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Abstract—Credit risk prediction is a crucial process in financial institutions, aiming to evaluate the likelihood of
borrowers defaulting on their loan obligations. Accurate credit risk prediction significantly impacts financial
stability and profitability by minimizing default risks and associated losses (Thomas, Edelman, & Crook, 2017).
This review systematically examines existing literature on the effectiveness of various machine learning (ML)
techniques, including Decision Trees, Random Forest, XGBoost, and Support Vector Machines (SVM), in credit
risk assessment. Studies indicate that ensemble methods such as Random Forest and XGBoost typically exhibit
superior predictive accuracy compared to traditional Decision Trees and SVM models (Lessmann, Baesens, Seow,
& Thomas, 2015; Chen & Guestrin, 2016). However, challenges such as data quality, feature selection complexities,
model interpretability, and scalability persist in real-world applications. Future research should focus on
developing hybrid models, real-time predictive capabilities, and enhancing model interpretability to improve their
applicability in financial decision-making (Addo, Guegan, & Hassani, 2018).
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1. Introduction

Credit risk prediction involves assessing the likelihood that a borrower, whether an individual or a business entity, will
fail to meet financial obligations, such as loan repayments or credit commitments. Accurate credit risk prediction is
vital for financial institutions as it influences profitability, stability, and regulatory compliance (Altman & Saunders,
1997). Effective prediction helps financial institutions mitigate potential losses, make informed lending decisions, and
manage existing credit portfolios efficiently.

With the advent of advanced computational power and large financial datasets, machine learning (ML) techniques
have gained substantial traction in credit risk prediction. ML methods can uncover complex relationships within data,
providing superior predictive accuracy compared to traditional statistical models (Lessmann, Baesens, Seow, &
Thomas, 2015). Among the many ML techniques available, Decision Trees, Random Forest, XGBoost, and Support
Vector Machines (SVM) are widely used due to their robustness, interpretability, and computational efficiency.

Decision Trees are intuitive classification models that allow easy interpretation and visualization (Quinlan, 1986).
Random Forest, an ensemble of Decision Trees, enhances prediction accuracy by reducing variance through
aggregation (Breiman, 2001). XGBoost, an advanced boosting algorithm, further optimizes performance through
gradient descent, regularization, and parallelization (Chen & Guestrin, 2016). SVMs employ hyperplanes to classify
data effectively and are particularly useful for high-dimensional datasets (Cortes & Vapnik, 1995).

The objective of this review is to systematically evaluate and compare the performance of these ML techniques in the
context of credit risk prediction, identify their strengths and limitations, and suggest directions for future research to
improve predictive accuracy and practical applicability.

2. Background and Theoretical Framework

Credit risk management is essential for financial stability, requiring accurate assessment strategies to minimize default
risks (Duffie & Singleton, 2012). While traditional statistical models lack flexibility, machine learning (ML)
techniques, such as Decision Trees, Random Forest, XGBoost, and SVMs, have emerged as powerful tools to enhance
predictive accuracy and decision-making in credit risk assessment (Lessmann et al., 2015).

2.1 Credit Risk Management
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Credit risk management involves assessing the likelihood that a borrower or counterparty will default on financial
obligations (Duffie & Singleton, 2012). Financial institutions must implement effective credit risk management
strategies to minimize losses, maintain stability, and ensure profitability. Accurate risk assessment aids in decision-
making related to loan approvals, credit limits, and interest rate adjustments, impacting institutional sustainability
(Saunders & Allen, 2010). Traditionally, credit risk assessment relied on statistical models and expert judgment, but
these methods often lacked flexibility and predictive accuracy, especially in complex financial environments (Crook,
Edelman, & Thomas, 2007). Consequently, machine learning techniques have become integral to modern credit risk
assessment.

2.2 Importance of Machine Learning in Credit Risk Assessment

Machine learning (ML) enables computers to learn patterns from data without explicit programming (Mitchell, 1997).
ML techniques provide enhanced predictive accuracy, scalability for large datasets, and the ability to discover hidden
relationships in data (Lessmann, Baesens, Seow, & Thomas, 2015). ML models such as Decision Trees, Random
Forest, XGBoost, and SVMs have gained popularity in credit risk management for their ability to improve decision-
making and reduce default risk.
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Figure 1: Build Credit Risk Model Using Machine Learning

3. Theoretical Background of Selected ML Techniques

This section explores key machine learning techniques—Decision Trees, Random Forest, XGBoost, and Support
Vector Machines (SVM)—widely used in credit risk prediction. These methods offer varying levels of accuracy,
interpretability, and computational efficiency, influencing their suitability for different financial risk assessment
scenarios.

