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The Impact of BigTech and Fintech Credit on Income Inequality
Mahbuba Aktar! and Makram El-Shagi*!

LCenter for Financial Development and Stability, School of Economics, Henan University, China

Abstract

This paper studies how digital credit — specifically BigTech and fintech lending — relates to income
inequality in 42 countries from 2013 to 2019. We develop a dynamic multi-equation panel framework
based on isometric log-ratio transformations of income shares, which allows us to model shifts in the
entire Lorenz curve while respecting the compositional constraints that standard approaches typically
ignore. BigTech credit consistently reduces the top income share, and its inequality-reducing effect
is most pronounced in developed economies, in countries with stronger institutions, and in financially
open environments. Fintech credit exhibits the opposite pattern: it raises the top income share while
lowering the bottom 50 percent’s share, with the magnitude of this effect similarly amplified by higher
development, stronger institutional quality, and greater financial openness.
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1 Introduction

As early as 2013, when digital lending was still in its early stages, the World Bank hailed fintech for its
potential to expand digital financial inclusion and reduce poverty (World Bank; 2013). Since then, fintech
lending has grown rapidly, and the rise of BigTech has been even more pronounced, with BigTech credit
volumes already twice those of fintech by 2019 (Cornelli et al.; 2023). Yet empirical evidence remains limited,
and the few available studies focus almost exclusively on fintech, leaving the role of BigTech credit largely
unexplored. This paper provides the first empirical comparison of the distributional effects of fintech and
BigTech credit, combining dynamic panel estimation with compositional techniques for modeling income
shares.

To examine these issues, we draw on cross-country data on digital credit and develop a framework
that distinguishes fintech from BigTech lenders. Alternative credit markets have grown at an exceptional
pace, increasing from USD 18 billion in 2013 to nearly USD 800 billion by 2019 (Cornelli et al.; 2023).
BigTech lenders, in particular, expanded rapidly, with credit volumes already double those of fintech in
2019. These developments have been widely interpreted as opportunities to improve financial inclusion,
especially for underserved groups (Boot et al.; 2021; Hau et al.; 2019), and fintech is known to fill gaps
left by traditional lenders (Bazarbash et al.; 2020). Yet their implications for income inequality remain
insufficiently understood.

This study contributes to the existing literature on the distinct effects of BigTech and fintech credit
in reducing income disparities. Unlike prior studies examining aggregate digital credit (Hodula; 2023) or
only fintech-driven services (Adugna; 2024), this study compares BigTech and fintech credit to show how
they affect inequality in different ways. To our knowledge, no previous study has explored how institutional
quality, financial openness, and economic development moderate the relationship between digital credit and
income inequality. We use dynamic panel models using the system-GMM to properly account for endogeneity
in persistent data.

Additionally, we contribute to the emerging empirical literature that assesses the income distribution as a
whole, rather than focusing on individual summary indicators such as the Gini coefficient. Looking at top and
bottom income shares, has always been a key facet of the research on income inequality. Recent contributions
include Dorn et al. (2022), Alvaredo et al. (2017), Krolage et al. (2022), Simionescu (2025), Hodula (2023),
and Rabhi and Parsons (2025), to name just a few of the most prominent examples. However, all those
papers treat income shares as unconstrained continuous variables. At first glance, this seems unproblematic.
The restriction that individual shares have to be between 0 and 1 is not even remotely binding in most cases,
and thus a well specified model typically does not predict individually impossible shares. However, it has
been demonstrated in the literature on compositional data that the restrictions that individual shares have to
add up to one creates biased estimates. Yet, extremely few papers on income inequality consider approaches
tailored to compositional data. Most recently, Hijazi and Zoubeidi (2025) use a functional regression approach
to predict the development of the entire income distribution approximated through a Dirichlet distribution.
More similar to us, Kagalwala et al. (2021) use an approach based on additive log ratios in his analysis of the
dynamics of inequality. We propose to go a step further and use isometric log ratios instead. Like additive
log ratio, the project income shares are calculated in a way that accounts for both the individual and sum
constraints. However, unlike additive log-ratios, isomorphic log-ratios are both isomorphism and isometrics
of the original share data, making them more appropriate for the use in econometric applications.

The findings reveal that digital credit plays a significant yet heterogeneous role in shaping income in-
equality. BigTech credit shows a robust negative association with inequality across our specifications. Its
inequality-reducing effect is strongest in developed countries and in economies with stronger institutions or
more openness. In contrast, fintech credit tends to increasing it. The effect is more in developed and greater
financial openness economies. The divergence is consistent with differences in business models. BigTech
platforms draw on large volumes of user-level data, which can facilitate improved risk assessment and poten-
tially broaden access to borrowers who are not well served by traditional credit channels. In contrast, fintech
lenders compete directly with banks and are widely documented to serve higher-risk borrower segments,
which can in some cases raise concerns about overborrowing rather than inclusion

The rest of the paper is organized as follows. Section 2 presents related literature. Section 3 describes
stylized facts and data. In section 4, we present empirical design and methodology. Section 5 discusses the
results and section 6 concludes.



2 Literature review

While empirical evidence on the distributional effects of digital lending is still emerging, our analysis also
builds on two related strands of research: financial development and inequality, and financial inclusion.

Financial development and inequality The relationship between financial development and income
inequality has received substantial attention in the empirical literature. Theoretical work generally pre-
dicts that financial development reduces inequality, with mechanisms grounded in classic models of credit
constraints and financial frictions. For example, Galor and Zeira (1993) show that financial development
reduces inequality through human-capital accumulation, while Banerjee and Newman (1994) demonstrate
that credit market imperfections can sustain inequality by tying credit access to initial wealth. However, em-
pirical evidence is far less consistent, with studies reaching different conclusions about the effect of financial
development on inequality. Beck et al. (2007) show that about 40% of the effect of financial development on
income growth for the poorest quintile reflects reductions in inequality. Zhang and Naceur (2019) find that
access, depth, efficiency, and stability in the financial system are associated with lower inequality and poverty,
while financial liberalization is associated with higher inequality. Kappel (2010), Hamori and Hashiguchi
(2012), and Boukhatem (2016) also document that higher levels of financial development are associated with
lower inequality.

Other studies — such as Wahid et al. (2012), Jauch and Watzka (2016), Seven and Coskun (2016) and
De Andrés et al. (2021) — show that financial development can disproportionately benefit wealthier households
that already have access to financial markets, thereby exacerbating inequality.

A third strand of the literature reports a U-shaped relationship between financial development and
inequality, helping to explain why empirical findings differ across contexts, see, e.g., Vo et al. (2023) and
Chu and Jiang (2021). Other papers find nonlinearities not in the level of financial development but arising
from its interaction with factors such as institutional quality (Alesina and Perotti; 1996; Perera and Lee;
2013; Beji; 2019). Weak institutions may enable dominant players in the market to capture the benefits of
financial development, while limiting access for marginalized groups and thereby raising the risk of greater
inequality. In related work, Lim and McNelis (2016) find that financial openness, one dimension of financial
development, is associated with higher inequality in low—capital-intensity economies, which are typically less
developed.

