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Abstract: 

Financial inclusion has become a key goal for ensuring equitable access to financial services, especially for underbanked 

populations. Traditional financial systems often exclude these populations due to a lack of credit history, limited access to 

banks, and other socio-economic factors. However, recent advancements in Artificial Intelligence (AI) offer significant 

potential in bridging these gaps. This paper explores the use of AI-driven predictive models to enable more accurate and 

fair loan approvals for underbanked individuals. By leveraging machine learning algorithms, such as decision trees, neural 

networks, and ensemble methods, this research aims to provide a framework for assessing creditworthiness beyond 

traditional metrics like credit scores. The paper also investigates how AI can improve the financial inclusion process by 

using alternative data sources such as mobile phone usage, transaction histories, and social media patterns. Additionally, it 

discusses the ethical considerations, potential biases, and privacy concerns associated with implementing AI for loan 

approvals. Ultimately, the paper argues that AI, when used responsibly, can play a crucial role in fostering financial 

inclusion by offering accessible credit to populations traditionally left out of the formal banking system. 
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Introduction: 

Financial inclusion is a critical component of economic development and poverty alleviation, particularly in emerging 

economies. Despite the progress made in increasing access to financial services, a significant portion of the global 

population remains underserved or excluded from formal financial systems. This includes individuals from low-income 

households, rural areas, and underserved urban populations—collectively known as the "underbanked." According to the 

World Bank, approximately 1.7 billion people worldwide are still without access to basic financial services such as savings, 

loans, and insurance. The traditional financial systems often fail to serve these populations, primarily due to a lack of formal 

credit histories, limited access to banking infrastructure, and socio-economic barriers. As a result, these individuals are 

often forced to rely on informal financial services, which can be costly and unreliable. In recent years, however, 

advancements in technology, particularly in Artificial Intelligence (AI) and machine learning (ML), have shown great 

promise in addressing these challenges. AI technologies, such as predictive analytics, have the potential to transform the 

way financial institutions assess creditworthiness, providing more inclusive access to loans for those who have been 

excluded from the traditional banking system. Machine learning algorithms can be trained to analyze vast amounts of 

alternative data, such as mobile phone usage patterns, utility payment records, and social media behavior, to build more 

accurate credit profiles for underbanked individuals. By incorporating non-traditional data sources, AI models can offer a 

more holistic view of an individual's financial behavior, which is particularly important in regions where formal credit 

histories are scarce or non-existent. The application of AI in predictive loan approvals has gained significant attention in 

recent years, particularly in the context of promoting financial inclusion. Traditional credit scoring models, such as those 

based on FICO scores, often fail to capture the full spectrum of financial behaviors, especially for individuals with limited 

or no credit history. As a result, many underbanked populations are unjustly excluded from accessing credit, which in turn 

hinders their ability to invest in education, healthcare, or entrepreneurship. AI-driven predictive models, on the other hand, 

can integrate various alternative data sources and apply advanced algorithms to predict the likelihood of loan repayment, 

offering a more inclusive and dynamic approach to credit assessment. This paper explores the role of AI in promoting 

financial inclusion by focusing on predictive loan approvals for underbanked populations. The objective is to provide a 

comprehensive overview of how AI and machine learning techniques can be leveraged to assess creditworthiness beyond 

traditional credit scoring systems. The paper examines various machine learning algorithms, such as decision trees, random 

forests, and neural networks, and how these can be applied to alternative data sources to improve loan approval processes. 

It also discusses the challenges and ethical considerations associated with the use of AI in financial services, including 

issues related to bias, fairness, and privacy. By exploring these themes, this paper aims to contribute to the ongoing 

conversation about the potential of AI to democratize access to financial services and enhance economic opportunities for 

underbanked populations. The ultimate goal is to offer a roadmap for policymakers, financial institutions, and technology 
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developers to collaboratively design inclusive financial systems that empower underserved communities and foster 

sustainable development. 

Literature Review: 

The concept of financial inclusion has gained significant traction in the last few decades as governments, financial 

institutions, and international organizations seek ways to provide access to affordable and efficient financial services to 

underserved populations. Traditional financial systems often fail to reach the underbanked due to various barriers, such as 

the lack of formal credit histories, limited access to banking infrastructure, and the high costs associated with servicing 

low-income individuals. The exclusion from these systems has profound consequences, limiting economic mobility and 

preventing individuals from accessing capital to improve their lives. However, advancements in technology, especially 

Artificial Intelligence (AI) and machine learning (ML), offer new pathways to address these challenges and promote 

financial inclusion. This literature review explores the current state of research on AI and machine learning in the context 

of financial inclusion, with a particular focus on predictive loan approvals for underbanked populations. 

