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 Lung adenocarcinoma, a leading cause of cancer-related mortality, 

underscores the need for reliable diagnostic tools. This study proposes a 

robust multi-stage feature selection and classification framework for 

biomarker discovery, using the cancer genome atlas lung adenocarcinoma 

(TCGA-LUAD) as the primary dataset and GSE19188 for independent 

validation. The framework combines differential expression analysis 

(Wilcoxon rank-sum test), joint mutual information maximization (JMIM), 

and sparse autoencoder-based refinement to identify a compact and 

predictive set of five genes. These genes are involved in key lung cancer 

pathways, including epidermal growth factor receptor (EGFR) signaling, cell 

cycle regulation, and immune response, and include biomarkers such as 

surfactant protein A2 (SFTPA2), napsin an aspartic peptidase (NAPSA), and 

T-box transcription factor 4 (TBX4). The hybrid deep learning classifier 

achieved high accuracy (98.4%) and area under the receiver operating 

characteristic curve (AUC-ROC) (0.996) on TCGA-LUAD, with strong 

generalization on GSE19188 (accuracy: 96.7%, AUC-ROC: 0.993%). 

Overall, the framework offers an interpretable and effective solution for 

LUAD classification and biomarker identification. 
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1. INTRODUCTION 

Cancer remains a leading global cause of death, with lung cancer being the most prevalent and fatal 

subtype. Prognosis is often poor due to late diagnosis and tumor heterogeneity, underscoring the need for early 

and accurate detection. Gene expression profiling is a powerful tool for identifying diagnostic and prognostic 

markers, yet its high dimensionality and inherent noise complicate classification tasks [1]–[3]. To mitigate 

these challenges, feature selection is a crucial preprocessing step that improves model interpretability, reduces 

computational cost, and enhances classification accuracy. Traditional methods filter, wrapper, and embedded 

have shown potential but often suffer from redundancy, overfitting, and scalability limitations in high-

throughput data contexts [4]–[6]. Recent machine learning advancements have led to hybrid and ensemble-

based feature selection techniques that improve robustness and accuracy. However, many still neglect 

biological pathway relevance and gene regulatory interactions, limiting their clinical applicability [7]–[10]. 

This study addresses these issues by leveraging gene expression data from the cancer genome atlas 

(TCGA), focusing on the lung adenocarcinoma (LUAD) dataset. TCGA provides large-scale molecular and 

clinical data, enabling biologically grounded and statistically rigorous biomarker discovery. Our proposed 

method combines advanced ensemble learning with feature engineering to identify a compact, interpretable 
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gene subset relevant to LUAD classification. Unlike traditional approaches, our framework prioritizes both 

predictive performance and biological insight, supporting personalized cancer diagnostics.  

The remainder of this paper is structured as follows. Section 2 reviews related work. Section 3 

presents our methodology. Section 4 details the experimental setup and results. Section 5 concludes with key 

contributions and future directions. 
 

 

2. RELATED WORK 

Feature selection is essential for analyzing high-dimensional gene expression data in cancer 

classification. Recent advances, such as the signal-to-noise ratio-optimized gene selection and clustering for 

cancer classification (SNR-OGSCC) method in [11] have improved accuracy by combining optimized gene 

selection with clustering, effectively reducing redundancy and enhancing computational efficiency. However, 

traditional methods filter, wrapper, embedded, and hybrid still face issues like redundancy, overfitting, limited 

biological relevance, and scalability, limiting their clinical utility [12], [13]. 

Filter methods like minimum redundancy maximum relevance (mRMR) are computationally efficient 

but overlook complex feature interactions [14]–[16], while wrapper approaches such as genetic algorithms 

offer high accuracy at the cost of increased computational demands and risk of overfitting [17]. Embedded 

techniques like support vector machine-recursive feature elimination (SVM-RFE) and retron library 

recombineering (RLR) integrate selection into training but often rely on linear assumptions [18]. Hybrid and 

ensemble methods, such as extreme gradient boosting (XGBoost) combined with genetic algorithms, strike a 

balance between accuracy and efficiency but face interpretability and complexity challenges [19]. 

In lung cancer studies, ensemble and embedded methods have achieved up to 97.99% accuracy in 

LUAD biomarker identification [20], yet many approaches emphasize prediction over biological interpretability. 

Techniques like SNR-OGSCC address this by minimizing redundancy and selecting minimal yet informative 

gene sets. Our proposed multi-stage framework builds on these efforts by integrating redundancy reduction, 

pathway-based biological validation, and attention-guided deep learning to enhance interpretability. Validated on 

independent datasets, the framework demonstrates strong robustness and scalability, offering a meaningful 

advance toward biologically grounded cancer classification for precision oncology. 
 
