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ARTICLE INFO ABSTRACT

Keywords: This study examines the extent to which individual- and country-level characteristics account for
Digital financial inclusion variations in the use of digital payments across 36 African countries. Using a two-level random
FiPFeCh intercept multilevel probit model, we analyse cross-sectional data to estimate the probability of
PD:};,lttjclhpayments digital financial inclusion while accounting for the hierarchical structure of individuals nested
Africa within countries. The analysis quantifies the proportion of variance in digital payment usage that

is attributable to country-level versus individual-level factors, using intraclass correlation co-
efficients (ICCs). The results reveal that most of the explained variance (75 %) stems from in-
dividual characteristics like age, education, gender, income, employment, and internet access.
However, country-level factors;particularly national education levels and employment levels, also
play a meaningful role. These findings highlight the importance of both micro- and macro-level
determinants in shaping digital financial behaviours and demonstrate the need for context-
sensitive policies to promote inclusive digital finance.

1. Introduction

Digital financial inclusion has emerged as a powerful driver of inclusive development in sub-Saharan Africa, where many in-
dividuals remain excluded from traditional financial systems due to geographic remoteness, poverty, and underdeveloped banking
infrastructure (Kouladoum et al., 2022). The rapid proliferation of mobile money platforms, fintech innovations, and digital payment
systems has enabled millions across the region to access financial services, even in areas previously considered too costly or remote to
serve (Basnayake et al., 2024). This digital transformation has led to a growing body of research seeking to identify the determinants of
digital financial inclusion. Prior studies have shown that both individual-level characteristics—such as income, education, gender, and
age (e.g., Nyakurukwa et al., 2025)—and macro-level factors—such as internet penetration, regulatory quality, inflation, and GDP per
capita (e.g., Daud and Ahmad, 2023)—can significantly shape access to and use of digital financial services.

However, while several studies have incorporated both micro- and macro-level variables, they typically rely on estimation stra-
tegies, such as pooled regression or fixed effects models, that do not fully account for the nested structure of the data. Pooled regression
models treat all observations as independent, failing to adjust for the fact that individuals within the same country are likely to share
contextual influences such as regulatory conditions, technological infrastructure, or cultural norms. This can result in biased standard
errors and overconfident inferences (Moulton, 1990). Similarly, while fixed effects models can control for unobserved heterogeneity
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across countries, they do so by removing all between-country variation, which makes it impossible to assess how much of the variation
in digital financial inclusion is explained at the country level (Mohring, 2021).

This study addresses these limitations by adopting a multilevel modelling framework that explicitly recognises the hierarchical
nature of digital financial inclusion data. Individuals are not isolated units but are embedded within national contexts that differ
significantly in terms of economic development, institutional quality, and digital readiness (Oshchepkov and Shirokanova, 2022). By
modelling individuals as nested within countries, we decompose the total variance in digital financial inclusion into within-country
and between-country components. This decomposition is captured by the intra-class correlation coefficient (ICC), which quantifies
the proportion of total variance attributable to differences between countries (Devine et al., 2024).

The study finds that individual characteristics—especially age, education, gender, income, employment, mobile phone ownership
and internet access—are the primary drivers of digital payment usage, explaining 75 % of the variance. Country-level factors, notably
education and employment levels contribute 25 % of the variance. The ICC declines across increasingly inclusive models—from the
null model to those including individual- and country-level predictors—indicating that much of the between-country variance is
explained by the added covariates. However, some residual ICC remains, showing that unobserved country-level influences still play a
role.

The key contribution of this study lies not in merely combining individual and macro-level variables—a methodological approach
that has been used before—but in formally quantifying the variance explained at each level. By calculating the ICC, the study provides
a clear estimate of the relative importance of national context versus individual attributes in shaping digital financial inclusion out-
comes. This approach enables a more precise identification of whether policy attention should be directed toward structural reforms at
the national level or targeted interventions at the individual level.

We proceed as follows: Section 2 outlines the data and methods used in the study, Section 3 presents the results, and Section 4
concludes.

