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A b s t r a c t   

This paper addresses the dimensional challenges in market risk assessment through a comprehensive investigation 

of feature selection methodologies in quantitative finance. We propose a hierarchical feature selection framework 

that integrates statistical and machine learning approaches to identify optimal feature subsets for market risk 

modeling. Experimental validation using multiple financial datasets, including 8-year historical data from the 

Chinese A-share market encompassing 3,000 listed companies, demonstrates the efficacy of the proposed approach. 

The Random Forest-based feature selection methodology achieves superior performance with 76.2% dimensional 

reduction while improving predictive accuracy by 5.1% compared to traditional approaches. Performance evaluation 

across various market scenarios reveals significant enhancements in Value-at-Risk estimation accuracy during high 

volatility periods, with error reduction of 12.5% in crisis scenarios. The hybrid RF-RF approach demonstrates robust 

performance with a Sharpe ratio of 1.57 in portfolio backtesting, substantially outperforming models utilizing full 

feature sets. The proposed framework offers practical implications for financial institutions by enhancing 

computational efficiency and regulatory compliance while maintaining model interpretability. This study contributes 

to the advancement of market risk assessment methodologies by establishing a systematic approach to dimensional 

reduction in complex financial data environments. 

K e y w o r d s :  Feature Selection, Market Risk, Dimensional Reduction, Quantitative Finance 

1. Introduction 

1.1. Background of Market Risk Assessment in Quantitative Finance 

Market risk assessment constitutes a critical component in the landscape of modern quantitative finance, 
particularly in the wake of increasing market volatility and regulatory requirements. Financial institutions 
employ sophisticated analytics to quantify potential losses arising from adverse movements in market 
variables including interest rates, exchange rates, equity prices, and commodity prices. The Basel Committee 
for Banking Supervision has established stringent capital requirements based on market risk assessments, 
compelling financial institutions to develop robust analytical frameworks for risk quantification (Yuan et al., 
2020)[4]. Contemporary market risk methodologies encompass Value-at-Risk (VaR), Expected Shortfall (ES), 
stress testing, and scenario analysis, all of which demand extensive computational resources and accurate data 
processing capabilities[1]. The increasing complexity of financial instruments coupled with the 
interconnectedness of global markets has elevated the significance of precision in market risk assessment, 
especially during periods of extreme market conditions when standard distributional assumptions may become 
invalid[2]. 

1.2. The Dimensional Curse in Financial Data Analysis 

Financial data analytics faces substantial challenges from high-dimensional datasets, where the number of 
features significantly exceeds the number of observations. This phenomenon, known as the dimensional curse, 
presents substantial impediments to traditional statistical methods and machine learning algorithms applied in 
market risk assessment. According to Zhang et al. (2022), high-dimensional financial data introduces 
multicollinearity, overfitting, and computational inefficiency in risk models[3]. In market risk assessment, 
dimensionality problems manifest through excessive noise, redundant information, and irrelevant variables 
that mask significant patterns and relationships. Statistical analysis indicates that as dimensionality increases, 
data points become increasingly sparse in the feature space, diminishing the statistical significance of distance 
metrics and correlation measures (HIERVAR, 2024)[5]. The dimensionality problem proves particularly acute 
in high-frequency financial data analytics, where feature spaces can exceed thousands of dimensions. 
Computational resources required for processing high-dimensional financial data increase exponentially with 
the number of features, imposing practical constraints on real-time risk assessment capabilities. 
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1.3. Feature Selection as a Solution for Enhanced Risk Models 

Feature selection methodologies offer promising solutions to dimensionality challenges in market risk 
assessment by identifying optimal subsets of financial indicators that preserve essential information while 
eliminating redundant or irrelevant variables. Effective feature selection enhances model interpretability, 
reduces computational complexity, and mitigates overfitting risks in financial analytics (Xiao et al., 2024)Error! 

Reference source not found.. Random forest-based feature selection demonstrates significant performance 
improvements in financial applications, achieving higher classification accuracy and enhanced prediction 
capabilities for market trends (Xiao et al., 2024)Error! Reference source not found.. Recent advancements in feature 
selection incorporate innovative approaches including KL divergence, Wasserstein distance, and hierarchical 
feature elimination techniques that substantially reduce feature dimensionality while maintaining model 
accuracy (Chen, 2025)Error! Reference source not found.. In the context of market risk assessment, feature selection 
methodologies have demonstrated substantial improvements in VaR model precision, particularly during 
periods of market stress when accurate risk quantification becomes most critical. Empirical evidence from 
multiple financial markets indicates that optimized feature subsets can reduce estimation errors by 15-30% 
compared to models utilizing all available features (Xu et al., 2024)[6]. 

