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Abstract—Cancer is a biologically heterogeneous disease char-
acterized by molecular alterations across multiple regulatory
layers, necessitating robust computational modelling for accurate
diagnosis and biomarker discovery. The increasing availability of
high-dimensional genomic and multi-omics datasets from large-
scale initiatives such as The Cancer Genome Atlas (TCGA)
has enabled the development of machine learning approaches
for cancer classification. However, challenges including extreme
dimensionality, feature redundancy, and class imbalance continue
to affect model stability and generalization performance.

In this study, we propose a reproducible integrative machine
learning framework for tumor versus normal classification and
biomarker identification using gene expression and multi-omics
TCGA data. The methodology employs Extreme Gradient Boost-
ing (XGBoost) for embedded feature selection to identify the
most informative molecular variables from tens of thousands
of features. The selected features are subsequently used to
train ensemble classifiers including Logistic Regression, Random
Forest, and Support Vector Machine models.

To ensure unbiased performance estimation and prevent data
leakage, a stratified five-fold cross-validation strategy is adopted.
Experimental evaluation on breast and lung cancer datasets
demonstrates strong discriminative performance, with the XG-
Boost–Random Forest model achieving mean classification accu-
racies exceeding 99%, along with high ROC-AUC and Cohen’s
Kappa values. Furthermore, multi-omics integration improves
classification robustness by capturing complementary molecular
signals across biological layers.

The results indicate that XGBoost-driven feature selection
combined with ensemble learning provides a scalable, inter-
pretable, and effective framework for high-dimensional cancer
classification and biomarker discovery.

Index Terms—Cancer classification, Machine learning, Multi-
omics integration, XGBoost, Biomarker discovery.

I. INTRODUCTION

Cancer is a wide category of diseases that are defined by
the uncontrolled growth of cells due to genetic and molecular

changes. Malignant cells grow rapidly, infiltrate neighbouring
tissues, and can also travel to other organs, causing the failure
of the targeted organs and resulting in death. Cancer is the
second leading cause of death after cardiovascular diseases
and is one of the most threatening health issues in the world
[1]. The threat of cancer is further increased by its biological
diversity, late diagnosis, and resistance to treatment, making
early and accurate detection of utmost importance.

The incidence of cancer is also a serious issue in developing
countries like India. According to epidemiological studies, one
in every nine people in India is likely to suffer from cancer
in their lifetime, and breast cancer is the most common type
of cancer in women, followed by lung cancer in men [2].
According to the Global Cancer Observatory, India is the third
country in the world in terms of cancer incidence in 2020, and
estimates show a 57.5% rise in cancer incidence by 2040.

The increasing volume of biomedical data has led to the
emergence of artificial intelligence (AI) and machine learning
(ML) as revolutionary technologies in the field of oncol-
ogy. Machine learning, a branch of AI, allows computers to
learn from patterns in large biomedical datasets and make
predictions without being explicitly programmed [3]. Unlike
traditional statistical modeling, ML algorithms are capable of
processing noisy, high-dimensional, and nonlinear biomedical
data. Various studies have shown that AI-based systems can
provide diagnostic accuracy comparable to, if not superior
to, that of expert human clinicians in the fields of breast
cancer screening, prostate cancer diagnosis, and dermatolog-
ical cancer diagnosis [4]–[8]. Such achievements have led
to an explosion of research in the use of AI for cancer
risk assessment, diagnosis, prognosis, and treatment decision-
making.

However, many existing cancer classification models have
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been shown to depend largely on single-omics data, especially
gene expression profiles. While single-omics models have
demonstrated high classification accuracy, they have offered
a restricted and partial perspective on the molecular processes
that underlie cancer [1]. Cancer is, in fact, a multi-faceted
disease that is driven by genomic mutations, epigenetics,
transcriptional aberrations, proteomic changes, and metabolic
dysregulation. Single-omics models are, therefore, prone to
noise, batch effects, and tumour heterogeneity.

To address the above limitations, multi-omics has recently
been recognized as a highly successful paradigm in cancer
research. Multi-omics is a strategy that combines data from
multiple biological platforms, such as genomics, transcrip-
tomics, epigenomics, proteomics, and metabolomics, to offer
a holistic understanding of tumour biology [12], [13]. Large-
scale projects such as The Cancer Genome Atlas (TCGA) have
made it possible to perform multi-omics profiling of various
types of cancers, thereby facilitating multi-omics analysis and
improved disease understanding. Multi-omics models have the
ability to capture interactions among multiple biological plat-
forms, thereby offering improved predictive accuracy, better
biological interpretability, and improved robustness compared
to single-omics models.

However, the integration of multi-omics data also poses
substantial computational challenges in terms of its extreme di-
mensionality, diversity, and complex interdependencies among
different data types. Hence, the need for advanced machine
learning algorithms that can efficiently perform feature se-
lection, dimensionality reduction, and accurate classification
is paramount. In this regard, ensemble learning algorithms
such as Extreme Gradient Boosting (XGBoost), when paired
with linear or margin-based classifiers, provide a promising
approach to developing accurate and interpretable models for
cancer prediction.

Inspired by these challenges, this research work proposes a
multi-omics cancer classification model based on TCGA breast
cancer datasets and advanced machine learning algorithms.
The proposed model assesses the hybrid strategy of combin-
ing XGBoost with Logistic Regression and Support Vector
Machines, with strict stratified cross-validation to evaluate
model performance. The significance of this research work
is embedded in its emphasis on developing robust generaliza-
tion, biological interpretability, and clinical applicability, thus
adding to the rapidly expanding area of AI-powered precision
oncology.

