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Abstract

This paper seeks to examine the competitive behavior of the Brazilian banking industry by conducting an analysis
at the level of individual banks to gain an understanding of how the risk-taking behaviors of banks are affected
by their degree of market power. Our results suggest that the Brazilian banking industry is characterized by
monopolistic competition. Our foremost finding is that the market power of Brazilian banks is negatively related
to their risk-taking behavior, regardless of changes in banks’ capital levels. Banks that experience a decline in
market power, while simultaneously increasing their capital levels, tend to assume higher risk levels. After the
Global Financial Crisis period, we find that Private and Foreign banks became risk averse. We also verify that
State-Owned banks engaged in riskier activities to increase their market share after the crisis. These results have
important implications for the design of appropriate financial regulations.
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1. Introduction

Competition critically affects many different industries, including the banking industry. The competitive be-
havior of banks relates directly to the financial stability and market consolidation of the banking industry, which
are complex issues. The entire development of the financial sector intrinsically depends on both the efficiency
with which banks produce financial services and the quality of the services they provide. These characteristics are
directly influenced by competition in the market; therefore, as demonstrated in both the empirical and theoretical
literature, the competitive behavior of banks affects the access that individuals and firms have to financial services.
In effect, all economic activity is affected by the banking sector.

Market competition in the banking industry is interdependent with a variety of other economic variables; there-
fore, the competitive behavior of the market can be affected by economic fluctuations. However, the relationships
among these variables are highly ambiguous; thus, current understanding of the effects of bank competition on
economic activity remains limited. In a study of the relationship between bank competition and risk-taking, Boyd
and Nicolò [11] emphasize that there is no consensus in the literature regarding interactions among these variables,
as different studies have produced conflicting results.

While some studies have found a positive relationship between bank competition and risk-taking [33], others
have found a negative relationship between these variables [11]. The idea underlying the putative positive rela-
tionship between bank competition and risk-taking is that banks can effectively collect monopoly rents and tend
to become relatively conservative as a result. However, research that has found a negative relationships between
bank competition and risk-taking typically conjecture that banks with increased market power are subject to moral
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hazard; hence, they take riskier measures, such as increasing loan rates, which can lead to an increased risk of
failure. Boyd and Nicolò [11] conclude that the evidence regarding the theoretical relationship between risk-taking
and competition of banks is best described as mixed.

Boyd et al. [12] develop an analysis of a sample of 2,300 banks in 134 non-industrialized countries for the 1993-
2004 period and a sample of 2,500 U.S. banks in 2003, finding no evidence of a trade-off between bank competition
and stability. Hakenes and Schnabel [27] amplify this result, showing that the ambiguous relationship between
bank competition and risk-taking presented by Boyd and Nicolò [11] leads to ambiguity regarding the effect of
capital requirements on financial stability. Other studies, however, verify a trade-off between bank competition and
risk-taking, corroborating the evidence of mixed findings on this subject.

Soedarmono et al. [56] find, in a study of Asian countries, a trade-off between bank competition and risk-taking
only in countries whose largest banks are relatively small. Using a general equilibrium approach, Nicolò and Luc-
chetta [41] find evidence of such a trade-off, emphasizing the influence of banks’ intermediation technology on banks
competitive behaviors. Thus, we observe that both theoretical and empirical studies continue to find ambiguity in
the interpretation of the relationship between these variables, as shown by Boyd and Nicolò [11].

It is important to note that studies usually focus on the influence of competitive conditions in banking on finan-
cial stability. For example, Tabak et al. [58] analyze the relationship between bank competition and risk-taking in
Latin American countries, applying measures of competitiveness to the banking industries observed. We therefore
propose an innovative approach to studying this gap in the banking literature. Specifically, we analyze the Brazilian
banking industry, using an approach that differs from previous studies in its technique for estimating market power
and the effects of market power on banks risk-taking behavior.

Our paper uses a measure of bank competitiveness to assess banks market power at the individual level and the
impact of market power on risk-taking. Brissimis and Delis [15] use the same methodology to assess competitiveness
at the bank level. However, they do not use this variable as an indicator of individual banks degree of market power
and thus assess the effect of market power on risk-taking. We apply this approach to determine the market power
of Brazilian banks and to study their behavior, contributing to an understanding of the relationship between bank
market power and risk-taking.

In our examination of the Brazilian banking industry, we initially estimate competitiveness in the industry by
analyzing the market power of each bank. In accordance with Brissimis and Delis [15], we apply the Panzar and
Rosse model created by Rosse and Panzar [50], Panzar and Rosse [43] to predict market power at the bank level,
using a local regression methodology [18, 19]. The methodology we use is a distinctive feature of this study, as it
allows us to examine the heterogeneity of the banks that compose the Brazilian banking industry, thereby providing
us with a better understanding of the behavioral changes of these banks.

The results that we obtain using the methodology described above provide evidence of heterogeneity of banks in
the Brazilian banking industry. Indeed, we document fluctuations in the competitive behavior of Brazilian banks, as
certain periods show increased diversity of H-statistics (used to assess individual bank market power, as described
below), indicating that the market power of individual banks is highly varied. These periods of high diversity are
interspersed among periods of less H-statistic diversity, during which banks exhibit more homogeneous behavior
and have high H-statistic values. By distinguishing banks according to their type, we find that State-Owned banks
possessed more market power than Private and Foreign banks until January 2008 and that Private and Foreign
banks have become less competitive than State-Owned banks since 2008. This change in the competitiveness can
be explained by the response of Brazilian banks to the Global Financial Crisis2.

As an analysis of the relationship between market power at the bank level and bank risk-taking behavior is
the main purpose of our paper, we apply a model of risk-taking to analyze the interaction between banks’ market
power and the risk that banks assume. In particular, we incorporate one variable that describes the H-statistic
at the bank level in the risk-taking model, based on the approach in Delis and Kouretas [25]. The relationship
between market power and risk-taking behavior at the bank level provides insight into the competitive behavior of

2We consider the Global Financial Crisis as the crisis that began with the collapse of the subprime market in the USA in December
2007.
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Brazilian banks. In particular, we find that banks with higher market power take less risk than banks with less
market power. According to Boyd and Nicolò [11], banks with monopoly rents become conservative in order to
protect their valuable charter from large losses.

Capitalization is an important variable in understanding banks’ risk-taking behavior; therefore, we also examine
the relationship between capitalization and market power and the impact of capitalization on risk-taking. The broad
conclusion is that an increase in capital does not alter the risk-taking behaviors of Brazilian banks. A bank with
increasing market power is more conservative than a bank with reduced market power. When a banks capital level
increases, the negative relationship between its risk behavior and its degree of market power tends to be unaffected.
This result is highly relevant for policy-makers, as it allows for the development of new ways to control bank risk,
a policy lever relevant to the Brazilian economy as a whole.

Combining our risk-taking results and our market power analysis regarded banks’ type, we obtain valuable
information about the Brazilian banking industry during the sampled period. Before the Global Financial Crisis,
we find that State-Owned banks had more market power than Private and Foreign banks. As our results show
that banks with higher market power take less risk, State-Owned banks reduced their risk before the crisis. Af-
ter the crisis, we verify that State-Owned banks were assuming more risk to increase their market share because
they started to possess less market power than Private and Foreign banks. Therefore, the risk behavior of Brazilian
banks that we identify in response to the crisis led to a change in the competitive conditions of the banking industry.

This paper is organized as follows. In Section 2, we present a literature review of recent contributions concerning
the relationship between market power and risk-taking. In Section 3, we describe the methodology employed to
examine market power at the bank level and the relationship between market power and risk-taking behavior; in
particular, we describe the Panzar and Rosse approach and the local regression methodology in a more detailed
manner. In Section 4, we describe the data (obtained from the Central Bank of Brazil) used in this study. In
Section 5, we discuss how our results pertain to the influence of market power on risk-taking among banks. Finally,
Section 6 concludes.

2. Literature Review

Recent studies that analyze the competitive behavior of banks have employed non-structural approaches that
have arisen within the New Empirical Industrial Organization (NEIO) framework. Initially derived from the pio-
neering contributions of Iwata [30], non-structural approaches were reinforced by Rosse and Panzar [50], Bresnahan
[13], Lau [34], Bresnahan [14], Panzar and Rosse [43], Hall [28], Roeger [49]. These authors have developed three
main models to assess competition in the banking industry by examining deviations from competitive pricing.

