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Abstract 

This paper examines the transformative potential of artificial intelligence (AI) and data analytics 

in enhancing financial infrastructure, particularly within developing economies. As financial 

inclusion emerges as a critical driver of economic growth and poverty reduction, the integration 

of AI and data analytics into financial systems offers a powerful means to extend access to 

financial services for underserved populations. These technologies enable more accurate credit 

assessments, improved risk management, and the personalization of financial products, thereby 

addressing key barriers to financial inclusion. The paper also examines the challenges associated 

with the adoption of AI and data analytics, including data privacy, ethical considerations, and the 

digital divide, and discusses strategies for overcoming these obstacles to ensure that the benefits 

are widely shared. By leveraging AI and data analytics, financial institutions can play a pivotal 

role in promoting inclusive and sustainable economic development, ultimately contributing to the 

broader goal of poverty alleviation. 
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INTRODUCTION 
The financial sector is experiencing a significant shift as 

artificial intelligence (AI) and data analytics are increasingly 

leveraged to enhance financial infrastructure. In many 

developing countries, a large portion of the population 

remains excluded from formal financial services due to 

obstacles such as low literacy, limited access to traditional 

banking, and poor credit histories. AI technologies, like 

chatbots and virtual assistants, are emerging as effective 

solutions to these barriers, offering personalized financial 

support in a user-friendly way that even those with limited 

literacy can navigate (Jain et al., 2021). 

Data analytics plays a crucial role by providing insights into 

customer behaviors, such as spending patterns and transaction 

histories, which allow financial service providers to customize 

their offerings for underserved communities. By tapping into 

non-traditional data sources like mobile phone usage and 

utility payments, analytics also enables the development of 

alternative credit scoring models, helping those without 

formal credit histories to gain access to loans on fairer terms 

(Varghese & Swain, 2022). As these technologies continue to 

advance, their ability to reshape financial systems and 

promote inclusive growth becomes clearer. 

Data analytics involves computational methods for examining 

data to reveal patterns and insights that inform decision-

making (Rahmani et al., 2021). It includes various techniques 

that process large datasets, ranging from descriptive analytics 

that summarize past data to predictive models that forecast 

future events using historical data. Platforms like Hadoop and 

Spark facilitate the processing of large datasets, while 

visualization tools like Tableau and Power BI make complex 

data more understandable (Sousa et al., 2021). 

In terms of financial inclusion, data analytics enables 

institutions to identify underserved segments, incorporate 

alternative credit assessments, and customize services to meet 

the needs of diverse customer groups. It also informs financial 

education initiatives and improves the security and 

accessibility of digital payment systems (Pazarbasioglu et al., 

2020). Through these means, data analytics fosters a more 

inclusive and responsive financial landscape. 

LITERATURE REVIEW 
Conceptual Review 

Concept of Financial Infrastructure 

Financial infrastructure refers to the integrated system of 

technological and organizational components that support the 

delivery and operation of financial services through digital 

platforms. This system includes hardware, software, networks, 

communication protocols, and regulatory frameworks that 

enable the smooth execution of financial transactions such as 

payments, transfers, and investments via digital channels like 
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mobile devices, computers, and the internet (Iwedi, Kocha & 

Wike, 2022). 

It allows individuals, businesses, and institutions to manage 

and conduct transactions electronically, often eliminating the 

need for physical visits to traditional financial institutions. 

Key components of this infrastructure include ATMs, point-

of-sale (POS) systems, web-based payment platforms, mobile 

banking applications, secure communication protocols, digital 

wallets, and back-end banking systems (Iwedi, Wachukwu & 

Amadi, 2023). The infrastructure must also adhere to 

regulatory and cybersecurity standards to ensure the security 

and integrity of financial activities. A well-developed digital 

finance infrastructure promotes financial inclusion, improves 

accessibility, enhances operational efficiency, and ensures 

secure financial transactions, ultimately contributing to 

broader economic development and increased participation in 

the financial ecosystem. 

