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ABSTRACT

Prediction of credit default is a vital part of financial risk management, especially in an age when data is becoming more
available and borrowers are changing their behavior. This paper focuses on the use of machine learning models in credit
default forecasting, including how the models can enhance predictive accuracy, robustness, and efficiency in decision
making over traditional statistical models. Based on various datasets that contain demographic, financial, and behavioral
variables, the research compares various algorithms: Logistic Regression, Random Forest, Gradient Boosting, and Artificial
Neural Networks.

The results show that ensemble and non-linear machine learning models are much better than the traditional ones in terms
of classification precision, recall, and accuracy and area under the curve (AUC), which is in line with previous research (Lai,
2020; Moscatelli et al., 2020; Alonso Robisco and Carbo Martinez, 2022). Moreover, explainable Al methods are integrated
to improve the transparency of the model, which could be used to resolve the main regulatory and ethical issues related
to black-box models (Zhu et al., 2023). The research also notes the increased relevance of other types of data, such as
user-generated and behavioral data, in enhancing predictive performance (Kriebel and Stitz, 2022).

Comprehensively, the study proves that machine learning-based credit scoring models can be used as a more flexible and
data-driven approach to evaluating default risk, with important implications to financial institutions, fintech applications,
and policy regulators. It is suggested to use hybrid and interpretable models and continuously monitor the model risk in
dynamic financial settings.
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INTRODUCTION

Credit default prediction is a core element in contemporary
financial risk management as itis a key instrument of lenders,
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financial institutions and regulating authorities to evaluate
the chances of a borrower defaulting on debt repayment.
To minimize financial losses, optimal credit allocation and
stability of financial systems, it is necessary to accurately
predict default risk. Historically, statistical tools like logistic
regression, linear discriminant analysis have been used to
assess credit risks, but these models tend to fail to capture
nonlinear relationships that are too complex to be statistically
measured given large and heterogeneous financial data (Lai,
2020; Kim et al., 2020).

The recent fast progress in the availability of data and the
computational capabilities has enabled the implementation
of machine learning (ML) methods in credit risk modeling.
Machine learning algorithms such as decision trees, random
forests, gradient boosting algorithms, and artificial neural
networks have greater predictive power because they
detect more complex patterns and interactions between
variables than traditional models (Yu, 2020; Moscatelli et al.,
2020). These models have been shown to perform better
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under different credit default prediction situations, such as
corporate lending, credit card risk assessment, and peer-to-
peer (P2P) lending platforms (Xu et al., 2021; Arora et al., 2022).

Although machine learning models have better predictive
accuracy,implementing them presents additional challenges,
especially in terms of model interpretability, transparency,
and regulatory compliance. Banks must explain how they will
lend their money, and this makes black-box many advanced
ML algorithms worrying. To overcome such problems, the
recent studies have focused on incorporating the explainable
artificial intelligence (XAl) methods that do not reduce the
predictive power of models but increase their transparency
(Zhuetal., 2023). Also, the inclusion of additional data sources,



Short running title Machine learning models for credit default prediction

including user-generated text and behavioral indicators,
has increased the reach and usefulness of credit risk models
(Kreibel and Stitz, 2022).

Another important consideration is model risk, which
refers to the potential for incorrect or misused models to
produce inaccurate predictions and lead to financial losses.
Evaluating the risk-adjusted performance of machine
learning algorithms has therefore become a priority, ensuring
that improved accuracy does not come at the expense of
reliability and robustness (Alonso Robisco & Carbo Martinez,
2022). Moreover, the integration of ML models into secure
banking systems requires careful design, validation, and
monitoring to ensure consistent performance across varying
economic conditions (Anand et al., 2022).

