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1. Introduction to Credit Scoring and Machine Learning

Credit scoring refers to predictive analytics using consumers' credit reports and other
application information for assessing creditworthiness. Under pre-algorithm and scorecard
models, expert rules and a small number of explanatory variables or "features" were used.
Automated underwriting models, such as those combining decision trees with logistic
regression, as well as newer approaches, are models that include many features. But the bulk
of the literature on credit scoring has been focused on the pre-algorithm models using expert

rules.

The field of expert-rule-based credit scoring has been transformed in the last 20 years by new
technology, such as speedier software and the sale and analysis of "big data" from credit
bureaus and credit card and other companies. As markets and technology have changed for
credit scoring, academics, data scientists, and others have sought to improve predictive
accuracy. They have been particularly interested in at least two offshoots of machine learning.
One is methods of "semi-supervised learning" to develop predictive machine learning models
for the "thin file" or "no file" populations —that is, those customers tracked with few or no
previous characteristics, behavior, or outcomes. It is true that many people who have "no file"
can be scored with traditional models using other evaluative information such as application
data. However, studies have found that "branches with a big share of thin file borrowers can
run into serious credit scoring problems." Another development in machine learning about
which many are excited is boosting techniques where a combination of many weaker models

together forms a strong model.

Machine learning classification models, often referred to as '"credit scoring models" in
consumer finance, have been the subject of vast literature. In general, the results of these
studies show that nonparametric machine learning methods such as support vector machines
and random forests are often between 5 to 7% more accurate in terms of area under the curve,

error rate, or some other evaluation metric. In research with larger datasets, these machine

African Journal of Artificial Intelligence and Sustainable Development
Volume 4 Issue 2
Semi Annual Edition | Jul - Dec, 2024
This work is licensed under CC BY-NC-SA 4.0.



https://africansciencegroup.com/
https://africansciencegroup.com/index.php/AJAISD

African Journal of Artificial Intelligence and Sustainable Development
By African Science Group, South Africa 79

learning models are, on average, between 0.86 and 0.94 in terms of AUC for classification of
fraud, bankruptcy, good and bad customers, etc. While machine learning models have not
only demonstrated superior predictive performance, they have also demonstrated capability
for interpretable models and algorithmic fatigability. As a result, "The use of traditional
scoring models is at risk because a capacity for additional improvements to scorecards

diminishes."
1.1. Traditional Credit Scoring Methods

Traditional credit scoring methods mainly rely on historical data. Classic scoring systems are
based on linear relationships between historical behaviors and future debt payments of
individuals. Typically, when assessing an individual's credit risk, various factors are
analyzed. Importantly, the FICO score, which falls in the range from 300 to 850 points, heavily
weights payment history and credit utilization. Length of credit history, new credit, and credit
mix also influence this number, with weights as indicated in parentheses. The share of
individuals with a FICO score above 800 is around 20%. As such, more than vehicle ownership
or monthly payment on a mortgage, their ability to pay back a loan constitutes the largest part

of a FICO score.

Modeling an individual's credit risk using information about past credit experiences, accounts
held by the individual, public records of judgments, and non-payment of debts can be limited
by other current financial behaviors. Alternative financial transactions, cell phone payments,
or rental payments are often not captured in traditional credit scoring methods. For some
groups in particular, such as immigrants and individuals in low socioeconomic status
communities, lack of credit and thus lack of credit take-up make them even less likely to get
credit, further limiting their opportunities for socioeconomic mobility. Importantly, for
companies and other lenders, large and small, it is also in their interest to access data from the
unbanked or underbanked population. Therefore, there is a growing movement towards
credit scoring systems that are increasingly sophisticated to ensure a fair evaluation of an

individual's credit potential.

1.2. Evolution of Al in Credit Scoring
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Traditionally, lenders have used two primary approaches: judgment-based methods and
statistical techniques, to assess and sort potential borrowers into low-risk and high-risk
categories. The credit scoring process has evolved with the advancements of computing
technology. Developed to automate the judgment-based credit scoring process, the use of
traditional statistical techniques has become more open to the use of newer techniques due to
the adoption of new processing technologies, such as big data in the late 20th and early 21st
centuries. Some major contributors to the improvement of the accuracy of credit scoring with
advancements in big data analytics and statistics are the ability to look at both structured and
unstructured data and the flexibility that machine learning-based algorithms can inherently

provide to automatically consider interaction effects between variables.