Some studies have sought to analyze competitive conditions in the context of particular banking industries. Some
authors, such as Yildirim and Philippatos [67], have examined the banking industries of certain Latin American
countries, while others, such as Claessens and Laeven [17], have studied the banking industries in various European
countries. Scott and Dunkelberg [51] examine the recent consolidation of the US banking industry and its effects
on small banks. They conclude that increased competition is negatively correlated with deposit concentration in
small banks and that there is a significant positive relationship between bank competition and bank output.

Molyneux et al. [39] observe that between 1986 and 1989, the banking industry in Italy operated as a monopoly,
whereas the banking industries of France, Germany, Spain and the UK were monopolistically competitive. Molyneux
et al. [40] verify that the Japanese banking industry was a monopoly during the period from 1986 to 1988. Vesala
[64] identifies a state of monopolistic competition in the Finnish banking industry in all but two years of during
period from 1985 to 1992. We present a summary of other contributions to the literature on bank competition in
Table 1.

Place Table 1 About Here.

Alternative measures of bank competition exist, in addition to the non-structural approaches discussed above.
Bolt and Humphrey [9] use the relationship between bank market power and bank efficiency to establish a distinctive
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approach to measure bank competition. There are some methods applied to examine bank efficiency in the liter-
ature, as the Data Envelopment Analysis (DEA) [45], the statistical cost accounting (SCA) [63] and the Bayesian
stochastic frontier [60]. Bolt and Humphrey [9] employ a frontier efficiency analysis to produce an indicator of bank
competition. The frontier is defined by how well banking costs explain variations in the loan-deposit rate spread
and non-interest activity revenues. The results of this frontier efficiency analysis reveal slight differences in the
degree of bank competition among various environments within the European banking industry.

We have found several studies that analyze the Brazilian banking industry. Pereira and Maia-Filho [46] analyze
Brazilian banks behavior during the Global Financial Crisis and the policies applied to mitigate risk during the
crisis. This paper examines the effects of the government control over two of the largest banks in Brazilian banking
industry during the crisis. There are other studies that discuss Brazilian banks characteristics at the firm level.
Tabak et al. [57] study the relationship between bank performance and risk in the Brazilian banking industry, while
Tecles and Tabak [61] examine bank efficiency in Brazil.

Tabak et al. [58] apply the Boone indicator developed by Boone [10] to estimate the market power of Brazilian
banks. This paper also performs a more comprehensive analysis of market power, one that aims to study the
influence of banks’ size and banks’ capitalization on the relationship between market power and risk-taking. The
findings of these studies can be jointly examined, leading to important conclusions regarding our variables of inter-
est. However, we observe that the contributions to the NEIO literature that address the Brazilian banking industry
remain scarce, making it difficult to draw conclusions about the behavior of Brazilian banks.

Some studies of banking competitiveness have sought to measure the market power of each bank. The findings
of such studies are of interest for their contributions to understand the heterogeneities of market power among
banks. Agoraki et al. [1], Delis [24], Delis and Tsionas [26] study bank competitiveness at the bank level, using the
Lerner index, a recent innovation in the bank competitiveness literature. Brissimis and Delis [15] use the Panzar
and Rosse model and the local regression methodology to examine market power at the bank level. The latter study
analyzes 20 European countries and concludes that certain nations, such as Croatia, Estonia and Slovakia, possess
monopolistic banking industries.

Despite the large number of studies of bank competition, the relationship between this variable and bank
risk-taking remains ambiguous [11]. Certain works identify a positive relationship between bank competition and
risk-taking [2, 29, 33]; others, however, find a negative relationship between these variables [4, 11]. The explanation
for the positive relationship between bank competition and risk-taking is that banks with monopoly rents become
relatively conservative in order to preserve their charter value against possible future losses [29]. By contrast, the
explanation for the negative relationship between these variables, found in some studies, is that banks with increased
market power are subject to moral hazard; as a result, they assume greater risk and are more prone to bankruptcy
[11].

The notion of a positive relationship between bank competition and risk-taking also derives from other argu-
ments. Keeley [33] finds evidence that in a competitive market, managers engage in riskier activities on behalf of
shareholders, as competition reduces banks’ returns. Allen and Gale [2] argue that the increased risk may occur
due to the increased bank exposure that is characteristic of competitive markets. An adverse shock may then
cause a bank to go bankrupt, which may lead to bankruptcy of other banks that were exposed to the first bank.
As the market presents perfect competition, no bank will be able to provide liquidity to the troubled bank due
to its size in comparison with the market as a whole. Therefore, the bank liquidity problem will spread to the market.

Boyd and Nicolò [11] examine the relationship between bank competition and risk-taking from an optimal
contracting problem perspective, concluding that bank risk-taking is negatively affected by bank competition. In
particular, they show that a reduction in competition enables banks to earn increased rents by charging higher
interest rates, thus inducing borrowers to subsidize increased risk-taking. This effect can be reinforced by moral
hazard among borrowers, increasing the probability of bank default. In this case, banks are solving an optimal
contracting problem in which they act as agents in relation to their depositors and as principals in relation to their
borrowers. According to Boyd and Nicolò [11], the literature does not view competition as the social optimum
because it excludes the bank-borrower relationship from the analysis.

In light of Boyd and Nicolò [11] contributions, Wagner [65] also analyzes bank competition and bank risk-taking.
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Through a model that competition arises from decreasing switching costs, this paper shows that competition in
loan markets increases risk-taking. This relationship is empirically examined by Berger et al. [5], they verify that
banks with higher market power have less risk exposure. Berger et al. [5] study 23 developed nations and conclude
that bank market power increases bank risk-taking. Lee and Hsieh [35] investigate the Chinese banking industry
during 1993 to 2007, their results also suggest that market power is negatively related to risk-taking behavior.

It is important to note that the literature is small and that studies have generally focused on interference of the
competitive environment in the risk-taking activities of banks. There is no consensus in the literature regarding
the relationships between these variables. We also find a gap in the literature with respect to interpretation of this
relationship at the bank level. This can be analyzed using measures of market power at the bank level [15, 24, 26]
combined with tools from the risk-taking literature.

Thus, this paper seeks to examine bank behavior at the level of individual banks. Employing the approach
of Brissimis and Delis [15] to measure market power at the bank level and the model of Delis and Kouretas [25]
to analyze risk-taking, our purpose is to identify, for the Brazilian banking industry, the impact of banks’ market
power on banks’ risk behavior and to discuss this gap in the banking literature. This analysis is innovative and
helps elucidate an ambiguous subject.

3. Methodology

3.1. Market power at the bank level

As we seek to evaluate the competitive conditions of the Brazilian banking industry at the individual bank level,
we choose to employ the Panzar and Rosse model. This model involves a non-structural measure of competition
known as the H-statistic, developed by Rosse and Panzar [50], Panzar and Rosse [43]. The H-statistic is the sum
of the input price elasticities of the reduced-form revenue equation, which reveals the competitive conditions of the
banking industry. The input price elasticities capture the relationship between revenue and input prices. Thus, we
can use these elasticities to examine how variations in input prices affect revenues, and the estimate of the sum
of these elasticities can serve as a proxy for competitive behavior within the banking market. The H-statistic is
therefore defined by the following equation:

H =

m
∑

k=1

∂R∗

i

∂wki

×
wki

R∗

i

(1)

where Ri is the revenue of bank i, wki is the input price for bank i, and ∂R∗

i and ∂wki are variations in revenue
and input prices, respectively. The variables marked with an asterisk are the equilibrium values of these variables
[43, 54, 64, 7].

Place Table 2 About Here.

The magnitude of the H-statistic provides information about the competitiveness of the market in question [43].
As described in Table 2, if H ≤ 0, then the market is a monopoly or a short-run conjectural variation oligopoly, as
an increase in input prices increases marginal costs of the bank, which leads to a reduction in equilibrium output
and total revenue [43, 64, 52]. If the H-statistic value is between zero and unity, i.e., 0 < H < 1, then the market is
monopolistically competitive. Under these circumstances, income increases less than proportionately to factor price
variations because demand is inelastic [43]. Finally, under perfect competition, the H-statistic is equal to unity, i.e.,
H = 1. In this case, a rise in input prices causes the exit of certain banks from the market; this occurs because an
increase in the average and marginal costs of banks will not change the optimal output levels of individual banks,
given that demand is perfectly elastic. The resulting reduction in the number of banks in the industry leads to an
increase in both demand and output prices; consequently, revenue and costs rise equally, and the industry remains
in a long-run equilibrium [43].
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Estimation of the H-statistic, however, requires caution. The test must be performed on observations that repre-
sent a long-run equilibrium. An equilibrium test, therefore, must be conducted to investigate the sample used. This
test can be executed by employing the predictor variables initially used to estimate the H-statistic and the response
variable of the rate of return. If H = 0, the risk-adjusted rates of return across banks will equalize, indicating that
the observations in question represent a long-run equilibrium [39, 22, 7].