 
Fig.1: % of Population Underbanked 

1. The State of Financial Inclusion 

Financial inclusion refers to the availability and equality of opportunities to access financial services, such as credit, 

savings, insurance, and payments, irrespective of an individual’s income level, geographic location, or socio-economic 

status. According to the World Bank (2021), around 1.7 billion people globally still lack access to basic financial services, 

despite the global push towards greater financial inclusion. Traditionally, financial institutions have relied on conventional 

credit scoring systems, such as the FICO score, to evaluate the creditworthiness of individuals. However, for the 

underbanked, these traditional systems are often ineffective, as they typically lack credit histories or formal financial 

records that are essential for assessing creditworthiness. Research by Kempson et al. (2017) highlights that traditional 

credit scoring fails to accurately reflect the financial capabilities of individuals in low-income and developing countries, 

where many people have no formal employment or banking relationships. Furthermore, Demirgüç-Kunt et al. (2018) 

discuss the difficulties that the underbanked face in gaining access to credit, including their exclusion from the formal 

banking sector, the lack of appropriate credit products, and the inability to prove their creditworthiness to financial 

institutions. 

2. Artificial Intelligence and Financial Inclusion 

In recent years, the use of AI in financial services has been explored as a potential solution to overcoming the barriers faced 

by the underbanked. AI offers a new way to assess creditworthiness by considering alternative data sources, such as mobile 

phone usage, social media activity, transaction histories, and behavioral patterns. This new approach could help extend 

credit to individuals who may have previously been overlooked by traditional financial systems. AI-based models, 

especially those leveraging machine learning algorithms, have been proposed as a more accurate and inclusive method for 

assessing financial risk, as they can learn from data patterns and adapt to new information over time. In a pioneering study, 

Ghosh et al. (2020) argue that AI can be used to enhance financial inclusion by analyzing alternative data to predict the 

likelihood of loan repayment. For instance, data points such as mobile phone records (e.g., call frequency, location, payment 

behavior) and utility bill payments have been found to offer insights into an individual’s ability to repay loans. Zhang et 
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al. (2019) also explored the potential of using transaction history data, which is widely available through mobile money 

systems, to predict creditworthiness in emerging markets. 

3. Machine Learning for Predictive Loan Approvals 

Machine learning algorithms are particularly suitable for predictive loan approval because of their ability to process large 

volumes of data and uncover patterns that might not be evident to human analysts. Common machine learning algorithms 

used in financial applications include decision trees, random forests, support vector machines (SVM), and neural 

networks. These algorithms can incorporate a wide range of variables from alternative data sources, such as mobile phone 

activity, payment histories, and online behavior, to predict the probability of loan repayment. Research by Patel and Reddy 

(2020) demonstrates the use of random forests in credit scoring, which improves predictive accuracy by considering 

multiple features beyond traditional credit scoring data. Soman et al. (2020) further explore the application of neural 

networks to predict loan defaults based on alternative data, showing that neural networks can outperform traditional credit 

scoring models in terms of accuracy and adaptability. Moreover, Chien and Chen (2021) investigated the use of ensemble 

methods that combine multiple machine learning models to improve prediction reliability and reduce the risk of model 

overfitting. Ensemble models, such as boosting and bagging, have been shown to perform better in financial applications 

where diverse and complex data types are involved. By using these algorithms, financial institutions can assess the 

creditworthiness of individuals who lack traditional credit histories, offering them greater access to loans and other financial 

products. 

4. Ethical Considerations in AI for Financial Inclusion 

Despite the promising potential of AI in promoting financial inclusion, there are significant ethical challenges associated 

with its application in credit scoring and loan approvals. One of the primary concerns is the bias inherent in AI models. AI 

algorithms are often trained on historical data, and if this data contains biases (e.g., gender, race, or socio-economic biases), 

the model may replicate or even exacerbate these biases in its predictions. O'Neil (2016) warns that such biases could lead 

to discriminatory lending practices that disproportionately impact marginalized communities. Binns and Harwood (2020) 

examine how biased data can lead to unjust outcomes in AI-driven loan approval systems, stressing the need for 

transparency and accountability in AI decision-making processes. They propose that developers must take active measures 

to ensure that machine learning models are trained on diverse, representative data sets to minimize bias. Additionally, 

Fuster et al. (2020) emphasize the importance of explainability in AI models. Since loan applicants may be denied credit 

based on AI-generated predictions, it is crucial for financial institutions to provide clear and understandable reasons for 

their decisions. Another key concern is the privacy of individuals whose data is being used for loan predictions. Data 

protection regulations, such as the General Data Protection Regulation (GDPR) in Europe and the California Consumer 

Privacy Act (CCPA) in the U.S., impose strict requirements on how personal data should be handled. The use of alternative 

data sources for credit scoring raises questions about consent, data security, and transparency in how personal 

information is collected, stored, and used. 

5. Challenges and Future Directions 

While AI has the potential to revolutionize financial inclusion, several challenges remain. One of the most significant 

barriers is the digital divide, where access to technology, such as smartphones and reliable internet connections, is still 

limited in many regions. This can prevent underbanked populations from participating in AI-driven financial services. 

Furthermore, AI models rely on high-quality data to make accurate predictions. In many developing countries, the 

availability of reliable data is a significant constraint, as informal financial activities often go unrecorded. Li et al. (2021) 

suggest that combining traditional financial data with alternative sources, such as social media profiles and mobile money 

data, may help bridge the data gap. In terms of future research, Kiran and Roy (2021) highlight the need for developing 

hybrid models that combine AI with traditional credit scoring methods, integrating both traditional and alternative data 

sources to create a more robust credit assessment system. Additionally, there is a call for international collaboration to 

ensure that AI models are implemented responsibly and ethically across different regions, especially in low-income 

countries. 

