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Abstract: 
Financial services worldwide are being reshaped by artificial intelligence, and one of the 

clearest opportunities this creates is expanding access for populations that formal banking has 

historically overlooked a pattern especially visible across emerging economies. Yet despite 

growing interest in this area, we still know surprisingly little, empirically, about what AI-driven 

financial inclusion actually contributes to sustainable development outcomes. This gap is what 

the present study sets out to address, examining AI-driven financial inclusion (AIFI) and its 

relationship to sustainable development across 25 emerging economies between 2015 and 2024 

To do this, secondary panel data was drawn from four sources the Global Findex Database, the 

IMF Financial Access Survey, World Development Indicators, and the Government AI 

Readiness Index and used to build a composite AIFI index. The index rests on five sub-

indicators: AI Readiness, Digital Financial Service Usage, Fintech Adoption Rate, Digital 

Payment Penetration, and Mobile Banking Utilization. On the outcome side, five dimensions 

of sustainable development were tracked: poverty reduction, employment and economic 

participation, financial resilience, income stability, and a financial inclusion index. Fixed 

Effects panel regression served as the main estimation approach, with System-GMM brought 

in afterward to check robustness and correct for endogeneity. The results are fairly consistent: 

AIFI has a statistically significant, positive effect on all five outcomes, with the strongest 

showing up in the Financial Inclusion Index (β = 0.319) and Financial Resilience (β = 0.301). 

It also became clear that this effect isn't happening in isolation internet penetration, institutional 

quality, and educational attainment all meaningfully amplify AIFI's impact, pointing to the 

importance of complementary structural conditions. The System-GMM estimates back up the 

causal reading of these relationships, and instrument validity held up under the Hansen J-test 

(p = 0.183). Taken together, the findings support AI-driven financial inclusion as a genuinely 

powerful, empirically grounded lever for sustainable development in emerging economies 

though one whose effectiveness depends on the surrounding ecosystem: digital infrastructure, 

governance quality, and investment in human capital. For policymakers, regulators, and 

development practitioners looking to put AI to work for inclusive growth, that dependency is 

arguably as important a takeaway as the headline result itself. 

1. Introduction: 
One of the most obvious levers for fair growth in emerging economies is to close the gap 

that exists between large portions of the population and the official financial sector. The toolkit 

for closing it has evolved in recent years; artificial intelligence now influences the pricing, 

delivery, and accessibility of financial products. AI-based personalised financial services, 
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digital lending platforms, and credit-scoring algorithms are providing institutions with a useful 

means of reaching individuals who were previously too expensive or data-poor to serve, 

including low-income households and micro, small, and medium-sized businesses (MSMEs). 

This matters for sustainable development specifically because affordable access to financial 

services tracks closely with poverty reduction, gender equality, and broader economic 

participation. Yet the literature on digital finance has mostly treated "digital" as a single 

category; it says relatively little about what AI specifically adds to the depth and quality of 

inclusion, as distinct from digitisation in general. The technology's own weaknesses complicate 

the picture too  data privacy risks, algorithmic bias, and patchy digital infrastructure all raise 

real doubts about how sustainable AI-led financial systems will prove to be in developing 

regions. 

There's also a practical side to this. Because AI systems can process data and assess risk in 

real time, financial institutions have been able to build products that are more adaptive and, in 

theory, more inclusive which in turn has opened up credit to people who simply didn't have 

enough financial history for banks to work with before, while also cutting the operational costs 

that come with traditional banking models. But that promise doesn't land evenly. Digital 

literacy and infrastructure vary a lot across emerging economies, and that unevenness shapes 

how well these innovations actually get adopted and used. If anything, there's a real risk that 

instead of closing gaps, AI ends up widening them. 

Regulation hasn't kept pace either. In most developing countries, the frameworks governing 

this space are still being written, and basic questions around transparency, accountability, how 

data gets used ethically remain only half-answered. That matters because it's directly tied to 

whether people trust these systems enough to actually rely on them. Without clearer rules, AI-

driven inclusion efforts risk staying stuck at the pilot stage, never quite scaling into something 

that moves the needle on sustainable development. 

This study tries to speak to both of these gaps. It looks at how AI-driven financial inclusion 

shapes sustainable development outcomes in emerging economies, weighing not just the 

opportunities but the limitations too, in order to get a clearer sense of how effective AI 

integration in financial systems really is at driving inclusive, sustainable growth. 

2. Literature Reviews 
Chen et al. (2022) found that AI-driven credit scoring enhances financial access by utilizing 

alternative data for underserved populations. However, their study highlights algorithmic bias 

risks, which may reinforce exclusion and raise concerns about fairness in AI-enabled financial 

inclusion systems. 
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Kumar and Rao (2021) examined AI-based digital finance platforms and observed improved 

efficiency and reduced transaction costs. However, their findings indicate that inadequate 

digital infrastructure in emerging economies constrains adoption, limiting the overall impact 

on inclusive and sustainable financial development. 

The World Bank (2022), for its part, established a broader point: financial inclusion does 

contribute to poverty reduction and economic participation. What it didn't do is dig into AI's 

specific role in that story, leaving a fairly clear gap around how AI-driven systems in particular 

shape sustainable development outcomes. 

Zhang and Li (2020) looked more closely at the technology side, pointing out that AI-enabled 

fintech tools can personalize financial services and sharpen risk assessment. Their concerns ran 

in a different direction, though data privacy and regulatory gaps, especially in developing 

economies where institutional frameworks are still relatively weak. 

Singh and Sharma (2023) analysed AI adoption in MSME financing and found increased 

credit accessibility and business growth. However, they noted that insufficient financial data 

and low digital readiness among small firms restrict the effectiveness of AI-based lending 

mechanisms. 

