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Abstract—Credit scoring systems are now essential
instruments for assessing a person's or company's
creditworthiness in the contemporary financial system. The
development of credit evaluation is examined in this paper,
moving from conventional rule-based techniques to the use of
data-driven models driven by Al and machine learning (ML). It
highlights how credit scores influence lending decisions across
various loan types, streamline loan approvals, and support risk-
based pricing strategies. The role of financial institutions and
automated decision-making technologies in utilizing credit
scores is also discussed, showcasing how these systems enhance
efficiency, fairness, and access in the lending process.
Furthermore, the importance of truthful credit reporting and
using alternative data in extending credit availability to
marginalized groups is examined in this article. With growing
innovation in fintech, credit scoring models are increasingly
incorporating behavioral and real-time data, enabling a more
holistic view of borrower profiles. The integration of Al has
improved predictive accuracy and accelerated loan processing.
These developments are redefining lending practices and
contributing to a more dynamic and inclusive financial
infrastructure
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I. INTRODUCTION

The research on behavioral finance focuses on how
investor emotion affects the fundamental worth of particular
equities. Since credit rating agencies drastically reduced credit
ratings during and after the global financial crisis of 2007—
2009, many politicians, regulators, and analysts think that low
credit ratings had a significant role in the crisis. Because credit
rating agencies are set up to disregard transient economic
shocks, their ratings are less likely to fluctuate shortly [1][2].
Additionally, rating agencies have been concentrating on
calculating the relative default risk for a considerable amount
of time. Additionally, according to credit rating agencies,
corporate ratings use both non-financial and financial
knowledge.

Over the past 20 years, consumer lending has changed as
lenders have shifted from the more traditional interview-based
underwriting process to data-driven methods for assessing as
well as pricing credit risk. A glimpse of this transformation is
provided in this article. At a major car financing firm, it
outlines the extent and pathways by which the implementation
of credit scoring impacted loan originations, repayment and
defaults, and profitability. Even while the study is
intentionally limited to a single company and its experience
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undoubtedly has quirks, it believes that many of their findings
might be indicative of comparable changes at other
businesses, which collectively have transformed consumer
credit markets.

The concept of creditworthiness has traversed the annals
of time, adapting and evolving alongside the financial
ecosystem it serves. From the earliest agrarian societies to the
digital age of decentralized finance, the assessment of
creditworthiness has shaped and continues to shape the
destinies of individuals, businesses, and nations. However, as
it stands at the nexus of traditional banking and the brave new
world of fintech, it is evident that the criteria and
methodologies for evaluating creditworthiness are undergoing
a profound metamorphosis

Credit scoring models serve as the foundation for this
process, offering a systematic and data-driven technique for
determining borrowers' creditworthiness. Well-known credit
agencies such as CIBIL, Experian, Equifax, and CRIF High
Mark offer credit ratings that summarize a person's or
company's credit history and financial patterns. Credit scoring
models are valued because they are objective and efficient.
Credit scoring methods minimize subjective credit judgments
that might result in unjust discrimination by quantifying the
risk of granting credit. Credit scoring models also expedite the
process of approving loans. This is especially important in
retail lending situations that require lender decisions with
some urgency to maximize customer satisfaction [3][4].
Credit risk management strategies are significantly shaped by
the regulatory environment, which is primarily overseen by
the Reserve Bank of India. It encourages risk-based pricing,
stresses the use of credit ratings, and requires that credit
information be disclosed to credit bureaus. The framework
emphasizes how crucial effective credit risk management is to
preserving financial stability.

Numerous existing studies have indicated that the major
borrowers of payday loans are financially susceptible due to
their poor income, lack of education, increased credit
constraints, and restricted access to liquidity from traditional
financial service providers. One of the few alternatives in the
financial market framework that these customers may easily
access is predatory lending [5][6]. Given the negative
correlation between risk and return, major banks as well as
credit companies lend money to these customers passively
because of their low creditworthiness in order to lower the
likelihood that they won't receive their money back. Payday
lenders enter this industry by giving loans to customers with
bad credit scores and charging high interest and fees.
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A. Structure of the Paper

The structure of this paper is as follows: Section Il
overviews credit scoring systems. Section 11 discusses credit
scores in loan approval processes. Section IV explores how
financial institutions utilize credit scores. Section V displays
the review of the literature. Section VI ends with important
conclusions and suggestions for further work.