 

3. METHOD 

This section presents the multi-stage feature selection and classification framework for lung cancer 

gene expression analysis, utilizing the LUAD dataset from TCGA. The framework aims to identify a 

compact, biologically relevant subset of genes using statistical and deep learning techniques. This will be 

explained as follows. 
 

3.1.  Dataset description 

This study uses RNA sequencing (RNA-Seq) data from the TCGA-LUAD dataset, which includes 

gene expression profiles from 585 lung adenocarcinoma and 59 normal lung tissue samples. RNA-Seq 

provides high-resolution, genome-wide insights into gene regulation and cellular function, with the dataset 

covering around 20,500 genes and accompanied by rich clinical annotations. Leveraging this resource, we 

apply a multi-stage feature selection and classification framework to identify a compact, biologically 

meaningful gene subset predictive of LUAD. This approach supports biomarker discovery and offers a 

robust, generalizable method for improving lung cancer diagnosis and treatment. 
 

3.2.  Data preprocessing 

To ensure data quality and consistency, several preprocessing steps were applied. Gene expression 

values were log2-transformed using fragments per kilobase per million mapped fragments (FPKM+1) to 

stabilize variance and reduce heteroscedasticity across samples [21]. Batch effects from technical variations 

were corrected using the combatting batch effects (ComBat) algorithm, which applies an empirical Bayes 

approach to preserve biological signals while minimizing technical noise [22]. Genes with low expression 

(under the 10th percentile) were removed, and outliers identified via Mahalanobis distance exceeding the 95th 

percentile were excluded to reduce noise and improve robustness [23]. These steps produced a high-quality 

dataset suitable for reliable downstream analysis. 
 

3.3. Multi-stage feature selection framework 

To overcome the challenges of high dimensionality, noise, and redundancy in RNA-Seq data, we 

designed a multi-stage feature selection framework that combines statistical analysis, entropy-based ranking, 

and deep learning refinement. This approach ensures a robust, interpretable, and biologically relevant gene 

subset. This will be explained as follows. 
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3.3.1. Stage 1: statistical relevance and stability analysis 

In the first stage, differentially expressed genes between tumor and normal samples were identified 

using the Wilcoxon rank-sum test, a non-parametric method suitable for RNA-Seq data [24]. To control false 

positives, the Benjamini-Hochberg procedure was applied, retaining genes with a false discovery rate (FDR) 

under 0.05 [25]. To further improve robustness and reduce noise sensitivity, stability selection via bootstrap 

resampling was performed. Genes consistently identified as significant in at least 95% of 100 random subsets 

were retained, ensuring stability across sampling variations [26]. 
 

3.3.2. Stage 2: entropy-driven feature ranking 

In the second stage, genes from stage 1 were ranked using joint mutual information maximization 

(JMIM) [27], which evaluates each gene’s ability to reduce uncertainty about class labels while minimizing 

redundancy with previously selected features [28]. This ensures selection of features that are both relevant and 

complementary. The top 200 genes with the highest mutual information (MI) scores were retained for the next 

stage, a threshold chosen to balance dimensionality reduction with biological diversity and interpretability. 
 

3.3.3. Stage 3: sparse autoencoder for feature refinement 

The final stage employed a sparse autoencoder to refine the selected features further. As an 

unsupervised deep learning model, the autoencoder learns compressed representations by activating only a 

subset of neurons, thus focusing on the most informative features [29], [30]. The model included an input 

layer for the 200 genes, two hidden layers with 128 and 64 neurons, and an output layer mirroring the input. 

Rectified linear unit (ReLU) activation was used, with a sparsity constraint (β=0.05) to suppress noise. 

Training was performed using the Adam optimizer (learning rate=0.001) for 100 epochs. After training, 

encoder weights were analyzed, and the top 10 genes with the highest contributions to latent features were 

selected, yielding a compact and interpretable set for classification. 
 

3.4.  Framework integration and biological relevance 

The three-stage framework was designed to progressively refine the feature set while addressing key 

challenges in RNA-Seq data analysis. Stage 1 focuses on statistical significance and robustness, ensuring that 

the selected features are reproducible and biologically relevant. Stage 2 prioritizes predictive and 

complementary genes, reducing redundancy and focusing on those features that contribute the most to 

classification. Finally, stage 3 leverages deep learning to refine the feature set further, capturing non-linear 

patterns and relationships among genes. Together, these stages produce a compact, biologically meaningful 

feature set optimized for cancer classification. 
 

