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ABSTRACT
With the surge in complexity and data volume of financial markets, traditional risk assessment methods face limitations when 
dealing with high-dimensional, nonlinear, and dynamic data. Random Forest, as an ensemble learning algorithm, has 
demonstrated outstanding performance in numerous fields since its theoretical framework was proposed by Leo Breiman in 
2001. By combining multiple decision trees, it significantly enhances prediction accuracy and robustness, leading to its 
widespread application in financial risk assessment in recent years. This paper systematically reviews the applications of Random 
Forest in areas such as credit risk, market risk, and operational risk, analyzing its principles, advantages, and performance. 
Research indicates that Random Forest outperforms traditional models (such as XGBoost and Neural Networks) in terms of 
prediction accuracy, feature interpretability, and resistance to overfitting, but it also faces challenges related to interpretability 
and computational efficiency.
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1　Introduction

Financial risk management is a core function of financial institutions, with the key being the accurate identification, 
assessment, and mitigation of potential losses. Traditional methods such as logistic regression, discriminant analysis, and 
time series models are mostly based on linear assumptions and struggle to effectively capture the complex nonlinear 
relationships, high-dimensional feature interactions, and dynamic patterns inherent in financial data. With the rapid 
development of big data and artificial intelligence technologies, machine learning models offer new solutions to enhance 
risk prediction capabilities. Among the many machine learning algorithms, Random Forest, proposed by Breiman in 2001 
[1], has garnered widespread attention due to its excellent performance and robustness.

Random Forest belongs to the category of ensemble learning algorithms. Its core idea involves constructing multiple 
decision trees and employing bootstrap sampling and random feature selection mechanisms, which effectively reduce 
model variance and avoid overfitting. The final prediction is achieved by aggregating the results of individual trees 
through voting or averaging. This algorithm not only performs excellently when handling high-dimensional, nonlinear 
data but also provides feature importance rankings, enhancing model interpretability.

Based on multiple academic papers (such as "Machine learning algorithms for financial risk prediction"[2], "Credit Risk 
Assessment using Machine Learning Techniques"[3]) and various recent online evaluations of Random Forest, this paper 
systematically reviews the current state of Random Forest applications in financial risk. It first elaborates on the core 
principles and advantages of Random Forest, then discusses its specific applications in core areas of financial risk, and 
compares it with other mainstream models. Finally, it outlines future research directions, providing a reference for 
scholars in related fields.

2　Core Principles of the Random Forest Algorithm and Its Applicability in Finance

Random Forest is an ensemble learning method based on decision trees. Its core idea is to make predictions by 
constructing and combining a large number of decision trees. Specifically, it uses "Bootstrap Sampling" to randomly draw 
multiple subsamples with replacement from the original dataset to provide training data for the decision trees. 
Simultaneously, at each node split within a decision tree, the algorithm randomly selects a subset of features from the 
entire feature set and then chooses the optimal feature from this subset for splitting. This mechanism effectively reduces 
the correlation between trees. This "sample randomness" and "feature randomness" greatly enhance the model's 
generalization ability and effectively reduce the risk of overfitting. For classification tasks (e.g., determining if a client will 
default), the result is determined by majority voting from all decision trees; for regression tasks, it is the average of the 
predictions from all trees.

In summary, the following advantages make Random Forest highly favored in financial risk assessment:
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2.1　High Prediction Accuracy and Robustness

By integrating multiple decision trees, Random Forest effectively reduces the variance that a single model might have 
and is less sensitive to noisy data and outliers. It performs particularly well when dealing with imbalanced data (e. g., 
where default samples are far fewer than non-default samples in credit data). For instance,《Improving Random Forest 
models for predicting Credit Risk》 [6] points out that Random Forest exhibits good tolerance for high-dimensional and 
collinear data.

2.2　Relatively Good Interpretability

Compared to "black-box" models like deep learning, Random Forest can output feature importance, helping analysts 
understand which factors have the greatest impact on risk prediction, thereby providing support for business decisions.

2.3　Powerful Feature Handling Capability

It does not require strict data preprocessing (e.g., normality assumptions), can handle both continuous and categorical 
features simultaneously, and has a certain tolerance for missing values. This makes it very suitable for handling diverse, 
complex structured financial big data.

2.4　Efficient Parallel Computing and Good Scalability

The generation process of each tree is independent, allowing the training of Random Forest to be highly parallelized, 
facilitating the processing of large-scale datasets and meeting the needs of real-time or near-real-time risk calculation in 
the financial industry.

