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Abstract - Artificial Intelligence (Al)-driven Financial Technology (FinTech) systems have emerged as transformative tools for
enhancing financial inclusion and strengthening risk management in financial institutions. In developing economies such as
Nepal, Microfinance Institutions (MFIs) play a critical role in poverty alleviation and access to finance but continue to face
challenges related to credit risk, fraud, operational inefficiencies, and limited outreach to underserved populations. This
systematic review synthesizes existing empirical and theoretical literature on Al-enabled credit scoring, fraud detection,
explainable AL and regulatory governance frameworks in financial services, with a specific focus on applicability to microfinance
contexts. Following PRISMA-based screening and thematic synthesis, 42 peer-reviewed and institutional studies were analyzed.
Findings indicate that machine learning models significantly outperform traditional statistical approaches in credit risk
prediction and fraud detection, while explainable AI techniques such as SHAP and LIME enhance transparency and regulatory
trust. However, substantial gaps remain regarding ethical governance, bias mitigation, and deployment in low-resource
microfinance environments. The paper proposes a Nepal-specific conceptual framework aligned with Nepal Rastra Bank (NRB)

policies and highlights research directions for responsible AI-driven FinTech adoption in microfinance sectors.
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INTRODUCTION

Financial inclusion is widely recognized as a fundamental
driver of sustainable economic development and poverty
reduction. Access to affordable credit, savings instruments, and
payment services enables low-income households and small
enterprises to smooth consumption, invest in productivity-
enhancing activities, and manage financial shocks [10], [20],
[21]. In developing economies, Microfinance Institutions
(MFIs) have been central to extending formal financial services
to underserved populations, particularly in rural and informal
sectors. However, MFIs continue to face structural constraints,
including high credit risk, limited borrower informatio n,
operational inefficiencies, and vulnerability to fraud [22], [23].

The rapid growth of Financial Technology (FinTech) has
created new opportunities to address these challenges by
digitizing financial services and embedding advanced analytics
into decision-making processes. Artificial Intelligence (Al),
especially machine learning (ML) and deep learning (DL), has
become a core enabler of FinTech innovations such as
automated credit scoring, fraud detection, robo-advisory
services, and personalized financial products [10], [11], [33].

Empirical evidence increasingly suggests that Al-driven
models outperform traditional statistical techniques in
predicting borrower behavior and detecting anomalous
transactions, particularly in environments characterized by data
heterogeneity and nonlinearity [11], [22], [33].

In Nepal, MFIs have expanded rapidly over the last decade,
contributing significantly to rural financial inclusion. However,
conventional rule-based credit assessment mechanisms and
manual operational workflows continue to limit outreach and
portfolio quality. Moreover, Nepalese MFIs operate in data-
constrained environments where borrowers often lack formal
credit histories, thereby exacerbating information asymmetries
and default risk [21], [23]. The emergence of Al-driven FinTech
offers the potential to overcome these limitations by leveraging
alternative data sources such as mobile transactions, digital
footprints, and behavioral indicators [10], [24].

Recognizing these opportunities and risks, Nepal Rastra Bank
(NRB) has recently introduced Artificial Intelligence
Guidelines and strengthened digital reporting frameworks such
as Suspicious Transaction Reporting (STR/SAR), encouraging
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responsible Al deployment while ensuring financial stability,
consumer protection, and regulatory accountability [3], [4].

However, systematic academic synthesis on Al-driven FinTech
in microfinance — particularly in the Nepalese regulatory and
institutional context — remains limited.
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This study addresses this gap by conducting a systematic
review of Al-driven FinTech applications for financial
inclusion and risk management, with specific emphasis on
microfinance institutions and emerging economy settings. The
objectives of this paper are to:

e synthesize empirical evidence on Al-based credit scoring,
fraud detection, and financial inclusion,

analyze explainable Al and governance frameworks for
regulated financial systems,

identify research gaps and deployment challenges in
microfinance contexts, and

propose a regulatory-aligned conceptual framework
tailored to Nepal’s financial ecosystem.