While none of these studies explicitly examine digital credit, the rise of fintech and BigTech lending can be
viewed as a natural continuation of financial development, suggesting that similar distributional mechanisms
may apply. For instance, the possibility that a narrow set of actors appropriates the benefits of financial
development in the absence of adequate institutional safeguards is directly relevant for digital lending.

Financial inclusion A growing body of research finds that digital lending promotes financial inclusion by
expanding credit access in previously underserved markets (Jagtiani and Lemieux; 2018; Hau et al.; 2019;
Bazarbash et al.; 2020; Boot et al.; 2021). This motivates examining the literature on financial inclusion and
inequality.

A substantial body of literature shows that improved access to and usage of financial services —measured,
for example, by bank-branch density, account ownership, and digital payments — is associated with lower
income inequality (see, e.g., Honohan; 2008; Mookerjee and Kalipioni; 2010; Allen and Allen; 2017; Kim;
2016; Park and Mercado Jr; 2018). Other studies provide a more nuanced view, both regarding the timing
of effects and the interpretation of financial inclusion. For instance, Huang and Zhang (2020) show that
financial inclusion narrows the urban-rural income gap in the long run but widens it in the short run. Along
a different dimension, Tita and Aziakpono (2017) find that formal business accounts and formal savings —
used in their study to measure financial inclusion — intensify income inequality.

Depending on the institutional context, digital lending can influence distinct dimensions of financial
inclusion, which motivates our focus on moderators of its relationship with inequality.

Digital lending In recent years, a new strand of literature has emerged that examines the effect of fintech
on inequality. However, most studies focus on fintech development rather than lending and often rely on
measures of digital financial inclusion — which may be driven by traditional banks — rather than fintech per
se. For example, Zhang and Li (2024) show that access to digital technologies reduces individual income



inequality in rural China, with heterogeneous effects across income groups, gender, occupation categories,
and age cohorts. Similarly, Akono and Kemezang (2024) find comparable results for sub-Saharan countries,
using a fintech index based on mobile subscriptions, broadband access, and internet usage. Finally, using
the percentage of adults who pay bills by mobile phone as a proxy for fintech, Demir et al. (2022) report a
reduction in inequality that is most pronounced in high-income economies.

A notable exception is the work on China by Liu et al. (2023), who construct an index of 33 technology-
related Baidu search keywords to measure fintech and find that fintech development reduces inequality,
especially in the central and western, typically less developed, regions of China.

Only a few studies directly examine the relationship between digital lending and income inequality.
Hodula (2023) find that alternative credit reduces income inequality, but only in wealthier economies with
high financial inclusion, and Adugna (2024) show that fintech-driven digital lending and capital-raising
services are linked to lower inequality.

Important gaps remain. First, existing studies often treat digital credit as a single aggregate measure or
focus solely on fintech lending, without accounting for BigTech lending, which has already surpassed fintech
lending in volume. Second, as in much of the inequality literature, inequality is typically summarized in
a single indicator that does not reveal winners and losers, or income shares are analyzed but treated as
unconstrained continuous variables, ignoring their compositional nature, which induces biased estimates.

3 Stylized facts and data

3.1 Digital lending measure

To measure digital credit, we rely on the country-level alternative finance dataset compiled by Cornelli et al.
(2023). The dataset combines CCAF fintech-lending data with survey-based information on BigTech lending
collected for the original study. Our empirical sample is therefore largely determined by the country coverage
of this dataset. Because several observations report zero BigTech lending, we cannot apply the natural
logarithm transformation commonly used in the literature. Instead, we normalize all lending volumes by
GDP, which allows us to compare fintech and BigTech lending consistently across countries.

The business models of fintech and BigTech lenders differ fundamentally. Fintech platforms deliver
financial services through digital technology. In lending, this takes the form of fintech credit—nonbank,
platform-based lending such as peer-to-peer or marketplace lending—supported by digital tools for matching
and risk assessment (Claessens et al.; 2018). BigTech firms , in contrast, are large technology companies
with established digital platforms and a broad user base, whose primary activities lie in digital rather than
financial services (Frost et al.; 2019). In recent years, these firms have increasingly expanded into lending.

A useful example is Ant Group (formerly AntFinancial), one of roughly 40 lenders classified as BigTech
by Cornelli et al. (2023). Ant Group has long provided digital financial services through Alipay—one of the
world’s largest digital payment systems—and in that sense can be viewed as fintech. Yet its initial innovations
did not involve lending. Instead, it later leveraged the extensive user base of its payment platform to enter
the lending market. Consequently, its lending activity is classified as BigTech rather than fintech lending.

Although BigTech entered credit markets considerably later, its lending volume exceeded that of fintech
lenders by 2018 and was nearly twice as large by 2019 (see Figure 1). The subsequent decline in fintech
lending volumes after their 2017 peak is consistent with partial crowding-out by BigTech lenders. Despite
these stark differences, BigTech is frequently either subsumed under digital lending or omitted altogether in
the empirical literature.

3.2 Income inequality measure

To better distinguish the potential narratives of how digital credit shapes inequality, we adopt a holistic
approach and consider the income distribution as a whole. While much of the literature on income inequality
relies on the Gini coefficient as a convenient summary statistic, markedly different income distributions can
yield the same Gini, as discussed for example by Afonso et al. (2015). For example, if extreme poverty
declines as a consequence of financial inclusion through digital lending, the implications differ starkly from a
reduction in inequality driven by rising incomes in the middle class at the expense of the top income earners.
Figure 2 illustrates this using two observations with Gini coefficients in a narrow percentile band around



Alternative digital credit trends
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Figure 1: Digital lending 2013 to 2019

the median—Ecuador (2014) and Iran (2017), both with a Gini of 57.5—whose Lorenz curves are markedly
distinct.
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Figure 2: Lorenz curves for Iran (2017) and Ecuador (2014), both with a Gini of 57.5

Therefore, in this paper we examine the income shares of four groups that together span the entire
distribution: the poor (bottom 50%), the upper middle class (515*-90'" percentiles), the rich (915¢-99th
percentiles), and the very rich (top 1%). The theoretical explanations put forward in the previous literature
for a potential nexus between digital lending and inequality largely rest on the idea that alleviating credit
constraints stimulates economic activity. Because this mechanism implies a connection between digital credit
and market income rather than disposable income, our baseline specification relies on pre-tax income.This
avoids obfuscating the direct effect of digital finance on inequality through possible fiscal countermeasures.
Yet this is somewhat at odds with the strand of the inequality literature that adopts a poverty-centered
perspective and therefore focuses on disposable-income inequality or even consumption inequality. As a
robustness check, we replicate our analysis using disposable-income shares.