The application of AI and machine learning in financial inclusion, particularly in predictive loan approvals, offers 

significant opportunities for improving access to credit for underbanked populations. By using alternative data sources, AI 

can provide more accurate and inclusive assessments of creditworthiness, helping to bridge the gap between the 

underbanked and formal financial institutions. However, the successful implementation of AI-driven financial inclusion 

requires overcoming challenges related to data quality, algorithmic bias, and privacy concerns. Further research and 
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innovation are needed to address these challenges, while also ensuring that AI is used responsibly and ethically to promote 

fairness and equal opportunity for all individuals. 

 

Fig.2: Identity verification Mechanism 

Scope, Opportunities, Challenges, and Significance of Predictive Loan Approvals in Financial Inclusion 

1. Scope of Predictive Loan Approvals 

The scope of predictive loan approvals in the context of financial inclusion through AI extends to both credit risk 

assessment and loan accessibility for underserved or underbanked populations. AI-driven predictive models can 

revolutionize how financial institutions assess the creditworthiness of individuals who traditionally lack access to credit. 

These individuals are often excluded from the formal banking system due to insufficient credit histories, a lack of collateral, 

or because they are part of marginalized socio-economic groups. 

The scope can be classified into several key areas: 

• Alternative Data Utilization: One of the primary aspects of predictive loan approval models is the use of 

alternative data—information that goes beyond traditional credit scores to assess an individual's financial 

behavior. This includes transaction histories, mobile phone usage patterns, social media activity, utility bill 

payments, and even behavior derived from online activities. AI models can process and analyze these diverse data 

points to generate a more accurate and comprehensive risk profile for potential borrowers. 

• Machine Learning Algorithms: Predictive models employ various machine learning algorithms like random 

forests, decision trees, neural networks, and support vector machines (SVM), which enable the system to 

learn from historical data and predict loan repayment behavior with high accuracy. These algorithms can improve 

their predictions as more data is available, leading to more reliable and adaptable credit assessments. 

• Automation and Real-Time Processing: AI-driven predictive loan approval systems allow for faster loan 

processing by automating creditworthiness assessments. This reduces the time taken for loan approvals, making 

the loan application process more efficient and accessible to individuals who may require immediate financial 

assistance. 

• Financial Products for Underbanked Populations: AI can enable the creation of tailored financial products 

designed to meet the specific needs of underbanked populations. These products could include microloans, small-

ticket loans, or payday loans, which are more appropriate for individuals without extensive credit histories but 

with predictable financial behaviors. 
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2. Opportunities of Predictive Loan Approvals 

The opportunities presented by AI in predictive loan approvals for financial inclusion are substantial: 

• Increased Access to Credit for Underbanked Populations: AI-based predictive models can expand credit 

access to individuals who have historically been excluded from traditional financial services due to the lack of 

formal credit records. By incorporating alternative data, individuals who were previously considered high-risk 

due to the absence of a traditional credit history may now be able to qualify for loans. This opens up financial 

opportunities for millions of people around the world, enabling them to invest in education, healthcare, and 

entrepreneurship. 

• Improved Financial Inclusion in Emerging Markets: Many developing economies suffer from low levels of 

formal financial inclusion, with a significant portion of the population relying on informal financial systems. AI-

driven predictive models can bridge the gap between the formal financial system and the underbanked populations 

in these regions, especially through the use of mobile banking platforms and mobile money systems. This offers 

a unique opportunity for digital financial services to play a key role in economic growth and poverty alleviation. 

• Cost Efficiency and Reduced Operational Risks: Traditional credit risk assessment methods often involve 

manual processes, which can be slow, costly, and prone to human error. AI-driven predictive models reduce the 

need for manual intervention, speeding up the approval process and cutting operational costs for financial 

institutions. Furthermore, AI models improve decision-making by accurately identifying high-risk borrowers, thus 

minimizing the risk of loan defaults. 

• Tailored Financial Products and Personalized Risk Assessment: Predictive loan models allow for personalized 

loan products by assessing an individual’s risk profile based on a wide range of data points. This means that 

financial products, such as interest rates and loan amounts, can be customized to the specific needs and financial 

behaviors of the borrower, making credit more accessible and affordable for low-income individuals. 

• Opportunities for Financial Innovation: The integration of AI into loan approval processes opens the door for 

further innovation in the financial industry. It encourages the development of new business models, such as peer-

to-peer lending, and disrupts traditional banking models by providing more efficient and customer-centric 

financial services. 

3. Challenges of Predictive Loan Approvals 

Despite the many opportunities AI brings to predictive loan approvals, there are several challenges that need to be 

addressed: 

• Data Quality and Availability: One of the key challenges is the availability of reliable data. In many low-

income and developing regions, data infrastructure is limited, and individuals may lack digital footprints such as 

mobile phone records or formal transaction histories. This lack of reliable data poses a significant hurdle in the 

development of accurate AI models. 

• Algorithmic Bias and Fairness: AI models are often trained on historical data, which can reflect existing biases 

and inequalities in the financial system. If the training data used for predictive models is biased (e.g., due to socio-

economic factors, race, gender), the resulting models can perpetuate discrimination and inequality. This can lead 

to unfair loan approvals or denials, potentially reinforcing existing disparities in access to credit. 