3　Applications of Random Forest in Financial Risk Assessment

3.1　Credit Risk Assessment

Credit risk is the area where Random Forest is most widely applied and thoroughly researched, covering various 
financial scenarios such as personal credit, corporate bonds, and supply chain finance.

3.1.1　Personal and Micro-Credit Risk

In scenarios like P2P lending and credit card approvals, Random Forest integrates multi-dimensional features 
(borrower information, financial status, historical credit records, behavioral data, etc.) for accurate default prediction. The 
study [10] showed that on Renrendai platform data, through feature selection (screening 9 key variables from 48 initial 
variables), the Random Forest model achieved an Out-of-Bag (OOB) Error as low as 7.68% and a prediction accuracy of 
97.60% on the test set. A comparative study "Credit Risk Assessment using Machine Learning Techniques"[3] on the 
German Credit Dataset also indicated that the prediction accuracy of Random Forest was superior to models like Support 
Vector Machines (SVM) and Logistic Regression (LR).

3.1.2　Corporate Credit and Bond Default Risk

In the credit rating of listed companies and bond default prediction, Random Forest can effectively handle complex 
financial indicators and non-financial information. The study [9] pointed out that the credit risk identification model based 
on Random Forest achieved an AUC value of 0.90 and a recall rate of 0.84, significantly outperforming traditional linear 
models and effectively identifying potential defaulting bonds. Studies targeting specific industries like transportation and 
energy, such as "Valutazione del Rischio di Creditonel sttore dei trasporti"[15], also demonstrate the good cross-industry 
adaptability of Random Forest.

3.1.3　Credit Scoring and Anti-Fraud

Random Forest is integrated into automated credit scoring models for rapid assessment of customer credit ratings. 
Simultaneously, it is also highly effective in identifying fraudulent applications and organized fraud. For example, "REAL-
TIME CREDIT CARD FRAUD DETECTION USING MACHINE LEARNING"[11] used Random Forest for real-time transaction fraud 
detection.

3.2　Market Risk and Extreme Event Prediction

The core of market risk management lies in managing and predicting asset price fluctuations, especially identifying 
rare but highly impactful "black swan" events.

3.2.1　Tail Risk and Value at Risk (VaR) Estimation

Traditional VaR models may perform poorly when calculating extreme quantiles. Combining Random Forest with 
Extreme Value Theory (EVT) allows for a more accurate characterization of tail distribution features. Furthermore, a 
significant study published in early 2024 "Chasing Black Swans：A Comparative Study of Two Random Forest Tail Risk 
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Estimators"[5] compared the Extreme Random Forest (ERF) proposed by Cnecco et al. (2022) and the method by Ahmed 
(2022), finding that ERF held an advantage in tail risk prediction in both simulation studies and practical applications on 
the S&P 500 index, proving Random Forest's capability in capturing and quantifying extreme market risk.

3.2.2　Stock Price and Market Trend Prediction

By analyzing historical prices, trading volumes, technical indicators, macroeconomic data, and even news, Random 
Forest can be used to predict short-term stock price movements or market volatility. Studies like "Three Machine Learning 
Predictions of U.S.Stock Prices"[14] compared the performance of Random Forest with XGBoost, ANN, etc., in stock price 
prediction, aiming to estimate future price volatility, thereby helping investors adjust their portfolios and improve 
investment safety.

3.3　Financial Fraud Detection

Financial fraud involves complex and covert behavioral patterns, making it a key area for machine learning application. 
Random Forest, due to its ability to handle imbalanced data and complex patterns, is highly effective in fraud detection [11].

3.3.1　Credit Card and Transaction Fraud

By analyzing features such as transaction time, location, amount, merchant type, and cardholder behavior patterns, 
Random Forest can identify anomalous transactions. In "REAL-TIME CREDIT CARD FRAUD DETECTION USING MACHINE 
LEARNING"[11], Random Forest achieved high accuracy and recall rates in such tasks.

3.3.2　Anti-Money Laundering (AML) and Internal Fraud

By integrating complex data like customer transaction networks, relational connections, and behavioral profiles, 
Random Forest helps identify suspicious fund flows and potential fraudulent activities. "ENSEMBLE LEARNING FOR MULTI-
DIMENSIONAL RISK ASSESSMENT"[7] proposed an ensemble learning framework incorporating alternative data and 
network analysis, where Random Forest was one of the key core components used to enhance the capture of complex risk 
patterns.

3.4　Other Financial Risk Management Applications

The application of Random Forest also extends to other risk areas, for example:

3.4.1　Financial Distress Early Warning

Predicting whether a company is likely to fall into financial crisis.