All income share data are obtained from the World Inequality Database (WID). The WID aggregates



primary data from national accounts, surveys, fiscal records, and wealth rankings. It applies a consistent
Distributional National Accounts (DINA) methodology to ensure cross-country comparability.

3.3 Control and moderator variables

Moderator variables We consider economic development, institutional quality, and financial openness
as moderator variables that may condition the relationship between digital credit and inequality. A more
detailed discussion of the potential channels is provided in Subsection 4.3, where we introduce the interaction
models we estimate.

Development is captured by a dummy based on the World Bank classification, with countries coded
as developed if they fall into the high- or upper-middle-income groups. In line with the recent literature,
we derive institutional quality from the World Bank’s Worldwide Governance Indicators (WGI), using the
first principal component of their six governance measures (Nguyen and HA; 2021; Aziz; 2022; Nxumalo and
Makoni; 2021). Finally, financial openness is measured using the index developed in the seminal contribution
of Chinn and Tto (2008).

Control variables For control variables, we follow standard practice in the finance—inequality literature
(e.g., Beck et al.; 2007; Jaumotte et al.; 2013) and include financial inclusion, real GDP growth, the un-
employment rate, trade openness, population growth, inflation, and unemployment. Building on the work
by Cuadros-Solas et al. (2024) on fintech, we add a legal-rights index that measures the extent to which
collateral and bankruptcy laws protect borrowers and lenders, as well as a resolving-insolvency index that
combines information on the legal framework for insolvency with expected recovery rates. Both variables
are obtained from the World Bank’s Doing Business dataset.

Our financial-inclusion measure builds on Park and Mercado Jr (2018), who construct a measure based
on the first principal component of indicators of financial access and usage. We extend their index by adding
digital payments and mobile-based utility payments to the underlying indicators, thereby increasing the
emphasis on digital financial inclusion. All individual indicators are taken from the IMF’s Financial Access
Survey; a summary is provided in Table 1.

For the remaining indicators, which are all obtained from the WDI, we adopt the measurement conven-
tions established in the literature.

Table 1: Financial Inclusion Indicators

Component Indicator

Number of commercial bank branches per 1,000 km?
Number of commercial bank branches per 100,000 adults
Number of ATMs per 1,000 km?

Number of ATMs per 100,000 adults

Access (Supply-side)

Digital payments

Made a utility payment using mobile phone

Outstanding loans from commercial banks (% of GDP)
Outstanding deposits from commercial banks (% of GDP)

Usage (Demand-side)

Sample and summary Our study is based on panel data from 42 countries covering the period 2013-2019.
As previously mentioned, the sample is restricted by the availability of digital lending data. We exclude
countries with zero BigTech credit over the full sample period, unless they display sizeable fintech lending.
This yields a more homogeneous set of countries and removes those that lag in digital development. Table
2 shows the summary statistics of all variables.



Table 2: Summary statistics

Mean SD Min p50 Max
bigtech 0.0703  0.3232  0.0000  0.0000 3.6126
fintech 0.0527  0.2387  0.0000  0.0059 2.8922
digital 0.1231  0.4886  0.0000  0.0104 4.3888
pOp50 0.1574  0.0468  0.0551  0.1498 0.2642
p50p90 0.3979  0.0561  0.2707  0.4025 0.4986
p90p99 0.2883  0.0566  0.1849  0.2890 0.4611
p99p100 0.1563  0.0500  0.0821  0.1487 0.3111
gini disp 39.8823  8.4277  24.4000 41.1500  57.6000
gini mkt 47.2316  5.9053  32.8000 48.0000  62.2000
inclusion 0.2457  0.2075  0.0000  0.2208 1.0000
gdp growth 3.4157 27807 -6.9149 2.8374  24.4753
trade 81.2626 57.3071 22.4862 62.4614 167.0418
inflation 3.1915  3.8678 -3.7491  2.0267  29.5066
population 1.3332  1.4555 -2.8799 1.1413  11.7940
unemployment 6.3404  4.1985 0.2490  5.1530  25.5380
quality 0.5098  0.3079  0.0000  0.4019 1.0000
legal rights 5.7041 29416  0.0000  6.0000  12.0000
resolving insolvency 60.1074 21.5882  0.0000 62.5544  93.8942
kaopen 0.8276  1.5252 -1.9311 1.0338 2.2994

4 Empirical models and estimation method

4.1 Income distribution as compositional data

Although there is a large body of statistical research on dealing with compositional data going back to
Aitchison (1982), this has largely been ignored in the literature on income inequality. While this does
not matter much when dealing with simple aggregate indices of inequality, such as the Gini-coefficient, the
Theil-index, or the Palma-ratio, this can create major bias when looking at income shares directly.

Since shares have to add up to 1, there are effectively only K — 1 independent shares, when dividing
a population into K components. All viable solutions of shares thus do not live in R¥ but a hyperplane
of this space. Since every single share has to be between 0 and 1 this hyperplane is further restricted to a
simplex.! However, when individually predicting the K shares, the prediction is not necessarily confined to
this simplex.

The most simple solution to this issue is to look at so called additive log ratios comparing the first K — 1
components to the final share. This is essentially what we do when looking at log odds ratios, e.g., when
running logistic regressions. This approach is widely used in the political science literature, including the
paper by Kagalwala et al. (2021) on inequality. However, for K < 2, those additive log ratios are no longer
isometric, i.e., no longer preserving (relative) distance.

In this paper, we use isomorphic log-ratios of the original share data following Egozcue et al. (2003). Like
additive odds ratios these map the simplex in RX on the entire space RX~1. However, unlike additive log
ratios, isomorphic log ratios are not only isomorphic but also isometric.

To obtain isomorphic log ratios, we first compute centered log ratios, that compare each share p; to the
geometric mean of all shares:

Pk

cry =In —————. (1)

K 1/K
Hi:1 Di

Note that this is done separately for every observation of our panel. However, for the ease of reading,

we omit the country and time indices in this subsection. Like any log ratio transform, centered log ratios of

1While similar to a share, the Gini index has to be between 0 and 1, the observable data is typically so far from the extremes
that a well specified model should not predict values outside these boundaries.



shares are (unlike shares themselves) not constrained to be between 0 and 1. The transformation between
shares and centered log ratios is both isomorphic and isometric. However, we still have K components, i.e.,
the final component is entirely explained by the first K — 1 components.

To obtain isometric log ratios, we multiply the vector of centered log ratios clr for one observation with
a K x K — 1 rotation matrix Psi that is orthonormal, i.e., satisfies WW T = Ix. In our empirical exercise,
we have four income groups, and use

0 0

2
—1/ 75 £ 0
Ve VB
V= 1 1 1 (2)

V12 Ve 2
_Ji \ﬁ _ \ﬁ

12 6 2
Since ilr = clr¥ and UWT = Iy, we can obtain predicted centered log ratios clr from predicted ilr
through clr = ilr¥ ". The centered log ratios can trivially be transformed into predicted shares by using the

exponential function and renormalizing the sum of the resulting values to 1.

