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Abstract. Traditional techniques like logistic regression and decision trees 
are appreciated due to their interpretability, regulatory acceptance, and 
minimal implementation expenses. But they primarily depend on formal 
data and are not good at scoring "thin-file" borrowers or handling non-
traditional data sources, so they are less helpful in diverse markets. By 

contrast, artificial intelligence-based models — like XGBoost, LSTM 

networks, and digital footprint models—are providing greater predictive 

power and flexibility by accessing unstructured data and identifying 
complex behavioral patterns. Despite such strengths, AI systems also present 
challenges, including lack of interpretability, data bias, fairness, and high 
resource intensity. The report also discusses the key regulatory and ethical 
considerations with comparisons across jurisdictions and references case 
studies like Indonesia's fintech sector to demonstrate both the promise and 
perils of AI-driven scoring. The review finishes by highlighting the necessity 

for well-balanced, understandable, and fair AI solutions supported by strong 
data governance and cross-disciplinary cooperation. 

1 Introduction 

Credit scoring is at the heart of credit markets for consumers to facilitate risk management 

and financial inclusion through credit extension [1,2]. Effective scoring models contribute to 

economic stability through encouraging optimal allocation of resources and default risk 
minimization. Traditional credit scoring models, e.g., logistic regression, have been widely 

used due to ease of interpretation and ease of implementation. These models, however, have 

critical deficiencies. They are based largely on formatted data inputs, like payment history 

and credit utilization ratios, which limit their use in dynamic financial settings [3]. 

These limitations can create unforeseen consequences in real credit business practices. 

For example, credit institutions may deny loans to new or unconventional borrowers simply 

due to a lack of conventional data, potentially excluding creditworthy individuals unfairly 

and missing out on profitable opportunities [4]. It was estimated in a 2021 study that almost 

20% of the loan applicants in emerging economies were rejected owing to a lack of 

conventional credit data, even though they had stable incomes and sound financial habits [5]. 

These inefficiencies call for the development of more versatile and encompassing scoring 

systems.  
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With these constraints of conventional credit scoring models, the fast rate of technological 

evolution has brought in artificial intelligence (AI) as a transformative element in the credit 

scoring procedure. Machine learning and deep learning models—i.e., XGBoost and Long 

Short-Term Memory (LSTM) networks—enable institutions to embrace wider and more 

dynamic data sources, including digital footprints, transactional histories, and behavioral 

patterns, that drastically increase predictive capability [6,7]. Though they are not devoid of 

their own set of challenges, such as algorithmic transparency, possible biases, and 

compliance with regulatory frameworks [8,9]. 

From the shortcomings of conventional models and the new issues caused by AI-based 

models, the objective of this paper is to map the history of personal credit scoring models. It 

seeks to contrast conventional statistical models with contemporary AI-based methodologies 
and to study fairness, explainability, and regulation concerns. Through the inclusion of new 

literature and empirical evidence, this review aims to present an overall understanding of the 

current state and give direction for further development and investigation of ethical and 

efficient credit scoring models. 

2 Main discussion 

2.1 Traditional credit scoring model design and process 

Traditional credit models have been the signature of consumer creditworthiness analysis for 

decades and have evolved through different phases depending on technological, financial, 
and regulatory innovations. Banks and lenders began with manual, subjective borrower 

profile analysis, which resulted in inconsistent or subjective loan decisions. The need for 

objective and standardized judgment paved the way for statistical models during the mid-late 

20th century, with the development of computing systems enabling quantitative risk analysis 

[10].  

The advent of complete financial information—i.e., income, debt-to-income ratios, and 

payment history—alongside the development of fintech infrastructure in the 1980s and 1990s 

accelerated the application of statistical techniques like logistic regression and decision trees 

[11]. These were incorporated into systems like the FICO score, which transformed lending 

by standardizing borrower risk assessments. FICO, for example, uses logistic regression to 

measure borrower reliability in relation to factors such as credit history duration, credit 
utilization, and repayment behavior [12]. The digitalization of banking services also 

enhanced access to standardized data, solidifying the dominance of such models during the 

period. 