New Al models can consider a wider range of data and combine existing and non-traditional
data; thereby, they can provide additional insights and offer more holistic views about
potential borrowers' creditworthiness. There are challenges in using data-driven results in
practice; the first challenge is about the unknown stability of new Al-based credit scoring
systems when compared to traditional scoring methods. These challenges have deterred the
adoption of these modern methods in the ever-growing marketplace of traditional credit
scoring. In the next few sections, we will discuss more on recent Al-enhanced models with

reduced operational risks.
2. Benefits and Challenges of AI-Enhanced Credit Scoring Models

One of the main objectives of including Al algorithms in credit scoring models is to be able to
better assess the risk and potential default of potential customers. The greater accuracy of
these Al-enhanced models is mainly due to two factors: the use of larger and more diverse
datasets to train the credit scoring models. Al algorithms are able to extract information from
these datasets that traditional credit scoring models may not be able to take into account; the
many variables and elements available to Al algorithms. The performance of a credit scoring
model improves as the number of predictive variables used by the model increases. An Al
algorithm in general, and ensemble methods in particular, can handle very large numbers of
variables very well when evaluating the development of a credit scoring model. Another
desired feature of credit scoring models is the fairness of the model. These models should be

able to evaluate and assess the creditworthiness of a loan applicant regardless of their gender,
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race, religion, nationality, or any other factors not directly related to the proposed loan; in
particular, lenders should not discriminate against potential applicants. The use of Al
algorithms in credit scoring models can conceivably reduce the discrimination present, or
perceived, in traditional credit scoring models. While Al has the potential to bring significant
benefits and add value to both customers and companies, its implementation also poses
various challenges. Credit providers must continue to innovate while ensuring that they meet
their responsibility to customers. The implementation of Al-enhanced credit scoring models
would offer several benefits to the credit market; however, we should not forget that the

introduction of Al algorithms can also entail a number of challenges.
2.1. Improved Accuracy

Al models offer superior predictive accuracy compared to conventional statistical models.
Existing Al statistical models have high levels of predictive accuracy and have been shown to
predict loan performance better than traditional methods across various consumer segments.
Historically, a significant limitation for traditional methodology has been the number of
variables that can be quickly processed in order to make a lending decision. In contrast, Al
models can be calibrated to evaluate many other large data sources, especially with online
and real-time data sources. One of the main reasons given for using Al-enhanced scoring is
the poor measurement of risk through credit scoring, but there is also an emphasis on
improving reliability for both borrower and lender. Using Al, which incorporates classic

scorecards, current rules, and explanations, these goals can be achieved.

Many Al-enhanced credit scoring models rely on supervised learning that optimizes risk
segmentation based on historic data and the borrower’s credit score, whereas other techniques
use complex methods to identify patterns that would be difficult or impossible to detect using
statistical techniques. Furthermore, to produce the best models, we also use model training
techniques that include oversampling of rare segments; this is particularly effective in
identifying high-risk loans. Many case studies have demonstrated improvements when using
Al for credit scoring. The versatility of Al allows for the creation of many different models to
meet various risk appetites and is particularly effective for identifying high-risk segments or

when more variables are required to improve scorecard lift. The Al models also learn and
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refine themselves over time, drawing on experience, and naturally incorporate any beneficial

impacts of changing credit policies, economic, or regulatory scenarios.
2.2. Enhanced Fairness

Traditional credit scoring has clear limitations when it comes to toxic profiles and argues that
memories of many smaller problems might show that the borrower is trying their best to pay.
Implicitly, traditional FSAs might not account for these kinds of features because scorecards
only truly reflect derogatory information. Many people live far outside the traditional banking
systems and have never actually found it all that limiting. It is hard for anyone to appreciate
the problem when based on their own personal experiences of not being in this situation.
These biases in credit systems are barriers for many demographic groups in American society
and create a feedback loop of financial inequality that is difficult to escape. One assumes that
Al-enhanced probability of loan repayment might take into account factors previously

considered in these underwriting practices.

