J R I TM Journal of Research and Innovation in Technology, Commerce and Management

INMOVATION IN TECHNOLOGY,
COMMERCE AND MANAGEMENT

: ﬁ JOURMAL OF RESEARCH AND

Machine
Classification

Learning-Based
Using High-Dimensional

Vol. 3 Issue 4, April 2026, pp. 34047-34061
ISSN: 3049-3129(Online)

Subtype
Gene

Cancer

Expression Data: A Comprehensive Analysis for
Precision Oncology Applications

Adarsh Ashok

Assistant Professor, Parul Institute of Computer Application , BCA Department,

Parul University, Vadodara, Gujarat.
Email:

Cite as : Adarsh Ashok. (2026). Machine Learning-Based Cancer Subtype Classification Using
High-Dimensional Gene Expression Data: A Comprehensive Analysis for Precision Oncology

Applications. Journal of Research and

Innovation in Technology, Commerce and

Management, Vol. 3(Issue 4), 34047-34061. https://doi.org/10.5281/zen0do.19510851

DOI: https://doi.org/10.5281/zen0do0.19510851

Abstract

Cancer subtype classification remains
a critical challenge in precision
oncology, with traditional
histopathological methods  often
inadequate for capturing molecular
heterogeneity. This study evaluates
machine learning approaches for
accurate cancer subtype classification
using high-dimensional gene
expression profiles. We implemented
and compared four machine learning
algorithms: Support Vector Machines
(SVM), Random Forest (RF), k-Nearest
Neighbors (k-NN), and deep neural
networks, using publicly available
datasets from The Cancer Genome
Atlas (TCGA) and Gene Expression
Omnibus (GEO). Dimensionality
reduction techniques including
Principal Component Analysis (PCA)
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and feature selection methods such as
Least  Absolute  Shrinkage and
Selection Operator (LASSO) were
employed to enhance  model
performance and interpretability.
Performance evaluation utilized 10
fold cross-validation with metrics
including accuracy, precision, recall,
Fl-score, and area under the ROC
curve (AUC-ROC).

Random Forest achieved the highest
classification accuracy of 94.7% (95%
Cl: 92.1-96.8%), followed by SVM at
93.2% (95% Cl: 90.4-95.6%). LASSO
feature selection identified 183
discriminative  genes, with  PCA
reducing dimensionality by 99.75%
while retaining 95% of variance. The
models successfully identified
biologically relevant gene signatures
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associated with cancer pathogenesis
and treatment response. These
findings demonstrate that machine
learning algorithms achieve superior
performance in cancer subtype

classification compared to
conventional approaches. The
integration of dimensionality
reduction and feature selection
techniques enhances both

computational efficiency and
biological interpretability, supporting
the clinical implementation of ML-
based diagnostic tools in precision
oncology.

Keywords: Machine learning, cancer
classification, gene expression
profiling, precision oncology,
bioinformatics, molecular diagnostics,
support vector machines, random
forest, deep learning

I. INTRODUCTION

Cancer represents a heterogeneous
collection of diseases characterized by
uncontrolled cellular proliferation,
genetic instability, and diverse
molecular alterations [1]. Accurate
cancer subtype classification s
fundamental to modern oncology
practice, directly influencing prognosis
assessment, treatment selection, and
patient  survival outcomes [2].
Traditional diagnostic approaches
relying primarily on histopathological
examination demonstrate significant
limitations in capturing the molecular
complexity and biological
heterogeneity inherent in malignant
tissues [3].

The emergence of high-throughput
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paradigms, enabling comprehensive
molecular  profiling  of  tumor
specimens [4]. Gene expression
profiling technologies, including DNA
microarrays and RNA sequencing
(RNA-Seq), facilitate simultaneous
quantification of thousands of gene
transcripts, revealing distinct
molecular signatures that characterize
specific cancer subtypes [5]. These
genomic signatures provide
unprecedented insights into tumor
biology and offer opportunities for
developing personalized therapeutic
strategies [6].

However, the high-dimensional nature
of gene expression data, typically
encompassing 20,000-50,000 features
with relatively small sample sizes,
presents substantial computational
and statistical challenges [7].
Traditional statistical methods often
prove inadequate for analyzing such
complex datasets, necessitating
advanced computational approaches
capable of handling high-dimensional
data effectively [8].

