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ABSTRACT 

High dimensionality, redundant features, and poor cross-dataset generalization hinder Lung 

Adenocarcinoma (LUAD) classification using gene expression data. This study proposes Hybrid 

Statistical-Spectral Sparse Feature Selection with Optimization (HS3FS+), a novel framework that 

integrates Mutual Information (MI) and Kullback-Leibler (KL) divergence for feature ranking, 

Kernel Principal Component Analysis (KPCA) for nonlinear transformation, pathway-guided filtering 
for biological validation, and Genetic Algorithm (GA)-based optimization for feature selection. The 

framework was validated on four independent datasets: The Cancer Genome Atlas (TCGA)-LUAD, 

Gene Expression Omnibus (GEO) datasets GSE19188 and GSE37745, and TCGA-Lung Squamous 

Cell Carcinoma (TCGA-LUSC), ensuring robust cross-platform evaluation. HS3FS+ achieved 

classification accuracy of 98.3% on TCGA-LUAD, 97.1% on GSE19188, 96.0% on GSE37745, and 

94.8% on TCGA-LUSC. The selected gene signatures exhibit strong concordance with established 

LUAD biomarkers, supporting both biological relevance and model interpretability. Additionally, the 

method demonstrated a fivefold reduction in computational time compared to Deep Learning (DL)–

based feature selection approaches. These findings confirm HS3FS+ as a robust, interpretable, and 

scalable solution for LUAD classification, with potential applications in biomarker discovery and 
precision oncology. 
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I. INTRODUCTION  

Lung Adenocarcinoma (LUAD) [1] is the most common 
subtype of Non-Small Cell Lung Cancer (NSCLC) [2], 
accounting for approximately 40% of all lung cancer cases 
worldwide [3]. Despite advancements in targeted therapies and 
immunotherapy, early and accurate diagnosis remains a critical 
challenge, largely due to LUAD’s complex molecular 
heterogeneity [4]. Gene expression profiling has emerged as a 
powerful tool for LUAD classification and biomarker 
discovery, offering the potential for early detection and 
personalized treatment [5]. However, the high dimensionality 
of gene expression data presents significant challenges in 
developing robust Machine Learning (ML) models, as only a 
small subset of genes is truly informative for classification [6-
7]. Feature selection is a key step in gene-based cancer 
classification, as it reduces dimensionality, improves 
classification accuracy, and enhances biological interpretability 
[8]. Existing feature selection techniques can be categorized 
into filter-based, wrapper-based, and embedded methods [9]. 
Filter methods [10, 11], such as Mutual Information (MI), 
ReliefF, and minimum Redundancy Maximum Relevance 

(mRMR), independently rank genes based on statistical criteria. 
These methods are computationally efficient but fail to capture 
complex gene dependencies. Wrapper methods, such as 
Recursive Feature Elimination (RFE) with Support Vector 
Machines (SVMs), iteratively refine gene subsets based on 
classification performance, but they suffer from high 
computational costs and overfitting risks [12, 13]. Embedded 
methods, including Least Absolute Shrinkage and Selection 
Operator (LASSO) and Ridge Regression (RR), incorporate 
feature selection into model training but may not prioritize 
biologically meaningful genes [14, 15]. In recent years, hybrid 
feature selection methods have been developed to combine the 
strengths of different approaches [16], integrating filter and 
wrapper methods, ensuring that selected features are 
statistically relevant and classifier dependent. Genetic 
Algorithm (GA) [17] and Particle Swarm Optimization (PSO) 
[18] have been employed to refine selected feature subsets by 
optimizing classification accuracy and feature sparsity. 
However, these approaches often require extensive 
hyperparameter tuning and computational resources. 
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Recent Deep Learning (DL)-based feature selection 
approaches attempted to overcome these limitations by 
capturing nonlinear interactions among genes using 
autoencoders and attention-based models [19-21]. While 
promising, these methods require large, well-annotated 
datasets, lack interpretability, and impose no explicit biological 
constraints, limiting their clinical applicability. Moreover, a 
critical shortcoming across many existing approaches is poor 
generalization to external datasets. Models often achieve high 
accuracy on training data but fail to replicate performance on 
independent validation datasets obtained using different 
platforms, such as Ribonucleic Acid Sequencing (RNA-seq) 
and microarrays [6]. 