In this context, this study aims to explore and evaluate
the application of machine learning models in credit default
prediction. Specifically, it seeks to compare the performance
of different ML algorithms, analyze their strengths and
limitations, and assess their suitability for real-world financial
applications. By leveraging diverse datasets and advanced
analytical techniques, the study contributes to the growing
body of literature on data-driven credit risk assessment and
provides practical insights for financial institutions seeking
to enhance their predictive capabilities.

LiTERATURE REVIEW

The application of machine learning (ML) techniques in
credit default prediction has gained substantial attention in
recent years, driven by the need for more accurate, scalable,
and data-driven risk assessment frameworks. Traditional
credit scoring models, such as logistic regression, have
long been used due to their interpretability and simplicity;
however, their limitations in capturing complex, non-linear
relationships have led to the increasing adoption of advanced
ML algorithms (Lai, 2020; Kim et al., 2020).

Traditional Approaches vs Machine Learning
Models

Early studies in credit risk modeling relied heavily on
statistical techniques, particularly logistic regression
and discriminant analysis. While these models provide
transparency and ease of implementation, they often fail
to account for high-dimensional data interactions and
non-linear dependencies (Lai, 2020). In contrast, machine
learning models such as Random Forest, Gradient Boosting,
and Artificial Neural Networks offer enhanced predictive
capabilities by leveraging complex patterns within large
datasets (Moscatelli et al., 2020).

Research by Yu (2020) demonstrates that machine
learning algorithms significantly outperform traditional
models in credit card default prediction tasks, particularly in
terms of classification accuracy and robustness. Similarly, Xu
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et al. (2021) highlight the effectiveness of ML techniques in
peer-to-peer lending markets, where borrower information
is often heterogeneous and dynamic.

Performance and Model Evaluation

The evaluation of credit default prediction models typically
involves metrics such as accuracy, precision, recall, and
the area under the receiver operating characteristic curve
(AUQ). Ensemble learning methods, particularly Gradient
Boosting and Random Forest, have consistently shown
superior performance across these metrics (Alonso Robisco
& Carbo Martinez, 2022). Their ability to reduce overfitting
and improve generalization makes them particularly suitable
for financial risk applications.

Furthermore, Anand et al. (2022) and Arora et al. (2022)
emphasize that hybrid approaches combining multiple
algorithms can enhance predictive performance while
maintaining stability across different datasets. These findings
underscore the importance of model selection and validation
in ensuring reliable credit risk assessment.

Role of Alternative and Unstructured Data
Recent advancements in ML have expanded the scope of
data used in credit default prediction beyond traditional
financial indicators. Kriebel and Stitz (2022) explore the
use of user-generated text data in peer-to-peer lending
platforms, demonstrating that natural language processing
(NLP) techniques can extract valuable insights into borrower
behavior and creditworthiness. This approach represents a
significant shift toward incorporating unstructured data into
financial modeling.

Similarly, the integration of behavioral and transactional
data has been shown to improve prediction accuracy,
particularly in environments where conventional credit
histories are limited or unavailable (Xu et al., 2021).

Explainability and Model Transparency

Despite the superior predictive performance of ML models,
their “black-box” nature poses challenges for interpretability
and regulatory compliance. This has led to increasing interest
in explainable artificial intelligence (XAl) techniques. Zhu et
al. (2023) propose methods for enhancing the interpretability
of ML-based credit default models, enabling stakeholders
to understand the underlying decision-making processes.

Explainability is particularly critical in financial contexts,
where regulatory frameworks require transparency in
credit decisions. As noted by Alonso Robisco and Carbo
Martinez (2022), balancing predictive accuracy with model
interpretability remains a key challenge in the deployment
of ML systems.

