


AI-Powered Credit Scoring Models for Inclusive Finance: Evaluating the Role of AI in Bridging Nigeria’s Credit Gap
[bookmark: _GoBack]

Abstract
In spite of advancements in financial technology across many developing economies, a large segment of Nigeria’s population, particularly low-income earners and informal sector participants, remains excluded from formal credit systems. However, the evolution of Artificial Intelligence (AI) presents new opportunities to bridge these gaps through data-driven credit assessment and inclusive financial innovation. This study, therefore, examines the role of AI in expanding credit access and promoting financial inclusion in Nigeria. The study adopted descriptive and inferential research design, using primary data collected through structured questionnaires based on Likert scale. Descriptive statistics, correlation, and multiple regression analyses were employed to evaluate the relationships among the variables. The results revealed that the use of alternative data (β = 0.312, p < 0.05), trust and transparency (β = 0.284, p < 0.05), and awareness and usability (β = 0.261, p < 0.05) have positive and significant effects on financial inclusion, while perceived risks (β = -0.194, p < 0.05) exert a negative influence. The study concludes that AI-driven credit systems serve as transformative mechanisms for inclusive finance effectively reducing information asymmetry and improving access for unbanked individuals in Nigeria. The study recommends the implementation of ethical AI governance frameworks, capacity-building initiatives in digital literacy, and regulatory policies that promote equitable and responsible AI deployment to achieve sustainable financial inclusion. 
Keywords: Artificial Intelligence, Financial Inclusion, Alternative Data, Unbanked Population, Nigeria.