• Data Privacy and Security: AI-driven models often rely on personal and sensitive data, which raises significant 

concerns about privacy and data security. Regulations like the General Data Protection Regulation (GDPR) 

in Europe and the California Consumer Privacy Act (CCPA) impose strict guidelines on how personal data can 

be collected, stored, and used. Ensuring the security of sensitive financial information is critical, especially when 

alternative data sources are involved, such as mobile phone records or social media data. 

• Model Explainability and Transparency: AI models, particularly deep learning algorithms, are often criticized 

for being "black-box" models, meaning that it can be difficult to explain how they make decisions. This lack of 

transparency can be a problem when a loan application is rejected, as the applicant may not understand the 

reasoning behind the decision. Financial institutions must ensure that AI-driven decision-making processes are 

explainable and that applicants have access to clear and understandable reasons for any decisions made. 

• Regulatory and Legal Challenges: The integration of AI into credit decision-making processes raises important 

legal and regulatory concerns. For instance, AI models must comply with existing lending regulations, which may 

differ by country or region. Additionally, there may be concerns about the ethical use of alternative data, such as 

the potential for "data scraping" or the unauthorized collection of personal information from non-financial 

sources (e.g., social media). 
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• Adoption Challenges in Traditional Financial Institutions: Many traditional financial institutions, especially 

those in developing regions, may lack the technological infrastructure or expertise required to implement AI-

driven predictive loan approval systems. The transition to AI-based systems can involve significant investments 

in technology, training, and adaptation of existing processes, which can be a barrier for smaller institutions. 

4. Significance of Predictive Loan Approvals in Financial Inclusion 

The significance of predictive loan approvals in advancing financial inclusion cannot be overstated. By leveraging AI and 

machine learning, financial institutions can offer loans to individuals who have previously been excluded from the formal 

financial system due to a lack of credit history or other socio-economic barriers. This is particularly important for low-

income populations in emerging economies, where access to credit is a major constraint on economic development. 

• Empowering the Underbanked: Predictive loan approvals allow individuals to access credit based on their actual 

financial behaviors rather than relying solely on traditional metrics like credit scores. This empowers the 

underbanked, who may not have access to formal credit, to improve their financial standing, invest in education 

or businesses, and improve their overall economic conditions. 

• Boosting Economic Growth: Access to credit promotes entrepreneurship, small business development, and 

economic growth. When individuals can access loans, they can fund initiatives that lead to job creation, increase 

household income, and stimulate local economies. 

• Promoting Financial Stability: Providing loans to previously excluded individuals can help them build credit 

histories, leading to more opportunities for accessing a wider range of financial products in the future. As more 

individuals participate in the formal financial system, this contributes to overall financial stability in a country or 

region. 

• Social Impact: By enabling access to financial products, AI-driven loan approvals contribute to reducing poverty 

and income inequality, as individuals gain access to resources that can improve their living standards and 

economic opportunities. This has broad social impacts, including improving education, healthcare, and social 

mobility. 

The integration of predictive loan approval systems powered by AI and machine learning represents a transformative 

opportunity for advancing financial inclusion. While the opportunities for expanding credit access are significant, there 

are numerous challenges related to data quality, algorithmic fairness, privacy concerns, and regulatory compliance that 

must be addressed. However, with proper safeguards, such as transparency in model decisions and the use of diverse and 

representative data, AI has the potential to democratize financial services, particularly for underbanked populations. The 

significance of these systems lies in their ability to empower marginalized individuals, stimulate economic growth, and 

contribute to financial stability and social development. 

 

Fig.3: Algorithm 
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Contemporary Challenges of Underbanked Populations and the Importance of Their Financial Inclusion 

1. Contemporary Challenges of Underbanked Populations 

Underbanked populations face a series of interconnected challenges that prevent them from accessing and fully benefiting 

from formal financial services. These challenges are rooted in both socio-economic and systemic factors, compounded by 

the limitations of traditional financial institutions. Some of the most pressing contemporary challenges include: 

1.1 Lack of Credit History 

A significant challenge faced by underbanked populations is the lack of formal credit history. Most traditional financial 

institutions rely heavily on credit scores derived from past borrowing behaviors to assess the creditworthiness of 

individuals. However, underbanked individuals, especially those in low-income or rural areas, may not have established 

credit histories because they do not use formal banking services, do not take out loans, or are part of informal financial 

systems. As a result, they are deemed "credit invisible," leaving them unable to access loans, credit cards, or mortgages. 

1.2 Limited Access to Banking Infrastructure 

Access to physical banking infrastructure is a persistent issue for underbanked populations. In many rural areas or 

developing countries, bank branches and ATMs are sparse, and individuals may have to travel long distances to reach the 

nearest bank. For low-income individuals, even if banks are available, the costs associated with maintaining accounts—

such as monthly fees, minimum balance requirements, and transaction fees—are often prohibitive. Without access to 

physical banking services, many underbanked individuals resort to informal financial practices, such as borrowing from 

family members, local moneylenders, or using cash-based transactions, which can be both unreliable and expensive. 