Al reduces those biases and systemic astigmatism by simply reevaluating the data utilized in
these underwriting models. Furthermore, traditional probability of loan repayment models
are actually based mostly on specific demographic data. This means that Al-enhanced
probability of loan repayment models can actually include larger data sets in order to show
the lender the full picture of a person's creditworthiness. The benefits of Al-enhanced scoring
models are many, but the most important ones are fairness and access to credit. Greater access
to credit enables individuals to obtain life necessities such as residences, transportation, and
insurance. More fundamentally, recent research states that financial services facilitate our
ability to achieve important life events and goals, including preparing for retirement,
attending college, dealing with adverse health and weather events, and purchasing the items

that make life comfortable.
2.3. Potential Biases and Ethical Concerns

Al-enhanced credit scoring models have sparked numerous debates about data quality and
the potential of algorithms to exhibit biases based on historical data. When trained on
historical data, machine learning algorithms can potentially reinforce social biases, favoring

certain groups by replicating the patterns already present in the data. It has been shown that
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algorithms leveraging machine learning can discriminate unintentionally, particularly if the
attributes of good credit behavior are closely related to protected attributes. This has ignited
a debate about the ethical concerns of potentially discriminatory uses of Al to determine

lending conditions or predict creditworthiness.

In addition to the potential for discrimination, there are further ethical and practical
challenges concerning the increased use of Al to make important lending-related decisions.
Importantly, from a legal perspective, this may encroach on the right for any citizen to know
the data that has led to any adverse decisions about them. If a model trained on a large amount
of consumer data is utilized, this is likely to cause challenges regarding citizens’ rights to an
automated decision-making process. From a consumer protection perspective, the
transparency of creditworthiness-determining systems is fundamental in order for consumers
to understand and interpret these decisions. Many tasks in evaluating Al-related credit
scoring fall under proper regulation, and it is the regulatory authority’s responsibility to

enforce these standards and ensure their proper application.

Given the potential for new transparency and discrimination-related challenges posed by
using Al for credit assessment, there are some corollary issues. For example, it is important to
ensure that frameworks and standards are in place that facilitate and reinforce a 'trustworthy’
culture in this industry. Moreover, ensuring that there are ethical and consistent practices in
place in terms of Al when it is used for credit, loan approving, and hiring scenarios is an
important subsequent step. The long-term consequences of a bank using Al to process loan
defaults are directly related to 'societal well-being' and ought to be governed accordingly by
a consistent regulatory framework. This would necessitate the conduction of transparency
and fairness audits, as well as the establishment of ongoing bias detection protocols.
Furthermore, employing a diverse team of stakeholders in Al development and standardizing
Al and the meaning of ethical scenario outcomes has been proposed in order to address these

concerns.
3. Key Components of AI-Enhanced Credit Scoring Models

Al-enhanced credit scoring models are based on several key components. Feature selection
and engineering are essential parts of developing a well-performing automated system. The

selection of good predictors can strongly enhance model performance and is important in
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terms of the cost of model interpretability and model training. Relevant information used for
credit card repayment prediction can be obtained from social, demographic, and behavioral
data, as well as from a history of credit card transactions and financial statements. Another
key aspect is data quality and its security; storage should also be considered as a factor to
increase the predictive accuracy of the model. In addition to selecting features, the process of
model training and validation is a very important step in Al credit scoring. This helps to
ensure robustness to variations in the appearance of formal variation between an 'in-time'
sample and the model back-tests. Model training, testing, and validation are conducted to
ensure accurate assignment of newly issued credits. At the same time, attention is paid to
avoiding both underfitting and overfitting of the model. In light of the above elements, the
innovation and the resulting model were proposed. Analysis and conclusions are important
in terms of practical use in new practical cases. Experiments were assessed on cross-sectional
data of credit cardholders, and the effectiveness of the proposed model for credit card

repayment prediction was confirmed.
3.1. Feature Selection and Engineering

Feature selection is another essential process. Only containing relevant features can make an
Al model have enough predictive capability. Many techniques are developed for making
feature selection effective. Feature engineering is also important for using data effectively. It
is commonly used in Al technologies to transfer and normalize data and to extract significant
information from raw data. Normalization is also used for additional reasons in Al scoring
models. It mainly aims at the coefficient estimation of models. When data are normalized, Al
can use the same unit in assessing the coefficients or importance of each feature or variable. A

reverse transformation can be used to normalize the outputs of AI models.

