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Abstract

This study investigates the global drivers for the adoption and usage of
digital financial services (DFS) using three waves of repeated cross-sectional
data from 160 countries, exploiting a pooled logit regression and the Heckman
selection model. We predict the impact of proxies of digital financial services,
including mobile money account ownership, mobile or internet transactions, as
well as the ownership and usage of credit and debit cards, into the adoption
and usage of digital financial services. While confirming findings from existing
literature, our findings highlight several original insights. We find that the
diffusion of informal digital financial services begins in countries with nega-
tive net migration, whereas the diffusion of formal digital financial services
begins in countries with positive net migration. Population density is an ad-
verse driver of adoption and usage of informal digital financial services, and
of the transition from adopting to using debit cards. The historical level of
digital infrastructure has a strong legacy effect on the usage of digital financial
services, at both extensive and intensive margins. Population density is an
adverse driver of adoption and usage of informal digital financial services and
debit cards, as well as the transition from adopting to using debit cards. This
study offers guidance to policymakers and other stakeholders by identifying the
global determinants of both adoption and usage of formal and informal digital
financial services, independent of market-specific contexts, and the key deter-
minants influencing the transition from adoption to effective usage of specific
digital financial services tools.
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1 Introduction

1.1 Definition and Study Motivation

Regarded among the important enablers of the United Nations’ Sustainable Devel-
opment Goals, financial inclusion has been enjoying growing attention from various
entities. The World Bank defines financial inclusion as the ability of individuals and
businesses to access “useful and affordable financial products and services that meet
their needs — transactions, payments, savings, credit and insurance — delivered in
a responsible and sustainable way” (World Bank, [2018). Over the years, the range
of institutions and services contributing to financial inclusion has expanded beyond
cooperatives and microfinance institutions to include more mainstream financial enti-
ties such as commercial banks (Mushtaq & Bruneau, 2019). This expansion has been
significantly favoured by the rapid development of information and communication
technology, including big data, artificial intelligence, and cloud computing, result-
ing in the emergence of digital financial services (DFS). In 2016, the World Bank’s
G20 High-Level Principles of Digital Financial Inclusion stated that digital finan-
cial services, coupled with effective supervision, are essential to close the remaining
gaps in financial inclusion. In 2023, the World Bank published G20 Policy Rec-
ommendations for Financial Inclusion through Digital Public Infrastructure (DPI)
and acknowledged the contribution of digital financial services models to financial
inclusion across developing countries.

The definition of digital finance is still under debate, in both academia and industrial
practice. Organisations and institutions such as the World Bank and McKinsey
define digital finance as financial services - such as payment, savings, and credit
- delivered through mobile phones, computers, or other devices with access to the
internet (Manyika et al., |2016; Pazarbasioglu et al., [2020). While we adopt this
definition in our study, we would like to investigate at a more granular level by
differentiating between digital financial services (DFS) that require an account at a
formal financial institution and those that do not. We name the first type of DFS
“formal DFS” and measure them with variables debit holding, debit usage, credit
holding, and credit usage; we name the latter type “informal DFS” and measure them
with variables mobile money account and transaction_mobile_bi. We also differentiate
between the holding and usage of various DFS tools to assess whether there are
heterogeneities.

A substantial body of literature highlights the positive effects of DFS on financial
inclusion through reducing information asymmetry (Demir et al., [2022)), lowering the



cost of receiving and providing financial services (Makina, 2019; Morgan, 2022)), and
increasing the access to financial services for customers, especially to the poor. Other
argued benefits of DFS include the promotion of sustainable economic development
(Yang & Masron, [2022)) and enhancing corporate resilience (Xia et al., 2022).

The benefits of DFS have prompted economies worldwide to adopt FinTech and
digital finance in the hope of enhancing the financial sector’s inclusion and efficiency.
However, the level of development and popularization of DFS vary across countries,
even within regions and at national income levels. To understand the sources of
such differences, it is vital to examine the factors determining the adoption and
popularization of DFS.

1.2 Literature Review

Several research works explored the factors determining the development of DFS
in the context of specific economies and regions. Kandari et al. (Kandari et al.,
2021)), in the context of India, revealed the comparative vulnerability of females in
terms of mobile usage and a significant correlation between financial literacy and
the probability of DFS usage. Financial literacy appears to be another one of the
relevant determinants of DFS (Liu et al., [2021]). Besides Asia, similar factors were
found applicable to cases of Saudi Arabia (Alnemer, [2022)), Tunisia (Amari & Anis,
2021)), and moreover, in MENA (Middle East and North Africa) region. Studies were
conducted in the context of other countries, country groups, and regions, such as the
OECD and Sub-Saharan Africa. (Chikalipah, 2017; Lo Prete, 2022).

Some macro and institutional factors are found to be determinants of DFS as well.
The nexus between migrants’ remittance and the development of digital finance has
been gaining increasing attention in recent years. By conducting an experiment
study using data collected from migrants in Dhaka, Bangladesh, Lee et al. (2021)
examined the impact of net migration towards the adoption of DFS. Studies suggest
an increased adoption and usage of DFS after migrating. Another study examined
the effects of international net migration on the development of DF'S in the migrants’
home country. The results suggest that digital remittances of migrants have a pos-
itive effect on DFS adoption and usage in the destination of migrants’ remittances
(Jemiluyi & Jeke, 2023)). Legitimisation (Kingiri & Fu, 2020), financial market effi-
ciency and financial institution credibility (Ozili, [2023|) are also described as relevant
determinants of DFS in studies conducted in various countries and regions. Some
studies stress that religion can also be a determinant of DFS (Aziz & Naima, [2021)).