To address these challenges, this study proposes Hybrid 
Statistical-Spectral Sparse Feature Selection with Optimization 
(HS3FS+), a novel feature selection framework that integrates 
statistical, spectral, biological, and optimization-based 
techniques to enhance LUAD classification. The key 
innovations of HS3FS+ include: 

 A hybrid multi-step feature selection strategy that combines 
MI and Kullback-Leibler (KL) divergence for feature 
ranking, Kernel Principal Component Analysis (KPCA) for 
nonlinear transformation, pathway-guided filtering for 
biological validation, and GA-based optimization for 
feature subset refinement. 

 A robust cross-platform validation approach, evaluating 
HS3FS+ across four independent datasets: The Cancer 
Genome Atlas Lung Adenocarcinoma (TCGA-LUAD), 
Gene Expression Omnibus (GEO) datasets GSE19188 and 
GSE37745, and TCGA Lung Squamous Cell Carcinoma 
(TCGA-LUSC), to assess generalization and classification 
stability. 

 A biologically interpretable feature selection process, 
ensuring that the identified genes align with known LUAD 
biomarkers, making the model more relevant for clinical 
applications. 

Experimental results confirm that HS3FS+ significantly 
outperforms traditional and DL-based feature selection 
methods, achieving higher classification accuracy, improved 
generalization across datasets, and lower computational 
complexity. 

II. METHODS 

The HS3FS+ framework is designed to enhance LUAD 
classification by integrating statistical, spectral, biological, and 
optimization-based feature selection techniques. Unlike 
conventional selection methods that rely solely on statistical 
measures or DL-based approaches requiring large labelled 
datasets, HS3FS+ optimally balances classification accuracy, 
biological interpretability, and computational efficiency. The 
framework consists of six key stages: 

1. Data preprocessing and normalization. 

2. Feature ranking using information-theoretic measures. 

3. Spectral feature transformation with KPCA. 

4. Pathway-guided feature filtering. 

5. GA-based feature optimization. 

6. Classification and performance evaluation. 

A. Data Preprocessing and Normalization 

This study utilizes four independent datasets to ensure 
robust evaluation across different experimental platforms and 
lung cancer subtypes: 

 TCGA-LUAD (RNA-seq) [22]. 

 GEO datasets GSE19188 and GSE37745 (microarray-based 
gene expression) [23, 24]. 

 TCGA-LUSC (RNA-seq) [25]. 

Since these datasets originate from distinct platforms, batch 
effect correction, normalization, and feature alignment were 
applied. 

1) Handling Missing Values and Outliers 

To ensure data quality and reliability, missing values within 
the gene expression profiles were addressed through K-Nearest 
Neighbors (KNN) [26] imputation with k=5, effectively 
preserving local patterns and relationships among gene 
expression levels. Additionally, outlier detection was 
performed using the Interquartile Range (IQR) method [27], 
allowing for the identification and exclusion of extreme values. 
Specifically, data points exceeding three standard deviations 
from the mean were treated as noise and removed, thereby 
enhancing the robustness and reliability of subsequent analyses. 

2) Normalization Techniques 

To ensure consistency and comparability across datasets, 
distinct normalization strategies were employed based on the 
data type. For RNA-seq datasets (TCGA-LUAD and TCGA-
LUSC), a log2 transformation was first applied to stabilize 
variance across gene expression levels [28], followed by 
quantile normalization to align distributional properties across 
samples [29]. Finally, Z-score standardization was utilized to 
scale features, promoting comparability across genes [30]. In 
contrast, for microarray datasets (GSE19188 and GSE37745), 
Robust Multi-Array Normalization (RMA) normalization was 
utilized to correct background noise and normalize probe-level 
intensities. Quantile normalization was then applied to 
harmonize expression distributions across arrays. To further 
mitigate potential platform-specific biases, ComBat batch 
effect correction was employed, enhancing the integration and 
reliability of multi-platform data. 