Machine learning (ML) methodologies
have emerged as powerful tools for
genomic data analysis, offering
sophisticated  pattern  recognition
capabilities and the ability to identify
complex relationships within large-
scale biological datasets [9]. Various
ML algorithms, including Support
Vector Machines (SVM), Random
Forest (RF), k-Nearest Neighbors (k-
NN), and deep learning architectures,
have demonstrated remarkable
success in cancer classification tasks
[10]. These approaches not only
achieve superior classification

genomic technologies has performance but also facilitate the
revolutionized cancer research identification of biologically relevant
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biomarkers and therapeutic targets
[11].

The integration of dimensionality
reduction techniques and feature
selection methods further enhances
model performance by addressing the
curse of dimensionality  while
improving interpretability [12].
Principal Component Analysis (PCA)
and regularization methods such as
LASSO enable effective dimensionality
reduction and feature selection,
identifying the most informative genes
for cancer subtype discrimination [13].

This comprehensive study aims to
evaluate and compare multiple
machine learning approaches for
cancer subtype classification using
high-dimensional gene expression
data, with the ultimate goal of
advancing precision oncology
applications and improving patient
care outcomes.

Il. RELATED WORK

A. Evolution of Cancer Classification
Methods

Traditional cancer classification has
historically relied on morphological
characteristics  observed  through
histopathological examination [14].
However, these approaches
demonstrate limited capability in
distinguishing  molecularly  distinct
subtypes that may exhibit similar
histological features but vastly
different clinical behaviors [15]. The
limitations of  morphology-based
classification have driven the
development of molecular-based
diagnostic approaches.
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B. Gene Expression Profiling in Cancer
Research

The pioneering work by Golub et al.
demonstrated the feasibility of using
gene expression profiles for cancer
classification, successfully
distinguishing between acute
lymphoblastic leukemia (ALL) and
acute myeloid leukemia (AML) [16].
Subsequently, Perou and colleagues
established molecular subtyping in
breast cancer, identifying intrinsic
subtypes including Luminal A, Luminal
B, HER2-enriched, and Basal-like
classifications  based on  gene
expression patterns [17]. These
seminal studies established the
foundation for molecular-based
cancer classification and highlighted
the clinical relevance of gene
expression profiling.

The development of comprehensive
genomic databases, particularly The
Cancer Genome Atlas (TCGA) and
Gene Expression Omnibus (GEO), has
provided standardized, high-quality
datasets that serve as benchmarks for
computational cancer research [18],
[19]. These resources have facilitated
large-scale studies and enabled the
development of robust classification
models.

C. Machine Learning Applications in
Cancer Genomics

1) Support Vector Machines

Support Vector Machines have been
extensively  utilized in cancer
classification due to their effectiveness
in handling high-dimensional data and
their  theoretical foundation in
statistical learning theory [20]. Furey
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et al. demonstrated the application of
SVMs for cancer classification using
gene expression data, achieving
superior performance compared to
traditional statistical methods [21].
The kernel trick employed in SVMs
enables the modeling of non-linear
relationships, making them
particularly suitable for complex
genomic datasets [22].

2) Ensemble Methods

Random Forest algorithms have
gained significant  popularity in
bioinformatics applications due to
their robustness, interpretability, and
ability to handle high-dimensional
data with relatively small sample sizes
[23]. Diaz-Uriarte and Alvarez de
Andres demonstrated the
effectiveness of Random Forest in
gene selection and cancer
classification, highlighting its superior
performance in cross-validation
studies [24]. The ensemble nature of
Random Forest provides built-in
feature importance measures,
facilitating biological interpretation of
results [25].

3) Deep Learning Approaches

Recent advances in deep learning have
introduced sophisticated neural
network architectures for cancer
classification tasks [26]. Chaudhary et
al. successfully applied deep learning
to liver cancer survival prediction
using multi-omics data, demonstrating
the potential of neural networks in
capturing complex, non-linear
relationships among genomic features
[27]. However, deep learning models
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while providing limited interpretability
compared to traditional ML
approaches [28].

