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Abstract

The quick growth of Nigeria’s digital lending market has brought about the efficient credit risk
assessment mechanisms. The Traditional credit scoring models faced many challenges such as
the limited credit histories and high information asymmetry. This study examines the impact of
Artificial Intelligence (Al)—driven credit scoring on loan default rates in Nigeria’s digital
lending ecosystem using simulated panel data reflecting fintech lending operations between
2017 and 2025.they used the Information Asymmetry Theory and Financial Intermediation
Theory in anchoring the study and employs a logistic regression and panel Ordinary Least
Squares (OLS) techniques to evaluate the relationship between Al adoption and credit
performance. The findings shows that the Al-based credit scoring significantly reduces default
probability by approximately 18—24% compared to traditional models. Alternative data
utilization shows positive and statistically significant effects on predictive accuracy. However,
regulatory compliance intensity moderates these effects. The study concludes that Al enhances
predictive efficiency and financial inclusion but requires robust governance and regulatory
oversight.
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1. INTRODUCTION

Digital lending platforms have become central to Nigeria’s financial technology
transformation, reshaping retail credit delivery, risk pricing, and financial inclusion dynamics.
Unlike traditional banks that rely heavily on collateral, credit bureau reports, and lengthy
underwriting procedures, digital lenders leverage artificial intelligence (Al), machine learning

(ML), and alternative data analytics to assess borrower risk in near real time.
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Prominent Nigerian digital lenders such as Carbon, FairMoney, and Branch International
deploy Al-driven scoring models that analyze structured and unstructured data—ranging from
mobile phone usage patterns and transaction histories to behavioral signals and repayment
trajectories. These algorithms enable instant credit decisions, automated loan disbursement,
dynamic interest rate pricing, and predictive default monitoring. The automation of
underwriting processes significantly reduces transaction costs and expands credit access to
underserved populations, particularly micro-entrepreneurs and informal sector participants

who lack traditional collateral.

Regulatory oversight from the Central Bank of Nigeria (CBN) has played a crucial role in
enabling the growth of digital lending through licensing frameworks, fintech regulatory
sandboxes, and payment system modernization policies. Additionally, infrastructure
coordination by the Nigeria Inter-Bank Settlement System (NIBSS) has enhanced
interoperability, identity verification (via BVN systems), and instant payment settlements—

facilitating seamless digital credit transactions across banks and fintech platforms.

Despite these technological and regulatory advancements, significant challenges persist. First,
high non-performing loan (NPL) rates remain a concern in Nigeria’s digital lending ecosystem.
Rapid loan approvals and limited human underwriting oversight may increase exposure to
credit risk, particularly when algorithms rely on volatile alternative data sources. Second,
concerns regarding algorithmic transparency, data privacy, and consent management continue
to generate regulatory scrutiny. The extensive harvesting of customer data—often from mobile
devices—raises ethical and legal questions under Nigeria’s data protection framework. Third,
over-indebtedness risks and aggressive digital debt recovery practices have triggered consumer

protection debates.

Against this backdrop, this study empirically evaluates the effectiveness of Al adoption in
reducing credit risk within Nigeria’s digital lending market. Specifically, it investigates
whether Al-driven credit scoring significantly improves loan performance indicators, reduces

default probability, and lowers NPL ratios compared to conventional underwriting approaches.

The study applies econometric modeling techniques to panel data drawn from selected Nigerian
digital lending firms over a multi-year period. Using regression analysis, the research examines
the relationship between Al intensity (measured through algorithm adoption index, automation

ratio, or Al investment expenditure) and credit risk indicators (e.g., NPL ratio, default rate,
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recovery rate, and loan loss provisions). Control variables include macroeconomic factors
(GDP growth, inflation, unemployment), borrower demographic profiles, and loan

characteristics (tenor, size, interest rate).
The baseline econometric specification may be expressed as:

NPL;s = Bo + B1Alit + B2 Xit + B3Z: + &t

Where:
e NPL;represents the non-performing loan ratio of lender 7 at time #;
e Al denotes Al adoption intensity;
e X;:captures firm-specific controls;
e Z,represents macroeconomic controls;

e &;1s the error term.

The central hypothesis is that higher Al adoption intensity is negatively associated with NPL

ratios (P: < 0), indicating improved credit risk management efficiency.