1. Introduction
Financial inclusion is widely recognized as a cornerstone of economic empowerment, poverty reduction, and inclusive development. Yet, a significant proportion of the global population, particularly in developing countries, remains excluded from formal financial systems due to structural, informational, and infrastructural barriers (Modiba, et al., 2024, Demirguc-Kunt, et al., 2022). According to the World Bank (2024), over 1.4 billion adults worldwide remain unbanked, with Africa accounting for a substantial share. This persistent exclusion highlights the inadequacy of traditional banking models and underscores the urgent need for innovative, technology-driven solutions that can extend formal credit to underserved populations (Patibandla et al., 2025; Mahwish et al., 2024). Traditional credit assessment systems often rely on formal financial histories, collateral, and documentation, criteria that automatically exclude millions of individuals and microenterprises operating in the informal economy that lack extensive banking records such as rural and low-income populations (Barddal et al., 2020). This has necessitated a shift toward adaptive, inclusive, and behaviour-based models powered by Artificial Intelligence (AI) to promote the accuracy of credit scoring, and allows lenders to extend credit to under-served populations, including gig workers, small businesses, and individuals in developing economies (John et al. 2025; Esan et al., 2022).
AI has emerged as a transformative force in financial innovation, capable of reshaping credit access and bridging the financial inclusion gap, and opening up new economic opportunities for those previously left out of the financial system (Baraja- Martinez, 2024; Ayodeji et al., 2024). Through machine learning algorithms and predictive analytics, AI systems can analyze vast, diverse datasets (Agboola, 2025; Ahmad, 2024), including non-traditional information such as utility bill payments, airtime purchases, mobile money transactions, e-commerce activity, and social media behaviour, to construct alternative credit scores for individuals without formal banking histories (Abdulmumin, 2025). This technological shift enables financial institutions to evaluate creditworthiness with greater precision, and reduce information asymmetry between lenders and borrowers (Ampountolas, 2025; Berg, 2023). 
Consequently, AI-driven credit scoring models not only enhance decision accuracy but also lower operational costs and expedite loan processing so as to promote broader participation in the formal financial ecosystem (Mendhe, 2024). As such, credit scoring and underwriting models are evolving from static, rules-based approaches to dynamic frameworks powered by machine learning algorithms that continuously learn from vast and varied datasets (Wang & Ku, 2023; Adekunle, 2021). These models incorporate both traditional financial metrics and alternative data such as transaction histories, digital footprints and behavioural patterns which may include but not limited to perception of trust and transparency, awareness and usability, perceived risks, to generate more accurate, inclusive, and adaptive credit assessments (Berg, 2023). Additionally, AI-driven chatbots and automated financial advisory systems are enabling personalized banking experiences, offering financial literacy resources and customized financial solutions (McKinsey Global Institute, 2021).
In developing economies like Nigeria, where traditional financial infrastructure remains concentrated in urban centers (Nwankwo & Okeke, 2021), AI offers an unparalleled opportunity to democratize financial access. FinTech and digital lenders such as Carbon, Branch, FairMoney, PalmCredit, and Renmoney, are increasingly deploying AI tools to serve customers in remote or data-scarce environments (Goyal, et al., 2025). By leveraging digital footprints, these institutions can reach populations previously deemed “unbankable,” such as smallholder farmers, petty traders, and informal workers (Barja-Martinez, 2024; Kamyab, 2023). This paradigm shift supports the central goal of financial inclusion and ensures that all individuals and businesses, regardless of income or geography, have access to affordable and appropriate financial services that enhance welfare and productivity (Rivera, et al., 2025; Raffaelli, et al., 2025). 
However, the rapid adoption of AI-driven credit systems also introduces new ethical, regulatory, and operational challenges (Ologun et al., 2025). The deployment of AI in credit scoring raises significant concerns regarding data privacy and security (Adhikari, et al., 2024). The reliance on large-scale data collection and analysis increases the risk of data breaches, unauthorized access, and misuse of sensitive financial information (Breeden, 2024; Kabeyi, 2024; Tyagi, 2023). Furthermore, algorithmic bias remains a critical issue, as flawed AI models can reinforce discrimination in lending decisions if not properly monitored and regulated, denying credit to certain demographic groups or regions (Philppon, 2024; Barocas, 2023). Issues such as regulatory compliance, data privacy, cybersecurity, and ethical use of consumer data remain at the forefront of concerns (Babatunde, 2025; Ahamad, 2024). In addition, limited digital literacy, infrastructural gaps, and regulatory uncertainty continue to constrain the scalability of AI-based financial inclusion initiatives in Nigeria. These concerns underscore the need for transparent, explainable, and ethically governed AI systems (Mokogwu et al., 2024; Okeke et al., 2024).
Despite decades of financial sector reforms and digital transformation initiatives, financial exclusion remains a major socioeconomic challenge in Nigeria. A large share of the population, particularly those in rural areas and informal sectors, continues to lack access to formal credit services due to infrastructure gaps and low literacy (Eke & Osuji, 2021). According to the Central Bank of Nigeria (CBN, 2024), over 36% of adults remain unbanked, while many microenterprises still rely on informal lending sources, such as rotating savings groups, and family networks, that offer limited capital and often charge exorbitant interest rates (Balogun et al., 2024). The persistence of this exclusion could possibly explain the inadequacy of conventional credit scoring systems, which depend heavily on collateral, employment records, and formal financial histories, criteria unavailable to most low-income and self-employed individuals. As such, millions remain outside the reach of formal finance, limiting their capacity to invest, grow businesses, or cope with economic shocks (Thaddeus et al., 2025; Barddal et al., 2020).
Past related studies such as Tambari (2024), Rakib et al. (2024), and Anusha et al. (2025), are concentrated in developed economies or emerging FinTech hubs like the United States, India, and Morocco, where digital infrastructure and financial literacy are relatively advanced. In contrast, there remains a paucity of empirical evidence from Sub-Saharan Africa, particularly Nigeria, where structural barriers such as weak digital infrastructure, low financial literacy, and regulatory inertia limit AI adoption. Although some Nigerian-focused studies (e.g., Tolulope et al., 2024; Mary, 2025) have examined AI applications in payment systems and theoretical aspects of AI-based credit scoring, they fall short of providing quantitative or model-based evaluations of how AI influences financial inclusion, especially credit access among the unbanked.