The key components of digital finance infrastructure in 

Nigeria:  

ATMs (Automated Teller Machines): ATMs are electronic 

devices that enable customers to conduct basic banking 

activities independently, without requiring assistance from a 

bank teller. These machines allow users to perform functions 

such as cash withdrawals, checking balances, and transferring 

funds. Available 24/7 in public spaces like malls, airports, and 

streets, ATMs consist of both hardware and software 

components, including card readers, PIN pads, screens for 

interaction, cash dispensers, and sometimes printers for 

receipts. Internally, ATMs are equipped with computers, 

secure network connections, and robust security measures. 

When a user inserts their card and enters their PIN, the 

machine connects with the bank's system to authenticate the 

transaction. Security features such as encryption, surveillance 

cameras, and anti-tampering mechanisms help ensure data 

safety and operational integrity (Ravi, Kuppusamy & 

Suganthi, 2013). 

POS (Point of Sale) Technology: POS technology refers to 

the integrated hardware and software systems used by 

merchants to complete sales transactions. It is essential in 

retail and other sectors for managing payments, tracking 

inventory, and generating reports. A POS system typically 

includes devices such as cash registers, barcode scanners, card 

readers, and receipt printers, combined with software that 

processes sales and payments. When a customer purchases 

goods, the POS system registers the items, calculates the total, 

and facilitates payment through methods like credit/debit 

cards or mobile wallets. These systems are connected to a 

network that communicates with the merchant's bank to 

authorize transactions and ensure seamless operations 

(Kapoor & Singh, 2015). 

Web Banking Technology: Web banking, or online banking, 

allows customers to manage their bank accounts and perform 

transactions over the internet. Activities such as viewing 

account balances, transferring money, paying bills, and even 

applying for loans can be done remotely through secure 

banking websites. Web banking platforms use encryption and 

authentication protocols to safeguard user information, relying 

on technologies like web servers, databases, and secure 

communication standards such as HTTPS. Customers log into 

secure websites provided by their banks to access and manage 

their accounts, with multi-factor authentication and regular 

security updates ensuring protection against unauthorized 

access and threats (Sulaiman & Che-Ha, 2011). 

Artificial Intelligence  

Artificial Intelligence (AI) refers to the development of 

computer systems designed to perform tasks that usually 

require human cognitive abilities, such as visual recognition, 

speech processing, decision-making, and language translation 

(Hu & Chen, 2022). The primary goal of AI is to replicate 

mental processes like learning and problem-solving in 

machines. AI comprises several key areas, including machine 

learning, which develops algorithms that enable computers to 

learn from data and make decisions or predictions. Deep 

learning, a branch of machine learning, uses neural networks 

modeled after the human brain to analyze complex patterns in 

large datasets. Another essential component of AI is natural 

language processing (NLP), which allows computers to 

interpret, understand, and generate human language, enabling 

more intuitive interactions between machines and users. 

AI systems perform tasks by analyzing data to maximize their 

effectiveness. AI is often considered a technology portfolio 

because of its various types, each with distinct functions and 

development trajectories (Kaput, 2016). The two major 

categories of AI are Artificial General Intelligence (AGI) and 

Narrow AI. AGI, often referred to as strong AI, is a 

theoretical system capable of performing any task a human 

can, a concept still largely speculative and seen mostly in 

science fiction. Cannella (2018) notes that true AGI has not 

yet been achieved due to the complexity of replicating human 

cognition. In contrast, Narrow AI, or weak AI, is designed to 

excel in specific domains such as predictive analytics, 

customer segmentation, image recognition, and autonomous 

driving—these are the AI systems most commonly used 

today. 

AI’s rapid growth in recent years has been fueled by 

advancements in cognitive mechanisms and the ability of 

machines to learn from vast amounts of data (Lieto, Bhatt, 

Oltramari, & Vernon, 2017). Additionally, AI’s power 

extends to processing diverse data formats, including 

numbers, images, text, and audio, and assigning them 

meaning for further analysis (Dhar, 2016). Initially capturing 

the attention of IT professionals and engineers, AI is now 

expanding into management and marketing, becoming a 

crucial tool for analyzing the increasing volumes of consumer 

data available through big data platforms and mobile 

technologies (Grawal, Gans, & Goldfarb, 2017). This data-

driven approach has made AI an indispensable partner in 

modern marketing strategies. 

