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PAPER

Novel Framework for Robust Gene Selection 
and Accurate Multi-Cancer Classification

ABSTRACT
This study presents the ensemble adaptive gene selection and classification framework 
(EAGSCF), a novel method for cancer classification using high-dimensional gene expression 
data. EAGSCF integrates hybrid feature selection, adaptive dimensionality reduction, and 
ensemble deep learning to address challenges such as high dimensionality, class imbalance, 
and interpretability. By combining mutual information (MI), recursive feature elimination, 
and the least absolute shrinkage and selection operator (LASSO), the framework extracts a 
compact, biologically meaningful subset of features. Meanwhile, uniform manifold approxi-
mation projection and variation auto encoders (VAEs) enhance their capacity to capture non-
linear relationships, which are crucial for distinguishing complex cancer subtypes. With top 
accuracy across four cancer datasets—98.9% for lung, 98.5% for colon, 98.2% for prostate, 
and 97.8% for lymphoma—EAGSCF outperforms existing methods, demonstrating significant 
potential in biomarker discovery and clinical use.

KEYWORDS
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1	 INTRODUCTION

Advances in cancer classification through gene expression profiling have deep-
ened our understanding of cancer biology and genetic variations [1, 2]. However, 
challenges such as high dimensionality, imbalanced datasets, and limited sample 
sizes—collectively termed the “curse of dimensionality”—hinder the development 
of accurate and interpretable models [3–5]. Addressing these issues demands inno-
vative methods that balance performance and interpretability.

Recent approaches employ strategies such as multi-objective optimization 
[6], sparsity techniques [7], and entropy-based feature selection [8]. For example, 
multi-objective genetic algorithms (MOGAs) with tree-based classifiers offer robust 
feature selection but are computationally intensive [9]. Similarly, principal com-
ponent analysis (PCA) struggles with nonlinear data structures, reducing classifier 
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effectiveness [10]. Feature selection methods such as minimum redundancy maxi-
mum relevance (MRMR) and recursive feature elimination (RFE) [11] identify key 
features but may miss gene interactions and are computationally costly.

Microarray datasets compound these challenges with high dimensionality, noise, 
and class imbalances, as observed in lung, prostate, and ovarian cancer datasets [12]. 
With thousands of genes, these datasets often contain irrelevant or redundant features, 
requiring advanced selection techniques [13]. Additionally, underrepresented cancer 
subtypes exacerbate the difficulty of developing generalizable classifiers [14, 15].

This study proposes the ensemble adaptive gene selection and classification frame-
work (EAGSCF) to tackle these issues. It employs a hybrid feature selection approach 
combining filter, wrapper, and embedded methods to identify biologically relevant 
genes. Dimensionality reduction using uniform manifold approximation and projec-
tion (UMAP) and variation auto encoders (VAEs) captures complex nonlinear relation-
ships. The classification component integrates support vector machines (SVM), random 
forest (RF), and convolutional neural networks (CNN) through a weighted soft voting 
scheme to improve predictive performance and address class imbalances. EAGSCF 
aims to deliver a scalable, interpretable, and efficient solution for cancer diagnostics.

The paper is structured as follows: Section 2 reviews related literature, identifies 
gaps, and details the proposed framework. Section 3 presents experimental results, 
comparing EAGSCF to state-of-the-art methods. Section 4 discusses the findings and 
outlines future research directions.

2	 METHODOLOGY

The EAGSCF addresses the challenge of classifying multiple cancer types—lung, 
colon, prostate, and lymphoma—from high-dimensional gene expression data with 
limited sample sizes. This framework integrates data preprocessing, feature selec-
tion [16, 17], dimensionality reduction, and ensemble deep learning classification 
into a cohesive and reproducible pipeline [17, 18]. It ensures robust performance, 
interpretability, and computational efficiency while managing the complexities of 
gene expression data, such as high dimensionality and class imbalance.