3.5.  Classification framework 

The selected features were used to train a hybrid deep learning classifier, combining a dense 

feedforward neural network with an attention mechanism. A dense feedforward neural network is a type of 

artificial neural network where data flows sequentially through layers, making it well-suited for supervised 

learning tasks [31]. The architecture consisted of three hidden layers with 128, 64, and 32 neurons, 

respectively, each employing ReLU activation functions to introduce non-linear transformations, enabling the 

model to capture complex patterns in the data [32]. Dropout layers with a rate of 0.5 were included after each 

hidden layer to reduce overfitting by randomly deactivating a fraction of neurons during training.  

To enhance the model’s interpretability and focus on the most critical features, attention mechanism 

was incorporated. The attention mechanism assigns weights to features (genes), allowing the model to 

prioritize those most influential for classification. These weights also provide insights into the biological 

importance of individual genes, linking computational predictions to potential biological relevance [33]. 

The model was trained using the Adam optimizer [34], a gradient-based optimization algorithm 

known for its adaptive learning rate, with a learning rate of 0.0005 and a batch size of 32. The loss function 

used was categorical cross-entropy, a standard metric for multi-class classification tasks, which minimizes 

the difference between predicted and actual class probabilities. Early stopping, based on validation loss, was 

employed to prevent overfitting by halting training once performance improvements plateaued. This 

framework was evaluated using 5-fold cross-validation, ensuring robust estimates of model performance by 

iteratively training and testing the classifier on different subsets of the data. 
 

3.6.  Pathway-enriched biological validation 

To validate the biological relevance of the selected genes, pathway enrichment analysis was 

performed using the Kyoto encyclopedia of genes and genomes (KEGG) and gene ontology (GO) databases. 

KEGG provides curated information on molecular pathways, while GO annotates genes across three domains: 

biological processes, cellular components, and molecular functions. These tools offer complementary insights 

into the roles of genes within the broader biological context of lung cancer [35], [36]. 
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The analysis was conducted using database for annotation, visualization, and integrated discovery 

(DAVID) and Enrichr, two widely used tools for functional annotation and enrichment analysis. These tools 

compare the selected gene set against reference gene sets to identify statistically overrepresented pathways. 

The enrichment analysis focused on pathways known to be involved in lung cancer progression, such as the 

epidermal growth factor receptor (EGFR) signaling pathway, cell cycle regulation, and immune response. 

These pathways play critical roles in tumor proliferation, therapy resistance, and the tumor microenvironment 

[37], [38]. This step ensures that the selected features are not only predictive but also biologically 

meaningful, bridging the gap between computational results and real-world biological implications. 
 

3.7.  Performance evaluation and cross-dataset validation 

The classifier’s performance was evaluated using key metrics: accuracy, precision, recall, F1-score, 

and area under the receiver operating characteristic curve (AUC-ROC). Accuracy reflects overall prediction 

correctness; precision measures the proportion of true positives among predicted positives; recall (sensitivity) 

assesses the ability to detect true positives; and the F1-score balances precision and recall. The AUC-ROC 

captures the trade-off between sensitivity and specificity across thresholds, offering a comprehensive 

measure of model performance [39]. 

A 5-fold cross-validation strategy was applied to ensure reliable and unbiased evaluation. The 

dataset was split into five parts, with each subset used once as the test set while the others served for training, 

and results were averaged to reduce sampling bias. To assess generalizability, cross-dataset validation was 

conducted using the GSE19188 dataset from the gene expression omnibus (GEO) repository, which includes 

microarray-based expression profiles of lung adenocarcinoma and normal samples. Preprocessing steps such 

as normalization, log transformation, and alignment to TCGA protocols ensured compatibility. This 

validation confirmed the framework’s robustness across different data platforms and experimental conditions. 
 
 

4. RESULTS AND DISCUSSION 

This section presents the findings of the multi-stage feature selection and classification framework 

applied to the TCGA-LUAD dataset and validated on the independent GSE19188 dataset. The results 

highlight the framework’s ability to select biologically meaningful features and achieve robust classification 

performance across diverse datasets. This will be explained as follows. 
 

4.1.  Dataset preprocessing 

The TCGA-LUAD dataset, comprising RNA-Seq profiles from 585 tumor and 59 normal lung tissue 

samples, underwent rigorous preprocessing. Gene expression values were log2(FPKM+1) transformed to 

stabilize variance, and batch effects were corrected using the ComBat algorithm to preserve biological 

signals. Genes with low expression (under the 10th percentile) were removed, resulting in a refined set of 

14,000 genes. Outliers, identified via Mahalanobis distance, were excluded, yielding a final dataset of  

570 tumor and 59 normal samples ensuring data quality for subsequent feature selection and classification. 
 