Data Analytics 

Handa and Garima (2014) define data analytics as the process 

of utilizing both qualitative and quantitative data to generate 

insights that enhance people management and support 
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informed decision-making. In essence, data analytics involves 

gathering, processing, and presenting data through 

information technology tools. Heuvel and Bondarouk (2017) 

further emphasize that data analytics systematically identifies 

and measures key factors that influence human resource 

decisions, enabling more effective decision-making in relation 

to business outcomes. This underscores the importance of 

analyzing HR-related data in a structured manner to inform 

decisions. 

Davenport, Harris, and Shapiro (2007) describe big data 

analytics as the extensive application of data, statistical and 

quantitative analyses, and predictive models, as well as fact-

based management, to guide decisions and actions. In other 

words, big data analytics involves processing raw data using 

various statistical techniques, leading to a shift toward 

evidence-based management, as opposed to relying on 

intuition or personal experience. Davenport and Kim (2013) 

categorize big data analytics into three types: descriptive 

analytics (which answers "what happened?"), predictive 

analytics ("what is likely to happen?"), and prescriptive 

analytics ("what should we do about it?"). Since data analytics 

aims to improve individual and organizational performance, it 

should prioritize future outcomes over past events (Smeyers, 

2012). Despite the rapid growth of HR analytics, many 

organizations still face challenges in implementing it due to 

significant capability gaps in current business practices 

(Deloitte, 2015, 2016, 2017). 

Descriptive Analytics 

Descriptive analytics is the foundational type of data 

analytics, primarily used to analyze past behaviors and 

outcomes while identifying patterns and relationships within 

the data (Fitz-enz, 2010; Ulrich & Dulebohn, 2015). Its main 

purpose is to improve processes and reduce costs by 

answering the question, ―What happened?‖ (Fitz-enz & 

Mattox, 2014). Descriptive analytics employs tools such as 

dashboards, scorecards, data visualization, and basic data 

mining techniques to present insights but does not assign 

specific meanings to the observed patterns (Fitz-enz & 

Mattox, 2014). Since it is exploratory rather than predictive, 

users should be cautious not to use these findings to make 

forecasts, as its primary role is to interpret the present based 

on past data (Narula, 2015). 

The key difference among the various types of analytics lies 

in the questions they address and their contribution to 

business value. Descriptive analytics focuses on 

understanding the past to make better decisions and typically 

examines relationships and differences within data groups 

(Naasz & Nadel, 2015). According to Ranjan and Basak 

(2013), descriptive analytics is the most widely accessible 

form, relying on raw data from different sources to provide 

insights into historical events. Although it utilizes secure 

technology, advanced statistical tools are often required. As 

Ruohonen (2015) notes, descriptive analytics is characterized 

by its focus on process improvement, cost reduction, and data 

visualization through formats like scorecards and dashboards, 

while primarily describing historical and current data trends. 

Predictive Analytics  

Predictive analytics, the second type of data analysis, focuses 

on interpreting data to make future projections. It involves 

applying statistical and forecasting models to historical and 

current data to predict future trends (Reddy & 

Lakshmikeerthi, 2017). As Fitz-enz (2009) notes, with 

sufficient practice, it becomes possible to use historical data to 

anticipate future outcomes, concentrating on probabilities and 

potential impacts (Fitz-enz & Mattox, 2014). This type of 

analysis answers the question, "Why did it happen?" and can 

be used to improve job performance by identifying key 

attributes or screening potential candidates (Watson, 2014). 

Predictive models, such as genetic algorithms, neural 

networks, and decision trees, help assess future job demands 

and optimize hiring and retention strategies (Narula, 2015). 

However, only 4% of companies have achieved the capability 

to apply predictive analytics to their workforce (Bersin, 2013, 

as cited in Narula, 2015). 

Predictive analytics provides organizations with actionable 

insights, allowing them to make more informed, future-

oriented decisions (Mishra, Lama, & Pal, 2016). Unlike 

descriptive analytics, which reacts to past data, predictive 

analytics takes a proactive approach by using techniques like 

data mining to uncover patterns from large datasets, 

answering questions about where and how events will recur. It 

is used across various organizational functions, including 

recruitment, training, succession planning, retention, 

engagement, compensation, and benefits (Mishra et al., 2016). 

