merging local
branches into nine large regional branches. Local governments can no longer

appoint senior officials in their respective branches of PBOC.

The first round of bailouts of state-owned commercial banks (SOCBs) was
during 1998-1999. To resolve the bad debt problem, RMB 270 billion was
injected into SOCBs in 1998 via bond issuing and four state-owned asset
management companies (ACMSs) were established to purchase NPLs. These are
Cinda Asset Management Company for CCB, China Great Wall Asset
Management Company for ABC, Oriental Asset Management Company for

BOC, and China Huarong Asset Management Corporation for ICBC.

Apart from JSCBs, 90 profit-oriented city commercial banks with shareholding
ownership structures were also set up to replace the former urban cooperatives.
They were only able to operate within their respective regions and were expected

to compete with local branches of state-owned banks.
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The last phase of the Chinese banking reform from 2003 onwards initiated by
the central government mainly comprised of radical capital injections into
SOCBs, stripping off non-performing loans, as well as further privatisation by
inviting foreign strategic investment into domestic banks and encouraging Initial
Public Offerings (IPOs) in order for them to be listed on the stock market (Hung,
2009). Since entry to WTO in 2001, to comply with WTO rules of no restrictions
on foreign currency businesses, China made the plan to fully open up its banking
sector by 2006. Therefore, the pressure to improve the performance and
efficiency of domestic banks, especially state-owned banks, became a pressing
issue. To further strengthen the banking system, the government further injected
US$22.5 billion each into BOC and CCBC in 2003 and US$15 billion into ICBC
in 2005 and further dumping of NPLs of a total of RMB 475 billion in 2004 and
RMB 705 billion in 2005 executed by the AMCs. At the end of 2008, the average
NPLs have been reduced to 2.4% of total loans (USCC, 2013).

A number of strategic investors have obtained shares in SOCBs as well as a
large number of JSCBs. For example, Bank of America acquired a 9% stake in
CCBC, and Goldman Sachs, Allianz and American Express acquired a 10 %
stake in ICBC; Around 10% of the shares in BOC were bought by Royal Bank
of Scotland together with Merrill Lynch and Hong Kong tycoon Li Ka-Shing
(Kwan, 2009).

All domestic banks were encouraged to list their shares on the stock market to
privatise further and boost their corporate governance. In 1991, Shenzhen
development bank became the first bank in China that went public and was listed
on the Shenzhen Stock Exchange. Bank of Communications became the first
domestic bank in china to be listed overseas, making their IPO on the Hong Kong
Stock Exchange in 2005. Subsequently, three of the ‘big four’ SOCBs, namely
CCB, BOC and ICBC, were listed on the Hong Kong Stock Exchange from 2005
to 2006, as the government believes that stricter disclosure regulations of
offshore markets could help further accelerate the structural reform of the
domestic banking system and improve its efficiency. These three SOCBs were
further listed on the Shanghai Stock Exchange as well from 2006 to 2007. By
the end of 2017, five state-owned banks, one Postal Bank, four joint-stock banks

(JSCBs), and more than ten city/rural commercial banks were listed on the H-
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share market. Another four JSCBs and more than ten city/rural commercial
banks were listed on the A-share market(Wu, 2018).

To increase banking supervision and regulation, the China Banking Regulatory
Commission (CBRC) was established, allowing PBOC to focus on
macroeconomic stability and growth. Two important laws on the banking sector,
The Law of the People’s Republic of China on The People’s Bank of China and
The Law of the People’s Republic China on Commercial banks, came into effect
in 2005, which set up the legal foundations for the stability of the Chinese
banking system. In 2004, Regulation Governing Capital Adequacy of
Commercial Banks, the regulation which set up the new capital adequacy
requirements for Chinese commercial banks, is in compliance with both 1998
Basel | and 2002 Basel 11, the international regulatory accords. The regulation
set the calculation methods for capital adequacy, which accompany the law that
requires all commercial banks to hold a minimum of 8 per cent capital adequacy
rating. The regulation also set up new rules for internal rating and credit risk

management.

2.3 Structure of the Chinese Banking System

According to Wu (2018), PBOC officially became the central bank of China in
1984 with the original four state-owned banks, namely Industrial and
Commercial Bank of China (ICBC), China Construction Bank(CCB) ,
Agricultural banks of China (ABC) and Bank of China (BOC)
established/converted as specialized banks during 1978-1984. They were fully
converted to full-commercial banks when the three policy banks, China
Development Bank, Agriculture Development Bank and Import and Export
Bank of China, were established to take charge of policy lending activities in
1994. Bank of Communications, which was a joint-stock bank, was re-classified
as a state-owned bank in 2015. Both policy banks and the big commercial banks
are regulated by the China Banking Regulatory Commission (USCC, 2013) (see
figure 2.1).
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Figure 2.1. Structure of the Chinese Banking System
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As of 2020, China’s banking sector can be mainly categorized into three tiers.
The first two tiers are five state-owned commercial banks and 12 joint-stock
commercial banks, both having a national presence. The state-owned banks and
joint-stock banks account for 56% of the asset market share in the Chinese

banking sector in 2018. The third tier consists of city and rural commercial banks.
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They are established to serve the local economy, and the vast majority of them
operate regionally (Sun et al., 2013, Zhu and Chen, 2016).

The state-owned Chinese banks had a severe bad debt problem in the 1990s that
resulted from lending to poorly run projects by SOEs. The NPLs had surged to
RMB 2.5 trillion, amounting to 39% of total loans in Chinese banks and 31% of
China’s GDP (USCC, 2013). To resolve the bad debt problem, the Chinese
government has taken four major steps to move bad loans out of the banking
system. Firstly, four state-owned asset management companies were established
in 1999 to purchase NPLs, and a series of NPL-disposal happened from 1999 to
2008. From 2003 to 2008, four state banks each received a capital injection from
China’s FX reserves. At the end of 2008, the average NPLs have been reduced
to 2.4% of total loans (USCC, 2013). State-owned banks also received a
significant amount of investment from foreign banks from 2004 to 2006,
resulting in state banks each having a few foreign banks on the list of their top 5
shareholders. During 2005-2010, the state banks had also been listed on the
stock market to further boost their capital base (Kwan, 2009).

Joint-stock commercial banks (JSBs) emerged in 1987, and their market share
in the Chinese bank sector had risen from below 12% in 2006 to 19% in 2016.
Because of less reliance on government support and excessive branch network
and because they are mostly owned by commercial entities such as SOEs, they
operate in a more competitive and market-oriented manner. JSBs can be
classified into categories according to their background. For example, Shanghai
Pudong Development Bank (SPDB) is based in Shanghai City and Guangdong
Development Bank (GDB) is based in Guangdong Province, and they are both
supported by the local government and enjoying the low cost of funding from
local governments’ deposits. Some banks are industry-based, such as China
Merchant Bank (CMB) and Hua Xia Bank (HXB), which mainly serve
corporations in the transportation sector and infrastructure sector, respectively.
Some JSBs belong to their financial holding companies, such as China CITIC
Bank (CNCB) from China CITIC Group and China Everbright Bank (CEB) from
China Everbright Group. These JSBs enjoy the advantage of a readily available

platform for diversifying their services. The last category contains banks
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supported by private corporations and investors. For instance, Min Sheng Bank
(MSB) has well-diversified ownership from different private sectors. Pin An
Bank (PAB) is owned by its parent company Pin An Group, which is primarily

an insurance company.

Because state-owned banks dominate the Chinese banking sector and the credit
is mainly supplied to state-owned enterprises and state-led projects, there is
limited credit available from the banking sector to SMEs and entrepreneurs. This
credit gap and underdevelopment of the capital market in China lead to a
significant presence of shadow banking activities (USCC, 2013).

The third tier consists of city and rural commercial banks and rural cooperative
banks, which operate primarily regionally. These banks are usually only
licensed for operation in one particular city/area and owned mainly by the local
government, enterprises or employees. Therefore, although there have been
some recent expansions into nearby cities or areas among these banks, the vast
majority of their operations are still concentrated on the regional level (Wu,
2018).

City commercial banks are originated from urban credit cooperatives. In 1995
due to poor management and the heavy burden of NPLs, People’s Bank of China
arranged to merge all urban credit cooperatives and some rural credit
cooperatives and local financial institutions into joint-stock companies and city
commercial banks, with new shareholders ranging from local government to
local collective and private firms. City commercial banks were formed based on
one-city-one-commercial bank rule and were only allowed to set up branches
outside their own administrative regions after 2006. Since 2007, a few city
commercial banks have expanded their operation outside their province rapidly,
although, to this date, the majority of them still operate regionally (Sun et al.,
2013). Similar to city commercial banks, rural commercial banks are formed as
joint-stock companies from mergers of rural credit cooperatives during the
second and third phases of the Chinese banking reform. Both the size and
number of rural commercial banks have developed rapidly (Zhu and Chen, 2016).

As can be seen in table 2.5 in section 2.4 in this chapter, the total assets for both
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city and rural commercial banks have reached 20% of total commercial banking
assets.

City and rural commercial banks are used as our main sample in this thesis to
investigate the impact of regional disparities on bank performance. This is
because for each bank, only data on the aggregate level are available to us, and
we do not have access to branch level data. Even if branch level data are available,
branches are usually allowed to transfer deposits and loans to branches in other
provinces/regions, thus not reflecting each branch's actual performance. The
rationale for this thesis to investigate the link between regional disparity and

bank performance is presented in Chapter 4, section 4.3 Motivation.

2.4 An overview of the Chinese Banking Sector from 2005 to 2015

As of 2015, as in Figure 2.2, the total assets of the Chinese banking sector
reached RMB 121.58 trillion in 2015 and a total of RMB 111.88 Trillion in terms
of total liabilities (BankScope). The total assets have increased approximately
284 per cent from the beginning of the period, and the total liabilities have
increased by around 270 per cent. Although market share is still dominated by
the biggest five state-owned banks, there has been a steady trend of
decentralization of deposit and loan market share in the last decade (Figure 2.2).
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Figure 2.2. Total Assets and Liabilities of Banking Institutions (2005-
2015)
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Data Source: BankScope by Bureau Van Dijk, and author’s own calculation
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Figure 2.3. Loan and Deposit share of State-owned Commercial Banks
(2005-2015)
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Figure 2.4. Asset Share breakdown of China’s Banking sector
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Figure 2.5. Asset Share breakdown of China’s Commercial banking

sector
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Figure 2.4 displays the market shares for each specialisation in the Chinese
banking sector, according to BankScope’s classifications. Commercial banks
have dominated the banking sector throughout the study period, while we can
also observe an increasing number of other financial institutions emerging
during the period. Figure 2.5 indicates that, within the commercial banking
sector, although the big five state-owned commercial banks dominate the
commercial banking sector, we can observe a steady and evident trend of
decrease of their market shares over the 11 years. Both joint-stock commercial
banks and city and rural commercial banks show a clear trend of expanding their
asset shares in the market. Especially for city and rural commercial banks, the
market share went from less than 10 per cent to nearly 20 per cent during the
period. Foreign bank asset share increased significantly during the beginning of
the period from 2005 to 2007 and remained stable during the majority of the

period with a slight decrease in the more recent years.

The profitability of the Chinese Banking sector can be measured by return on
asset (ROA) and Return on equity (ROE). In terms of ROA, figure 2.7 indicates
that foreign banks appear to be the most efficient before the third quarter of 2006,
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and their profitability drops dramatically from 2006 to 2007, then fluctuates over
the rest of the period and remains below the other bank types. On the contrary,
Chinese domestic banks perform well, represented by a steadily increasing ROA
over the 11-year period. Especially, we can observe that Chinese banks continue
to thrive during and post 2007-2008 global financial crisis, whilst foreign banks
perform significantly worse during and after the crisis period. One reason is that
Chinese domestic banks were mainly under the administration of the government
and were much less affected than foreign banks during the crisis. The capital
injections and stripping of NPLs during the period also contributed to the
increasing healthiness of the domestic banks. Among domestic banks, rural and
city commercial banks generally performed better than joint-stock banks,

although the difference was not large (less than 0.5 per cent).
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Figure 2.6. Return on Average Assets of Chinese Banks
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Figure 2.7. Return on Average Assets by Commercial Bank Types
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Figure 2.8. Return on Average Equity by Commercial Bank Types
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In terms of profitability measured by return on equity (ROE), all banks witnessed
a sharp drop in profitability during or after the 2008-2009 global financial crisis.
Figure 2.8 indicates that joint-stock and rural and city commercial banks
performed better than state-owned banks during the pre-crisis and crisis periods.
However, state-owned commercial banks were able to bounce back and reach a
similar level of ROE as other types of commercial banks within a few years after
the crisis. Joint-stock banks appear to be more profitable than all other types of
commercial banks from 2011 onwards. This may be partially due to the more
extensive branch network and thus bigger deposit base and easier access to cheap

funding.

Chinese banks have a long history of the problem of non-performing loans, and
the problem is still yet to be solved. According to USCC (2013), The NPL
problem is not only especially prevalent in state-owned commercial banks but is
also putting strains on the rural cooperative system, including rural cooperative
banks and rural commercial banks, as they are requested to support projects and
enterprises owned by the local government. The loan allocations of rural
commercial banks and rural cooperative banks are also under the influence of
the local government. The rural cooperative system has been managed by the

provincial credit union and reports to the provincial government since 2003 and
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they contributed significantly to the 2008-2009 stimulus program through

excessive lending.

Figure 2.9. NPLs of Chinese Domestic Commercial Banks
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Figure 2.9 indicates the status of NPLs of Chinese domestic commercial banks
during 2005-2015. The state-owned commercial banks seem to have the highest

level of NPLs amongst other types of domestic banks.

We can also see a steady drop in NPL from the beginning of the period until
2011, reaching the lowest point of less than 1% on average around 2012-2013,
despite the estimated total loan issuance of RMB 9.6 trillion in 2009, which was
more than double the amount in 2008 and around RMB 8 trillion in 2010(KPMG,
2013). USCC (2013) suspect that the government-owned asset management
companies may have played an important role in the disposal of bad loans that
resulted from this large amount of lending in the stimulus program. As
mentioned before, rural commercial banks are serving local government, and

their loan allocation is largely influenced by the local government rather than
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being commercially decided. They also invested heavily in the stimulus program
during the crisis period. It is not surprising that rural commercial banks seem to

have more bad loans than the rest of the categories.

It is clear that NPL has been putting strains on the performance of Chinese
commercial banks, especially the bank performance measured by x-efficiency,
where banks are considered as intermediators to use deposits and capital to
produce loans and other earning assets. This gives more evidential support that
the non-performing loans problem is region-specific and Chinese banks,
especially considering the burden of lending to the local government-led projects,
should be examined regionally in order to obtain the most accurate picture of
their performance (USCC, 2013).

Figure 2.10 presents the total regulatory capital adequacy ratios (CARS) of
Chinese commercial banks. Foreign banks hold the highest level of total
regulatory capital throughout the period. Since 2009, CARs of Chinese banks
have been above the level of 10%, in compliance with Basel Accords, in spite of
a disparity among different banks. For example, JSCBs have been maintaining
the lowest level of CARs above Basel requirement, compared to the rest of the
banks in China. With the fact that JSCBs also appear to be the most profitable
during the period, we can infer that JSCBs are the most commercial-oriented
banks that hold the least amount of eligible capital to allow for more investments.
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Figure 2.10. Capital Adequacy of Chinese Commercial Banks
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2.5 Conclusion

This chapter gives an overview of the four phases of Chinese banking reform
since 1979 and the subsequent banking structure following the reforms, followed
by an analysis of the current Chinese banking sector. Chinese banking reform
succeeded in increasing competition, reducing NPLs and increasing efficiency,
corporate governance as well as profitability, especially for SOCBs. During our
study period, the size of the banking sector increases steadily in terms of total
assets and total liabilities while the loan to deposit ratio decreases. Although
state-owned commercial banks still dominate the Chinese banking sector, we can
observe a steady increase in the market share of joint-stock commercial banks
and city and rural commercial banks (regional banks). The profitability of the
banking sector has an increasing trend at the beginning of the period and a

decreasing trend towards the end of the period, with a sharp drop during or

Page 35 of 265



shortly after the crisis period. Overall, foreign banks appear to be less profitable
than domestic banks during 2005-2015. Chinese banks have also been
increasing their regulatory capital levels and remain above the minimum capital

adequacy requirement set by Basel Accords.

In the following chapters, we will first present a justification for the performance
measure used in the thesis, i.e., cost-efficiency. Then, we will provide empirical
evidence on how regional regulatory, economic, and industry factors affect
Chinese bank performance and finally test a series of hypotheses that may
explain loan loss provisioning behaviours presented in the Chinese banking

sector.
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Chapter 3. A Literature Review on Bank Performance

Measurements - A Justification for Using Cost Efficiency
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3.1 Chapter Summary

This chapter provides a justification for using cost efficiency as a preferred
measurement for bank performance. We first present studies using financial
ratios to measure bank performance and the inherent mathematical and statistical
issues involved in the dynamics between the numerator and denominator of
financial ratios. Then we introduce the concept of efficiency and common
models used in the literature. We only present common parametric approaches
in the literature as this thesis uses parametric approaches. Finally, we present
choices of inputs and outputs for efficiency modelling under different bank

theories.

3.2 A Literature Review on the Theories and Examples of Financial Ratio
Analysis

Return on Asset (ROA) and Return on Equity (ROE) are the most commonly
used financial ratios to measure the performance of firms in both the financial
and non-financial sectors. The banking industry is highly regulated. Basel
regulations and the effects of bank failures on the economy make the most
important financial ratios for banks likely differ from nonfinancial firms. For
example, banks are more concerned with ROE rather than ROA. This is because
loans contribute to the majority of assets for banking firms. Big banks tend to
practice Originate-To-Distribute when dealing with assets, i.e. selling off assets
on their balance sheet, while small banks still tend to hold the loans (Originate-
To-Hold). Therefore, big banks might appear to have a higher return on assets
by simply selling off loans and obtaining fees and income from securitisation.
This is unlikely to happen in non-financial firms where they originate to
distribute core investment assets. With the improvement of technology and
digitalisation, the fixed assets of financial firms are moving from branches to the
internet.  Therefore, it casts doubt on the validity of using ROA as a

measurement for the profitability of financial firms. In terms of ROE, there has
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been evidence in the press releases that both financial and non-financial firms
can temporarily boost ROE by buying back shares 2.

Rose and Hudgins (2012:172) define ROE as “a measure of the rate of return
flowing to shareholders. It approximates the net benefits that the stockholders
have received from investing their capital in the financial firm (i.e. placing their
fund at risk in the hope of earning a suitable profit)”. They interpret ROA as “an
indicator of managerial efficiency; It indicates how capable management has
been in converting assets into net earnings”’(Rose and Hudgins, 2012).
Kosmidou (2008) uses ROA as an indicator for a study on the performance of
the Greek banking industry. They define ROA as “net profit after tax divided by
total assets and indicates the returns generated from the assets financed by the
bank”. The study on the profitability of the Turkish banking industry by Sufian
and Habibullah (2009) uses both ROA and ROE as measurements of
profitability. They regard ROA as “a general measure for bank profitability
reflecting bank’s ability to achieve a return on its sources of fund to generate
profits” and ROE as “net profit divided by shareholders ‘equity’”. The table in
Appendix A summarizes the recent studies which use financial ratios as

indicators for bank performance.

2 The chief executive of Credit Suisse declared in 2015 that they will no longer use ROE as targets and will consider growth targets

instead. This is mainly because equity is largely dependent on regulations and the fact that banks shrinking equity to boost ROE contributes to the

severity of financial crisis (Jenkins, 2015). Thus, it brings ROA as potentially the preferred ratio*
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The analysis of ratios can offer insight into the health of financial institutions as
a ‘snap-shot’. Moreover, these analysis ratios can also have additional statistical
benefits in analysing banks. That is, Wiseman (2009) summarizes these as

follows:

(1) Ratios can be used to deflate or scale for size effects. This is because
many variables taken from financial statements, such as net income and
debt, are correlated with size. Therefore, these variables are usually
divided by a measure of firm size. Deflated variables can be classified
into two kinds: proportions and rates. Proportions require that the ratio's
numerator must have a linear relationship with the denominator with zero
intercept. That is, when the denominator is zero, the numerator must be
zero. Studies on administrative intensity have shown that failure to meet
proportionality conditions can lead to biased results (Feinberg and Trotta,
1984, Freeman and Kronenfeld, 1973). On the other hand, rates measure
the frequency of occurrence. An example of a rate is employee turnover.
Wiseman (2009) argues that proportions are less prone to biased results
than rates. Deflating ratios by size variables has been commonly
practised in the banking literature because the size of banks varies
considerably within almost all banking industries. The most interested
variables, such as net income, net interest income, and non-interest
income, are usually divided by total operating revenue or total assets to
make it possible to compare profitability between big and small banks
(Rose and Hudgins, 2012).

(2) Ratios can be used to correct for heteroscedasticity. Heteroscedasticity
happens when the variance of the error term is not constant across the
sample, causing inefficiency in parameter estimates. This is because firm
size usually varies considerably in the sample studied. Studies which fail
to take size into consideration are likely to have problems of
heteroscedasticity. This is again true in the banking industry. For
example, McAllister and McManus (1993) point out that specification

problems often occur when we do not take size into account when we
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model large and small banks together in one model. Therefore, caution
should always be exercised when we have both small banks and large
banks in the sample as it is very likely to cause statistical problems,

including heteroscedasticity.

(3) The third purpose for using ratio is to capture a multi-dimensional
theoretical construct (Bollen and Ward, 1979). In other words, ratios can
help to use one single measure to capture a complex idea with multiple
dimensions. An example is Tobin’s Q, which measures a firm’s
competitive advantage calculated as the firm’s market value divided by
its total asset value. These ratios can also be called conceptual ratios,
where one variable is only considered theoretically meaningful with
reference to another variable. For example, ROA can be both regarded
as a deflated ratio and also a theoretical construct as one can see ROA as
a proxy of asset productivity. Another example is the Herfindahl index,
which is commonly used in banking studies to capture market
concentration and to measure the degree of competition in a particular
industry. In this case, this ratio is constructed based on theory to use a

single measurement to capture a complex status.

There are also disadvantages of using ratios, which has been mentioned in the

literature:

(1) Financial ratios can only reflect the profitability at the current period,
without any power to indicate how the current investment or
management decision can affect the future net income (Sherman and
Gold, 1985). This characteristic of short-termism can be misleading
when looking at the performance of banks in the long run. They gave an
example that a cut down of expense on marketing and new product
development might inflate the current accounting profitability ratio, but
this action might hinder the capability of the bank to generate profit in
the future (ibid.).
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(2) Sherman and Gold (1985) also point out that financial ratios might not
accurately reflect the state of the business. Especially, we cannot tell
which aspect of the business is performing well or poorly by purely
looking at the ratio figures. He mentions that accounting ratios are
aggregate figures of all dimensions of a business, and ‘a bank may appear
to be performing well even if it is poorly managed on certain of these
dimensions, as long as it compensates by performing particularly well on
other dimensions’ (ibid:298).

(3) Mukherjee et al. (2002) also point out that financial ratios cannot reflect
the interaction between various inputs and outputs. It is stated that
‘financial ratios... ignores the multidimensional aspects of bank
performance. They give only a restricted, incomplete picture of the
process and fail to account for the interaction between the different

factors, leading to contradictory results’.

(4) They are not able to reveal how efficiently resources were being used.
The study on bank branches by Sherman and Gold (1985) suggests that
a bank branch being more profitable than others does not necessarily
mean that the branch is utilizing resources more efficiently. For example,
‘the branch with more complex and more resource consuming
transactions may appear less efficient than one with less complex
transactions’(Sherman and Gold, 1985: 298). They propose that Data
Envelopment Analysis (DEA) can help conquer this problem. The results
of their study suggest that ‘DEA can provide insights into branch
operating efficiency beyond that available from accounting ratios’ (ibid.:
298). In other words, results from DEA can show which inputs and
outputs to increase or decrease relative to competitors to reach the

frontier.

(5) Financial ratios fail to consider the multiple inputs and multiple outputs
of a business (ibid.). This is particularly common in the banking sector,

where banks use multiple resources such as labour and capital to produce
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a variety of outputs such as loans and securities. Therefore, financial
ratios are not accurate measurements of bank operational efficiency. By
just looking at the financial ratio figures, one cannot tell how efficiently
banks utilize and allocate resources. Mukherjee et al. (2002) argue that
Stochastic Frontier Analysis and Data Envelopment Analysis (DEA) can

help resolve the problems of financial ratios mentioned above.

3.3 Statistical Problems of Financial Ratios

Even though we have seen a growth in the use of econometric specification to
analyse the profitability of financial firms using ratios, there are still potentially
hidden problems of which little is discussed in the literature. These problems of
non-proportionality and inter-temporal instability are usually considered
independently (see the seminal study by Sudarsanam and Taffler (1995)).
Interestingly, these problems have had little to no exposure in the banking
literature, even though ratios such as capital requirements under Basel Il are

prominent in central bank regulations.

Hence my aim is to re-analyse the statistical nature of bank financial ratios,
following Sudarsanam and Taffler (1995) by bringing together the theories and

discussions concerning these issues.

There are mainly two concerns in the literature. The first one is whether the
functional form of the numerator and denominator allows a comparison of ratios
to be meaningful. The second aspect is that since the primary purpose for using
ratios instead of their denominators is to control for size effects, if ratios fail to
control for size, in other words, if ratios turn out to be correlated with size, then

this purpose cannot be served.

Firstly, we will look at the functional form of financial ratios. Several authors
have pointed out that the relationship between numerator and denominator

should be linear and proportional. The majority of the literature, such as Lev and

Page 43 of 265



Sunder (1979) and Whittington (1980), support this argument stating that the
relationship between the numerator and denominator should satisfy a strict
proportional relationship. If we define the numerator as y and the denominator
as X, then the relationship between y and x can be expressed in the equation

below:

y=a+px+u 3.1

The strict proportionality requires that the power of x equals to 1 and the
intercept term o equals to zero. Namely, linearity and zero intercept, which can

also be simply expressed as

Y = Bx (3.2)

A violation of these properties makes comparisons of ratios invalid. Figure 3.1
indicates a disproportional relationship between return and equity. The line r,
which represents the industry norm, shows a disproportional relationship
between return and equity. It is clear from the graph that although A shares the
same ROE and C and B share the same ROE as D, firms A and B are able to
obtain a higher amount of return than average firms with the same level of equity.
Similarly, firms C and D can only have returns that are lower than average firms
in the industry with similar equity levels. Therefore, we can say that firms A and
B outperform the industry norm, and C and D underperform the industry norm.
Therefore, when ratios are not proportional, it does not make sense to use ratios
as an indicator for firm performance. The reason for a disproportional
relationship can be due to the fact that some part of the return of the company
might depend on the size of the company, represented by F. These returns may

come from grants, rents and some extraordinary items (De Andres et al. (2009))

Page 44 of 265



Figure 3.1. A disproportional relationship
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Figure 3.2 below shows a nonlinear relationship between the numerator and
denominator of the ROE ratio. When the industry norm curve r is nonlinear, even
though firms A and B have the same ROE, firm A outperforms the industry norm,

and firm B underperforms the industry norm.

Figure 3.2. A nonlinear relationship

Return ROE=k

Equity

Accounting figures are rarely clean and subject to manipulations. De Andreés et
al. (2009) provide three possible explanations for the nonlinearity of the
relationship between ratio components, namely, economies of scale, small firm
effect and earnings management practice. Firstly, there is likely to be a reduction
in the average production costs as firm size increases, which will cause a

relationship between return and assets or equity to be nonlinear; Secondly, small
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firms have more growth opportunities, thus higher risk-adjusted returns than
large firms. This has also been observed by Hopwood and McKeown (2003) in
terms of the extremeness of returns in small firms. When firms grow larger, this
extremeness seems to decline. De Andrés et al. (2009) presents evidence for both
positive extremeness and negative extremeness and find that the small low-
technology firms seem to be more innovative than big ones. However, in some
cases, small firms face financial constraints and lack professional managers,
which puts them in a disadvantaged position. Therefore, when small firms face
limitations and there exists economies of scale, the relationship follows a convex
curve; when small firms have more advantages than big firms in an industry and/
or diseconomies of scale exist, the ratio components relationship follows a
concave curve. Thirdly, earnings management caused by the manipulation of
accounting figures on financial statements of firms will cause nonlinearity in the
return to asset relationship. Large firms tend to practice more earnings
management than small firms, therefore, pushing the curve nonlinear and
concave. In conclusion, extraordinary items, economies of scale, small firm
effects and earnings management can all contribute to the distortion and

nonlinearity of financial ratios.

Moreover, McLeay and Trigueiros (2002) argue that the above proportionality
condition is insufficient to make ratio comparison valid. In addition to the
requirement that y/x is a constant, they believe that “when Y is proportional to
X, the rate of change of Y with respect to X remains constant and similar to ratio

itself”, which can be shown as

; = Z—)Y( (3.3)
This can be rearranged as
dy dX
v =3 (3.4)

This indicates that the relative change in Y equals the relative change in X.
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This condition is also called the scale invariance condition. The intuitive
explanation is that the relative changes in the numerator and denominator should
be similar. For example, in ROA ratio, when the size of the company has grown
three times, we expect the return to grow approximately three times as well.
McLeay and Trigueiros (2002) call it a multiplicative process, meaning that the
numerator and denominator grow at a similar speed. We also need to make sure
that the relative change in numerator and denominator are similar across
different firm sizes. If we cannot guarantee that the relative change of the
numerator is similar to the relative change of the denominator across different
sizes of firms, we cannot know whether a ratio above the norm is due to, for
instance, better profitability or liquidity, or just merely a characteristic of larger

firms.

There has also been empirical evidence indicating that the proportionality and

linearity relationship rarely exist in the real world. Sudarsanam and Taffler (1995)
use Box-Cox transformation to test the violation of proportionality condition on

24 commonly used ratios using a large sample of 500 companies from six

industries. The results indicate that the proportionality condition is not satisfied

for any of the 24 ratios and log linearity is a better description of the ratio

component relationship. The variation of the ratio components relationship

across industries and over time indicates that great caution needs to be exercised

when comparing ratios in different industries and different time periods.

In terms of the relationship between ratio and size, both De Andrés et al. (2009)
and Hopwood and McKeown (2003) find that the ratio is indeed affected by firm
size. In other words, they find that the variability of the relationship between
ratio components is less severe in big firms than in small firms. As they both
focus on the profitability ratios, it essentially means that the variability of
earnings/net income of big firms is less vulnerable to external shocks or non-
financial influences than smaller firms. If the level and the variability of ratios
are affected by size, it will cause statistical spuriousness when using ratios in

statistical analysis. If the results from ratio analysis are spurious, the
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conclusions made previously about the determinants of performance using ratios

as performance indicators should be re-examined (Wiseman, 2009).

In banking research or financial research in general, we often compare ratios
across firms of different sizes or use regression analysis to determine how the
independent variables on the right-hand side of the equation affect the dependent
variable on the left-hand side. A question as simple as ‘whether non-interest
income will determine the returns of a particular banking sector’ will incur the
consideration of bank size, as it is likely that the larger the bank is, the higher
the return and the non-interest income will be. Therefore, we usually divide both
variables by size with the hope to eliminate the effects of size. This leads to one
of the fundamental reasons for using financial ratios in market research: that is,

to isolate the effect of size.

However, if a ratio fails to control for size, in other words, if this ratio is not
independent of size, and if we do not include this ratio on the right-hand side of
the equation, we will face a standard omitted variables problem and the
coefficients we obtained for the right-hand side variables will be biased. On the
other hand, including size in the equation would also be problematic if size is

correlated with the variance of the independent variables.

By conducting a spearman correlation analysis on the relationship between size
and seven commonly used financial ratios as well as the size and standard
deviations of the ratios using a sample of all firms on Compustat from 1975 to
1994, Hopwood and McKeown (2003) find that size is highly correlated with
decile mean and decile standard deviations of the ratios. The ratios tested include
net income/Total assets, current asset/sales, long-term debt/Total assets etc.
More precisely, size is strongly negatively correlated with the decile standard
deviations of ratios, indicating that the larger the firms, the less cross-sectional
financial variability between firms. The explanation by Hopwood and McKeown
(2003) is that, for earning-type ratios, the extremeness in earnings will decline
as firms grow larger because small firms generally have higher bankruptcy rates

and likelihood of extreme growth. During the process of small firms growing
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larger, unprofitable firms will either drop out or be acquired, and the rest will
tend to diversify, which makes the earnings structure of these firms become more

similar.

Sherman and Gold (1985) emphasise the importance of examining the operating
efficiency of banks instead of merely focusing on financial ratios. The operating
efficiency of banks is different from profitability. Evidence shows that an
increase in operating efficiency is likely to increase profitability to a larger extent.
Therefore, it is of greater importance and relevance to study how efficiently

banks utilise resources to produce services and obtain financial outcomes.

To sum up, the abovementioned problems of non-proportionality and inter-
temporal instability are prevalent in banking data, prompting me to seek more
suitable measurements such as cost efficiency to analyse the performance of

banking firms to enable inter-bank and inter-temporal comparisons.

3.4 Modelling Bank Efficiency

There are two primary methodologies for efficiency estimation in the efficiency
literature: parametric approach and non-parametric approach. The main non-
parametric approaches are Data Envelopment Approach (DEA) and Free
Disposable Hull (FDH). As mentioned before, this thesis uses a parametric
approach -the Stochastic Frontier Approach (SFA) approach- to estimate cost
efficiency and economies of scale. Therefore, we will not discuss DEA in this
methodological review. The rationale for using the parametric approach is to
investigate the impact of regional economic factors on inefficiency in a meta-
frontier model. Using the DEA model would require significant algorithmic
model development to achieve this, which is beyond the scope of this study as

this thesis mainly focuses on empirical implications.

Within the parametric realm, current approaches can be generally classified into
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two categories based on the distribution of the error component: Approaches that
do not impose any assumptions on the error component and approaches that
make specific assumptions and use maximum likelihood estimation on the error

component.

In this section, we discuss the main parametric approaches. We give an emphasis
to the stochastic frontier approach, especially the Battese and Coelli (1995)
model where our stochastic meta-frontier (SMF) builds upon. In section 3.4.1,
we present the two concepts of efficiency: technical efficiency and economic
efficiency (cost efficiency). Section 5 presents the two categories of modelling
techniques: deterministic and distribution approaches and stochastic frontier
approaches. Within deterministic and distribution approaches in section 3.5.1,
we present corrected ordinary least square approach, thick frontier approach and
Schmidt and Sickles 1984 model; Within stochastic frontier approach in section
3.6, we review the two most widely used approaches on panel data studies:
Battese and Coelli (1005) Model and Greene (2005)’s true fixed effects model.
Finally, in section 3.6, we discuss input and output choices for building
efficiency models based on four different bank theories: production approach,

intermediation approach, value-added approach, and profit approach.

3.4.1 Different Approaches to Efficiency Modelling

Efficiency measures a producer’s deviation from the optimal utilisation of
resources. In other words, if a producer maximizes the outputs given a certain
level of inputs, we could say that the producer is efficient. Efficiency is
commonly measured as either technical efficiency or economic efficiency.
Technical efficiency focuses on the production technology, while economic
efficiency considers both technical efficiency and allocative efficiency.
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3.4.1.a Technical Efficiency

The producer has to have a certain type of technology to transform or redistribute
in order to convert the inputs into outputs. A production unit is technically
efficient if the reduction in one input requires the increase in another input or
reduction in at least one output, or an increase in output requires at least a
decrease in one other output or an increase in one input (Koopmans, 1951).
Technical efficiency can be measured from either output or input-oriented
perspectives. The output-oriented technical efficiency originally comes from the
production possibility frontier (See figure 3.3). The curve AA’ represents the
possible outputs when resources are fully utilized under the current technology,
assuming there are only two outputs Y1 and Y2, in this case. Any producer
producing under the curve is utilizing the resources in a sub-optimal way,
therefore indicating technical inefficiency. The ratio of OP to OQ can then be
used to measure technical efficiency. When P moves from O towards Q, the
producer becomes more efficient, and the ratio becomes larger.

Figure 3.3. Output oriented efficiency

Y2

Y2’

On the other hand, input-oriented efficiency can be demonstrated by the isoquant
in figure 3.4. The curve BB’ represents the combination of input X1 and X2 that
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can produce the same amount of output Y. The input mix will lie on the curve
BB’ if the producer is fully efficient, such as point Q. The ratio of OQ to OP
can be used to measure input-oriented technical efficiency. When a producer is
producing at point P, more resources of X1 and X2 are used than the most
efficient producer at point Q. Therefore, the less efficient the producer is, the
lower the ratio of OQ to OP. Therefore, the inefficient producer at point Q can
move towards the frontier by adopting a better technology such as improving
production facilities so that at least one of the inputs (X1 or X2) can be reduced

while maintaining the same level of output.

Figure 3.4. Input oriented efficiency
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The technical efficiency can be estimated using a translog functional form.
Below is an example of modelling an output-oriented production function. Let
f(x) be the function of the production frontier. Then the output-oriented technical

efficiency can be measured as:

TE(y, X)= % (3.5)

Therefore,
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yi = f(x_i, B)TE; (3.6)

where 0 < TE(y;,x;) <1 and B is the vector of the parameters of the
production function, and i is the ith firm in the sample. The production function
is usually in the log-linear form, therefore,

Iny; = Inf(X;, B) + InTE = Lnf (X;, B) — (3.7)

Where u; > 0 measures technical inefficiency, and u; = —InTE;.
Therefore,

TE; = exp(—u;) (3.8)

3.4.1.b Cost Efficiency

Cost, standard profit and alternative profit efficiency are the fundamental
concepts of economic efficiency. Cost efficiency is defined by Berger and
Mester (1997) as “how close a bank's cost is to what a best practice bank’s cost
would be for producing the same output bundle under the same conditions. It is
derived from a cost function in which variable costs depend on the prices of
variable inputs, the quantities of variable outputs and any fixed inputs or outputs,

environmental factors, random error, and efficiency” (p898).

Bank cost efficiency can be measured by how close the bank’s cost is to the
industry’s best practice, which is the ratio of the minimum cost to observed cost
(Kumbhakar and Lovell, 2003). The potential to lower the cost while still

producing the same output is referred to as cost inefficiency or x-inefficiency.
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Cost inefficiency can be seen as a product of technical inefficiency and allocative
inefficiency. According to Greene (2008), allocative inefficiency comes from a

suboptimal choice of input mix given prices and outputs.

In terms of advantages of cost efficiency, Berger and Mester (2003) believe that
economic efficiency is a superior efficiency measure for financial institutions
compared to technical efficiency and provides a better economic foundation
because it is “based on economic optimization in reaction to market prices and

competition, rather than being based solely on the use of technology.

Figure 3.5. Cost efficiency for two input and two output Case

Figure 3.5 presents the two-inputs and one-output scenario for cost efficiency.
A firm uses two inputs X; and X, to produce output Y. The isoquant QQ’
represent the best practice in the industry. A firm at point P can minimise its cost
by shifting the isocost towards the frontier until it is tangent to QQ' (see isocost
RQ"). In this figure, 0Q /0P is technical efficiency, and OR/0Q is allocative
efficiency. The economic efficiency (cost efficiency) is CE = OR/OP, which is

the product of technical efficiency and allocative efficiency (0Q/O0P) x (OR/
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0Q). A fully efficient firm will have a CE value of 1, and the inefficiency
represents the maximum cost a bank can reduce in order to produce the same
quantity of the output mix (DeYoung, 1997, Kumbhakar and Lovell, 2003).

This thesis adopts a cost function in the estimation for efficiency in Chapter 4.
Firstly, as previously mentioned, due to issues relating to accounting-based
profit and expense ratios, cost frontier analysis is deemed a more appropriate
performance measure to allow cross-sectional and inter-temporal comparisons.
That is, for cost frontier analysis, each individual bank is compared to a
hypothetical best practice bank that is simulated to be similar to be the bank it is
compared to with the same output combination and under the same market
conditions. This solves the inherent issues relating to accounting-based ratios
where different sizes, product mix, and market conditions can directly affect
banks’ revenue and expenses (DeYoung, 1997). Secondly, the cost frontier
paints a more realistic picture of the Chinese banking sector, where Chinese
banks choose the input mix that minimises the cost of producing output. The
majority of the efficiency studies on the Chinese Banking sector has adopted the
cost function for this reason (Fu and Heffernan, 2007, Berger et al., 2009, Du
and Girma, 2011).

3.5 Modelling Efficiency

3.5.1 Deterministic and Distribution Free Models

3.5.1.a Corrected Ordinary Least Squares (COLS) Regression Estimation

In deterministic frontier models, the deviation from the theoretical maximum is
attributed solely to the inefficiency without considering any external luck or

unexpected shocks.

Corrected OLS was first proposed by Winsten (1957). The deterministic frontier
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production function can be formulated as

Iny; = lny/ —u;, u; =0,

3.9
Iny; = f(xi; B). )

The model does not have any random error. We separate the intercept from the

rest of the model, and it can be reformulated as

Iny;, = a + BTx; — u; (3.10)

Where x; is a vector of inputs with an undefined functional form. In other words,
the variables may be in log forms for a log-linear function or may include cross
products for a translog function. We assume the distribution of -w; is
independent of all variables in the model thus E(—u;|x;|) < 0. In this setting,

the constant is the only parameter of our interest.

The model can be then written as

Iny; = (@ + E[—w]) + B"x; + (—u; — E[-w]) = a* + B"x; + ; (3.11)

Where e; are the residuals we will estimate. However, because E (u;) # 0, the
a estimated for a is biased because OLS regression will produce consistent slope
coefficients BT and a biased intercept. Therefore, the only problem with the
OLS estimates is the biased intercept. We can simply shift the estimated
production function upward until all residuals except the one on the frontier are

negative. All the OLS residuals after shifting are

€icoLs = €; — maxe; (3.12)

The Cobb-Douglas production function can be written as
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Y = bxP' x5y, (3.13)

Where
0<U; <1.
Taking logs, we can obtain

ln)/l = lnb + ﬁllnxli + ﬁzlani + an,_ =a+ ﬁlxli + ﬁzXzi —U; (314)

Where a = Inb,x;; = InX,,x,; = InX, and —u; = LnU;. It is deterministic
since the only stochastic element —u; is wholly attributed to efficiency.
Therefore, to compute the parameters, we should constrain u; to be non-negative.
That is

Iny, —a—B"x; <0 (3.15)

In terms of empirical applications, to the best of our knowledge, the majority of
them are outside of banking studies. For example, Cornwell et al. (1990)
implement a production function without imposing strong assumptions on the
distribution using panel data of US airlines between 1970 and 1981. They use
the generalised least squares (GLS) estimator, the within estimator and the
efficient instrumental variables estimator and find that the first estimator
generates different results than the third one, although they all indicate a
significant change in efficiency over time. Tandon et al. (2000) utilise the fixed
effects panel data model to estimate the frontier and overall efficiency of the
health system for 191 countries. They define a set of health system goals such as
responsiveness, fairness in financing and health inequality, in addition to
traditional health goals and find that health expenditure is not the only way to
achieve health goals and countries at all levels of health expenditures exhibit

inefficiency.

The main advantage of COLS is that it does not impose any specific assumption
on the distribution of inefficiency, and it is easy to compute. The major

disadvantage is that the frontier function is assumed to be deterministic.
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Therefore, the deviation from the frontier is assigned to inefficiency without
considering any random shocks. Moreover, The COLS model is also very
sensitive to outliers (Kumbhakar et al., 2015). As a result, the inefficiency
estimated using COLS may have an upward bias, meaning that the inefficiency

can be overestimated.