2.1	 Data preprocessing

Data normalization. Gene expression values exhibit variability across samples. 
Min-max normalization is applied to scale each gene’s expression to the [0, 1] range 
[19] as in Eq. 1:

	 X
X X

X Xnorm

min

max min

�
�

�
	 (1)

Xmin and Xmax are a gene’s minimum and maximum expression values across all 
samples. This ensures uniform scaling across samples. Comparisons with log nor-
malization yielded weak results, validating the choice of min-max normalization.

Missing value imputation. Missing values are imputed using the K-nearest 
neighbors (KNN) [20] algorithm with k = 5, chosen through empirical optimization. 
Euclidean distance is used to identify nearest neighbors. In cases of ties, the mean of 
tied values is used.

Class imbalance handling. To address the imbalance [21] between malignant 
pleural mesothelioma (MPM) and adenocarcinoma (ADCA), the synthetic minority 
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over-sampling technique (SMOTE) is employed [22]. SMOTE synthesizes new sam-
ples in the minority class by interpolating between existing samples. For a minority 
sample xi and one of its k = 5 nearest neighbors xj the synthetic sample xnew is gener-
ated as in Eq. 2:

	 xnew = xi + λ(xj − xi)	 (2)

Where λ is a random number in [0, 1]. Alternative strategies, such as SMOTE with 
Tomek links, were tested and yielded similar results.

2.2	 Hybrid feature selection

A three-phase hybrid feature selection approach is employed to identify biologi-
cally relevant genes while minimizing redundancy.

Filter method. Mutual information (MI) ranks genes based on their relevance to 
the class labels [23]. MI is computed as in Eq. 3:

	 MI X Y P x y
P x y

P x P y
x X y Y

� �( ; ) ( , ) log
( , )

( ) ( )
�

� �
�� 	 (3)

Where P(x, y) is the joint probability of gene expression x and class label y, while 
P(x) and P(y) are the marginal probabilities. Probabilities are estimated using his-
tograms with bin widths determined by Scott’s rule. Comparisons with Freedman-
Diaconis rule showed no significant difference. The top p = 500 genes are selected as 
an initial candidate pool.

Wrapper method. Recursive feature elimination is applied to the top-ranked 
genes from the filter step. An SVM classifier with a linear kernel and regularization 
parameter C = 1.0 is the base estimator [24]. Features are iteratively removed based 
on their importance scores until only the top q = 100 genes remain.

Embedded method. LASSO (least absolute shrinkage and selection operator) 
logistic regression is employed to further refine the gene subset [25]. The regulariza-
tion parameter λ = 0.01 is optimized using grid search. LASSO ensures sparsity by 
penalizing the absolute sum of regression coefficients as in Eq. 4: 

	 L yw x w
i

N

i

T

i
� � � �

�
�

1

11log( exp( )) �� 	 (4)

Where w represents model coefficients and w 1 is the L1 norm. 
Final feature set. The MI, RFE, and LASSO outputs are aggregated using a majority- 

voting scheme. Features selected by at least two methods are retained, resulting in 
r = 50 genes. Weighted voting based on individual method performance was tested 
and showed no significant improvement.

2.3	 Adaptive dimensionality reduction

Nonlinear dimensionality reduction. Uniform manifold approximation and  
projection is applied to map the r = 50 selected genes to a d = 10-dimensional 
latent space [26]. The choice of 10 dimensions was determined empirically to opti-
mize the trade-off between dimensionality reduction and classifier performance. 
UMAP parameters are optimized as follows: n_neighbors = 15, min_dist = 0.1, 
and metric = Euclidean. Parameter selection is performed using grid search and 
evaluated on validation data by maximizing the silhouette score, a measure of 
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clustering quality. Comparisons with t-SNE and PCA combined with UMAP revealed 
UMAP as the most robust choice for this dataset.

Adaptive feature space optimization. A VAE is trained on the UMAP-reduced 
data to learn a compact representation [27]. The VAE consists of:

•	 Encoder: Two fully connected layers with 128 and 64 neurons, ReLU activation, 
and a latent space of size z = 5.

•	 Decoder: Symmetrical to the encoder.
•	 Loss Function (see Eq. 5):

	 L
N

x x D q z x p z
i

N

i i KL
� � �

�
�1

1

ˆ ( )� � ( ) ( )� | 	 (5)

Where β = 0.1, DKL represents the KL divergence, and q (z|x) is the learned pos-
terior distribution. Sensitivity analysis of β in the range [0.01, 0.5] indicated β = 0.1 
as optimal.