In an AI model, the quantity of data in most cases could be significant and absolutely more
than conventional statistical models. In fact, the combination of good data quality, especially
high informativeness, and good model design usually has a big impact on machine learning
methods in getting better results out of a dataset. However, the significance of the role in
creating better predictions highly depends on the research aim. It does not always improve
ML performance, even for large-scale benchmark models. However, the case studies report

that by employing a few features, one can improve model performance. Furthermore, the size
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of the data could affect machine learning methods. The Al scoring models may need fewer
observations for unlabeled data than those for labeled data. At the same time, a few irrelevant
inputs can downgrade predictive abilities. An Al model is also called a high-dimensional
model or a big data model. Many statistical methods, especially classical methods, may not
work well in a high-dimensional environment. In such a case, the AI model needs to be both
selectively and exhaustively large. In the first step, the model can provide important insights
by setting foot in redundant features and searching for a few numbers of "excessively"
weighted inputs. In the second step, one can consider the profiling ability of new data sources
after evaluating the use of redundancies. Applying the framework to a real application, the
study indicates how to travel between data sources more effectively and how to increase the

performance of a scoring Al model.
3.2. Model Training and Validation

To develop an Al scoring model, we must first train the models using an appropriate
methodology. In supervised learning, the model is trained on labeled data where input and
output variables are known in advance. Unsupervised learning is used if we try to find
patterns in the dataset. Reinforcement learning techniques are used if, based on the model's
decision and the outcome of the decision, the model can learn. To train our model in a well-
structured environment, the first step is to clean our training dataset and handle missing
values and outliers. Then, if necessary, we convert degrees of nominal or ordinal level features
to numerical level. Standardization can be applied to achieve zero mean and unit variance for
input features. Based on cross-entropy and the fraction count of the classes, we can use the
random model to evaluate feature importance. Moreover, good feature preprocessing can
help to increase the scoring model's performance. After that, the transformed fake features

can be removed if any, and the process is followed by selecting the confirmation values.

The performance of the model is largely determined by the model's training method, model
configuration, and the datasets used. Our model needs to pass a performance examination
test. There are several validation techniques that can be used, including the use of test sets
and cross-validation. Performance metrics are important in evaluating model success, using
accuracy, precision, recall, F1 scores, and ROC scores. Precision is also known as the degree

of assigning the actual customer to the good class. Overfitting issues arise due to the large
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imbalance in the training dataset. Moreover, to maintain relevance, the model needs to be
retrained regularly and aligned with new data perspectives and current scoring system

approaches.
4. Case Studies and Real-World Applications

Real-world evidence for the success of Al-enhanced credit scoring models can be found in a
number of case studies. For example, LoanBuddy and Upstart in the U.S., the Commercial
Bank of Dubai, ICICI Bank in India, and the World Bank in Azerbaijan have implemented Al-
based credit scoring models with various methodologies into their lending practices. In
addition to commercial platforms, fully developed and published Al-based models and tools
with visually attractive user interfaces also exist. The developers of all these platforms clearly
present improved prediction accuracies, yet also emphasize relatedly increased efficiencies in
their marketing strategies. They manage to describe the workings of their models in a concise
way to individual end users in order to increase acceptance and trust and, implicitly, to

highlight their comparability with existing products.

These case studies demonstrate the potential benefits of using Al techniques in credit scoring
alongside traditional regression scoring models. Different credit scoring methods have been
compared with respect to the chances of reaching 80% annual repayment rates on individual
loans. Al techniques are found to be superior. Conversely, it was found that machine learning
techniques did not yield prediction enhancements for lending clubs across the small business
loan market. However, their models used the same easily available variables as widely used
credit scoring models. The discussion on the potential of Al techniques for credit scoring is
evaluated in the context of microenterprise lending in Sub-Saharan Africa, given a wider set
of features, also to potentially provide financial services to people at the bottom of the
pyramid. Experiences have been summarized regarding the development of Al-based credit
scoring models for this clientele either to solely improve a model’s prediction accuracy or to
reduce scoring costs. There are clear advantages of employing Al and a decision tree can assist
practitioners in the methodology search for their institutions, assuming the availability of
high-quality repayment data. Hiring data scientists remains a challenge across all institutions

trying to adopt these models.