1.3 High Transaction Costs and Hidden Fees 

Even when underbanked populations have access to financial services, they often face high transaction costs and hidden 

fees. For example, individuals may face higher interest rates or fees on loans due to the perceived risk of lending to low-

income or informal workers. Additionally, some financial services, such as remittance transfers or currency exchanges, 

carry hidden charges that disproportionately affect the underbanked. These high costs can deter individuals from accessing 

formal financial products and lead them to rely on alternative (and often less secure) financial systems. 

1.4 Financial Literacy and Knowledge Gaps 

Many underbanked individuals also struggle with financial literacy. Without an understanding of how to budget, save, or 

manage credit, they may be hesitant to engage with formal financial systems or make informed financial decisions. In many 

cases, financial institutions also fail to provide adequate financial education or resources to help underbanked populations 

navigate complex financial products. As a result, a lack of understanding often leads to poor financial choices, such as 

falling into debt, which further deepens their exclusion from the financial mainstream. 

1.5 Economic Instability and Informal Employment 

Underbanked populations are often employed in the informal sector, where workers do not have steady incomes or access 

to employment benefits such as health insurance, retirement savings, or paid leave. The precarious nature of informal 

work makes it difficult for individuals to meet the creditworthiness requirements of traditional financial institutions. 

Furthermore, the absence of regular, verifiable income makes it hard for lenders to assess an individual’s ability to repay 

loans. The economic instability of underbanked workers often results in a vicious cycle of exclusion, preventing them from 

accessing credit and other financial products that could help them improve their financial situation. 

1.6 Geographical Barriers and Digital Divide 

Underbanked individuals, especially in rural or remote regions, face additional barriers related to geographical isolation. 

For instance, many underbanked populations may have limited access to digital financial tools such as mobile banking or 

digital wallets due to poor internet connectivity or lack of smartphones. The digital divide further exacerbates financial 
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exclusion, as digital services increasingly become the primary means of accessing financial services. Individuals without 

access to the necessary technology are left out of digital financial systems, hindering their ability to engage in modern 

financial transactions. 

1.7 Trust Deficit in Financial Institutions 

A key issue for underbanked populations is the lack of trust in traditional financial institutions. Due to past experiences 

with predatory lending, high fees, or negative interactions with banks, many low-income individuals have developed 

skepticism toward formal financial services. This trust deficit is often compounded by concerns about discrimination based 

on race, ethnicity, or social status. As a result, even when financial institutions make efforts to offer products for the 

underbanked, these populations may be reluctant to engage with them. 

2. Importance of Financial Inclusion for Underbanked Populations 

Financial inclusion is not merely about providing access to financial products and services; it is about fostering broader 

economic participation, social equity, and personal empowerment. The importance of financial inclusion for underbanked 

populations can be seen through its potential to: 

2.1 Promote Economic Empowerment and Stability 

Access to formal financial services enables individuals to save money, build credit, and gain access to loans and insurance, 

all of which can provide a safety net and improve overall financial stability. With the ability to open savings accounts, 

individuals can protect themselves from unexpected emergencies, such as medical expenses or job loss. Access to credit, 

meanwhile, can help individuals invest in businesses, housing, education, or health, driving economic mobility and 

reducing poverty.  

2.2 Enable Better Risk Management 

Financial inclusion allows underbanked individuals to manage risks more effectively. Through access to insurance 

products (such as health, life, and crop insurance), individuals can protect themselves from adverse financial events. For 

example, farmers in rural areas can insure their crops against natural disasters, which could otherwise lead to devastating 

financial loss. Without access to formal financial systems, underbanked individuals are forced to absorb these risks on their 

own, often leading to financial distress and further exclusion from the formal economy. 

2.3 Encourage Entrepreneurship and Job Creation 

Entrepreneurship is a key pathway out of poverty. Access to credit enables underbanked individuals to start or expand 

small businesses, which can generate income and create jobs in their communities. Microloans, for instance, have been 

widely recognized as a powerful tool for promoting small-scale entrepreneurship in low-income regions. By enabling more 

people to participate in business activities, financial inclusion drives local economic development, reduces unemployment, 

and contributes to overall societal growth. 

2.4 Enhance Social Inclusion and Equity 

Financial inclusion is a key factor in addressing social inequalities. By enabling access to financial services, underbanked 

individuals are given the opportunity to participate in the broader economy on an equal footing with others. This promotes 

social equity by reducing the divide between the wealthy and those excluded from the financial system. As individuals gain 

access to financial products, they can invest in education, health, and homeownership—key areas that contribute to a higher 

quality of life and greater social inclusion. 

2.5 Improve Financial Literacy and Decision-Making 

When underbanked individuals gain access to financial services, they also gain the opportunity to learn about managing 

their finances, improving their financial literacy. Financial education programs offered by banks, microfinance 

institutions, or other entities can equip individuals with the knowledge to make informed financial decisions. As financial 
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literacy improves, underbanked individuals are better positioned to make decisions that improve their financial outcomes, 

such as managing debt, saving for the future, or making investments. 

2.6 Support Gender Equality and Empower Women 

Financial inclusion is also an important driver of gender equality. In many parts of the world, women are 

disproportionately underbanked due to socio-cultural factors, limited access to financial resources, and discrimination. 