3.5.1.b TFA (Thick Frontier Approach)

TFA (Thick Frontier Approach) was proposed by Berger and Humphrey (1991).
It is also one of the distribution-free approaches since it does not impose any
assumption regarding the distribution of the error term. The sample is divided
into N quantiles according to a predetermined efficiency indicator such as
average output. Therefore, the firms with the largest average output are assumed
to be the most efficient. Then the efficiency frontier will be estimated using the
sample from the most and least efficient groups, respectively. The difference
evaluated at the mean values between the groups is considered only a result of
market factors and inefficiency. The comparison of the mean values is
considered to eliminate the influence of noise in the data. The advantage of the
TFA approach is that it allows for an error term within each quantile and the
between-quantile difference is solely due to market factor and inefficiency. The
drawback of this approach is that the criteria for stratifying the sample are not
unique, especially when there are multiple inputs and outputs. Furthermore, if
the sample is too small, there would be a shortage of observations in each

quantile.

3.5.1.c Schmidt and Sickles (1984) Distribution Free Approach

To capture bank-specific heterogeneity, fixed effects and random-effects models

can be estimated via:

Yie = f(Xies B) + &= Bo + xie B+ & (3.16)

Eit = Vit —U; U; 20,L= 1,...,N;t= 1,...,T
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Because u; does not change over time, it can capture this feature of the panel
dataset. Asthere is no assumption in terms of the distribution of u;, these models

are considered as distribution-free approaches (Schmidt and Sickles, 1984).

The fixed-effect model can be written as

Yie = a; + X B+ vy (3.17)

Where

a; = By —u; (3.18)

As for the fixed-effect model, the advantage is that it allows u; to be freely
correlated with x;,. This feature is especially useful when we assume
inefficiency is correlated with the input choices. There are some obvious
disadvantages as well. One is that these models do not let the inefficiency and
individual heterogeneity be separated. The other problem is that it is impossible
to include other time-invariant variables in the model since these variables and
the «a; together will cause perfect multicollinearity. This model is usually
estimated by the fixed effect model using within estimators (Kumbhakar et al.,
2015). Because the number of dummies is equal to the number of cross-sections,
if the number of cross-sections is large, it will cause difficulties in the calculation.
This difficulty can be overcome by a first-difference or a within transformation.

Then the estimated @, will be adjusted to obtain the estimated .

The problem with the time-invariant models is that they assume that the
management of firms does not learn over time, and thus the efficiency of a firm
does not change over time, which can be unrealistic, especially within a highly
competitive market such as the banking industry?.

3

There are time-varying models in the literature that accommodate the change in
productivity and efficiency. Similarly to time-invariant models, time-varying models can be
either fixed-effects or random-effects models. In the fixed-effects model, the time-varying
efficiency term is non-stochastic, and it is just a function of time. In the time-varying random
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The main advantages of distribution-free approaches are that the estimation does
not depend on the distributional assumptions of the inefficiency term u; and they
are easy to estimate. On the other hand, the disadvantage is that there is a lack
of information in terms of the statistical properties of the estimators of u;. To
distinguish inefficiency effects from random errors, we need to add a random
error term and impose a distributional assumption for both inefficiency and
statistical errors, the parameters of which can be estimated using maximum

likelihood estimators. Section 3.6 will discuss this method in detail.

3.6 SFA (Stochastic Frontier Approach)

The Stochastic Frontier Approach is proposed by Aigner et al. (1977) and
Meeusen and van Den Broeck (1977). Unlike distribution-free approaches, SFA
imposes specific assumptions in terms of the distribution of error terms. This
approach is also called the parametric approach. The idea is that the deviation
from the frontier is not solely due to the inefficiency of firms. There are other
factors such as luck and unexpected events that can affect this deviation.
Moreover, the measurement errors as well as the model misspecification can also
otherwise lead to change in efficiency levels. It assumes that each firm has its
own frontier and each frontier is placed under the influence of all the stochastic

disturbances. The stochastic frontier can be formulated as

yi = f(x))TE;e" (3.19)

Taking logs for both sides and reformulating the above equation, we can obtain

Iny,=a+B"x;+v,—u=a+Bx; +¢ (3.20)

Where u; is the positive error and v; is the unrestricted error. BT are the slope

effect models, the inefficiency is either a random term or a composition of a time-invariant
stochastic term and a time-varying deterministic term (Kumbhakar et al., 2015). There are a few
models that suit this purpose such as Cornwell Schmidt and Sickles model (Lee and Schmidt,
1993, Cornwell et al., 1990).
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coefficients. The statistical representation is that

u;~i.i.d.N*(0,02)

(3.21)
v;~i.i.d.N(0,c?)

In this example, the distribution of inefficiency term w; is non-negative,
following a half-normal distribution. Therefore the a + BTx; + v; represents

the stochastic frontier and —u; is the inefficiency term.

There also exist other distributions, such as truncated normal distribution and
exponential distribution, based on assumptions of the inefficiency term.
Stevenson (1980) proposes a truncated normal distribution that allows the
distribution of the inefficiency to have a non-zero mode, under the assumption
that there may be some degree of inherent inefficiency within the industry. As
the truncated model has one more parameter to estimate, it adds significant
difficulty in the maximum likelihood estimation. Meeusen and van Den Broeck

(1977) propose an exponential distribution for inefficiency u; , the density
function of which can be expressed as f(u;) = G) * exp (— %) where u; > 0

and A = 0. Similar to half-normal distribution, it has mode of 0, mean equal to

A > 0 and standard deviation of 12.

3.6.1 Battese and Coelli (1995) Model

Before going into the details of the Battese and Coelli (1995) model, we firstly
discuss existing techniques to measure the impact of exogenous variables on
efficiency. There are mainly three ways to examine exogenous factors that drive
efficiency. The first approach is the two-stage approach, and the second and
third approaches are both one-stage approaches, with different assumptions on

how exogenous variables interact with the models.

The two-stage approach is fairly straightforward. The first stage is to estimate
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efficiency using one of the models mentioned above. The second stage is simply
regressing the factor which could potentially influence efficiency on the
efficiency term obtained from the first stage. The second stage regression can

be shown as below:

EFF; = o, + Z OnZn + € (3.22)
n

Where z, are the environmental variables that, in theory, can influence
efficiency. We can use an OLS or a Tobit model to conduct the above regression.
The results from the two-stage model are considered to be biased because if the
efficiency term is assumed to be identically and independently distributed in the
SFA model, which is the case in most of the SFA models, then if the second
stage regression proves that the efficiency is dependent, the assumptions of the
first stage estimation are violated (Wang and Schmidt, 2002).

Within the literature where the one-step approach is used, there are mainly two
ways to include the exogenous effects. The first group of studies include
exogenous Vvariables as regressors in the main equation for frontier estimation.
These studies assume that exogenous variables affect the shape of the frontier.
Such studies include Good et al. (2013) on European and U.S. air carriers,
Abdul-Majid et al. (2011) on Malaysian commercial banking industry, Berger
and Mester (2001) on US banks and Goddard et al. (2014) on banks in Latin

America.

The second group of studies assume that, instead of affecting the shape of the
frontier, exogenous variables directly affect the magnitude of the efficiency
effects only. This is first modelled by Battese and Coelli (1995) and tested on
the data from Indian paddy farmers for a ten year period from 1975-76 to 1984-
85. The parameters of the stochastic frontier and the model for the technical
inefficiency are estimated simultaneously. The model assumes that exogenous
variables have a linear relationship with the mean of the distribution of

inefficiency effects u;;. The mean of the distribution can be expressed as m;; of
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a function of z;;

ml't = the + Wit' (3.23)

We can see from the subscripts that the mean of the distribution is observation
specific. That is, for each observation, it has its own distribution, thus its own
expected value. Where z;; are the set of exogenous variables that may affect the
inefficiency term wu;,. W;, is a random variable that has the distribution of
N=7i9(0,¢2). The truncation point is —z;.6, so that u;, has the distribution of
N*(z,0,0%). That is, a positive truncation at 0 with a normal distribution with

mean z;;0 and variance 2. This model is commonly called BC(95) model. 8 is

2
a vector of parameters to be estimated. One can look at y = —

2
u u

to see whether

there is a sign of model misspecification, although this is not conclusive.
Nevertheless, a value of y close to 0 indicates that the model is close to purely

stochastic, and a value of 1 indicates a strictly deterministic model.

This model has been widely used in the efficiency literature, which incorporates
exogenous variables, such as Lozano-Vivas et al. (2002) on banks in 84
countries, Kasman and Yildirim (2006) on new EU countries during the
transition and Xiang et al. (2013) on a comparison studies on Australian,
Canadian and UK banks.

As discussed in chapter 2, as regional disparity being our main research interest
in terms of the efficiency estimation process, we adopt a SMF approach to
estimate efficiency scores in chapter 4. The Battese and Coelli (1995) model is

the foundation that our SMF builds upon*.

4 We do not use Greene (2005)’s true fixed effects model as this model has significantly
more parameters to be estimated, and our data being unbalanced, making convergence in the
maximum likelihood iteration process a major difficulty.
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3.6.2 Greene (2005)’s True Fixed Effects Model (TFE)

Although the Battese and Coelli (1995) model has been used widely in empirical
studies based on panel datasets, it does not separate individual effects from
inefficiency. This problem is solved by Greene (2005) with a model formulated

as

Yie = a; + X B+ vie T Uy (3.24)

where x;, is a vector of inputs and other explanatory variables, and g is a vector
of unknown parameters to be estimated. a; are the fixed parameters that
represent individual fixed effects that are not part of inefficiency. This model is
also called the “true fixed-effects” stochastic frontier model. The only difference
between the “true fixed-effects” and the standard fixed effects model is that
Greene (2005)’s model contains one additional time-varying efficiency term
+u;:, where the sign of u;; depends on if it is a cost (+) or a production/profit (-)
frontier. «; are fixed parameters representing unobserved individual effects that
do not contain inefficiency. When «; are treated as random variables, the above
model becomes the “true random-effects” (TRE) stochastic frontier model. The
sign of u;; depends on whether we are estimating a production/profit function
(-) or cost function(+). Different distributional assumptions can be imposed on
the inefficiency term u; for both TFE and TRE, including half-normal,
truncated normal and exponential distributions. Similar to Battese and Coelli
(1995) Model, the inefficiency term can be expressed as a function of a list of

exogenous variables.

There are several limitations of Greene (2005) ’s TFE model. The first problem
is the vast number of parameters to be estimated, especially when the number of
firms in the sample is large. The second issue is the incidental parameters

problem resulting from fixed effects a; in the frontier model. The incidental
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parameters problem arises when the number of parameters increases with the
number of cross-sections, rendering the estimates of vector 3 to be biased and
inconsistent. Greene (2005) find that in a sample with small and relatively large
group sizes, there indeed exist evident biases both in estimates of coefficients
and inefficiency. However, when T is large, there seems to be less bias in the
parameter estimates. He also finds that the random-effects model produces more
distorted results, and it is less consistent, especially with the assumption of
efficiency being independent of explanatory variables. To resolve the incidental
parameters problem, Wang and Ho (2010) updates Greene(2005)’s models
through within and first-difference transformation of the model while the closed-
form likelihood function is maintained. As «; s are dropped from the model,
consistent estimates can be obtained, meaning that the incidental parameter
problem would be eliminated. As the number of parameters needing estimation

is reduced, the difficulty of estimating too many parameters is also reduced.

Another limitation regarding Greene(2005)’s fixed effects models relates to their
inability to separate persistent inefficiency from unobserved heterogeneity.
Although Greene (2005) ’s TFE and TRE models can separate individual
heterogeneity from time-varying inefficiency, they do not consider persistent
technical inefficiency, which can represent effects of inputs such as management
which does not vary over time, unless there is a change in policy or ownership
(Kumbhakar et al., 2015). This problem is solved by the more recent
development of models that overcome the limitation of earlier models by
separating firm effects, persistent inefficiency and time-varying inefficiency. For
example, Kumbhakar et al. (2014) split error term into four components: firm-
specific heterogeneity, short-run time-varying efficiency, persistent time-

invariant inefficiency and random shocks.®

5> We do not go into details of the more recent models that separate persistent
inefficiency from time-varying inefficiency, such as Kumbhakar et al. (2014), as these models
are outside the scope of this Thesis.
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3.6.3 A summary of efficiency models

Empirical studies using models such as the Battese and Coelli (1995) model
often simply pool the panel data and treat them as cross-sectional. That is, the
same units observed at different points in time are treated as separate units.
However, these models do not take into account the time-invariant and
individual-specific characteristics contained in panel data. Among the
abovementioned models, including the distribution-free models and stochastic
models, only Schmidt and Sickles (1984) and Greene (2005) ’s True Fixed
Effects Model (TFE) account for the time-invariant individual heterogeneity
within the panel data. Schmidt and Sickles (1984) distribution-free model
assumes inefficiency to be individual-specific and time-invariant. However, the
unobserved heterogeneity is contained within the inefficiency term, meaning that
the model cannot distinguish inefficiency effects from unobserved time-
invariant heterogeneity. Therefore, the inefficiency estimated using the time-
invariant inefficiency models such as Schmidt and Sickles (1984) might partially
and entirely be attributable to individual heterogeneity (Greene, 2005). Another
drawback of time-invariant inefficiency models is that it might not be reasonable
to assume that the inefficiency of a firm does not over time, especially when the
frontier is estimated over an extended period. In contrast, Greene (2005) ’s TFE
model allows for the separation of individual effects from inefficiency.
However, it suffers from the drawbacks of estimation difficulty and incidental
parameter problems. Furthermore, it is unable to separate persistent inefficiency
from individual heterogeneity. More recent models, such as Kumbhakar et al.

(2014)’s four-error-component model, are aimed to tackle these issues.

3.7 Literature Review on the Theories of the Banking Firm
There are different inputs and outputs choices to model bank operations. This is

mainly due to the different objectives in different banking industries and the

evolution of the role of banking firms over time.
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There are four main approaches to model banking firms in the literature: the
production approach, the intermediation approach, the value-added approach,
and the profit approach. Here we will review these models of the banking firm
in chronological order to illustrate how changes of bank models correspond to

and adapt to changes in bank functions.

3.7.1 Production Approach (Banks as Producers of Loans)

The production approach treats banks as firms that use capital and labour to
produce different kinds of deposits and loan accounts (figure 3.5). In this
approach, a ‘flow’ measurement — the number of deposits and loan transactions
per unit of time, rather than the financial values, i.e. a ‘stock’ value of deposits

and loans — is used to measure outputs.

According to Benston (1972), measuring inputs and outputs of banking firms is
less problematic than other types of firms. This is mainly due to the homogeneity
of the inputs and outputs of financial institutions. When measuring costs, the
problems of externalities (social costs) and a poor reflection of economic cost
(or opportunity cost) on accounting figures are less severe in financial

institutions compared to non-financial firms.

In terms of what to include and what to exclude in the cost of production,
Benston (1972) argues that the majority of costs of financial institutions come
from salaries and supplies; In addition, the opportunity cost of different reserve
requirements and varying taxation on income should also be excluded because
these are not from operations. He also emphasises that annual data or changes
in data should be used to avoid the problem of mismatch between expenses and
outputs.

In terms of the output of financial institutions, Benston (1972) argues that the
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number of deposit and loan accounts made is the best measurement for bank
outputs. He explains that this is because, from a bank production point of view,
it is most closely associated with bank operations. By using this measurement,
bank outputs can be directly related to operating costs. Thus the marginal cost
for a particular type of output can be calculated, which is beneficial for bank

managers in decision making.

Benston and Smith (1976) provide a transaction cost approach to understand the
production of financial intermediation. They view financial institutions as firms
that use inputs such as capital and labour to produce specialised financial
commodities, and they use the revenues obtained from selling these commodities
to cover all the costs. The existence of financial intermediaries is to reduce
transaction costs. They emphasize that the main reasons for capital and labour

costs in financial institutions are documentation, information and monitoring.

Figure 3.5. Production Approach

Outputs: The Number
Inputs: Capital and of Deposit and Loan

Labour transactions or
Accounts

Figure 3.5 presents the inputs and outputs choices for a production approach, where banks are

firms that use capital and labour to produce different quantities of deposits and loans.

3.7.2 Intermediation Approach (Banks as Intermediaries)

As opposed to the production approach in which outputs are treated as a ‘flow’,
the intermediation approach regards outputs as a ‘stock’, which is measured by
the value of loans and investment (Heffernan, 2005). Costs include both
operating costs and interest costs. The intermediation approach sees bank
production as a multistage process, where loanable funds act as an intermediate

product that serves as an output from labour and capital and an input for
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producing earning assets.

Figure 3.6. The Intermediation Approach

Inputs: Intermediate
Capital Input:

Outputs:

Deposits Earning
(Loanable Assets (loans)
Materials Funds)

Labour

Figure 3.6 presents an intermediation approach for banking where deposits are seen as an output

from labour and capital and an input for other earnings assets such as loans.

Sealey and Lindley (1977) apply the theory of firms to financial institutions and
propose that financial firms act as agents for funds transformation, from surplus
spending units to deficit spending units, in order to achieve financial
intermediation. They argue that economic outputs rather than technical outputs
should be used because economic outputs are more closely related to financial
firms’ decision making. That is, only the services provided by financial firms
that are valued higher than the original inputs can satisfy the requirement for
outputs. Thus, earning assets should be treated as outputs, and deposits, which
incur positive costs without yielding any direct revenue, should be treated as
inputs. The labour, capital and material costs together with interests paid by
financial firms to provide services for depositors are a way to pay for the use of
funds. Thus, these services act as payment for the inputs. They also argue that
if our purpose is to apply the general theory of firms to financial firms, banks
should be treated as profit maximisers rather than rational investors. They argue
that although demand deposits services provide benefits to society, from a profit-
maximising point of view, these social benefits are not banks’ concern. Only
the market valuation of output should be considered as output, which should be

measured by earning assets.
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3.7.3 Value-added Approach (Banks as Value-Adders)

Under the value-added approach, deposits are treated as a vital part of bank
outputs. Unlike the intermediation approach, for which the deposits are seen as
an intermediate stage product used to produce final output (loans), the value-
added approach incorporates both input and output functions of deposits
(Humphrey, 1992). That is, the cost of obtaining deposits is considered as an
input, while the safe-keeping service that the bank provides is considered an

output.

More specifically, in terms of inputs, Humphrey (1992) argues that if only labour
and capital are included as costs, it would ignore banks' costs in raising funds to
support their operations. This is because large banks often use purchased funds
to complement self-raised deposits. Hence, if only labour and capital costs are
included, and funding costs are ignored, the model would omit an important cost
required to provide standard banking services. That is, if inputs are measured as
a proportion of labour and capital cost as part of the total cost, then the dynamics
between numerator (labour/capital cost) and denominator (total cost) will be less
reliable and less stable, as this input measure can be significantly impacted by
the cost of funding (Sudarsanam and Taffler, 1995, Humphrey, 1990). Thus,
total costs, including both operating expenses and interest expenses, are a more

comprehensive representation of inputs.

In terms of outputs, because the production of deposit services accounts for
nearly half of the capital and labour inputs, only including loans and other
earning assets as outputs seems to be incomplete. Humphrey (1992) developed
a total factor model which includes both loans and deposits in the production
function of the bank. He uses both stock and flow measurements for deposits
and finds that the results differ between these two measurements. The model

can be summarized in figure 3.7 below.
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Figure 3.7. Value-Added Approach source: Humphrey (1992)

Inputs Outputs

e capital * payment and safe-

e labour keeping(demand
deposits,savings and
small denomination time
deposits)

¢ Intermediation and loans
(real estate loans,
installment and credit
card loans, commercial,
argricultural and
industrial loans)

e costs of demand deposits

e costs of small time and
savings deposits
e costs of purchased funds

Figure 3.7 presents a value-added approach where banks incur costs such as capital and labour
costs as well as the cost incurred in obtaining funding to provide services to society, such as
payments and safekeeping and intermediation and lending. The costs of obtaining deposits and
other funding are regarded as inputs, while the amount of the book-keeping services relating to
deposits are outputs.

3.7.4 Profit Approach (Banks as Profit Maximisers)

The profit approach views banks as profit maximisers rather than merely cost-
minimizers. Mullineaux (1978) argues that regulators should not only be
concerned with technical efficiency but also allocative efficiency. Because if a
bank is profit-inefficient, it means that the bank failed to utilise the resources to
their highest value. The theory of profit function was originally developed by
MacFadden (1966). It assumes banks are price takers and allows consideration
for economic efficiency, which can be decomposed into technical and allocative
efficiency. Mullineaux (1978) applies this profit function to the banking
industry. He defines profit function as the expression of ‘maximized profit as a
function of prices of output, variable factor inputs and quantities of fixed factors
in a competitive market’ (Mullineaux, 1978: 260). The profit efficiency
increases when output prices increase, input prices decrease, and the quantities
of fixed factors increase. A bank is considered more technically efficient if it

constantly produces more output than other banks given the same amount of
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input. Likewise, a bank is considered more profit-efficient when it maximizes
output prices and minimizes input prices and quantities. The main benefit of
using the profit approach as opposed to the production approach is that the level
of output is not included in the profit function. Since the production and cost
function estimates are sensitive to the definition of output, the profit function can
avoid this problem. The profit approach can be summarized as:

T=RY-PX (3.26)

Subject to a technology constraint

t(Y,X,F) =0, (3.27)

where Y is a vector of bank output including a variety of loans and services, and
X is a vector of variable inputs such as labour, materials and deposits. R’ is a
vector of exogenous prices for bank loans and services, and P’ is a vector of
given input prices and interest rates. F is the level of fixed input that remains

the same during the production period.

Berger and Mester (2003) also point out the main advantages of the profit
approach. They argue that the standard cost function can be misleading when
examining the performance of banks. In their study of US banks during the
period of 1991-1997, they find that their cost efficiency decreased while profit
efficiency increased. This result proves the hypothesis that during the era of
technological change and an increasing price for raising funds and deposits, the
costs of inputs are likely to increase significantly. However, banks use these
additional costs to improve the quality and increase the variety of services, which
in turn makes banks generate more revenue. Thus, profit efficiency increases

despite the decrease in cost efficiency.
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As mentioned before, unlike the cost minimization approach, which focuses on
minimising variable costs subject to given prices of inputs, quantities of output
and environmental factors, the profit approach focuses on profit maximization.
It is regarded as superior to the cost minimization approach because it suits the
managerial goals, which take both revenue and costs into account. Thus, if a
managerial strategy will incur additional costs but will increase revenue to a
larger extent, this strategy should be considered appropriate since it will improve
overall profit (Berger and Mester, 2003). The standard profit maximization

model can be specified as:

In(m + 0) = f,(X,) + Inu, + Ing,; (3.28)

In this model, output prices will replace output quantities in the cost function,
with all other business conditions remaining the same. Therefore, output prices
are considered a major factor that influences the choice of outputs when

maximizing profits.

The alternative profit maximization model specifies logged output quantities in

the X vector, rather than in logged output prices Inp:

In(m + 6) = fo,(Xe) + Inug, + Ingy, (3.29)

The profit approach implies that when we measure the productivity and
efficiency of a banking system, we should always choose the most appropriate
model. For example, mutual or thrift banks might focus more on cost-
minimizing rather than profit-maximizing because their primary function is to
provide services rather than to maximize profits. State-owned banks may also
have different business models than private banks.
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3.5 Conclusion

In this chapter, we have explored issues of non-proportionality and inter-
temporal instability associated with accounting-based financial ratios and
provided a justification for using cost efficiencies obtained from a cost frontier
function as a preferred measure for bank performance. We then reviewed the
concepts of technical efficiency and cost efficiency and reviewed both
deterministic and distribution-free approaches and stochastic frontier
approaches. We examined two commonly used stochastic frontier models: The
Battese and Coelli (1995) model and Greene (2005)’s true fixed effects model.
We justified our choice of Battese and Coelli (1995) to be more suitable for our
efficiency estimation due to its ability to allow us to specify the functional form
of the inefficiency term as well as higher data requirements needed for Greene
(2005)’s model in terms of convergence. Finally, we reviewed the four
approaches to the choices of inputs and outputs. We choose the intermediation
approach as it is most suitable in terms of our data availability, and previous
efficiency studies on Chinese banks have chosen mainly the intermediation
approach (Berger et al., 2009, Du and Girma, 2011).

In the next chapter, we will adopt a stochastic meta-frontier (SMF) approach,
which is built upon the Battese and Coelli (1995) model, and an intermediation
approach to inputs and outputs choices is implemented.

Page 74 of 265



Chapter 4. Environmental Impact on Cost Efficiency of

Chinese Regional Commercial Banks
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4.1 Chapter Summary

This chapter is arranged as follows: Section 4.2 is the introduction. In section
4.3, we present the motivation of the research and section 4.4 gives a brief review
of studies on the regional banking sector, especially in China. Section 4.5
introduces the main methodologies for the entire chapter, including the
methodology for cluster analysis and Stochastic Meta-frontier (SMF) approach.
Section 4.6 demonstrates the implementation of these methodologies in this
study, including model specifications. Section 4.7 offers the data description. In
section 4.8, we present the result analysis from cluster analysis, and section 4.9
presents the results from estimations using a pooled frontier, cluster-individual
frontiers and the meta-frontier. Cost efficiencies and cost gap ratios are also
analysed. Section 4.10 offers results from economies of scale estimation from
both individual frontiers and the meta-frontier and regression results on the
determinants of economies of scale. Finally, 4.11 gives the conclusion of the

chapter and policy implications.

4.2 Introduction

This chapter investigates regional differences in cost efficiencies in the Chinese
commercial banking system. Previous studies which have examined the
efficiency of Chinese banks have predominantly viewed and studied the Chinese
commercial banking sector as a whole (Fu and Heffernan, 2007, Kumbhakar and
Wang, 2007, Berger et al., 2009, Jiang et al., 2009, Du and Girma, 2011). That
is, the commercial banks in China have been modelled using one single frontier,
under the assumption that they are operating under a homogeneous technology.
This study shows strong evidence which is against this assumption. In other
words, we find that due to differences in geographical, demographical,
economic, and financial development, regional commercial banks in China
operate under different technologies and estimating efficiencies of them using
one single frontier may be inaccurate. To the best of our knowledge, this study

is the first one in the literature which employs the stochastic meta-frontier (SMF)
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technique in modelling regional disparities in the commercial banking industry

in mainland China.

Firstly, we adopt a new algorithm - a two-stage hybrid hierarchical k-means
clustering method. This method is considered more accurate than the traditional
hierarchical or k-means clustering as our method maximises the advantage of
both by forcing starting centres of second-stage k-means clustering to be
determined by the results obtained from first-stage hierarchical clustering (Chen
et al., 2005). The second superiority of this algorithm is that we determine the
optimal number of clusters in an ad hoc manner by using the sum of squares of
final cluster results instead of deciding on the optimal clusters based on partial

results from first-stage hierarchical clustering.

We then use the results from cluster analysis to estimate a stochastic meta-
frontier (SMF) approach developed by Huang et al. (2014). Moreover, this study
also investigates a set of microeconomic factors and macroeconomic factors
which potentially influence individual cost efficiencies as well as technology gap
ratios (TGRs) or cost gap ratios (CGRs). We find that, for all three clusters, the
primary source of cost inefficiency comes from a substantial technological gap
between the cluster-specific frontier and country meta-frontier. We find that
banks in different regions defined by the cluster analysis are affected by different
microeconomic variables. Cost efficiency in cluster 1 (the Inland Region) is
found to be positively affected by higher capital requirements and lower levels
of non-performing loans. In terms of macroeconomic conditions, we find that
the deviation from the best available technology is mainly affected by the
inferior economic and industrial conditions, including foreign bank presence,
banking industry concentration and competition, as well as urbanization. More
specifically, banks can narrow down technology gaps through increased foreign
bank presence, increased banking competition and reduced concentration, as
well as acceleration in regional urbanization. Banks in cluster 3 - the
Northeastern and Coastal Region - appear to be the most cost-efficient, and

banks in cluster 1 - the Inland Region - are found to be the least cost-efficient
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compared to meta-frontier. In terms of the Inland Region, it is found that the
deviation from meta-frontier mainly comes from a low urbanization rate, while
the technology gap between cluster 2 - the Eastern Municipalities - and meta-
frontier mainly comes from an overly concentrated regional banking sector.
Although there exhibits managerial inefficiency in the banks in all regions, the
technology gaps provoked by the regional disparity in economic conditions seem
to be an overriding factor that diverges them from the best practice. Thus, this
study gives an excellent insight into how banks in different regions perform and
gives vital information for government and regulatory bodies as well as banks

themselves to make region-tailored strategies to improve banking efficiency.

Lastly, we estimate economies of scale (ES) from both individual frontiers and
the meta-frontier and examine how the adoption of meta-frontier technology
would affect scale economies in each region. We then further investigate the
determinants of economies of scale, including a list of bank-specific
characteristics such as investment banking activities, liquidity, credit risk,

capital, and insolvency risk.

4.3 Motivation

Existing literature primarily estimates Chinese commercial banks under one
frontier. A table of literature review on a list of selected efficiency studies of

Chinese commercial banks is given in appendix 1.

The geography of banking systems has been an interesting yet under-researched
area in the literature.  The studies which examine the impact of regional
economic conditions on bank performance are focused on the US banks (Meyer
and Yeager, 2001, Daly et al., 2003, Emmons et al., 2004, Furlong and Krainer,
2007), and they find mixed results in terms of whether regional risk is an
important factor for bank risk. The focus on the US banking sector may be due
to the public availability of branch-level data via central bank websites.
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Regional disparity in economic development within China has been confirmed
in a wide range of literature(Litwack and Qian, 1998, Sun and Yamori, 20009,
Sun et al., 2013). However, in the literature where the performance of Chinese
banks is examined, banks are always treated as if they operate under the same
economic environment (Berger et al., 2009, Du and Girma, 2011, Fu and
Heffernan, 2007, Jiang et al., 2009), even though theory and evidence suggest
that financial development across regions, especially for a country with a vast
area and economic disparity, are never ‘space-neutral’ (Crocco et al., 2010,
Klagge and Martin, 2005). That is, financial development across different

regions heavily relies on geographical, economic, social and political factors.

Therefore, it is of very much interest as well as necessity to re-examine the
performance of Chinese commercial banks from a regional perspective. More
importantly, we aim to use a more appropriate model, i.e. meta-frontier model,
to avoid false assumptions of a homogenous environment for all banks. Finally,
it would be of interest to find out how Chinese banks utilise regional economic
development and how they react to regional economic risks, compared to the
results from comparable studies in the US and Brazil, especially when Chinese

banks’ lending behaviour is influenced by government decisions.

4.4 A Review on the Regional Studies of Commercial Banking Systems

There have been established studies that discuss the geographic disparity of
financial development in a country. Klagge and Martin (2005) provide
theoretical and empirical evidence that financial development does not operate
in a ‘space-neutral’ way in that financial markets in a country are usually not
fully integrated and the demand and supply of funding locally and their
proximity to financial centres highly restrict the health and growth of regional
financial systems. Alessandrini et al. (2009) also recognise the existence of

Page 79 of 265



regional economic disparities and a potential development gap between global
banking markets and a local banking environment. Thus, the efficiency of
standardised financial products may be constrained by their local economic
situations. They propose that banking products and services need to be
strategized locally in order to meet the need for their specific requirements for
local development. Dow and Montagnoli (2007) find that the effects of monetary
policy differ across different regions in the UK, and its efficacy lessens in the
peripheral regions due to them lagging behind in the economic cycle. Ashton
and Gregoriou (2014) further confirm that regional banks in the UK react to
monetary policy differently. They find that regionally and nationally branching
banks in the UK realize deposit interest rates differently. Therefore, they suggest
that policymakers should take regional development requirements into account

when setting monetary policy.

Crocco et al. (2010) examine the regional structure of Brazil’s financial system.
They argue that regional development affects financial development and bank
operations in many ways. Especially, regional economic conditions and
financial development have a reinforcing effect on each other. Since peripheral
regions present higher requirements for liquidity in both banks and consumers,
due to limited investment opportunities and higher credit risk due to
disadvantaged economy, they tend to charge higher interest rates and curb the
maturity as well as the volume of loans issued, affecting banks’ loan and deposit
generating ability directly. From their argument, we should expect a
disadvantage of efficiency in terms of generating loans and deposits for
peripheral banks, holding other factors equal. Therefore, peripheral regions
become less and less attractive for banks to establish branches or headquarters,
which means that the financial system of a country is usually highly concentrated
in the centre areas, leading to what Crocco et al. (2010) call a ‘core-periphery’
structure. In the case of China, Beijing as a political Centre and Shanghai as a
financial centre can be regarded as the central part of the ‘core-periphery’
structure compared to the rest of the regions. Indeed, this ‘core-periphery’

structure can be hierarchical, which means that regions where the centres are
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situated, such as eastern areas where Beijing and Shanghai are located, can be
regarded as the ‘core’ areas compared to the western part of China. Crocco et
al. (2010) define a region as central by population density, level of wages and
diversity of the secondary and tertiary sector. They divide Brazil into four
regions (northeast, southeast, south, centre-west) and by using a spatial panel
model, they find that municipalities with higher level of financial development,
measured by tax paid by bank branches and credit supply, tend to be surrounded
by municipalities where banks have a low level of financial activity. They also
find the number of employees, average wage and number of bank branches to be
good predictors of financial development.

There are also several studies that use US data to examine whether regional
economic shocks have an impact on regional bank performance. The results are
mixed, however. Studies such as Daly et al. (2003) and Furlong and Krainer
(2007) find evidence of systematic effects of economic conditions on bank
performance, while Meyer and Yeager (2001) find that regional economic
conditions are not important risk factors for bank performance. Emmons et al.
(2004) also find that regional risks for small community banks are not so
important as these banks can always diversify their risks away through portfolio

management.

Although there are studies that noticed the disparity of regional development of
the Chinese economy and financial development (Litwack and Qian, 1998, Sun
and Yamori, 2009), there have been very few studies on the regional economic
condition with banking sector specifically. Within the limited literature, we only
review the most relevant ones as below. Yang et al. (2015) demonstrate that
socio-economic and demographic features greatly impact the performance of
bank branches. They use a spatial econometric model to analyse and compare
local branch performances of the world’s biggest bank — Industrial and
Commercial Bank of China (ICBC) from 2000-2010 across six different regions.
The authors follow the value-added approach and proxy bank performance using

the deposit quantity, and they find that ICBC relied on the Yangtze River Delta
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and Bohai Sea region to generate the majority of the output while central regions
in China were under-performed. They also find that the population of workers
in the region is negatively related to the deposit performance of bank branches.
They interpret these results as an indication that bank branches do not rely on
the local population but depend on transferring from worker-populated regions
and other sources such as government or corporations to obtain deposits. One
of the biggest problems with this study is that by using deposits as the sole
indicator of bank performance, it ignores another major output - banks-loans.
This may hinder the accuracy of the results, therefore, making their conclusions
questionable.  Furthermore, without considering the dynamic relationship
between inputs and outputs, the deposits alone may not be able to reflect the

managerial side of the bank branch performance at all.

To the best of our knowledge, the only study that examines the impact of regional
development on bank efficiency of Chinese regional commercial banks is (Sun
et al., 2013). Due to a lack of branch-level data, they select city commercial
banks as a sample since city commercial banks are believed to operate majorly
within one province. They use both translog and fourier flexible form of a profit
function to estimate profit efficiencies of city commercial banks during 2002-
2009. In the second stage, they use ordinary least squares (OLS) regression to
examine the effect of regional development measured by provincial GDP per
capita on profit efficiency. They find that regional development has a positive
impact on the profit efficiency of city commercial banks. However, it hinders
the positive effect of strategic investors, which can be an indication of the

ineffectiveness of governmental control.

Since this is the main study we build upon, we offer a critique by stressing the
limitations of the study as follows. Firstly, although the study uses the provincial
level data of regional economic conditions, it assumes banks in different regions
operate under the same technology by using one frontier for all regions. This
gives us one of the motivations to change this assumption and re-examine this
hypothesis by estimating banks using a meta-frontier approach. Secondly, the

study uses a two-step approach by first estimating profit efficiency and then
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regressing environmental variables on profit efficiency scores in the second step.
It is well-established in the literature that the two-step approach is considered
inferior to one-step in many ways statistically (Wang and Schmidt, 2002). Last
but not least, this study only uses one GDP per capita as the sole indicator of
economic development, which may not be sufficiently comprehensive as other
economic and monetary condition indicators may also play an important role
influencing bank performance, such as competition and concentration in the
regional banking sector, inflation rates, urbanization etc. (Bos and Schmiedel,
2007, Goddard et al., 2014).

In conclusion, different regional requirements in terms of monetary and banking
policies are well-established in the literature, and there has been some evidence
of regional impacts on bank performance in China. This prompts us to apply a
new methodology that addresses potential biases in previous Chinese studies and
assess whether regional impacts persist in a more recent time, especially after
the financial crisis. As far as | am aware, this is the first study in the literature
that clusters Chinese provinces into regions and models them separately using

different frontiers enveloped by country meta-frontier.

4.5 Methodology

The primary methodologies used in this study, i.e., cluster analysis and the

stochastic meta-frontier (SMF) approach, will be discussed in this section.

4.5.1 Cluster Analysis - Hybrid Hierarchical K-means Clustering

To conduct our meta-frontier analysis, we first need to define the different
technology groups. Recall Chapter 3, we define technology as a decision unit’s
ability to transform inputs into outputs. The combination of inputs and outputs a

firm chooses is constrained by the opportunities and resources available to them,
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depending on in which industry, region or country the production occurs. The
differences can range from the availability of capital, labour, quality of
resources to the social and economic environment (O’Donnell et al., 2008). The
most common methods adopted to define the technology groups in the meta-
frontier banking literature are either by ownership types (Kontolaimou and
Tsekouras, 2010, Goyal et al., 2019, Abdul-Majid et al., 2017) or geographical
locations(Bos and Schmiedel, 2007, Huang and Fu, 2013, Lee and Huang, 2017).
Among the limited number of Chinese banking meta-frontier studies, to our
knowledge, they all focus on the heterogeneity of ownership types rather than
geographical or economic environments(Lee and Huang, 2019, Zhu et al., 2020,
Yinetal., 2018). In particular, they assume state-owned banks, joint-stock banks,
city commercial, and foreign banks operate in different market segments due to
different economic, financial, political and geographical restrictions. This is
indeed a plausible method to classify technology groups since these studies
include all banks with different ownership types in the sample. As our study
includes city and rural commercial banks only, there is minimal heterogeneity in
terms of ownership types in our sample. Instead, the primary heterogeneity in

our sample comes from geographical and economic environments.

Traditionally, the boundaries of banking markets are mainly based on
geographical locations as the boundaries of banking markets are believed to be
defined by the demand side. Consumers of financial services, including
households and businesses, define the markets, meaning that banking markets

are initially local and small. Kwast et al. (1997) find that financial services

markets are predominantly geographically local for both households and
businesses in the US banking system. This is especially true for depository
institutions where most customers including both households and businesses are
local. They also find that both asset and credit services cater to local customers
within each state in the US. Radecki (1998), however, argues that due to the
relaxation of branching restrictions and reorganisation of bank holding
companies, banking markets are larger and more competitive in the US. It is also
driven by the fact that products provided by financial institutions are becoming

more homogenous. Jackson and Eisenbeis (1997) employ a multivariate
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cointegration analysis using a sample of consumer deposit rates from 29 different
local banking markets to test if consumer deposits rates in distinct geographical
locations are genuinely independent. They find strong evidence that deposits
rates are well-integrated in a national market, proving that interstate restrictions
do not restrict the market locally. On the other hand, regarding the UK banking
market, Ashton (2009) find that there still exist regional deposit markets.
Utilising an OLS regression model to test the impact of branch overlap on
dissimilarity of interest rates between bank pairs, substantial differences were
found in interest rates between banks with regionally focused branch networks.
In addition, branch overlap does not have a significant impact on interest rate

setting.

We believe that regional markets do exist in the Chinese banking system,
especially for city and rural commercial banks, which are primarily built upon
the one-city-one-bank rule. Liu and Wu (2008) define city and rural commercial
banks as endogenous institutions. This is because city and rural commercial
banks are developed locally and serve the local market. However, the literature
IS inconsistent in terms of how to group provinces into larger regions. According
to the National Bureau of Statistics in China (NBSC), the most common
divisions are the Western, the Intermediate and the Eastern zone, based on
geographical differences and ease of policy implementation (NBSC, 2021).
Yang et al. (2015) adopts an Exploratory Spatial Data Analysis (ESDA)
approach and divide Chinese regions into Yangtze River, Delta Bohai Sea region,
Pearl River Delta, Northeast region. Central region and Western region, based
on economic development and reform, urbanisation and workers population.
They find that the performance of Industrial and Commercial Bank of China is
significantly better in developed Yangtze River Delta and Bohai Sea regions and
underperform in the other four areas. Liu and Wu (2008) divide the mainland
Chinese banking industry into three types of local banking systems: the
developed systems, the developing systems, and the underdeveloped systems,
based on bank assets per capita, bank branches per million people, and bank
ownership diversification in 2006. However, to the best of our knowledge, it is

based on arbitrary thresholds rather than statistical or econometric methods.
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Furthermore, it does not consider any exogenous environmental factors such as

macroeconomic conditions that may impact bank performance.

We focus on differences in technology and cost structures and define markets as
where banks have a similar level of resources such as capital and labour and a
similar level of economic and physical infrastructure development. It means that
due to these conditions, banks in each cluster have access to the same level of
optimal combination of inputs and outputs, and the deviation from regional
technology frontier solely comes from managerial inefficiency. In other words,
banks choose different combinations of inputs and outputs in order to compete
in their respective market, and the optimal combination is largely restricted by

their local economic environment.

Provincial data from NBSC indicates that during our study period from 2005-
2015, there is a significant regional disparity in terms of macroeconomic
indicators. For example, as of 2015, gross regional product (GRP) per capita is
much higher in the Eastern Coastal region compared to other parts of the country.
Similarly, unemployment tends be to evidently higher, reaching an average of 4%
in the Central and Northeast region compared to around 2.5% in the South-
Eastern region. The inflation rate is higher in the Western and Central regions in
China compared to the Eastern region. The data not only confirms our
understanding of regional disparity in terms of the economic environment but
also prompts us to adopts more advanced statistical methods to group provinces
into larger regions as provincial macroeconomic indicators follow vastly

different patterns.

Cluster Analysis is used to determine the classifications of regions for the
operations of Chinese commercial banks in this chapter. According to the
National Bureau of Statistics of China, the provinces are divided into three
economic regions: Eastern Zone, The Intermediate Zone and Western Region
Zone (NBSC, 2020). This classification mainly focuses on geographical
locations, historical development and jurisdictional conveniences. The regions
are indicated by different colours on the map of China below. Although this
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categorising method has many advantages, such as straightforwardness and
convenience, it might not be strictly statistically driven or up-to-date as its
relevance to the Chinese economy in the most recent decade (i.e. our study
period) is unclear.
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Figure 4.1. Regional divisions of Mainland China by NBSC (excluding
Hong Kong, Macao and Taiwan)

Economic Regions - Defined by NBSC

Economic Regions
=1

2

K]

[JNo data

Data Source: National Bureau of Statistics of China. Map source: Merryman (2008)

In this study, we propose using cluster analysis to regroup Chinese provinces

according to the most recent statistics in macroeconomic indicators.

Cluster Analysis is a statistical method to find similarities and dissimilarities
among individuals in order to find natural grouping solutions. There are many
clustering methods, but they can mainly be summarised as one of the two types:
partition or hierarchical. Partition clustering splits observations into different
groups with distinguished characters, while hierarchical methods create clusters
that are hierarchically related.

As for the partition method, algorithms such as k-means or k-medians are
commonly used as iteration techniques to partition the data into k groups. The
partitioning process starts with k groups, and observations closest to each group
centre are then assigned to each group. Then the mean or median of the

observations for each group is recalculated. This process repeats until all
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observations are assigned to one of the groups. One distinct feature of the
partition cluster analysis is that it allows the group centre to be recomputed.
Therefore, the observations are allowed to move among groups during the

clustering process.

