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Abstract—Factors such as expanding digital financial 
services are changing how people apply for loans or credit. 
Each year there are millions of loan and credit applications 
processed through digital format (ie, online, mobile apps, 
and fintech systems). While this provides additional 
convenience and makes obtaining credit easier; it also 
creates challenges associated with assessing an applicant’s 
creditworthiness, since traditional credit assessment 
methods are unable to adapt to rapidly changing consumer 
behaviours or large-scale data; resulting in many 
consumers not having their actual level of creditworthiness 
assessed accurately, which can lead to large numbers of 
consumers defaulting, causing institutions/lenders to incur 
financial losses, and resulting in reduced confidence from 
consumers in being able to access credit from lending 
institutions. 
Traditionally, credit scoring systems have used static, or 
fixed parameters like; income level, applicant’s credit 
history, and manual validation processes to assess the 
creditworthiness of an applicant. As a result, these 
traditional scoring approaches are slow (not able to keep 
up with changes in consumer behaviour), subjective 
(scorers can rely on personal bias when scoring), and 
unable to accurately account for complex, non-linear 
relationships that exist among the population’s financial 
data, thus resulting in a limited ability to accurately predict 
the likelihood of consumer default and the 
possibility/risk of fraud against a lending institution. The 
present study demonstrates a robust and scalable credit 
score based on ML techniques which will assess applicants 
for credit risk in real time. The model employs a host of 
applicant variables (i.e., income level, employment history, 
repayment behavior, current debts, and credit score) for 
the specification of creditworthy or high-risk applicants. 
The model shows improvement in the accuracy of 
prediction by exploiting historical financial data and thus 
discovering hidden patterns, correlations and anomalies 
over time. Furthermore, the model will improve 
transparency in lending and ensure fair underwriter 
decisions, lower the probability of default, and provide a 
continuous mechanism to monitor borrower credit activity, 
all of which will facilitate a more automated and efficient 
lending process. 
 
Index Terms—Credit Scoring, Machine Learning, Credit Risk 
Assessment, Financial Data Analysis, Predictive Modeling, Loan 

Default Prediction, Fintech, Real-Time Decision Systems, Fraud 
Detection, Data-Driven Lending. 

 

I. INTRODUCTION 

Problem Statement- The rapid development of digital 
financial services, online lending platforms and fintech 
apps have resulted in increased demand for efficient and 
accurate credit evaluation systems [26]. Financial 
institutions handle millions of loan applications, credit 
card requests and other types of credit transactions each 
year. While this increase in demand has resulted in 
improved access to financial services, it has also created 
significant challenges related to accurately determining 
whether an individual or business is creditworthy [2], [3]. 
Poor credit assessments can lead to higher loan default 
rates, financial losses, and decreased trust in the financial 
institution [20], [23]. 

The traditional credit scoring system is based primarily 
on pre-defined rules and a manual review of the applicant’s 
data by human experts [1], [6]. Data points used when 
determining the applicant’s creditworthiness typically 
would be income level, credit history, employment status 
and number of times the applicant has repaid their loans. 
The past system of using these data points in combination 
was effective in assessing creditworthiness, however it has 
become less effective as a result of the increase in the 
volume of data, the complexity of financial patterns and the 
need for real-time decisions regarding creditworthiness 
[4], [15], [22]. The current credit scoring system is typically 
slow, subjective and has the potential to be impacted by 
human bias when evaluating an applicant’s 
creditworthiness resulting in inconsistency or inequitable 
credit decisions [30]. In addition, the traditional credit 
scoring system does not adequately consider applicants 
with little or no credit history (also known as ”thin-file” 
customers) which limits the financial inclusion [14], [23]. 

The emergence of digital banking along with an increasing 
amount of digital data generated each day from both 
structured and unstructured sources within the financial 
ecosystem, have created a large quantity of data that is 
high dimensional in nature [26]. Traditional rule-based 
systems do not have the ability to extract useful insights 
from high dimensions and they lack the ability to adapt to 
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the changing behavior of borrowers over time [4], 
[21]; therefore, they are not effective in finding 
complex, non-linear relationships among several 
financial variables [7]. As a result, static models are 
not able to represent the evolving nature of borrower 
behavior and therefore can lead to inaccurate 
predictions of risk. 
In addition, another key challenge in credit scoring is 

that most data sets contain imbalanced data where 
the number of instances representing non-default 
behavior far exceed the number of instances of 
default behavior [16], [17], which results in 
traditional models being inaccurate in identifying high 
risk applicants, either resulting in false approvals and 
sub- sequent losses or false rejections and potential 
customers lost to another lender [14]. Furthermore, 
regulatory requirements mandate that lenders 
transparently and completely explain credit decisions 
[30], which many traditional and complex analytic 
systems do not provide. 