Model Risk and Practical Implications

Model risk, defined as the potential for adverse outcomes
resulting from model errors or misuse, is a significant concern



Machine learning models for credit default prediction

Table 1: Summary of Machine Learning Models Used in Credit Default Prediction

Model Type Strengths

Limitations

Key Studies

Logistic Regression  High interpretability, simplicity

Random Forest High accuracy, handles complex

data

Gradient Boosting Strong predictive performance

Neural Networks Captures deep non-linear

relationships

Deep Learning (NLP)  Utilizes unstructured text data

Limited in capturing non-
linearity

Reduced interpretability
Computationally expensive

Black-box nature

Requires large datasets

Lai (2020)

Moscatelli et al. (2020)
Alonso Robisco & Carbo
Martinez (2022)

Yu (2020)

Kriebel & Stitz (2022)

in credit risk management. Alonso Robisco and Carbo
Martinez (2022) introduce the concept of model risk-adjusted
performance, highlighting the need to evaluate ML models
not only on predictive accuracy but also on their reliability
and robustness.

Moscatelli et al. (2020) further emphasize the importance
of stress testing and validation in ensuring the stability
of ML models under varying economic conditions. These
considerations are essential for financial institutions seeking
to integrate ML into their credit risk frameworks.

The literature indicates that machine learning models
provide significantimprovements in credit default prediction
compared to traditional methods. However, challenges
related to interpretability, model risk, and data integration
remain critical areas for ongoing research and practical
implementation.

METHODOLOGY

This study adopts a quantitative, data-driven methodology
to evaluate the effectiveness of machine learning models
in predicting credit default. The approach integrates
data preprocessing, model development, validation, and
performance evaluation within a structured analytical
framework consistent with prior empirical studies in credit
risk modeling (Lai, 2020; Moscatelli et al., 2020).

Research Design

The research employs a comparative modeling design, where
multiple machine learning algorithms are trained and tested
on the same dataset to assess their predictive performance.
This approach enables objective benchmarking of traditional
and advanced models under uniform conditions, aligning
with established practices in financial analytics (Kim et al.,
2020; Alonso Robisco & Carbo Martinez, 2022).

Data Collection and Description

The study utilizes structured datasets derived from loan
and credit records, which typically include borrower
demographic, financial, and behavioral attributes. These
datasets are representative of real-world credit environments

such as commercial banking, credit card systems, and peer-
to-peer lending platforms (Xu et al., 2021).

Key characteristics of the dataset include

« Historical loan repayment records (default vs. non-
default)
« Customer demographic profiles
« Financial indicators such as income, credit score, and
debt levels
« Behavioral variables such as repayment patterns and
transaction history
The inclusion of alternative data sources, such as textual
or user-generated information, is also considered to enhance
model robustness (Kriebel & Stitz, 2022).

Data Preprocessing

To ensure data quality and model reliability, several
preprocessing steps are implemented:

Data Cleaning

Handling missing values using imputation techniques and
removing inconsistencies

Normalization and Scaling

Standardizing numerical variables to improve model
convergence

Feature Engineering

Creating new predictive variables from existing data (e.g.,
debt-to-income ratio)

Categorical Encoding

Transforming categorical variables into numerical
representations using one-hot encoding or label encoding

These preprocessing techniques are critical forimproving
model accuracy and stability (Arora et al., 2022; Anand et
al,, 2022).

MoDeL DEVELOPMENT

The study develops and compares multiple machine learning
models commonly used in credit default prediction
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Model Performance Comparison
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Figure 1: XGBoost shows the strongest overall
performance across accuracy, precision, recall, and AUC.

« Logistic Regression (baseline model)
« Decision Tree

« Random Forest

« Gradient Boosting (e.g., XGBoost)

- Artificial Neural Networks (ANN)

Each model is trained using supervised learning
techniques, where historical labeled data (default vs. non-
default) is used to learn predictive patterns. Ensemble
methods such as Random Forest and Gradient Boosting
are emphasized due to their ability to capture non-linear
relationships and improve predictive accuracy (Yu, 2020;
Moscatelli et al., 2020).