This study seeks to contribute to the existing literature by exploring the determi-



nants of DF'S development on a global scale and examining the universality of these
factors. Moreover, we would like to address the scarcely attended perspective of
the diffusion of DFS on a global scale and the potential clustering of DFS adoption
within certain regions. By examining these factors and exploring the effects of inter-
national activities and interactions, such as net migration, on DFS development, we
aim to shed light on the potential distribution of DFS. This understanding is crucial
not only for identifying universal determinants across countries but also for gaining
insights into how globalization influences the development of DFS within the borders
of economies. Working towards a deeper understanding of the above-mentioned issue
is essential for various practices, including policy-making, especially in the context
of globalization.

We use the repeated cross-section data from the World Bank’s Findex microdata,
encompassing 160 countries and 3 waves, for our analysis. We conduct pooled logit
regression followed by a probit regression with sample selection. A seminal con-
tribution has been provided by Ghosh and Chaudhury (2022)), which examines the
demographic determinants of digital finance in the context of India, adopting 2014
and 2017 data of India from the same database. Our research extends the literature
by including 2021 data and 160 countries in our analysis. In the first part, we iden-
tify a series of socioeconomic demographic determinants of DFS on a global scale,
including individual income, gender, age, and education, which is consistent with
the findings of the current literature within the local context. In the second part,
we investigate the factors determining the adoption/usage of DFS in different stages
with a bivariate model.

The results suggest that population density has a negative effect on the adoption
and usage of informal DFS tools and that net migration negatively determines the
adoption and usage of informal DFS tools - observations that have not been reported
in the existing literature. Additionally, our results confirm that the adoption and
usage of DFS have increased over time, particularly for informal tools like mobile
money, with stronger growth in transitioning from adoption to usage compared to
formal DFS. Gender disparities are less pronounced in informal DFS, where women
face barriers mainly during the adoption phase, unlike in formal DF'S, where discrim-
ination persists across all stages. A reverse U-shaped age pattern is observed, with
younger users more inclined toward informal DFS. Education and income positively
influence DFS adoption and usage, though informal tools show less discrimination
by socioeconomic status. Over time, gender and income-related disparities have di-
minished. Policy recommendations include increasing female literacy and education
levels, and prioritising digital infrastructure investments.



The rest of the article is structured as follows: this section is followed by a literature
review examining current studies of determinant factors of DFS and other related
issues. The third section presents the data and methodology, followed by a section
showcasing and discussing the results. The final section concludes.

2 Data

2.1 Data Source and Variables

The main data source, the World Bank’s Findex database, contains over 100 in-
dicators reflecting various dimensions of financial inclusion from the demand side.
This large, granular set of data allows us to conduct robust analyses across coun-
tries and various demographic groups. Such characteristics of the dataset have at-
tracted various studies with similar topics to rely on for their analysis, benefiting
both within-country and cross-country analyses (Ghosh & Hom Chaudhury, 2022;
Sabbaghi, 2024; Tripathi & Rajeev, 2023)). Moreover, despite irregularity between
2021-2023, the dataset regularly updates its data, enabling us to track the changes in
determinant factors of adoption and usage of DFS over time, potentially benefiting
our future analyses based on this study. Since 2011, the Findex database has been
releasing integrated individual-level cross-country data typically in 3-year intervals,
with the exception of the 2020 and 2021 datasets. Due to the obstacles created by
the COVID-19 pandemic, instead of releasing 2020 data following the 2017 data,
2021 data was released by the World Bank. The indicators included in the database
slightly differ across editions. Used in our analysis are 9 out of over 100 indicators,
specifically, “has a mobile money account”, “has a debit card”, “used a debit card
in the past 12 months”, “has a credit card”, “used a credit card in the past 12
months”, “respondent gender”, “respondent age”, “respondent education level”, and
“respondent income quintile”.

2014, 2017, and 2021 data are adopted for our analysis. Survey data from 160 coun-
tries are included in our dataset, with a total of 424,355 rows of individual-level and
country-level data included. The dataset has no identical individual identification
codes, meaning that different individuals were surveyed each year. Thus, our data is
a repeated cross section, not panel data.

Table [2] summarises the definition of the variables used in our analysis. As shown
in the table, most of the variables are binary dummy variables taking values 0 and
1, including the main dependent variables and the majority of the independent vari-
ables denoting socioeconomic demographic factors of individuals. There are also



continuous variables, such as age, population density, and net migration.

It is worth noting that variables debit card holding and debit card usage account for
all respondents who hold/use a debit card, regardless of whether the debit card they
are holding/using is registered under their own names. Variables credit card holding
and credit card usage do not suffer from the same ambiguity, with all the respondents
reporting holding and having used their credit cards under their own names.