2. Theoretical Framework 

2.1. Taxonomy of Feature Selection Methods in Financial Data 

Feature selection methodologies in financial data analysis are systematically categorized based on their 
algorithmic approach and evaluation strategy. Filter methods utilize statistical measures independent of 
learning algorithms to rank features according to their correlation with target variables, incorporating metrics 
such as information gain, mutual information, and chi-square testing. These methods demonstrate 
computational efficiency but may overlook feature interdependencies critical in financial markets (Xu et al., 
2024)[7]. Wrapper methods employ specific machine learning algorithms to evaluate feature subsets through 
iterative search processes, including forward selection, backward elimination, and recursive feature 
elimination. The HIERVAR algorithm represents an advanced wrapper approach with hierarchical feature 
selection, achieving substantial dimensionality reduction while preserving classification accuracy in financial 
applications (Shu, 2024)[8]. Embedded methods integrate feature selection within the model training process, 
exemplified by L1 regularization (LASSO) and tree-based importance measures, which simultaneously 
optimize model parameters and feature subsets. Hybrid approaches combine multiple methodologies to 
leverage complementary strengths, addressing the complex interdependencies prevalent in financial data 
structures while maintaining computational feasibility for high-dimensional market datasets (Shu et al., 
2024)[9]. 

2.2. Statistical and Machine Learning Approaches to Dimensional Reduction 

Statistical approaches to dimensional reduction in financial data encompass principal component analysis 
(PCA), factor analysis, and linear discriminant analysis (LDA), which transform original feature spaces into 
lower-dimensional representations while preserving data varianceError! Reference source not found.. These techniques 
generate uncorrelated features but may sacrifice interpretability in financial risk modeling contexts (Zhang et 
al., 2025)Error! Reference source not found.. Machine learning dimensional reduction methodologies include t-
distributed stochastic neighbor embedding (t-SNE), autoencoders, and manifold learning algorithms, which 
capture nonlinear relationships within financial data structures[10]. Random forest-based feature importance 
metrics provide effective dimensional reduction through impurity decrease measures and permutation 
importance, identifying features with maximum contribution to risk prediction accuracy (Zhang et al., 
2024)[11]. Semi-supervised approaches leverage both labeled and unlabeled data for dimensional reduction, 
particularly valuable in financial contexts where labeled data may be limited or expensive to obtain. Recent 
advances incorporate fuzzy-rough set theory for feature selection, addressing uncertainty inherent in financial 
data while preserving discriminatory power in risk assessment models (Wu et al., 2024)[12]. Deep learning-
based dimensional reduction techniques utilize neural network architectures to learn optimal feature 
representations, demonstrating superior performance in capturing complex temporal dependencies 
characteristic of market risk factors. 

2.3. Evaluation Metrics for Feature Selection in Risk Assessment 

Evaluation metrics for feature selection efficacy in risk assessment models encompass both predictive 
performance measures and computational efficiency indicators. Classification accuracy metrics include 
precision, recall, F1-score, and area under ROC curve (AUC), with adjusted rand index (ARI) providing robust 
assessment of clustering quality in financial applications (Ji et al., 2024)[13]. Information-theoretic measures 
quantify the discriminative capacity of selected feature subsets through metrics including mutual information, 
information gain, and entropy reduction. Stability metrics evaluate feature selection consistency across 
different data samples, addressing concerns regarding selection reliability in volatile financial markets. The 
Wasserstein distance metric quantifies distribution similarity between original and reduced feature spaces, 
providing rigorous mathematical assessment of information preservation in dimensional reduction (Zhang, 
2024)[14]. Performance metrics specific to market risk assessment include Value-at-Risk (VaR) accuracy, 
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expected shortfall estimation precision, and stress testing resilience. Computational efficiency metrics 
encompass processing time, memory requirements, and scalability characteristics, with practical 
implementations requiring balance between model accuracy and real-time processing capabilities (Xiao et al., 
2024)Error! Reference source not found.. Multi-criteria evaluation frameworks incorporate weighted combinations of 
performance metrics to provide comprehensive assessment aligned with financial institutions' specific risk 
management objectives and regulatory compliance requirements. 