3.1 Decision Trees

Decision Trees are supervised learning algorithms used for classification and regression tasks. These models use a
tree-like structure where internal nodes represent attribute tests, branches indicate test outcomes, and leaf nodes denote
class labels or regression values (Quinlan, 1986). Decision Trees are valued for their interpretability and ability to
handle both categorical and numerical data. However, they are prone to overfitting, particularly with complex datasets
(Breiman, Friedman, Stone, & Olshen, 1984).

3.2 Random Forest
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Random Forest is an ensemble method comprising multiple decision trees, with final predictions obtained through
majority voting (classification) or averaging (regression). Random Forest mitigates overfitting issues found in
individual Decision Trees and enhances predictive performance by aggregating diverse trees generated through
bootstrap sampling and random feature selection (Breiman, 2001). The method is highly robust, handles high-
dimensional data efficiently, and provides feature importance scores useful for feature selection.

3.3 XGBoost

XGBoost (Extreme Gradient Boosting) is a highly efficient and scalable gradient-boosted tree algorithm known for
superior predictive accuracy. Developed by Chen and Guestrin (2016), XGBoost builds trees sequentially, with each
tree correcting the errors of its predecessor. The algorithm employs gradient descent optimization, regularization
techniques to control overfitting, and parallelized execution to enhance computational efficiency. Due to its speed,
regularization, and adaptability, XGBoost is widely used in credit risk prediction tasks.

3.4 Support Vector Machines (SVM)

Support Vector Machines (SVM) are supervised learning algorithms that construct optimal hyperplanes to separate
different classes within a dataset. Introduced by Cortes and Vapnik (1995), SVMs aim to maximize the margin between
classes, improving generalization and minimizing classification errors. SVMs are particularly effective for high-
dimensional data and complex classification problems, utilizing kernel functions to map data into higher-dimensional
spaces. However, their performance is sensitive to parameter tuning and can be computationally intensive for large
datasets.

4. Methodology

This review follows a systematic literature review (SLR) methodology to evaluate the performance of machine
learning techniques for credit risk prediction. Databases searched include IEEE Xplore, Scopus, and Web of Science
due to their extensive coverage of peer-reviewed scientific articles. The search strategy employed specific keywords
and phrases: "credit risk prediction," "decision trees," "random forest," "XGBoost," "support vector machines,"
"machine learning," and "performance evaluation."

Inclusion criteria consisted of articles published in English from peer-reviewed journals and conferences between
2015 and 2024, explicitly focusing on the performance evaluation of the mentioned ML techniques in credit risk
contexts. Exclusion criteria included studies not directly evaluating performance metrics, reviews, editorials, and
studies published in languages other than English.

The process of study selection involved an initial screening of titles and abstracts, followed by a thorough full-text
review to confirm relevance and quality. Data extraction involved systematically recording performance metrics such
as accuracy, precision, recall, F1-score, and ROC-AUC, along with information on datasets used, feature selection
methods, and identified strengths and weaknesses of each ML technique.

5. Review of Machine Learning Techniques

This section reviews key machine learning techniques—Decision Trees, Random Forest, XGBoost, and Support
Vector Machines (SVM)—commonly applied in credit risk prediction, highlighting their strengths, limitations, and
comparative performance in handling complex financial data.

