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Financial exclusion is a persistent hindrance to alleviation of poverty hence placing in 
the periphery of formal credit access over a billion adult persons. The traditional banking 
systems tend to restrain the unbanked due to their low credit scores and the high cost of 
transacting. Artificial Intelligence (AI) and machine learning represent a radical 
paradigm, which taps into alternative data sources as an extension of existing 
information on people (mobile-phone use, history of transactions, digital footprints) and 
uses them to assess creditworthiness with a degree of accuracy never witnessed before. 
This report describes an AI-based platform that can support the financial services of 
micro-enterprises and gig workers in emerging markets. The system alleviates default 
prediction errors and truncates costs of operation through the combination of 
behavioural analytics and federated learning. The key to scaling of these initiatives is 
strategic cooperation with Fintechs, mobile-network operator (MNOs), and governmental 
organizations. Despite substantive risks that are associated with algorithmic bias and 
data privacy, the responsible use of AI-based microfinance will bring about the 
democratisation of access to capital and turbo-charge global inclusive economic 
development. 

AI, Poverty, and the Finance Gap       

The meeting of Artificial Intelligence (AI) and financial 
services is a radical shift in the global process to eliminate 
poverty. Traditionally the so-called finance gap has wors
ened poverty, which is the limitation that locks out low-
income people and micro-entrepreneurial people to access 
capital due to structural constraints within the formal 
banking system. As of 2021, approximately 1.4 billion 
adults worldwide remained unbanked, lacking even basic fi
nancial accounts (World Bank, 2025). However, the rapid 
proliferation of digital technologies has provided a new 
foundation for inclusion. By 2025, account ownership had 
risen to 79%, supported by over 3 billion smartphone users 
globally (World Bank, 2025). 
AI-driven innovations are now bridging this gap by mov

ing beyond traditional collateral-based lending. Machine 
learning algorithms can analyse vast arrays of non-tradi
tional data to generate reliable credit scores for those pre
viously deemed “invisible” to financial institutions 
(Yaramolu, 2025). This evolution allows businesses to ad
vance novel solutions to pressing global challenges by 
transforming digital footprints into financial identity. This 
essay explores how an AI-powered business model can 
leverage these technological advancements to provide eq
uitable credit access, thereby empowering underserved 
populations and stimulating local economies (Chala
malasetty, 2025; Ngwenya, 2024). 

The Global Challenge: Financial Exclusion and       
Poverty  

Financial exclusion is a multi-faceted and ubiquitous 
phenomenon that hampers the ability of the marginalized 
groups to be meaningfully involved into economic develop
ment. The traditional credit-scoring decision criteria is too 
reliant on work histories, bank accounts, and physical prop
erties. In most of the emerging economies most people are 
under the informal sector, and as such, they lack the paper 
traffic that the traditional banks demand (Ngwenya, 2024; 
Ruiz et al., 2019). This lack of quantifiable historical evi
dence has created a vicious circle: with no credit, people are 
unable to invest either in education or in small business, 
and as a result are unable to earn the collateral needed to 
obtain loans in the future (Chalamalasetty, 2025). 
This has been especially serious in the micro, small, and 

medium enterprise (MSME) sector. The financing gap of mi
cro- lending is estimated to take place in India alone, at 
380 billion (Das, 2024). As a parallel, in Sub-Saharan Africa, 
the digital lending is set to expand by 200 percent by 2025, 
although a significant fraction of the population still faces 
significant barriers to entry (Khuntia et al., 2025). Women 
proportionately are hit more by such barriers; they usually 
have no legal property rights and are facing institutional 
biases in the manual loan-approval process (Smith, 2025; 
World Bank, 2025). As an example, in the Pradhan Mantri 
Jan Dhan Yojana (PMJDY) rural beneficiaries (66.6 percent) 
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Table 1. Evaluation of Credit Assessment Methods      

Category Traditional Data Usage (%) Alternative Data Usage 

Traditional Data Methods 80% 20% 

Machine Learning Models 50% 50% 

AI- Driven Analytics 30% 70% 

Source: Adapted from Chalamalasetty, 2025 

in India, emphasize the urgent need to have gender-sensi
tive financial tools (Das, 2024). 
Besides, the spread of the gig economy brings new com

plications. Gig employees usually create non-standardized 
and fragmented sources of income, which makes it appear 
high-risk with traditional lenders who are sensitive to sta
bility and predictability (Hashi, 2025). Without a compre
hensive financial system, these workers continue to face 
predatory lending and facing of financial shocks, thus can
celling their long-term economic social mobility (Mishra et 
al., 2024). 

