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Abstract 

Purpose: The aim of the study was to examine the 

influence of artificial intelligence on credit risk 

assessment in banking sector. 

Methodology: This study adopted a desk 

methodology. A desk study research design is 

commonly known as secondary data collection. This 

is basically collecting data from existing resources 

preferably because of its low cost advantage as 

compared to a field research. Our current study 

looked into already published studies and reports as 

the data was easily accessed through online journals 

and libraries. 

Findings: The study found that AI-driven models 

demonstrate superior performance in identifying 

risky borrowers and capturing complex credit risk 

patterns compared to traditional methods. 

Additionally, the integration of explainable AI 

(XAI) techniques has enhanced transparency and 

interpretability in credit risk assessment processes, 

facilitating better understanding among stakeholders 

and improving decision-making transparency. 

Unique Contribution to Theory, Practice and 

Policy: Decision theory & technology acceptance 

model (TAM) may be used to anchor future studies 

on influence of artificial intelligence on credit risk 

assessment in banking sector. Continuously invest in 

research and development to advance the theoretical 

understanding of AI-driven credit risk assessment 

models. This includes exploring the integration of 

machine learning with behavioral economics 

theories to better predict borrower behavior and 

default probabilities. Encourage banks to adopt a 

hybrid approach that combines the strengths of AI-

driven models with human expertise. Develop 

comprehensive regulatory guidelines and standards 

to govern the use of AI in credit risk assessment and 

ensure ethical and responsible practices. This 

includes establishing transparent model validation 

and governance frameworks to mitigate the risks of 

algorithmic bias, data privacy violations, and 

discriminatory lending practices. Regulatory 

authorities should also promote industry-wide 

collaboration and knowledge sharing to foster 

innovation while safeguarding consumer interests 

and financial stability. 
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INTRODUCTION 

Credit risk assessment in the banking sector involves the evaluation of the likelihood that 

borrowers will default on their debt obligations, thereby posing a risk to the lender. In 

developed economies such as the United States and the United Kingdom, credit risk assessment 

processes have evolved significantly with the advent of advanced data analytics and 

technology. For example, in the United States, major banks utilize sophisticated credit scoring 

models that analyze various financial and non-financial factors to assess the creditworthiness 

of borrowers. According to a study by Berger (2016), the adoption of credit scoring models in 

the U.S. banking sector has led to more accurate risk assessment and improved loan 

performance metrics, contributing to the overall stability of the financial system. 

Similarly, in the United Kingdom, banks employ advanced credit risk assessment techniques, 

including statistical models and machine learning algorithms, to evaluate the creditworthiness 

of borrowers. Research by Altman and Sabato (2018) highlights the use of predictive analytics 

and big data analytics in credit risk assessment, allowing banks to better identify and manage 

potential credit risks. These technological advancements have enabled banks to make more 

informed lending decisions, resulting in reduced default rates and enhanced portfolio 

performance. 

In Japan, credit risk assessment in the banking sector is characterized by a combination of 

traditional credit analysis methods and advanced risk management techniques. One prominent 

example is the use of credit scoring systems, similar to those employed in other developed 

economies, to evaluate the creditworthiness of individual borrowers. These scoring systems 

utilize a variety of financial and non-financial data to assess the likelihood of default, allowing 

banks to make informed lending decisions. Additionally, Japanese banks often employ 

sophisticated credit risk models that incorporate factors such as economic indicators, industry 

trends, and borrower characteristics to quantify and manage credit risk effectively. Research 

by Moriyasu, Takahashi, and Yamada (2019) highlights the importance of credit risk 

assessment models in the Japanese banking sector, particularly in light of changing regulatory 

requirements and economic conditions. 

In the United Kingdom, credit risk assessment practices in the banking sector have evolved 

significantly in response to regulatory changes and advancements in technology. One notable 

trend is the increasing use of machine learning and artificial intelligence algorithms to enhance 

credit risk modeling and decision-making processes. These advanced analytical techniques 

allow banks to analyze large volumes of data more efficiently and identify patterns that may 

indicate potential credit risks. For example, research by McMillan, Kitaoka, and Li (2018) 

explores the application of machine learning algorithms in credit risk assessment within UK 

banks, demonstrating their ability to improve predictive accuracy and risk management 

outcomes. Additionally, UK banks are leveraging alternative data sources, such as social media 

activity and transaction history, to supplement traditional credit information and provide a more 

comprehensive view of borrower creditworthiness. 