II. BACKGROUND AND MOTIVATION

Microfinance and Financial Inclusion:

Microfinance institutions were established to address the
exclusion of low-income and informal-sector populations from
traditional banking services. Extensive empirical research
demonstrates that access to microcredit improves household
welfare, entrepreneurial activity, and resilience to economic
shocks [21]. However, MFIs face structural trade-offs between
outreach and sustainability due to limited borrower
information, high transaction costs, and elevated default risks
[22], [23].

Traditional credit scoring models employed by MFIs often rely
on demographic and financial ratios that inadequately capture
borrower heterogeneity, particularly in informal economies
[22]. These constraints result in misallocation of credit, adverse
selection, and increased non-performing loans, undermining
institutional stability and long-term inclusion objectives [23].

Al-Driven FinTech Transformation:

Artificial Intelligence has fundamentally altered financial
service delivery by enabling predictive analytics, real-time risk
detection, and automated decision-making. Machine learning
models such as Random Forest, Gradient Boosting Machines,
and deep neural networks consistently outperform linear and
logistic regression models in credit risk classification tasks by
capturing nonlinear patterns and complex feature interactions
[11],[22], [33].

Similarly, Al-driven fraud detection systems employing
anomaly detection, autoencoders, and ensemble learning
approaches demonstrate superior performance in identifying
rare and evolving fraudulent behaviors compared to rule-based
systems [12], [13], [40]. These systems operate in near real-
time, thereby enhancing institutional resilience and customer
trust.

In the context of financial inclusion, Al-based alternative data
models leverage digital transaction records, mobile phone
usage, psychometric variables, and behavioral indicators to
evaluate creditworthiness among individuals lacking formal
financial histories [10], [20], [24]. These innovations have been
shown to reduce exclusion errors, expand outreach, and
improve loan repayment performance [24], [33].

Regulatory and Governance Challenges:

Despite these advantages, Al adoption in financial services
raises critical concerns regarding transparency, fairness,
accountability, and systemic risk. Black-box models undermine
regulatory oversight and customer trust, particularly when
credit decisions affect livelihoods and economic participation
[8], [34]. Consequently, financial regulators worldwide
increasingly mandate explainability, bias auditing, human
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oversight, and governance documentation for Al systems
deployed in high-stakes financial environments [34], [35].

Nepal Rastra Bank’s Al Guidelines emphasize transparency,
explainability, accountability, and risk governance for all
licensed financial institutions, including MFIs [3]. In parallel,
updated STR/SAR frameworks require Al-assisted transaction
monitoring to strengthen anti-money laundering and counter-
terrorism financing compliance [4]. These regulatory
developments underscore the need for systematic research on
explainable and responsible Al deployment in Nepal’s
microfinance sector.
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III. RESEARCH METHODOLOGY:

This study adopts a systematic literature review (SLR)
methodology following established PRISMA guidelines to
ensure transparency, reproducibility, and analytical rigor.

Research Questions:

The review is guided by the following research questions:

e  What Al-driven techniques are most effective for credit
risk prediction and fraud detection in financial services and
microfinance contexts?

e How do Al-driven FinTech systems contribute to financial
inclusion among underserved populations?

e What explainable Al and governance frameworks are
proposed for regulated financial environments?

e  What challenges and research gaps remain in deploying
Al-driven FinTech in microfinance institutions,
particularly in emerging economies such as Nepal?

Search Strategy and Data Sources:

Peer-reviewed journal articles, conference proceedings,
institutional working papers, and regulatory guidelines were
retrieved from IEEE Xplore, Elsevier ScienceDirect,
SpringerLink, ACM Digital Library, IMF, OECD, and central
bank repositories. Search strings combined keywords such as:
“Artificial Intelligence” AND “FinTech” AND “Microfinance”
“Machine Learning” AND “Credit Scoring” AND “Financial
Inclusion”

“Fraud Detection”
“Explainable AI”
“Al Governance” AND “Financial Regulation”

AND “Financial Services” AND

Table I Summary of Literature Search Table.