Financial services provide women with the tools to gain economic independence, manage household finances, and start 

businesses. This empowerment can have profound effects not only on women but on entire families and communities, 

helping to break the cycle of poverty and inequality. 

2.7 Foster Financial System Resilience 

Broadening financial inclusion increases the overall resilience of the financial system. When more people participate in the 

formal financial sector, the financial system becomes more robust and diversified. A wider base of customers and more 

varied financial products help to stabilize the financial system and make it more resilient to shocks. Furthermore, financial 

inclusion promotes more sustainable financial practices and reduces reliance on informal, unregulated financial systems 

that can contribute to instability. 

The underbanked population faces numerous contemporary challenges that hinder their ability to access essential financial 

services. These challenges include the lack of credit history, limited access to banking infrastructure, high transaction costs, 

and financial illiteracy. However, the importance of financial inclusion cannot be overstated. By improving access to 

financial products, underbanked individuals can gain greater financial stability, reduce risk, foster entrepreneurship, and 

participate more fully in society. Financial inclusion not only benefits the underbanked but also contributes to overall 

economic growth, social equity, and financial system resilience. The goal of achieving full financial inclusion for 

underbanked populations requires targeted efforts to overcome these challenges, including the use of innovative 

technologies like AI, improved financial literacy programs, and policy reforms that reduce barriers to access. 

AI powered solution approaches 

AI technologies, particularly machine learning (ML), natural language processing (NLP), and data analytics, have the 

potential to significantly improve financial inclusion for underbanked populations by providing innovative solutions to the 

challenges they face. Author has attempted to showcase a detailed table highlighting the specific challenges underbanked 

populations encounter and how AI can help address these issues: 

Challenge AI-Powered 

Solution 

Explanation 

1. Lack of Credit 

History 

Alternative Data 

Analytics 

AI algorithms can process alternative data (e.g., utility payments, 

mobile phone usage, social media activity, online transaction history) 

to generate a more accurate risk profile. This enables financial 

institutions to assess the creditworthiness of individuals with no 

formal credit history. 

2. Limited Access 

to Banking 

Infrastructure 

Digital and 

Mobile Banking 

Solutions 

AI can power chatbots, virtual assistants, and voice recognition 

systems to offer banking services via mobile platforms, making it 

easier for individuals to open accounts, access credit, and perform 

transactions without the need for a physical bank branch. 

3. High 

Transaction 

Costs and 

Hidden Fees 

Dynamic Pricing 

and Predictive 

Models 

AI models can predict loan repayment behaviors and set 

personalized pricing (interest rates, fees) based on the individual’s 

risk profile. This can reduce fees for lower-risk individuals and offer 

more competitive rates to underserved populations. 

4. Financial 

Literacy and 

Knowledge Gaps 

AI-Powered 

Financial 

Education 

AI can create personalized financial literacy programs using NLP 

to provide interactive and customized learning content. This helps 

individuals understand concepts like budgeting, saving, and 

investing, increasing their financial knowledge and confidence. 

5. Economic 

Instability and 

Income 

Verification 

through AI 

AI-driven platforms can use machine learning to verify income 

from informal employment sources, such as freelance or gig work, 

by analyzing transaction data, mobile money usage, or social security 
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Informal 

Employment 

payments. This helps financial institutions assess income stability 

even for informal workers. 

6. Geographical 

Barriers and 

Digital Divide 

AI-Optimized 

Access to 

Remote Services 

AI-powered services like mobile banking apps or voice-based AI 

assistants can provide access to banking services even in remote 

regions with limited internet connectivity. Offline models can be 

developed for people without smartphones or data plans, providing a 

digital bridge. 

7. Trust Deficit in 

Financial 

Institutions 

Transparent AI 

Models for 

Decision Making 

AI can be used to ensure transparent credit scoring by providing 

clear explanations for loan approvals or rejections. AI systems can 

utilize explainable models to improve trust in the decision-making 

process, which is essential for individuals skeptical about formal 

financial institutions. 

8. Limited Access 

to Credit and 

Financial 

Products 

AI-Driven 

Credit Scoring 

and Risk 

Assessment 

AI can create sophisticated credit scoring models that assess risk 

based on various non-traditional data sources. These models can 

provide access to microloans or small personal loans for individuals 

previously excluded due to a lack of formal credit. 

9. Lack of 

Financial 

Products 

Tailored to 

Needs 

Customized 

Financial 

Products Using 

AI 

AI can analyze financial behaviors and needs to design tailored 

financial products, such as flexible loan repayment plans, micro-

insurance, and savings accounts, which align with the unique 

circumstances of underbanked individuals. 

10. Data Privacy 

and Security 

Concerns 

AI-Powered 

Fraud Detection 

and Data 

Encryption 

AI-based fraud detection systems can analyze transaction data in 

real time, identifying suspicious activities and preventing fraud. 

Additionally, AI can implement strong data encryption techniques 

to safeguard personal and financial information, ensuring privacy 

and security. 

11. Financial 

Exclusion Due to 

Gender or Other 

Social Barriers 

Bias Reduction 

in AI Models 

AI models can be trained on diverse, representative datasets to 

ensure fair lending decisions. Additionally, AI can be used to 

identify patterns of discrimination and actively reduce bias in loan 

approvals or financial product offerings, supporting equitable access 

to credit for all. 