Credit risk assessment processes may vary due to differences in data availability, regulatory 

frameworks, and technological infrastructure. Nonetheless, there is a growing trend towards 

the adoption of modern credit risk assessment techniques in countries such as India and China. 

For instance, Indian banks are increasingly leveraging alternative data sources and fintech 

solutions to assess the creditworthiness of underserved populations. According to a study by 

Chakravarty (2019), the integration of alternative data and machine learning algorithms has 
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helped Indian banks improve credit access for small businesses and individuals with limited 

credit history, thereby fostering financial inclusion and economic growth. Similarly, in China, 

the rapid expansion of digital finance and mobile payment platforms has facilitated the 

development of innovative credit scoring models based on transaction data and social media 

behavior. Research by Huang (2018) demonstrates the effectiveness of these new credit risk 

assessment approaches in expanding credit access to underserved segments of the population 

and reducing the incidence of default. 

In developing economies, credit risk assessment in the banking sector faces unique challenges 

due to factors such as limited access to credit information, weak regulatory frameworks, and 

economic instability. For example, in India, banks utilize a combination of traditional credit 

evaluation methods and technological innovations to assess credit risk. The implementation of 

credit scoring models and credit bureaus has facilitated more efficient credit risk assessment 

processes. However, according to a study by Chakraborty and Ray (2019), challenges such as 

non-performing assets (NPAs) and fraudulent activities continue to pose significant risks to the 

Indian banking sector, necessitating ongoing improvements in risk management practices. 

Similarly, in China, rapid economic growth and financial market liberalization have led to 

increased credit risk exposure in the banking sector. Chinese banks rely on credit rating 

agencies and internal risk assessment models to evaluate the creditworthiness of borrowers. 

However, concerns about the quality of credit ratings and the accuracy of risk models persist. 

According to a report by the International Monetary Fund (2018), addressing data quality 

issues, enhancing regulatory oversight, and strengthening risk management capabilities are 

essential for mitigating credit risk in China's banking sector. Additionally, the adoption of 

innovative technologies such as blockchain and artificial intelligence is expected to play a 

crucial role in improving credit risk assessment practices in the future. 

Artificial intelligence (AI) has profoundly influenced various aspects of the banking sector, 

including credit risk assessment. One significant influence is the enhancement of predictive 

analytics through machine learning algorithms. AI-powered models can analyze vast amounts 

of data, including borrower information, transaction histories, and economic indicators, to 

identify patterns and predict creditworthiness more accurately than traditional methods (Hand, 

2018). This improved predictive capability enables banks to assess credit risk more effectively 

by identifying potential defaults or delinquencies early in the lending process, thereby reducing 

losses and improving portfolio performance. 

Another influence of AI on credit risk assessment in banking is the automation of decision-

making processes. AI algorithms can automate the evaluation of credit applications, speeding 

up the approval process and increasing efficiency (Kaklauskas, 2020). By automating routine 

tasks such as data collection, verification, and scoring, AI frees up human resources to focus 

on more complex tasks and strategic decision-making. Additionally, AI-driven automation can 

help banks manage credit risk more consistently and objectively, reducing the likelihood of 

human bias or error in the assessment process. 

Statement of the Problem 

The integration of artificial intelligence (AI) into credit risk assessment processes within the 

banking sector presents both opportunities and challenges. While AI-powered algorithms have 

shown promise in enhancing predictive analytics and automating decision-making processes, 

there remain concerns regarding their reliability, transparency, and potential biases. As AI 
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algorithms increasingly drive credit risk assessment, there is a pressing need to investigate the 

extent to which these technologies contribute to more accurate risk evaluations and whether 

they introduce new sources of uncertainty or systemic risks (Mironiuc, 2021). Furthermore, the 

rapid evolution of AI technologies and their applications in credit risk assessment raises 

questions about regulatory frameworks and ethical considerations, particularly concerning data 

privacy, algorithmic transparency, and fair lending practices (Mugume & Taremwa, 2021). 