2. Data and methods
2.1. Data

The study utilises individual-level cross-sectional data from the 2021 Global Findex Database, a globally recognised source offering
detailed insights into how adults manage financial activities. The analysis focuses on non-institutionalised civilians aged 15 and older.
Country-specific indicators were supplemented with World Development Indicators data. The dataset consists of 36,062 individuals
from 36 sub-Saharan African countries. Table 1 summarises the individual- and country-level variables incorporated in the analysis.

2.2. Methods

The study employs a two-level random intercept multilevel probit model to estimate the likelihood of digital payment use, with
individuals nested within countries. This approach accounts for the clustering of individuals within countries and corrects the un-
derestimation of standard errors, especially for country-level predictors (Devine et al., 2024). Four models are estimated sequentially.

Table 1
List of variables.

VARIABLE DEFINITION SOURCE

Main dependent variable

Equals 1 if an individual received or made any digital payment and 0 otherwise
Alternative dependent variables

Equals 1 if an individual used a mobile phone to pay for a purchase in-store and 0 otherwise

Any digital payment 2021 Global Findex Database

Mobile in-store purchases 2021 Global Findex Database

Internet bill payments

Age

Age squared
Secondary
Female
Employed
Mobile owner
Internet
Income

Employed Prop
Secondary prop
Mobile prop
Urban prop
Inflation
Economic Growth
Gov effectiveness
Reg quality

Equals 1 if an individual made bill payments online using the internet and 0 otherwise
Individual-level covariates

The natural logarithm of respondent age

Square of Age

Equals 1 if the individual has a minimum of secondary education and 0 otherwise
Equals 1 if the individual is female and 0 otherwise

Equals 1 if an individual is employed and O otherwise

Equals 1 if an individual owns a mobile phone and 0 otherwise

Equals 1 if an individual has access to the internet and 0 otherwise

Findex uses poverty/consumption-based quintiles to compare financial inclusion gaps.
Country-level covariates

Proportion of population employed

The proportion of the population with a minimum of secondary education

The proportion of the population with a mobile phone

The proportion of the population staying in urban areas

Annual rate of inflation

Annual economic growth rate as measured by GDP

A continuous variable that measures the government’s effectiveness

A continuous variable that measures regulatory quality

2021 Global Findex Database

2021 Global Findex Database
Author calculation

2021 Global Findex Database
2021 Global Findex Database
2021 Global Findex Database
2021 Global Findex Database
2021 Global Findex Database
2021 Global Findex Database

World Bank
World Bank
World Bank
World Bank
World Bank
World Bank

Worldwide Governance Indicators
Worldwide Governance Indicators
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The null model includes only a random intercept, providing a baseline measure of variation in digital payment use across countries.
The second and third models include only individual- and country-level variables, respectively. The baseline model is specified as:

O (Py) = By + XyB + Ziy + U @

where <I>’1(Pij) is the probit link of the probability that individual i in country juses digital payments, X;; and Z; are vectors of individual
and country-level predictors, respectively, and ugj~ N(0,02) is the country-specific random intercept. The ICC is used to quantify the
proportion of total variance in digital financial inclusion between countries. In multilevel probit models, the ICC is approximated using
the latent response formulation, calculated as:

02

IeC=5"329 @

Table 2
Results from the multilevel models.
@™ 2) 3) [©)]
Age 4.8663* 4.8632"*
(0.5249) (0.5249)
Age squared —0.6192** —0.6188%**
(0.0750) (0.0750)
Female —0.1213*** —0.1209***
(0.0271) (0.0271)
Secondary 0.7154*** 0.7123%**
(0.0304) (0.0304)
Income
Quintile 2 0.2401*** 0.2402%**
(0.0456) (0.0456)
Quintile 3 0.4331%** 0.4333***
(0.0445) (0.0445)
Quintile 4 0.5221%%* 0.5226%**
(0.0436) (0.0436)
Quintile 5 0.8381*** 0.8391***
(0.0429) (0.0429)
Employed 0.6722%%* 0.6716%**
(0.0308) (0.0308)
Internet 1.0370* 1.2041
(0.0313) (0.0365)
Mobile owner 1.2050%** 1.2041%**
(0.0365) (0.0365)
Inflation 0.0026 0.0014
(0.0101) (0.0111)
Employed Prop 2.2793* 2.0867*
(1.1040) (1.2183)
Secondary prop 3.5865%"* 2.2631%%*
(0.5745) (0.6344)
Mobile prop 0.4586 0.6108
(0.4090) (0.4513)
Urban prop 0.6596 0.6903
(0.7070) (0.7801)
Economic Growth 0.0050 0.0059
(0.0089) (0.0098)
Gov effectiveness —0.2793 —0.4142
(0.4147) (0.4576)
Reg quality 0.2144 0.2348
(0.4587) (0.5062)
_cons —0.0257 —11.9904** —10.4185** 2.4545%**
(0.0959 (0.9128) (2.0690) (2.4545)
Var(cons) 0.3291** 0.7098** 0.3061** 0.3723**
(0.0781) (0.1695) (0.0734) (0.0894)
ICC 0.2476 0.1775 0.0851 0.1017
(0.0442) (0.0349) (0.0187) (0.0219)