As for the hierarchical clustering method, it can either be agglomerative or
divisive. At the beginning of hierarchical clustering, each observation is treated
as an individual group. Observations are then merged into fewer groups
according to similarities among those observations. According to Kaufman and
Rousseeuw (1990), the agglomerative methods go through N(N — 1)/2 possible
combinations of observations to find the closest two observations. The method
to compare groups that contain more than two observations is called the linkage
method. They are used to determine the distance between two clusters. There
are many linkage methods that can be used in cluster analysis. We will choose
the average linkage method in this study because of its robustness in most cases,
according to Kaufman and Rousseeuw (1990). The average-linkage clustering
uses the average similarity or dissimilarity of observations between the groups
as the measure to distinguish between two groups. Weighted-average linkage is
one variation of the average linkage methods. Unlike the average linkage
approach, which takes group size into account when combining two groups,
resulting in each observation taking the same weight, the weighted average
linkage approach gives groups of unequal size the same weighting. Therefore,
observations coming from groups of different sizes will carry different weights.
As opposed to partition clustering, during the hierarchical clustering process,
once an observation is assigned to a group, it does not allow the observation to

move to a different group.

According to Bouvatier et al. (2014) and Husson et al. (2017), there are generally
three ways to obtain the clusters. The first way is simply to keep the clusters
obtained from the hierarchical cluster analysis. The second way is to use HAC
(hierarchical agglomerative clustering) or HDC (hierarchical divisive clustering)

to only determine the optimal number of clusters and then use the partition
Page 89 of 265



method to obtain the clusters. The third way is to not only use the first-step
hierarchical clustering to determine the optimal number of clusters but also to
use the cluster centres obtained from the hierarchical cluster analysis as the
starting point for the partition clustering in the second step. That is, the mean or
median of the k groups obtained from HAC or HDC will be used as the group
centres at the start of the partitioning process. This method is also called hybrid

hierarchical k-means clustering, a type of unsupervised machine learning.

In this study, we will choose hybrid hierarchical k-means clustering following
Bouvatier et al. (2014). That is, we will use hierarchical agglomerative
clustering (HAC) with the Ward linkage method in the first step to determine the
optimal number of clusters. In the second step, k-means partition clustering is
used to consolidate and obtain the final clusters, where the k starting centres are
obtained from the first step HAC. The main reason for using a hybrid is two-
fold. Firstly, the weakest link of hierarchical clustering is at the end since
observations cannot be reassigned during the clustering process (Bouvatier et al.,
2014). Usually, partition clustering seems to result in more distinct clusters. On
the other hand, the disadvantage of partition clustering is at the beginning,
mostly due to the oversensitivity of clustering outcomes resulting from the
randomly assigned initial starting centres. Therefore, it is natural to combine
these two methods so that the weakness of one can be compensated by the other.
More precisely, using HAC first will give more suitable starting centres for the
k-means, and k-means will consolidate the final clusters to make the results more

robust.

There are several ways to determine the optimal number of clusters depending
on which clustering method we choose. In the following section, we will discuss
the method for hierarchical clustering, k-means clustering as well as the hybrid

method.

For hierarchical cluster analysis, the most commonly used ones are various
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stopping rule indexes. The most frequently used methods are Calinski—Harabasz
pseudo-F stopping-rule index and Duda—Hart Je(2)/Je(1) stopping-rule index
(Calinski and Harabasz, 1974, Duda et al., 2012). The Calinski-Harabasz

pseudo-F stopping-rule index for g groups and N observations is

trace(B)
_9-1
trace(W) (1)
N-g

where B is the between-cluster sum of squares and cross-products matrix, and
W is the within-cluster sum of squares and cross-products matrix. The larger the
values of the Calinski-Harabasz pseudo-F stopping-rule index, the more

dissimilar the clusters are.

Duda—Hart Je(2)/Je(1) stopping-rule index is calculated as Je(2) divided by
Je(1). Je(1) is the sum of squared errors within the group that is to be split, and
Je(2) is the sum of squared errors in the two subgroups after the division. Unlike
Calinski—Harabasz pseudo- F stopping-rule index, which can be used in both
partition and hierarchical clustering, Duda—Hart Je(2)/Je(1) index requires the
clustering methods to be hierarchical only. The pseudo-T-squared value for
Duda and Hart Je(2)/Je(1) index is usually calculated to help with finding the
optimal number of clusters. The pseudo-T-squared value can be calculated using

the following equation.

L _ 1 —TZ 4.2
Je(2) +N1+N2—2 (4:2)
Je(1)

Where N; and N, denote the numbers of observations in the resulted two
subgroups.
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According to Calinski and Harabasz (1974), larger values of the Calinski—
Harabasz pseudo-F index indicate more distinctive clusters. With respect to
Duda—Hart Je(2)/Je(1) stopping rule, as a rule of thumb, distinct clusters are
usually indicated by the point where one of the largest Duda—Hart Je(2)/Je(1)
values correspond to a small Duda—Hart pseudo-T-squared value with much

larger pseudo-T-squared values.

For k-means cluster analysis, the method to choose the optimal number of
clusters is relatively more subjective. The elbow method is the most widely used
approach in the literature. The elbow method finds the optimal number of
clusters by plotting the within sum of squares (WSS) or Log(WSS) of all cluster
solutions and detecting a kink (elbow) of the curves. A kink indicates a most
efficient point for WSS reduction, and any solutions beyond the elbow point
have a negligible reduction in WSS compared to the previous solutions (Makles,
2012). Other ways to find the optimal point for WSS reduction are to use
proportional reduction in WSS with respect to the total sum of squares (TSS)
represented by n2 or proportional reduction in WSS (k clusters) with respect to

the WSS from the previous solution (k-1 clusters) represented by PRE,.

24 _ WSS (k)
k TSS

kekK (4.3)

PRE. — WSS(k — 1) — WSS(k)
k= WSS(k — 1) ’

k>1 (4.4)

Another method that has gained popularity in the literature since its introduction
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is the Silhouette method. This is a very useful tool, especially for helping you
choose between the cluster solutions obtained from different clustering
algorithms. It also helps to detect any outliners in any of the clusters and, in
return, offers a solution to optimise results by moving individual items between
the clusters. According to Rousseeuw (1987), the most useful feature of the
silhouette method is to cross-validate the existing solution and to aid the

interpretation of the results.

The silhouette width is defined by Rousseeuw (1987) as:

(b - a®)

SO = fax a6 (0)]

(4.5)

where a(i) is the average Euclidian distance of object i from all other objects
within cluster A and b (i) includes the neighbours of object i, which is defined
by the minimum distance between i and objects in its neighbour cluster B, where
cluster B constitutes the objects which represent the smallest average Euclidian
distances between objects i and any other cluster C which is different from
cluster A. The denominator will take the value of a(i) if a(i)is bigger than b(i),
and will take the value of b(i) otherwise. So, we can easily deduct from the
specification that —1 < s(i) < 1. When s(i) is close to 1, it means that the
smallest between dissimilarity is much bigger than average within dissimilarity.
This means that object i is well-clustered that even i’s neighbour cluster B, which
is considered the best choice for i apart from A, is nowhere near as good fit as
cluster A. On the contrary, if s(i) is very close to -1, it indicates that the
Euclidean distance between i and cluster A is much bigger than the minimum
distance between i and cluster A, indicating that cluster B would be a much better
destination for object i rather than cluster A. Therefore, object i should be

regrouped into cluster B.
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For the hybrid hierarchical and k-means cluster analysis, the most commonly
used method to decide on the optimal number of clusters is to use the stopping
rule indexes for the first-step hierarchical clustering. Then for the second step,
we will use the pre-defined number of groups k obtained from the first step to
further partition and consolidate our results using the k-means clustering
method. However, after second-step partition clustering, there might be an even
better solution which we could not know during the first step if we do not utilise
the results from our second-step k-means clustering. Therefore, we propose a
new method that takes into account the results from both steps when deciding
the optimal number of clusters. The algorithm of this method is summarized as

below:
1) Setk=1
2) Use hierarchical clustering method to produce k number of clusters,
where k=1...20

3) Use the k number of clusters resulted from cutting the hierarchical cluster
tree at k as the starting centres for the second-step k-means clustering,
where the number of clusters for the second-step is pre-set as k

4) Use k-means clustering to produce clustering results for k number of
clusters

5) Set k=k+1 and repeat the previous three steps until k reaches a pre-
defined number, such as 20 in our case, then exit the loop

6) Store the values of WSS, log(WSS), n2 and PRE, from results for each
k number of clusters (k=1...20). Draw graphs for these 20 solutions.
Finally, use the elbow method to determine the optimal number of

clusters.

In this study, we will use hybrid hierarchical k-means clustering to determine
the classification of regions using macroeconomic conditions as our clustering
criteria. Then we will utilise all the abovementioned three methods to decide on
the optimal number of clusters. That is, we firstly use the hierarchical clustering

stopping rules to determine the optimal number of clusters. Then, we use our
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proposed algorithm with the elbow method to position the optimal number of
clusters using the final cluster solutions from both steps of the hybrid method.
Then we compare the decisions on the number of clusters from the above two
different approaches and check if they are consistent. If they are, we have a
conclusive result in the optimal number of clusters. If not, we need to further

examine both results.

To further validate the decision on the number of clusters, we can use silhouette
as a cross-checking tool. We will examine both the average silhouette width and
if there are any outliners in each cluster. If the previous two approaches give
inconclusive results, i.e., a different optimal number of clusters, then we will use
the result which gives higher silhouette width with fewer or no mis-assigned
objects. If the two approaches agree on the optimal number of clusters, we can
solely use silhouette as a cross-validation method to check whether the solution
has a positive average silhouette width with a minimal number of mis-grouped

objects.

4.5.2 Stochastic Meta-frontier (SMF) Approach

Often, we want to compare the efficiencies of banks operating under different
technologies. For example, we want to examine if banks in a particular area are
more or less efficient than banks operating in another area. If the banks in
different areas have different technologies, pooling all data and estimating the
efficiency scores of all banks using a single frontier is not appropriate.
Furthermore, if these banks are modelled with different frontiers, the efficiency
scores of these areas are not comparable (Battese et al., 2004). To solve this
problem, the meta-frontier approach is developed to enable the possibility to
compare the efficiency performance of banks operating under different

technologies.

Meta-frontier was first introduced by Hayami (1969) and Hayami and Ruttan
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(1970, 1971) in studies concerning agricultural productivities in different
countries. These studies point out that producers in different regions might not
be able to use the best technology available to the whole industry due to the
specific regulations and environmental restrictions each region faces. Therefore,
each region might choose a sub-optimal technology, creating a gap between the
industry-wide technology (meta-frontier) and group-specific technology

(individual frontiers).

The major difficulty for estimating the technology gap between the meta-frontier
and individual frontiers is the requirement for the meta-frontier to envelop the
individual frontiers. A single frontier using pooled data cannot guarantee the
envelopment. To solve this difficulty, Battese et al.(2004) and O’Donnell et al.
(2008) propose a mixed-method two-step approach. In the first step, individual
frontiers are estimated using a standard stochastic frontier method, and in the
second step, a mathematical programming method is used to estimate the meta-
frontier. Particularly, in the second step, a linear or quadratic programming
problem is solved with a constraint. Huang et al. (2014) pointed out the
limitations of the mathematical programming method, including the inability to
take random shock into consideration and the lack of statistical properties in the
second stage. They propose a stochastic meta-frontier (SMF) method where the
stochastic frontier method is used in both the first and second stages to account

for the random error during the estimation of meta-frontier.

We will, therefore, briefly compare these two major meta-frontier methods and
demonstrate the differences between these two methods. Although meta-frontier
has been applied in many different industries, we will use the banking industry

as an example to illustrate.

In the first step, the stochastic cost function can be expressed as:

Page 96 of 265



Ciie = f (Xjie)e" eVt (4.6)

where Cj;, denotes the observed total cost and ftj (.) is the group-specific
frontier for group j. X;;, is a vector of bank-specific input prices and outputs and
V;ir is the random noise with a two-sided error v;;,~N (0, o;7) with a mean of 0
and variance of o7, and Uj; is the inefficiency term with truncated normal
distribution Uﬁt~N+(uﬁt(Zﬁt),a§) , Where the mean of the term is expressed
as a function of a list of environmental variables Z;;;s (Battese and Coelli, 1995).

That is,

Uije = Zijt0 + Wy, (4.7)

We can see from the subscripts that the mean of the distribution is observation
specific. That is, for each observation, it has its own distribution, thus its own
expected value. z;;, is a set of exogenous variables that may affect the
inefficiency term w;;,. W;, is a random variable that has the distribution of
N~%it9(0,02). The truncation point is —z;.8, so that u;, has the distribution of
N*(z;0,0%). Thatis, a positive truncation at 0 with a normal distribution with

mean z;;6 and variance o2.

A bank’s cost efficiency can then be derived as

, Cii
CE, =—21 — = ¢ Vit (4.8)
C R (Ku)eV e

The mixed approach proposed by Battese et al. (2004) and O’Donnell et al.
(2008) uses a standard maximum likelihood (ML) estimation technique for the
first stage estimation of group-specific frontiers. The cost efficiency scores are

estimated using the conditional mean CE = E"(e‘”ﬁt| STw) proposed by Battese
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and Coelli (1988). In the second stage, the mixed method estimates meta-
frontier by solving the linear programming problem using the estimates obtained
from the individual frontiers in the first stage. Minimizing the deviations from
meta-frontier to group-specific frontiers can either be approached using the

minimum sum of absolute deviations,

N T
minL = Z Z nfM (X;ie) — Inf (X;i0)| (4.9)

i=1t=1
S.t. ftM(int) = lnﬂj(int);

or minimum sum of squares of deviations.

mink =" " (1nfM (X)) - Infy (X)) (4.10)

N T
=1

t=1

s.t. ftM(int) = lnf;j(int);

There are several drawbacks of the above two-step approach. Firstly, there is no
statistical property in second step estimation, as it is calculated using linear or
quadratic programming algebra, which relies on simulations or bootstrapping.
Secondly, it is unable to incorporate exogenous environmental variables that
impact inefficiency into the estimation. Thirdly, it does not take into
consideration of any idiosyncratic shocks.

Because of these inherent problems of the mixed two-step approach, we will use
a stochastic meta-frontier (SMF) method in this study proposed by Huang et al.

(2014), which considers random shock and provides statistical properties in the
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second stage. In the first stage estimation, the SMF approach is no different
from the mixed approach. That is, group-specific frontiers are obtained using
the standard stochastic frontier approach using maximum likelihood estimation
methods. In the second stage of SMF, we define estimation errors from the first

stage SFA as:

lnft] (int) - lnftj (int) = V}% = &iir — &jir (4.11)

From the structure of the above equation, we can clearly see that the stochastic

frontier approach using the maximum likelihood method can be applied. The
term Inf/ (X;;,) represents the predicted values of the logarithm of total cost
from group-specific frontiers and Inf; (le-t) represents meta-frontier. U]-"é
represents the cost gap term which is a function of a list of environmental
variables with the distribution Ui~N*(u;ic(Zjie), 02). It can be estimated
using the Battese and Coelli (1995) model. Although Vj% may follow a normal
distribution with zero mean Vj’{{~N (0,02) and may be considered following a
i.i.d. distribution, because it contains the error from the individual frontiers, the
M

variance of the  V;;; might not be constant, which results in heteroscedasticity.

In this case, the maximum likelihood may not produce a consistent estimation.
Therefore, we will use robust standard error following White (1982) in the
estimation procedure of the above equation by computing the sandwich form for
the covariance matrix of the estimates. This modification is also called the

pseudo-maximum likelihood (PML) method.

The meta-frontier, which envelops all the group-specific individual frontiers, can

then be expressed as

M (Xjie) = ﬂj(int)e_U%t (4.12)
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Where U;;, = 0. This equation guarantees that meta-frontier will lie below the

individual frontiers, i.e., ;M (X;i,) < £/ (Xjic)-

Substituting equation (4.11) into equation (4.12), we can get

Inf! (Xie) = InfM (Xee) + U + Vit (4.13)

The term U]-’}”t , in this case, indicates the technology gap between group-specific

frontier and meta-frontier. The technology gap term can also be expressed as a
ratio of meta-frontier to the group-specific frontier. Since this is a cost function,

we will call it the cost gap ratio (CGR). It measures how far the group individual

J
i the

closer the distance between the individual frontier and meta-frontier, the more

frontiers deviate from the meta-frontier. The larger the value of CGR

advanced technology the group adopts.

i M (Xjie) _

e Uit < 1 (4.14)
L < .
© o (Xue)

CGR

A graphical illustration of the relationship between the meta-frontier cost
function and individual frontiers can be seen as below, where Frontier 1 and

Frontier 2 are individual group frontiers that are enveloped in meta-frontier.
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Figure 4.2. Meta-frontier Cost model
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The x-axis represents the amount of output and the y-axis represents the total cost. Cj;
is the observed total cost and and Yj;, is the observed total output, ftj (Xj,-t)e”ﬁf
represents the splitting point separating the distance between observed cost and meta-
frontier cost, into inefficiency and random shock component; ftj (Xji¢) is the group
specific frontier, and £ (X;;;) represents the meta-frontier, thus, the technological gap
M X jio)

between them is measured as S r—
ft (int)

As illustrated in the graph, at a given level of Y, the ratio of meta-frontier to

. . : My
observed cost consists of three parts: cost gap ratio CGR{t = —];fj((xf”)), cost
t \4jit
ici ' !(Xi N J(x..)ellit
efficiency CE}, = ,ft(—”tl), — ¢ Uit and a random error term 220 " _
fl(Xjie)e it Cjit

e~Viit, Putting them together, the equation can be written as:

[ (i) _ i) R (e (e )e
Cjie £ Kjie) 1 Kjie JeVse Cjit

= CGRJ, x CE}. x e7Viit(4.15)

It can also be expressed as the formulation of meta-frontier efficiency

Page 101 of 265



MCE;;; with random error taken into account. MCEj;, represents individual

bank’s cost efficiency with respect to meta-frontier.

M(y.. VeViit . .
MCEj;, = % =TGR}, x CE}, (4.16)
jit

Where 0 < TGR), <1 and 0 < CE}, < 1.

To sum up, this study will adopt the stochastic meta-frontier (SMF) approach
proposed by Huang et al. (2014) as the mathematical programming in the second
step of the mixed methods proposed by Battese et al. (2004) and O’Donnell et
al. (2008) suffers from the problems of lack of statistical properties and inability
to take random shocks into consideration. In the SMF approach, we will first
use the stochastic frontier method to estimate individual frontiers and obtain the
linear predictions of the dependent variable log total cost. In the second stage,
we will use SFA pseudo-maximum likelihood (PML) to estimate meta-frontier
by using the linear predictions of log total cost from first stage group-specific
frontiers instead of the observed values of log total cost as the dependent

variables, where the technology gap term Uj"ft is a function of environmental

variables following Battese and Coelli (1995)°.

® The inefficiency model we adopt here, i.e., the Battese and Coelli (1995) model, has the
limitation that it is not a ‘true’ panel data model, meaning that it does not consider the unobserved
individual heterogeneity in the estimation process. We adopt Battese and Coelli (1995) model
here, instead of Greene (2005) ’s true fixed effect model, is mainly due to the significant increase
in the number of parameters in Greene (2005)’’s TFE model, making convergence during the
maximum likelihood estimation process a technical difficulty. Moreover, adopting Battese and
Coelli (1995) also avoid the potential incidental parameters problems which are likely to be
present if Greene (2005)’s TFE model is estimated, rendering coefficients biased.
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4.6 The implementation of Methodology

4.6.1 The Implementation of Cluster Analysis

As mentioned previously, the cluster analysis method applied in this study is a
hybrid two-step approach that combines HAC (hierarchical agglomerative
clustering) and k-means partition clustering. In the first step, we obtain the
optimal k number of clustering using Calinski—Harabasz pseudo- F stopping-
rule and Duda—Hart Je(2)/Je(1) stopping-rule. In the second stage, we build on
the first stage by using the cluster centres obtained from the first stage as the
starting point of k-means clustering in the partition clustering process. As
mentioned in the methodology section, this combined method is chosen to utilise
the best features of both hierarchical clustering and partition clustering.
According to Husson et al. (2017), since the k-means clustering is built on the
first stage results, the second step can be seen as a process of consolidation to

improve and optimize the clusters obtained from the first step.

In our study, we use the same set of environmental variables as the criteria for
clustering in both first stage HAC and second stage partition clustering. Please
note that these variables are on the provincial level, meaning that the value of
these variables varies across provinces and years. These same variables will be
also be used as the macroeconomic variables which affect the cost gap ratio (
CGR ) when estimating meta-frontier to achieve consistency. The variables and

are listed below.

Table 4.1. Clustering Macroeconomic Variables

Variable Description

name

GRPGR,,, | Gross regional product (GRP) growth rate in each province,
GRPGR,.= [(GRP current year-GRP preceding year) / GRP
preceding year] *100
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GRPPC,, Real gross regional product per capita in each province
(nominal gross regional product adjusted by CP1 with 2005 as
the base year) GRPP Cy,.=current year Real GDP /current year

population,

Urbany, Urbanisation Rate

INF,, Inflation rate in each province, Consumer Price Index

(preceding year=100) as a proxy

There are a total of 34 provincial-level administrative divisions in China.
However, the provincial-level data on macroeconomics provided by the national
bureau of statistics is only available for 31 mainland provinces. Therefore, only
31 mainland provinces will be included in the cluster analysis.

4.6.2 The Implementation of Stochastic Meta-frontier (SMF)

In this study, we will use the translog cost function to implement the stochastic

meta-frontier (SMF) approach.

The first stage group-specific cost function can be expressed as equation (4.17)

below:

ln(TC)itj = Qy

3 2
+ Z ﬁmlnymit + Z pnlnpnit
m=1 n=1
2 2

3 3
1
+ E [Z Z Tmnlnymitlnynit + Z Z q)mnlnpmitlnpnit] +

m=1n=1 m=1n=1

3 2
1 1
z Z Oy misMPnic + €16 + Eeztz + e3lneq;; + 564eqi2t + InU;; + InV;:(4.17)
n=1

m=1
where j represents the clusters obtained from cluster analysis. Therefore, the

group-specific translog function will be estimated for each cluster using the
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equation above. Maximum likelihood (ML) is used as the estimation technique.

TC is the total cost; y,,i: and p,;; represent a list of outputs and input prices,
respectively. Foreign is the control variable for foreign banks where it takes the
value of 1 if the bank is a foreign bank and 0 otherwise.

Table 4.2. List of Inputs and Outputs

Inputs Input prices Outputs
X1 | Total Non-interest | P1 | Total Non-interest | Y1 Net Loans
expenses expenses/ Total Asset
Y2 Other
Earnings
X2 | Total Interest | P2 | Total Interest Expense/
) Assets
Expenses Customer Deposits
Y3 Total Non-
Interest
Operating
Income

From the inputs and outputs, we can see that we use the intermediation approach
where banks are considered as intermediators using labour, capital and deposits
to produce loans and other earnings assets. Unfortunately, due to the significant
proportion of missing data in personnel expenses, the reason to use net loans as
outputs instead of gross loans is that non-performing loans have been a rather
significant problem in China. The time trend variable t is the year and has values
from 1 to 11 since we have 11 years in our study period. The coefficient of t
indicates the rate of neutral technological change. Equity is also included as a
quasi-input to act as a risk control measurement in this model. To model the
non-linearity of the effect of time and equity, we also include the squared terms
of them in this study.
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The importance of the inclusion of risk control variables has been discussed in
the literature. Hughes and Mester (1993) claim that the capital requirement set
by regulators is very likely limiting the banks’ ability to choose the optimal
capital level that minimises costs. Park and Weber (2006) further argue that, as
the level of equity affects the risk-taking behaviour, bank managers can choose
to manipulate inputs and outputs in an attempt to preserve equity level in
compliance with capital regulation. When bank capital is low, bank managers
can spend more on labour to monitor risky loans, whereas when bank capital
level is more than sufficient, bank managers can choose to lower the labour
expenses on monitoring loans to increase cost-efficiency. Alternatively, moral
hazard behaviour may occur in banks with a low level of equity as managers in
these banks may take high-risk, high-return activities, which may boost x-
efficiency in the short run while damaging the bank’s efficiency and solvency in
the long run, suggested by Lozano-Vivas et al. (2002). In either case, it is evident
that the equity level of banks very likely alters bank manager’s behaviour. Bryce
et al. (2015) further tested the essentiality of the inclusion of risk control
variables in modelling x-efficiency by testing the relationship between loan loss
provisions, x-efficiency and capital ratio. They find that only by including risk
control variables when estimating x-efficiency can the capital management
behaviour be found in the second stage GMM regressions. They argue that this
is due to the fact that risk preferences of bank managers have significant
influence on bank operations and only by taking the risk appetite of bank
managers into account when estimating x-efficiency can the true efficiency of

banks be revealed.

In the group-specific frontiers, the mean of the inefficiency term U;; is a
function of environmental variables specified below. We follow Huang et al.
(2014) and Lee and Huang (2017) by only including microeconomic variables
in the estimation of inefficiency in the first stage. The translog function and the
equation below are estimated simultaneously using the maximum likelihood

method.

yl.jt = 0o + 0,ETA,; + 0,RO0AA,; + OsNPLLOAN,; + Wy, (4.18)
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Where p denotes province and t denotes the year. We can see that the

microeconomic variables here are province and year specific.

Table 4.3. Microeconomic Variables

Variable Description Expected

Name sign

ETA,; Equity to total assets ratio, ETA,.= mean (Total | +/

Equity/Total Assets). The mean value of ETA,,
for each province each year is used to measure the

capital level per province per year.

ROAA,, Return of average assets, ROAA,, = mean (Net
Income /Average Assets). The mean value of
ROAA,, for each province each year is used to
measure the profitability of banks per province per

year.

NPLLOAN,, | Non-performing loan to gross loan ratio, | +
NPLLOAN,.= mean (Non-performing loan/gross
loan) The mean value of NPLLOAN,, for each
province each year is used to measure the level of

Non-performing loan per province per year.

ETA, a capital adequacy ratio, is widely used in literature to capture the
regulatory condition in a specific area. There are generally two opposing views
on the relationship between efficiency and capital ratio in the literature. On the
one hand, Kasman and Yildirim (2006) and Berger and DeYoung (1997) argue
that banks which are better equipped with capital are less likely to incur loan
losses, therefore, less likely to spend extra expenditures on recovering loan
losses. Conversely, a lower level of equity indicates higher risks within the bank,
which makes borrowed funds more expensive. Therefore, the banks with a
higher level of capital tend to be more efficient. On the other hand, Lozano-

Vivas et al. (2002) argue that low levels of equity might be a sign of moral hazard

Page 107 of 265



behaviour, where banks take high-risk, high-return investments, which make
them appear to be more efficient in the short term. However, in the long term,

these banks may suffer from greater losses.

H1: Banks with a higher level of capital may have either a higher or lower level

of cost efficiency

ROAA is a measure of bank profitability, and it is commonly believed that there
IS a positive relationship between bank efficiency and profitability. The average
profitability on the provincial level measures the competitive environment in that
province. The more competitive in terms of profitability the area is, the more
efficient the banks are. Lozano-Vivas et al. (2002) and Andries (2011) find that

banks with higher profitability ratios correspond to a higher level of efficiency.
H2: More profitable banks are more cost-efficient.

NPLLOAN is essentially a measurement of the riskiness of loans. A higher level
of risky loans may incur additional costs in labour or other resources on
monitoring risky loans and recovering loan losses. For instance, Berger and
DeYoung (1997) find that non-performing loans lead to a reduction in cost
efficiency. However, they also point out that if the skimping hypothesis holds,
banks may intentionally withdraw investment in labour and other resources on
underwriting and monitoring loans in order to boost efficiency in the short term.
In this case, the NPL level may not change much in the short term, but efficiency
increases temporarily. Since Chinese banks had completed the dumping of non-
performing loans to asset management companies at the beginning of the study
period, we can assume that NPLs can largely reflect the true riskiness in loans in
these banks (Elliott and Yan, 2013).

H3: Chinese banks with a higher level of non-performing loans are less cost-

efficient.

The second stage meta-frontier is specified as below:
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1
—eeq’ + UM + Invl (4.19)

+ e3lneq;; + >

where In(TC)’ , are predicted values of InTC from group-specific frontiers.

The term U} obtained from this equation measures the technological gap
between meta-frontier and group-specific frontiers. Meta-frontier parameters
are estimated using pseudo-maximum likelihood (PML).

Apart from the difference in the values for the dependent variable, another
difference between the individual frontier and meta-frontier is the function of the
term U} . Please note that U} here represents the technology cost gap ratio
CGR, which can be expressed as a list of environmental variables. This is
another feature of SMF that make it superior to the mathematical programming
technique. Again, we follow Huang et al. (2014) and Lee and Huang (2017) in
the second stage by including macroeconomic variables only as it is believed
that the technological gap between individual frontiers and meta-frontiers are
mainly caused by economic and regulatory conditions the groups are facing

which are outside of the control of the management.

The function of the mean of U} can be expressed by the equation below:
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ﬂ% = /10 + AlGRPGRpt + AzGRPPCpt + /13U7'banpt + A4Infpt +
AgHHI,, + AFAS, + Wi, (4.20)

where p denotes provinces, ¢ denotes clusters, and t indicates the year.
Therefore, all macroeconomic environmental variables in this equation are either
on province or cluster level, which makes this study different from most studies
on environmental influences where only macroeconomic variables on the

national level are used.

We can notice that apart from HHI_, and FAS;, the rest of the macroeconomic
variables are exactly the same as the variables used for cluster analysis. Please
refer to section 4.1 for details of the description and calculation of these

macroeconomic variables.

Macroeconomic conditions are the most commonly used environmental
variables in the BC(95) model. GRPGR,,, and GRPPC,, are both proxies for
macroeconomic conditions. Maudos et al. (2002) find that banks operating in
expanding economies, proxied by GDP growth rate, tend to appear more
efficient. Lozano-Vivas et al. (2002) point out that regions with higher GDPPC
tend to have ample savings that stimulate both demand for loans as well as
supply of funding to meet the demands, boosting bank outputs and profitability.
Higher GDPPC is also an indicator that banks may operate in a more mature
banking system with more advanced technology. Here, both the gross regional
product growth rate and gross regional product per capita are used to measure
the expansion and general health of the economy in each province. We expect
that their behaviour will follow the same pattern as the national level

macroeconomic variables.

H4: Banks in regions with higher GDP levels and growth rates operate closer

to meta-frontier

Kasman and Yildirim (2006) and Lozano-Vivas and Pasiouras (2014) argue that
inflation may alter banks’ behaviour. They claim that higher inflation may
induce banks to use excessive branch networks to compete in the market.

Demirguc-Kunt et al. (2003) find a positive relationship between inflation and
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bank overhead cost. Therefore, we expect the sign of Inf to be positive.

H5: A higher level of inflation rate widens the technological gap between

regional frontier and the national meta-frontier

Herfindahl-Hirschman Index (HHI), calculated as the sum of squares of market
shares of all firms in a market, is one of the most widely used measurements for
concentration. The value of HHI can range from 0 to 10,000, indicating from a
market with a large number of firms to monopoly. It is determined by both the
number of banks in the market and the inequality of the distribution of asset
shares. A low HHI Index usually indicates low concentration, and a market with
an HHI higher than 1800 points is generally considered to be highly
concentrated. The relationship between HHI and the technology gap can be in
either direction. If Hicks (1935)’s quiet life hypothesis holds, then the increase
in concentration is caused by market power, which decreases the performance of
banks as monopoly power reduce bank managers’ incentive to improve bank
performance. On the other hand, a higher concentration can be caused by better
management, which in term may cause better performance in banks(Demsetz,
1973). Berger (1995) further argues that because of the structure-conduct-
performance model, a concentrated market structure may encourage banks to

collude, which will lead to higher productivity’.

H6: Market concentration may have either positive or negative impacts on

technological gaps.

FAS; is calculated as the total assets of all foreign banks divided by the total

assets of all banks in China for each year. Since this variable only has subscript

"We do not include HHI in the clustering process because the HHIs on the provincial
level are significantly more inaccurate than the HHIs on the cluster level. This is mostly due to
the data limitation. On the provincial level, although it is most likely that more than one bank is
operating in each province during our sample period, due to data restriction, certain provinces in
specific years only contain one observation, which does not reflect the true competitive nature
of such province at a given time. However, on the cluster level, HHIs tend to be much less biased
due to the fact that missing data is only a relatively small fraction of the total available data. The
HHIs are calculated as the sum of squared asset shares in each cluster each year. The subscription
of HHI, indicates that it is cluster and time specific, whereas the rest of the macroeconomic
variables are province and time specific.
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t, itis an indication that it is on the national level, not cluster or province-specific.

This chapter also aims to shed some light on the impact of foreign exposure,
especially foreign bank presence, on the Chinese banking system. The foreign
exposure of Chinese banks can be seen in the form of the rapid growth of cross-
border loans and an increase of cross-border capital inflow in the form of foreign
investment, foreign ownership and the establishment of foreign banks. As of
mid-2018, Chinese banks’ cross-border lending represents around 7% of all
cross-border lending globally and 24% of all cross-border lending to merging
market and developing economics (EMDE) borrowers. Chinese banks lend to
135 out of 143 EMDEs and 30 out of 31 advanced economies (AEs) (Cerutti et
al., 2020). Moreover, China has also witnessed an acceleration of cross-border
capital inflow in the form of direct and indirect investments in recent years. Zhao
and Xu (2021) suggest that direct and indirect investment can lead to bank credit
growth. They also suggest that since foreign banks have the advantage of more
advacned financial innovation and a more mature business model, they may
create competition and attract high-quality customers away from domestic
banks. This will force local banks to accept customers with lower credit

standards, thus leading to a higher level of non-performing loans.

Levine (1997) believes that foreign bank entry can boost financial development
directly via providing high-quality banking services and indirectly through three
channels. Firstly, foreign banks increase pressure for domestic banks to cut costs
and increase efficiency in order to stay competitive in the banking market.
Secondly, foreign bank presence promotes more rigorous accounting, auditing,
and ratings by relevant institutions. Thirdly, they create pressure on the local
governments to enhance local financial infrastructures such as supervisions,
legislation and regulations in the financial market, accelerating domestic
financial development. This is especially prevalent in developing economies
where governments are under pressure to match international supervisory and
regulatory standards. In addition, Levine (1997) also adds that lowering the

barrier of foreign bank entry and alleviating the restrictions may allow more
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comprehensive access to foreign capital markets and improve the quality and
availability of financial services of domestic banks via intensifying competition
and facilitating the implementation of new management, skills, and

technologies.

There are mainly two ways foreign banks enter a domestic market. One way is
directly entering the market by opening branches. Another way of foreign bank
entry is via shareholding as strategic investors. In terms of the empirical
literature, the results are mixed regarding the impact of bank entry on domestic
bank performance. On the one hand, empirical studies show that foreign bank
entry generally has a positive impact on the efficiency and profitability of
domestic banks. On the other hand, it is found that foreign bank entry may
destabilise the domestic banking market via excessive competition. Sturm and
Williams (2004) find that allowing foreign banks access to the Australian
banking market through deregulation prompts improvement in local bank
efficiency. However, Barajas et al. (2000) find that profitability and credit
quality may decrease due to higher quality customers switching from domestic
to foreign banks. Claessens et al. (2001) also find evidence for a reduction in
profitability for domestic banks as a result of foreign bank entrance. Unite and
Sullivan (2003) find that foreign bank entry reduces profits for domestic banks
but improves their operating efficiency. Lensink and Hermes (2004) find that
for a less developed banking market, foreign bank entry raises costs for domestic

banks in the short term and make them less efficient.

H7: Foreign Bank presence promotes narrowing of technological gaps.

An important parameter that is worth noticing is the variance parameter y. It
indicates the variance of the inefficiency term as a proportion of the total
variance of the composed error. The y parameter can be expressed as

oy
of + o2

y = (4.21)
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The value of y is between zero and one by definition. However, for stochastic
frontiers, y should not equal zero or one. If y is one, there is no existence of
random error term v and the model collapses to a deterministic model. Ay value
of zero indicates that there is a nonexistence of the one-sided error term and the
composed error term is purely random error. Therefore, no inefficiency is

explained by the model.

Log likelihood ratio test will act as the post-estimation test for the
appropriateness of the models used. The log-likelihood ratio follows a mixed
chi-squared distribution, and its test statistics can be calculated as

x~—2x(LLp — LLy), (4.22)

To test the existence of the one-sided error term u;; (whether y equals to zero)
and the joint significance of exogenous variables in the inefficiency model, the

null hypotheses are
Hyp:y =6, =6,=0;=0 (4.23)
and
HopV =M =dy=A3=A3=As =1 =0 (4.24)

where the restricted model is the OLS and the unrestricted model is the stochastic
frontier function with an inefficiency model. The rejection of the null
hypotheses indicates the rejection of restricted models and preference of the

unrestricted models.

It is important to examine whether the data can support the regularity conditions.
We impose a set of constraints to ensure properties of a cost function are

satisfied. Symmetry conditions can be expressed as
Tij = Tji and (pl] = (p]l (425)

and restrictions to ensure linear homogeneity in input prices are as below:
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4.7 Data Description

The dataset contains a unique panel dataset of 136 regional Chinese commercial
banks during the 11-year period from 2005 to 2015 with a total of 1050
observations as well as a set of province-level macroeconomic variables for all
the provinces these banks operate in. The unbalance in the dataset is resulted
from the deletion of any observation which contains any missing value for any
of the variables to be used in the frontier estimation®. The bank-level data are
obtained from the balance sheet and income statement information from the
Fitch BankScope database (now Bureau van Dijk Orbis Bank Focus). All
accounts comply with IFRS standards, and all bank data are deflated by GDP

deflator using 2005 as the base year to take away the price effects of inflation.

The province-level macroeconomic variables come from the official website of
the National Bureau of Statistics of China and are similarly deflated with rebased

GDP deflator to real values before further analysis. We only include regional

8 Due to frontier estimation requirement, if one variable for a bank is missing for a particular
year, all data during that year are deemed missing. Our panel data set is unbalanced due to the
unavailability of data and entry of new banks. To be best of our knowledge, there is minimum
(if any) exit of a bank in our sample caused by merger or bankruptcy. Peng and Han (2021)
report that only two Chinese banks have gone bankrupt over the past few decades. As there is a
minimum occurrence of mergers, acquisitions and bankruptcies, it is likely that the
incompleteness of our panel data is primarily due to random missing data and new bank entry.
Baltagi and Chang (1994) find that making incomplete panel data balanced by dropping
observations may worsen the performance of estimators. Dionne et al. (1998) also confirm that
entry/exit of incomplete panel data may not cause biases to regression estimates when the reasons
for the missing data are not endogenous to the frontier model. That is, the causes of data
incompleteness are not determinants of the cost structure, such as an exit that is caused by lower
productivity and efficiency of the bank. Thus bank exit seems to be more of a problem than bank
entry. As there is minimum occurrence of bank mergers and bankruptcies in our sample period,
it is feasible to not consider entry/exit biases in our estimation process.
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commercial banks to ensure the homogeneity of the objectives of the banks in
the dataset. More precisely, these regional commercial banks only include city
and rural commercial banks. The rationale is to ensure that majority of the banks
in our sample only operate largely and locally within one province or region.
According to Wu (2018), historically, city and rural commercial banks were only
licenced to operate within one region. Until 2005, the Bank of Shanghai became
the first bank allowed to set up a branch in Beijing. City and rural commercial
banks have tried to expand their operations outside their regions since 2005.
However, due to a lack of business contacts and governmental support in the
new provinces or regions they expand to, the majority of the operations of these
banks still depends on their home regions. Sun et al. (2013). (2013) investigate
the effects of strategic investors and regional economic development on the
efficiency of Chinese commercial banks. They also argue that city commercial
banks were initially created with the “one-city-one-bank” rule. They use city
commercial banks only in their sample in order to investigate the regional impact
on bank efficiency due to a lack of branch-level data on national banks.
Although with China Banking Regulatory Commission’s (CBRC) permission in
2005, several banks expanded rapidly outside their home-city since 2007, this
number is still very limited, with an overwhelming majority still operating within
their own province. As our study also focuses on the effects of regional
economic development on commercial banks, we utilise a similar rationale to
exclude large banks which operate extensively outside their headquarter regions.
In addition to city commercial banks, we also include rural commercial banks in
our sample. We find it feasible to include rural commercial banks in our sample
because a nationwide consolidation of rural credit unions and rural cooperatives
into commercial banks has happened since 2004, and the operations of rural
banks have become more similar to that of city commercial banks. One reason
Sun et al. (2013) did not include rural commercial banks could be due to the fact
that their sample period is 2002-2009, a period which includes a rapid
transitioning of rural banks from credit cooperatives to commercial banks.
Therefore, the inclusion of these banks before and after transition could
introduce a greater degree of heterogeneity to the sample, and the effects of

transitioning could bring more noise to the estimation. As our study period spans
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from 2005 to 2015, we only include fully transitioned rural commercial banks in
our sample. Another practical reason is that as we need to estimate an individual
frontier for each cluster in order to estimate the meta-frontier, the sample size
for each individual frontier needs to be appropriate for a maximum likelihood
estimation. By including rural commercial banks, we can increase our total
sample size and in turn maximise the observations available for each individual
frontier. Furthermore, we exclude foreign banks from our sample for a similar
reason. Foreign banks usually are headquartered in one of the several large cities
and have operations across regions in China. Their annual data is also reported
on the aggregated level. Therefore, it would also be difficult to examine their
efficiency on the regional level. In conclusion, we only include city and rural

commercial banks in our sample for regional investigation.

4.8 Empirical Results - Cluster Analysis

4.8.1 Descriptive Statistics

The table below gives the summary statistics of the province-level
environmental variables used in cluster analysis. We can see that these variables
are not on the same scale. As mentioned before, GDP and GDP per capita are
rebased using GDP deflator rebased to 2005. We choose Consumer Price Index
(CPI) here as GDP deflator, and similar to GDPGR, GDPPC, URBAN and INF,
CPI also varies across province and year, which makes our deflating a province

and year specific process as well.
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Table 4.4. Summary stats of Macroeconomic Variables

Variable ~ GDPGR,;  GDPPC,,  URBAN,, INF,,
Obs. 341 341 341 341
Mean 11.6258 340524000  50.8714 2.9035

Std. Dev. 27169 212953800  14.7926 2.0113
Min 3.0000  5052.0000 20.7143 -2.3000
Max 23.8000  107747.7000  89.6083 10.1000

GDPGR is the Gross regional product (GRP) growth rate in each province, GDPPC is
the real gross regional product per capita in each province, URBAN is the urbanisation
rate in each province, and INF is the inflation rate in each province

Therefore, we use the z-score method to standardize the values of the below
variables before proceeding with cluster analysis. The standardization procedure

of variable x can be expressed as below:

L (4.27)
X = Sd .

Where m is the mean of x, and sd is the standard deviation of x. This procedure
will transform the means to be zeros and standard deviations to be ones. After
standardization, the summary statistics of macroeconomic variables are as

below.
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Table 4.5. Summary stats of Standardized Macroeconomic

Variables
Obs Mean Std.Dev. Min Max
SGDPGRy,; 341 0 1 -3.17487 4.480906
SGDPPCy, 341 0 1 -1.36182 3.460624
SURBANp; 341 0 1 -2.03867 2.618671
SINFy; 341 0 1 -2.58718 3.578071

SGDPGR is the standardized gross regional product (GRP) growth rate in each province,
sGDPPC is the standardized real gross regional product per capita in each province, SURBAN is
the standardized urbanisation rate in each province, and sINF is the standardized inflation rate in
each province

4.8.2 Results of Cluster Analysis

Since our macroeconomic data is a panel dataset that varies across provinces and
years, we wish to incorporate the difference across provinces as we take changes
over a year into account when clustering these variables. This is usually a
difficult thing to do since cluster analysis cannot identify a panel dataset and is
not able to differentiate between changes across year and changes across
provinces. If we take the average of each variable for each province across all
years, it will eliminate the effects of changes over years, thus, neglect the impact
of time effects. Therefore, the best way to conquer this problem is to reshape
the data wide so that each variable in each year becomes a new variable. As a
result, cluster analysis will group provinces following similar time-trends of

regional economic development into the same cluster®.