Machine Learning can analyze huge amounts of 
historical data/finance trends to discover hidden 
relationships between variables/best practices and then 
continuously fine tune their models for improved 
performance through regularized updates [7], [9]. By 
using supervised learning (ML) algorithms, e.g., Logistic 
Regression [1], Decision Trees [10], Random Forest [9], 
Support Vector Machines [8], XGBoost [11] and Deep 
Neural Networks [12], to classify applicants based on 
their creditworthiness and predicted credit risk, we can 
achieve much higher accuracy than with traditional 
methods [4], [15]. Examples of this type of ML model 
include ensemble learning; combining the predictive 
performance of multiple ML models reduces overfitting 
(one reason for lower-than-expected credit risk 
assessments) [9], [35]. 

Consequently, the development of an intelligent, 
automated, adaptive AI credit score system has become of 
primary importance for the following reasons: Ability to 
process large volumes of data; provide accurate and timely 
predictions; improve data quality by reducing bias; better 
manage data volume by addressing the imbalance 
between applicant populations [16], 

[17]; and facilitate transparent decision making 
(improve credit risk assessment process efficiency) [30]. 
Such a system will significantly improve credit risk 
assessment efficiency; reduce loan default rates; enhance 
consumer confidence in lending organizations; and 
increase the ability of more individuals to access credit 
fairly through an established process. 

A. Key objectives of the project include: 

Machine Learning and Artificial Intelligence deliver a 
powerful and scalable solution to the inadequacies of 
conventional credit scoring systems [15], [26]. Large 
amounts of historical financial data can be analyzed by ML 
algorithms to identify hidden relationships between 
variables such as income, repayment patterns (i.e., 
delinquency rate), credit utilization rate, and employment 
stability [2], [37]. These models improve their predictive 
capabilities through iterative training and optimisation, 
enabling credit risk predictions based on increasingly 
accurate and adaptive training data [7], [9]. 

Financial institutions may use supervised learning 
algorithms (Logistic Regression [1], Decision Tree [10], 
Random Forest [9], Support Vector Machines [8], [27], 
XGBoost [11], and Deep Neural Networks [12]) to classify 
applications based on creditworthiness more accurately than 
traditional credit scoring systems that rely on rules [4], [15]. 
Ensemble learning also enhances predictive performance by 
combining several models, reducing overfitting, and 
improving the reliability of decisions made about applicants 
[9], [35], [41]. 

While these improvements are valuable, a comprehensive 
and intelligent AI-based credit scoring solution that meets 
the growing complexity and scale of modern financial 
systems is urgently needed [26], [43]. The increase in the 
number of credit applications, along with new applicant 
profiles and financial behaviour occurs faster requires 
systems that are not only accurate but also have high speed, 
scalability, and adaptability to new data. 

To tackle all these obstacles, it is equally important to 
develop an advanced, adaptive, intelligent, automated, and 
AI- powered credit scoring system. This will require the 
availability of a credit scoring system capable of analysing 
vast amounts of data in real-time and accurately 
predicting credit worthiness while minimizing or 
eliminating any human bias from the evaluation process 
[30]. Furthermore, it must have the ability to use advanced 
methodologies to overcome class imbalances [16], [18], 
treat individuals from all backgrounds fairly with respect 
to their application’s credit worthiness, and provide 
detailed explanations on how decisions were made to 
meet regulatory and ethical obligations [30]. More 
importantly, this system should learn from all new data 
and adapt to significantly changing economic conditions in 
addition to gaining in its ability to predict credit 
worthiness at an increasing level of accuracy as time 
passes [43]. 

Deploying this type of credit scoring system, therefore, 
will substantially increase the efficiency and 
dependability of credit risk assessment processes in 
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organizations across industries [15], [35]. It will 
help to lower the number of loan defaults, improve 
the way an organization makes lending decisions, and 
enhance the effectiveness of an organization’s risk 
management initiatives. In addition, by providing a 
fair and transparent process for evaluating 
applicants [30], AI and ML in credit scoring 
ultimately builds greater customer confidence, as well 
as increases access to credit for those who typically 
would not have access to such funding due to a lack of 
credit history or inadequate documentation of their 
credit histories [14], [34]. Overall, utilizing AI and ML 
in credit scoring represents a major shift for the 
financial system as it moves toward creating a safe, 
sound, efficient, and equitable overall economic 
environment. 