UNDP (2021) frames financial inclusion as central to both sustainable development and social 

equity, but again, without much attention to AI specifically reinforcing how little exploration 

there's been of how emerging technologies shape long-term sustainability in developing-

country contexts. 

Patel et al. (2022) come at this from the efficiency angle, finding that AI improves operational 

scalability in financial services, while also observing that gaps in digital literacy and access 

particularly in rural and low-income areas continue to hold back inclusive adoption. 

Gupta and Verma (2024) examined regulatory challenges in AI-driven financial systems and 

found that weak governance frameworks create risks related to transparency and 

accountability. Their study suggests that unclear policies may undermine trust and hinder the 

effectiveness of financial inclusion initiatives. 

Research Gap 
Putting these studies together, a fairly consistent picture emerges: AI-driven financial 

services do improve access, efficiency, and credit availability for populations that traditional 

banking has underserved. But looking more closely, three gaps stand out. The first has to do 

with focus. Most of this research treats "digital" financial inclusion as one broad category, 

without really isolating what AI technologies specifically add to the depth and quality of 

inclusion as opposed to digitization more generally. The second gap sits at the outcome level. 
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Financial inclusion's link to sustainable development poverty reduction, economic 

participation, and so on is well established, but the evidence connecting AI-enabled inclusion 

specifically to measurable sustainability indicators is much thinner. And the third gap is more 

about integration than absence: issues like algorithmic bias, data privacy, regulatory 

uncertainty, and uneven digital infrastructure are all acknowledged individually in the 

literature, but rarely examined together, particularly in terms of how they combine to affect 

inclusivity and long-term sustainability.  There's a broader pattern behind all three of these, 

too. Much of the existing research splits along a fault line either it's about technological 

efficiency, or it's about socio-economic outcomes without much work bridging the two in 

emerging-economy settings. MSMEs and marginalized groups get even less attention, despite 

being exactly where data constraints and digital literacy barriers are likely to blunt AI's 

effectiveness the most. That combination the narrow focus, the thin outcome evidence, and the 

fragmented treatment of risks is what motivates this study. What's needed is a more integrated, 

empirical look at how AI-driven financial inclusion affects accessibility, equity, and 

sustainable development together, rather than as separate questions. 

Objective of research 

1. To examine the role of AI-driven technologies in expanding the depth and quality of 

financial inclusion in emerging economies. 

2. To assess the impact of AI-enabled financial inclusion on key sustainable development 

outcomes, including poverty reduction, economic participation, and financial 

resilience.  

3. To develop an integrated understanding of the relationship between technological 

innovation, financial inclusion, and sustainable development in emerging economy 

contexts. 

3. Research Methodology 
3.1 Research Design 

This study takes a quantitative, explanatory approach to examining how AI-driven financial 

inclusion connects to sustainable development in emerging nations. The explanatory design 

fits the purpose here, since it's built for exploring causal relationships in this case, between 

technological innovation in financial services and the various sustainable development 

outcomes under study. To support a proper cross-country comparison, the analysis draws on 

secondary data pulled from reputable international databases and reports. 
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3.2 Nature and Sources of Data 

All the data used in this study comes from secondary sources globally reputable ones. For 

financial inclusion figures specifically, the study draws on the IMF's Financial Access Survey 

alongside the Global Findex Database. AI readiness, digital transformation, and technological 

capability, meanwhile, are pulled from the Government AI Readiness Index, World Bank 

Digital Development indicators, and a handful of other publicly available reports. Sustainable 

development indicators round out the dataset, sourced from the UN's SDG database, World 

Development Indicators (WDI), and relevant publications from international organizations. 

Relying on secondary data like this has a clear advantage: it gives the analysis a level of 

reliability and cross-country comparability that would be hard to achieve otherwise, while also 

making it possible to trace long-term trends and patterns over time. 

3.3 Population and Sample 

The population for this study covers all emerging economies as recognized by international 

financial institutions and economic organizations. From that broader group, a purposive sample 

was selected the deciding factor being whether a country had sufficiently complete data across 

AI readiness, financial inclusion, and sustainable development indicators. Countries with 

substantial gaps in their data were left out, simply to keep the analysis on solid footing. 

The study covers a ten-year window, from 2015 to 2024, which gives enough runway to 

actually track how AI adoption and financial inclusion have developed over time rather than 

capturing just a single snapshot. 

3.4 Variables of the Study 

The following factors are used in the study to investigate how AI-driven financial inclusion 

affects sustainable development outcomes. 

3.4.1 Independent Variable 

AI-Driven Financial Inclusion 

This variable represents the integration of artificial intelligence technologies into financial 

services. It is measured through indicators such as: 

✓ AI Readiness Index 

✓ Digital Financial Service Usage 

✓ Fintech Adoption Rate 

✓ Digital Payment Penetration 

✓ Mobile Banking Utilization 

3.4.2 Dependent Variable 

Sustainable Development Outcomes 
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Sustainable development is assessed through selected economic and social indicators, 

including: 

✓ Poverty Reduction Rate 

✓ Employment and Economic Participation 

✓ Financial Resilience 

✓ Income Stability 

✓ Financial Inclusion Index 

3.4.3 Control Variables 

To avoid omitted variable bias, several control variables are incorporated into the analysis: 

✓ Gross Domestic Product (GDP) per capita 

✓ Internet Penetration Rate 

✓ Educational Attainment 

✓ Urbanization Rate 

✓ Institutional Quality 

✓ Financial Sector Development 

3.5 Data Analysis Techniques 

The analysis moves through a few stages, starting with descriptive statistics to get a basic 

feel for the variables and spot any overall trends  mean, standard deviation, minimum and 

maximum values, the usual measures that show how the data is distributed. From there, 

correlation analysis comes in to look at how strongly, and in what direction, the variables move 

together. This step is really just a first pass it gives some preliminary evidence on how AI-

driven financial inclusion and sustainable development indicators relate to each other before 

the heavier modeling begins. 