® The cluster analysis results reflect an overall picture of macroeconomic conditions in
31 provinces over 2005-2015. Provinces with similar macroeconomic traits and
following similar trend of economic change over the period are grouped into the same
cluster. We do not allow clusters to move across years, in order to have fixed technology
groups to construct a meta-frontier for the sample later on. Moreover, to our best
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The first stage HAC cluster analysis results can be visually presented in a

dendrogram. Ward linkage is used as the linkage method for hierarchical

clustering.

Figure 4.3. Dendrogram for HAC
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The x-axis on the dendrogram indicates the provinces and y-axis measures the
dissimilarities among clusters

knowledge, it is unlikely for any bank in our sample to move the location of their
headquarter and operation over the period, given that we only include city and rural
commercial banks which are established to serve their local market. To the best of
knowledge, our sample does not include any bank that has merged into another bank
during the period, as we only select banks that were still active as of 2015. Given that
we only include city and rural commercial banks that primarily operate within their own
local market, any potential mergers and restructuring would be likely on the regional
level, especially when central and provincial governments are largely involved in such
decisions. For example, in 2021, Liaoning province decides to merger 12 local banks
into one provincial level bank (Reuters, 2021). Such merger would not impact the
cluster thus would still be included in the same technology group in the construction of
meta-frontier, since the merged bank still operate within the province.
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The x-axis on the dendrogram indicates the provinces, and the y-axis measures
the dissimilarities among clusters. Each observation starts as its own cluster,
and then they combine with each other until all groups are combined. Longer
vertical lines indicate a more distinct separation between the groups. The
dendrogram hints that clusters are clearly distinct when cutting the cluster tree
at the point which gives us 4 clusters. This is confirmed by the statistics of two
stopping rule indexes calculated below. As mentioned in the methodology
section, in order to obtain distinct clusters, we would like to find one of the
highest values of Calinski/Harabasz pseudo-F or one of the highest Duda/Hart
Je(2)/Je(1) index values with a low corresponding pseudo-T-squared value
which have much larger pseudo-T-squared values next to it. From both tables
below, we can see that both indexes consistently point to 3 clusters as the most
distinct solution (the optimal number of clusters and their corresponding indexes

are underlined in the tables below).
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Table 4.6. Calinski/Harabasz pseudo-F Index

No. of Clusters Calinski/ Harabasz pseudo-F

2 24.92
3 26.59
4 22.26
5 20.11
6 19.42
7 18.67
8 18.47
9 17.9
10 17.34
11 17.05
12 17.07
13 17.05
14 17.04
15 16.52
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Table 4.7. Duda/Hart Index

Duda/Hart
No. of Clusters

Je(2)Je(1) pseudo T-squared

1 0.5378 24.92
2 0.4438 12.53
3 0.7018 1.22
4 0.0478 19.91
5 0.6341 4.04
6 0.748 4.38
7 0.6288 3.54
8 0.5683 5.32
9 0.6562 2.1

10 0.3814 3.24

Therefore, we will choose 3 clusters as the optimal number of clusters based on
the first-stage HAC results. Then the centres of these 3 clusters are used as the
starting points for k-means clustering, where k is pre-defined to be 3. After k-
means consolidation, we find that the provinces that belong to each cluster
resulted from the first step do not change after second-step clustering. In other
words, provinces have not moved between clusters after consolidation from the
second-step k-means clustering process. Since both steps give exactly the same

cluster solution, we will present the final results in table 4.8'°. We can see that

' The cluster analysis results reflect an overall picture of macroeconomic conditions in 31

provinces over 2005-2015. Provinces with similar macroeconomic traits and following similar
trends of economic change over the period are grouped into the same cluster. We do not allow
clusters to move across years, in order to maintain fixed technology groups for the construction
of a meta-frontier later on. Moreover, to our best knowledge, it is unlikely for any bank in our
sample to move the location of their headquarter and operation over the period, given that we
only include city and rural commercial banks which are established to serve their local market.
Given that we only include city and rural commercial banks that primarily operate within their
own local market, any potential mergers and restructuring would be likely on the regional level,
especially when central and provincial governments are largely involved in such decisions. For
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provinces are not equally split into clusters. Cluster two has the least number of
provinces, cluster one has the greatest number of provinces, and cluster three is
in-between. We attach the table of regional economic divisions by NBSC as
well for comparison. We notice that only 31 mainland provincial-level divisions

are included in both tables, reflecting the availability of mainland data from

NBSC.

example, in 2021, Liaoning province decides to merge 12 local banks into one provincial-level
bank (Reuters, 2021). Such a merger would not impact the cluster as they would still be included
in the same technology group to construct the meta-frontier.
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Table 4.8. Cluster Analysis Results

Cluster Analysis Results

Cluster 1 Cluster 2 Cluster 3
Anhui Beijing Fujian
Chongging Shanghai Guangdong
Gansu Tianjin Heilongjiang
Guangxi Inner Mongolia
Guizhou Jiangsu
Hainan Jilin
Hebei Liaoning
Henan Shandong
Hubei Zhejiang
Hunan
Jiangxi
Ningxia
Qinghai
Shaanxi
Shanxi
Sichuan
Tibet
Xinjiang
Yunnan
No.
Provinces 19 3 9
Total No. of
Provinces 31
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Table 4.9. Economic Regions by National Bureau of Statistics China

Database (NBSC)
Eastern Intermediate
Economic Regions Zone Zone Western Zone
Beijing Anhui Chongging
Fujian Heilongjiang Gansu
Guangdong Henan Guangxi
Hainan Hubei Guizhou
Inner
Hebei Hunan Mongolia
Jiangsu Jiangxi Ningxia
Liaoning Jilin Qinghai
Shandong Shanxi Shaanxi
Shanghai Sichuan
Tianjin Tibet
Zhejiang Xinjiang
Yunnan
No. of Provinces 11 8 12
Total No. of
Provinces 31

To visualise the geographical relationship of our clusters, we indicate them with
different colours on the map below, where blue, green and red indicate clusters
1, 2 and 3, respectively and areas without data are not filled with colour. Please
note that this map only contains provincial-level administrative divisions, and
divisions of other levels are not included in the map. We can notice that,
compared to the official division of economic regions by NBSC, cluster analysis
has picked Beijing, Shanghai and Tianjin out of Eastern Zone and grouped them
into a separate cluster (cluster 2). This result agrees with the fact that these three

municipalities are economic and financial centres in China. They are of unique
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economic status, so it is indeed expected that they are grouped together as a
standalone cluster. The rest of the provinces which belong to the Eastern Zone
still largely remain in the same cluster after conducting cluster analysis, with a
few provinces such as Heilongjiang and Jilin entering the group while provinces
such as Hainan and Hebei exiting the group. We can also observe a general trend
of intermediate zone and western zone merging together into one big cluster.
This might be due to the results of a series of economic reforms and investment
in infrastructure, which narrowed the gap between the intermediate region and
western regions over time. We have also attempted cluster analysis using
different combinations of variables representing regional economic
development. The resulting clusters solutions appear to be of very similar
structure. However, some combinations give non-distinct clusters while others
do not yield enough observations for each cluster to allow frontier analysis later
on. Therefore, after exhausting all possible tuples of regional economic
variables, we find one combination which gives acceptable numbers of

observations to allow maximum likelihood estimation of cost frontiers later on.
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Figure 4.4. Regional Division in Mainland China (excluding Hong Kong,
Macao and Taiwan) — Results from Cluster Analysis

Clusters - Hierarchical and K-means Hybrid Method
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Blue, green and red indicate clusters 1, 2 and 3, respectively and areas without data are not
filled with colour. Cluster 1= the Inland Region, Cluster 2= the Eastern Municipalities and
Cluster 3= the Northeastern and Coastal Region. Data source: National Bureau of Statistics of
China. Map source: Merryman (2008)

We can see that the way we determined the optimal number of clusters from the
above method was by examining the dendrogram and two indexes of hierarchical
clustering. Three was found to be the optimal number of clusters. Now we will
use the second method - our proposed algorithm to determine the number of
clusters. By running the first- and second-step clustering in one setting for 1 to
20 clusters, we plot the within sum of squares (WSS) from each final cluster
solution for each chosen number of clusters, which is presented in the graph
below. As we are looking for a kink in the curve for WSS, log(WSS) and 72,
we find that number three seems to be the optimal number of clusters. In other
words, when the number of clusters is over 3, the marginal reduction in WSS is
negligible compared to previous solutions. For the proportion of reduction in
WSS with respect to the previous solution, indicated by PRE, the result is less
clear. The proportional reduction of WSS from 2 to 3 clusters seems to be less

than the proportional reduction of WSS from 1 to 2 clusters. Nevertheless, from
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the first three graphs, we can still conclude that majority of the evidence from
the reduction in WSS points clearly to 3 clusters as the optimal solution.

Figure 4.5. Determination of Optimal No. of Clusters-Elbow Method
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The x-axis indicates the number of clusters and the y-axis indicates the values of the within

sum of squares WSS, the logarithm of the within sum of squares log(WSS), 1, and the
proportional reduction PRE

To further cross-validate this choice, we draw the silhouette graph. As
mentioned in the methodology section, silhouette widths measure the ratio of
dissimilarity within an object’s own cluster over the dissimilarity between an
object and its neighbour cluster. Therefore, it measures if one object is correctly
assigned to its own cluster. A positive silhouette width indicates that the object
is correctly assigned, while a negative silhouette width indicates that the object

is closer to the neighbour cluster rather than the assigned cluster. Therefore, a
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reassignment of the object to its neighbour cluster should be attempted. In our
case, we can see that all provinces are correctly assigned to one of the three
clusters as there is no negative silhouette width present in the graph, and the
average silhouette width is well above zero at 0.59. Therefore, we can conclude
that the cluster solution we have obtained is valid, and there is no outliner
detected.

Figure 4.6. Cross-validation of Optimal No. of Clusters- Silhouette
Widths

Silhouette width
4
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The x-axis indicates the province, the colour indicates the cluster, the y-axis indicates
the silhouette width and the dashed line indicates the average silhouette width.
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4.9 Empirical Results — Stochastic Meta-frontier Analysis

4.9.1 Descriptive Statistics

Table 4.10. Observations, Provinces and Clusters

Province Clusters Total
1 2 3

Sichuan 47 0 0 47
Hebei 38 0 0 38
Henan 37 0 0 37
Hubei 33 0 0 33
Guangxi 31 0 0 31
Chongging 23 0 0 23
Shanxi 19 0 0 19
Shaanxi 14 0 0 14
Hunan 12 0 0 12
Anhui 11 0 0 11
Yunnan 11 0 0 11
Ningxia 10 0 0 10
Guizhou 7 0 0 7
Jiangxi 7 0 0 7
Xinjiang 7 0 0 7
Gansu 4 0 0 4
Shanghai 0 37 0 37
Tianjin 0 25 0 25
Beijing 0 22 0 22
Zhejiang 0 0 161 161
Guangdong 0 0 139 139
Shandong 0 0 123 123
Jiangsu 0 0 98 98
Liaoning 0 0 57 57
Fujian 0 0 36 36
Inner Mongolia 0 0 17 17
Heilongjiang 0 0 12 12
Jilin 0 0 12 12
Tibet 0 0 0 0
Qinghai 0 0 0 0
Hainan 0 0 0 0
Total 311 84 655 1,050

This table presents the number of observations in each province in our commercial banking
data and the total number of observations in each cluster. Cluster 1- the Inland Region Cluster
2- the Eastern municipalities Cluster 3- the Northeastern and Coastal Region
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Table 4.10 brings in our commercial banking data in each province. It presents
the number of observations in each province and the total number of
observations in each cluster. We can see that cluster 3 has the most observations
and cluster 2 has the least. We can observe that Zhejiang, Guangdong and
Shandong possess the highest volume of reported data in our sample. This could
be either due to the higher number of regional commercial banks or the higher

reporting rate of these banks.

Table 4.11 counts the observations in each cluster and its percentage of total
observations each year. We can observe a general increase in the number of
observations from 2005 to 2010, and the number becomes relatively stable from
2010 onwards. The reason for the increase can either be due to the period of
transitioning of rural credit unions to rural commercial banks beginning from
2005, or it could be simply due to an increased rate of reporting or a decrease in

missing values over time.

Table 4.11. Observation Counts

Year/Clusters 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 Total

Cluster 1 13 26 25 19 26 32 35 35 35 35 30 311
Cluster 2 7 7 7 7 7 8 9 8 8 8 8 84
Cluster 3 31 49 52 53 53 64 69 71 71 75 67 655

Cluster 1 25% 32% 30% 24% 30% 31% 31% 31% 31% 30% 29% 30%
Cluster 2 14% 9% 8% 9% 8% 8% 8% 7% 7% 7% 8% 8%
Cluster 3 61% 60% 62% 67% 62% 62% 61% 62% 62% 64% 64% 62%

Total 51 82 84 79 86 104 113 114 114 118 105 1050

This table presents the number of observations in each cluster and its percentage of total
observations each year. Cluster 1= the Inland Region, Cluster 2= the Eastern Municipalities and
Cluster 3= the Northeastern and Coastal Region.
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Table 4.12 on the following page offers summary statistics of inputs, input prices

and outputs, as well as the risk control variable equity in each cluster.
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Table 4.12. Summary Statistics of Frontier Variables

Input 1(X1) Input 2 (X2) Pricel(P1) Price3(P3) Output 1(Y1) Output 2(Y2) Equity

Cluster 1

658.8217 1424.3400 0.0105 0.0264 27981.8700 30771.6300 243.5396 4571.3310

697.9180 1812.8790 0.0041 0.0135 28390.6000 38599.0600 321.8345 5129.0830

5179.3780 12649.0000 0.0400 0.0809 175691.4000 277207.8000 2044.9650 32941.3700

4.6196 2.7164 0.0023 0.0040 70.4224 11.4251 0.0679 10.4292
Cluster 2

2005.0310 5738.6280 0.0093 0.0296 113825.3000 116952.3000 837.1570 15214.2700

1605.7870 6552.0420 0.0037 0.0154 105796.8000 122493.6000 1018.2520 15841.4400

7380.5950 29199.0200 0.0247 0.0942 493963.7000 628169.9000 5307.4250 79422.4100

1.5230 0.0307 0.0047 0.0032 16.8741 30.3653 0.0460 61.7040
Cluster 3

791.1904 1776.8940 0.0111 0.0281 35964.2300 31698.6600 380.8415 5186.2110

1479.0290 3755.2720 0.0036 0.0141 63567.2800 58137.3900 1108.1030 8425.4760

20542.0500 44926.3500 0.0306 0.1189 809670.2000 618508.1000 20477.9300 110173.4000

3.3686 0.2150 0.0022 0.0016 23.2912 147.3511 0.6000 88.2244

Total

849.0913 1989.4090 0.0108 0.0277 39828.8200 38244.3700 376.6792 5806.3340

1353.3690 3795.8310 0.0038 0.0141 64284.1200 65376.7500 948.9063 8925.7000

20542.0500 44926.3500 0.0400 0.1189 809670.2000 628169.9000 20477.9300 110173.4000

1.5230 0.0307 0.0022 0.0016 16.8741 11.4251 0.0460 10.4292

The first to fourth figures represent mean, standard deviation, maximum and minimum for each cluster and for the whole sample. Notes: X1= Personnel Expenses; x2=
Total Interest Expense; x3= Other Operating Expenses; p1= Personnel Expenses/ Total; p2= Assets Total Interest Expense/Customer Deposits; p3=Other Operating
Expenses/ Total Assets; y1=Net Loans; y2= Other Earnings Assets; y3=Total Non-Interest Operating Income. . Cluster 1= the Inland Region, Cluster 2= the Eastern
Municipalities and Cluster 3= the Northeastern and Coastal Region.
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Table 4.13. Summary Statistics of Environmental Variables

Stats ET Ay ROAA,, NPLy; GDPGR,; LnGDPPCyp, Urban,, INFy, HHI,, FAS,
Cluster 1
Obs 311 311 311 311 311 311 311 311 311
Mean 7.5315 1.3120 1.8582 111.6026 10.1088 44.5245 102.9148 4.9983 1.2330
Std. Dev. 5.2754 1.1350 1.9153 2.4690 0.4781 7.1073 1.9654 1.2074 0.4097
Min 43.9825 8.8020 14.5800 117.1000 10.8602 60.9416 108.5000 8.0684 1.5335
Max 1.7530 -0.0020 0.0300 103.1000 8.6500 27.4526 97.9000 3.8060 0.1546
Cluster 2
Obs 84 84 84 84 84 84 84 84 84
Mean 12.2568 0.8283 1.7976 110.7762 11.2054 85.3423 102.6452 20.6887 1.1778
Std. Dev. 3.4241 0.3025 1.4015 3.1573 0.2731 4.1354 1.7342 1.1708 0.4611
Min 18.8325 1.4447 6.9300 117.4000 11.5876 89.6083 105.8000 23.1036 1.5335
Max 4.1310 -0.3900 0.5517 106.9000 10.4852 75.1440 98.5000 19.5405 0.1546
Cluster 3
Obs 655 655 655 655 655 655 655 655 655
Mean 8.9310 1.1950 2.0502 110.7802 10.7478 59.6273 102.6689 4.7573 1.2313
Std. Dev. 2.4961 0.2767 2.5842 2.7292 0.3722 6.4268 1.7708 0.4081 0.4046
Min 21.2736 1.6938 29.2333 123.8000 11.3890 68.7068 105.8000 5.5445 1.5335
Max 2.8867 -0.1660 0.4300 103.0000 9.7008 45.0043 97.7000 3.9731 0.1546
Total
Obs 1050 1050 1050 1050 1050 1050 1050 1050 1050
Mean 8.7825 1.2003 1.9731 111.0234 10.5951 57.2112 102.7398 6.1032 1.2275
Std. Dev. 3.8054 0.6711 2.3266 2.7158 0.5238 12.5205 1.8296 4.3785 0.4108
Min 43.9825 8.8020 29.2333 123.8000 11.5876 89.6083 108.5000 23.1036 1.5335
Max 1.7530 -0.3900 0.0300 103.0000 8.6500 27.4526 97.7000 3.8060 0.1546

The table shows summary statistics of environmental variables in each cluster. ETA is the equity to total assets ratio, ROAA is the return of average assets, NPL is the non-performing
loan to gross loan ratio, LnGDPPC is the logarithm of the real GDP per capita, Urban is the urbanisation rate, INF is the inflation rate, HHI is the Herfindahl index, and FAS is the
foreign asset share. Cluster 1=the Inland Region, Cluster 2= the Eastern Municipalities and Cluster 3= the Northeastern and Coastal Region.
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Figure 4.7. Microeconomic and Macroeconomic Environmental Variables
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To analyse chosen industry-specific and macroeconomic variables, plots of
mean values over the years give us a better picture of economic and industry-
wide trends than just looking at summary statistics. For the majority of the
environmental variables above, we can observe identifiable gaps among clusters.
This further validates our cluster analysis results in the sense that these clusters
do have distinct characteristics in terms of the environment. In terms of the
banking sector-specific environment, they are obtained by calculating the
averages of each variable for all banks within each cluster. In terms of the capital
adequacy level, we can observe a general trend of increase in capital levels in
the past decade. Cluster 1 has the lowest capital adequacy, cluster 2 has the
highest capital adequacy, and cluster 3 lies in the middle. According to
Kosmidou (2008), capital acts as a buffer for unexpected shocks. A high level
of capital adequacy would signal investors a lower risk of bankruptcy, leading
to a potentially lower cost of funding and an increase in cost efficiency. We can
first observe that the overall capital level peaked slightly in 2009 in the midst of
the global financial crisis and then flattened out afterwards, whilst still
maintaining steady growth. Cluster 2 and cluster 1 have the highest level and
lowest level of capital adequacy, respectively, while cluster 3 lies in the middle.
We know that cluster 2 represents the most developed financial centres in China,
and cluster 1 contains the less developed provinces. We find that banks in more
developed regions tend to hold higher levels of capital, which may be due to

more stringent enforcement of capital regulations in these areas.

In terms of the profitability level measured by Return on Average Assets
(ROAA), we find that cluster 2 has a lower level of capital than clusters 1 and
3. According to Saunders and Cornett (2018), banks tend to reduce the level of
risky assets in their asset profile in order to achieve a higher level of capital, thus

potentially affecting bank profitability.

The levels of non-performing loans (NPLSs) in the three clusters are of a similar
scale and have a decreasing trend in the past 11 years. The highest level of NPLs
is at the beginning of the period of around 6%, and it gradually decreases to
around 1% in 2010 and remains at 1% level till 2013 with a slight rise from 2013

to 2015. The NPL level in cluster 2 has a slightly lower level than average prior
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to 2009-2010 but slightly higher than average in the few years after, which could
be linked to an increased loan default rate during the global financial crisis,
which feeds into the non-performing loan level in the following few years. The
effect of the global financial crisis, however, does not affect cluster 1 and cluster

3 as much as it does on cluster 2.

In terms of macroeconomic conditions, the trends of six indicators are presented
in the diagrams above. GDP Growth rates (GDPGR) fluctuate over the study
period with some degree of dispersion across clusters. GDPGRs increase from
2005 to 2007 then drop to the lowest level in 2009. There is a slight increase
briefly from 2009 to 2010, but GDPGRs declined continuously from 2010
onwards. The cluster with the highest level of GDP growth rate is cluster 3
before 2007 but becomes cluster 1 after 2007.

Regarding the logarithm of real GDP per capita (LnGDPPC), there is a steady
and continuous trend of increase. Cluster 2 remains the area with the highest
LnGDPPC, and cluster 1 remains the area with the lowest LnGDPPC over the
whole period, where cluster 3 lies in-between at the average level.

Urbanisation rates exhibit large dispersions among three clusters. Cluster 2 has
an urbanisation rate of more than 80 percent, which is much higher than clusters
2 and 3. Cluster 1 has the lowest level of urbanisation rate, and cluster 3 lies
slightly below the national average. The urbanisation rate remains stable for

cluster 2 over the 11 years but increases steadily for clusters 1 and 3.

Inflation rates, measured by yearly changes in Consumer Price Index, do not
deviate from each other much in terms of yearly means for each cluster. The
inflation rates go up from 2006 to 2008 then drop sharply to the lowest point
during the study period in 2009, where deflation was found. Inflation rates go
up continuously from 2009 to 2011 to around 5%, then decline to around 3% and
continue a gradual decline reaching around 1%-2% in 2015. We can observe a
small level of difference among these 3 clusters from 2005 to 2008, where cluster
1 has the highest and cluster 2 has the lowest inflation rate. There is ample
literature on the impact of inflation on bank profitability (Revell, 1979,
Athanasoglou et al., 2008, Flamini et al., 2009, Kosmidou, 2008, Adelopo et al.,

2018) and limited theory and literature on how inflation affects bank efficiency.
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It is generally believed that high inflation induces banks to compete through
excessive branch networks, thus reducing efficiency. Berger (1995) supports that
excessive expansion and opening of branches in areas with insufficient demand
and few customers is a source of inefficiency. Demirguc-Kunt et al. (2003) find
evidence that high inflation increases bank costs. According to Pasiouras et al.
(2009) and Kasman and Yildirim (2006), a higher inflation rate causes higher
costs and lower profits. In the literature which included inflation as a
determinant for bank profitability, the theory suggests that whether inflation
facilitates or hinder profitability depends on whether bank wages and cost
increases faster than inflation. Staikouras and Wood (2004) and Kosmidou
(2008) argue that inflation can affect cost through price of labour demand for
financial services from banks. For example, unanticipated inflation may cause
difficulties in loan repayment for borrowers which may lead to precipitate ending
of loan contracts. High and uncertain inflation may also cause difficulties in
loan assessment. Adelopo et al. (2018), on the other hand, argue that higher
inflation might encourage entrepreneurial behaviour, thus may encourage
lending, thus positively affect banks’ loan business. However, the authors did
not mention the quality of these potential entrepreneurial loans. Staikouras and
Wood (2004) believe that inflation also affects bank’s investments in property
markets in which the profit and loss are contingent on monetary policy.
Athanasoglou et al. (2008), Flamini et al. (2009) and Adelopo et al. (2018)
believe that the impact of inflation on bank profitability depends on if inflation
can be correctly predicted and passed on to customers. Uncertainty will
negatively affect banks’ ability to predict inflation precisely thus increasing the
chance that banks have to bear higher operating cost. Since the performance
measure in this study is cost efficiency with intermediation model regarding
banks as intermediaries using capital, labour and deposits to produce loans and
other earnings assets, where loans are measured using net loans as gross loans
subtracted by bad loans, it is expected that inflation will more likely have a

significant and positive impact on cost inefficiency.

Herfindahl index (HH1,;) is calculated as the sum of squared assets shares. The
subscript of HHI ., indicates that HHI is cluster and time specific. The reason

that this variable is not province-specific is due to the fact that HHI would be
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much less accurate on the provincial level since branch-level data is not
available; therefore, the data on total assets is only available on the aggregate
level for each bank. Kasman and Yildirim (2006) use HHI as a proxy for
concentration and believe that high concentration can be linked to either higher
or lower cost depending on the cause. In other words, the relationship between
cost and market concentration can go in either the same or opposite direction,
according to literature. If a high concentration results from an exercise of market
power, the banks are likely to operate under a non-optimal condition, and higher
concentration is associated with higher cost (Leibenstein, 1966). When higher
concentration is associated with better performance and efficiency, higher
concentration could be linked with lower cost (Demsetz, 1973). HHI has an
overall decreasing trend, which indicates increasing competition in the Chinese
regional commercial banking sector. Cluster 2 has the highest level of
competition, with HHI starting from 23% and gradually declining to around
20%. HHI in cluster 1 drops from 8% to around 4%, while in cluster 3, it stays
around 5% throughout the period. The overall decline of HHI may be due to

entry of new banks into their respective local market during the period.

Foreign bank market share (FBS) witnessed a sharp increase at the beginning of
the period then remains relatively stable at a later stage of the period. It is
defined as the percentage asset share of foreign banks with respect to the total
assets in the banking sector for each year. Foreign banks here are defined as
banks with foreign investment of more than 25%. This measure proxies the level
of competition coming from a foreign bank in the market. The sharpest increase
can be seen from 2006-2007 from around 0.2% to 1.4% followed by a slight
decline from 2007-2008. After that, we can observe a gradual but steady
increase from 2008, reaching the highest foreign bank share at 1.5% in 2011.
From 2011 to 2015, foreign bank market share slowly declines to reach 1.1% at
the end of the period. Since China opened its banking market to foreign banks
in 1979, the restrictions on foreign banks are being relaxed over time. Most of
these restrictions imposed on foreign banks are lifted within five years’ China’s

admittance to WTO (Kwan, 2009). According to Shen et al. (2009), there are
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four main ways foreign banks choose to enter the Chinese banking market. The
first way is to establish foreign banks branches and subsidies. The second way
is to establish a new bank fully funded by foreign banks. The third way is for
foreign banks to launch joint-ventures with Chinese banks where they hold more
than 25% of total shares. The last method is to through foreign strategic
investors (FSI), a policy established in 2001. The policy originally restricted a
foreign bank’s investment to be no more than 15% in a single bank, and then this
restriction was relaxed in 2003 to 20% by CBRC in the updated guidance, with
aggregate total foreign investment limited to less than 25%. The 25% limitation
only applies to unlisted banks, while listed banks with more than 25% foreign
shareholdings are still regarded as Chinese banks (Shen et al., 2009). Further
reforms on relaxation of the regulation of Administration of Foreign-funded
banks was conducted in 2015. According to Luo et al. (2017), the presence of
foreign banks in China is highly unevenly distributed, as a disproportionally high
number of foreign banks chose to establish branches in the eastern costal region,

especially in China’s financial centre, Shanghai'!.

It is generally believed that foreign banks will bring in healthy competition into
the Chinese banking industry. However, some believe that foreign banks can
also bring in a degree of threat to the stability of the Chinese financial market.
Some are concerned that with more diverse products, wider international
network and state-of-the-art risk management capabilities, domestic banks might
be forced out of the market (Li et al., 2015). Bonin and Huang (2001) find that
the opposite tends to be true as foreign banks’ entry acts as a form of foreign
direct investment (FDI) aiming at a long-term benefit. At the same time, foreign
bank entry is subject to restrictions under regulation and supervision of CBRC,
making it difficult to expand. There are a number of studies focusing on the
impact of foreign bank entry on the competition and performance of Chinese
domestic banks. Shen et al. (2009) solely focus on the impact of foreign bank

presence on Chinese bank performance. MacroFP is calculated as the total

** Due to limitations of the database used in this thesis, only aggregate data is available
for foreign banks and there is a lack of branch-level data. Therefore, we will focus on how the
increase in foreign banks presence in China impact performance of Chinese domestic banks over
the study period.
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number of Chinese banks with foreign presence divided by the total number of
Chinese banks, and MicroFP is calculated as the ratio of shares held by FSI in a
bank to total shares in a bank. A wholly foreign-funded bank, in this case, would
have 100% MicroFP. They find that MacroFP improves the profitability of
Chinese banks but does not reduce cost. They attribute the improved bank
performance to an enhanced competitive environment or the introduction of new
technology. However, when foreign bank presence is measured on the micro
level using MicroFP, no impact on profit or cost has been found. They ascribe
it to many reasons, including the fact that due to relatively short study periods,
the short-term cost of staffing and investment in software to accommodate new
technologies might outweigh the benefits. Xu (2011) criticises the inaccuracy of
using aggregate data for foreign bank presence in the previous literature and
proposes a spatially disaggregated measurement for foreign bank presence on
the local level. They find that disaggregated foreign exposure reduces interest
margins, increases costs but increases non-interest margins in domestic banks.
They conclude this result is in line with the theory that increased foreign
presence does bring in healthy competition, improved efficiency with spill-over
effects. Italso increases the costs for domestic banks in the short run due to new
investment in capital to adapt to the sudden competitive pressure from foreign
entry. Berger et al. (2009) find that foreign bank presence increases efficiency
in state-owned banks. Leung and Chan (2006) also find a positive relationship
between foreign bank entry and local bank efficiency.

In our study, we focus on the presence of foreign-owned banks rather than the
foreign investment in domestic banks as a measure for foreign presence, and it
is measured on the national level. A negative relationship is expected between

foreign bank presence and bank cost efficiency.

The correlation table below shows the correlation coefficients and their
significance among microeconomic and macroeconomic environmental
variables. The majority of the exogenous variables are of weak correlations,
with a few indicating stronger or moderate correlations. ETA and ROAA are
moderately correlated with a correlation coefficient of 0.6, which may indicate

that higher capital requirements can be associated with higher profitability in the

Page 142 of 265



banking sector. There is also a moderately negative correlation between NPL
and FAS. This relationship is expected by observing the upward trend of NPL
and declining of FAS in the diagrams. GDP per capita has a relatively higher
correlation with the urbanization of 0.8133, as both are measurements of regional

development.

Table 4.14. Correlation Table of Environmental Variables

ETA  ROAA  NPL GDPGR IanGDPPC  URBAN INF HHI FAS
ETA 1.0000
ROAA 0.6000%  1.0000
(0.0000)
NPL -0.0897* -0.2223*  1.0000
(0.0036)  (0.0000)
GDPGR -0.2680* -0.0978*  02256*  1.0000
(0.0000)  (0.0015)  (0.0000)
LnGDPPC 0.4351%  0.1289*  -0.3706* -0.5935* 1.0000
(0.0000)  (0.0000)  (0.0000)  (0.0000)
URBAN 0.4614%  -0.0517 -0.1329% -0.3651*  0.8133* 1.0000
(0.0000) (0.0943)  (0.0000) (0.0000)  (0.0000)
INF 20.0617  0.1232*  -0.1020% 0.2507*  -0.1157*  -0.0794  1.0000
(0.0455)  (0.0001) (0.0009) (0.0000)  (0.0002)  (0.0100)
HHI 0.2195% -02139*  0.0456  0.0183 0.2424% 0.6025*  -0.0358  1.0000
(0.0000) (0.0000) (0.1400) (0.5539)  (0.0000)  (0.0000) (0.2470)
FAS 0.1778%  03025% -0.5227* -0.2487*  0.4089* 0.1513*  0.3597* -0.1339* 1.0000
(0.0000)  (0.0000) (0.0000) (0.0000)  (0.0000)  (0.0000) (0.0000) (0.0000)

This table shows the Pearson pairwise correlation coefficients between environmental
variables with p-values in parentheses. Statistical significance is marked with *, corresponding
to p-value of less than 0.01. ETA is the equity to total assets ratio, ROAA is the return of
average assets, NPL is the non-performing loan to gross loan ratio, GDPGR is the GDP growth
rate, LnGDPPC is the logarithm of real GDP per capita, URBAN is the urbanisation rate, INF
is the inflation rate, HHI is the Herfindahl index, and FAS is the foreign asset share.

4.9.2 Pooled results

Three versions of the pooled model are presented in the table below. The
differences in the three models are in the inefficiency model. Pooled 1 only
includes microeconomic variables, pooled 2 only includes macroeconomic
variables and pooled 3 contains both microeconomic and macroeconomic
variables. The majority of the variables in the frontier are significant, suggesting
a well-specified model. Coefficients and significance are very similar for all
three models. An interesting phenomenon is that when including only
microeconomic or macroeconomic variables in the pooled model, we could not

observe any significance of the exogenous variables. The significance was only
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revealed when both categories were included in the model.

The significant and negative coefficient of ETA suggests that increased capital
levels in the banking sector tend to assist the improvement of bank cost

efficiency.

The coefficient of inflation is found to be significantly positive, indicating that
higher inflation contributes to higher cost and lower efficiency, as found by
Kasman and Yildirim (2006), Pasiouras et al. (2009) and Demirguc-Kunt et al.
(2003) in their European and cross-country studies. It is an indication that
Chinese banks might exercise excessive expansion of bank branch networks in
response to higher inflation. It might also be because inflation has increased
bank operating costs, such as higher labour costs. As Staikouras and Wood
(2004) have mentioned, during a high inflation period, borrowers may have
difficulty with cash flow which may result in premature termination of loan
agreements or an increase in loan losses, thus causing reduced loan volume and

increased loan losses, reflected as reduced net loans in our model.

The sign of HHI is significant and positive, indicating that higher concentration
reduces the cost efficiency of Chinese commercial banks. As suggested by
Kasman and Yildirim (2006), this could be an indication that the concentration
in the Chinese banking industry is more likely to come from market power rather
than superior management. Banks in the areas with higher concentration and
market power have less pressure for cost control (Maudos et al., 2002), thus
resulting in lower cost efficiency. This result is in line with Kasman and
Yildirim (2006), Maudos et al. (2002) and Goddard et al. (2014).

Foreign bank presence shows strong significance in its positive impact on cost
efficiency in the pooled model. As measured by foreign asset shares in the
Chinese banking sector, FAS has a significant and positive sign. Although
Berger et al. (2009) and Xu (2011) find some evidence that foreign bank
presence increases bank efficiency, their results are either partial or indirect.
Berger et al. (2009) found that foreign presence increases efficiency in state-
owned banks. Our study complements their results by finding that foreign bank
presence also increases cost efficiency in the city and rural commercial banks.

Xu (2011) conclude that foreign bank presence increases healthy competition
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and increases domestic bank efficiency by finding that foreign bank presence is
linked with increased costs, reduced interest margin and increased non-interest
margin in domestic banks. They attribute the increased cost to initial investment
in new technology in domestic banks in response to suddenly increased
competition brought in by the foreign banks, and this increase in cost should be
present in the short run. As our study covers the period 2005 to 2015, which can
be seen as a continuation of Xu (2011)’s study period 1999 to 2006, foreign bank
presence has been fully established in our study timeframe, and the role of
foreign banks has evolved, especially after deregulations. Hence, it would not
be of surprise but of interest if the impact of foreign presence has evolved over
time. Another point that needs to be noted is that the effect of foreign presence
on cost is different from its effect on cost efficiency. Cost efficiency measures
how banks utilise capital and deposits to produce loans and other earnings assets,
which is more complex than cost alone. Therefore, our results cannot be directly

compared with studies that did not examine cost efficiency using SFA.
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Table 4.15. Pooled Frontier Estimates

(@) @ ®)
Pooled 1 Pooled 2 Pooled 3
Frontier
Inpl 0.6996***  (0.2072)  0.6235***  (0.2114)  0.5732***  (0.2094)
Inp2 -0.4295***  (0.1202)  -0.4053***  (0.1195)  -0.4141***  (0.1188)
Inplinpl -0.0291 (0.0364)  -0.0490 (0.0370)  -0.0474 (0.0365)
Inp2Inp2 -0.0250 (0.0186)  -0.0190 (0.0188)  -0.0208 (0.0185)
Inpllnp2 -0.0399** (0.0163)  -0.0367** (0.0164)  -0.0384** (0.0161)
Inyl 0.7199*** (0.1082)  0.7171*** (0.1105)  0.7435*** (0.1095)
Iny2 0.6122*** (0.1088)  0.6297*** (0.1080)  0.6210*** (0.1075)
Iny3 0.0423 (0.0610)  0.0591 (0.0606)  0.0332 (0.0603)
Inyliny1 0.2174***  (0.0126)  0.2237***  (0.0128)  0.2200***  (0.0127)
Iny2lny?2 0.1171*%**  (0.0129)  0.1147***  (0.0130)  0.1146***  (0.0127)
Iny3lny3 0.0106*** (0.0038)  0.0101** (0.0039)  0.0098** (0.0039)
Iny1lny?2 -0.1823***  (0.0123)  -0.1854***  (0.0124)  -0.1833***  (0.0123)
Inyllny3 -0.0297***  (0.0064)  -0.0333***  (0.0064)  -0.0318***  (0.0062)
Iny2iny3 0.0154** (0.0071)  0.0201*** (0.0071)  0.0191*** (0.0070)
Inylinpl 0.0387* (0.0234)  0.0396* (0.0237)  0.0449* (0.0234)
Iny1inp2 0.0328*** (0.0106)  0.0321*** (0.0107)  0.0324*** (0.0105)
Iny2Inp1 -0.0995***  (0.0211)  -0.1050***  (0.0212)  -0.1018***  (0.0206)
Iny2Inp2 0.0403***  (0.0105)  0.0438***  (0.0106)  0.0419***  (0.0103)
Iny3Inp1 -0.0004 (0.0124)  0.0065 (0.0123)  0.0005 (0.0122)
Iny3Inp2 -0.0169***  (0.0062)  -0.0187***  (0.0063)  -0.0176***  (0.0061)
Ineq -0.2209***  (0.0469)  -0.2451***  (0.0497)  -0.2319***  (0.0490)
Ineglneq 0.0277*** (0.0062)  0.0289*** (0.0066)  0.0285*** (0.0064)
t 0.0725*** (0.0068)  0.0891*** (0.0099)  0.0893*** (0.0100)
t2 -0.0081***  (0.0010)  -0.0099***  (0.0013)  -0.0100***  (0.0013)
Constant -1.2272* (0.6595)  -1.4335%* (0.6575)  -1.6409** (0.6570)

Inefficiency Model

ETA,, -0.1588 (0.1458) -0.0478**  (0.0240)
ROAA,, -0.4581 (0.4477) -0.1331 (0.1180)
NPLy, 0.0472 (0.0443) 0.0116 (0.0099)
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GDPGR,; 0.0203 (0.0212)  0.0057 (0.0121)

GDPPCapitay, -0.1877 (0.2081)  0.0414 (0.1441)
Urban,, -0.0045 (0.0100)  -0.0023 (0.0059)
INFy, 0.1013 (0.0773)  0.0725* (0.0391)
HHI,, 0.0318 (0.0249)  0.0186* (0.0106)
FAS, -0.5599 (0.3689)  -0.2983**  (0.1361)
Constant 0.0809 (0.3769)  -10.8559 (9.0800)  -8.0831 (4.9822)
Oy

Constant -1.9704**  (0.9445)  -2.5134***  (0.7246)  -3.0282%**  (0.4858)
Oy

Constant -5.2876**%  (0.0914)  -5.2914***  (0.1010)  -5.3186***  (0.0940)
N 1050 1050 1050

I 911.8143 913.1378 925.7662

Notes: Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01. Pooled 1 contains
only microeconomic variables, Pooled 2 contains only macroeconomic variables, and pooled 3
model contains both microeconomic and macroeconomic variables in the other two models.
ETA,. is the equity to total assets ratio, ROAA,, is the return of average assets, NPL,, is the

non-performing loan to gross loan ratio,GDPGR,, is the GDP growth rate, GDPPCapita,, is
the real GDP per capita,Urban,, is the urbanisation rate, INF,, is the inflation rate, HHI,is the
Herfindahl index, and FAS, is the foreign asset share. g,, and g, are standard errors of two error

components, namely the cost inefficiency component with distribution as N*(u,¢2) and
random error component v? with distribution as N (0, g,,).
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4.9.3 Cluster-Specific Frontier Results

Table 4.16. Cluster Specific Frontier Estimates

1) (2) (3)
Cluster 1 Cluster 2 Cluster 3

Inefficiency Model

ETA,, ~ -0.0859***  (0.0275) -0.0979 (0.1730)  -0.2094 (0.1643)
ROAA,, -0.0813 (0.0878)  -1.4984 (2.3936)  0.3475 (0.3906)
NPL,,  0.0285* (0.0151)  0.0262 (0.0981)  0.0632 (0.0488)
Constant  0.4120%*  (0.1666) 1.1845 (1.8878)  0.3669* (0.1916)
Oy
Constant ~ -4.2571%**  (0.8485) -2.7191 (1.7995)  -2.6141%**  (0.8624)
Oy

Constant  -5.3050***  (0.2526) -6.8753***  (0.7309) -5.3717***  (0.1113)

N 311 84 655
I 315.5896 118.6171 606.9226

This table shows the cluster specific frontier estimates. ET A, is the equity to total assets ratio,
ROAA,, is the return of average assets, NPL,, is the non-performing loan to gross loan ratio .
o, and g, are standard errors of two error components, namely the cost inefficiency component

with distribution as N*(p, o2 ) and random error component v? with distribution as N (0, a,,).
Cluster 1= the Inland Region, Cluster 2= the Eastern Municipalities and Cluster 3= the
Northeastern and Coastal Region.

One important reason to justify the meta-frontier method is due to the fact that
there is group differentiation in the sample. That is, it is not appropriate to
estimate the x-efficiencies of the whole sample using a single pooled frontier as
individual groups within the sample follow different technologies. To test
whether the sample can be estimated using a single frontier, we calculate the log-
likelihood for both the pooled model and cluster-specific frontiers. From the
tables above, we can see that the log-likelihood of the single frontier with only
microeconomic variables is 911.8143. The sum of the log-likelihood of all

cluster-specific frontiers is 1041.1293. The likelihood ratio test suggests that
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cluster-specific frontiers are preferred over a pooled single frontier. Therefore,
we can confirm that our clusters indeed operate under different technologies®?.
The fact that the significance of the input prices, output variables and their
interactions differ across clusters gives a hint that different clusters might follow

different technologies.

