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Abstract 

Financial inclusion remains one of the most consequential unsolved problems in global 

development economics, yet the causal mechanisms through which competing policy paradigms 

generate differential welfare outcomes across income distributions in emerging economies remain 

deeply contested. This paper addresses the fundamental empirical gap at the intersection of fintech, 

microfinance, and distributional economics through a rigorous, multi-method causal analysis 

synthesizing panel data from 47 developing economies spanning 2010 to 2023, yielding 611 country-

year observations. We construct two validated composite policy treatment variables: the Digital 

Payment Intensity Index (DPII, Cronbach alpha = 0.87), capturing mobile money penetration, digital 

transaction volumes, and real-time payment system maturity; and the Microfinance Intensity Index 

(MII, Cronbach alpha = 0.83), capturing MFI borrower penetration, gross loan portfolio depth, and 

deposit mobilization. Our causal identification deploys five complementary strategies: two-way fixed 

effects (TWFE) panel estimation with country and year fixed effects; heterogeneity-robust staggered 

Difference-in-Differences using the Callaway-Sant'Anna estimator; Instrumental Variables (2SLS) 

regression with mobile tower rollout and NGO density instruments; Double Machine Learning (DML) 

using Random Forest nuisance learners with five-fold cross-fitting; and Causal Forest estimation of 

Conditional Average Treatment Effects (CATE). These strategies are complemented by XGBoost 

outcome modeling with SHAP feature attribution for characterizing nonlinear interaction structures. 

Results reveal that a one standard deviation increase in DPII is associated with a 6.8 to 8.3 

percentage point gain in formal account ownership (p < 0.001 across all specifications), while a one 

standard deviation increase in MII generates 3.2 to 4.7 percentage points. However, MII exerts a 

materially stronger inequality-reducing effect: a 1.9 Gini point reduction per standard deviation versus 

1.4 for DPII, and a 1.47 versus 0.84 percentage point gain in the bottom 40 percent income share. 

Causal Forest estimates reveal a statistically significant crossover in context-conditional effects: digital 

payment effects dominate in high-internet, urban, and institutionally strong environments (CATE Q4: 

11.4 pp), while microfinance effects dominate in low-income, rural, and governance-constrained 

contexts (MII CATE Q1: 4.9 pp against DPII CATE Q1: 2.1 pp). DML and IV estimates converge 

closely, providing strong methodological triangulation. Macroeconomic analysis through AD-AS and 

IS-LM frameworks reveals that the two mechanisms operate through structurally distinct transmission 

channels: digital payments operate primarily through demand-side transaction cost reduction and 

money velocity expansion, while microfinance operates through supply-side credit constraint 



 

Page 2 

relaxation. These findings establish a context-conditional complementarity framework with direct 

implications for multilateral financial inclusion programming. 
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Introduction 

Financial inclusion-broadly defined as access to and sustained usage of affordable, formal financial 

services by previously unserved or underserved populations-has emerged as a strategic imperative across 

the architecture of international development. The United Nations Sustainable Development Goals (SDGs), 

the G20 Financial Inclusion Action Plan, and the World Bank Universal Financial Access agenda each 

position financial inclusion as a prerequisite for poverty reduction, gender equity, and economic resilience 

(World Bank, 2022; Demirgüç-Kunt et al., 2022). Yet despite broad normative consensus on the desirability 

of inclusion, fundamental empirical and policy disagreements persist over which mechanisms most 

efficiently and equitably achieve this objective across heterogeneous emerging market contexts. 

Two competing paradigms have dominated policy discourse and academic investigation for the 

past two decades. Microfinance emerged in the 1970s and 1980s through the pioneering work of 

Muhammad Yunus and the Grameen Bank in Bangladesh, premised on the idea that extending small-scale 

credit to low-income households could catalyze entrepreneurship, smooth consumption, and accelerate 

upward income mobility (Yunus, 1999; Morduch, 1999). The second-digital payment systems-represents a 

more recent and rapidly evolving paradigm, accelerated by the diffusion of mobile telephony, real-time 

payment infrastructure, and fintech ecosystems across Sub-Saharan Africa, South Asia, and Southeast Asia 

(Jack & Suri, 2011; 

Klapper et al., 2016). 

Canonical examples 

include Kenya's M-Pesa, 

India's Unified Payments 

Interface (UPI), and 

Brazil's PIX, each 

generating substantial 

evidence of inclusion-

enhancing effects. 

Despite the 

apparent policy relevance 

of a rigorous comparative 

evaluation, the existing empirical literature suffers from several interrelated methodological deficiencies. 

First, most studies evaluate each mechanism in isolation, precluding direct causal comparison (Beck & 

Cull, 2014; Banerjee et al., 2015). Second, the endogenous nature of both microfinance participation and 

Figure 1: Visualization of Mobile Money Accounts in Africa for 2017, 2017, and 2021; Source: World Bank 
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digital payment adoption generates severe selection bias in observational analyses that rely on naive cross-

sectional or OLS specifications (Karlan & Zinman, 2008). Third, existing studies rarely exploit 

heterogeneity in treatment effects across income groups, geographic areas, or institutional quality 

environments, limiting the actionability of aggregate effect estimates for targeted policy design (Athey & 

Imbens, 2017). Fourth, and most significantly, the modern toolkit of causal machine learning-Double 

Machine Learning (Chernozhukov et al., 2018), Causal Forests (Wager & Athey, 2018), and gradient 

boosting with SHAP attribution (Lundberg & Lee, 2017)-remains largely unexploited in the financial 

inclusion literature despite its demonstrated capacity to address high-dimensional confounding and estimate 

heterogeneous treatment effects. 

This paper directly addresses these gaps through a novel multi-method empirical design. We 

construct a balanced panel dataset of 47 emerging economies spanning 2010–2023, sourced from the World 

Bank Global Findex, IMF Financial Access Survey, GSMA Mobile Economy reports, Mixmarket 

microfinance database, and World Governance Indicators. We introduce two original composite policy 

measures-the Digital Payment Intensity Index (DPII) and the Microfinance Intensity Index (MII)-validated 

through principal component analysis and confirmatory factor analysis. Our causal identification deploys a 

layered strategy: panel fixed effects, staggered DiD leveraging country-specific policy adoption shocks, IV 

regression using pre-determined geographic and institutional instruments, DML residualization of high-

dimensional control sets, and Causal Forest estimation to map heterogeneous treatment effect surfaces 

across the covariate space. 

The remainder of the paper is organized as follows. Section 2 reviews the relevant theoretical and 

empirical literature. Section 3 develops the theoretical framework. Section 4 describes data sources and 

constructed variables. Section 5 details the empirical strategy. Section 6 presents the main results. Section 

7 discusses policy implications and mechanistic interpretation. Section 8 acknowledges limitations. Section 

9 offers a future research outlook. Section 10 concludes. 

Literature Review 

2.1 The Microfinance Paradigm: Promise, Performance, and Critique 

The modern microfinance movement traces its intellectual roots to the market failure perspective: 

in developing economies characterized by informational asymmetries, missing collateral registries, and 

high transaction costs, formal credit markets systematically exclude low-income households (Stiglitz, 1990; 

Morduch, 1999). Microfinance institutions (MFIs) address this market failure through group lending 

mechanisms, joint liability contracts, and progressive loan structures designed to align incentives and 

reduce default risk without collateral (Stiglitz & Weiss, 1981; Banerjee & Duflo, 2007). 

The early empirical literature on microfinance generated considerable enthusiasm. Pitt and 

Khandker (1998) produced influential evidence from Bangladesh showing that participation in group credit 

programs substantially reduced poverty, particularly for women borrowers. Khandker (2005) extended this 

analysis to show dynamic long-run poverty reduction effects. However, these studies relied on cross-

sectional variation and were subsequently challenged on identification grounds (Morduch, 1998; Roodman 

& Morduch, 2014). 
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The randomized controlled trial (RCT) wave of microfinance evaluation, beginning in the mid-

2000s, generated more sobering conclusions. Banerjee et al. (2015) in Hyderabad, Crépon et al. (2015) in 

Morocco, Tarozzi et al. (2015) in Ethiopia, and Angelucci et al. (2015) in Mexico each found null or modest 

effects of microcredit access on income, consumption, or business investment. The meta-analysis by 

Meager (2019), applying a Bayesian hierarchical model to six RCT datasets, concluded that average effects 

on profitability and consumption are positive but small and heterogeneous, with strong evidence of 

differential impact by baseline business ownership. Critically, existing MFI-focused literature rarely 

benchmarks against competing digital alternatives. 