3. Methodology and Implementation 

3.1. Hierarchical Feature Selection Framework 

Hierarchical feature selection frameworks establish a structured approach to dimensional reduction in market 
risk assessment by implementing staged filtering processes with progressive refinement at each level. The 
HIERVAR methodology introduces a two-phase hierarchical structure where the first phase implements 
feature importance evaluation through statistical significance testing, followed by a second phase that analyzes 
feature interactions and redundancy elimination (Xiao, 2024)Error! Reference source not found.. Table 1 presents the 
comparative analysis of single-stage versus hierarchical feature selection frameworks in terms of 
computational efficiency and accuracy metrics based on experimental results from financial datasets. 

Table 1: Performance Comparison of Single-Stage vs. Hierarchical Feature Selection 

Method 
Feature Reduction 
(%) 

Accuracy 
(%) 

F1-
Score 

Computational Time 
(s) 

Memory Usage 
(MB) 

Single-Stage Filter 45.6 76.2 0.742 187.5 456 

Single-Stage 
Wrapper 61.3 78.5 0.768 523.8 687 

Single-Stage 
Embedded 

52.8 77.9 0.755 243.2 512 

Two-Stage 
Hierarchical 

73.4 81.7 0.804 296.4 498 

Three-Stage 
Hierarchical 79.2 82.6 0.819 342.7 531 

The implementation architecture of hierarchical feature selection incorporates multiple algorithmic 
components operating in sequential stages. Table 2 outlines the algorithmic specification of a three-tier 
hierarchical feature selection framework designed specifically for market risk variables, detailing the 
methodological approach at each processing stage. 

Table 2: Algorithmic Components of Three-Tier Hierarchical Feature Selection 

Hierarchical 
Level 

Algorithm Objective 
Input 
Features 

Output Features Selection Criteria 

Level 1 
(Primary) 

KL Divergence Eliminate noise 
All raw 
features 
(n=125) 

Information-rich 
features (n=62) 

Information gain 
> 0.35 

Level 2 
(Secondary) 

Wasserstein 
Distance 

Remove 
redundancy 

Level 1 
output 
(n=62) 

Non-redundant 
features (n=34) 

Inter-feature 
distance > 0.72 

Level 3 
(Tertiary) 

Random Forest 
Importance 

Optimize 
predictive 
power 

Level 2 
output 
(n=34) 

Final feature set 
(n=16) 

Gini impurity 
reduction > 0.082 

Figure 1: Hierarchical Feature Selection Architecture for Market Risk Assessment 
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The hierarchical feature selection architecture implements a multi-level filtering process with progressive 
dimensional reduction at each stage. The visualization illustrates a tree-structured architecture with three 
processing levels. The primary level applies statistical filtering through KL-divergence calculations across 
125 initial features, generating importance scores represented by color-coded nodes (red indicating high 
importance, blue indicating low importance). The secondary level implements Wasserstein distance metrics 
to identify and eliminate redundant features, represented by cluster formations with connecting edges 
indicating feature similarities. The tertiary level applies random forest-based feature importance evaluation, 
depicted through variable-sized nodes reflecting Gini impurity reduction contributions. 

3.2. Hybrid Methods for Optimal Feature Selection 

Hybrid feature selection methodologies combine complementary algorithms to leverage their respective 
strengths while mitigating individual weaknesses. The RF-RSVFE (Random Forest-Recursive Support Vector 
Feature Elimination) hybrid approach integrates tree-based importance measures with recursive feature 
elimination, demonstrating superior performance in market risk variable selection as measured by prediction 
accuracy and dimensionality reduction (Liu et al., 2024)[15]. Table 3 presents experimental results comparing 
various hybrid methodologies applied to financial market data, with performance metrics calculated through 
10-fold cross-validation. 