Interpretability is one of the greatest strengths of conventional scoring models. 

Coefficients within a logistic regression model explicitly declare the influence of each 

variable on the ultimate score, and it enables credit officers to interpret rejection or approval 

decisions for applicants. This transparency is important to establish customer trust and also 

allows institutions to meet regulatory disclosure standards, e.g., the Equal Credit Opportunity 

Act (ECOA) in the United States [13].  

Another practical benefit is simplicity of deployment and reduced operational expense. 

Conventional models are computationally less demanding, calling for less technical 

infrastructure, and thereby within the reach of smaller financial institutions with fewer 
analytics expertise. They are regulatory compliant since they are based on standardized and 

legally vetted data points, making compliance risk during audits and external examinations 

less of a concern [14]. 

For all these strengths, conventional models carry some important weaknesses. Their 

reliance on structured, historic data can leave "thin-file" or new-to-credit consumers with 
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little or no credit history outside the scope of assessment. This exclusion can lead to missed 

business opportunities as well as systemic financial exclusion, particularly in emerging 

markets or with younger consumers [15]. Additionally, their strict input framework does not 

allow for the incorporation of non-traditional data points, like mobile usage or digital 

footprint, restricting their flexibility in varied markets. 

In terms of sensitivity to macroeconomic change, traditional models do not respond 

dynamically to evolving economic conditions. For instance, a study of Portugal's construction 

industry discovered recessions created a spike in loan defaults, yet existing models were too 

slow to re-estimate risk adequately [16]. Also, though these models are in widespread use for 

mortgage and credit card loan approvals, they do not have the granularity and context 

awareness required to underwrite newer financial instruments, like peer-to-peer lending or 
microcredit in low-data contexts. 

Lastly, although conventional credit scoring frameworks provide transparency, cost 

savings, and regulatory compliance, they lack flexibility and inclusiveness. Because of these 

shortcomings, the banking sector has sought more advanced and data-driven approaches, 

specifically through machine learning and artificial intelligence, to address the changing 

needs of contemporary credit systems. 

2.2 AI-Powered credit scoring models and differences from traditional models  

The fast development of artificial intelligence (AI) has revolutionized individual credit 

scoring by bringing in high-end, flexible models that outperform traditional statistical 

methods in most aspects. AI models like XGBoost, Long Short-Term Memory (LSTM) 

networks, and digital footprint-based models leverage advanced machine learning and deep 

learning techniques to handle large datasets—made up of unstructured and unconventional 

data sources like social media activities, smartphone behavior, and transactions [17,18]. 

A second major benefit of AI-based models is the ability to handle various types of data. 

In contrast to conventional models, which need structured, tabular inputs (e.g., credit history, 
income reports), AI models are able to integrate real-time dynamic and large-volume data. 

For instance, mobile usage, online purchase habits, and electronic payment history of a 

borrower can be utilized to generate predictive features that would be intractable for 

conventional statistical models to effectively handle [19]. In the same way, LSTM networks 

are naturally adapted to sequential and temporal data and thus are effective at forecasting 

temporal trends in credit behavior, i.e., chronic delays in repayment or seasonal expenditure 

patterns [20]. Figure 1 summarizes the comparison between AI and traditional models on the 

main dimensions as shown in the diagram below. 
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Fig. 1: Comparison of Traditional and AI-Based Credit Scoring Models Across Key Metrics 
(Adapted from Moscato et al., 2021; Valdrighi et al., 2024; Djeundje Biatat et al., 2021). 

From a flexibility perspective, AI models possess substantial superiority relative to 

traditional models. They may be modified to include new input variables and retrained in a 

cost-effective way as fresh information becomes available. Such dynamism allows lenders to 
respond flexibly to changes in borrower habits, economic conditions, or even unexpected 

factors such as a pandemic. Traditional models are relatively static and must be re-engineered 

manually whenever variables or market conditions change [21]. 