Source Database Initial After Final
Records | Screening | Included
IEEE Xplore 41 19 11
Elsevier (SD) 38 16 9
SpringerLink 31 13 7
ACM DL 26 11 5
:3'\::k{3 OECD / Central 50 14 o
Total 186 73 42

Inclusion and Exclusion Criteria:

Inclusion criteria:
Peer-reviewed or authoritative institutional sources.

e Focus on AI/ML in financial services, risk management, or
financial inclusion.

e Published between 2010-2025.

e Empirical, methodological, or policy-relevant studies.

Exclusion criteria:

e Non-financial Al studies.

e  Opinion-based articles without analytical contribution.

e  Non-English publications.

e Studies unrelated to microfinance, inclusion, or financial
risk.

Study Selection and Screening:
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An initial corpus of 186 articles was identified. After removing
duplicates and applying title and abstract screening, 73 studies
remained. Full-text assessment based on relevance and
methodological rigor resulted in a final dataset of 42 studies,
corresponding to the reference list provided.

Data Extraction and Synthesis:

Key information extracted included-

Al techniques and model architectures.
Application domains (credit scoring,
segmentation).

Performance metrics and outcomes.
Explainability and governance mechanisms.
Regulatory implications and ethical considerations.

fraud detection,

Thematic synthesis and comparative analysis were used to
identify dominant trends, methodological advances, empirical
findings, and research gaps.

Al in Financial Services and FinTech:

Artificial Intelligence has reshaped financial services by
enabling predictive analytics, automation, and data-driven
decision support systems. Deep learning and ensemble learning
models demonstrate superior performance in classification and
forecasting tasks by modeling nonlinearities and feature
interactions that traditional econometric methods fail to capture
[117,[33].

Heaton et al. [11] provide one of the earliest empirical
demonstrations of deep learning for credit scoring, showing
significant improvements over logistic regression in default
prediction accuracy. Similarly, Huang et al. [33] conduct a
systematic review of deep learning architectures for credit risk
analysis, concluding that neural networks outperform
conventional scorecards in high-dimensional and non-
stationary data environments. Noriega et al. [23] further
confirm through meta-analysis that ensemble methods such as
Random Forest and Gradient Boosting consistently achieve
higher AUC and F1-scores across diverse financial datasets.

Hybrid Al systems combining statistical learning with deep
architectures have also demonstrated enhanced robustness and
generalizability in financial decision support environments
[37], [39]. These systems integrate feature extraction,
predictive modeling, and post-hoc interpretability, thereby
addressing both performance and governance requirements.

In operational contexts, Al-driven automation reduces manual
processing time, enhances consistency in decision-making, and
lowers operational costs, enabling financial institutions to scale
services sustainably [18], [39]. These efficiency gains are

particularly relevant for MFIs operating in low-margin, high-
volume environments.

Al and Financial Inclusion:

Financial inclusion remains a central objective of FinTech
innovation.  Traditional financial institutions exclude
significant segments of the population due to lack of formal
credit histories, income documentation, or collateral. AI-driven
alternative data models have demonstrated strong potential to
overcome these constraints by incorporating digital footprints,
transaction histories, mobile usage patterns, and behavioral
indicators into credit assessment processes [10], [20], [24].

Bazarbash [10] documents that machine learning-based
alternative credit scoring models significantly improve
inclusion by expanding access to formal finance among
unbanked  populations while maintaining  portfolio
performance. Frost and Prasad [20] similarly emphasize that
FinTech-driven data analytics reduce information asymmetries
and enable more accurate risk pricing for underserved
segments.

Recent methodological advances such as contrastive learning
and domain adaptation further enhance the generalizability of
Al credit models across heterogeneous borrower populations
[6], [15]. Hu et al. [6] demonstrate that such approaches reduce
bias and improve performance in low-resource and cross-
domain lending environments. Sha et al. [7] extend these
insights to fraud detection, showing that heterogeneous graph
neural networks outperform traditional classifiers in identifying
complex transaction anomalies.

Agarwal et al. [24] highlight that Al-driven credit scoring
improves access for informal-sector borrowers while reducing
default rates and operational costs. These findings collectively
indicate that Al-enabled FinTech can reconcile the traditional
trade-off between outreach and sustainability in microfinance
systems.