2.2 Digital Financial Services: Infrastructure and Inclusion Effects 

The emergence of mobile money as a financial inclusion vector generated a watershed moment in 

the development economics literature with Jack and Suri's (2011, 2014, 2016) series of studies on M-Pesa 

in Kenya. Using geographic variation in mobile agent networks as an instrument for adoption, they 

documented statistically robust effects of M-Pesa access on household consumption smoothing, resilience 

to income shocks, and female labor market participation. In their 2016 paper, Suri and Jack estimated that 

M-Pesa lifted approximately 194,000 Kenyan households out of poverty, driven disproportionately by 

female-headed households in rural areas. 

Subsequent research has extended and partially qualified these findings. Klapper et al. (2016) using 

Global Findex data found that mobile money adoption significantly predicts formal account ownership 

across Sub-Saharan Africa, conditional on telecommunications infrastructure. Batista and Vicente (2020) 

conducted an RCT of mobile money introduction in rural Mozambique, finding positive effects on savings, 

agricultural investment, and food security. In India, Agarwal et al. (2020) analyzed the demonetization-

driven expansion of UPI, documenting a 19.2 percentage point increase in digital transaction volumes and 

positive spillover effects on small business formalization. Ghosh (2021) showed that UPI adoption 

significantly reduced the unbanked population in Indian districts with stronger mobile penetration. 

The network externality dimension of digital payment systems-a feature absent from microfinance-

has attracted increasing theoretical and empirical attention. Rochet and Tirole (2003) established the 

foundational two-sided market framework for payment platforms, demonstrating that adoption generates 

positive externalities on both the buyer and merchant side. Evans and Schmalensee (2016) extended this to 

mobile payment ecosystems. Empirically, Economides and Jeziorski (2017) document strong network 

effects in M-Pesa adoption dynamics, implying that digital payment system effects are non-linear in 

penetration levels-an important identification consideration for cross-country regressions. 

2.3 Causal Identification in Financial Inclusion Research 

Endogeneity in financial inclusion research arises through multiple channels. Microfinance 

program placement is typically correlated with poverty concentration, NGO presence, and geographic 

accessibility-all of which may independently affect outcomes (Armendáriz & Morduch, 2010). Digital 

payment adoption correlates with education, income, and infrastructure that are themselves determinants 

of inclusion outcomes (Demirgüç-Kunt et al., 2017). Standard instrumental variable approaches applied in 

this literature include geographic distance to bank branches (Beck et al., 2007), historical colonial banking 
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networks (Nunn, 2014), pre-adoption telecommunications infrastructure (Jack & Suri, 2011), and NGO 

density measures (Bhatt & Tang, 1998). 

The Difference-in-Differences (DiD) literature exploiting policy adoption shocks has produced 

some of the most credible causal estimates. Cull et al. (2014) exploit variation in microfinance regulation 

reform timing across countries to identify effects on MFI depth and outreach. Beck et al. (2018) use the 

staggered rollout of mobile money regulations across African countries as exogenous variation. The recent 

methodological literature on DiD with staggered adoption (Callaway & Sant'Anna, 2021; Sun & Abraham, 

2021; de Chaisemartin & D'Haultfœuille, 2020) has raised important warnings about heterogeneous 

treatment effect bias in two-way fixed effects estimators, motivating the use of heterogeneity-robust 

alternatives in our empirical design. 

2.4 Machine Learning Applications in Development Economics 

The integration of machine learning into causal econometrics represents one of the most significant 

methodological advances in empirical economics over the past decade. Athey and Imbens (2017) provide 

a comprehensive review of supervised learning applications for causal inference, distinguishing between 

prediction and estimation problems. The Double/Debiased Machine Learning framework of Chernozhukov 

et al. (2018) addresses the Neyman orthogonality condition-requiring that first-stage nuisance parameters 

do not bias the second-stage causal estimate-through cross-fitting and regularized machine learning 

prediction of both treatment and outcome. 

Causal Forests, introduced by Wager and Athey (2018) and extended by Athey et al. (2019), 

represent a principled extension of random forests for heterogeneous treatment effect estimation, satisfying 

asymptotic Gaussian inference properties that standard forests lack. Applications in development 

economics include Björkegren and Grissen (2018) on mobile phone usage as a credit scoring signal, 

Fafchamps and Minten (2012) on information technology and agricultural market integration, and Suri et 

al. (2020) on digital credit access in Kenya. Our paper represents, to our knowledge, the first application of 

this full methodological suite to the comparative evaluation of digital payments versus microfinance across 

a multi-country panel. 

2.5 Distributional and Heterogeneous Effects 

A persistent limitation of aggregate effect estimation in financial inclusion research is its conflation 

of heterogeneous effects across income strata, geographic contexts, and institutional environments. 

Quantile regression analyses by Khandker and Samad (2014) suggest microfinance effects are strongest at 

the lowest income quintiles in Bangladesh. Suri and Jack (2016) document stronger M-Pesa effects for 

female-headed households, pointing to differential effects by gender and household structure. The 

institutional mediation literature-examining how governance quality, regulatory frameworks, and rule of 

law shape financial inclusion outcomes-includes contributions from Demirgüç-Kunt and Klapper (2013), 

Asongu and Nwachukwu (2016), and Neaime and Gaysset (2018). These studies consistently find that 

policy effectiveness is substantially moderated by baseline institutional quality, motivating our inclusion of 

World Governance Indicators as both controls and moderators in our Causal Forest specification. 
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Theoretical Framework 

3.1 Financial Inclusion as Multi-Dimensional Access 

We adopt a multi-dimensional conceptualization of financial inclusion consistent with the Alliance 

for Financial Inclusion (AFI) framework, distinguishing four cumulative dimensions: (i) access-the ability 

to use formal financial services; (ii) usage-actual utilization of accounts and financial instruments; (iii) 

quality-the degree to which services satisfy household financial needs; and (iv) welfare-the downstream 

impact on income, consumption, and resilience (Sarma, 2008; Cámara & Tuesta, 2014). Our empirical 

analysis focuses primarily on dimensions (i) and (iv), operationalized as formal account ownership and the 

Gini coefficient respectively. 

3.2 Competing Theoretical Mechanisms 

Digital payment systems and microfinance generate financial inclusion through fundamentally 

distinct theoretical mechanisms, with different implications for scalability, distributional reach, and welfare 

pathways. 

For digital payment systems, the theoretical channel operates through transaction cost reduction 

(Coase, 1937; Williamson, 1985). Mobile money eliminates the need for physical branch proximity, 

enabling previously excluded households to store value, transfer funds, and access basic insurance products 

at near-zero marginal cost. Network externalities amplify adoption dynamics: as platform size grows, the 

utility of participation increases for each additional user, generating S-curve adoption trajectories consistent 

with epidemic diffusion models (Bass, 1969; Rogers, 2003). The relevant payment system adoption 

function can be formalized as: 

U_i(adopt) = α·N_t + β·I_i - c_i.       (1) 

where U_i is the utility of adoption for household i, N_t is platform size at time t (generating the 

network externality), I_i is individual fintech literacy, and c_i is the adoption cost. Critical mass is achieved 

when U_i(adopt) > 0 for a sufficient share of the population to make the platform valuable for merchants, 

generating the two-sided market tipping dynamics documented by Rochet and Tirole (2003). 

For microfinance, the theoretical mechanism operates through credit constraint relaxation. Standard 

credit-constrained household models (Banerjee & Newman, 1993; Galor & Zeira, 1993) predict that in the 

absence of collateral or formal credit histories, economically viable investment projects will go unfunded, 

trapping households in poverty equilibria. Microfinance breaks this constraint through group liability 

mechanisms, allowing risk pooling across borrowers and creating incentive-compatible lending without 

conventional collateral. The household investment response function can be written: 

I* = max{0, f(k + L_MFI) - R·L_MFI}     (2)  

where I* is optimal investment, k is household capital, L_MFI is the MFI loan, f(·) is the production 

function, and R is the effective interest rate. For households with k < k*, L_MFI enables I* > 0 from a 

baseline of I* = 0, generating a discrete jump in productive output. The welfare gain from this investment 

- net of interest costs - is the core theoretical prediction: microfinance generates income gains concentrated 

at the lower tail of the capital distribution, where credit constraints are binding. This prediction explains the 
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differential distributional impact of MII relative to DPII documented in Section 8: digital payments reduce 

transaction costs relatively uniformly across the income distribution, while microfinance targets the specific 

production inefficiency of credit-constrained households concentrated at lower income percentiles. 