The variables income level and income group denote the levels of personal and na-
tional income, respectively. Income level consists of individual-level observations of
within-economy income quintiles of each respondent, ranging from the poorest 20%
to the richest 20%. Income group is a categorical variable denoting the national
income classification of each economy. The variable takes values from 1 to 4, as-
signed to low-income, lower-middle income, upper-middle income, and high-income,
respectively.

The variable income level may not capture well the purchasing power of individual
income, as it does not account for the differences in income level across countries.
To tackle this key aspect, we estimate the amount of dollar income at each quintile
for each economy with a commonly assumed functional specification, using GINI
coefficient and GDP per capita'? . Tablesummarizes the two indicators’ descriptive
statistics by time and national income group. Over time, the GINI coefficient tends
to remain stable across income groups. GDP per head experiences notable increases
over time across all income groups, with the Upper-Middle income country group’s
GDP per head increasing the fastest.

Note that the number of observations is not balanced across national income groups,
with the low-income group having the least observations and the high-income group
having the most income, almost four times that of the low-income group. A sizeable
drop in the number of observations in 2021 for the low-income group is also observed.

IThe data source is the World Bank’s World Development Database, and Poverty and Inequality
Platform.
2Details of the estimation of the new income variable are shown in Appendix A.1.
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2.2 Descriptive Statistics

Descriptive statistics are summarized in Table In 2014, 60,325 out of 146,688
respondents reported having a debit card, of which over 95% reported the card to
be under their own name. The percentage remains similar in 2017 when 68,242 out
of 148,155 respondents reported having a debit card. The variable mobile money ac-
count denotes the ownership of mobile money accounts, while the variable transac-
tion using mobile/Internet denotes the usage of DFS tools, including mobile money
accounts. While the means of both variables remain relatively low, they have in-
creased by approximately 4 times in size over the years. Meanwhile, the means of
debit and credit holding and usage have been increasing at a relatively low speed over
the years. Nevertheless, the overall means of debit and credit holding and ownership
are considerably higher than those of mobile money accounts and transactions using
mobile or the internet.

Table in the Appendix provides a further breakdown of the above-mentioned
descriptive statistics by income groups. As shown in the table, for each income
group, the gender ratio of the respondents all fall into a similar percentage of around
50%. The age and educational level are representative of the characteristics of each
income class and the ownership of financial accounts, and the income quintile of
respondents belonging to all income classes falls between the 3.0 and 3.5 intervals.
This indicates that the World Bank’s data effectively reflects the characteristics of
the average population conditional to the country. However, the income quintile does
not account for the differences in national income levels and is thus not comparable
across countries. We take this matter into account by introducing the estimated
variable individual income and country fixed-effects.

The correlation matrix of all dependent and independent variables is shown in Tables
and [L1]in the Appendix, suggesting that potential problems due to collinearity or
multicollinearity are not relevant.
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3 Methodology

In this section, the methodology is presented. We use the logit model in the main
part of our analysis and the Heckman selection model for further analysis.

The above-mentioned methodologies have been adopted by papers with similar topics
or with similar study objectives. Birdat and Kalra (2025) adopted logit model to
analyse the determinants of digital financial inclusion in South Asia using the Findex
database 2021 data; Heckman selection model is frequently utilised for the purpose of
analysing the transitioning decisions accross literature (Chen et al.,|2020; Dorfleitner
et al., 2022).

Both models fit the objective of our study on different stages, where the logit model
helps us identify the key factors affecting the propensity to adopt and use the DFS
tools overall, and the Heckman selection model allows us to examine the factors deter-
mining the transition from non-adoption to adoption, as well as that from adoption
to usage, while tackling the potential selection bias, i.e. only a subset of the popu-
lation completes the process of transitioning from non-adoption to adoption, and/or
from adoption to usage.

3.1 Logit Model
3.1.1 Fixed Effects Logit Model

The following equation is adopted to examine the effects of the above-mentioned
factors on the adoption and usage of various DFS tools. We adopt the logit model
in our analysis.

1

P(Yzl)ZP(Y*>0)=A(m'5)=m

(1)

where P(Y=1) is the probability that the dependent variable Y equals 1; P(Y* >
0) is the probability that the latent variable Y* exceeds 0; A(W;3) is the logistic
function, which transforms the linear prediction into a probability, and VV;B is a
linear combination of the independent variables W, and the coefficient vector .

The propensity of respondent i in country j in Year t to adopt digital financial

11



services is:
e = f(Wige) +uige = f(Agesje, Individual Incomejs, Educationy,
Gender;ji, Migration,, T'elephone Subscription,
Income Groupji, Population Density;,, F'Dj, Y eary,

Country;) + w;jt

where f(W;;;) includes quadratic and interaction terms: age squared, female x age,
female x individual income, female x education, time x female, time x age, time
x individual income, time X education. w;; is logistically distributed.

3.1.2 Weighted Fixed Effects Logit Model

In consideration of controlling for the difference in the size, power of influence, and
other factors of different countries in our sample, we assign weights to each obser-
vation by country and compare the results with the unweighted results. We adopt
sampling weights by country GDP for this purpose.

3.1.3 Average Marginal Effects

The scale of impact of dependent variables on the probability of adoption and usage
of DFS tools cannot be observed from the estimates of logit regressions. In order to
understand the magnitude of the impact, average marginal effects are required. We
obtain average marginal effects after each regression in order to better understand
the impact of each factor considered in the analysis.

