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ABSTRACT

Despite the notable progress made in the development of digital financial services in sub-Saharan Africa, no
comprehensive measure is currently available to quantify this progress. Therefore, we constructed a digital
financial inclusion index using a parametric approach. Our findings show an upward trend in digital financial
inclusion from 2014 to 2021, with a notable increase observed in this index in 2021. Based on the instrumental
variable approach, we found that COVID-19, growth product per capita, and quality of governance were the main
drivers of digital financial inclusion. Furthermore, findings reveal that not all sub-Saharan African countries have
benefited equally from the digital financial revolution. Some countries, including Kenya, Ghana, and Cote
d’Ivoire, have benefited substantially because of their high degree of digital financial inclusion. However, other
countries—such as Malawi, Guinea, Burkina Faso, and Mali—have fallen behind in terms of digital financial
inclusion and are reaping fewer benefits from the revolution in digital banking. We interpreted this observation
as symptomatic of inequality. Using the Shapley decomposition analysis, we found that 33% of the disparities in
digital financial inclusion among the examined countries were attributable to differences in the use of digital
financial services and 13% to the differences in access to those services. We identified the legal origin as a driver
of inequality in both access to and use of digital financial services. Moreover, access to the internet has
contributed to inequality in the use of digital financial services. In terms of economic implications, countries with
the lowest digital financial inclusion must revise their legal systems and invest in internet infrastructure.

1. Introduction

Financial inclusion, a common concept in scholarly literature, is
defined as the “process that ensures the ease of access, availability, and
use of the formal financial system for all members of an economy”
(Sarma, 2008, p. 3). Garnering significant attention, this concept has
been extensively explored in theoretical and empirical research. Since
Kofi Annan’s call for inclusive finance, numerous theoretical works have
emphasized the significance of inclusion based on the United Nations’
Millennium Development Goals framework. Access to financial services
enables vulnerable groups to improve their living conditions, among
other things. Several empirical research studies have reached the
consensus that involving individuals in financial systems plays a sig-
nificant role in alleviating poverty (Alvarez-Gamboa et al., 2021; Dogan
et al., 2021; Erlando et al.,, 2020; Omar and Inaba, 2020; Park and
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Merkado, 2015).

Microfinance has been widely acknowledged for its inclusivity due to
its historical focus on serving marginalized groups excluded from con-
ventional financial systems, which distinguishes it from traditional
banking institutions. Researchers, particularly those in Asia, have
sought to assess the significance of microfinance in promoting financial
inclusion as it addresses the financial exclusion of impoverished in-
dividuals in certain regions or nations. This body of studies contributes
to the empirical literature on financial inclusion. Since the World Bank’s
Findex' database—which has been collecting data on access to and use
of financial services in several countries since 2011—was released, there
has been an increasing interest in financial inclusion. This database has
also stimulated a large amount of research on financial inclusion. This
topic interests poor as well as developed nations. Several central banks,
notably those in developing nations, have implemented annual surveys
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to ascertain the extent of financial inclusion within their respective
monetary regions. The subject under consideration pertains to the
Central Bank of West African States.

Traditionally, most empirical studies determine financial inclusion
using variables that provide information on the supply of financial ser-
vices by conventional financial institutions, the demand for those ser-
vices, or both. On the supply side, financial service penetration, defined
by the number of bank branches or ATMs? per 100,000 inhabitants, is a
common metric. On the demand side, the empirical literature lists var-
iables related to access (the number of bank accounts per 100,000 in-
habitants) and use (the respective quantity of loans and deposits as a
percentage of the GDP). For a summary of these indicators, please refer
to the works of Gupte et al. (2012), Caamara and Tuesta (2014), Pes-
qué-Cela et al. (2021), and Khera et al. (2022).

Technological advancements in the financial industry have paved the
way for digital financial services (DFSs) and generated considerable
interest among scholars and practitioners alike, leading to the formu-
lation of a novel set of metrics related to access to and use of financial
services. These metrics aim to enhance our comprehension of the ad-
vancements achieved in financial inclusion over the past decade. The
GPFI (2016) ° conducted a review of the G20 financial inclusion in-
dicators considering the digitalization of financial services, namely,
remote transactions, digital payments, possession of a debit card, and
access to digital infrastructure, among other factors (Tay et al., 2022, p.
5).

In the existing literature, including studies by Aslan et al. (2017),
Huong Nguyen (2021), Shen et al. ( 2020), Huong Tram et al. (2023),
and Al-Smadi (2023), these indicators are used to construct a compre-
hensive measure of financial inclusion. This measure encompasses both
traditional financial inclusion, propelled by conventional financial in-
stitutions, and digital financial inclusion (DFI), enabled by new players
such as FinTech’ and telcos.” Thus, financial inclusion is holistically
approached. Nevertheless, accurately assessing the extent to which
digital technology contributes to global financial inclusion remains a
challenge. In other words, the abovementioned studies could not
disentangle the extent of inclusivity facilitated by traditional financial
institutions and emerging digital players.

Recently developed dynamic general equilibrium models by Finkel-
stein and Mandelman (2021), replicated with some methodological
differences by Kame Babilla (2023), distinguish traditional financial
intermediation from digital financial intermediation, highlighting the
importance of this issue. The lack of separation between existing and
new financial service providers poses a barrier to effectively tracking
progress in DFIL. Therefore, the challenge lies in accurately compre-
hending advancements in DFI. This study primarily aims to propose a
metric for measuring DFIL.

Constructing this metric will facilitate the enhanced identification of
gaps and barriers to inclusion. Addressing and surmounting these gaps
and barriers effectively will ensure that the benefits of transformation
and/or the digital revolution are equitably accessible to all individuals,
particularly those who are vulnerable or have low income.

Our research is consistent with Khera et al.’s (2022) work. Using data
from the Global Findex and Financial Access Survey, these authors
created a DFI measure. Similarly, Mostafa Ismael & Metwally Ali (2021)
developed an analogous metric using Egyptian data. Irrespective of its
form, traditional or digital, financial inclusion is theoretically
acknowledged as a multidimensional phenomenon, i.e., it can be
measured based on various dimensions, including access to financial
services, costs of accessing those services, and inherent barriers. The

2 Self-service banking (ATM: automated teller machines).

3 Global Partnership for Financial Inclusion.

4 These are start-ups that link technology with finance to offer digital
financial services.

5 Telecommunications firms.
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huge challenge posed by the multidimensionality of financial inclusion
is determining how many dimensions to retain in a study, how much
weight to assign to each, and how to combine these dimensions into a
single index (Kebede et al., 2021, p. 366).

The assessment framework provided by Khera et al. (2022) for
measuring DFI in emerging and developing nations focuses exclusively
on the variables of access and use.’ Drawing upon the research con-
ducted by Caamara & Tuesta, 2014 and 2017, Khera et al. employed a
two-step principal component analysis (PCA) technique to compute the
weights assigned to each dimension of financial inclusion. Subsequently,
these weighted dimensions were combined into a composite index,
referred here to as the Khera et al. index. This index reveals a substantial
increase in DFI from 2014 to 2017 for the countries included in their
study. In contrast, traditional banking inclusion measures have either
remained stagnant or regressed. However, this innovative outcome re-
mains subject to two primary limitations:

(i) The Khera et al. index fails to adequately account for the signifi-
cance of financial operations, such as deposits made to a mobile
account, mobile transfers between individuals, and the use of mobile
money accounts for purchases, such as airtime or mobile data.

(i) The Khera et al. index does not incorporate regulatory constraints
that affect the accessibility and use of DFSs. The quality of the
digital infrastructure is a crucial factor to consider. Regrettably,
this dimension is not considered when measuring financial in-
clusion (Tissot and Gadanecz, 2017, p. 3). Nevertheless, this
particular dimension comprises other components that facilitate
financial system operations. According to Tissot and Gadanecz
(2017, p. 3), the “establishment of a robust, reliable, and effective
information and communications technology infrastructure that
is widely accessible plays a crucial role in facilitating the delivery
of novel financial services and a variety of financial products.”

This study addresses these gaps. This article proposes a measure for
DFI that combines (i) the significance of financial transactions and (ii)
the quality of digital infrastructure. This metric is termed the digital
financial inclusion index (DFII).

The novelty of this study lies in its development of a DFII tailored for
nations in sub-Saharan Africa (SSA). The African continent experiences a
higher degree of DFI compared with other global regions. Based on the
2021 Global Findex database, it is evident that the level of mobile
phone-based financial service inclusion is three times greater in SSA
compared with other regions. Furthermore, these data emphasize that
the proportion of individuals with access to these novel services sur-
passes that of individuals with access to a financial institution in the
same region of Africa. This database moreover indicates a significant
increase in the number of mobile accounts in various economies in the
region between 2014 and 2021. In contrast, the number of accounts held
with financial institutions has exhibited a contrasting pattern, as high-
lighted by Demirgiic-Kunt et al. (2022, p. 20). An illustrative case in this
domain is that of Zambia. According to Demirgiic-Kunt et al. (2022, p.
20), the number of bank accounts in the country decreased by 12%
between 2017 and 2021, dropping from 36% to 24%. In contrast, mobile
accounts significantly increased by approximately 14%, rising from 28%
to 42%. The use of DFSs increased after various countries implemented
containment measures and social distancing protocols in response to the
global COVID-19 pandemic in 2020 and 2021. During this health crisis,
there was a notable surge in remote payments, with a substantial in-
crease from 34% to 57% in SSA between 2014 and 2021.

Despite advancements in the development of DFSs in this region of
Africa, no comprehensive measure is currently available to quantify this
progress. Measuring progress in DFI also holds particular importance for

® To these two dimensions, Ismael and Salah Ali (2022) have added a third:
the barrier inherent in access to financial services.
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the SSA region because several African countries “have recently wit-
nessed conflicts and turmoil resulting from high unemployment, income
erosion, and marginalization of a large segment of the population”
(Al-Smadi 2023, p. 465). Moreover, the extent to which COVID-19 af-
fects DFI has not received sufficient attention in prior literature.
Consequently, this paper seeks to respond to the following questions:

(1) What is the overall level of DFI in SSA countries from 2014 to
2021?

(2) How did COVID-19 affect DFI in the SSA region from 2020 to
2021?

(3) Have SSA countries gained equally from the digital financial
revolution? If not, what explains the disparities in DFI among
these countries?

To the best of our knowledge, this is the first study on this issue
covering the SSA region. This study contributes to the emerging litera-
ture on financial inclusion in several ways. It presents a comprehensive
measurement of DFI from 2014 to 2021. Using the latest data provided
by the Global Findex, this research contributes to the literature on the
effects of the COVID-19 pandemic on DFI. In the spirit of Aslan et al.
(2017), the final contribution of this article is to suggest a Shapley
decomposition analysis (Shorrocks, 1999) to explain the variations in
DFI levels among the nations examined. This study adds to the existing
literature investigating disparities or inequalities in financial inclusion
by examining the factors that lead to inequality in access to and use of
DFSs.