II. RELATED WORKS 

 

Research on credit scoring and credit risk 
evaluation has increased exponentially during the 
past ten years [15], [21], [22]. Most of this work has 
focused on data-centric methods to score applicants 
and machine learning approaches to assess the risk 
associated with lending to a given application [4], 
[14], [23]. The ultimate aim of this body of 
research is to effectively classify an applicant’s 
credit worthiness while overcoming several 
common problems that face researchers in this area 
including imbalanced datasets [16], [17], a limited 
credit history for a significant number of potential 
borrowers [14], and the ever-changing nature of 
financial behaviour [37]. In their infancy, Credit 
Scoring Systems relied almost exclusively upon Rules 
to evaluate credit risk utilizing a predefined set of 
criteria (inputs) including Income Levels, 
Employment Stability, Credit History, and Debt to 
Income Ratio as variables within their Credit Scoring 
Models [1], [2], [6]. For example, applicants would 
typically be classified as High Risk if they had low 
incomes, little or no consistent repayment history 
and high levels of outstanding debt at the time they 
applied for a loan. Although these rule-based systems 
were easy to administer and interpret, they were 
not able to be adjusted or modified as the financial 
system became more complex and applicants 
became more diverse [4], [22], thus making it 
difficult for these types of systems to capture the 
inherent complexity of the relationships between the 
input variables and the outcome variable (classifying 

an applicant as high or low risk), resulting in constant 
inaccurate predictions and, thus, biased decision-making 
[30]. 

Over the past decade, there has been considerable interest 
in analyzing and scoring creditworthiness using 
multifaceted methodologies. The two most prevalent 
methodologies used to score creditworthiness are data-
centric methods and machine learning methods of assessing 
the risk of lending money to a specific individual [15], [21]. 

The research conducted in developing these scoring 
systems has been designed to successfully classify an 
individual’s creditworthiness while addressing three major 
issues associated with scoring individuals negatively; 
namely, credit scores based on unbalanced data [16], [17] 
(for example, some individuals may not have any credit 
history at all), several individuals with limited credit 
histories may be classified or scored as low-risk [14], but 
their credit histories will not be available until the credit 
scoring company collects enough data on the individuals, 
and credit scores are continuously changing and re-adjusting 
according to changes in the financial behaviour of an 
individual [37]. 

Credit Scoring Systems initially relied exclusively on Rules 
as a method of evaluating individuals’ creditworthiness. 
These rules were based upon previously defined 
Characteristics (in- puts) of individuals (based upon their 
income levels, employment stability, credit histories, and 
debt-to-income ratios) used as input variables for the Score 
Model [1], [6]. The Classification of Low-risk and High-risk 
individuals is typically based upon the Credit Characteristics 
of individuals. An individual would generally be classified as 
High Risk if his/her income was low, he/she had inconsistent 
repayment history and outstanding debt relative to his/her 
credit limit. While Rule-Based Models were relatively simple 
to implement and yield an easily interpretable credit score 
[30], it is important to note that Rule-Based Models do not 
accurately measure or estimate an individual’s 
creditworthiness [4], [22]. 