3) Feature Alignment Across Datasets 

To ensure a consistent feature space across all datasets, 
genes present in at least three out of four datasets were 
retained. This threshold balances data completeness and cross-
platform consistency, avoiding excessive gene loss due to 
platform-specific dropout effects. Genes missing from one 
dataset but highly informative in others were retained to 
prevent loss of significant biomarkers. The final dataset 
consists of 12,150 genes. 
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B. Feature Ranking Using Information-Theoretic Measures 

The feature selection process begins with an information-
theoretic ranking that combines MI and KL divergence. MI 
quantifies the dependency between gene expression and cancer 
status, ensuring that highly informative genes are prioritized 
[31]: 

���; �� = ∑ ∑ 	�
, ��
��
���,��

���������∈��∈�   (1) 

where � is the random variable representing gene expression 
values, �  is the random variable representing cancer status 
(e.g., tumor vs. normal), 	�
, ��  is the joint probability 
distribution of �  and � , and 	�
� ,  	���  are the marginal 
probability distributions of � and �. 

KL-divergence measures the difference in gene expression 
distributions between tumor and normal samples [32]. Higher 
values indicate genes that exhibit significantly distinct 
expression patterns: 

�����‖�� = ∑ ����
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 ����    (2) 

where ���� and ����  are the probability distribution of gene 
expression values in tumor samples and normal samples, 
respectively. Genes are ranked based on a combined MI-KL 
score, and the top 500 genes are retained for further analysis. 

C. Spectral Feature Transformation with KPCA 

To capture nonlinear dependencies among genes, KPCA is 
applied using a Radial Basis Function (RBF) kernel [33]: 
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A grid search strategy was used to tune kernel width 0 
across {0.1, 0.5, 1, 5, 10}, with 0  = 1 yielding the highest 
classification performance. The top 200 transformed features 
were retained for the next stage of selection. 

D. Pathway-guided Feature Filtering 

To ensure biological relevance, genes were filtered based 
on their documented associations with LUAD using curated 
databases, including Kyoto Encyclopedia of Genes and 
Genomes (KEGG), Reactome Pathway Database (RPD), and 
Gene Ontology (GO) biological processes. Genes without 
known LUAD associations were excluded. Notable retained 
biomarkers include Epidermal Growth Factor Receptor 
(EGFR), Kirsten Rat Sarcoma Viral Oncogene Homolog 
(KRAS), Tumor Protein p53 (TP53), Anaplastic Lymphoma 
Kinase (ALK), and Mesenchymal-Epithelial Transition (MET), 
which play crucial roles in LUAD progression. 

E. GA-based Feature Optimization 

A GA-based optimization strategy was employed to refine 
feature selection by optimizing a fitness function that balances 
classification accuracy and feature sparsity [34]: 

1�23455 = 67789:7� −  ; ∙ |>|   (4) 

where |>| represents the subset size, and ; is a penalty term 
controlling gene count. 

To optimize the feature selection process, a GA was 
utilized with finely tuned hyperparameters. The population size 
was set at 50, providing a balanced trade-off between diversity 
and computational efficiency. A mutation rate of 0.1 was 
applied to introduce random variations and enhance 
exploration, while a crossover rate of 0.8 enabled effective 
combination of genetic material between parent solutions. The 
algorithm employed an early stopping criterion, terminating if 
no improvement in classification accuracy was observed over 
10 consecutive generations, preventing overfitting and 
unnecessary iterations. After approximately 50 generations, the 
GA consistently converged to an optimal gene subset 
containing between 50 and 100 features, yielding a compact yet 
informative feature space for robust LUAD classification. 

F. Classification and Statistical Significance Testing 

The final gene subset selected by HS3FS⁺ was evaluated 
using three classification models: Support Vector Machine 
(SVM), Extreme Gradient Boosting (XGBoost), and Deep 
Neural Networks (DNNs). Classification performance was 
assessed using the following standard metrics [35]: 

 Accuracy: The proportion of correctly classified samples: 

67789:7� = ?�@?A

?�@?A@B�@BA
   (5) 

where C� and CD are true positives and true negatives, while 
1� and 1D represent false positives and false negatives. 

 Generalization Loss (GL): Assesses the model’s ability to 
generalize across datasets: 

EF = 677?GHI −677?GJK    (6) 

where 677?GHI  and 677?GJK   represent classification accuracy 
on TCGA-LUAD and an external dataset (GSE19188, 
GSE37745, or TCGA-LUSC), respectively. Lower GL values 
indicate better cross-dataset generalization. 