12. Complexity 

in Accessing 

Credit for Small 

Businesses 

AI-Driven SME 

Loan Evaluation 

Models 

AI can assess the creditworthiness of small businesses by analyzing 

financial data, cash flow, and even social media activity. This allows 

lenders to provide loans to micro and small businesses that would 

otherwise be underserved, facilitating business growth and job 

creation. 

13. Inability to 

Scale 

Microfinance 

Operations 

Automation of 

Microloan 

Approval and 

Disbursement 

AI can automate the entire process of loan approval, disbursement, 

and repayment monitoring for microfinance institutions, drastically 

reducing the time, effort, and costs associated with serving large 

numbers of underbanked clients. 

14. Insufficient 

Loan Tracking 

and Repayment 

Support 

AI-Driven Loan 

Monitoring and 

Repayment 

Systems 

AI can monitor loan repayment schedules in real time, send 

reminders to borrowers, and offer customized solutions for 

individuals facing difficulty repaying loans (e.g., extending 

deadlines, reducing interest). This can help prevent defaults and 

improve overall loan recovery rates. 

15. Lack of 

Integration 

Between Formal 

and Informal 

Financial 

Systems 

AI-Based Data 

Integration and 

Ecosystem 

Creation 

AI can facilitate the integration of data from informal financial 

systems (e.g., money lenders, community savings groups) with 

formal financial services. This integration allows individuals who 

rely on informal systems to gradually transition into the formal 

banking system, improving financial inclusion. 

AI has the potential to address the unique challenges of underbanked populations, significantly enhancing their access to 

financial services, improving their financial literacy, and reducing the risks involved in lending to these communities. 

Through innovative applications of AI, financial inclusion can be achieved, leading to broader economic empowerment 

and social equity for underbanked individuals worldwide. 
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Government Policy and Regulatory Framework for AI Incorporation 

The integration of Artificial Intelligence (AI) into various sectors, including finance, healthcare, education, and 

transportation, has the potential to revolutionize economies and societies. However, to harness the full benefits of AI while 

minimizing its risks, governments must establish clear policy guidelines and a robust regulatory framework. These 

policies and frameworks need to address a variety of considerations including ethics, data privacy, accountability, 

transparency, security, and fairness. Below is a detailed explanation of the key components of a government policy and 

regulatory framework for AI incorporation: 

1. Ethical Guidelines for AI Development and Use 

Governments must create and enforce ethical standards for AI systems to ensure they are developed and deployed in ways 

that benefit society without causing harm. 

Key Considerations: 

• Fairness and Non-discrimination: AI systems must be designed to avoid bias and ensure fairness. Government 

policies should mandate the use of diverse datasets to train AI models and ensure that outcomes are not biased 

against any group, particularly marginalized or underrepresented communities. 

• Transparency and Accountability: AI systems should be transparent in their decision-making processes. 

Governments should require businesses and organizations to disclose how their AI models work, including the 

data sources and algorithms used. Accountability mechanisms should be in place to ensure that companies are 

responsible for any harm caused by AI systems, whether they are financial, social, or reputational. 

• Human Oversight: Governments should mandate that AI applications, especially in critical areas like healthcare, 

finance, and law enforcement, have human oversight to intervene if needed. The objective is to prevent situations 

where AI systems make decisions without human accountability. 

• Avoiding Harmful Impacts: Policies should emphasize that AI technologies should be developed and used in a 

manner that prevents harm to individuals, communities, and society at large. This includes issues such as AI's 

potential to perpetuate unemployment or disrupt sectors of the economy. 

2. Data Privacy and Protection 

AI systems rely heavily on data—especially personal data—to function. Government policies must ensure that data privacy 

is maintained and personal data is protected. 

Key Considerations: 

• Data Protection Laws: Governments must establish comprehensive data protection regulations to ensure the 

collection, storage, and processing of personal data by AI systems comply with privacy standards. This can be 

similar to the General Data Protection Regulation (GDPR) in the European Union, which sets strict guidelines 

on how personal data should be handled. 

• Consent and Ownership: Policies should define clear guidelines on data ownership and require that users 

provide explicit consent for the collection and use of their personal data by AI systems. 

• Anonymization and Minimization: To protect privacy, AI systems should adopt data anonymization and data 

minimization practices, ensuring that personal data is only used when necessary and that personally identifiable 

information (PII) is not exposed unnecessarily. 

• Cross-border Data Flows: AI development often involves global collaboration, and data may be transferred 

across borders. Governments must regulate international data flows to ensure compliance with national privacy 

standards and prevent the misuse of personal data in foreign jurisdictions. 

3. AI Transparency and Explainability 

AI models, particularly deep learning algorithms, can be complex and opaque, making it difficult for end-users to 

understand how decisions are made. A policy framework should encourage transparency in AI models and systems. 
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Key Considerations: 

• Explainable AI: Governments should advocate for explainable AI (XAI), which involves developing algorithms 

that provide understandable, human-readable explanations of their decision-making processes. This is especially 

important in critical sectors like healthcare, finance, and law enforcement, where decisions made by AI systems 

can significantly impact people's lives. 

• Auditability: Policies should require that AI systems be auditable, meaning that their decision-making processes 

can be reviewed by external bodies. This ensures that AI systems can be held accountable for their outcomes. 