3.4.2　Systemic Risk Identification

Analyzing interconnections between financial institutions to identify key nodes that might trigger systemic collapse.

3.4.3　Customer Churn Prediction

Identifying customers with a tendency to churn, helping financial institutions take retention measures.

4　Comparison of Random Forest with Other Mainstream Machine Learning Models

In the practice of financial risk assessment, Random Forest is by no means the only option. It faces intense competition 
from logistic regression, support vector machines, gradient boosting trees (like XGBoost, LightGBM), and deep learning 
models. It is noteworthy that, while numerous independent comparative studies exist, no peer-reviewed meta-analysis or 
authoritative systematic review specifically comparing the comprehensive performance of these methods in the field of 
financial risk assessment was found during the literature review, indicating a need for more systematic comprehensive 
research in this area.

4.1　Performance Comparison

4.1.1　Traditional Statistical Models

Logistic regression, while strongly interpretable, has limited ability to handle nonlinearities and complex feature 
interactions. Numerous studies show that on standard datasets like the German Credit Dataset, the prediction accuracy of 
Random Forest is typically higher than that of logistic regression and discriminant analysis [12-13].

4.1.2　Support Vector Machines (SVM)

SVM performs well in small-sample, high-dimensional pattern recognition, but training on large datasets is time-
consuming. In contrast, Random Forest has higher training efficiency on large datasets, and parameter tuning is relatively 
simpler.
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4.1.3　Gradient Boosting Trees (e.g., XGBoost)

XGBoost (Extreme Gradient Boosting) is another ensemble algorithm based on decision trees. When pursuing ultimate 
prediction accuracy and with sufficient computational resources, XGBoost is often the preferred choice. In many financial 
risk prediction competitions and studies, a well-tuned XGBoost often slightly outperforms others in prediction accuracy 
[12]. XGBoost builds decision trees sequentially, with each tree aiming to correct the residuals of the previous one, giving it 
a theoretical advantage in capturing complex nonlinear relationships and handling high-dimensional sparse data. 
However, XGBoost cannot be parallelized during training and is prone to overfitting, whereas Random Forest remains 
attractive in scenarios requiring speed or stability due to its simpler implementation, relatively faster training speed, and 
fewer parameters to tune. Some studies show that ensemble models combining Random Forest and XGBoost achieve the 
best performance in certain tasks.

4.1.4　Deep Learning Models

Deep learning models (LSTM, MLP, Transformer, etc.) demonstrate powerful capabilities in processing unstructured 
data and complex time series data [4]. pointed out that LSTM outperformed Random Forest in prediction accuracy (91.8% 
vs. 89.2%) and Mean Squared Error (0.045 vs. 0.051) for financial risk prediction, but Random Forest was superior in feature 
interpretability and training speed (8.3 seconds vs. LSTM's 35.4 seconds). Deep learning models typically require massive 
amounts of data for training [4] and have poor interpretability. In practice, the choice of model depends on specific 
business needs. If the task focuses on obtaining highly accurate and interpretable predictions from structured data, then 
Random Forest is an optimal choice. When dealing with images, text, or complex time series where model interpretability 
is less critical, deep learning models hold the advantage.

4.2　Summary Table

In summary, Random Forest achieves a good balance among accuracy, robustness, training efficiency, and 
interpretability, making it a very practical and powerful baseline model in financial risk assessment.

5　Future Prospects: Trends and Challenges for 2025 and Beyond

Standing at the point of 2025, it is foreseeable that the application of Random Forest in financial risk management will 
develop towards greater refinement, integration, and intelligence, but it also faces a series of challenges.

Figure 1　Translated from "Research and Application of Machine Learning-Based Financial Big Data Risk Prediction Models"[4]

Table 1　

Model for Comparison

Logistic Regression

Support Vector 

Machine (SVM)

XGBoost

Deep Learning (LSTM)

Random Forest

Core Advantages

Strong interpretability, simple implementation, fast training.

Good performance with small samples, high-dimensional data.

Highest prediction accuracy (after tuning).

Strong ability to process sequential/unstructured data, 

automatic feature engineering.
High accuracy, fast training (parallel), resistant to overfitting, 

relatively good interpretability.