Estimates using raw income shares as dependent variables produce internally inconsistent results, includ-

ing predicted shares exceeding 100 percent, confirming the need for a compositional-data approach. These
results are available upon request.

=
.

4.2 Baseline model

Based on the isomorphic log ratios, we compute using the four income shares described in the Data section
(poor, middle, rich and top), we run the following system of equations:

ilryy = Dagilry i 1DeCu—1 + T Macrog—1 + ui + v + €41, (3)

where ilr; ; is the 3 X 1 column vector with the three isometric log ratios for country ¢ at time ¢, I' 4 i is the
matrix of autoregressive coefficients, I'c the vector (or in some cases matrix) collecting the effects of digital
credit, I'j; the matrix with the coefficients of macroeconomic control variables, u;, v; and &; the vectors
with the country, time, and idiosyncratic components of the error term.

Note that this implies that the lags of all three isometric log ratios enter all three equations, rather than
modeling each income share through a separate autoregressive process. In this respect, our specification
resembles a panel version of a VARX, where each equation includes lagged endogenous components and ad-
ditional non-endogenous covariates. Similar to a VAR, each equation can therefore be estimated individually.
In all three equations, we treat the lagged isometric log-ratio components as endogenous variables.

Since each equation constitutes a dynamic panel model with endogenous regressors and persistent series,
we employ the widely used two-step system-GMM estimator to address endogeneity, following Arellano and
Bover (1995) and Blundell and Bond (1998).

While system-GMM is designed for persistent data, it still requires stationarity. To address potential
non-stationarity, we apply the Harris and Tzavalis (1999) test, which is specifically designed for balanced
panels with a small time dimension, and a Fisher-type test as rediscovered and applied to panel unit-root
testing by 7. Both tests reject the null hypothesis of a unit root, as reported in Table 3.

To mitigate endogeneity, both digital credit measures and all control variables enter the specification
with one-period lags. This framework formally identifies Granger-causal relationships rather than structural
causality. However, unlike in many macroeconomic settings where expectation channels may render Granger
causality insufficient, there is no plausible mechanism through which current digital credit provision would
be shaped by expectations of future income distribution.

4.3 Interaction model

For further analysis, we extend the model by incorporating interaction terms. This leads to the following
regression equation:



Table 3: Stationarity tests

Method Statistics P-value

pOpb0  pb0p90  p90p99 p99pl100 pOp50  p50p90 p90p99 p9Y9p100

Harris and Tzavalis (1999) -0.3593 -0.2352 -0.2374 -0.3224 0.0000 0.0000  0.0000  0.0000
Fisher type -7.883 -5.0135 -7.3544 -6.8355 0.0000 0.0000  0.0000  0.0000

ilriy = ®arilri 11 PcCi—1 + PyrMacroy—1 + PrCiy—1 X My + u; + v + €44, 4)

where m denotes a moderating variable which is either economic development, institutional quality, or
financial openness.

The rationale in choosing those three is that they shape access to credit and the efficiency of credit
allocation that prevail without digital credit.

This is most obvious in the case of economic development (which we include as a dummy that equals 1 for
developed economies). In developed countries, all strata of the population typically have access to banking
and thus access to credit at least in theory. Credit constraints are typically due to a lack of collateral rather
than lack of access. Whether digital credit alleviates those constraints is unclear, and more importantly it
is far from certain that this would be beneficial. The excessive growth of subprime credit in the US was
one of the main causes of the global financial crisis. If credit to low income households is primarily used
for consumption, it might reduce consumption inequality in the short run, but cement the existing income
distribution. Contrarily, in many developing countries, large parts of the population do not have access to
banking services and thus credit. In those countries, one can easily imagine that the opportunity to obtain
credit through your phone drastically increases financial inclusion, and allows entrepreneurial activities that
was previously impossible due to technological credit constraints.

While institutional quality does not determine whether people have physical access to banking, it still
might play a major role in explaining who actually has access to credit through the traditional banking
system. In the absence of good institutions, personal relationships might play a much bigger role in decision
of banks to grant loans. To some degree this might be overcome by more anonymous digital credit. On the
other side, digital financial innovations are more likely to be inclusive and customer-protective in countries
with high-quality governance, strong property rights and effective enforcement. For institutions themselves,
earlier studies largely suggest that high-quality institutions help to reduce income inequality (Alesina and
Perotti; 1996; Meschi and Vivarelli; 2009; Perera and Lee; 2013), while poor institutions lead to greater
inequality (Chong and Gradstein; 2007). However Asamoah (2021) shows that the impact of institutional
quality on income distribution varies with the measurement tool and a country’s development stage. Since
institutions do not affect income directly, but by shaping economic interactions and decisions, it seems crucial
to consider them as potential moderator for the role of digital finance as well.

Financial openness differs from both of those since it is less about the relation between banks (or digital
lenders) and their clients, and more about access of those lenders to additional funds from abroad. Fintech
and BigTech firms can scale rapidly in more open economies. A recent study by Rapih et al. (2023) examine
the relationship between fintech credit and de facto measures of financial openness, showing that an increase
in financial openness leads to an increase in fintech credit. While this means that financial openness amplifies
the effect of the existence of digital finance by increasing the volume of lending through those institution,
this does not necessarily translate to an increased effect of digital credit itself. The latter would require
financial openness to shape where digital credit flows. While this is far from certain, it is plausible. In a
financially open economy developed economy, access to credit is typically abundant for the rich, who can
also tap international financial markets directly in addition to their better access to banking. In this case,
it seems likely that digital credit in those economies would focus on the low and middle income groups that
are less well served.

This hypothesis is in line with results on the effect of financial openness on inequality. Earlier studies have
shown mixed results regarding whether financial openness reduces or increases income inequality. Lim and
McNelis (2016) suggest that financial openness supports both income growth and equality. Villanthenkodath
et al. (2024) find that financial openness reduces income inequality in low-income countries but increases
it for middle and high-income countries. So far, there is no evidence on how financial openness interacts



with digital credit, but it has been shown that financial openness can also amplify the effect of technological
changes on income inequality (Ni et al.; 2022).