5.1 Decision Trees

Decision Trees are a non-parametric supervised learning method used for classification and regression tasks. They
build classification models in the form of a tree structure, where internal nodes represent features, branches represent
decision rules, and leaf nodes represent outcomes (Breiman et al., 1984). The key strength of Decision Trees lies in
their interpretability and simplicity, making them particularly useful in domains where decision transparency is
essential, such as finance. However, they are prone to overfitting and exhibit high variance, especially with noisy data.
Relevant studies by Baesens et al. (2003) reported Decision Trees achieving accuracies ranging from 70% to 85% in
credit scoring, highlighting their suitability for practical applications despite their limitations.
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5.2 Random Forest

Random Forest is an ensemble learning technique combining multiple Decision Trees to improve predictive accuracy
and reduce overfitting by averaging or voting on predictions (Breiman, 2001). Its primary strength is the ability to
handle large datasets with high dimensionality effectively and robustly. Moreover, Random Forest provides insights
into feature importance, enhancing its interpretability compared to other ensemble methods. Nevertheless, its
complexity and computational demands can pose challenges in scenarios requiring rapid predictions or limited
computational resources. Studies by Lessmann et al. (2015) found Random Forest consistently outperforms single
Decision Trees, with reported accuracy rates typically between 80% and 90%for credit risk prediction tasks.

5.3 XGBoost

Extreme Gradient Boosting (XGBoost) is an advanced gradient boosting algorithm designed for efficiency, flexibility,
and performance (Chen & Guestrin, 2016). It iteratively builds models that focus on reducing errors from previous
iterations, enabling robust performance even with complex patterns in data. The strength of XGBoost lies in its high
predictive accuracy and scalability, making it especially suitable for large and complex datasets commonly
encountered in credit risk prediction. However, the complexity of tuning numerous hyperparameters and the tendency
to overfit without careful regularization are its primary limitations. Recent studies by Zhang et al. (2019) have reported
XGBoost achieving impressive accuracy scores of approximately 85%-95%, often outperforming simpler models in
credit risk assessments.

5.4 Support Vector Machines (SVM)

Support Vector Machines (SVM) are supervised machine leaming algorithms primarily used for classification and
regression tasks by finding a hyperplane that best separates different classes in the feature space (Cortes & Vapnik,
1995). SVMs are particularly effective in high-dimensional spaces and maintain strong generalization capabilities due
to their robustness against overfitting. Nonetheless, they suffer from computational complexity issues with large
datasets and require careful kernel and hyperparameter selection for optimal performance. Several studies, including
Huang et al. (2007), have demonstrated the effectiveness of SVMs in credit scoring, reporting accuracy typically in
the range of 75%-90%, confirming their viability as a robust classification technique.

5.5 Comparative Analysis of Machine Learning Techniques

Table I. Tabular Presentation of Key Performance Metrics

ML Technique | Accuracy | Precision | Recall | Fl-score ROC- Reference
(%) (%) (%) (%) AUC (%)
Decision Trees 85.2 82.3 79.1 80.7 86.4 Chen et al. (2019)
Random Forest 91.4 89.7 87.6 88.6 92.1 Li et al. (2020)
XGBoost 93.8 92.6 90.3 914 94.7 Kumar & Singh (2021)
SVM 88.9 86.4 83.7 85.0 89.5 Sharma & Gupta (2022)

The comparative analysis clearly shows variability in performance among the selected machine learning techniques.
XGBoost generally demonstrates superior performance across most metrics, particularly in terms of accuracy, F1-
score, and ROC-AUC, making it suitable for complex datasets with numerous features and nonlinear interactions
(Kumar & Singh, 2021). Random Forest closely follows, showing robust performance especially in situations
involving imbalanced datasets due to its ensemble approach and feature randomness (Li et al., 2020).

Proceedings of 4" International Conference on Advanced Computing Technologies & Applications, ICACTA 2025 April 17-18, 2025 31
Faculty of Computer Applications, Invertis University, Bareilly, Uttar Pradesh, India


https://ijrasht.com/
https://www.invertisuniversity.ac.in/events-detail/invitation-to-4th-international-conference-on-%E2%80%9Cadvanced-computing-technologies-applications%E2%80%9D-icacta-2025-april-17-18-2025/999

Comparison of Machine Learning Techniques for Credit Risk Prediction
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Figure 1: Comparison of Machine Learning Techniques for Credit Risk Prediction (Adapted from Chen et al.
(2019), Li et al. (2020), Kumar & Singh (2021), and Sharma & Gupta (2022)).

Decision Trees provide acceptable performance but lag behind ensemble techniques due to overfitting and instability
in handling large and noisy datasets (Chen et al., 2019). SVMs demonstrate relatively balanced performance but may
require extensive parameter tuning and perform better with smaller, less noisy datasets where the classes are well-
separated (Sharma & Gupta, 2022).

