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Abstract: The expansion of fintech credit around the world is challenging the global banking system.
This study investigates the interrelationships between the development of fintech credit and the
efficiency of banking systems in 80 countries from 2013 to 2017. The findings indicate a two-way
relationship between them. More specifically, a negative relationship between bank efficiency and
fintech credit implies that fintech credit is more developed in countries with less efficient banking
systems. Meanwhile, a positive impact of fintech credit on the efficiency of banking systems suggests
that fintech credit may serve as a wake-up call to the banking system. Therefore, fintech credit should
be encouraged by the authorities around the world.

Keywords: fintech credit; banking efficiency; data envelopment analysis; structural equations
model; GMM

JEL Classification: E51; G23; O31

1. Introduction

The literature documents that the financial sector is the backbone of any economy.
Since the rapid development of financial technology, a new relationship between banks
and capital markets has evolved. Capital markets and banks are viewed as competing
sources of financing, since one sector develops at the expense of the other (Allen and Gale
1999), but these intermediaries can also be considered complementary to each other (Song
and Thakor 2010). Recently, Ngo and Le (2019) demonstrated the existence of a two-way
nexus between the capital market and the banking system. This study, therefore, revisits
the causal relationship between the recent development of fintech credit platforms and the
banking system.

The global credit markets have experienced an undergoing transformation in which
new digital lending models (i.e., peer-to-peer (P2P)/marketplace lending and invoice
trading) have grown in many countries. Following Claessens et al. (2018), fintech credit
is defined as all types of credit facilitated for both consumers and businesses by online
platforms rather than conventional banks or lending institutions. Fintech credit models
were initially established based on decentralized platforms in which individual lenders
or institutional investors select potential borrowers or projects to advance in a specific
framework (Jagtiani and Lemieux 2019). The detailed description of big tech credit models
is out of the scope of this study but was comprehensively discussed by Cornelli et al. (2020).
Previous lessons emphasize that an excessive expansion of credit can trigger a financial
crisis and severe recession in an economy (Aliber and Kindleberger 2015). Since the growth
of fintech credit is very rapid and has become more economically relevant, there is an
urgent need for an adequate assessment of this aspect.
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Several studies investigating the determinants of fintech credit have found that fin-
tech credit is more developed in countries where banking intermediation and banking
coverage are lower (Cornelli et al. 2020). A general conclusion is that fintech credit seems
complementary rather than a substitute for the banking system (Claessens et al. 2018),
and more especially promoting access to credit for underserved segments and financial
inclusion (Oh and Rosenkranz 2020). However, Tang (2019) suggested that P2P lending
platforms in the US serve as substitutes for bank lending regarding infra-marginal bank
borrowers, while acting as complements in terms of small loans. This partly confirms
the early findings of De Roure et al. (2016), who found that P2P lending substitutes the
banking sector for high-risk consumer loans, and those of De Roure et al. (2018), who
presented further evidence in favor of such bottom fishing. Furthermore, Yeo and Jun
(2020) proved that bank stability is not affected by P2P lending, as these platforms operate
in the low-credit segment.

Our study contributes to the literature in several ways. Empirical studies on fintech
credit are scarce due to data unavailability. Prior studies commonly investigated the
determinants of fintech credit development when controlling several aspects of banking
regulation. Additionally, few theoretical and empirical works using proprietary P2P
lending data have attempted to examine the impact of P2P lending on bank lending in
several borrowers’ segments. These studies, however, may provide an incomplete picture
of the causal relationship between the development of fintech credit and banking systems.
For instance, when the banking system is less efficient because of either implementing
an inappropriate procedure to assess the credit quality of borrowers or underserving
consumers in remote regions where there is limited bank access, this would encourage a
shift towards online lending platforms. Meanwhile, fintech credit platforms could also
reduce the issue of asymmetric information via their screening and evaluating practices,
especially by offering investors more information about the risk of a potential loan and
other characteristics of prospective borrowers. Consequently, this may reduce the necessity
of the banking system. We also contend that the growth of fintech credit may serve as
a wake-up call for the banking systems, as they may respond to the greater pressure
caused by these platforms by enhancing their efficiency. The efficiency of the banking
system is defined as its ability to produce the existing level of outputs with minimal inputs,
i.e., input-oriented DEA efficiency (Coelli et al. 2005). This study is the first attempt to
examine the interrelationships between fintech credit and bank efficiency using a two-stage
framework in 80 countries from 2013 to 2017. In the first stage, banking efficiency scores
are estimated by DEA with the use of financial ratios, as proposed by Ngo and Le (2019).
Those efficiency scores are then linked with the growth of fintech credit, as measured by
the natural logarithm of the volume of fintech credit per capita in the second stage using
the Generalized Method of Moments estimator in a simultaneous equations model (SEM).
This thus would help to shed light on the interrelationships between them so that some
recommendations on fintech credit can be drawn.

In what follows, Section 2 provides a brief literature review regarding the interrela-
tionships between fintech credit and bank efficiency. Section 3 presents the data and the
methodology used in this study. Section 4 discusses the empirical findings while Section 5
concludes.