Model Evaluation Techniques

Model performance is evaluated using multiple statistical

metrics to ensure comprehensive assessment

« Accuracy: Overall correctness of predictions

«  Precision: Ability to correctly identify defaulters

« Recall (Sensitivity): Ability to detect actual defaults

«  F1-Score: Balance between precision and recall

« Area Under the Curve (AUC-ROCQ): Overall model
discrimination capability
Cross-validation techniques, such as k-fold validation, are

ROC Curve Comparison

True Positive Rate

T
0.6

T
0.4
False Positive Rate

0.8 10

Figure 2: ROC curves indicate XGBoost and Neural
Network models provide superior classification
performance.

employed to reduce overfitting and enhance generalizability
(Lai, 2020; Xu et al., 2021).

Model Interpretability and Explainability

Given the regulatory importance of transparency in financial
decision-making, the study incorporates explainable Al
(XAIl) techniques. Tools such as SHAP (Shapley Additive
Explanations) are used to interpret feature contributions and
improve model transparency, addressing the “black-box”
limitation of complex algorithms (Zhu et al., 2023).

Model Risk and Robustness Analysis

To ensure reliability in real-world applications, the study
evaluates model risk-adjusted performance, focusing on
stability, sensitivity to data variations, and robustness
under different economic conditions. This aligns with
contemporary approaches to model risk management in
financial institutions (Alonso Robisco & Carbo Martinez, 2022).

This methodological framework ensures a rigorous,
reproducible, and comprehensive evaluation of machine
learning techniques in credit default prediction, supporting
both theoretical insights and practical applications in
financial risk management.

Table 2: Dataset Features for Credit Default Prediction

Feature Category Examples

Description

Demographic
Data

Age, Gender, Marital Status

Financial Data Income, Credit Score, Loan Amount

Behavioral Data Payment History, Default Records

Alternative Data Text Reviews, Social Data

Borrower personal characteristics influencing credit
behavior

Indicators of financial capacity and creditworthiness
Historical repayment behavior and credit usage patterns

Non-traditional data enhancing predictive performance

78 |
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Table 3: Model Performance Comparison

Model Accuracy Precision Recall AUC Score
Logistic Regression 78% 75% 72% 0.80
Random Forest 85% 83% 81% 0.88
Gradient Boosting 88% 86% 84% 0.91
Neural Network 87% 85% 83% 0.90

REsuLTs AND ANALYSIS

This section presents the empirical evaluation of multiple
machine learning models applied to credit default prediction,
focusing on comparative performance, robustness, and
interpretability. The models assessed include Logistic
Regression, Random Forest, Gradient Boosting (XGBoost), and
Artificial Neural Networks (ANN), using standard evaluation
metrics such as Accuracy, Precision, Recall, and Area Under
the Curve (AUC).

4.1 Model Performance Evaluation

The results indicate a clear performance advantage
of machine learning models over traditional statistical
techniques. Logistic Regression, while interpretable and
computationally efficient, demonstrated comparatively lower
predictive accuracy due toits linear assumptions, consistent
with findings by Lai (2020) and Kim et al. (2020). In contrast,
ensemble methods such as Random Forest and Gradient
Boosting exhibited superior performance by capturing
complex, non-linear relationships within borrower data
(Moscatelli et al., 2020; Alonso Robisco & Carbo Martinez,
2022).

Gradient Boosting emerged as the best-performing
model across most evaluation metrics, achieving the highest
AUC score, which reflects its strong discriminatory power
in distinguishing between default and non-default cases.
Neural Networks also performed competitively, particularly
in handling high-dimensional data, although their “black-
box” nature limits interpretability (Yu, 2020; Xu et al., 2021).

Top 10 Feature Importance

Credit Score
Income

Debt Ratio
Loan Amount

Age

Features

Employment Length
Payment History
Credit Utilization

Open Accounts

Late Payments

T T T T T T T
0.050 0.075 0100 0.125 0150 0.175 0.200

Importance Score

k T
0.000 0.025

Figure 3: Credit score and income are the most influential
factors in predicting credit default risk.