In addition, recent research has indicated that deep 
learning is performing very well in modeling the complex 
patterns of credit risk, which also improves forecasting 
abilities for credit risk [5], [12], [43]. There are also many 
researchers who have looked into using ensemble learning 
methods (such as Bagging and Boosting) [35], [41] by 
combining multiple models to improve accuracy, robustness, 
and generalizability through the use of different models. 
Numerous studies have demonstrated that ensemble 
models, such as Random Forests [9] and XGBoost [11], [29], 
produce significantly greater performance than singular 
classifiers based on measures such as accuracy, recall, and 
error rate [4], [15]. 
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A number of studies in the literature show that 
there is now a movement away from traditional 
statistical and rule-based methods toward the use 
of advanced machine learning and ensemble 
techniques [15], [28]; furthermore, these techniques 
are allowing more flexible, scalable and efficient 
approaches to modern credit scoring systems. One of 
the primary challenges in assessing credit risk is the 
lack of balance in the dataset, in that default 
occurrences are generally very infrequent 
compared to non-default occurrences [16], [17]. A 
common method for resolving this imbalance is 
through the application of the Synthetic Minority 
Oversampling Technique (SMOTE) [16], which has 
the effect of generating synthetic examples of the 
minority class, and thus provides a more balanced 
dataset and improves forecasting accuracy [18]. 
Moreover, cost-sensitive learning methods impose a 
penalty for classifying default cases incorrectly, 
which results in a higher level of identification of 
applicants classified as high credit risk [36]. Another 
key area of focus for researchers in the field of 
credit scoring will be focusing on behavioral 
analysis [37]. Behavioral analysis methods include 
evaluating how potential applicants behave 
differently regarding their spending, payments, 
transacting with frequency, and financial control 
over time [38]. When comparing [...] people’s most 
recent behaviors with past behavior records, you 
are better able to identify risk indicators and 
forecast whether they are likely to repay as 
promised [37]. This is especially important when 
reviewing applicants with” benchmarks”. Therefore, 
there is a need for continuous integration of 
machine learning, deep learning, and sophisticated 
data processing technologies into the development 
of intelligent, flexible, and scalable credit scores 
that meet the demands of today’s world [26], [43]. 

III. METHODOLOGY 

This research uses a methodology that allows the 
development of an intelligent artificial intelligence 
credit scoring system that can assess an applicant’s 
creditworthiness quickly, accurately, and reliably [7], 
[26]. This will allow credit decision assistance at scale 
by providing the ability to rapidly digest large 
amounts of financial data and generate real-time 
predictions [9], [11]. 

To create this system, a dataset is created using 
various types of data sources, including publicly 

available financial datasets like those located on Kaggle 
[45], and anonymized bank account data [31]. The data 
collected comprises individual records/instances for each 
applicant, with various attributes, including the applicant 
ID, income level, employment status, credit history, 
amount of loan being applied for, existing liabilities, 
repayment patterns, credit score, and an indicator (target 
label) showing whether the applicant is creditworthy or 
not likely to default on the loan if approved [2], [45]. One 
key challenge with the dataset is that it will be very 
imbalanced (i.e., there are significantly more non-default 
applicants than there are defaults) [16], [17]. 

The initial phase of data collection is followed by 
multiple stages of preprocessing to maintain the quality 
and consistency of data within the dataset [7]. There are 
many strategies to handle missing values and things that 
may be partial or out reference point that can be 
eliminated completely, thus being responsible for 
completing the collection of data for those individuals. 
Normalization is performed on numerical features 
(example: income and loan amount) to create consistency 
among the variable data with respect to how much they 
contribute to the final outcome using Min-Max and Z-score 
methods [7]. All categorical variables (ex: employment 
type, education level and purpose of the loan) must be 
converted into a numerical data set by the use of various 
forms of encoding (i.e., one-hot and label encoding) [7]. 
Where extreme values may negatively impact model 
performance, outlier detection will take place so that the 
extreme values will not have as great an effect on the 
outcome of the model [39]. Class imbalance will be 
addressed in the data set through various means of 
producing synthetic sample (default case) data through 
SMOTE (Synthetic Minority Oversampling Technique) 
[16], [18] so as to enhance learning of the model. 

Selecting the features to put into the model is very 
important with respect to the efficiency of the model and the 
computational complexity of the model [7]. The features 
of most importance to this study are income level; credit 
history; repayment behaviour; income and loan amounts; 
debt- to-income ratio; stability of employment and credit 
utilization [2], [37]. The selection of the relevant features 
that are most significant in predicting the credit risk will be 
accomplished using the following techniques: correlation 
analysis and ranked feature importance based on the use of 
tree-combined models [9], [11]. 

To create predictive models, supervised ML algorithms 
will be used [4], [15]. The baseline model to estimate an 
applicant’s probability of default will be logistic 
regression [1]; additionally, other models (decision trees 
[10], random forest [9], SVM [8], xgboost [11], deep neural 



          International Research Journal of Engineering and Technology (IRJET)            e-ISSN: 2395-0056 

               Volume: 13 Issue: 05 | May  2026              www.irjet.net                                                                        p-ISSN: 2395-0072 

  

© 2026, IRJET       |          Impact Factor value: 8.315         |      ISO 9001:2008 Certified Journal       |          Page 1652 
 

 

networks [12]) will be developed to better the 
prediction accuracy. Special emphasis will be placed 
on using ensemble techniques [35], [41] Because they 
provide better results than single models alone and can 
reduce the chances of overfitting [9]. 