3.3 Welfare Heterogeneity Hypothesis 

We formalize our core distributional hypothesis as follows. Let Y_i(D) denote the potential 

outcome for household i under treatment D ∈ {DPII, MII}. The Conditional Average Treatment Effect 

(CATE) is defined as: 

τ(x) = E[Y_i(1) - Y_i(0) | X_i = x]     (3) 

where X_i = vector of country-year characteristics including income level, institutional quality, internet 

penetration, and urban share 

The primary empirical hypothesis is that the CATE surface for DPII is increasing in internet 

penetration, institutional quality, and urban share, while the CATE surface for MII is decreasing in income 

level and increasing in rural population share. This crossover prediction - DPII dominates in digitally 

mature, institutionally strong contexts; MII dominates in low-income, rural, institutionally constrained 

contexts - is precisely what the Causal Forest is designed to detect non-parametrically. The Best Linear 

Projection (BLP) of the CATE on baseline covariates provides a parametric summary of the most important 

moderators. 

3.4 Institutional Mediation Model 

Both mechanisms are expected to be mediated by institutional quality. We formalize this as a 

moderated treatment effect: 

τ(x) = τ_0 + γ·INST_i + δ·(D × INST_i)  (4) 

H1: δ_DPII > 0 (digital payments amplified by strong institutions);   H2: δ_MII < 0 (microfinance most 

effective in weak institutional environments) 

where INST_i captures composite governance quality from the World Governance Indicators. The 

differential institutional moderation prediction reflects the structural features of each mechanism. Digital 

payment systems require regulatory infrastructure for consumer protection, dispute resolution, and 

interoperability standards; stronger institutions reduce the risks associated with digital financial services 

adoption and increase trust in the payment ecosystem. Microfinance, by contrast, was explicitly designed 

to operate as a substitute for formal institutional infrastructure, using community social capital and group 

liability as informal enforcement mechanisms that are most valuable precisely where formal alternatives 

are absent. 

Macroeconomic Analysis 

4.1  AD-AS Framework: Digital Payments as an Aggregate Demand Shock 

The expansion of digital payment infrastructure can be understood macroeconomically as a positive 

aggregate demand shock operating through multiple channels. First, by reducing transaction costs, digital 
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payments lower the effective price of participation in economic exchange, expanding the purchasing power 

of the effective income of households. Second, the network externality dynamics of platform adoption 

generate multiplier effects: as adoption spreads, the utility of economic participation rises for all users, 

stimulating consumption, savings mobilization, and small business formation. Third, the digitization of 

payment flows improves the velocity of money circulation a given stock of money facilitates more 

economic transactions per period generating the IS-LM equivalent of an outward LM shift. In the AD-AS 

framework, these demand-side channels manifest as a rightward shift of the AD curve, moving the economy 

from short-run equilibrium E0 (GDP = Y0, price level = P0) to a new equilibrium E1 (Y1 > Y0, P1 > P0), 

with the economy moving along the upward-sloping SRAS curve as capacity utilization rises. 

 

 

 

Source: Figure 1. AD-AS Analysis -- Digital Payment Expansion and Aggregate Demand Shift. Rightward shift from AD0 to 

AD1 reflects reduced transaction frictions, increased money velocity, and expanded consumer purchasing power in emerging 

economies. Equilibrium moves from E0 to E1 along the SRAS curve. The LRAS anchors the long-run natural output level. 

Source: Author's construction. 

In the long run, digital payment expansion also shifts the LRAS rightward by improving allocative 

efficiency in capital and labor markets, reducing the natural rate of unemployment (as job matching 

improves through digital labor market platforms), and enabling more productive investment through 

improved savings mobilization. The macroeconomic evidence from India's UPI rollout is consistent with 

these channels: Agarwal et al. (2020) document a statistically significant increase in both consumption 

expenditure and investment in districts with higher UPI penetration, and Ghosh (2021) finds reduced 

unemployment rates in high-adoption districts, consistent with improved labor market matching. 
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4.2  AD-AS Framework: Microfinance as an Aggregate Supply Shock 

Microfinance credit expansion operates through a fundamentally different macroeconomic 

channel: the supply side of the economy. By relaxing the binding credit constraints of micro-entrepreneurs 

and smallholder farmers, MFI lending enables productive investment in capital, technology adoption, and 

working capital that raises the productive capacity of the low-income sector. In AD-AS terms, this manifests 

as a rightward shift of the Short-Run Aggregate Supply curve: at any given price level, the economy can 

now produce more output because previously constrained productive units the micro-enterprises and 

smallholder farms of the bottom income quintile become economically active. The equilibrium moves from 

E0 to E1 with output increasing (Y0 to Y1) and the price level falling (P0 to P1), generating a supply-side 

expansion with deflationary tendency that is uniquely associated with the microfinance transmission 

mechanism and structurally distinct from the demand-side inflationary expansion of digital payments. 

 

 

Source: Figure 2. AD-AS Analysis -- Microfinance Credit Expansion and Aggregate Supply Effects. SRAS shifts rightward from 

SRAS0 to SRAS1 as previously credit-constrained micro-entrepreneurs enter productive activity. Output rises from Y0 to Y1 

while the price level falls from P0 to P1 -- a supply-side non-inflationary expansion. Source: Author's construction. 

The empirical literature provides supporting evidence for this supply-side channel. Banerjee et al.'s 

(2015) Hyderabad RCT documents increases in business formation and inventory investment among 

microcredit-treated households, even in the absence of detectable aggregate income effects, consistent with 

a supply-side productive capacity expansion that has not yet fully translated into income at the measurement 

horizon. Khandker's (2005) long-run analysis of Bangladeshi microfinance documents significant income 
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effects emerging over 5-10 year horizons, consistent with the time required for supply-side productive 

investment to generate income returns. 

4.3  IS-LM Framework and Credit Market Equilibrium 

The IS-LM framework provides a third analytical lens, particularly useful for understanding the 

monetary transmission channels through which digital payment expansion affects the broader 

macroeconomy. Digital payment systems increase the velocity of money in circulation by enabling any 

given stock of money to support a higher volume of transactions per period a direct operationalisation of 

the Fisher equation MV = PY. This is equivalent to an effective outward shift of the LM curve: for any 

given money supply M, the higher velocity V generates a larger effective money supply in nominal terms, 

reducing the equilibrium interest rate and stimulating investment through the IS channel. The credit market 

diagram complements this by illustrating the partial equilibrium effect of MFI entry on the credit market 

facing low-income borrowers: MFI supply expansion shifts the credit supply curve rightward, reducing the 

equilibrium interest rate facing micro-borrowers while expanding total credit quantity a direct realization 

of the theoretical credit constraint relaxation model. 

 

 

Source: Figure 3. IS-LM Framework (left panel) and Credit Market Equilibrium (right panel). Left: Digital payments increase 

money velocity, producing an effective LM outward shift from LM0 to LM1, expanding output and reducing equilibrium interest 

rates. Right: MFI entry shifts the credit supply curve rightward, reducing the borrowing rate facing low-income households from 

r0 to r1 while expanding credit volume from Q0 to Q1. Source: Author's construction. 

Data Sources and Variable Construction 

5.1  Panel Dataset Structure and Country Coverage 

The primary dataset is a balanced country-year panel covering 47 emerging and developing 

economies over the period 2010-2023, yielding 611 country-year observations after removing countries 

with structural data gaps exceeding 30% of the time series. Country selection follows the IMF World 

Economic Outlook emerging market and developing economy classification, stratified across four 

geographic regions: Sub-Saharan Africa (16 countries), South and Southeast Asia (13 countries), Latin 
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America and the Caribbean (11 countries), and the Middle East and North Africa (7 countries). This 

stratification ensures representational diversity across the primary archetypes of financial inclusion 

challenge, from the mobile-money-dominated model of East Africa to the MFI-dominated model of South 

Asia and the hybrid models of Southeast Asia and Latin America. Four countries - India, Kenya, 

Bangladesh, and Indonesia - are designated as primary case studies and are analyzed both within the pooled 

panel and in separate event study specifications that exploit their major policy adoption shocks as 

identification variation. 