2. A Brief Literature Review

The literature can be divided into two strands. The first strand focuses on the relation-
ship between the emergence of financial technology (fintech) firms and the banking system.
Several studies argued that fintech competitors generating new business models with the
use of big data may disrupt conventional banks, although banks are gradually adapting
to digital finance (Vives 2017). One of the potential advantages of new competitors is
to provide digital services that attract the younger generation, due to more convenience
and better ease of use (Deloitte 2015). Therefore, the development of fintech credit was
a potential threat to the banking system. However, in the case of high switching costs, a
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bank that faces difficulty in distinguishing old from new customers may act as a quiet
fat cat, because it needs to secure the profitability derived from its huge client base. This
thus may permit fintech firms to enter the market and serve unbanked people or/and
technology-savvy customers. This may be true for the case of P2P lending platforms,
where they utilize advanced technology based on a large amount of information from
social media that may mitigate adverse selection and moral hazard issues. Therefore, the
partnership between a new entrant and incumbent seems to be the most appropriate. Vives
(2017) further emphasized that this strategy is more relevant to regulatory arbitrage, given
that the regulation on fintech credit is less strict. On the other hand, banks may prefer
barriers to new entrants. In the case of payment segments where fintech firms may rely on
the payment infrastructure of the incumbents to provide complementary or differentiated
services, these incumbents have more incentives to increase the costs of entrants.

Although empirical studies on the impact of fintech credit on the banking system are
limited, they show mixed findings. Buchak et al. (2018) found that the most vulnerable are
US rural commercial banks that gradually lost lending volumes to fintech credit, especially
personal loans, and that tend to lend to riskier borrowers, while the lending volumes of
urban commercial banks are not affected. In the same vein, P2P lending platforms may
substitute bank lending volumes in terms of infra-marginal bank borrowers in the US
(Tang 2019) or high-risk consumer loans in Germany (De Roure et al. 2016). However,
others showed opposite findings. Tang (2019) also showed that P2P lending serves as a
complementary for the banking system regarding small loans. The positive relationship
between fintech and banking sector development may be because fintech firms focus on
serving niche segments such as either low-cost services or unbanked people or high quality
of services that could meet consumers’ needs regarding accessibility, customization, and
speed based on the analysis of a large amount of information on personal data (Navaretti
et al. 2017). Therefore, the banking system may not be disrupted by the evolution of fintech
credit (Siek and Sutanto 2019; Yeo and Jun 2020). A recent study by Sheng (2021) even
demonstrated that fintech can enhance the overall supply of bank credit to small and
medium enterprises but this impact varies between small and large banks.

In the second strand, the impact of the banking system on fintech credit is focused
on. Given the presence of fintech credit in the marketplace, incumbent banks may respond
to it in several ways, such as cooperating with new entrants, acquiring them partially
or completely, or competing with them directly. These strategies depend on whether an
investment would make a firm more competitive or more vulnerable in the competitive
market. A conceptual framework of Bömer and Maxin (2018) proposes that the fintech–
bank partnership allows fintech firms to sell their products and services by using different
label approaches. Thus, banks may improve fintech’s profitability. Only a few studies on
the factors affecting the development of fintech credit consistently show that fintech credit
is more developed in markets where there is a low level of banking coverage (Claessens
et al. 2018; Cornelli et al. 2020) and a less competitive banking system (Le 2021).

In sum, several studies investigate a one-way relationship between the banking system
and the development of fintech credit or the impact of fintech credit on bank lending. A
study by Ngo and Le (2019) indicated the existence of interrelationships between financial
development and banking efficiency. Given the emergence of fintech credit in the financial
market, our study is the first attempt to examine whether a two-way relationship between
fintech credit and bank efficiency exists.

3. Data and Research Methodology
3.1. Data

Our data were gathered at an aggregate or national level. More specifically, data used
in DEA analysis were extracted from the Financial Development and Structural Dataset
(Beck et al. 2000), while those used in SEM analysis were mainly collected from the database
provided by Cornelli et al. (2020), who provided an update on the Global Alternative
Finance Database. The database is held at the Cambridge Centre for Alternative Finance
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(CCAF). Other macroeconomic variables were extracted from the World Development
Indicators (World Bank 2017). Initially, a total of 203 banking systems in the Financial
Development and Structural Dataset were considered in our initial sample. We then
excluded those for which fintech credit data (either the volume of fintech credit or the
volume of fintech credit per capita) were unavailable. After matching these datasets, we
arrived at an unbalanced dataset of 80 countries from 2013 to 2017, as presented in Table A1
in Appendix A.1

3.2. First Stage: Estimating the Efficiency of Banking Systems

The literature suggests that bank efficiency can be calculated by using either a non-
parametric method (i.e., DEA) or a parametric approach (i.e., stochastic frontier analysis
(SFA)) (Berger and Humphrey 1997; Boubaker et al. 2020). However, Liu et al. (2013)
showed that DEA was used as the main methodology among 3134 non-theoretical research
papers, among which banking studies accounted for the highest proportion. DEA was thus
selected in our study, since it works well with a small sample size and is also less prone to
specification errors than SFA—and therefore is more flexible (Reinhard et al. 2000).

Furthermore, the DEA method has also received much attention in studying the
efficiency of firms in financial services such as stock markets, insurance, pension funds,
mutual funds, risk tolerance, and corporate failure prediction (Boubaker et al. 2018, 2021;
Paradi et al. 2017; Vidal-García et al. 2018).2

In DEA, the efficiency of a bank/banking system, or the so-called Decision-Making
Unit (DMU), is estimated as its ability to transform inputs into outputs. A DMU is efficient
if it either utilizes the fewer inputs to produce a given set of outputs (input-oriented) or
if it can produce the most outputs from the given set of inputs (output-oriented). In our
efficiency estimations, an input-oriented DEA model is used because a banking system
may find it easier to manage its inputs rather than outputs in a more competitive market
(Ngo and Le 2019).