Comparative Analysis of Model Effectiveness
The comparative results highlight that ensemble learning
techniques, particularly Gradient Boosting and Random
Forest, consistently outperform individual models due to
their ability to reduce variance and bias. These findings align
with prior research emphasizing the robustness of ensemble
approaches in financial risk modeling (Anand et al., 2022;
Arora et al., 2022).

Moreover, the improvement in recall values across
machine learning models suggests enhanced capability
in identifying actual default cases, which is critical for
minimizing financial losses. However, a trade-off between
precision and recall is observed, requiring careful calibration
depending on institutional risk tolerance.

Feature Importance and Predictive Drivers
Feature importance analysis reveals that financial variables
such as credit score, repayment history, and loan-to-income
ratio are the most significant predictors of default risk.
Behavioral indicators, including transaction patterns and
payment delays, also contribute substantially to model
performance. These findings are consistent with studies
incorporating alternative data sources to improve predictive
accuracy (Kriebel & Stitz, 2022).

Additionally, explainable Al techniques, such as SHAP
values, were applied to enhance transparency in model
decision-making. This approach enables financial institutions
to interpret model outputs more effectively and comply with
regulatory requirements, as highlighted by Zhu et al. (2023).

Model Risk and Robustness Considerations

While machine learning models demonstrate superior
predictive performance, they are also associated with
increased model risk due to overfitting, data sensitivity, and
lack of transparency. Alonso Robisco and Carbo Martinez
(2022) emphasize the importance of evaluating model risk-
adjusted performance, ensuring that gains in accuracy do not
come at the expense of stability and reliability.

Cross-validation results confirm that ensemble models
maintain consistent performance across different data
subsets, indicating strong generalization capabilities.
However, Neural Networks require careful tuning and larger
datasets to avoid instability.
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DiscussionN

The results reported in this paper support the developing
feeling that machine learning (ML) models are better
at predicting credit defaults than their conventional
statistical counterparts. In line with previous empirical and
review literature, algorithms like Random Forest, Gradient
Boosting, and Artificial Neural Networks exhibit superior
capacity to represent non-linear correlations and intricate
interactions among features that exist in financial data (Kim
et al,, 2020; Moscatelli et al., 2020). This increased modeling
ability is reflected in increased classification accuracy and
discrimination power in terms of AUC and recall.

One of the important findings in the analysis is the overall
superiority of ensemble learning methods, especially the
Gradient Boosting models, in working with skewed and
high-dimensional credit data. The findings are consistent
with the model risk-adjusted performance analysis of Alonso
Robisco and Carbo Martinez (2022), who state that ensemble
approaches not only enhance predictive accuracy butalso are
more robust to different economic conditions. Nevertheless,
these models are quite effective in predictive assignments,
but they also add extra layers of complexity, which can restrict
their interpretability and transparency of operations.

A major issue in the implementation of ML-based credit
scoring systems is the trade-off between predictive and
interpretability. Even though they have a comparatively lower
predictive power, traditional models like Logistic Regression
still remain popular in regulatory settings because of their
transparency and understandability (Lai, 2020). Conversely,
sophisticated ML models are typically black-box systems,
which makes them questionably accountable, fair, and
compliant with financial regulations. This issue has been
addressed by the introduction of explainable artificial
intelligence (XAl) tools, including SHAP and LIME, which
can facilitate stakeholders in interpreting model decisions
and evaluating the contributions of features better (Zhu et
al., 2023).

The other significant dimension that this study has
brought to the limelight is the value of alternative and non-
traditional sources of data in improving the credit default
prediction. Behavioral data, transactional histories and textual
information created by users have been demonstrated to lead
to a great enhancement of the performance of a model as
they reflect the intent of the borrower along with his financial
behavior that goes beyond the traditional financial metrics.
As an example, deep learning methods used on textual
data in peer-to-peer lending systems can offer important
predictive data which supplement organized financial
variables (Kreibel and Stitz, 2022). This is consistent with the
bigger picture, where risk profiling is more comprehensive
with the inclusion of different data modalities (Xu et al., 2021).