Il. OVERVIEW OF CREDIT SCORING SYSTEMS

Lenders employ standardized methods called credit
scoring systems to assess a person's creditworthiness based on
their behavior and financial history. These models create
numerical scores that summarize an individual’s ability to
manage debt and repay borrowed money. The two most
popular methods for evaluating credit, FICO and Vantage,
both utilize a scale from 300 to 850; a lower score indicates a
less risky credit profile [7][8]. The models are based on
several parameters that are given varied weights in the final
score computation, including payment history, quantities
owing, duration of credit history, new credit, as well as
categories of credit utilized. As shown in Figure 1, The
payment history is often the most important aspect since it
indicates it reliability as a customer in terms of repaying debt.
While FICO is often more prevalent among traditional
financial institutions, Vantage Score has gained favor among
alternative lenders because it was developed to score
consumers with shorter or atypical credit histories. Credit
scoring models continually assess and adjust, meaning new
iterations are beginning to use trended data and ML models to
assess and predict credit behavior. Credit scoring models serve
as valuable decisioning tools in the financial marketplace,
assisting lenders to minimize risk and borrowers to classify
how their financial behaviors shape access to credit.

Banks
Credit Card Credit Credit
Companies |77 2 Data ) Score
Lenders

Fig. 1. Overview of Credit Scoring Systems

A. Definition and Purpose of Credit Scores

In banks' credit management choices, one of the most
important procedures is credit assessment. Gathering,
analyzing, and classifying different credit components and
elements is what this technique is all about, so that it can
assess the credit assessments. The primary factor influencing
competitiveness, survival, and profitability is bank loan
quality [9]. Credit scoring is one of the most important
strategies for categorizing a bank's clients as part of the credit
evaluation procedure to reduce the potential as well as real risk
of a client having bad credit. "Credit scoring is the process of
modelling creditworthiness." Further explanations of credit
scores are also helpful.

B. Historical Evolution of Credit Scoring

Credit scoring has undergone significant historical change,
shifting from conventional rule-based systems to more
complex methodologies, particularly with the incorporation of
Al into credit grading operations. This section analyses the
key phases of this history, stressing the progress of traditional
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rule-based systems as well as their drawbacks; it also
investigates the rise of Al as a game-changer in credit scoring.
In the middle of the 20th century, lenders began to employ
manual rule-based methods to measure credit risk, which was
a significant beginning for credit scoring [10][11]. These
systems were dependent on specific criteria and assigned
weightings of different financial elements (such as income,
employment background, outstanding debts, etc.) in arriving
at the credit score that provided lenders with a risk index for
granting credit. The credit score was a numerical number at
the time that helped lenders assess a borrower's credit risk. But
the early models were pretty simple, not flexible, and not able
to adapt as financial dynamics changed.

C. Importance of Accurate Credit Reporting

Credit reporting plays a significant role in the lending
business, and it is essential that such reporting be accurate
since credit reports form the basis of the creditworthiness of
an individual or a business. The credit reports are used by
lenders to make the right decisions when offering loans,
interest rates, and credit limits. Such an in-depth and accurate
credit report enables lenders to calculate the risk factor
effectively so that they may be able to provide credit terms
that would be in line with the financial status of the borrower.
As an example, A borrower with a strong credit history might
be granted excellent terms, but an individual with a negative
credit record may be charged a higher interest rate or possibly
be denied credit entirely. On the other hand, however, any
inaccuracy in the credit information can have disastrous
effects on the borrowers. Inaccurate data, which may comprise
wrong payment histories, fake accounts, or out-of-date
personal data, may lead to unfair low credit scores [12][13].
This can cause people not to get the needed loans, problems in
getting housing, or even employment as some employers run
credit checks in their hiring procedures. Furthermore,
contesting errors may be an unpleasant and time-consuming
procedure, which makes the borrower's financial
circumstances even more difficult. Ensuring accurate credit
reporting is therefore crucial for lenders' risk assessment,
borrowers' access to credit, as well as their overall financial
well-being.

