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ORIGINAL RESEARCH
Abstract— the digital era keeps leveraging machine learning (ML) techniques to enhance profitability within the financial sector. With the
integration of cutting-edge technologies and services enabling financial institutions to extend microcredit to individuals with lower incomes.
This digitization has streamlined various aspects of the loan application process, such as underwriting and electronic signatures, resulting in
quicker loan disbursal while upholding conventional underwriting and compliance procedures. Traditional credit scoring models face
constraints when adapting to big data technology for risk modeling. Consequently, ML-based credit risk models have emerged as a more
efficient approach for forecasting defaults. Thus, this paper introduces ML model for predicting possible credit failure challenges and evolving
issues using ML tools. The developed model used kaggle dataset for the study. The model employed decision Tree and Random Forest

algorithm to efficiently develop a classification model to anticipate loan defaults before granting the loan.

Keywords— Financial Institutions, Credit, Failure, Prediction, Challenges & Machine-Learning.

1 INTRODUCTION

Digital lending, also known as social or online lending
is a swiftly expanding phenomenon in emerging

markets. As it encompasses credit products
delivered exclusively through digital channels, such as
mobile applications and the internet. These loans are
typically unsecured cash loans acquired through digital
channels without the involvement of a salesperson
(Hassan et al.,, 2023). Digital lending harnesses digital
data to make lending determinations through automated
procedures. This has provided millions of low-income
consumers with the opportunity to access loans from the
convenience of their location. Nevertheless, digital
lending carries higher risks compared to traditional
banking due to inadequate credit checks, limited
intermediation, a lack of transparency, and the financial
status of online borrowers (Cinca, et al., 2019; Hassan et
al., 2023). Credit risk prediction and management assume
a critical role in this context. Digital lending has disrupted
the conventional consumer banking sector, offering more
efficient loan processing, with loan application decisions
automatically determined using electronic data-driven
algorithms. This has enabled online lenders to offer small
loans with short-term maturities, facilitating access to
credit for individuals excluded from traditional banking
systems (Chang, et al.2022, Wisdom et al. 2020). However,
credit risk poses a significant concern for commercial
organizations and may lead to a dire situation known as
credit default. To mitigate credit risk, lenders conduct
comprehensive assessments and verification of a
borrower's capacity to fulfill their loan repayment
obligations (Hassan et al., 2023).
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These platforms employ predictive analytics to

establish creditworthiness scores and limits, taking into
account factors such as past business records, call logs,
text messages, contact lists, age, education, and income
(Kisutsa, 2021). Recently, researchers and lending
institutions have turned to machine learning algorithms
and neural networks for predicting an individual's credit
score based on their historical data. Through this
approach, the system can also identify potential credit
default candidates and reject their loan applications.
Despite the associated risks, lending remains a
fundamental aspect of financial organizations and
lenders strive to minimize credit risk to ensure the smooth
operation of their businesses.
This paper examined the specific characteristics of
financial data that influence the possible likelihood of
loan defaults, using comprehensive data analysis, the
study explored the relationships between different
attributes and loan defaults to identify the most suitable
features for training a predictive model.

2 REVIEW OF RELATED STUDIES

This section presents a review of related studies, credit
predicting failures, emerging credit concerns and ml
tools, traditional credit risk assessment,
analysis and judgment-based models as follows.