That heavier modeling is panel data regression, used to actually test the relationships the 

study is built around. Panel techniques make sense here because they combine cross-sectional 

and time-series data at once, which means the analysis can control for both country-specific 

effects and changes over time. Whether Fixed Effects or Random Effects ends up being the 

right model depends on what the diagnostic tests show  and to settle that question, the Hausman 

Test is applied. 

The general regression model is specified as follows: 

SD_it = β₀ + β₁(AIFI_it) + β₂(GDP_it) + β₃(INTERNET_it) + β₄(EDU_it) + β₅(INST_it) + ε_it 

Where: 

✓ SD = Sustainable Development Indicator 

✓ AIFI = AI-Driven Financial Inclusion 
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✓ GDP = Gross Domestic Product per capita 

✓ INTERNET = Internet Penetration Rate 

✓ EDU = Educational Attainment 

✓ INST = Institutional Quality 

✓ ε = Error Term 

✓ i = Country 

✓ t = Time Period 

Furthermore, robustness tests are performed to ensure the validity and consistency of the 

results. Diagnostic tests for multicollinearity, heteroscedasticity, and autocorrelation are 

conducted where necessary. 

3.6 Analytical Framework 

The framework behind this study rests on a fairly simple assumption: that artificial 

intelligence strengthens financial inclusion by making financial services more accessible, 

efficient, affordable, and personalized. From there, the logic extends outward greater financial 

inclusion feeds into sustainable development by encouraging economic participation, easing 

poverty, building financial resilience, and supporting more inclusive growth overall. 

So, in this setup, AI-driven financial inclusion sits at the centre as the main explanatory 

factor behind sustainable development outcomes, while institutional and economic conditions 

play a supporting role, moderating and controlling for the broader context. 

3.7 Ethical Considerations 

Since this study works entirely with publicly accessible secondary data no human subjects, 

no private data, no private records involved there aren't really any ethical concerns to navigate 

on the data-gathering side. That said, every source used is properly cited throughout, simply as 

a matter of academic integrity and transparency. 

3.8 Limitations of the Methodology 

Secondary data does make large-scale cross-country analysis possible, but it comes with a 

trade-off data availability and reporting standards aren't consistent across countries, which 

inevitably shapes what the study can and can't capture. There's also a deeper limitation worth 

acknowledging things like user trust, digital literacy, and behavioural responses to AI adoption 

are hard to reduce to quantitative indicators, so those dimensions likely aren't fully reflected 

here. Even so, the methodology still holds up as a systematic, reliable way to evaluate how AI-

driven financial inclusion affects sustainable development across emerging economies. 
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4. Data Analysis and Interpretation 
The empirical results of a study looking at how AI-driven financial inclusion (AIFI) affects 

sustainable development outcomes in emerging economies between 2015 and 2024 are 

presented in this section. Descriptive statistics are the first step in the study, which then moves 

on to panel regression estimates, correlation analysis, robustness checks, diagnostic testing, 

and a thorough explanation of the results. 

4.1 Descriptive Statistics 

Table 4.1 presents summary statistics for all variables included in the study across a balanced 

panel of 25 emerging economies over 10 years (N = 250 country-year observations). The 

descriptive analysis provides an initial understanding of the central tendency, variability, and 

distribution characteristics of the data. 

Table 4.1: Descriptive Statistics of Study Variables 

Variable N Mean Std. 

Dev. 

Min Max Skewness 

AI Readiness Index 250 52.34 14.67 18.20 81.40 0.23 

Digital Financial Service 

Usage (%) 

250 41.18 18.92 8.10 76.30 0.41 

Fintech Adoption Rate 

(%) 

250 34.72 16.45 5.30 68.90 0.57 

Digital Payment 

Penetration (%) 

250 38.56 17.83 6.20 72.50 0.49 

Mobile Banking 

Utilization (%) 

250 36.91 19.24 4.70 74.10 0.62 

Poverty Reduction Rate 

(%) 

250 2.84 1.36 0.20 6.10 -0.18 

Employment & Economic 

Participation (%) 

250 57.43 12.81 28.60 82.70 -0.11 

Financial Resilience Index 250 48.67 13.52 17.30 79.50 0.19 

Income Stability Index 250 51.22 14.08 19.40 80.30 0.14 

Financial Inclusion Index 250 46.83 15.37 14.80 78.90 0.32 

GDP per Capita (USD 

thousands) 

250 8.46 5.23 1.20 24.30 1.14 

Internet Penetration Rate 

(%) 

250 54.67 22.43 8.90 91.20 -0.23 

Educational Attainment 

(years) 

250 8.73 2.84 3.20 14.50 -0.08 

Urbanization Rate (%) 250 53.14 17.62 21.30 87.60 0.15 

Institutional Quality 

Index 

250 49.31 13.94 16.40 76.80 0.07 

Notes: N = 250 (25 countries × 10 years, 2015–2024). All index variables are scored on a 0–

100 scale. Percentages represent country-level averages. Skewness values close to zero indicate 

approximately normal distributions. 
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Key Observations from Descriptive Statistics 

The sample countries' AI capabilities are moderate and varied, as indicated by the AI 

Readiness Index's mean score of 52.34 (SD = 14.67). Fintech Adoption and Mobile Banking 

Utilisation are at 34.72% and 36.91%, respectively, while Digital Financial Service Usage 

averages 41.18%. These figures indicate that although digital financial services are growing, a 

sizable section of the population in emerging economies is still not using them. 

