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Abstract

What is the impact of the diversity of business models operating in a banking sector and its
resilience? Literature offers mixed predictions: while one strand of literature puts emphasis on the
virtues of diversity due to lower contagion, an opposing strand suggests that nudging banks to
choose diverse diversification strategies (which tend to be individually sub-optimal) may be ‘a
worse remedy than the disease’. This paper provides several contributions to this discussion: (i)
the development of a two-step measure of business model diversity, based on the application of
clustering techniques on a set of business model variables at the bank level, followed by their
aggregation at the country level, (ii) the specification of a 3SLS model that explicitly considers the
interactions of business model diversity with diversification and market power in explaining
banking sector resilience, (iii) the breakdown of the baseline results per type of financial system
(i.e. bank vs market-based), and (iv) the analysis of the diversity and composition of optimal
country-level portfolios of banking business models. In general, our results suggest that more
resilient banking sectors tend to be more diverse (i.e., assets are well distributed across different
bank types), less revenue diversified and exhibit more market power than less resilient ones.
Additionally, a deeper dive tells us that such relationship between diversity and resilience seems
to occur chiefly in market-based systems. Finally, the analysis of efficient portfolios confirms that
a similar level of diversity may induce different resilience responses according to the type of
financial system, which we attribute to the ‘ecosystem’ of each type of financial system. Our
results are robust to changes to the original model specification, proxies for dependent and
independent variables, and sample composition.
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1. Introduction

This paper speaks to the ongoing debate regarding the effects of diversification and diversity on
the resilience of the banking sector. In particular, with portfolio selection theory as a key
theoretical reference (Markowitz, 1952), it is generally accepted in literature that banks may be
able to reduce total idiosyncratic risk for a given expected level of returns by combining assets
from different risk classes in the same balance sheet. However, the compound effects of such

individual diversification strategies at the aggregate level seem to be less prone to consensus.

On one hand, some authors argue that diversification may be seen as a potential source of
distress because as bank holdings expand to different sectors of activity (e.g. real estate) they
become less willing to extend loans to firms facing challenges in similar sectors (Wagner, 2008);
also, there are a set of other phenomena, such as asset commonality (Allen et al., 2012), collusion
(Schaeck et al., 2009) and implicit state guarantee (Acharya & Yorulmazer, 2007) which document
the idea that systemic risk in the banking sector may increase as banks become more alike. In line
with these findings, some authors have suggested that bank regulators should create incentives for
banks to pursue diverse diversification strategies (Beale et al., 2011), for instance by monitoring
the correlation of returns among banks (Goodhart & Wagner, 2012). On the other hand, however,
it is also argued that nudging banks to choose diverse diversification strategies may push them
away from individually optimal risk portfolios, which in turn may increase the likelihood of
individual failures and bank contagion, wherein the latter is more likely to occur if failed banks

have a larger footprint (Kobayashi, 2012).

Against this backdrop, empirical findings may prove to be particularly instrumental in
helping disentangle the current ‘diversity-diversification” debate. However, only a reduced number
of empirical works has yet to tackle the relationship between diversity and resilience, and those
that have done so are mainly focused on measuring diversity from an ownership perspective. For
instance, Ayadi et al. (2011) find evidence of a positive impact of institutional diversity on the
regional growth of seven European countries, wherein the former is measured as the ratio of
stakeholder banks’ assets to regional GDP. More recently, Baum et al. (2020) uncover a positive
association between domestic institutional diversity and stability, by measuring diversity as the
dispersion of total assets held by banks of different ownership types (commercial, cooperative,
savings). The authors also document that more diverse banking systems tend to show smoother

earnings during periods of crisis. Finally, Hryckiewicz & Koztowski (2017) provide evidence that



countries where the dominant business model (i.e. the model that represents the highest share of
total assets) is the investment model endured a steeper fall of GDP during the 2007-09 crisis, when

compared to other countries.

In this paper, we use a sample of 1,268 banks located in 33 countries (Europe, Asia and
Americas), between 2005 and 2016, and contribute to this strand of literature in several ways.
Firstly, we employ a measure of diversity which analytically resembles the approach laid out by
Baum et al. (2020), in the sense that we also take insights from ecology literature, but we
additionally broaden the scope of information by considering different types of business models,
rather than ownership types. This methodological decision puts us closer to the approach taken by
Hryckiewicz & Koztowski (2017), although we expand the authors’ original range of business
model dimensions by including also size, diversification and capital (besides asset and funding
structures, as done by the authors). The relevance of measuring business model diversity may be
seen in light of the increased interest taken by banking regulators and supervisors regarding the
analysis of risks and vulnerabilities that are specific to each type of business model (e.g. EBA,
2014). In order to capture the notion of banking business model we apply the clustering approach
proposed by Marques & Alves (2020) that combines the outputs of three clustering methods
(Fuzzy C-Means, Self-Organizing Maps, Partitioning Around Methods). Given the absence of an
established taxonomy of banking business models, the use of an ensemble of methods (rather just
one) is expected to increase the accuracy of the assignment of banks across business models

relative to their true, unobserved, classification.

Secondly, in our model we explicitly consider the likely interactions of business model
diversity with diversification and market power. This is quite relevant given that recent literature
has suggested that (i) diversity may be affected by diversification, as diversified banks tend
become more similar among each other (Wagner, 2008, 2009, 2010a, 2011; Beale et al., 2011;
Goodhart & Wagner, 2012); (ii) diversity may impact resilience directly by reducing the likelihood
of joint failures (Acharya & Yorulmazer, 2007; Beale et al., 2011; Haldane & May, 2011; Wagner,
2011); and (iii) diversity may affect market power by deteriorating collusion or enabling strategic
interdependence (Porter, 1979). By modelling these relationships explicitly via 3SLS we control
endogeneity concerns as well as shed light on the direct and indirect mechanisms via which

diversity may affect resilience.



Thirdly, this paper introduces the topic of business model diversity in the longstanding
debate regarding the financial stability of market and bank-based systems. This is done by
exploring the differences in the relationship between diversity and resilience per type of financial
system. The relevance of this contribution seems sustained by the fact that we find consistent
differences in the impact of diversity on resilience per type of financial system when adopting
alternative methodological approaches (3SLS, rolling regressions, efficient portfolio analysis). In
our view such findings provide confidence regarding the importance of diversity in explaining
financial stability. We discuss several possible explanations for our findings.

Our fourth contribution is to provide an empirical framework to monitor the optimal
portfolios of banking business models. This is done by leaning on standard portfolio selection
methods, including the computation of a modified Sharpe Ratio (Sharpe, 1966), which accounts
for the key elements of Z-score: internal funding and correlations of returns. This contribution
answers recent calls by literature (e.g. Goodhart & Wagner, 2012) for macroprudential supervision
to monitor the correlation of returns among key market players, for its potential role as an early

warning tool of systemic risk in the banking sector.

The main results of the paper may be summarized in the following way. Firstly, using the
full sample of 33 countries between 2005 and 2016, we find a positive and significant relationship
between business model diversity and resilience. This result is robust to alternative methods (mean
comparison, 3SLS, static GMM, dynamic GMM) and proxies for resilience (Z-score, V-lab’s
systemic risk, regulatory capital ratio, likelihood of systemic bank crisis) and diversity (Shannon
diversity, Simpson diversity, Shannon evenness). Secondly, we find evidence of the heterogenous
effects of diversity on resilience depending on the type of financial system. Namely, diversity is
seen to positively affect the resilience of countries with market-based systems, whereas no
significant relationship is found for bank-based systems. This result is robust to alternative
methods. In light of the literature, we interpret such findings as suggesting that the trade-off
between the diversity-induced benefits (namely the reduced contagion due to the segregation of
market beliefs regarding banks with different business models) and costs (particularly the loss of
specialization gains from operating with a single, dominant business model) only pays-off for
market-based systems. Our results also indicate that the diversity and business model composition
of optimal portfolios are significantly different in market and bank-based systems. Namely, the

optimal portfolio of market-based systems is quite diverse and comprised of BM1 (53%), BM2



(35%) and BM3 (12%); whereas the optimal portfolio of bank-based systems is mainly focused on
BM1 (87%). Under portfolio selection theory, the result we obtain (i.e. the same level of diversity
induces different responses in terms of resilience according to the type of financial system) may
be analytically understood under the specific mix of rankings of internal funding, standard
deviation and correlation of the banking business models — in other words, it depends on the

ecosystem of each financial system.

The remaining paper is structured as follows. In Section 2 we provide an overview of
literature regarding diversity, resilience and the role of financial systems. In Section 3, we present
the methodologies adopted throughout the study. Section 4 briefly presents the data, as well as the
identified banking business models. The results and discussion are shown in Section 5, before
concluding in Section 6.

2. Literature review

2.1. The relationship between bank diversity, diversification and resilience

Recent studies have suggested that the link between diversity and resilience may be studied in light
of two relatively well covered channels in banking literature: diversification and market power
(Baum et al., 2020). As mapped in Figure 1, the ‘diversification-resilience’ channel may be seen
as comprising two types of effects: an indirect effect (A), whereby diversification is expected to

influence diversity (A1) which, in turn, should impact resilience (A2); and a direct effect (B).

Figure 1. ‘Diversification-resilience’ and ‘market power-resilience’ channels: an overview
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Notes: The relationships mapped in this figure steam from the literature review. The codes attributed to
each relationship (Al, A2, B, C1, C2) are identified in the main text. The expected sign of each
relationship is identified whenever literature offers a clear prediction.



To provide some intuition, consider the following distinction between diversification and
diversity. Following literature (e.g. Stiroh, 2004; DeYoung & Torna, 2013), the notion of
diversification is typically associated with revenue diversification and is linked to the scope of
activities performed within the bank. The notion of diversity, on the other hand, is better viewed
at the aggregate level, and corresponds to the variety of bank types or ‘species’ or, in the case of
this paper, business models. In a market with two banks that are both perfectly diversified, there

is only one bank type and hence diversity is very low.

Regarding the link between diversification and diversity (Al), a strand of literature has
suggested that as banks diversify into new business lines they tend to become more alike, and
hence lead to the reduction of diversity in a given banking system (Wagner, 2008, 2009, 2010a,
2011; Beale et al., 2011, Goodhart & Wagner, 2012). According to Wagner (2008) this phenomena
may be attributed to two main drivers: (i) deregulation, which allowed banks, particularly in the
US3, to widen the scope of activities; and (ii) financial innovation, for instance via the growth of
the derivatives markets, which significantly impacted the ability of banks to share risks with other
institutions, hence becoming more similar among themselves. Also, Beale et al. (2011) indicate
the narrow focus of regulators on individual (rather than systemic) risk as a driver of bank
diversification, particularly among large banking conglomerates. Importantly, although all cited
works are emphatic (and unanimous) in describing the expected negative relationship between
diversification and diversity, to the best of our knowledge no study has yet provided empirical
evidence in this regard.

As for the second leg of the indirect effect (A2), literature suggests that the increased bank-
level homogeneity that results from the adoption of uniform diversification strategies is expected
to increase the likelihood of joint bank failures (Acharya & Yorulmazer, 2007; Beale et al., 2011,
Haldane & May, 2011; Wagner, 2011). In particular, according to these works, a banking system
that is comprised of banks sharing the same risks is more likely to face contagion whenever a
systemic event occurs, such as a large drop in asset market prices or a sudden shortage of liquidity.
Hence, according to this strand, policymakers may reduce the likelihood of systemic crises by

generating the incentives (e.g. lower capital requirements) for banks to adopt diverse

3 An often cited example of bank deregulation in the US is the repeal of the Glass-Steagall Act in 1999. The
‘deregulation’ driver of diversification is less likely to have had an impact in Europe given the long-standing tradition
of universal banking in this region.



diversification strategies (Beale et al., 2011). This rationale leads us to expect that a positive
relationship may be found between the diversity of banking business models and system-wide

resilience.