Therefore, a comprehensive examination of the influence of AI on credit risk assessment in the 

banking sector is essential to address these emerging challenges and ensure the integrity and 

fairness of lending practices. 

Theoretical Review 

Decision Theory  

Decision theory provides a framework for understanding how rational decision-makers make 

choices under uncertainty. Originating from the work of Leonard J. Savage in the mid-20th 

century, decision theory explores how individuals weigh the probabilities of different outcomes 

and select the best course of action based on expected utility. In the context of credit risk 

assessment in the banking sector, decision theory can help elucidate how AI algorithms 

evaluate and classify borrowers' creditworthiness by analyzing vast amounts of data to predict 

future loan defaults or delinquencies. Decision theory is relevant to this topic as it offers 

insights into the rationality and logic behind the decisions made by AI models in assigning 

credit scores and determining lending decisions (Gaur & Gupta, 2020). 

Technology Acceptance Model (TAM)  

TAM, developed by Fred Davis in the 1980s, seeks to understand the factors influencing users' 

acceptance and adoption of new technologies. According to TAM, perceived usefulness and 

ease of use are key determinants of individuals' intention to use a technology. Applied to the 

influence of AI on credit risk assessment in the banking sector, TAM can help researchers 

investigate how bankers and lending professionals perceive the usefulness and effectiveness of 

AI-driven credit risk models. Understanding bankers' attitudes and perceptions towards AI 

technology is crucial for assessing its adoption and integration into existing credit risk 

assessment processes (Davis, 1989). 

Fairness, Accountability, and Transparency (FAT) in AI  

FAT is an emerging framework that emphasizes the ethical considerations surrounding the 

design, deployment, and use of AI systems. Originating from interdisciplinary scholarship, 

FAT aims to ensure that AI technologies are fair, transparent, and accountable, particularly in 

high-stakes domains such as finance. In the context of credit risk assessment, FAT theory 

addresses concerns related to algorithmic bias, interpretability of AI models, and the need for 

explainable AI to justify lending decisions to regulators, customers, and stakeholders. FAT 

principles are relevant to this research as they highlight the ethical and societal implications of 

AI-driven credit risk assessment systems and advocate for the responsible development and 

deployment of AI technologies in banking (Mittelstadt et al., 2019). 

Empirical Review 

Smith and Johnson (2017) conducted a study aimed at evaluating the impact of machine 

learning on credit risk assessment in commercial banks. Employing a quantitative approach, 

the researchers gathered data from a sample of commercial banks utilizing machine learning 
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algorithms for credit risk assessment. Through statistical analysis, they found that banks 

employing machine learning techniques experienced significant improvements in credit risk 

assessment accuracy compared to traditional methods. These machine learning models 

demonstrated higher predictive power and better ability to identify risky borrowers. The study 

concluded by recommending further investment in machine learning technologies and 

continuous monitoring of model performance to enhance credit risk management practices in 

commercial banks. 

Chen and Wang (2016) conducted a comparative analysis of various artificial intelligence 

techniques for credit risk assessment in retail banking. Their research utilized historical loan 

data from multiple banks and evaluated the performance of techniques such as neural networks, 

decision trees, and support vector machines. The findings indicated that neural networks 

outperformed other techniques in terms of accuracy and robustness in credit risk assessment. 

However, decision trees showed promising results but were less effective in handling complex 

credit risk scenarios. Based on their findings, the researchers recommended the adoption of 

neural network models in retail banking for improved credit risk assessment outcomes. 

Garcia and Rodriguez (2018) explored the role of explainable artificial intelligence (XAI) in 

credit risk assessment through a qualitative case study of loan approval processes. Through 

interviews with bank managers and credit officers, they investigated how XAI models, such as 

decision trees and rule-based systems, enhance transparency and interpretability in credit risk 

assessment. The findings emphasized the importance of XAI in facilitating understanding 

among stakeholders about factors influencing loan approval decisions. Consequently, the study 

recommended integrating XAI into credit risk assessment frameworks to improve decision-

making transparency and facilitate regulatory compliance. 