This study enriches the theoretical discourse by integrating the Financial Inclusion Theory, Diffusion of Innovation Theory, and Information Asymmetry Theory to explain how AI-driven credit systems can transform credit accessibility for unbanked and underbanked populations. While previous studies such as Breeden (2024), Barocas (2023), Tyagi (2023) have largely viewed AI as a technological innovation for operational efficiency, this study reconceptualizes AI as a catalyst for inclusive financial inclusion. It extends the Financial Inclusion Theory by demonstrating that AI, through alternative data and intelligent decision-making, can bridge the gap between financial institutions and excluded populations who lack traditional credit histories. Moreover, it advances the Information Asymmetry Theory by illustrating how AI minimizes information gaps between lenders and borrowers through predictive analytics and alternative data processing, thereby enhancing credit risk evaluation and reducing moral hazard. 
Similarly, it contributes to the literature by bridging the gap between technological innovation and financial inclusion. It provides a foundational reference for future studies examining the intersection of AI and financial inclusion in developing countries like Nigeria. This study also aligns with the United Nations Sustainable Development Goals (SDGs), particularly Goal 1 (No Poverty), Goal 8 (Decent Work and Economic Growth), and Goal 9 (Industry, Innovation, and Infrastructure). Therefore, this study demonstrates how emerging technologies such as AI can drive financial inclusion, equitable economic participation and sustainable development.
2. Literature Review
Financial inclusion (FI) in this study is conceptualized as the extent of access to formal credit and financial services facilitated by AI-driven mechanisms. It reflects not only the ability of individuals to obtain credit but also the fairness, affordability, and sustainability of such access (Mary, 2025; Balogun et al., 2024). Financial inclusion is multidimensional, it comprises access, usage, quality, and welfare outcomes. In AI-based contexts, inclusion implies that underserved groups can leverage digital tools to secure credit under transparent and equitable terms. AI enhances inclusion by enabling real-time assessments, lowering entry barriers, and diversifying data sources. However, inclusion remains incomplete if technological or ethical barriers persist (Wilhelmina et al., 2024; Balogun et al., 2024). Thus, the dependent variable (FI) serves as an integrative measure of how AI, mediated by trust, awareness, and risk perceptions, translates into meaningful credit accessibility for unbanked Nigerians.
Artificial Intelligence (AI) refers to computational systems capable of learning, reasoning, and decision-making based on data-driven models (Barja-Martinez, 2024; McKinsey, 2023). In the financial sector, AI applications such as machine learning, predictive analytics, and natural language processing are revolutionizing lending, payment systems, and fraud detection. The central premise of AI in inclusive finance is its ability to bridge information gaps that have historically constrained lending to informal-sector actors (Alqahtani & Kumar, 2024). AI credit scoring models analyze both structured and unstructured data to estimate a borrower’s creditworthiness with greater accuracy, enabling financial institutions to extend credit to populations without formal financial histories (Ampountolas, 2025; Mendhe, 2024; Mhlanga, 2024).
AI’s capacity for adaptive learning ensures that models continually refine predictions based on new data, improving decision accuracy and reducing default risks. Moreover, AI enables cost-efficient and real-time lending, thereby lowering transaction costs and broadening outreach to underserved communities (Kamyab, 2023). Empirical studies (e.g., Hope et al., 2024; Tolamise, 2024) affirm that AI-driven credit systems enhance lending efficiency while fostering financial inclusion. However, AI’s benefits are contingent upon ethical governance and the responsible management of data privacy, bias, and algorithmic transparency (Barocas, 2023).
Alternative data comprises non-traditional information sources such as utility payments, social media activity, e-commerce behaviour, mobile phone usage and psychometric indicators, used to assess borrowers’ creditworthiness (Philppon, 2024; Berg, 2023). In contexts like Nigeria, where over 60% of adults operate in the informal economy, traditional credit bureaus fail to capture sufficient data for risk assessment. AI-driven models that leverage alternative data overcome this limitation by generating credit profiles for individuals without formal banking records (Nerella, 2025; Durojaiye et al., 2024).
Machine learning algorithms identify hidden patterns within these datasets to predict repayment likelihood more effectively than static, rule-based systems (Okeke et al., 2024). For example, consistent mobile airtime purchases or timely utility payments serve as proxies for financial discipline. Hence, the Use of alternative data in this study captures the degree to which AI credit models integrate such indicators to reduce information asymmetry and expand credit access to unbanked populations. This concept directly operationalizes the Information Asymmetry Theory (Stiglitz & Weiss, 1981) by demonstrating how AI mitigates uncertainty in credit markets.
Trust and transparency are critical determinants of the adoption and success of AI-driven credit systems. Given that AI operates through opaque algorithms (“black boxes”), users’ willingness to engage with such systems depends heavily on their understanding of how decisions are made and whether those decisions are fair and unbiased (Fakhati, 2024; Elujide, 2024). Transparent AI systems enhance consumer confidence, while opaque or discriminatory models can erode trust and deter participation, particularly among marginalized populations (Quintanila, 2024). The perception of trust and transparency variable in this study reflects respondents’ confidence in the fairness, privacy, and accountability of AI-based credit systems. Trust is also a proxy for institutional credibility and the ethical integrity of digital financial services. Empirical evidence (Fakhati, 2024; Okeke et al., 2024) shows that when individuals understand how their data is used and believe AI decisions are fair, they are more likely to adopt AI-driven credit services. Conceptually, trust and transparency align with the Financial Inclusion Theory (Stiglitz, 1981), emphasizing that responsible, equitable access to financial services is as essential as availability.
The success of any technological innovation depends on users’ awareness, accessibility, and ease of use. In rural and low-income settings, limited technological literacy and weak infrastructure often hinder the adoption of AI-based financial solutions. Awareness entails knowledge of the existence and benefits of AI-driven credit systems, while usability refers to the capacity of individuals to effectively interact with and utilize such systems to access financial services. The awareness and usability variable in this study measures the extent to which individuals are informed about, and capable of using, AI-based lending platforms. Drawing from the Diffusion of Innovations Theory (Rogers, 2003), the rate of AI adoption depends on perceived relative advantage, compatibility with user needs, and simplicity of operation. When users perceive AI systems as convenient, reliable, and beneficial, diffusion accelerates, leading to greater financial inclusion. Therefore, promoting digital literacy and designing user-friendly platforms are essential for the inclusive diffusion of AI in finance.
While AI presents transformative opportunities, it also introduces a new set of risks and challenges that may undermine financial inclusion if not properly managed. These include data privacy violations, algorithmic bias, over-indebtedness, high interest rates, and limited digital infrastructure (Kabeyi, 2024). Overreliance on digital footprints may inadvertently exclude individuals with low digital engagement or penalize certain behaviors misinterpreted by algorithms. The perceived risks and challenges variable in this study captures respondents’ concerns about these potential drawbacks. High levels of perceived risk may lead to skepticism, low adoption, or resistance to AI-based financial products (Ahamad, 2024). Ethically, this underscores the importance of explainable AI (XAI) and robust regulatory frameworks to ensure fairness, data protection, and consumer trust (Craddock, 2024). Conceptually, this construct interacts inversely with financial inclusion, greater perceived risk can diminish the positive effect of AI on credit access.