5.2  Outcome Variables 

The primary inclusion outcome is the formal account ownership rate (percentage of the population 

aged 15 and above with an account at a financial institution or a registered mobile money service provider), 

drawn from the World Bank Global Findex Database survey waves of 2011, 2014, 2017, and 2021. 

Observations for non-survey years are interpolated linearly, with a binary indicator for interpolated 

observations included as a control in all regressions. The primary inequality outcome is the net Gini 

coefficient of household income distribution from the World Bank Poverty and Inequality Platform, 

supplemented with Luxembourg Income Study estimates where available to improve comparability across 

countries with different survey methodologies. Secondary outcomes include the formal savings rate 

(percentage of adults saving at a formal financial institution), the formal credit access rate (percentage of 

adults with outstanding formal loans or credit lines), and the income share of the bottom 40 percent of the 

distribution (S40), which captures distributional improvements at the lower tail that the Gini coefficient 

may underweight. 

5.3  Construction of the Digital Payment Intensity Index (DPII) 

The DPII is constructed as a weighted composite of three sub-indicators capturing different 

dimensions of digital payment system penetration. The first sub-indicator is mobile money active account 

penetration, defined as the percentage of adults with an active mobile money account in the past 90 days, 

sourced from the GSMA Mobile Money Database (2010-2023), which draws on annual operator-reported 

data validated against central bank regulatory filings. The second is digital transaction volume per capita, 

defined as the total number of digital retail payment transactions per adult per year, sourced from the IMF 

Financial Access Survey. The third is a real-time payment system maturity score, coded on a 0-to-4 scale 

capturing system existence (1), interoperability across banks (1), 24-hours-7-days availability (1), and 

demonstrated merchant acceptance exceeding 10 percent of adult population (1), constructed from BIS 

Payment Statistics and national central bank annual reports. Sub-indicator weights are determined by 

principal component analysis, with the first principal component explaining 68.4 percent of cross-country 

variance and loadings of 0.40 (mobile money), 0.35 (transaction volume), and 0.25 (maturity score). The 

composite scores Cronbach alpha reliability of 0.87, confirming strong internal consistency. 

5.4  Construction of the Microfinance Intensity Index (MII) 

The MII is constructed from three sub-indicators. The first is MFI active borrower penetration rate, 

defined as active borrowers per thousand adults, sourced from the Mixmarket MFI database (covering over 
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2,000 MFIs globally) and supplemented with IMF Financial Access Survey data for countries with limited 

Mixmarket coverage. The second is gross MFI loan portfolio as a share of GDP, capturing the 

macroeconomic depth of microfinance intermediation relative to country size. The third is MFI voluntary 

deposit penetration, defined as voluntary depositors per thousand adults, capturing the savings mobilization 

function of deposit-taking MFIs that is distinct from credit provision. PCA extracts a first principal 

component explaining 64.1 percent of cross-country variance, with loadings of 0.45 (borrower penetration), 

0.35 (loan portfolio), and 0.20 (deposit penetration). Cronbach alpha = 0.83. Both indices are standardized 

to mean zero and unit standard deviation within the full sample before estimation. 

 

Variable Source Coverage Mean SD Min Max 

Account Ownership (%) World Bank 

Findex 
47 countries, 2010-

2023 
41.7 28.4 5.2 98.1 

Gini Coefficient World Bank 

PovcalNet 
47 countries, 2010-

2023 
39.8 8.1 24.4 62.3 

Bottom 40% Income Share 

(%) 
World Bank PIP 47 countries, 2010-

2023 
17.4 4.2 8.1 27.6 

DPII (standardized) GSMA / IMF / BIS 47 countries, 2010-

2023 
0.00 1.00 -2.14 3.41 

MII (standardized) Mixmarket / IMF 47 countries, 2010-

2023 
0.00 1.00 -1.98 3.07 

Log GDP per capita World Bank WDI 47 countries, 2010-

2023 
7.84 0.92 5.81 9.74 

Internet Penetration (%) ITU 47 countries, 2010-

2023 
34.2 22.6 1.3 88.4 

Institutional Quality World Bank WGI 47 countries, 2010-

2023 
-0.21 0.61 -1.84 1.22 

World Bank Digital Finance Report (2023) 
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Variable Source Coverage Mean SD Min Max 

Urban Population Share 

(%) 
World Bank WDI 47 countries, 2010-

2023 
54.1 19.3 16.4 91.7 

Mobile Network Coverage 

(%) 
GSMA 47 countries, 2010-

2023 
72.4 23.8 18.1 99.2 

Private Credit / GDP (%) IMF IFS 47 countries, 2010-

2023 
38.6 24.9 4.2 114.7 

Adult Literacy Rate (%) UNESCO 47 countries, 2010-

2023 
74.3 18.1 24.7 99.6 

Table 1: Summary Statistics for Core Variables. N = 611 country-year observations. All monetary variables expressed in 

constant 2015 USD. Interpolated observations excluded from min/max computation. 

Empirical Strategy - Methodology 

6.1 Baseline Two-Way Fixed Effects Panel Model 

The baseline specification is a two-way fixed effects (TWFE) linear panel model: 

Y_it = β₁·DPII_it + β₂·MII_it + γ·X_it + α_i + δ_t + ε_it  (5) 

where Y_it is the outcome variable (account ownership rate or Gini coefficient) for country i in 

year t; DPII_it and MII_it are the standardized policy intensity indices; X_it is the vector of time-varying 

controls described in Section 4.4; α_i are country fixed effects absorbing time-invariant cross-country 

heterogeneity; δ_t are year fixed effects absorbing common global shocks; and ε_it is the idiosyncratic error 

term. Standard errors are clustered at the country level to allow for arbitrary within-country serial 

correlation (Bertrand et al., 2004). The coefficient β₁ captures the within-country, conditional-on-global-

trends association between digital payment intensity and the outcome, and similarly for β₂. We estimate 

separate specifications for the inclusion and inequality outcomes. 

6.2 Staggered Difference-in-Differences Design 

To strengthen causal identification, we exploit the staggered adoption of major fintech and 

microfinance policy shocks across countries. The primary treatment events are: India's UPI launch (April 

2016); Kenya's M-Pesa interoperability expansion (2018); Bangladesh's national microfinance regulation 

reform (2014); and Indonesia's Laku Pandai branchless banking rollout (2015). We define treated countries 

as those experiencing a major policy shock in our sample period (n = 27) and control countries as those 

without major digital or microfinance policy events (n = 20). 

The standard staggered DiD specification is: 

Y_it = Σ_k β_k · D_i,t+k + α_i + δ_t + ε_it       (6) 

where D_i,t+k is the treatment indicator for cohort k periods relative to the policy adoption date. 

To address the heterogeneous treatment effect bias documented by Callaway and Sant'Anna (2021), we 

implement the CS estimator that decomposes the average treatment effect into cohort-time pairs and uses 

clean comparison groups (never-treated and not-yet-treated units): 

ATT(g,t) = E[Y_t(g) - Y_t(∞) | G_i = g]           (7) 
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where G_i is the cohort (adoption year) for treated unit i and Y_t(∞) represents the counterfactual 

under no treatment. Aggregate effect estimates are obtained by averaging ATT(g,t) with appropriate cohort-

time weights. Pre-treatment parallel trends are validated using placebo regressions with fake treatment dates 

and visual event study plots. 

6.3 Instrumental Variables Estimation 

Despite the improvements from fixed effects and DiD specifications, time-varying confounders 

may persist. We address residual endogeneity through Instrumental Variables (IV) estimation using two 

distinct instruments. 

Instrument 1 – Mobile Tower Rollout (Z_digital): We use the country-year count of new 

telecommunications tower installations (sourced from GSMA tower deployment data) interacted with pre-

sample mobile penetration rates as an instrument for DPII. This instrument satisfies relevance (F-statistic 

= 41.3, first stage) because tower rollout expands mobile coverage and thereby enables digital financial 

services. Exclusion is argued on the grounds that tower installation decisions are driven by 

telecommunications investment cycles and regulatory spectrum auctions, which are plausibly orthogonal 

to financial inclusion outcomes conditional on our covariate set (validated via Oster's coefficient stability 

test, δ̂ = 1.84 > 1.0). 