D. Dimensionality Reduction and
Feature Selection

The high-dimensional nature of gene
expression data necessitates effective
dimensionality reduction and feature
selection strategies [29]. Principal
Component Analysis (PCA) has been
widely employed for linear
dimensionality reduction, enabling
visualization and noise reduction in
gene expression datasets [30].
Regularization methods, particularly
LASSO and Elastic Net, provide

automatic feature selection
capabilities while preventing
overfitting in high-dimensional

settings [31].
E. Current Challenges and Limitations

Despite significant progress, several
challenges persist in ML-based cancer
classification:

e Data Heterogeneity: Batch
effects, platform differences,
and experimental variations
can significantly impact model
performance and
generalizability [32].

e Overfitting: The high-
dimensional nature of genomic
data with relatively small
sample sizes increases the risk
of overfitting, particularly in
complex models [33].

e Interpretability: While deep
learning models often achieve
superior performance, their

often require larger datasets and black-box nature limits
substantial computational resources
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biological interpretability and
clinical adoption [34].

e Validation: Limited availability
of independent validation
cohorts and  standardized
evaluation protocols hinders
the translation of research

findings to clinical practice [35].

I1l. MATERIALS AND METHODS
A. Dataset Collection and
Preprocessing

1) Data Sources

This study utilized publicly available
gene expression datasets from two
primary repositories:

e The Cancer Genome Atlas
(TCGA): Pan-cancer  gene
expression data encompassing
multiple cancer types

e Gene Expression Omnibus
(GEO): Curated microarray and
RNA-seq datasets with
established cancer subtype
annotations

2) Data Selection Criteria

Datasets were selected based on the
following criteria:

e Minimum sample size of 100
specimens per cancer type

¢ Availability of validated
subtype annotations

e Complete gene expression
profiles with minimal missing
values (<5%)

e Standardized preprocessing
and normalization protocols
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3) Preprocessing Pipeline

Data preprocessing involved multiple
quality control steps:

¢ Quality Assessment:
Identification and removal of
low-quality samples based on

expression profile
characteristics
¢ Normalization: Log2

transformation and quantile
normalization for microarray
data; TPM (Transcripts Per
Million) normalization for RNA-

seq data
e Batch Effect Correction:
ComBat algorithm

implementation to remove
technical variations between
batches

o Feature Filtering: Removal of
genes with low variance
(bottom 10%) and high missing
value rates

B. Machine Learning Algorithms
1) Support Vector Machine (SVM)

SVMs were implemented with the
following specifications:

e Kernel: Radial Basis Function
(RBF) with automated gamma
parameter selection

e Cost parameter: Optimized
through grid search (C € {0.1, 1,
10, 100})

e Multi-class strategy: One-vs-
One approach for multi-class
classification

2) Random Forest (RF)

WWW.jritm.org JRITM




Journal of Research and Innovation in Technology, Commerce and Management

Random Forest parameters were
optimized as follows:

Number of trees: 500 (based
on convergence analysis)
Maximum depth: Square root
of total features

Minimum samples per leaf: 5
Bootstrap sampling: Enabled
with replacement

3) k-Nearest Neighbors (k-NN)

k-NN implementation included:

Distance metric: Euclidean
distance

k-value optimization: Cross-
validation fork € {3, 5, 7, 9, 11}
Weight function: Distance-
based weighting for
classification

4) Deep Neural Networks

Deep learning architecture comprised:

Input layer: Dimensionality
matching feature count

Hidden layers: Two hidden
layers with 256 and 128
neurons respectively
Activation function: RelLU for
hidden layers, softmax for
output

Regularization: Dropout (0.3)
and L2 regularization (A = 0.001)
Optimization: Adam optimizer
with learning rate 0.001

C. Dimensionality Reduction and
Feature Selection

1) Principal Component Analysis (PCA)

PCA implementation parameters:

34052 |Page

Vol. 3 Issue 4, April 2026, pp. 34047-34061
ISSN: 3049-3129(Online)

e Variance threshold: Retention
of components explaining 95%
of total variance

e Standardization: Z-score
normalization prior to PCA
application

e Component selection: Elbow
method and cumulative
variance analysis

2) LASSO Regularization
LASSO feature selection configuration:

e Cross-validation: 10-fold CV for
optimal A parameter selection

e Regularization path: 100 A
values in logarithmic scale

¢ Selection criterion: 1-standard-
error rule for optimal A
selection

3) Recursive Feature Elimination (RFE)
RFE implementation details:

e Base estimator: Linear SVM for
computational efficiency

e Step size: 10%  feature
reduction per iteration

e Cross-validation: 5-fold CV for
ranking validation

D. Model Training and Validation
1) Cross-Validation Strategy

e Primary validation: 10-fold
stratified cross-validation
ensuring balanced class
representation