For a set of n DMUs (j = 1, . . . , n) each using s inputs xi (i = 1, . . . , s) to produce m
outputs yr (r = 1, . . . , m), based on the constant-returns-to-scale model introduced by
Charnes et al. (1978), Banker et al. (1984) proposed the variable-returns-to-scale (VRS) DEA
model to estimate the efficiency score of the j0-th DMU as

EFj0 = maxu,v,u0

m
∑

r=1
uryrj0 − u0

Subject to
∑s

i vixij0 = 1, ∀i, j
∑m

r uryrj0 − u0 −∑s
i vixij0 ≤ 0, ∀i, r, j

ur, vi ≥ ε, ∀i, r
u0 is unconstrained in sign

(1)

where u and v are the weights of the outputs and inputs, respectively.
Following Ngo and Le (2019), the whole banking system of an economy is treated as a

single DMU in the VRS DEA model with indices for the inputs and outputs as measured
at the aggregate level. Note that the efficiency scores of DMUs derived from the DEA
approach are affected by the selection of inputs and outputs. The literature suggests
that the choice of inputs and outputs is determined based on three main approaches,
including the intermediation approach and production approach and the revenue (or
value-added) approach (Drake et al. 2006; Ho et al. 2021; Le and Ngo 2020). In our study,
the intermediation approach was adopted, since it is more appropriate to examine the
whole banking system. Accordingly, the entire banking system of a nation was considered
an intermediary between depositors and borrowers. That means any banking system tends
to utilize deposits and overhead costs to provide credits to the private sector and increase
its earnings (Ngo and Le 2019). Hence, the input-oriented DEA model was used to estimate
the technical efficiency of the banking systems regarding pursuing this objective.
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Similar to Ngo and Le (2019), our inputs included the ratio of total bank deposits to
GDP (DEPOSIT) and the ratio of total bank overhead costs to total assets (LABOR), whilst
outputs consisted of the private credit to GDP as a share of GDP (CREDIT) and the ratio
of net interest revenue to interest-bearing assets (NIM). Note that because of substantially
missing data on other input and output variables (the ratio of non-performing loans to
total loans, the ratio of bank capital to total assets, returns on assets, and returns on equity),
a set of two inputs and two outputs was used. Given that our sample ranged from at
least 50 countries in 2013 up to 80 countries in 2017, the use of a set of two inputs and
two outputs was consistent with the DEA literature (Ngo and Le 2019). Because the DEA
calculation is year-based, and we did not examine the productivity change over time, the
unbalanced data did not affect our analysis.

Table 1 presents the descriptive statistics of inputs and outputs used in DEA analysis.
There appears to be little change in the costs (LABOR) and profitability (NIM) of banking
systems over the examined period. When observing DEPOSIT, there was an increasing
trend in the first three years and then a decrease in the latter period. However, the opposite
phenomenon was observed in the case of CREDIT. This perhaps may reflect the growth
of fintech credit platforms in providing financial solutions and services, which gradually
increases the market share of lending. Additionally, a high standard deviation of these
variables suggests that large volatilities and scale differences exist among our selected
banking systems. This further demonstrates the appropriate use of VRS DEA to examine
the scale effect.

Table 1. Descriptive statistics of the inputs and outputs used in DEA analysis.

Year 2013 2014 2015 2016 2017

No. Obs 50 59 66 75 80

DEPOSIT
Mean 52.96 63.61 63.23 60.35 62.24
STD 44.02 57.41 54.95 42.27 51.05

LABOR
Mean 3.75 3.18 3.56 3.4 3.56
STD 2.69 2.24 4.13 3.53 2.7

CREDIT
Mean 67.47 60.12 61.25 59.58 61.34
STD 113.68 47.09 46.83 40.88 42.001

NIM
Mean 4.86 4.12 3.86 4.09 4.92
STD 3.27 2.88 2.83 2.99 3.91

Sources: Authors’ calculation based on Beck et al. (2000).

3.3. Second Stage: The Interrelationship between Banking Efficiency and Fintech Credit

Most empirical studies examine the determinants of either banking efficiency
(Manlagnit 2015) or fintech credit (Claessens et al. 2018; Cornelli et al. 2020). Additionally,
several studies used bank-level data to investigate the interrelationship between banking
efficiency and other environmental factors (Le 2018), while others used cross-country data
to investigate the two-way linkage between capital market development and banking
efficiency (Ngo and Le 2019). As explained above, fintech credit is more likely to expand
in economies where banks do not meet the demand for banking products/services, while
fintech credit may serve as a wake-up call to banking systems. Taken together, we further
investigate the interrelationship between fintech credit and bank efficiency, since the one-
way investigation may suffer from simultaneous bias. Because a structural equations model
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(SEM) can offer a set of interrelated questions in a single, systematic, and comprehensive
analysis (Gefen et al. 2000), the following SEM is proposed:

LNFINCAPi,t = α1 + β1EFi,t + β2GDPCAPi,t + β3GDPCAP2i,t + β4REGFINi,t
+β5MOBILEi,t + β6BRANCHi,t + β7GDPGRi,t + ϕi,t

(2)

EFi,t = α2 + γ1LNFINCAPi,t + γ2LERNERi,t + γ3CONCENi,t + γ4RSi,t
+γ5GDPGRi,t + γ6 INFi,t + ωi,t