Main Disadvantages
Accuracy is usually lower, 

struggles to capture complex patterns.
Slow training on large datasets, 

sensitive to parameters and kernel functions.
Training is not parallelizable, 

prone to overfitting, requires fine-tuning.
"Black-box" model, requires massive data, 

slow training.
May be inferior to XGBoost/LSTM in extreme 

accuracy or for sequential data.
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5.1　Model Optimization Strategies

5.1.1　Data Level

Adopt more advanced missing value imputation methods (e. g., Predictive Mean Matching), oversampling or 
undersampling techniques to handle class imbalance, and combine algorithms like Isolation Forest for outlier detection 
and handling.

5.1.2　Feature Engineering

Utilize the feature importance output from Random Forest for feature selection, or combine it with methods like 
Recursive Feature Elimination to optimize the feature subset. Introduce domain knowledge to construct more 
representative risk indicators.

5.1.3　Algorithm Improvement

Systematically optimize hyperparameters such as the number of trees, maximum depth, and minimum samples per 
leaf node. Also, assign voting weights based on the performance of each decision tree on out-of-bag data, rather than 
using simple majority voting.

5.2　Emerging Trends

5.2.1　Deepening Application of Hybrid Models

The capabilities of a single model are limited. The future trend will inevitably involve integrating Random Forest with 
other technologies to form "hybrid models." Examples include deepening its combination with Extreme Value Theory 
(EVT) to better predict extreme risks, or integrating it with Graph Neural Networks (GNN) to analyze complex corporate 
association networks for systemic risk assessment. Alternatively, combining it with technologies like Federated Learning 
to jointly train Random Forest models using multi-party data while ensuring data privacy and security, breaking down 
data silos.

5.2.2　Driven by Explainable AI (XAI)

Although Random Forest itself possesses a certain degree of interpretability, future research will focus more on using 
explanation tools like SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) [8] 
to enhance the transparency and trustworthiness of model decisions, moving it further from a "grey-box" towards a 
"white-box."

5.2.3　Dynamic and Real-time Risk Monitoring

Simultaneously optimize algorithms to adapt to streaming data processing, enabling real-time risk identification and 
early warning. Research online learning mechanisms to allow models to quickly adapt to market changes.

5.2.4　Heterogeneous Data Fusion

Explore how to more efficiently utilize unstructured data (e. g., text, images, audio) and graph-structured data (e. g., 
transaction networks), combined with Random Forest to build multimodal risk analysis models.

5.2.5　Automation and Intelligence

Utilize AutoML technologies to automatically complete the entire workflow from feature engineering and model 
selection to hyperparameter tuning, lowering the barrier to applying Random Forest and improving development 
efficiency.

5.3　Challenges

Despite its obvious advantages, Random Forest still faces many challenges in the financial sector:

5.3.1　Model Risk

Models based on historical data all carry "model risk," meaning they cannot predict "black swan" events that have 
never occurred before. Financial institutions need to establish robust model validation and monitoring mechanisms, 
remaining vigilant about model limitations.

5.3.2　Computational Resources and Talent Bottleneck

Building a Random Forest containing a large number of decision trees requires considerable computational resources 
and time. Simultaneously, interdisciplinary talent proficient in these technologies and with a deep understanding of the 
financial business remains scarce.

5.3.3　Data Quality and Privacy Protection

High-quality, unbiased data is the cornerstone of success for all machine learning models. Financial data suffers from 
issues like non-stationarity and structural changes, leading to challenges in data acquisition, data silos, data imbalance (e.
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g., scarce fraud samples), and increasingly stringent data privacy and security regulations, which are core constraints on 
model development and application scope.

5.3.4　Competition from More Advanced Models

With the continuous advancement of technologies like deep learning and new-generation gradient boosting trees (e.
g., LightGBM, CatBoost), the dominant position of Random Forest in certain complex tasks is also being challenged

6　Conclusion

As of 2025, Random Forest, as a powerful and flexible machine learning algorithm, has proven its value in multiple 
areas of financial risk assessment, establishing its position as a core tool. Through its ensemble learning mechanism, it 
effectively enhances prediction accuracy and stability, and its built-in feature importance analysis provides a powerful 
tool for risk factor identification. Leveraging its unique advantages in handling high-dimensional data, providing robust 
predictions, and offering relatively good interpretability, Random Forest has demonstrated performance superior to 
traditional methods in credit default prediction, market risk quantification, and fraud detection alike. In comparisons with 
complex deep learning models, it maintains a good balance between practicality and interpretability.

Although facing competition from more advanced models like XGBoost and deep learning, as well as ongoing 
challenges related to data, model risk, and interpretability, Random Forest will not be simply replaced. Instead, it will find 
new value through technological integration, continuous deepening of interpretability, and application in more refined 
risk management scenarios, continuing to play an important role in the wave of financial technology.
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