On the precision front, AI models also fare better. By making use of more behavioral cues 

and using high-dimensional analysis, AI algorithms can achieve higher precision in 

differentiating between high-risk and low-risk borrowers. A machine learning model was 

seen to improve default prediction accuracy by up to 25% relative to legacy scoring 

techniques, as established through a study by Faheem [18]. 

However, when it comes to interpretability, AI models are particularly problematic. 

While the effect of every variable is interpretable and explainable directly for logistic 

regression, AI algorithms are "black boxes," and it is difficult to understand the rationale 
supporting individual judgments. This transparency can be problematic for regulatory 

compliance as well as for consumer trust since financial institutions are typically required to 

explain adverse credit decisions to applicants [22,23]. 

Apart from flexibility, accuracy, and interpretability, AI models are also different from 

traditional ones when it comes to cost and data requirements. Training advanced machine 

learning models demands massive computational resources, sophisticated technical expertise, 

and extensive requirements of labeled data. These demands pose barriers for small 

organizations lacking the infrastructure to venture into AI technology adoption [24]. 

Moreover, the demand for rich datasets increases dependency on data collection and storage 

practices, which in turn can generate additional problems about privacy, consent, and security. 

To illustrate the diverse application of AI in credit scoring, certain models refer to their 

potential to transform. LSTM models, for instance, provide real-time risk assessment since 
they learn from time-varying borrower behavior, providing outcomes that static models fail 

to pick up [20]. Reinforcement learning also enhances scoring models since it enables them 

to adjust with real-time changes through feedback on borrower interactions, adjusting 

projections with evolving behavior [23]. Although digital footprint models expand access to 

finance by scoring previously "unscorable" customers—such as the unemployed or credit-

invisible—based on web behavior [18]. 
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Their promise aside, AI credit scoring models suffer from many practical and ethical 

limitations. Training and deploying the models is capital-intensive, limiting scalability for 

smaller lenders [24]. Missing or skewed training data can also introduce system unfairness 

into predictions, negatively affecting disadvantaged segments [22]. The "black box" nature 

of most AI applications makes auditing and justifying decisions even more problematic, 

raising severe regulatory problems. Thus, work in explainable AI (XAI) is being done to 

make it more transparent without diminishing predictive power [25]. 

Finally, AI-driven credit scoring models have tremendous advantages in data processing, 

risk prediction, and flexibility compared to traditional methods. These are, however, offset 

with great trade-offs in transparency, training costs, and moral risk. An equitable 

understanding of these trade-offs is key to developing effective, fair, and moral credit scoring 
models in the future. 

2.3 Equity, regulation, and practical issues 

The extension of artificial intelligence to credit scoring of consumers has opened up new 
opportunities for financial innovation and inclusion but also raised serious issues around 

fairness. Amongst the most pressing of these concerns is algorithmic bias, that is, when AI 

systems incorporate or amplify discriminatory elements present in training data. These biases 

often occur due to the fact that datasets overrepresent specific demographics or exclude 

marginalized communities intentionally, leading to skewed results that punish low-income, 

minority, or rural populations [26]. 

For example, if a learning algorithm is trained on a dataset with an overabundance of 

urban, digitally active borrowers, it will misclassify rural or cash-based consumers as riskier, 

although they are actually creditworthy. This could systematically deny them credit access 

and affirm existing inequalities [27]. Furthermore, algorithmic design itself—i.e., feature 

extraction and optimization methods for models—could inadvertently favor specific types of 

users if not appropriately audited for fairness [26]. These are critical issues to highlight the 
ethical risks in applying black-box models to high-risk fields like finance. 