5 Results

Since ilr coordinates lack a straightforward economic interpretation, we focus on the marginal effects on
shares at the mean, as described in Section 4.2, for the presentation of our results. To allow a direct
comparison to the inequality literature using Gini coefficients and provide an overall effect on inequality, we
also report the change of the Gini index implied by the changes in income shares. While the Gini coefficients
based on a four-point-approximation of the Lorenz-curve systematically underestimate the true Gini, the
changes in those four-point-approximations track the actual gini based on a complete Lorenz-curve almost
exactly. The complete results for the dynamic models in ilr coordinates — including all relevant specification
tests — are reported in Appendix Table A1-A4. All specification tests indicate valid instrumentation. The
Arellano-Bond tests reject first-order serial correlation and fail to reject second-order serial correlation,
consistent with a correctly specified dynamic panel model. The Hansen test does not reject the null of
instrument validity. With three potentially endogenous variables—namely the lagged values of the isometric
log-ratio components—instrument proliferation is a concern. We therefore use a collapsed instrument set to
keep the number of instruments at a reasonable level.

5.1 Baseline results

The results suggest a robust inequality-reducing effect for BigTech credit (see Table 4). BigTech credit
significantly lowers the income share of the top income group. It is not entirely clear which part of the
income distribution benefits from this reduction at the top. The point estimate for the rich group is close
to zero. Overall, the reduction at the top appears to be offset by modest gains distributed across the lower
parts of the income distribution. This finding pertains to relative shares; it does not imply that top-income
households experience an absolute decline in income.

For fintech credit, the results are mixed. The bottom income share declines significantly at the 10%
level, whereas all other coefficients — including the Gini — are statistically insignificant. Interpreting the
distributional pattern through an analogy to a joint F-test byrecognizing that the Gini depends on several
underlying income-share coefficients suggests that this isolated result is too weak to translate into a statis-
tically meaningful change in overall inequality. In other words, the significant bottom-share coefficient may
reflect noise in one component rather than a systematic distributional effect.

For digital credit, the results show no statistically significant effect on most groups.

Table 4: Baseline shares

Sector Poor Middle  Rich Top Gini
bigtech ~ 0.0040  0.0031 -0.0003 -0.0070***  -0.7806*
fintech  -0.0021* 0.0020 -0.0009 0.0002 0.1601
digital ~ -0.0003  0.0023 -0.0008 -0.0012 -0.0816

Standard errors in parentheses
¥ p < 0.01, ¥* p < 0.05, * p<0.1

A plausible explanation for these divergent outcomes lies in the distinct operational models of these
digital credit providers. BigTech platforms’ access to extensive user-level data may enable them to reach
borrowers who are underserved by traditional lenders. This informational advantage can broaden access to
credit for low-income households and small firms that lack conventional collateral. Such outreach is also
consistent with increased competitive pressure in lending markets, which may force traditional institutions
to streamline lending processes. These mechanisms could help explain why BigTech lending is associated
with reductions in the top income share, although our estimates do not allow us to identify these channels
directly.

In contrast, fintech credit appears to benefit mainly middle- and higher-income groups, with some evidence
of adverse effects for the poorest. Because fintech lenders lack the informational advantages available to
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BigTech platforms, their screening and risk-assessment processes may resemble those of traditional banks,
albeit at lower operating costs. These similarities could limit their outreach to borrowers who are underserved
by conventional lenders. As a result, fintech expansion may reinforce existing distributional patterns rather
than reduce inequality.

These patterns are visually summarized in Figures 3, 4, and 5. The figures present the effects of BigTech,
fintech, and total digital credit on income shares across the four population groups, together with the main
heterogeneity results by development level, institutional quality, and financial openness. All figures and
tables report marginal effects evaluated at the median — that is, starting from the Lorenz curve of the
median country in the sample.

5.2 The role of development

For both BigTech and fintech credit, the baseline effects become markedly stronger in developed countries,
see Table 5. For BigTech, we again estimate an inequality-reducing effect, although only the reduction in
the top income share is statistically significant; the corresponding Gini effect is not precisely estimated. The
interaction term between BigTech credit and development yields a negative and significant marginal effect
on the top income share, indicating that any inequality-reducing influence of BigTech appears substantially
stronger in developed economies. However, this comes with the caveat that the implied effect on the overall
Gini is statistically insignificant, despite being quantitatively large. Economically, this pattern is plausible.
BigTech’s business model relies on leveraging large-scale user data, meaning that individuals who are not
active on major digital platforms—or who generate too little data for reliable scoring—may remain effectively
excluded. In developed countries, where even low-income households typically engage deeply with online
services, this constraint is far less binding. As a result, BigTech credit is more likely to reach all income
strata and thus generate stronger inequality-reducing effects.

Similarly, fintech credit continues to raise inequality by redistributing income from the bottom to the top.
Moreover, the estimated effect intensifies in developed economies. In contrast to the baseline specification,
the interaction model yields highly significant effects not only for the individual income shares but also for
the implied Gini coefficient. At first glance, it may seem counterintuitive that fintech lending would worsen
income inequality. The existing literature consistently documents that fintech lenders disproportionately
serve high-risk borrowers who are screened out by traditional banks, commonly because of poor or thin
credit histories (Di Maggio and Yao; 2021; Tang; 2019; Serfes et al.; 2025). There is additional evidence
indicating that default rates are significantly higher for fintech loans (Chava et al.; 2021; De Roure et al.;
2022). Viewed together, the results are consistent with the idea that banks do not abstain from lending to
these groups because of risk misperception. Instead, their reluctance reflects genuinely higher underlying
credit risk. Fintech lending may therefore contribute to incentives that lead some borrowers to take on more
debt than is sustainable. At the same time, the terms of fintech loans are often substantially less favorable
than those of traditional bank credit, as highlighted in a recent report by the Federal Reserve Bank of
Cleveland. As a result, the economic value created by these loans may flow predominantly to the lender,
with limited net benefit for the borrower.

Unlike in the baseline regression, we find significant effects of total digital credit on inequality in developed
countries. These effects appear to be driven predominantly by the BigTech component, which shows the
same sign but a smaller magnitude than BigTech credit itself.

5.3 The role of institutional quality

The inequality results from the regressions interacting digital credit with institutional quality largely mirror
those obtained for development (see Table 6). Notably, however, both fintech and BigTech credit exhibit
highly significant effects in this specification, in contrast to the earlier results.

Although BigTech lending continues to exhibit an inequality-reducing effect, the interaction results in-
dicate a modified composition of this effect in countries with higher institutional quality. We also observe
a significant decline in the share held by the upper-middle group (41st-90th percentiles). Although this
may seem counterintuitive, the pattern can be rationalized by a redistribution of opportunities: expanded
financial access strengthens the bottom relative to the middle class, while intensified competition erodes
the income advantages at the very top compared to the broader high income group. Stronger institutions
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Table 5: The role of development

Variable Poor Middle Rich Top Gini

bigtech 0.0018 0.0039  -0.0007  -0.0050%* -0.4937
fintech -0.0030*  0.0029  0.0001 -0.0001 0.2739*
digital -0.0002 0.0011  0.0004  -0.0014%* -0.0471

bigtechx developed -0.0474  0.0167  0.1220  -0.0913* -4.8523
fintechx developed -0.0361* -0.0593* -0.0029 0.0983***  8.9012***
digitalx developed 0.0312*  -0.0149 -0.0063 -0.0099 -3.7066*

Standard errors in parentheses
*H* p < 0.01, ¥ p<0.05 *p<0.1

amplify this dual pattern by broadening the reach of BigTech lending and ensuring that its gains are not
confined to narrow segments of the population. Strong institutions likely create a regulatory environment
that enhances consumer protection and accountability, which can increase the adoption of digital financial
services across socioeconomic groups. In such settings, BigTech lending platforms are better positioned to
reach underserved populations. It should be noted, however, that—unlike the clear effects at the top and
bottom—the results for the middle group are not robust across specifications and may reflect a statistical
artifact of this particular model.