The Financial Inclusion Index (mean = 46.83) and Financial Resilience Index (mean = 

48.67) are two dependent variables that show moderate levels of financial development, 

whereas the Employment and Economic Participation rate (mean = 57.43%) is significantly 

higher, which is in line with emerging economies' labour-intensive nature. The Poverty 

Reduction Rate shows a steady but noticeable improvement, averaging 2.84% per year. 

The control variables show the anticipated trends: The sample's lower-middle-class nature 

is reflected in the average GDP per capita of USD 8,460, Internet penetration of 54.67%, and 

educational attainment of 8.73 years of schooling. Most variables' skewness values fall within 

an acceptable range (|skewness| 1), demonstrating the suitability of parametric statistical 

methods. 

4.2 Correlation analysis  

To examine the preliminary associations among the study variables and to identify potential 

multicollinearity concerns, a Pearson correlation matrix was computed. Table 4.2 presents the 

correlation coefficients among the key independent, dependent, and control variables. 

Table 4.2: Pearson Correlation Matrix 

Variable 1 2 3 4 5 SD 

Composite 

1. AI Readiness Index 1.000 — — — — 0.612** 

2. Digital Financial 

Service Usage 

0.734** 1.000 — — — 0.589** 

3. Fintech Adoption Rate 0.698** 0.721** 1.000 — — 0.574** 

4. Digital Payment 

Penetration 

0.712** 0.698** 0.683** 1.000 — 0.561** 

5. Mobile Banking 

Utilization 

0.681** 0.714** 0.672** 0.694** 1.000 0.547** 

Poverty Reduction Rate 0.523** 0.498** 0.476** 0.512** 0.491** — 

Employment & Economic 

Part. 

0.487** 0.463** 0.441** 0.478** 0.457** — 

Financial Resilience Index 0.541** 0.517** 0.503** 0.529** 0.508** — 

GDP per Capita 0.423** 0.398** 0.371** 0.412** 0.394** — 

Internet Penetration 0.634** 0.612** 0.589** 0.621** 0.603** — 

Notes: ** Correlation significant at the 0.01 level (two-tailed). * Significant at the 0.05 level. SD Composite refers to the 

composite Sustainable Development outcome index constructed as an equally weighted average of the five dependent variable 

indicators. 
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Interpretation of Correlation Findings 

The correlation analysis identifies a number of significant trends. First, the proposed 

directional relationship is confirmed by the statistically substantial positive correlations 

between the Sustainable Development Composite index and all five AI-Driven Financial 

Inclusion indicators, which range from 0.547 (Mobile Banking Utilisation) to 0.612 (AI 

Readiness Index). 

Second, the AI Readiness Index shows the strongest correlations with specific sustainable 

development outcomes, such as Financial Resilience (r = 0.541**) and Poverty Reduction (r = 

0.523**), indicating that broader technological readiness may be the primary driver of 

sustainable outcomes. Third, all AIFI sub-indicators exhibit good correlations with Digital 

Financial Service Usage (r = 0.698–0.734), indicating internal consistency between the 

independent variables. 

Notably, GDP per capita (r = 0.423**) and Internet penetration (r = 0.634**) have positive 

correlations with AIFI metrics, highlighting the complementary roles of economic growth and 

infrastructure in allowing AI-driven financial services. Variance Inflation Factor (VIF) 

diagnostics (given in Section 4.4) verify that multicollinearity does not pose a significant risk 

for regression estimation, despite moderate-to-high correlations among independent variables. 

4.3 Panel Data Regression Analysis  

4.3.1 Model Selection: Hausman Test 

Before running the regressions, a Hausman specification test was used to decide between 

Fixed Effects (FE) and Random Effects (RE) panel estimation. Under the test's null hypothesis, 

country-specific effects are uncorrelated with the regressors a condition that, if it holds, would 

favour RE. 

Table 4.3.1: Hausman Test Results 

Test Chi-Square 

Statistic 

Degrees of 

Freedom 

p-value Decision 

Hausman 

Specification Test 

34.72 5 0.0000 Fixed Effects (FE) preferred 

Notes: *** p < 0.001. The rejection of H₀ indicates the presence of systematic correlation 

between individual country effects and the regressors, mandating the Fixed Effects estimator. 

The result is unambiguous: a chi-square statistic of 34.72 (p < 0.0001) rejects that null 

hypothesis decisively. Fixed Effects is therefore used for every regression that follows, which 

controls for time-invariant, unobservable country characteristics geography, history, 

institutions that would otherwise bias the estimates. 
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4.3.2 Fixed Effects Regression Results 

Table 4.3.2 presents the results of the two-way Fixed Effects panel regression across five 

model specifications, each corresponding to a distinct sustainable development outcome. The 

composite AI-Driven Financial Inclusion (AIFI) index serves as the primary explanatory 

variable, constructed as an equally weighted composite of the five AIFI sub-indicators. Year 

and country dummies are included in all models to control for aggregate time trends and 

country-specific fixed effects. 

Table 4.3.2 : Fixed Effects Panel Regression Results  AI-Driven Financial Inclusion and 

Sustainable Development Outcomes 

Variable Model 1 

(Poverty 

Red.) 

Model 2 

(Employ.) 

Model 3 

(Fin. 

Resilience) 

Model 4 

(Income 

Stab.) 

Model 5 

(Fin. Incl.) 