How AI Changes Financial Inclusion      

Artificial Intelligence fundamentally alters the econom
ics of financial inclusion by automating risk assessment and 
utilizing alternative data. Unlike traditional methods, AI 
can process thousands of indicators from non-traditional 
sources, including mobile phone usage patterns, call fre
quencies, data usage, and mobile money transactions (Ng
wenya, 2024; Ruiz et al., 2019). Research in Africa demon
strated that logistic regression models utilizing Mobile 
Network Operator (MNO) data achieved a 90% prediction 
accuracy for unbanked populations, compared to less than 
80% for traditional methods (Ngwenya, 2024). 
Advanced machine learning models such as Random 

Forests, XGBoost, and LightGBM have further enhanced 
these capabilities. For instance, the LightGBM model has 
achieved up to 89.6% accuracy in credit scoring for micro
finance (Shak et al., 2024). In the gig economy, the Fin
Gig-CreditNet framework “a hybrid deep learning architec
ture” has improved default prediction accuracy by 12.7% 
and fairness metrics by 9.4% (Hashi, 2025). These models 
aggregate platform-specific performance signals, psycho
metric indicators, and digital footprints to create a unified 
and portable credit profile (Hashi, 2025). 
Beyond initial scoring, AI improves ongoing risk man

agement through behavioural analytics. These systems can 
predict repayment issues before they materialize, allowing 
for proactive intervention (Yaramolu, 2025). In China, dig
ital microloan uptake increased by 60% due to AI-driven 
risk management, while internet penetration rose to 70.4% 
by 2021 (Ghosn et al., 2024). AI also reduces operational 
overhead; for example, AI-powered crop insurance has been 
shown to reduce claim processing times by up to 30% (Das, 
2024). By lowering transaction costs and improving accu
racy, AI makes small-value microloans economically viable 
for financial institutions. 

Table 2. Adoption Rates of Alternative Data Sources in        
Credit Analytics   

Data Source Adoption rate (%) 

Mobile Money ~65% 

Utility Payments ~55% 

Digital Footprint ~40% 

Social Data ~35% 

E-commerce History ~25% 

Source: Adapted from Chalamalasetty, 2025 

Proposed Business Model: An AI-Powered      
Financial Inclusion Platform    

The proposed business model focuses on an integrated 
AI-Powered Financial Inclusion Platform that serves as a 
bridge between informal data and formal capital. This plat
form is designed to operate in connectivity-limited regions 
by employing edge computing and federated learning 
(Yaramolu, 2025). Edge computing allows data processing 
to occur locally on mobile devices, ensuring functionality 
in areas with poor internet access, while federated learning 
enables model training across multiple devices without 
transferring raw, sensitive personal data to a central server 
(Yaramolu, 2025). 

Core Components of the Model      

• Multi- Source Information Integration:    The plat
form aggregates and synthesizes data obtained via 
mobile network operators including the call traffic 
and mobile-money transactions, as well as e-com
merce providers, utility service providers, and gig-
economy services (Hashi, 2025; Khuntia et al., 2025; 
Ngwenya, 2024). 

• Explainable AI (XAI) Frameworks:    To ensure trans
parency and meet regulatory requirements, the plat
form will use XAI methods, which will in turn allow 
borrowers to understand the reason behind a credit 
decision and what they can do to improve their cred
itworthiness (Chalamalasetty, 2025; Yaramolu, 2025). 

• FinGig-CreditNet Architecture:  One specifically 
tailored to gig-economy workers, the platform will 
use deep-learning models to build portable credit 
scores, which can be moved between different plat
forms, like between ride-sharing and freelance deliv
ery, capitalising on the digital reputation of a worker 
to get a better loan deal (Hashi, 2025). 
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Table 3. Performance of FinGig- CreditNet vs. Baseline       
Credit Scoring Models    

Metric 
Improvement over 

Baseline 

Default Prediction 
Accuracy 

+12.7% 

Fairness Metrics +9.4% 

Source: Adapted from Hashi, 2025 

Operational Strategy   

The business operates on a B2B2C (Business-to-Busi
ness-to-Consumer) model. It provides the AI infrastructure 
to local microfinance institutions (MFIs) and community 
banks, enabling them to offer digital microloans with lower 
interest rates due to reduced default risk and operational 
costs (Ghosn et al., 2024; Shak et al., 2024). In addition 
to lending, the platform acts as an “intelligent investment 
advisor,” using big data to provide personalized financial 
guidance and “nudges” to help users build savings and im
prove financial literacy. 
This model addresses the gender gap by incorporating 

fairness-aware algorithms that explicitly detect and miti
gate gender bias in credit allocation (Smith, 2025). By pri
oritizing “contextually calibrated” analytics, the platform 
ensures that lending criteria reflect the unique economic 
realities of local agricultural and retail communities (Cha
lamalasetty, 2025). 

International Partnerships and Scalability     

The scalability of AI-driven financial inclusion depends 
on robust cross-sector partnerships. A triple-helix collab
oration model involving fintech startups, MNOs, and gov
ernment agencies is vital. MNOs provide the essential data 
pipeline and mobile money infrastructure, which is the 
lifeblood of alternative credit scoring (Ngwenya, 2024; 
World Bank, 2025). In regions like Sub-Saharan Africa and 
South Asia, digital lending growth has been directly cor
related with the expansion of mobile money ecosystems 
(Khuntia et al., 2025). 
Fintechs contribute the specialized AI expertise needed 