Finally, diversification is also expected to impact resilience directly (B). For instance, one
may envision that banks that successfully tap into different revenue streams may, on average,
record results that are more stable than their non-diversified peers, assuming that the revenue
streams are negatively correlated among themselves. In such cases, the aggregate riskiness of a
banking sector would, in fact, tend to decrease as banks diversified their asset portfolios. However,
literature seems to suggest that seemingly uncorrelated assets may become highly correlated under
systemic distress, and especially so trading assets (Jiménez & Mencia, 2009). Also, moving outside
the core business lines may significantly increase bank riskiness due to increased moral hazard
(Boyd et al., 1998) and lack of expertise and experience (Stiroh, 2004; Goddard et al., 2008). The
reasonable plausibility of both intuitions presented above suggests that literature is inconclusive
regarding the expected sign of the direct relationship between diversification and resilience. This
is backed by the lack of a general consensus in empirical literature regarding the effects of
diversification on banking system resilience (e.g. DeYoung & Roland, 2001; Stiroh, 2004; Laeven
& Levine, 2007; Mercieca et al., 2007; Blundell-Wignall & Roulet, 2013) — which draws our
attention towards providing additional empirical evidence on the relationship between

diversification and resilience.

As for the ‘market power-resilience’ channel, Figure 1 shows that it may be depicted as
comprising a single indirect effect (C), wherein diversity is expected to influence market power
(C1) which, in turn, is foreseen to impact resilience (C2). In order to grasp the expected
relationship between diversity and market power (C1), we draw on Strategic Groups Theory (SGT)
(Porter, 1979). According to SGT, banks are likely to make decisions regarding a common set of
strategic dimensions (e.g. type of activities, funding sources, diversification, size), which may lead
to the formation of groups of banks operating under the same strategic guidelines. In this paper we
follow Mergaerts & Vennet (2016) and equate the term ‘strategic group’ to that of ‘business
model’. We review SGT and find two opposing mechanisms that may help us shed light on the

relationship between diversity and market power.

The first mechanism is related with the occurrence of collusive agreements. In particular,

the existence of “divergent strategies reduce the ability of oligopolists to coordinate their actions



tacitly” (Porter, 1979: p.217). This becomes apparent, for instance, by noting that the composition
of the average “price conditions” set by banks (which in general may be seen as including, among
others, the contractual interest rate, fees and commissions, and required guarantees) may differ
substantially depending on the bank’s business model (i.e. the type of activities and services
provided, funding sources, and risk appetite), making it harder for banks to set (and monitor)
collusive “prices” across business models. Hence, under SGT an ‘ecosystem’ populated by a
diverse set of banking business models seems less likely to originate market power via collusive

agreements.

The second mechanism concerns the existence of strategic interdependence. More
specifically, under some circumstances banks may compete “a la Bertrand” (Yanelle, 1997; Smith,
1998), wherein strategic variables such as price (i.e. the lending rate) and the underwritten risks
may be viewed as strategics complements. For instance, an increase in the average risk premium
charged in corporate loans by a given retail bank may interpreted as a signal of increased riskiness
of the business cycle, inducing other retail banks to increase the premium charged in SME and
retail loans. In such a case, it is well documented that, under the Bertrand model with some degree
of product diversification, a price increase in the services provided by one firm tends to be
accompanied by an increase in the price charged by the competing firm (and hence increased
market power) (Bertrand, 1883). In tune with this view, Porter (1979) acknowledges that the
previously noted negative relationship between diversity and market power is likely to be tuned
down (and possibly inverted) depending on the level of strategic interdependence between firms.
In sum, the two SGT mechanisms used to describe the diversity-market power nexus (collusive
agreement and strategic interdependence) offer mixed predictions regarding the expected sign of
the relationship between diversity and market power. Critically, in our view such lack of consensus
regarding the diversity-market power relationship generates an important research gap that this

paper aims to fill.

Finally, several arguments have been presented in literature predicting a positive effect of
market power on resilience (C2). Effectively, market power may be expected to positively
contribute to the systemic ‘buffer’ against adverse shocks (via higher profits) as well to the overall
bank charter value, mitigating the incentives for owners and managers to take on excessive risk,
hence decreasing the likelihood of a systemic banking crisis (Hellman et al., 2000; Allen & Gale,

2000). In the same line, according to Beck et al. (2006), it may be argued that it is substantially



easier to monitor a few banks in a concentrated banking system. From this perspective, supervision
of banks may be more effective (and the risks of contagion be lower) where banks enjoy a higher
market power. On the other hand, however, the model proposed by Boyd & De Nicol6 (2005)
envisions that market power may in fact lead to reduced resilience, given that banks in a
monopolistic position will tend to increase interest rates charged to borrowers, which in turn is
likely to increase the bankruptcy risk of borrowers and, under moral hazard, generate incentives
for them to adopt risky business strategies. Similarly, Mishkin (1999) suggests that systems with
high market power are more likely to benefit from ‘too-big-to-fail’ implicit state guarantees, and
hence increase bank ex-ante risk-taking incentives, given that policymakers are more concerned
about failures when there are few banks. Importantly, as stated by Boyd & De Nicolé (2005), the
existing empirical literature focused on the ‘market power-resilience’ nexus does not offer a clear
answer regarding the sign of the relationship, and may be better described as mixed — and hence

we also attempt to contribute to this strand of literature.

2.2. Types of financial systems, diversity and resilience

Our study is also related to a recent line of literature that analyses the contribution of the type of
financial system (market or bank-based) to financial stability — wherein the latter may be seen as
encompassing financial systems with a strong orientation towards stock and bond market
financing, characterized by the prevalence of arms-length contracts and monitoring via market
discipline (Boot & Thakor, 2000); and the former refer to financial systems with a stronger
dependence on bank financing and hence a greater orientation towards relationships-contracts,

which are mainly monitored via regulation and supervision (Rajan & Zingales, 1998).

In this regard, some studies have documented that financial crises tend to be more severe
in bank-based systems (Gambacorta et al., 2014). This is seen to occur for a variety of reasons,
including (i) the procyclicality of bank lending (Pagano et al., 2014; Langfield & Pagano, 2016),
(ii) the high leverage of banks, which makes them prone to runs by depositors and other creditors
(Acharya & Thakor, 2016), and (iii) their interconnectedness, which induces contagion via
counterparty risk (Drehmann & Tarashev, 2013). Under such context, it may seem reasonable to
hypothesize that an increase in the diversity of banking business models should induce resilience
in bank-based systems, particularly if the performance of different business models is not

positively correlated. This is so because if one business model is particularly affected by a negative



shock (e.g. sudden drop in Housing prices) banks operating with less affected business models
may be able to continue to provide lending to the economy. However, as suggested by Jiménez &
Mencia (2009), seemingly uncorrelated bank assets (and liabilities) may become highly correlated
under systemic distress due to the presence of unobserved, latent factors (Duffie et al., 2009).
Moreover, the financial innovation that implicitly drives business model diversity (Ellis et al,
2014) may also impose significant challenges to the effectiveness of bank supervision. To this
effect, it may be noteworthy that, according to the Liikanen Report (2012), some of the banks that
failed during the 2007-09 crisis did so after changing their business model prior to the crisis (e.g.
Royal Bank of Scotland). In our view, such episodes speak to the possibility that the effectiveness
of bank supervision may, in fact, be hindered in the presence of novelty in the way that banks run
their business. Both arguments (latent bank correlation and challenges to bank supervision) seem
to significantly dampen our initial prediction regarding the effects of diversity on the resilience of

bank-based systems*.

Another strand of literature that may help us shed light on the relationship between
financial system, diversity and resilience is focused on the role of information and market
discipline in bank contagion. In particular, it is argued that while in normal times market creditors
may adequately monitor banks due to their superior experience and access to information
(Calomiris, 1999), such market discipline is likely to be less effective (and may even induce bank
contagion) in the presence of noisy public signals (Huang & Ratnovski, 2011). More specifically,
such contagion may be accelerated by market discipline via the high degree and speed of
adjustment at which the beliefs of stakeholders are updated in market-based systems, namely if
bank entities are seen as homogenous (Wagner, 2009b). Conversely, in bank-based countries the
reaction of market players to signals regarding the banking system will tend to less acute given the
greater presence of bank regulation and supervision (e.g. explicit deposit guarantee schemes).
Hence, this strand of literature seems to suggest that diversity may play a more significant role in
increasing the resilience of market-based systems than in bank-based systems, given the incentives
faced by banks to pursue diverse diversification strategies (Beale et al., 2011) in order to avoid

contagion.

4 We also acknowledge the existence of an alternative empirical approach according to which financial systems are
not divided into bank vs market based but rather it is studied whether bank and market financing are substitutes or
complements (e.g., Naceur & Ghazouani, 2007; Arize et al., 2018).
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3. Methodology

3.1. Identification of banking business model diversity

The first step in measuring the diversity of banking business models consists in the identification
of business models at the bank-level. In this regard we follow the methodology laid out in Marques
& Alves (2020): firstly, we perform principal components analysis on a selection of business
model variables related with the assets and funding structures, diversification, size and capital of
banks. Among other things, this step ensures that clustering is performed in an orthogonal space
(Sharma, 1996); secondly, we run clustering analysis using three alternative methods (Fuzzy C-
Means, Self-Organizing Maps, Partitioning Around Medoids) and combine the classification
outputs of each algorithm into one single classification, using a majority consensus rule. Using an
ensemble of clustering methods (rather than one single method) is expected to increase the
accuracy of the assignment of banks to business models relative to their true, unobserved,
classification (Kuncheva, 2004), which may be seen as particularly valuable given the absence of
an established taxonomy of discrete banking business models. To determine the optimal number
of clusters we rely on a set of internal selection criteria (Silhouette Width, the Calinski-Harabasz
Index, Davies-Bouldin Index, Dunn Index).

The identification of banking business models is performed using the full period mean
values of the input variables for each bank, resulting in the allocation of each bank to a unique
business model over the entire sample period. Such approach is in line with the notion of business
model as a stable, long-term concept (Mergaerts & Vennet, 2016). Also, in order to ensure
comparability of results with other studies focused on banking business models, which are mainly
addressed at European banks (Ayadi et al., 2015; Mergaerts & Vennet, 2016; Martin-Oliver et al.,
2017) we perform clustering at the regional level. In other words, we run our clustering procedures

separately for banks operating in Europe, Asia and America.

Next, we follow a recent strand of studies (Michie & Oughton, 2013; Baum et al., 2020)
and draw on ecology literature to compute the country-level diversity of banking business models.
Particularly, we use the notion of Shannon diversity to measure the level of banking business
model diversity for each country-year (SHD; ;) (Maurer & McGill, 2011):

11
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SHD;, = —Zpi’;t X In p{:t €Y
j=1

Wherein pl] . Is the market share of assets held by all banks with headquarters in country i,

in year t, operating under business model j (with j = 1, ...,J). The higher the value of the Shannon
diversity, the more evenly distributed across business models the total assets are. Alternative

measures of diversity (e.g. Simpson diversity) are used as robustness check.