¢ Nested validation: 5x2 nested
cross-validation for unbiased
performance estimation

WWW.jritm.org JRITM
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Independent validation: Hold-
out test sets (20% of data) for
final model evaluation

2) Hyperparameter Optimization

Grid Search: Exhaustive
parameter search within
predefined ranges

Random Search: Efficient
parameter exploration for
deep learning models

Bayesian Optimization:

Advanced optimization for
complex parameter spaces

3) Performance Metrics

Comprehensive

evaluation  using

multiple metrics:

Accuracy: Overall classification
correctness

Precision: True positive rate
per class

Recall: Sensitivity for
cancer subtype
Fl-score: Harmonic mean of
precision and recall

AUC-ROC: Area under receiver
operating characteristic curve
Matthews Correlation
Coefficient (MCC): Balanced
performance measure

each

E. Statistical Analysis

1) Significance Testing
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McNemar's Test: Pairwise
comparison of classifier
performance

Friedman Test: Non-

parametric comparison across
multiple algorithms
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Post-hoc Analysis: Nemenyi
test for multiple comparisons

2) Confidence Intervals

Bootstrap Resampling: 1000
bootstrap iterations for
confidence interval estimation
Significance Level: a = 0.05 for
all statistical tests

3) Effect Size Analysis

Cohen's d: Effect size
measurement for performance
differences

Clinical Significance:
Assessment of practical
importance beyond statistical
significance

IV. RESULTS

A. Dataset Characteristics

The final dataset comprised 3,247
samples across 5 major cancer types
with well-defined subtypes:

WWW.jritm.org

Breast Cancer: 1,087 samples
(Luminal A: 421, Luminal B: 298,
HER2+: 178, Triple-negative:
190)

Lung Adenocarcinoma: 734
samples (4 molecular subtypes)
Colorectal Cancer: 612
samples (CMS1-4 subtypes)
Glioblastoma: 487 samples (4
molecular subtypes)

Ovarian Cancer: 327 samples
(4 molecular subtypes)
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Initial gene expression matrices
contained 20,531 genes, which were
reduced through preprocessing to
15,847 informative features after
quality control filtering.

B. Dimensionality Reduction Results
1) Principal Component Analysis

reduced
preserving

PCA effectively
dimensionality  while
information content:

e Optimal Components: 127
principal components retained
95% of total variance

o Dimensionality Reduction:
99.2% reduction in feature
space (15,847 - 127 features)

e Cumulative Variance: First 50
components explained 85% of
variance

e Computational Efficiency: 847%

improvement in training time
2) LASSO Feature Selection

LASSO regularization identified key
discriminative genes:

o Selected Features: 183 genes
selected through cross-
validation

e Regularization Parameter: A =
0.0147 (optimal through 1-SE
rule)

e Feature Reduction: 98.8%
reduction in original feature
space

o Biological Relevance: 76% of
selected genes previously
associated with cancer in
literature

C. Classification Performance
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1) Overall Performance Comparison
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2) Statistical Significance

e Friedman Test: x> = 47.32, p <
0.001 (significant performance
differences)

e Post-hoc Analysis: Random

Forest significantly
outperformed all other
methods (p < 0.01)

o Effect Sizes: Large effect sizes
observed between Random
Forest and k-NN (Cohen's d =
2.84)

D. Cancer-Specific Performance
1) Breast Cancer Subtyping

Random Forest achieved exceptional
performance in breast cancer subtype
classification:

e Overall Accuracy: 96.8% (95%
Cl: 95.1-98.1%)

e Luminal A vs. Others:
Sensitivity = 97.4%, Specificity
=98.1%
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e Triple-negative Detection:
Sensitivity = 94.7%, Specificity
=98.9%

e HER2+ Classification:
Sensitivity = 93.8%, Specificity
=97.6%

2) Lung Adenocarcinoma Subtypes
e Overall Accuracy: 92.3% (95%

Cl: 89.7-94.6%)
e Most Discriminative: Invasive

mucinous adenocarcinoma
(98.2% accuracy)

e Challenging Subtypes:
Micropapillary VS. solid

patterns (87.4% accuracy)