Theoretical Review
Financial Inclusion Theory (Stiglitz, 1981)
The Financial Inclusion Theory, advanced by Joseph Stiglitz in 1981, posits that access to affordable, appropriate, and reliable financial services is a fundamental driver of economic empowerment, poverty reduction, and social equity. The theory emphasizes that financial exclusion, the inability of individuals, particularly the poor and rural populations, to access formal financial products, constitutes a major structural barrier to inclusive development. Traditional financial systems often prioritize profitability and risk minimization, thereby excluding low-income groups who lack collateral, formal employment, or credit histories.
In this study, the Financial Inclusion Theory underpins the dependent variable, financial inclusion (FI), which reflects access to formal credit enabled by AI-driven mechanisms. Artificial Intelligence provides new opportunities for inclusion by automating credit assessments, incorporating alternative data, and reducing operational costs associated with traditional lending. By leveraging big data and predictive analytics, AI-driven systems extend credit to previously excluded groups, such as smallholder farmers and informal workers. However, the theory also highlights that true inclusion must go beyond mere access to encompass fairness, affordability, and consumer protection. Therefore, the financial inclusion theory provides the normative foundation for evaluating whether AI-driven lending genuinely promotes equitable financial access or merely reconfigures exclusion through digital means.
Diffusion of Innovations Theory (Rogers, 2003)
The diffusion of innovations theory, propounded by Everett Rogers in 2003, explains how new technologies, ideas, and practices spread across social systems over time. The theory identifies five key determinants influencing adoption: relative advantage, compatibility, complexity, trialability, and observability. Individuals and institutions adopt innovations when they perceive them to offer clear benefits, fit with existing needs, and be easy to understand and use. The theory also classifies adopters into categories, innovators, early adopters, early majority, late majority, and laggards, based on their readiness to embrace new technologies.
In the context of this study, the Diffusion of Innovations Theory explains how awareness and usability (AWN) influence the adoption of AI-driven credit systems among the unbanked. While AI technologies offer potential benefits in enhancing financial inclusion, their diffusion depends on users’ technological literacy, trust, and accessibility to digital platforms. Rural and low-income populations, often characterized by limited exposure to digital tools and weak infrastructure, may fall within the late majority or laggard category, thereby requiring targeted awareness campaigns and user-friendly designs to facilitate adoption. Moreover, institutional readiness among financial service providers, including banks, microfinance institutions, and FinTech firms, also affects the rate and success of AI diffusion.
Information Asymmetry Theory (Stiglitz & Weiss, 1981)
The Information Asymmetry Theory, developed by Stiglitz and Weiss (1981), posits that inefficiencies in credit markets arise when lenders and borrowers possess unequal access to information. Lenders often cannot perfectly assess borrowers’ creditworthiness, leading to problems of adverse selection and moral hazard. As a result, many potentially creditworthy individuals, particularly those without formal financial records, are excluded from formal lending channels. Traditional credit scoring models exacerbate this problem by relying solely on historical data such as bank statements, collateral, and credit histories, which are unavailable to a large segment of informal-sector participants.
Artificial Intelligence addresses this information imbalance by analyzing alternative data sources including utility payments, e-commerce transactions, mobile phone usage and social media activity, to generate a more holistic assessment of credit risk. By leveraging machine learning algorithms, AI systems uncover hidden behavioural patterns that improve credit evaluation accuracy and allow lenders to extend credit to individuals previously deemed “unscorable.” Hence, AI functions as an informational bridge between lenders and borrowers, reducing uncertainty and expanding the frontier of financial inclusion.
Review of Related Studies
Empirical evidence from recent studies has highlighted the transformative role of Artificial Intelligence (AI) in reshaping credit scoring, financial inclusion, and risk assessment across diverse economies. Shittu and Adenike (2024), in their study on advances in AI-driven credit risk models for financial services optimization, examined global developments in AI-based credit risk management. Using a qualitative synthesis of industry and empirical evidence, their findings revealed that the integration of explainable AI (XAI) strengthens transparency, compliance, and stakeholder trust while improving regulatory alignment. 
In another study, Tolamise (2024) explored AI in alternative credit scoring using nontraditional data sources. Employing a quantitative design, the research demonstrated that AI-driven models utilizing non-traditional data such as utility payments and digital footprints significantly enhance the accuracy and inclusiveness of credit risk assessments. Tambari and Amos (2024) examined the broad potential of AI and machine learning (ML) in promoting financial inclusion using a conceptual analysis approach. Their findings emphasized that AI and ML can process vast datasets, uncover behavioral credit patterns, and foster inclusion when deployed responsibly within a sound regulatory framework. 
In the United States, Rakib, Refadul, Tanvir, Nazmul and Minzamul (2024) explored deep learning and reinforcement learning integration in credit scoring for Buy-Now-Pay-Later (BNPL) financing. Their hybrid modeling approach showed that combining deep learning and reinforcement learning significantly enhances credit risk prediction and reduces default rates, thereby improving financial inclusion. Similarly, Tambari (2024) analyzed the intersection between AI and diversity, equity, and inclusion (DEI) in the United States, using case studies to demonstrate that inclusive AI design principles can reduce lending bias and improve minority access to credit. 
In a related study, Hope, Chinekwu, Chima and Aumbur (2024) investigated AI-powered credit scoring and debt recovery innovations in the United States. Using quantitative modeling, they found that AI significantly improves debt recovery through predictive analytics and workflow automation while promoting ethical practices and customer trust. Their findings suggest that AI has the potential to improve financial access, streamline credit operations, and strengthen institutional efficiency. Similarly, Saad (2025) examined AI in FinTech credit accessibility and data privacy using a conceptual review approach. The findings emphasized that maintaining a balance between technological innovation and data privacy is crucial for building trust and advancing inclusive financial systems. 