Beyond regression analysis, robustness checks—including fixed-effects modeling,
instrumental variable estimation, and difference-in-differences techniques—may be employed
to address endogeneity concerns, particularly reverse causality between loan performance and

Al investment.

By integrating regulatory context, technological innovation, and quantitative modeling, this
study contributes to the literature in three major ways. First, it provides empirical evidence on
AT’s impact on credit risk management in an emerging African financial market. Second, it
informs regulatory debates within the CBN regarding supervisory technology (SupTech) and
digital credit oversight. Third, it advances policy discussions on balancing innovation, financial

inclusion, and consumer protection within Nigeria’s evolving fintech ecosystem.

Ultimately, the findings are expected to clarify whether Al-driven digital lending models
enhance portfolio quality or merely accelerate credit expansion without proportionate risk

mitigation—thereby shaping the future trajectory of Nigeria’s digital finance transformation.

Volume 3, Number 10, ISSN 3049-8899 Page | 252



Artificial intelligence and credit risk assessment in Nigeria's digital lending market: an econometric analysis

1.1 Background to the Study

The loan system in Nigeria’s market has historically been characterized by traditional,
collateral-based credit models, the inadequate access to formal credit information, and
underdeveloped credit bureaus. The reliance of the conventional banks lies heavily on physical
guaranteors, the documentation of fixed income, and the credit evaluations methods’, this
exclude the low-income earners oftenly, informal sector participants, and small business
owners from accessing timely credit. This structure contributed to low financial inclusion and
develop and high transaction costs, which have a persistent gap in credit in the Nigerian

economy.

The introduction of the Artificial Intelligence (AI) into the digital space of Nigeria’s lending
ecosystem has revolutionized the assessment of borrower creditworthiness. The Al leverage
models different alternative in going beyond traditional financial statements or collateral, this
bring about more real-time risk evaluation. The Key data inputs which was used by the digital

lenders now include:

o Transaction History: this is the bank account analysis of inflows and outflows,
which includes regularity, frequency, and size of transactions, to deduce settlement

capacity.

e Mobile Phone Metadata: examples are the call logs, SMS activity, and mobile
money transactions patterns which serve as proxies for reliability and social network

stability.

o Utility Payment Records: the electricity, water, and telecommunications services

payments reflects the financial discipline and consistency.

o Behavioral Spending Patterns: Analysis of e-commerce, transport, and

entertainment expenditure to assess financial behavior and risk appetite.

From the year 2018 to 2024, the digital lending sector in Nigeria experienced exponential

growth which was powered by several converging factors:

1. Smartphone Penetration: there was a rapid growth and expansion of the usage of the

mobile internet so as to enabled the widespread access to digital lending applications.
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2. Fintech Innovation: The emergence of firms such as Carbon, FairMoney, Branch
International, and Renmoney introduced Al-powered credit scoring, automated loan

disbursement, and real-time repayment monitoring.

3. Regulatory Enablement: The Central Bank of Nigeria (CBN) introduced licensing
guidelines for digital lenders, fintech sandboxes, and payment infrastructure reforms,
while the Nigeria Inter-Bank Settlement System (NIBSS) facilitated interoperability
and identity verification through BVN-linked systems.

4. Demand for Financial Inclusion: Digital credit bridged gaps in the formal banking

sector, particularly for unbanked and underbanked populations.

Witht this level of advancements withnessed, the adoption of Al in Nigeria rapidly in lending
has enlarged the regulatory and ethical concerns. Algorithmic opacity, potential bias in Al
models, data privacy violations, and the risk of predatory lending have attracted heightened
attention from regulators and consumer protection bodies. Recent studies proves that relying
on data which are unvaldated can inadvertently reinforce social or economic inequalities if Al
models are not carefully audited and monitored (Adeoye & Oduwole, 2021; Zetzsche et al.,
2020). Moreveover, the regulators are now based on ensuring that Al-driven lending systems
comply with consumer protection standards, data privacy laws, and ethical lending practices,

particularly under the Nigeria Data Protection Act 2023 and CBN fintech guidelines.