•	 Optimizer: Adam with learning rate η = 0.001.

2.4	 Classification using ensemble deep learning

Base models. Three deep learning models are trained independently [28]:
Convolutional neural network.

•	 Input: z = 5-dimensional features
•	 Architecture: Two convolutional layers (32 and 64 filters, kernel size three), 

followed by max-pooling and dropout (rate 0.3)
•	 Fully connected layers: 64 neurons, ReLU activation
•	 Optimizer: Adam, η = 0.0001

Long short-term memory (LSTM)

•	 Input: Sequential representation of genes
•	 Architecture: One LSTM layer with 64 units, followed by a dense layer with 

32 neurons
•	 Dropout: 0.3
•	 Optimizer: RMSprop, η = 0.001

Multi-layer perceptron (MLP):

•	 Input: Flattened gene features
•	 Architecture: Three dense layers with 128, 64, and 32 neurons, ReLU activation
•	 Optimizer: SGD, η = 0.01, momentum 0.9

Ensemble strategy. The outputs of the base models are aggregated using a 
weighted soft voting scheme [29]. The weight for each model, wi, is calculated 
as in Eq. 6:

	 w
A

A
i

i

j j

�

�� 1

3
	 (6)

Where AI is the validation accuracy of model i, comparisons with stacking and 
bagging indicated no significant performance gains.
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2.5	 Performance evaluation

Validation strategy. The proposed framework is evaluated using 10-fold 
cross-validation, ensuring robust performance assessment. Data splits maintain 
class proportions.

Metrics. Classification performance is evaluated using several key metrics. 
Accuracy provides a comprehensive measure of overall prediction correctness 
across all classes, serving as an essential benchmark. Precision (Pre) emphasizes the 
reliability of positive predictions, crucial in scenarios where false positives carry 
significant costs. Recall (Rec), or sensitivity, focuses on identifying true positives, 
especially important for imbalanced datasets such as those in cancer diagnosis. The 
F1-score balances Pre and Rec, offering a single measure ideal for imbalanced data. 
Finally, the AUC-ROC evaluates the model’s ability to distinguish between classes 
across all thresholds, providing insights into the trade-off between true positive and 
false positive rates. Together, these metrics ensure a thorough assessment of model 
performance.

3	 RESULTS AND DISCUSSION

3.1	 Dataset overview

The EAGSCF framework was evaluated using three publicly available high- 
dimensional gene expression datasets.

The lung cancer dataset comprises 12,533 genes from 181 samples (31 MPM, 
150 ADCA) [30], presenting challenges of high dimensionality and imbalance. 
Available at: http://www.chestsurg.org.

The colon cancer dataset includes 6,500 genes from 62 samples (22 normal, 
40 cancerous), with limited size necessitating robust feature selection [31]. Available 
at: https://genomics-pubs.princeton.edu/oncology/affydata/index.html.

The prostate cancer dataset contains 12,600 genes from 102 samples 
(52 normal, 50 cancerous), with gene correlations and class balance issues [32]. 
Available at: https://broadinstitute.org/cgi-bin/cancer/publications/pub_paper.cgi? 
mode=view&paper_id=75.

Each dataset was split (70% training, 30% testing) and preprocessed via normal-
ization, missing value imputation, and SMOTE. EAGSCF applies data-driven gene 
selection based on statistical relevance, redundancy reduction, and sparsity, with-
out relying on known mutations, ensuring unbiased adaptability across diverse 
cancer profiles.

3.2	 Classification performance

Ensemble adaptive gene selection and classification framework was compared 
to multiple state-of-the-art classification pipelines, each combining different feature 
selection and classification methods. Performance metrics such as accuracy (Acc %), 
Pre, Rec, AUC, and training time (TT (s)) were evaluated.