Instrument 2 – NGO Penetration Density (Z_micro): We instrument for MII using the lagged 

density of registered non-governmental organizations per 10,000 population (sourced from USAID NGO 

country profiles and national charity registries). This follows the identification strategy of Bhatt and Tang 

(1998) and Brau and Woller (2004): NGO density reflects historical civil society capacity that historically 

enabled MFI seeding, but its pre-sample level is plausibly exogenous to contemporaneous financial 

outcomes. First-stage F-statistic = 34.7. Exclusion restriction is supported by the Sargan-Hansen J-test (χ² 

= 2.34, p = 0.31), which fails to reject instrument validity in an over-identified specification augmented 

with colonial legal origin as a third instrument. 

The 2SLS system is estimated as: 

DPII_it = π₁·Z_digital_it + π₂·X_it + α_i + δ_t + v_it      [First Stage DPII] 

MII_it = π₃·Z_micro_it + π₄·X_it + α_i + δ_t + u_it          [First Stage MII] 

Y_it = β₁·DPIÎ_it + β₂·MIÎ_it + γ·X_it + α_i + δ_t + ε_it       [Second Stage] 

6.4 Double Machine Learning (DML) 

To address high-dimensional confounding from our 12-covariate control set and potential nonlinear 

relationships, we implement Double Machine Learning following Chernozhukov et al. (2018). DML 

leverages the Frisch-Waugh-Lovell residualization principle but replaces parametric regression with 

flexible ML prediction to achieve Neyman orthogonality-ensuring that estimation errors in the nuisance 

functions do not contaminate the causal parameter estimate at first order. 

For each treatment variable D ∈ {DPII, MII}, the DML procedure involves three steps: 

Step 1 – Outcome residualization: Regress Y_it on X_it using a cross-validated regularized ML model 

(Lasso + Random Forest ensemble) to obtain residuals Ỹ_it = Y_it - Ê[Y_it | X_it]. 
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Step 2 – Treatment residualization: Regress D_it on X_it using the same ML ensemble to obtain residuals 

D̃_it = D_it - Ê[D_it | X_it]. 

Step 3 – Causal estimate: Regress Ỹ_it on D̃_it (controlling for country and year fixed effects) to obtain the 

partially linear estimate θ̂_DML. 

θ̂_DML = (Σ D̃_it · D̃_it')⁻¹ · Σ D̃_it · Ỹ_it     (8) 

Cross-fitting uses K = 5 folds to prevent overfitting bias. We implement this using the DoubleML 

Python package (Bach et al., 2022), with Random Forest base learners (500 trees, max depth = 6) selected 

via 5-fold cross-validation root mean squared error. Confidence intervals are constructed using the 

analytical variance formula of Chernozhukov et al. (2018). 

6.5 Causal Forest Estimation of Heterogeneous Treatment Effects 

To estimate the Conditional Average Treatment Effect τ(x) = E[Y_i(1) - Y_i(0) | X_i = x] across 

the full covariate space, we implement the Generalized Random Forest (GRF) framework of Athey et al. 

(2019) as implemented in the grf R package. Causal Forests extend random forests by adaptively choosing 

splits that maximize the heterogeneity in treatment effects rather than prediction accuracy, solving the local 

moment condition: 

Σ_{i ∈ leaf} ψ_θ(x)(W_i, Y_i) = 0               (9) 

where ψ is the score function corresponding to a partially linear model. Key hyperparameters are 

tuned via out-of-bag error: number of trees = 2,000; minimum leaf size = 10; fraction of observations per 

tree = 0.5; fraction of variables per split = √p/p. Treatment effect heterogeneity is assessed via the omnibus 

test of Athey and Wager (2021) (p-value reported), and variable importance is measured by the frequency 

of covariate splits in the forest. Best Linear Projection (BLP) of CATE on baseline covariates identifies the 

primary modifiers of treatment effect heterogeneity. 

6.6 XGBoost Outcome Modeling with SHAP Attribution 

To complement the causal analysis and characterize nonlinear interaction structures in the data, we 

estimate XGBoost gradient boosting models (Chen & Guestrin, 2016) for each outcome variable on the full 

covariate set including both policy indices. While the preceding methods (TWFE, DiD, IV, DML, and 

Causal Forest) establish the causal estimates, XGBoost with SHAP attribution serves a distinct diagnostic 

purpose: it maps the nonlinear and interactive structure of the data that parametric causal models impose 

linearity constraints on, and provides an independent cross-check on which variables carry the most 

predictive weight -- validating the causal findings from a different analytical angle. Hyperparameter tuning 

uses 5-fold cross-validation over a grid search on learning rate (η ∈ {0.01, 0.05, 0.1}), maximum tree depth 

(d ∈ {3, 5, 7}), and subsample ratio (ρ ∈ {0.6, 0.8, 1.0}). SHAP (SHapley Additive exPlanations) values 

(Lundberg & Lee, 2017; Lundberg et al., 2020) are computed via the TreeSHAP algorithm to decompose 

the prediction of each outcome into additive feature contributions: 

f(x) = φ₀ + Σ_{j=1}^{p} φ_j(x_j)               (10) 

where φ_j is the SHAP value for feature j, representing the marginal contribution of x_j to the 

prediction relative to the baseline E[f(X)]. SHAP dependency plots reveal nonlinear and interaction effects 
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of DPII and MII on the outcome variables, and SHAP force plots decompose individual country predictions 

to illustrate mechanism heterogeneity. 

Model Implementation: Code and Computational Architecture 

7.1  Double Machine Learning in Python 

The DML implementation uses the DoubleML Python package (Bach et al., 2022), which provides 

a production-grade implementation of the Chernozhukov et al. (2018) framework with support for arbitrary 

scikit-learn compatible machine learning estimators as nuisance learners. The Random Forest base learner 

configuration (500 trees, max depth 6, minimum samples per leaf 5) is selected via 5-fold cross-validation 

on the held-out prediction RMSE, balancing bias-variance trade-off appropriate for the panel structure of 

our data. The panel fixed effects are handled by including country and year dummies as additional features 

in the control matrix X, which the Random Forest nuisance model treats as categorical variables through 

indicator encoding. The code below implements the full DML pipeline as deployed in this analysis: 

  Code Implementation   

 
Code Implementation 1. Double Machine Learning (DML) in Python using the DoubleML framework with Random Forest 

nuisance learners and K = 5 cross-fitting. Output: theta_hat = 6.89 pp (SE = 0.94, p < 0.001, 95% CI: [5.04, 8.74]). 

7.2  Causal Forest in R 

The Causal Forest is implemented using the grf R package (Tibshirani et al., 2023), which provides 

the canonical implementation of the Wager-Athey (2018) and Athey et al. (2019) generalized random forest 
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framework. The forest is fitted with 2,000 trees and hyperparameter tuning across minimum leaf size, 

subsampling fraction, and number of variables per split using the package's built-in tune.parameters option, 

which minimizes out-of-bag debiased mean squared error. Honest trees are enforced, meaning the splitting 

data and estimation data within each leaf are independent subsamples, providing valid confidence intervals 

for the leaf-level CATE estimates. The key outputs are the CATE vector tau_hat, the aggregate ATE and 

its standard error, the omnibus heterogeneity test, and the Best Linear Projection of CATE on baseline 

covariates: 

 

 

  Code Implementation   

 
Code Implementation 2. Causal Forest in R using the grf package with 2,000 honest trees. ATE = 0.068 (SE = 0.009). Omnibus 

heterogeneity test p < 0.001 confirms significant CATE variation across covariate space. 

7.3  XGBoost and SHAP Feature Attribution in Python 

The XGBoost outcome model is estimated using the xgboost Python library (Chen and Guestrin, 

2016) with hyperparameter tuning via 5-fold cross-validated grid search over learning rate (eta in {0.01, 

0.05, 0.10}), maximum tree depth (in {3, 5, 7}), and subsample ratio (in {0.6, 0.8, 1.0}). SHAP feature 

attribution is computed using the shap Python library's TreeSHAP algorithm (Lundberg et al., 2020), which 

provides exact Shapley value computation for tree-based models in polynomial time, avoiding the 
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exponential computational complexity of the original Shapley value definition. The SHAP values are used 

diagnostically to characterize nonlinear response functions and interaction structures in the data, not as 

causal estimates: 

  Code Implementation   

 
Code Implementation 3. XGBoost gradient boosting with SHAP feature attribution in Python. Best hyperparameters: 

learning_rate = 0.05, max_depth = 5, subsample = 0.8. Out-of-sample R-squared = 0.847 for account ownership. 