3.2. Impact of business model diversity on resilience

One of the key takeaways from our survey of literature is that the relationship between diversity
and resilience seems intertwined with two relatively well-known drivers of resilience:
diversification and market power. This means that some of the key variables of interest in our
study should be considered on both the left (explained) and right (explanatory) side of the
estimated equations. Namely, by observing Figure 1 it becomes apparent that both diversity and
market power are expected to simultaneously constitute explained and explanatory variables in a
system of equations. Such empirical setting sets up well for the estimation of a three-stage
simultaneous equation model (3SLS), which not only allows us to take under consideration the
endogenous nature of the relationships between a set of variables, but also ensures a superior use
of information in comparison with 2SLS, due to the simultaneous estimation approach (Jacques &
Nigro, 1997). For these reasons, in this paper we jointly estimate the following system of equations
(wherein the endogenous variables are identified in bold; note that the definitions of all variables

are provided in Table 1):

SHD;, =ay+ a;RD;; + a;ARIl;; + a3STK;, + C; + Y, + & 2
Ll;, = Bo+ BiSHD;; + BERI;; + B3CON;y + B4BCL;y + G+ Y, + & 3

ZS;y =Vo+ViSHD; +V,RD;; +y3Ll;y +v,SIZ;; + ysBCL;  + PCip + C; + Yy + &, €))

Regarding equation (2), our main relationship of interest is between revenue diversification
(RD) and diversity, proxied by Shannon diversity (SHD) (Figure 1: Al, a negative association is
expected). Despite RD not being defined as an explained variable in any of the other equations,
we define it as endogenous because it is likely to be influenced by several variables included in
the system (e.g. scope of activities, size). In addition to RD, equation (2) includes two exogenous

regressors: activity restriction index (ARI), which depicts the level of restrictions imposed on the
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ability of banks to perform activities related with securities, insurance, and real estate (Barth et al.,
2006) (a negative association with diversity is expected); and the share of total assets held by
stakeholder banks (STK). Such banks have often been seen as drivers of diversity in the banking
sector (Ayadi et al., 2015), given their propensity to stick to a traditional way of doing business,
hence avoiding uniform diversification strategies (Beale et al., 2011) (a positive relation with
diversity is expected).

As for equation (3), we are mainly focused on the relationship between SHD and market
power, which is proxied by the Lerner Index (LI) (Figure 1: C1, no clear sign is expected for this
relationship). Literature on market power is quite profuse, hence we include three exogenous
variables in the regression: entry restriction index (ERI), which evaluates the number of entry
requirements imposed by a country’s bank supervisory agencies (Barth et al., 2006), and proxies
for the height of barriers faced by new entrants (a positive relationship is expected); the
concentration of assets in the 5 largest banks of each country (CON) (the low rivalry implicit in
highly concentrated markets induces us to expect a positive relationship); and the business cycle,
computed as the annual growth of GDP (BCL) (which may be expected to be positively related

with market power, given the expected negative impact on rivalry).

Finally, equation (4) models the level of resilience in the banking system, proxied by the
median Z-score in each country-year (ZS) (e.g., Diallo & Al-Mansour, 2017). The main
relationships of interest in this equation are threefold: (i) SHD and ZS (Figure 1: A2, a positive
sign is expected); (ii) DIV and ZS (Figure 1: B, no clear sign is expected); and (iii) LI and ZS
(Figure 1: C, again the expected sign is unclear). Moreover, three exogenous variables are
included: the total size of banking assets in proportion to GDP (S1Z), which may reflect the degree
to which the country is ‘overbanked’, particularly in Europe (ESRB, 2014) (expected sign:
negative); the business cycle (BCL) (expected sign: positive); and a set of dummies that account
for past financial crises (PC), which may reflect two opposing effects: the persistent nature of
bank risk culture (Fahlenbarch et al., 2012); or a learning effect (Yu, 2018) (expected sign:
unclear). Equations (2, 3, 4) include country (C;) and year (Y;) fixed effects. Importantly, we

perform and report the Sargan-Hansen test of validity (exogeneity) of instruments.
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Table 1. Variables description

Resilience
Z-score (In)

Diversity

Shannon
diversity

Country controls

Revenue
diversification

Lerner index

Financial system

Concentration

Activity restriction
index

Stakeholder

Entry
requirements
index

Business cycle

Size of the
banking sector

Business model features

Gross loans to
customers

Interbank lending

Trading assets
Customer deposits

Interbank
borrowing

Wholesale funding

Total derivatives

Income
diversification

Total assets
Total equity

Description

Source

Natural log of: ROA plus the ratio of total equity to total assets, divided by the
standard deviation of ROA, using the full sample period at the bank-level.
Aggregation at country level is obtained using the median value.

Calculated as: —[Y pi*In(pi)]= —[p1*In(p1)+...+ p*In(p;)], where i is the banking
business model, j is the total number of business models, and p; is the proportion
of abundance of business model i in a country, computed as the share of a
country’s total bank assets run by banks operating with business model i.

For each bank: 1 minus the sum of squared of four components of total operating
income (TOR): net interest income (NII), net fees and commissions (NFC), net
trading income (NTI) and other income (OTH). As Elsas et al. (2010), absolute
values of each component are used: [1 — [(NII/TOR)? + (NFC/TOR)? +
(NTI/TOR)? + (OTH/TOR)? ]]. Country-level aggregation using mean value.

Output prices minus marginal costs, divided by output prices. The prices are
proxied by total operating revenues divided by total assets. The marginal costs are
obtained using a translog cost function with respect to output (Demirgiig-Kunt &
Peria, 2010). A higher value of the Lerner index indicates higher market power.

Calculated as: the ratio between private credit by deposit money banks and the
sum of the outstanding domestic and international private debt securities and total
stock market capitalization (%). Credit and stock market data is obtained via
World bank and debt securities via BIS (Bats & Houben, 2020).

Share of total assets held by 5 largest banks in each country (%).

This index assesses the ability of banks to engage in activities related with
securities, insurance, and real estate. The index is built using the World Bank’s
‘Bank Regulation and Supervision Survey’ 0of 2007, 2011 and 2017. A higher value
equates to greater activity restrictions.

Share of a country’s total bank assets held by cooperative or savings banks (%).

This index assesses the number of entry requirements imposed by a country’s
banking supervisory agency. The following 10 requirements are assessed (e.g.
including draft inlaws, financial information on main potential shareholders). A
higher value equates to greater entry barriers.

Annual growth of GDP per capita (%).

Total assets held by deposit money banks as a share of GDP (%).

Gross loans and advances to customers.

Net loans and advances to banks, reverse repos, securities borrowed, cash
collateral.

Financial assets trading and at fair value through profit or loss.
Customer deposits.
Bank deposits, repurchase agreements, securities loaned, cash collateral.

Other deposits, short-term funding and debt securities (maturity < 1 year), long-
term borrowings and debt securities at historical cost, subordinated liabilities,
other long-term borrowing.

Derivative financial instruments, asset and liability-side.

Herfindahl-Hirschman Index (HHI); total operating income (OR) includes net
interest income (NI1), net fees and commissions (NFC), net trading income (NTI)
and other income (OTH). As Elsas et al. (2010), absolute values of each
component are used: [1 — [(NII/OR)? + (NFC/OR)? + (NTI/OR)? + (OTH/OR)?]].
Log of average assets in thousand euros.

Total equity.

Bankscope/Orbis
authors' calculation

authors' calculation

authors' calculation

Global financial
development
database (World
Bank)

Global financial
development
database (World
Bank), BIS

authors' calculation

Bank Regulation and
Supervision Survey
(WB), Barth et al.
(2006)

authors' calculation

Bank Regulation and
Supervision Survey
(wB)

Global financial
dev. database (WB)
Global financial
dev. database (WB)

Bankscope/Orbis
Bankscope/Orbis

Bankscope/Orbis
Bankscope/Orbis
Bankscope/Orbis

Bankscope/Orbis

Bankscope/Orbis

Bankscope/Orbis
authors’ own
calculations

Bankscope/Orbis
Bankscope/Orbis
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3.3. Efficient portfolios of banking business models

Our final empirical task is to find the efficient compositions of banking business models, at the
aggregate level, and test their relationship with diversity in market and bank-based systems. To do
S0, we equate our exercise to that of portfolio selection (Markowitz, 1952), but instead of using a
conventional risk-return measure such as the Sharpe Ratio (Sharpe, 1966) we employ the Z-score
— which allows us to depict the notion of resilience, and is in tune with the rest of the paper, e.g.
vide equation (4). Importantly, applying this method allows us to explore the strategic
interdependence between business models by explicitly taking into account the covariates of
returns between business models in the determination of optimal composition of portfolios of
business models.

In particular, for each type of financial system (market and bank-based), we find the vector

of weights of the portfolio (or market shares) of business models («) which minimize the standard

deviation of returns of a given level of internal funding (SDROA), by employing linear programing

tools to solve the following problem:

min f(w) = SDROA = /w—f XQ X©

S.t.:
() 7 =w’ x(ROA+CAR) =K ()
(i) w=1
(iii) w; >0

Wherein g is the vector of mean internal funding, comprised of the weighted vector of

mean returns on assets (W) and capital ratio (m’) per business model; T is the transposed
vector of mean weights or market shares of assets held by each business model j; and Q stands
for the variance-covariance matrix of returns (ROA), obtained using annual values for the full
sample period (2005-16). As for the constraints: (i) holds some parallel with standard portfolio
selection studies, in which the minimization of the volatility of returns is performed for a given
level of returns. In our study, instead of returns, we pre-set the level of internal funding to K (below
we discuss how the values of K are identified); constraint (ii) sets the sum of weights in vector @

to 1, as the sum of the market shares of each business model must comprise the totality of the
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market; and (iii) determines that all portfolio weights must be non-negative, reflecting the fact that
negative market shares hold no economic significance. For each type of financial system, we run
(5) for all feasible values of K. In particular, we begin with the lowest value of g and incrementally
add 5 basis-points until we reach the maximum feasible value. Finally, the efficient frontier of

business model portfolios is obtained by discarding the portfolios with a higher SDROA than the

portfolio with the lowest SDROA. Our efficiency frontier is measured in terms the Z-score which

is computed as:

7=t (6)
SDROA

Finally, we check whether the impact of diversity is different for market and bank-based
systems for the efficient portfolios. We do this by performing a modified version of the Gibbons-
Ross-Shaken Test (Gibbons et al., 1989) wherein the null hypothesis is that the Z-score of efficient
portfolios with a similar level of diversity are not statistically different in market and bank-based

systems. The statistic for this test is given by:

(Gld) = (T j 1) [(Zm |d)—(Z31dy) @)

i @2ay | CFeT-ID

Wherein, ( G | d;) is the Gibbons statistic obtained for a given level of portfolio diversity
(d;), T is the number of yearly observations in the sample (T = 12 : 2005-16), J refers to the total
number of business models potentially included in each portfolio, ( Z2 | d;) and ( ZZ | d;) are the
squared Z-scores of efficient portfolios for market and bank-based conditioned on the level of

portfolio diversity (d;).
4. Data

4.1. Sample selection

Our sample selection process comprises two steps. In the first step, we identify the bank-level
sample using the Bankscope/Orbis dataset and implementing a set of criteria followed in similar
studies (Mergaerts & Vennet, 2016), namely: (a) consolidation code (C1, C2, U1l); (b)
specialization code (commercial bank, savings bank, cooperative bank, real estate and mortgage
bank, investment bank, specialized governmental credit institutions); (c) more than 5B euros at
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least one year in the sample period (2005-16); (d) average customer deposits to total funding and
gross loans to customers to total assets greater than 5%; and (e) at least 3 observations in the sample
period, with no gaps. By applying these criteria, we avoid the duplication of entities in our sample,
and only deal with institutions with some level of bank activity and relatively high quality of data
reporting.