E. Feature Importance and Biological
Interpretation

1) Top Discriminative Genes

LASSO feature selection identified key
genes with strong biological relevance:

Top 10 Most Important Genes:

1. ESR1 (Estrogen Receptor 1):
Critical for hormone receptor
status

2. ERBB2 (HER2): Primary target
for HER2+ breast cancer

3. MKI67 (Ki-67): Proliferation
marker across cancer types

4. GATA3: Luminal breast cancer
marker

5. EGFR: Growth factor receptor,
therapeutic target

6. TP53: Tumor  suppressor,
mutation status indicator

7. CDKN2A: Cell cycle regulator

Vol. 3 Issue 4, April 2026, pp. 34047-34061
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10. BRCA1: DNA repair, hereditary
cancer predisposition

2) Pathway Analysis

Gene Set Enrichment  Analysis
revealed significantly enriched
pathways:

e Cell Cycle Regulation: 23 genes

(p <0.001)

e Apoptosis Signaling: 18 genes
(p <0.001)

¢ Hormone Response: 15 genes
(p <0.001)

e DNA Repair Mechanisms: 12
genes (p = 0.003)

e Immune Response: 11 genes
(p =0.007)

F. Computational Performance
1) Training Time Analysis

e Random Forest: 124 + 2.1
minutes (full dataset)

e SVM: 28.7 £ 4.3 minutes (with
RBF kernel)

o Deep Neural Network: 45.2 +
7.8 minutes (500 epochs)

e k-NN: 2.1 + 0.3 minutes
(distance matrix computation)

2) Memory Requirements

e PCA-processed data: 67%
reduction in memory usage

e LASSO-selected features: 89%
reduction in memory
requirements

¢ Scalability: Linear scaling with
sample size for Random Forest

8. PIK3CA: PI3K pathway
activation G. Cross-Dataset Validation
9. PTEN: Tumor suppressor,
pathway regulation 1) Generalizability Assessment
34055 |Page WWW.jritm.org JRITM
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Models trained on TCGA data were
validated on independent GEO
datasets:

¢ Random Forest: 91.2%
accuracy on external validation

e SVM: 89.7% accuracy on
external validation

e Performance Drop: Average
3.5% decrease on external
datasets

¢ Robustness:
ranking across
platforms

Consistent
different

2) Batch Effect Impact

e Uncorrected Data: 15-20%
performance degradation
across batches

e ComBat Correction: Reduced
batch effect impact to <5%

¢ Cross-Platform Stability:
Maintained 90%+ accuracy
across platforms

V. DISCUSSION

A. Principal Findings

This comprehensive evaluation
demonstrates the superior
performance of machine learning
algorithms, particularly  Random
Forest, for cancer subtype

classification using high-dimensional
gene expression data. The achieved
classification accuracy of 94.7%
represents a substantial improvement
over traditional statistical methods
and approaches the performance
levels required for clinical
implementation.

The success of Random Forest can be
attributed to several key factors: (1) its
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ensemble nature provides robustness
against overfitting in high-dimensional
settings, (2) the built-in feature
importance measures facilitate
biological interpretation, and (3) the
algorithm naturally handles the curse
of dimensionality through random
feature subsampling at each split.

B. Biological Significance

The identification of 183
discriminative genes through LASSO
regularization provides  valuable
insights into cancer biology and
potential therapeutic targets. Notably,
76% of these genes have established
roles in  cancer pathogenesis,
validating the biological relevance of
the computational approach. Key
genes such as ESR1, ERBB2, and TP53
represent established biomarkers
currently used in clinical practice,
while others may represent novel
targets for future investigation.

The pathway enrichment analysis
reveals that selected genes are
predominantly involved in
fundamental cancer-related processes
including cell cycle regulation,
apoptosis, and DNA repair
mechanisms. This finding supports the
biological validity of the feature
selection approach and suggests that
the identified gene signatures capture
essential molecular characteristics
distinguishing cancer subtypes.

C. Clinical Implications

The high classification accuracy
achieved by machine learning models
has significant implications for clinical
practice:

WWW.jritm.org JRITM
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1) Diagnostic Accuracy

The superior performance compared
to traditional methods suggests
potential for improving diagnostic
accuracy, particularly in challenging
cases where histopathological
examination  provides ambiguous
results.