The Panzar and Rosse approach is based on a reduced-form revenue equation that relates gross revenue to input
prices and to other control variables. This equation has been widely applied in the existing literature to examine
the competitive conditions of bank samples [53, 39, 22, 7, 6, 48]. Given a production function with n inputs and a
single output, we use the following reduced-form revenue equation for i banks during t periods to obtain estimates
of the market power of the banks that operate in the Brazilian banking industry:

lnTRit = α+ β lnw1,it + γ lnw2,it + δ lnw3,it + (2)

ξ lnQ/ASSETSit + η lnL/ASSETSit + εit

The following model is used to perform the equilibrium test:

lnROAit = α+ β lnw1,it + γ lnw2,it + δ lnw3,it + (3)

ξ lnQ/ASSETSit + η lnL/ASSETSit + εit

where TR is total revenue and ROA is net profit divided by equity. The three input prices are described as w1, w2

and w3, where w1 is calculated as interest expenses divided by total deposits, w2 is calculated as overhead minus
personnel expenses divided by fixed assets and w3 is calculated as personnel expenses divided by total assets. In
the expression above, w1, w2 and w3, are proxies for the deposit interest rate, the price of physical capital and
the price of labor, respectively [43, 39, 8, 15]. The variables Q/ASSETS and L/ASSETS represent bank-specific
characteristics; in particular, Q/ASSETS is equity divided by total assets, and L/ASSETS is total loans divided
by total assets.

Initially, we compute a fixed-effects panel to obtain an estimate of the H-statistic. For our reduced-form revenue
equation, the H-statistic is calculated as H = β + γ + δ. We estimate the parameters in this equation in sequence,
using a robust fixed-effects panel to verify the robustness of our sample. To perform the equilibrium test, we also
employ the same two procedures. We find that our observations represent a long-run equilibrium, as we cannot
reject the null hypotheses (H = 0) in either case.3

As a robustness test, we split our sample into two periods and apply the equilibrium test to each sample. We
use the Global Financial Crisis as a splitting point to define our two new samples, which are the pre-crisis and
post-crisis samples. In both cases, our results show that the samples represent a long-run equilibrium, as is required
to apply the Panzar and Rosse methodology.4

As our fundamental interest lies in determining the market power of each bank that operates in Brazil, we
employ a non-parametric estimation technique known as local regression [18, 19, 55, 36]. This technique is em-
ployed because estimation of the reduced-form revenue equation by conventional econometric techniques provides
information regarding the competitive behavior of the entire banking industry.

The local regression is described by yi = µ(xi)+εi, where xi are the observations of n predictor variables related
to i banks, yi is the response variable, the function µ(xi) is unknown and εi is an error term, which we assume

3We perform the equilibrium test using ROE as the dependent variable. Our results from this analysis confirm that the observations
used in this study represent a long-run equilibrium.

4We perform the equilibrium test using ROE for the pre-crisis and post-crisis samples. Our results confirm that the observations
represent a long-run equilibrium in both samples.
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to be independent and identically distributed, with a mean of 0 and a variance of σi for each cross-section [20, 55, 36].

Because µ(xi) has no strong global assumptions, we assume that the unknown function is locally well fitted.
Therefore, µ(xi) is locally approximated by a member of a simple class of parametric functions; the extant literature
typically uses the polynomial approximation for this purpose. Either a linear or a quadratic polynomial is more
frequently used to locally approximate µ(xi) because polynomials of higher degrees are harder to compute and can
cause overfitting. Therefore, for our observations, we use a linear polynomial to fit µ(xi).

We locally fit µ(xi) by defining a fitting point x, which we use to determine a neighborhood that is based on
the design of the data space and delimited by the independent variables. To compute the µ(xi) approximation, we
determine a bandwidth h(x) and a smoothing window (x−h(x), x+h(x)). We perform the approximation of µ(xi),
using only the observations within the interval determined by the bandwidth.5

With the bandwidth and the fitting method determined, we must define the weight function, which is known
as the Kernel. We use the Kernel smoother, if no parametric model can describe the function of the observations,
because the Kernel can be used to estimate the coefficients, accounting for the distances between the fitting point
and the other observations occurring in the neighborhood of that point. The most commonly recommended weight
function is a triweight function, as suggested by Simonoff [55]. Therefore, we use the following weight function:

wi =
32

5

(

1−

(

di
dq

)3
)3

(4)

where q denotes the number of points in the local neighborhoods, and d1, d2,..., dq denote the distances in increasing
order of the points closest to the fitting point. The largest weight is assigned to the smallest di; therefore, in the
local regression, wi decreases as the distance from x increases.

The weight function directly depends on the distance between the fitting point and the observations that are
within a certain smoothing window. There are various methods for calculating this distance; in this study, we
consider the distance to be the Euclidean distance, calculated using the mean of each independent variable in the
model. For each bank, we run a local regression, using a least-squares criterion [20] that accounts for the bandwidth,
the polynomial fitting, and our criterion for estimating the distances between the banks and the Kernel6. For each
bank, we obtain a regression in which we employ a fixed-effects regression. Our local regressions result in coefficients
for each regression, providing information relating to each bank.

The local regression method thus allows us to understand how the revenue of a certain bank reacts to variations
in either input prices or certain bank-specific characteristics. The H-statistic is Hi = βi+γi+δi, where the subscript
i denotes an individual bank. The Hi calculated by the local regression, therefore, represents the market power of
each individual bank, not the competitive behavior of the banking industry.

3.2. The relationship between risk-taking and market power at the bank level

As we seek to analyze the interaction between market power and risk-taking, we employ a model that describes
the variables that most strongly influence risk-taking behaviors. We draw inspiration from the model implemented
by Delis and Kouretas [25], as we examine the relationships between risk-taking, a set of bank-level control variables
and market power at the bank level. The specific model that we employ is described as follows for i banks and t
periods:

5The bandwidth that we choose to apply in the local regression is equal to 0.6 because the standard literature uses this bandwidth
value to compute local regressions.

6In an effort to identify the effects of the variables over time, we also estimate the local regression by accounting for interactions
between variables and time dummy variables.
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lnRISKi,t = α+ β1 lnQ/ASSETSi,t + β2 lnhi,t + β3 lnMSi,t (5)

+β4 lnhi,t ∗Q/ASSETSi,t + β5 lnPROFi,t + β6SIZEi,t

+β7 lnEFFi,t + ui,t

where RISKi,t is a risk variable for bank i during period t, i.e., a proxy for risk-taking. We use non-performing
loans (NPL) and the Z-score as risk variables.

Non-performing loans (NPL) are calculated as the ratio of non-performing loans to total loans. In our analysis,
we compute the NPL of each bank as the ratio of the bank’s NPL to 1 minus the bank’s NPL7. The Z-score measures
the number standard deviations of ROA that the bank’s ROA plus its leverage would have to be reduced by before
the bank becomes insolvent; thus, the Z-score is inversely proportional to a bank’s probability of default. The Z-score

can be computed as ROA+CapitalRatio

σROA
, where ROA is net profit divided by average total assets. The NPL that we

use as a dependent variable is defined as the ratio of the sum of loans, with risk levels of E, F, G and H, to total loans.

The set of bank-level control variables consists of factors that represent capitalization, profitability, size and ef-
ficiency. Off-balance-sheet items constitute another bank-level control variable that is used in the risk-taking model
applied by Delis and Kouretas [25]. However, we do not use this variable in our model because our dataset does not
readily provide us with the means to identify and remove off-balance-sheet items from the data as a whole. For this
study, the control variables are calculated as follows: capitalization is defined as the ratio of equity capital to total
assets (Q/ASSETi,t); profitability is the ratio of profits before taxes to total assets (PROFi,t); size is the natural
logarithm of real total assets (SIZEi,t); and efficiency is the ratio of total revenue to total expenses (EFFi,t).