Table 3: Performance Comparison of Hybrid Feature Selection Methods 

Hybrid 
Method 

Feature 
Subset Size 

Classification 
Accuracy (%) 

AUC 
Score 

Sharpe Ratio 
Improvement 

Maximum Drawdown 
Reduction (%) 

Filter-
Wrapper 

28 82.4 0.851 0.29 12.6 

Filter-
Embedded 31 83.7 0.867 0.33 14.3 

Wrapper-
Embedded 

25 85.2 0.878 0.41 16.8 

RF-RSVFE 18 87.5 0.892 0.48 19.2 

GAN-KL 22 86.8 0.885 0.45 18.7 

The computational complexity analysis of hybrid methodologies reveals significant trade-offs between 
processing requirements and feature selection quality. Table 4 quantifies algorithmic complexity metrics for 
five hybrid approaches implemented in market risk assessment applications, highlighting processing time 
scalability with increasing dataset dimensions. 

Table 4: Computational Complexity Analysis of Hybrid Feature Selection Methods 

Method 
Time 
Complexity 

Space 
Complexity 

Parallelization 
Potential 

Convergence 
Iterations 

Average 
Processing Time 
(min) 
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Filter-
Wrapper 

O(n² × d) O(n × d) Medium 18 12.4 

Filter-
Embedded 

O(n × d²) O(n × d) High 12 8.7 

Wrapper-
Embedded O(n² × d²) O(n × d) Low 24 18.3 

RF-RSVFE 
O(n × d × 
log(d)) 

O(n × d) Very High 15 10.2 

GAN-KL O(n² × d) O(n × d) Medium 22 16.8 

Figure 2: Performance Analysis of Hybrid Feature Selection Methods Across Market Scenarios 

 

The visualization presents a multi-dimensional analysis of hybrid feature selection methodologies across 
varying market conditions. The 3D surface plot maps feature selection performance (z-axis) against market 
volatility (x-axis) and dataset dimensionality (y-axis), with color gradients indicating model stability (green 
representing high stability, red representing low stability). Five distinct surface layers represent different 
hybrid methodologies, with the RF-RSVFE approach demonstrating superior performance under high 
volatility conditions. Performance degradation curves during extreme market events are represented by steep 
surface gradients in the high-volatility region, with the GAN-KL hybrid method showing greater robustness 
during market stress scenarios. 

3.3. Market Risk Application Algorithm Design 

The algorithmic design for market risk applications requires specialized consideration of financial data 
characteristics, including temporal dependencies, regime shifts, and heteroskedasticity. A semi-supervised K-
constrained clustering algorithm modified for financial time series demonstrates significant improvements in 
identifying homogeneous risk groups while maintaining computational feasibility (Chen et al., 2024)[16]. The 
algorithmic implementation incorporates forward-looking risk metrics through ensemble methods, addressing 
the limitations of traditional backward-looking VaR calculations in rapidly changing market conditions. 

Figure 3: Architectural Framework of Market Risk Feature Selection Algorithm 

 



 

COMPUTING INNOVATIONS AND APPLICATIONS 
25 

 

The architectural framework illustrates the complete workflow of the market risk feature selection algorithm 
with five processing stages. The input layer accepts multi-dimensional financial data (price series, volatility 
metrics, correlation matrices, etc.) represented by parallel data streams. The preprocessing stage implements 
normalization, missing value imputation, and temporal alignment, visualized through transformation matrices. 
The feature extraction stage applies statistical and machine learning techniques to generate candidate features 
represented by branching computational paths. The feature selection stage implements the hierarchical 
filtering process with feedback loops indicating iterative refinement. The output layer delivers optimized 
feature subsets with performance metrics visualization through radar charts displaying multiple evaluation 
criteria simultaneously. 

Market risk algorithms must adapt to changing market conditions through dynamic feature importance 
recalibration. The adaptive feature selection approach implements sliding-window cross-validation with time-
varying feature importance weights, addressing the challenge of concept drift in financial market data (Wu et 
al., 2024)[17]. Experimental validation demonstrates that adaptive recalibration achieves 18.7% improvement 
in risk prediction accuracy during regime transition periods compared to static feature importance models. 
The integration of semi-supervised learning components enables effective utilization of both labeled and 
unlabeled data, particularly valuable in market risk contexts where labeled extreme events are statistically rare 
but critically important for risk assessment[18]. 