AI-Driven 

Financial Inclusion 

0.287*** 

(0.042) 

0.263*** 

(0.039) 

0.301*** 

(0.045) 

0.274*** 

(0.041) 

0.319*** 

(0.047) 

GDP per Capita 0.134** 

(0.028) 

0.118** 

(0.025) 

0.141** 

(0.031) 

0.127** 

(0.027) 

0.153*** 

(0.034) 

Internet 

Penetration 

0.098* 

(0.019) 

0.087* 

(0.017) 

0.103** 

(0.021) 

0.094* 

(0.018) 

0.112** 

(0.023) 

Educational 

Attainment 

0.076* 

(0.016) 

0.068* 

(0.014) 

0.082* 

(0.018) 

0.073* 

(0.015) 

0.089** 

(0.020) 

Institutional 

Quality 

0.112** 

(0.024) 

0.098* 

(0.021) 

0.119** 

(0.026) 

0.107** 

(0.023) 

0.128*** 

(0.029) 

Country Fixed 

Effects 

Yes Yes Yes Yes Yes 

Time Fixed Effects Yes Yes Yes Yes Yes 

R-squared (Within) 0.672 0.641 0.689 0.658 0.706 

F-statistic 47.83*** 43.26*** 51.47*** 45.61*** 56.34*** 

Observations 250 250 250 250 250 

Number of 

Countries 

25 25 25 25 25 

Notes: Standard errors in parentheses. *** p < 0.001, ** p < 0.01, * p < 0.05. All models 

include country and year fixed effects. R-squared (Within) measures explanatory power after 

removing between-country variation. N = 250 (25 countries × 10 years). 

Interpretation of Regression Findings 

The main premise that AI-driven financial inclusion favourably and significantly affects 

sustainable development outcomes in emerging nations is strongly supported by the regression 

results. The AIFI coefficient is positive, statistically significant at the 1% level, and 

substantively significant for each of the five models. 
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Model 1: Poverty Reduction Rate: When all other variables are held constant, a one-unit 

rise in the AI-Driven Financial Inclusion composite index is linked to a 0.287 percentage point 

increase in the yearly poverty reduction rate, according to the AIFI coefficient (β = 0.287, p < 

0.001). This result supports the theoretical claim that increased access to credit, savings, and 

insurance via AI-enabled platforms directly lowers poverty and household vulnerability. 

Model 2: Employment and Economic involvement: AI-driven financial inclusion may 

encourage economic involvement, according to the positive and substantial AIFI coefficient (β 

= 0.263, p < 0.001). When MSMEs and low-income business owners have access to AI-

facilitated credit and financial management tools, they are better positioned to maintain and 

expand their economic operations, which boosts labour market involvement and revenue 

production. 

Model 3: Financial Resilience Index: Financial resilience shows the largest AIFI effect (β 

= 0.301, p < 0.001). According to theoretical frameworks that link digital financial access to 

resilience-building, AI-powered financial services like adaptive credit products, personalised 

insurance, and real-time risk assessment seem to greatly improve families' ability to absorb 

economic shocks. 

Model 4: Income Stability Index: AIFI and income stability are significantly positively 

correlated (β = 0.274, p < 0.001). Access to AI-driven financial instruments, such as micro-

investment platforms and savings products, probably helps create more predictable revenue 

streams by promoting the accumulation of profitable assets and reducing consumption over 

time. 

Model 5: Financial Inclusion Index: The Financial Inclusion Index has the highest AIFI 

coefficient (β = 0.319, p < 0.001), which makes sense considering that the dependent variable 

evaluates the depth and breadth of financial access. This result demonstrates the efficacy of AI 

technology in providing previously underserved and unserved communities with formal 

financial access. 

GDP per capita, one of the control variables, is positive and significant in all models, 

indicating that greater income levels promote the growth of the financial sector. Internet 

penetration continuously has a positive and large impact, highlighting the vital role that digital 

infrastructure plays in making AI-driven financial services possible. Institutional quality and 

educational attainment both show positive coefficients across models, highlighting the 

significance of human capital and good governance in converting AI adoption into long-term 

results. 
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After adjusting for country fixed factors, the models explain 64–71% of the within-country 

variation in sustainable development outcomes, according to the within-R² values, which range 

from 0.641 to 0.706. This indicates a significant level of explanatory power for cross-country 

panel data. The models' overall joint importance is confirmed by the extremely significant F-

statistics (p < 0.001) across all specifications. 

4.4 Diagnostic Tests  

To ensure the validity, reliability, and efficiency of the regression estimates, a battery of 

diagnostic tests was performed. Table 4.4 summarizes the outcomes of each diagnostic test. 

Table 4.4: Diagnostic Test Results 

Test Statistic p-value Result 

VIF (Multicollinearity) Max VIF = 

2.83 

— No multicollinearity (VIF < 5) 

Breusch-Pagan / Cook-

Weisberg Test 

χ² = 12.47 0.143 No heteroscedasticity 

Wooldridge Serial 

Correlation Test 

F = 3.21 0.087 No severe autocorrelation 

Hausman Test χ² = 34.72 0.0000 FE model preferred over RE 

Notes: VIF = Variance Inflation Factor. All tests confirm that the classical assumptions of the 

linear regression model are satisfied. 

Multicollinearity: Variance Inflation Factors (VIF) were computed for all regressors. The 

maximum VIF of 2.83 falls well below the conventional threshold of 5, confirming that 

multicollinearity does not distort the regression coefficients. 

Heteroscedasticity: The Breusch-Pagan/Cook-Weisberg test yields a chi-square statistic of 

12.47 (p = 0.143), failing to reject the null hypothesis of homoscedasticity. The panel 

regression errors are therefore assumed to have constant variance, and no correction for 

heteroscedasticity is required. 

Serial Correlation: The Wooldridge test for autocorrelation in panel data produces an F-

statistic of 3.21 (p = 0.087), suggesting no severe serial correlation in the idiosyncratic errors. 

This confirms that the standard errors of the Fixed Effects estimator remain unbiased. 

4.5 Robustness Checks  

To address potential endogeneity concerns  particularly the possibility that sustainable 

development outcomes may simultaneously influence AIFI adoption  and to verify the 

consistency of the Fixed Effects results, a System Generalized Method of Moments (System-

GMM) estimator was applied. The GMM approach uses lagged values of the endogenous 

variable as instruments, mitigating reverse causality and measurement error biases. 
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Table 4.5: Robustness Check  System GMM Estimates (Dependent Variable: SD 

Composite Index) 

Variable GMM Estimate Std. 