For the same purposes, we estimate the marginal effects after the two-step Heckman
regression. For each column in Table [9) we estimate the marginal effects on the
probability of selection, the probability of success, and the probability of success
conditional on selection, respectively.

3.2 Area Under the ROC Curve

We use the area under the ROC curve (AUCgroc) to examine the fit of our model. In
our case, the AUCRgoc measures the model’s ability to separate positives from neg-
atives, an ability also referred to as discrimination (Kim et al., 2022). To assess the
discriminatory performance of a model, the predicted probability of adopting/using
a certain type of DFS for each individual is obtained and compared to the actual
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probability of the individual’s using/adopting the DFS. The usage/adoption is pre-
dicted whenever the predicted probability exceeds a certain threshold. The curve
of the true positive rate (sensitivity) against the false positive rate (specificity) on
various thresholds is called the ROC curve. A larger area under the ROC curve
indicates a better fit of the given model. According to Hosmer et al. (2013), that
an AUCRroc over 0.7 indicates an acceptable discrimination, an AUCgroc between
0.8 and 0.9 indicates excellent discrimination, and an AUCRroc above 0.9 indicates
outstanding discrimination.

For example, Figure [I| shows the ROC curve of regression of our logit model with
income and country fixed effects with one of the dependent variables used in our
study - debit usage. The area under the ROC curve (AUCgroc), as shown at the
bottom left of the figure, is 0.9036, indicates an outstanding fit of the model.

Figure 1: ROC curve of fixed-effects logit regression against debit usage. An
AUCRroc above 0.9 indicates an outstanding fit.
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Area under ROC curve = 0.9036

Note: an example of ROC curve. Source: generated by the author.
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3.3 Heckman Selection Model

In our analysis, we also use the Heckman selection model (Heckman, |1979) to capture
the factors affecting one’s transition from one stage of DFS adoption or usage to
anothel!] ~Specifically, our aim is to examine the factors affecting the transition
from not holding any DFS to holding at least one of them, as well as the transition
from holding DFS to using them. While a large proportion of the sample does not
hold any of the DFS tools, this feature has shrunk over time. Therefore, we are
interested in examining the determinants of these transitions: which factors are the
most significant for the decision to transition to the next stage of the ones on the
edge of transitioning” Are the determinant factors different across stages?

We use all the previously mentioned variables in this part of our analysis and examine
how these variables affect the individual’s probability of advancing to the next stage.
Two main equations are used in the analysis:

Zi*jt = Wz‘/jt’V + Ut (3)
Vi = WiB + €t (4)
where:

Z;; is an unobserved latent variable, indicating the propensity of individual
in country j adopting DFS tools at time t.

Wi is a vector of explanatory variables.
~v and [ are vectors of coefficients.

Y5, is the unobserved latent variable underlying the outcome of interest, indi-

cating the propensity of individual ¢ in country j using DFS tools at time ¢,
given that they have adopted the DFS tools.

1See Greene (2008) for more details related to our model choice
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u;;¢ and €5 are error terms that follow normal distribution.

Quadratic and interaction terms: age squared, female x age, female x individ-
ual income, female x education, time x female, time X age, time X individual
income, time X education are included.

In the first stage, the observed selection indicator Z;;; is:

it = { Lt Z5 >0 (5)

0 if otherwise

In the second stage, the observed outcome Y;j; is:

1 if Zf,=1landY? >0
L — it ijt
Yije { 0 if otherwise (6)

4 Results

This section reports the regression results of the simple logit model, the weighted
logit model, and the Heckman selection model, as well as their average marginal
effects.

4.1 Logit Regression Results
4.1.1 Simple Logit Regression Results

The estimates of the logit regression results of the independent variables against var-
ious dependent variables representing different DFS tools are reported in Table
From the results reported in the table, the time variable positively affects the adop-
tion and usage of all DFS tools. Being female negatively determines the propensity
to adopt and use DFS tools. However, positive coefficients of the interaction term
time = 2021 x female indicate that over time, the propensity of females to use and
adopt DFS tools has not only been increasing but also reverted. Significantly posi-
tive coefficients of age and significantly negative coefficients of age squared indicate
a reverse U shape for the correlation between age and the possibility of adopting
and using DFS tools. This set of results is consistent with the theory of diffusion of
innovations: the early adoption of an innovation is lower at younger and older ages,
and peaks at middle-aged demographic groups. Education and individual income
also determined the propensity to adopt and use DFS tools positively. The results
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are consistent with literature of country- and region-specific contexts, as discussed in
previous sections. PseudoR? and AUCgroc are at an acceptable level, indicating that
the model fits well. However, considering the variety of countries of different income
levels included in our sample, it is worth conducting a country-weighted analysis to
control for potential bias in the representation of countries.
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Table 4: Logit Regression with Country and Income Group Fixed Effects