In emerging economies Abil, Billy and Abilly (2025) explored AI applications through multiple case studies, showing that AI and ML models effectively automate decision-making and bridge financial gaps by leveraging unstructured data. Their findings underscore AI’s role in driving sustainable development and economic empowerment in underserved communities. Nikhil, Padma, Asmaul, Srinivas and Nuzhat (2025) investigated the application of machine learning models such as Logistic Regression, Decision Tree, Random Forest, and XGBoost for evaluating creditworthiness in underbanked populations. The study, conducted across emerging economies, found that Random Forest achieved the highest performance (accuracy = 94.2%, precision = 92.8%), demonstrating AI’s effectiveness in predicting credit risk and promoting inclusion. Similarly, Hope, Ibidapo, Chikezie and Godwin (2024) conducted a cross-regional analysis across Africa, Asia, and Latin America, focusing on how AI enhances financial inclusion and reduces poverty. By employing comparative case analysis, they demonstrated that predictive analytics and alternative credit scoring systems significantly improve access to finance for marginalized groups.
In India, Anusha, Naveen, Babul, Sathesh, Geol and Thella (2025) applied machine learning algorithms to AI-driven risk assessment models for personalized credit scoring. The study revealed that integrating non-traditional data such as mobile usage, digital wallets, and e-commerce activity enables accurate, scalable and personalized credit scoring, enhancing inclusion in emerging FinTech ecosystems. In Morocco, Adil, Youssef, Youssef and Lahcen (2025) assessed AI, Open Banking, and Federated Learning for credit risk management. Using a mixed-method approach, they found that federated learning enhances privacy while enabling accurate credit risk evaluation based on alternative data sources, offering innovative solutions to financial exclusion in emerging markets. 
In Nigeria, Tolulope, Ademola, Chigozie and Ayodeji (2024) focused on AI-driven automation of real-time payment processing, fraud detection, and compliance in Nigeria. Through a mixed-methods approach, they established that AI-driven automation optimizes credit evaluations, integrating alternative data sources such as mobile usage and psychometric indicators. Ayodeji, Tolulope, Abiola, and Omoniyi (2024) developed a financial automation model combining AI, digital payments, and credit scoring tools. Using pilot tests in Sub-Saharan Africa and Southeast Asia, their results showed increased lending efficiency, reduced transaction costs, and expanded access to credit for informal sector participants. Wilhelmina, Adeola, Binaebi, Sunday, Olubusola and Titilola Falaiye (2024) conducted a comprehensive review on AI in credit scoring. Their findings highlighted that predictive analytics and XAI have become integral to modern credit scoring systems, enhancing transparency, accuracy, and compliance with regulatory standards. 
Agboola (2025) compared ensemble AI models such as Random Forest, Gradient Boosting, and deep learning hybrids in predicting loan defaults using real-world lending data. The study concluded that ensemble approaches outperform conventional models and achieve superior accuracy and interpretability. Similarly, Vinay (2025) analyzed AI-based credit scoring models using the TOPSIS multi-criteria method and found that machine learning models significantly improved lending accuracy and efficiency while reducing operational risks. Mary (2025) investigated the theoretical and practical applications of AI credit scoring and observed that traditional models exclude individuals lacking formal records, particularly informal workers and rural dwellers. The study concluded that AI-driven models using alternative data, such as utility bills, mobile payments and social media activity, can bridge financial access gaps and promote inclusive growth.
3. Methods
This study adopts an ex post facto and descriptive research design to evaluate the role of Artificial Intelligence (AI) in expanding credit access and promoting financial inclusion among unbanked and low-income populations in Nigeria. The ex post facto approach is appropriate because the study relies on existing conditions and respondents’ perceptions without manipulating variables. The descriptive component enables the identification and analysis of key factors, such as awareness, trust, perceived risk, and the use of alternative data, that influence the adoption of AI-driven credit systems. This mixed design facilitates both quantitative measurement and interpretive analysis of the relationships between AI variables and financial inclusion.
The population of the study comprises users of AI-enabled credit systems in Nigeria, including individuals in rural and semi-urban areas who seek credit through FinTech platforms, digital lenders, and microfinance institutions. This includes clients of digital lending applications such as Carbon, Branch, FairMoney, PalmCredit, and Renmoney, as well as informal-sector operators exposed to AI-based scoring systems.
Respondents’ Profile
The demographic data show a balanced gender representation, with 53% male and 47% female respondents. This balance ensures gender diversity in perceptions regarding AI-driven credit accessibility. In terms of age distribution, the majority of respondents (77%) were within the economically active age range of 31–60 years. Specifically, 40% were between 18–30 years, and 37% were between 31–50 years, while only 23% were above 50 years. This indicates that most respondents are mature individuals capable of informed financial decision-making and likely to engage meaningfully with digital financial technologies. With regard to educational background, 38% of respondents had tertiary education, 30% secondary education, 20% primary education, and 12% had no formal education. This suggests that a large proportion of participants possess the literacy required to understand and interact with AI-enabled financial systems. Higher education levels also correlate with greater technological awareness and openness to innovation, supporting the diffusion of AI-driven credit systems.
In terms of occupation, self-employed accounted for 58% of respondents, followed by salaried workers (28%) while the unemployed constituted 14%. This reflects the dominance of self-employed and informal-sector participants in Nigeria’s economy, which aligns with the study’s focus on unbanked and low-income populations — the main targets of inclusive financial technologies. The income distribution reveals that most respondents earn below ₦100,000 monthly, with 40% earning between ₦60,001 and ₦100,000 and 32% earning between ₦30,001 and ₦60,000. Only 9% earn above ₦100,000. This pattern underscores the financial vulnerability of respondents and reinforces the need for AI-enabled credit systems designed to serve low- and middle-income groups who are often excluded from formal credit channels.
The study’s analytical process integrated descriptive, correlation, and regression analyses to empirically test how AI-driven mechanisms such as alternative data use, transparency, awareness, and perceived risks affect credit accessibility among Nigeria’s unbanked population. The study employed Ordinary Least Squares (OLS) regression estimation because it provides the Best Linear Unbiased Estimates (BLUE) of the parameters under the classical linear regression assumptions. OLS was preferred for its simplicity, interpretability, and efficiency in analyzing cross-sectional data collected through survey methods. The OLS model provided quantitative evidence for hypothesis testing, while diagnostic evaluations validated the robustness and reliability of the results.
Validity and Reliability of Instrument
Ensuring the validity and reliability of the research instrument is essential for establishing the credibility and accuracy of findings. To assess reliability, the study employed Cronbach’s Alpha (α), which measures the internal consistency of items within each construct. A Cronbach’s Alpha coefficient of 0.70 or above is considered acceptable (Hair et al., 2019).
Table 1: Reliability Test Results (Cronbach’s Alpha)
	Construct
	Items
	Cronbach’s Alpha (α)
	Remark