Notes: Standard errors are reported in parentheses. ICC represents the Intraclass correlation coefficient, Var(cons) represents the Variance of the
Random Intercept, and _cons represents the constants.

p <0.01.
" p<0.05p<0.1.
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3. Results

We report the results (Table 2) from the four multilevel models that include the null model (Model 1), the model with individual-
level variables only (Model 2), the model with country-level variables only (Model 3) and the model with both individual and country-
level factors (Model 4).

In Model 1, the null model includes only a random intercept for the country, with no explanatory variables. The ICC is 0.248,
suggesting that nearly a quarter of the total variance in digital payment usage is attributable to differences between countries. This
means that country-level factors, such as national infrastructure or policy environment, have an important role in shaping digital
payment usage, even before considering individual characteristics. Fig. 1 isolates country-level variation in digital financial inclusion,
revealing heterogeneities in the baseline probability of digital payment usage across nations. The ranking of countries—from South
Sudan and Niger at the lower end to Mauritius and South Africa at the upper end—suggests that systemic, context-specific factors
heavily shape access to digital financial services, even before accounting for individual characteristics. These results align with broader
theoretical frameworks emphasising the role of macro-level determinants in financial inclusion (e.g., Gebregziabher Gebrehiwot and
Makina, 2019). For instance, Demirgiic-Kunt et al. (2020) argue that gaps in digital infrastructure, such as mobile network coverage
and internet penetration, create barriers to financial access in low-income countries, a pattern evident in the underperformance of
fragile states like Chad and South Sudan. This resonates with Johnson and Nino-Zarazua’s (2011) analysis, where disrupted in-
stitutions and fragmented markets perpetuate financial marginalisation.

The significant variation captured by the model (Fig. 1) -evident in the wide confidence intervals for some countries -suggests that
unobserved institutional factors, such as regulatory quality or colonial legacies of financial exclusion (Mader, 2018), may further
explain cross-national differences. These differences challenge reductionist narratives attributing financial exclusion solely to indi-
vidual deficits, such as low financial literacy or poverty. While such factors matter, the null model’s results reinforce Sen’s (2000)
argument that systemic inequalities constrain individuals’ capabilities to participate in digital economies.

In Model 2, individual-level characteristics are introduced. These include age, gender, secondary education, employment status, mobile
ownership, internet access, and household income quintiles. Most variables are statistically significant and aligned with expectations. Age
has a positive but diminishing effect, evidenced by a significant positive coefficient on age (~4.87) and a negative coefficient on age
squared (~—0.62), suggesting that the likelihood of using digital payments increases with age up to a point and then tapers off. Female
has a negative association with digital payments, while having a secondary education is associated with an increase in digital payment
use. Being employed and having internet access both significantly increase the likelihood of using digital payments. Household income
also matters: higher income quintiles, particularly quintiles 4 and 5, show a clear gradient of increasing digital payment use, with
quintile 5 showing the strongest effect. Notably, in Model 2, the ICC drops to 0.18, indicating that once individual characteristics are
accounted for, country-level variation plays a smaller, though still meaningful, role. The drop in ICC (from 24.8 % to 18 %) suggests

Null model: Ranked u0 by Country with 95% CI

u0

_—

=

Niger
Chad
Comoros
Mauritania
Ethiopia
Guinea
Mali
Malawi
Benin
Liberia
Togo
Nigeria
Cameroon
Zambia
Tanzania
Zimbabwe
Botswana
Senegal
Lesotho
Uganda
Namibia
Ghana
Eswatini
Gabon
Kenya
Mauritius

South Sudan
Gambia, The
Sierra Leone
Burkina Faso
Congo, Rep
Cate d'lvoire
Mozambique
South Africa

Congo, Dem. Rep.