(3)

where LNFINCAP and EF are the two endogenous variables. EFi,t represents the banking
efficiency in economy i at time t and ranges from 0 to 1, deriving from the first stage, whilst
LNFINCAPi,t is measured by the natural logarithm of the volume of fintech credit per
capita in economy i at time t.3

Following Claessens et al. (2018) and Cornelli et al. (2020), the development of fintech
credit is associated with a country’s level of economic and financial development (GDPCAP,
the gross domestic product per capita), fintech regulation (REGFIN, a dummy variable
that takes a value of 1 if an explicit regulation of fintech credit was in place in a country,
and 0 otherwise), mobile phone subscriptions (MOBILE, mobile phone subscriptions per
100 persons), the density of the bank branch network (BRANCH, a number of bank branches
per 100,000 adults), and a country’s economic growth (GDPGR, the GDP growth rate).
Because GDPCAP is likely to be a proxy for many factors relating to a country’s stage
of development, a positive impact of GDPCAP on LNFINCAP is expected. We further
included GDPCAP2, a squared GDP per capita to capture possible non-linearity in this
relationship. When a fintech regulation (REGFIN) is introduced, this may further foster the
development of fintech credit because of more trust towards new intermediaries regarding
the supply of funds from investors. Additionally, most fintech credit platforms have apps
on mobile devices, intending to improve their convenience for users. Thus, an increase
in mobile phone subscriptions (MOBILE) may promote the development of fintech credit.
Furthermore, economic growth (GDPGR) may increase demand for financial products and
services, and borrowers may seek credit from different sources of funds with better prices.
This, therefore, increases the development of fintech credit. When traditional lending
providers are limited to offering their financial products and services during economic
downturns, this creates an opportunity for the expansion of fintech credit.

Following Phan et al. (2016) and others, banking efficiency is associated with banking
competition (LERNER, the Lerner index of the banking sector mark-ups), market concentra-
tion (CONCEN, the ratio of three largest banks’ assets to all commercial banks’ assets), and
banking regulation (RS, a regulatory stringency index for the banking sector), economic
growth (GDPGR, the GDP growth rate), and inflation (INF, the inflation rate). The informa-
tion generation hypothesis suggests a negative impact of competition on banking efficiency
(Marquez 2002). Greater competition may reduce banks’ capability of gathering informa-
tion and increase the probability of adverse borrower selection. Consequently, this results
in lower banking efficiency. The quiet life hypothesis proposes that market concentration
(or market power) impacts banking efficiency negatively because it permits banks to enjoy
a ‘quiet life’—reducing the bank manager’s efforts to minimize their bank’s inefficiency
(Berger and Hannan 1998). Empirical studies show mixed findings (Le and Ngo 2020;
Phan et al. 2016). Moreover, Manlagnit (2015) documented conflicting findings regarding
the relationship between banking regulation and banking efficiency in prior studies using
bank-level data. We, however, used aggregate data to control for this relationship. Last,
the effect of macroeconomic conditions such as economic growth and inflation was also
considered. Table A2 in Appendix A provides a summary of variables used in SEM with
their definitions and expected signs.

Moreover, Table A3 in Appendix A presents descriptive statistics of variables used in
SEM analysis. There appears to be an increasing trend in LNFINCAP and LNALTERCAP
from 2013 and 2017, which reflects the rapid penetration of fintech and big tech firms
in lending markets. The growth of fintech credit platforms is further facilitated by the
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increasing use of mobile phones (MOBILE) and a reduction in the number of bank branches
(BRANCH).

We test for heteroscedasticity using a two-step Breusch–Pagan test when one or more
regressors are endogenous. Firstly, each of the two equations with pooled OLS with robust
standard errors is run. Thereafter, Breusch–Pagan tests are performed. The results show
that p-values of Equations (2) and (3) are 0.00 and 0.02, respectively, suggesting high
heteroscedasticity.

From Equations (2) and (3), the error terms ϕi,t and ωi,t may be related because
the same data are used. If unaccounted for, the simultaneous equation bias from these
equations can result in inconsistent and biased estimators. These errors are simultaneously
correlated, as they include the impact of factors that may be omitted. Because the banking
systems’ operation is homogenous in many ways, the impact of the omitted factors on the
relationship between fintech credit and banking efficiency for one country may be similar to
that for another. If this is true, these errors account for similar effects and will be correlated.
To address this issue and control for heteroskedasticity and arbitrary autocorrelations,
the panel Generalized Method of Moment (GMM) (Baltagi 2008) was used. The GMM
estimator is more efficient than other conventional estimators such as fixed or random
effects when a serial correlation exists or when the assumption on the strict exogeneity
of regressor is false (Wooldridge 2001). Since the SEM framework effectively controls for
the endogeneity and the GMM estimator generates efficiency gains when endogenous
explanatory regressors are present, all estimations in our results were run with the use of the
GMM estimator, which utilizes the interactions among the innovations in Equations (2) and
(3). We further used the Newey and West (1987) method to control for heteroskedasticity
and arbitrary autocorrelations when estimating Equations (2) and (3). Because the Newey–
West method involves an expression in the squares of the residuals which is analogous to
White’s formula, these estimates contain White’s correction. When the context of time series
is considered, Newey–West standard errors are robust to both arbitrary heteroskedasticity
and arbitrary autocorrelation. Therefore, our study used the SEM with GMM estimator
combined with the Newey–West method to examine the interrelationships between fintech
credit and banking efficiency. This approach was also used by several other studies, such
as Nguyen (2012), Le and Pham (2021), and Le (2020), among others.