The second step consists in applying an additional filter when aggregating data at the
country-level. Given the focus of our study on the diversity of business models, we require
countries to have (a) at least 10 banks in one year during the sample period (2005-16); and (b) no
missing data in the World Bank’s Global Financial Database regarding the variables of interest
(e.g. size of the banking sector). Moreover, to ensure additional confidence regarding our diversity
measures (which are computed based on bank-level information) we place critical importance on
the stability of our sample by (c) only using country-year observations for which the number of
banks is at least 2/3 of the maximum number of banks recorded for each country during the entire
sample period. This leads us to remove a set of years for specific set of countries, while avoiding
gaps in the sample, yielding an unbalanced panel of 336 country-year observations (instead of 396
= 33 countries*12 years), distributed across 33 countries. As for the underlying bank-level sample,
which is used to compute several measures that are aggregated at the country level (e.g. diversity

measures), it is comprised of 1268 banks and 12103 bank-year observations (vide Appendix Al).

4.2. Banking business models

Table 2 shows the results of the selection criteria for each clustering partition. In general, we
obtain consistent results across regions and clustering methods, that suggest an optimal partition
of four clusters in our sample (J=4). For instance, in Europe, J=4 records the highest value of
Calinski-Harabasz Index (CHI) for FCM, SOM and PAM; in Asia, for the SOM algorithm, the
four cluster solution records the highest values of Average Silhouette Width (ASW), CHI and
Dunn Index (DI) and the lowest Davies-Boulding Index (DBI); and, in America, the J=4 solution
records the lowest DBI for all algorithms. Such results are consistent with recent literature using
clustering to identify banking business models of European (Ayadi et al., 2015) and Global banks
(Roengpitya et al., 2017). To the best of our knowledge no literature exists employing clustering

methods to identify banking business models in Asia or America.
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Table 2. Number of business models per region: selection criteria

Europe Asia Americas
ASW CHI DBI DI ASW CHI DBI DI ASW CHI DBI DI

FCM
J=3 0.175 117.90 1.70 0.036 0.238 120.12 1.65 0.026 0.250 93.21 1.57 0.060
J=4 0.162 122.56 1.53 0.031 0.215 113.57 1.50 0.013 0.274 101.45 1.22 0.030
J=5 0.137 110.73 1.62 0.031 0.212 99.24 1.74 0.027 0.171 84.82 1.48 0.010
J=6 0.158 111.16 1.50 0.037 0.154 84.95 1.79 0.029 0.183 82.24 1.38 0.029
SOM
J=3 0.165 108.51 1.76 0.039 0.170 100.25 1.87 0.027 0.259 86.45 1.50 0.042
J=4 0.167 117.86 1.48 0.024 0.214 117.32 1.48 0.031 0.260 78.09 1.42 0.040
J=5 0.134 104.34 1.66 0.050 0.151 93.72 1.76 0.024 0.197 73.73 1.64 0.026
J=6 0.076 85.25 1.89 0.027 0.101 82.26 1.78 0.018 0.170 61.51 1.59 0.028
PAM
J=3 0.225 121.12 1.53 0.028 0.173 106.25 1.48 0.019 0.316 84.73 1.27 0.041
J=4 0.195 126.29 1.50 0.030 0.221 113.86 1.46 0.013 0.280 97.51 1.21 0.040
J=5 0.193 125.23 1.45 0.027 0.232 115.45 1.38 0.021 0.240 89.43 1.35 0.008
J=6 0.194 116.10 1.37 0.046 0.191 102.36 1.41 0.023 0.189 79.62 1.33 0.046
Count of #1 rank (considering all criteria, per region)

J=3 2 2 4
J=4 5 5 7
J=5 1 3 0
J=6 4 2 1

Notes: Results of running the PAM, SOM and FCM algorithms on the full period average sample, with inputs PC1 to PC5 for different number of clusters (J). Selection criteria:
Average Silhouette Width (ASW), Calinski-Harabasz Index (CHI), Davies-Bouldin Index (DBI) and Dunn Index (DI). The partitions with the top values (#1) for each criterion
are presented in bold. Note that the best partitions minimize SW<0 and DBI and maximize the remaining criteria.



The next step in our analysis is to interpret the composition of the clusters obtained within
each region (using the cluster-mean values of each input variable) and match the clusters with
similar compositions between regions. While performing this step, we find that in Asia and in
America the composition of a given cluster (J») does not significantly differ from the composition
of another cluster present in that region as well as in other regions (Je, ‘popular cluster’). To solve
this issue, we use the clustering results obtained for the three cluster partition for Asia and
America, whereas we maintain the four cluster partition for Europe. This situation generates the
absence of one cluster from Asia and America vis-a-vis Europe (Js, ‘missing cluster”). In order to
understand the implications of this methodological decision and identify potential distortions, we

perform several analyses.

Firstly, we check whether the affected clusters (Jo and Js) are the same in Asia and
America®, as this could exacerbate any potential distortions. This is not the case as both the
‘popular’ (Jo) and the ‘missing’ (Js) clusters are different in Asia and America: Oasia=3 # Oamerica=1,
dasia=4 # damerica=3. Secondly, we compare the composition of the ‘popular cluster’ (Jo) for the
three and four clusters partition, as a significant change would indicate that Jo might not be as
similar to Jo as initially suspected. We find no significant changes in the composition of Je in the
distinctive features of each business model for the three and four clusters partition. Thirdly, we
test if the banks in Asia and America represent a significant share of total assets of Jo, as this could
signal a potential distortion in the aggregate composition of business models. We find that banks
in America only contribute with 18.3% of BML1 total assets. However, banks in the Asian region
contribute with 89.1% of the total assets of BM3 — a result which seems to be mainly driven by
Chinese banks, that account for 66.7% of the total assets of BM3 (versus 13.0% of other business
models). Moreover, due to data availability issues Chinese banks are only present in the sample
during the 2012-16 period. This feature of our sample leads us to handle with care the analyses
related with the aggregate composition of business models. For instance, (i) we exclude Chinese
banks from the analysis of efficient portfolios performed in Section 5.3, which critically depends

on the stability of the sample composition over the sample period (particularly to compute the

5 To facilitate the discussion of the problem at hand, we instantiate the values of 0 and & for Asia and America using
the same numbering of business models as the one used in Table 3, which will be discussed below. In other words,
J1=BM1, J,=BM2, J;=BM3 and J,=BM4.
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variance-covariance matrix of portfolio returns) and (ii) as a robustness check, we test whether our

baseline results maintain when banks from dominant countries, such as China, are removed from

our sample.

Table 3. Banking business models: popularity and composition

BM1 BM2 BM3 BM4

Number of banks 563 283 288 134
Share of total banks 44.4 22.3 22.7 10.6
Share of total assets 10.2 31.7 18.3 39.8

Market-based systems 8.9 23.2 6.4 61.6

Bank-based systems 11.2 38.2 27.3 23.3

excluding China 171 34.2 9.8 38.9

Gross loans to customers 63.3 (12.8)*** 68.7 (11.9)* 41.5 (15.4)* 41.5(18.1)*
Interbank lending 6.9 (7.3)*" 5.8 (4.6)** 23.6 (15.2)*** 16.2 (11.1)***
Trading assets 1.2 (2.7)™ 2.0 (3.6)™ 2.8 (5.4)™ 11.1(8.5)"**
Customer deposits 78.0 (12.2)** 52.9 (19)*** 56.9 (19.5)*** 36.5 (20.6)***
Interbank borrowing 5.4 (7.0)* 8.3 (9" 21.0 (14.4)™ 19.0 (12.5)**
Wholesale funding 4.2 (5.0)*" 19.6 (15.8)*** 59 (9.)* 15.1 (13.6)***
Total derivatives 0.5 (1.4)** 2.0 (2.9* 1.5(3.9)* 13.1 (12.0)***
Income diversification 36.9 (13.5)** 46.1 (10.4)*** 42.4 (14.2)*** 53.5(10.2)***
Total assets 7.0 (0.4)*** 7.4 (0.6)*** 7.2 (0.5)** 7.8 (0.8)***
Total equity 8.1(3.5) 8.6 (3.6)* 8.5 (4.3)* 7.3 (4"

Notes: Mean values and standard deviations in parentheses. All variables computed as percentage of total assets, except number
of banks (count), income diversification (HHI) and total assets (log). The classification is obtained using the clustering ensemble
of PAM, SOM and FCM classification output following a majority consensus rule. The input variables used in the clustering
process are PC1 to PC5. For each variable, we compute the Tuckey HSD test for comparison of means per pair of business models.
The number of (*) indicates the number of pairwise comparisons which are statistically different at the 5% level. Values in bold
indicate the business models with the highest mean values for each variable, when the number of plus signs is (**) or (***). Market

(bank) based systems refer to countries which record a financial system index below (above) the cross-section median value of
financial system (73.0%).

Next, we analyze the popularity and composition of each business model. In particular, the
results in Table 3 show that:

e BM1 is the most popular model in terms of number of banks (44.4%) but represents the
lowest share of total assets (10.2%), which speaks to the relatively small size of such banks
(total assets: 7.0, log); in terms of composition, BM1 couples high values of gross loans to
customers (63.3%) and customer deposits (78.0%), and records the lowest income
diversification (36.9, HHI), which is in line with a traditional, retail oriented banking model
(Chiorazzo et al., 2018); hence, BML1 is labelled as retail focused;

e BM2 represents the largest share of total assets in bank-based systems (38.2%); the

composition of assets is concentrated in gross loans to customers (65.5%) but the funding
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side is relatively diversified, mainly due to the significant exposures to wholesale funding
(19.6%); BM2 banks also tend to be relatively large (7.3, log); as such, BM2 is termed
retail diversified funding;

BMa3 is the second most popular business model in terms of number of banks (22.7%); as
previously noted, untabulated results show that Chinese banks account for 66.7% of the
total assets of BM3 — which may also be deduced by comparing lines 5 and 6 of Table 3,
that show the distribution of total assets per business model of bank-based countries with
and without China, respectively; BM3 records a diversified asset structure composed of
relatively high values of interbank lending (23.6%) and low values of gross loans to
customer (41.5%) when compared to the other business models; on the other hand, it relies
mostly on traditional customer deposits for its funding (56.9%); given its composition,
BM3 is denoted as retail diversified assets; and

BM4 is the least popular in terms of number of banks (10.6%), but represents the largest
share of total assets (39.8%), which is mainly driven by its strong presence among market-
based systems (61.6%); BM4 exhibits diversified asset and funding structures, as
evidenced, for instance, by the relatively high values of trading assets (11.1%) and
wholesale funding (15.1%), and the low values of gross loans to customers (41.5%) and
customer deposits (36.5%); banks following the BM4 business model, also tend to exhibit
high values of derivatives (13.1%), income diversification (53.5, HHI) and size (7.8, log);
such description may be seen as resembling the notion of global diversified banks
(Akhavein et al., 1997; Pilloff & Rhoades, 2000), which leads us to label BM4 as large
diversified.