M ® ® @ ®) ©
mobile money account transaction mobile_bi debit holding debit usage credit holding credit usage
time=2017 2,411 1.977* 0.860*** 0.508*** 0.665* 0.316*
(0.187) (0.187) (0.090) (0.106) (0.120) (0.131)
time=2021 2.393*** 2.923** 1.125* 1.569*** 2.389"** 2.106***
(0.211) (0.195) (0.097) (0.109) (0.128) (0.138)
female 0.128 0.274* 0.057 0.265** 0.254* 0.424*
(0.124) (0.119) (0.075) (0.087) (0.100) (0.109)
age 0.063** 0.013 0.104*** 0.084*** 0.118** 0.116***
(0.008) (0.007) (0.003) (0.003) (0.004) (0.004)
age square —0.001*** 0.000*** —0.001*** —0.001*** —0.001*** —0.001***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
secondary edu 0.596*** 0.408*** 1.010* 1.074* 0.963*** 1.019**
(0.051) (0.061) (0.024) (0.030) (0.035) (0.039)
tertiary edu 1.089*** 0.759*** 1.910%* 1.933*** 1.722%+* 1.795%*
(0.073) (0.069) (0.032) (0.036) (0.039) (0.043)
individual income 0.172** 0.123"* 0.228"* 0.230"** 0.239*** 0.242%
(0.011) (0.012) (0.005) (0.006) (0.007) (0.008)
banked 1.010** 1.066***
(0.020) (0.021)
population density —3.311* —6.661* —2.280** —3.236™* 0.264 0.245
(0.445) (0.304) (0.179) (0.203) (0.226) (0.245)
net migration —11.278*** —5.228 —2.073* —1.759 6.669** 6.226**
(2.946) (2.976) (0.911) (1.235) (1.790) (1.979)
FD 5.160*** 4.297* 0.582* 0.905*** 0.085 0.393
(0.486) (0.404) (0.269) (0.267) (0.279) (0.293)
fixed telephone subscription 0.073* 0.023*** 0.003 0.002 0.003 0.000
(0.009) (0.003) (0.002) (0.002) (0.002) (0.002)
branch —0.023** 0.001 0.007*** 0.006*** 0.014*** 0.017**
(0.004) (0.003) (0.002) (0.002) (0.002) (0.002)
femalex age —0.004 —0.001 —0.012* —0.002 0.002 0.005
(0.006) (0.005) (0.003) (0.003) (0.003) (0.004)
femalex secondary edu 0.027 0.070 0.055* 0.059* 0.114** 0.141*
(0.038) (0.042) (0.023) (0.029) (0.034) (0.038)
femalex tertiary edu 0.010 0.003 0.004 0.022 0.050 0.058
(0.054) (0.047) (0.031) (0.034) (0.037) (0.041)
femalex individual income 0.009 0.005 0.005 0.007 0.015* 0.004
(0.008) (0.008) (0.005) (0.006) (0.006) (0.007)
time=2017x female —0.065 0.056 —0.023 —0.043 —0.020 —0.012
(0.047) (0.043) (0.023) (0.025) (0.026) (0.027)
time=2021x female 0.519*** 0.359*** 0.545*** 0.301*** 0.455"** 0.462***
(0.046) (0.042) (0.024) (0.026) (0.027) (0.028)
time=2017xage —0.031*** 0.001 —0.004 0.000 —0.014** —0.005
(0.009) (0.008) (0.003) (0.004) (0.004) (0.005)
time=2021xage 0.004 0.020* 0.019** 0.018*** 0.032*** 0.023**
(0.009) (0.008) (0.004) (0.004) (0.004) (0.005)
time=2017xindiviudal income —0.050*** —0.017 —0.036™** —0.006 —0.010 0.004
(0.012) (0.012) (0.006) (0.007) (0.008) (0.009)
time=2021 xindiviudal income —0.022 —0.029* —0.040%* —0.050*** —0.105** —0.102**
(0.012) (0.013) (0.007) (0.007) (0.008) (0.009)
time=2017 x secondary edu —0.014 —0.075 —0.129"** —0.183*** —0.136** —0.111*
(0.056) (0.065) (0.027) (0.035) (0.040) (0.045)
time=2017 X tertiary edu 0.085 —0.085 —0.067 —0.220"* —0.156* —0.125*
(0.081) (0.075) (0.038) (0.042) (0.045) (0.049)
time=2021 x secondary edu 0.214* 0.190** 0.076* 0.132%* 0.606*** 0.607*
(0.056) (0.067) (0.030) (0.037) (0.045) (0.050)
time=2021 x tertiary edu 0.165* 0.163* —0.160*** —0.258"** —0.755"** —0.761***
(0.081) (0.075) (0.039) (0.043) (0.049) (0.053)
cons 6.799*** 22.592+* 4.573 7.809*** —8.965** —9.555"**
(2.051) (1.395) (0.830) (0.952) (1.060) (1.152)
N. of Obs. 174,096 241,348 328,565 328,565 296,833 294,233
Pseudo — R? 0.3017 0.2675 0.3783 0.4247 0.3176 0.3128
AUCgroc 0.8665 0.8523 0.8824 0.9036 0.8641 0.8653

Notes: Standard errors in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001; Base Groups: time=2014, primary education, Low Income, Afghanistan.
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4.1.2 Country-Weighted Logit Regression Results