4. Results
4.1. The Analysis of the Efficiency of Banking Systems around the World

The average efficiency scores (EF) of global banking systems ranged from 0.738 (i.e.,
26.2% inefficient) to 0.808 (i.e., 19.2% inefficient), as indicated in Figure 1. A modest
decrease in the technical efficiency of the banking systems around the world over the
examined period may reflect the consequence of the global financial crisis of 2007–2008
and the European debt crisis. Additionally, there appears to be a slight reduction in scale
efficiency (SE), from 0.91 in 2013 to 0.897 in 2017, implying a more competitive environment
of the global banking system. In contrast to a slight reduction in banking efficiency, the
volume of fintech credit significantly increased over the studied period.
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Figure 1. The evolution of banking efficiency (left axis) and the volume of fintech credit (right axis).

4.2. The Interrelationships between Fintech Credit and Banking Efficiency

Table A4 in Appendix A describes the correlation matrix of the variables used in
SEM. At first glance, EF is negatively related to LNFINCAP and positively associated
with LNALTERCAP. Additionally, there appear no significant correlations between the
explanatory variables used in each equation. Nonetheless, the intertemporal relationship
between EF and LNFINCAP can only be examined by using the SEM analysis.

Table 2 shows that the p-value of the Hansen test is statistically not significant, and
thus the null hypothesis cannot be rejected. This means no evidence of over-identifying
restrictions in SEM analysis with the use of the GMM estimator. Alternatively, all conditions
for the moments are met and the instruments are accepted.

For the determinants of fintech credit development (Part 1 of Table 2), EF is signif-
icantly and negatively associated with LNFINCAP, suggesting that the less efficient the
banking system in a country is, the more developed its fintech credit is. This somewhat
supports the early findings of Cornelli et al. (2020), who found that fintech credit is more
developed where the level of bank intermediation of deposits to loans is lower. LNFINCAP
is also significantly and positively related to GDPCAP, implying that fintech credit is more
developed in nations where there is a greater level of economic and institutional develop-
ment. However, the coefficient of GDPCAP2 is negative and significant, suggesting that
this positive link becomes less crucial at greater levels of development. Nonetheless, this
confirms the findings of Cornelli et al. (2020) and Claessens et al. (2018). Furthermore, a
positive coefficient estimate on REGFIN demonstrates that the growth of fintech credit is
rapid in a country where there is an explicit fintech credit regulation. This is comparable
with the findings of Rau (2020), who demonstrated that the introduction of an explicit legal
framework significantly boosts crowdfunding volume.

Additionally, BRANCH impacts LNFINCAP negatively, supporting the view that
fintech credit serves either in underbanked regions or in the low-credit market segment
(Yeo and Jun 2020) as a complement to conventional bank credit (Cornelli et al. 2020). This
finding is also comparable with the use of agency banking. Nonetheless, we do not find
any significant evidence that fintech credit is affected by economic growth (GDPGR) or
mobile phone subscriptions (MOBILE).
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Table 2. Results of second-stage SEM analysis.

Part 1. Equation (2) of SEM
Dependent Variable: LNFINCAP

Independent Variables Coefficient Standard Error t-Statistic

Constant −0.553 1.095 −0.505
EF −2.944 ** 1.285 −2.291

GDPCAP 0.152 *** 0.027 5.702
GDPCAP2 −0.001 *** 0.0003 −3.509
REGFIN 0.791 ** 0.378 2.093
MOBILE −0.005 0.005 −1.089

BRANCH −0.021 * 0.012 −1.815
GDPGR −0.01 0.046 −0.212
No. Obs 330

J-Statistics (p-value) 0.158

Part 2. Equation (3) of SEM
Dependent Variable: EF
Independent Variables Coefficient Standard Error t-Statistic

Constant 0.585 *** 0.115 5.101
LNFINCAP 0.022 ** 0.01 2.222

LERNER 0.295 *** 0.071 4.168
CONCEN −0.0002 0.001 −0.335

RS 0.05 0.149 0.332
GDPGR −0.001 0.004 −0.177

INF 0.021 *** 0.003 7.932
No. Obs 330

J-Statistics (p-value) 0.158
Notes: LNFINCAP, the natural logarithm of the volume of fintech credit per capita; EF, efficiency score of the
individual banking system as derived from VRS DEA estimation; GDPCAP, the GDP per capita; GDPCAP2, the
squared term of GDPCAP; REGFIN, a dummy variable that takes a value of 1 for a country where an explicit
fintech credit regulation is in place, and 0 otherwise; MOBILE, the mobile phone subscriptions per 100 persons
given the mobile-based nature of most fintech credit platforms; BRANCH, the number of bank branches per
100,000 adult population; LERNER, the Lerner index of the banking sector mark-ups in an economy; CONCEN,
the ratio of three largest banks’ assets to all commercial banks’ assets; RS, a regulatory stringency index for the
banking sector of an economy; GDPGR, the economic growth rate; and INF, the inflation rate. The table contains
results estimated using a simultaneous equations model (SEM) with the GMM estimator and the Newey–West
method. EF and LNFINCAP represent the two endogenous variables in SEM. *, ** and *** denote the two-tail
significance at the 10%, 5%, and 1% levels, respectively.