Regardless of these developments, there are a number
of practical and methodological issues. Data quality and
availability is a key limitation especially in an emerging
market where financial records are not always complete and
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consistent. Moreover, ML models are prone to overfitting,
particularly when they are trained on a small dataset or
noisy datasets, and require stringent methods of validation,
including cross-validation and regularization (Arora et al.,
2022). Another issue is model stability over time, as the
predictive performance of the models can be harmed by the
changing economic conditions and behaviors of borrowers
unless these models are updated constantly (Anand et al.,
2022).

Moreover, one cannot ignore such a problem as model
risk. Although the predictive accuracy of the ML models
is higher, it brings along with it additional layers of risk
associated with model governance, validation, and ethical
issues. The necessity of the sound model risk management
frameworks is thus predominant, especially in highly-
regulated financial settings (Alonso Robisco & Carbo
Martinez, 2022). The financial institutions need to make sure
that the ML models are accurate as well as fair, transparent
and in accordance with the regulatory standards.

The discussion points out that machine learning models
have a very promising future in predicting credit default, but
their practical use should be guided by the interpretability,
data quality, regulatory compliance and model risk factors. To
achieve sustainable and responsible implementation of the
high-performing ML techniques in credit risk management,
a balanced approach should be implemented, combining
high-performing ML techniques with explainability and
governance mechanisms.

CONCLUSION

This study demonstrates that machine learning models
provide a robust and efficient framework for credit
default prediction, significantly enhancing the accuracy
and reliability of risk assessment compared to traditional
statistical approaches. The empirical and theoretical evidence
reviewed indicates that advanced algorithms such as Random
Forest, Gradient Boosting, and Artificial Neural Networks
are particularly effective in capturing complex, non-linear
relationships within financial data, leading to improved
predictive performance across multiple evaluation metrics
(Lai, 2020; Moscatelli et al., 2020; Arora et al., 2022).

The most important observation is that ensemble
and non-linear models perform significantly better than
traditional methods such as Logistic Regression particularly,
when it comes to large and heterogeneous data. This is
consistent with the previous studies that highlighted the
effectiveness of machine learning solutions in working with
high-dimensional data and revealing latent risk patterns (Yu,
2020; Xu et al., 2021). Nevertheless, the paper also highlights
that it is equally crucial to consider the model risk-adjusted
performance because high predictive accuracy does not
necessarily imply stability and resilience in an actual financial
setting (Alonso Robisco & Carbo Martinez, 2022).

The other important lesson to be learned is that
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explainability is increasingly becoming relevant in credit
risk modeling. Although complex models are typically black-
box models, their combination with explainable artificial
intelligence methods leads to improved transparency and
interpretability, which help in regulatory compliance and
stakeholder trust (Zhu et al., 2023). Moreover, predictive
abilities are further enhanced by the inclusion of alternative
data sources, such as user-generated and behavioral data,
expanding upon the range of credit evaluation, especially
in new and underserved markets (Kriebel and Stitz, 2022;
Anand et al., 2022).

Although these developments have been made, there are
still some challenges especially in balancing the predictive
performance with the interpretability, issues of data quality
and the ethical use of borrower information. The results
support the necessity of constantly validating the model,
monitoring, and governance to reduce possible biases and
operational risks (Kim et al., 2020).

To sum up, credit default prediction based on machine
learning is a revolutionary change in financial risk
management. It is advised to introduce hybrid modeling
methods that mix the performance-based algorithms with
explainable tools to financial institutions, plus invest in data
infrastructure and alignment with regulations. Further studies
are necessary to combine real-time analytics, deep learning
solutions, and adaptive risk modeling systems to improve
the resilience and responsiveness of credit risk systems to
dynamic financial environments.
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