	Financial Inclusion (FI)
	4
	0.86
	Highly Reliable

	Use of Alternative Data (Utility Payments)
	5
	0.82
	Highly Reliable

	Perception of Trust and Transparency (PTT)
	5
	0.88
	Highly Reliable

	Awareness and Usability (AWN)
	5
	0.80
	Reliable

	Perceived Risks and Challenges (RCS)
	5
	0.84
	Highly Reliable

	Overall Scale Reliability
	—
	0.84
	Highly Reliable


Source: Authors
The reliability coefficients for all constructs ranged between 0.80 and 0.88, exceeding the minimum acceptable threshold of 0.70. This demonstrates strong internal consistency among the questionnaire items, meaning that responses were stable and dependable across the different constructs. The high overall Cronbach’s Alpha value (α = 0.84) further confirms the robustness of the instrument. Hence, the instrument used in this study is both valid and reliable, ensuring that the data collected accurately reflect respondents’ perceptions of AI-driven credit accessibility and financial inclusion in Nigeria.
Measurement and Scaling of Variables
The study variables were operationalized based on the theoretical and empirical foundations of Artificial Intelligence (AI) and Financial Inclusion using five-point Likert scale constructs, validated through expert review and pilot testing. Composite indices derived from these scales formed the basis for empirical analysis, allowing the study to robustly test the hypothesized relationships between AI-driven credit mechanisms and financial inclusion outcomes among unbanked populations in Nigeria.
4. Descriptive Statistics
Table 2: Descriptive Statistics Results
	Variable
	Mean
	Std. Deviation
	Minimum
	Maximum

	Financial Inclusion (Access to Credit)
	3.87
	0.64
	2.15
	4.95

	Use of Alternative Data (Utility Payments)
	4.21
	0.58
	2.45
	5.00

	Perception of Trust and Transparency
	4.09
	0.72
	2.05
	5.00

	Awareness and Usability
	4.12
	0.61
	2.30
	5.00

	Perceived Risks and Challenges
	3.43
	0.77
	1.95
	4.60

	Respondents’ Years (Experience/Age)
	2.78
	0.84
	1.00
	4.00


Source: Authors
The descriptive statistics reveal that the mean score for Use of Alternative Data (UTP = 4.21) and Awareness and Usability (AWN = 4.12) are relatively high, suggesting that respondents are largely aware of and engaged with AI-driven credit systems that rely on alternative data. Perception of Trust and Transparency (PTT = 4.09) also records a high mean value, indicating strong confidence in AI-based lending mechanisms. Conversely, the mean for Perceived Risks and Challenges (RCS = 3.43), while above the midpoint, suggests moderate concern about privacy, bias, and over-indebtedness. The dependent variable, Financial Inclusion (FI = 3.87), shows that overall credit accessibility through AI-driven mechanisms is high but not without limitations.
The relatively small standard deviations (mostly < 1.0) indicate low variability in responses, implying that the respondents share similar perceptions across the measured constructs.
Correlation Matrix
Table 3: Correlation Matrix Results
	Variables
	1
	2
	3
	4
	5
	6

	FI (Financial Inclusion)
	1.000
	
	
	
	
	

	UTP (Use of Alternative Data)
	0.762**
	1.000
	
	
	
	

	PTT (Trust and Transparency)
	0.714**
	0.695**
	1.000
	
	
	

	AWN (Awareness and Usability)
	0.685**
	0.648**
	0.671**
	1.000
	
	