Once the model has been trained, it will be integrated 
into the credit scoring system to evaluate a borrower’s 
application in real-time [26]. When a borrower applies 
for a loan, their data will be processed and then a 
prediction will be made for that individual. Based on 
this prediction, the borrower will be assigned to 
either a creditworthy or high-risk category. High-risk 
borrowers may be flagged and referred for additional 
review or denied. Creditworthy borrowers will receive 
automatic approval based upon the model prediction. 
Therefore, using this automated process significantly 
reduces the amount of time and manual work involved 
in making credit decisions. 

The classification decision is based on a threshold 
value: 

Credit = 
Approved,  if P ≥ 0.5 

Rejected, if P < 0.5 
• Decision Trees (DT) [10] - Tree based models 

used to split the data into separate data sets, 
depending on 

 

 
 

Fig. 1. DFD 
 

their relevant features, which will include the 
features that identify the characteristics of each 
applicant (i.e. income, loan amount, and credit 
history) and will give a clear rule/criteria to 
determine if the individual is either creditable or 
not [30]. 

• Random Forest [9], [41] - A type of ensemble 
learning where multiple trees are built utilizing 
random selections of the data. Once all trees are 
built, the trees are averaged out to obtain an 
overall average prediction, thus improving 

prediction accuracy and minimizing overfitting [9], 
[35]. 

• Logistic Regression [1] - A statistical tool that can 
estimate a probability of default for an applicant based 
on the characteristics of an applicant’s features. If the 
estimated probability for an applicant is 0.5, then the 
applicant will be classified as a high-risk 
borrower/creditor; otherwise, the applicant will be 
classified as a credit worthy borrower/creditor [1], [4]. 
The rapid expansion of the digital lending sector, online 
banking and Fintech has put more emphasis on having 
an accurate credit scoring system than ever before [23], 
[26]. There is so much money being lent out daily 
by so many financial organizations that determining 
the creditworthiness of someone seeking to obtain a 
loan has become harder than ever before. In the early 
days of credit scoring, organizations used a rule-based 
method of scoring applicants based on set criteria such 
as (work his- tory, income level, credit history, etc.) that 
predetermined which applicants were likely to repay 
their loans [1], [2], [6]. Although rule-based scoring 
systems are relatively easy to use and interpret [30], 
they do not adequately adapt to changes that occur 
within the lending market over time and are unable to 
capture complex relationships that exist between 
multiple criteria [4], [22]. 

 
A. Algorithms Utilized : 

 
Due to the limitations of these types of systems, re- 
searchers began investigating statistical models for 
deter- mining loan defaults using historical financial 
data and developed Logistic Regression and 
probabilities-based models [1], [4]. These types of 
statistical models provide lenders with a means of 
accurately predicting whether the applicants to whom 
they are about to lend money will default on their 
loans and provide lenders with a way of assigning 
credit scores to each applicant based on his or her 
financial history [2], [22]. Even though statistical 
models provide lenders with consistency in making 
decisions and are relatively easy to implement [1], they 
still have limitations when it comes to dealing with 
large amounts of data or high dimensional datasets and 
modelling complex non-linear relationships [7], [15]. 
Furthermore, in the case of developing credit scoring 
models from highly imbalanced datasets (when the 
number of cases that have defaulted on their loans is 
much less than the number who have not defaulted), 
lenders continue to make biased predictions based on 
these historical financial records [16], [17]. 
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Credit scoring research has seen the rapid 

emergence of machine learning, and data mining 
techniques in recent years, ultimately leading to higher 
domestic consumer lending rates [15], [21]. These 
technological advances allow for processing huge 
amounts of structured (financial) information and the 
ability to find hidden patterns, which are typically 
difficult to detect using traditional analytical methods 
[7], [26]. Machine learning models continuously learn 
and adapt to the evolution of financial behaviors based 
on using historical applicant information [9], [43]; as a 
result, machine learning models provide more accurate 
and reliable predictions regarding credit risk [15], [35]. 