discriminant

2.1 PREDICTING CREDIT FAILURE CHALLENGES

Predicting credit failure challenges, often referred to as
credit risk assessment or credit scoring, is a crucial task in
the financial industry. The challenges associated with
predicting credit failure are multifaceted and involve a
combination of statistical, financial, and economic factors.
This section presents some key challenges in the area as
follows: Reliable data is the cornerstone of credit risk
assessment. The accuracy, completeness, and timeliness
of data can be a major challenge. Inaccurate or outdated
information can lead to incorrect credit risk predictions,
more especially with the emergences of machine learning
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(ML) and Artificial Intelligences (Al) tools employed to
ensure precision, efficiency with accuracy (Devi, &
Radhika 2019; Wisdom et al., 2023). Credit failure events
are usually rare compared to successful credit outcomes.
This data imbalance can make it challenging to build
robust models that accurately predict credit failures
(Eneh, et al. 2022). Developing accurate credit risk models
often involves dealing with complex statistical and
machine learning techniques. Ensuring that these models
are interpretable and explainable can be a challenge.
Credit risk is influenced by broader economic conditions.
Economic downturns can significantly impact the ability
to predict credit failures accurately, as past data may not
be representative of future risks. Financial institutions
must adhere to various regulations and compliance
standards when assessing credit risk. These regulations
can vary from one region to another and may affect the
data and methodologies used (Ajayi et al. 2020). Selecting
the most relevant features (variables) for credit risk
assessment can be challenging. There is often a vast pool
of potential variables to choose from, and selecting the
right ones is critical. Credit risk models need to be
rigorously validated to ensure they perform as expected.
This includes assessing model performance over time and
addressing issues such as model drift. Credit risk is not a
static concept. Borrowers' creditworthiness can change
over time due to various factors, including changes in
their financial situation and life events. Models must be
able to adapt to these changes (Garzon, et al. 2020).
Ensuring that credit risk models are fair and unbiased is
crucial. There is an ongoing challenge in mitigating biases
in models, especially regarding race, gender, and other
protected attributes. The rise of complex machine
learning models like neural networks makes it difficult to
explain and interpret decisions. In highly regulated
industries like finance, understanding and justifying
model predictions is essential. As credit risk assessments
increasingly rely on digital data and technology,
protecting sensitive information from cybersecurity
threats is vital (Wisdom, et al. 2024). Data breaches can
have serious implications for credit risk prediction.
Addressing these challenges requires a combination of
sound data governance, model development practices,
regulatory compliance, and ongoing monitoring and
validation. Financial institutions and other organizations
involved in lending and credit risk assessment must
continually adapt their methods to stay current with
evolving economic conditions and technological
advancements.

2.2 EMERGING CREDIT CONCERNS AND ML
TOOLS

Emerging credit concerns refer to the issues and
challenges that arise in the world of finance and lending
when it comes to assessing the creditworthiness of
individuals and businesses. These concerns are
particularly significant in the context of financial
institutions, as they must strike a balance between
offering access to credit and managing the risks
associated with lending. (Hassan, et. al. 2023, Wisdom et
al. 2021.) Machine learning tools have emerged as a
powerful and effective way to address and mitigate these
emerging credit concerns.

These challenges have greatly impacted lending
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institutions such as banks and other Procure-to-Pay (P2P)
lending organizations, resulting in low annual turnover,
excessive depths and cash trap (Wisdom et al., 2024b).
Such that, despite having sufficient cash, organizations
are unable to generate enough revenue or profits to
sustain themselves and grow, leading to inefficient
operations or poor cash management, with a cycle of
stagnation and decline.

The key points to consider when discussing the use of
machine learning (ML) tools in addressing emerging
credit concerns are namely:

1. Data-Driven Decision Making: One of the primary
benefits of machine learning in credit assessment is its
ability to process and analyze vast amounts of data.
Traditional credit scoring models often rely on limited
financial information, such as credit scores and income.
Machine learning algorithms, on the other hand, can
consider a wide range of alternative data sources,
including social media activity, transaction history, and
more. This helps financial institutions make more
informed and accurate lending decisions (James, 2017).

2. Risk Assessment: Machine learning models can be
used to assess credit risk more accurately. These models
can identify subtle patterns and trends in historical data
that might be missed by traditional methods. By
analyzing factors like payment history, loan duration,
and external economic indicators, machine learning
algorithms can provide a more comprehensive
understanding of a borrower's credit risk.

3. Fraud Detection: Machine learning can play a vital
role in fraud detection and prevention. It can detect
anomalies and suspicious activities in real-time, which is
crucial in mitigating emerging credit concerns related to
fraudulent applications or transactions. Advanced fraud
detection models can adapt to evolving fraud techniques
and protect lenders from financial losses (Wisdom et al.
2021).

4. Credit Scoring Models: Machine learning enables the
development of custom credit scoring models that can be
tailored to specific populations or industries. These
models can help address emerging credit concerns by
being more adaptable and responsive to changing
economic conditions or market dynamics.

5. Financial Inclusion: Machine learning tools can
promote financial inclusion by evaluating the
creditworthiness of individuals with limited or no
traditional credit history. By analyzing alternative data
sources, such as utility payments or rental history,
machine learning can extend credit access to underserved
populations (Wisdom et al. 2021)

6. Dynamic Decision-Making: Credit assessment is not
a static process, and emerging credit concerns may arise
due to economic downturns or other external factors.
Machine learning models can continuously learn and
adapt to changing conditions, allowing financial
institutions to make dynamic lending decisions and
adjust credit policies in real-time (Isaac et al. 2020).