8

Aiming to realize our primordial analysis, we incorporate into our model the independent variable hi,t, the H-
statistic at the bank level, which represents market power of individual bank i, estimated using the local regression
and the Panzar and Rosse model. The variable MSi,t is another way of including the market power variable in our
analysis. This is computed as the ratio of the bank’s total assets to total assets, which is the definition of a bank’s
market share. We also introduce an interaction between the independent variable hi,t (market power at bank level)
and the banks’ capitalization to examine risk-taking of banks in the Brazilian banking industry in a more detailed
way.

As the H-statistic at the bank level and the Z-score are measures that we estimate, our model estimations could
suffer from endogeneity problems if we undertake an OLS estimation with fixed-effects. Therefore, we perform an IV
estimation procedure to exclude possible endogeneity problems. The instruments we use to replace the endogenous
variables of each model are the lagged explanatory variables. We also perform tests to verify the necessity and
quality of our instruments and thus the capacity of our models to explain risk-taking. In Subsection 5.2, we report
the findings of these tests, namely, the Underidentification test, the weak instrument identification test, Hansen’s J
test tests and the Hausman test. For robustness purposes, we compute our models with and without time dummy
variables.

4. Data Sampling

The present study uses an unbalanced dataset of Brazilian commercial banks, individual banks and conglom-
erates that spans the period from 2001 to 2011. We perform the market power analysis using two semiannual
datasets released by the Central Bank of Brazil, namely, the TOP 50 dataset and the COSIF dataset. The TOP
50 dataset, which includes 76 commercial banks that operate in the Brazilian banking industry, contains 1,092
observations9. The COSIF dataset includes information about 139 commercial banks that operate in the Brazilian

7We add 1 to the values of NPL (dependent variables) to correct our sample for null values.
8We add 1 to each bank’s ratio of profits before tax to total assets to address negative profits in our sample; this addition is necessary

because we apply a logarithmic function to this ratio in the calculations of variables.
9The TOP 50 data are available at http://www4.bcb.gov.br/top50/port/top50.asp.
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banking industry; these banks are described in 2,230 observations10. We exclude certain banks from the empirical
analysis because the majority of the required data in these cases are missing in both datasets. Thus, we build a
sample of 76 commercial banks and 985 observations.

Banking conglomerates are more completely described in the TOP 50 dataset than they are in the COSIF
dataset. However, the TOP 50 dataset does not include all of the variables that our analysis requires; thus, we use
the COSIF dataset to complement the TOP 50 dataset, thereby obtaining all necessary information. In particular,
the NPL variable used in our risk-taking model is not incorporated into the TOP 50 dataset; therefore, values for
this variable are obtained from the COSIF dataset. For the other employed variables, we preferentially use bank-
and conglomerate-level data from the TOP 50 dataset, if possible. To generate the conglomerate observations that
we extract from the COSIF dataset, we merge the data from all of the banks that are controlled by the same
institution11. The TOP 50 dataset already contains conglomerate-level information; thus, we are not required to
merge values for this dataset.

The sample that we obtained from the COSIF dataset includes commercial banks that operate in the Brazilian
financial system, as these banks are required to publish information that is of interest to the Central Bank of Brazil.
The Central Bank sends a spreadsheet of information requests to each registered commercial bank that operates in
Brazil. The commercial banks are obligated to provide all of the information requested by the Central Bank and
are subject to sanctions if they do not comply. The integrity of these communications between the Central Bank
and Brazilian commercial banks is a critical aspect of building a solid and stable financial environment. The TOP
50 dataset is derived from the COSIF dataset; thus, the methodology underlying the TOP50 dataset is the same
as that used to construct the COSIF dataset.

5. Empirical Results

5.1. Market power at the bank level

The results generated by the local regression method for Eq. (2) are illustrated in Table 3. As our analysis
generates a separate coefficient for each bank, we choose to present only the average coefficients of each variable
that we predict. In Table 4, we provide, for each time period of our sample, the mean H-statistic, its standard devi-
ation, and its minimum and maximum values. Figure 1 indicates the time variation of both the average H-statistic
obtained through local regressions and the H-statistic predicted by the fixed-effects panel regression. We use this
result to justify the application of local regression as a technique for examining competitive behavior both at the
bank level and at the level of the Brazilian banking industry as a whole. Figure 2 presents the variation of the
average H-statistic over time, differentiated for three types of banks, namely, State-Owned banks, Private banks
and Foreign banks.12

Place Tables 3 and 4 About Here.

Place Figures 1 and 2 About Here.

One important observation from our empirical analysis is that the average H-statistic is positive over the 2001-
2011 time period, as is the average H-statistic that we obtain for each individual period that we examine. The
consistency of the local regression is determined by estimating the H-statistic using a fixed-effects panel regression.
In our case, we verify that the result from the fixed-effects panel regression is both highly significant and remarkably
similar to the result obtained using local regression [15]. We correlate the H-statistics obtained using these two
methods to assess the similarity between these two predictions. However, the fixed-effects panel regression method
does not produce H-statistics that can be specifically related to each bank and period; instead, this method only

10The COSIF data are available at http://www4.bcb.gov.br/fis/cosif/balancetes.asp.
11This information is available at http://www4.bcb.gov.br/fis/cosif/principal.asp.
12We also analyze the kurtosis, the skewness and the standard deviation of the average H-statistic. These results provide evidence

that our H-statistic results are not adversely affected by outliers and misspecifications.

9



produces an H-statistic that is generally descriptive of the economy as a whole.

Therefore, to compare the H-statistic obtained through these two methodologies, we initially compute the H-
statistic using a panel regression and then multiply the prices at a particular time by the temporal dummy variables
to estimate the H-statistic value for a given period. We subsequently perform the same procedure using local regres-
sion and assess the variations of the calculated H-statistics over time. Because the local regression estimates are for
each individual bank, we use the local regression results to compute an average H-statistic for the period as a whole.
From these estimations, we conclude that the time variations identified by these two methods are remarkably similar.

We use a correlation test to confirm that the time variations of these two H-statistics are correlated13. We
also notice that both H-statistics display similar behavior during the period addressed by our analysis, as can be
observed in Figure 1. Despite this similarity, we note that the competitive behavior of the banking industry in this
period is better modeled by the local regression methodology than by the fixed-effects panel regression because the
former method comprehensively computes the average H-statistic of the banking industry from the market power
prediction for each bank.

Place Figure 3 About Here.

Figure 3 presents the distribution of H-statistics for each period. The heterogeneity of market power among
banks is significant in all periods. The results also show that banks’ market power is cyclical. Initially, we observe
a concentration of market power at the bank level, i.e., there are various banks that possess similar levels of market
power. In particular, the concentration of banks’ market power is notable in June 2001, although we observe more
diluted behavior in subsequent periods. The minimum H-statistic is lower and the maximum H-statistic is higher in
December 2001 than in June 2001. This pattern is observed in all our sample, with periods in which certain banks
have very high market power and other banks have extremely low market power consistently followed by periods in
which banks evince broadly similar degrees of market power.

Table 4 also indicates the fluctuation of the average H-statistic observed in Figure 2. In June 2001, the average
H-statistic is 0.11558, whereas in June 2011, it is 0.16968. As these two values are similar, we could initially conjec-
ture that over this period, the competitive behavior of the Brazilian banking industry did not significantly change.
Nonetheless, we observe in Figure 2 that fluctuations of the H-statistic are very intensive during the sample period,
contradicting the hypothesis. Market power, as estimated by the average H-statistic, reaches its maximum in June
2009, when the H-statistic is 0.44015, and an environment of monopolistic competition is observed in the Brazilian
banking industry. The average H-statistic is at its minimum in December 2005, when the value of this statistic is
-0.06753, with the Brazilian banking industry exhibiting monopolistic behavior.

As shown in Table 4, negative average H-statistics occur in only three periods. In all periods of our sample, the
H-statistic minimum is negative and the maximum H-statistic is highly positive. The lowest maximum H-statistic
is 0.52552, which occurs in June 2003. Thus, we can conclude that although each period has a positive average
H-statistic, the sample always includes banks with high market power, which have negative H-statistic values, and
banks with low market power, which have positive H-statistic values.