For the determinants of banking efficiency (Part 2 of Table 2), a positive coefficient
estimate on LNFINCAP suggests that fintech credit may serve as a wake-up call for the
banking system. New credit activities provide financial services in which lenders and bor-
rowers conduct transactions directly without the need for the intermediation of traditional
financial institutions. The banking systems may respond to the increasingly competitive
environment caused by the rapid expansion of fintech credit platforms by improving their
efficiency. Learning from fintech credit platforms, the banking systems may utilize the
application of emerging technologies in the banking industry (i.e., artificial intelligence
technology, blockchain technology, cloud computing technology, big data technology) to
their operating activities. In this sense, Cheng and Qu (2020) highlighted that the devel-
opment of bank fintech is more likely to reduce credit risk for Chinese commercial banks.
Additionally, LERNER is positively and significantly associated with EF, suggesting that
the efficiency of the banking system is improved with a less competitive banking system.
Therefore, this supports the view of the information generation hypothesis as proposed by
Marquez (2002). Furthermore, a positive impact of INF on EF suggests that future move-
ments in inflation are fully anticipated by the banking systems, and thus this increases
their profits. This is consistent with prior studies such as Demirgüç-Kunt and Huizinga
(1999). Finally, we do not find any significant evidence that bank efficiency is influenced by
market concentration, economic growth, and regulatory stringency for the banking system.
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In sum, the findings suggest that there is a two-way relationship between fintech
credit development and banking efficiency. Similar to the findings of Cornelli et al. (2020),
the depth of fintech credit is more likely associated with a reduction in banking efficiency.
Meanwhile, an expansion of fintech credit may serve as a wake-up call to the banking
systems and perhaps place competitive pressure on them to improve their operations to
remain a viable competitor.

4.3. Robustness Checks

For robustness, we first replace fintech credit with total alternative credit as measured
by a sum of fintech credit and big tech credit (LNALTERCAP), as shown in Table 3. In
contrast to prior studies such as Cornelli et al. (2020) and Claessens et al. (2018), we do
not report the results of big tech credit as a dependent variable in SEM with the GMM
estimator because of the smaller number of countries and years in which big tech credit
is present. The number of observations for big tech credit only accounts for 14.84% of the
total observations.

Table 3. Results of second-stage SEM analysis using an alternative measure of fintech credit.

Part 1. Equation (2) of SEM
Dependent Variable: LNALTERCAP

Independent Variables Coefficient Standard Error t-Statistic

Constant −0.149 0.662 −0.225
EF 0.368 0.818 0.45

GDPCAP 0.082 *** 0.013 6.178
GDPCAP2 −0.001 *** 0.0002 −3.840
REGFIN 0.352 * 0.209 1.687
MOBILE −0.003 0.002 −1.955

BRANCH −0.019 *** 0.006 −3.387
GDPGR 0.009 0.023 0.377
No. Obs 330

J-Statistics (p-value) 0.135

Part 2. Equation (3) of SEM
Dependent Variable: EF
Independent Variables Coefficient Standard Error t-Statistic

Constant 0.551 *** 0.131 4.197
LNALTERCAP 0.04 ** 0.017 2.356

LERNER 0.280 *** 0.067 4.166
CONCEN 0.0001 0.001 0.246

RS −0.002 0.142 −0.017
GDPGR 0.001 0.004 0.288

INF 0.018 *** 0.002 8.351
No. Obs 330

J-Statistics (p-value) 0.135
Notes: LNALTERCAP, the natural logarithm of the volume of total alternative credit per capita; EF, efficiency score
of the individual banking system as derived from VRS DEA estimation; GDPCAP, the GDP per capita; GDPCAP2,
the squared term of GDPCAP; REGFIN, a dummy variable that takes a value of 1 for a country where an explicit
fintech credit regulation is in place, and O otherwise; MOBILE, the mobile phone subscriptions per 100 persons
given the mobile-based nature of most fintech credit platforms; BRANCH, the number of bank branches per
100,000 adult population; LERNER, the Lerner index of the banking sector mark-ups in an economy; CONCEN,
the ratio of three largest banks’ assets to all commercial banks’ assets; RS, a regulatory stringency index for the
banking sector of an economy; GDPGR, the economic growth rate; and INF, the inflation rate. The table contains
results estimated using a simultaneous equations model (SEM) with the GMM estimator and the Newey–West
method. EF and LNALTERCAP represent the two endogenous variables in SEM. *, ** and *** denote the two-tail
significance at the 10%, 5%, and 1% levels, respectively.

Part 2 of Table 3 confirms the positive impact of total alternative credit on banking
efficiency, while the development of total alternative credit is not affected by the banking
efficiency, as indicated in Part 1 of Table 3. This insignificant impact can be explained by
the fact that big tech firms have operated in different countries, and thus may go beyond
the capacity of domestic controls to capture the global nature of big tech business models.
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Big tech firms often have a wide range of business lines, in which lending accounts for only
one (often small) part. However, the volume of big tech credit is usually large (i.e., this
was at least twice as large as fintech credit in 2019) (Cornelli et al. 2020). The advantage of
using large volumes of information allows big tech firms to effectively measure the loan
quality of potential borrowers based on a large existing and cross-border user base, given
the application of advanced technology in lending segments. Additionally, big tech firms
may focus on serving potential borrowers who have already been existing customers in
their ecosystem.