In terms of technological change denoted by variable t and t? , apart from the
coefficient of t2 in cluster 4, the signs of the coefficients of t are significantly
positive and significantly negative for t? , which indicate a non-linear

technological change effect that reduces with time.

alnTC
at

=b+axt t=12....11 (4.28)

In the above equation, a represents the coefficient of t and b the coefficient of
t2. If a is negative, as indicated in our results, the shape of the curve describing
the relationship between t and the total cost would be a reversed U-shape curve.
That is, the cost increases with time until a turning point then decreases with
time. The turning point is calculated as —b/2a. The turning points for the 3
clusters are therefore 4.32, 8.41 and 4.57, respectively. It shows that Chinese
banks in clusters 1 and 3 tend to become inefficient in the beginning half of the
years; however, they generally increase their efficiency after the year 2010. This
might be due to the banking reforms that happened at the beginning of the study
period, as well as the cost spent on recovering and dumping the non-performing
loans. After 2010, banks have generally completed the majority of the NPL
recovering. Cluster 2 shows an increase in efficiency at a much later stage. This
might be because banks headquartered in Shanghai and Beijing are the usually
largest banks with the highest level of complexity in their products and activities.
Therefore, the reform tends to be more difficult and takes longer than for the

banks headquartered in the rest of the country.

In the meantime, the risk control variable equity also shows a nonlinear effect

on banks’ total costs. The relationship of the total cost with equity is the opposite

* The log likelihood ratio test is calculated as -2*(Il_OLS - II_SFA) and the statistics

for the 3 clusters are all larger than the critical value of the mixed chi-square distribution. The
table of critical values can be found in Kodde and Palm (1986).
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of the relationship with t. That is, the relationship is U-shaped. It indicates that
total cost reduces when the equity level increases until a turning point where the
total cost starts to increase when equity continues to increase. This finding is in
line with the theory that a higher level of equity indicates less risk in the loan
portfolio, therefore, less cost on monitoring and recovering bad loans (Lozano-
Vivas et al., 2002). However, there is also a trade-off between capital level and
profitability. Therefore, it is possible for banks to find an optimal level of equity

to increase their efficiency.

The significance of the microeconomic variables can only be found in cluster 1,
while microeconomic variables do not seem to affect cost efficiency in clusters
2 and 3. This is also an indication that banks in different clusters can increase
their efficiency in different ways. In cluster 1, a higher level of capital ratio ETA
tends to reduce inefficiency, and a higher level of non-performing loans
NPLLOAN tends to increase inefficiency. Berger and DeYoung (1997) argue
that a higher level of bad loans is likely to prompt banks to consume large
amounts of resources to deal with potential loan losses, which will inevitably
reduce cost-efficiency. This result is found to be consistent with the conclusions
in the literature. The positive effects of higher capital can also be seen as a
positive effect from the increased capital requirement from Basel Il and Basel
Il implementation in China. Although the same signs of these two variables can
be found in clusters 2 and 3, they are not significant. The profitability of banks
is measured by ROAA. The sign of ROAA is positive for both cluster 1 and
cluster 2 but negative for cluster 3. However, ROAAs in all three cluster-specific
frontiers are not found to be significant. We can conclude that higher
profitability does not seem to be linked with higher cost-efficiency in Chinese

regional banks.

4.9.4 Meta-frontier Results

Table 4.17 below shows the frontier estimates from the second-stage meta-

frontier estimation.
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Table 4.17. Meta-frontier Estimates

Metafrontier Model

Frontier Estimates Cost Gap Model
Inpl 0.5780%** (0.1515) GDPGRy, 0.0001 (0.0019)
Inp2 -0.4141%** (0.0789) GDPPCapita,,  0.0141 (0.0160)
Inplinpl -0.0085 (0.0423) Urban,, -0.0019%** (0.0007)
Inp2Inp2 -0.0211 (0.0155) INFy, 0.0011 (0.0009)
Inp1inp2 -0.0486** (0.0229) HHI,, 0.0040%* (0.0016)
Iny1 0.7670%** (0.0767) FAS,; -0.0155** (0.0070)
Iny2 0.5372*** (0.0946) Constant 0.4211** (0.2041)
Iny3 0.0332 (0.0459) oy
Inyllnyl 0.2060*** (0.0145) Constant -6.6385*** (0.1557)
Iny2Iny2 0.1161*** (0.0134) oy,
Iny3Iny3 0.0131*** (0.0031) Constant -6.9118*** (0.1550)
Iny1lny?2 -0.1712%* (0.0151) N 1050
Inyllny3 -0.0302*** (0.0047) I 1698.2943
Iny2Iny3 0.0139* (0.0071)
Inylinpl 0.0526%** (0.0177)
Iny1lnp2 0.0289*** (0.0096)
Iny2Inp1 -0.0927%** (0.0212)
Iny2Inp2 0.0387*** (0.0115)
Iny3lnpl -0.0056 (0.0108)
Iny3Inp2 -0.0149*** (0.0057)
Ineq -0.1607*** (0.0571)
Ineqlneq 0.0222*** (0.0076)
t 0.0900*** (0.0052)
t2 -0.0101*** (0.0006)
Constant -2.2213*** (0.4992)

This table shows the frontier estimates from the second-stage meta-frontier estimation. Standard
errors in parentheses * p <0.10, ** p <0.05, *** p <0.01. GDPGR,,, isthe GDP growth rate, GDPPC,;
is the real GDP per capita, Urban,,, is the urbanisation rate, INF,, is the inflation rate, HH I, is
the Herfindahl index, and is the foreign asset share. ¢,, and g, are standard errors of two error

components, namely the cost inefficiency component with distribution as N*(u, 02 ) and
random error component v? with distribution as N (0, o,,).

Cluster 1= the Inland Region, Cluster 2= the Eastern Municipalities and Cluster 3= the
Northeastern and Coastal Reaion.

The majority of the coefficients of frontier variables are significant, indicating a
well-specified meta-frontier model. The loglikelihood is also higher than both

the pooled model and the total loglikelihood of three individual frontiers, further
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confirming the preference of meta-frontier over the pooled model as well as
individual frontier models. Again, we find a similar relationship between total
cost and time as well as total cost and equity. That is, the relationship between
equity and the total cost is U-shaped, and between time and the total cost is
reverse U-shaped. In terms of environmental variables, the results from the
meta-frontier are largely consistent with results from the pooled 3 model where
all environmental variables are included. As is shown in the pooled models, the
significance of macroeconomic variables is only revealed when microeconomic
variables are included in the model. Similarly, the meta-frontier model reveals
macroeconomic impact when enveloping the first stage individual frontiers
where microeconomic variables were taken into account. The impact of HHI
and FAS in the meta-frontier, which represent concentration and foreign
presence, exhibit exactly the same directions of effects as pooled models.
However, the interpretation is different as these macroeconomic factors directly
impact the technological gap between meta-frontier and individual frontiers
rather than inefficiency itself. As is witnessed in descriptive statistics, the
phenomenon of new bank entry increases local competition during the period.
These entry of newly established banks may possess superior technology and
business model that may have an spill-over effect on the incumbent banks to
improve their cost structure and efficiency. That is, higher concentration leads
to a larger technological cost gap which may be a result of market power. Banks
with higher market power in their specific cluster may be under less pressure to
adopt the most advanced technology to compete with other banks. Foreign
presence narrows down the technological gap between individual frontiers and
meta-frontier, indicating banks that are operating in regions with larger foreign
presence tend to be closer to the best available technology and highest cost-
efficiency. Inflation in the meta-frontier model is unfortunately insignificant,
although the sign of the INF is in the same direction as the pooled model
indicating inflation tends to cause excessive branch expansion and loan losses
leading to extra cost in the Chinese banking system. The variable Urban, which
represents urbanization, is significant in the meta-frontier model but not in the
pooled model. It is also a measurement for economic development and is found

to help reduce the gap between individual frontiers and the meta-frontier.
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Urbanised areas tend to be more populated with more concentrated productive
and entrepreneurial activities, which could have a positive impact on bank
deposits, loans and investments. This result is in line with Bikker and Bos
(2008)’s findings in European banks. Unfortunately, both GDP growth rate and

real GDP per capita were found to be insignificant in our model.

4.9.5 Cost Efficiencies and Cost Gap Ratios

Figure 4.8. Histogram of Cost Efficiencies
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This histogram shows the frequency distribution of cost efficiency in frontiers obtained from the
three clusters and the meta-frontier. The y-axis shows density, and the x-axis shows the cost
efficiency. Cluster 1= the Inland Region, Cluster 2= the Eastern Municipalities and Cluster 3= the
North-eastern and Coastal Region.

The histograms above display the frequency distribution of cost efficiency

obtained from individual frontiers from three clusters and the meta-frontier. The
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efficiencies in clusters 1, 2 and 3 display skewness towards unity, while meta-
frontier efficiency scores seem to be less skewed.

The following table presents the pooled cost x-efficiency scores (CE_pooled),
cost efficiency scores estimated using individual frontiers (CE_1I), technological
cost gap ratio (CGR) and cost efficiency scores of individual banks with respect

to meta-frontier.

Table 4.18. Cost Efficiencies and Cost Gap Ratios

Variables No.of Obs. Mean S.D. Max. Min.
Cluster 1- the Inland Region
CE_pooled 1 311 0.9154 0.0670 0.9849 0.6240
CE_pooled 2 311 0.9136 0.0671 0.9799 0.6163
CE_pooled 3 311 0.9119 0.0698 0.9836 0.6205
CE_I 311 0.9358 0.0655 0.9958 0.5746
CGR_meta 311 0.5446 0.0187 0.6115 0.4686
CE_meta 311 0.5094 0.0375 0.5574 0.3424
Cluster 2- the Eastern Municipalities
CE_pooled 1 84 0.9245 0.0664 0.9795 0.7051
CE_pooled 2 84 0.9054 0.0817 0.9774 0.6413
CE_pooled 3 84 0.9062 0.0809 0.9793 0.6516
CE_I 84 0.9406 0.0660 0.9884 0.6797
CGR_meta 84 0.5457 0.0288 0.6047 0.4571
CE_meta 84 0.5135 0.0467 0.5724 0.3598
Cluster 3- the North-eastern and Coastal Region
CE_pooled 1 655 0.9292 0.0577 0.9890 0.4988
CE_pooled 2 655 0.9284 0.0598 0.9890 0.4800
CE_pooled 3 655 0.9256 0.0615 0.9894 0.5018
CE_I 655 0.9273 0.0608 0.9892 0.5070
CGR_meta 655 0.5594 0.0114 0.6194 0.5120
CE_meta 655 0.5189 0.0373 0.6038 0.2862
All Regions

CE_pooled 1 1050 0.9247 0.0616 0.9890 0.4988
CE_pooled 2 1050 0.9222 0.0645 0.9890 0.4800
CE_pooled 3 1050 0.9200 0.0661 0.9894 0.5018
CE_I 1050 0.9309 0.0628 0.9958 0.5070
CGR_meta 1050 0.5539 0.0173 0.6194 0.4571
CE_meta 1050 0.5157 0.0384 0.6038 0.2862

This table shows, for each cluster, the pooled cost x-efficiency scores (CE_pooled), cost
efficiency scores estimated using individual frontiers (CE_I), technological cost gap ratio
(CGR_meta) and cost efficiency scores of individual banks with respect to meta-frontier
(CE_meta).
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Figure 4.9. Bar Chart of Meta-frontier Efficiency Scores, Cost Gap Ratio

and Individual Frontier Efficiency Scores

Cross Cluster comparison of metafrontier score, Cost Gap
Ratio and Individual Cost Efficiency
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Green, orange and blue bars correspond to Cluster 3, Cluster 2 and Cluster 1 respectively. The
x-axis shows cost efficiency scores estimated using individual frontiers (CE_1I), technological
cost gap ratio (CGR) and the meta-frontier score (CE_meta). CE_meta= CE_I* CGR. Cluster
1= the Inland Region, Cluster 2= the Eastern Municipalities and Cluster 3= the North-eastern
and Coastal Region.

We can see that, in general, individual frontiers always generate higher
efficiency scores than the meta-frontier. It is expected since the meta-frontier
efficiency is the product of the individual frontier efficiency and the cost gap

ratio, and the meta-frontier always envelopes individual frontiers.

From the conventional stochastic frontier model (pooled models) in our results,
we can observe that the efficiency scores are more than 90% for all three clusters.
That indicates that banks from each cluster do not operate very far from their
own technology. That is, an average bank can become fully cost-efficient under
regional technology by reducing its cost by slightly less than 10%. Compared
to individual frontiers, pooled models always seem to underestimate efficiency
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scores, which is also found in the cross-country study by Bos and Schmiedel
(2007) in European banks. They conclude that the assumption of a single
frontier technology leads to substantial biases in cross-country studies.
Similarly, as a cross-region study, our results also show support that biases are
observed when assuming banks in different regions within a country operate
under the same frontier technology. We also find a similar downward bias as
Bos and Schmiedel (2007) that, overall, the pooled model seems to have lower
minimum cost efficiency scores than the individual frontier model if cost gap
ratios are lower than one. However, this is not the case for each cluster, as this
downward bias is only found in cluster 3 while clusters 1 and 2 exhibit upward
bias. In our sample, all the cost gap ratios are noticeably lower than one and the
maximum cost gap ratio is only around 0.6194, meaning that there might not be
tangent point of individual frontier on the meta-frontier and individual frontiers
all seem to deviate significantly far from the meta-frontier. In other words, cost
efficiency decreases when the comparisons move from pooled frontier to meta-

frontier.

As cost efficiencies of different groups operating under different technologies
are only comparable when comparing to the meta-frontier, that is, only meta-
frontier cost efficiencies should be compared across clusters, we can find that in
this case, banks in cluster 3 (the Inland Region) have the highest level of cost-
efficiency compared to its fellow clusters. If we use a pooled model assuming
all banks operate under the same technology, which has been confirmed by the
likelihood ratio test, we can still find cluster 3 to be the most efficient region.
Regarding the worst-performing cluster in terms of cost efficiency, meta-frontier
also points out cluster 1 to be the worst-performing region while pooled model
points to either cluster 1 or cluster 2 depending on the choice of exogenous

variables.

In terms of the Cost Gap ratio (CGR), the higher the CGR, the narrower the gap
between individual frontier and meta-frontier. We find that cluster 3, which is

the cluster with the highest meta-frontier efficiency, has the highest cost gap
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ratio. It means that the technology adopted by banks in cluster 3 is closer to the
best available technology in the country than in cluster 1 and cluster 2, although
banks in all three clusters operate quite far from the meta-frontier technology.
This may be explained by the fact that our sample excludes the biggest five state-
owned banks, joint-stock banks and especially foreign banks, which could
potentially be operating closer to the meta-frontier as literature has indicated that
foreign banks in China perform significantly better than domestic banks in terms
of x-efficiency. Similarly, the cluster with the lowest meta-frontier cost

efficiency also has the lowest cost gap ratio.

According to Lee and Huang (2017), the meta-frontier inefficiency consists of
two elements, the deviation of the individual bank from its cluster and the
deviation of the individual frontier from the meta-frontier. The deviation of a
bank from its cluster frontier could be interpreted as managerial inefficiency,
which is inside banks’ control and could be improved by better management.
On the other hand, the deviation of the individual frontier from the meta-frontier
can be regarded as the region’s ability to operate under the best available
technology, which is out of banks’ control and is mainly affected by the
macroeconomic conditions we have included in the model. One of the purposes
and advantages of this stochastic meta-frontier model is to be able to separate
internal causes of inefficiency from external causes, giving a clearer picture for
policymakers in terms of region-tailored policies. Cluster 3 has the highest level
of CGRs, meaning that banks in cluster 3 operate closer to meta-frontier
compared to the other two clusters. From the previous analysis of
macroeconomic variables and meta-frontier estimates, we find that this is most
likely due to having the lowest level of HHIs among all clusters. As it is found
that HHI has a significant and negative impact on meta-frontier cost efficiency,
low HHI, which means a low level of concentration and a higher level of
competition in the market, prompt a higher level of cost efficiency as banks tend
to have more pressure to adopt the most advanced technology. Therefore, in
order to increase cost-efficiency in cluster 3, policymakers could aim to increase

regional competition and reduce the market concentration to narrow down the
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technology gap and, in turn, increase inefficiency. Cluster 1 appears to be the
least efficient bank compared to the meta-frontier. Again, from the descriptive
data, we suspect that this is mostly due to cluster 1 being the least urbanised
cluster, as it is found that urbanization has a significant and positive impact on
the meta-frontier cost efficiency. Thus, to shrink the technology gap, we can
recommend cluster 1 to advance its process in urbanization. Urbanization is
likely to bring in technology through better infrastructure, more diverse
investment and access to technological information. Foreign banks are also
more likely to establish in urban areas than in rural areas due to their different
product mix and goal in profit-maximization, and it has been found that foreign
presence brings down the technology gap. Therefore, urbanization will mostly

help rural commercial banks in cluster 1 to narrow down the technology gap.

From the results, we can infer that the banks in the most efficient cluster, which
is cluster 3, obtain their efficiency from more favourable economic conditions
and more advanced adoption of available technology compared to the rest of the
country. While for the cluster with the lowest efficiency, the technology in their
banks seems to be less efficiently adopted compared to the other clusters. This
result gives us a clear picture in terms of what policy should be adopted in each

region’s banking sector.

While it is evident that in order to improve the cost-efficiency of banks in cluster
1, regulations should gear towards a more favourable banking environment
through improving macroeconomic and financial sector conditions such as
increasing foreign presence, supportive competition and urbanization rate and
reducing market power, this policy could also be encouraged by banks in the
other two clusters. This is because although the other two clusters seem to be
operating closer to the meta-frontier than cluster 1, they are all somewhat distant
from the best available technology. Banks in cluster 3, which have the highest
meta-frontier efficiencies and highest cost gap ratios, also have the lowest
individual frontier efficiency. As the equation in the methodology section

indicates, meta-frontier efficiency is the product of individual frontier efficiency
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CE and cost gap ratio CGR. Since it is clear that CGR is always much lower
than cluster-specific CE, we can therefore conclude that in Chinese regional
banks, out of the two components, CGR contributes more towards the
determination of the meta-frontier cost-efficiency CE_meta. This is an
indication that the problem of inferior technology is a more severe issue than
managerial inability. Therefore, it seems that regional banks in China should
focus more on adopting superior technology. One thing that needs to be
emphasized here is that our sample only includes city and rural commercial
banks, which means that state-owned banks, joint-stock banks and foreign banks
are excluded from our study. It is known that joint-stock banks and foreign
banks in China tend to be the groups that adopt the most superior technology.
Therefore, confirmed in our results, the lagged-behind technology adoption
seems to be the main reason that prevents city and rural commercial banks from
being more efficient. With regards to regional differentiation in terms of the
determination of meta-frontier cost efficiency, we can observe that cluster 3
appears to be the one region with the lowest cluster-specific CE. We can
therefore recommend that banks in cluster 3 could give more attention to
managerial efficiency as the managerial problem seems to be more severe than
in the other two clusters. However, all three clusters should still focus on

adopting better technology as their primary goal.

From the above results, we can summarize a few conclusions. Firstly, core
regions, i.e. the Eastern Municipalities and the Northeastern and Coastal Region,
perform better than peripherical regions, largely in line with the theories and
findings by Alessandrini et al. (2009), Sun et al. (2013) and Yang et al. (2015).
Secondly, from the relatively low value of cost gap ratios, we can conclude that
cluster-specific frontiers deviate pretty far from the country meta-frontier.
Therefore, in order to increase regional banking efficiency, city and rural
commercial banks in China should focus on regional and economic and financial
development to narrow the technological gaps, especially for peripheral regions.
Thirdly, in terms of bank- and industry-specific factors, regional banks can

attempt to improve managerial efficiency by reducing the amount of non-
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performing loans in their books and increase their capital level.

4.9.6 Trends of CE_pooled, CE_meta, CGR and CE_|I

The following graphs plot the CGR, meta-frontier cost efficiency and pooled
frontier cost efficiency against year to illustrate the trend. A salient feature is
that for CE_pooled, CE_meta and CE_I, there is a clear trend of upward
convergence towards the end of the period. That is, cost efficiencies increased,
and gaps between the cluster-specific frontier and meta-frontier grow smaller
over time. This is a clear indication of the success of policies and regulations in

narrowing down regional technological gaps through digitalization and training.

There are relatively small variations in terms of the relationship among the three
clusters in the pooled model, which is mainly caused by different combinations
of exogenous variables. Although the trends for meta-frontier efficiency for the
three clusters are more similar to the pooled model than the individual frontier
model, meta-frontier efficiency is evidently much lower, owing to technology
gaps. The cost gap ratio trend also has a gentle upward trend but is relatively
flat compared to the trend of meta-frontier cost efficiency. In the CGR_meta
graph, prior to 2007, cluster 2 has the lowest cost gap ratio, cluster 1 has the
highest cost gap ratio, and cluster 3 lies in the middle. From 2007 to 2013,
cluster 1 has the lowest cost gap ratio, and cluster 2 remains in the middle.
Cluster 3 continues to be the region with the highest cost gap ratio since 2007.
As we know, the higher the cost gap ratio, the closer the cluster frontier to meta-
frontier. Therefore, since 2007 cluster 3 operates closest to the best available
technology while cluster 1 deviates furthest from the best available technology.
The distinct character of cluster 2 is that it has the sharpest increase in cost gap
ratio, especially from 2006 to 2010,

13 Please note that as our sample is an unbalanced panel dataset, the number of observations
changes over the sample period. Thus, for example, increasing efficiency from one year to
another does not necessarily mean that the same banks become more efficient over the years.
Rather it indicates that the overall efficiency of banks in a region improves. For example, the
entry of new banks may indirectly improve regional bank efficiency by bringing in new
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Figure 4.10. Trends of Cost efficiency from Pooled models, Individual
Frontiers and Meta-frontier with Cost Gap Ratio
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These figures show, for each cluster, the trend of the pooled cost x-efficiency scores (CE_pooled),
cost efficiency scores estimated using individual frontiers (CE_I), technological cost gap ratio
(CGR_meta) and cost efficiency scores of individual banks with respect to meta-frontier
(CE_meta). The x-axis represents the year.

technology and business know-how and healthy competition into the local banking market,
indirectly narrowing the region-country technological gap and improves regional bank efficiency.
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4.9.7 Rankings

To further test the stability of meta-frontier efficiency, we rank cost efficiency
scores using different models and then divide rankings into four quartiles. We
want to see if the best performing banks determined by cluster-specific frontiers
would also stay top-ranked with meta-frontier cost efficiency. The results of
similarity are listed in table 4.19. The similarity scores represent the percentage
of the same banks that belong to each quartile for both CE_pooled and CE_meta.
Quartile 4 represent the highest-ranked banks, and quartile 1 represents the
lowest-ranked banks. For example, in cluster 1, we find that 81% of the banks
which belong to quartile 4 in cluster-specific frontier also belong to quartile 4 in
meta-frontier rankings. This shows that only 19% of the banks move to a
different quartile from individual frontier CE_pooled to CE_meta. Although
meta-frontier CE does not show the greatest overall stability across all quartiles,
meta-frontier seems to be the most stable and consistent one in terms of
predicting the top-performing banks. We can see that for the top-performing
quartile, meta-frontier cost-efficiency CE_meta shows 81%, 71% and 91%
similarities with individual frontier with clusters 1, 2 and 3, respectively, which
seems to be more stable than pooled models. So, we can conclude that although
the average stability of meta-frontier prediction is not better than pooled models,
meta-frontier shows superior stability in terms of consistently predicting the best
performing banks. This result is again in line with Bikker and Bos (2008)’s
findings in meta-frontier’s greater stability in predicting the highest-ranked

banks in European countries.
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Table 4.19. Rankings Similarity

Similarity Similarity Similarity Similarity
Quartile of with Pooled with Pooled with Pooled with Meta-
CE_I Frontier 1 Frontier 2 Frontier 3 frontier

Cluster 1- the Inland Region

1 72% 58% 71% 55%
2 42% 38% 47% 32%
3 49% 45% 50% 47%
4 69% 71% 75% 81%
All quartiles 58% 53% 61% 54%
Cluster 2- the Eastern Municipalities
1 48% 57% 52% 33%
2 38% 33% 38% 33%
3 38% 33% 33% 33%
4 67% 67% 71% 71%
All quartiles 48% 48% 49% 43%
Cluster 3- the North-eastern and Coastal Region
1 88% 79% 82% 68%
2 68% 55% 63% 52%
3 69% 59% 68% 63%
4 88% 85% 87% 91%
All quartiles 78% 69% 75% 69%
All Cluster 61% 57% 62% 55%

This table shows the similarity of cost efficiencies scores between cost efficiencies estimated from
cluster-specific frontiers with three different models of pooled frontiers and meta-frontier in 4
efficiency score quartiles. For example, left top corner of the table indicates that in the lowest ranked
quartile in terms of individual frontier scores, the similarity between CE_| and CE_pooled 1 is 70%.
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4.10 Determinants of Economies of Scale

In this section, we explore the determinants of returns to scale derived from the
meta-frontier estimation in Section 4.8. Our empirical design follows a two-step
approach. In the first stage, economies of scale (ES) are obtained both at the
mean of the data and at each data point from region-specific frontiers and the
meta-frontier. In the second step, we use the observations specific ES estimates
as the dependent variable in a panel data regression, examining the determinants
of cost economies. The sample consists of 136 regional Chinese commercial
banks from 2005 to 2011 with 1049 observations.

4.10.1 Literature review and hypotheses development

Estimation of economies of scale received wide attention in the empirical
banking literature. However, the majority of the studies focus on the US and the
EU. Hughes et al. (2001) find evidence for economies of scale in U.S. banks in
1994 by incorporating capital structure and risk-taking into models of
production. Hughes and Mester (2013) study U.S. banks during the years
2003,2007 and 2010 and find large scale economies that are not explained by
too-big-to-fail considerations. Davies and Tracey (2014) investigate large
international banks over the period 2001-2010 and find no evidence of scale
economies when controlling for too-big-to-fail factors with two different
methods. Restrepo-Tobon and Kumbhakar (2015) study banks in the U.S. from
2000 to 2010 with a new method based on input distance functions and find only
a small degree of economies of scale. Recent studies on economies of scale in
the US find a U-shaped curve where the smallest banks and largest banks enjoy
the most economies of scale (Wheelock and Wilson, 2018, Wheelock and
Wilson, 2012). Beccalli and Rossi (2020) examine economies of scope in EU
banks between 2005 and 2018 and find cost economies of scope, revenue

diseconomies of scope and profit diseconomies in scope.
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In terms of literature on determinants of economies of scale, Bertay et al. (2013)
investigate listed banks from 90 countries and find that banks with large absolute
size tend to be more profitable, as they rely more on non-interest operations as a
source of income and more on wholesale funding than customer deposits for debt
financing. Beccalli et al. (2015) extend the study by Bertay et al. (2013) and
investigate the impact of investment banking activities, liquidity risk, profit from
traditional lending activities, capital strength, systemic risk and too big to fail
status on the realization of economies of scale. They apply both univariate
quantile analysis and multivariate regression analysis in a sample of EU banks,
and confirm that investment banking activities and non-interest income have a
positive impact on realizing economies of scale. They also find that banks with
higher liquidity, lower core regulatory capital, less contribution to systemic risk
and too-big-to-fail status realize higher economies of scale. Credit risk does not

seem to have an impact on economies of scale in EU banking system.

In terms of estimating economies of scale, to the best of our knowledge, the
literature concerning estimation of economies of scale in China is somewhat
limited, and the majority of the studies focus on state-owned and joint-stock
banks. Especially, little attention has been paid to city and rural commercial
banks. In terms of economies of scale in China, Fu and Heffernan (2008) select
a total of 187 observations of 5 state-owned and 12 joint-stock commercial banks
from 1985 to 2002 and study the impact of three phases of banking reform on
economies of scale and scope. They find an overall constant return to scale
during the period. More specifically, they find constant returns to scale for joint-
stock banks throughout the period and a change from decreasing returns to scale
to constant return to scale during the second phases of reform for state banks.
The authors also find that stochastic frontier approaches produce less biased
results compared to other non-frontier approaches in terms of economies of scale
estimation. In terms of determinants of economies of scale, a more recent study
by Hou et al. (2015) finds that overall scale economies are not driven by loans

or other earnings assets but mostly from off-balance-sheet operations using a
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stochastic frontier cost model. They also find banks with lower profitability,
smaller size and non-state ownership benefit most in terms of realizing

economies of scale via increases in off-balance-sheet activities.

The aim of this section is threefold. Firstly, to fill the gap in the literature on
scale economies studies in China for more recent years. Secondly, to test the
hypotheses developed by Bertay et al. (2013) and Beccalli et al. (2015) for city
and rural commercial banks in China - relatively small in size and neither a
systemically important nor too big to fail part of the banking system. The
operation of city and rural commercial banks in China is largely within their own
provinces or regions with a trend of expansion to nearby regions. Thirdly, this
section provides insights for banks in the process of intra-provincial and inter-
provincial expansion and addresses the question of whether they should merge
to achieve more significant scale economies. To the best of our knowledge, this
iIs the first study in the literature to study determinants of economies of scale
derived from a stochastic meta-frontier, with the assumption that different

regions operating under different technologies.

4.10.2 Methodology

Estimating Economies of scale

In the first step of our empirical strategy, we estimate economies of scale as the
total of cost elasticities with respect to output from equation (4.19) in section
4.26, that is:
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where ln(T"C\)Jlt are predicted values of InTC from group-specific frontiers.
Thus, ES can be defined as:

TCy,
ES, = (Z TG0 (4.29)

More specifically,

3 3 3 3
ESit:Zai'i' Z)/ijanj'i‘ ZZQDUIDPJ--F EwilnEq (4.30)

i=1 i=1j=1 i=1j=1 i=1

We obtain the economies of scale (ES) using the same bank-level output
variables, input prices and equity as the cluster-specific model in equation (4.17)
and meta-frontier model in equation (4.19). ES is estimated at the mean of data

for each cluster using cluster-specific frontier and at the mean of data using the
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metafrontier. An ES=1 represents constant returns to scale, with ES <1
indicating economies of scale and ES >1 diseconomies of scale. In other words,
if a 1% simultaneous increase in output increases costs by 1%, we can conclude
that the sample exhibits constant returns to scale (CRS). If cost increases more
than 1%, decreasing returns to scale (DRS) is found and increasing returns to
scale (IRS) is found if cost increases less than 1%. CRS suggest that a bank is
operating at its optimal size with its available technology, DRS that the bank can
benefit from size controlling or downsizing, and IRS indicates that the bank may
choose expansion or mergers and acquisitions to increase its scale productivity
(Badunenko and Kumbhakar 2017).

Estimating determinants of economies of scale

In the second stage, we follow Beccalli et al. (2015), and we estimate the

following panel data regressions:

ES;y = ag+ B1SEC_TA; + ,NIM; + B3LR;+ + ,B4LR5t + BsLLPLOAN;

+ BeTierl;, + B,Tierli, + BgZscore;, + &, (4.31a)

ES;y = ag+ B1SECTA;; + ,NIM;; + B3LR; + [i;LR%t + BsLLPLOAN;

+ BeETA;; + B,ETAZ, + BgZscore;, + € (4.31b)

The difference between (4.31a) and (4.31b) is the different measure of capital
adequacy. In equation (4.31a), we use the Tierl;, ratio computed as Tier 1
capital scaled by risk-weighted assets, whereas in equation (4.31b), we include
ETA;  which is total equity to total assets. The reason for using two different

measures for the capital ratio is that Tier 1 ratio data is not available for all banks,
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thus reducing the sample size in the estimation process. Therefore, we use ETA;
as well to maximise the number of observations in our model. Their respective
squared terms are also included in the model to capture any non-linear effects.
SEC_TA;, are total securities divided by total assets as a proxy for investment
banking activities. NIM; . is the net interest margin, calculated as net interest
income divided by total loans, representing the income from traditional lending
operations. The liquidity ratio LR; . is calculated as total liquid assets to total
customer deposit and LR?, is used to capture the non-linear relationship between
liquidity and economies of scale. The loan loss provisions to gross loans
LLPLOAN; . is to measure the credit risk in each bank and Zscore; ;, which is

the sum of return on average asset and equity divided by the standard deviation

ROAA;t+Equity;; The fixed

of return on average asset, formulated as Zscore;; = .
ROAA;

effects panel data model was used to estimate the above equations to capture

individual unobserved heterogeneities.

4.10.3 Result Analysis

Economies of Scale

We begin the discussion of the empirical results by focusing on the estimated
economies of scale. We calculate economies of scale using the parameters both
from the individual frontiers and the meta-frontier estimated in Section 4.8.3.
We use the data for each region, and we compare the individual frontier ES with
the meta-frontier ES to understand how the movement towards a common
technology would affect banks’ strategy on size control or mergers for different
areas in China. The result estimated at the mean of the data is shown in table

4.20. In column ‘ES: 2005-2015’, we can observe that with current technology,

banks in the Inland Region (cluster 1) and the North-eastern and Coastal Region
(cluster 3) exhibit diseconomies of scale while banks in the Eastern
Municipalities (cluster 2) enjoy economies of scale. The ES estimated from the
meta-frontier shows that banks experience increasing returns to scale, with ES
less than 1 for all regions. The aforementioned findings suggest that the Inland

region and the North-eastern region will start to enjoy economies of scale once
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they adopt the meta-frontier technology. This result would suggest that for these
two regions, banks can achieve lower unit costs by expanding production scale
if they adopt better technology. Banks in the Eastern Municipalities, which are
currently enjoying economies of scale, will achieve a greater cost reduction from

expansion once they adopt better technology.

Table 4.20. Estimates of Scale Economies

ES: 2005-
Frontier Type Cluster 2015
Individual Frontiers the Inland Region (1) 1.0035
the Eastern Municipalities (2) 0.9636
the North-eastern and Coastal Region
3) 1.0091
Stochastic Meta-Frontier
(SMF) the Inland Region (1) 0.9818
the Eastern Municipalities (2) 0.9491
the North-eastern and Coastal Region
3) 0.9869

This table presents the economies of scale estimated at the mean of data.

Determinants of Economies of Scale

In order to estimate the determinants of economies of scale, we also need scale
economies estimated at the point of the data, i.e., bank-specific ES. Table 4.21
presents a summary of bank-specific economies of scale at each data point
estimated from cluster-specific frontiers. The average scale economies are

calculated for each province and each cluster 4 .

14 To recall, the clusters present in this section have been defined in Section 4.8 Cluster
Analysis Result using the hybrid Hierarchical K-means clustering methodology.
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Table 4.21. Bank-Specific Economies of Scale for each Province and each

Cluster

Province 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 28(1)2
Panel A: Mean of Economies of Scale by Province

Anhui 0.9393 0.9414 0.9377 0.9321 0.918 0.9305 0.9541 0.9531 0.9736 0.95 0.9333 0.9421
Beijing 0.9031 0.8999 0.9139 0.9111 0.8864 0.8811 0.899 0.9095 0.9104 0.9149 0.8965 0.9023
Chongqing 0.9851 0.9811 0.9842 0.9984 0.9394 0.9408 0.9861 0.9746 0.9564 0.9451 0.9356 0.9610
Fujian 0.9946 1.0044 1.0141 1.0285 0.9896 0.996 0.996 1.0127 1.0114 1.0096 0.9941 1.0049
Gansu 1.054 1.0505 1.0601 1.0202 1.0462

Guangdong 0.9331 0.9714 0.9999 1.0156 0.9843 0.9715 0.9742 1.0013 1.0045 1.009 0.9871 0.9920

Guangxi 1.0614 1.0447 1.0296 1.0517 1.0063 0.9936  1.006 1.0067 0.9964  1.0051 0.9976 1.0153
Guizhou 1.0377 1.0101 0.9631 0.9585  0.9641 0.9751 0.9467 0.9806
Hebei 1.0886 1.0383 1.0422 1.0096 1.0029  1.0185 1.0126 09991  0.972 0.9612 1.0087
Heilongjiang 1.0044 0.9824 0.9564 0.9402  0.9381 0.9447 0.9353  0.9401 0.9219  0.9485
Henan 1.0693 1.0598 1.0626 1.137 1.0536 1.0321  1.0377 1.0297 0.9824  0.9944 0.9524 1.0424
Hubei 1.0536 1.0241 0.9747 0.9929 0.9775 09385  0.9724 0.9779 0.9845  0.9885 0.9677  0.9833
Hunan 0.9551 0.968 0.944 0.9469  0.9606 0.9731 0.955 0.9479 0.9573
IMngsgolia 0.9666 0.9889 1.0068 0.9957 0.9532 0.9278  0.944 0.9485 0.9599 0.9592  0.9611
Jiangsu 0.9677 0.9868 1.0155 1.0106 0.9759 0.987 1.0012 1.006 0.9941  0.9892 0.9703  0.9926
Jiangxi 1.0201 0.9832  0.9947 1.0379 0.9704  0.9833 0.9676  0.9939
Jilin 0.9677 0.9763 0.9459 0.9606  0.9797 0.9859  0.9892 0.9297  0.9709
Liaoning 1.059 1.0473 1.0439 1.0367 1.0101 0.996 1.0076 1.0089 0.9999 1.0009 0.9906 1.0129
Ningxia 1.0158 1.0021 1.0017 1.0204 0.9922  0.9896 0.9869 0.9883  0.9836 0.9813  0.9962
Shaanxi 1.0888 0.9705 0.9711 1.1033 1.0895 1.0706 0.9643 1.0535
Shandong 1.0828 1.0801 1.0666 1.0633 1.0357 1.0357  1.0595 1.0411 1.0258 1.016 1.0018 1.0445
Shanghai 1.069 0.9897 0.9786 0.9786 0.9954 1.0075  1.008 0.9782 0.9807  0.9678 0.9508  0.9944
Shanxi 1.0239 1.0649 0.9929 1.0389  1.0461 1.037 1.044 1.0269 0.9864 1.0358
Sichuan 1.0239 1.029 1.0283 1.0166 0.9916 0.9745  1.0011 1.0026 0.9995  0.9985 0.9781 1.0014
Tianjin 1.0051 0.9601 1.0029 0.9703 0.9394 0.9361  0.9776 0.9768 0.9723  0.9798 0.9662  0.9721
Xinjiang 1.0504 1.0611 1.0045 0.9813  0.9827 1.0063
Yunnan 0.9871 0.9869 0.9895 0.9875 0.9544 0.9801  0.9917 0.9856 0.9785  0.9733 0.9809  0.9814
Zhejiang 1.0227 1.0432 1.0431 1.0404 1.0034 1.0019  1.0146 1.0196 1.0148 1.0142 0.9967 1.0188

Panel B: Mean of Economies of Scale by Clustered Regions

1 1.0265 1.0365 1.0268 1.0413 0.9935 0.9874  1.0004 1.0102 0.9971  0.9895 0.9668  1.0035
2 1.0125 0.9556 0.967 0.9569 0.9563 0.9581  0.9737 0.9605 0.96 0.959 0.943 0.9636
3 1.023 1.0297 1.0311 1.0305 0.9994 0.9936  1.003 1.0109 1.0064  1.0052 0.9876  1.0091

This table present mean value of economies of scale estimated at each data point for each province and each cluster. Cluster
1=the Inland Region, Cluster 2= the Eastern Municipalities and Cluster 3= the Northeastern and Coastal Region.

We can observe from Table 4.21 that the three provinces with the highest level
of economies of scale are Beijing, Heilongjiang and Anhui, and most inland
regions are showing diseconomies of scale. Figure 4.11 gives a visual

illustration of the trends of ES for the three clusters over 2005-2015. We can see
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that the ES value for all three clusters is decreasing over the period, following a
similar trend of a steady increase in the level of economies of scale over the
years. However, it is also clear that cluster 2, which are the Eastern
Municipalities, seems to enjoy much greater economies of scale than the other
two regions for the entire period. This is in line with the trend figure for cost
efficiencies shown in Figure 4.10 that the core financial and economic centers
represented by cluster 2 are also performing better in terms of meta-frontier cost
efficiencies as they operate closer to the meta-frontier technology. One potential
policy implication is that regional banks in China would benefit from mergers if

they upgrade to the meta-frontier technology.

Figure 4.11. The trend of Economies of scale
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This figure presents economies of scale for three clusters from 2005 to 2015. Economies of scale are estimated
for each bank using cluster-specific frontiers. Cluster 1= the Inland Region, Cluster 2= the Eastern
Municipalities and Cluster 3= the Northeastern and Coastal Region.

We now turn our attention to the second stage of our empirical estimation. We
begin by presenting the summary statistics for the variables used in the
regression (4.31a) and (4.31b) in table 4.22. In terms of security to total asset
ratio SEC_TA;, , our sample range from banks with no investment banking
activities to banks with 68% of the assets as securities. We also note that the
sample includes an extensive range of bank liquidities, with the lowest liquid
asset to customer deposit as 3% to the most liquid bank with the liquidity ratio
of more than 340%.
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Table 4.22. Summary Statistics for Determinants of Economies of Scale

Variable Obs Mean Std. Dev. Min Max
ES;¢ 1,050 1.0038 0.0592 0.8391 1.3302
SEC_TA;, 1,050 0.2366 0.1188 0.0000 0.6808
NIM;, 1,050 0.0338 0.0115 0.0053 0.1005
LR;, 1,050 0.3933 1.1616 0.0318 34.5674
LLP;, 1,050 0.0089 0.0077 -0.0745 0.0662
ETA;, 1,050 0.0734 0.0539 0.0126 0.9471
Tierl;, 788 0.1327 0.2379 0.0278 4.2258
Zscore;, 1,050 29.0126 34.9322 1.7009 513.3940

ES; . are the economies of scale calculated from cluster-specific frontiers. SEC_TA; . are total securities
divided by total asset as a proxy for investment banking activities. NIM;, is the net interest margin,
calculated as net interest income divided by total loans, representing the income from traditional lending
operations. The liquidity ratio LR;, is calculated as total liquid assets to total customer deposit and LR?; is
used to capture the non-linear relationship between liquidity and economies of scale. The loan loss
provisions to gross loans LLPLOAN; ; is to measure the credit risk in each bank and Zscore; ,, which is the
sum of return on average asset and equity divided by standard deviation of return on average asset,
formulated as Zscore;; = (ROAA;; + Equity;t)/0roaa, - Tierl;, ratio is computed as Tier 1 capital

scaled by risk weighted assets and ETA; . is total equity to total assets.