Table II Distribution of AI Models Across Financial

Applications.
Al Techniaue Credit Fraud Financial | Total
g Risk | Detection | Inclusion | Studies
Loglstlc_ 1 6 o s
Regression
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Random 19 12 11 23
Forest

XGBoost /

GBM 17 10 9 21
Neural

Networks / 15 11 8 18
DL

Autoencoders | 4 9 2 11
Graph Neural

Networks 2 6 3 11
Hybrid

Models 6 5 4 10

Explainable Al for Financial Risk Management:

Despite performance gains, Al-driven financial decision-
making raises critical concerns regarding transparency,
accountability, and regulatory compliance. Black-box models
undermine explainability and hinder trust among regulators,
institutions, and consumers — particularly in credit allocation
contexts where decisions have direct socioeconomic
consequences [8], [34].

Explainable Artificial Intelligence (XAI) frameworks such as
SHAP (Shapley Additive Explanations) and LIME (Local
Interpretable Model-Agnostic Explanations) have emerged as
leading tools for interpreting complex ML models by
attributing feature contributions to individual predictions [8],
[34]. Misheva et al. [8] demonstrate that SHAP-based
explanations improve regulatory auditability and stakeholder
trust in credit risk systems without sacrificing predictive
performance.

Brown and Smith [34] argue that explainability is no longer
optional in financial Al but a foundational requirement for
compliance, accountability, and governance. Lee [35] further
emphasizes the importance of fairness-aware learning and bias
mitigation mechanisms in ensuring equitable access to finance
across demographic groups.

Recent research also explores adversarial robustness and model
resilience in financial Al systems, highlighting vulnerabilities
to data manipulation and distribution shifts [41]. Baviskar [41]

demonstrates that governance-aware robustness testing
frameworks improve system reliability and regulatory
compliance.

Collectively, these studies underscore that explainability,
fairness auditing, and robustness testing are integral to the

responsible deployment of Al-driven FinTech systems in
regulated financial environments.

Table I1I: Explainability Techniques in Financial Al Systems.

XAl Method Purpose Application Area
SHAP Feature Importance & Credit risk, fraud
local explanations
LIME Local model interpretation Loan approval

systems

Counterfactuals  |Actionable explanations |Credit decisions

Rule Surrogates  |Model approximation Regulatory audits

Partial Dependence |Global behavior analysis |Risk modeling

Al in Microfinance and Digital Innovation:

Microfinance institutions operate in data-scarce, high-risk
environments characterized by informal employment, limited
documentation, and geographic dispersion. Al-driven digital
innovation offers promising solutions by enabling automated
underwriting, behavioral analytics, and scalable customer
engagement [17], [18].

Rehman et al. [18] demonstrate that Al-based credit scoring
models outperform traditional rule-based systems in predicting
microloan defaults, reducing portfolio risk while expanding
outreach to new borrower segments. Mujtaba and Tehseen [17]
further highlight that Al-enabled operational automation
significantly improves processing efficiency and customer
service responsiveness in microfinance banking contexts.

Rao et al. [39] propose Al-augmented risk analytics
frameworks specifically tailored to MFIs, integrating
transaction-level analytics, borrower behavior modeling, and
explainability mechanisms to enhance portfolio quality and
institutional resilience. These frameworks align with findings
by Khandani et al. [22] and Noriega et al. [23], who show that
ML-driven risk analytics outperform demographic-based
scoring in heterogeneous borrower populations.

However, empirical evidence on large-scale deployment of Al
in MFIs remains limited, particularly in low-income economies
where digital infrastructure constraints, data governance
challenges, and regulatory uncertainties persist. This highlights
the need for context-specific research frameworks, particularly
for Nepal’s microfinance ecosystem.

VIII. Regulatory Frameworks and Al Governance in Financial
Systems:

worldwide increasingly emphasize
focusing on transparency,

Financial regulators
responsible Al governance,
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explainability, accountability, fairness, data protection, and
board-level oversight [34], [35]. These principles aim to
mitigate systemic risks, prevent discrimination, and ensure
consumer protection in automated financial decision-making
environments.