4.2.  Multi-stage feature selection results 

4.2.1. Stage 1: statistical relevance and stability analysis 

Differential expression analysis using the Wilcoxon rank-sum test identified 4,200 genes as 

significantly differentially expressed (FDR<0.05). To enhance robustness, stability selection using bootstrap 

resampling was performed, retaining 3,800 genes consistently identified as significant across 100 iterations. 

Variance filtering further reduced the feature set to 3,000 genes, focusing on those with the highest variability 

and biological relevance. 
 

4.2.2. Stage 2: entropy-driven feature ranking 

The 3,000 genes were ranked using JMIM, which evaluates the relationship between each gene and 

class labels while minimizing redundancy among features. The top 200 genes with the highest MI scores 

were selected for further refinement. This threshold was chosen to balance dimensionality reduction with the 

retention of sufficient biological diversity, ensuring robust downstream classification. 
 

4.2.3. Stage 3: sparse autoencoder for feature refinement 

A sparse autoencoder refined the feature set by analyzing gene contributions to latent 

representations. The autoencoder, comprising two hidden layers (128 and 64 neurons), was trained for  

100 epochs using the Adam optimizer (learning rate=0.001) with a sparsity constraint (β=0.05). The encoder 

weights were analyzed, and the 10 genes with the highest contributions were retained as the final feature set. 

This compact feature set ensures interpretability and biological relevance while maintaining strong 

classification performance. 
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4.3.  Classification performance 

The final 10 selected genes were used to train a hybrid deep learning classifier combining a dense 

feedforward neural network with an attention mechanism. Evaluated using 5-fold cross-validation on the 

TCGA-LUAD dataset, the model achieved excellent performance: 99.3% accuracy, 99.0% precision,  

99.5% recall, 99.2% F1-score, and an AUC-ROC of 0.998, demonstrating its ability to distinguish between 

tumor and normal samples with minimal misclassification. To evaluate generalizability, the model was tested 

on the independent GSE19188 dataset containing microarray profiles of 45 LUAD and 65 normal samples. 

Despite platform differences, the classifier retained high performance with 98.7% accuracy, 98.3% precision, 

99.0% recall, 98.6% F1-score, and an AUC-ROC of 0.995. 
 

4.4.  Discussion of results 

This study introduces a novel multi-stage feature selection framework combined with a hybrid deep 

learning classifier for LUAD classification using RNA-Seq data. By comparing our results to existing 

research, it is evident that the proposed framework addresses key limitations related to feature redundancy, 

biological interpretability, and classification robustness, demonstrating superior performance. For instance, 

Li et al. [40] achieved an AUC of 0.87, considerably lower than our model’s AUC of 0.998 on TCGA-LUAD 

and 0.995 on GSE19188. Their reliance on differential expression analysis without robust feature selection 

contributes to suboptimal performance, unlike our multi-stage approach that integrates statistical filtering, 

entropy-based ranking, and sparse autoencoder refinement for compact and informative gene selection. 

Similarly, Zheng et al. [41] reported AUC values ranging from 0.85 to 0.92 on TCGA-LUAD and 

from 0.83 to 0.90 on GSE19188. Although this study leveraged network-based methods for biomarker 

identification, it lacked advanced mechanisms to mitigate feature redundancy or improve biological 

interpretability. In contrast, our method incorporates stability selection and entropy-driven scoring, followed 

by attention-based deep learning to ensure both relevance and non-redundancy in the selected features. 

Sherafatian and Arjmand [42] employed interpretable decision tree classifiers but reported an AUC 

of only 0.91 and an accuracy of 87.9%. While decision trees offer transparency, they are often too simplistic 

to capture the complex, non-linear patterns within high-dimensional transcriptomic data. Our deep learning 

classifier with an attention mechanism overcomes these limitations, achieving 99.3% accuracy and 

highlighting the most biologically informative features. 

Rana et al. [43] achieved an AUC of 0.92 and approximately 94% accuracy by applying iterative 

feature selection. However, their reliance on linear redundancy reduction may fail to capture intricate gene 

interactions. By incorporating a sparse autoencoder in the final stage of our selection process, we 

successfully detect non-linear dependencies, further improving performance and robustness. 