7. Regulatory Compliance: Financial institutions must
comply with various regulations related to lending
practices. Machine learning models can help automate
and streamline compliance processes by ensuring that
lending decisions adhere to regulatory guidelines, which
can help mitigate potential concerns related to regulatory
violations (Wisdom et al. 2021).
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8. Interpretable Models: While machine learning can
significantly enhance credit assessment, it's essential to
use interpretable models to ensure that lending decisions
can be explained and justified. Explainable Al (XAI)
methods can help provide transparency and
accountability, reducing concerns about the "black box"
nature of some machine learning algorithms (Li, & Li
2022). Finally, emerging credit concerns in the financial
industry can be effectively addressed by leveraging
machine learning tools. These technologies provide more
accurate risk assessment, better fraud detection, and
improved financial inclusion while allowing institutions
to adapt to changing economic conditions and regulatory
requirements. However, it's crucial to strike a balance
between innovation and transparency to build trust and
confidence in machine learning-powered credit
assessments.

2.3 TRADITIONAL CREDIT RISK ASSESSMENT

The conventional credit scoring method relies on
historical data, comprising bank transactional data like
previous credit transactions, records of delayed
payments, credit bureau inquiries, and commercial data

like financial statements and duration of credit history
(Madaan, et al. 2021).

Table 1: Executive Summary of Related Studies

2.4 DISCRIMINANT ANALYSIS

Discriminant analysis, initially introduced by (Audu,
et al.2020), is a statistical method that continues to be
widely employed for segregating two groups,
particularly in the context of categorizing customers as
either having good or bad credit. This technique is
extensively utilized in credit scoring to categorize group
variables into distinct classes.

2.5 JUDGMENT-BASED MODELS

Diverse techniques, such as the analytic hierarchy
process (AHP), are utilized in the creation of models that
rely on human judgment. AHP is a structured
methodology that simplifies intricate decision-making by
dissecting it into more manageable sub problems (Zhang,
et al. 2019). In AHP, human assessments are integrated
with data to carry out the evaluations.

2.6 OVERVIEW OF MACHINE LEARNING

Arthur Samuel coined the term "Machine Learning
(ML)," as the field that focuses on enabling computers to
acquire knowledge without explicit programming.
Machine Learning operates as a subset of Al, aiming to
comprehend the structure of data and integrate it into
models that can be applied by humans (Tagliaferri 2017;
Setiawana et al. 2019; Wisdom et al., 2025). Machine
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centers on the maximization of rewards by instructing an
agent to interact with the environment.

3. METHODOLGY

The emergent digital era is advancing in academic
development with Artificial Intelligence (AI) and
Machine Learning (ML) at the four front. This paper
developed Machine Learning-Based Credit Default
Prediction: ~ Challenges, Concerns, and Model
Comparisons. The research employed Random forest and
Decision Tree for the study. The model used kaggle
dataset for the training and preprocessing. And used
decision Tree and Random Forest algorithm for the
analysis and prediction, efficiently developing a
classification model anticipating loan defaults before
granting the loan respectively.

3.1 DECISION TREE

The Decision Tree is a supervised learning method
primarily employed for classification, although it can also
be used for regression tasks. This classifier consists of a
tree structure, with internal nodes corresponding to
dataset features, decision rules represented by branches,
and outcomes at the leaf nodes. It is composed of two
fundamental elements: Decision Nodes and Leaf Nodes.
Decision nodes, which have multiple branches, make
decisions by evaluating dataset features, while leaf nodes
provide outputs without further branches (Java Point,
2021). This tree-like structure represents all potential
solutions to a problem or decision based on specified
conditions, starting with the root node and branching out.
The CART algorithm is responsible for constructing this
tree, and the decision tree works by posing a question and
dividing the tree into sub-trees based on the response. The
structure of a decision tree is visually depicted in Figure
21

3.2 DECISION TREE TERMINOLOGIES

I. The root node initiates the decision tree, representing
the entire dataset and dividing it into subsets.

II. Leaf nodes are the final output nodes that cannot be
divided further.

III. Splitting involves dividing a decision or root node
into smaller nodes based on specific conditions.

IV. A branch or sub-tree is created by splitting a node.

V. Pruning refers to the removal of unnecessary
branches from the tree.
VI. The root node is the parent node, while other nodes
are considered child nodes.