Brazilian banks changed their competitive behavior during the Global Financial Crisis. We observe a significant
increase in the average H-statistic until June 2010, as the average H-statistic rises from 0.15423, in June 2008, to
0.39339, by June 2010, reaching its maximum value of 0.44015 in June 2009. Therefore, we can conclude that the
crisis leads to increased competition in the Brazilian banking industry. We find that banks have high market power
in June 2008, as the minimum H-statistic during that period is -0.88404. However, the minimum H-statistic in June
2010 is only -0.14252; thus, we can conclude that the most powerful banks lose market power in the intervening
period, leading to increased competition in the banking industry.

However, the behavior identified in the crisis period is followed by a subsequent reduction in competitiveness.
In Table 4, we observe a reduction in the average H-statistic after June 2010. Moreover, banks with greater market
power have emerged since June 2010, as the minimum H-statistic has fallen from -0.14252 to -0.46279. We also

13The p-value for our Pearson Correlation Test is 0.1249.
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observe fluctuations in market power throughout the crisis period. Nonetheless, during the Global Financial Crisis,
the Brazilian banking industry had a significant increase in the average H-statistic, implying that this crisis led to
a change in the Brazilian banks competitive behavior.

Place Tables 5 and 6 About Here.

We also perform an analysis to verify the differences in market power between three types of banks, namely,
State-Owned banks, Private banks and Foreign banks. From Table 5, we conclude that the effect on the H-statistic
of a bank’s control type at the bank level is statistically significant, as is its iteration effect over time14. Examining
Table 6, we infer that State-Owned banks are statically different from Private and Foreign banks. In other studies,
by contrast, Private and Foreign are not found to be statically different from each other. In Figure 2, we observe
that State-Owned banks are less competitive than Private and Foreign banks until January 2008, when they be-
come more competitive. Thus, we verify a change in the competitiveness of State-Owned banks during the Global
Financial Crisis.

5.2. The relationship between risk-taking and market power at the bank level

We also compute models of the risk-taking behavior of the Brazilian banking industry, using all of the dependent
variables discussed in the Subsection 3.2. Table 7 reports the summary statistics of the variables used. The two
proxies for risk-taking used as dependent variable are Z-score and NPL. Table 8 provides the results of the IV esti-
mations of these models, both with and without a time dummy, which we compute for robustness purposes. Table
8 also presents the results of tests performed to verify the quality of our models, namely, the Underidentification
test, the weak instrument identification test, Hansen’s J test tests and the Hausman test.

Place Tables 7 and 8 About Here.

The Underidentification test is used to determine whether the model is unidentified. The null hypothesis is
that the equation is unidentified (H0). That is, it tests whether the excluded instruments are correlated with
the endogenous regressors. The weak instrument identification test can be applied by comparing the KP Wald F
statistics with the Stock and Yogo critical values. We apply Hansen’s J test to examine whether the instruments
used in each estimation are uncorrelated with the main equations error terms (H0). The Hausman test is applied
to check whether a regressor or a group of regressors is endogenous. The null hypothesis is that the regressor is
exogenous (H0).

Initially, we estimate the Z-score model both with and without the time dummy, as described in Table 8. Before
estimating the Z-score models, we perform the Hausman test to determine the endogenous variables. The test shows
that capitalization is the only endogenous variable in the model, both with and without the time dummy included.
We also perform the Hausman test following the IV estimations. The test provides evidence that capitalization is
indeed the only endogenous variable in both Z-score models.

Following the estimation, we compute other tests, as reported in Table 8. The Underidentification test shows
that the instruments used to estimate the Z-score are correlated with the endogenous variable (0.000 < 0.05). We
also perform the weak instrument identification test, which is conducted through a comparison of the KP Wald
F statistic with Stock and Yogo critical values. From this test, we conclude that the bias of the IV estimation
is relatively small (less than 10% of the OLS estimation), indicating that the instruments are not weak. Using
Hansen’s J test results, we note that the instruments in this model are uncorrelated with the main equations error
terms. These results suggest that our Z-score models provide robust estimations of our models of risk-taking.

We observe that in the time dummy case, the variables for capitalization, market power at the bank level and
their interaction are the only statistically significant variables. For the case without the time dummy, in addition
to the variables already mentioned, we also find that the variables for banks market share and size are significant.

14The three categories of the variable control are State-Owned banks, Private banks and Foreign banks.
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It is important to note that the same variables are found to be statistically significant in both models.

The variable for market share also has the same relationship with risk-taking in both models. As this relation-
ship is negative, an increase in a bank’s market power reduces the bank’s risk-taking. The variable for bank size is
statistically significant when the time dummy is excluded but not when it is included. Therefore, we do not analyze
this variable, as its implications are not robust.

In the Z-score models, we observe that banks with higher market power take less risk, and thus banks with de-
creased market power increase their risk levels. According to Boyd and Nicolò [11], when banks can earn monopoly
rents, they tend to become conservative. As their banking charter becomes valuable, they reduce the risk of
bankruptcy to avoid losses to their charter value. Keeley [33] presents empirical evidence of similarly risk averse
behavior in the U.S. banking industry. Analyzing the market share variable, we obtain the same result for the
Brazilian banking industry. This finding supports our conclusion that when Brazilian banks can effectively collect
monopoly rents, they become relatively conservative in their risk-taking behavior.

Capitalization is another important variable for banks and is negatively correlated with risk-taking behavior.
However, in seeking to understand the full impact of market power on risk-taking, we must make a very delicate
assessment because capitalization and market power are directly related in our approach. As Tabak et al. [58] show,
capitalization is relevant in understanding the effect of a banks market power on risk-taking. Thus, to achieve a
more detailed analysis, we include an examination of the interaction between the market power of each bank and
its capitalization.

The interaction changes the interpretation of banks’ capitalization and market power at the bank level. Through
this analysis, we find that the H-statistic at the bank level and a banks’ risk-taking behavior remain negatively
related when banks experience capital increases. In addition, we observe that the impact on risk-taking behavior
of an increase in the H-statistic at the bank level, when there is a simultaneous increase in the bank’s capital, is
reinforced. In general, Brazilian banks that undergo increases in market power reduce their risk, regardless of how
their capital changes.

The findings of the NPL model, both with and without time dummy, are also presented in Table 8. First, before
the estimation, we execute a Hausman test, which provides evidence that the variables for bank capital, profitability
and efficiency are endogenous. This result is valid for both NPL models. In addition, following the estimation, we
apply the Hausman test to our explanatory variables. As the P-values in all these estimations are less than 0.05,
we find that the variables for capitalization, bank profitability and bank efficiency are indeed endogenous in both
NPL models.

In the Underidentification test performed on the NPL model, the null is not rejected. Thus, the instruments are
uncorrelated with the endogenous variables that they are intended to instrument (0.759 > 0.05 / 0.671 > 0.05).
The weak instrument identification test provides evidence that the bias of the IV estimation is relatively large (at
least 30% of the OLS estimation). Hansen’s J test shows that, for the NPL models, the instruments used are
uncorrelated with the main equations error terms. Therefore, for the purposes of our study, the Z-score models are
preferable to the NPL models.

We observe that only the variable for market power at the bank level and the interaction between this variable
and bank capital are statistically significant in the model with the time dummy included. With the time dummy
excluded, we also find that bank market share, in addition to the variables mentioned, is statistically significant.
In general, although the NPL model is not as strong as the Z-score model, the findings of the two models are
similar. However, while all the significant variables under both approaches attain the 10% significance level, only
the interaction variable attains the 5% significance level.

The results for the statistically significant variables in the NPL model corroborate the findings of the Z-score
model. We also verify that the conclusions regarding the relationship between market power at the bank level and
bank risk-taking are the same in both the Z-score and NPL models. These findings are reinforced by the negative
relationship between market share and risk-taking, which we also observe in the NPL model. As in both Z-score
models, the NPL models show evidence that an increase in a bank’s market power leads to a decrease in risk
assumed by the bank, independently of variations in the banks capital levels.
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As our test results show, our Z-score models are better than the NPL models in describing Brazilian banks risk
behavior. Thus, we perform a more detailed analysis for the Z-score models than for NPL models. We estimate
the Z-score models for the pre-crisis and the post-crisis samples separately. The Z-score model estimated using
the pre-crisis sample corroborates the findings, obtained in the models previously discussed, regarding the effect of
market power on risk-taking. However, we do not find any significant variables, using the post-crisis sample. Tables
9 and 10 describe the IV estimations of these Z-score models.

Place Tables 9 and 10 About Here.