Country

Fig. 1. Ranking of countries by u0.
Notes: This visualisation ranks countries based on estimates from a null model (u0) with 95 % confidence intervals (CIs) - reflecting baseline

variation in the outcome of interest.
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that a significant portion of what initially appeared to be country-level variation was driven by differences in who lives in those
countries (e.g., more internet users or educated people in some countries than others).

In Model 3, only macro-level country characteristics are included in the model. Some of these variables show statistically significant
effects. For example, a higher proportion of people with secondary education at the country level is strongly associated with digital
payment use (~3.59), suggesting that living in an environment with widespread education supports digital financial behaviour. The
proportion employed is also positively associated (~2.28) with digital financial inclusion. Including these country-level variables
causes the ICC to drop (compared to the null model) to 0.085, showing that much of the residual country-level variation is now
accounted for by observable structural characteristics. In essence, Model 3 reveals that national infrastructure and macroeconomic
context play a substantial role in shaping digital payment behaviour over and above individual-level traits.

Model 4, the full model, includes both individual and country-level variables. The results here are largely consistent with those
from Models 2 and 3. Individual-level predictors remain stable in magnitude and significance. Still, the bulk of country-level variance
observed in Model 1 has been explained by the full set of predictors—a strong indication that digital payment use is driven by a mix of
individual capability and national-level structures. The decline in the ICC from 25 % in the null model to 10 % in the full model shows
that as we account for more explanatory variables, the differences between countries shrink, but do not disappear. This suggests a dual
need: to empower individuals through education, employment, and digital access, while also ensuring that countries invest in sup-
portive macroeconomic and governance environments to enable digital financial inclusion.

As a robustness check, we used alternative measures of digital financial inclusion;mobile in-store purchases and internet bill payments.
The results (Table Al in the Appendix) do not qualitatively change, reinforcing the main findings. Almost a quarter of the variance can
be attributed to country-level factors, and some residual variance still exists even after accounting for individual- and country-level
characteristics. We acknowledge that endogeneity biases could be present in our estimations, as digital financial inclusion and fac-
tors such as mobile ownership may influence each other. For example, while mobile ownership may facilitate the use of digital
financial services, the expansion of such services may also incentivise mobile usage. Hence, we interpret the reported coefficients as
associations rather than causal. Moreover, as argued by Allen et al. (2016), given the cross-sectional nature of the data, it is difficult to
implement a robust identification strategy to fully address endogeneity concerns.

4. Conclusion

This study quantifies the contributions of individual and country-level factors to digital payment usage in Africa using a two-level
multilevel probit model. We found that both sets of factors matter, but individual characteristics (75 % of the variance) play a more
prominent role. Country-level conditions, including national education levels and internet access, also shape usage patterns. The
decline in ICC values across models highlights how much variance is explained as predictors are added, confirming the value of a
multilevel approach. These findings suggest that policies to boost digital financial inclusion must address both individual demographic
factors as well as broader structural barriers. The model’s visual output—the forest plot with ranked country effects—serves as a
diagnostic tool, identifying priority geographies for targeted investment in digital financial inclusion infrastructure. For instance, the
clustering of low-ranking countries in the Sahel region demonstrates the urgency of regional collaborations, such as harmonising
mobile money regulations across ECOWAS states to reduce transaction costs and foster cross-border operations.
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Appendix

Table Al
Alternative measures of digital financial inclusion.