The remainder of the article is structured as follows. Section 2 re-
views the literature on measuring financial inclusion. Section 3 presents
the construction of the data and the research methodology. Section 4
emphasizes and discusses the results obtained. Section 5 concludes the

paper.
2. Literature review
2.1. Theoretical approaches to developing a composite indicator

The literature employs two methodologies for developing a com-
posite indicator of financial inclusion, as discussed by Huong Nguyen
(2021,p.80) and Huong Tram et al. (2023 ,p.223): nonparametric and
parametric methods. The initial step involves assigning a specific weight
to each dimension of financial inclusion. This assignment relies upon the
researcher’s combination of intuitive knowledge and subject-specific
information. Sarma’s (2008) paper, widely recognized as ground-
breaking in the field of financial inclusion measurement, aligns with this
approach. She assigned equal unity weights to the three dimensions of
financial inclusion, specifically penetration, availability, and use.
Continuing her research, Sarma and Pais (2011) assigned identical
weights (0.5) to both availability and use variables. However, they hold
the weight of unity for the penetration variable, as in Sarma’s work. The
Euclidean distance methodology was used to compute the composite
index. The change in the weighting of the financial inclusion dimensions
between the initial and subsequent publications reflects what might be
described as the “arbitrary” nature of nonparametric methods. Lock-
wood (2004) stated that this change can significantly impact the out-
comes of the composite index (as cited in Huong Nguyen, 2021, p.80).
Parametric approaches are more extensively employed due to this
rationale. This type of approaches benefits from adjusting the weights
assigned to the various dimensions of financial inclusion per the data
structure. In alternative terms, the determination of weights is endoge-
nous, which distinguishes it from nonparametric approaches wherein
the weights are exogenously set. PCA is one such technique that employs
orthogonal rotation to reduce the number of variables with significant
loadings on each factor (latent factor or factor axis). The weight to be
retained is determined based on the correlation between the variable
and the factorial axis. Caamara and Tuesta (2014) were the first to
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employ PCA method to create a composite financial inclusion index in
developed and developing nations. It was subsequently discussed in
works by Huong Nguyen (2021), Le et al. (2020), Khera et al. (2022),
Chuc et al. (2022), and Wang and Luo (2022). Likewise, this article
adopts this approach. Other authors have used entropy methods (Dong
et al., 2022) or factor analysis ( Amidzic et al., 2014) in conjunction with
unsupervised methods (Kebede et al., 2021). PCA was chosen because it
overcomes the shortcomings of the Khera et al. index,” without getting
bogged down in considerations of methodological choice within the
parametric family of methods.

By constructing a composite index, factors that explain financial
inclusion can be identified (Kebede et al., 2021; Kishore and Singh,
2019) and a country or region’s level of financial services development
over time in relation to other countries or regions can be determined.
Such an index can also be used to assess the effect of financial inclusion
on a particular variable. In this context, the literature employs the
composite index to better evaluate the impact of financial inclusion on
macroeconomic variables—such as economic development (Kishore and
Singh, 2019; Sarma and Pais, 2011), financial stability ( Vo et al., 2021;
Wang and Luo, 2022), income inequality (Sawadogo and Semedo,
2021), monetary poverty (Gutiérrez-Romero and Ahamed, 2021; Lee
et al., 2023), and climate change ( Dong et al., 2022; Le et al., 2020;
Renzhi and Jun, 2020)—or microeconomic variables such as multidi-
mensional poverty (Alvarez-Gamboa et al., 2021), bank profitability
(Kumar et al., 2020), and mental health (Ajefu et al., 2020). Other
studies, such as the one by Chuc et al. (2022), used the composite index
as an intermediation variable to gauge the impact of cash transfers on
economic growth. Within the scope of this article, the development of
the composite index also makes it possible to capture the effects of the
COVID-19 pandemic on DFI.

2.2. Impact of COVID-19 on digital financial inclusion

In contrast to the financial crisis—which can be attributed in part to
financial innovation and which subsequently led to increased caution
among economic agents regarding the use of novel financial instru-
ments—the ongoing health crisis caused by the COVID-19 pandemic has
paradoxically stimulated the use of modern financial services, namely,
remote payment means. International Monetary Fund (IMF) analysts
argue that “lockdowns and social distancing are accelerating the use of
DFSs, just as the 2003 SARS epidemic hastened China’s launching of
digital payments and e-commerce”.® The World Bank also agrees, stating
that “when COVID-19 hit, governments rushed to provide financial relief
to citizens, often using digital channels to do so. At the same time, social
distancing forced people to find alternatives to cash and face-to-face
shopping. These shifts fueled speculation that the pandemic would
create an overall rise in digital financial inclusion”. Certain polls,
particularly those conducted by Global Findex in 2021, provide evi-
dence supporting these claims. Based on the data provided, there was a
notable increase in the percentage of adults (aged >15 years) engaging
in digital payments in developing nations, rising from 35% in 2014 to
57% in 2021. Additionally, a significant portion of individuals—over
one-third—reported initiating commercial bill payments through mo-
bile devices for the first time during the COVID-19 pandemic.

By emphasizing the potential advantages associated with the growth
of DFSs in both the pre- and post-pandemic eras, Agur et al. (2020) posits
that DFSs or mobile financial services can be perceived as a reaction to
the adverse consequences of the health crisis, thereby potentially

7 By reproducing their methodology.

8 https://www.imf.org/en/Blogs/Articles/2020,/07,/01/blog-digital-finan
cial-inclusion-in-the-times-of-COVID-19, accessed on March 22, 2023, at 3:15 p.
m.
9 https://blogs.worldbank.org/latinamerica/rise-digital-financial-inclusion
-during-covid-19-pandemic, accessed on March 21, 2023, at 10:51 a.m
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expediting the advancement and adoption of these digital services due to
their advantages.

Klapper and Miller (2021) underscored the influence of the
COVID-19 pandemic on the uptake of DFSs in their report submitted on
behalf of GPFL In addition to the constraints surrounding the imple-
mentation of digital tools and strategies for promoting the use of DFSs,
the study examined the impact of digital payments on measures un-
dertaken to address the pandemic, specifically in terms of containment
and social distancing. Drawing on the data published by the World Bank
and other institutions, they concluded that digital payments were
extensively implemented as a response to the health crisis, resulting in a
notable advancement in DFI. Nevertheless, the researchers observed
patterns indicating disparities in the availability of DFSs among
vulnerable populations.

Based on empirical evidence and current understanding, the exam-
ination of the effects of the COVID-19 pandemic on DFI has been limited
to the scholarly contributions of Fu and Mishra (2022) and Sugandi
(2021). The former studied the impact of the health crisis on the
adoption of digital finance. Based on a representative sample of several
nations, the findings of Fu and Mishra (2022) indicate a rise in the
adoption rate of digital financial apps, ranging from 21% to 26% during
the health crisis. This observation implies the potential for an upsurge in
DFI. Sugandi (2021) investigated the impact of the COVID-19 pandemic
on FinTech’s activities in Indonesia. Their findings challenge the
assumption that the pandemic directly impacts transaction values
through mobile money, mobile banking, internet banking, and e-money.
Consequently, the researcher concludes that the health crisis did not
expedite the provision of payment and lending services by FinTech
companies. These arguments fail to provide evidence for a tangible rise
in DFI after the COVID-19 pandemic. While these studies offer a basis for
modeling, it is essential to acknowledge a significant constraint in the
modeling methodology. The issue of DFI is currently addressed in a
limited manner, with a focus on a single aspect, namely, access to mobile
finance applications or FinTech activities. However, a more compre-
hensive approach might be adopted by considering multiple dimensions
and synthesizing them using a composite indicator.

3. Data and methodologies

The data and methodologies used are described below.

3.1. Data and attribute descriptions

The data used in this study were obtained from various publications,
including those of the World Bank, Global Findex, IMF Financial Access
Survey, Network Index Readiness, and International Telecommunica-
tion Union. The study encompasses a total of 14 nations'’ over three
time periods: 2014, 2017, and 2021. The study primarily aims to
examine DFI through the lens of three key dimensions: access to finan-
cial services, the use of such services, and the quality of the services
provided. Access refers to the level of convenience associated with using
financial services and goods supplied by emerging digital players, as
well as physical proximity to mobile service points. In certain research
endeavors, the metric used to assess DFI is the percentage of individuals
possessing a mobile money account. Nevertheless, this metric lacks
relevance for comprehensively understanding the extent of DFI as ac-
counts may be active or dormant. The type of account a user has depends
upon how frequently they conduct financial transactions using cellular
devices. Inactive accounts conduct few or no transactions. Operational

10 These countries are selected according to the availability of data on the
quality of financial services. The list includes Burkina Faso, Cameroon, Cote
d’Ivoire, Ghana, Guinea, Kenya, Malawi, Mali, Nigeria, Senegal, Tanzania,
Uganda, Zambia, and Zimbabwe. Mozambique was also part of this sample. It
was removed as its observations were classified as outliers.
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Table 1
Description of digital financial inclusion dimensions and data sources.

Dimensions  Attributes Code  Source

Access Proportion of adult population  K; International
with access to the internet Telecommunication

Union

Number of broadband cable K> World Bank
subscriptions
Number of mobile phone K3 World Bank
subscriptions
Number of mobile money K4 Financial Access Survey
agents within a radius of 1000
km squared

Use Proportion of adult population L Global Findex
with a mobile money account
Volume of transactions using Ly Financial Access Survey
mobile money per 1000 adults
Proportion of the adult Ls Global Findex
population who receive
salaries through mobile money
Proportion of adult population L4 Global Findex
that pays commercial bills
using mobile money
Proportion of adult population ~ Ls Global Findex
that makes purchases online

Quality ICT regulations M; Network Index Readiness

reports

Internet server security M, World Bank

ICT: information communication technology
Source: Authors’ compilation based on various sources

accounts conduct transactions regularly. Using DFSs is a significant
aspect within the realm of DFI. This use encompasses the regularity and
depth of use of DFSs and digital financial products. Regulatory con-
straints also impact access to and use of DFSs. The extent to which in-
dividuals can trust these emerging services is closely associated with the
extent of security measures implemented by these services. Hence,
consumer protection is a pivotal aspect in the policies of DFS providers.
The quality of the digital infrastructure is reflected in providers’ security
measures. The third dimension has been incorporated to quantify the
extent of DFI, building upon the existing two dimensions.