4.1. Application in Banking and Financial Services
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The greatest need for Al-powered, large-scale, large-data methodologies is observed in
connection with the financial system, banks, and credit. Today, Al techniques enable a series
of banks to maximize workflows and optimize resource allocation for banking institutions
and effectively mitigate credit risk, especially in the retail environment. At present, artificial
intelligence technologies represent an attractive solution to the operational efficiency and
customer satisfaction challenges in the financial and banking domain. Al offers a variety of
use cases and applications for customer satisfaction, reduction rates, and improved
governance and compliance. Profitability and service differentiation stand at the top of their
agenda today because of market transparency and heavy competition. The integration of Al
approaches has covered customer approval scores in countries with a credit culture in the
evolution phase. Scoring is a mechanism for creating segments by classifying bad products
and customers simultaneously. The Al methodologies represent a vital component in their
commercial policy strategy: permanently extending the loan offer to good clients, rejecting
bad products, reducing credit risk, and credit scoring as a fundamental banking activity. The
main target of a bank is to have a profitable and risk-free concentration of its credit portfolio
while offering a range of high-quality services. Computer systems are used in commercial
processes to improve credit decision-making. The software products use scientific methods
for credit scoring and simulation processes, which enable banks to run financial modeling and
conduct risk management applications. The credit-advising systems provide a decision
support method for financial and banking entities concerning the conduct of financial credit.
Improving the retail-disbursing process and attracting new depositors can be an advantage,
particularly in enhancing the lending process. The duration of a credit decision may be
reduced from weeks to minutes if the approvals for the credit scoring method are sufficiently
high. In addition to attracting new clients, the low turnaround time also ensures customer
loyalty because banks that adopt new credit formats are quick to provide credit to customers,
leading to customer satisfaction. The challenge involves addressing public perception through
corporate endeavors and increasing consumer knowledge about their services and products.
Also relevant are practical considerations such as compliance with laws and guidelines. By
analyzing a sample of retail customers, it has been found that for accepted applicants, in
response to a new credit scoring model, credit scoring contributes significantly to the bank's
operating profit from the perspective of both profit contribution and cross-sell profit.

Changing customer credit product funding strategy appears to turn away relatively two times
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as many potential customers as the direct credit-cancel strategy. In reality, changing wholesale
credit product funding strategy is equivalent to adopting new debit card loan programs and
opening a new financial market for banks to maintain customer relationships. Banks should
be able to identify the target market group for their newly provided retail product, anticipate
the losses of their immediate offerings, and determine a plan for funding possible losses using
another product of the lender. The use of accurate technologies will lower the residual risk
and, as a consequence, facilitate the increased appreciation of these new consumers.
Knowledge of customer needs, habits, and expectations exceeds the assessment of former
clients. Lastly, the future popularity of banking, as a mechanism, in the large economic

framework depends on strengthening consumer engagement.
4.2. Impact on Loan Approval Rates

In the past, traditional credit scoring models typically led to the exclusion of many potential
loan applicants, simply because the scoring was not nuanced enough. While machine learning
techniques are more sensitive to potential individual default, only after further analysis can
the potential for predictive purposes be determined. In some case studies, increases in
acceptance rates after greater use of machine learning and more data points have been
observed. Our analysis confirms this for developments in alternative lending in the United
States. It was demonstrated that Al can increase the approval rate among female would-be
borrowers in certain countries if companies want to maintain a past-due rate of between 1
percent and 5 percent, which is generally standard in the region. A bank expanded the
customer base for its consumer loans through its brand. The bank had used traditional scoring
cards, which did not allow for the assessment of individuals who lacked a credit history, and
as a result, it was only able to reach the high-scoring segment alongside the product.
Ultimately, it could offer $35 billion in personal loans to more than 4 million people. However,
the so-called loan loss reserve accounted for a quarter of these loans, too. It has been reported
that the bank should have used their knowledge of their banking customers when it comes to
the risks instead of relying solely on traditional scoring, which would entitle a subsidiary to
possibly sell the second-ranked realistic consumer loan installment to a single investment
fund. Al can thus identify bad borrowers within a certain subset of loan applicants, but it also
needs their characteristics due to the lack of a proper 'standard' data set to train the unknown