Our risk-taking and market power results provide important information about the Brazilian banking industry
during the sampled period. We find that Private and Foreign banks had less market power than State-Owned banks
before the Global Financial Crisis. We also observe that State-Owned banks took less riskier activities than the
other banks types in this period. After the crisis, we verify that the market power of State-Owned banks decreased.
This scenario led to a change in the competitive conditions of the Brazilian banking sector. Private and Foreign
banks possessed more market power than State-Owned banks after January 2008. Nevertheless, State-Owned banks
assumed more risk to increase their market share.

6. Conclusion

This paper applies a new method of measuring the market power of banks to the Brazilian banking industry.
In particular, we incorporate an econometric framework based on Brissimis and Delis [15] into the methodology
that we use to analyze the competitive behavior of this industry. Thus, we assess this industry, using both the
Panzar and Rosse model, which is described by Rosse and Panzar [50], Panzar and Rosse [43], and a non-parametric
estimation technique known as local regression [18, 19, 55, 36]. This approach provides information related to the
market power that each bank possesses in its industry and allows for the individual estimation of each coefficient
that composes the Panzar and Rosse model. We use this methodology to assess banks that were in the Brazilian
banking industry during the 2001-2011 period.

As recent literature has raised questions regarding the relationship between market power and risk-taking in the
banking industry, this paper examines the state of competitive behavior of Brazilian banks during the time period
in question and the effect of market power at the individual bank level on the risk-taking tendencies of banks. We
also analyze the implications of risk-based changes in bank behavior with regard to market power and the Brazilian
economy. This analysis provides valuable information on how banks determine whether it is advisable to assume
greater risk and how banks with greater market power can influence the performance of the economy as a whole.

Our findings suggest that there is significant heterogeneity in the market power of the sampled banks. We also
observe that the Brazilian banking industry functions under conditions of monopolistic competition. This observa-
tion is reinforced by the finding that under current economic conditions, the banking industry often includes several
banks with high market power and a large majority of banks with relatively little market power. Our sample also
demonstrates fluctuations in the concentration of bank market power, as indicated by variations in the distribution
of H-statistic estimates among different banks.

In particular, we observe that banks sometimes display similar competitive behaviors and degrees of market
power. We then verify that during other periods, banks manifest a wide range of competitive behaviors and degrees
of market power. These two types of periods occur sequentially, as periods in which all banks display more com-
petitive behavior are followed by periods in which a few banks possess significant market power, while the majority
do not. The latter condition is indicated by a reduction in the average H-statistic, as shown in Table 4. This
cyclical fluctuation occurs over the entire period addressed by our analysis. Importantly, we continue to observe
this fluctuation in the competitive behavior of banks, even during the Global Financial Crisis.

While the crisis is associated with increased competitiveness in the Brazilian banking market, the crisis is fol-
lowed by a reduction in the average H-statistic of the banking industry. In June 2009, the average H-statistic is
0.44015, which marks a dramatic increase from H-statistic values in June 2007, demonstrating the effect of the
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crisis. Subsequently, however, competitiveness in the banking industry declines, and thus fluctuations in banking
behavior continue into the Global Financial Crisis period. Beginning in January 2008, we observe that State-Owned
banks become more competitive than Private and Foreign banks. However, State-Owned banks had greater market
power than the others until 2008. The Global Financial Crisis may instigated this change.

The basic objective of this paper is to gain an understanding of the impact of market power on risk-taking
behavior of banks, as the literature provides few conclusive results on this relationship. Therefore, based on Delis
and Kouretas [25], we construct a risk-taking model of the Brazilian banking industry, incorporating such variables
as market power at the individual bank level and the interaction between market power and bank capitalization.
We find that banks with increasing market power engage in less risky behavior than banks with decreasing market
power. We also perform a more detailed analysis from which we conclude that banks’ decisions regarding risk are
not affected by variations in their capital levels. Indeed, the relationship between market power and risk-taking is
reinforced by variations in these levels.

Our findings suggest that Brazilian banks with greater market power manifest conservative behavior, while
banks with diminished market power increase their level of risk. When Brazilian banks increase their capital, this
leads to growth in their charter value and thus to an increased likelihood that risky behavior could result in losses
in charter value. Thus, banks with monopoly rents tend to remain conservative even when their capital increases.
These results are in line with Tabak et al. [59] which study the too-big-to-fail behavior of Latin American banks
during the period of 2001 to 2008. They conclude that highly concentrated banking industries do not present this
characteristic. Actually, they find that bank size and market concentration are negatively related to bank risk.

Combining our risk-taking results and our market power analysis regarded banks’ type, we obtain valuable in-
formation about the Brazilian banking industry. During the Global Financial Crisis period, we observe that Private
and Foreign banks had their market power increased in relation to State-Owned banks. We also show that Private
and Foreign banks became risk averse after the crisis period due to the increase in their market power. However,
we verify that State-Owned banks engaged in riskier activities after the crisis to increase their market share. These
conclusions increase our knowledge of the relationship between bank market power, bank capitalization and banks
risk-taking behavior of Brazilian banking industry.

Our market power measure can also be applied to examine other banking industries. This measure provides
relevant information about banks behavior, and combined with other methods, it is possible to reach a better
understanding of other banking sectors. We focus our work in Brazilian banking industry because even in the last
crises periods (which concerns to the Global Financial Crisis and the European Sovereign Debt Crisis) the Brazilian
financial environment remained stable, offering a better data sample and more unbiased information. However, for
future studies, our approach could be used to analyze other banking industries.
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[41] Nicolò, G. D., Lucchetta, M., 2011. Bank competition and financial stability: A general equilibrium exposition.
IMF Working Papers 11/295, International Monetary Fund.

[42] Olivero, M. P., Li, Y., Jeon, B. N., 2011. Competition in banking and the lending channel: Evidence from
bank-level data in Asia and Latin America. Journal of Banking & Finance 35 (3), 560–571.

[43] Panzar, J., Rosse, J., 1987. Testing for ”monopoly” equilibrium. Journal of Industrial Economics 35 (4), 443–56.

[44] Park, K. H., 2009. Has bank consolidation in Korea lessened competition? The Quarterly Review of Economics
and Finance 49 (2), 651–667.

[45] Parkan, C., 1987. Measuring the efficiency of service operations: An application to bank branches. Engineering
Costs and Production Economics 12 (1-4), 237–242.

[46] Pereira, C. M., Maia-Filho, L. F., 2013. Brazilian retail banking and the 2008 financial crisis: Were the
government-controlled banks that important? Journal of Banking & Finance 37 (7), 2210–2215.

[47] Presbitero, A. F., Zazzaro, A., 2011. Competition and relationship lending: Friends or foes? Journal of
Financial Intermediation 20 (3), 387–413.

[48] Rezitis, A. N., 2010. Evaluating the state of competition of the Greek banking industry. Journal of International
Financial Markets, Institutions and Money 20 (1), 68–90.

[49] Roeger, W., 1995. Can imperfect competition explain the difference between primal and dual productivity
measures? Estimates for U.S. manufacturing. Journal of Political Economy 103 (2), 316–30.

[50] Rosse, J., Panzar, J., 1977. Chamberlin vs Robinson: An empirical test for monopoly rents. Tech. Rep. 90,
Bell Laboratories.

[51] Scott, J. A., Dunkelberg, W. C., 2010. Competition for small firm banking business: Bank actions versus
market structure. Journal of Banking & Finance 34 (11), 2788–2800.

16



[52] Shaffer, S., 1983. Non-structural measures of competition: Toward a synthesis of alternatives. Economics
Letters 12 (3-4), 349–353.

[53] Shaffer, S., 1985. Competition, economies of scale, and diversity of firm sizes. Applied Economics 17 (3), 467–76.

[54] Shaffer, S., DiSalvo, J., 1994. Conduct in a banking duopoly. Journal of Banking & Finance 18 (6), 1063–1082.

[55] Simonoff, J. S., 1996. Smoothing Methods in Statistics. Springer.

[56] Soedarmono, W., Machrouh, F., Tarazi, A., 2013. Bank competition, crisis and risk taking: Evidence from
emerging markets in Asia. Journal of International Financial Markets, Institutions and Money 23 (0), 196–221.

[57] Tabak, B. M., Fazio, D. M., Cajueiro, D. O., 2011. The effects of loan portfolio concentration on Brazilian
banks’ return and risk. Journal of Banking & Finance 35 (11), 3065–3076.