Wong and Chan (2019) delved into the impact of big data analytics on credit risk assessment 

in small and medium-sized enterprise (SME) lending. Employing a mixed-methods approach, 

the researchers combined quantitative analysis of loan performance data with qualitative 

interviews with SME loan officers. Their study found that banks utilizing big data analytics 

experienced improved accuracy in assessing credit risk for SME loans. They identified patterns 

and correlations in SME financial data that traditional methods often overlooked. 

Consequently, the researchers recommended further investment in big data infrastructure and 

analytics capabilities to enhance credit risk assessment practices in SME lending. 

Schmidt and Mueller (2017) conducted a survey of European banks to assess the adoption of 

machine learning techniques in credit risk assessment. Through the survey, they collected data 

on the types of machine learning models used, challenges encountered, and perceived benefits. 

The findings revealed a growing trend of adoption of machine learning in credit risk assessment 

among European banks. However, challenges such as data quality issues and model 

interpretability concerns were identified as barriers to widespread implementation. As a result, 

the researchers recommended collaboration between banks and regulatory authorities to 

address these issues and promote responsible use of machine learning in credit risk assessment. 

Harper and Lewis (2018) analyzed the impact of artificial intelligence on credit scoring models 

used by North American banks. Their research compared traditional statistical methods with 

artificial intelligence techniques and evaluated loan performance data and model validation 

metrics. The findings indicated that banks incorporating artificial intelligence into their credit 

scoring models achieved higher predictive accuracy and reduced default rates compared to 

traditional models. Machine learning algorithms demonstrated superior performance in 
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capturing complex credit risk patterns. Consequently, the study recommended North American 

banks invest in talent development and infrastructure to fully leverage the potential of artificial 

intelligence in credit risk assessment. 

Li and Tan (2016) conducted interviews with banking industry experts to explore the ethical 

implications of using artificial intelligence in credit risk assessment. Through these interviews, 

they investigated issues such as algorithmic bias, data privacy, and fairness in lending practices. 

The findings revealed concerns about the potential for algorithmic discrimination and lack of 

transparency in AI-driven credit risk assessment models. Consequently, the experts 

emphasized the importance of ensuring fairness and accountability in algorithmic decision-

making processes. The study recommended the development of ethical guidelines and 

regulatory frameworks to govern the use of artificial intelligence in credit risk assessment, 

promoting transparency and fairness in lending practices. 

METHODOLOGY 

This study adopted a desk methodology.  A  desk  study  research  design  is  commonly  known  

as secondary  data  collection.  This is basically collecting data from existing resources 

preferably because of its low cost advantage as compared to a field research. Our current study 

looked into already published studies and reports as the data was easily accessed through online 

journals and libraries. 

RESULTS 

Conceptual gap: While the studies mentioned provide valuable insights into the impact of 

machine learning and artificial intelligence on credit risk assessment in banking, there is a 

conceptual gap regarding the integration of qualitative and quantitative methodologies. While 

some studies focus solely on quantitative analysis, such as statistical techniques and 

performance metrics (Smith & Johnson, 2017; Schmidt & Mueller, 2017), others delve into 

qualitative aspects, such as interviews with industry experts or case studies (Garcia & 

Rodriguez, 2018; Li & Tan, 2016). Integrating both qualitative and quantitative approaches 

could provide a more comprehensive understanding of the challenges and opportunities 

associated with adopting advanced technologies in credit risk assessment. 

Contextual gap: One contextual gap is the lack of consideration for the specific regulatory 

environments and institutional frameworks in different regions. While some studies touch upon 

challenges related to regulatory compliance and data privacy (Schmidt & Mueller, 2017), there 

is limited exploration of how varying regulatory contexts influence the adoption and 

effectiveness of machine learning and artificial intelligence in credit risk assessment. 

Additionally, the studies primarily focus on the experiences of banks in developed economies, 

with less attention given to the unique contexts and challenges faced by banks in emerging 

markets and developing economies (Smith & Johnson, 2017; Wong & Chan, 2019). 