attributes. Their portfolio in high-quality consumer loans is around 50 percent, representing
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the customers, while the other half represents those who could not be reached before Al's

application.
5. Regulatory Considerations and Future Directions

Existing laws and regulations have guided credit scoring practices and prohibit
discrimination on the basis of race, color, religion, sex, national origin, age, or marital status.
Existing regulations require transparency regarding the data collected and the evaluation
criteria used in the assessment of creditworthiness. While existing regulations map to several
of the tenets of data, it remains an open question for policymakers whether existing law would
be extended to governing Al-enhanced credit scoring models or whether regulation will
require amendments to address the use of automated decision-making. Furthermore,
monitoring risk and conducting enforcement by a panel of experts using models and toolkits
will be critical in understanding how AI credit scoring models are being implemented.
Regulators will face significant challenges in developing effective enforcement mechanisms
governing such systems in an area of rapid technological progress such as machine learning.
While a more comprehensive investigation is out of the scope of this text, there are several
points of law and critical facets of cultural analysis that provide a basis for regulatory

recommendations.

Consumer privacy is also a paramount concern, as individuals look to protect their personal
information from theft and sale. The growing incidence and increased sophistication of
cyberattacks lead to a search for trusted central parties to assess security. Finally, the agility
of Al models poses a risk that while a given model may demonstrate an appropriate level of
fairness during development and approval, the model may drift in production between
testing periods. Well-managed compliance frameworks can point to the application of
datasets, workflows, and architectures that serve to resolve these ethical Al concerns. Finally,
future research can investigate specific compliance frameworks to guide models towards
ethical use, including the possible use and regulation of community-specific models. Research
in the area of governance, risk, and compliance frequently includes a mechanism for the
ongoing monitoring of risk and performance. Policymakers may consider requiring
continuous monitoring and planning of AI models for the identification of bias over time, so

as to alert the public and regulators to potential discriminatory factors faster. Policymakers
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should also continue improving Al regulation’s ability to adapt to the fast-paced development
and deployment of big data models. Policymakers should leverage big data generation and
use to provide evidence of the machine learning factors leading to consumer risk.
Policymakers must involve all stakeholders upstream in big data models to garner data more
inclusive of the community, as Al fairness should be decided by community needs. Software
developers must receive a clear and consistent boundary in AI development from the outset.
Policymakers should work with big data lenders to label and provide credit in segregated Al
models, and to perform fair comparisons with historical profiling regressions or
discriminatory proxy lending. Policymakers should use lenders” data to run both human-level
ethnographic evidence and Al-level computational evidence to determine actual risk.
Policymakers should engage as a multi-stakeholder advisory body, including regulators,
software companies, tribal leaders, fair lending organizations, and non-depository
institutions, to decide how to use Al in lending given such evidence, and to determine

appropriate standards of use.
6. Conclusion

In this overview, we have discussed the feasibility and usefulness of Al-enhanced credit
scoring models. The introduction set the stage for Al use in the credit market, touching upon
the challenges and promises therein. Evolving models provide insights for and against
incorporating Al models in the newer variants of the credit scoring model. Consideration of
Al fairness and the challenge of modeling feature interactions is presented in the limitations.
Data and application details of real-world successful implementations are discussed in use

cases of Al scoring model application.

Al technology has the potential to significantly transform current credit scoring practices by
allowing for the prediction of more accurate and consistent outcomes. We have introduced
six methods that have been implemented in contemporary models to further improve model
performance as part of this credit scoring model enhancement trend. We have identified the
following challenges and obstacles: (a) reducing explicit and implicit bias of Al-enhanced
credit scoring models; (b) ethical considerations associated with implementing Al into
finance; (c) heavy implications to decision-making brought on by the feature selection

methods in trade; (d) model drift over time since model features may evolve, and model
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validation should be part of ongoing credit model risk management. Our discussions indicate
that we do not yet have all the tools, methodologies, or regulations required to render the full
and fair integration of Al-enhanced algorithms feasible. But, on the whole, it does seem
feasible to forge ahead and develop Al-augmented systems that are capable of not only better
predicting default outcomes but also delivering consistently fair and ethical outcomes to
diverse customers. To make that a reality, we must strive towards a complementary balance

of technological progress with consumer protection.
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