Nepal Rastra Bank’s Artificial Intelligence Guidelines
explicitly mandate that licensed financial institutions embed Al
governance within enterprise risk management frameworks,
ensure human oversight over automated decisions, document
model assumptions and limitations, and implement fairness and
bias mitigation protocols [3]. These guidelines align with
international best practices in financial Al governance
articulated by IMF, OECD, and major central banks [20], [21].

Similarly, NRB’s updated STR/SAR framework mandates Al-
assisted transaction monitoring and real-time risk classification
to enhance anti-money laundering and counter-terrorism
financing compliance [4]. Zhao et al. [42] demonstrate that
federated learning approaches enable privacy-preserving fraud
detection across distributed financial institutions, offering
promising regulatory-compliant solutions for data-sharing
constraints.

Lee [35] and Brown and Smith [34] emphasize that effective Al
governance requires integration of technical controls
(explainability, fairness metrics, robustness testing) with
institutional oversight mechanisms (board accountability, audit
trails, regulatory reporting). These frameworks provide a
normative foundation for responsible Al-driven FinTech
adoption in Nepalese MFIs.

Table IV: Regulatory Al Governance Requirements in
Financial Services

Governance International Nepal Rastra Bank
Dimension Standards Alignment
Transparency  |Model explainability mitﬁ;%gtion
Fairness Bias testing i(laquned for lending
Board-level

Accountability |Human oversight

responsibility

Privacy Data minimization [STR/SAR compliance

Model validation

Robustness
protocols

Stress testing

Synthesis of Findings:

Based on thematic synthesis of the reviewed literature, five
dominant insights emerge:

Superior Predictive Performance: Al-driven credit scoring
and fraud detection models consistently outperform
traditional statistical methods across diverse financial
contexts [11], [22], [23], [33], [40].

Enhanced Financial Inclusion: Alternative data-driven Al
models expand access to finance among unbanked and
informal-sector populations without compromising
portfolio performance [10], [20], [24], [6].

Necessity of Explainability: Explainable Al frameworks
such as SHAP and LIME are essential for regulatory
compliance, institutional trust, and ethical accountability
in financial decision systems [8], [34], [35].

Governance as a Critical Enabler: Effective Al deployment
in financial services requires integrated governance
frameworks combining technical safeguards with
regulatory oversight and board accountability [3], [34],
[35], [41].

Contextual Deployment Gaps: Despite methodological
advances, limited empirical research exists on large-scale
Al adoption in microfinance institutions in emerging
economies, particularly regarding regulatory integration,
ethical governance, and operational sustainability [17],
[18], [39].

Table V: Reported Performance Gains of Al Models Over
Traditional Methods
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L Traditional
Application Al Models
Models (Avg Improvement
Area AUC) (Avg AUC)
Credit Scoring |0.68 — 0.74 0.78 - 0.89 [+12% — 18%
Fraud 070-076  [0.82-0.93 [+15% — 20%
Detection
Moderate High
Customer - -
. clustering cluster Significanat
Segmentation .
accuracy purity

Table VI: Al Application Areas in Reviewed Studies.

Application Area gizlzg?é\:age of
Credit Risk Scoring 38%
Fraud Detection 29%
Financial Inclusion 21%
Customer Segmentation 12%

(Pie chart or bar graph)

Figure 2. Al Application Areas in Reviewed Studes
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Research Gaps and Future Directions:
This review identifies several critical research gaps:

e  Microfinance-Specific Empirical Evidence: Most Al-
FinTech studies focus on commercial banking and
consumer finance contexts, with limited large-scale
evaluations in MFIs operating in low-income and rural
environments [17], [18].

e Fairness and Bias Mitigation in Inclusion-Oriented Al:
While fairness-aware learning is widely discussed [35],

empirical validation of bias mitigation strategies in
alternative data-driven microfinance models remains
sparse.

e Explainability—Performance Trade-offs: Few studies
systematically examine trade-offs between predictive
accuracy and interpretability in regulated microfinance
environments.

e Regulatory Integration Frameworks: There is limited

operational guidance on how Al governance requirements
articulated by central banks can be translated into
deployable institutional architectures for MFIs.
Data Privacy and Federated Learning in Microfinance:
While federated learning offers promising privacy-
preserving solutions [42], its applicability in data-scarce
microfinance ecosystems remains underexplored.