I11. CREDIT SCORES AND LOAN APPROVAL PROCESSES

A borrower's creditworthiness may be quantitatively
represented by their credit score, which is an essential tool in
the financing process. They are a significant predictor of credit
risk for the lender and are often the first filter that lenders use
to assess if they will make a loan to a borrower or not. If the
credit score is deemed "good" or "fair" or sometimes
"acceptable,” the borrower will most likely continue on [14].
This only highlights the relevancy to credit scores to the
borrower as a reliable barometer for actual credit risk and as a
measure of creditworthiness; the worse a borrower's credit
score, the worse the chances are of getting a loan approved,
and getting the best options for borrowers when they applied
- because one of the metrics for interest rates is there credit
scores; so the more that had to lend to a borrower, the worst
their score was, the worse the interest rate would be; meaning
not only the lender had to account for the risk they were
taking, but the lender also could have something to lose
financially or other wise to lend money on a loan with a very
low score gravitates (Figure 2) [15]. But with some points of
what is spelled out in my paragraph lead into my discussion
about the prohibitive value of being hung up relying too
heavily on traditional lending, with focus not changing too
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Fig. 2. Credit Scores and Loan Approval Processes

A. Classification of Data in Credit Scoring

Credit scoring incorporates both financial and personal
information, regardless of the evaluating organization. The
primary component of contemporary credit scoring, which
was created by Bill Fair as well as Earl Isaac in 1958 with the
launch of the first scoring system, "Credit Application Scoring
Algorithms," is financial data [16][17]. This includes data on
credit repayment, credit cards, credit limits, and number of
loans. Since then, the data utilized has been regularly
expanded to include information on "bill payment records
from utilities, cable television companies, landlords, as well
as cell phone providers." On the other hand, mobile financial
service providers mostly employ alternative data that pertains
to a person’s lifestyle, habits, and socioeconomic standing,
such as professional goals, college majors, and social media
contacts; they also utilize computers and smartphones to
calculate credit scores. This continuous expansion of the data
used, as well as the application of state-of-the-art technology,
especially Al outcomes in increasingly opaque credit rating
models

B. Impact on Different Types of Loans (Personal,
Mortgage, Auto, Student)

Credit scores influence the approval criteria and lending
terms across various types of loans, although the degree of
impact may vary depending on the loan category. For personal
loans, credit scores are often the most critical factor, as these
are typically unsecured loans with no collateral. Lenders
assess the borrower’s score to gauge their ability to repay,
directly affecting approval chances and interest rates. In the
case of mortgage loans, credit scores carry even more weight
due to the high loan amounts and long repayment periods.
Higher score borrowers have a better chance of obtaining
reduced mortgage rates and being eligible for government-
sponsored initiatives [18][19]. Credit scores are also a factor
in auto loans, but since the car itself is used as collateral,
lenders may be a little more accommodating to applicants with
lower scores, though this frequently leads to tougher
conditions or higher interest rates. Federal and private student
loans are affected differently by credit ratings. Private lenders
utilize credit scores to decide eligibility and loan conditions,
while government student loans often don't involve credit
checks, so even students with no credit history can apply. In
general, having a high credit score makes it easier for the
borrower to access a greater variety of loan products with
better conditions, whereas having a low score frequently limits
alternatives and makes borrowing more expensive.

C. Threshold Scores and Approval Rates

Threshold credit scores are likely points in opening a
discussion with the lender about their various realty programs
and what is required to receive approval. Thresholds may be
varied among lenders and loan types, but there is generally the
ability to categorize as poor, fair, good, very good, and
excellent. A score of 750 or above, for example, would be
regarded as exceptional and would increase the chances of
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receiving favorable loan approval terms. Scores from 700-749
are likely considered to be good as it could be in the
negotiating stages of favorable loan offers. But, if an
applicant's score fell below 650, then they may be limited to
only a few lending options, if even receiving an approval
[20][21]. This is especially true in traditional financial
institutions. Most lending companies and institutions establish
thresholds. Also called cutoffs, these are minimum score(s)
below which applicants are immediately denied lending
products despite other financial metrics. For instance, a
conventional mortgage may be approved with a minimum of
620. Prime auto loans may want a restriction for 660 or more.
A general trend is an increasing probability of loan approvals
or more attractive terms as the credit score increased. As it
stands now, some alternative lenders or fintech lenders have
become more lenient on their personal credit scoring
requirements to improve approval chances for applicants with
limited credit reports and non-traditional consumer credit
data.