to build adaptive and robust credit models (Hashi, 2025). 
Meanwhile, governments and international organizations 
like the World Bank and IMF play a crucial role in creating 
favourable regulatory frameworks. In China, for instance, 
government-led strategies during the COVID-19 pandemic 
accelerated digital banking registrations by 15% (Ghosn et 
al., 2024). Similarly, India’s UPI (Unified Payments Inter
face) has facilitated over 15 billion monthly transactions, 
providing a massive transactional dataset for AI models to 
analyse (Das, 2024). 
International partnerships also facilitate the transfer of 

technology and best practices. As an example, the proven 
effectiveness of the Banco Postal in Brazil that has trig
gered the establishment of thirty-seven more financial in
stitutions every municipality can be used as evidence of 
how the existing postal networks can be used to provide 

banking services in a scale that can potentially be repli
cated globally (World Bank, 2025). In order to gain a gen
uine global remit, digital financial platforms have to por
tray interoperability, thus permitting the acknowledgment 
of heterogeneous credit profile across different systems and 
stimulating a rivulet-like cohesive digital financial platform 
(Hashi, 2025; Khuntia et al., 2025). 

Risks, Ethics, and Responsible AI      

Although AI has a significant potential, it also has signif
icant ethical and business issues. The problem of algorith
mic bias is still one of the top priorities; the AI systems that 
are trained on historical inequalities may reinforce the dis
crimination among the women and ethnic minorities un
willingly. Available literature (Smith, 2025), suggests that 
the only way to address such bias is by adding hetero
geneous training datasets and systematic fairness audits, 
which are the recommendations in modern responsible AI 
practices. 
The confidentiality and security with data are also crit

ical. The immense mining of personal data which consists 
of social footprints and mobile usage pattern needs to have 
strict governance mechanisms in place in order to maintain 
privacy. The conformity to laws, laws like the General Data 
Protection Regulation (GDPR) is unavoidable to ensure 
consumer trust (Khuntia et al., 2025; Shak et al., 2024). 
Also, the black-box, opaque nature of more complex models 
of AI makes it harder to hold designers and operators ac
countable; unless the model can be interpreted, those who 
use it cannot dispute unfair decisions, and regulators have 
few options in terms of monitoring and enforcing them. 
The other risk which is salient is that of over-indebt

edness. Unless digital microloans are controlled carefully, 
their easy availability will encourage predatory lending be
haviour, which will ultimately lead to financial turmoil 
among the disadvantaged groups (Mishra et al., 2024). The 
financial institutions should thus strike a balance between 
profitability and their social responsibility and must not 
create a mission drift of the needy in their quest to increase 
inclusion (Ghosn et al., 2024; Mishra et al., 2024). Last but 
not least, the so-called digital divide continues to nega
tively affect equal service delivery; with the range of ser
vices going online, people who have no or very limited ac
cess to the internet, or are not digital natives, are left out 
and thus there is a risk of further diversification of the in
come gap in urban and rural regions (Ghosn et al., 2024). 

Conclusion: AI, Business Innovation, and Poverty       
Reduction  

The use of artificial intelligence to drive innovative busi
ness is a realistic strategy to curb the world problem of 
financial exclusion. Firms can provide the unbanked with 
the necessary financial services by transforming alternative 
information into useable credit information thereby sup
porting entrepreneurship and resiliency through emerging 
markets. According to the results of modern studies, AI al
gorithms can demonstrate accuracy that is over 90 per cent 
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Table 4. Impact of Credit Analytics in Underserved Markets        

Market Context Analytics Approach Documented Impact 

Rural Agricultural Communities Seasonal Income Pattern Analysis Reduced Gender Gap in Credit Access 

Southeast Asian 
Microenterprises 

Psychometric Scoring Models 
Comparable Repayment Rates to Traditional 

Loans 

Latin American Retail Sector E-commerce Transaction History Increased Small Business Formation Rates 

Eastern European Rural Regions 
Community-Based Reputation 

Data 
Enhanced Household Economic Resilience 

Sub-Saharan Africa Mobile Users Mobile Money Transaction Analysis Increased Agricultural Productivity 

Source: Adapted from Chalamalasetty, 2025 

Table 5. Ethical Issues Using AI in Credit Scoring        

Category Perceived Impact Score (0-100) Current Mitigation Level Score (0-100) 

Algorithmic Bias ~82 ~62 

Data Privacy ~78 ~58 

Transparency ~72 ~45 

Regulatory Compliance ~68 ~55 

Source: Adapted from Chalamalasetty, 2025 

in credit scoring, which is significantly higher than tradi
tional methods (Ngwenya, 2024). 
However, the transition to AI-based inclusion should be 

ruled by strong moral standards and supported by the 
strategic collaborations on the international level. The fo
cus on transparency, equity, and consumerism can never 
be undone without the essence of ensuring that technology 
is used as a tool of empowerment as opposed to an in
strument of exclusion. By deploying in a more responsible 
way, AI-enhanced platforms have the promise to bridge the 

$380 billion credit suggestibility to micro-entrepreneurs 
and provide the foundation to a more inclusive global econ
omy (Das, 2024). Finally, AI combined with financial inno
vation goes beyond a business opportunity, and this is a key 
driver to help reduce poverty and promote social equity at a 
global level. 
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