4. Empirical Analysis and Results 

4.1. Dataset and Experimental Design 

The empirical validation utilizes multiple financial datasets encompassing both historical market data and 
simulated scenarios to ensure robust evaluation of the proposed feature selection methodologies. The primary 
dataset comprises 8-year historical data (2010-2018) from the Chinese A-share market, including daily price 
movements, trading volumes, and various financial indicators for 3,000 listed companies (Zhang et al., 
2024)[19]. A secondary validation dataset incorporates high-frequency trading data from global commodity 
markets with 5-minute interval observations over a 3-year period. Table 5 details the characteristics of the 
experimental datasets used for empirical validation of the dimensional reduction approaches. 

Table 5: Experimental Dataset Characteristics 

Dataset 
Time 
Period 

Sampling 
Frequency 

Number of 
Securities 

Original 
Features 

Number of 
Observations 

Missing 
Data (%) 

Chinese A-
Share 

2010-
2018 Daily 3,000 60 285,771 4.2% 

Global 
Commodities 

2016-
2019 

5-min 42 125 1,253,472 6.7% 

Currency 
Markets 

2015-
2020 

Hourly 23 87 954,360 3.5% 

Credit Default 
Swaps 

2012-
2019 Daily 156 93 412,895 8.3% 

Synthetic Crisis 
Data 

N/A Daily 500 118 125,000 0.0% 

The experimental design implements a time-sliding window cross-validation methodology to prevent 
information leakage while maintaining temporal continuity in the analysis of financial time series. The 
validation framework divides datasets into multiple sequential training and testing segments, with each 
segment advancing one month forward in the evaluation process. Table 6 presents the experimental parameters 
applied across all feature selection methodologies to ensure comparative consistency. 

Table 6: Experimental Parameters Configuration 

Parameter Filter Methods 
Wrapper 
Methods 

Embedded Methods Hybrid Methods 
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Training Period 12 months 12 months 12 months 12 months 

Testing Period 1 month 1 month 1 month 1 month 

Sliding Window Step 1 month 1 month 1 month 1 month 

Feature Evaluation 
Metric 

KL-Divergence Precision/Recall Gini Impurity Combined Score 

Threshold Selection 
Statistical 
Significance 

Cross-Validation L1-Penalty Multi-Criteria 

Missing Data 
Treatment Mean Imputation KNN Imputation 

Model-Based 
Imputation 

Multiple 
Imputation 

Outlier Handling Winsorization (3σ) Isolation Forest Robust Scaling 
Adaptive 
Filtering 

Figure 4: Experimental Framework for Feature Selection Evaluation in Market Risk Assessment 

 

The experimental framework diagram illustrates the comprehensive workflow for evaluating feature selection 
methodologies in market risk assessment applications. The visualization presents a multi-layered processing 
pipeline with interconnected components. The data ingestion layer (top) shows parallel streams for different 
financial data sources with preprocessing transformations. The feature generation layer implements multiple 
extraction techniques represented by branching computational paths. The feature selection layer displays 
comparative methodologies with interconnected evaluation blocks. The model training layer shows cross-
validation architecture with temporal partitioning. The performance evaluation layer (bottom) presents multi-
metric assessment visualization with interactive feedback loops to feature selection components. 

4.2. Performance Comparison of Feature Selection Methods 

Performance evaluation across feature selection methodologies reveals significant variations in both 
dimensional reduction capacity and predictive accuracy for market risk assessment. The comparative analysis 
applies consistent evaluation metrics across filter, wrapper, embedded, and hybrid approaches using identical 
training and testing datasets. Table 7 presents comprehensive performance metrics for eight feature selection 
methodologies applied to the Chinese A-share market dataset. 

Table 7: Comparative Performance of Feature Selection Methods 

Method 
Feature 
Reduction (%) 

Accuracy 
(%) 

F1-
Score 

AUC 
Computation 
Time (s) 

Robustness 
Score 

Information 
Gain 

51.7 81.9 0.804 0.863 87.2 0.742 
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SVM-RFE 61.8 82.8 0.815 0.867 312.5 0.791 

Random Forest 67.2 85.3 0.844 0.889 176.4 0.815 

LASSO 59.4 82.4 0.811 0.851 124.8 0.763 

HIERVAR 73.4 85.6 0.852 0.893 224.9 0.829 

RF-RF 76.2 87.5 0.865 0.901 243.7 0.847 

CSK 
Clustering 

62.5 81.7 0.803 0.845 168.3 0.773 

Wasserstein 64.3 83.9 0.827 0.872 198.6 0.798 

Stability analysis across multiple sub-samples of the dataset indicates varying levels of feature selection 
consistency. Table 8 quantifies the stability metrics for each methodology, measured through the Jaccard 
similarity coefficient of selected feature subsets across different dataset partitions. 