Results 

8.1  Descriptive Trends and Case Country Trajectories 

Over the 2010-2023 period, mean formal account ownership across the 47-country sample rose 

from 29.4 percent to 61.8 percent, a 32.4 percentage point gain that, while substantial, masks enormous 

cross-country heterogeneity. Countries in the highest DPII growth quartile -- led by Kenya, India, Tanzania, 

and Ghana -- experienced account ownership gains of 42 to 58 percentage points over the period, while 

countries in the lowest DPII growth quartile gained only 15 to 22 percentage points. The Gini coefficient 

declined modestly on average by 1.8 points over the panel period, but the distributional decomposition 

reveals important heterogeneity: high-DPII countries experienced average Gini reductions of 2.9 points, 

while high-MII countries averaged 2.3 points, with the sharpest bottom-quintile improvements in income 

share concentrated in high-MII contexts, particularly Bangladesh and Cambodia. The figure below displays 
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account ownership and Gini trajectories for the four case study countries across the full sample period, with 

vertical lines marking the primary policy adoption events. 

 

 

 

Source: Figure 4. Account Ownership Trajectories (left) and Gini Coefficient Trends (right) for Case Countries, 2010-2023. 

Vertical dashed lines mark the India UPI Launch (2016) and Bangladesh MFI Regulatory Reform (2014). Kenya shows the 

steepest account ownership growth trajectory driven by M-Pesa expansion; Bangladesh shows the strongest Gini reduction 

driven by sustained MFI deepening. Source: World Bank Findex, World Bank PovcalNet, Author's calculations. 

Country 
DPII Growth 

(2010-2023) 
MII Growth 

(2010-2023) 
Acct. Ownership 

Gain (pp) 
Gini Change 

(pts) 
S40 Gain 

(pp) 

Kenya +3.21 SD +0.42 SD +58.3 -3.1 +2.8 

India +2.84 SD +0.87 SD +50.2 -2.7 +2.2 

Bangladesh +0.91 SD +2.34 SD +28.4 -4.2 +3.9 

Indonesia +1.87 SD +1.14 SD +39.6 -2.4 +2.1 

Tanzania +2.61 SD +0.38 SD +46.7 -3.0 +2.6 

Peru +0.76 SD +1.98 SD +24.1 -3.8 +3.4 

Ghana +2.18 SD +0.56 SD +44.3 -2.8 +2.4 

Cambodia +0.62 SD +2.17 SD +22.9 -4.1 +3.7 

Nigeria +1.43 SD +0.29 SD +31.2 -1.9 +1.4 

Bolivia +0.84 SD +1.76 SD +26.3 -3.5 +3.1 

Table 2: Case Country Panel: DPII, MII Growth and Inclusion Outcomes, 2010-2023. S40 = income share of bottom 40% of 

distribution. SD = standard deviation of respective index. 

8.2  Baseline Two-Way Fixed Effects Panel Results 

Table 3 presents the TWFE panel regression results across four specifications -- two for account 

ownership (without and with the full control vector) and two for the Gini coefficient -- for both policy 
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treatment variables. Across all specifications, DPII exerts a consistently positive and statistically highly 

significant effect on account ownership. The fully controlled estimate (Column 2) indicates that a one 

standard deviation increase in DPII is associated with a 6.12 percentage point increase in account ownership 

(SE = 0.91, p < 0.001, 95% CI: [4.34, 7.90]). MII also exhibits a significant positive effect (Column 2: 2.94 

pp, SE = 0.79, p < 0.001), but at approximately 48 percent of the DPII magnitude, a difference that is 

statistically significant (t-test of equality: t = 2.84, p = 0.006). For the Gini coefficient (Columns 3 and 4), 

the ordering reverses: MII exerts a stronger inequality-reducing effect (-1.74 Gini points per SD, SE = 0.45) 

compared to DPII (-1.28 points per SD, SE = 0.41), consistent with the distributional channel of the 

microfinance mechanism. 

Variable Acct. Ownership (1) Acct. Ownership (2) Gini (3) Gini (4) 

DPII (std. deviation) 6.83*** (0.87) 6.12*** (0.91) -1.41*** (0.38) -1.28*** (0.41) 

MII (std. deviation) 3.21*** (0.74) 2.94*** (0.79) -1.89*** (0.41) -1.74*** (0.45) 

Log GDP per capita -- 4.67*** (0.88) -- -0.94** (0.39) 

Internet Penetration -- 0.31*** (0.07) -- -0.06** (0.03) 

Institutional Quality -- 3.12** (1.24) -- -1.21*** (0.42) 

Urban Share -- 0.18*** (0.06) -- -0.04* (0.02) 

Mobile Coverage -- 0.22** (0.09) -- -0.03 (0.02) 

Adult Literacy -- 0.29** (0.12) -- -0.08** (0.04) 

Country Fixed Effects Yes Yes Yes Yes 

Year Fixed Effects Yes Yes Yes Yes 

Observations 611 611 611 611 

R-squared (within) 0.631 0.718 0.544 0.623 

F-statistic 84.3*** 76.1*** 61.4*** 55.7*** 

Table 3: Two-Way Fixed Effects Panel Regression Results. Standard errors clustered by country in parentheses. *** p < 0.001; 

** p < 0.01; * p < 0.05. Columns (1) and (3) include no controls beyond fixed effects. Columns (2) and (4) include all eight time-

varying controls. 

8.3 Staggered DiD Results and Event Study 

The Callaway-Sant'Anna heterogeneity-robust DiD estimates are presented in Table 4. For digital 

payment policy shocks, the aggregate ATT on account ownership is 8.34 pp (SE = 1.12, p < 0.001), 

exceeding the TWFE estimate by approximately 2 pp-consistent with negative-weighting bias in the TWFE 

estimator documented by Callaway and Sant'Anna (2021) when treatment effects are heterogeneous across 

adoption cohorts. For microfinance policy shocks, the aggregate ATT on account ownership is 4.71 pp (SE 

= 1.38, p < 0.001). Event study plots (Figure 1 reference) confirm parallel pre-trends for both treatments: 

no statistically significant pre-treatment coefficients are detected at the 10% level in the three years 

preceding adoption, validating the identification assumption. Dynamic post-treatment effects reveal that 

digital payment ATTs grow monotonically over 5 post-adoption years (Year 1: 3.2 pp; Year 3: 6.8 pp; Year 
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5: 9.4 pp), while microfinance ATTs show more rapid initial gains that plateau after Year 3 (Year 1: 3.1 

pp; Year 3: 5.2 pp; Year 5: 5.0 pp), consistent with saturation effects at high MFI penetration. 

 

Estimand 
Digital 

Payment Shock 
SE 

Microfinance 

Shock 
SE p-value (Diff) 

ATT (aggregate) 8.34*** 1.12 4.71*** 1.38 0.021 

ATT (Year 1) 3.21*** 0.87 3.09*** 0.94 0.918 

ATT (Year 2) 5.63*** 0.98 4.22*** 1.08 0.287 

ATT (Year 3) 6.84*** 1.06 5.18*** 1.21 0.179 

ATT (Year 4) 8.11*** 1.19 5.24*** 1.33 0.068 

ATT (Year 5) 9.38*** 1.34 5.03*** 1.48 0.019 

Pre-trend test (p-value) - 0.412 - 0.587 - 

Table 4: Callaway-Sant'Anna Staggered DiD Estimates - Effect on Account Ownership (pp). *** p<0.001. 

8.4 Instrumental Variables Results 

Table 5 presents IV estimates. First-stage F-statistics are 41.3 (DPII equation) and 34.7 (MII 

equation), well above the Staiger-Stock threshold of 10, indicating strong instruments. The IV estimate of 

DPII's effect on account ownership is 7.41 pp (SE = 1.23, p < 0.001), comparable to and statistically 

indistinguishable from the TWFE estimate, suggesting that time-varying endogeneity bias is modest once 

country and year fixed effects are controlled. The IV estimate for MII is 3.84 pp (SE = 1.47, p = 0.009), 

slightly larger than the TWFE estimate, suggesting mild negative selection into microfinance participation 

(poorer or more excluded households are more likely to join, modestly attenuating OLS estimates). For the 

Gini outcome, IV estimates yield −1.56 pp for DPII (SE = 0.51, p = 0.002) and −2.14 pp for MII (SE = 

0.61, p < 0.001), preserving the ordering observed in the TWFE specification. 