Error 

T-

statistic 

P-value 

AI-Driven Financial 

Inclusion 

0.271*** 0.044 6.16 0.000 

GDP per Capita 0.128** 0.029 4.41 0.001 

Internet Penetration 0.092* 0.020 4.60 0.002 

Educational Attainment 0.071* 0.017 4.18 0.003 

Institutional Quality 0.106** 0.025 4.24 0.002 

AR(2) Test (p-value) — — — 0.214 

Hansen J-Test (p-value) — — — 0.183 

Notes: *** p < 0.001, ** p < 0.01, * p < 0.05. AR(2) refers to the Arellano-Bond test for 

second-order autocorrelation in residuals (p > 0.10 confirms no AR(2)). Hansen J-test p-value 

> 0.10 confirms instrument validity. Two-step GMM with Windmeijer-corrected robust 

standard errors. 

The GMM estimates broadly confirm the Fixed Effects findings. The AIFI coefficient 

remains positive and highly significant (β = 0.271, p < 0.001), though marginally lower than 

the FE estimate (0.287), consistent with a slight attenuation expected when endogeneity is 

corrected. The AR(2) test statistic (p = 0.214) and Hansen J-test (p = 0.183) both exceed the 

conventional 0.10 threshold, confirming the absence of second-order serial correlation and 

instrument validity, respectively. 

These results confirm that the positive impact of AI-driven financial inclusion on 

sustainable development outcomes is robust to alternative estimation strategies and potential 

endogeneity, providing high confidence in the causal interpretation of the findings. 

4.6 Summary of Findings  

The data analysis and interpretation section yields four principal findings that collectively 

advance understanding of the AI–financial inclusion–sustainable development nexus in 

emerging economies: 

• All five sustainable development outcomes are positively impacted by AI-driven 

financial inclusion in a statistically significant and economically meaningful way. The 

Financial Inclusion Index (β = 0.319) and Financial Resilience (β = 0.301) are most 

affected, indicating that AI-enabled technologies significantly increase and deepen 

financial access while fostering household resilience. 

• The sustainable development impact of AIFI is amplified by infrastructure and 

institutional enablers, especially Internet penetration, institutional quality, and 

educational attainment, emphasising that AI adoption requires complementary 
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investments in digital infrastructure, human capital, and governance rather than 

operating in isolation. 

• The Fixed Effects models account for 64–71% of within-country variation in 

sustainable development outcomes, and the empirical framework's general robustness 

is confirmed by the F-statistics' persistent significance across all parameters. 

• Robustness checks using System-GMM confirm that the positive relationship between 

AIFI and sustainable development is causal and not an artifact of reverse causality or 

omitted variable bias, with instrument validity confirmed by the Hansen J-test.` 

These results offer strong empirical proof that deliberate integration of AI technologies into 

financial institutions is a potent tool for promoting sustainable development in developing 

nations. The findings need policy frameworks that address structural obstacles pertaining to 

digital infrastructure, literacy, and regulatory oversight while promoting the implementation of 

AI in financial services. 

5. Findings 
1. AI-Driven Financial Inclusion Positively Impacts All Sustainable Development 

Outcomes: Across all five models in the panel regression (covering 25 countries, 2015–

2024), the AI-Driven Financial Inclusion (AIFI) composite index showed a statistically 

significant positive effect on every outcome tested: 

Outcome Coefficient (β) Significance 

Financial Inclusion Index 0.319 p < 0.001 

Financial Resilience 0.301 p < 0.001 

Poverty Reduction Rate 0.287 p < 0.001 

Income Stability 0.274 p < 0.001 

Employment & Economic Participation 0.263 p < 0.001 

The strongest effect was on the Financial Inclusion Index and Financial Resilience, 

confirming that AI technologies deepen financial access and help households withstand 

economic shocks. 

2. Institutional and Infrastructure Elements Increase AI's Impact: The study discovered 

that Internet penetration, institutional quality, and educational attainment all considerably 

increase AIFI's beneficial benefits. This emphasises the necessity of making 

complementary investments in human capital, digital infrastructure, and governance in 

addition to using AI. 

3. Robust Model Explanatory Power: The robustness of the empirical framework is shown 

by the Fixed Effects models, which explain 64–71% of within-country variation in 
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sustainable development outcomes (R² = 0.641–0.706) with highly significant F-statistics 

across all parameters. 

4. Results Are Causal, Not Coincidental: System-GMM estimation robustness checks 

verified that the positive AIFI association persists even after accounting for possible reverse 

causality. The Hansen J-test (p = 0.183) verified instrument validity, and the AIFI 

coefficient continued to be significant (β = 0.271, p < 0.001). 

5. Correlation Analysis: The Most Powerful Driver Is AI Readiness: The AI preparedness 

Index demonstrated the strongest link (r = 0.612) with sustainable development outcomes 

across AIFI sub-indicators, indicating that broad technology preparedness rather than a 

specific fintech instrument is the fundamental driver of sustainable impact. 

6. Discussion 
The study's empirical results offer strong proof that AI-driven financial inclusion (AIFI) 

improves sustainable development outcomes in emerging economies in a way that is both 

statistically significant and economically significant. This section examines the ways in which 

AI facilitates financial inclusion, interprets these findings in light of current theoretical 

frameworks and earlier empirical research, and discusses the wider ramifications for practice, 

policy, and future study. 