Table 1 provides an overview of the attributes associated with the
three dimensions of DFI and the corresponding data sources. We used
the expectancy maximum likelihood'! method to impute values for
missing observations (Little, 1988). Prior to implementing this
approach, we addressed missing data by using scholarly and report
publications that encompassed the selected countries in our sample

3.2. Analytical framework for composite index construction

To apply PCA, two conditions must be met: (i) the presence of cor-
relation among attributes and (ii) data factorization. The acceptance of
correlation between attributes is contingent upon the correlation co-
efficients reaching a minimum threshold of 0.30. Factoring verification
is conducted using statistical methods such as the Kaiser-Meyer—Olkin
(KMO) test for sampling adequacy and Bartlett’s sphericity test. Ac-
cording to Dziuban and Shirkey (1974, p. 359), sampling adequacy is
better when the KMO coefficient is in the 0.8-1.0 range, satisfactory in
the 0.7-0.79 range, and acceptable in the 0.5-0.69 range. PCA cannot be
used when the value falls below the threshold of 0.5. Bartlett’s sphericity
test is employed to evaluate the null hypothesis (HO) of independence
against the alternative hypothesis (H1) of dependency between the in-
dicators used for assessing a latent variable. The rejection of the null
hypothesis indicates that the correlation matrix is appropriate for PCA
owing to interdependence among the indicators measuring the latent
variable.

11 Details on the choice of this technique are available upon request.
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If the aforementioned conditions are confirmed, PCA can be
employed. According to Caamara and Tuesta (2014, 2017), PCA can be
performed in two-steps. In the initial stage, PCA is applied to each
dimension of DFI to generate subindices by considering the weights
assigned to each attribute. The second stage involves the application of
PCA to the subindices generated in the previous step. The composite
DFII is constructed based on the relative weights assigned to each
subindex.

3.2.1. PCA stage 1

This stage involves estimating the dimensions of DFI. These variables
are endogenous and lack direct measurability.'? We designate access,
use, and quality of financial services by (A);, (U);, and (Q);,"> respec-
tively, for country i at time t.

(A),=p,(Log K1)y, + py(Log Ka);, + p3(LOg K3)y, + pa(LOg Ka)y + i (1)
(U)y =71(L0g L1);, + 72(L0g L2 );, + 73(LOG L3);, + 74 (LOg La);, + 74 (L0g Ls ),
+ W;

@
3)

The logarithm of each attribute’s modality in the three dimensions of
DFI is considered in the given equations. Here, y;, @i, and a; are error
terms. The parameters p, 7, and 7 are unknown and can be estimated
simultaneously for the three dimensions, which also serve as indices,
using PCA as a method for linearly combining the attributes. Thus,
Equations (1)-(3) are expressed differently from the kth principal
component, denoted as P, = X1;, where k = 1,...,p; X is the attributes
matrix; and 4;(j= 1, ...p) is the jth eigenvalue. It designates the number
of principal components and corresponds to the number of attributes of
each dimension. These equations are equivalent respectively to

(Q)it =7 (LOg M, )it + 72 (LOgMz)it + Q-

P ApA
k=174 * kit
(A)it:]pi/l/{ “
j=1%
P _AVpY
k=1 ki
=5 7 ®)
j=1%
S AP
(Q)it: ij.k=1"j * kit (6)

P 1Q
jzl}“j

Given the ordering of eigenvalues (1; > 1, > ... > 1,), the weights
assigned to each principal component exhibit a decreasing pattern. This
implies that the first principal component accounts for a significant
portion of the variance, whereas the second principal component ex-
plains a comparatively smaller proportion, and so forth. In general, the
analysis often retains either the first component or the first two com-
ponents based on the proportion of total variance explained. This se-
lection adheres to the eigenvalue criteria by retaining components with
eigenvalues greater than one. However, this phenomenon results in the
neglect of other components that appear to have minimal impact.
Following the methodology proposed by Caamara & Tuesta (2014,
2017), we included all components in our analysis to ensure that we
captured 100% of the total variance of the model.

3.2.2. PCA stage 2

The subsequent stage involves implementing PCA on the subindices
derived from the preceding step. Let ¢;, ¢, and be ¢; the weights
correspond to relative contributions of access, use, and quality variables,

12 We are talking about latent variables here.
13 The data are taken as logarithms to reduce the dispersion around their
average value and mitigate the effects of potential “aberrant” observations.
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respectively, using PCA. The composite DFII (DFII), is a weighted
average of these three subindices. It is given by

(DFH)it =¢ (A)it + ¢2(U)it + ¢3<Q)it + & (7)

with & as the error term.

3.3. COVID-19 and digital financial inclusion

This work adopts a modeling approach to investigate the impact of
the COVID-19 pandemic on DFI. It builds upon prior research conducted
by Fu and Mishra (2022) and Sugandi (2021). The control variables are
based on the financial inclusion literature (Rojas-Suarez, 2016; Rojas--
Suarez and Amado, 2014). Following Khera et al. (2021), we also
included variables capturing the banking level (use of traditional
financial services). The model used is delineated as follows:

Log (DFII), = a; + ay(Covid), + as Log (GDP),, + a4Log(BankConc),,
+ asLog(BankOv),, + asLog(RL);, + a;Log(Ur_pop),
+ agLog(FI_account), + asLog(Deb_Card),, + [
(8)

With  Covid is a dichotomous variable that provides
information on COVID-19. It is set to 1 in 2021 and

0 otherwise.

Log(GDP) refers to the logarithm of growth domestic product
per capita (source: World Bank Development
Indicator).

refers to the logarithm of bank concentration. This
variable reflects a share of assets of three largest
commercial banks to total commercial banking
assets. This is an indicator of the financial sector
inefficiency. (source: World Bank Finstat).

refers to the logarithm of Bank overhead cost to
assets. It reflects as the previous variable the
banking inefficiency indicator (data source: World
Bank Finstat).

refers to the logarithm of the rule of law. It is a
proxy capturing the perception of confidence in the
rules of the society and reflects the quality of
institutions. Its values are comprised between

0 (lowest rule of law) and 1 (strongest rule of law)
(data source: World Justice Project).

refers to the logarithm of share of urban population
(source: World Bank Development Indicator).
refers to the logarithm of Financial account—the
percentage of adult aged 15 and above who report
having an account at a bank or another type of
financial institution (source: Global Findex).
refers to the logarithm of debit card - the
percentage of adult aged 15 and above who report
having a debit card (source: Global Findex).
denotes the error term.

Log(BankConc)

Log(BankOv)

Log(RL)

Log(Ur_pop)

Log(FI_account);,

Log(Deb_Card);,

Gie

According to the literature on growth and finance, Equation (8)
contains endogenous bias. GDP affects DFII and DFII also affects GDP.'*
In the econometric literature, this is called the “simultaneity bias.” The
econometric tradition recommends replacing the endogenous variable
with a suitable instrument to address the endogeneity issue. In theory,
the instrumental variable (IV) must satisfy the relevance condition by
being correlated with the endogenous variable, and it must also satisfy
the orthogonality or exogeneity condition by not being correlated with
the error. In addition, the IV should not directly affect the dependent
variable. Another condition related to the IVs is their strength, i.e., the
IV should be strong. The consequences of weak instruments are widely

14 We acknowledge the anonymous reviewers for their helpful comments.
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discussed and documented in the econometric literature.

We used the logarithm of electricity access as an IV based on intui-
tion. Ritchie et al. (2019) have shown that energy access is low in
economically disadvantaged countries and improves as income levels
rise. This outcome aligns with the “conservation hypothesis,” which
asserts that economic expansion drives the development of the energy
industry (Economic Consulting Associates, 2014). Furthermore, access
to electricity does not directly affect DFI; however, it is a prerequisite for
using digital means to achieve DFI.

The relationship between GDP and access to electricity (accelect)'
can be expressed as follows:

Log (GDP),, = b, + by (accelect),, + b; Log (Covid),, + bsLog(BankConc),,
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service in Africa in 2007, facilitated by Safaricom, a subsidiary of
Vodafone operating within the country. A dilemma arises in the context
of Nigeria, which has the lowest use rate of DFSs. Additionally, this
nation has the lowest proportion of the adult population possessing a
mobile account in the year 2021. In 2014, Nigeria demonstrated a sig-
nificant prevalence of online platforms for transactions and payments.
However, it is essential to acknowledge a decrease in online payment
transactions from 2017 to 2021.

Quality of financial services shows a trend that is similar to those of
accessibility and use of financial services, as depicted in Figs. 10 and 11,
spanning 2014 to 2021. This development is indicative of the regulatory

+ bsLog(BankOv), +beLog(RL);, + b;Log(Ur_pop), + bsLog(FI_account),, + boLog(Deb_Card), + m;. (©)]

4. Results and discussions
4.1. Trends in digital financial inclusion indicators

The data presented in Figs. 1-3 demonstrate a substantial growth in
the accessibility of DFSs in all examined nations from 2014 to 2021. In
2021, Ghana, Nigeria, and Senegal show comparatively elevated
internet access rates (Fig. 1). Uganda’s internet accessibility exhibited
no improvement from 2014 to 2021. Both Kenya and Tanzania have a
significant degree of broadband cable subscription, whereas Burkina
Faso and Malawi have not significantly advanced in this domain (Fig. 2).
Between 2017 and 2021, the rate of mobile phone subscription in nearly
one-third of the examined countries, which include Cote d’Ivoire,
Ghana, Mali, Senegal, and Kenya, surpassed 100% (Fig. 3). Among the
countries whose ownership rate exceeds 100%, Mali shows downward
trajectory potentially because of the prevailing instability resulting from
violent internal conflicts. Cote d’Ivoire was the foremost nation with a
mobile phone ownership rate of more than 150% in the year 2021.
Conversely, Malawi had the lowest mobile phone ownership rate be-
tween 2014 and 2021. Regarding the adoption of DFSs, there has been a
remarkable increase in the concentration of mobile money agents per
1000 square kilometers in more than 50% of the examined nations
during the study period. In 2021, Ghana, Senegal, and Uganda exhibited
the highest concentration of mobile hotspots within a geographical area
spanning 1000 square kilometers (Fig. 4).

Figs. 5-9 illustrate significant upward trends in the proportions of
adult populations who possess a mobile account (Fig. 5), make trans-
actions using a mobile money account (Fig. 6), receive their paycheck
through a mobile money account (Fig. 7), use their mobile phones for
making payments (Fig. 8), and make purchases online (Fig. 9). These
trends are observed from 2014 to 2021. The figures mentioned above
underscore the significance of using financial services and the magni-
tude of transactions conducted via “mobile money.” Kenya exhibits the
most pronounced use of DFSs among all nations. Furthermore, consid-
ering the magnitude of transaction volumes facilitated by mobile
money, it appears that Uganda and Ghana display the most substantial
transaction volumes in 2021. The significant level of service use in
Kenya can be attributed to the country’s pioneering launch of this

!5 The relationship between logarithm of GDP and Log of access to electricity
is very strong and highly significant as indicated by the correlation coefficient
(r = 0.81%*%),

initiatives implemented in numerous nations to enhance the regulation
of emerging technology. Achieving internet server security for a popu-
lation of one million is challenging. As of 2021, Kenya and Nigeria were
the only countries to provide security to a population of more than 10,
000, 000 individuals, as shown in Fig. 11. Furthermore, in 2014, the
above statistics showed a threefold increase in the case of Nigeria. The
decrease in the proportion of adults in this country who used online
payment methods between 2014 and 2021 may be associated with a fall
in the extent of internet server security coverage among the population.