Interestingly, the distribution of total assets per business model seems to significantly differ

across types of financial systems. Namely, in market-based systems almost two thirds of total

assets (61.6%) are concentrated in banks that operate with the large diversified model (BM4).

Conversely, bank-based systems tend to exhibit a more evenly distributed ‘ecosystem” of business

models, as evidenced by the similarity in the share of assets held by each of business model (BM1.:
11.2%, BM2: 38.2%, BM3: 27.2%, BM4: 23.3%). Given that the composition of business models

lies at the heart of our notion of diversity, we interpret these findings as a clear indication that the

levels of diversity are deemed to be significantly different between market and bank-based

systems.
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4.3. Summary statistics

Table 4 provides an overview of the descriptive statistics for three samples: all financial systems

(Panel A), market-based systems (Panel B) and bank-based systems (Panel C). Countries with a

market (bank) based system are below (above) the cross-section median value of the financial

system index (73.0%). In Panel A, in column ‘Mean’, we report the results of a Tuckey HSD test

for the comparison of means between market and bank-based systems.

Table 4. Descriptive statistics

Mean SD within SD between Min Max
Panel A: All financial systems (n=336)
Z-score (In) 3.19** 0.13 0.53 1.68 4.42
Shannon diversity 0.65*** 0.06 0.32 0.06 1.22
Revenue diversification 1.97 0.13 0.22 1.44 2.93
Lerner index 0.26%** 0.05 0.10 -0.07 0.48
Activity restriction index 6.36%** 1.12 1.84 3.00 12.00
Business cycle 2.03 2.62 1.77 -7.83 23.94
Concentration 71.92%** 3.56 13.51 30.06 98.01
Entry requirements index 7.67** 1.19 0.97 0.00 9.00
Stakeholder 8.54*** 2.17 10.81 0.00 37.84
Financial system 92.70***  23.93 78.97 2.06 710.01
Panel B: Market-based systems (n=173)
Z-score (In) 3.25 0.14 0.58 1.68 4.42
Shannon diversity 0.56 0.06 0.30 0.06 1.10
Revenue diversification 1.97 0.11 0.18 1.53 2.45
Lerner index 0.24 0.05 0.09 -0.05 0.48
Activity restriction index 5.88 1.04 2.00 3.00 12.00
Business cycle 1.92 2.86 1.32 -7.83 23.94
Concentration 74.75 3.43 10.61 45.73 97.67
Entry requirements index 7.50 1.55 1.29 0.00 9.00
Stakeholder 4.63 1.57 10.46 0.00 34.48
Financial system 50.23 14.35 16.59 2.06 139.45
Panel C: Bank-based system (n=163)
Z-score (In) 3.12 0.12 0.42 1.97 3.89
Shannon diversity 0.75 0.06 0.32 0.06 1.22
Revenue diversification 1.97 0.15 0.27 1.44 2.93
Lerner index 0.27 0.05 0.10 -0.07 0.48
Activity restriction index 6.89 1.21 1.53 4.00 11.00
Business cycle 2.14 2.34 2.19 -5.91 9.42
Concentration 68.9 3.70 15.69 30.06 98.01
Entry requirements index 7.85 0.61 0.42 6.00 9.00
Stakeholder 12.68 2.67 10.66 0.00 37.84
Financial system 137.78 31.08 94.78 50.42 710.01

Notes: Countries with a market (bank) based financial system are below (above) the cross-section median value of the
financial system index (73.0%). In Panel A, column ‘Mean’, we report the results of a Tuckey HSD test for comparison of
means between market and bank-based systems. ***, ** and * indicate statistical significance at the 1%, 5% and 10% level,

respectively. Variables winsorized at 1 and 99 percentiles.
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In general, we note that the mean values of the key variables of interest (resilience,
diversity, revenue diversification, and Lerner index) are significantly different between market and
bank-based systems. Namely, on average market-based systems are significantly more resilient,
less diverse and more competitive than bank-based systems. Moreover, most of our control
variables also exhibit significant differences between both types of financial systems. In particular,
market-based systems tend to have lower restrictions to the scope of activities, are more
concentrated, have lower entry requirements (barriers) and are less populated by stakeholder banks
than bank-based systems. Lastly, we observe that the variables preserve some within standard
deviation. This is quite relevant given that the specification of our econometric model includes
fixed effects for each unit of analysis (i.e. countries). Such specification allows us to eliminate
confounding factors but may also significantly reduce the variation in the data. For this reason,
when estimating the magnitude of the effects of each variable, we use the within standard

deviations of the independent variables as counterfactuals (Mummolo & Peterson, 2018).

5. Results and discussion

5.1. Impact of business model diversity on resilience

We begin our analysis by observing the results of the comparison of means in Table 5, which
suggest that the countries with the most resilient banking sectors tend to be significantly more
diverse, less diversified and hold more market power than those occupying the lower quartile of
resilience. Next, we complement the preliminary results with the output of the 3SLS baseline
regressions, presented in Table 6. First, we start by noting that the null hypothesis of exogeneity
of instruments (Sargan-Hansen test) is not rejected for any of the specifications and that the R-
squares obtained for all regressions are quite high (ranging from 0.75 to 0.96), which gives us
some confidence regarding the completeness of our specification. As for the results, Panel A of
Table 5 shows that a negative and significant impact of revenue diversification negative on
diversity reflecting our literature-based expectation that banks tend to pursue uniform
diversification strategies (Beale et al., 2011) that, as whole, yield a more homogenous banking
sector (Wagner, 2008, 2009, 2010a, 2010b, 2011; Goodhart & Wagner, 2012). Similarly, we also
find that a higher Activity Restriction index significantly reduces diversity. Such relationship may

be seen as an indication that imposing restrictions on the type of activities performed by banks
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limits the extent to which they may pursue diverse diversification strategies (Beale et al., 2011).
Finally, the positive and significant effect of the share of assets held by stakeholder banks on
diversity seems to be in tune with the longstanding notion that cooperative and savings banks have
a particular way of doing business (Ayadi et al., 2015), and hence are less likely to herd around

uniform diversification strategies.

Table 5. Top versus bottom resilient systems

Top Bottom Diff.
1) 2 3
Number of country-year obs. 85 97
Z-score (In) 3.74 2.59 1.15%**
Shannon diversity 0.63 0.51 0.12**
Revenue diversification 1.92 2.10 -0.17*%**
Lerner index 0.30 0.24 0.05***

Notes: Country-year observations labelled as ‘Top’ (‘Bottom”) refer to observations recorded by countries located in the
top (bottom) quarter of cross-section Z-score per type of financial system. In other words, such observations consist in the
aggregation of Panels A and B of Table 7 below. In column (1) and (2) we present mean values, in column (3) we present
the difference between (1) and (2) as well as the p-value of the Tuckey HSD test for equality of means. ***, ** and *
indicate statistical significance at the 1%, 5% and 10% level, respectively.

The results for the market power equation are exhibited in Panel B of Table 6. As for the
impact of diversity on market power, we may observe that the estimated coefficient is positive and
significant. Such result suggests that the ‘collusive agreement hypothesis’ (Porter, 1979),
according to which diversity would reduce market power by threatening the stability of tacit
collusive agreements among competitors, is not observed in our empirical context. It is hence more
likely that the alternative mechanism put forward by the Strategic Groups Theory, i.e. strategic
interdependence, is igniting our results. More specifically, our results suggest that the choices of
different business models may be acting as strategic complements, a la Bertrand. To further test
whether the choices of different banking business models are effectively complementary would
require a significant workload and access to micro-level data (e.g. loan agreements and bond
issuances) and hence falls outside the scope of this paper. The estimates of the remaining three
variables (barriers to entry, concentration, and business cycle) show a positive effect on market

power, as expected.
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Table 6. 3SLS regressions: baseline results

Panel A: Shanon diversity
Revenue diversification

Activity Restriction index

Stakeholder

Country fixed effects
Year fixed effects
Number of observations
R-squared

Panel B: Market power
Shanon diversity

Entry Requirements index

Concentration

Business cycle

Country fixed effects
Year fixed effects
Number of observations
R-squared

Panel C: Resilience
Shannon diversity
Revenue diversification
Market power

Size of banking sector
Business cycle

Past crises dummies
Country fixed effects
Year fixed effects
Number of observations
R-squared

Shanon Div. Shanon Div. Shanon Div.

1) 2 ®)

-0.304™ -0.302" -0.301™

-0.008™ -0.008™ -0.008™

0.012™ 0.012™ 0.012™

Yes Yes Yes

Yes Yes Yes

336 336 336

0.96 0.95 0.96

Lerner index

Lerner index

Lerner index

Validity of instruments

Sargan-Hansen test (t stat)
Sargan-Hansen test (p-value)

(4) (5) (6)
0.371*** 0.378*** 0.381***
0.008*** 0.008*** 0.007**
0.002 0.002* 0.002**
0.002* 0.003* 0.003*
Yes Yes Yes
Yes Yes Yes
336 336 336
0.78 0.78 0.78

Z-score (In) RACAR (In) RAROA (In)

(@) 8 9)
1.163*** 0.995*** 0.474
0.061 -0.343 0.462

-0.748 0.799 -1.136
-0.002*** -0.002*** -0.002***
0.014*** 0.011*** 0.009*
Yes Yes Yes

Yes Yes Yes

Yes Yes Yes

336 336 336

0.95 0.96 0.75

4.0 4.2 3.8

0.86 0.84 0.88

Notes: Values presented are the coefficient estimates using three-stages least squares (3SLS) using country controls and country
and year fixed effects. ***, ** and * indicate statistical significance at the 1%. 5% and 10% level, respectively.
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Regarding the results for the determinants of resilience (Panel C), we may see that diversity
bears a positive and significant impact on Z-score. This was the expected sign for the relationship
and sustains the argument that less homogeneous banking systems are less likely to face systemic
distress (Beale et al., 2011; Wagner & Goodhart, 2012). Also, the magnitude of the effect seems
economically significant, as we estimate a 7.0% increase in the Z-score of banks as a consequence
of a 0.06 increase in the Shannon diversity (which equates to one within standard deviation
increase). Moreover, the results suggest that neither revenue diversification nor market power
directly affect the distance to distress. Such results are not entirely a surprise, given the mixed
evidence in literature, and, coupled with the significant impact of diversity on resilience, seem to
suggest that the proper channel via which these drivers impact resilience is in fact diversity —which

constitutes a novel and important contribution to literature.

Finally, an apparent inconsistency in the results catches our attention. Namely, Table 4
shows that market-based countries tend to be significantly more resilient than bank-based
countries, despite being less diverse, which would indicate a negative relationship between
diversity and resilience. However, as noted above, the baseline estimates suggest the opposite sign:
a positive association between diversity and resilience. Is it possible to reconcile both results? In
the next section we answer this question by looking at whether the relationship between diversity

and resilience significantly differs per type of financial system.