Machine learning algorithms have been 
extensively utilized in credit scoring systems, 
including: Logistic Regression [1], Decision Trees 
[10], Random Forest [9], [41], Support Vector 
Machine (SVM) [8], [27], Naive Bayes, and Gradient 
Boosting (e.g., XGBoost) [11], [29]. Decision Trees 
are generally preferred for their interpretability of 
the model and for providing clear and 
straightforward decision rules [10], [30]. Random 
Forest is an ensemble learning approach using the 
decisions made by several different decision trees to 
create a consensus, which decreases overfitting and 
leads to improved prediction accuracy [9]. SVM is 
effective at creating optimal decision boundaries 
while working with high- dimensional data [8], [24], 

[25]; while Neural Networks and Deep Learning 
techniques are effective at analyzing financial data sets 
for complex/non-linear relationships [5], [12], [43]. 

There has been research into the application of big data 
technology and real-time analytics into the credit scoring 
system [26]. As the amount of available financial datasets 
located within different data sources continues to grow 
(transactions from traditional sources ,i.e. banks or credit 
bureaus & ’alternative’ datasets such as mobile usage 
or digital payments), there is a need for credit scoring 
systems that can store, process, and analyze datasets 
in (almost) real-time [26], [42]! Automating the credit 
evaluation process through the incorporation of machine 
learning models into a big data framework will provide 
financial institutions with the ability to make faster, more 
accurate, and better informed data based decisions [26], 
[35]. 

Another priority of research has focused on using 
ensemble learning techniques, e.g. bagging and boosting 
[35], [41], to help improve the prediction performance 
of credit scoring models. Ensemble learning is defined as 
creating multiple models to combine them to strengthen 
the overall accuracy, robustness, and generalization 
capability of the final model to make improved 
predictions [9], [35]. Ensemble models (e.g. Random 
Forest [9] and XGBoost [11]) have been shown in a 
number of studies to outperform the individual 
model(s) used to create the ensemble in terms of credit 
risk prediction accuracy and reliability levels [4], [15], 
[35]. 
In addition to addressing the issues of data imbalance 
and fairness in credit scoring, researchers are also 
investigating ways to develop solutions using various 
methods such as SMOTE (Synthetic Minority 
Oversampling Technique) [16] to generate synthetic 
examples of minority classes (default cases) to create a 
balance between the total number of records of the two 
classes in a given dataset [17], [18]. Researchers also 
apply cost-sensitive learning, which penalizes the 
misclassification of high- risk applicants more than those 
classified as low risk [36]. Researchers are also focusing 
on XAI (explainable artificial intelligence) techniques 
[30], which seek to make model predictions transparent 
and interpretable to both end users and regulators. 
The literature demonstrates that the transition from 
traditional rule-based/statistical approaches to modern 
ma- chine learning/deep learning/ensemble methods is 
occurring [15], [28], providing more accurate, 
scalable, and adaptive solutions to credit scoring and 
ultimately enabling financial institutions to improve risk 
assessment, reduce default rates, and improve decision-
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making processes within an ever-increasingly 
complex financial environment [34], [43]. 

IV. RESULTS AND DISCUSSIONS 

A proposed AI-based Credit Scoring System consists of 
using Machine Learning (ML) techniques to determine if 
someone who is applying for a loan is likely to default (be 
high risk) or is creditworthy (low risk) [9], [11], [35]. This 
project utilizes a dataset which contains other applicant 
characteristics such as income, employment status, credit 
history, loan amount, debt-to-income ratio, payment his- 
tory, and previous default records [2], [45]. Once the 
dataset was pre-processed, engineered, and selected for 
relevant features, several ML algorithms were applied 
to classify loan applicants into Approved and Denied 
credit categories [4], [15]. The main models used in this 
research were Decision Trees [10], Random Forests [9], 
Logistic Regression [1], Support Vector Machines [8], and 
XGBoost [11]. 
The results of this research demonstrate that machine 
learning can significantly enhance an organization’s 
ability to assess the credit risk of an applicant by 
extracting useful information that is not visible in 
traditional methods of assessing credit risk (i.e., keyword 
searches) [15], [21]. Of all the models used in this study, 
Random Forest [9] produced the best results out of 
the group with the highest level of accuracy and 
dependability for making predictions related to whether 
or not an applicant would default. This performance 
advantage is a result of ensemble modeling techniques 
[9], [35], [41], utilizing multiple decision trees to arrive at 
a final prediction, compared to other modeling 
approaches, which have greater risks of overfitting an 
applicant’s credit file when making credit decisions. 
Therefore, the Random Forest model will produce 
substantially greater characteristics in terms of stability 
and accuracy when making credit and lending decisions 
compared to the applicants used in this study. 
A Decision Tree model [10] generates simple and 
interpretable rules to help lenders predict whether 
applicants will repay their loans based on characteristics 
(for example, income and payment history) [30]. The 
rules generated by a Decision Tree model give lenders an 
easy understanding of how an applicant has been 
classified as low risk or high risk [10]. However, when 
working with complex or non-linear relationships 
between financial variables, the Decision Tree model can 
result in significantly less-than-expected performance [4], 
[15]. 