Predictive HR analytics (PHRA) enhances decision-making 

by using historical data to forecast future trends, thus enabling 

better management of human capital and other organizational 

risks. Although no algorithm can guarantee 100% accuracy, 

PHRA helps estimate the likelihood of future outcomes by 

applying statistical models to past trends (Mishra et al., 2016). 

This approach is widely used in industries such as banking to 

predict consumer behavior, and in HR management to 

forecast employee retention for succession planning. 

Examples of PHRA include comparisons of error rates against 

skill levels or attrition rates over time. By moving beyond 

retrospective analysis, PHRA allows organizations to make 

predictive assessments and develop detailed action plans. 

Sesil (2013) highlights that PHRA has been instrumental in 

achieving goals related to HR management, workforce 

planning, and performance management. 

Prescriptive Analytics  

The third and highest level of data analytics is known as 

prescriptive analysis. This advanced type of analysis focuses 

on complex datasets to facilitate improved decision-making. It 

seeks to address the questions, ―What should be done?‖ and 

―How can we make it happen?‖ By utilizing prescriptive 

analytics, organizations can accurately predict workforce-

related events, such as potential employee resignations 

(Jensen-Eriksen, 2016). Techniques like mathematical 

programming and simulation exemplify prescriptive analysis. 

Notably, prescriptive analytics surpasses mere predictions by 

leveraging high-quality statistical data to exert a significant 
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influence on business outcomes. This level represents an 

evolution of predictive analytics, as it integrates optimization 

techniques with statistical analysis to account for data 

uncertainties (Kapoor & Kabra, 2014). Ranjan and Basak 

(2013) assert that prescriptive analytics comes into play 

following predictive analytics, focusing on the necessary 

actions to be taken in response to anticipated future events. 

The core question that prescriptive analytics aims to answer 

is, ―How can we make it happen?‖ This type of analysis 

employs advanced technologies and tools, making it 

sophisticated in its management and implementation. 

According to Ruohonem (2015), key features of prescriptive 

analytics include an emphasis on decision alternatives, 

optimization based on predicted future outcomes, a 

description of potential decision options and their impacts, 

and the visualization of future actions through tools like 

scorecards and dashboards, which illustrate the implications 

of various decisions on business performance. 

Leveraging AI in Financial Infrastructure 

Artificial Intelligence (AI) is rapidly transforming the 

financial sector, fundamentally altering traditional practices 

and opening new avenues for innovation and efficiency 

(Bharadiya, Thomas & Ahmed, 2023). Its adoption is not 

merely a technological advancement but a strategic necessity 

for financial institutions aiming to remain competitive in a 

rapidly evolving market (Dwivedi et al., 2021). 

One of the most notable impacts of AI in finance is its 

capacity to enhance customer experience. AI-powered 

chatbots and virtual assistants allow financial institutions to 

deliver personalized and responsive services (Farahani & 

Esfahani, 2022). These tools can efficiently handle customer 

inquiries and provide continuous support, even offering 

tailored financial advice (George & George, 2023). 

Consequently, this leads to improved service quality and 

efficiency, resulting in higher customer satisfaction and 

loyalty (Dwivedi et al., 2021). 

AI is also revolutionizing risk management within the 

financial sector. By analyzing vast datasets, AI algorithms can 

identify patterns and anomalies, enabling institutions to detect 

and mitigate risks more effectively (Bharadiya et al., 2023). 

This encompasses fraud detection, credit scoring, and market 

trend predictions (Patel, 2023). Utilizing AI for risk 

management equips financial institutions to make more 

informed decisions, minimize risk exposure, and bolster 

overall resilience (Farahani & Esfahani, 2022). 

Operational efficiency represents another critical area where 

AI is making a significant impact. By automating repetitive 

tasks, AI streamlines processes, thereby reducing the 

necessity for manual intervention. This allows employees to 

focus on more strategic activities, leading to cost savings and 

improved efficiency across various functions, such as 

compliance, data management, and customer service (Elahi et 

al., 2023; Javaid et al., 2022). 