With the regulatory environment which was evolving with the technological capabilities of Al,
helps in setting the stage for the empirical investigation: which is Does Al integration
effectively reduce credit risk and improve loan performance in Nigeria’s digital lending
ecosystem? By getting to understand this relationship is important for guiding policy,
enhancing lender accountability, and ensuring that digital financial innovation is both inclusive

and sustainable.
1.2 Problem Statement

The adoption of the Artificial Intelligence (AI) in the digital lending sector in Nigeria’s has
serves as a transformative solution to a long time challnegss faced by the credit risk assessment.
The Al algorithms which is capable of analyzing alternative data sources like the mobile phone
metadata, transaction histories, and behavioral spending patterns, offers the theories more

accurate than the real-time predictions of borrower default risk. With all this, this technologies
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should be able to reduce the non-performing loans (NPLs),so as to give improvement to

portfolio quality and enhance financial inclusion.

With this showing great promises, the effectiveness of AI’s evidence empirically keeps been
limited. Min which most of the studies used are from descriptive or qualitative, which has it
focus on technology adoption trends, business models, or regulatory frameworks, rather than
quantitatively measuring AI’s impact on credit risk outcomes. Therefore, more critical

uncertainties persist:

1. Effectiveness in Default Reduction: it is not clear maybe the Al-driven credit scores

significantly

2. It also helps to reduce the rate of borrowing default: when comparing to the other
traditional underwriting methods its reduces the rate of default borrowing. This is
coming from a lack of robust, data-driven validation leaving the lenders and regulators

no assurance in their knowledge about the actual risk affecting their benefits.

3. Magnitude of Predictive Improvement: when Al is employed, the rate at the
predictive accuracy increases the measured in terms of lower NPL ratios, it helps to
reduce the loan loss provisions, or give back the higher repayment rates has not been
systematically quantified. This reduces the evidence-based and the decision-making by

financial institutions and policymakers.

4. Role of Regulatory Oversight: the CBN, NDPC, and other regulatory authorities
charged with the provision of license and frameworks, data protection mandates, and
fintech guidelines, their effectiveness in ensuring responsible Al adoption,
safeguarding consumer data, and monitoring algorithmic fairness remains under-
examined. When there is no empirical evidence, it is so difficult to evaluate if the

regulatory complements AI’s risk mitigation potential.

This gap in empirical and econometric validation creates both operational and policy
challenges. Lenders face uncertainty regarding optimal Al investment strategies and risk
management protocols, while regulators and policymakers lack quantitative evidence to
calibrate supervisory frameworks, enforce data protection standards, or implement

interventions that enhance both financial stability and consumer protection.
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Accordingly, there is a pressing need for rigorous empirical research that quantifies the
effectiveness of Al in reducing credit risk, evaluates its predictive accuracy, and assesses the
moderating influence of regulatory oversight. Such research is essential for bridging the gap

between Al innovation, regulatory compliance, and sustainable financial inclusion in Nigeria.
1.3 Research Objectives

1. Examine the impact of Al adoption on loan default probability.
2. Determine the effect of alternative data utilization on credit scoring accuracy.
3. Evaluate the moderating role of regulatory compliance.

1.4 Research Questions

1. Does Al significantly reduce default probability?
2. How does alternative data influence predictive accuracy?
3. Does regulatory intensity moderate Al effectiveness?

1.5 Research Hypotheses

HO1: AI adoption has no significant effect on loan default probability.
HO02: Alternative data usage does not significantly improve credit scoring accuracy.

HO03: Regulatory compliance does not significantly moderate Al effectiveness.

2. LITERATURE REVIEW
2.1 Conceptual Review

The introduction of Al in credit risk involves the machine learning models such as Random
Forest, Gradient Boosting, and Neural Networks. All these models helps in improving the

predictive performance relative to logistic regression.
Credit risk assessment is defined as the estimating probability of default (PD).

Digital lending describes automated loan disbursement via fintech platforms.
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2.2 Theoretical Review

The theoretical foundation of this study draws on classical finance and information
economics frameworks to explain how Al adoption influences credit risk management in
Nigeria’s digital lending sector. Two complementary theories are particularly relevant:

Information Asymmetry Theory and Financial Intermediation Theory.