Future research should prioritize longitudinal field

experiments, regulatory sandbox pilots, and cross-institutional

datasets to evaluate real-world deployment outcomes of Al-
driven FinTech systems in microfinance sectors, particularly in
emerging economies such as Nepal.

Table VII: Key Challenges in Al Adoption by Microfinance

Institutions.

Challenge Description Impact on MFlIs
Data Scarcity  |Limited digital records |Lower model accuracy
Bias Risk Alter_na'_uve_data Inclusion failure

discrimination
Regulatory Explainability
Compliance requirements Slower deployment
Infrastructure  |Limited IT capacity CHc;gther implementation
Trust Customer skepticism |Low adoption

Conceptual Framework for AI-Driven FinTech in Nepalese
Microfinance:

Based on synthesis of the reviewed literature and Nepal Rastra
Bank’s regulatory guidelines [3], a conceptual framework for
responsible Al-driven FinTech deployment in Nepalese MFIs
is proposed:

Input Layer:
Borrower demographics, transactional
payment records, behavioral indicators.

histories, mobile

Al Analytics Layer:
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Credit scoring: Random Forest, XGBoost, Neural Networks
[11], [22], [33]

* Fraud detection: Autoencoders, Isolation Forests, Graph
Neural Networks [12], [40], [7]

Customer segmentation: Clustering and recommender systems
[37], [39]

Explainability Layer:

* SHAP, LIME, counterfactual explanations [8], [34]
Governance Layer:

Bias auditing, fairness metrics, robustness testing [35], [41]
Human-in-the-loop oversight, audit trails,documentation [3],
[34].

Regulatory Alignment Layer:

e NRB AI Guidelines compliance [3]
e STR/SAR reporting integration [4]
e Regulatory sandbox testing [3]

Outcome Layer:

e Enhanced credit access

e Reduced default and fraud rates

e Improved operational efficiency

e Regulatory compliance and consumer trust

This framework operationalizes global best practices in Al
governance while remaining contextually aligned with Nepal’s

regulatory and institutional realities.

Table VIII: Governance Controls and Expected Outcomes.

Governance . Institutional
Control Operational Effect Outcome
SHAP/LIME gra.”s.pare”t Regulatory trust
ecisions
Bias Auditing Fair lending Inclus[on
compliance

:—(;Lér;an—m—the- Risk oversight Reduced litigation
Robl_Jstness Model stability Portfolio resilience
Testing

IV. CONCLUSION

This systematic review demonstrates that Al-driven FinTech
systems offer transformative potential for enhancing financial
inclusion and strengthening risk management in microfinance
institutions. Machine learning-based credit scoring and fraud
detection models consistently outperform traditional statistical
approaches, while alternative data-driven analytics expand
access to finance among underserved populations. Explainable

Al frameworks such as SHAP and LIME play a critical role in
ensuring transparency, regulatory compliance, and ethical
accountability in high-stakes financial decision-making
environments.

However, significant research and implementation gaps
remain, particularly in deploying Al-driven FinTech in
microfinance contexts within emerging economies. Challenges
related to governance integration, fairness auditing, data
privacy, regulatory alignment, and institutional readiness
continue to constrain large-scale adoption. Nepal Rastra Bank’s
evolving Al governance frameworks and regulatory sandbox
initiatives provide a conducive policy environment for
advancing responsible Al experimentation in microfinance.

This study contributes by synthesizing existing evidence,
identifying research gaps, and proposing a regulatory-aligned
conceptual framework tailored to Nepal’s microfinance
ecosystem. Future research should focus on empirical field
deployments, longitudinal impact assessments, and cross-
institutional regulatory pilots to ensure that Al-driven FinTech
systems deliver inclusive, ethical, and sustainable financial
outcomes.
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