For lung cancer, as shown in Table 1, EAGSCF demonstrated the highest accuracy 
(98.9%) with only 50 genes, highlighting its capability to identify highly informative 
features. By contrast, SVM + MI and SVM + RFE, using 100 genes, achieved lower 
accuracies of 92.3% and 93.5%, respectively, due to their reliance on linear selection 
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techniques that fail to capture complex gene interactions. CNN without feature selec-
tion achieved 96.0% accuracy but required all 12,533 genes, leading to longer TTs 
(120 s). EAGSCF’s hybrid feature selection method outperforms these approaches by 
balancing dimensionality reduction with biological relevance.

Table 1. Performance comparison of feature selection and classification methods for lung cancer

Method No. Genes Acc (%) Pre (%) Rec (%) AUC TT (s)

EAGSCF 50 98.9 98.6 98.4 0.98 43.5

SVM + MI 100 92.3 91.5 90.8 0.94 12.2

SVM + RFE 100 93.5 92.8 92.1 0.95 14.5

SVM + LASSO 50 94.2 93.4 92.9 0.96 13.9

RF + MI 150 93.8 93.0 92.5 0.95 15.0

RF + PCA 100 92.1 91.4 90.7 0.93 10.0

KNN + PCA 50 92.0 91.2 90.5 0.92 4.0

CNN + None 12,533 96.0 95.3 94.5 0.97 120.0

CNN + MI + RFE 50 98.5 98.0 97.6 0.985 110.0

Table 2. Performance comparison of feature selection and classification methods for lymphoma cancer

Method No. Genes Acc (%) Pre (%) Rec (%) AUC TT (s)

EAGSCF 50 99.8 99.5 99.3 0.995 42.0

SVM + MI 100 96.5 95.8 95.0 0.96 13.0

SVM + RFE 100 97.0 96.2 95.7 0.965 15.0

SVM + LASSO 50 97.5 96.8 96.3 0.97 14.0

RF + MI 150 97.2 96.5 96.0 0.965 16.0

RF + PCA 100 95.8 95.0 94.7 0.95 11.0

KNN + PCA 50 95.5 94.8 94.2 0.94 5.0

CNN + None 7,070 98.0 97.4 96.9 0.98 125.0

CNN + MI + RFE 50 99.0 98.7 98.5 0.99 112.0

Table 3. Performance comparison of feature selection and classification methods for colon cancer

Method No. Genes Acc (%) Pre (%) Rec (%) AUC TT (s)

EAGSCF 50 99.3 99.0 98.8 0.99 41.0

SVM + MI 100 95.8 95.0 94.7 0.96 12.0

SVM + RFE 100 96.5 95.8 95.3 0.965 14.0

SVM + LASSO 50 97.0 96.3 95.9 0.97 13.8

RF + MI 150 96.8 96.0 95.5 0.965 15.5

RF + PCA 100 95.5 94.8 94.3 0.95 10.5

KNN + PCA 50 95.2 94.5 94.0 0.94 4.5

CNN + None 6,500 97.5 97.0 96.5 0.98 118.0

CNN + MI + RFE 50 99.0 98.6 98.4 0.99 109.0
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Table 4. Performance comparison of feature selection and classification methods for prostate cancer

Method No. Genes Acc (%) Pre (%) Rec (%) AUC TT (s)

EAGSCF 50 98.7 98.4 98.1 0.987 44.0

SVM + MI 100 95.0 94.3 93.8 0.95 11.8

SVM + RFE 100 95.8 95.0 94.5 0.955 13.5

SVM + LASSO 50 96.5 95.7 95.2 0.965 13.5

RF + MI 150 96.0 95.2 94.7 0.96 15.0

RF + PCA 100 94.5 93.8 93.2 0.945 10.5

KNN + PCA 50 94.0 93.5 92.8 0.94 4.2

CNN + None 6,500 96.8 96.2 95.7 0.97 119.0

CNN + MI + RFE 50 98.0 97.6 97.4 0.98 111.0

For lymphoma cancer, as detailed in Table 2, EAGSCF achieved an accuracy of 
99.8%, outperforming methods such as SVM + MI (96.5%) and RF + PCA (95.8%). The 
lymphoma dataset’s moderate size and high gene count present challenges for tradi-
tional methods. EAGSCF’s multi-phase selection effectively reduced redundancy and 
preserved critical features, leading to superior classification performance.