Mobile in-store purchases Internet bill payments
@™ (2) 3 “@ @ (2) 3 “@

Age 4.9631%** 4.9547%*** 7.2279%** 7.2344%**
(0.8299) (0.8299) (0.7365) (0.7364)

Age squared —0.7335%** —0.7326%** —0.9904*** —0.9915%**
(0.1194) (0.1194) (0.1053) (0.1053)

Female —0.1349%** —0.1351%** —0.1294%** —0.1294%**
(0.0362) (0.0362) (0.1223) (0.0322)

Secondary 0.3151%** 0.3105*** 0.5051%** 0.5018%***
(0.0462) (0.0463) (0.0402) (0.0403)

Income

(continued on next page)
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Mobile in-store purchases

Internet bill payments

m (2) ®3) @ m 2) ®3) “@
Quintile 2 0.1027 0.1032 0.1570%* 0.1570%*
(0.0707) (0.0707 (0.0632) (0.0632)
Quintile 3 0.1440%* 0.1445%* 0.1617*** 0.1619
(0.0678) (0.0678) (0.0610) (0.0610)
Quintile 4 0.2266*** 0.2277%*%* 0.3081*** 0.3086%**
(0.0649) (0.0649) (0.0581) (0.0581)
Quintile 5 0.5393%*%** 0.5414%** 0.7257%** 0.7269%***
(0.0612) (0.0612) (0.0547) (0.0547)
Employed 0.6853*** 0.6858%** 0.5714 0.5712%%*
(0.0472) (0.0472) (0.0406) (0.0406)
Internet 0.8471%** 0.8447%%%* 0.9204%** 0.9190%**
(0.0446) (0.0446) (0.0384) (0.0384)
Mobile owner 0.7285%** 0.7260%** 0.9288%*** 0.9275%%*
(0.0672) (0.0672) (0.0622) (0.0622)
Inflation —0.0063 —0.0074 0.0015 0.0003
(0.0127) (0.0135) (0.0119) (0.0121)
Employed Prop —0.0646 —0.9003* 1.3323 0.7963
(1.3962) (1.4932) (1.3121) (1.3386)
Secondary prop 3.8869** 2.8870%*** 2.8583%** 1.5772%*
(0.7244) (0.7755) (0.6798) (0.6941)
Mobile prop —0.6866 —0.7746 0.6880 0.7839
(0.5138) (0.5497) (0.4836) (0.4932)
Urban prop 1.1247 1.1752 0.1385 0.0385
(0.8895) (0.9515) (0.8386) (0.8552)
Economic Growth 0.0069 0.0069 0.0164 0.0180*
(0.0111) (0.0119) (0.0105) (0.0107)
Gov effectiveness 0.2536 0.2032 —0.2361 —0.3381
(0.5229) (0.5591) (0.4913) (0.5010)
Reg quality 0.1713 0.2064 0.1465 0.1556
(0.5769) (0.6171) (0.5428) (0.5536)
_cons —1.2863%** —12.5366 —7.6985%%* —14.9107*** —1.0324%** —17.0930%** —9.6247%%* —22.1835
(0.0836) (1.4235) (2.6207) (3.1375) (0.0831 (1.2728) (2.4590) (2.8094)
Var(cons) 0.2479%* 0.8053 0.4775%* 0.5475%* 0.2458%** 0.6431** 0.4258%** 0.4421%*
(0.0595) (0.1953) (0.1170) (0.1335) (0.0587 (0.1548) (0.1029) (0.1068)
ICC 0.1987** 0.1966 0.1267** 0.1427%* 0.1973%*** 0.1635** 0.1146** 0.1185%*
(0.0382) (0.0383) (0.0271) (0.0298) (0.0378 (0.0329) (0.0245) (0.0252)

Data availability

Data will be made available on request.

References

Allen, F., Demirguc-Kunt, A., Klapper, L., Martinez Peria, M.S., 2016. The foundations of financial inclusion: understanding ownership and use of formal accounts.
J. Financ. Intermediation 27, 1-30. https://doi.org/10.1016/j.jfi.2015.12.003.
Basnayake, D., Naranpanawa, A., Selvanathan, S., Bandara, J.S., 2024. Financial inclusion through digitalization and economic growth in Asia-Pacific countries. Int.
Rev. Financ. Anal. 96, 103596. https://doi.org/10.1016/].irfa.2024.103596.
Daud, S.N.M., Ahmad, A.H., 2023. Financial inclusion, economic growth and the role of digital technology. Finance Res. Lett. 53, 103602. https://doi.org/10.1016/j.

frl.2022.103602.