Decision Node ) Root Node

g

| Sub-Tree

. . . . . Decision Node : Decision Node
learning implementations are categorized into three ! ;
primary types: supervised learning, unsupervised : ¢_‘_¢ [ ¢_I_¢
learning, and reinforcement learning. Supervised I :
learning entails the process of learning a function that : Leaf Node LeafNode = | ' LeafNode = Decision Node
links input to output, guided by labeled data, with the e o !
algorithm adjusting the model according to errors. ¢—L¢
Unsupervised learning, on the other hand, involves
deducing patterns from input data lacking labels and Leaftode Leaf Noce
revealing hidden structures within a dataset (Alhasan et
al., 2020). Reinforcement learning, the third category,
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Fig 1. Decision Tree
3.3 How the Decision Tree algorithm Works

i. When employing a decision tree for classifying a
particular dataset, the process commences by positioning
itself at the tree's root node. It then proceeds to evaluate the
attribute value at the root in relation to the dataset record's
attribute, and based on this evaluation, it selects a branch
and advances to the subsequent node.
ii. As the algorithm advances to the subsequent node, it
iterates the attribute comparison within the sub-nodes,
continuing this procedure until it eventually reaches the
final leaf node of the tree.

ADVANTAGES

i. Decision Trees have the ability to imitate human
reasoning when making a decision, which makes them
easy to comprehend.

ii. The decision tree's rationale can be easily
comprehended due to its tree-like structure.

3.4 RANDOM FOREST

The Random Forest is a supervised machine learning
technique that utilizes ensemble learning to address
complex problems and enhance model performance. Its
approach involves generating multiple decision trees
using various subsets of the dataset and then merging
their results to enhance the dataset's predictive accuracy
(JavaPoint, 2021). This algorithm aggregates predictions
from each individual tree and arrives at its final
prediction by tallying the most frequently occurring
prediction among these forecasts. Increasing the number
of trees in the forest improves accuracy and serves as a
defense against overfitting problems, as illustrated in
Figure 2.2, which depicts the Random Forest.

3.5 ADVANTAGES AND DISADVANTAGES

i. in comparison to other algorithms, the training time
required is shorter. ii. Even when handling large datasets,
it can efficiently predict outputs with high accuracy. iii. It
is capable of maintaining accuracy even when a
significant amount of data is missing. iv. Random Forests
are resilient and can perform well in both regression and
classification tasks. v. RF algorithms are effective with
large datasets and various data types, including
numerical, binary, and categorical. vi. However, when
the number of trees is high, the complexity and
computational time are relatively increased, leading to a
longer training time. Additionally, the sampling of
subsets may introduce bias.

4 APPLICATIONS

Random Forests can be utilized in virtually any
classification or regression scenario, although they are
frequently employed in areas such as Remote Sensing,
predicting stock market trends, identifying fraudulent
activity, analyzing sentiment, and recommending
products.

4.1 EXTRA TREES CLASSIFIER

The Extra Trees Classifier, akin to the Random Forest
Classifier, is an ensemble machine learning technique, but
it distinguishes itself through its approach to constructing
decision trees. It generates several unpruned decision
trees from the training dataset, where each tree employs
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a random subset of k features at every testing node to
divide the data (Gupta, 2020). Subsequently, the
algorithm combines the predictions from these trees to
produce the ultimate classification outcome, relying on
majority voting for classification tasks or an arithmetic
average for regression tasks.

4.2 Extra Trees has two main advantages:

= it reduces bias by sampling from the entire
dataset during the construction of the trees,
which prevents the introduction of different
biases that may arise when different subsets of
the data are used.

* it reduces variance by randomizing the
splitting of nodes within the decision trees,
thereby preventing the algorithm from being
heavily influenced by specific features or
patterns in the dataset.

4.3 Applications
Extra Trees, much like Random Forests, find application
in both classification and regression tasks. Furthermore,
in specific scenarios, Extra Trees are employed for the
purpose of feature selection as well.

4.4 Extra Trees versus Random Forest

The two ensembles, Random Forest and Extra Trees,
share many similarities. They both consist of a significant
number of decision trees, and finally the overall decision
is made according the predictions of every tree. In
classification problems, this is achieved through majority
voting, while in regression problems, it is done through
the arithmetic mean.

4.5 DIFFERENCES BETWEEN EXTRA TREES AND
RANDOM FOREST

1. In Random Forest, bootstrap replicas are employed,
indicating that it subsamples the input data with
replacement, whereas Extra Trees utilizes the entire
original dataset.

2. These two algorithms diverge in their methods for
selecting cut points to split nodes. Random Forest opts for
the optimal split, whereas Extra Trees opts for random
selection. Nevertheless, both algorithms choose the best
split point from subsets of features.

Consequently, Extra Trees introduces randomness to
mitigate both bias and variance while still optimizing the
outcome.

3. Using the complete original sample, as opposed to a
bootstrap replica, diminishes bias, while the random
selection of split points for each node diminishes
variance.

4. When it comes to computational efficiency, the Extra
Trees algorithm is quicker because it randomly selects
split points instead of computing the optimal ones,
leading to time savings during the process.