IVV. FINANCIAL INSTITUTIONS AND CREDIT SCORE
UTILIZATION

Financial institutions use credit scores as a key component
in their lending strategies, leveraging them to assess risk,
determine loan eligibility, and set terms for borrowers.
Traditional banks and credit unions often follow rigid
underwriting guidelines, giving credit scores a lot of weight
when deciding on interest rates and loan approvals [22][23].
A high credit score typically leads to fast-tracked approvals,
better loan terms, and lower risk classifications. In contrast,
alternative lenders and fintech companies may adopt more
flexible approaches (Figure 3). These institutions often use
credit scores alongside other data points such as income flow,
employment history, and behavioral analytics to make lending
decisions, especially when serving underbanked or thin-file
customers. Automated systems and algorithms are
increasingly employed to integrate credit score data into
decision-making models, enabling faster and more consistent
evaluations. Additionally, some institutions utilize tiered
pricing structures, where the interest rate and loan conditions
are adjusted based on the borrower’s credit score range. Such
stratification is important in ensuring that risk is appropriately
priced to enable lenders to reduce and limit defaults in
extending credit. All in all, credit scores will continue to form
the basis of credit evaluation in the modern era, but the
increasing variety of lending types is slowly changing the
environment to one that is more inclusive and driven by data.

LENDING INSTITUTIONS
(Banks, Credit Unions, FinTech,
Alternative Lenders)
[ 1

CREDIT SCORE USE ALTERNATIVE METRICS
= Risk Assessment = Income Flow

= Eligibility « Employment Histor
e Terms Setting = Behavioral Data

I I
A. BANK PURPOSES B. AUTOMATED SYS
1. Loan Evaluation 1. Rule Engines
2. Risk Management 3. Industry Tools
3. Loan Decisions 4. Algorithms
4. Loan Decesisn 5. Workflow Apps
5 Fraud Detection 6-Enterprise Sys

C.UNDERWRITING
Score Weighting
Other Factors:
= DTI Ratio
= Employment
= Collateral
= Loan Purpose

Fig. 3. Financial Institutions and Credit Score Utilization
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A. Purpose of Credit Scoring for Banks

e Efficient Loan Evaluation: A bank's capacity to
efficiently assess a borrower's creditworthiness is known
as credit scoring [24][25]. Through credit scoring
models, banks are in a position to rapidly access the
credit history, financial profile, &other variables of
potential borrowers.

e Enhanced Risk Management: Risk management by the
institutions necessitates credit scoring. Through studying
the credit scores of the debtors, the banks are able to
establish the risk of default and the general credit risk of
lending money to the specific individuals or businesses.

e Improved Loan Decision-Making: Credit evaluation
offers trustworthy and unbiased data for lending choices.
Banks may reduce prejudice and ensure consistent
decision-making by basing lending choices on the
borrower's credit score rather than only on subjective
assessments.

o Efficient Loan Pricing: Credit scoring helps banks
determine appropriate loan interest rates based on
borrowers' creditworthiness. Borrowers with higher
credit ratings, indicating a lower risk, may receive more
favorable borrowing rates and conditions.

e Fraud Detection & Prevention: Credit scoring models
assist financial organizations in detecting and preventing
fraudulent activity. By introducing fraud detection
techniques into credit scoring models, institutions are
able to discover atypical credit behavior, departures from
previous trends, and suspicious behaviors that might
indicate fraud.

B. Automated Decision-Making Systems Technologies

There are several sorts of automated decision-making
technology [26].

¢ Rule Engines- Rule engines will process a collection
of business rules that respond to logical enquiries using
conditional statements.

e Industry-specific packages- The industry-specific
solution will generate automatic responses to the
organization’s enquiries.

e Statistical or numerical algorithms- This program
will achieve its goal by processing quantitative data.
sanction of loan amount.

o Workflow Applications- Workflow applications are
computer tools that enable information-intensive
organizational procedures. Following a choice, the
workflow system will proceed with the remaining
stages in the file.

e Enterprise systems- Software programs known as
enterprise systems automate, link, and oversee the
information flows and transaction procedures within

businesses.  Businesses will only employ their
automated decision-making systems for certain
procedures.

¢ Intelligence- looking for situations that need decision-
making.

e Design- Inventing, formulating, and evaluating

potential decisions. This will streamline the processes
of understanding the problem, developing solutions,
and testing them for practicality.

e Choice- Choosing an option or decision from the
variables available.
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e Review- Checking prior selections. George Huber
eventually incorporated this idea into a more
comprehensive picture of the full problem-solving
process.