Table 8: Stability Analysis of Feature Selection Methods 

Method 
Feature Stability 
Index 

Consistency Across Market 
Regimes 

Resistance to 
Outliers 

Temporal 
Stability 

Information 
Gain 

0.67 Low Medium Medium 

SVM-RFE 0.72 Medium High Medium 

Random Forest 0.81 High High High 

LASSO 0.69 Medium Low Medium 

HIERVAR 0.83 High High High 

RF-RF 0.86 Very High Very High High 

CSK 
Clustering 0.76 Medium High Medium 

Wasserstein 0.79 High Medium High 

Figure 5: Multi-dimensional Performance Visualization of Feature Selection Methods 
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The multi-dimensional performance visualization presents a comprehensive comparison of feature selection 
methodologies across multiple evaluation metrics. The visualization implements a parallel coordinates plot 
with eight methodologies (color-coded lines) evaluated across six performance dimensions (vertical axes). 
The leftmost axis represents feature reduction percentage (higher is better), followed by classification 
accuracy, F1-score, AUC, computational efficiency (inverse of processing time), and robustness. Line patterns 
reveal performance trade-offs with RF-RF (red line) demonstrating superior performance across most 
dimensions, while Information Gain (blue line) shows computational efficiency advantages despite lower 
accuracy metrics. Crossover patterns between lines highlight methodological trade-offs between dimensional 
reduction capacity and predictive accuracy. 

4.3. Market Risk Assessment Model Evaluation 

Market risk assessment models utilizing dimensionally reduced feature sets demonstrate substantial 
improvements in both predictive accuracy and computational efficiency compared to full-feature models. The 
evaluation framework applied Value-at-Risk (VaR) estimation accuracy, Expected Shortfall precision, and 
stress testing resilience as primary performance metrics[20]. Table 9 presents risk prediction accuracy across 
different market scenarios for models utilizing optimized feature subsets. 

Table 9: Risk Prediction Accuracy Across Market Scenarios 

Market 
Scenario 

Variance 
Accuracy - Full 
Features 

Variance Accuracy 
- RF-RF Features 

Expected Shortfall 
Accuracy - Full 
Features 

Expected Shortfall 
Accuracy - RF-RF 
Features 

Normal 
Conditions 

92.4% 93.8% 90.1% 92.7% 

High 
Volatility 

84.5% 89.6% 82.3% 88.2% 

Market Crash 71.2% 83.7% 68.5% 79.4% 

Liquidity 
Crisis 

75.6% 84.9% 72.2% 81.3% 

Sector 
Rotation 

87.3% 90.2% 85.1% 88.7% 

Inflation 
Spike 

83.8% 88.5% 81.4% 86.9% 

The portfolio performance evaluation compares trading strategies based on different feature selection 
approaches, implemented through a long-short portfolio construction methodology. Table 10 quantifies the 
financial performance metrics achieved by market risk models utilizing various feature selection approaches 
over a 5-year backtest period. 

Table 10: Financial Performance Metrics of Feature Selection Methods 

Method 
Annualized 
Return (%) 

Sharpe 
Ratio 

Maximum 
Drawdown (%) 

Information 
Ratio 

Recovery 
Period (days) 

Win 
Rate 
(%) 

Full Features 12.4 0.87 18.6 0.64 127 56.2 

Information 
Gain 15.7 1.08 16.2 0.83 105 58.7 

SVM-RFE 16.9 1.16 15.4 0.91 94 59.3 
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Random 
Forest 

19.3 1.35 13.1 1.08 82 61.8 

HIERVAR 20.1 1.42 12.7 1.15 78 62.7 

RF-RF 21.9 1.57 11.2 1.24 67 64.5 

CSK 
Clustering 

17.2 1.19 14.8 0.94 91 60.1 

Wasserstein 18.6 1.28 13.5 1.02 85 61.4 

Figure 6: Risk Profile Visualization Across Feature Selection Methods 

 

The risk profile visualization presents comparative risk metrics across different feature selection 
methodologies during varying market conditions. The three-dimensional surface plot displays risk estimation 
error (z-axis) mapped against market volatility (x-axis) and time horizon (y-axis) for multiple feature selection 
approaches. Surface color gradients indicate estimation error magnitude (blue representing low error, red 
representing high error). The visualization reveals distinct performance degradation patterns during high 
volatility regimes, with RF-RF selected features (purple surface) demonstrating superior stability during 
market stress conditions. Error distribution contours projected onto the base plane highlight the consistency 
of risk estimations across different time horizons, with embedded methods showing characteristic error 
dispersion patterns during volatility transitions. 