Demirgii¢-Kunt, A., Klapper, L., Singer, D., Ansar, S., Hess, J., 2020. The Global Findex Database 2017: measuring financial inclusion and opportunities to expand
access to and use of financial services*. World Bank. Econ. Rev. 34 (Supplement_1), S2-S8. https://doi.org/10.1093/wber/1hz013.
Devine, S., Uanhoro, J.O., Otto, A.R., Flake, J.K., 2024. Approaches for quantifying the ICC in multilevel logistic models: a didactic demonstration. Collabra: Psychol.
10 (1), 94263. https://doi.org/10.1525/collabra.94263.
Gebregziabher Gebrehiwot, K., Makina, D., 2019. 8 - Macroeconomic determinants of financial inclusion: evidence using dynamic panel data analysis. In: Makina, D.
(Ed.), Extending Financial Inclusion in Africa. Academic Press, pp. 167-191. https://doi.org/10.1016/B978-0-12-814164-9.00008-6.
Johnson, S., Nino-Zarazua, M., 2011. Financial access and exclusion in Kenya and Uganda. J. Dev. Stud. 47 (3), 475-496. https://doi.org/10.1080/

00220388.2010.492857.

Kouladoum, J.-C., Wirajing, M.A.K., Nchofoung, T.N., 2022. Digital technologies and financial inclusion in Sub-Saharan Africa. Telecomm. Policy 46 (9), 102387.

https://doi.org/10.1016/j.telpol.2022.102387.

Mader, P., 2018. Contesting financial inclusion. Dev. Change 49 (2), 461-483. https://doi.org/10.1111/dech.12368.
Mohring, K., 2021. The fixed effects approach as an alternative to multilevel analysis for cross-national analyses. OSF. https://doi.org/10.31235/0sf.io/3xw7v.
Moulton, B.R., 1990. An illustration of a pitfall in estimating the effects of aggregate variables on micro units. Rev. Econ. Stat. 72 (2), 334-338. https://doi.org/

10.2307/2109724.


https://doi.org/10.1016/j.jfi.2015.12.003
https://doi.org/10.1016/j.irfa.2024.103596
https://doi.org/10.1016/j.frl.2022.103602
https://doi.org/10.1016/j.frl.2022.103602
https://doi.org/10.1093/wber/lhz013
https://doi.org/10.1525/collabra.94263
https://doi.org/10.1016/B978-0-12-814164-9.00008-6
https://doi.org/10.1080/00220388.2010.492857
https://doi.org/10.1080/00220388.2010.492857
https://doi.org/10.1016/j.telpol.2022.102387
https://doi.org/10.1111/dech.12368
https://doi.org/10.31235/osf.io/3xw7v
https://doi.org/10.2307/2109724
https://doi.org/10.2307/2109724

K. Nyakurukwa et al. Finance Research Letters 84 (2025) 107776

Nyakurukwa, K., Seetharam, Y., Chipeta, C., 2025. The role of acquaintances’ characteristics in shaping digital payment technology. Finance Res. Lett. 76, 106976.
https://doi.org/10.1016/j.frl.2025.106976.

Oshchepkov, A., Shirokanova, A., 2022. Bridging the gap between multilevel modeling and economic methods. Soc. Sci. Res. 104, 102689. https://doi.org/10.1016/j.
ssresearch.2021.102689.
Sen, A., 2000. Development As Freedom, Reprint edition. Anchor.


https://doi.org/10.1016/j.frl.2025.106976
https://doi.org/10.1016/j.ssresearch.2021.102689
https://doi.org/10.1016/j.ssresearch.2021.102689
http://refhub.elsevier.com/S1544-6123(25)01034-7/sbref0014

	Disaggregating digital financial inclusion in Africa: Explaining within- and between-country variance
	1 Introduction
	2 Data and methods
	2.1 Data
	2.2 Methods

	3 Results
	4 Conclusion
	CRediT authorship contribution statement
	Appendix
	Data availability
	References