Moreover, AI empowers financial institutions to create 

innovative products and services that cater to the evolving 

needs of their customers. For instance, AI-driven robo-

advisors provide automated investment advice, while 

analytics offer insights into customer behavior and 

preferences (Farahani & Esfahani, 2022). These innovations 

not only elevate customer satisfaction but also stimulate 

revenue growth and market differentiation (Elahi et al., 2021). 

In summary, the integration of AI into the financial sector is 

catalyzing a paradigm shift towards greater innovation and 

efficiency (Bharadiya et al., 2023). By leveraging AI 

technologies, financial institutions can enhance customer 

experiences, refine risk management practices, drive 

operational efficiency, and develop innovative products and 

services (Dwivedi et al., 2021). As AI continues to advance, 

its influence on the financial landscape is anticipated to 

expand, further underscoring its importance in shaping the 

future of finance (Javaid et al., 2022). 

AI also plays a crucial role in helping banks reduce costs 

through automation. Many banking processes, such as 

customer service, fraud detection, back-office operations, and 

compliance, can be effectively automated using AI tools (Gill 

et al., 2022). For instance, AI chatbots manage customer 

inquiries and support requests, significantly lessening the need 

for human intervention (Farahani & Esfahani, 2022). 

Additionally, AI algorithms can analyze transactions in real-

time to detect and prevent fraud, potentially saving banks 

millions in losses (Choithani et al., 2022). 

The application of AI algorithms has transformed fraud 

detection in banking, providing advanced tools for real-time 

transaction analysis and fraud identification (Choithani et al., 

2022). As financial crimes grow increasingly sophisticated, 

leveraging AI solutions becomes essential for banks to 

mitigate losses by preventing fraudulent transactions 

(Dwivedi et al., 2021). Furthermore, automating these 

processes reduces operational costs while improving 

efficiency, allowing banks to allocate resources toward 

strategic initiatives (Choithani et al., 2022). 

AI algorithms employ various techniques for fraud detection, 

including machine learning, anomaly detection, and predictive 

analytics (Choithani et al., 2022). Machine learning 

algorithms analyze historical transaction data to identify 

patterns indicative of fraudulent behavior, while anomaly 

detection algorithms flag transactions that deviate from 

established norms (Choithani et al., 2022; Suhel et al., 2020). 

Predictive analytics utilizes historical data to forecast 

potential fraud trends and risks (Suhel et al., 2020). 

However, a significant challenge in fraud detection is the 

constantly evolving nature of fraudulent tactics (Choithani et 

al., 2022). Fraudsters continually develop new methods to 

evade detection, presenting a challenge for banks. 

Nevertheless, AI algorithms can adapt to these changes by 

learning from new data and adjusting their detection strategies 

accordingly (Suhel et al., 2020). This adaptability is crucial 

for staying ahead of fraudsters and safeguarding banks and 

their customers against financial losses (Parthiban & Adil, 

2023). 
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Additionally, AI-powered fraud detection enhances customer 

experiences by accurately identifying fraudulent transactions 

and minimizing false positives, which are legitimate 

transactions mistakenly flagged as fraudulent (Dwivedi et al., 

2021). This improvement reduces customer inconvenience 

and helps maintain trust in the banking system (Dwivedi et al., 

2021). AI also holds promise for addressing racial biases in 

credit decision-making. By leveraging data-driven systems 

focused on objective criteria, banks can make more accurate 

and impartial credit decisions, improving outcomes for both 

customers and lenders (Gill et al., 2024; Al-Dosari et al., 

2024). 

Leveraging Data Analytics and Financial Infrastructure 

Data analytics is revolutionizing the financial sector by 

enabling institutions to enhance credit scoring and risk 

assessment through innovative methods. By leveraging 

alternative data sources, financial institutions can gain deeper 

insights into individuals' payment behaviors and financial 

responsibilities. For instance, analysis of utility and bill 

payments, such as electricity, water, and rent, offers valuable 

information about an individual’s reliability in meeting 

financial obligations. Moreover, data derived from mobile 

phone usage—including call records, text messages, and 

mobile money transactions—can be instrumental in assessing 

an individual’s creditworthiness and financial stability. 