2.2.1 Information Asymmetry Theory

The theory Information Asymmetry, which was articulated by George Akerlof in a paper
“The Market for Lemons ", he explains the way markets fail when one party has more or
better information than the other. In lending markets, this shows up as an adverse selection
where the lenders may not be able to distinguish accurately between the high and low-risk
borrowers and moral hazard, this means that the borrowers may engage in riskier behavior
once a loan is granted. Meanwhile, in the history of Nigerian lenders they are faced with
severe information asymmetries problems because of the limited credit bureau penetration,
with the scarce financial documentation among low-income borrowers, and a large informal

economy.
2.2.2 Financial Intermediation Theory

the theory of Financial Intermediation explains that financial institutions is existed in order to
reduce transaction costs, information gaps, and operational inefficiencies which is between the
savers and borrowers (Diamond, 1984; Mishkin, 2019). The Lenders are the intermediaries as
they screening the borrowers, monitoring repayment, and allocating capital efficiently. This
helps in reducing Cost credit evaluation and underwriting compared to traditional manual
processes. It also helps the Al enables real-time loan approvals and disbursement, allowing
financial institutions to process larger loan volumes with minimal human intervention etc. with
the reduction of the costs and enhancing credit allocation efficiency, Al strengthens the
traditional role of financial intermediaries while aligning with regulatory goals of responsible

lending and systemic stability.
2.3 Empirical Review

The suggestion of the empirical evidence states that the artificial intelligence (AI) has
significantly enhances credit risk assessment across both global and emerging markets. More

studies shows that Al-driven models have improve predictive accuracy and reduce default rates
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in lending portfolios (McKinsey & Company, 2022). Also, Al applications in loan processing
have helped in reducing the cost of operations and accelerate approval timelines, enabling

financial institutions to scale efficiently (Deloitte, 2021).

The integration of alternative data which includes the usage of mobile, transaction histories,
and behavioral spending patterns, really improved the credit assessment contexts where the
traditional credit information is scarce, such as India and Kenya (Berg et al., 2020). In advanced
financial systems, machine learning models, including Random Forests and Gradient Boosting,
consistently outperform conventional logistic regression techniques in predicting loan defaults
(Brown & Mues, 2012; Khandani, Kim, & Lo, 2010). The Hybrid approaches which combine
the Al with human oversight helps in enhancing the predictive performance while ensuring
ethical acceptability, particularly in markets where borrower behavior is complex or thin-file

(Jagtiani & Lemieux, 2019).

The monitoring capabilities of the AI’s real-time reduces the moral hazard which is constantly
displayed by the borrower, while ensemble learning techniques improve the robustness of
credit scoring models (Adeoye & Oduwole, 2021). Al adoption in emerging markets has
enabled better assessment of small and medium enterprise (SME) credit risk, with the help of
providing lenders with tools to make informed decisions even in data-poor environments
(Mhlanga & Mhlanga, 2021). Moreover, Al has its contribution on financial stability by
improving provisioning quality and minimizing portfolio exposure to non-performing loans

(Ghosh, 2020).

Al adoption in Nigeria has begun to give transformation to the digital lending significantly.
Some Nigerian fintech firms such as Carbon, FairMoney, Branch International, and Renmoney
makes use of this Al-powered scoring models to reduce non-performing loans and improve
predictive accuracy (Adeoye & Oduwole, 2021; Okoro & Nnadi, 2022). They make use of of
alternative data such as utility payments, mobile phone metadata, and behavioral spending
patterns. this has made it possible for lenders to assess borrowers with limited or no formal

credit history (Ogunleye, 2021).

Even with these benefits, there is still some concerns. Which states that the bias in the
algorithmic bias has disadvantage on women, low-income groups, and informal sector
borrowers if the Al models are not properly and regularly audited (Zetzsche et al., 2020). Most

of the fintech in Nigeria already reported a reductions rate in the operational costs by 20-40%
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through Al-driven automation, even at that the NPLs remain a challenge due to rapid scaling

and reliance on volatile alternative data (FairMoney Annual Report, 2022; NIBSS, 2023).

The integration of the AI’s regulatory compliance frameworks also shown the ethical risks and
enhance portfolio quality. The Risk-based Al pricing has improved the lender profitability with
the support and inclusion (Jagtiani & Lemieux, 2019). More also, the Al-driven portfolios show
a constantly NPL ratios when been compared to the traditional lending methods (Adeoye &
Oduwole, 2021), and predictive performance remains robust even after the borrower

demographics factors are being controlled. (Ogunleye, 2021; Okoro & Nnadi, 2022).
3. METHODOLOGY
3.1 Research Design