Following the classification by Cornelli et al. (2020), we also divide our sample into
two groups, including developed and non-developed economies. Although the results
cannot be reported here but are available upon request, the findings show that a two-way
relationship between fintech credit and banking efficiency still holds for the case of non-
advanced economies. Again, this confirms our above findings. When observing advanced
economies, there appears only a one-way negative impact of fintech credit on banking
efficiency, suggesting that fintech credit tends to substitute for the banking system. This is
because more developed economies will have a higher demand for credit from firms and
households, and thus, these potential borrowers tend to switch to new intermediaries. The
advantages of fintech credit and big tech credit are comprehensively discussed by Cornelli
et al. (2020) and Claessens et al. (2018). However, these findings need to be cautiously
interpreted because of the small sample size used in SEM with the GMM estimator (i.e.,
there are only 92 observations in the case of developed economies).

Furthermore, we use the natural logarithm of the volume of fintech credit as an alter-
native measure of fintech credit. A positive impact of fintech credit on banking efficiency
still holds, while the relationship in the other direction is insignificant. Additionally, we
replace REGFIN with other variables that reflect countries’ institutional characteristics
(i.e., barriers to entry, as expressed by the ease of doing business variables, and investor
disclosure and efficiency of the judicial system). For the ease of doing business, we used
score starting a business (overall), score-time (days), score-paid-in minimum capital (% of
income per capita), and score-cost (% of income per capita). For the investor protection
and judicial system, we used the extent of disclosure index, trial, and judgment (days),
enforcement of judgment (days), and enforcement fees (% of claim). All indicators were
collected from the World Bank Ease of Doing Business database. We ran each indicator
individually to avoid multicollinearity issues. The findings indicate a two-way relationship
between fintech credit and banking efficiency, although the reports are not presented but
are available upon request. Nonetheless, our above findings are confirmed.

5. Conclusions

This study investigates the causal relationship between fintech credit and banking
efficiency in 80 countries from 2013 to 2017 using a two-stage framework. In the first stage,
DEA with the use of financial ratios was employed to estimate the efficiency of the banking
systems around the world. In the second stage, the GMM estimation in SEM was used to
examine the above interrelationship. The findings of the first stage show that the average
efficiency scores of these banking systems are relatively low, suggesting that there is still
room for them to improve.

Importantly, the findings of the second stage indicate that there is a negative rela-
tionship between banking efficiency and fintech credit, while greater fintech credit can
promote banking efficiency. Additionally, a negative relationship between the density of
bank branch networks and fintech credit suggests that fintech credit serves underbanked
regions. Our findings further emphasize that fintech credit is more developed in economies
where explicit fintech regulation is present. Therefore, the implementation of a legal
framework regarding fintech credit is very important for the development of fintech credit.
Additionally, our findings reemphasize the significance of monitoring and anticipating the
movement of the inflation rate is very important to enhancing the efficiency of the banking
system. All in all, promoting fintech credit would bring about mutual benefits, including
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(1) addressing the unbanked or low-credit segments that banking systems do not serve,
and (2) enhancing the efficiency of the banking systems.

This study has some limitations. We could not extend the choice of variables in our
DEA model nor incorporating the country-fixed effect variables in our SEM analysis due
to data limitations. Future research may extend the data so that a balanced panel could
be obtained to examine the efficiency and productivity changes over time of the banking
systems. Additionally, future studies are encouraged to use different DEA models under
the different assumptions in the first stage. For the second stage SEM analysis, the impact
of big tech credit on banking efficiency should be considered in future studies when the
relevant data are more widely available.
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Appendix A

Table A1. The list of countries included in our sample.

United Arab Emirates France Malaysia Senegal

Argentina Ghana Mozambique El Salvador

Austria Guatemala Nigeria Togo

Australia Hong Kong Netherlands Thailand

Belgium Indonesia Norway Turkey

Burkina Faso Ireland New Zealand United Republic of Tanzania

Bulgaria Israel Panama Uganda

Burundi India Peru United States of America

Brazil Italy Philippines Uruguay

Côte d’Ivoire Jordan Pakistan Viet Nam

Chile Japan Poland South Africa

China Kenya Portugal Zambia

Colombia Cambodia Paraguay Bolivia

Czech Republic Korea Russian Federation Cameroon

Germany Lebanon Rwanda Costa Rica

Denmark Lithuani Saudi Arabia Georgia

Ecuador Latvia Sweden Zimbabwe

Estonia Madagascar Singapore

Egypt Mali Slovenia

Spain Myanmar Slovakia

Finland Mexico Sierra Leone
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Table A2. A summary of variables used in SEM and their expected signs.

Variables Definitions Expected Signs Sources

LNFINCAP The development of
fintech credit

The natural logarithm of the
volume of fintech credit per

capita
± Cornelli et al. (2020)

and CCAF

EF Bank efficiency

Efficiency score of the
individual banking system as

derived from Data
Envelopment Analysis under

variable returns to scale
assumption

±
The Financial

Development and
Structural Dataset

GDPCAP
a country’s level of

economic and financial
development

The gross domestic product
per capita + World Bank

REGFIN Fintech regulation

A dummy variable that takes a
value of 1 for a country where

an explicit fintech credit
regulation is in place, and 0

otherwise

+ Rau (2020)

MOBILE Mobile phone
subscriptions

Mobile phone subscriptions
per 100 persons + World Bank

BRANCH The density of bank
branch network

The number of bank branches
per 100,000 adult population ± World Bank

LERNER Banking competition The Lerner index of the
banking sector mark-ups ± World Bank and Igan

et al. (forthcoming)

CONCEN Market concentration
The ratio of three largest banks’
assets to all commercial banks’

assets
±

The Financial
Development and
Structural Dataset

RS Banking regulation A regulatory stringency index
for the banking sector ± World Bank

GDPGR Economic growth The GDP growth rate ± World Bank

INF Inflation The inflation rate ± World Bank

Table A3. Descriptive statistics of variables used in the second-stage analysis.