Fintech lending, as in our other specifications, increases the top income share at the expense of all
other groups. This inequality-increasing effect is stronger in countries with high institutional quality. One
possible explanation is that strong institutions give fintech lenders an advantage — likely temporary — in
competing with traditional banks. Although our institutional-quality measure does not directly include
financial regulatory variables, high institutional quality is typically associated with stronger banking and
financial oversight. Because of its relative novelty, fintech activity often falls outside the scope of traditional
financial regulation. This underscores the importance of ensuring that financial regulation keeps pace with
digital lending in order to mitigate potential adverse outcomes.

Consistent with the baseline results, and in contrast to the development interactions, overall digital credit
does not yield statistically significant coefficients. Even so, the sign of the estimated effect remains negative,
offering modest support for the view that BigTech credit dominates the aggregate digital-credit measure.

Table 6: The role of institutional quality

Variable Poor Middle Rich Top Gini
bigtech 0.0191 -0.0129* 0.0131 -0.0193*%  -2.2127***
fintech -0.0101*  -0.0168*  -0.0147*  0.0415%**  2.6405%**
digital 0.0050 -0.0049 -0.0034 0.0033 -0.4233

bigtech x quality 0.0307*** -0.0255** 0.0137 -0.0190*  -3.2131%**
fintech x quality — -0.0130*  -0.0331*%* -0.0242** 0.0703***  4.1303***
digital x quality 0.0078 -0.0107 -0.0042 0.0071 -0.4868

Standard errors in parentheses
¥ p < 0.01, ¥* p < 0.05, *p<0.1

5.4 The role of financial openness

In our final extension, we examine financial openness. The results again resemble those from the baseline:
financial openness amplifies the original effects of both BigTech and fintech credit (see Table 7).

BigTech credit, as in all other specifications, continues to reduce inequality. Moreover, this inequality-
reducing effect is stronger in countries with high financial openness. It is unlikely that this pattern simply
reflects greater access to BigTech credit in more open economies, since such differences would be captured by
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the credit variable itself rather than by its interaction with financial openness.Rather, BigTech credit may
benefit lower-income groups more in financially open countries, because higher-income households already
have access to cross-border credit opportunities and thus gain relatively less from domestic digital lending.

Similarly, the inequality-increasing effect of fintech lending appears across all levels of financial openness
but is particularly pronounced in highly open economies. This may not reflect a direct effect of openness
itself, but rather the fact that in capital-market—open economies, credit constraints rarely stem from technical
barriers to market access. Instead, limited access to credit typically reflects insufficient creditworthiness.
As in developed countries, fintech lending in financially open economies may foster overborrowing among
poorer households — an outcome that can reduce incomes — rather than generating financial inclusion in the
conventional sense.

For digital credit, as in most of our analyses, the overall inequality effect is largely driven by the BigTech
component.

Table 7: The role of financial openness

Variable Poor Middle Rich Top Gini

bigtech 0.0099 0.0044 0.0094 -0.0237F%*  _1.8244***
fintech -0.0106*  -0.0151* 0.0011 0.0245%**  2.4492%%*
digital 0.0085 0.0022 0.0051 -0.0158***  -1.4496***

bigtech X openness 0.0076***  -0.0007  0.0074*** -0.0143*** -1.1600***
fintech x openness  -0.0073*  -0.0113*  -0.0017 0.0204***  1.7768%**
digital x openness  0.0074***  (0.0001 0.0035 -0.0110%**  -1.1429%**

Standard errors in parentheses
K p < 0.01, ¥* p < 0.05, *p<0.1

Table 8: Alternative digital credit

Sector Poor Middle Rich Top Gini

bigtechpc 0.0001 -0.0001  0.0002**  -0.0002***  -0.0054*
fintechpc ~ -0.0001**  0.0002 0.0001 0.0000 0.0172*
digitalpc -0.0001 0.0000 0.0002 -0.0001 -0.0007

Standard errors in parentheses
K p < 0.01, ** p < 0.05, *p<0.1

Table 9: Alternative dependent variable

Sector Poor Middle Rich Top Gini
bigtech  0.0039**  0.0011 -0.0027 -0.0022 -0.6257**
fintech 0.0015 -0.0008 -0.0044 0.0037 -0.1297
digital 0.0020*  -0.0001 -0.0022  0.0003 -0.2726
Standard errors in parentheses

K p < 0.01, ¥ p < 0.05, *p<0.1

5.5 Robustness

Alternative measures of digital credit To assess the robustness of our results, we re-estimate the
baseline model using alternative measures of BigTech and fintech credit. Instead of scaling these variables
by GDP, we express them on a per-capita basis. As shown in Table 8, the results closely mirror those of the
baseline specification.
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Alternative inequality measures In Table 9, we also revisit the baseline regression using alternative
inequality measures. Specifically, we replace pre-tax income shares with post-tax income shares — covering
the bottom 50%, middle 40%, top 10%, and top 1%—from the World Inequality Database (WID). The
negative effect of BigTech credit on income inequality remains significant, indicating that our main finding
is robust. The positive association between BigTech credit and the income share of the bottom group
is also statistically significant, although the negative effect on the top 1% becomes weaker. By contrast,
the coefficients for fintech and overall digital credit remain small and statistically insignificant in both
specifications.
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Figure 3: Impact of BigTech credit on income distribution
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Figure 4: Impact of fintech credit on income distribution
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Figure 5: Impact of digital credit on income distribution
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6 Conclusions

The rise of digital credit initially generated substantial optimism that expanded financial inclusion would
translate into poverty reduction. Our results suggest that these expectations should be qualified: the distri-
butional effects of digital credit are highly heterogeneous. In particular, for fintech—the segment that first
expanded rapidly in developing digital lending markets—the risks of widening income disparities tend to out-
weigh the potential benefits. While BigTech lending exhibits the inequality-reducing effects often hoped for,
these benefits are concentrated in developed economies and appear only weakly—if at all—in the emerging
markets where poverty concerns are most acute.