• Clear Documentation: AI systems should have clear, detailed documentation that outlines how they were 

designed, tested, and deployed. This includes transparency about the data used to train the system and the potential 

biases in the data. 

4. Safety and Security 

AI technologies must be secure from cyber threats, and there should be regulations in place to safeguard systems from 

malicious attacks, vulnerabilities, and misuse. 

Key Considerations: 

• AI Security Standards: Governments should set clear standards for the cybersecurity of AI systems. This 

includes creating frameworks for testing and certifying AI systems for security vulnerabilities, particularly when 

used in sensitive areas like defense, healthcare, and finance. 

• AI-Powered Cyber Defense: AI systems can also be used to enhance cybersecurity by detecting patterns of 

attacks and predicting future threats. Governments should foster the use of AI in cyber defense while ensuring 

that such systems themselves are protected from adversarial attacks. 

• Adversarial Attacks and Model Robustness: AI systems should be resilient to adversarial attacks—situations 

where malicious actors intentionally manipulate AI inputs to achieve undesirable outcomes. Governments should 

create policies to test and safeguard AI systems against such vulnerabilities, ensuring robustness against 

manipulation. 

5. AI and Employment 

AI has the potential to disrupt traditional job markets, particularly through automation. Policymakers must prepare for the 

economic and social implications of widespread AI adoption. 

Key Considerations: 

• Job Displacement and Retraining: Governments should create policies that support workers who are displaced 

due to AI-driven automation. This includes providing retraining programs and educational opportunities to help 

individuals transition into new roles. 

• AI in Workforce Planning: Governments can use AI to forecast changes in labor markets and job requirements. 

This can help them shape labor policies and allocate resources for sectors that may need human workers alongside 

AI systems, like healthcare or education. 

• Promoting AI-Driven Job Creation: While AI may cause job losses in some areas, it also has the potential to 

create new jobs in AI development, ethics, data science, and AI-enabled industries. Governments should create 

incentives for AI companies to create new job opportunities for a more inclusive workforce. 

6. AI Innovation and Research 

Governments should encourage AI research and innovation, while also ensuring that new technologies are developed 

responsibly and equitably. 
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Key Considerations: 

• Government Funding for AI Research: Policies should include financial support for AI research and 

development to drive innovation, particularly in areas that can improve public welfare (e.g., AI for health, 

environmental sustainability, education). 

• Public-Private Partnerships: Governments should create frameworks for collaborative partnerships between 

public institutions, universities, and private sector players. This fosters knowledge-sharing, research, and the 

responsible development of AI technologies. 

• Global Cooperation: AI is a global phenomenon, and international collaboration is essential for addressing global 

challenges such as climate change, pandemics, and inequality. Governments should advocate for international 

cooperation and alignment on AI standards, ethics, and regulations. 

7. AI Impact Assessment and Risk Management 

AI systems can have profound social, economic, and ethical impacts. Governments should require impact assessments 

before AI systems are deployed, especially in sensitive applications like law enforcement, hiring, and lending. 

Key Considerations: 

• AI Impact Assessments: Governments should mandate that developers conduct AI impact assessments that 

analyze the potential social, economic, and ethical implications of AI systems. This should include evaluating 

their effects on human rights, fairness, and privacy. 

• Risk Management Frameworks: Governments should require organizations to establish risk management 

frameworks for AI systems to monitor potential negative outcomes, such as discrimination or harm to vulnerable 

populations. This includes setting up corrective mechanisms if AI systems cause harm. 

8. Public Awareness and Engagement 

Governments should engage with citizens to ensure they understand the implications of AI and have a say in how it is used. 

Key Considerations: 

• Public Consultation: Before introducing policies, governments should engage in public consultations to gauge 

public concerns, educate people about AI’s benefits and risks, and shape regulations that reflect societal values. 

• Digital Literacy: Governments should invest in digital literacy programs that teach citizens how AI works and 

how it can impact their lives. This ensures that individuals can navigate AI-powered services and make informed 

decisions. 

• AI in Governance: Governments can use AI to enhance transparency and participation in governance, using 

AI tools to analyze public opinion and improve decision-making processes. 

The integration of AI into society offers immense opportunities but also significant challenges. Governments must play an 

active role in creating a policy and regulatory framework that guides the development, deployment, and use of AI. By 

addressing ethical concerns, ensuring data privacy, guaranteeing security, and fostering innovation, governments can help 

maximize the benefits of AI while minimizing its risks. A balanced approach to regulation, one that promotes both 

innovation and public safety, is essential to realizing AI's full potential in fostering economic growth, improving social 

outcomes, and enhancing the quality of life for all citizens. 

Conclusion 

AI holds significant potential to enhance financial inclusion for underbanked populations by addressing challenges such as 

lack of credit history, limited access to banking, and high transaction costs. Through innovative solutions like alternative 

data analysis and personalized financial products, AI can provide better access to credit and services. However, for AI to 

be effective and ethical, governments must establish robust regulatory frameworks that prioritize data privacy, 

transparency, fairness, and accountability. By promoting innovation, protecting citizens, and ensuring inclusive access, AI 

can drive economic growth and foster a more equitable financial system for all. 
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