2013 2014 2015 2016 2017

Mean STD Mean STD Mean STD Mean STD Mean STD

LNFINCAP −2.31 2.14 −2.26 2.6 −1.36 2.56 −0.5 2.39 −0.18 2.55
LNALTERCAP 1.19 3.03 1.77 3.28 2.49 3.64 3.31 3.37 4.31 3.02

GDPCAP 19.17 16.68 23.15 19.91 23.71 19.78 22.31 18.79 22.5 19.06
GDPCAP2 639.16 775.57 925.07 1270.4 946.89 1283.16 845.54 1229.45 864.56 1274.52
REGFIN 1 0.14 0.35 0.17 0.38 0.19 0.4 0.24 0.43 0.29 0.45
MOBILE 99.22 34.36 108.97 37.33 112.7 35.6 112.8 31.13 116.07 34.13

BRANCH 16.47 15.99 17.57 15.5 17.49 14.97 17.97 14.59 15.94 12.44
LERNER 2 0.28 0.09 0.3 0.14 0.29 0.13 0.31 0.15 0.31 0.15
CONCEN 63.14 18.32 63.28 18.93 62.48 17.22 60.5 15.55 60.21 17.26

RS 3 0.72 0.08 0.73 0.09 0.73 0.08 0.73 0.09 0.64 0.09
GDPGR 4.12 3.67 3.75 2.42 3.12 4.65 3.05 2.18 3.84 1.94

INF 4.19 4.69 3.46 4.35 2.94 4.6 3.43 5.05 3.92 4.84

Notes: The dependent variable was winsorized at the 1% and 99% levels. 1 REGFIN is obtained from Rau (2020). 2 LERNER was collected
from the World Bank data. However, the data over the period 2015–2017 were obtained based on the estimates of Igan et al. (forthcoming).
3 RS is constructed by Navaretti et al. (2017) from the World Bank database.
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Table A4. Correlation matrix between variables used in this study.

1 2 3 4 5 6 7 8 9 10 11

1. LNFINCAP 1
2. LNALTERCAP 0.8 *** 1

(22.08)
3. EF −0.03 0.04 1

(−0.48) (0.64)
4. GDPCAP 0.52 *** 0.48 *** −0.07 1

(10.34) (9.21) (−1.25)
5. GDPCAP2 0.43 *** 0.39 *** −0.02 0.93 *** 1

(8.09) (7.12) (−0.37) (43.74)
6. BRANCH 0.26 *** 0.22 *** −0.18 *** 0.49 *** 0.29 *** 1

(4.6) (3.87) (−3.06) (9.37) (5.12)
7. MOBILE 0.29 *** 0.25 *** −0.07 0.59 *** 0.48 *** 0.32 *** 1

(5.04) (4.43) (−1.25) (12.17) (9.09) (5.65)
8. LERNER 0.08 0.07 0.22 *** 0.13 ** 0.27 *** −0.05 0.14 ** 1

(1.3) (1.26) (3.81) (2.14) (4.68) (−0.91) (2.4)
9. CONCEN 0.19 *** 0.06 −0.04 0.28 *** 0.28 *** −0.01 0.12 ** −0.01 1

(3.24) (1.08) (−0.66) (4.89) (4.98) (−0.19) (2.03) (−0.12)
10. GDP −0.12 ** −0.1 * 0.04 −0.22 *** −0.11 * −0.28 *** −0.24 *** 0.08 −0.2 *** 1

(−2.05) (−1.72) (0.63) (−3.78) (−1.89) (−4.99) (−4.16) (1.38) (−3.49)
11. INF −0.43 *** −0.32 *** 0.36 *** −0.45 *** −0.35 *** −0.38 *** −0.35 *** 0.02 −0.12 ** 0.04 1

(−8.07) (−5.64) (6.55) (−8.38) (−6.34) (−6.86) (−6.32) (0.34) (−1.99) (0.67)

Notes: t-statistics are shown in parentheses, *, ** and *** denote the significance at the 10%, 5%, and 1% levels, respectively.

Notes
1 It is important to note that the data on fintech credit provided by Cornelli et al. (2020) and CCAF were available from 2013 to

2018, while the data used to estimate efficiency scores of banking systems were available until 2017. Therefore, our sample period
of 2013–2017 was selected to maintain our observations as many as possible.

2 DEA techniques have been extensively used in finance studies. For more details, please see Boubaker et al. (2015) and Kaffash
and Marra (2017).

3 Since the number of countries is relatively high, compared to the number of observations, we did not use the country fixed-effect
dummy variables in our models. In addition, the inclusion of several country-specific regressors prevents us from using a set of
country dummies. To be specific, we controlled for differences in the examined countries in terms of their banking competition
(LERNER), market concentration (CONCEN), banking regulation (RS), fintech regulation (REGFIN) as well as other institutional
characteristics (for robustness checks). We believe that any country-level differences should be accounted for in the robustness
testing.
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