Regulatory frameworks have emerged as a response to mitigate discriminatory outcomes 

and mandate responsible AI use. In the European Union, transparency and accountability of 

algorithmic decision-making with the right to explanations of automated credit decisions on 

behalf of individuals is required by the General Data Protection Regulation (GDPR) [26]. In 

the United States, laws like the Equal Credit Opportunity Act (ECOA) require lending 

institutions to ensure lending decisions do not discriminate against protected classes with 

regular fairness audits on AI systems [26]. Still, these kinds of protections are not universally 

developed. 

In the emerging world, where regulatory bodies may be cash-strapped or lacking legal 

frameworks, the issues are especially complex. The Indonesian case shows the potential and 
risk of AI-driven credit scoring. Indonesian fintech firms in recent years have employed 

digital footprints—mobile phone usage, online shopping histories, and social media 

activity—to determine creditworthiness among the unbanked, bringing credit services to 

millions of people for the very first time [28]. 

Although this is a significant move toward financial inclusion, Indonesia's regulatory 

coverage remains low. The country is not yet in a position to enact end-to-end data protection 

laws comparable to GDPR or ECOA, and there are significant gaps in consumer privacy, 

consent, and fairness regulation [28]. This has led to rising concerns over exploitative 

conduct, including sharing of data without consent, impenetrable scoring methods, and 

blinding-denial decisions. Besides, computerized scoring techniques may inadvertently leave 

rural consumers or older clients who generate fewer data points online and hence be 

systematically denied credit services [28]. 
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These conditions shed light on the two-edged sword nature of AI adoption: while it 

enables reach and scalability, it can also potentially widen social disparities unless carefully 

managed. The Indonesian experience serves to underscore the importance of context-

sensitive regulation wherein the rapid pace of financial technology must be matched by 

equally agile legal and ethical paradigms. 

Apart from fairness and regulation, implementation realities also raise technical issues for 

AI deployment. One of the most pressing concerns is how model accuracy and explainability 

can be balanced. Highly accurate models, such as deep neural networks, are "black boxes" 

that provide very little insight as to why a particular decision was made. This lack of 

transparency violates legal requirements in jurisdictions where lenders have to offer reasons 

for negative decisions to applicants [29]. Bridging this divide requires technological 
advancements through explainable AI (XAI) and greater collaboration between technologists 

and policymakers. 

Additionally, cross-jurisdictional compliance introduces significant operational 

complexity. AI models must be adapted to conform to local regulation, borrower profile, and 

availability of data, and this makes implementation more expensive—especially for lenders 

that are multinational [29]. Additionally, data quality and governance are fundamental 

concerns. Poor, outdated, or poorly labelled data can increase algorithmic bias, lower model 

reliability, and undermine institutional credibility [30]. Effective deployment of AI for credit 

scoring therefore depends on robust data governance frameworks that focus on accuracy, 

security, consent, and fairness of data. 

Overall, as great as AI is in credit scoring, it comes with a network of ethical, regulatory, 

and operational challenges. Indonesia is the kind of example that shows that if technological 
innovation is not actively regulated and is not created in a fair way, it tends to open social 

divisions rather than close them. Future efforts must balance legal reform, technical 

innovation, and stakeholder engagement to make AI-powered credit scoring mechanisms fair, 

transparent, and inclusive for all borrowers. 

3 Conclusion 

This paper has explored and analyzed the ongoing move towards AI-driven credit scoring, 

with key areas of fairness, transparency, and regulatory control. Hybrid machine learning 

algorithms in the future will play an important role in enhancing prediction ability while 

proactively trying to minimize algorithmic bias.Future research must employ 
interdisciplinary research approaches that synthesize ethical, legal, and technical 

considerations to make decisions fair and accountable. Algorithmic fairness-aware and 

synthetic data generation would be essential in reducing systemic bias. Last but not least, 

collaboration between data scientists, lawyers, and ethicists is imperative to design fair credit 

systems. Through the implementation of these novel strategies and principles, the credit 

scoring industry can design socially responsible AI use that empowers diversified 

communities and bridges economic gaps. 
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