5.2. Type of financial system, diversity and resilience

In Figure 2 we explore the bivariate relationship between diversity and resilience per type of
financial system. Regarding market-based systems, the upper graph suggests the presence of a
positive correlation between diversity and resilience (0.24). For instance, we may see that the UK
(GB) simultaneously records a lower diversity and Z-score than the US. On the other hand, in the
lower panel of Figure 2, a less clear correlation is found for bank-based systems. For instance,
while Italy, Germany and Japan have a similar level of (high) business model diversity, their
distance to distress varies significantly. In both cases, the initial findings are backed by the results
presented in panel A and B of Table 7, which show that only in market-based systems the most

resilient banking sectors also tend to exhibit more diversity.
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Figure 2. Business model diversity and resilience per type of financial system
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Notes: Shannon diversity is computed for each country i as —[Y pi*In(pj)]= —[p1*In(pr)+...+ ps*In(ps)], where j is the business
model, J is the total number of business models present in country i, and pj is the share of total assets held by banks operating with
business model j in country i. Z-score (In) is calculated at the bank level as the natural log of return on assets (ROA) plus capital
ratio (CAR) divided by the standard deviation of ROA using the full sample period as window. The method of aggregation is the
median value. Due to data issues, the analysis includes only 28 out of the 33 countries present in our panel data: four countries are
excluded due to low time-series coverage (present in six or less years) and one country is excluded after performing the Median
Absolute Deviation (MAD) test for the detection of outliers in small samples (Iglewicz & Hoaglin, 1993). Visual inspection may
suggest that Switzerland, Russia and Portugal could be outliers, but the M-score for these countries is below the test’s critical value
of 3.5 (respectively: 2.2, 2.8 and 2.1).

Table 7. Top versus bottom resilient systems per type of financial system

Top Bottom Diff.
1) 2 ®)
Panel A: Market-based systems
Number of country-year obs. 39 59
Z-score (In) 3.93 2.63 1.29%**
Shannon diversity 0.60 0.44 0.15**
Revenue diversification 2.06 2.01 0.04
Lerner index 0.20 0.27 -0.07***
Panel B: Bank-based systems
Number of country-year obs. 45 38
Z-score (In) 3.58 2.52 1.06***
Shannon diversity 0.66 0.60 0.05
Revenue diversification 1.81 2.23 -0.42***
Lerner index 0.38 0.20 0.18***

Notes: Countries with a market (bank) based financial system are below (above) the cross-section median value of financial system
(73.0%). Country-year observations labelled as ‘Top’ (‘Bottom’) refer to observations recorded by countries located in the top
(bottom) quarter of cross-section Z-score per type of financial system. In column (1) and (2) we present mean values, in column
(3) we present the difference between (1) and (2) as well as the p-value of the Tuckey HSD test for equality of means. ***, ** and
* indicate statistical significance at the 1%, 5% and 10% level, respectively.

Two additional analyses are performed: 3SLS regressions using the sub-samples of market
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and bank-based countries (Table 8) and rolling regressions using the financial system as the
mediating variable (Figure 3). Regarding the sub-sample regressions, panel A shows that in
market-based countries business model diversity positive and significantly impacts resilience (one
within standard deviation increase in diversity yields a 10.4% increase in Z-score), whereas no
significant effect is detected in the bank-based sample (panel B). This result is corroborated by the
rolling regressions. Particularly, by observing Figure 3 we may see that the coefficient of diversity
on resilience is only positive and significant when the regressions include a majority of market-

based observations (left side of the graph).

Table 8. 3SLS regressions: market versus bank-based systems

Z-score (In) RACAR (In) RAROA (In)
A ) ®)
Panel A: Market-based systems
Shanon diversity 1.729%** 1.659%** 0.450
Revenue diversification -0.274 -0.105 0.715
Market power -0.724 -0.869 0.386
Size of banking sector -0.001 -0.002 -0.003**
Business cycle 0.025*** 0.022*** 0.008
Number of observations 173 173 173
R-squared 0.96 0.95 0.84
Sargan-Hansen test (t stat) 3.3 3.3 3.3
Sargan-Hansen test (p-value) 0.51 0.51 0.51
Z-score (In) RACAR (In) RAROA (In)
®) (6) @)
Panel B: Bank-based systems

Shanon diversity 0.326 0.437 0.080
Revenue diversification 0.344 0.353 0.201
Market power 3.665 4.862 1.092
Size of banking sector -0.001 -0.001 -0.002
Business cycle 0.001 0.000 0.001
Number of observations 163 163 163
R-squared 0.85 0.75 0.81
Sargan-Hansen test (t stat) 5.1 5.1 5.1
Sargan-Hansen test (p-value) 0.07 0.07 0.07

Notes: Countries with market (bank) oriented financial system are below (above) the median of the Financial system index. Values
presented are the coefficient estimates using three-stages least squares (3SLS). For brevity reasons we only report the results of
equation (4) in our systems of equations, which also corresponds to Panel C in Table 6. In order to mitigate endogeneity issues,
two changes are made to the baseline specification, (i) the Activity Restriction index is labeled as endogenous, and (ii) Entry
Requirement index is added as an instrument for diversity. ***, ** and * indicate statistical significance at the 1%. 5% and 10%
level, respectively.

A possible interpretation of the large positive effect of diversity on resilience for market-
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based systems is that the existence of diverse diversification strategies (Beale et al., 2011) within
a given banking sector may allow market participants to segregate their beliefs regarding the
financial situation of banks operating with different business models — which may be particularly
relevant in the presence of noisy public signals (Huang & Ratnovski, 2011). As for the lack of a
significant effect of diversity on bank-based systems, we view such result as an indication that
mixed effects may be at play: on one hand, it is conceivable that diverse bank-based systems may
be more resilient to adverse shocks, given the differences in risk exposure of each business model;
on the other hand, bank-based systems may also be more prone to (i) latent factors which, in the
face of adverse events, may induce significant return correlations between business models that
tend to be uncorrelated in normal times and (ii) less effective monitoring by bank supervisors (due
to the additional complexity of monitoring a diverse, rather than an homogenous, set of business
models and their inherent risk exposures). Another possible reason for the lack of statistical
significance may be linked to the relatively small sample size. To obtain a different perspective on
the relationship between diversity and resilience, next we explore the composition of banking
business models using portfolio selection analysis — which, although deemed to be sensitive to the
length of the time series used to compute the variance-covariance matrix, may be seen as less

dependent on the sample size of each type of financial system.

Figure 3. Heterogeneity: diversity on resilience per type of financial system
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Notes: We report the coefficients of diversity on Z-score obtained for a set of rolling regression using the baseline 3SLS regression
specification and the level of financial structure index to construct each rolling window. In the X-axis we report the average value
of the financial structure index for each sub-sample. The sub-samples used in the left (right) side of the graph tend to include more
observations with market (bank) based systems. A total of 13 sub-samples are used, as a result of a window size of 168 (i.e., 1/2 of
full sample size) and step size of 14 [=(336-168)/(13-1)]. The full line represents the coefficient estimates; the bottom and lower
dotted lines represent the 10% and 90% confidence intervals, respectively.
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5.3. Efficient portfolios of banking business models

In order to understand the optimal composition of business models for each level of internal
funding, we start by analyzing the input data that goes into the efficiency analysis. Namely, Panel
A of Table 9 shows that, for market-based systems, the business model with the highest mean
value of internal funding is the retail focused model (BM1), whereas the lowest standard deviation
is recorded by the retail diversified funding model (BM2); it also shows that the returns tend to be
positive and significantly correlated among business models, wherein the strongest correlation is
between BM1 and BM2 (0.86). This result is corroborated by the visual inspection of the evolution
of returns for market-based countries, in the upper graph of Figure 4, which shows an almost
perfect co-movement of BM1 and BM2 for market-based systems, an exception being the financial
crisis period, wherein BM2 recorded the lowest-return in 2008 and BM1 in 2009.

Table 9. Mean internal funding, standard deviation and correlations of returns

Mean Standard  Z-score Correlations of returns
internal  deviation
funding of returns BM1 BM2 BM3 BM4
Panel A: Market-based system
Retail focused (BM1) 10.8 0.176 61.5 1.00
Retail diversified funding (BM2) 9.8 0.162 60.7 0.86*** 1.00
Retail diversified assets (BM3) 9.1 0.228 39.9 0.68** 0.38 1.00
Large diversified (BM4) 7.5 0.190 39.2  0.73*** 0.57* 0.85*** 1.00
Panel B: Bank-based system
Retail focused (BM1) 5.9 0.052 113.3 1.00
Retail diversified funding (BM2) 7.7 0.115 66.9 0.32 1.00
Retail diversified assets (BM3) 7.6 0.110 69.1 0.14 0.74*** 1.00
Large diversified (BM4) 5.4 0.151 35.6 0.58** 0.07 0.07 1.00

Notes: Mean internal funding is computed in the following way: firstly, we compute the sum of return on assets plus capital ratio
at the bank-level for each year; secondly, we identify the median value of internal funding for each combination of financial system-
business model-year; finally, we compute the mean value for the full sample period (2005-16). Standard deviation is computed
using the median annual value of ROA of each combination of financial system-business model. Z-score is the ratio between the
mean internal funding and the standard deviation of returns. Pearson correlations and t-test computed considering n=12 and df=10,
as sample period is 2005-16. ***, ** and * indicate statistical significance at the 1%. 5% and 10% level, respectively.

As for bank-based systems, a different picture emerges from Table 9. Namely, while the
highest mean values of internal funding are recorded by the retail diversified models (BM2 and
BM3), the retail focused model (BM1) records a significantly greater stability of returns vis-a-vis
other models. Once more, such findings are echoed by the lower graph of Figure 4, which show
the stable nature of BM1 returns. In sum, the inputs used in the efficiency analysis (internal

funding, standard deviation of returns and correlations between the returns of business models)
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seem to significantly differ across financial systems, which may lead to significant differences in

the compositions of the efficient portfolios.

Figure 4. Evolution of returns per business model and type of financial system
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Notes: ROA is obtained at the bank-level, and consists of the median value per year, business model and type of financial system.

Next, we focus on the efficiency frontiers of market and bank-based systems, presented in
Figure 5. A visual inspection of the graphs shows that the shape of the frontiers is concave, which
means that internal funding increases at a diminishing rate with increases in the standard deviation
of returns (i.e. risk). The figure also allows us to compare the risk profile of the portfolios which
maximize the Z-score (Z: Max Z) and the level of diversity (D: Max Diversity). In market-based
systems, we may observe that, out of the 15 efficient portfolios mapped, portfolios Z and D rank
#7 and #8, respectively, which indicates that both portfolios exhibit a medium risk profile; as for
bank-based systems (lower graph), the risk ranking of portfolios Z and D is #2 and #12,
respectively, indicating that the maximum Z-score is achieved at significantly lower levels of risk
than maximum diversity. This is in line with the previously obtained result for bank-based systems,
wherein we identified one business model as recording a very low standard deviation of returns
(BML1).
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Figure 5. Analysis of efficient frontiers per type of financial system
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Notes: The efficient frontier is computed using a modified version of the Markowitz Mean-Variance Model (Markowitz, 1952),
each point corresponds to a portfolio of business models that minimizes the variance of returns conditional on the level of mean
internal funding. Min SD: minimum standard deviation, Max Z: maximum Z-score, Max Diversity: the maximum Shannon
diversity of the portfolio weights. Max Mean: maximum mean returns.

Finally, to complement the initial results, Figure 6 maps the bivariate relationship between
the diversity and Z-score of efficient portfolios. For market-based systems, we uncover a positive
and significant correlation between diversity and resilience (Pearson’s R= 0.72); for bank-based
systems, on the other hand, we find that as efficient portfolios become more diverse they tend to
yield a lower level of resilience (Pearson’s R=-0.71). Both results are consistent with Figure 5
and lead us to look for additional insights by checking the decomposition of Z-score as well as the

business model composition of portfolios.