Year
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Mean Population access to internet
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Fig. 1. Evolution of internet access among the population by country between
2014 and 2017.
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Fig. 2. Evolution of high-speed cable subscriptions per country between 2014
and 2017.
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Fig. 3. Evolution of mobile phone subscriptions by country in 2014 and 2017.

Based on the observed advancements in the accessibility, use, and
quality of DFSs, we anticipate a positive trajectory in the DFII from 2014
to 2021.

4.2. Data correlation and factorization tests

The correlation matrix between the attributes of each dimension
selected for measuring DFI is presented in the Appendix (See Table Al).
From the access perspective, there is a significant and positive correla-
tion between each attribute, except for the logarithm of the number of
agents registered with the mobile money service (LogK4), which ex-
hibits a weak correlation coefficient of 0.18 and lacks statistical signif-
icance, as well as the logarithm of mobile phone subscription (LogK3). In
general, excluding the LogK4 attribute from the analysis is advisable.
However, considering its significance in facilitating the advancement of
DFSs, we choose to retain it. Regarding use, robust positive and statis-
tically significant connections are observed among various attributes.
Regarding quality, a notable and statistically significant relationship
exists between the logarithm of information communication technology
(ICT)-related regulation (LogM1) and internet server security (LogM2).

The correlations between the attributes of each dimension of DFI are
necessary conditions for implementing PCA. The sufficient condition is
that of the factorization of the data. The KMO coefficients and Bartlett
statistics are populated at the bottom of each matrix (see Table A1 in the
Appendix) for each DFI subdimension. Sampling adequacy is signifi-
cantly better for access (0.67) and use (0.78) than for quality, evaluated
at 0.50 (corresponds to the minimum tolerance threshold (0.50)). Based
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Mean Registered MM agent outlets per 1000 Km2
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3 3
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U00J3UR;
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amquequry.
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Fig. 4. Evolution of the number of mobile money agents per 1000 square ki-
lometers between 2014 and 2017, by country.
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Fig. 5. Evolution of the proportion of the adult population holding a mobile
money account between 2014 and 2017, by country.
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Fig. 6. Evolution of mobile money transaction volume per country between
2014 and 2017.

on the significance of Bartlett’s chi-square statistics at the 1% confidence
level, we deduce that the attributes that represent each subdimension of
DFI are not independent of each other. Thus, the correlation matrices are
ready for PCA.
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Fig. 7. Evolution of the proportion of the adult population receiving salary via
mobile phone between 2014 and 2017 by country.
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Fig. 8. Evolution of the proportion of the adult population making payments by
mobile phone between 2014 and 2017 by country.
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Fig. 9. Evolution of the proportion of the adult population engaging in online
payments between 2014 and 2017 by country.
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Fig. 10. Evolution of ICT regulatory quality between 2014 and 2017
by country.

4.3. Digital financial inclusion subindices
Weights for each attribute of the dimensions or subindices of DFI

(namely, access, use, and quality) have been computed using Equations
(1)-(3). The weights in Fig. 12 are normalized to ensure that their sum is
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Fig. 11. Evolution of the number of individuals covered by internet server
security between 2014 and 2017, by country.

equal to unity.

With regard to access, mobile phone subscription carries the greatest
significance, with a weight of 0.39. The findings suggest that several
African nations have achieved a mature level of mobile network
coverage that may be considered adequately developed. The weights for
internet access (0.23) and broadband cable subscription (0.23) are
evenly distributed. The density of mobile money agents has the lowest
weight (0.15). The abovementioned four attributes are depicted on a
factorial axis (see Table A2 in the Appendix). The first axis pertains to
the mobile phone subscription, the second to subscriptions to broadband
cable services, the third to the density of mobile money agents, and the
fourth to access to the internet. Furthermore, these four attributes and
their corresponding factorial axes have a strong, positive correlation,
implying that the level of access to DFSs can be increased through
attribute progression and decreased through attribute regression. Mo-
bile phone subscription emerges as the primary access attribute, ac-
counting for a substantial proportion (53.74%) of the total variance in
the analytical model. It plays a significant role in facilitating widespread
accessibility to DFSs. The substantial amount of variance accounted for
by the principal axis also supports the notion that these four attributes
indicate the same underlying phenomena. The contribution of internet
access is insignificant, accounting for only 8.65% of the total variance,
compared with the more substantial influence of broadband cable sub-
scription (21.67%) and density of mobile money agents (15.92%). As a
result, the accessibility of DFSs is lower than that of non-internet tech-
nologies. Nevertheless, the widespread implementation of access points
for offline financial services has not been achieved to a significant
extent, namely, in terms of covering an area of 1000 square kilometers,

PCA stage | and Sub-Index Weighting
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as indicated by the proportion of variance explained by the density of
mobile money agents.

Regarding usage, the greatest weight is assigned to payment by
mobile account (0.34), followed by ownership of mobile money ac-
counts (0.21) and salary disbursements through mobile accounts (0.18).
Internet payments and mobile account transactions are ranked at the
lowest end of the spectrum, with scores of 0.14 and 0.13, respectively.
The first axis, responsible for 75% of the model’s overall variance, is
most accurately characterized by the use of mobile account payment.
Thus, this attribute comprehensively explains usage. A growing number
of transactions, including phone credit, mobile data, bill payments, and
cable TV subscriptions, are being conducted with mobile money ac-
counts. This trend can be attributed to the numerous benefits associated
with mobile money, including its enhanced accessibility and cost-
effectiveness. The prevailing market position of mobile payment ser-
vices is evidence of the advancement toward the dematerialization of
payment means. The amount of mobile transactions characterizes the
second factorial axis and accounts for 12% of the total variance in the
model. This attribute is fundamental to providing services that have
facilitated the extensive acceptance and diffusion of “mobile money.”
Moreover, the platforms of mobile transactions provide an alternative to
internet-based money transfer services, which have been dominated by
major corporations such as Western Union and Money Gram, resulting in
a monopolistic market structure and imposing substantial transaction
fees on its clients. The third factorial axis, internet payments, explains
9% of the total variance in the model. This indicates that the adoption of
online financial services is progressively increasing, while it has not yet
fully penetrated user behaviors satisfactorily. The final two factorial
axes, representing the payment of salaries via mobile money accounts
and the possession of mobile money accounts, exhibit a marginal
contribution of 5%. Therefore, the explanation of usage by these attri-
butes is relatively weak. In the initial scenario, specifically referring to
the disbursement of salaries through mobile money accounts, it is
evident that cash payment of wages remains the prevailing method in
numerous SSA. In the second scenario about mobile account ownership,
this outcome appears to contradict expectations. One conceivable
rationale is that a specific demographic of individuals engage in mobile
money transactions without possessing a formal account or even a mo-
bile device. Individuals use the mobile account number, commonly
called the phone number, belonging to their close relatives. This phe-
nomenon which aligns with the social ties theory is not insignificant in
the context of SSA.

When considering quality, it may be argued that internet server se-
curity (0.64) holds greater significance than ICT regulation (0.36). The
first factorial axis indicates the variable under consideration and ex-
plains approximately 75% of the overall variance in the model. ICT
regulation, which is linked to the second dimension, comprises the
remaining 25%.

Subindices were created for DFSs access, use, and quality, consid-
ering the relative weights assigned to each category. The values have
been standardized within the range of 0-1. The closer the values are to a
unit, the higher is the degree of DFI; conversely, the closer they are to
zero, the lower the degree of inclusion. The countries have been posi-
tioned in the space based on their respective levels of access, use, and
quality of DFSs, as depicted in Figs. 15, 16, and 17. This projection aims
to identify the specific areas in which a certain country exhibits a limited
level of financial inclusion. This information is intended to assist poli-
cymakers in implementing appropriate measures to address these issues
(Caamara & Tuesta, 2014, p.18).

4.4. Composite digital financial inclusion index

The subsequent stage involves the application of PCA on the sub-
indices derived in the preceding step. The requirements of PCA appli-
cation are verified using the data provided in Table A3 in the Appendix.
We have shown the results of PCA (Table A4) and the normalized

1235

Borsa Istanbul Review 24 (2024) 1227-1247

PCA stage 2 and Sub-Index Weighting
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Fig. 13. Subindex weights at stage 2.

weights of each index (Fig. 13).

The access dimension carries the greatest weight, with a value of
0.50. The weights assigned to use and quality are equal, with each
dimension having a weight of 0.25. Thus, access emerges as one of the
most critical dimensions in explaining the degree of DFI. This result
corresponds with the results of Caamara and Tuesta (2014), who
demonstrated that access to banking services (weight of 0.42) is a sig-
nificant attribute of traditional financial inclusion. In contrast, the study
by Khera et al. (2022) revealed that the weights assigned to the access to
and use of DFSs were the same. This finding implies that these two
subindices are equally prevalent. Access is strongly linked with the first
axis and accounts for more than two-thirds (70.42%) of the total vari-
ance in the model. However, this does not fully capture DFI. All three
dimensions indicate a shared underlying construct of DFI. Use also plays
a substantial role, accounting for a notable proportion of the overall
contribution (17.03%). A potential explanation could be the presence of
inactive accounts within the user base of mobile financial services. Ac-
cording to GSMA surveys, a significant proportion of individuals possess
a mobile financial account. However, approximately 25% of these ac-
counts in developing nations were projected to remain inactive in 2021.
This observation is noteworthy, considering the positive trajectory
observed in the expansion of mobile account engagement from 2012 to
2021, with an increase from 12% to 26%.'® Furthermore, the signifi-
cance of quality cannot be undermined as it accounts for 12.56% of the
overall variance in the model. This demonstrates that regulating
emerging technologies is crucial for influencing consumer trust and
acceptance of DFSs.

Combining these three subindices results in the composite index of
DFI, called the DFII. According to the latest Global Findex data, this
index is currently considered the most up-to-date to the best of our
knowledge.