	RCS (Risks and Challenges)
	−0.534**
	−0.412**
	−0.387**
	−0.468**
	1.000
	

	RESPYRS (Experience/Age)
	0.294*
	0.278*
	0.232
	0.310*
	−0.156
	1.000


Source: Authors
The correlation results in Table 3 reveal several important patterns. Utility payment (UTP) shows a strong and positive correlation (r = 0.762, p < 0.01) with Financial Inclusion (FI), implying that increased use of alternative data such as utility payments and mobile transactions significantly enhances access to credit. Perception of Trust and Transparency (PTT) also exhibits a strong positive relationship (r = 0.714, p < 0.01) with FI, suggesting that individuals who trust AI-driven systems are more likely to participate in AI-based financial services. Awareness and Usability (AWN) correlates positively (r = 0.685, p < 0.01) with FI, confirming that knowledge and ease of use of AI-driven lending platforms promote inclusion. Conversely, Perceived Risks and Challenges (RCS) correlates negatively (r = −0.534, p < 0.01) with FI, indicating that higher risk perception reduces the likelihood of adopting AI-driven financial services. The control variable (RESPYRS) shows a weak but positive correlation (r = 0.294, p < 0.05) with financial inclusion, suggesting that experience or age slightly improves the understanding and use of AI-enabled credit systems.
Regression Results
To test the hypotheses of the study, a multiple regression analysis was conducted to examine the causal relationship between Artificial Intelligence (AI) constructs and Financial Inclusion (FI) among the unbanked population. The study employed Ordinary Least Squares (OLS) regression estimation because it provides the Best Linear Unbiased Estimates (BLUE) of the parameters under the classical linear regression assumptions. OLS was preferred for its simplicity, interpretability, and efficiency in analyzing cross-sectional data collected through survey methods.
Table 4: Regression Results 
	Variable
	Coefficient
	Std. Error
	t-Statistic
	p-value

	Constant
	1.215
	0.318
	3.820
	0.000

	UTP (Use of Alternative Data)
	0.312
	0.076
	4.105
	0.000

	PTT (Perception of Trust & Transparency)
	0.284
	0.081
	3.506
	0.001

	AWN (Awareness & Usability)
	0.261
	0.074
	3.527
	0.001

	RCS (Perceived Risks & Challenges)
	-0.194
	0.065
	-2.978
	0.004

	RESPYRS (Experience / Control Variable)
	0.058
	0.049
	1.186
	0.238

	Model Diagnostics

	R²
	0.718
	
	
	

	Adjusted R²
	0.702
	
	
	

	F-Statistic
	46.93
	
	
	0.000

	Durbin–Watson Statistic
	1.92
	
	
	


Source: Authors
Discussion of Findings
Evidence from Table 4 shows that Use of Alternative Data (UTP) has a positive and statistically significant effect (β = 0.312, p < 0.05). This finding implies that the use of alternative data, such as mobile phone usage patterns, transaction histories, and utility payments, plays a significant role in expanding credit access to the unbanked. By reducing information asymmetry, AI-driven credit scoring systems enable lenders to assess creditworthiness more inclusively, fostering greater participation of low-income individuals in the formal financial system. This aligns with the Information Asymmetry Theory (Stiglitz & Weiss, 1981) which posits that improved data accessibility enhances credit allocation efficiency.
Perception of Trust and Transparency (PTT) is positively significant (β = 0.284, p < 0.05). This result indicates that trust and transparency in AI-driven credit scoring significantly influence users’ willingness to participate in digital financial services. When individuals perceive AI algorithms as fair, transparent, and non-discriminatory, confidence in the system grows, leading to increased adoption. This outcome is consistent with the financial inclusion theory (Stiglitz, 1981), which emphasizes the role of institutional trust and accessibility in promoting inclusion.
Awareness and Usability (AWN) also exerts a positive and significant influence (β = 0.261, p < 0.05). This finding reveals that awareness and usability of AI-driven platforms significantly promote financial inclusion. Increased awareness of digital lending platforms, coupled with the ease of using AI-powered interfaces, enhances individuals’ ability to access credit facilities. This outcome supports the Diffusion of Innovations Theory (Rogers, 2003), which postulates that the rate of innovation adoption depends on awareness, perceived ease of use, and social acceptance.
Perceived Risks (RCS) have a negative and significant effect (β = -0.194, p < 0.05). This implies that perceived risks and challenges, including data privacy concerns, fear of over-indebtedness, and low digital literacy, negatively influence financial inclusion. Respondents who perceive higher risks in AI-based credit systems are less likely to adopt them. This outcome underscores the importance of ethical AI practices, user protection, and digital literacy initiatives to mitigate these barriers.
Respondents’ Years (RESPYRS), representing demographic experience, was positive but statistically insignificant (β = 0.058, p = 0.238). This suggests that demographic factors such as age and experience are less influential compared to digital literacy, awareness, and trust in determining the adoption of AI-driven financial services. Younger and older users alike can benefit from AI innovations if they have sufficient awareness and accessibility.
Model Diagnostics
The Durbin–Watson statistic (DW = 1.92) lies within the acceptable range (1.5–2.5), indicating absence of autocorrelation in residuals. The Variance Inflation Factor (VIF) values for all variables were below 5, confirming the absence of multicollinearity. Normality and heteroskedasticity tests also confirmed that the OLS assumptions were satisfied, validating the model’s robustness. The regression model explains approximately 71.8% of the variations (R² = 0.718) in financial inclusion outcomes, suggesting a strong explanatory power of the independent variables. The F-statistic (46.93, p < 0.05) confirms the joint significance of the explanatory variables, implying that AI-driven constructs collectively influence financial inclusion among the unbanked.
Post-Estimation Diagnostics
To validate the robustness and statistical soundness of the regression results, a series of post-estimation diagnostic tests were conducted. These tests examined whether the estimated Ordinary Least Squares (OLS) model satisfied the classical regression assumptions of normality, multicollinearity, homoskedasticity, and independence of residuals.
Table 5: Post-Estimation Diagnostics
	Diagnostic Test
	Purpose
	Result
	Decision