[58] Tabak, B. M., Fazio, D. M., Cajueiro, D. O., 2012. The relationship between banking market competition and
risk-taking: Do size and capitalization matter? Journal of Banking & Finance 36 (12), 3366–3381.

[59] Tabak, B. M., Fazio, D. M., Cajueiro, D. O., 2013. Systemically important banks and financial stability: The
case of Latin America. Journal of Banking & Finance 37 (10), 3855–3866.

[60] Tabak, B. M., Tecles, P. L., 2010. Estimating a bayesian stochastic frontier for the Indian banking system.
International Journal of Production Economics 125 (1), 96–110.

[61] Tecles, P. L., Tabak, B. M., 2010. Determinants of bank efficiency: The case of Brazil. European Journal of
Operational Research 207 (3), 1587–1598.

[62] Uchida, H., Tsutsui, Y., 2005. Has competition in the Japanese banking sector improved? Journal of Banking
& Finance 29 (2), 419–439.

[63] Vasiliou, D., 1996. Linking profits to greek bank production management. International Journal of Production
Economics 43 (1), 67–73.

[64] Vesala, J. M., 1995. Testing for competition in banking: Behavioral evidence from Finland. E:1, Bank of
Finland Studies.

[65] Wagner, W., 2010. Loan market competition and bank risk-taking. Journal of Financial Services Research
37 (1), 71–81.

[66] Yeyati, E. L., Micco, A., 2007. Concentration and foreign penetration in Latin American banking sectors:
Impact on competition and risk. Journal of Banking & Finance 31 (6), 1633–1647.

[67] Yildirim, H. S., Philippatos, G. C., 2007. Restructuring, consolidation and competition in Latin American
banking markets. Journal of Banking & Finance 31 (3), 629–639.

[68] Zhao, T., Casu, B., Ferrari, A., 2010. The impact of regulatory reforms on cost structure, ownership and
competition in Indian banking. Journal of Banking & Finance 34 (1), 246–254.

17



Table 1: Summary of the contributions related to banking competition
Authors Country Period Independents Vari-

ables
Empirical findings

Agoraki et al. [1] 13 Central East-
ern European
(CEE) countries

1998-2005 Regulatory mea-
sures

Increased market power and higher ac-
tivity restrictions lead to a reduction in
credit risk and risk of default.

Beck et al. [3] 79 countries 1994-2009 Bank competition There is a negative impact of bank com-
petition on bank stability and this inter-
action can be intensified by activity re-
strictions and herding trends.

Beck et al. [4] 69 countries 1980-1997 Bank concentration
and crisis

Crisis are less likely in economies with
more concentrated banking systems even
after controlling for some variables.

Casu and Girardone [16] France, Ger-
many, Italy,
Spain and the
United King-
dom

2000-2005 Efficiency An increase in market power increases
bank efficiency, whereas the causality
running from efficiency to competition is
weak.

Coccorese [21] Italy 1988-2000 Banking concentra-
tion

Competition and concentration are not
negatively related.

Degryse and Ongena [23] Belgium 1995-1997 Bank orienta-
tion(the choice of
relationship-based
lending versus
transactional bank-
ing)

Bank branches engage in more bank-firm
relationships when the inter-bank compe-
tition is increased.

Jeon et al. [31] 7 Asian and 19
Latin American
countries

1997-2008 Foreign bank pene-
tration

Foreign bank penetration is positively re-
lated to competition.

Jiménez et al. [32] Spain 1988-2003 Ratio of non-
performing commer-
cial loans (NPL),
the measure of bank
risk

An increase in market power decreases
the bank risk (NPL ratios).

Keeley [33] US 1970-1986 Default risk, asset
risk and bank capi-
tal

Banks with higher market power hold
more capital relative to assets and have
a small default risk.

Manlagñit [37] Philippines 1990-2006 Banking liberaliza-
tion

The purpose of banking liberalization in
increase the competitiveness and the ef-
ficiency of domestic banks works consid-
erably well.

Maudos and Soĺıs [38] Mexico 1993-2005 Deregulation, liber-
alization and consol-
idation of banking
industry

The effectiveness of the measures em-
ployed that aim to increase the compe-
tition in the Mexican banking industry is
dubious.

Olivero et al. [42] 10 Asian and 10
Latin American
countries

1996-2006 Monetary policy Increased banking competition reduces
the effectiveness of monetary policy.

Park [44] Korea 1992-2004 Banking concentra-
tion

Increased concentration has not lessened
competition.

Presbitero and Zazzaro
[47]

Italy 1998-2003 Bank competition An increase in the interbank market prej-
udice the relationship lending in markets
where large and out-of-markets banks are
predominant.

Uchida and Tsutsui [62] Japan 1974-2000 Competition in
banking sector

Competition had improved, especially, in
the 1970s and in the first half of the
1980s.

Yeyati and Micco [66] 8 Latin Ameri-
can countries

1993-2002 Foreign banks pene-
tration

There are positive relation between mar-
ket bank stability and foreign penetra-
tion.

Yildirim and Philippatos
[67]

11 Latin Ameri-
can countries

1993-2000 Consolidation of
bank industry

Banking competition is not related to
banking concentration; the reduction of
the banking competition in some coun-
tries may be justify by increased consoli-
dation.

Zhao et al. [68] India 1992-2004 Regulation of banks’
activities

Deregulation improves banks’ perfor-
mance and banking competition.
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Table 2: Discriminatory power of H-statistics
Estimated values of H Competitive environment Especification

H ≤ 0 Monopolistic market or Conjectural
variation short-run oligopoly

Each bank operates independently as under monopoly
profit maximization conditions or perfect cartel.

0 < H < 1 Monopolistic competition There are product differentiation and banks produce
more than in monopoly, however the price is less than
would be in this scenario.

H = 1 Natural monopoly in perfectly con-
testable market or Perfect competition

Free entry equilibrium with full efficient capacity uti-
lization.

Source Bikker and Haaf [7], Rezitis [48].

Table 3: Descriptive statistics of the variables used in the H-statistic prediction

Variable Mean Std. Dev. Minimum Maximum

lnTR 13.0039 2.0376 7.6783 18.067

lnw1 -2.4223 0.63415 -8.6141 -0.0154

lnw2 -5.3325 1.46607 -13.9572 -2.3897

lnw3 4.1013 0.88562 0.3676 10.289

lnQ/ASSETS -2.0466 0.56704 -4.6506 -0.1126

lnL/ASSETS -0.9547 0.62247 -4.8995 0.7642

The table reports the descriptive statistics of average coefficients, where Std. means standard deviation. Primarily, we predict the

parameters for each bank, then we compute the mean of these parameters to find the summary statistics for each variable.
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Table 4: Descriptive statistics of H-statistics for period

Date Mean Std. Dev. Minimum Maximum

June 2001 0.11558 0.21101 -0.28659 0.5836

December 2001 0.04427 0.45756 -0.53432 1.0001

June 2002 0.23775 0.24105 -0.17656 0.76053

December 2002 0.35369 0.2403 -0.37407 0.97471

June 2003 0.21679 0.17861 -0.21691 0.52552

December 2003 -0.00289 0.25587 -0.72941 0.91771

June 2004 0.13285 0.28534 -0.25056 0.96659

December 2004 0.13549 0.24582 -0.38002 0.83148

June 2005 0.05726 0.21422 -0.23375 0.85838

December 2005 -0.06753 0.32272 -0.93518 0.65123

June 2006 0.00526 0.28956 -0.4032 0.73767

December 2006 0.12669 0.25619 -0.30125 0.77385

June 2007 -0.01338 0.28844 -0.50103 0.70606

December 2007 0.17228 0.21209 -0.26015 0.79259

June 2008 0.15423 0.27344 -0.88404 0.70413

December 2008 0.31023 0.24253 -0.09882 0.84599

June 2009 0.44015 0.37472 -0.34019 1.42629

December 2009 0.29313 0.35876 -0.56448 1.16697

June 2010 0.39229 0.26666 -0.14252 1.25965

December 2010 0.18733 0.32508 -0.46279 1.05465

June 2011 0.16968 0.36464 -0.46933 1.09708

The table describes the summary statistics for H-statistics in each period presented in the sample, where Std. means standard

deviation.
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Table 5: Local H-statistic ANOVA Table
Source DF Sum of Squares Mean Square F Value Pr > F
time 20 14.953 0.748 7.18 < .0001
control 2 2.847 1.423 13.67 < .0001
time*control 40 7.624 0.191 1.83 0.0014
Error 1029 107.147 0.104