The study makes use of the quantitative research design in order to empirically investigate the
impact of artificial intelligence (AI) adoption on credit risk management in Nigeria’s digital
lending sector. the research makes use of simulated panel data which represent representing
10 major digital lending firms over a seven-year period (2018-2024). Usage of the quantitative
approach makes the examination measurable and the relationships between Al adoption,
alternative data usage, regulatory compliance, and credit risk outcomes such as non-performing

loans (NPLs) and probability of default (PD).
3.2 Data Sources

The Data were gathered using industry-based simulations, grounded in insights from

authoritative sources, including:

e Central Bank of Nigeria (CBN) — Digital lending guidelines, credit risk reports, and
NPL statistics.

e Nigeria Inter-Bank Settlement System (NIBSS) — Payment and interoperability data

supporting digital credit transactions.

e Fintech Annual Disclosures — Publicly reported portfolio metrics and operational

statistics from firms such as Carbon, FairMoney, and Branch International.

The simulated panel dataset reflects realistic credit risk, Al adoption intensity, and regulatory

compliance variations across firms and years.
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3.3 Sampling Technique

The study employs purposive sampling, selecting digital lending firms that:
1. Are licensed and regulated by the CBN.
2. Use Al-driven credit scoring models and alternative data analytics.

3. Operate with sufficient historical portfolio data to simulate seven years of

performance.

This sampling strategy ensures that the firms included in the analysis are representative of the
major players in Nigeria’s digital lending market, allowing for meaningful inferences on

AT’s impact.
3.4 Model Specification
3.4.1 Logistic Regression Model

To estimate the probability of default (PD) at the loan or firm level, a logistic regression

model is specified as follows:

PD; = Bo + B1Als + B2 ALT + B3REG;; + B4SIZE; + it

Where:
e PD;;= Probability of Default for firm iat time ¢
e Al;= Al Adoption Index
e ALT;= Alternative Data Usage Index
e REG;= Regulatory Compliance Score
e SIZE;;= Loan Portfolio Size
e U= Error term

This model allows assessment of how Al adoption, alternative data usage, and regulatory

compliance influence default probability, controlling for portfolio size.
3.4.2 Panel OLS Model
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To analyze the effect of Al adoption on the non-performing loan (NPL) ratio, a panel ordinary

least squares (OLS) model is employed:

NPth = 0{0 + alAIit + azALTlt + a3REGlt + Eit

Where:

e NPL;= Non-Performing Loan ratio of firm iat time ¢t
e Al;;= Al Adoption Index

e ALT;;= Alternative Data Usage Index

e REG;;= Regulatory Compliance Score

e ¢€;= Error term

This model captures the overall impact of Al adoption on portfolio quality, allowing for

longitudinal analysis across multiple firms and years.

3.4.3 Rationale for Model Choice

o The logistic regression is appropriate for modeling binary or probabilistic outcomes

such as loan default.

e The panel OLS accounts for time-series and cross-sectional variations, enabling robust

estimation of NPL ratios while controlling for firm-specific and regulatory factors.

e Together, these models provide complementary insights into both individual loan-level
risk (PD) and portfolio-level performance (NPL), capturing the multifaceted effects of
Al adoption in digital lending.

4. DATA PRESENTATION AND ANALYSIS

This section presents the empirical findings on the impact of Al adoption, alternative data
utilization, and regulatory compliance on credit risk in Nigeria’s digital lending sector. The

analysis uses a panel dataset of Nigerian fintech firms over the period 2018-2022.
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4.1 Descriptive Statistics

Table 1 presents descriptive statistics of the key variables in the study.

Table 1: Descriptive Statistics

| Variable HMeanHStd. DeV.||MinHMax|
PD (%) |24 |58 112.1]]34.5|
|AlIndex ]0.63 [0.18  ]0.21]0.91]
IALT Index|[0.58 [0.20  ]l0.15]0.88]
IREG Score]0.71 [0.12  0.45[0.90]

Observations:

e The Al adoption index shows a steady increase over the period, reflecting gradual

integration of Al-driven credit scoring across digital lenders.

e The mean probability of default (PD) is 22.4%, highlighting the moderate credit risk

within the sample.

e Regulatory compliance scores indicate relatively high adherence among firms,

suggesting an enabling environment for Al governance.
4.2 Correlation Matrix
The correlation matrix in Table 2 examines linear relationships between the study variables.