	Normality (Shapiro–Wilk)
	Tests if residuals are normally distributed
	p = 0.126
	Residuals are normal

	Multicollinearity (VIF)
	Checks correlation among independent variables
	Mean VIF = 2.00
	No multicollinearity

	Heteroskedasticity (Breusch–Pagan)
	Tests for equal variance of residuals
	p = 0.253
	Homoskedastic residuals

	Model Specification (Ramsey RESET)
	Tests for omitted variable bias
	p = 0.207
	Model correctly specified


Source: Authors
In Table 5, the null hypothesis of normality cannot be rejected since the p-value (0.126) is greater than 0.05. This indicates that the residuals are approximately normally distributed. The histogram and P–P plot of standardized residuals further confirmed a bell-shaped distribution centered around zero, satisfying the normality assumption. All VIF values are below the conventional threshold of 10 (and well below the stricter benchmark of 5), indicating the absence of multicollinearity. This confirms that the independent variables are not excessively correlated and that each contributes unique explanatory power to the model. Since the p-value (0.253) is greater than 0.05, the null hypothesis of homoskedasticity is accepted. This implies that the residuals have constant variance, and there is no evidence of heteroskedasticity. Consequently, the model’s standard errors are unbiased, ensuring reliable hypothesis testing. 
To ensure that the model was correctly specified, the Ramsey Regression Specification Error Test (RESET) was performed. The p-value (0.207) exceeds the 0.05 threshold, indicating that the model is properly specified. There is no evidence of omitted variable bias or model mis-specification, suggesting that the functional form of the regression equation is appropriate. Therefore, the regression results are robust and can be interpreted for theoretical, empirical and policy implications regarding the role of Artificial Intelligence in promoting financial inclusion among Nigeria’s unbanked population.
5. Conclusion
Based on the findings, this study concludes that Artificial Intelligence has a significant and positive impact on financial inclusion in Nigeria. AI-driven credit systems, particularly those leveraging alternative data sources such as mobile phone usage, digital transactions, and utility payment records, effectively reduce information asymmetry that often excludes low-income earners from formal credit markets. While Artificial Intelligence holds enormous potential for advancing inclusive finance, its effectiveness depends on the interplay between technological innovation, ethical governance, user awareness, and policy support. 
Recommendations
Policymakers and regulatory bodies such as the Central Bank of Nigeria (CBN) and the National Information Technology Development Agency (NITDA) should develop comprehensive guidelines for AI governance in financial services. These frameworks should emphasize transparency, fairness, and accountability in algorithmic decision-making, ensuring that AI systems do not perpetuate bias or discrimination in credit allocation. 
Government agencies, financial institutions, and NGOs should collaborate to implement large-scale digital literacy and consumer education programs. These initiatives should focus on improving understanding of AI-driven credit systems, data usage, and privacy protection, especially among rural and low-income populations.
FinTech firms and banks should integrate alternative data sources, such as mobile transactions, social media footprints, and utility payments, into credit scoring models. However, such integration must comply with ethical and data protection standards to safeguard user privacy and prevent exploitation.
Limitations and Suggestions for Future Studies
Firstly, the use of primary data limits the ability to infer long-term causality. As such, a longitudinal or panel data approach could offer a more dynamic understanding of how AI adoption influences financial inclusion over time. Secondly, the study is strictly domiciled in Nigeria which may limit the generalizability of the findings to other African or regions. Future studies should therefore consider comparative or cross-country analyses involving other developing and lower-middle-income countries to uncover contextual similarities and variations in AI’s impact on inclusive finance.
Thirdly, the research design relied on self-reported data obtained through structured questionnaires. While this method effectively captured respondents’ perceptions and experiences, it is susceptible to response biases such as social desirability or over-reporting of awareness and usage. Subsequent studies may complement quantitative surveys with qualitative approaches, such as interviews, focus group discussions, or case studies, to gain deeper insights into user experiences, behavioural patterns, and trust dynamics surrounding AI-driven credit systems.
Finally, the study employed a limited set of variables to explain financial inclusion. However, other relevant factors, such as government regulation, digital infrastructure, cybersecurity, algorithmic bias, and gender, could further illuminate the complexities of AI’s role in inclusive finance. Future research should therefore consider expanding the analytical framework to incorporate these dimensions and explore how they interact to shape financial access.
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