Figure 6. Efficient portfolios: relationship between diversity and resilience
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Notes: Z-score is the ratio between mean internal funding and standard deviation of returns for each efficient portfolio. Shannon
diversity is calculated as —[Y pi*In(pi)]= —[p1*In(p1)+...+ pj*In(pj)], where i is the banking business model, j is the total number
of business models, and pi is the weight of business model i in the portfolio. The equation identified in each graph corresponds to
an OLS regression using Shannon diversity as the only explanatory variable (plus an intercept) and Z-score as the explained variable
(NMarket=15, Neank =15). Number of efficient portfolios: Nmarket=15, Neank =18.
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To this effect, Table 10 provides information on the diversity, Z-score, decomposition of
Z-score and business model composition of seven selected efficient portfolios per type of financial
system. Firstly, we start by looking at the relationship between diversity and Z-score. For market-
based systems (Panel A), we may see that when the diversity of portfolios increases the Z-score

increases as well; as for bank-based systems, the opposite relationship is uncovered.

Table 10. Selected efficient portfolios for given levels of diversity
(1a) (2a) (3a) (4a) (5a) (6a) (7a)

Panel A: Market-based system

Shannon diversity 0.37 0.53 0.63 0.74 0.84 0.90 0.93
Z-score 62.3 62.8 63.3 63.5 63.6 63.7 63.8
Mean internal funding 10.7 10.6 10.5 10.4 10.3 10.2 10.1
Standard deviation of returns 0.172 0169 0.166 0.164 0.162 0.160 0.158
Portfolio weights
Retail focused (BM1) 0.88 0.78 0.68 0.59 0.51 0.43 0.35

Retail diversified funding (BM2)  0.12 0.22 0.32 0.39 0.45 0.50 0.55
Retail diversified assets (BM3) 0.00 0.00 0.00 0.02 0.04 0.07 0.10
Large diversified (BM4) 0.00 0.00 0.00 0.00 0.00 0.00 0.00

(1b) (2b) (3b) (4b) (5b) (6b) (7b)

Panel B: Bank-based system

Shannon diversity 0.39 0.49 0.56 0.67 0.80 0.89 0.96
Z-score 119.2 119.0 117.2 114.3 110.8 107.1 103.2
Mean internal funding 6.1 6.2 6.3 6.4 6.5 6.6 6.7
Standard deviation of returns 0.051 0.052 0.054 0.056 0.059 0.062 0.065
Portfolio weights
Retail focused (BM1) 0.87 0.81 0.75 0.70 0.64 0.59 0.53

Retail diversified funding (BM2)  0.00 0.00 0.00 0.01 0.05 0.09 0.12
Retail diversified assets (BM3) 0.13 0.19 0.25 0.29 0.31 0.32 0.35
Large diversified (BM4) 0.00 0.00 0.00 0.00 0.00 0.00 0.00

(1c) (2¢) (3¢) (4c) (5¢) (6c) (7c)

Panel C: Gibbons-Ross-Shaken Test

Nbr. of observations 12 12 12 12 12 12 12
Nbr. of possible business models 4 4 4 4 4 4 4
J-statistic 4.66** 453** 425**  3.92* 3.56* 3.20* 2.83

Notes: The selected efficient portfolios correspond to those with a similar level of diversity in market and bank-based systems.
Mean internal funding is computed in the following way: firstly, we compute the sum of return on assets plus capital ratio at the
bank-level for each year; secondly, we identify the median value of internal funding for each combination of financial system-
business model-year; finally, we compute the mean value for the full sample period (2005-16). Standard deviation is computed
using the median annual value of ROA of each combination of financial system-business model. Z-score is the ratio between the
mean internal funding and the standard deviation of returns. Portfolio weights reflects the weights of each business model in the
total assets of each efficient portfolios. The null hypothesis in the Gibbons-Ross-Shaken Test (Gibbons et al., 1989) is that the Z-
score of efficient portfolios with similar diversity are not statistically different in market and bank-based systems. ***, ** and *
indicate statistical significance at the 1%. 5% and 10% level.

This confirms our previous finding that diversity seems to be positively (negatively) related
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with the resilience of market (bank) based systems. Secondly, we analyze the relationship between
diversity and the components of Z-score. In this regard, for market-based systems we see that as
portfolios become more diverse, the pair ‘internal funding-risk’ steadily decreases; the opposite
relationship is found for bank-based systems. Such finding suggests that diversity impacts the risk
profile of portfolios in different ways according to the type of financial system. Thirdly, we look
at the business model composition of portfolios with different levels of resilience. For market
based systems, we see that for the lowest levels of Z-score (column 1a), the portfolio is mostly
comprised of BM1(88%); as the resilience increases, BML1 is progressively replaced by the retail
diversified funding model (BM2) and also by the retail diversified assets model (BM3); this leads
to the composition of the portfolio that maximizes the resilience (and stability of returns) for
market-based systems, which is mostly comprised of BM1 (53%), BM2 (35%) and BM3 (12%).
Such ‘stability-diversity’ induced resilience may be understood, from an analytical perspective, as
the result of mixed rankings of internal funding, standard deviation and correlations among the
different business models®, which allow the portfolio to record a significantly lower standard

deviation of returns and higher mean internal funding than each portfolio taken in isolation.

As for bank-based systems, Table 10 shows that the portfolio with the lowest Z-score
(column 7b) is comprised of a diverse set of business models: BM1 (53%), BM3 (35%) and BM2
(12%); as the diversity of portfolios decreases (reading the table from right to left) we see that the
exposure to BM2 and BM3 is progressively replaced by a narrower focus on BML1, ultimately
resulting in a resilience (and stability) maximizing portfolio that includes 87% of exposure to BM1.
Analytically, such ‘stability-specialization’ channel for bank resilience seems to be a direct
consequence of the greater stability of returns recorded by BM1 when compared to other models,
which significantly outweighs the differences recorded in internal funding. In fact, the standard
deviation of returns of BML1 is less than half of that recorded by the model with the second most
stable returns. Such lack of diversity-related gains is also visible in the similarity of standard
deviations recorded by the portfolio that maximizes resilience (0.051) and BM1 (0.052). Finally,
Panel C summarizes the results for the comparison of the Z-scores of efficient portfolios with
similar diversity, per type of financial system. Despite the low number of observations, which

hinder the statistical power of the Gibbons-Ross-Shaken Test, we find evidence that the resilience

6 As presented in Table 9, for market-based structures BM1 records the highest internal funding, BM2 registers the
lowest standard deviation of returns, and BM3 shows the lowest correlation with both BM1 and BM2.
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of efficient portfolios is statistically greater in bank-based systems than in market-based systems,

except for the portfolio with the highest level of diversity.

In sum, in this section we have applied a ‘portfolio selection’ approach to study the effects
of business model diversity on bank resilience per type of financial system, yielding several new
results: (i) we find that efficient portfolios of market-based systems are significantly less resilient
than those of bank-based systems; (ii) the evidence suggests that diversity increases the resilience
of market-based systems and reduces that of bank-based systems — by linking (i) and (ii), the
diversity of business model may be seen as taken on a particularly relevant role as a mechanism to
boost the comparatively low levels of resilience of market-based systems; (iii) in both types of
financial systems, the role of the stability of returns (denominator of Z-score) in setting the level
of resilience seems to outweigh that of the mean internal funding (numerator of Z-score). Such
result suggests that monitoring the correlation of returns among market players may be an effective
macroprudential tool to anticipate drops in aggregate resilience (Goodhart & Wagner, 2012), and
represents, to the best of our knowledge, a novel result in literature; and (iv) the most resilient
portfolios exhibit significant differences in business model composition between types of financial
systems, suggesting that ‘one size does not fit all’ regarding the impact of business model diversity
on resilience. In fact, our analysis suggests that the decrease in portfolio riskiness seems to be
achieved via two different channels, according to the type of financial system: for market based
systems, increasing the diversity of business models tends to reduce riskiness (‘diversity-stability’
channel), whereas for bank based systems, lower riskiness is obtained via the specialization of

countries in business models with the most stable returns (‘specialization-stability’ channel).

6. Robustness checks

6.1. Estimation methods

Our first two robustness checks are related with the methods used to estimate the system of
simultaneous equations identified in equations (2) to (4). The first issue that we tackle is related to
use robust standard deviations. Particularly, the baseline 3SLS results are reported using
uncorrected standard deviations. However, when performing the Breusch-Pagan LM test we reject
the null hypothesis of no overall system heteroscedasticity. This leads us to estimate the system of

equation using the approach of Seemingly Unrelated Regressions (SURE), which allows the
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Table 11. Robustness checks

SURE  Static GMM Dyn. GMM SYSRISK RCAP NPL (In)

(1) ) @) (4) () (6)
Shannon diversity 0.273**  0.553*** 0.196* -10.371*  0.980*** -1.613
Past crises dummies Yes No Yes Yes Yes Yes
Country fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Number of observations 303 336 336 336 336 336
Log pseudo-likelihood 1300.7
Wald Chi-squared (p-value) 0.00
Hansen’s J test (p-value) 0.67 0.91
AR (1) 0.00
AR (2) 0.19
R-squared 0.81 0.22 0.57
Sargan-Hansen test (p-value) 0.87 0.72 0.87

BCRISIS Simpson div. Shan. even. Gov. Qual. Excl. China Excl. US

@) (8 9) (10) (11) (12)
Shannon diversity -17.363* 1.196***  1.190***  1.701***
Simpson diversity 0.569***
Shannon evenness 4.144%**
Shannon diversity*Gov. qual. 0.073
Number of observations 336 336 336 336 331 324
Likelihood ratio (t-stat) 0.00
R-squared 0.91 0.91 0.92 0.95 0.93 0.93
Sargan-Hansen test (p-value)  0.54 0.54 0.58 0.80 0.86 0.94

Notes: all regressions are estimated using the system of equations (2 to 4) (Section 2), except for regression (7) for which
we only estimate equation (4). Regression (1) is estimated using Seemingly Unrelated Regressions (SURE), with Huber-
White robust standard errors (1980), following the conditional mixed-process regression approach (Roodman, 2011). To
estimate regression (2) we use two-step static GMM with heteroskedasticity and autocorrelation consistent (HAC)
weighting matrix, and Bartlett kernel with 2 lags. Regression (3) is obtained by employing dynamic GMM (i.e. the lag
dependent variable is included as explanatory variable) with robust standard errors. In regression (4) the explanatory
variable is the natural log of V-lab’s Systemic Risk measured as “the expected capital shortfall of a financial firm in a
systemic crisis where the broad market index falls by more than 40% in a six-month period” (V-lab, n.d.). We compile the
value of SYSRISK for all financial firms in a given country-year, including non-bank institutions such as insurance
companies. In regression (5) the explanatory variable is the regulatory capital (RCAP) computed as the eligible regulatory
capital (Tier 1 + Tier 2) divided by total risk weighted assets, obtained via the World Bank’s Global Financial Development
Database (GFD). In regression (6) the explanatory variable is non-performing loans to total assets (source: GFDC). In
regression (7) the explanatory variable is a dummy which takes one the value 1 if a country experienced a systemic banking
crisis (CRISIS) in a given year, as identified by Laeven & Valencia (2018) (full list of crisis identified in Appendix A2);
we estimate regression (7) using a logit model with year fixed effects. In regression (8) as the diversity measure, we use
Simpson diversity which is calculated as the 1 divided by the HHI of total assets’ market shares held by each business
model. In regression (6) the diversity measure used is Shannon evenness which is computed as the ratio between the
Shannon diversity and the number of business models present in each country. In regression (9) we interact diversity with
the index of Government quality (Barth et al.,2004), computed as the first principal component of six variables obtained
from the World Bank’s Governance Indicators: control of corruption, rule of law. government effectiveness. political
stability and absence of violence/terrorism, regulatory quality, voice and accountability. In regressions (10) to (12) we
exclude the most dominant countries in each type of financial system, measured in terms of share of total assets. Namely,
China (39.9% of total assets of bank-based systems), France (24.5% of total assets of market-based systems), US (21.1%
of total assets of market-based systems) and UK (21.0% of total assets of market-based systems).
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computation of Huber-White robust standard errors (White, 1980). More specifically, we
implement SURE by applying the conditional mixed-process regression approach, envisioned by
Roodman (2011). The results reported in Table 11, column (1), suggest that the effect of diversity
on resilience remains positive and statistically significant. Moreover, untabulated results show that
the correlation of the error terms of the three estimated equations are not statistically different

from zero, which suggests the absence of overidentification issues.