2) Treatment Selection

Accurate subtype classification
enables more precise treatment
selection, potentially improving
therapeutic outcomes and reducing
unnecessary adverse effects from
inappropriate treatments.

3) Prognosis Assessment

The identified molecular signatures
may provide improved prognostic
information compared to traditional
staging systems, enabling better
patient counseling and treatment
planning.

D. Methodological Considerations
1) Dimensionality Reduction Impact

The successful application of PCA and
LASSO demonstrates the critical
importance of dimensionality
reduction in high-dimensional
genomic analysis. The 99.2% reduction
in feature space achieved by PCA
while retaining 95% of variance
highlights the presence of substantial
redundancy in gene expression data.

2) Cross-Validation Strategy
The nested cross-validation approach

employed in this study provides robust
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performance estimates and reduces
the risk of optimistic bias commonly
observed in genomic studies. The
consistency of results across multiple
validation  strategies  strengthens
confidence in the findings.

3) Statistical Rigor

The comprehensive statistical analysis,
including significance testing and
effect size calculations, provides
strong evidence for the superior
performance of Random Forest
algorithms in this application domain.

E. Limitations and Future Directions
1) Study Limitations

Several limitations should be
acknowledged:

¢ Sample Size: While substantial,
larger datasets may further
improve model performance
and generalizability

e Platform Dependence: Results
are based primarily on specific
gene expression platforms and
may require validation on
emerging technologies

e Temporal Validation: Long-
term validation of clinical
utility requires prospective
studies

2) Future Research Directions

Multi-Omics  Integration:  Future
studies should investigate the
integration of gene expression data
with other omics layers (proteomics,
metabolomics, epigenomics) to
achieve more comprehensive
molecular characterization.
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Explainable Al: Development of more
interpretable machine learning
models that provide clinically
actionable insights while maintaining
high performance.

Real-Time Implementation:
Investigation of computational
architectures suitable for real-time
clinical decision support systems.

Personalized Medicine: Extension of
classification approaches to predict
individual treatment responses and
optimize personalized therapeutic
strategies.

F. Clinical Translation Pathway

The translation of these research
findings to clinical practice requires
several additional steps:

1) Regulatory Validation

e Analytical Validation:
Demonstration of assay
performance characteristics

¢ Clinical Validation: Prospective
studies demonstrating clinical
utility

e Regulatory Approval: FDA or
equivalent regulatory body
approval process

2) Implementation Considerations

¢ Laboratory Integration:
Development of standardized
protocols for clinical
laboratories

¢ Quality Control: Establishment
of quality assurance measures

o Cost-Effectiveness: Economic
evaluation of implementation
costs versus clinical benefits

34058 |Page

Vol. 3 Issue 4, April 2026, pp. 34047-34061
ISSN: 3049-3129(Online)

VI. CONCLUSIONS

This study  demonstrates  the
significant potential of machine
learning methodologies for accurate
cancer subtype classification using
high-dimensional gene expression
data. The Random Forest algorithm
achieved superior performance (94.7%
accuracy) while providing
interpretable results through feature
importance measures. The integration
of dimensionality reduction
techniques (PCA) and feature selection
methods (LASSO) proved essential for
optimal performance and biological
interpretability.

Key contributions of this research
include:

1. Comprehensive Algorithm
Comparison: Systematic
evaluation of four major
machine learning approaches
with rigorous statistical
validation

2. Biological Insight Generation:
Identification of 183
discriminative  genes  with
established cancer biology
relevance

3. Clinical Relevance:
Achievement of classification
accuracy approaching clinical
implementation standards

4. Methodological Framework:
Establishment of best practices
for ML-based cancer
classification studies

The findings support the clinical
implementation of machine learning-
based diagnostic tools in precision
oncology, with the potential to
improve diagnostic accuracy,
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treatment selection, and patient
outcomes. Future research should
focus on multi-omics integration,
explainable Al development, and
prospective clinical validation to
facilitate the translation of these
computational advances into routine
clinical practice.

The  convergence of  genomic
technologies and advanced
computational methods represents a
paradigm shift toward data-driven
precision medicine, with machine
learning serving as a critical enabling
technology for realizing the full
potential of genomic information in
cancer care.
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