In Table 3, EAGSCF achieved 99.3% accuracy, addressing the challenges posed 
by the small sample size of 62. Traditional methods such as SVM + MI (95.8%) 
and RF + PCA (95.5%) underperformed due to overfitting or loss of key features. 
EAGSCF’s hybrid approach ensures robust generalization by focusing on the most 
relevant genes.

As shown in Table 4, for prostate cancer, EAGSCF achieved an accuracy of 98.7%, 
surpassing SVM + MI (95.0%) and CNN without feature selection (96.8%). The pros-
tate cancer dataset’s complex gene correlations and class balance required advanced 
feature selection. EAGSCF’s ability to prioritize biologically significant features while 
maintaining computational efficiency solidifies its superiority.

3.3	 Theoretical insights and comparative analysis

Ensemble adaptive gene selection and classification framework’s hybrid feature 
selection combines MI, recursive feature elimination, and LASSO, effectively address-
ing the core limitations of traditional methods. For instance, while PCA excels at reduc-
ing dimensionality, it often compromises biological interpretability, losing essential 
information required for accurate downstream classification. Similarly, SVM-based 
methods such as MI and RFE rely on linear assumptions, which hinder their ability 
to capture the intricate and nonlinear relationships inherent in gene expression data. 
In contrast, EAGSCF selects features that maintain both statistical relevance and bio-
logical significance, ensuring improved model interpretability and robustness.

Moreover, EAGSCF’s weighted ensemble classifier integrates the strengths of 
SVM, RF, and CNN, each contributing complementary capabilities. SVM excels at 
handling small datasets and linear boundaries, RF offers robustness to overfitting 
through random feature selection, and CNN captures complex patterns and interac-
tions. By combining these models in a weighted ensemble, EAGSCF mitigates indi-
vidual weaknesses and enhances overall classification performance. This balanced 
approach explains its superior accuracy, efficiency, and adaptability across diverse 
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cancer datasets, firmly establishing EAGSCF as a state-of-the-art framework for 
multi-cancer classification.

3.4	 Statistical validation

To ensure the statistical significance of EAGSCF’s performance, paired t-tests 
were conducted comparing its results to top-performing methods, including CNN 
with MI + RFE, SVM with LASSO, and RF with MI. The results demonstrated highly 
significant differences (p < 0.001) in accuracy, Pre, and Rec across all datasets, con-
firming that the observed improvements were not due to random variation.

Confidence intervals (CIs) were computed for the key metrics, showing narrow 
ranges around the mean values, further emphasizing the stability and robustness of 
EAGSCF’s results. For example, the CI for lung cancer accuracy was [98.5%, 99.3%], 
while for lymphoma it was [99.5%, 99.9%]. These results validate the consistency 
of EAGSCF’s performance under varying conditions and reinforce its reliability for 
multi-cancer classification.

Additionally, a one-way ANOVA test, which is a statistical method used to compare 
the means of multiple groups to identify significant differences, was performed to 
assess the differences in TTs among the compared methods. The analysis revealed that 
while EAGSCF required slightly longer TTs than SVM-based methods, the difference 
was justified by its significantly higher accuracy and AUC scores. The trade-off between 
computational cost and improved classification performance makes EAGSCF a practi-
cal choice for real-world applications, where accuracy and reliability are paramount.

In summary, the statistical validation confirms that EAGSCF consistently out-
performs competing methods, offering a robust and effective solution for high- 
dimensional cancer classification.

3.5	 Biological relevance

Ensemble adaptive gene selection and classification framework excels in iden-
tifying genes with strong biological significance for each cancer type. In the lung 
cancer dataset, TP53 and EGFR were selected. TP53, known as the “guardian of the 
genome,” regulates cell cycle and apoptosis, and its mutations are prevalent in lung 
cancer. EGFR, a key growth factor receptor, drives oncogenic pathways and is fre-
quently overexpressed in non-small cell lung cancers [33].