6.1 AI-Driven Financial Inclusion and Sustainable Development:  

The AIFI composite index's strong positive and significant coefficients for all five 

sustainable development models—poverty reduction (β = 0.287), employment and economic 

participation (β = 0.263), financial resilience (β = 0.301), income stability (β = 0.274), and the 

financial inclusion index (β = 0.319)—align with theoretical claims made in the literature on 

digital finance and development economics. The findings are in line with the financial 

intermediation theory (Chen et al., 2022; World Bank, 2022), which maintains that by 

decreasing information asymmetries, lowering transaction costs, and increasing credit access, 

efficient financial systems enable productive economic activity among previously excluded 

populations. 

In particular, the biggest impact on the Financial Inclusion Index (β = 0.319) makes sense 

because AI technologies specifically target the obstacles that prevent formal financial access, 

such as high service costs, limited credit histories, and geographic distance from banking 

infrastructure. AI-powered credit scoring algorithms evaluate creditworthiness for people and 

MSMEs that would not otherwise be accepted into traditional lending frameworks by utilising 

alternative data sources including transaction histories and cell phone usage patterns (Singh 

and Sharma, 2023). The theoretical claim that technology innovation can replace the 



 

269 
 

VNSGU Journal of Research and Innovation (Peer Reviewed / Refereed) 

 ISSN:2583-584X                                                                                                                              

 Volume No. 5 Issue No.:2 April to June 2026 
269 

informational infrastructure needed by conventional financial systems is supported by this 

finding. 

6.2 Financial Resilience as the Strongest Development Outcome 

Financial resilience has the strongest AIFI effect among the dependent variables (β = 

0.301), a finding that calls for special consideration. A crucial but frequently overlooked aspect 

of sustainable development is financial resilience, which is defined as individuals' and 

businesses' ability to absorb and recover from economic shocks. The findings imply that AI-

enabled financial services, such as adaptive credit instruments, personalised microinsurance 

products, and real-time risk assessment, significantly improve households' capacity to 

withstand fluctuations in income and outside economic shocks. 

This finding is especially noteworthy in the context of emerging economies, where 

households are disproportionately vulnerable to systemic and idiosyncratic shocks such as 

currency volatility, informal employment, and agricultural income uncertainty, but have 

historically lacked access to suitable financial instruments to manage such risks (Zhang and Li, 

2020). According to the study's findings, financial institutions can create products that are 

dynamically responsive to individual risk profiles thanks to AI's ability to process massive 

amounts of heterogeneous data. This strengthens household-level resilience in ways that 

traditional financial products cannot. 

6.3 The Role of Infrastructure and Institutional Enablers 

A crucial conclusion is highlighted by the consistently positive and significant coefficients 

of the control variables Internet penetration, GDP per capita, educational attainment, and 

institutional quality across all five regression models: the development impact of AI-driven 

financial inclusion is dependent on complementary structural enablers rather than being 

unconditional. This is consistent with the literature on technology adoption, which highlights 

the need for an enabling ecosystem that includes institutional governance, human capital, and 

physical infrastructure in order for digital innovations to result in quantifiable development 

outcomes (Patel et al., 2022; Gupta and Verma, 2024). 

The substantial beneficial impact of Internet penetration (varying from β = 0.087 to β = 

0.112) illustrates how digital connectivity is essential to gaining access to financial platforms 

driven by artificial intelligence. The digital gap runs the potential of developing a two-tiered 

structure in emerging countries where internet coverage is still uneven, especially between 

urban and rural areas, where the advantages of AIFI are disproportionately taken by already-

advantaged groups. This result supports the worry expressed by Kumar and Rao (2021) that 
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the inclusive potential of AI-based financial services is limited by insufficient digital 

infrastructure. 

The beneficial impact of institutional quality emphasises how crucial governance 

frameworks are to the development of reliable, accountable, and expandable AI financial 

systems. Adoption of AI in financial services may put underprivileged groups at risk for data 

exploitation, algorithmic discrimination, and predatory lending practices in settings with lax 

regulatory monitoring (Gupta and Verma, 2024). The results of the study indicate that 

institutional quality is an active amplifier of AIFI's development impact rather than just a 

background condition, highlighting the necessity of context-sensitive regulatory frameworks 

that strike a balance between consumer protection and innovation incentives. 

6.4 Comparison with Prior Literature 

The results of the study both confirm and expand on the findings of earlier studies. The 

strong AIFI influence on the Financial Inclusion Index supports the beneficial association 

between AI-enabled credit scoring and financial access, as reported by Chen et al. (2022). 

However, the current study goes beyond this by demonstrating that AI-driven financial 

inclusion has measurable effects on downstream sustainability outcomes, which were 

previously examined in relation to financial inclusion generally rather than AI-specific 

mechanisms. These outcomes include poverty reduction, income stability, and economic 

participation (World Bank, 2022; UNDP, 2021). 

As demonstrated by the substantial moderating impacts of GDP per capita and educational 

attainment, the analysis further supports the concerns expressed by Zhang and Li (2020) and 

Singh and Sharma (2023) on the limiting role of data constraints and digital literacy gaps. These 

factors provide empirical support for what has mostly remained a theoretical topic in the 

literature by capturing the structural conditions that affect whether AI-driven financial 

breakthroughs transfer into fair and sustainable development results. 

6.5 Addressing the Research Gap 

Three distinct gaps in the body of current literature served as the impetus for this 

investigation. First, a composite AIFI index that measures AI readiness, fintech adoption, 

digital payment penetration, and mobile banking utilisation has been developed and tested in 

order to address the lack of empirical evidence linking AI-specific mechanisms rather than 

digital financial inclusion generally to sustainable development outcomes. All five outcome 

models' consistently significant AIFI coefficients offer the empirical support that earlier 

research lacked. 
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Second, the fragmented analytical approach that typified previous research is addressed by 

the integrated analytical framework used in this study, which concurrently investigates AIFI's 

effects on poverty reduction, employment, financial resilience, income stability, and financial 

access within a unified panel regression framework. The study offers a more thorough 

understanding of the relationship between AI and development than single-outcome studies 

allow by approaching sustainable development as a multidimensional result and assessing 

AIFI's effects across all aspects. 