 

 
Account 

Ownership 
Account 

Ownership 
Gini Coefficient Gini Coefficient 

Estimator TWFE 2SLS-IV TWFE 2SLS-IV 

DPII 6.12*** (0.91) 7.41*** (1.23) −1.28*** (0.41) −1.56*** (0.51) 

MII 2.94*** (0.79) 3.84*** (1.47) −1.74*** (0.45) −2.14*** (0.61) 

F-stat DPII (1st stage) - 41.3 - 41.3 

F-stat MII (1st stage) - 34.7 - 34.7 

Sargan-Hansen J (p) - 0.31 - 0.28 

Table 5: TWFE vs. 2SLS-IV Comparison. Full controls included. *** p<0.001, ** p<0.01. 

8.5 Double Machine Learning Results 

DML estimates with Random Forest nuisance models are reported in Table 6. The DML point 

estimate for DPII on account ownership is 6.89 pp (SE = 0.94, p < 0.001), closely replicating the TWFE 
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and IV estimates and providing methodological triangulation across three distinct identification strategies. 

The DML estimate for MII is 3.11 pp (SE = 0.82, p < 0.001). For the Gini coefficient, DML estimates are 

−1.33 pp (DPII) and −1.96 pp (MII), maintaining the comparative magnitude ranking. The nuisance model 

performance is strong: cross-validated RMSE for the outcome equation (R² = 0.81) and treatment equation 

(R² = 0.74 for DPII; R² = 0.69 for MII) indicate that the ML models capture substantial predictive structure 

in the data, enabling effective residualization of the control set. The DML standard errors are constructed 

via the analytical formula and are wider than TWFE SEs by approximately 8%, reflecting appropriate 

uncertainty propagation from the nuisance estimation stage. 

 

Outcome Treatment DML Estimate SE 95% CI p-value 
Nuisance 

RMSE 

Account Ownership DPII 6.89 pp 0.94 [5.04, 8.74] <0.001 4.81 

Account Ownership MII 3.11 pp 0.82 [1.50, 4.72] <0.001 4.81 

Gini Coefficient DPII −1.33 pp 0.43 [−2.17, −0.49] 0.002 2.14 

Gini Coefficient MII −1.96 pp 0.48 [−2.90, −1.02] <0.001 2.14 

Bottom 40% Income 

Share 
DPII +0.84 pp 0.29 [0.27, 1.41] 0.004 1.82 

Bottom 40% Income 

Share 
MII +1.47 pp 0.34 [0.80, 2.14] <0.001 1.82 

Table 6: Double Machine Learning Estimates (K=5 cross-fitting, Random Forest nuisance learner). CI = 95% 

confidence interval. 

8.5  Causal Forest: Heterogeneous Treatment Effects and CATE Surface 

The Causal Forest estimation reveals substantial, statistically significant heterogeneity in treatment 

effects across the covariate space for both DPII and MII, confirmed by the omnibus heterogeneity test (p < 

0.001 for both treatments). The Average Treatment Effect (ATE) estimates -- ATE_DPII = 0.068 (SE = 

0.009) and ATE_MII = 0.032 (SE = 0.008) -- closely replicate the TWFE and DML estimates, providing 

cross-validation of the parametric and semi-parametric results using a fully non-parametric method. The 

figure below displays the full distributions of CATE estimates across the 611 observations, stratified by 

high- versus low-internet-penetration contexts for DPII and high- versus low-income contexts for MII. 
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Source: Figure 5. Causal Forest CATE Distributions for DPII (left) and MII (right). Histograms show the distribution of 

individual-observation CATE estimates, stratified by context type. The ATE (solid vertical line) masks substantial heterogeneity: 

DPII effects are concentrated in high-internet contexts; MII effects are concentrated in lower-income contexts. Dashed vertical 

lines show group-specific means. Source: Author's calculations using grf R package. 

 

CATE Quartile (DPII) DPII Effect (pp) MII Effect (pp) Primary Moderator Context Description 

Q1 (lowest 25%) 2.14*** (0.61) 4.87*** (0.94) Low internet / Low 

income 
Rural, weak governance, 

low connectivity 

Q2 (25th-50th) 5.23*** (0.78) 3.94*** (0.81) Moderate infrastructure Peri-urban, improving 

governance 

Q3 (50th-75th) 7.81*** (0.89) 2.87*** (0.74) High mobile coverage Urban, mid-income, 

moderate institutions 

Q4 (highest 25%) 11.43*** (1.12) 1.84*** (0.68) High internet + strong 

governance 
Urban, high-income, strong 

institutions 

ATE (full sample) 6.80*** (0.90) 3.20*** (0.80) -- Full panel average 

Table 7. Causal Forest CATE Estimates by Treatment Effect Quartile -- Account Ownership Outcome. Standard errors computed 

from honest forest confidence intervals. *** p < 0.001. The crossover pattern (DPII dominant in Q3-Q4; MII dominant in Q1) is 

the paper's central distributional finding. 

Central Finding: The CATE surfaces for DPII and MII exhibit a statistically significant crossover 
pattern. Digital payment systems dominate in high-internet, institutionally strong, urban contexts 

(CATE up to 11.4 pp); microfinance dominates in low-income, rural, institutionally constrained 

contexts (MII CATE 4.9 pp versus DPII CATE 2.1 pp in Q1). Optimal policy requires matching the 

mechanism to the context. 

8.6  SHAP Attribution and Multi-Method Estimator Comparison 

The XGBoost model, trained with optimal hyperparameters (learning rate = 0.05, max depth = 5, 

subsample = 0.80) on the full 611-observation panel, achieves out-of-sample R-squared = 0.847 for account 

ownership and 0.763 for the Gini coefficient -- substantially above the within-R-squared of the TWFE 

specifications (0.718 and 0.623 respectively), confirming that the nonlinear and interaction structure 
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captured by XGBoost contains predictive information not captured by the linear panel model. SHAP global 

feature importance rankings reveal that DPII is the single most important predictor of account ownership 

(mean |SHAP| = 7.21), followed by log GDP per capita (5.84), internet penetration (4.93), and MII (4.12). 

For the Gini coefficient, MII ranks first in importance (3.47), followed by institutional quality (3.12) and 

DPII (2.89), consistent with the parametric regression finding that MII has a stronger inequality-reducing 

effect. The left panel of Figure 6 displays the SHAP importance ranking for the account ownership outcome; 

the right panel presents the multi-method estimator comparison with 95 percent confidence interval error 

bars. 

 

 

 

Source: Figure 6. Left: XGBoost SHAP Global Feature Importance for Account Ownership -- DPII ranks first with mean |SHAP| 

= 7.21; MII ranks fourth at 4.12. Right: Multi-Method Estimator Comparison displaying DPII (blue) and MII (green) effect 

estimates with 95% CI error bars across TWFE, CS-DiD, 2SLS-IV, DML, and Causal Forest. Strong estimator convergence 

provides triangulating causal evidence. Source: Author's calculations. 

Feature 
Mean |SHAP| (Acct. 

Own.) 
Mean |SHAP| (Gini) 

Effect Direction 

(Acct.) 

Effect 

Direction 

(Gini) 

DPII (standardized) 7.21 2.89 Positive (+) Negative (-) 

Log GDP per capita 5.84 2.74 Positive (+) Negative (-) 

Internet Penetration 4.93 1.84 Positive (+) Negative (-) 

MII (standardized) 4.12 3.47 Positive (+) Negative (-) 

Institutional Quality 3.91 3.12 Positive (+) Negative (-) 

Mobile Network Coverage 3.67 1.41 Positive (+) Negative (-) 

Urban Population Share 2.84 1.18 Positive (+) Ambiguous 

Private Credit / GDP 2.31 2.04 Positive (+) Ambiguous 

Adult Literacy Rate 2.07 1.76 Positive (+) Negative (-) 
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Table 8. XGBoost SHAP Global Feature Importance Rankings. Mean |SHAP| represents the average absolute Shapley value 

across all 611 observations, measuring each feature's contribution to prediction deviation from the base rate. Computed via 

TreeSHAP (Lundberg et al., 2020). 

Discussion 

7.1 Aggregate Policy Effectiveness: A Verdict with Nuance 

Across all four causal identification strategies-TWFE, staggered DiD, IV, and DML-a consistent 

finding emerges: digital payment systems generate larger aggregate causal effects on financial inclusion 

(account ownership) than microfinance interventions of equivalent intensity. The magnitude of this 

difference is substantial and consistent: DPII effects exceed MII effects on account ownership by 

approximately 2-4 pp per standard deviation in standardised terms, corresponding to roughly 50–100 

million additional formally included individuals per standard deviation shift in DPII across the sample. This 

finding aligns with the theoretical network externality advantage of digital payment platforms-their 

scalability means that fixed infrastructure investments generate increasing returns to adoption, a property 

absent from MFI credit provision. 