Table @ reports the estimates of the weighted logit regression. Comparing PseudoRR*
in Table [6] with those in Table [d] we confirm that no drastic differences are found
in the weighted results. Similar to the results in Table [4] variables time, individ-
ual income, and education exhibit significantly positive effects on the adoption and
usage of DFS tools. Similarly, the coefficients of variables age and age squared in-
dicate a reversed U-shape for the correlation between age and propensity to adopt
and use DFS tools. According to our calculation, the optimal ages for mobile money
account adoption, mobile money transaction, debit card holding, debit card usage,
credit card holding, and credit card usage are 36.67, 25.43, 43.76, 39.43, 48.52, and
47.72, respectively. The age of using and adopting credit cards and debit cards is
significantly older than that of adopting and using mobile money and other online
DFS tools. The age gap between adoption and usage of informal DFS appears to
be larger than that between formal DFS tools, a cause of which could be the slight
difference in sample selection for usage and adoption of informal DFS tools. Edu-
cation variables are positively significant in all columns, indicating their substantial
effect on the propensity to adopt and use all DFS tools. For informal DFS tools,
the historical number of fixed telephone subscriptions in the country positively af-
fects the propensity to adopt and use informal DFS tools, as this variable can be
a proxy of a country’s infrastructural preparedness for internet technology develop-
ment. Coeflicients of the interaction term between time=2021 and individual income
are significantly negative in all columns, indicating a declining determinant effect of
income on the propensity to adopt and to use DFS tools, which suggests increasing
inclusiveness of DF'S tools in terms of less income discrimination. We have not found
these results in the existing literature.

The average marginal effects, summarised in Table [ indicate each variable’s scale
of impact. According to the significance and size of the coefficients, the main de-
terminant factors of DFS are population density, FD, and net migration. Education
appears to be another relevant determinant for the propensity to adopt and use for-
mal DFS tools. Combining our findings with Rogers’s (2003) relative advantage of
innovation diffusion, the negative determinant effect of population density suggests
that for less populated countries, the DF'S tools have a significant relative advantage
over traditional financial tools for their lower cost of access.

As shown in the table, between the two time variables time=2017 and time=2021,
time=2021 has a more significant impact on the propensity of adoption and usage
of each DFS tool. This indicates increasing diffusion of DFS tools over time, which
is consistent with existing literature (Kingiri & Fu, 2020). Although for all DFS
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tools, being female seems to be associated with a lower propensity to adopt and use
them, the negative effect is drastically smaller for informal DFS tools, suggesting
that informal DFS tools, such as mobile money and online payment, have fewer
characteristics of discrimination towards gender, compared to formal DFS tools.
These results are consistent with the findings in existing literature (Chatterjee, [2024;
Kusimba, [2018). Similar characteristics can be observed in the average marginal
effects of individual income. While its effect on the propensity to adopt informal
DFS is half of that for formal DFS tools, the effect on that to use informal DFS
tools is drastically smaller than that of formal DFS tools, indicating a lower level
of discrimination towards the income of informal DF'S tools. The average marginal
effects of education variables suggest a positive effect of years of education on the
propensity of adoption and usage of all DF'S tools. The above-mentioned results are
consistent with those of the existing literature. In columns (1) and (2), net migration
has a strong negative effect on the propensity of adoption and usage of informal DFS
tools. When the percentage of net migration in the population increases by 1, the
propensity of adopting a mobile money account decreases by 1.39 percentage points,
and that of using a mobile money account decreases by 1.05 percentage points. A
rationalisation of this result is that the attractiveness of a country as a destination
of net migration is usually positively correlated with the socioeconomic development
of the country, thus more popularising the ownership and usage of DFS tools of
formal financial institutions (Blau et al., 2011). Moreover, countries that appear
as sources of migrants are often lower-income countries with underdeveloped formal
financial institutions, forming a pattern of participation in the financial market that
is argued to persist for up to 28 years after immigration (Osili & Paulson, |[2004). The
results also indicate the different characteristics of diffusion for formal and informal
DF'S tools; for informal DFS tools, the diffusion happens from net migration home
countries, whereas for formal DFS tools, the diffusion happens from net migration
host countries.
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Table 6: Weighted Logit Regression with Country and Income Group Fixed Effects