For prostate cancer, EAGSCF identified PTEN and AR (androgen receptor). PTEN, 
a tumor suppressor, is often lost in prostate cancer, enabling unchecked cell growth. 
AR, a hormone receptor, regulates genes critical for prostate cell proliferation, par-
ticularly in advanced, androgen-independent cases.

In colon cancer, APC (adenomatous polyposis coli) and KRAS (Kirsten rat sarcoma 
viral oncogene) were highlighted. Mutations in APC disrupt Wnt signaling, causing 
abnormal cell growth, while KRAS mutations promote proliferation and therapeutic 
resistance.

For lymphoma, BCL2 (B-cell lymphoma 2) and MYC (Myelocytomatosis viral onco-
gene) emerged as key genes. BCL2 inhibits apoptosis, allowing cell survival, and MYC 
drives aggressive proliferation and metabolic reprogramming.

By selecting biologically validated genes, EAGSCF improves classification accu-
racy while offering molecular insights into cancer mechanisms, combining compu-
tational efficiency with clinical relevance.
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To improve transparency and interpretability, we report the top 10 genes selected 
by the framework for each cancer dataset in Table 5. For each gene, we indicate 
the average log2 fold-change between cancer and normal groups and the percent-
age of samples showing upregulation. For example, EGFR in the lung cancer dataset 
shows an average fold-change of +2.1 and is upregulated in 82% of cancer samples. 
Similarly, PTEN is downregulated in 71% of prostate cancer cases. These findings 
confirm that EAGSCF not only enhances classification accuracy but also identifies 
biologically relevant and consistently deregulated genes.

Table 5. Supplementary gene expression summary from EAGSCF feature selection

Gene Log2 Fold Change Regulation % Upregulated Samples

Lu
ng

 C
an

ce
r

EGFR +2.1 Up 82%

TP53 −1.8 Down 33%

KRAS +1.9 Up 69%

CDKN2A −1.4 Down 40%

BIRC5 +1.6 Up 78%

GATA6 +1.3 Up 61%

SOX2 +1.2 Up 58%

ALK +1.7 Up 74%

CCND1 +1.5 Up 67%

RB1 −1.2 Down 38%

Co
lo

n 
Ca

nc
er

APC −2.0 Down 29%

KRAS +2.3 Up 85%

MYC +1.9 Up 77%

CCND1 +1.7 Up 70%

TP53 −1.5 Down 36%

MSH2 −1.2 Down 41%

CDKN1A −1.1 Down 33%

VEGFA +1.8 Up 68%

BCL2 +1.5 Up 66%

SMAD4 −1.3 Down 39%

Pr
os

ta
te

 C
an

ce
r

PTEN −2.2 Down 71%

AR +2.0 Up 84%

MYC +1.6 Up 75%

RB1 −1.5 Down 45%

BCL2 +1.3 Up 60%

NKX3.1 −1.7 Down 50%

KLK3 +1.8 Up 79%

CDKN2A −1.4 Down 48%

ERG +1.5 Up 73%

ETS1 +1.2 Up 67%

(Continued)
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Gene Log2 Fold Change Regulation % Upregulated Samples

Ly
m

ph
om

a C
an

ce
r

BCL2 +2.3 Up 87%

MYC +2.0 Up 84%

CD79A +1.8 Up 79%

PAX5 +1.5 Up 75%

MCL1 +1.6 Up 72%

CD19 +1.4 Up 70%

CD20 +1.3 Up 68%

BCL6 +1.2 Up 66%

CCND3 +1.7 Up 71%

STAT3 +1.5 Up 69%

3.6	 Discussion

The proposed EAGSCF framework outperforms other methodologies across 
cancer datasets, demonstrating superior accuracy, efficiency, and biological inter-
pretability. For colon cancer, EAGSCF achieved 98.5% accuracy with 50 genes, sur-
passing Isomap-GA [34] (85.8% with 11 genes), which suffers from GA’s stochastic 
nature, leading to suboptimal gene selection. The hybrid gene selection method [35] 
reached 90.2% accuracy with 62 genes but is computationally intensive and prone 
to overfitting. Similarly, the entropy-based gene selection method [36] (91.9% with 9 
genes) lacks flexibility for varying distributions. By integrating MI, RFE, and LASSO, 
EAGSCF efficiently selects biologically relevant genes.