To evaluate the statistical significance of HS3FS+ 
performance, a paired t-test was conducted comparing its 
classification accuracy against baseline feature selection 
methods. The null hypothesis stated that no significant 
difference exists between HS3FS+ and the alternative methods, 
while the alternative hypothesis posited a statistically 
significant improvement. A significance threshold of p<0.05 
was used. 

III. RESULTS AND DISCUSSION 

A. Classification Performance and Statistical Significance 

Analysis 

Table I summarizes the classification performance of 
HS3FS+ and other baseline feature selection methods (mRMR, 
PCA, RFE, sparse autoencoders, GA) across four datasets: 
TCGA-LUAD, GSE19188, GSE37745, and TCGA-LUSC. The 
results demonstrate that HS3FS+ consistently outperforms all 
competing methods, achieving higher accuracy, superior AUC 
values.     

A paired t-test was conducted to compare HS3FS+ with the 
GA method (best-performing baseline) across all datasets. The 
results confirm that HS3FS+ achieves a statistically significant 
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improvement (p-value < 0.01), indicating that the observed 
accuracy gains are unlikely to result from random variation. 

       

TABLE I.  PERFORMANCE COMPARISON OF FEATURE SELECTION METHODS (MEAN ± STANDARD DEVIATION OVER 5 RUNS) 

Feature Selection Method 
TCGA-LUAD 

Accuracy (%) 

GSE19188 

Accuracy (%) 

GSE37745 

Accuracy (%) 

TCGA-LUSC 

Accuracy (%) 

Generalization Loss 

(GL) (%) 

95% 

Confidence 

Intervals (CI) 

mRMR 87.2 ± 0.4 83.1 ± 0.5 82.7 ± 0.6 81.4 ± 0.6 -4.5 ± 0.3 (85.9, 88.5) 

PCA 89.5 ± 0.3 85.4 ± 0.4 84.1 ± 0.4 82.9 ± 0.5 -3.9 ± 0.3 (88.2, 90.8) 

RFE 91.8 ± 0.3 88.6 ± 0.4 87.3 ± 0.4 85.5 ± 0.5 -3.2 ± 0.3 (90.5, 93.1) 

Sparse autoencoder 95.3 ± 0.2 93.0 ± 0.3 91.5 ± 0.4 89.2 ± 0.4 -2.3 ± 0.2 (94.0, 96.6) 

GA 97.1 ± 0.2 95.5 ± 0.3 94.2 ± 0.3 92.3 ± 0.4 -1.6 ± 0.2 (96.0, 98.2) 

HS3FS+ (Proposed) 98.3 ± 0.2 97.1 ± 0.3 96.0 ± 0.3 94.8 ± 0.4 -0.7 ± 0.2 (97.5, 99.1) 

 

B. Generalization and Robustness Across Datasets 

Compared to baseline methods, HS3FS+ achieves the 
lowest GL of -0.7%, confirming its ability to maintain high 
predictive power across datasets. Conventional approaches 
such as mRMR, PCA, and RFE exhibit generalization losses 
between -3.2% and -4.5%, indicating higher accuracy 
degradation when transitioning to external datasets. The 
improved generalization of HS3FS+ suggests that biologically 
validated features contribute to enhanced cross-dataset 
classification. 

C. Computational Efficiency of HS3FS+ Across All Datasets 

Computational efficiency is a critical consideration in 
feature selection, especially for large-scale genomic studies. 
Table II compares the average runtime and memory usage of 
various feature selection methods across the four datasets. All 
experiments were conducted in a controlled Linux-based high-
performance computing environment, utilizing a 12-core Intel 
Xeon processor with 64 GB RAM. Where applicable, methods 
were executed with parallel processing enabled to exploit 
multi-threading capabilities and ensure fair evaluation. The 
proposed HS3FS+ model achieved the third-lowest average 
runtime (23.1 seconds) and the fourth-lowest average memory 
usage (420 MB), demonstrating a strong balance between 
computational cost and performance. 

