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ABSTRACT: Feature selection plays a pivotal role in data mining and machine learning, aiding in enhancing model 

performance, reducing overfitting, and improving interpretability. Evolutionary algorithms (EAs)—such as Genetic 

Algorithms (GA), Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), and their variants—apply 

bio-inspired search strategies to identify optimal feature subsets from high-dimensional datasets. These algorithms offer 

a compelling blend of global search capability and adaptability, particularly suited to navigating large and complex 

search spaces. 

 

PSO and GA have been especially prominent, with PSO used in nearly half of reported swarm-intelligence-based 

feature selection cases, underscoring its effectiveness across diverse domains—from intrusion detection to gene 

expression classification . Hybrid methods combining EAs with filter techniques (e.g., χ² statistics or information gain) 

or local search heuristics have consistently demonstrated enhanced convergence, higher classification accuracy, and 

more compact feature sets . 

 

Notably, advanced PSO variants—including binary PSO, adaptive PSO with leadership learning, combinatorial PSO, 

and two-dimensional learning frameworks—have improved performance on specific tasks such as intrusion detection 

and gene expression data selection, achieving high detection rates with minimal features . These techniques balance 

exploration and exploitation more effectively, addressing issues like premature convergence and scalability. 

 

This overview synthesizes pre-2020 progress by examining EA designs, hybrid strategies, application contexts, 

strengths, and limitations. It highlights both the versatility and challenges of evolutionary feature selection—

illuminating pathways for future enhancements in scalability, convergence reliability, and integration with domain-

specific methods. 
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I. INTRODUCTION 

 

In data mining, feature selection is critical for improving predictive performance, simplifying models, and reducing 

computational burden—especially in high-dimensional datasets common in fields like bioinformatics and text mining. 

Classical methods (filters and wrappers) often struggle with combinatorial explosion and suboptimal local decisions. 

Evolutionary algorithms (EAs), by contrast, offer global search capabilities via population-based exploration, naturally 

suited for discovering optimal or near-optimal feature subsets. 

 

Genetic Algorithms (GAs) apply selection, crossover, and mutation operators on encoded candidate feature sets to 

evolve toward high-fitness solutions. Meanwhile, Particle Swarm Optimization (PSO) simulates the social learning 

behavior of swarms, updating candidate solutions (particles) based on personal and global bests. These approaches 

inherently support flexible evaluation frameworks—where fitness can combine classification accuracy, subset size, and 

other criteria. 

 

Hybrid strategies enhance EA effectiveness. For instance, filter criteria like χ² or information gain can guide 

initialization or introduce domain insight during search. Incorporating local search (as in memetic algorithms) or 

adaptive parameter control can improve convergence and avoid premature stagnation. PSO variants—including binary 

PSO, dynamic swarm size control, two-dimensional learning frameworks, and combinatorial encodings—further adapt 

to domain-specific needs. 
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Applications across intrusion detection, bioinformatics, medical diagnosis, and hyperspectral image analysis 

consistently show that EA-based methods achieve higher accuracy with fewer features than traditional approaches. Yet, 

EA methods require careful tuning, can demand significant computational resources, and sometimes struggle with 

scalability in very high-dimensional domains. This narrative provides a balanced backdrop—highlighting both the 

promise and the practical challenges of evolutionary feature selection leading up to 2020. 

 

II. LITERATURE REVIEW 

 

Prominence of PSO and GA 
A comprehensive survey of swarm intelligence-based feature selection methods revealed that PSO alone accounted for 

nearly 47% of cases, with the top four algorithms covering 79% of applications . This underscores the popularity and 

effectiveness of PSO in optimization scenarios across various datasets. 

 

Hybrid Evolutionary-Filter Methods 
Integrating filter methods into evolutionary frameworks has yielded notable improvements. For example, hybrid 

approaches that combine filter-based ranking with evolutionary search—such as IG-PSO, χ²-PSO, and IG-GA—

demonstrated superior performance compared to standalone metrics. Other techniques apply filters during search 

iterations or modify genetic operations (e.g., crossover, mutation) using ranked feature information . 

 

Advanced PSO Variants 
Adaptive PSO with leadership learning enhanced feature selection by promoting both exploration and diversity, often 

selecting less than 8% of original features while outperforming traditional methods. COMB-PSO targeted scalability in 

bioinformatics, effectively handling high-dimensional gene expression data to identify small yet robust gene sets . A 

two-dimensional learning PSO incorporated subset size as an additional learning dimension, offering improved 

performance and faster runtime compared to GA, ACO, and standard PSO . 

 

Performance on Real-World Problems 
In intrusion detection tasks, combining PCA with PSO reduced features from 38 to 8 and achieved a detection rate of 

99.4% with only 0.6% false alarms . These concrete gains illustrate the practical advantage of EA-based feature 

selection in real-world scenarios. 

 

Scalability Challenges 
Despite successes, the literature also highlights concerns around scalability. As dataset dimensionality increases (e.g., 

microarrays or bioinformatics data), standard EA methods face computational bottlenecks. Enhanced methods and 

hybridization offer mitigation but require further improvement 

 

III. RESEARCH METHODOLOGY 

 

This research synthesizes pre-2020 methods by exploring and comparing evolutionary algorithm (EA) approaches—

primarily Genetic Algorithms (GA) and Particle Swarm Optimization (PSO)—for feature selection in data mining. 

1. Survey of EA Techniques 
2. We reviewed foundational EA methods including GA and PSO, including hybrid and enhanced versions such as 

Tribe Competition-based GA (TCbGA)  and Tunable Swarm Size PSO (TPSO) . Multi-swarm and chaos-enhanced 

PSO variants were also examined . 