Fig. 14 illustrates the progression of DFI across countries from 2014
to 2021. There is an observable upward trajectory from 2014 to 2017,
which aligns with the findings of Khera et al. (2022). Furthermore, this
tendency persists from 2017 to 2021 in all examined nations. The
preference for rating countries by quantile is supported by Khera et al.
(2022). Table 2 displays the DFI by quantile, categorizing nations into
four groups based on their relative levels: low, moderate, high, and very
high. Between 2014 and 2021, Kenya and Ghana emerged as the sole
nations within the high echelons of DFI. In 2014, Mali was a member of
the aforementioned group; however, it was displaced from its position
by Cote d’Ivoire in 2017. Cote d’Ivoire ascended from its initial third
place, surpassing Ghana and Kenya, to secure the second place in 2021,
overtaking Ghana, which had held the leading position in this group in
2017. Kenya exhibited the greatest inclusion index in both 2014 and

16 https://www.gsma.com/mobilefordevelopment/blog/mobile-money-activi
ty-rates-exploring-barriers-to-regular-use/, accessed on May 21, 2023, at 6.55
p.m.
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2021. Kenya’s prominent position is unsurprising given its recognition
as the epicenter of Africa’s financial technology revolution; this country
is referred here to as the “rift valley of digital financial service.” In contrast,
Burkina Faso, Guinea, and Malawi exhibited limited levels of DFI during
the entirety of the study period. Mali experienced a sharp change in its
situation from 2017 onward and found itself aligned with this group of
countries. The rapid decline of the subject caused it to shift to the
opposite end of the spectrum from its original position in 2014.
Regrettably, it has steadily failed to disassociate itself from its declining
condition. In contrast, Cameroon, a member of this group in 2014,
improved its condition in 2017. Cameroon facilitated the connection
between nations exhibiting modest levels of financial inclusion, namely,
Uganda and Zambia. The significance of this action should not be
underestimated as Nigeria, which previously fell within this category in
2014, has now joined the ranks of countries with notable levels of
financial inclusion, i.e., Senegal, Tanzania, and Zimbabwe. In 2021,
Nigeria surpassed Zimbabwe in terms of performance (see Fig. 14 ).

Apparently, most countries with a low DFI level'”—the first quan-
tile—are characterized by low access, use, and quality levels, as shown
in Figs. 15, 16 and 17, respectively. However, this is not the case for the
groups of countries at the antipode—the fourth quantile'®. As expected,
Kenya is on an exceptional trajectory in terms of DFS use and quality.
The descriptive analysis had already identified such a trend in relation to
the use intensity of digital financial services. Thus, Kenya’s leadership in
DFI is possibly driven by both the high level of use and quality of DFSs.

Based on an analysis of score variation as depicted in Fig. 18, the
growth rate in DFI exhibited a more rapid increase throughout the
period from 2014 to 2021, compared to the preceding 2017-2014
period. Furthermore, substantial disparities exist in the rates of expan-
sion of DFI across the nations under investigation during all the periods
of comparison (2014-2017, 2014-2021, and 2017-2021).

This raises two questions: (i) why has DFI grown exceptionally in all the
countries studied in 2021? Specifically, could the onset of the 2020 health
crisis be the predominant cause? (ii) To what extent do differences in the level
of access, use, and quality of DFSs help explain the differences observed in the
growth rates of DFI between the countries under review?

4.5. Role of COVID-19 in accelerating digital financial inclusion

The impact of COVID-19 on the acceleration of digital financial in-
clusion is estimated based on the econometric strategy described below.

4.5.1. Estimation strategy

Our estimation strategy is as follows:

(a) We started estimating Equation (8) without considering the
endogeneity problem. We compared fixed effects versus random effects
models based on the Hausman test. Under the null hypothesis, the
Hausman test suggests that the random effects model is consistent and
efficient, meaning that the differences between the coefficients esti-
mated by the fixed effects and random effects models are not systematic.
This implies that the individual effects are uncorrelated with the re-
gressors, and both models are equally efficient. Under the alternative
hypothesis, the Hausman test posits that the fixed effects model is
consistent and the random effects model is inconsistent, meaning that
the individual effects are correlated with the regressors. This indicates
systematic differences between the coefficients estimated by the two
models; thus, the fixed effects model should be selected. The p-value
(0.004) strongly supports the alternative hypothesis, indicating the
suitability of the panel model with fixed effects.'”

17 Represented by a red circle.

18 Represented by a green circle

19 We performed the Hausman test again to compare pooled ordinary least
squares results with those of fixed effects. Based on the p-value (0.01) of this
test, we still preferred the panel fixed effects model.
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Table 3 reports the results of the fixed effects model. Using the
stepwise procedure, we incorporated control variables from Columns
(2)—(8). The results of our study indicate that COVID-19 exerts a sig-
nificant and positive impact on DFI (Columns (1)-(5)). However, this
impact becomes less pronounced and statistically insignificant when we
introduce additional variables (Columns (6) and (7)) or when we control
for all the specified macroeconomic variables (Column 8) in line with
Equation (8). All other macroeconomic factors lack statistical signifi-
cance, except for urban population share, financial account, and bank
concentration. We cannot discuss these results at this stage due to the
reverse causality between GDP and DFII.

(b) We adopted the IV approach to address the endogeneity issue.
We used the Hausman test to compare fixed effects combined with IVs?’
and random effects with IVs. The null hypothesis of this test is that the
random effects model with IV is consistent and efficient, meaning that
the differences between the coefficients estimated by the fixed effects
model with IV and the random effects model with IV are not systematic.
Thus, the individual effects are uncorrelated with the regressors, and
both models are equally efficient. Under the alternative hypothesis, the
fixed effects model with IV is consistent and the random effects model
with IV is inconsistent, meaning that the individual effects are correlated
with the regressors. This indicates that there are systematic differences
between the coefficients estimated by the two models; thus, the fixed
effects model with IV should be preferred. The p-value of the test
(0.7489) did not provide evidence to reject the null hypothesis. Using
Equation (9), which yields the relationship between access to electricity
and GDP, along with Equation (8), which yields the relationship be-
tween COVID-19 and DFI, we estimated the generalized two least stage
square (G2SLS) with random effects, where GDP is treated as endoge-
nous. To deal with heteroscedasticity, standard deviations were clus-
tered at the country level. We report tests of instrument strength for all
results employing IVs.

In Table 4, we report the first-stage relationship between the loga-
rithm of GDP and that of access to electricity’’—our instrument. From
Columns (2)-(8), we included control variables using the stepwise
procedure. The order of inclusion of these variables did not affect the
values of the estimated coefficients. This is the primary exercise for the
robustness check. Data presented in the table reveal that the IV has a
significant relationship with the logarithm of GDP. The F-statistic for the
excluded instruments (Cragg-Donald or Kleibergen—Paap) is higher than
Stock and Yogo’s (2005) cutoffs for rejecting the null hypothesis of weak
instruments at all percentages of the authorized bias of the IV estimator.
Our instrument is therefore strong. However, we could not test the
exogeneity condition because we had one endogenous regressor with a
single instrument. In such a case, the coefficients are said to be precisely
identified. In their famous book Introduction to Econometrics, Stock and
Watson (2003, p. 443) argue that when the coefficients are exactly
identified, it is not possible to test the hypothesis that the instruments
are exogenous and then design a suitable statistical test.

Across all regressions, the effect of COVID-19 on DFI is positive and
statistically significant. It can be argued that the COVID-19 pandemic
has played an important role in expediting the progress of DFI. The
conclusion drawn aligns with the findings of Fu and Mishra (2022).
Their studies provided evidence that the observed rise in the download
rate of mobile financial applications was associated with the emergence
of the COVID-19 pandemic. Put differently, the health crisis coincided
with a surge in DFI. Nevertheless, our findings are inconsistent with the
research conducted by Sugandi (2021). According to the author, Fin-
Tech activities in Indonesia were unaffected by the health crisis.

20

20 we acknowledge again the anonymous reviewers for their helpful
comments.

21 The results of the fixed effects model with IV are reported in the Appendix
(see Table A5).

22 The data for this variable is sourced from the World Bank
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Table 2
Digital financial inclusion scores by country and by quantile in 2014, 2017, and 2021.
2014 2017 2021
Quantile Country Score Rank Quantile Country Score Rank Quantile Country Score Rank
4 Kenya 0.57 1 4 Ghana 0.66 1 4 Kenya 0.75 1
Ghana 0.53 2 Kenya 0.64 2 Cote d’Ivoire 0.72 2
Mali 0.52 3 Cote d’Ivoire 0.63 3 Ghana 0.71 3
3 Cote d’Ivoire 0.50 4 3 Senegal 0.59 4 3 Senegal 0.69 4
Zimbabwe 0.50 5 Tanzania 0.57 5 Tanzania 0.67 5
Senegal 0.49 6 Zimbabwe 0.57 6 Nigeria 0.65 6
Tanzania 0.48 7 Nigeria 0.56 7 Zimbabwe 0.63 7
2 Uganda 0.45 8 2 Uganda 0.54 8 2 Zambia 0.62 8
Nigeria 0.45 9 Zambia 0.54 9 Cameroon 0.60 9
Zambia 0.43 10 Cameroon 0.53 10 Uganda 0.60 10
1 Cameroon 0.39 12 1 Mali 0.53 12 1 Mali 0.60 12
Burkina Faso 0.36 13 Burkina Faso 0.50 13 Burkina Faso 0.59 13
Guyana 0.34 14 Guyana 0.43 14 Guyana 0.58 14
Malawi 0.33 15 Malawi 0.40 15 Malawi 0.55 15
population increases, the level of DFI drops. Khera et al. (2021) likewise
| Year observed this inverse association; however, the influence of the second
Zimbambwe-__' 2014 variable on the first was insignificant. We contend that the direction of
Sarie —_l Egg;; this relation is influenced by the demographic composition of the
countries, where the proportion of older individuals residing in urban
Uga”da—_l areas exceeds that of younger individuals in urban areas. It would be
Tanzania-__' appropriate to examine the influence of demographic characteristics on
Senegal‘__' DFI by analyzing the proportion of the urban population separately for
both younger and older age groups. Macroeconomic data did not,
Nige”a——l however, allow us to undertake this kind of exercise.
E Malie-__' Other macroeconomic variables did not impact DFI. Inefficiency in
a5 r v|a|a“W-—l the banking sector was positive but insignificant in terms of bank
& overhead costs. This result means that the high overhead costs of banks
Ke"'ya"_'_I are associated with a higher level of DFI, implying that inefficiencies in
Guinea-_' bank operations create gaps in providing financial services to a wider
Ghana-_l population. Still, this gap does not seem to be completely filled by new
digital players. This is the main rationale explaining the lack of statis-
ot d"""i"e-_l tical significance in the bank overhead costs—DFI nexus. In return, as
Cameroon—_l measured by bank concentration, inefficiency in the banking sector was
Biiheraso found to be negative; however, it was insignificant. As Khera et al.
‘_—I (2021) observed, this implies that the presence of big dominant banks

o
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Fig. 14. Evolution of the financial inclusion index from 2014 to 2021
by country.

Therefore, the extent to which it enhances DFI is uncertain. Neverthe-
less, the research conducted by the author in question is limited in scope,
since it primarily concentrates on a singular country. Consequently, it is
imperative to use caution when attempting to generalize the author’s
conclusion to other nations.