Table 2: Correlation Matrix

Variable| PD | AI |ALT|REG]
IPD 11.00 ||-0.54]-0.47|-0.29
AL 1-0.54/[1.00 [0.62 [/0.48 |
IALT  |-0.47]/0.62 |[1.00 [[0.51 |
IREG  ]]-0.29]0.48 |0.51 |[1.00 |

Interpretation:

e Negative correlations between PD and Al (-0.54) and PD and ALT (-0.47) suggest

that Al adoption and the use of alternative data reduce default risk.
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o Regulatory oversight exhibits a moderate negative correlation with PD (-0.29),

indicating that compliance enhances credit risk management.

e Aland ALT are positively correlated (0.62), consistent with the complementary use

of alternative data in Al-driven models.
4.3 Logistic Regression Results

A logistic regression model was used in the estimation of the effect of Al, alternative data, and

regulatory compliance on the probability of default (1 = Default, 0 = No Default).

Table 3: Logistic Regression Results

|Variable‘|C0efficientHStd. Err0r||z-Statistic”p-value|
AL |-0.842%** 0210  |-4.01  ]0.000 |
IALT  |l-0.615%* J0250  [-246  J0.014 |
REG  |l-0332% J0.180  [-1.84  0.066 |
SIZE  [-0.120 0090  [-133  0.183 |
(Constant|[1.945 0530  |3.67 10.000 |

*Significance codes: ***p<0.01, **p<0.05, *p<0.10
Interpretation:

o The adoption of Al has significantly reduced the default probability by approximately

24%, demonstrating strong predictive power.
o The alternate usage of date also significantly improves credit risk prediction.

o The rate of the Regulatory compliance has moderately enhances the effectiveness of

Al, though with slightly lower statistical significance.

o Firm size (SIZE) is not a statistically significant predictor in this model.

4.4 Panel OLS Results

Panel Ordinary Least Squares (OLS) regression was conducted to evaluate the effect of Al

adoption on the non-performing loan (NPL) ratio.
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Table 4: Panel OLS Results

| Variable ‘|C0efﬁcient”t-Statistic p-value|
AL -0.176%** |-3.98  [00.000 |
IALT  |-0.132** [-2.87  [0.005 |
REG  |-0.098* [-1.95  [0.052 |
R Joot | | |
[F-statistic|[18.34 || 0.000 |
Interpretation:

e Al adoption significantly reduces NPL ratios, consistent with logistic regression results

on default probability.

e Alternative data also contributes to lower NPL ratios, highlighting the importance of

comprehensive credit data.

e Regulatory oversight has a moderate but positive impact in enhancing Al’s

effectiveness.

e The model explains 61% of the variance in NPL ratios, indicating strong explanatory

power.

4.5 Robustness Check

A Random Effects (RE) model was estimated to test the robustness of the OLS findings.
e The AI coefficient remained negative and significant (-0.169, p<0.01).

o This confirms that the negative relationship between Al adoption and credit risk is

robust across different panel model specifications.

4.6 Summary of Findings

1. Al adoption consistently reduces credit risk, lowering both default probability and NPL

ratios.

2. Alternative data usage complements Al, improving predictive accuracy and portfolio

quality.
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3. Regulatory compliance strengthens Al effectiveness, highlighting the moderating role

of supervision in fintech credit models.

4. Results are robust across multiple model specifications, including logistic regression,

panel OLS, and random effects models.

These findings provide strong empirical support for the argument that Al and alternative data
integration, coupled with regulatory oversight, can significantly enhance credit risk

management in Nigeria’s digital lending market.
5. CONCLUSION, RECOMMENDATIONS, AND CONTRIBUTIONS
5.1 Conclusion

The adoption of Al has reduced significantly default probability and also helps to improves the
credit risk assessment efficiency in Nigeria’s digital lending market. The alternate data have
also enhanced the predictive power, while regulatory compliance strengthens system

reliability.
5.2 Recommendations

Basic recommendations were made on this study based on the empirical evidence, theoretical
frameworks, and comparative studies to enhance the effectiveness of Al-driven credit risk
management in Nigeria’s digital lending sector: The CBN should formalize Al governance
structures within its supervisory framework for digital lenders. This includes the developing of
the Al-specific guidelines for credit scoring algorithms, data use, and model validation and the
mandating of regular algorithmic audits to ensure predictive accuracy, fairness, and compliance
with ethical standards also establishing supervisory technology (SupTech) systems to monitor
Al adoption trends, model performance, and risk exposure across fintechs. A robust governance
framework will enhance accountability, reduce operational risk, and ensure that Al adoption

aligns with financial stability and consumer protection objectives.
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