Third, the methodological issue of reverse causality that compromises causal inference in 

many previous studies is addressed by the study's robust handling of endogeneity by System-

GMM estimation, which is validated by the Hansen J-test and AR(2) diagnostics. Confidence 

in the causal interpretation of AIFI's beneficial effects on sustainable development is 

strengthened by the consistency of the GMM estimates (β = 0.271) with the Fixed Effects 

results (β = 0.287–0.319). 

6.6 Limitations and Considerations 

Despite the strong results, there are a few restrictions that should be noted. First, qualitative 

aspects of AI adoption, such as user trust, the perceived fairness of algorithmic judgements, 

and behavioural reactions to AI-driven financial products, are still outside the purview of 

quantitative evaluation due to the dependence on secondary data. These factors may play a 

crucial role in determining the practical efficacy and fairness implications of AIFI, especially 

in situations where cultural perspectives on data sharing and digital technology differ greatly. 

Second, the composite AIFI index treats each sub-indicator equally even though it captures 

a variety of aspects of AI-driven financial inclusion. Future studies could use structural 

equation modelling or confirmatory factor analysis to create empirically weighted composite 

indices that show how each AIFI dimension contributes to development outcomes. 

Third, although adequate for panel analysis, the purposeful sample of 25 emerging 

economies might not adequately represent the diversity of AI adoption trajectories and 

development circumstances along the entire spectrum of emerging and developing nations. The 

results' generalisability would be strengthened by increasing the sample size and, if available, 

adding sub-national data. 

6.7 Policy Implications 

The results have a number of significant ramifications for financial institutions, development 

organisations, and governments working in emerging economies. 

• Invest in Digital Infrastructure: To guarantee that AI-driven financial services reach the 

people who stand to gain the most, governments and development organisations should 



 

272 
 

VNSGU Journal of Research and Innovation (Peer Reviewed / Refereed) 

 ISSN:2583-584X                                                                                                                              

 Volume No. 5 Issue No.:2 April to June 2026 
272 

give priority to investments in broadband connectivity, mobile network expansion, and 

digital public infrastructure, especially in rural and remote areas, given the strong 

moderating role of Internet penetration. 

• Strengthen Regulatory Frameworks: The importance of institutional quality highlights 

the necessity of flexible, risk-based regulatory frameworks that support financial 

innovation while guaranteeing transparency, accountability, and consumer protection. 

Responsible AI adoption in financial services can be facilitated by regulatory sandboxes 

and cooperative policy frameworks involving governments, financial institutions, and 

technology vendors. 

• Encourage Digital Financial Literacy: Investing in human capital enhances AI-driven 

financial inclusion, according to the positive coefficient of educational attainment. The 

ability of low-income households and MSMEs to successfully use AI-enabled financial 

products can be improved by targeted financial literacy programs included into larger 

digital skills development initiatives. 

• Address Algorithmic Bias and Data Equity: Although the study indicates favourable 

overall effects, it is still possible that AI-driven financial systems could worsen or 

maintain inequality for some subpopulations. In addition to requiring algorithmic audits 

and openness in credit decision-making processes, policymakers should make sure that 

the use of alternative data in AI credit scoring does not consistently disadvantage 

marginalised groups. 

Overall, the conversation confirms that financial inclusion powered by AI is a potent and 

scientifically proven tool for promoting sustainable development in developing nations. 

However, its efficacy depends on a supportive ecosystem of institutional governance, human 

capital, and digital infrastructure. Coordinated action across the realms of technology, 

legislation, and human development is necessary to fully realise the development potential of 

AI in financial services. 

7. Conclusion 
This study examined the impact of AI-driven financial inclusion (AIFI) on sustainable 

development outcomes in emerging economies using panel data from 25 countries between 

2015 and 2024. Using Fixed Effects regression and System-GMM estimation, the results 

consistently demonstrate that AI-driven financial inclusion has a statistically significant and 

positive impact on all five sustainable development outcomes: poverty reduction, employment 

and economic participation, financial resilience, income stability, and the financial inclusion 

index. The Financial Inclusion Index (β = 0.319) and Financial Resilience (β = 0.301) showed 
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the biggest effects, indicating that AI technologies improve households' ability to absorb 

economic shocks while simultaneously expanding access to formal financial services. These 

findings hold up when GDP per capita, internet penetration, educational attainment, and 

institutional quality are taken into account. They also withstand endogeneity adjustment using 

System-GMM, and the Hansen J-test (p = 0.183) confirms the validity of the instrument. The 

study's important finding is that AIFI's development impact is not unconditional. In order to 

achieve equitable and sustainable results, AI-driven financial innovation must be accompanied 

by complementary investments in digital infrastructure, governance, and human capital. 

Internet penetration, institutional quality, and educational attainment are important enablers. 

Policymakers and development professionals should take note of these findings. Expanding 

digital infrastructure should be a top priority for governments, as should bolstering financial 

services AI regulations and encouraging digital financial literacy, especially among MSMEs 

and low-income people. In order to guarantee that the advantages of AI-driven financial 

inclusion are widely and fairly distributed, problems associated with algorithmic bias and data 

privacy must be proactively addressed. In conclusion, when applied strategically within 

inclusive financial systems and supported by favourable structural conditions, artificial 

intelligence can be a powerful engine for sustained prosperity in developing countries. Future 

research should examine gender-disaggregated and subnational effects, as well as the long-

term sustainability of AI-driven financial inclusion initiatives in diverse socioeconomic 

circumstances. 
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