In addition to the impact of COVID-19 on DFI, other macroeconomic
factors have also explained this primary variable of interest. Of all the
variables considered, both GDP and the quality of governance have
significantly influenced DFI. When all additional factors are incorpo-
rated into the regression analysis (Column 7 of Table 4), a 1% rise in
GDP would result in a 0.35% increase in DFI. The literature on financial
inclusion clearly supports the direction of this relationship. Similarly,
institutional characteristics such as the rule of law displayed the same
magnitude as GDP on DFI. Increasing the rule of law index by one unit
would result in a 0.36% increase in DFI. The positive and significant
impact of the rule of law aligns with the findings of Khera et al. (2021).
They have shown that higher institutional quality is associated with
more mobile money agents. In contrast, demographic factors, specif-
ically the urban population proportion, have negatively and statistically
significantly impacted DFL. Thus, as the proportion of the urban
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could hinder the development of digital financial providers, and per our
findings, their power was not found to be sufficient to inhibit both the
emergence and growth of DFSs. The banking level (financial account
and debit card) was also found to be insignificant. This implies that DFI
increases irrespective of the banking level.

To appreciate the strength of our results, we conducted a robustness
check. The results are presented in Table A6 (see Appendix). For each
country, we computed the average values of several variables, such as
GDP, bank concentration, and bank overhead, during three distinct
periods: 2008-2013, 2014-2016, and 2017-2020. Those values have
been used in the corresponding periods included in our sample. Our
instrument remained strong even when we included additional variables
namely foreign direct investment or private credit.”> Comparing the
final results of Column 7 of Table 4 with the estimated results in Column
7 of Table A6—after averaging data for the specified variables and
including additional variables—the significance, and direction of the
coefficients>! of COVID-19 and control variables did not change, while
the magnitude of the coefficients of the control variables changed
slightly. Given these findings, it appears that our results are robust.

2 We did not present the results using private credit due to space limitations.
2% The direction of the coefficient of logarithm of bank overhead cost was an
exception.
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4.6. Decomposition of digital financial inclusion growth rates

Klapper (2015), cited by Burjorjee & Scola (2015, p. 1), cautions
against the enduring notable disparities in the access, quality and use of
DFSs accessible in the market, notwithstanding the global progress in
achieving comprehensive financial inclusion. To assess the impact of
these variations on the level of financial inclusion in a region, we un-
dertook a decomposition analysis. As this analysis pertains to inequality,
we used the Shapley decomposition anaysis. The Shapley value
decomposition analysis, developed by esteemed American mathemati-
cian and economist Lloy Shapley in 1953, has been successfully applied
in diverse domains such as economics, game theory, machine learning,
and the interpretability of prediction models.

The Shapley decomposition methodology facilitates the evaluation
of the relative significance of individual variables or characteristics
within an intricate system, by quantifying their respective contributions
to the total value or performance. Therefore, it provides a comprehen-
sive understanding of individual components’ contributions to the
outcome. This methodology is especially advantageous in cases in which
a system exhibits intricate interdependencies between its components,
making it challenging to ascribe specific contributions to components.
DFI encompasses various interconnected elements; therefore, this
approach is suitable in this field.

In the area of inequality, particularly income inequality, the
decomposition technique affords researchers the ability to discern the
intergroup effect arising from income disparities between distinct sub-
groups (such as men and women) from the intragroup effect stemming
from inequality within a given group (Shorrocks, 1999, p. 99). The
research conducted by Aslan et al. (2017) aligns with this theoretical
paradigm. The Gini inequality index of financial inclusion was decom-
posed by the latter into intra- and intergroup inequality. Based on their
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findings, disparities in the availability of financial services among gen-
ders (intergroup inequality) have a significant role in elucidating the
disparities observed in financial inclusion. This article examines
inequality by analyzing the varying growth rates in DFI among the
countries included in the sample. The Shapley decomposition method,
encompassing a broader range of factors compared to the decomposition
technique employed by Aslan et al., allows us to comprehend the impact
of variations in access, usage, and quality of financial services across
country on the growth rate disparities of DFI.

According to Shorrocks (2013, p. 101), the Shapley solution con-
siders “the marginal effect on the inequality of eliminating each of the
contributory factors in sequence, and then assigns to each factor the
average of its marginal contributions in all possible elimination se-
quences.” In other words, for Shapley decomposition, the rule for esti-
mating the inequality index for a subset of components is suppressing
the inequality generated by the complement subset of components
(Araar & Duclos, 2021, p.58). The decomposition of total inequality
indices into a sum of the contributions generated by separate income
components consists of estimating (Araar & Duclos, 2021, p.58) (i) the
share in total income of each income source k; (ii) the absolute contri-
bution of each source k to the Gini index; and (iii) the relative contri-
bution of each source k to the Gini index. When applied to
regression-based decomposition of inequality, the Shapley approach
estimates the expected marginal contribution of income sources to total
inequality (Araar & Duclos, 2021, p.60). We replaced income with the
DFII and its source with the DFI components or dimensions. We then
computed the relative contribution of each element of DFI, specifically
the difference in access, usage, and quality, to the Gini index of DFI
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Fig. 16. Intersection of digital financial inclusion and usage by country and quantile between 2014 and 2021.

growth using regression-based decomposition of inequality”.

Our study’s findings, presented in Table 5 indicate that approxi-
mately one-third of the variations in growth rates of DFI may be
attributed to disparities in the use of financial services among the
examined countries. This relationship holds true regardless of whether
the inequality measure employed is the Gini index or the variation co-
efficient. Furthermore, the variations in the extent of access to DFSs
among the examined countries contribute to approximately 13% of the
disparities in growth rates pertaining to DFIL. The variations observed in
the quality of financial services yield a minimal contribution, amounting
to a mere 2%. Nevertheless, there is a substantial proportion of unex-
plained or residual share in the decomposition of both the Gini index
(50.27%) and coefficient of variation (52.02%). Based on intuition, we
infer that structural disparities in these countries play a significant role
in elucidating the variations in growth rates pertaining to DFI. This
aligns with the Institute of Digital Finance’s (2019, p.13) argument that
financial inclusion status can vary annually within a region and differ
between regions in the same year due to disparities in natural endow-
ment, economic development and structure, policies, and institutions.

We now address inequality in the use and accessibility of financial
services. The primary inquiry is as follows: What are the potential fac-
tors contributing to the observed inequality?

4.6.1. Determinants of inequality in both accessibility and use of digital
financial services”®

The literature on the gap in financial inclusion highlights four di-
mensions that impede the progress of financial inclusion, contributing to

25 gee Aarar and Duclos (2021) for more details
26 We acknowledge the anonymous reviewers again for their valuable
suggestions
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disparity in financial access and use of innovative financial services. Our
focus here is on the dimensions for which we have available data. The
determinants, many identical to those previously mentioned, include
economic development, financial sector inefficiencies, institutional
factors and macroeconomic constraints.

(a) Economic development: Sarma and Pais (2011) showed that a
high level of financial inclusion is associated with a high level of
economic development. GDP is the most commonly used indi-
cator to capture a country’s economic development level. It ap-
pears that differences in GDP between countries could result in
uneven DFI for those countries.

Financial sector inefficiencies: It is widely argued that in-
efficiencies in the financial sector, such as bank concentration
and high overhead cost, could hinder financial inclusion. Bank
concentration refers to the dominant position of banks, which
might impede financial system reforms intended to allow
nonbank actors to participate in the financial system. Overhead
costs refer to the significant administrative expenses associated
with opening and maintaining a financial account at a financial
institution.

Institutional factors: Many papers have demonstrated that the
“financial system will develop more fully in countries with the
observance of the law, political stability, fair and efficient
enforcement of the rule of law and respect for creditors and
debtors’ rights” (Rojas-Sudrez and Amado (2014)). Moreover,
Rojas-Suarez and Amado (2014) predicted that countries with
worse institutional deficiencies (poorer governance quality) may
face more obstacles in their efforts to enhance financial inclusion.
Following Rojas-Sudrez and Amado (2014), Rojas-Suarez (2016),

(b

=

(c
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and Khera et al. (2021), we used the rule of law as a proxy for
governance quality.

(d) Macroeconomic constraints: During periods of high and volatile
inflation, depositors experience significant losses in real terms,
reflected in negative and volatile real interest rates (Rojas-Sudrez,
2016). These memories persist for an extended period and serve
as a significant disincentive to save through financial institutions.
Thus, inflation volatility could discourage using DFSs such as
mobile savings or credit.

However, we did not incorporate such information into our use index
owing to data unavailability. Therefore, we preferred to use financial
depth proxied by private credit (Privcred) as an additional macroeco-
nomic variable. This was implemented because when countries achieve
a high degree of financial depth, the disparity in the access to and use of
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DFSs will likely be reduced. This is because individuals in these coun-
tries have already established trust in banking services and have
consequently acquired a habit of using them. Consequently, the wider
population can easily adopt and use DFSs. Kenya and Senegal exemplify
countries in SSA that perform well in terms of financial depth. The ratio
of private credit to GDP is 32.83% for Kenya and 28.23% for Senegal on
average. Additionally, these countries exhibit a high level of DFIL
Furthermore, research on finance and inequality has shown that income
inequality decrease as economies develop their financial systems (see
Clarke et al., 2003), supporting the U-shaped theory introduced by
Greenwood and Jovanovic (1990).