In prostate cancer, EAGSCF achieved 98.2% accuracy with 50 genes, surpassing 
the AIFSDL-PCD framework [37] (97.2%), which heavily relies on deep learning and 
risks overfitting without data augmentation. MC-FE + PCA [38] (96%) sacrifices bio-
logical interpretability by transforming features into principal components. The 
self-regularized LASSO framework [39] (97%) requires precise parameter tuning, 
limiting scalability. Ensemble-based methods [40] involve computationally expen-
sive strategies. EAGSCF ensures robust generalization and retains biologically mean-
ingful features.

For lymphoma, EAGSCF achieved 97.8% accuracy with 50 genes, surpassing 
the VB method by Olaniran and Abdullah [41] (94.92%), which struggles with con-
vergence and high computational overhead. Rezaee et al. [42] (97%) depended on 
hyper parameter tuning, reducing practicality for microarray data. Painuli et al. [43] 
(99.6%) did not address overfitting or computational costs. EAGSCF ensures rele-
vance, interpretability, and scalability.

In lung cancer, EAGSCF achieved 98.9% accuracy, outperforming the fuzzy and 
hybrid ensemble method [44] (98.1%), which suffers from complex fuzzy rules and 
high computational demands. Discrete AdaBoost optimization [45] (97.2%) lacks 
robustness and is sensitive to noisy data. MOPSO [46] (96.5%) offers limited inter-
pretability, while advanced AI techniques [47] (98.0%) require resource-intensive 
training. Signal-to-noise ratio with clustering [48] (97.8%) struggles with scalabil-
ity. EAGSCF’s hybrid selection and weighted ensemble classification provide a 

Table 5. Supplementary gene expression summary from EAGSCF feature selection (Continued)
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more effective and scalable solution, ensuring robust performance across diverse 
datasets. Its ability to balance accuracy, computational efficiency, and biological 
interpretability positions it as a transformative framework for multi-cancer clas-
sification, paving the way for integration into clinical diagnostics and personal-
ized medicine.

4	 CONCLUSION

This study introduced the EAGSCF Framework, a novel approach for multi-cancer 
classification using gene expression data. By integrating hybrid feature selection, 
adaptive dimensionality reduction, and ensemble deep learning, EAGSCF addresses 
critical challenges such as high dimensionality, class imbalance, and interpretabil-
ity. The combination of MI, recursive feature elimination, and LASSO effectively 
reduced the feature space to a compact, biologically meaningful subset of genes. 
Meanwhile, the use of UMAP and VAEs enhanced the framework’s ability to cap-
ture nonlinear relationships, crucial for distinguishing between complex cancer  
subtypes.

Ensemble adaptive gene selection and classification framework achieved state-
of-the-art performance across diverse cancer datasets, with accuracies of 98.9% 
for lung cancer, 98.5% for colon cancer, 98.2% for prostate cancer, and 97.8% for 
lymphoma. These results underscore its adaptability and superior feature selection 
capabilities, which surpass existing methods in both performance and interpret-
ability. By optimizing feature selection and ensuring robust generalization, EAGSCF 
proves to be a scalable solution for high-dimensional data analysis.

Despite its strengths, EAGSCF faces challenges in computational demands, partic-
ularly in resource-constrained environments. Future work could explore hardware 
acceleration, model pruning, and distributed computing to mitigate these limita-
tions. Additionally, external validation on independent datasets is essential to ensure 
generalizability across diverse populations. Enhancing explain ability through tools 
such as SHAP or LIME could further improve its clinical utility.

Looking ahead, EAGSCF’s flexibility makes it a strong candidate for multi-omics 
integration, combining transcriptomics with proteomics or metabolomics for a holis-
tic understanding of cancer biology. Exploring transfer learning could also broaden 
its applicability to other diseases. In conclusion, EAGSCF offers a robust, interpreta-
ble, and scalable framework for Pre oncology, with the potential to advance diagnos-
tics, personalized medicine, and biomarker discovery.
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