Another issue in our baseline regression is related with autocorrelation. In particular, when
performing the Harvey LM test we reject the null hypothesis of overall system autocorrelation in
our baseline specification. As a way of mitigating such violation of the classical econometric
hypothesis of absence of autocorrelation, we apply two alternative methods. First, we run two-step
Generalized Method of Moments (GMM) with heteroskedasticity and autocorrelation consistent
(HAC) weighting matrix, and Bartlett kernel with 2 lags. Secondly, we employ dynamic GMM
(i.e. the lag dependent variable is included as explanatory variable) with robust standard errors,
ala Arellano & Bover (1995). The results in columns (2) and (3) show that the coefficient of
diversity on resilience remains positive and statistically significant using both alternative methods,
although at lower levels when compared with the baseline results. Also, for both specifications we

do not reject the null hypothesis of instruments’ exogeneity, as given by the Hansen test results.

6.2. Alternative proxies and disturbances to sample composition

An additional potential concern regarding our results is whether they are robust to changes to the
proxy used to measure the resilience of banking sectors. To this effect we change our baseline
specification to include as dependent variable (i) the natural log of V-lab’s Systemic Risk,
measured as “the expected capital shortfall of a financial firm in a systemic crisis where the broad
market index falls by more than 40% in a six-month period” (V-lab, n.d.); (ii) the natural log of
regulatory capital (Tier 1 plus Tier 2) to risk-weighted assets; and (iii) the ratio of non-performing
loans to total gross loans, both (ii) and (iii) obtained via the World Bank’s Global Financial
Development Database. As reported in columns (4) and (5) of Table 11, business model diversity
is expected to significantly reduce systemic risk and increase regulatory capital, which is in line
with our baseline results. As for loan riskiness, the effect of diversity is negative but not statistically
significant. This suggests that the role of returns’ correlations as driver of the ‘diversity-stability’

nexus (documented in Section 5.3) does not seem to occur via correlations of credit risk. For
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brevity reasons, we refrain from exploring the other potential profit channels (e.g. efficiency,
interest income, non-interest income), but flag this as a possible avenue for future research. Finally,
we explore the association between business model diversity and the probability of occurring a
systemic banking crisis, as surveyed by Laeven & Valencia (2018). We perform this analysis using
a logit model with year fixed effects. As expected, the coefficient of diversity is negative and
significant, which indicates that more diverse banking systems are less likely to face systemic
banking crisis.

Next, we test whether replacing our measure of business model diversity (Shannon
diversity) with other measures taken from ecology literature significantly changes the nature of
our baseline results (Maurer & McGill, 2011). In particular, we test (i) Simpson’s formulation of
diversity, which is computed as the inverse of the Herfindhal-Hirshman Index using the total
assets’ market shares of each business model per country; and (ii) Shannon evenness, measured as
the Shannon diversity divided by the natural log of the number of business models identified in
each country. The results presented in columns (8) and (9) show a positive and significant impact
of the alternative measures of diversity on resilience, which may be seen as an indication of the

robustness of the ‘diversity-resilience’ nexus to potential measurement errors.

We also check whether the impact of diversity on resilience depends on the quality of
government. Namely, some studies suggest that country-level quality of government may have a
role in terms of banking sector resilience, although not always a positive one (Barth et al., 2004).
For instance, Houston et al. (2010) find that strong creditor rights tend to be associated with greater
risk-taking by banks, whereas information sharing and transparency initiatives tend to potentiate
the profitability and resilience of banks. We follow literature (Barth et al., 2004) and build an index
of government quality by computing the first principal component of six variables obtained from
the World Bank’s Governance Indicators (see list of variables in the notes to Table 11). To assess
the impact of the quality of government on our baseline results, we include the government quality
index as an interaction term with diversity. The results presented in column (10) show that our
main findings remain unchanged and that diversity does not seem to significantly depend on the
level of government quality.

In our final inquiry we analyze whether iteratively removing the two largest banking
sectors in total assets (US and China) from our sample modifies the baseline results. As may be

observed in columns (11) and (12), the impact of diversity on resilience remains positive and
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significant after removing the US and China, respectively, which suggests that in general our

results may be deemed robust to disturbances to the sample composition.

7. Conclusions and policy implications

There is an open debate in literature regarding the relative merits of diversification and diversity
on the resilience of banking sectors. While one strand puts emphasis on the additional risks that
increased diversification/homogenization may bear (for instance, in terms of loan rationing, asset
commonality, collusive behavior and risk-induced by implicit state guarantees), another strand
suggests that not allowing banks to choose the risk diversification strategies that are individually
optimal, may be a ‘worse remedy than the disease itself’. This paper provides several contributions
to this discussion, including (i) the development of a new measure of bank diversity which takes
into account recent developments in business model analysis, (ii) the specification of an
econometric model that explicitly takes into account the interactions of business model diversity
with diversification and market power, (iii) the analysis of heterogeneity in the ‘diversity-
resilience’ nexus according to the type of financial system, and (iv) the application of portfolio
selection methods to uncover the diversity and composition of optimal portfolios of business

models.

Our results suggest that revenue diversification reduces business model diversity, which,
in turn, increases both market power and resilience; whereas diversification and market power are
found to have no significant direct impact on resilience. When breaking down the analysis per type
of financial system, we may observe that the relationship between diversity and resilience is, in
fact, driven mostly by market-based systems. We attribute this finding to the trade-off between
diversity induced benefits (mainly reduced contagion) and costs (loss of specialization gains),
which seems to be more favorable for market-based systems. The results of our efficiency frontier
analysis complement the baseline findings in the sense that they seem to suggest that a similar
level of diversity may in fact induce different resilience responses according to the type of financial
system. In light of standard portfolio selection theory, such conclusion may be seen as a direct
result of the specific mix of rankings of internal funding, standard deviation and correlation of the
banking business models — in other words, it depends on the ‘ecosystem’ of each type of financial

system.
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The results in this paper bear potential contributions to both micro and macro-prudential
policies. Firstly, the heterogeneous effects observed in the ‘diversity-resilience’ nexus suggest that
the type of financial system should be taken into account when defining microprudential policies
that may affect the business model appetite of supervised entities. For instance, policies related
with restrictions to the type of activities, funding sources or size increase. Secondly, the results of
the efficiency frontier analysis suggest that monitoring the correlation of returns among market
players may provide relevant insights regarding the concentration of risk in some areas of the
banking sector. This suggests that such monitoring of correlations may indeed play a role as an
early warning tool of systemic risk, as suggested by Goodhart & Wagner (2012). We must state,
however, that testing the efficacy of such tool has fallen outside the scope of this paper, and hence
further investigation is needed in the future.
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Appendices

Appendix Al. Sample composition: number of observations per country and region

Bank-year Country-

Banks 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016
obs.  year obs.

Europe (N=17)

Austria 38 27 33 34 34 34 33 34 3B 36 3r 331 37 411 12
Belgium 12 9 9 9 9 9 11 1 12 12 12 12 115 11
Czech Republic 10 7 7 7 8 8 8 8 8 9 10 10 10 100 12
France 58 46 49 50 52 58 58 58 371 12
Germany 76 54 65 65 69 70 71 71 73 75 76 75 75 839 12
Ireland 10 8 8 8 8 8 9 9 9 10 10 10 10 107 12
Italy 51 41 45 46 49 49 49 51 51 51 51 51 51 585 12
Luxembourg 24 17 17 21 22 22 22 23 23 24 24 23 23 261 12
Netherlands 19 17 18 19 18 17 89 5
Norway 16 12 13 14 15 15 15 15 16 16 16 16 163 11
Poland 13 10 11 11 11 12 12 13 13 13 13 13 12 144 12
Portugal 10 8 9 9 9 9 9 9 9 9 10 10 10 110 12
Russia 31 2 22 25 27 29 3 3 31 31 31 31 311 11
Spain 25 21 23 23 25 25 25 25 167 7
Switzerland 34 30 3 30 30 30 32 32 33 34 34 34 33 382 12
Turkey 14 13 13 13 13 13 14 14 14 14 14 135 10
United Kingdom 44 35 37 37 38 37 37 42 43 43 43 43 43 478 12
Europe total 485 4768 182
Asia (N=11)
Australia 18 18 18 18 18 18 18 18 18 18 18 18 198 11
China 157 121 153 157 157 157 745 5
Hong Kong 21 19 19 19 19 19 19 19 9 20 21 21 21 235 12
India 43 35 37 38 40 40 41 41 42 43 43 43 43 486 12
Indonesia 20 15 16 16 16 17 17 18 19 20 20 20 19 213 12
Japan 182 166 167 169 171 172 176 179 180 180 182 182 181 2105 12
Korea 17 13 15 14 15 16 16 16 105
Malaysia 17 17 17 17 17 17 17 102
Philippines 12 11 11 11 11 11 11 12 12 12 12 12 12 138 12
Thailand 19 15 15 16 18 19 19 19 19 19 18 177 10
Vietnam 13 10 11 12 12 12 12 13 13 13 13 13 134 11
Asia total 519 4638 110
Americas (N=5)
Brazil 28 23 271 27 28 21 21 27 186
Chile 10 10 10 10 10 10 10 10 70
Colombia 10 10 10 10 10 10 10 60
Mexico 15 14 15 15 15 15 15 15 15 15 15 15 15 179 12
United States 201 164 165 165 166 169 170 198 201 201 201 201 201 2202 12
Americas total 264 2697 44

Total (N=33) 1268 12103 336




Appendix A2. Systemic banking crises: do countries learn from prior crises?

Countries with Countries without
banking crisis in 2007-08  banking crisis in 2007-08
Countries with banking Russia (1998, 2008) Brazil (1990, 1994)
crises Spain (1977, 2008) Chile (1976, 1981)
prior to 2005 United States (1988, 2008)  China (1998)

Colombia (1982, 1998)
Czech Republic (1996)
India (1993)

Indonesia (1997)

Japan (1997)

Korea (1997)

Malaysia (1997)
Mexico (1981, 1994)
Norway (1991)
Philippines (1983, 1997)
Poland (1992)
Thailand (1983, 1997)
Turkey (1982, 2000)
Vietnam (1997)

Countries without banking Austria (2008) Australia
crises prior to 2005 Belgium (2008) Hong Kong

France (2008)

Germany (2008)

Ireland (2008)

Italy (2008)

Luxembourg (2008)

Netherlands (2008)

Portugal (2008)

Switzerland (2008)

Notes: The data on systemic banking crises obtained from Laeven & Valencia (2018).
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