However, the inequality results complicate a simplistic verdict in favour of digital payments. The 

MII consistently outperforms DPII in Gini coefficient reduction and bottom 40% income share gains, by 

margins of 0.4–0.7 Gini points per standard deviation. The DML bottom 40% estimates tell a particularly 

clear story: microfinance generates S40 improvements of 1.47 pp per SD versus 0.84 pp for digital 

payments. This reversal in the inequality outcome is consistent with the theoretical credit-constraint 

relaxation mechanism: microfinance specifically targets the asset-poor, delivering proportionately larger 

welfare gains to those whose productivity is most constrained by capital access. Digital payments, by 

contrast, generate inclusion primarily through transaction cost reduction-a benefit that, while broadly 

distributed, is relatively larger for those who were already engaged in economic activity but excluded from 

formal channels. 

7.2 Heterogeneity and the Context-Conditional Framework 

The Causal Forest estimates crystallize the most policy-actionable finding of this paper: the relative 

advantage of digital payments versus microfinance is strongly context-conditional. In the highest CATE 

quartile for DPII-characterized by high internet penetration, strong institutional quality, and urban settings-

digital payment systems generate inclusion gains of over 11 pp per SD, nearly six times the MII effect in 

the same context. By contrast, in the lowest DPII-CATE quartile-low internet, low income, poor 

governance-the MII effect (4.87 pp) more than doubles the DPII effect (2.14 pp). This crossover pattern 

implies that a naive aggregate comparison of digital payments versus microfinance obscures the underlying 

heterogeneity and leads to suboptimal policy recommendations if applied uniformly. 

The institutional mediation results provide a mechanistic explanation. Digital payment systems are 

infrastructure-dependent: their ability to generate inclusion is constrained by mobile network coverage, 

financial literacy, and regulatory frameworks that protect consumer rights and resolve disputes. Where these 

enabling conditions are absent, the transaction cost reduction mechanism operates weakly. Microfinance, 

by contrast, was historically designed to function in precisely such institutionally constrained environments, 

leveraging community social capital and group liability mechanisms as substitutes for formal institutional 
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infrastructure. This suggests a dynamic complementarity: in early stages of development, microfinance 

provides inclusion at the margin; as digital infrastructure develops, payment systems take over and 

eventually dominate. 

7.3 Methodological Triangulation and Convergence 

A distinctive feature of this paper's contribution is its methodological pluralism and the strong 

convergence of estimates across identification strategies. The maximum divergence between any two 

estimates of DPII's effect on account ownership is 1.29 pp (comparing TWFE 6.12 to IV 7.41), a gap 

attributable to mild endogeneity attenuation in the TWFE specification. The DML estimate of 6.89 pp falls 

between the TWFE and IV estimates, consistent with its role as a semi-parametric estimator that controls 

for a richer nonlinear control function without relying on explicit instrumental exclusion restrictions. This 

convergence across structurally different identification strategies substantially increases confidence in the 

causal interpretation of the estimates. The divergence between TWFE and CS-DiD estimates (TWFE: 6.12 

vs. CS-DiD: 8.34) for digital payments is explained by negative weighting of heterogeneous treatment 

effects in TWFE with staggered adoption-the CS-DiD estimator correctly recovers the larger true effect. 

Conclusion 

This paper provides the first comprehensive causal comparison of digital payment systems and 

microfinance institutions as competing financial inclusion paradigms, drawing on a 47-country panel over 

2010-2023 and deploying a full suite of modern econometric and causal machine learning methods. Our 

findings support a context-conditional complementarity framework: digital payment systems are superior 

instruments for aggregate financial inclusion at scale, delivering 6.8-8.3 pp account ownership gains per 

standard deviation policy intensity, with the largest effects in digitally and institutionally well-equipped 

contexts. Microfinance delivers more modest average effects (3.2-4.7 pp) but generates disproportionately 

stronger inequality reduction and bottom-quintile welfare gains, with its greatest advantages concentrated 

in rural, low-income, and institutionally weak environments. 

These findings carry concrete implications for multilateral development institutions, national 

financial regulators, and development finance institutions. The G20 Global Partnership for Financial 

Inclusion's emphasis on digital financial services as the primary inclusion vector is validated for aggregate 

access metrics but should be tempered by recognition of distributional limitations. Simultaneously, the 

microfinance sector's relevance is affirmed for targeted poverty-alleviation applications, particularly in 

contexts where digital infrastructure prerequisites are absent. In practical terms, the CATE crossover 

finding implies a phased sequencing strategy: countries with internet penetration below 30 percent and an 

institutional quality index below -0.5 should prioritize microfinance deepening as the primary inclusion 

instrument, while concurrently investing in mobile infrastructure as a prerequisite for the transition toward 

digital payment systems once those enabling conditions are met. The construction of DPII and MII as 

validated composite indices provides measurement tools for ongoing policy monitoring. The 

methodological framework demonstrated here-combining panel econometrics with causal forests and DML 

in a unified design-offers a template for future comparative policy evaluation in development economics. 
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Limitations 

Several important limitations qualify the findings of this paper. First, while the four-way 

identification strategy substantially mitigates endogeneity concerns, the instrument validity assumptions-

particularly the exclusion restriction for NGO density as an MII instrument-cannot be definitively verified 

and rely on theoretical arguments and specification tests rather than formal proof. Second, the interpolation 

of Findex account ownership data between survey waves (2011, 2014, 2017, 2021) introduces measurement 

error that may attenuate estimates in intervening years; sensitivity analyses restricting the sample to survey 

years yield qualitatively identical but quantitatively larger estimates. Third, the paper's focus on country-

level panel data precludes examination of within-country geographic and demographic heterogeneity, 

which may be substantial-household-level causal analysis using individual survey data remains an 

important complement. Fourth, the 14-year panel may be insufficient to capture the full dynamic effects of 

digital payment system adoption, particularly given evidence from Kenya and India suggesting that network 

externalities continue to compound over decade-long horizons. Fifth, the XGBoost prediction exercise, 

while informative for characterizing nonlinearities, does not yield causal estimates and should be 

interpreted descriptively. 

Future Research Outlook 

The findings of this paper open several consequential research directions. First, the availability of 

increasingly granular administrative transaction data from digital payment platforms including anonymized 

transaction-level data from UPI (with over 83 billion annual transactions in India alone), M-Pesa, and 

Brazil's PIX presents opportunities for within-country causal analysis at the individual or firm level, 

enabling CATE estimation at far greater resolution than country-year panels allow. Transaction-level causal 

forests could identify which types of households (by income, geography, gender, and occupation) benefit 

most from digital payment access, producing actionable targeting recommendations for financial inclusion 

programming that aggregate analyses cannot provide. 

Second, the emergence of Central Bank Digital Currencies (CBDCs) as a potential third paradigm 

of state-backed digital financial inclusion distinct from both private-sector mobile money and traditional 

microfinance -- warrants careful causal evaluation as early adopter data mature. The Bahamas' Sand Dollar, 

Nigeria's eNaira, and Jamaica's JAM-DEX provide early natural experiments, and the planned CBDC 

launches in India, Brazil, and across the European Union will generate substantially larger identification 

variation over the next five years. Whether CBDCs generate inclusion effects closer to the digital payment 

model (transaction cost reduction) or the microfinance model (credit provision, given planned 

programmable lending features in some CBDC architectures) is an empirically open question with 

significant policy implications. 

Third, the dynamic complementarity hypothesis suggested by this paper's CATE surface analysis 

that microfinance and digital payments are substitutes at low digital penetration and complements at high 

penetration, as digital infrastructure enables the digitization of MFI operations and mobile-based credit 

scoring warrants direct empirical testing using panel threshold models or Markov switching specifications 

that allow the relationship between the two mechanisms to change with penetration level. Fourth, and most 
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ambitiously, the application of causal reinforcement learning specifically multi-armed bandit algorithms 

optimized for long-run inclusion outcomes rather than immediate effects to the sequential allocation of 

financial inclusion policy investments across heterogeneous country contexts represents a frontier 

methodological contribution that could directly inform multilateral programming decisions by 

organizations such as the World Bank, CGAP, and the Bill and Melinda Gates Foundation. 
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