Specific conditions significantly influence the comparative effectiveness of these techniques. XGBoost and Random
Forest are preferable for datasets that involve large volumes of data, complex feature interactions, and significant class
imbalance. Conversely, SVM is beneficial when the dataset is smaller and more clearly defined, whereas Decision
Trees could be practical when interpretability and simplicity are prioritized over accuracy.

6. Challenges and Limitations

Challenges in credit risk prediction using ML techniques include dataset quality issues, feature selection complexities,
interpretability-performance trade-offs, and computational scalability constraints, all of which impact model
effectiveness and practical deployment (Lessmann et al., 2015; Brownlee, 2019; Rudin, 2019; Chen & Guestrin, 2016).

6.1 Dataset Quality and Availability

One of the primary challenges in evaluating ML techniques for credit risk prediction is the quality and availability of
datasets. Data used in credit scoring is often incomplete, imbalanced, or biased, reflecting historical lending practices
(Lessmann et al., 2015). Furthermore, accessibility to robust and comprehensive datasets is limited due to privacy
concerns and proprietary restrictions imposed by financial institutions.

6.2 Issues Related to Feature Selection and Dimensionality

High-dimensional data with irrelevant or redundant features frequently pose significant problems in credit risk
assessment. Selecting optimal features to enhance predictive accuracy without losing essential information is
challenging. Poor feature selection can deteriorate model performance, cause overfitting and reducing the
generalization capabilities of models like Decision Trees, Random Forests, and SVM (Brownlee, 2019).

6.3 Model Interpretability vs. Performance Trade-offs

Another critical issue involves balancing interpretability and model performance. Decision Trees offer superior
interpretability but sometimes compromise predictive accuracy. Conversely, models such as XGBoost and Random
Forest typically provide better predictive performance but suffer from reduced interpretability, making it difficult for
financial institutions to justify credit decisions transparently (Rudin, 2019).
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6.4 Computational Complexity and Scalability

Advanced ML models such as XGBoost and Random Forest, while powerful, can be computationally intensive,
requiring significant processing resources, particularly with large-scale datasets. Scalability issues arise in real-time
or high-frequency credit risk prediction scenarios, thus limiting their practical deployment in resource-constrained
environments (Chen & Guestrin, 2016).

7.  Future Research Directions

Future research in credit risk prediction should focus on enhancing dataset quality, integrating hybrid machine learning
models, and developing real-time, scalable, and explainable ML techniques to improve predictive accuracy and
transparency in financial decision-making.

7.1 Recommendations for Overcoming Identified Challenges

Future research should prioritize the improvement of dataset quality through advanced preprocessing techniques such
as synthetic minority over-sampling (SMOTE) and data augmentation methods. Enhanced transparency through
explainability frameworks should also be explored to increase stakeholder trust and model adoption.

7.2 Suggestions for Hybrid Models or Ensemble Methods

Combining multiple ML techniques in hybrid or ensemble methods could provide optimal predictive accuracy while
maintaining interpretability. For example, integrating rule-based interpretability from Decision Trees with the
robustness of Random Forest or XGBoost models could yield better decision-making tools for credit risk prediction.

7.3 Need for Real-time, Scalable, and Explainable ML Techniques

Future research should focus on developing ML frameworks capable of real-time predictions, particularly relevant in
dynamic financial markets. Scalable and explainable ML methods must be explored to ensure their applicability across
various operational contexts, enhancing reliability and compliance with regulatory frameworks.

8. Conclusion

This review examined the performance of various ML techniques—Decision Trees, Random Forest, XGBoost, and
SVM—for credit risk prediction. Each technique presents unique strengths and limitations, with Decision Trees
providing interpretability, whereas Random Forest and XGBoost exhibit superior predictive performance at the cost
of interpretability. SVM demonstrates robust predictive capabilities under specific conditions but faces scalability
constraints. Implications for practice underscore the need for balance between model accuracy, computational
efficiency, and interpretability to ensure adoption and regulatory compliance. Significant research opportunities lie in
improving dataset handling methods, optimizing feature selection, developing hybrid models, and advancing scalable,
explainable Al techniques.
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