Table 4.23 presents the results from fixed effect panel data regression on
determinants of economies of scale in the Chinese regional banking sector.
Model (1) presents the estimates from (4.31a) without Zscore. Model (2) is the
reduced model, including only variables with significance from Model (1) with
Zscore. Model (3) presents the estimates from (4.31b) without Zscore. Model
(4) is the reduced model, including only variables with significance from Model
(2) with Zscore. We find that investment banking activities, higher liquidity ratio,
and lower credit risk would contribute to economies of scale while banks’
profitability from traditional lending activities does not have any impact on scale
economies. We also find that a higher level of capital, measured by both overall
capital ratio and Tier 1 capital, would have a positive impact on economies of
scale. This funding supports China's compliance with Basel 11l capital and
liquidity regulations, as more stringent regulation is likely to increase economies

of scale in Chinese regional banks. Due to a lack of data on systemic risks, we
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use Zscore as a measure for insolvency risk, and we do not find any evidence of
a link between bankruptcy risk and economies of scale. By and large, these
results align with findings by Beccalli et al. (2015) for EU banks and Bertay et
al. (2013) for US banks.
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Table 4.23

. Determinants of Scale Economies

ES 1) ) (©) (4)
SEC_TA;, -0.124™ -0.124™ -0.134™ -0.129"™
(0.010) (0.010) (0.012) (0.011)
NIM;, -0.000 -0.001
(0.001) (0.001)
LR;, 0.035" 0.034™ -0.095™" -0.095™"
(0.003) (0.003) (0.013) (0.013)
LR}, -0.001™ -0.001™ 0.075™ 0.072"
(0.000) (0.000) (0.010) (0.010)
LLPLOAN;, 0.415™ 0.416™ 0.201
(0.126) (0.125) (0.139)
ETA;, -0.001™ -0.002™
(0.001) (0.001)
ETA, 0.000"" 0.000™"
(0.000) (0.000)
Zscore; 0.000 -0.000
(0.000) (0.000)
Tierl;, -0.038™ -0.028
(0.018) (0.022)
Tierlf, 0.004 0.002
(0.004) (0.005)
Constant 1.026™" 1.024™ 1.062™ 1.060™"
(0.006) (0.004) (0.007) (0.005)
N 1050 1050 788 788
F 47.442 47.786 28.169 32.502
Fixed effects Yes Yes Yes Yes
r2 0.268 0.269 0.232 0.229

Standard errors in parentheses, * p < 0.10, ** p < 0.05, *** p < 0.01. Hausman test rejects the null hypothesis for
all four equations, favouring fixed-effects over random-effects model. Model (1) present the estimates from
(4.31a) without Zscore. Model (2) is the reduced model including only variables with significance from Model
(1) with Zscore. . Model (3) present the estimates from (4.31b) without Zscore. Model (4) is the reduced model
including only variables with significance from Model (2) with Zscore. SEC_TA;, are total securities divided
by total asset as a proxy for investment banking activities. NIM;, is the net interest margin, calculated as net
interest income divided by total loans, representing the income from traditional lending operations. The liquidity
ratio LR; . is calculated as total liquid assets to total customer deposit and Lth is used to capture the non-linear
relationship between liquidity and economies of scale. The loan loss provisions to gross loans LLPLOAN; ; is to
measure the credit risk in each bank and Zscore; ¢, which is the sum of return on average asset and equity divided
by standard deviation of return on average asset, formulated as Zscore;; = (ROAA;: + Equity;)/0roaa; - -
Tier1;, ratio is computed as Tier 1 capital scaled by risk weighted assets and ETA; , is total equity to total assets.

4.11 Conclusion and Policy Implications

In this Chapter, we evaluate the performance of Chinese regional banks using a

stochastic meta-frontier (SMF) estimation methodology. To the best of our
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knowledge, this is the first study to explore this aspect of the Chinese banking
system. Firstly, Chinese provinces are clustered by macroeconomic variables
using HAC and k-means methods to reveal a natural classification of regions in
China. We propose a new algorithm that conducts hierarchical and k-means
clustering in one setting for k groups before deciding on the optimal number of
clusters. This method allows the starting centres of k-means clustering to be
determined by the results of hierarchical clustering without any arbitrary initial
point. Three clusters were identified to be the most statistically viable solution,

cross-validated by silhouette width.

We continue to estimate both cluster-specific cost frontiers and a meta-frontier
in order to test the assumption of common banking technology. A series of log-
likelihood tests confirm that banks in these clusters do not follow the same
technology and a pooled model is not appropriate. Both equity and time show a
significant and non-linear relationship with cost-efficiency. From the individual
frontier and meta-frontier estimates, we can find that different clusters are
affected by different microeconomic variables. For the clusters which are
affected by microeconomic variables, we find a higher level of equity and a
lower level of non-performing loans are associated with a higher level of cost-
efficiency. Both the pooled models and meta-frontier consistently show that
lower concentration, higher competition and foreign bank presence tend to
increase bank cost efficiency and narrow down the gap between the group-
specific technology and the best available technology portrayed by the meta-
frontier. Individually, pooled models indicate the negative impact of higher
inflation on cost efficiency, which could indicate potential excessive expansion
of branch networks of Chinese banks in response to fluctuating and high inflation
rates. The meta-frontier model further finds that urbanisation has a positive
impact on shrinking the technology gap between individual clusters and meta-

frontier.

From a methodological standpoint, our findings provide support to Bos and

Schmiedel (2007) which also find that a meta-frontier gives a more complete set
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of information than pooled frontiers. Furthermore, we concur that a meta-
frontier is free of the biases which are present in the pooled models. Contrary to
Bos and Schmiedel (2007) and Lee and Huang (2017), who find small
technology gaps in the European meta-frontier, we find significant technology
gaps in the Chinese banking industry. We link this wide technology gap to the
nature of the banking sector, the choice of sample and the choice of
macroeconomic variables. Sun et al. (2013) utilise a very similar homogeneous
sample by only including city and rural commercial banks. However, since they
estimate profit efficiency, the efficiency scores are not directly comparable with
our cost efficiency scores. Nevertheless, their profit efficiency scores are
generally on the same scale as our cost efficiency scores using pooled models.
However, our meta-frontier models tell a very different story, and we observe an
obvious difference in technology gaps by looking at the diagram of CGR trends
in section 4.9.6.

In terms of cost efficiency scores, since only meta-frontier scores can be
compared across different regions, we find banks in the North-eastern and
Coastal Region (cluster 3) to be the most cost-efficient and banks in the Inland
Region (cluster 1) to be the least cost-efficient. We find that for all clusters, the
main contributor to cost inefficiency is inferior technology adopted compared to
the best practice bank in the country, although there are regional variations in
terms of the severity of the problem. This discovery gives policy makers a clear
idea in terms of the source of the inefficiency for each region. For instance, the
worst-performing cluster (the Inland Region) also deviates furthest from meta-
frontier compared to the other two clusters, indicating that banks in the Inland
Region (cluster 1) need to focus more on adopting a superior technology than
the other two slightly better-performing clusters. For the best performing
cluster, i.e. North-eastern and Coastal Region (cluster 3), it seems that its
individual frontier cost-efficiency remains the lowest among the three clusters.
This indicates that these clusters are lagged behind more in terms of management
compared to other clusters. Therefore cluster 3 can also pay attention to

management training apart from technology advancements. The overarching
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theme of our findings is that all three clusters need to exercise more focus on
adopting a superior technology.

After pointing out the sources of cost inefficiency, our results also inform policy
makers in terms of the main approaches to reduce technology gaps and, in turn,
reduce cost inefficiency. This information can be derived from the significance
and sign of microeconomic and macroeconomic variables in the inefficiency
model estimated as part of the meta-frontier, presented in table 4.17. Since the
technology gap acts as the primary source of inefficiency, we find that speeding
up urbanization, reducing banking concentration, increasing banking
competition and increasing foreign bank presence could directly help to reduce
technology gaps. In terms of managerial inefficiency implied by bank cluster-
specific frontiers, we find that banks should mainly focus on increasing their
capital and increasing the quality of loans and reducing their bad loans to achieve
better bank management. Profitability does not seem to prompt cost efficiency
in Chinese regional banks.

In terms of economies of scale, under current technology, banks in the Inland
Region (cluster 1) and the North-eastern and Coastal Region (cluster 3) exhibit
diseconomies of scale while banks in the Eastern Municipalities (cluster 2) enjoy
economies of scale. If they moved towards the meta-frontier by adopting a better
technology, Inland Region (cluster 1) and the North-eastern and Coastal Region
(cluster 3) would start to enjoy economies of scale, and Eastern Municipalities

(cluster 2) would continue to enjoy an even greater degree of economies of scale.

Regarding determinants of economies of scale for Chinese regional banks, we
find that investment banking activities, higher liquidity ratio, lower credit risk
would contribute to economies of scale, while banks’ profitability from
traditional lending activities does not have any impact on scale economies. We
also find that a higher level of capital would have a positive impact on economies

of scale.
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The results from estimations of economies of scale and their determinants seem
to suggest that it may be beneficial for Chinese regional commercial banks to
continue adopting a prudent capital and liquidity regulation. A lower level of
credit risk also promotes economies of scale. Furthermore, regional banks in
China can look to expand and diversify the scope of their business such as

growing investment banking and other non-traditional banking businesses.
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Chapter 5. Loan Loss Provisioning Behaviour of Chinese

Regional Banks
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5.1 Introduction

This chapter investigates the determinants of loan loss provisioning behaviour,
the relationship between loan risk and cost efficiency, and the impact of bank
funding structure on earnings quality for Chinese regional banks. The
contribution of this study is mainly three-fold. Firstly, it investigates various
hypotheses of loan loss provisioning in the context of China’s compliance with
Basel regulations. It also examines the impact of the global financial crisis on
the discretional use of LLPs. Six main hypotheses are tested under this context:
procyclicality or countercyclicality, earnings management, capital management,
signalling, and the ‘bad management’ hypothesis. To ensure the robustness of
our inferences, we utilize two commonly used methods in the literature to test
these hypotheses. The first method is to test all the hypotheses in a one-stage
regression. The second method is to follow Beatty and Liao (2014) and Jin et al.
(2018) to first extract the discretionary element of LLPs using a first stage
regression on non-discretional components of LLPs. In the second stage, we test
the hypotheses by regressing a series of test variables on the discretional

component of LLPs, represented by the residuals from first-stage regressions.

The second contribution of this study is that we utilize the cost efficiency scores
obtained from the meta-frontier estimations, and we examine the relationship
between LLPs and cost efficiency to test Berger and DeYoung(1997)’s ‘bad
management’ hypothesis. As mentioned in chapter 4, cost efficiency scores
estimated via a meta-frontier framewaork allow comparisons of efficiency scores
across different heterogeneous groups. In our case, we chose regional banks
(city and rural commercial banks) where heterogeneity among banks primarily
come from different macroeconomic conditions in different regions in China.
We find low-efficiency banks tend to have a higher level of loan loss provisions,

thus supporting the ‘bad management’ hypothesis.
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Thirdly, this study investigates the relationship between bank funding structure
and earnings quality in the context of China. Specifically, it examines whether
reliance on retail deposit or wholesale funding makes a bank more likely to
manipulate its earnings in the financial statement. We find a negative
relationship between retail deposits and discretional LLPs, suggesting that banks
with higher reliance on retail deposits as a funding source tend to be less likely

to manipulate their earnings.

To the best of our knowledge, this study is the first to test all six hypotheses in
this new context - China. This study provides investors and other stakeholders
of Chinese commercial banks a simplified model to acknowledge the
sensitivities of loan performance to macroeconomic conditions as well as
evidence for any income-smoothing or signalling behaviour. This study also

provides regulators insights on the indicators for banks’ earnings quality.

5.2 Literature Review and Hypotheses Development

LLPs can be split into two components, general provisions and specific
provisions. Specific provisions in their nature are procyclical, as they are related
to specific loans that are highly probable to default. General provisions are
provided against possible future losses, which involves a higher degree of
judgement by bank managers (Laeven and Majnoni, 2003, Soedarmono et al.,
2012). General provisions can be further divided into a discretionary component
and a non-discretionary component. The non-discretionary component covers
expected credit losses and is backwards-looking, while the discretionary
component covers unexpected credit losses and is forward-looking (Beaver and
Engel, 1996, Wahlen, 1994). Thus, the discretionary component of the LLPs is
believed to be subject to management discretion for the purpose of creating a
countercyclical buffer, smoothing income, meeting the regulatory capital
requirements or signalling financial resilience and cash flow potential to stock

markets and investors.
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In this section, we will present a literature review on loan loss provisioning
behaviours relating to theories of Procyclicality/ Countercyclicality, income-
smoothing, capital management, signalling, funding quality and ‘bad
management’. Hypotheses are also developed for each theory at the end of each

section.

5.2.1 Procyclicality/ Countercyclicality

The procyclicality hypothesis concerns the timing of LLP with respect to the
business cycle, i.e. how LLPs respond to the business cycle and in turn
exacerbate it. LLPs can be either procyclical or countercyclical with the
economic cycle. LLPs are considered procyclical when they increase during an
economic downturn, reflecting the increased loan default rates and increased
bank cost, and deemed countercyclical when LLPs increase during an economic
upturn, which creates a buffer against the economic cycle. That is, to increase
the buffer against future losses and to smooth income, especially when LLPs are

believed to build-up due to excessive loan growth during economic expansion.

The introduction of Basel Accords has raised concerns over the procyclical
nature of the increased capital requirements. On the one hand, the new higher
capital adequacy ratio would limit the credit supply in the economy in general.
On the other hand, the risk-based capital ratio calculations inevitably lead to
higher capital requirements during recession due to higher default risk, further
amplifying capital shortages during the economic downturn, exactly when credit
and loans are needed the most (Bikker and Metzemakers, 2005). There is a
consensus in the literature that capital should cover unexpected losses while
LLPs should cover the expected losses. If LLPs become inadequate to cover the
expected losses, the losses can eat into capital, further discourages banks from
granting loans, therefore worsening an economic recession (Soedarmono et al.,
2012).

The rationale for the procyclical hypothesis is that, during economic recessions,

incomes are likely to decrease, and the probability of default on loans in society
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will increase consequently. Therefore, LLPs tend to increase during an
economic upturn and decrease during an economic downturn, reflecting the
likelihood of defaults in the loan portfolio following the business cycle (Bikker
and Metzemakers, 2005).

In terms of the rationale for counter-cyclical provisioning, there are mainly two
explanations. One explanation is by Borio et al. (2001) and Lowe (2003) that
problematic loans are more likely to be generated during an economic upswing
when there is substantial loan growth, and the credit losses tend to be
materialised during a downturn. This is because the positive outlook held by
bank managers during economic expansion can result in a lax lending behaviour
as they are more willing to take higher risks in lending during good times, thus
leading to increased riskiness of loan portfolio. This relaxed lending criteria
during an economic boom can also be explained by the institutional memory
hypothesis Berger and Udell (2004), which states that as time passes from the
last economic bust, fewer and fewer bad loans will be associated with the current
loan managers, especially when the staff turnover is high. This means that
institutional memory on the previous problem loans during the last economic
downturn tend to fade as the economy recovers. Consequently, as the economy
climbs up from the bottom of the cycle, current bank managers tend to ease their
criteria for lending, thus leading to a gradual increase in problem loans and a
decrease in loan quality. Therefore, because of the abovementioned cyclical
lending behaviour, Berger and Udell (2004) propose that LLPs should be
increased during economic upturn to reflect the risk accumulation from lax
lending as well as to build up loan loss reserves as a buffer which can then be
drawn later during a potential downturn. The countercyclical behaviour may
also result from banks managers using LLPs as a tool to smooth earnings, i.e.,
increasing provisions during upturn when earnings are high and reducing
provisions during a downturn when earnings are low. (See section 5.2.2 income
smoothing for more details). Fernandez de Lis et al. (2000) propose a dynamic
provisioning framework which is generally adopted in Spain since 2000. A
difference between expected credit losses and specific provisions using either

banks’ internal model or a standard model set by the regulators is calculated, in
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addition to traditionally computed specific provisions and general provisions.
The dynamic or statistical provisioning is set to reduce the correlation between
the specific provisions and business cycle by anticipating an economic downturn
in the future. Therefore, the aforementioned dynamic provisioning approach

tends to increase LLPs during an economic upturn.

The cyclical effect of LLPs is of importance in China, especially due to bank
loans being the primary financial source for private businesses in the country.
Within the relevant literature, Bikker and Metzemakers (2005) find
procyclicality of loan loss provisioning behaviour in 29 OECD countries.
Another important study by Glen and Mondragon-Vélez (2011) finds that
economic growth is the main driver for improved loan performance. Particularly,
they find that loan performance only deteriorates when there is extreme
economic distress in their sample of 22 major developing economies from 1996
to 2008. Laeven and Majnoni (2003) investigate the cyclical effect of regulatory
capital requirements on bank lending using a large global dataset from
BankScope. Their findings suggest that banks largely delay provisioning during
a cyclical upturn with favourable income conditions until an economic downturn
sets in. The authors propose a separate regulation on loan loss reserves from
capital regulations, which would allow loan loss reserves to fluctuate during the
economic cycle above a minimum level. A study on 12 countries in emerging
Asia, including China, India and Southeast Asia, by Packer and Zhu (2012) find
that, contrary to European countries, countercyclicality is the predominant
behaviour of LLPs in emerging Asian economies during 2000 to 2009. However,
they do not find any significant evidence to support either procyclical or

countercyclical behaviour in China. We develop our hypothesis as below:

H1: Chinese Banks are procyclical in terms of loan loss provisioning practice.

5.2.2 Income Smoothing

The second hypothesis concerns the use of LLP to smooth earning streams.

According to the income smoothing hypothesis, bank managers have
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discretionary power towards LLPs, and they tend to use LLPs as an instrument
to manipulate profit on the bank income statements. This is because LLPs, as a
relatively large accrual for banks, are deducted in a bank’s income statement to
arrive at the profit for the year. The incentive for income smoothing is
commonly explained by managerial self-interest, where managers’
compensation schemes are related to bank performance, usually indicated by
reduced volatility of reported profit and the stability of stock prices for listed
banks (Lambert, 1984). Laeven and Majnoni (2003) provide an additional
rationale that LLPs can prevent the possibility of credit loss eating into a bank’s
capital if perfect income smoothing is achieved. That is, banks draw from loan
loss reserves when actual credit losses exceed the expected credit losses in bad
times and increase loan loss reserves by adding in additional LLPs when actual
losses are less than expected losses during good times. Therefore, expected
losses would no longer affect capital.

There has been an inconclusive debate about whether income smoothing has a
positive effect on the economy. Several studies argue that income smoothing
can mitigate the procyclical effect of LLPs on bank lending (Borio et al., 2001,
Lowe, 2003, Beatty and Liao, 2011). On the other hand, other studies argue that
LLPs suffering from income smoothing cannot truly recognize expected loan
losses. Therefore, this behaviour will reduce the transparency of bank financial
statements, harm market discipline and increase difficulties for monitoring
(Bushman and Williams, 2012).

There have been several studies on the income smoothing behaviour of LLPs.
Early studies in the area provide mixed findings. For example, Greenawalt and
Sinkey (1988) find significant evidence for 106 large bank holding companies
in the US between 1976 to 1984. They also find that regional banking companies
have more aggressive income smoothing behaviour than money-centre banks.
Additionally, regulatory policy, risk management and compensation schemes all
impact income smoothing through LLPs. Contrary to the study mentioned above,
Beatty et al. (1995) and Ahmed et al. (1999) find no evidence of income

smoothing in US banks. Anandarajan et al. (2007) find evidence of income
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smoothing in Australian banks, while Bouvatier and Lepetit (2008) find the
opposite that European Banks increase LLPs when earnings are low during
1992-2004, amplifying the economic cycle. Later research by Fonseca and
Gonzélez (2008) tests this hypothesis in a large sample of 40 countries and finds
that when there is stronger investor protection, more effective supervision, more
accounting disclosure and banking restrictions, banks are less likely to use
income smoothing as a tool for risk management. A more recent study by
Bushman and Williams (2012) further investigates whether income-smoothing
harms market discipline. The results show that if the discretion in accounting is
purely for the purpose of earnings management, then the income smoothing
behaviour is likely to reduce transparency in banking systems and cause trouble
for monitoring. However, if exercising discretionary power towards LLPs is a
form of forward-looking accounting to recognise future expected losses in a
timely fashion, then this behaviour can, in fact, enhance market discipline.

Due to a higher level of scrutiny and market discipline for listed banks, listed
banks are found to engage more in income-smoothing than non-listed banks.
Moreover, banks are also found to practice earnings management more
intensively during a financial crisis period (Anandarajan et al., 2007, Curcio et
al., 2017)%.

Therefore, we develop our hypotheses as below:

* In addition to listed status and financial crisis, the degree of earnings management
may also be impacted by corporate governance. The literature concerning the impact of corporate
governance on earnings management mainly focuses on non-financial firms. Within the limited
literature on the impact of corporate governance on banking firms, Sullivan and Spong
(2007)find that bank managers are more likely to manipulate earnings when they have a higher
level of wealth concentrated in the bank’s stock holdings. Cornett et al. (2009) study the impact
of corporate governance mechanism on earnings management using a sample of large publicly
traded bank holding companies. They use pay-for-performance sensitivity, board independence
and capital ratio as main corporate governance variables. They find that increased board
independence, reduced CEO pay-performance sensitivity and a higher level of capital are linked
to reduced earnings management. Leventis and Dimitropoulos (2012) investigate corporate
governance and earnings management on US-listed banks during the Sarbanes-Oxley Act era
(2003-2008) and find strong evidence that well-governed banks engage less in aggressive
earnings management using LLPs, in addition to realised security gains and losses. We do not
investigate how corporate governance, such as board independence and CEO compensation,
impact earnings management, as it is outside the scope of this study.
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H2: Chinese Banks engage in earnings management in terms of loan loss

provisioning practice.

H2a: Listed Chinese Banks engage more aggressively in earnings management

in terms of loan loss provisioning practice than non-listed banks.

H2b: Listed Chinese Banks engage more aggressively in earnings management

in terms of loan loss provisioning practice during a financial crisis period.

5.2.3 Capital Management

According to the capital management hypothesis, banks use LLPs to reduce the
cost of violating capital requirements. That is, banks with low capital levels tend
to increase general provisions to meet the regulatory capital requirement and
ensure their capital adequacy (Kim and Kross, 1998, Cortavarria et al., 2000).
However, after implementing Basel Accords Il and Ill, a less significant
relationship between bank capital and LLPs is expected. The main reason is that
under Basel | and 1l standardized approaches, LLPs do not count for Tier | capital
and can only be counted as Tier 1l capital up to 1.25% of risk-weighted assets.
Under Basel Il Internal Rating Based (IRB) approach, the amount of provisions
used to complement capital to cover unexpected losses is subject to 0.6% of
credit risk-adjusted assets (BCBS, 2005). We will review studies in the US and

cross-country studies below.

In terms of studies in the US, Collins et al. (1995) do not find any evidence of

capital management. Kim and Kross (1998) find that the substantial exclusion
of LLPs for bank capital calculation after the regulatory reform in 1989 led to
reduced incentives for capital management through LLPs. However, no
significant change in LLPs has been found for banks with large capital ratios
after the reform. Ahmed et al. (1999) find evidence of capital management from
1986 to 1995.
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Capital management is also researched in cross-country studies. Bikker and
Metzemakers (2005) find capital management both on the OECD and EU levels
from 1991 to 2001. However, they find no significant evidence of capital
management in the UK. Anandarajan et al. (2007) find a negative relationship
between LLPs and Tier 1 capital for Australian banks over 1991-2001,
supporting the capital management hypothesis. However, they do not find any
change in this relationship after the onset of Basel accords. Pérez et al. (2008)
find no evidence for capital management in Spanish banks from 1986 until 2002.
However, Bushman and Williams (2012) find capital management in their
sample of 27 countries from 1995 to 2006. Curcio et al. (2017) find no evidence
for capital management for the Euro Area for the period of 2005-2011.

H3: Chinese Banks use LLPs as a mechanism to meet capital requirements.

5.2.4 Signalling

In this section, we will discuss the theories and hypotheses relating to using LLPs

as a method for signalling future cash flows and financial resilience.

LLPs are the largest accruals for banks. LLPs can be used as a device to signal
bank investors and bank clients about their earnings ability and future cash flows.
According to Akerlof (1970), information asymmetry between the firm’s
managers and investors may lead to stock mispricing. If managers’
remuneration is tied to stock performance, managers may be incentivised to use
LLPs as a tool to signal the firm’s ability to generate positive cash flows to avoid

under-pricing of the firm.

The other way to ascertain the incentive for firms to signalling is that the cost of
false signalling must be significantly high (Spence, 1973). According to
Kanagagretnam et al. (2004), poorly performing banks are unlikely to increase

LLPs because increased LLPs will further reduce already poor retained earnings,
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thus increase the risk of being audited by regulatory agencies and reduce

managers’ compensation that is based on reported earnings.

LLPs are be considered either as “good news” or “bad news”. An increase in
LLPs is often regarded as “good news” in the market when it is accompanied by
other timely information about loan portfolios and loan defaults. Especially, the
discretionary or unexpected element of LLPs is considered to signal good news
as this is a signal that management believes the earnings ability of the bank to be
strong and that it can withstand ‘a hit in earnings’ by increasing LLPs (Beaver
et al., 1989). Itis also believed that additional LLPs could be a sign of prudent
accounting policies and better monitoring of loan portfolios. On the contrary,
LLPs can also be seen as “bad news” when there is no other information
available on loan defaults; thus, LLPs become the only sources of information
on loan defaults, thus signalling risk in the loan portfolio (Anandarajan et al.,
2007).

Two variables are commonly used to measure this signalling behaviour: stock
returns or future earnings. In this study, we will use future earnings as the proxy
since a large proportion of banks in our sample are not listed. Mixed results have
been found in the literature. The earliest study by Wahlen (1994) finds a positive
relationship between LLPs and pre-provision earnings as well as current stock
returns. Beaver and Engel (1996) decompose LLPs into discretionary and non-
discretionary components and find that they are positively and negatively related
to stock price, respectively. On the contrary, Ahmed et al. (1999) find a negative
relationship between LLPs and future earnings as well as contemporaneous stock
returns. Eng and Nabar (2007) support the signalling hypothesis and find a
positive relationship between unexpected LLPs and stock returns as well as
future cash flows in a sample of banks in Hong Kong, Singapore and Malaysia
from 1993 to 2000. They also find that signalling was less effective during a
crisis period. However, a study on Australian banks by Anandarajan et al. (2007)
finds no evidence of using LLPs as a tool for signalling from 1991 to 2001.
Leventis et al. (2012) find that find insufficient evidence for signalling good

news for financially healthy banks but find signalling is more pronounced for
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financially distressed banks and more aggressively after the implementation of
IFRS.

H4: Chinese Banks use discretionary LLPs to signal good news regarding future

cash flows and financial resilience.

5.2.5 The impact of funding structure on earnings quality

In addition to the four hypotheses mentioned above, we also want to investigate
the impact of the funding structure, i.e. the extent bank relies on retail or
wholesale funding, on banks’ manipulation of earnings figures on their financial
statements. As opposed to earnings management, where lower LLPs are
expected for periods with higher earnings, in order to investigate earnings quality,
we do not focus on the direction of the earnings, rather the magnitude of the
discretionary LLPs. That is, we only focus on the absolute values of the
discretionary component of LLPs.

Jin et al. (2018) define earnings quality as the extent banks manipulate earnings
information disclosed on their financial statement. A lower earnings quality is
associated with the heavier use of discretionary LLPs as a tool for earnings
management. The incentives to manipulate earnings, thus decreasing earnings

quality, can be linked to a bank’s funding structure (Jin et al., 2018).

There are two opposing views in the literature regarding the effect of the bank’s
funding structure, specifically, banks’ reliance on retail funding or wholesale
funding, on earnings quality. The first view that retail deposit is negatively
related to banks earnings quality is proposed by Calomiris and Kahn (1991).
They suggest that depositors have fewer resources and incentives to monitor
bank earnings management, more so in the presence of deposit insurance
schemes. This negative relationship may exist in the context of the Chinese
banking industry. According to He (2016), while China’s explicit deposit
insurance is still at an early stage of establishment, there has been a long history

of implicit deposit insurance in China, provided as a form of government
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guarantee. With public ownership laying the foundation of the Chinese banking
system, significant portions of ownership of Chinese banks come from local
government or state-owned enterprises, who provide injections in case of
potential liquidity issues and government bailouts in the event of potential bank
failures. This is also evidenced in the multiple capital injections into Chinese
commercial banks and the establishment of asset management companies to
dispose of non-performing loans over the course of Chinese banking reform
since 1998 (See details in section 2.2 in Chapter 2). This improves the security
of deposits and reduces the need to scrutinize the banks' financial information
for retail depositors. Li and Han (2008)’s panel data study finds that the implicit
deposit insurance reduces banks’ prudence in risk-taking and banks’ self-
discipline mechanisms are unsuccessful for both state-owned and non-state-
owned banks due to it. Therefore, banks that rely more on retail deposit funding
may disclose lower quality earnings information than banks that rely more on

wholesale funding in China.

However, Jin et al. (2018) support the view that the opposite is more likely to be
true. That is, earnings quality may, in fact, be lower for banks that rely more on
wholesale funding. Firstly, wholesale funding lenders might not frequently use
bank financial statements as their source of information. lyer et al. (2016) find
evidence that wholesale depositors tend to continue providing funding to
troubled banks due to the difficulty to infer potential problems from the financial
statement. This view is also supported by Gorton and Metrick (2012), who claim
that some wholesale funding is relatively safe, sometimes even safer than retail
deposits. They give the example of a repurchase agreement (repo), where
lenders can terminate the agreement in the event of banks’ default and obtain the
collateral, which is typically of more value than the repo itself. Thus wholesale
funders have little incentive to monitor bank earnings information due to the low
risk of lending. Secondly, several studies in the literature suggest that depositors
react to banks’ non-financial information. For example, Homanen (2018) finds
that US bank retail depositors react negatively to bank scandals. Thirdly, Kim
et al. (2003) find that retail deposits, as a more stable source of funding, are

stickier due to high cost for retail depositors to switch banks for transaction
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services, as opposed to higher volatility of wholesale funding, which is short
term and on a rollover basis, subject to market volatilities and economic shocks.
Thus, banks relying on retail deposit are less incentivised to alter financial
information due to their reduced sensitivity to market volatilities. Jin et al. (2018)
indeed find evidence that earnings quality to be higher among banks relying
more on retail funding than wholesale funding for US banks. Therefore, we

develop the hypothesis as below:

H5: Chinese Banks which rely more on retail deposits as a source of funding
will have less discretionary LLPs, thus higher earnings quality compared to

banks that rely on wholesale funding.

5.2.6 The Relationship between Loan Quality and Bank Efficiency

To the best of our knowledge, there are limited studies in the literature that focus
on examining the relationship between LLPs and bank efficiency (Williams,
2004)

Berger and DeYoung (1997) propose a ‘bad management’ hypothesis that
inefficient banks tend to have higher credit risks within their loan portfolio. The
rationale is that insufficient and inefficient screening, underwriting, and
monitoring of loan portfolios result in higher risks in a bank’s loan portfolio.
This may be due to inefficient use of resources by the bank loan managers due
to incompetence or lack of skills. Other studies also support the ‘bad
management’ hypothesis that inefficient banks impose higher loan default risk,
which may lead to bank failure. Some studies find that failing banks tend to be
the most inefficient banks (Berger and Humphrey, 1990, Barr and Siems, 1997).
Other studies such as Kwan and Eisenbeis (1997) and Resti (1996) find that
problem loans are related to inefficiency even in banks that are unlikely to fail.

Therefore, we develop our hypothesis as:

H6: More efficient banks incur less loan loss provisions.
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5.3 Methodology

5.3.1 Baseline Model specification:

Following Anandarajan et al. (2007), the baseline model specification to test

hypotheses 1-4 can be indicated as below:
Model 1a:
LLPLOAN; = ay + a;LLPLOAN;,_; + a,NPLLOAN;; + asGDPGR,

+a,EBTPTA;, + asETA; + agLOANTA;, + a,CFEER;, + agCUSTF;, +
aoSIZE;; + & (5.1a)

The dependent variable is LLPs to total gross loans denoted as LLPLOAN;;,
LLPLOAN;,_, is the dependent variable with one year lag. It is logical to assume
that the LLPs in the previous year will affect the LLPs in the current year, as
managers tend to use the provision from last year as a reference and make
adjustments to it according to the conditions in the current year. Thus, lagged
LLPs are expected to be positively correlated with LLPs.

NPLLOAN;; is NPLs scaled by gross loans to capture the expected loan losses;
LLPs are designed to cover the expected loss in the loan book, both general and
specific provisions are required to be related to the bad loans. Therefore, | expect

a positive relation between LLP and NPL.

GDPGR; is real GDP growth rate; As discussed in section 5.2.1, the classic view
by Borio et al. (2001) and the Institutional memory hypothesis (Berger and Udell,
2004) supports procyclicality, and there is strong evidence of procyclicality in

the banking Loan Loss Provisioning literature (Bikker and Metzemakers, 2005,
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Glen and Mondragon-Vélez, 2011). Thus, we expected a negative relationship
between LLP and GDP growth rate.

EBTPTA;; is earnings before provisions and tax scaled by total assets; As
mentioned above in Section 5.2.2, we test for income smoothing by including
earnings before tax and provision as a proxy. It is expected that Chinese
commercial banks may smooth income in order to have a better performance in
terms of stock price and dividend payment. Managers may also smooth income
as their compensation scheme is often linked with earnings stability. Thus, we
expect LLPs to be positively related to EBTPTA.

ETA;; is total equity scaled total assets as a proxy for capital. As mentioned
before in section 5.2.3, under Basel Il and 111, regulatory capital needs to cover
expected loss if loan loss provisions cannot cover it entirely. Thus, banks have
the incentive to increase LLPs if they have difficulty meeting CAR requirements.

We use equity over total assets as a proxy for total regulatory capital to test the
capital management hypothesis. The direction of the sign of coefficient can be
either positive or negative. This is because total regulatory capital contains Tier
1 and Tier 2 capital, and the impact of LLPs on Tier 1 and Tier 2 are in opposite
directions. Under Basel accords, Tier 1 capital represents core capital containing
common stocks plus retained earnings, fewer intangibles and regulatory
adjustment. The regulatory adjustment is stricter under Basel 11l than in previous
versions. Tier 2 capital contains cumulative preferred stocks, perpetual
subordinate debt, revaluation reserves, unrealised gains on securities and excess
loan loss reserves. Therefore, bank managers can manipulate LLPs to meet the
total regulatory capital requirement by either increasing retained earnings
through decreasing LLPs, in order to increase tier 1, or by increasing LLPs to
achieve increased loan loss reserves, in order to increase Tier 2 capital, although

loan loss reserves are subject to a maximum of 1.25% of risk-weighted assets.

LOANTA;; are gross loans to total assets. Loan to asset measures credit risk
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exposure. Banks with more credit risk exposures provide more provisions. Thus,

the sign of the loan to asset ratio is expected to be positive.

CFEER;; represents fee and commission income scaled by average assets as a
proxy for trading activities; According to Anandarajan et al. (2007), banks with
high commission fee income are the banks that engage in a high volume of
different trading activities and services other than traditional lending. Thus, they
tend to provide more LLPs to provide an image of a safer institution. Therefore,

| expect the sign of commission fee income to be positive.

CUSTF;; is the customer deposit ratio, calculated as total customer deposit to
total funding. Customer deposit to total funding measures the stability of
funding for lending. Thus, the lower the proportion of deposit intake, the less
stable funding they have, the probability of insolvency increases. Thus, banks
have the incentive to provision more to cover more of future expected losses.

Thus, the sign of customer deposit to total funding is likely to be negative.

SIZE;; is calculated as the logarithm of total assets. To control for size so that
our explanatory variables do not just capture size effects, we use the logarithm
of total assets. The bigger banks are expected to have a higher level of LLPs

than smaller banks.

&;; 1S the error term representing all the unobserved impacts on LLPs.

As the literature shows a variety of proxies for the variables above, we will

include alternatives to see how they will impact our model.

Model 1b:
LLPLOAN;; = ay + a;LLPLOAN;;_; + a;NPLLOAN;; + a3GDPGR,
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+a,EBTPTA;, + asTierl; + acLOANTA;, + a,CFEER;, + agCUSTF;,
+ agSIZE;,

+ &t (5.1b)
Model 1c:
LLPLOAN; = ay+ a;LLPLOAN;_; + a,NPLLOAN,, + a3GRPGR,;
+a,EBTPTA;; + asETA; + agLOANTA;; + a,CFEER;, + agCUSTF;
+ agSIZE;,
+ & (5.1¢)

Model (1b) substitutes ETA with Tierl ratio, as both proxies are present in the
literature, although the signs of the coefficient are expected differently. For Tier
1, we expect a positive coefficient as a low Tier 1 ratio prompt bank managers
to decrease LLPs in order to increase retained earnings as part of Tier 1 capital.
In terms of capital proxied by total equity by total asset, the sign of coefficient
can be positive or negative. Model 1c in equation (5.1c) uses GRPGR,,, the
growth rate of gross regional product on provincial level instead of GDP growth

GDPGR; to capture different regional economic environments for each province.

To further test the hypotheses that listed banks practice more income-smoothing
than non-listed banks (H2a) and banks involve in more income-smoothing
during the financial crisis period (H2b), we add in the interaction term between
income-smoothing variable EBTPT A;; and dummy variables listed and crisis,
where listed takes the value of 1 for listed banks and the value of 0 for non-listed
banks. Crisis’s value is 1 for the period 2007 to 2011 and 0 otherwise, in line
with Curcio et al. (2017).

Model 1d:
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LLPLOAN;; = ay + a;LLPLOAN;;_; + a;NPLLOAN;; + a3GDPGR;
+ a,EBTPTA;; + asETA; + agLOANTA;; + a,CFEER;;
+ agCUSTF;; + agSIZE;; + a1oEBTPTA * listed
+ a1 EBTPTA * crisis
+ a1 EBTPTA * listed * crisis + &;; (5.1d)

Listed:

Because listed banks use the stock market as a source of funding, we expect
listed banks to practice more earnings management and signalling. Therefore,

we include interactions terms Listed*EBTP.

As discussed in section 5.2.2, our hypothesis is: H2a: Banks may engage in

earnings management more aggressively if it is a publicly listed bank.

Crisis:

Curcio et al. (2017) argue that during a financial crisis, deteriorated loan quality

would lead to an increase in specific/non-discretionary provisions, which would,
in turn, reduce the possibility for bank managers to use LLPs to manage income
and capital.

Using the wide range of literature that investigates the impact of the global
financial crisis on bank risks and performances, including studies such as
(Curcio etal., 2017), it is generally considered that 2008-2011 is regarded as the
crisis period. In order for our study to be comparable with current literature, we
regard the same period as the crisis period and all other years as the non-crisis

period.

As discussed in section 5.2.2, Our hypothesis is: H2b: Banks may engage in
earnings management more aggressively during financial crisis periods to

smooth the income.
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To test H6, we add in cost efficiencies obtained from chapter 4 from the meta-
frontier model for comparison in order to test if the ‘bad management’

hypothesis by Berger and DeYoung (1997) holds.

Model 2:
LLPLOAN;; = ay + a;LLPLOAN;;_; + a;NPLLOAN;; + a3GDPGR,
+ a,EBTPTA;; + asTierl;; + agLOANTA;; + a,CFEER;;
+ agCUSTFy + aoSIZEy + a190CEyetq,, + @11 EBTPTA
* listed + a1, EBTPTA * crisis + a;3EBTPTA * listed
* CTiSIS

+£it (52)

Cost Efficiency (CE_I, CE_meta):

Please see chapter 4 for a detailed calculation of these two variables. We expect
the sign of CE_I, CE_meta to be negative. That is, the higher the efficiency score,
the lower the loan risk, thus a lower level of LLPs.

5.3.2 Testing of Signalling

To test the signalling hypothesis, we follow Bouvatier and Lepetit (2008) and
Soedarmono et al. (2012), and we include SIG N;; into equation (5.3) - calculated
as (one year ahead EBTPTA- current year EBTPTA)/ [0.5*( current year’s total
asset +next year’s total asset)].We expect a positive sign for SIGN;;, that is,

higher loan loss provisions signal good news about higher future earnings.
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Model 3:

LLPLOAN;; = a9 + a;LLPLOAN;;_1 + a;NPLLOAN;; + a3GDPGR,
+ a,EBTPTA;; + asTierl; + agLOANTA;; + a,CFEER;;
+ agCUSTF; + a9CEpetq;, + @10EBTPTA * listed
+ a1 EBTPTA * crisis + a1, EBTPTA * listed * crisis
+SIGN;; + € (5.3)

An alternative measurement to test signalling is proposed by Soedarmono et al.
(2012), where the one year ahead change in earnings before tax and provisions
are divided by the average of current total assets and next year’s total assets. The
advantage of this measurement is that it can avoid the potential problem of
multicollinearity if we use AEBTPTA.

5.3.3 Estimating discretionary LLPs

Before we present an alternative way to test the signalling hypothesis using the
two-stage approach, we first need to obtain the discretionary component of
LLPs.

The literature has presented several ways to measure the discretionary
component of LLPs. Generally, it is measured by the residual of an OLS

regression on the non-discretionary components.

We estimate discretionary LLPs using two different models in order to ensure
the robustness of our results. Following Beatty and Liao (2014) and Bushman
and Williams (2012), equation (5.4) models the non-discretionary component of
LLPs as a function of past and future changes in NPLs, change in size, total size

and economic environment. LLP; is LLPs scaled by beginning gross loans. A
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NPL; is the change in non-performing loans scaled by the gross loans in their
respective years; Size;;_4 IS the logarithm of total asset. The other variables are

calculated in the same way as the baseline model (Model 1).

Model 4:

LLP, =ay + a; A NPLiyyq + @y ANPL; + as A NPL;_; +

a, ANPL;_, + asSizey_q1 + agLOANTA; + a;GRP +
Province Dummies + Year Dummies + €;; (5.4)

Furthermore, in order to confirm that our findings are not driven by the above
specification, we follow Kanagaretnam et al. (2010), and we estimate equation
(5.5):

Model 5:

LLPit = 050 + OllLLAt_l + azNPLt_l + a3C0t
+aoudLoan; + asLoan; + & (5.5)

Where LLA;; is loan loss allowance scaled by the beginning of year gross loans,
CO; is loan charge-offs scaled by beginning gross loans and NPL,_, is prior
year’s non-performing loans scaled by the beginning of year gross loans. Loan;

and ALoan, capture the loan volume and its change in the current year.

As both above models capture the non-discretional components of the LLPs, the
residuals of the above equation DLLP1;; DLLP2;. are used as proxies for
discretional LLPs. Taking absolute values of these residuals, we obtain
ABDLLP1;, and ABDLLP2;,.
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5.3.4 Alternative test of Signalling

Model 3 tests signalling by including variable SIG N;; as an explanatory variable.
Two alternative models proposed by Ahmed et al. (1999) are tested here to
validate our result further. Equation (5.6) uses one year ahead change in EBPT
as a proxy for signalling while controlling for NPLs, economic cycle, earnings
management, capital management and listing status. The second set of models
(5.7a) and (5.7b) predict the one-year ahead change in earnings EBTPA;,; as a
function of discretionary LLPs, where the discretionary components are obtained

from equations (5.4) and (5.5) and are scaled by the beginning of year value of

equity.

Model 6:

LLPLOAN; = ay + ayALLA; + a,AGDP, + asTierl; +
a,EBTPTA;; + asListed + ay A\ EBTPTA;, (5.6)

Model 7a:

EBTPA¢+, = ag + a;EBTPA; + a,ABDLLP1E;; + year ef fect
+ & (5.7a)
Model 7b:

EBTPA;y1 = ay + aEBTPA; + a,ABDLLP2E;; + year ef fect

+ &t (5.7b)
Where ABDLLP1E;; and ABDLLP2E;; are the absolute values of discretional
loan loss provisions, which are obtained as the residual from equations (5.4) and
(5.5), and then divided by the beginning of year market value of total
equity. ALLA is the change in loan loss allowance, and all other variables are

defined the same way as above sections.