This assessment may, however, understate potential gains, since our analysis focuses on income shares
rather than levels of income. It remains possible that the poor also benefit from fintech, even if the gains
to higher-income groups are larger, leading to a net increase in inequality. Determining whether fintech
increases inequality despite generating positive income effects for the poor is an issue that future research
will need to address.
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Appendix

Table Al: Baseline results

(1) (2) (3) (4) (5) (6) (7) (8) 9)
VARIABLES ilrl ilr2 ilr3 ilrl ilr2 ilr3 ilrl ilr2 ilr3
ilrl; 4 -0.1839 -0.1825* 0.0398 -0.1313 -0.1404 0.0602 -0.1474 -0.1629 0.0446
(0.2329) (0.1012) (0.1240) (0.2256) (0.0976) (0.1282) (0.2308) (0.0995) (0.1241)
ilr2; 4 0.9262***  0.6810*** 0.1240 0.8544™**  0.6688*** 0.1244 0.8898™**  0.6934*** 0.1605
(0.1559) (0.1698) (0.1236) (0.1448) (0.1538) (0.1283) (0.1460) (0.1657) (0.1260)
ilr3¢—1 -0.8937*** -0.7127*** -0.3551"** -0.8184*** -0.7719"** -0.4312"** -0.8638"*" -0.7678*** -0.4229"**
(0.1355)  (0.1704)  (0.1224)  (0.1179)  (0.1358)  (0.1257)  (0.1218)  (0.1526)  (0.1226)
bigtechs—1 0.0441 0.0915* 0.0963
(0.0565) (0.0469) (0.0616)
fintechy—1 -0.0602***  0.0271" 0.0155
(0.0215)  (0.0151)  (0.0161)
digital;—1 -0.0112 0.0365"* 0.0311
(0.0154) (0.0137) (0.0234)
inclusion; 1 0.1012 -0.1088 -0.1254 0.1074 -0.0826 -0.1661 0.1250 -0.0953 -0.1587
(0.0841)  (0.0786)  (0.1424)  (0.0840)  (0.0737)  (0.1635)  (0.0831)  (0.0763)  (0.1568)
gdp_growth;_; -0.0030 -0.0027  -0.0053***  -0.0033 -0.0021  -0.0052**  -0.0027 -0.0023  -0.0056***
(0.0026) (0.0024) (0.0018) (0.0026) (0.0024) (0.0020) (0.0025) (0.0024) (0.0020)
trade;_1 0.0006* 0.0002 0.0006 0.0005* 0.0002 0.0006 0.0006* 0.0002 0.0006
(0.0003) (0.0003) (0.0004) (0.0003) (0.0003) (0.0005) (0.0003) (0.0003) (0.0005)
inflations_1 0.0044 0.0017 -0.0024 0.0032 0.0013 -0.0040 0.0038 0.0017 -0.0038
(0.0028)  (0.0023)  (0.0045)  (0.0027)  (0.0027)  (0.0042)  (0.0028)  (0.0025)  (0.0043)
population;_1 -0.0103*** -0.0123**  -0.0072  -0.0098** -0.0125"*  -0.0059  -0.0095** -0.0124**  -0.0070
(0.0035) (0.0050) (0.0054) (0.0038) (0.0051) (0.0056) (0.0037) (0.0050) (0.0054)
unemployment;_; -0.0054 -0.0087** 0.0046 -0.0054 -0.0063* 0.0034 -0.0040 -0.0070** 0.0036
(0.0040) (0.0036) (0.0049) (0.0034) (0.0033) (0.0050) (0.0035) (0.0033) (0.0050)
quality;—1 0.1314™* 0.1662***  0.0749™*  0.1214™* 0.1642*** 0.0963™*  0.1233*** 0.1678***  0.0852**
(0.0334)  (0.0359)  (0.0303)  (0.0307)  (0.0327)  (0.0390)  (0.0316)  (0.0347)  (0.0360)
legal_rights;_1 -0.0100**  -0.0069 -0.0013  -0.0092**  -0.0080* -0.0048  -0.0104**  -0.0078 -0.0028
(0.0041) (0.0047) (0.0041) (0.0041) (0.0047) (0.0049) (0.0041) (0.0047) (0.0046)
resolving_insolvency;—1 -0.0020* -0.0002 0.0002 -0.0015 -0.0003 -0.0009 -0.0015 -0.0005 -0.0007
(0.0012) (0.0015) (0.0011) (0.0012) (0.0014) (0.0011) (0.0012) (0.0015) (0.0011)
kaopen;_1 0.0145 0.0026 -0.0334™" 0.0118 -0.0003  -0.0348** 0.0112 0.0013 -0.0348*"
(0.0157)  (0.0142)  (0.0139)  (0.0150)  (0.0135)  (0.0140)  (0.0154)  (0.0138)  (0.0135)
Constant -0.4739*  0.5540"**  0.5595"**  -0.4654*  0.6148"** 0.7130"**  -0.4849"  0.5988"**  0.6584™**
(0.2403) (0.1773) (0.1297) (0.2396) (0.1568) (0.1221) (0.2438) (0.1669) (0.1203)
Observations 252 252 252 252 252 252 252 252 252
Number of id 42 42 42 42 42 42 42 42 42
Controls YES YES YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES YES YES
Arellano-Bond AR(1) 0.0104 0.0024 0.0081 0.0134 0.0026 0.0108 0.0110 0.0026 0.0092
Arellano-Bond AR(2) 0.206 0.195 0.259 0.243 0.133 0.201 0.265 0.153 0.258
Hansen J 0.769 0.946 0.318 0.521 0.970 0.772 0.589 0.972 0.640

Standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
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Table A2: The role of development

® @) ® @ ) ©) @ ®) )
VARIABLES ilrl ilr2 ilr3 ilrl ilr2 ilr3 ilrl ilr2 ilr3
ilrle—q -0.1334  -0.1785*  0.1288 -0.0044 -0.1522 0.1695 -0.0845 -0.1925**  0.0885
(0.2241)  (0.1006)  (0.1320)  (0.1609)  (0.1158)  (0.1493)  (0.2211)  (0.0921)  (0.1281)
ilr2,_1 0.7695*** (0.7108***  0.0177  0.8229*%** (.7402***  0.0175  0.8145*** (.8121***  (.0872
(0.1472)  (0.1467)  (0.1256) (0.1935)  (0.2064)  (0.1617)  (0.1474)  (0.1747)  (0.1122)
ilr3:—1 -0.7599*** _0.7588*** _0.2967** -0.7169*** -0.8158*** _0.2616 -0.8100*** -0.9051*** -0.4067***
(0.1299)  (0.1359) (0.1296) (0.2385)  (0.2498)  (0.1557)  (0.1190)  (0.1879)  (0.1164)
bigtechs—1 0.0300 0.0917* 0.0656
(0.0390)  (0.0522)  (0.0511)
fintechy—1 -0.0334**  0.0349** 0.0200
(0.0148)  (0.0140)  (0.0178)
digital;_1 -0.0112 0.0368** 0.0411*
(0.0155)  (0.0160)  (0.0231)
bigtech;—1 x developeds—1 0.6281**  -0.1336 0.7827***
(0.2412)  (0.2446)  (0.2731)
fintech;—1 x developed;_1 -0.9525%** _0.9960*** -0.6948***
(0.3143)  (0.2379)  (0.2569)
digital;—1 X developed:_1 -0.2933 -0.2946 0.7071*
(0.4650)  (0.4334)  (0.3542)
Constant -0.4542*  0.5789*** (0.6285*** -0.4195** 0.5755%** 0.7474*** _0.4257* 0.6004*** (.7145%**
(0.2338)  (0.1750)  (0.1259) (0.1761)  (0.1335)  (0.1356)  (0.2380)  (0.1550)  (0.1241)
Observations 252 252 252 252 252 252 252 252 252
Number of id 42 42 42 42 42 42 42 42 42
Controls YES YES YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES YES YES
Arellano-Bond AR(1) 0.0251 0.0022 0.0104 0.0344 0.0024 0.0071 0.0155 0.0034 0.0103
Arellano-Bond AR(2) 0.279 0.177 0.207 0.336 0.168 0.226 0.315 0.148 0.321
Hansen J 0.649 0.940 0.415 0.268 0.924 0.801 0.548 0.954 0.820

Standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
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Table A3: The role of institutional quality

(1) (2) (3) (4) (5) (6) (7) (8) 9)
VARIABLES ilrl ilr2 ilr3 ilrl ilr2 ilr3 ilrl ilr2 ilr3
ilrle—q -0.1352  -0.1849*  0.1258 -0.0156 -0.1523 0.0938 -0.1517  -0.1965* 0.0835

(0.2270)  (0.1013)  (0.1356)  (0.2004)  (0.1124)  (0.1557)  (0.2427)  (0.1038)  (0.1351)
ilr2,_4 0.8593*** (.7215***  0.0065 0.8183*** (.7153***  0.0317  0.8423*** (0.8059***  0.1515

(0.1504)  (0.1592) (0.1316) (0.1725)  (0.1973)  (0.1585)  (0.1436)  (0.1864)  (0.1170)
ilr3:—1 -0.8711*** _0.7580*** -0.2865** -0.7276*** -0.8046*** -0.2193 -0.7873*** _0.8776*** -0.4482***

(0.1367)  (0.1606) (0.1313) (0.1974) (0.2327)  (0.1519)  (0.1379)  (0.2061)  (0.1250)
bigtech;_1 0.1710* -0.0018  0.3086***

(0.0847)  (0.0965)  (0.0745)
fintechy—1 -0.3068*  -0.2786** -0.2572***

(0.1553)  (0.1041)  (0.0811)
digital;_1 -0.1363 -0.0828 0.1363
(0.1677)  (0.1513)  (0.1228)

bigtech;—1 X quality;—1  0.1816 -0.1266  0.3079**

(0.1245)  (0.1606)  (0.1199)
fintech;—1 x quality;—1 -0.3581  -0.4257*** _0.3665***

(0.2147)  (0.1509)  (0.1141)
digitals—1 x quality,_1 201731 -0.1615  0.1380
(0.2317)  (0.2127)  (0.1560)

Constant -0.4304*  0.5743*** 0.6233*** -0.3895*% 0.5943*** (0.7170*** -0.4903* 0.5862*** 0.6760***

(0.2395)  (0.1792)  (0.1345) (0.2099)  (0.1478)  (0.1329)  (0.2654)  (0.1713)  (0.1210)
Observations 252 252 252 252 252 252 252 252 252
Number of id 42 42 42 42 42 42 42 42 42
Controls YES YES YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES YES YES
Arellano-Bond AR(1) 0.0144 0.0023 0.0115 0.0199 0.0027 0.0056 0.0189 0.0025 0.0103
Arellano-Bond AR(2) 0.281 0.174 0.153 0.334 0.154 0.195 0.242 0.154 0.306
Hansen J 0.736 0.935 0.335 0.326 0.894 0.688 0.564 0.954 0.697

Standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
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Table A4: The role of openness

® @) ) @ ) © @) ®) ©
VARIABLES ilrl ilr2 ilr3 ilrl ilr2 ilr3 ilrl ilr2 ilr3
ilrle—q -0.1703 -0.1586 0.0795 0.0600 -0.1466 0.1087 -0.1695 -0.1584 0.0649
(0.2269)  (0.1167) (0.1273) (0.1593)  (0.1179) (0.1612) (0.2152)  (0.1056) (0.1094)
ilr2,_4 0.6898*** (0.6148*** _0.1058 0.8565*** 0.7703***  0.0603  0.8228*** (0.6540*** -0.0914
(0.1503)  (0.1388) (0.1041) (0.1749) (0.1961) (0.1626) (0.1587)  (0.1288) (0.0972)
ilr3: 1 -0.6001*** -0.6534*** _-0.1109 -0.7857*** _0.8607*** -0.3167** -0.8085*** -0.7308*** -0.1813
(0.1286)  (0.1294) (0.1076) (0.1965)  (0.2296) (0.1557) (0.1498)  (0.1354) (0.1113)
bigtechs—1 0.0868* 0.0820  0.2332%**
(0.0436)  (0.0496)  (0.0280)
fintech;_1 -0.2834** -0.2943*** _0.2072**
(0.1128)  (0.0819) (0.0818)

digital;_1

bigtech;—1 X openness;—; 0.0822**  0.0128  0.1575%***
(0.0341)  (0.0386)  (0.0190)
fintech;—1 X openness;_1 -0.1955%* -0.2640***
(0.0949)  (0.0715)
digital x openness;_1

Constant -0.4849%* 0.5623*%%*% (.5866%** -0.3644%* (0.5839%**
(0.2252)  (0.1803) (0.1153) (0.1676)  (0.1428)

Observations 252 252 252 252 252
Number of id 42 42 42 42 42
Controls YES YES YES YES YES
Year FE YES YES YES YES YES
Arellano-Bond AR(1) 0.0274 0.0014 0.0048 0.0224 0.0025
Arellano-Bond AR(2) 0.166 0.181 0.300 0.420 0.176
Hansen J 0.607 0.954 0.573 0.249 0.910

0.0203  0.0493  0.1971%%*
(0.0524)  (0.0564)  (0.0328)

-0.1834**
(0.0706)
0.0276  0.0108  0.1416***
(0.0415)  (0.0462)  (0.0243)
0.7379%%*% _0.4632%* 0.6100%** 0.6391%**
(0.1430)  (0.2265)  (0.1722)  (0.0919)

252 252 252 252
42 42 42 42
YES YES YES YES
YES YES YES YES
0.0068 0.0152 0.0023 0.0092
0.184 0.204 0.151 0.248
0.845 0.695 0.971 0.687

Standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
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