Most of the research on inequality or gap in financial inclusion is
cross-sectional. Moreover, this gap is computed using financial services
provided by traditional financial players. In addition to applying the
inequality measure to both access to and use of DFSs, to our knowledge,
this is the first study that uses panel data to address the issue of
inequality in financial inclusion. Furthermore, we expanded the existing
set of variables by including the legal origin (Legorig), based on the
research conducted by La Porta et al. (1998). They noted that countries
usually acquired their legal systems through force, such as conquest or
colonization. Consequently, the legislation governing digital banking
and financial institutions is influenced by the legal codes inherited from
countries with civil law traditions, such as the French civil law system
and the common law legacy of England. Consistent with the findings of
La Porta et al. (1998), common law countries provide the highest legal
protections for shareholders, while countries with French civil law offer
the lowest legal protections. This suggests that countries that inherited
common law are likely to have less inequality in terms of financial access
and usage of DFSs compared to those inherited by French civil law. The
explanation is that countries with the highest legal protection are likely
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Table 3
Results of the fixed effects model.
1 2 3 4 5 6 7 8
Dependent variable: Log (DFII)
Covid_19 0.11%** 0.09%** 0.04 0.04
(0.01)? (0.02) (0.02) (0.02)
Log (GDP) 0.64* 0.21 0.06
(0.29) (0.22) (0.23)
Log (Bank concentration) —0.12 -0.15 —0.13
(0.12) (0.10) (0.10)
Log (Bank overhead cost to assets) —0.04 —0.04 0.01
(0.17) (0.14) (0.13)
Log (Rule of Law) 0.27 0.23 0.15
(0.20) (0.14) (0.15)
Log (Urban population) 0.91%** 0.87%**
(0.23) (0.21) (0.23)
Log (Financial account) 0.14* 0.25%**
(0.23) (0.08)
Log (Debit Card) -0.12
(0.09)
Constant —0.31 %= —3.01%** —2.33%* —2.21*% —1.94* —3.83%** —3.50%** —3.79**
(0.03) (0.77) (0.79) (1.12) (1.94) (1.04) (1.04) (0.93)
Observations 42 42 42 42 42 42 42 42
R-squared (overall) 0.37 0.38 0.43 0.45 0.50 0.05 0.05 0.05
M: values in parentheses refer to the clustered standard errors estimated at the country level.
w3k %% and *: denote significance at the 1%, 5%, and 10% levels, respectively.
Table 4
Results of the G2LS random effects model.
1 2 3 4 5 6 7
Second-stage regression
Dependent variable: Log Financial inclusion
Log (Real GDP) 0.27%** 0.18** 0.17** 0.22%** 0.39%** 0.40%** 0.35%**
(0.05)! (0.07) (0.07) (0.07) (0.13) (0.10) (0.08)
Weak Identification Test C-D ¢ 76.97" 40.41"H 37.891 11 32,921 27.51" 29.90" 43.19" 11
K-Pd 96.6517" 103.3677" 129.147F 63.5211 446171 485171+ 109.987F
R-Squared (Overall) 0.58 0.66 0.68 0.68 0.74 0.74 0.74
First-stage regression
Dependent variable: Log Real GDP
Log (Electricity) 0.70%** 0.54%** 0.53%*x 0.48%** 0.37%%* 0.36%** 0.42%**
(0.05) (0.06) (0.06) (0.07) (0.07) (0.07) (0.06)
Observation 42 42 42 42 42 42 42
Variables included in first- and second-stage regressions
Covid_19 0.10* 0.11%** 0.11%** 0.12%**
(0.01) (0.01) (0.01) (0.01) (0.02)
Log (Bank concentration) —0.19* —0.19 —0.03 0.03
(0.12) (0.12) (0.15) (0.149)
Log (Bank overhead) —0.06 0.02 0.04
(0.04) (0.07) (0.05)
Log (Rule of Law) 0.43%* 0.46**
(0.19) (0.18)
Log (Urban population) —0.12%**
(0.04) (0.04)
Log (Financial Account) 0.02
(0.06)
Log (Debit Card)
Constant —1.13%** —0.55 —0.46 —0.66 —0.91* —1.05%*
(0.15) (0.42) (0.40) (0.41) (0.51) (0.47)

(1): Values in parentheses refer to the clustered standard errors estimated at the country level; (a): refers to the Cragg-Donald Wald F statistic and (b) to the Klei-
bergen—Paap rk Wald F statistic. Both statistics are compared to the critical values of Stock and Yogo. For K1 =1 and L1 = 1 (one endogenous regressor), the Stock and
Yogo critical values are 16.38, 8.96, 6.66, and 5.53 corresponding to 10%, 15%, 20%, and 25% maximal IV size, respectively, the bias percentages that are acceptable
for IV estimator. ***: Statistically significant at all critical values of Stock and Yogo. ***, **, and *: denote significance at the 1%, 5%, and 10% levels, respectively.

to attract more investment in the banking sector than those with the
lowest legal protection. Put simply, the legal origin is a factor that
contributes to inequality in financial inclusion, namely in terms of the
disparity in access to and use of DFSs. Ultimately, we hypothesized that
COVID-19 might narrow the discrepancy between countries with
advanced DFI and those with limited or moderate DFI. According to the

Global Findex database, more than one-third of people began using
mobile devices to make commercial bill payments for the first time
during the COVID-19 outbreak.

Based on the above, our econometric model can be written as fol-

lows:
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Table 5
Decomposition of digital financial inclusion growth rates.

Relative contribution (%)

Gini index Coefficient of variation
Access 13.52 12.88
Use 33.85 32.97
Quality 2.36 2.11
Residual share 50.27 52.02

Log (Access giniindex);, =c;1 + c,(Covid);, + c; Log (GDP),,
+ c4Log(BankConc),,
+csLog(BankOv),,+csLog(RL),, + c;Log(Privcred),+csLog(Legorig),, + W;.
(10)
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last column of Table 7 reveal that legal origin and internet access are the
main drivers of this form of inequality. Legal origin explains this primary
variable of interest in terms of both using offline and online financial
services. In return, access to the internet describes it in terms of using
online financial services. The mobile subscription was found to be pos-
itive, but its effect was not statistically significant. We highlighted
earlier that in developing countries, thanks to social ties, people can use
DFSs through the phones of their relatives. This could support the sta-
tistically insignificant effect of mobile subscriptions on inequality in
using DFSs. Furthermore, the widespread availability of mobile phones
at a lower cost makes it much more compelling to endorse this outcome.
Other macroeconomic variables, such as growth product per capita,
financial inefficiency in terms of bank concentration and financial
depth, and COVID-19, were the factors that significantly reduced
inequality in using DFSs. This statement is especially true for countries

Log (Usage gini index);, = d, + d»(Covid);, + d3 Log (GDP),, + d4Log(BankConc),

+ dsLog(BankOv),,+dsLog(RL), + d,Log(Privcred), + dsLog(Legorig), + dsLog(inter),+d;oLog(Mobsub),, + ;.

With Legorig a dummy variable that equals 1 if a country has common
law rules and 0 otherwise. Exceptionally, we included in Equation (11)
internet (inter) and mobile subscription (mobsus), which are the vari-
ables that could affect using DFSs. On the left side of Equations (10) and
(11), we computed the Gini index for access to/usage of DFSs at the year
level. The values of this index were taken in logarithms afterward.

To avoid reverse causality or bias from omitted variables, we
replaced the variables on the right side of Equations (10) and (11) by
their first lag following Alfar et al. (2023), except for COVID-19 and
legal origin, which are the dummy variables.

The results of the random effects model for both inequalities in ac-
cess to and use of DFSs are presented in Tables 6 and 7, respectively. The
Breush-Pagan Lagrange multiplier”” and Hausman tests validated the
statistical significance of the random effects. When all variables are
included in the regression analysis, the results in Column 7 of Table 6
indicate that the primary factor that positively and significantly ac-
counts for the inequality in access to DFSs is the legal origin. As antic-
ipated, the Gini index for access to DFSs is marginally higher in nations
with a legal system based on French civil law (0.12) than those with a
legal system based on English common law (0.09). Other macroeco-
nomic factors, such as growth in domestic product per capita, financial
inefficiency in terms of bank concentration and the rule of law, drive
inequality in access to DFSs but their effect were not found to be sta-
tistically significant.

Conversely, financial inefficiency in terms of bank overhead costs
and financial depth have reduced inequality in access to DFSs. This
applies particularly to countries that transition from one quantile to
another or see a shift in their position within the same quantile. As noted
earlier, inefficiencies in bank operations create gaps in the provision of
financial services to wider populations, which new digital players
significantly reduce. Financial depth through private credit reduces
inequality in access to DFSs, thanks to the population’s trust in and
culture related to using banking services. COVID-19 was also a factor
contributing to reducing inequality in access to DFSs. Evidence of data
from Global Findex has previously confirmed this fact.

Regarding the inequality in using DFSs, our reported findings in the

27 The null hypothesis of this test is that variances across entities are equal to
zero. Thus, there is no significant difference across units (i.e., no panel effect).
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1)

that transitioned from one quantile to another or for those that experi-
enced a shift in position within the same quantile.

5. Conclusion

The composite DFII emphasizes the degree of DFI within the coun-
tries in SSA. According to this index, several countries exhibit a notable
degree of DFI, including Kenya, Ghana, and Cote d’Ivoire. In contrast,
certain countries such as Mali, Burkina Faso, Guinea, and Malawi exhibit
a lower degree of DFI. The DFI index employed in this paper has effec-
tively illuminated the discrepancies that exist between the studied na-
tions. Nevertheless, a prevailing pattern was observed in all nations,
indicating a rise in DFI in SSA from 2014 to 2021. DFI grows substan-
tially from 2021 to 2014; this trajectory is more remarkable compared
with the growth observed between 2017 and 2014. Using the IV
approach, we found that COVID-19 was a factor contributing to the
observed outcome. Moreover, other macroeconomic variables such as
growth product per capita and governance quality were the main drivers
of DFIL. Notable disparities in the expansion rates of DFI were also
observed. Approximately 30% of these disparities could be attributed to
variations in the use of DFSs among the examined nations. However, a
significant portion of these disparities, specifically 50%, can be traced to
the structural variations in these nations. To enable countries with low
DFI to catch up with countries with high DFI, it is necessary to imple-
ment policies that prioritize the use of financial services. Financial and
digital education could be the two mechanisms to strengthen DFI or even
traditional financial inclusion. In addition, concrete actions need to be
undertaken to strengthen access to DFSs. Although most African coun-
tries have achieved a reasonable level of mobile network coverage,
differences in mobile network access exist between urban and rural
areas. Encouraging the large-scale deployment of mobile telephone
operators in disadvantaged areas (particularly rural areas) would
improve access to DFSs.

Furthermore, we described the factors that explain the inequality in
access to and use of DFSs. We found that the legal origin is a driver of
inequality in the accessibility and use of DFSs. Moreover, access to the
internet has contributed to inequality in the use of DFSs. In terms of
economic implications, countries with the lowest DFI need to revise
their legal systems and invest in internet infrastructure. In addition to
facilitating DFI, high level of internet development can boost the
economy effectively (Lee et al., 2023, p. 423).