Page 202 of 265



5.3.5 Testing the Impact of Retail Deposit on Earnings Quality

Following Jin et al. (2018), we can test the impact of customer deposits on
earnings quality using the equation below:
Model 8a:

ABDLLPllt = + a1CLDlt_1 + az.S.IZElt + a3SIZE12t + a4L0ANlt + (ZSCAPRM
+ agEBTPTA, + oy LLP},_, + agLIQUID,,

+a9VOLROAlt + aloAEBTPTAlt+1 + (leLiSted + it (580.)
Model 8b:

ABDLLPllt =0 + a1CLDlt_1 + (ZzSIZElt + (ZgSIZEth + a4LOANlt + a5CAPth
+ aeEBTPTAlt + (Z7LLPlt_1 + agLIQUIDlt

+0agVOLROA;; + oygAEBTPTA; 1 + oy Listed + &, (5.8b)
Model 8c:

ABDLLP2; = ay+ ayCLD},_y + auSIZE}, + a3SIZE% + a,LOAN,, + asCAPR,,
+ agEBTPTAy, + ayLLP;,_; + agLIQUID,,

+a9VOLROAlt + aloAEBTPTAlt+1 + allLiSted + it (58C)

Model 8d:

ABDLLP2; = ay+ ayCLDy,_y + a,SIZE}, + a3SIZE%: + a,LOAN,, + asCAPR,,
+ agEBTPTAy, + a7LLP),_; + agLIQUID,,

+0{9V0LR0Alt + aloAEBTPTAlt+1 + allLiSted + it (58d)

°As discussed in footnote 15, we do not investigate the effects of corporate governance

variables such as executive compensation, internal controls and board independence on
discretionary LLPs as they are out of the scope of this study. The only variables in our
model that could potentially capture corporate governance of banks are capital ratio and
listed status in model 8 (a,b,c,d). Cornett et al. (2009) argue that shareholders can limit
bank managers’ ability to invest in negative-NPV projects and force bank managers to
distribute free cash flow to shareholders when banks have lower capital levels, i.e.,
higher leverage. Moreover, banks with lower capital adequacy levels are subject to
more scrutiny by regulators, thus having less chance to manipulate earnings. However,
our results from model 8 (a,b,c,d) (See result analysis in section 5.4) indicate that there
is no evidence suggesting capital adequacy affect earnings management for Chinese
banks.
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Where ABDLLP1;, and ABDLLP?2;, are the absolute values of discretional loan
loss provisions, obtained as the residual from equations (5.4) and (5.5). CLD;;_
is core deposit to total liabilities in the previous year. Moreover, it is our core
variable to determine the relationship between earnings quality and funding
structure. As discussed in Section 5.25 in this chapter, earnings quality is
considered high if there is a lower level of discretionary LLPs, suggesting fewer
manipulations on the earnings figure. CAPR;; controls for capital management,
measured by total liability scaled by total equity, and EBT PTA,; controls for
income-smoothing. LIQUID,, is calculated as liquid assets divided by total
assets. Banks with a low level of liquid assets are expected to engage more in
LLPs manipulation. VOLROA; is the volatility of return on assets, which is
expected to have a negative relationship with earnings quality thus a positive
relationship with discretionary LLPs. The rest of the variables in these equations

are calculated in the same way as the baseline equations.

5.3.6 Variable descriptions

Table 5.1 presents a summary of all the variables and their expected signs used
in this study. As these variables are explained with the model specification, we

will not explain further the variables.
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Table 5.1. List of variables and expected sign

Variable Description Expected
sign
LLPLOAN;; Loan loss provisions/ Average total loans N/A
LLPLOAN;;_; | Lagged LLPLOAN (loan loss provisions/ Total +
loans in the previous year)
NPLLOAN;; Non-performing loans/ Average total loans +
GDPGR; Gross domestic product growth rate _
GRPGR,, Gross regional product growth rate
EBTPTA;; Earnings before tax and provisions/average +
total asset
SIZE;; LnTA, i.e., the logarithm of total assets +
A EBTPTA;; One year ahead EBTPTA- current year +
EBTPTA
Tierl; Tier 1 capital/ risk-adjusted weighted assets +
LOANTA;; Gross Loans/Total assets +
DLOAN;; Loan growth rate +
CFEER;; Commission and fee income/ Average total +
asset
CUSTF;; Customer deposits to total funding _
CE_I; Individual frontier cost-efficiency _
CE_meta;; Cost efficiencies estimated from the _

metafrontier in chapter 4

SIGN;; (one year ahead EBTPTA- current year +
EBTPTA)/ [0.5*( current year’s total assets

+next year’s total assets)]

CDL;_4 (Core deposits)/(total liabilities) in year t-1 +/-
CAPRy; Total liability/(total equity) in yeart +/-
LIQUID;, (liquid assets)/(total assets) in year t

Page 205 of 265



VOLROA,; (standard deviation of net income)/(total asset ) in +
year t
ETA;; Equity / Total assets +/-
listed Takes the value of 1 for listed banks and value +
of 0 for non-listed banks

Crisis Value is 1 for the period 2007 to 2009 and 0 +
otherwise

UNR;; Unemployment rate +

NPL;; Non-performing loans / gross loans in the +

beginning of the year
LLA;; Loan Loss Allowance / gross loans in the +
beginning of the year

COy; Net Charge Offs / gross loans in the beginning +
of the year

ALoan;; (Gross loans for current year — gross loans for +

previous year) / Total Assets in the previous
year
ABDLLP1;; The absolute value of discretionary LLPs N/A
estimated as the residual of equation (5.4)
ABDLLP2;; The absolute value of discretionary LLPs N/A
estimated as the residual of equation (5.5)

ABDLLP1E;, ABDLLP1 / beginning of year market value of N/A
total equity

ABDLLP2E;; ABDLLP2 / beginning of year market value of N/A
total equity

LOANDEP;; Loan divided by customer deposits +

EBTPTE;; Earnings before tax and provisions/average +

total equity
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5.4 Empirical Results

This section firstly describes data and provides descriptive statistics, and then
we present the test results on hypotheses 1-6. We then offer an alternative way
for testing signalling using discretionary LLPs. Finally, we present the results

for the test on the impact of retail deposits on earnings quality.

5.4.1 Data Description

The dataset contains a unique panel dataset of 136 regional Chinese commercial
banks during the 11-year period from 2005 to 2015 with a total of 928
observations, as well as a set of province-level macroeconomic variables for all
the provinces these banks operate in. Our 11 years of data is sufficiently long
enough to capture both economic upswings and downturns in order to investigate
cyclicality, especially when it covers a 2008-2009 global financial crisis. Bank-
level balance sheet and income statement information are collected from the
Fitch BankScope database (now Bureau van Dijk Orbis Bank Focus). All
accounts comply with IFRS standards, and all bank data are deflated by the GDP
deflator using 2005 as the base year. We collect province-level macroeconomic
variables from the official website of the National Bureau of Statistics of China,
and we deflate them using again 2005 as the reference year. We only include
regional commercial banks to ensure the homogeneity of the objectives of the
banks in the dataset. We also excluded banks that have less than three years of

observations to accommodate for the panel nature of our analysis.

We do not further truncate the data in the upper or lower bounds of the
distributions as banks at the end of the spectrums may be more prone to engage
in manipulating LLPs. Removing such observations may remove meaningful
patterns of the data (Balboa et al., 2013) 1-3'7,

"1t is worth noting that examining nonlinearities in income smoothing is beyond the
scope of this thesis, though an interesting avenue for future research.
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5.4.2 Descriptive Statistics

In Table 5.2, we present mean values for each variable used in baseline models
1-3 in equations (5.1) to (5.3)). Furthermore, we compare listed with non-listed
banks for both the all bank sample and the regional bank sample. In addition, we
perform a Wlocoxon_Mann-Whitney test of mean equality between regional

banks and national banks.

Firstly, for all banks, the mean value of
LLPLOAN;; is 0.87%, validating the fact that LLPs are a relatively large accrual
in banks. National banks report a statistically lower level of LLPs, which could
be linked to the lower relative level of NPLs, although the difference of
NPLLOAN;; between national banks and regional banks are not significant. The
average value of NPLLOAN;; is 1.95%, with a generally decreasing trend over
the period partly because of the practice of dumping NPLs to government-owned
asset management companies(Kwan, 2009). The fee and commission income
ratio

CFEER;; is 0.1% for all banks and statistically higher for national banks
compared to regional banks. This can be due to national banks being large
universal banks offering a wider range of services while regional banks focus
more on traditional lending activities as the primary source of income. National
banks are also found to have higher loan to asset ratio levels as expected, as
national banks lend to larger businesses and state-owned projects while local
banks focus more on consumer lending. The average Tier 1 ratio is 10%, which
iIs more than what is required by Basel 11 and Ill. National banks also have
statistically significant higher earnings and higher capital levels, with the latter
possibly due to market discipline. The average customer deposit as a proportion
of total funding is 82%, with regional banks relying on customer deposits more
than national banks. This indicates that Chinese banks still largely rely on

customer deposits as their primary source of funding.

In terms of comparing listed and unlisted banks, listed banks, on average, have

lower levels of LLPs than non-listed banks, are larger in size and have a higher
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level of investment banking trading activities. Listed banks also, on average,
have higher earnings to asset ratio. Table 5.3 presents the mean values in crisis
and non-crisis periods. The mean value of
LOANTA;; is statistically higher for the crisis period compared to the non-crisis
period, for both the all banks sample and the regional banks sample, indicating
that there is a higher demand for credit during the crisis period. The tier 1 ratio
Is also found to be higher during the crisis period for both samples, in line with
increased credit risk in the loan portfolio and higher market disciplining
activities during the crisis period. Banks also seem to rely more on customer
deposits as bank funding during the crisis period for both samples to lower the
risk. For the regional bank sample, banks seem to be more cost-efficient during
the crisis period, as banks seem to attempt to minimise costs during the financial

crisis to mitigate further damage caused by GFC.

Table 5.4 presents the correlation coefficients of variables in the baseline models
1-3 for all banks, listed banks and regional banks. We can observe that
LLPLOAN;; has statistically significant correlation coefficients with most of the
variables in the table. It has positive correlation coefficients with
NPLLOAN;;, LOANTA;; and CUSTF;, and is negatively correlated with
CFEERIt, SIZE;; and Tier1;,. The correlations between explanatory variables
are relatively low, meaning that there is little risk of the problem of

multicollinearity.
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Table 5.2. Descriptive Statistics — Listed vs non-listed and National vs Regional Banks

Regional Banks

All Non- National Regional National vs Regional
Banks Listed listed Listed vs unlised banks Banks Banks Banks _Listed Unlisted  Listed vs Unlisted
Mean Mean Mean Difference in means (p- Difference in means (p- Mean Mean Difference in means (p-
(sd) (sd) (sd) value) Mean (sd) Mean (sd) value) (sd) (sd) value)
LLPLOAN;,  0.0087 0.0073 0.0095 -0.0023*** 0.0070 0.0090 -0.0021*** 0.0076 0.0095 -0.0020***
(0.0063)  (0.0046)  (0.0070)  (p<0.0001) (0.0041) (0.0066) (0.0010) (0.0052)  (0.0070)  (0.00040)
NPLLOAN;,  0.0195 0.0177 0.0204 -0.0028 0.0182 0.0197 -0.0015 0.0172 0.0205 -0.0033
(0.0269) (0.0244)  (0.0282)  (0.3010) (0.0284) (0.0266) (0.6710) (0.0200)  (0.0285)  (0.2016)
CFEER;;, 0.0019 0.0027 0.0014 0.0013*** 0.0040 0.0014 0.0026*** 0.0017 0.0013 0.0003***
(0.0017)  (0.0021) (0.0013)  (p<0.0001) (0.0023) (0.0012) (p<0.0001) (0.0014)  (0.0012)  (p<0.0001)
SIZE;, 114537 129583  10.6155  2.3428*** 14.4666 10.8682 3.5984*** 11.7844 105612  1.2232***
(1.7888)  (1.7683) (1.1308)  (p<0.0001) (1.2162) (1.1945) (p<0.0001) (1.0484)  (1.0782)  (p<0.0001)
LOANTA;, 0.4950 0.4947 0.4952 -0.0005 0.5220 0.4898 0.0322*** 0.4752 0.4947 -0.0195***
(0.1061)  (0.0823) (0.1174) (0.2134) (0.0622) (0.1120) (0.0035) (0.0891)  (0.1183)  (0.0023)
EBTPTA; 0.0190 0.0181 0.0195 -0.0014*** 0.0175 0.0193 -0.0018*** 0.0183 0.0196 -0.0013**
(0.0059) (0.0036)  (0.0068) (0.0087) (0.0037) (0.0062) (0.0057) (0.0037)  (0.0068)  (0.0265)
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Table 5.2. Descriptive Statistics Listed vs Unlisted -continued

All Banks Regional Banks
All National Regional National vs Regional
Banks Listed Unlisted  Listed vs unlised banks Banks Banks Banks Listed Unlisted  Listed vs Unlisted
Mean Mean Mean Difference in means (p- Difference in means (p- Mean Mean Difference in means (p-
(sd) (sd) (sd) value) Mean (sd) Mean (sd) value) (sd) (sd) value)
ETA;; 0.0651 0.0598 0.0680 -0.0082*** 0.0546 0.0671 -0.0125%** 0.0624 0.0687 -0.0063***
(0.0235) (0.0161) (0.0263) (p<0.0001) (0.0152) (0.0243) (p<0.0001) (0.0167) (0.0261) (0.0021)
Tierl;, 0.1068 0.0991 0.1110 -0.0119*** 0.0885 0.1106 -0.0220*** 0.1063 0.1119 -0.0056
(0.0394) (0.0246) (0.0451) (p<0.0001) (0.0205) (0.0413) (p<0.0001) (0.0251)  (0.0453)  (0.4340)
CUSTF;, 0.8222 0.8054 0.8316 -0.0262*** 0.7949 0.8275 -0.0326*** 0.8095 0.8336 -0.0241***
(0.1231)  (0.0999) (0.1335) (p<0.0001) (0.0942) (0.1274) (p<0.0001) (0.1039) (0.1339) (0.0003)
SIGN;; 0.0039 0.0036 0.0041 -0.0004 0.0033 0.0040 -0.0008** 0.0039 0.0041 -0.0002
(0.0041) (0.0025) (0.0048) (0.1957) (0.0022) (0.0044) (0.0402) (0.0029) (0.0048) (0.7988)
CE_meta;, - - - - - 0.7792 - 0.7831 0.7779 0.0052*
- - - - - (0.0568) - (0.0566) (0.0568)  (0.0665)
Observatio
ns 928 332 596 - 151 777 195 582

LLPLOAN;,= Loan loss provisions/ Average total loans, NPLLOAN;;=Non performing loans/ Average total loans, CFEER;,= commission and fee income/ Average total asset,
SIZE;;= LnTA, i.e., the logarithm of total assets, LOANT A;,= Gross Loans/Total assets, EBTPTA;,= Earnings before tax and provisions/average total asset, ETA;; = Equity /
Total assets, Tierl;, = Tier 1 capital/ risk adjusted weighted assets, CUST F;;= customer deposits to total funding, SIG N;;= (one year ahead EBTPTA- current year EBTPTA)/
[0.5%( current year’s total asset +next year’s total asset)], CE_meta;,= cost efficiencies estimated from metafrontier in chapter 4
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Table 5.3. Descriptive Statistics- Crisis vs Non-crisis period

All Banks Regional Banks
Non- Crisis vs . Non- Non- Crisis vs . Non-
Crisis crisis crisis Crisis crisis crisis
Mean Mean Difference in Mean Mean Difference in
(sd) (sd) means (p-value)  (sd) (sd) means (p-value)
LLPLOAN; 0.0077 0.0093 -0.0016*** 0.0081 0.0097 -0.0016***
(0.0055) (0.0067) (p<0.0001) (0.0058) (0.0070) (0.0008)
NPLLOAN;; 0.0157 0.0218 -0.0061*** 0.0164 0.0218 -0.0054***
(0.0269) (0.0267)  (p<0.0001) (0.0291) (0.0247) (p<0.0001)
CFEER;;  0.0017 0.0019 -0.0002 0.0014 0.0015 -0.0001
(0.0014) (0.0019) (0.4475) (0.0010) (0.0014) (0.2688)
SIZE;; 11.3413 11.5243 -0.1829** 10.766 10.9324  -0.1665**
(1.6811) (1.8512) (0.0264) (1.0132) (1.2925) (0.0101)
LOANTA;; 05107 0.4852 0.0254*** 0.5074 0.4788 0.0286***
(0.0933) (0.1124) (0.0003) (0.0994) (0.1180) (0.0004)
EBTPTA;; 0.0193 0.0188 0.0005 0.0198 0.0190 0.0008
(0.0062) (0.0057) (0.9677) (0.0065) (0.0059) (0.4437)
ETA; 0.0670 0.0639 0.0032 0.0696 0.0656 0.0040**
(0.0251) (0.0224) (0.1927) (0.0261) (0.0229) (0.0473)
Tierl; 0.1131 0.1025 0.0106*** 0.1183 0.1053 0.0129***
(0.0421) (0.0370) (0.0003) (0.0437) (0.0388) (p<0.0001)
CUSTFy; 0.8564 0.8008 0.0557*** 0.8654 0.8037 0.0618***
(0.1113) (0.1254) (p<0.0001) (0.1137) (0.1298) (p<0.0001)
SIGN;; 0.0039 0.0039 0.0000 0.0041 0.0040 0.0001*
(0.0041) (0.0041) (0.1337) (0.0043) (0.0045) (0.0776)
CE_meta;; - - - 0.7868 0.7744 0.0124**
- - - (0.0495) (0.0605) (0.0101)
Observati
ons 358 570 300 477

LLPLOAN;;= Loan loss provisions/ Average total loans, NPLLOAN;;=Non performing loans/ Average
total loans, CFEER;;= commission and fee income/ Average total asset, SIZE;;= LnTA, i.e., the
logarithm of total assets, LOANT A;,= Gross Loans/Total assets, EBTPT A;.= Earnings before tax and
provisions/average total asset, ETA;; = Equity / Total assets, Tier1;. = Tier 1 capital/ risk adjusted
weighted assets, CUSTF;,= customer deposits to total funding, SIGN;,= (one year ahead EBTPTA-
current year EBTPTA)/ [0.5%( current year’s total asset +next year’s total asset)], CE_meta;= cost

efficiencies estimated from metafrontier in chapter 4

Page 212 of 265



Table 5.4. Correlation Coefficient

LLPLOAN;,  GRPGR;, GDPGR;; NPLLOAN;, CFEER; SIZE;, LOANTA;;  EBTPTA; ETA; Tierl; CUSTF;, SIGN;,
Panel A: All Banks

LLPLOAN;, 1

GRPGRy; 0.026 1

GDPGR; 0.063 0.707*** 1

NPLLOAN;; | 0.262*** 0.169*** 0.308*** 1

CFEERIt -0.140*** -0.425*** -0.316*** -0.206*** 1

SIZE;; -0.238*** -0.347*** -0.179*** -0.087** 0.671*** 1

LOANTA;; 0.097** 0.064 0.320*** 0.126*** -0.131*** -0.166*** 1

EBTPTA;; 0.243*** -0.098** -0.090** -0.096** 0.037 -0.194*** 0.341*** 1

ETA;; -0.036 -0.207*** -0.289*** -0.203*** 0.016 -0.207*** 0.086** 0.312*** 1

Tierl;; -0.104*** -0.087** -0.224*** -0.240*** -0.042 -0.208*** -0.144*** 0.107*** 0.840*** 1

CUSTF;; 0.126*** 0.177*** 0.273*** 0.189*** -0.244*** -0.155*** 0.495*** 0.358*** 0.007 -0.101** 1

SIGN;; -0.111*** 0.267*** 0.264*** -0.038 -0.143*** -0.196*** 0.024 -0.218*** -0.047 -0.046 0.031 1
Panel B: Listed Banks

LLPLOAN;, 1

GRPGR,; -0.040 1

GDPGR; 0.034 0.693*** 1

NPLLOAN;; | 0.386*** 0.301*** 0.501*** 1

CFEER;; -0.040 -0.579*** -0.372*** -0.230*** 1

SIZE;; -0.122* -0.482*** -0.128** -0.029 0.742%** 1

LOANTA;; 0.008 0.045 0.320*** 0.201*** -0.057 0.079 1

EBTPTA;; 0.206*** -0.156** -0.277*** -0.175*** 0.316*** -0.026 0.079 1

ETA;; -0.089 -0.106* -0.297*** -0.279*** 0.138** -0.149** -0.183*** 0.492*** 1

Tierl;; -0.105 0.048 -0.196*** -0.263*** -0.010 -0.247*** -0.379*** 0.408*** 0.866*** 1

CUSTF;; 0.038 0.270%** 0.364*** 0.339*** -0.180*** -0.076 0.526*** 0.187*** 0.062 0.049 1

SIGN;; -0.187*** 0.206*** 0.234*** -0.041 -0.136** -0.193*** -0.042 -0.358*** -0.100 -0.085 -0.054 1

Page 213 of 265



Table 5.4. Correlation Coefficient - Continued

LLPLOAN;; GRPGR;; GDPGR;, NPLLOAN; CFEER;  SIZE;, LOANTA; EBTPTA; ETAy Tierly CUSTF,; SIGN;, CE_metay
Panel C: Regional Banks

LLPLOAN;, 1

GRPGR, 0.001 1

GDPGR; 0.086* 0.691*** 1

NPLLOAN;;  0.260***  0.139***  (0.301*** 1

CFEER;; -0.100**  -0.325***  -0.371***  -0.253*** 1

SIZE;; -0.218***  -0.262*** -0.329*** -0.100** 0.373*** 1

LOANTA;; 0.138*** 0.081* 0.339*** 0.137***  -0.285%**  -0.435*** 1

EBTPTA;; 0.236*** -0.095** -0.047 -0.095** 0.001 -0.260***  0.394*** 1

ETA; -0.055 -0.252***  -0.282***  -0.217*** 0.075* -0.168***  (0.135*** 0.272*** 1

Tierl; -0.144***  -0.137*** -0.221***  -0.266*** 0.060 -0.106** -0.104** 0.050 0.826*** 1

CUSTF;; 0.142*** 0.165***  (.283*** 0.171*** -0.348***  -0.241***  (.512*** 0.382*** -0.021 -0.142%** 1

SIGNy; -0.117***  0.264***  (0.281*** -0.040 -0.130***  -0.195*** 0.028 -0.225%** -0.067 -0.069 0.024 1

CE_meta;; -0.348***  -0.301*** -0.343***  -0.324***  (0.233***  (0.240*** -0.009 0.058 0.293***  0.253***  -0.296***  -0.054 1

LLPLOAN,;= Loan loss provisions/ Average total loans, GRPGR,, = Gross Regional Product growth rate, GDPGR, = Gross domestic product growth rate, NPLLOAN;,=Non performing loans/ Average total loans, CFEER;,=
commission and fee income/ Average total asset, SIZE;,;= LnTA, i.e., the logarithm of total assets, LOANTA,,= Gross Loans/Total assets, EBTPT A;,= Earnings before tax and provisions/average total asset, ETA;, = Equity / Total
assets, Tierl; = Tier 1 capital/ risk adjusted weighted assets, CUSTF;,= customer deposits to total funding, SIGN;,= (one year ahead EBTPTA- current year EBTPTA)/ [0.5%( current year’s total asset +next year’s total asset)],
CE_meta;,= cost efficiencies estimated from metafrontier in chapter 4
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5.4.3 A test of the Loan loss provisioning hypotheses

Tables 5.6 and 5.7 present the tests of six hypotheses on behaviour of LLPs using
a system GMM dynamic panel data model, with Table 5.5 presenting the result
on a sample of all banks and Table 5.6 reporting the results of the regression
results on only regional banks. Columns (1) to (4) correspond to model 1a, 1b,
1c and 1d, with different measures for capital and alternation between gross
domestic product and gross regional product. Column (5) offers interaction
between crisis and EBTPTA;;, column (6) offers the interaction between Listed
and EBTPT A;;. column (7) includes three-way interaction between listed, crisis
and EBTPTA,,.

A system GMM model is used to estimate the baseline specification. It is
designed to mainly address the below econometric issues: (i) to control for the
unobservable bank effect; (ii) dynamic nature of LLPs; and (iii) potential
endogeneity of the explanatory variables. As our model contains lagged
dependent variable, using a static model such as OLS would cause an upward
bias in the coefficient of the lagged dependent variables as the latter is positively
correlated with the residuals, and using the within estimator (fixed effects) would
cause a negative bias (Nickel bias) in the coefficient of the lagged dependent
variable (Baum, 2006).

The generalized method of moments (GMM) estimator is used for the parameters
of this model, which was originally developed by Arellano and Bond (1991).
This estimator is designed for datasets with many panels (N) and few periods
(T). The data after cleaning contains 136 banks with 11 years, which fit the
small T large N data structure. As mentioned before, the reason for using the
Arellano-Bond technique is that linear dynamic panel data models, which
include endogenous variables (such as lagged dependent variables), contain
unobserved panel level effects. The unobserved panel-level effects are

correlated with the endogenous variables, making standard estimators
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inconsistent (Baum, 2006). The Arellano-Bond dynamic GMM estimator
requires that there be no autocorrelation in the idiosyncratic errors. The GMM
model's consistency also depends on the validity of instruments (Fonseca and
Gonzélez, 2008).

(1) The Sargan test of over-identifying restrictions will be used to test
the validity of instruments as a whole. The rejection of the Sargan
test means that the model is satisfactorily identified and the
instruments are valid overall. That is, there is no correlation

between instruments and the error term.

(i) The Arellano-Bond test for second-order autocorrelation in first
differences will be used. The null hypothesis for second-order
autocorrelation should always be rejected. The first-order
autocorrelation test in the differentiated residuals does not need to
be rejected because this autocorrelation is due to the first
differences in the model(Mileva, 2007). In this study, I will use the
xtabond2 command in STATA written by (Roodman, 2006) to
implement the Arellano-Bond estimator as it is the latest version

and is more advanced than xtabond.

The lagged dependent variable is treated as a pre-determined variable, meaning
that it is independent of current disturbances but influenced by past disturbances;
therefore, it is not strictly exogenous. GDPGR is treated as strictly exogenous,
independent of the error term. Because it is a macroeconomic variable, thus it
is unlikely that LLPs would explain the growth rate of the gross regional product.
We treat the rest of the explanatory variables as potentially endogenous since
they all have the potential to be determined within the system and reverse
causality with the dependent variable. The SGMM model automatically creates
the instrumental variables as SGMM uses one equation in levels (using lagged
difference as 1Vs) and one in first differences (using lagged levels as 1Vs).

Therefore, before we go into the result analysis, we will first validate that our
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results do not come from models that are misspecified. In table 5.5, AR (1) is the
first-order autocorrelation, and AR (2) is the second-order serial correlation. As
mentioned above, autocorrelation indicates that lags of the dependent variable
are endogenous and thus are bad instruments. Therefore, we should not accept
second-order autocorrelation. However, first-order correlations are expected in
differences. Table 5.5 indicates that AR(2) are all insignificant for all seven
models, indicating that there is no second-order serial correlation. In terms of the
Hansen J-Statistic, all of the p values are between 0.25 to 0.7, and therefore we
do not reject the joint null hypothesis that the instruments are valid. Therefore,
we can say that the instruments used in our SGMM model are valid instruments.

Table 5.5 presents the SGMM estimation results for all banks. Firstly,
column (2) shows statistically significant and negative coefficients for
GDPGR;;. This indicates that there is some limited evidence that when GDP
increases, banks provision less, following the economic cycle. This indicates
that banks in China could be procyclical in terms of provisioning practice. This
is consistent with the finding that provisioning in China is strongly associated
with non-performing loans, seen as the strongly significant coefficient for NPLs.
We do not find any evidence of capital management. This may be because
Chinese banks are generally well-capitalised, therefore reducing the need to use
LLPs to meet regulatory capital adequacy requirements. We find consistent
evidence for income-smoothing across all samples and all models during the
study period in terms of earnings management. The interaction term
EBTPTA;; * crisis is significant and positive across all samples, indicating that
banks engage in even more income-smoothing during the crisis period, in line
with the findings by Curcio et al. (2017) for EU banks and El Sood (2012). They
believe that this is because banks managers tend to shift risk and signal financial
resilience to various stakeholders during a crisis by reducing earnings volatility.
The customer deposit variable is significant and negative across all models,
indicating a possible association between retail deposits and earnings quality

proposed by Jin et al. (2018), which will be examined in detail in section 5.4.6.
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The lagged dependent variable is also significant and positive across all samples
and all models, indicating that banks adjust provisions gradually over time to
match the change in the loan portfolio, in line with findings by Bouvatier and
Lepetit (2008) and Soedarmono et al. (2012).

Table 5.5. Determinants of Loan Loss Provisions-All Banks

1 & ©)] O (®) (6) O
LLPLOAN;, 0.207" 0.207"" 0.229"" 0.227" 0.244™" 0.244™" 0.250""
(0.060) (0.057) (0.058) (0.058) (0.060) (0.063) (0.061)
GDPGR, -0.022 -0.031" -0.006 -0.015 -0.017 -0.021
(0.018) (0.019) (0.019) (0.019) (0.018) (0.020)
NPLLOAN;, 0.184™" 0.209"" 0.180"" 0.198"" 0.200"" 0.201™" 0.204"
(0.047) (0.047) (0.049) (0.052) (0.049) (0.049) (0.049)
CFEER;; 0.270 0.422 0.366 0.208 0.222 0.260 0.283
(0.395) (0.375) (0.428) (0.409) (0.486) (0.445) (0.451)
SIZE;, 0.001 -0.000 0.000 0.001" 0.001 0.001 0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
LOANTA,;; 0.005 0.000 0.002 0.008 0.005 0.006 0.004
(0.010) (0.008) (0.010) (0.009) (0.009) (0.007) (0.008)
EBTPTA;; 0.560"" 0.444™" 0.583"" 0.632"" 0.481"" 0.420™ 0.418™"
(0.128) (0.115) (0.135) (0.133) (0.153) (0.168) (0.155)
ETA; 0.010 0.007 0.026 0.015 0.021 0.019
(0.033) (0.035) (0.028) (0.032) (0.031) (0.030)
CUSTF;; -0.016™" -0.012™ -0.016™ -0.021™ -0.020™" -0.021™" -0.021*
(0.006) (0.006) (0.006) (0.006) (0.006) (0.005) (0.006)
Tierl;, -0.002
(0.017)
GRPGRy, -0.005
(0.014)
crisis 0.001™ -0.004" -0.005" -0.005™
(0.001) (0.002) (0.003) (0.003)
Listed -0.006 -0.004 -0.002 -0.000
(0.004) (0.004) (0.004) (0.004)
EBTPTA;; 0.283" 0.313" 0.324™
* CTISIS
(0.126) (0.136) (0.135)
EBTPTA;, -0.045 -0.083
* listed
(0.181) (0.169)
EBTPTA;, -0.005
* listed
* CTISiS
(0.052)
Constant -0.001 0.007 -0.001 -0.012 -0.003 0.000 0.004
(0.011) (0.010) (0.012) (0.012) (0.013) (0.013) (0.014)
No. of 745 652 745 745 745 745 745
Observations
F-statistics 151.89*** 99.83*** 147.14%** 139.55*** 141.01%** 147.67*** 163.39***
AR(1) -3.59*** -3.46%** -3.66*** -3.53*** -3.46%** -3.51%** -3.50%**
AR(2) 0.33(0.741) 0.53(0.593) 0.39 (0.695) 0.53(0.593) 0.59(0.553) 0.62(0.535) 0.64(0.525)
Hansen J-Stat 90.61(0.403) 89.61(0.432) 89.98(0.421) 106.23(0.368) 107.73(0.489) 96.41(0.555) 98.81(0.402)
No. 98 98 98 114 121 113 111
Instruments
No.Banks 123 117 123 123 123 123 123

Standard errors in parentheses, “ p < 0.10, ™ p <0.05, ™" p < 0.01, LLPLOAN;,= Loan loss provisions/ Average total loans, GRPGR,,; =
Gross Regional Product growth rate, GDPGR, = Gross domestic product growth rate, NPLLOAN;,=Non performing loans/ Average total
loans, CFEER;,= commission and fee income/ Average total asset, SIZE;,;= LnTA, i.e., the logarithm of total assets, LOANTA;,= Gross
Loans/Total assets, EBTPTA;,= Earnings before tax and provisions/average total asset, ETA;, = Equity / Total assets, Tier1; = Tierl
capital/ risk adjusted weighted assets, CUSTF;,= customer deposits to total funding, SIGN;,= (one year ahead EBTPTA- current year
EBTPTA)/ [0.5*( current year’s total asset +next year’s total asset)], CE_meta;,= cost efficiencies estimated from metafrontier in chapter
4, x = Interaction term, listed = takes value of 1 for listed banks and value of 0 for non-listed banks, Crisis = value is 1 for period 2007
to 2009 and O otherwise.
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Similar to the estimation results for the all-bank sample in table 5.5, in table 5.6,
we find some limited evidence of procyclicality in column (3) and strong
evidence for earnings management. We can see that most models in table 5.6
show a significant and negative coefficient for CE_meta,;, indicating that more
cost-efficient banks tend to have a lower level of credit risk within their loan
portfolio, supporting Berger and Deyoung (1997)’s ‘bad management’
hypothesis.
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Table 5.6. Determinants of Loan Loss Provisions- Regional Banks Panel A

(1) (2) (3) 4
LLPLOAN;, LLPLOAN;, LLPLOAN,, LLPLOAN;,
LLPLOAN;;_4 0.191™" 0.199™ 0.208™" 0.209™"
(0.061) (0.064) (0.065) (0.057)
GDPGR; -0.019 -0.025 -0.041"
(0.024) (0.029) (0.021)
NPLLOAN;; 0.185™" 0.168™" 0.186™" 0.166™"
(0.059) (0.053) (0.047) (0.053)
CFEER;; 0.672 0.576 0.719" 0.586
(0.451) (0.484) (0.373) (0.409)
SIZE;; 0.001 0.001" 0.001 0.001
(0.001) (0.001) (0.001) (0.001)
LOANTA;; 0.009 0.011 0.009 0.006
(0.012) (0.017) (0.009) (0.012)
EBTPTA;; 0.593™" 0.575™" 0.448™ 0.581™"
(0.133) (0.159) (0.122) (0.152)
ETA;; 0.033 0.032 0.034
(0.035) (0.032) (0.039)
CUSTF;; -0.011" -0.016" -0.012™ -0.014"
(0.006) (0.008) (0.005) (0.008)
CE_meta;; -0.027 -0.030™ -0.017
(0.022) (0.014) (0.018)
Tierl;; 0.007
(0.022)
GRPGRy, -0.007
(0.017)
Constant -0.017 0.006 0.013 -0.001
(0.012) (0.023) (0.014) (0.023)
No. of Observations 611 611 530 611
F-statistics 131.52*** 182.21*** 122.52%** 149.56%**
AR(1) -3.45%** -3.29*** -3.36%** -3.51%**
AR(2) 0.19(0.853) 0.19(0.847) 0.48(0.631) 0.25(0.801)
Hansen J-Stat 77.47(0.590) 87.16(0.535) 80.72(0.488) 83.60(0.400)
No.of Instruments 91 100 92 92
No.of Banks 108 108 102 108

Standard errors in parentheses, “ p < 0.10, ™ p < 0.05, ™ p < 0.01, LLPLOAN;;_,= lagged LLPLOAN (loan
loss provisions/ Total loans in the previous year), GRPGRy,. = Gross Regional Product growth rate,
GDPGR, = Gross domestic product growth rate, NPLLOAN;;=Non performing loans/ Average total loans,
CFEER;;= commission and fee income/ Average total asset, SIZE;;= LnTA, i.e., the logarithm of total
assets, LOANT A;.= Gross Loans/Total assets, EBTPT A;;= Earnings before tax and provisions/average total
asset, ETA;; = Equity / Total assets, Tierl;, = Tier 1 capital/ risk adjusted weighted assets, CUSTF;;=
customer deposits to total funding, SIGN;;= (one year ahead EBTPTA- current year EBTPTA)/ [0.5%(

current year’s total asset +next year’s total asset)], CE_meta; = cost efficiencies estimated from
metafrontier in chapter 4

Table 5.6 (Panel B) introduces interaction terms into the model. Variables such
as LLPLOAN;_, and NPLLOAN; are showing consistent signs and
significance. CUSTF;; is also found to be consistently significant and negative,
indicating that funding stability impacts loan risk. That is, the more stable the
finding is, the less likely bank will provision to cover future expected losses.
Again, we find strong evidence of earnings management and listed banks tend
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to engage more aggressively to smooth income than non-listed banks, in line
with Anandarajan et al. (2007).
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Table 5.6. Determinants of Loan Loss Provisions- Regional Banks Panel B

(1) (2) (3) 4
LLPLOAN;, LLPLOAN;, LLPLOAN;, LLPLOAN;,
LLPLOAN;;_4 0.245™" 0.239™" 0.265™ 0.263™"
(0.063) (0.065) (0.058) (0.063)
GRPGRy, -0.006 -0.004 -0.012 -0.007
(0.017) (0.018) (0.013) (0.019)
NPLLOAN;; 0.171™" 0.174™ 0.156™" 0.163™"
(0.056) (0.056) (0.046) (0.055)
CFEER;; 0.614" 0.629 0.585 0.531
(0.352) (0.402) (0.428) (0.378)
SIZE;; 0.002™ 0.002™ 0.002" 0.002"™
(0.001) (0.001) (0.001) (0.001)
LOANTA;; 0.011 0.012 0.011 0.011
(0.011) (0.010) (0.009) (0.010)
EBTPTA;; 0.597™" 0.483™" 0.436™" 0.412™
(0.134) (0.139) (0.141) (0.142)
ETA;; 0.040 0.041 0.034 0.040
(0.034) (0.033) (0.033) (0.035)
CUSTF;; -0.021™" -0.022™" -0.022™" -0.023™"
(0.007) (0.007) (0.006) (0.008)
crisis 0.002™" -0.001 -0.001 -0.001
(0.001) (0.002) (0.002) (0.003)
Listed -0.001 -0.001 -0.009" -0.010™
(0.005) (0.005) (0.005) (0.004)
CE_meta;; -0.042™" -0.037™ -0.040™" -0.042™
(0.020) (0.018) (0.015) (0.017)
EBTPTA; * Crisis 0.142 0.117 0.135
(0.114) (0.107) (0.116)
EBTPTA,; * Listed 0.425" 0.451™
(0.228) (0.207)
EBTPTA;; * Listed 0.019
* Crisis
(0.073)
Constant 0.012 0.009 0.020 0.019
(0.020) (0.020) (0.017) (0.020)
No. of Observations 611 611 611 611
F-statistics 153.03*** 117.96*** 143.55*** 121.28***
AR(1) -3.37*** -3.41%** -3.63*** -3.57*%**
AR(2) 0.47(0.635) 0.55(0.583) 0.64(0.522) 0.60(0.546)
Hansen J-Stat 85.52(0.433) 88.91(0.513) 76.34(0.712) 85.50(0.585)
No.of Instruments 97 104 99 105
No.of Banks 108 108 108 108

Standard errors in parentheses. * p < 0.10,** p < 0.05,**+x p < 0.01.LLPLOAN;;_, = lagged
LLPLOAN (loan loss provisions/ Total loans in the previous year), GRPGR,,, = Gross Regional Product
growth rate, NPLLOAN;;=Non performing loans/ Average total loans, CFEER;,= commission and fee
income/ Average total asset, SIZE;; = LnTA, i.e., the logarithm of total assets, LOANTA;; = Gross
Loans/Total assets, EBTPTA;;= Earnings before tax and provisions/average total asset, ETA;; = Equity /
Total assets, CUSTF;;= customer deposits to total funding, CE_meta;,= cost efficiencies estimated from
metafrontier in chapter 4, x = Interaction term, listed = takes value of 1 for listed banks and value of 0 for
non-listed banks, Crisis = value is 1 for period 2007 to 2009 and 0 otherwise.
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5.4.4 Test on Signalling theory

Table 5.7 presents the results of the test of signalling theory, following Bouvatier
and Lepetit (2008) and Soedarmono et al. (2012). We use
SIGN;; , which is the average of current and future earnings, as our proxy for
signalling of future earnings and find that the variable is only significant for the
regression using the all banks sample, while insignificant when including only
the regional sample (Table 5.7, Columns 2 and 3). This shows that for the
Chinese commercial banking sector as a whole, banks provision less when there
is a higher level of future earnings and provision more when there is a lower
level of future earnings. This indicates that LLPs in China mainly indicate ‘bad
news’, that is, risks in the loan portfolio and future expenses, rather than ‘good

news’ as a sign of financial resilience.
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Table 5.7. Test on signalling

All banks (1) Regional (2) Regional (3)
LLPLOAN;, LLPLOAN;, LLPLOAN;,
LLPLOAN;;_4 0.110™ 0.109" 0.117™
(0.053) (0.057) (0.058)
GDPGR; 0.003 -0.001 -0.014
(0.016) (0.025) (0.027)
NPLLOAN;; 0.177™" 0.165™ 0.143™"
(0.046) (0.063) (0.050)
CFEER;; 0.210 0.406 0.441
(0.558) (0.758) (0.514)
SIZE;; -0.000 -0.001 -0.001
(0.001) (0.001) (0.001)
LOANTA;; 0.003 0.005 0.009
(0.009) (0.011) (0.015)
EBTPTA;; 0.184 0.269 0.307"
(0.182) (0.218) (0.174)
ETA;; 0.060" 0.045 0.044
(0.034) (0.038) (0.045)
CUSTF;; -0.020™" -0.015™ -0.024™"
(0.006) (0.007) (0.007)
crisis -0.005™ -0.005 -0.002
(0.002) (0.003) (0.003)
Listed 0.005 0.002 0.003
(0.006) (0.004) (0.006)
EBTPTA;; * Crisis 0.329™" 0.269" 0.178
(0.120) (0.149) (0.132)
EBTPTA;; * Listed -0.219 -0.165 -0.161
(0.228) (0.218) (0.258)
EBTPTA;; * Listed * Crisis -0.055 -0.025 -0.024
(0.059) (0.070) (0.071)
CE_meta;; -0.029
(0.020)
SIGN;; -0.365" -0.106 -0.095
(0.211) (0.195) (0.177)
Constant 0.017 0.016 0.043™
(0.014) (0.019) (0.020)
No. of Observations 671 500 500
F-statistics 78.94*** 59.67*** 103.86***
AR(1) -2.50** -3.09*** -2.87***
AR(2) 0.50(0.617) 0.74(0.457) 0.78(0.438)
Hansen J-Stat 80.71(0.251) 81.09(0.630) 73.73(0.585)
No.of Instruments 89 102 94
No.of Banks 131 106 106

Standard errors in parentheses. * p < 0.10,** p < 0.05,*** p < 0.01, LLPLOAN;;_,; = lagged
LLPLOAN (loan loss provisions/ Total loans in the previous year), GDPGR, = Gross domestic product
growth rate, NPLLOAN;:=Non performing loans/ Average total loans, CFEER;;= commission and fee
income/ Average total asset, SIZE;; = LnTA, i.e., the logarithm of total assets, LOANTA;; = Gross
Loans/Total assets, EBTPTA;,= Earnings before tax and provisions/average total asset, ETA;; = Equity /
Total assets, CUSTF;;= customer deposits to total funding, SIG N;.= (one year ahead EBTPTA- current year
EBTPTA)/ [0.5*( current year’s total asset +next year’s total asset)], CE_meta;, = cost efficiencies estimated
from metafrontier in chapter 4, * = Interaction term, listed = takes value of 1 for listed banks and value of 0
for non-listed banks, Crisis = value is 1 for period 2007 to 2009 and 0 otherwise.
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5.4.5 Estimation of Discretionary LLPs

Table 5.8 presents the coefficients of the equations that estimate discretionary
components of LLPs using equations (5.4) and (5.5) in panel A and panel B,
respectively. Recall, the residuals from these equations are the discretionary
component of LLPs. We first obtain the residuals DLLP1;; and DLLP2;; from
estimating the two alternative models proposed by Beatty and Liao (2014). The
discretional component is derived from modelling LLPs as a function of a set of
variables that are considered to be non-discretionary. The equations for
obtaining discretionary LLPs are model 4 and model 5 in section 5.3.3. Then
we take the absolute values of them, and we call them ABDLLP1;, and
ABDLLP?2;, .