4.6 COMPARATIVE ANALYSIS OF LOAN DEFAULT
PREDICTION FOR DECISION TREES AND
RANDOM FOREST

The primary objective of this study was to create machine
learning models capable of forecasting whether an
individual should be approved for a loan, streamlining
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the loan selection process for banking authorities. The
research involved a performance evaluation of the
Random Forest and Decision Trees algorithms using the
same dataset, and the results indicated that Random
Forest exhibited greater accuracy in predicting loan
eligibility (Madaan, et al. 2021). Figure 2 below illustrates
a typical loan default prediction. The researchers
underscored the escalating rate of loan defaults in the
banking sector, which presents challenges in evaluating
loan applications and mitigating the risljof loan default.

Training Training Training
Data Data pRpR Data
1 2 n
Training ¢ ¢ ¢
Set Decision Decision Decision
Tree Tree . Tree
| \ 2‘; .
Voting
Tost Set (averaging)
Prediction
Fig 2. Loan default prediction
5 PROPOSED CREDIT DEFAULT

PREDICTION MODEL

This paper proposed a Credit default prediction model
depicted in Figure 3 in the proposed model a unique
confusion matrix, decision Tree confusion Matrix,
Random Forest confusion matrix as well as Extra Tree
Confusion Matrix were used to depict the results in
Figure 4, 5, and 6. Decision Tree and Random forest
algorithm were preferred and used for this study.
Decision Trees and Random Forests are ideal for credit
default prediction because they handle both numerical
and categorical data efficiently while capturing complex
decision boundaries. Random Forest, an ensemble of
Decision Trees, improves prediction accuracy and
reduces overfitting by averaging multiple tree outcomes,
making it more robust for financial risk assessment.
Additionally, both algorithms provided feature
importance rankings, helping financial institutions
identify key factors influencing credit default. The
accuracy, precision, recall, F1 Scores and support were
depicted with their individual percentage (%) in figure 4,
5 and 6 respectively. Figure 4 depicts the Decision Tree
Confusion matrix, Figure 5 depicts the Random Forest
Confusion matrix and Figure 6 depicts the Extra Tree
Classifier Confusion Matrix respectively.

Predict
Train model 1
—-[_ _\]——4 Random Forest best okl

Extra Tree
Classfier

Fig 3. Proposed Credit default prediction Model
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Credit default prediction system was proposed in
(Hassan, et al. 2023). In the proposed scheme, a confusion
matrix displays the ratio of accurately classified and
inaccurately classified items in each category, presenting
a comprehensive view of the test results.

The results are rounded to the nearest whole number.

from sklearn inport netrics
print(netrics. classification report(expected, predicted))

precision recall flscore  Support

0 086X B S
1ok o8 08 24l

Ky 05 MR

Broag % e 65 MR
wigtedag 0% 6% 0% MR

Fig 4: Decision Tree Confusion matrix

from sklearn inport metrics
print(netrics,classification_report(expected, predicted))

precision  recall fl-score  Support

] 839 ¥ e 5Nl
1 0.8 0% 0.8 28l

acuracy 08 MR
mroag A8 0% 06 MR
wigtdag 68 68l em MR

Fig 5: Random Forest Confusion matrix

from skleam inport metrics
print (metrics, classification report(expected, predicted))

precision  recall fl-score  support

b 0% 60 0¥
108 o8 0% 2%l

accuracy 0.7 I8
R 0.5 65 % MR
neighted avg 0% 0% 0% MR

Fig 6: Extra Tree Classifier Confusion Matrix

6 CONCLUSION

In the era of digital technology, there is a growing interest
in leveraging machine learning techniques to enhance
profitability within the financial sector, particularly in
domains such as risk evaluation, credit scoring, and
bankruptcy prediction. This paper, designed to uncover
the specific characteristics of financial data that influence
the likelihood of loan defaults. Through comprehensive
data analysis, the study investigates the relationships
between different attributes and loan defaults to identify
the most appropriate features for training a predictive
model. Subsequently predicting credit failure challenges
and emerging credit concerns using machine learning
tools, the research employed three distinct machine
learning algorithms which were evaluated using both
training and testing datasets, and crucial performance
metrics were utilized to determine which algorithm
provides the most precise predictions for loan defaults.
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Future directions for improving credit default prediction
includes integrating feature engineering techniques, such
as incorporating alternative data sources (e.g., transaction
history or social behavior), to enhance predictive power.
Additionally, hybrid models combining Random Forest
with deep learning or gradient boosting algorithms (e.g.,
XGBoost) can improve accuracy and generalization.
Lastly, explainable AI (XAI) techniques may be explored
to ensure model transparency and regulatory compliance
in financial decision-making.
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