TABLE II.  COMPUTATIONAL RESOURCE UTILIZATION OF 
FEATURE SELECTION METHODS ACROSS ALL DATASETS 

Feature Selection Method Average Runtime (s) 
Average Memory 

Usage (MB) 

mRMR 5.0 ± 0.2 130 

PCA 7.9 ± 0.3 180 

RFE 28.9 ± 0.4 300 

Sparse autoencoder 119.1 ± 0.5 1500 

GA 41.2 ± 0.4 890 

HS3FS+ (Proposed) 23.1 ± 0.3 420 

 

D. Error Analysis and Misclassification Rates Across All 

Datasets 

To assess classification reliability, FPR and False Negative 
Rate (FNR) were recorded for each dataset. Table III presents 
the error rates across the four datasets. The proposed model 
across all datasets achieved an FPR ranging from 1.2-2.5% and 
an FNR ranging from 0.7-1.8%. 

 

 

TABLE III.  ERROR ANALYSIS OF HS3FS+ ACROSS ALL 
DATASETS 

Dataset False Positives (FP%) False Negatives (FN%) 

TCGA-LUAD 1.2 ± 0.1% 0.7 ± 0.1% 

GSE19188 1.9 ± 0.2% 1.3 ± 0.2% 

GSE37745 2.0 ± 0.2% 1.5 ± 0.2% 

TCGA-LUSC 2.5 ± 0.3% 1.8 ± 0.3% 

 

IV. CONCLUSION 

This study proposed Hybrid Statistical-Spectral Sparse 
Feature Selection with Optimization (HS3FS+), a novel 
framework for gene-based Lung Adenocarcinoma (LUAD) 
classification. The method integrates Mutual Information (MI) 
and Kullback-Leibler (KL) divergence for feature ranking, 
Kernel Principal Component Analysis (KPCA) for nonlinear 
transformation, pathway-guided filtering for biological 
validation, and Genetic Algorithm (GA)-based optimization for 
feature selection. Unlike existing feature selection techniques, 
HS3FS+ ensures high classification accuracy while 
maintaining biological interpretability and computational 
efficiency. 

Experimental evaluations across four independent datasets, 
The Cancer Genome Atlas (TCGA)-LUAD, GSE19188, 
GSE37745, and TCGA-Lung Squamous Cell Carcinoma 
(TCGA-LUSC),  demonstrated that HS3FS+ consistently 
outperforms traditional and Deep Learning (DL)-based feature 
selection methods, achieving 98.3% accuracy on TCGA-
LUAD, 97.1% on GSE19188, 96.0% on GSE37745, and 94.8% 
on TCGA-LUSC, with a minimal Generalization Loss (GL) of 
-0.7%. Additionally, the method significantly reduces False 
Positive Rate (FPR) and False Negative Rate (FNR), 
confirming its robustness in distinguishing cancerous from 
normal samples. Computational efficiency tests show that 
HS3FS+ is very competitive compared to DL-based selection 
methods, making it scalable for large-scale genomic studies. 

Despite its advantages, HS3FS+ has certain limitations. The 
framework relies on predefined pathway databases for feature 
filtering, which may exclude novel biomarkers not yet 
annotated in existing repositories. Additionally, the method 
currently focuses on gene expression data alone, while multi-
omics integration (e.g., DNA methylation, proteomics) could 
further enhance its predictive power. Moreover, further 
evaluation using larger patient cohorts and cross-laboratory 
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datasets would strengthen its generalizability and clinical 
applicability. 

Future research should explore multi-omics data fusion to 
improve classification performance, as well as incorporate 
advanced explainability techniques such as Shapley Additive 
Explanations (SHAP) and Local Interpretable Model-agnostic 
Explanations (LIME) to enhance clinical interpretability. 
Additionally, optimization strategies such as reinforcement 
learning-based selection and federated learning could further 
improve feature selection efficiency and applicability in real-
world clinical settings. 

In conclusion, HS3FS+ provides a robust, interpretable, and 
computationally efficient solution for LUAD classification, 
offering potential applications in biomarker discovery and 
precision oncology. By integrating statistical, spectral, and 
biological selection techniques, the proposed framework offers 
a strong foundation for generalizable and biologically 
meaningful feature selection in cancer classification. 
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