These are the discretionary LLPs that we will be using for the alternative test of
signalling in section 5.4.5. These discretionary LLPs will also be used to test the
impact of retail deposits on earnings quality in section 5.4.6. Again,
discretionary LLPs are estimated using both an all-bank sample and a regional

bank sample.
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Table 5.8. Estimation of discretionary Loan loss provisions (DLLP)

Panel A
All Banks Regional Banks
LLP; LLP;,
ANPL; 44 0.008 0.005
(0.026) (0.030)
ANPL;; 0.057™ 0.057"
(0.027) (0.031)
ANPL;;_4 0.027 0.025
(0.020) (0.022)
ANPL;;_, 0.000 -0.001
(0.011) (0.013)
SIZE;_4 -0.001™ -0.001™
(0.000) (0.000)
ALoan;; -0.008 -0.007
(0.007) (0.008)
GDPGR; 0.013 0.029
(0.050) (0.066)
UNR;; -1.130 -1.339
(0.689) (0.868)
Constant 0.066™ 0.077™
(0.027) (0.034)
N 364.000 276.000
F 6.019 3.811
r2 0.194 0.170
Panel B
All Banks Regional Banks
LLP;, LLP,
LLA;_4 -0.029 -0.027
(0.043) (0.052)
NPLLOAN;;_, 0.052"" 0.069™"
(0.014) (0.017)
CO;; 0.510™" 0.000™"
(0.040) (0.000)
ALOANTA;; 0.021™ 0.029™
(0.005) (0.007)
LOANTA,;, -0.004 -0.001
(0.003) (0.004)
Constant 0.008™" 0.008™"
(0.002) (0.002)
N 523.000 401.000
F 24.661 8.520
r2 0.422 0.249

Standard errors in parentheses* p < 0.10, ** p < 0.05, *** p < 0.01. ANPL;yq ANPL;, ANPL;,_1, ANPL;,_, = Change in
nonperforming loans / gross loans in the beginning of the year (for one year ahead, current year, lagged, and lagged two years,
respectively), SIZE;,_,= lagged LnTA, i.e., the logarithm of total assets, ALoan;, = (Gross loans for current year — gross loans
for previous year) / Total Assets in the previous year, GDPGR, = Gross domestic product growth rate, UNR;, = Unemployment
rate, LLA;, = Loan Loss Allowance / gross loans in the beginning of the year, NPLLOAN;,_,= lagged Non performing loans/
Average total loans, CO;, = Net Charge Offs / gross loans in the beginning of the year, LOANTA,;,= Gross Loans/Total assets,
ALOANTA;= Current LOANTA — lagged LOANTA
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5.4.6 Alternative tests on signalling theory

We follow Ahmed et al. (1999) and Anandarajan et al. (2007) to test signalling
using two alternative models using Model 6 (equation (5.6)) and Model 7a and
7b ((5.7a, b)). Results from Model 6 are presented in column (1) and column (2),
and results from Model 7a and 7b are presented in column (3) and column (4).
In terms of columns (1) and (2), we can see that our key variable AEBTPTA;; is
negative and significant for both the model with and without listed dummy. This

is also true for both all bank sample and regional bank sample.

Then we use Model 7a and 7b (equation (5.7a, b)) by regressing one year ahead
change of earnings before tax and provision on the current year’s EBTPTA. We
can see from table 5.9 that our core variables ABDLLP1E and ABDLLPZ2E,
calculated as Discretionary LLP scaled by the beginning of year equity, are
significant and negative, indicating that the higher the current year discretional
LLPs, the lower the one year head earning. This result is consistent with the
finding in section 5.4.3 that discretional LLPs for Chinese commercial banks
mainly signal an expense rather than an indication of positive future cash flows.
This result is consistent with the result from Anandarajan et al. (2007)’s results
on Australian banks. Thus, we can conclude that the traditional good-news

signalling hypothesis is not supported in the Chinese banking system.
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Panel A All Banks

Table 5.9. Alternative test on Signalling

) @ ) (4)
LLPLOAN,, LLPLOAN;, AEBTPE; ., AEBTPE;; .,
GDPGR, 0.040™" 0.040""
(0.013) (0.013)
Tierl; -0.015™ -0.013"
(0.006) (0.006)
EBTPTA;; 0.153™ 0.171™
(0.044) (0.045)
Listed -0.002™"
(0.001)
AEBTPTA;; -0.184™ -0.169™
(0.060) (0.061)
AEBTPE;, -0.256™" 0.004"
(0.048) (0.002)
ABDLLP1E;, -3186.540"
(1818.841)
ABDLLP2E;, -1790.541
(2042.889)
Constant 0.004™ 0.003 -0.012" -0.015"
(0.002) (0.002) (0.007) (0.008)
N 550 550 275 328
F 12.941 12.801 15.288 2191
r2 0.106 0.086 0.101 0.013
Panel B- Regional Banks
() 2 [©) 4)
LLPLOAN;, LLPLOAN;, AEBTPE; ., AEBTPE; .,
GDPGR, 0.040"" 0.040™"
(0.011) (0.011)
Tierl;, -0.013™ -0.008
(0.006) (0.006)
EBTPTA;; 0.198"" 0.226™"
(0.040) (0.041)
Listed -0.002""
(0.000)
AEBTPTA;; -0.264™" -0.242"
(0.055) (0.056)
AEBTPE;, -0.244™ 0.003"
(0.041) (0.002)
ABDLLP1E;; -3766.748™
(1646.790)
ABDLLP2E;, -909.270
(1901.258)
Constant 0.003" 0.001 -0.011" -0.017™"
(0.002) (0.002) (0.006) (0.006)
N 687.000 687.000 363.000 432.000
F 24.964 23.803 19.399 1.944
r2 0.155 0.123 0.097 0.009

Standard errors in parentheses " p < 0.10, ™ p < 0.05, ™" p < 0.01, GDPGR, = Gross domestic product growth rate, Tier1,, =
Tier 1 capital/ risk adjusted weighted assets, EBTPT A;,= Earnings before tax and provisions/average total asset, listed = takes value
of 1 for listed banks and value of O for non-listed banks, A EBTPTA;,= one year ahead EBTPTA- current year EBTPTA, A
EBTPTE;,= one year ahead EBTPTE- current year EBTPTE, EBTPTE;,= Earnings before tax and provisions/average total equity,
ABDLLP1,;, is the absolute value of discretionay LLPs estimated as the residual of equation (5.4), ABDLLP2,, is the absolute value
of discretionay LLPs estimated as the residual of equation (5.5), ABDLLP1E;, = ABDLLP1E / average total equity, ABDLLP2E;, =
ABDLLP2E / average total equity
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5.4.7 Test of Impact of Retail Deposits on Earnings Quality

Table 5.10 presents the descriptive statistics for variables used in equation (5.8,
a-d). Table 5.11 presents results of Model 8(a-d) using fixed effects within
estimators to examine the impact of customer deposit on discretionary loan loss
provisions for both regional bank and all-bank samples. Our core variable CDL
and CUSTF are significant and negative, indicating that a higher reliance on
retail deposit for funding decrease banks’ incentive to increase discretionary use
of LLPs and thus increase the quality of banks’ reported earnings. That is, the
earnings quality represented by a lower level of loan loss provisions improves
when there is a higher percentage of retail deposit as a source for bank funding.
Our result is consistent for both samples across all four model specification
variations, in line with lin et al. (2018) that retail deposit is a stable source of
funding for banks, and banks have fewer incentives to manipulate accounting

information in order to attract and obtain customer deposits.

Consistent with Jin et al. (2018), we also find that lagged loan loss provisions
have a positive impact on discretionary LLPs, and bank size has a negative
impact on LLP manipulations. This indicates that a higher level of LLPs in the
previous period may prompt bank managers to manipulate LLPs more in order
to reduce the earnings volatility. SIZE;; is found to be significant and negative
using an all-bank sample, indicating that bigger banks have less discretional
LLPs, which may be due to closer monitoring by regulatory authorities and more
market  disciplining.  Again, in terms of signalling variable
AEBTPT A;;, we find a consistent negative relationship with discretionary LLPs.
This indicates bank managers manipulate less for LLPs when future earnings are

expected to increase.
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Table 5.10. Descriptive Statistics for Test of Impact of Retail Deposit on
Earnings Quality

All Banks

Variable Obs Mean Std. Dev. Min Max
Panel A

ABDLLP1;, 312 0.0033 0.0030 0.0000 0.0204
ABDLLP2;, 432 0.0034 0.0033 0.0000 0.0227
CDL;;_4 432 0.8115 0.1036 0.4270 0.9822
CUSTF;_4 432 0.8308 0.1064 0.4313 0.9999
SIZE;; 432 12.0905 1.7469 8.9163 16.4543
LOANDEP;, 432 0.6607 0.0977 0.3181 1.0798
VOLROA;; 432 0.0042 0.0007 0.0035 0.0053
CAPR;; 432 15.5026 5.5609 5.8356 78.1553
LIQUID;, 432 0.2249 0.0924 0.0453 0.6117
EBTPTA;; 432 0.0194 0.0053 0.0071 0.0412
LLPLOAN;;_, 432 0.0068 0.0048 -0.0065 0.0246
AEBTPTA;; 432 0.0001 0.0039 -0.0274 0.0182
Panel B

ABDLLP1;, 227 0.0038 0.0032 0.0000 0.0205
ABDLLP2;, 328 0.0041 0.0042 0.0000 0.0470
CDL;_, 328 0.8199 0.1083 0.4270 0.9822
CUSTF;;_4 328 0.8396 0.1112 0.4313 0.9999
SIZE;; 328 11.3096 1.0263 8.9163 14.2108
LOANDEP;; 328 0.6431 0.1004 0.3181 1.0798
VOLROA;; 328 0.0044 0.0008 0.0036 0.0057
CAPR;; 328 14.8706 5.2390 5.8356 78.1553
LIQUID;, 328 0.2323 0.0961 0.0453 0.6117
EBTPTA;; 328 0.0198 0.0057 0.0073 0.0412
LLPLOAN;;_, 328 0.0071 0.0052 -0.0065 0.0246
AEBTPT A;; 328 0.0000 0.0042 -0.0274 0.0182

ABDLLP1;, is the absolute value of discretionay LLPs estimated as the residual of equation (5.4),
ABDLLP2;, is the absolute value of discretionay LLPs estimated as the residual of equation (5.5),
CDL;;_, = (Core deposits)/(total liabilities) in year t-1, CUSTF;;_,= lagged customer deposits to total
funding, SIZE;;= LnTA, i.e., the logarithm of total assets, LOANDE P;; = Loan devided by customer
deposits, VOLROA,;; = (standard deviation of net income)/(total asset ) in year t, CAPR;; =Total
liability/(total equity) in year t, LIQUID;; =(liquid assets)/(total assets) in year t, EBTPTA;;=
Earnings before tax and provisions/average total asset, LLPLOAN;;_,= lagged LLPLOAN (loan loss
provisions/ Total loans in the previous year), A EBTPTA;;= one year ahead EBTPTA- current year
EBTPTA
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Table 5.11. Test of Impact of Retail Deposit on Earnings Quality

Regional Banks

) (2) 3 (4)
ABDLLP1;,  ABDLLP1;,  ABDLLP2;,  ABDLLP2;
CDL;_, -0.009™ -0.007"
(0.004) (0.004)
CUSTF;_4 -0.008™ -0.007"
(0.004) (0.004)
SIZE;; -0.007 -0.007 -0.003 -0.003
(0.007) (0.007) (0.007) (0.007)
SIZEZ 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000)
LOANDEP;, -0.004 -0.004 -0.002 -0.002
(0.006) (0.006) (0.005) (0.005)
CAPR;, -0.000 -0.000 -0.000 -0.000
(0.000) (0.000) (0.000) (0.000)
VOLROA;, 0.108 0.097 -0.497 -0.494
(0.366) (0.366) (0.400) (0.399)
LIQUID;, 0.003 0.003 -0.004 -0.004
(0.004) (0.004) (0.004) (0.004)
EBTPTA;, -0.121 -0.115 0.323™ 0.319™
(0.115) (0.115) (0.093) (0.092)
LLPLOAN;_,  0.110™ 0.114™ 0.098" 0.100"
(0.053) (0.053) (0.052) (0.052)
AEBTPTA;, -0.198™ -0.192™ 0.021 0.019
(0.084) (0.084) (0.075) (0.075)
Constant 0.060 0.061 0.039 0.040
(0.043) (0.043) (0.040) (0.040)
N 275.000 275.000 328.000 328.000
F 2.119 2.080 4.594 4.679
r2_w 0.099 0.098 0.165 0.167
r2_b 0.117 0.132 0.023 0.023
r2 o 0.116 0.120 0.058 0.059

Standard errors in parentheses
“p<0.10, " p<0.05 " p<0.01
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All Banks

1) (2) 3) 4
ABDLLP1;,, = ABDLLP1,  ABDLLP2;,  ABDLLP2;
CDL;_4 -0.007" -0.004"
(0.003) (0.003)
CUSTF;_4 -0.007™ -0.005"
(0.003) (0.003)
SIZE;; -0.008" -0.008" -0.003 -0.003
(0.004) (0.004) (0.003) (0.003)
SIZEiZt 0.000" 0.000" 0.000 0.000
(0.000) (0.000) (0.000) (0.000)
LOANDEP;; -0.003 -0.003 0.000 0.000
(0.004) (0.004) (0.003) (0.003)
CAPR;; -0.000 -0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000)
VOLROA;, 0.096 0.087 -0.274 -0.273
(0.297) (0.297) (0.270) (0.269)
LIQUID;; 0.002 0.002 -0.000 -0.000
(0.003) (0.003) (0.002) (0.002)
EBTPTA;; -0.137 -0.134 0.080 0.078
(0.095) (0.095) (0.064) (0.064)
LLPLOAN;;_, 0.102™ 0.105™ 0.057 0.058
(0.045) (0.045) (0.036) (0.036)
AEBTPTA;; -0.209™ -0.205™" -0.135™" -0.136™"
(0.070) (0.070) (0.051) (0.051)
Constant 0.062™ 0.062™ 0.031 0.032
(0.029) (0.029) (0.022) (0.022)
N 363.000 363.000 432.000 432.000
F 2.759 2.745 4,317 4377
r2_w 0.094 0.094 0.119 0.120
r2_b 0.074 0.087 0.179 0.173
r2 o 0.073 0.080 0.126 0.124

Standard errors in parentheses “ p < 0.10, ™ p < 0.05, ™ p < 0.01, CDL;,_; = (Core deposit)/
(total liabilities ) in year t-1, CUSTF;,_,= lagged customer deposits to total funding, SIZE;;= LnTA,
i.e., the logarithm of total assets, SIZEZ= SIZE squared, LOANDEP;, = Loan devided by customer
deposits, VOLROA,; = (standard deviation of net income)/(total asset ) in year t, CAPR;, =Total
liability/(total equity) in year t, LIQUID,; =(liquid assets)/(total assets) in year t, EBTPTA;=
Earnings before tax and provisions/average total asset, LLPLOAN;,_,= lagged LLPLOAN (loan loss
provisions/ Total loans in the previous year), A EBTPT A;;= one year ahead EBTPTA- current year
EBTPTA

Page 232 of 265



5.5 Robustness Check

In order to ensure the robustness of our results, we re-estimate models 1-3 and
re-test our main hypotheses using the fixed effects within estimator instead of
SGMM. Tables 5.12 and 5.13 present the results using fixed effects instead of

GMM as the estimation technique to re-test our hypotheses 1-4 and 6.

We use an alternative measurement for signalling, that is, one year-ahead change
in earnings before provisions and tax, to test the signalling hypothesis rather than
SIGN. It can be denoted as AEBTPTA, calculated as next year’s EBTPTA ratio
minus the current year’s EBTPTA ratio, following Anandarajan et al. (2007) and
Leventis et al. (2012). In our previous estimations, the results have consistently
pointed out to reject the ‘good new’ signalling hypothesis. Therefore, we also
expect a negative relationship between AEBTPTA and LLPs in the robustness

check.

We can see from tables 5.12 and 5.13 that the fixed effects model also gives
strong evidence of ‘expense’ or ‘cost’ signalling. It indicates that the choice of
measure for signalling does not have an impact on the conclusion. That is, for
both SIGN;, and AEBTPTA, the coefficients are negative, showing that LLPs
in Chinese commercial banks signal an expense rather good news in terms of

future earnings.

We continue to find strong evidence for income-smoothing for the all-bank
sample and national-bank and regional-bank sub-samples. although the
coefficients for the interaction between EBTPT A;; and crisis are not significant.
Please note that here we exclude lagged dependent variables, as lagged
dependent variables would not be suited to be included in a static model due to
the potential problems of endogeneity and reverse causation. Therefore, because
we exclude a relevant variable here, the results from fixed effects within
estimator modelling could potentially have some form of model

misspecification.
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Table 5.12. Robustness check- all banks

(1) 2 3
LLPLOAN;: LLPLOAN;; LLPLOAN;;
GDPGR; -0.035™ -0.027" -0.028"
(0.014) (0.015) (0.016)
NPLLOAN;, 0.069™" 0.057™ 0.059™"
(0.008) (0.009) (0.009)
CFEER;; 0.498™ 0.276 0.241
(0.211) (0.249) (0.250)
SIZE;; -0.003™" -0.004™" -0.004™
(0.001) (0.001) (0.001)
LOANTA;; -0.008™" -0.012™" -0.012™
(0.004) (0.004) (0.004)
EBTPTA;; 0.474™" 0.514™ 0.552™"
(0.063) (0.083) (0.088)
ETA; -0.007 -0.004 -0.005
(0.011) (0.011) (0.011)
CUSTF;; -0.011™ -0.009™" -0.009™
(0.003) (0.003) (0.003)
crisis -0.002" -0.002 -0.002
(0.001) (0.001) (0.001)
EBTPTA;; * crisis 0.066 0.063 0.061
(0.065) (0.068) (0.069)
EBTPTA;; * listed -0.026 -0.126 -0.148
(0.123) (0.133) (0.133)
EBTPTA;; * listed 0.026 0.026 0.029
* CTiSIS
(0.041) (0.043) (0.043)
SIGN;; -0.112"
(0.060)
AEBTPTA;; -0.049
(0.061)
Constant 0.046™" 0.059™" 0.058™"
(0.011) (0.012) (0.012)
N 957.000 809.000 809.000
F 18.274 15.154 14.874
r2_w 0.214 0.230 0.227
r2_b 0.152 0.172 0.170
r2 o 0.142 0.125 0.122

Standard errors in parentheses,” p < 0.10, ™ p < 0.05, ™ p < 0.01,GDPGR, = Gross domestic
product growth rate, NPLLOAN;, =Nonperforming loans/ Average total loans, CFEER;; =
commission and fee income/ Average total asset, SIZE;;= LnTA, i.e., the logarithm of total
assets, LOANTA;; = Gross Loans/Total assets, EBTPTA;, = Earnings before tax and
provisions/average total asset, ETA;, = Equity / Total assets, CUSTF;,= customer deposits to
total funding, * = Interaction term, listed = takes value of 1 for listed banks and value of 0 for
non-listed banks, Crisis = value is 1 for period 2007 to 2009 and 0 otherwise, A EBTPT A;;= one
year ahead EBTPTA- current year EBTPTA, SIGN;,= (one year ahead EBTPTA- current year
EBTPTA)/ [0.5%( current year’s total asset +next year’s total asset)]
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Table 5.13. Robustness check- National vs Regional Banks

) @ ® ) @ ® @
National National National Regional Regional Regional Regional
Banks Banks Banks Banks Banks Banks Banks

LLPLOAN LLPLOAN LLPLOAN LLPLOAN LLPLOAN LLPLOAN LLPLOAN

GDPGR, -0.030 -0.027 -0.003 -0.041™ -0.031™ -0.034" -0.037™
(0.022) (0.021) (0.023) (0.016) (0.013) (0.018) (0.019)
NPLLOAN;; 0.014 0.006 -0.002 0.079™ 0.070™ 0.065™" 0.067"
(0.015) (0.015) (0.015) (0.009) (0.009) (0.010) (0.010)
CFEER;; 0.505 0.062 0.168 0.655™ 0.397" 0.468 0.444
(0.333) (0.334) (0.323) (0.273) (0.224) (0.324) (0.325)
SIZE;; -0.005™" -0.005™" -0.003" -0.002"" -0.000 -0.004™" -0.004™"
(0.002) (0.002) (0.002) (0.001) (0.000) (0.001) (0.001)
LOANTA;; -0.021™ -0.024™ -0.022" -0.006 0.001 -0.010™ -0.010™
(0.008) (0.007) (0.007) (0.004) (0.003) (0.005) (0.005)
EBTPTA;; 1.009™" 0.589" 0.314 0.412™ 0.410™ 0.465™" 0.506™"
(0.368) (0.352) (0.366) (0.067) (0.054) (0.088) (0.094)
ETA;; -0.090™ -0.088™" -0.084™" -0.003 0.004 -0.001 -0.001
(0.035) (0.030) (0.030) (0.011) (0.010) (0.012) (0.012)
CUSTF;; -0.022™ -0.010 -0.007 -0.009™" -0.009™" -0.007™ -0.008™
(0.009) (0.008) (0.008) (0.003) (0.002) (0.003) (0.003)
crisis 0.001 -0.001 -0.000 -0.001 0.001 -0.001 -0.001
(0.004) (0.003) (0.003) (0.001) (0.001) (0.002) (0.002)
EBTPTA;; 0.017 0.201 0.142 -0.001 -0.071 -0.004 -0.008
* CTISiS
(0.283) (0.253) (0.248) (0.072) (0.068) (0.077) (0.077)
EBTPTA;; -0.453 -0.014 0.041 -0.017 -0.056 -0.150 -0.170
* listed
(0.307) (0.290) (0.286) (0.153) (0.048) (0.169) (0.169)
EBTPTA;; -0.104 -0.183 -0.181 0.033 0.026 0.038 0.041
* listed
* CTISiS
(0.147) (0.131) (0.128) (0.051) (0.049) (0.054) (0.054)
SIGN;; -0.039 -0.087
(0.163) (0.064)
AEBTPTA;, -0.303" -0.023
(0.162) (0.066)
CE_meta;, -0.033™
(0.005)
Constant 0.106™" 0.091™" 0.065™ 0.040™ 0.038™" 0.054™* 0.054™
(0.029) (0.027) (0.029) (0.011) (0.006) (0.012) (0.013)
N 151 136 136 777 777 655 655
F 8.980 6.037 6.493 13.647 11.064 10.899
r2_w 0.465 0.421 0.439 0.200 0.236 0.212 0.210
r2_b 0.247 0.118 0.125 0.108 0.182 0.154 0.155
2 o 0.164 0.119 0.182 0.144 0.225 0.128 0.123

Standard errors in parentheses,” p < 0.10, ™ p < 0.05, ™ p < 0.01, GDPGR, = Gross domestic
product growth rate, NPLLOAN;.=Non performing loans/ Average total loans, CFEER;; =
commission and fee income/ Average total asset, SIZE;;= LnTA, i.e., the logarithm of total
assets, LOANTA;; = Gross Loans/Total assets, EBTPTA;, = Earnings before tax and
provisions/average total assets, ETA;; = Equity / Total assets, CUSTF;,= customer deposits to
total funding, * = Interaction term, listed = takes value of 1 for listed banks and value of 0 for
non-listed banks, Crisis = value is 1 for period 2007 to 2009 and 0 otherwise, SIG N;.= (one year
ahead EBTPTA- current year EBTPTA)/ [0.5%( current year’s total asset +next year’s total
asset)], A EBTPTA;;= one year ahead EBTPTA- current year EBTPTA, CE_meta;;= cost
efficiencies estimated from metafrontier in chapter 4.
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5.6 Conclusion and Policy Implications

From our test of the six hypotheses of the behaviour of loan loss provisions, we
find strong evidence of income smoothing behaviour among Chinese banks.
Moreover, Chinese banks engaged more in income smoothing practices during
the global financial crisis period, in line with Curcio et al. (2017). We do not
find sufficient evidence to support the traditional signalling theory that LLPs
signal good news of higher future earnings and financial strength. Instead, we
find LLPs signal more of an expense rather than good news to the investors. We

also find limited evidence of the potential procyclicality of LLPs in China.

Moreover, we find that reliance on retail deposits has a strong impact on banks’
engagement in earnings management, reducing the incentive for banks to use
discretionary LLPs to manipulate accruals. Thus, banks with higher levels of
retail deposits seem to report higher-quality earnings figures in their financial

statements.

These hypotheses are tested over different model specifications and different
estimation techniques, i.e., SGMM and fixed effected within estimators. We also

tested these hypotheses over different samples. The results remain consistent.

In terms of policy implications, firstly, to resolve the procyclicality of LLPs, a
separate regulation on Loan loss reserves that allows it to fluctuate over a period
of time above a minimum requirement, rather than meeting capital requirements
at all points in time, may be beneficial. Secondly, regulators should pay more
attention to monitor the accounting information of banks that rely more on
wholesale funding rather than retail deposits in China as part of market

disciplinary measures.
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Chapter 6. Conclusion
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6.1 Thesis Summary

This thesis investigates performance and risk in the Chinese regional banking
sector. We first provided the background for our research in Chapter 2: the
evolution of the Chinese banking system and why city and rural commercial
banks are the best candidates to fit our research purpose to investigate regional

disparities.

Then we provided a justification for using cost efficiency as the performance
measure for Chinese Banks in Chapter 3. This is not only due to the problems of
non-proportionality and inter-temporal instability of accounting-based ratios but
also because it can better reflect the cost-minimizing behaviour of Chinese
banks. Then we reviewed the literature on bank efficiency and bank theories and
chose the Battese and Coelli (1995) model to be the foundation that we build
upon due to its favourable properties, such as its ability to incorporate
environmental variables to affect the in-efficiency term directly. We also follow
the intermediation theory and regard Chinese banks as intermediaries to use
deposits and other inputs to produce loans and other earning assets, which forms

the basis for selecting inputs and outputs for frontier models in chapter 4.

In chapter 4, we first gave our rationale regarding why regional disparities is an
under-investigated issue in the Chinese banking sector, building upon Sun et al.
(2013). We offered a new way of classifying Chinese provinces into regions
using a hybrid hierarchical k-means clustering method based on macroeconomic
characteristics. The results of cluster analysis gave us three new regions, which
we define as: The Inland Region (1), The Eastern Municipalities (2) and the
North-eastern and Coastal Region (3). We then adopted a stochastic meta-
frontier (SMF) method so that we do not assume banks in different regions of
China operate under the same technology. The likelihood ratio test confirmed
this hypothesis. We find that for banks in each region to move towards the meta-
frontier, which presents a simulated best practice bank in the country, changes
in the economic and market conditions need to be made as well as improvements
to managerial practice.

We finally linked the two aspects of the thesis: performance and risk, and
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connected chapter 4 and chapter 5 by incorporating cost efficiency scores
derived from the meta-frontier into the modelling of loan loss provisions. We
find the more efficient banks indeed incur less credit risk, which may result from

more effective monitoring and management.

6.2 Answers to the research questions

In this section, we provide answers to each of the research questions listed in the
introduction in chapter 1:

(1) Regional commercial banks in China indeed operate under different
technological frontiers due to large disparities in regional economic

environments.

(2) Cost inefficiency for Chinese commercial banks primarily comes from
the technological gaps between the region’s best practice and the
country’s best practice, with a relatively smaller proportion coming from

inefficient management.

(3) The deviation between each bank and its regional frontier is mainly
affected by capital levels and NPLs, although this is only found for the
Inland Region (1). The technological gap is mainly influenced by
macroeconomic conditions and the banking market competitive
environment, the urbanisation rate, market concentration, and foreign

bank presence in each region.

(4) Regarding regional differences in cost efficiency, the North-eastern and
Coastal Region (3) is the most cost-efficient, and The Inland Region (1)
is the least cost-efficient. The inefficiencies for all three regions are
primarily driven by the deviation of the region’s best practice from the
country’s best practice. However, relatively speaking, managerial

inefficiency seems to be a relatively bigger issue in the North-eastern and
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Coastal Region (3) than in other regions. This can be mainly because the
North-eastern and Coastal Region (3) is already more advanced at

adopting a better technology than the other two regions.

(5) Under current technology, banks in the Inland Region (cluster 1) and the
North-eastern and Coastal Region (cluster 3) exhibit diseconomies of
scale while banks in the Eastern Municipalities (cluster 2) enjoy
economies of scale. If they moved towards the meta-frontier by adopting
a better technology, Inland Region (cluster 1) and the North-eastern and
Coastal Region (cluster 3) would start to enjoy economies of scale, and
Eastern Municipalities (cluster 2) would continue to enjoy an even

greater degree of economies of scale.

(6) In terms of determinants of economies of scale for Chinese regional
banks, we find that investment banking activities, higher liquidity ratio,
and lower credit risk would contribute to economies of scale, while
banks’ profitability from traditional lending activities does not have any
impact on scale economies. We also find that higher levels of capital

would have a positive impact on economies of scale.

(7) Regarding loan loss provisions in China, we find strong evidence of
income-smoothing, with some weak evidence of procyclicality. We do
not find evidence of using LLPs as a mechanism for capital management.
We also find a strong negative relationship between customer deposits
and LLPs. This finding is in line with Curcio et al. (2017). In terms of
the relationship between meta-frontier cost efficiency and bank risk, we
find that banks that are more cost-efficient provision less for LLPs.

(8) Contrary to the traditional beliefs, LLPs in China do not signal good news

of financial resilience. Instead, they are merely a signal of expenses. This
is also found by Anandarajan et al. (2007) for Australian banks.
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(9) Retail deposit is found to have a positive impact on earnings quality. That
IS, banks with a higher level of retail deposits report earnings in their

financial statement with fewer manipulations.

6.3 Policy and Practical Implications

The main policy implications that can be derived from this Thesis are as below:

6.3.1 Chinese Regional Division

This Thesis offers a new way of regional division based on macroeconomic
conditions, including GDP growth rate, GDP per capita, urbanisation, inflation
rate and Herfindahl index, which are found to influence bank performance in
the literature (Kasman and Yildirim, 2006, Shen et al., 2009, Bos and Schmiedel,
2007).

The results from our hybrid hierarchical k-means clustering method suggest that
mainland Chinese provinces can be divided into the Eastern Municipalities
(Beijing, Shanghai and Tianjin), the Northeastern and Coastal Region (Fujian,
Guangdong, Heilongjiang, Inner Mongolia, Jiangsu, Jilin, Liaoning, Shandong,
Zhejiang) and the Inland region (the rest of the provinces in mainland China),
based on macroeconomic conditions and financial market development from
2005 to 2015. This statistical division offers a more dynamic way to define
regions compared to the traditional eastern-central-western division, which is
geography and policy-driven. This new classification method offers
policymakers a more updated view of Chinese regional banking markets based

on China’s recent economic development.

6.3.2 Bank Efficiency Policies

The meta-frontier estimation method allows for a region-tailored policy for
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improving bank performance in the Chinese regional banking sector, with
regional disparities in economic conditions, financial development, and banking

market conditions.

Firstly, our results suggest that estimating a country-frontier by pooling all banks
in China, assuming that they operate under the same technology, is
inappropriate. Instead, they are more appropriately modelled by assuming banks
in each region operate under a different available technology, deviating from a
simulated country’s best available technology. This results from disparities in
regional economic and financial market development. The SMF method gives a
more accurate insight into the performance of the regional banking market and
allows us to compare bank efficiency across regions without assuming a
common frontier. By incorporating microeconomic and macroeconomic
variables into the technological gap model, our results also inform the
determinants of the deviation from country best practice, thus offering region-

specific strategies to improve bank efficiency.

For all regional banks in China, their inefficiency mainly comes from the
inaccessibility of country technology due to regional constraints, i.e., the
technological gap. However, managerial inefficiency, which is the distance
between individual banks and regional frontiers, still exist. Moreover, the extent
to which a bank’s inefficiency comes from the technological gap or managerial
inefficiency differs across regions. These findings indicate that policy
implications may differ across regions, despite an overarching result of a

significant technological gap for all regions.

Among all three regions, the Inland Region has a slightly wider technological
gap compared to the other two regions. In contrast, the North-eastern and Coastal
Region has the smallest technological gap from the country meta-frontier. In
terms of managerial inefficiency, banks in the North-eastern and Coastal Region
deviate the furthest from their own cluster-specific frontier, indicating a
relatively lower level of managerial efficiency compared to other regions.

Meanwhile, the Eastern Municipalities have relatively the highest level of
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managerial efficiency among all clusters. This indicates that banks in the North-
eastern and Coastal Region may benefit from adopting a better managerial
practice to catch up with the other two regions. Our findings suggest that better
managerial efficiency can be achieved by improving bank profitability and
reducing the level of riskiness in their loan portfolios, such as better pricing and

loan monitoring.

Our findings suggest that banks in all three regions would benefit significantly
from better technology. This can be firstly achieved through the acceleration of
urbanisation. Since the Inland region still consists of a relatively large proportion
of rural areas, progressing on urbanisation and developing local infrastructure
can help banks improve their ability to transform inputs into outputs more
efficiently. Secondly, our model indicates that the regional Chinese banking
sector is highly concentrated. Thus its efficiency can be improved through a
higher level of competition. Policymakers should welcome new entrants and
challengers into the local banking market. In the meantime, policymakers may
encourage increased foreign banks presence as there may exit a spillover effect
from foreign assets, bringing managerial know-how and healthy competition
into the domestic market. The methods to encourage foreign bank entry may
include lowering the barrier of entry, further liberating restrictions and allowing
a broader scope of banking services to be provided by foreign banks to create

more competitive banking markets.

6.3.3 Economies of Scale Policies

Narrowing the gap between the regional and the national technological frontiers
may also increase the degree of economies of scale for banks in all three regions.
Notably, for banks in the Inland region and North-eastern and Coastal Region,
which are currently operating with diseconomies of scale, adopting a superior
technology can allow them to start enjoying economies of scale. This indicates
that if regional banks move towards the national technology meta-frontier,
mergers and acquisitions will reduce average costs. Banks in Eastern

Municipalities are currently operating with economies of scale. Our findings
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indicate that by adopting a better technology, banks can enjoy an even greater

degree of economies of scale.

Regarding determinants of economies of scale, it is beneficial for Chinese
regional commercial banks to continue complying with Basel 11l or even more
stringent capital and liquidity regulations, as a higher level of capital and
liquidity ratio is likely to increase economies of scale for Chinese regional banks.
In order to achieve a higher degree of economies of scale, banks are also
encouraged to diversify their business model and engage in more non-traditional
bank activities such as investment banking businesses. It is also found that
lowering the credit risk in their loan portfolio would help banks achieve a higher

level of economies of scale.

6.3.4 Loan Loss Provisioning Behaviour

In terms of loan loss provisioning, regulators should be aware of banks’ earnings
management practice, which is prevalent across all regions and bank types. That
is, it is practised by state-owned banks, joint-stock banks as well as regional city
and rural commercial banks. Chinese banks exercise income smoothing more
aggressively during economically distressing periods, and listed banks engage
more in income smoothing than non-listed banks. Furthermore, a bank’s funding
structure, i.e., whether it relies more on retail deposits or wholesale funding,
affects income manipulations and earnings quality. Policymakers should pay
closer attention to banks that rely more on wholesale funding, as earnings figures
for these banks are found to have a higher degree of discretionary component.
Therefore, regulating and monitoring earnings should be more stringent for
banks with listed status, relying more on wholesale funding and during economic
downturns. This finding should prompt regulators to favour policies that can
enhance the market discipline of the Chinese commercial banking sector and
support a sounder financial system. In terms of practical implications, investors
should pursue other supplementary information when making investment
decisions on Chinese banks, particularly for banks with listed status and higher

reliance on wholesale funding.
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In terms of banks’ loan loss provisioning behaviours, Chinese banks are largely
procyclical to economic conditions. This behaviour can amplify the economic
cycle, making credit shortages more severe during an economic downturn. To
avoid such problems, regulators should encourage a more forward-looking
dynamic provisioning method rather than the current backwards-looking

practice.

Furthermore, loan loss provisions in Chinese banks also do not signal good news.
Instead, it is a signal of extra expense. Therefore, investors should be warned
that a higher provisioning level is not a sign of financial resilience against future
losses. Instead, it is an expense that reflects a higher level of credit risk in the
bank loan portfolio. Hence, the loan loss provisioning behaviour should be
continuously monitored to reflect any change in its behaviour in real-time in
order to provide an up-to-date picture of the current provisioning practice. This
may also help enhance market transparency and disclosure of accounting

information, helping investors make better-informed decisions.
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Appendix 1

Table A.1. Bank Performance Studies using Profitability Ratios

Authors Country Purpose Sample Methodolog | Variables Reasons for choosing | Results
y studied dependent
variable
Kosmidou | Greece Examine the | Unbalanced pooled | fixed effects | Dependent variable: ROAA | ROAA indicates the | ROAA was found to be associated
(2008) Sgﬁgpr:]r;rg: g:: time series regression Independent Variables: COST, | returns generated from the | with well-capitalized
Greek banks | dataset of 23 banks EQAS,LODEP,LORES, SIZE | assets financed by the | banks and lower cost to income
Sg:;(’)‘g e, | during 1090-2002 (bank-specific) bank ratios. GDP has a significantly
financial GDPGR,INF,MSG, MACPASS, positive effect while inflation has a
integration ASSGDP, COC(macroeconomic significantly negative effect on
factors) ROAA
Liu  and | Japan Profitability of | Accounts data for | dynamic Dependent  variables: ROA, Commonly Well-capitalized, efficient banks,
Wilson Japanese banks | all banks operating | specification | ROE, NIM used with lower credit risks tend
(2010) following the in Japan over model by | Independent Variables: DIV, LA, | profitability measures to outperform less capitalized, less
major financial | the period 2000 to | including a | KA,CI,IMP,MS(bank-specific) efficient counterparts with higher
crisis that | 2007 credit
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affected the lagged HH, GDPG, MC (They also find | risks; industry
country’s dependent (macroeconomic factors) interest income | concentration, Gross Domestic
economy in the variable is less volatile Product (GDP) growth and the
mid-1990s. (System than noninterest income) | extent of
GMM) stock market development play an
important role in determining the
profitability of Japanese banks.
Anbar and | Turkey Examine bank- | 10 commercial | bank- Dependent variables: ROA ROA is a general measure | Asset size and non-interest income
Alper specific and | banks observed | specific and | ROE, Independent Variables: | for bank profitability that | have a positive and significant effect
(2011) macroeconomic | over macroecono | logA, CA, LA, LQD, DP, NIM, | reflects on
determinants of | the period 2002 — | mic NIl(bank-specific) GDP, INF, RI | bank’s ability to achieve | bank profitability; size of credit
the bank's | 2010 consisting of | determinants | (macroeconomic factors) returns on its sources of | portfolio and loans under follow-up
profitability 90 observations in | of the banks funds to generate profits. | have a negative
Turkey profitability ROE is defined as net | and significant impact on bank
profit divided by | profitability.only the
shareholders’ equity and | real interest rate affects the
is expressed performance of banks positively
in percent.
Tan and | China Evaluate the | 101 banks (five | two step | Dependent variables: ROA, NIM | ROA is widely used to | Positive relationship between bank
Floros determinants of | state-owned generalized Independent Variables: lagged | compare the efficiency | profitability,
(2012) bank banks, 12 joint- | methods of | dependent variables, LTA, | and operational cost efficiency, banking sector
profitability in | stock commercial | moments LLPTA, LA, TOPBT, ETA, CE, | performance of banks asit | development, stock market
China banks and 84 city NTA, LP (bank-specific) C3, | looks at the returns | development and inflation in China;
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commercial banks)
over
2003-20009.

(GMM)
estimators

C5(, BSD,
IR('macroeconomic factors)

SMD,

generated from the assets
financed by
the  bank;

convenience in

Providing

comparing our

results to other findings
reported in the literature;
NIM focuses on the profit
earned on lending,
investing and funding
activities. ROE is not
considered

due to the fact that ROA
and NIM are Dbetter
representatives of bank
profitability in

China.

low profitability is also associated
with  higher volume of non-
traditional activity and

higher taxation

Trujillo-
Ponce
(2013)

Spain

Analyses  the
factors that
determine  the
profitability of

All Spanish
commercial banks,
savings banks and
credit

cooperatives in the
Bankscope

system-
GMM

Dependent variables: ROA, ROE

Independent

Loan/TA , NPL/G , LLP/NL ,
Eq/TA , Dep/TL , DepGR, CIR,
Size , HHIRD ,(bank-specific)

Variables:

ROA- the single most
important ~ ratio  for
comparing the efficiency
and operational

performance of banks.

High bank
profitability during these years is
associated with a large percentage of

loans in
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Spanish  banks
for the period of
1999-20009.

database during the
period 1999-2009

HHIIC, GDP , Inflation , Interest
(macroeconomic factors)

This ratio considers the
returns generated

from the assets that the
bank finances; it is
primarily an indicator of
managerial

efficiency, although it
may be  misleading
because of off-balance-
sheet activities. (ROE),
which is a measure of the
return

on shareholder funds.

total assets, a high proportion of
customer deposits, good efficiency
and a low

doubtful assets ratio; higher capital
ratios increase the bank’s

return only when return on assets
(ROA) is used as the profitability

measure.
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Appendix 2

Table A.2. Summary of literature on SFA studies in Chinese Banking Sector

Authors study Methodology Inputs and Outputs Environmental Variables Findings
period
Fu and | 1985- Two stage regressions | Inputs: costs of funds, fixed assets, and | Ownership  dummy, reform | Banks are operating 40-60%
Heffernan 2002 with cost function labour dummy, purchased funds over | below the frontier. joint-stock
(2007) Outputs: Total deposits, Total loans, non- | total assets, total loans over total | banks are more x-efficient than
interest income and total investment. Input | assets; total investment over total | state-owned banks. privatisation,
prices: The cost of funds, cost of | assets non-interest income over | greater foreign bank
employees and cost of fixed assets pre-tax profits. participation, and liberalised
interest rates help with increasing
efficiency
Kumbhakar 1993- input distance function Outputs: y1 is total loans net; y2 is other | Bank characteristics and | EQ/TA ratio to be negatively
and  Wang | 2002 earning assets. environmental variables (the Z | related to inefficiency; private
(2007) BC(95) Inputs: x1 is labor; x2 is total fixed assets; | variables): z1 is ratio of ownership increases efficiency;
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x3 is total deposits plus total borrowed

funds.

equity to total assets; z2 is
ownership  dummy; z3 is
deregulation dummy; and z4

includes four dummy variables

for different bank sizes

diminishing negative marginal
effects of bank size on efficiency;
deregulation did not improve

efficiency

Berger et al. | 1994 Standard Cost and profit | Input Prices: Unit interest cost of deposits; | N.A. Big Four banks the least efficient;
(2009) 2003 efficiency ~ with  year | Unit interest cost of deposits foreign banks most efficient;
dummies Output Quantities: Total loans; Total minority ~ foreign  ownership
deposits; Liquid Assers;Other earning improves efficiency
assets
Jiang et al. | 1995- Output distance function | Model 1:2 Inputs: total interest expense | governance indicators (a set of | Increase in efficiency over the
(2009) 2005 with BC(95) and non-interest expense dummy variables such as listed, | study period;
2 outputs:net interest income foreign acquisition and going | Joint-stock ownership increases
and non-interest income; public, risk-taking characteristics | efficiency; Foreign acquisition
Model 2: interest expense and labour and | (e,g. E/Aratio, LLR/Loans) GDP | increases efficiency in the long
physical capital and three outputs, total | and time trend run while IPOs only have short-
loans total deposits and non-interest term benefit
income
(Du and | 1995- Cost function with time | Intermediation Approach: 4 outputs-short- | N.A. Joint-stock commercial banks
Girma, 2011) | 2001 trend and a share equation, | term loans, long-term loans, investments outperform state-owned
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Quarterly
data

labour is modelled as a
quasi-input,  where u
having a half-normal
distribution

and securities and other earning assets 4
inputs: short-term deposits, long-term
deposits, other borrowing and deposits and
inter-bank deposits; TC=interest expenses
and operating

costs

commercial banks in productivity

growth and cost-efficiency
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