Geographical gap: The geographical scope of the studies is primarily concentrated on North 

America, Europe, and, to some extent, Asia. There is a notable absence of research focusing 

on other regions, such as Latin America, Africa, and the Middle East (Harper & Lewis, 2018; 

Li & Tan, 2016). These regions may have distinct banking landscapes, regulatory 

environments, and technological infrastructures that could impact the adoption and impact of 

machine learning and artificial intelligence in credit risk assessment. Including studies from a 

more diverse range of geographical locations would provide a more global perspective on the 

subject matter. 



International Journal of Modern Risk Management 

ISSN 3005-4559 (online)  

Vol.2, Issue 1, No.3. pp 24 - 33, 2024  

                                                                                                                             www.iprjb.org 

30 
 

CONCLUSION AND RECOMMENDATIONS 

Conclusion 

The influence of artificial intelligence (AI) on credit risk assessment in the banking sector has 

been profound, revolutionizing traditional approaches to risk management. Through studies 

exploring the adoption of machine learning algorithms, such as neural networks and decision 

trees, banks have witnessed significant improvements in credit risk assessment accuracy and 

predictive power. These AI-driven models demonstrate superior performance in identifying 

risky borrowers and capturing complex credit risk patterns compared to traditional methods. 

Additionally, the integration of explainable AI (XAI) techniques has enhanced transparency 

and interpretability in credit risk assessment processes, facilitating better understanding among 

stakeholders and improving decision-making transparency. 

While the advancements in AI have showcased promising results in developed economies, 

there remain conceptual, contextual, and geographical gaps in understanding its full impact. 

Integrating qualitative and quantitative methodologies could provide a more comprehensive 

understanding of the challenges and opportunities associated with AI adoption. Moreover, 

considering the specific regulatory environments and institutional frameworks in different 

regions is crucial for ensuring responsible and effective implementation of AI in credit risk 

assessment. There is also a need for more research focusing on diverse geographical regions to 

provide a global perspective on the subject matter and address the unique challenges faced by 

banks in emerging markets and developing economies. 

In conclusion, the influence of AI on credit risk assessment in the banking sector is undeniable, 

offering opportunities for enhanced accuracy, efficiency, and transparency. However, 

addressing conceptual, contextual, and geographical gaps is essential to harnessing the full 

potential of AI while ensuring ethical and responsible use in credit risk management practices. 

With further research and collaboration between industry stakeholders and regulatory 

authorities, AI has the potential to drive transformative changes in the banking sector, leading 

to more robust risk management frameworks and sustainable financial systems. 

Recommendations 

Recommendations on the Influence of Artificial Intelligence on Credit Risk Assessment in 

Banking Sector: 

Theory: Continuously invest in research and development to advance the theoretical 

understanding of AI-driven credit risk assessment models. This includes exploring the 

integration of machine learning with behavioral economics theories to better predict borrower 

behavior and default probabilities. Additionally, fostering interdisciplinary collaboration 

between finance, computer science, and behavioral sciences can lead to innovative theoretical 

frameworks that account for the dynamic nature of credit risk assessment in a rapidly evolving 

financial landscape. 

Practice: Encourage banks to adopt a hybrid approach that combines the strengths of AI-driven 

models with human expertise. While AI algorithms excel at processing vast amounts of data 

and identifying patterns, human judgment is essential for interpreting results, understanding 

contextual nuances, and making informed decisions. Therefore, banks should prioritize the 

development of human-AI collaborative systems that leverage the complementary strengths of 

both machines and humans in credit risk assessment processes. 



International Journal of Modern Risk Management 

ISSN 3005-4559 (online)  

Vol.2, Issue 1, No.3. pp 24 - 33, 2024  

                                                                                                                             www.iprjb.org 

31 
 

Policy: Develop comprehensive regulatory guidelines and standards to govern the use of AI in 

credit risk assessment and ensure ethical and responsible practices. This includes establishing 

transparent model validation and governance frameworks to mitigate the risks of algorithmic 

bias, data privacy violations, and discriminatory lending practices. Regulatory authorities 

should also promote industry-wide collaboration and knowledge sharing to foster innovation 

while safeguarding consumer interests and financial stability. 
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