Lastly, Wei et al. [44] reported an AUC of 0.9958 using logistic regression applied to multi-omics 

data. Although impressive, their model introduces significant complexity due to the integration of 

heterogeneous data types. In contrast, our single-omics RNA-Seq-based method achieves similar 

performance with reduced data burden. Moreover, while that study employs Shapley additive explanations 

(SHAP) for interpretability, our approach provides direct biological validation via pathway enrichment 

analysis, offering more interpretable and clinically meaningful insights into LUAD-relevant mechanisms 

such as EGFR signaling, immune response, and cell cycle dysregulation. 

In conclusion, by combining statistical filtering, entropy-based ranking, sparse autoencoding, and 

attention-driven classification, our framework addresses limitations seen across current LUAD studies.  

It delivers compact, predictive, and biologically interpretable gene subsets validated across datasets. These 

results demonstrate our method’s potential for use in translational research and precision oncology, enabling 

reliable biomarker discovery and personalized diagnostics. 
 

4.5.  Biological validation of selected features 

Pathway enrichment analysis confirmed the biological relevance of the 10 selected genes in lung 

adenocarcinoma, highlighting their involvement in key cancer-related pathways using KEGG and GO 

databases. Notably, the EGFR signaling pathway central to tumor proliferation, angiogenesis, and therapy 

resistance was significantly enriched, along with pathways related to cell cycle regulation and immune 

response, underscoring disruptions in cell division and tumor-immune interactions. The gene set included 

well-established biomarkers such as surfactant protein A2 (SFTPA2), a key player in lung function and 

diagnostics; napsin an aspartic peptidase (NAPSA), a protease used to distinguish lung adenocarcinoma from 

other cancers; and T-box transcription factor 4 (TBX4), involved in lung development and oncogenesis. 

In addition to these known markers, two novel genes Mucin 16 (MUC16) and targeting protein for 

xenopus kinesin-like protein 2 (TPX2) were identified. MUC16 is linked to immune evasion and epithelial-

mesenchymal transition (EMT), contributing to tumor progression and metastasis, while TPX2, associated 

with mitotic spindle formation, promotes uncontrolled cell proliferation. Their inclusion demonstrates the 

framework’s ability to detect both established and previously unrecognized biomarkers, offering new insights 
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for diagnostic and therapeutic strategies in lung adenocarcinoma and supporting advancements in 

personalized and translational oncology. 
 

4.6.  Discussion and limitations 

The findings validate the proposed multi-stage feature selection framework as a robust and 

interpretable tool for lung cancer classification. By incorporating statistical, entropy-driven, and deep 

learning methodologies, the framework effectively tackles key challenges inherent in high-dimensional 

RNA-Seq data, including issues such as noise, redundancy, and overfitting. The framework's strong 

performance on both the TCGA-LUAD and GSE19188 datasets underscores its potential applicability in 

real-world scenarios, particularly in biomarker discovery and cancer diagnostics. 

Despite these promising results, several limitations should be noted. First, while the final subset of 

10 genes is highly interpretable, it may overlook features associated with less common pathways or rare 

subtypes of lung adenocarcinoma. Second, platform variability between RNA-Seq and microarray datasets, 

though addressed in the analysis, could impact the generalizability of the findings across different 

technological platforms. Lastly, while pathway enrichment analysis supports the biological significance of 

the selected genes, additional experimental validation is needed to confirm their functional roles in lung 

adenocarcinoma progression. 

Nonetheless, this study represents a significant advancement in feature selection methods for cancer 

classification. The framework not only enhances the interpretability of selected biomarkers but also provides 

a foundation for future research to explore the clinical potential of these biomarkers. By bridging 

computational predictions with biological insights, this approach paves the way for advancements in 

precision oncology and the development of personalized diagnostic and therapeutic strategies. 
 

 

5. CONCLUSION 

In this study, we developed a robust and interpretable multi-stage feature selection and classification 

framework tailored to lung adenocarcinoma diagnosis using RNA-Seq gene expression data. By integrating 

statistical significance, entropy-driven ranking, and sparse autoencoder refinement, the framework 

successfully identified a compact subset of 10 biologically relevant genes, validated through pathway 

enrichment and high classification performance across TCGA and GEO datasets. The hybrid deep learning 

model incorporating attention mechanisms not only achieved state-of-the-art accuracy but also preserved 

biological insight by highlighting critical biomarkers such as SFTPA2, NAPSA, TBX4, MUC16, and TPX2. 

Cross-platform validation confirmed the method’s generalizability, while the inclusion of novel markers 

suggests promising avenues for translational cancer research. These findings underscore the framework's 

potential as a valuable tool in precision oncology, with future extensions potentially incorporating multi-

omics integration and network-based feature selection to further enhance its clinical utility. 
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