Logistic Regression [1] was effective for binary 

classification and provided consistent and credible 
results when predicting the likelihood of loan defaults 
[4], [22]. Logistic Regression was particularly useful as a 
starting model for developing loan default models due to 
its simplicity and interpretability [1]. Similar to fraud 
detection, Logistic Regression does not sufficiently 
capture very complex non-linear relationships between 
financial data [7], [15]. 
Users of the system’s interface will gain important in- 
formation about how likely applicants are to default, 
as well as trends for both acceptable loans (approved) 
and unacceptable loans (rejected). The user interface 
allows bank administrators and loan officers to track 
patterns that may indicate a potential for default (e.g., 
high debt-to- income ratio, low credit score) [30], 
[37]. By identifying these patterns, the model 
provides assistance to administrators when planning 
their future lending decisions by identifying loans 
that should not be granted, based on the likelihood of 
repayment or possible delinquency. 
Overall, this study has demonstrated that the 
proposed system can substantially enhance the 
credit-scoring process through greater accuracy of 
predictive modeling, reduction of loan defaults and 
expedited loan-approval decision making [15], [35]. 
The data supports AI and ML techniques as providing 
significant advantages in efficiency, reliability and 
transparency to the current methods used for 
assessing credit risk [26], [43]. 

V. CONCLUSION 

Digital lending platforms and online financial services 
are rapidly expanding, which have impacted how 
credit is processed and accessed. While the increased 
use of these services has improved access to credit for 
both individuals and businesses, it has created new 
challenges in accurately assessing credit risk. Loan 
applications continue to rise; thus, financial 
institutions must have reliable, automated systems to 
assess the creditworthiness of potential borrowers 
and minimize the risk of loan default. 
As part of this research project, a scalable AI-based 
credit scoring system was developed through Machine 
Learning (ML) algorithms to automatically determine 
if an applicant is either creditworthy or poses a higher 
degree of risk than a typical applicant. The system 
uses various methods (decision trees, random forest, 
logistic regression, support vector machine (SVM), 
and XGBoost) to analyze an applicant’s financial data 
and classify them into categories of creditworthiness 
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or higher risk. The system also utilizes the 
necessary steps (data preprocessing, feature 
selection, and model training) needed to 
accurately identify correlations among different 
financial variables and detect complex financial 
patterns. 

According to the empirical data gathered from the 
project, machine learning-based credit scoring 
systems deliver far greater accuracy, consistency, and 
reliability than traditional rule-based credit scoring 
approaches. Random Forest provided the best 
performance among the various models launched in 
the testing process because of its ability to utilize 
ensemble learning, whereby it combines multiple 
decision trees to improve the prediction’s accuracy 
and decrease overfitting. This gives the system better 
capabilities than a single model could by providing it 
with increased capacity to address complex and 
nonlinear financial data. 
The machine learning-based credit scoring system em 
ploys both predictive and descriptive elements. 
Specifically, it provides a user-friendly interface that 
allows users to easily obtain clear, coherent insights into 
the applicant’s risk level associated with making a loan. 
By doing so, the financial institution can monitor and 
analyze approval and denial trends to identify high-risk 
applicants and formulate informed lending decisions 
quickly. The system also provides support of 
transparency and fairness in credit evaluations, which is 
critical to supporting regulatory compliance and building 
consumer trust. 
The implementation of this credit risk assessment system 
reduces the amount of time committed to the credit risk 
assessment process, and as a result, decreases the number 
of consumers who default on loans while increasing the 
speed and accuracy of lending decisions made by financial 
institutions. Additionally, the rollout of the machine 
learning-based credit scoring system will provide fair 
access to capital for previously disadvantaged groups, 
including those without an established credit history. 
Therefore, the implementation of artificial intelligence 
and machine learning in credit scoring represents a major 
step toward establishing a more intelligent, scalable, and 
trustworthy financial system. 
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