O] @] ®) 4 (5) (6)
mobile money account transaction_mobile_bi debti holding debit usage credit holding credit usage
time=2017 1.786* 0.671* 1.468** 0.466* 0.0295 -0.178
(0.419) (0.317) (0.392) (0.209) (0.194) (0.202)
time=2021 1.963** 2.920* 2.202%* 2,127 0.817** 0.800**
(0.388) (0.310) (0.417) (0.213) (0.196) (0.203)
female -0.022 -0.248 -0.257 -0.329 0.027 -0.032
(0.271) (0.209) (0.332) (0.174) (0.159) (0.165)
age 0.046** 0.006 0.012 0.018** 0.118 0.113
(0.017) (0.011) (0.011) (0.006) (0.005) (0.006)
age squared -0.001*** -0.000** -0.000** -0.000%** -0.001*** -0.001***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
secondary edu 0.487 0.362* 0.217 0.621* 0.546™* 0.560™*
(0.102) (0.141) (0.116) (0.059) (0.056) (0.060)
tertiary edu 0.782% 0.548*** 0.378** 1.128"* 1.200%** 1.234**
(0.138) (0.148) (0.126) (0.067) (0.061) (0.064)
individual income 0.146*** 0.0900*** 0.0658** 0.143** 0.160*** 0.159***
(0.022) (0.020) (0.021) (0.012) (0.011) (0.011)
banked 1.098* 1.102%
(0.035) (0.040)
population density -1.389* -5.475%* -2.890*** -3.602** -2.779** -2.657*
(0.604) (0.487) (0.788) (0.388) (0.363) (0.372)
net migration -5.852* 5.656 -2.614 1.137 -0.952 -3.793
(2.424) (4.358) (9.397) (2.459) (3.573) (3.972)
FD 7.150%* 4.522* 3.001** -1.242* -0.380 -0.937*
(0.606) (0.546) (0.916) (0.425) (0.371) (0.380)
fixed telephone subscription 0.130** 0.005 -0.008 -0.003 -0.015** -0.009***
(0.012) (0.003) (0.005) (0.003) (0.002) (0.002)
branch -0.016** -0.014* 0.034** 0.020* 0.005* 0.009™*
(0.005) (0.004) (0.007) (0.003) (0.003) (0.003)
femalex age -0.013 0.003 -0.002 0.012* -0.001 -0.003
(0.014) (0.008) (0.011) (0.006) (0.005) (0.005)
femalex age squared 0.000 -0.000 0.000 -0.000* -0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
femalex secondary edu 0.007 0.152 0.130 0.060 -0.019 -0.002
(0.062) (0.085) (0.122) (0.056) (0.054) (0.058)
femalextertiary edu 0.054 0.063 0.132 0.007 -0.114* -0.130*
(0.087) (0.089) (0.131) (0.063) (0.058) (0.061)
femalexindividual income -0.003 -0.016 0.009 0.010 -0.014 -0.004
(0.014) (0.013) (0.022) (0.011) (0.010) (0.011)
time=2017 x female -0.128 0.068 -0.035 -0.142* -0.003 0.011
(0.096) (0.063) (0.083) (0.044) (0.038) (0.038)
time=2021x female 0.409** 0.259™ -0.031 -0.150* 0.388" 0.419™
(0.090) (0.062) (0.087) (0.046) (0.038) (0.039)
time=2017 xage -0.018 0.025* -0.006 0.005 -0.009 -0.0008
(0.022) (0.012) (0.013) (0.007) (0.006) (0.006)
time=2021xage 0.014 0.012 -0.008 -0.003 -0.027** -0.020**
(0.017) (0.012) (0.014) (0.007) (0.006) (0.007)
time=2017 xage squared 0.000 -0.000* 0.000 -0.000 0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
time=2021xage squared -0.000 -0.000 0.000 0.000 0.000*** 0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
time=2017xindividual income -0.024 0.017 -0.070** -0.007 0.035* 0.046™
(0.022) (0.022) (0.025) (0.014) (0.013) (0.013)
time=2021xindividual income -0.042 -0.043* -0.121%* -0.119* -0.012 -0.027*
(0.022) (0.021) (0.029) (0.014) (0.013) (0.013)
time=2017 xsecondary edu 0.056 0.044 -0.335* -0.133* 0.011 -0.038
(0.108) (0.148) (0.138) (0.066) (0.064) (0.069)
time=2017 x tertiary edu 0.603*** 0.118 -0.757* -0.425% 0.022 -0.014
(0.147) (0.155) (0.149) (0.076) (0.070) (0.074)
time=2021xsecondary edu 0.159 -0.083 -0.247 -0.105 -0.167* -0.171*
(0.103) (0.150) (0.164) (0.072) (0.070) (0.075)
time=2021x tertiary edu 0.177 -0.223 -0.534** -0.439* -0.329*** -0.357"*
(0.141) (0.157) (0.176) (0.080) (0.075) (0.080)
cons -2.356 18.380*** 14.640** 12.940** 7.638*** 6.356"**
(2.777) (2.271) (3.665) (1.814) (1.696) (1.741)
N. of Obs. 174096 241348 166013 167566 167055 166688
Pseudo - R? 0.2634 0.1950 0.2568 0.1977 0.1598 0.1583
AUCroc 0.8652 0.8498 0.8017 0.8129 0.7685 0.7740

Standard errors in parentheses
*p <005, p< 001, *** p<0.001
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4.2 Heckman Selection Model Results

The regression results of the Heckman selection model with income group and coun-
try fixed effects are reported in Table[8| Column (1) reports the results for informal
DFS, and column (2) reports the results for formal DFS, including debit card adop-
tion/usage and credit card adoption/usage.

In column(1), the coefficient of female loses significance in the second stage, indicat-
ing that while having a negative effect on the holding of a mobile money account,
being female is no longer a determinant of the usage of informal DFS tools once
entering the second stage, indicating a comparatively higher level of inclusiveness
of informal DFS tools. A similar phenomenon for time variables can be found in
both columns. While time positively determines the propensity to adopt the DFS
tools, once adopted, time does not determine the propensity to use the tools any-
more. However, from Table [9] the average marginal effects of time variables appear
to be overall positively significant, indicating time’s importance in the propensity of
adoption and usage of DFS tools.