C. Credit Score Weighting in Underwriting

Credit score weighting in underwriting refers to how
heavily a borrower’s credit score is factored into the overall
risk assessment during the loan approval process. In most
traditional underwriting models, credit scores are one of the
most heavily weighted criteria, often accounting for 30% to
40% of the overall evaluation, depending on the institution’s
internal policies and the type of loan [27][28][29]. A high
score implies a solid history of regular payments and prudent
credit use, minimizing perceived risk and improving the
chance of loan acceptance on favorable conditions. However,
underwriting is usually multifaceted, and although credit
scores play a big role, the final choice is often influenced by
other elements, including the debt-to-income ratio, work
history, collateral value, as well as loan purpose. Lenders may
apply different weighting models for various loan products—
mortgages may emphasize income and collateral more
heavily, while unsecured personal loans rely more on the
credit score. With the rise of automated and algorithm-driven
underwriting systems, the consistency and transparency of
credit score weighting have improved, but they can still vary
widely between institutions. Moreover, some modern lenders
are experimenting with adjusted weighting systems that
reduce reliance on credit scores and instead integrate
alternative data to better evaluate thin-file or non-traditional
borrowers.

V. LITERATURE REVIEW

These studies demonstrate how rule-based credit scoring
is giving way to Al-driven credit scoring, which uses
ensemble models, feature selection, and real-time data to
increase loan approval accuracy, equity, interpretability, and
the effectiveness of financial decision-making.

Nagpal and M (2025) Loan approval processes in the
context of Indian banks. distinguished by its focus on
education loans, a niche area that, to the best of their
knowledge, has not been previously explored. It achieves an
accuracy rate of approximately 88%, outperforming existing
studies that employed logistic regression for general loan
prediction. The superiority of their algorithm can be attributed
to the judicious selection of attributes and effective data
preprocessing techniques. Notably, their approach does not
rely on credit scores, making it particularly suited for
education loan applicants who often lack established credit
histories. By consulting loan application forms from various
Indian banks, key attributes that inform their predictive model.
its ability to accurately predict loan approval without relying
on credit scores [30].

Sarathamani et al. (2024) Credit scoring forms a crucial
part of loan approval systems. Traditional methods sometimes
make wrong judgments, for example, letting risky customers
into the system and rejecting creditworthy ones, since this
follows fixed, rule-based strategies to improve the precision
of credit score-based loan approval systems by combining
Random Forest and Gradient Boosting techniques in a novel
hybrid ensemble model. The proposed methodology enhances
forecast accuracy by capturing complex relationships between
financial attributes in addition to handling imbalanced
information. The hybrid model is demonstrated to be better
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than standalone models of RF and GB in terms of precision,
recall, accuracy, as well as AUC with experimental results on
real-world loan datasets. Therefore, financial organizations
are likely to minimize credit risks while simultaneously
streamlining the efficiency and equity of the loan approval
processes by implementing this integrated and scalable
approach [31].

Kumar, Maneesh and Sanjay (2024) credit scoring than
individual classifiers. Random Forest and Boost are essential
for improving credit risk assessment accuracy when applying
ensemble learning methods for credit scoring research. The
datasets (which consist of financial, demographic, and past
credit information) undergo preprocessing. This involves the
categorical feature encoding and missing values. A set of
decision trees is produced through the Random Forest
technique, which is famous due to its ability to convey
complex relations. Meanwhile, a set of powerful gradient
boosting algorithms was used to determine complicated
patterns in the data. The hyperparameters of both models are
optimized with grid search, and the features selected with the
help of SHAP values of Boost and the assessment of the
importance of a particular feature, Random Forest contribute
to taking the models to a more interpretable form [32].

P, L and Sanjay (2024) Credit scoring is an important tool
for determining an applicant's creditworthiness, which is
important for financial institutions to consider when deciding
whether or not to provide a loan. proposes and evaluates
ensemble credit scoring models using diverse datasets
comprising of financial, demographic, and past credit
information on loan applicants. To improve credit scoring, this
article looks into feature selection strategies, ensemble
parameter adjustment, and model interpretability. Its
ensemble learning algorithms outperform individual
classifiers in credit scoring and produce accurate judgments of
credit risk [33].

Kadam et al. (2023) customer’s credit might be a liability
if they are unable to repay the loan or a rising asset for the
bank because of interest income. Due to the bank's lack of
knowledge regarding the customer's ability to repay, a
significant amount of capital issued might become bad debt.
The loan approval prediction system is an ML-based web
application that gives users immediate loan approval
predictions. Anyone or any financial organization looking to
quickly assess loan applications and make informed decisions
can benefit from this tool. In addition to offering a simple and
practical method for consumers to access this feature, it makes
use of ML to produce predictions that are accurate and
trustworthy [34].