3. Application Contexts 
4. We collected use cases, such as GA-wrapped Naive Bayes for coronary artery disease diagnosis  and PSO 

application in intrusion detection, showing superior detection rate and false alarm reduction . 

5. Performance Metrics 
6. We analyzed performance across dimensions: classification accuracy, selected feature count, computational cost, 

and convergence speed—using benchmarks like GARS in bioinformatics , and PSO hybrid approaches in medical and 

high-dimensional contexts . 

7. Comparative Insights 
8. A comparative analysis highlighted how hybrid methods (e.g., GA + Elastic Net, TPSO’s tuning of swarm size) 

improved efficacy and efficiency in high-dimensional tasks . 

9. Synthesis 
10. The findings were synthesized into a coherent framework to identify best practices, trade-offs, and areas where EA-

based feature selection can excel or falter. 
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IV. KEY FINDINGS 

 

1. Effectiveness of Hybrid Approaches 
2. Methods like the two-layer GA + Elastic Net strategy showed robust selection capabilities, balancing accuracy and 

predictor reduction . 

3. Advanced Algorithm Variants Boost Performance 
4. The TCbGA improved search bias and subset quality via tribe-based population structuring . TPSO’s real-time 

swarm size tuning enhanced PSO efficacy . 

5. High Accuracy with Minimal Features 
6. PSO-based selection in intrusion detection achieved nearly 99.4% detection using just 8 features, outperforming 

PCA and GA variants . 

7. Scalability in High-Dimensional Spaces 
8. GARS provided a fast and accurate solution for metabolomic data, significantly outperforming conventional GA 

models in run-time and feature parsimony . 

9. Metaheuristic Flexibility and Hybrid Power 
10. Combining PSO with chaos theory, local search, or multi-objective frameworks improved convergence and solution 

robustness . 

11. Trade-offs Remain 
12. Despite high-quality results, EA methods require high computation and expert tuning; they struggle with very large-

scale datasets and can converge prematurely . 

 

V. WORKFLOW 

 

1. Data Preparation 
2. Standardize and preprocess datasets; optionally apply filter-based reductions before EA. 

3. Encoding Solutions 
4. Represent feature subsets as binary strings—each gene indicating feature inclusion. 

5. Population Initialization 
6. Randomly generate a diverse set of candidate subsets (GA) or initialize PSO particles. 

7. Fitness Evaluation 
8. Evaluate each subset using classifier cross-validated accuracy and optionally penalize subset size; e.g., TPSO uses 

an accuracy + F-score hybrid metric . 

9. Evolutionary Operators 
o GA: Apply selection, crossover, mutation for subset evolution. 

o PSO: Update particle velocities and positions influenced by personal and global bests. 

 

10. Enhancements 
o Apply TCbGA's tribe competition structure . 
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o TPSO dynamically adjusts swarm size . 

o Hybrid two-layer method adds post-GA Elastic Net refinement . 

o Incorporate hybrid PSO variants (chaos, local search, multi-objective) . 

 

11. Termination 
12. Continue until stopping criteria (max generations or convergence) are met. 

13. Selection and Evaluation 
14. Choose best-performing subset; evaluate final model performance on hold-out test data. 

15. Analysis & Visualization 
16. Plot performance vs generations and analyze feature subset stability and effectiveness. 

 

VI. ADVANTAGES & DISADVANTAGES 

 

Advantages 

 Robust global search capabilities avoid local optima. 

 Flexibility to adopt hybrid and domain-informed strategies. 

 Capable of drastically reducing feature sets while preserving accuracy. 

 Versatile across applications (bioinformatics, intrusion detection, medical diagnosis). 

 

Disadvantages 

 High computational resource requirements, especially with complex fitness evaluations. 

 Requires careful parameter tuning; results may vary across runs. 

 Scalability issues in extremely high-dimensional contexts. 

 Prone to premature convergence without enhancements. 

 

VII. RESULTS AND DISCUSSION 

 

EA-driven feature selection consistently outperformed traditional methods in experimental studies. GA + Elastic Net 

delivered compact yet accurate feature sets . TCbGA achieved better classification on benchmark datasets by reducing 

bias and optimizing exploration . TPSO delivered tuned performance enhancement via dynamic swarm configuration . 

PSO beats PCA and GA in intrusion detection, using only eight features while maintaining high accuracy . GARS stood 

out for its speed and low feature count in metabolomic analysis . Hybrid PSO variants demonstrated improved 

convergence and multi-objective handling. Nevertheless, tuning complexity, runtime, and variability remain challenges, 

especially with larger datasets. 

 

VIII. CONCLUSION 

 

Pre-2020 scholarship shows evolutionary algorithms—aided by GA, PSO, and later hybrids—are potent tools for 

feature selection in data mining. Methods like TCbGA, TPSO, and GA+Elastic Net deliver high accuracy with fewer 

features, suitable for challenging domains such as intrusion detection and bioinformatics. Hybrid and knowledge-

enhanced variants address convergence and performance issues, while application results validate their utility across 

diverse datasets. 

 

Yet, practical adoption must account for computational demands, difficult parameterization, and stochastic variability. 

Overall, EAs offer a compelling path for feature selection when optimization and model simplicity matter—and 

computational resources allow. 

 

IX. FUTURE WORK 

 

1. Surrogate Fitness Models to reduce computational load. 

2. Parallel & GPU Implementation to scale EA operations effectively. 

3. Adaptive Parameter Tuning to make EAs more robust across datasets. 

4. Deep Learning Integration to aid feature selection for complex representations. 

5. Explainability Tools to interpret EA-selected feature importance. 

6. Multi-objective Optimization balancing accuracy, feature count, and runtime. 

7. Domain-guided Initialization using feature relationships, ontologies, or correlation data. 
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