Unlike the positive significant coefficient in both stages in column (2), in column (1),
the coefficient of branch is negatively significant in the first stage and insignificant
in the second stage. This indicates that the density of formal financial institution
branches negatively affects the adoption of informal DFS, which is consistent with the
implications in previous results. Moreover, net migration appears to be a determinant
factor in the first stage of column (1), indicating that the attractiveness of a country
has a negative impact on the adoption of informal DFS tools such as mobile money.
Table [9] summarises the average marginal effects of the sequential probit regression.
The coefficients of time variables indicate that over time, the adoption and usage of
all DF'S tools are increasing, especially informal DF'S tools. The education level and
individual income are positively correlated with the adoption and usage of all DFS
tools. However, the size of the coefficients suggests that the importance of these
factors is comparatively smaller in the adoption and usage of informal DF'S tools.
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5 Conclusion

The study examines the determining factors of digital finance services (DFS) adop-
tion and usage across a global context, using data consisting of 160 countries and
three waves adopted from the World Bank’s database. Our findings highlight sev-
eral relevant socioeconomic and demographic factors influencing DF'S adoption and
usage.

A significant positive effect of individual income on the adoption and usage of DFS is
confirmed in our study, aligning with existing literature. Similarly, gender appeared
to be a significant factor, with females being less likely to adopt or use DFS tools.
However, our interaction term analysis revealed a promising trend: over time, the
probability of females adopting and using DFS has increased, indicating a gradual
reduction in gender disparities in digital finance.

Education appears as another critical determinant, with higher educational attain-
ment consistently associated with a greater likelihood of DFS adoption and usage.
This underscores the importance of educational initiatives in promoting financial
inclusion through digital means.

Moreover, age demonstrates a non-linear relationship with DFS adoption, character-
ized by a reversed U-shape, suggesting that middle-aged individuals are more likely
to adopt DFS than younger or older cohorts. This finding highlights the need for
targeted strategies to engage both younger and older populations in digital finance.

Our Heckman model further explores the transition dynamics within DFS adoption
stages, revealing that historical fixed telephone subscriptions negatively impact initial
DFS adoption but do not significantly influence subsequent usage. This nuanced
understanding can inform policy and infrastructure development aimed at enhancing
digital financial inclusion. These results have not been found in the current literature.

Our study contributes to the growing body of knowledge on digital finance by iden-
tifying and analyzing the key determinants of DFS adoption and usage on a global
scale. These insights can inform policymakers, financial institutions, and other stake-
holders aiming to foster inclusive digital financial ecosystems. For example, our find-
ings suggest that, while gender remains a significant determinant of DFS adoption
and usage, increasing literacy and level of education of the female population may
be constructive for addressing gender disparity in the adoption and usage of DFS
tools. As our estimation shows, the historical number of fixed telephone subscrip-
tions is a relevant determinant of the adoption and usage of informal DFS tools,
which indicates that the level of digital infrastructure development has a lengthy
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positive impact on the diffusion of digital financial products and services. Therefore,
prioritizing investments in digital infrastructure is essential for policymakers aiming
to increase financial inclusion through DF'S tools. Future research should continue to
explore these dynamics, particularly in the context of rapidly evolving technological
landscapes and varying regional characteristics.
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A Appendix

A.1 Computation of Individual-Level Income

As mentioned in previous sections, the variable income level does not take differences
of dollar income into account. To mitigate the potential bias created by this, we
estimate the approximate dollar income of each individual with the help of GDP
per capita data, GINI index, and variable income level, which denotes the income
quintile in which the respondent lies on. GINI index, which reflects the level of
income inequality in a country, is derived from the Lorenz curve (Gastwirth, [1972]).
With the help of Lorenz curve and GDP per head, we will be able to estimate the
approximate dollar income at each quintile. We will assume that the Lorenz curve
has the following form:

z(p)=p* 0<p<l a>1 (7)

where p is the proportion of the population earning at most z, and a > 1 is a
parameter. The area under can be found easily to be:

/le(p)dpz /;padp: ail (8)

Hence the area above the Lorenz curve and below the 45° line is:

1 1 a-1
2 a+1 2a+1)

Dividing (9) by 1/2, we obtain the Gini coefficient:

a—1
G_a—i-l (10)

Rearranging , we obtain an equation for « in terms of G:

1+G

Let mean income be z and assume that when G = 0 (minimal inequality), income
varies with a uniform distribution between 0 and 2z.

Compute o using (11)). When G = 0, the area under the Lorenz curve is 3. When

G > 0, the area under the Lorenz curve is clearly lower, and from , this area is
1
a+l’
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To preserve the total income in the economy, we need to enhance the Lorenz Curve
by the multiple %

We will use the following equation for the calculation of individual-level income:

a+1 “
El; = [( . )+ ijt} « GDPy, (12)

where E'1;;; denotes the calculated income estimate for individual 7 from country j
at time ¢, QI;;; denotes the income quintile to which individual 7 from country j
belongs at time ¢, and GDPj; denotes the per capita GDP of country j at time ¢.

The scatter plot of the estimated income against GDP per head is shown below.

Figure 2: Scatter plot of Estimated Income and GDP per Head
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Note: The shape of the plot is consistent with relative Theories of Growth and with the real

world.
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