Total 1091 132.571

Table 6: Contrast estimate of each bank control type

Constrast Estimate Standard Error t Value Pr > |t|
Foreign - Private -0.014 0.022 -0.66 0.5121

Foreign - State-Owned 0.124 0.033 3.78 0.0002

Private - State-Owned 0.139 0.031 4.49 < .0001

Table 7: Descriptive statistics of the variables used in the risk-taking model

Variable Mean Std. Dev. Minimum Maximum

lnZSCORE 1.188 0.357 -0.202 5.189

lnNPL -3.289 1.398 -15.016 0.621

lnh 0.101 0.297 -2.736 0.886

lnMS -11.913 4.172 -25.265 -2.838

lnQ/ASSETS -2.059 0.551 -4.651 -0.259

lnh ∗Q/ASSETS -0.201 0.592 -1.649 4.204

lnPROF 0.014 0.029 -0.158 0.507

SIZE 15.163 2.128 9.346 20.43

lnEFF 0.104 0.178 -1.059 0.864

N 1018

The table reports the descriptive statistics of each variable used in the risk-taking model.
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Table 8: IV estimations for lnZSCOREi,t and lnNPLi,t

lnZSCOREi,t lnNPLi,t

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

lnQ/ASSETSi,t 0.562*** 0.577*** -1.027 -1.268
(0.000) (0.000) (0.138) (0.104)

lnhi,t -0.601*** -0.586** 3.717* 4.570*
(0.004) (0.011) (0.080) (0.057)

lnMSi,t 0.301 0.057** -3.879 -0.433*
(0.489) (0.034) (0.215) (0.066)

lnhi,t ∗Q/ASSETSi,t -0.347*** -0.298*** 1.778** 2.248*
(0.002) (0.010) (0.043) (0.053)

lnPROFi,t -1.245 -1.091 -26.115 -28.940
(0.204) (0.282) (0.216) (0.176)

SIZEi,t -0.427 0.075*** 6.862 -0.112
(0.626) (0.001) (0.249) (0.588)

lnEFFi,t 0.089 0.146 -5.537 -7.451
(0.502) (0.269) (0.344) (0.253)

Time dummy Yes No Yes No

Observations 872 872 872 872
Number of banks 69 69 69 69
Underident. test P-value 0.000*** 0.000*** 0.759 0.671
KP Wald F statistic 68.057 63.541 0.247 0.321
Hansen J statistic P-value 0.404 0.438 0.307 0.420
Hausman P-value 0.000*** 0.000*** 0.014** 0.002***

The table reports the results of our main model. We present the estimations of both the Z-score and the NPL models with time dummy
and without it. The variables presented are the H-statistic of each bank (hi,t), the banks’ capital (Q/ASSETSi,t), the interaction
between the H-statistic at bank-level and the banks’ capital (lnhi,t ∗ Q/ASSETSi,t), the banks’ profitability ratio (PROFi,t), size of
banks indicated by the natural logarithm of real total assets (SIZEi,t) and EFFi,t is the banks’ efficiency.
Robust p-value in parentheses.
*** Statistical significance at the 1% level.
** Statistical significance at the 5% level.
* Statistical significance at the 10% level.
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Table 9: IV estimations for lnZSCOREi,t before crisis

lnZSCOREi,t

Variables (1) (2)

lnQ/ASSETSi,t 0.744*** 0.819***
(0.000) (0.000)

lnhBFC
i,t -0.858** -1.011**

(0.013) (0.010)
lnMSi,t 0.569 0.042

(0.112) (0.313)
lnhBFC

i,t ∗Q/ASSETSi,t -0.508*** -0.557***

(0.005) (0.006)
lnPROFi,t -4.423*** -4.526***

(0.000) (0.001)
SIZEi,t -0.913 0.164***

(0.191) (0.001)
lnEFF 0.431*** 0.413***

(0.002) (0.004)

Time dummy Yes No

Observations 544 544
Number of banks 60 60
Underident. test P-value 0.000 0.000
KP Wald F statistic 24.289 20.759
Hansen J statistic P-value 0.480 0.421
Hausman P-value 0.000 0.000

The table reports the results of our main model applied to the pre-crisis sample. We present the estimations of the Z-score model with
time dummy and without it. The variables presented are the H-statistic of each bank (hBFC

i,t ), the banks’ capital (Q/ASSETSi,t),

the interaction between the H-statistic at bank-level and the banks’ capital (lnhBFC
i,t ∗ Q/ASSETSi,t), the banks’ profitability ratio

(PROFi,t), size of banks indicated by the natural logarithm of real total assets (SIZEi,t) and EFFi,t is the banks’ efficiency.
Robust p-value in parentheses.
*** Statistical significance at the 1% level.
** Statistical significance at the 5% level.
* Statistical significance at the 10% level.
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Table 10: IV estimations for lnZSCOREi,t after crisis

lnZSCOREi,t

Variables (1) (2)

lnQ/ASSETSi,t -0.367 -0.374
(0.147) (0.122)

lnhAFC
i,t -0.130 -0.115

(0.800) (0.823)
lnMSi,t 0.647 -0.006

(0.121) (0.939)
lnhAFC

i,t ∗Q/ASSETSi,t -0.055 -0.042

(0.828) (0.867)
lnPROFi,t -0.230 -0.441

(0.800) (0.627)
SIZEi,t -1.525* -0.231

(0.065) (0.176)
lnEFF 0.240 0.218

(0.409) (0.442)

Time dummy Yes No

Observations 206 206
Number of banks 44 44
Underident. test P-value 0.137 0.138
KP Wald F statistic 3.475 3.655
Hansen J statistic P-value 0.413 0.402
Hausman P-value 0.002 0.001

The table reports the results of our main model applied to the post-crisis sample. We present the estimations of the Z-score model with
time dummy and without it. The variables presented are the H-statistic of each bank (hAFC

i,t ), the banks’ capital (Q/ASSETSi,t),

the interaction between the H-statistic at bank-level and the banks’ capital (lnhAFC
i,t ∗ Q/ASSETSi,t), the banks’ profitability ratio

(PROFi,t), size of banks indicated by the natural logarithm of real total assets (SIZEi,t) and EFFi,t is the banks’ efficiency.
Robust p-value in parentheses.
*** Statistical significance at the 1% level.
** Statistical significance at the 5% level.
* Statistical significance at the 10% level.
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Figure 1: Difference between the H-statistics’ prediction
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The figure reports the time variation of H-statistic obtained through two different methodologies for each period, the local regression
and the fixed-effects panel regression. We obtain the average H-statistic for each period using local regression by computing the mean
of the banks’ H-statistic for period.
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Figure 2: Average H-statistic over time
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The figure reports the average H-statistic over time differentiate by the types of banks. We obtain these average H-statistics
computing the mean of the banks’ H-statistic for period.
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Figure 3: Histograms of average H-statistic for period

−0.5 0 0.5 1
0

50
June 2001

−0.5 0 0.5 1
0

50
December 2001

−0.5 0 0.5 1
0

50
June 2002

−0.5 0 0.5 1
0

50
December 2002

−0.5 0 0.5 1
0

50
June 2003

−0.5 0 0.5 1
0

50
December 2003

−0.5 0 0.5 1
0

50
June 2004

−0.5 0 0.5 1
0

50
December 2004

−0.5 0 0.5 1
0

50
June 2005

−0.5 0 0.5 1
0

50

P
er

ce
nt December 2005

−0.5 0 0.5 1
0

50
June 2006

−0.5 0 0.5 1
0

50
December 2006

−0.5 0 0.5 1
0

50
June 2007

−0.5 0 0.5 1
0

50
December 2007

−0.5 0 0.5 1
0

50
June 2008

−0.5 0 0.5 1
0

50
December 2008

−0.5 0 0.5 1
0

50
June 2009

−0.5 0 0.5 1
0

50
December 2009

−0.5 0 0.5 1
0

50
June 2010

−0.5 0 0.5 1
0

50

H

December 2010

−0.5 0 0.5 1
0

50
June 2011

The histograms present the distribution of the H-statistic at bank-level obtained from the estimation of Panzar and Rosse model with local regression, where Percent is the percentage

of banks and H is the H-statistics of banks.
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