Tumuluru et al. (2022) one of the most important things
for banks' existence and profitability is loan applications. The
banks get a significant volume of loan applications each day
from both their customers and other individuals. Not every
application is accepted. Most banks use their credit score as
well as risk assessment procedures to evaluate loan
applications and determine whether to grant credit. However,
each year a significant number of loan defaults & non-
repayments occur, costing financial institutions a significant
amount of money. This work uses ML algorithms to mine a
common dataset of approved loans for patterns that could
indicate who might be at risk of defaulting on their loans. The
customers' historical data, which included their age, income,
loan amount, and length of employment, was fed into several
machine learning algorithms, such as LR, KNN, SVM, and
RF, to determine the most relevant features [35].

Table I gives a summary of the research on how credit
scores affect loan approval, including the methodology, main
conclusions, difficulties, and potential future approaches

TABLE I. LITERATURE REVIEW ON THE INFLUENCE OF CREDIT SCORES ON LOAN APPROVAL
Author Study On Approach Key Findings Challenges Future Directions
Nagpal and M | Loan approval | ML-based  predictive | Achieved ~88%  accuracy; | Absence of  prior | Extend to multi-bank
(2025) processes  for | model without relying | effective attribute selection and | education loan-focused | real-time systems;
education loans | on credit scores preprocessing enhanced | prediction models integration with
in Indian banks predictions for applicants lacking mobile/web
credit histories applications
Sarathamani et | Credit scoring | Hybrid ensemble of | The hybrid model outperformed | Traditional rule-based | Apply to other financial
al. (2024) for loan | Random Forest and | standalone models in terms of | methods are unable to | products like insurance
approval Gradient Boosting precision, recall, accuracy, and | capture complex | or credit card default
AUC; addressed imbalanced data | relationships prediction
Kumar, Credit scoring | Random Forest and | Ensemble models improved | Complexity in | Explore deep ensemble
Maneesh and | using ensemble | Gradient Boosting with | credit risk assessment; | optimizing parameters | learning and automated
Sanjay (2024) | learning Grid Search and SHAP- | hyperparameter tuning enhanced | for multiple models hyperparameter tuning
based feature selection accuracy and interpretability
P, L and | Credit risk | Ensemble classifiers | Ensemble methods outperformed | Balancing model | Incorporate explainable
Sanjay (2024) | assessment for | with feature selection | individual models in risk | complexity and | Al  frameworks for
(2024) loan applicants and interpretability | prediction accuracy interpretability regulatory compliance
analysis
Kadam et al. | ML-based loan | Predictive system | Provided fast, accurate, and | Generalized model may | Integrate adaptive ML
(2023) approval ~ web | providing instant loan | accessible loan approvals for | lack personalization for | models for customized
application approval individuals and institutions different financial | loan types (personal,
recommendations products education, business)
Tumolero et | ML-based Applied Random Forest, | Identified key  influencing | High variance in dataset | Use time-series and
al. (2022) identification of | SVM, KNN, and | features (age, income, loan | distribution  affecting | real-time data streams
potential  loan | Logistic Regression on | amount, employment length); | model generalizability for dynamic prediction
defaulters historical data improved defaulter prediction models

VI. CONCLUSION AND FUTURE WORK

This analysis emphasizes how credit scoring has changed
from conventional rule-based models to Al-driven, data-rich
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systems that improve financial decision-making's precision,
speed, and equity. Modern credit scoring helps lenders
manage risk while offering borrowers greater access to credit
through dynamic, predictive tools. The adoption of alternative
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data sources and automated decision-making has made
lending more inclusive and efficient. However, challenges
like over-reliance on credit scores, exclusion of individuals
with poor histories, and the opacity of Al-based models
persist, raising concerns about fairness and accountability.

Future studies have to concentrate on incorporating real-

time data, enhancing Al model explainability, and ensuring
ethical algorithm design to promote transparency and fairness.
Exploring decentralized finance (Defib) and blockchain for
secure, immutable credit histories holds strong potential.
Additionally, developing standardized frameworks for
incorporating alternative data, like social behavior & utility
payments, can help improve credit access for underbanked
populations. There’s also scope for adaptive scoring models
that continuously learn from borrower behavior while
ensuring compliance with data privacy laws. The goal of these
developments is to create a financial environment that is more
robust, transparent, as well as inclusive.
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