Additionally, insights gained from social media and online 

activity, such as employment history, social connections, and 

purchasing behavior, provide further data points for effective 

credit scoring and risk evaluation (Njuguna & Sowon, 2021). 

Psychometric testing, which evaluates psychological and 

behavioral data, is another emerging tool for assessing 

individuals' financial attitudes, preferences, and risk tolerance. 

Financial institutions can utilize predictive models to evaluate 

creditworthiness, employing machine learning algorithms like 

logistic regression, decision trees, and random forests to 

analyze historical data and predict the likelihood of default on 

loans or credit obligations. These credit scoring models 

combine traditional and alternative data sources to assign 

individuals a credit score, reflecting their creditworthiness and 

repayment likelihood. Furthermore, behavioral scoring 

models assess individuals' financial behaviors and usage 

patterns to evaluate their creditworthiness and risk profiles. 

Data analytics also empowers financial institutions to analyze 

customer behaviors and preferences, facilitating the 

personalization of financial products and services. By 

examining transaction data, institutions can uncover 

individuals’ spending habits, income sources, and financial 

goals, thereby customizing offerings to better suit customer 

needs. Segmentation analysis categorizes customers into 

distinct groups based on their preferences and risk profiles, 

enabling targeted tailoring of products and services (Umuhoza 

et al., 2020). Additionally, data analytics helps identify 

opportunities for cross-selling and upselling products to 

existing customers. 

Financial institutions can leverage data analytics to design 

tailored financial solutions for underserved populations. For 

example, microfinance institutions can develop microloans, 

micro-savings, and microinsurance products to meet the 

specific needs of low-income individuals and small 

businesses. Mobile banking solutions utilize mobile 

technology and data analytics to deliver accessible financial 

services to individuals in remote areas, while community 

banking initiatives use analytics to understand and cater to the 

unique needs of specific communities (Leonhardt et al., 

2022). 

In the realm of financial literacy and education, data analytics 

enables the development of data-driven programs. By 

analyzing individuals' financial behaviors and decision-

making processes, institutions can gain insights into the 

factors influencing financial literacy. Targeted interventions 

can then be designed to identify individuals with low levels of 

financial literacy, providing them with customized 

educational resources and support (Awan et al., 2021). 

Furthermore, data analytics facilitates the tracking and 

evaluation of the impact of financial literacy programs, 

enabling institutions to identify effective strategies and areas 

for improvement. 

For policymakers and financial institutions, data analytics 

serves as a powerful tool for tracking and measuring the 

effectiveness of financial inclusion initiatives. Outcome 

metrics, such as the number of individuals accessing financial 

services, transaction volumes, and changes in financial 

behaviors, help assess the success of these initiatives. Impact 

evaluation studies leverage data analytics to measure the long-

term effects of financial inclusion on individuals' economic 

stability, well-being, and quality of life, allowing for 

continuous monitoring and improvement of these initiatives. 

Additionally, data analytics plays a crucial role in optimizing 

mobile banking and payment platforms. By analyzing user 

interactions and feedback, institutions can enhance the user 

experience, making these platforms more intuitive and 

accessible (Tabiaa and Madani, 2021). Data analytics 

algorithms are also employed to detect and prevent fraudulent 

transactions, bolstering security and trust among users. Real-

time transaction monitoring facilitates the identification of 

suspicious activities, alerting financial institutions to potential 

fraud or unauthorized transactions. Anomaly detection 

algorithms are instrumental in the detection and prevention of 

fraud in digital payments and transactions. 

Conclusion 
The integration of AI and data analytics into financial 

infrastructure presents a powerful opportunity to transform the 

financial landscape, particularly in developing economies. By 

enhancing the accuracy of credit assessments, improving risk 

management, and enabling the personalization of financial 

services, these technologies can significantly increase access 

to financial resources for underserved populations. This, in 

turn, promotes financial inclusion, a key driver of economic 

growth and poverty alleviation. However, to maximize the 

potential of AI and data analytics, it is crucial to address 

challenges such as data privacy, ethical concerns, and the 

digital divide. By doing so, we can ensure that the benefits of 
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these advancements are broadly shared, contributing to more 

inclusive and sustainable economic development. 
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