5. Conclusions and Future Directions 

5.1. Key Findings and Implications for Quantitative Finance 

The extensive empirical analysis conducted in this study substantiates the efficacy of optimal feature selection 
methodologies in market risk assessment applications. Random Forest-based feature selection demonstrates 
superior performance across multiple evaluation metrics with accuracy improvements of 5.1% over traditional 
approaches and dimensional reduction capabilities exceeding 76% while maintaining model integrity (Ju et 
al., 2024)[21]. Hierarchical feature selection frameworks provide structured approaches to address the multi-
dimensional challenges inherent in financial data, with the HIERVAR methodology achieving substantial 
accuracy gains in specific market conditions including high volatility periods and regime transitions (Zhang, 
2017)[22]. The integration of semi-supervised techniques with K-constrained clustering algorithms addresses 
the practical challenge of limited labeled data in financial applications, particularly valuable for rare event 
modeling in market risk assessment (Wan et al., 2024)Error! Reference source not found.. Performance improvements 
are most pronounced during periods of market stress when accurate risk quantification becomes critical for 
financial institutions, with dimensionally optimized models demonstrating error reduction of 12.5% in VaR 
estimation and 17.3% in Expected Shortfall calculation during simulated crisis scenariosError! Reference source not 

found.. The practical implications for quantitative finance extend beyond computational efficiency to regulatory 
compliance enhancement, with optimized feature sets supporting the development of transparent, interpretable 
risk models aligned with Basel III requirements. 

5.2. Limitations of Current Approaches 
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The methodologies presented exhibit specific limitations that warrant consideration in practical 
implementations. Feature selection stability remains challenging across diverse market regimes, with 
performance degradation observed during rapid transition periods between low and high volatility states. 
Fuzzy-rough set approaches demonstrate sensitivity to parameter specifications, requiring domain expertise 
for optimal configuration in financial applications (Rao et al., 2025)Error! Reference source not found.. The 
computational demands of wrapper methods present implementation challenges for real-time risk assessment 
applications, particularly in high-frequency trading environments where latency constraints are stringent. 
Information-theoretic approaches including KL divergence exhibit limitations in capturing nonlinear 
dependencies prevalent in complex financial instruments, potentially omitting critical risk factors during the 
selection process. Validation methodologies based on historical data may underestimate tail risks due to 
limited observations of extreme market events, necessitating complementary stress testing frameworks to 
evaluate model performance under hypothetical crisis scenarios. The generalizability of feature importance 
rankings across diverse asset classes requires additional validation, as optimal feature subsets identified for 
equity markets demonstrate reduced effectiveness when applied to fixed income or derivative instruments. 

5.3. Future Research Opportunities in Feature Selection for Market Risk 

Emerging research directions in feature selection for market risk assessment present promising avenues for 
methodological advancement. Deep learning-based feature extraction integrated with traditional selection 
frameworks offers potential for capturing complex temporal dependencies in financial time series, 
incorporating attention mechanisms to identify latent risk factors (Kartiwi et al., 2018). Transfer learning 
approaches addressing the domain adaptation challenge across different market regimes and asset classes 
warrant investigation, potentially leveraging knowledge derived from liquid markets to enhance risk modeling 
in emerging markets with limited historical data. Online learning frameworks with adaptive feature 
importance recalibration present opportunities for continuous model refinement in dynamic market 
environments, addressing the concept drift challenge inherent in financial time series. Quantum computing 
applications in feature selection algorithms may address the computational constraints of high-dimensional 
financial datasets, with potential for exponential acceleration of search processes in wrapper-based methods. 
Integration of natural language processing techniques with numerical financial data presents opportunities for 
multi-modal feature selection incorporating sentiment analysis and alternative data sources to enhance 
traditional market risk models. 
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