This study has certain limitations. The DFII fails to adequately



C. Kamenga Mapurita and C. Mayoukou

Borsa Istanbul Review 24 (2024) 1227-1247

Table 6
Determinants of inequality in access to digital financial services.
1 2 3 4 5 6 7
Dependent variable: Log (Access Gini index)
Covid_19 —0.35%** —0.34%** —0.33%** —0.32%** —0.32%** —0.31* —0.29%**
(0.00)! (0.00) (0.01) (0.01) (0.01) (0.01) (0.02)
Log (GDP (-1)) 0.03 0.10 0.03 0.04 0.01 0.02
(0.08) (0.10) (0.09) (0.10) (0.13) (0.12)
Log (Bank concentration (—1)) 0.15 0.10 0.10 0.02 0.09
(0.18) (0.13) (0.13) (0.16) (0.16)
Log (Bank overhead cost (—1)) —0.25%** —0.24%** —0.41%** —0.48%**
(0.07) (0.08) (0.07) (0.06)
Log (Rule of Law (—1)) 0.02 0.06 0.11
(0.22) (0.18) (0.17)
Log (Private credit (—1)) 3 —0.25%**
(0.06) (0.04)
Legal origin (Common law) 0.06**
(0.02)
Constant —2.35%** —2.47%%* —2.93%** —2.45%%* —2.47%** —1.85%** —1.95%**
(0.02) (0.25) (0.56) (0.50) (0.50) (0.61) (0.59)
Observations 41 41 41 41 41 41 41
R-squared 0.77 0.77 0.78 0.82 0.82 0.86 0.88
M: values in parentheses refer to the clustered standard errors estimated at the country level.
«*_and *: denote significance at the 1%, 5%, and 10% levels, respectively.
Table 7
Determinants of inequality in use of digital financial services.
1 2 3 4 5 6 7 8
Dependent variable: Log (Use Gini index)
Covid_19 —0.43%%* —0.42%** —0.39%** —0.34%** —0.34%** —0.27%%* —0.31%%* —0.32%**
(0.00)! (0.01) (0.04) (0.04) (0.05) (0.06) (0.05) (0.05)
Log (GDP (—1)) 0.12 0.34 0.10 0.12 0.06 —0.83%** —0.87%**
(0.27) (0.33) (0.31) (0.349) (0.03) (0.19) (0.20)
Log (Bank concentration (—1)) 0.48 0.30 0.32 0.30 —-0.02 —-0.04
(0.58) (0.43) (0.42) (0.51) (0.33) (0.32)
Log (Bank overhead cost (—1)) —0.80%** —0.79%** —1.57%%* —0.99%** —0.99%**
(0.25) (0.27) (0.20) (0.15) (0.13)
Log (Rule of law (—1)) 0.08 0.35 —-0.43 —0.48
(0.70) (0.56) (0.41) (0.39)
Log (Private credit (—1)) —0.81%** —0.59%** —0.65%**
(0.23) (0.12) (0.10)
Legal Origin 0.19** 0.18%*** 0.19%**
(0.07) (0.05) (0.06)
Log (Internet (—1)) 0.78%** 0.72%**
(0.07) (0.09)
Log (Mobile subscription (—1)) 0.13
(0.11)
Constant —2.57%%* —2.96%** —4.47%* —2.89%%* —2.96* -1.27 0.14 —0.18
(0.06) (0.82) (0.11) (1.62) (1.64) (1.96) (1.03) (1.06)
Observations 41 41 41 41 41 41 41 41
R-squared 0.32 0.32 0.34 0.47 0.47 0.63 0.86 0.87

(1): Values in parentheses refer to the clustered standard errors estimated at the country level.
== <% and * denote significance at the 1%, 5%, and 10% levels, respectively.

consider the digital divide, encompassing disparities in both access to
and use of DFSs. The Global Findex database lacks the capacity to pro-
vide comprehensive data that are necessary for this purpose. Further-
more, the DFII framework is constructed using a limited set of nations
from the SSA region, primarily owing to limitations in data availability.
Moreover, data pertaining to the quality of digital infrastructure, as
presented in the Network Readiness Index reports, are accessible only
for a subset of SSA countries. Consequently, econometric estimations are
conducted using a limited sample size. In this particular scenario, the
application of structural break tests is not recommended to avoid biased
results, as evidenced by the findings of Bai and Perron (2006). Their
study demonstrates that various factors, including sample size, can
substantially influence the power of structural break tests. Furthermore,
similar to other indices, the DFII fails to encompass additional di-
mensions indicative of DFI. These dimensions include the costs associ-
ated with DFSs, obstacles hindering digital financial access, and the
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impact of using DFSs. Regrettably, the availability of such information is
limited in numerous developing nations.

Moreover, despite the reverse causality between our index and GDP,
as explained in our research, our results remain robust even when we
aggregate data for multiple variables over distinct periods and incor-
porate other macroeconomic variables. This is primarily because we
employed the IV approach to address this problem.
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Appendix
Table Al
Correlation matrix per dimension
Access Usage Quality
LogK1 LogK2 LogK3 LogK4 LogL1 LogL2 LogL3 LogL4 LogM1 LogM2
Access LogK1 1
LogK2 0.48*** 1
LogK3 0.6 1
LogK4 0.3 0.18 1
Usage LogL1
LogL2 1
LogL3 0.78%** 1
LogL4 0.49%** 0.70%** 1
LogL5 0.63*** 0.69%** 0.54%**
Quality LogM1 1
LogM2 0.50%** 1
KMO 0.67 0.78 0.50
Bartlett’s Statistics 34.54*** 159.26%** 10.82%**
Table A2
Variables and their respective contributions to the factorial axis
Attributes Access Usage Quality
PC1 PC2 PC3 PC4 PC1 PC2 PC3 PC4 PC5 PC1 PC2
LogK1 0.335 0.235 0.147 0.901
LogK2 0.155 0.959 0.121 0.202
LogK3 0.938 0.161 0.067 0.298
LogK4 0.062 0.113 0.985 0.118
LogL1 0.496 0.444 0.194 0.336 0.658
LogL3 0.377 0.421 0.355 0.673 0.320
LogL4 0.912 0.176 0.236 0.196 0.206
LogL5 0.232 0.271 0.908 0.184 0.124
LogM1 0.253 0.967
LogM2 0.967 0.253
Eigenvalues 2.150 0.867 0.637 0.346 3.717 0.559 0.453 0.173 0.098 1.490 0.510
Table A3
Correlation test and data factorization
Access Usage Quality
Access 1
Usage 0.49%** 1
Quality 0.57%%** 0.61%** 1
KMO 0.70
Bartlett’s sphericity test 35.27%**
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Subindexes and their respective contribution to the factorial axis
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PC1 PC2 PC3
Access 0.940 0.221 0.259
Usage 0.226 0.930 0.289
Quality 0.279 0.303 0.911
Eigenvalues 2.113 0.511 0.376
Table A5
Result of the fixed effects model with IV
1 2 3 4 5 6 7
Second-stage regression
Dependent variable: Log Financial inclusion
Log (real GDP) 291 2.74 2.28%** 2.28** —0.12 -1.85 —-2.87
2.6)! (1.98) (0.87) (0.95) (1.70) (5.65) (5.62)
Weak Identification Test cD? 0.66 1.15 2.68 2.18 0.29 0.11 0.19
K-pP 1.35 1.67 4.99 4.90 0.27 0.11 0.21
R-square (overall) 0.27 0.28 0.28 0.28 0.02 0.03 0.03
First-stage regression
Dependent variable: Log Real GDP
Log (Electricity) 0.06 0.08 0.12%* 0.11%** 0.05 0.03 0.04
(0.05) (0.06) (0.05) (0.05) (0.09) (0.09) (0.09)
Observation 42 42 42 42 42 42 42
Variables included in first- and second-stage regressions
Covid_19 0.03 0.03 0.07* 0.07* 0.04 0.03 0.02
(0.08) (0.07) (0.03) (0.04) (0.03) (0.06) (0.07)
Log (Bank concentration) 0.08 0.01 0.01 -0.18 -0.24 -0.31
(0.31) (0.18) (0.18) (0.17) (0.33) (0.35)
Log (Bank overhead) 0.14 0.14 —0.07 -0.13 —0.21
(0.25) (0.26) (0.25) (0.53) (0.55)
Log (Rule of Law) —0.01 0.28 0.33 0.39
(0.32) (0.20) (0.60) (0.68)
Log (Urban population) 1.01* 1.36 1.65
(0.59) (1.57) (1.60)
Log (Financial Account) 0.25 0.37
(0.31) (0.30)
Log (Debit Card) —0.06
(0.22)
Constant -9.21 —8.86 —7.40%* —7.42%* —-3.01 0.79 2.98
(7.96) (6.52) (3.01) (3.26) (3.79) (12.52) (14.40)

(1): Values in parentheses refer to the clustered standard errors estimated at the country level; (a): refers to the Cragg-Donald Wald F statistic and (b) to the Klei-
bergen—Paap rk Wald F statistic. Both statistics are compared to the critical values of Stock and Yogo. For K1 =1 and L1 = 1 (one endogenous regressor), the Stock and
Yogo critical values are 16.38, 8.96, 6.66, and 5.53 corresponding to 10%, 15%, 20%, and 25% maximal IV size, respectively, the bias percentages that are acceptable

for IV estimator. +-+: Statistically significant at all critical values of Stock and Yogo. ***,

Table A6
Robustness check

, and *: denote significance at the 1%, 5%, and 10% levels, respectively.

1 2 3 4 5 6 7 8
Second-stage regression
Dependent variable: Log Financial inclusion
Log (Averaged real GDP) 0. 32%** 0.17** 0.16** 0.20%** 0.34%** 0.32%** 0.30%** 0.32%**
0.07) (0.06) (0.06) (0.05) (0.08) (0.08) (0.09) (0.10)
Weak Identification Test CD*¢ 50.66" 1" 33.897FF 37.607 32.84%F 19.29% 30.87FF 43.3677" 45.487FF
K-P ¢ 68.7811" 31.49%HF 34.817"F 35.68" " 36.70"" 52.09" 54.3711F 45.8211F
R-Squared (Overall) 0.54 0.69 0.71 0.72 0.74 0.74 0.75 0.75
First-stage regression
Dependent variable: Log Real GDP
Log (Electricity) 0.58*** 0.53%** 0.53*** 0.52%** 0.37%** 0.44%** 0.49%** 0.51%**
(0.05) (0.07) (0.06) (0.07) (0.06) (0.06) (0.06) (0.07)
Observation 42 42 42 42 42 42 42 42
Variables included in first- and second-stage regressions
Covid_19 0.10%** 0.10%** 0.09%** 0.10%** 0.11%** 0.11%** 0.10%** 0.10%**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01)
Log (Averaged bank concentration) —0.34%** —0.32%** —0.25%** —0.11 —0.13 —0.15 —0.15
(0.08) (0.09) (0.09) (0.09) (0.21) (0.21) (0.22)
Log (Averaged bank overhead) -0.11 —0.08 —0.05 —0.02 —-0.01 0.01
(0.10) (0.09) (0.06) (0.07) (0.07) (0.07)
Log (Rule of Law) 0.26** 0.39%** 0.39%** 0.32%%* 0.36%**
(0.11) (0.09) (0.08) (0.08) (0.12)
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1 2 3 4 5 6 7 8
Log (Urban population) —0.09%** —0.09%** —0.09%** —0.09%**
(0.04) (0.02) (0.02) (0.02)
Log (Financial Account) —-0.01 0.07 0.08
(0.09) (0.14) (0.15)
Log (Debit Card) —0.06 -0.08
(0.09) (0.09)
Log (Foreign Direct Investment) —0.01
(0.01)
Constant —1.28%** —0.22 —0.12 —0.29 —0.62%* —0.55 —0.55 —0.58
(0.20) (0.32) (0.29) (0.27) (0.31) (0.65) (0.62) (0.70)

M): Values in parentheses refer to the clustered standard errors estimated at the country level; (a): refers to the Cragg-Donald Wald F statistic and (b) to the Klei-
bergen-Paap rk Wald F statistic. Both statistics are compared to the critical values of Stock and Yogo. For K1 =1 and L1 = 1 (one endogenous regressor), the Stock and
Yogo critical values are 16.38, 8.96, 6.66, and 5.53 corresponding to 10%, 15%, 20%, and 25% maximal IV size, respectively, the bias percentages that are acceptable
for IV estimator. +++: Statistically significant at all critical values of Stock and Yogo. ***, **, and *: denote significance at the 1%, 5%, and 10% levels, respectively.
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