The primary contributions of this study are summarized as
follows:

• Reproducible Machine Learning Framework: We pro-
pose a reproducible machine learning framework for can-
cer classification using high-dimensional transcriptomic
and multi-omics datasets derived from TCGA.

• Embedded Feature Selection Strategy: We implement
an XGBoost-based embedded feature ranking approach to
identify the most informative molecular features, substan-
tially reducing dimensionality while preserving predictive
performance.

• Hybrid Classification Architecture: We evaluate hybrid
classification models that combine XGBoost-driven fea-
ture selection with Logistic Regression, Random Forest,
and Support Vector Machine classifiers under stratified
cross-validation to ensure unbiased and stable perfor-
mance estimation.

• Comparative Multi-Omics Evaluation: We conduct
a comparative analysis across transcriptomic-only and
multi-omics datasets to assess model robustness, perfor-
mance consistency, and the impact of integrative molec-
ular representation.

• Biomarker Identification and Interpretability: We
identify biologically relevant candidate genes associated
with tumour progression, supporting the interpretability
and potential translational relevance of the proposed
framework in precision oncology.

II. MOTIVATION AND OBJECTIVES

A. Motivation

Cancer is still one of the most challenging and life-
threatening diseases because of its molecular diversity, ag-
gressive nature, and variability in treatment response. Despite
major breakthroughs in biomedical research, early diagnosis
and precise classification of cancer are still one of the biggest
challenges in clinical practice [2]. These challenges create a
pressing need for the development of accurate, automated, and
scalable diagnostic tools that can help clinicians in early cancer
diagnosis and decision-making.

Recent breakthroughs in artificial intelligence and machine
learning have shown immense promise in cancer research,
as they have made it possible to analyze complex high-
dimensional biomedical data [3], [4]. Machine learning algo-
rithms have shown expert-level performance in various cancer-
related tasks such as breast cancer screening and prostate
cancer diagnosis, which indicates their potential in identifying
hidden patterns that are beyond human observation [7], [8].
However, most of the existing AI-based cancer classification
models are based on single-omics datasets, which represent a
very limited aspect of cancer biology and often lack general-
izability across datasets because of noise, batch effects, and
biological variability [1].

Cancer is a multi-factorial disease that depends upon com-
plex interactions at multiple levels of molecular complexity,
such as genomic mutations, epigenetics, transcriptional mod-
ifications, and downstream protein and metabolic changes.
By themselves, single-omics studies are inadequate to capture
this complexity [12]. Multi-omics integration offers a more
holistic understanding of cancer biology by simultaneously
analyzing multiple data sources, allowing for better biomarker
identification, improved classification accuracy, and better ro-
bustness in predictive modelling [13]. Large-scale projects like
The Cancer Genome Atlas (TCGA) have made high-quality
multi-omics data publicly available, offering unprecedented
opportunities for data-driven, integrative cancer research.

However, the application of multi-omics approaches is im-
peded by challenges associated with extreme dimensionality,
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data heterogeneity, and the need for efficient feature selection
and model generalization. The need for sophisticated machine
learning infrastructure that can effectively integrate multi-
omics data while being interpretable and meaningful from
a clinical perspective is, therefore, critical. These challenges
represent the central motivation for this research.

B. Objectives

The primary objective of this project is to develop a ro-
bust and generalizable cancer classification framework using
multi-omics data and advanced machine learning techniques.
Specifically, the objectives of this study are as follows:

• To develop a multi-omics cancer classification model us-
ing publicly available TCGA cancer datasets, integrating
high-dimensional molecular features for better disease
modelling.

• To explore the utility of ensemble machine learning
algorithms, specifically Extreme Gradient Boosting (XG-
Boost), for feature selection and representation learning
in multi-omics data.

• To develop and compare hybrid cancer classification
models combining XGBoost with Logistic Regression,
Support Vector Machines, and Random Forest algorithms,
and to assess their predictive performance using strict
cross-validation.

• To explore biologically meaningful molecular features
underlying cancer prediction, thereby improving model
interpretability and facilitating potential clinical infer-
ences.

By achieving these objectives, this work aims to contribute
to the advancement of AI-driven precision oncology by pro-
viding a scalable, interpretable, and data-driven framework for
cancer classification using multi-omics information.

III. LITERATURE SURVEY

The tremendous progress made in high-throughput sequenc-
ing technology has resulted in an unprecedented increase
in genomic and molecular data, thereby triggering intense
research on machine learning-based cancer classification. The
existing research works can be generally classified into single-
omics learning methods, pan-cancer classification frameworks,
ensemble machine learning models, explainable AI-based
biomarker identification, and multi-omics integration strate-
gies.

A. Machine Learning for Cancer Classification Using Single-
Omics Data

The initial research works on cancer classification were
based on single-omics data, specifically gene expression data
obtained from microarray and RNA-Seq analyses. Alharbi
and Vakanski [1] provided a thorough review of machine
learning methods used for gene expression-based cancer clas-
sification, pointing out the extensive use of Support Vector
Machines (SVM), Random Forests (RF), k-Nearest Neighbors
(kNN), and neural networks. Although these methods showed
high classification accuracy in a controlled environment, they

tended to perform poorly when used across multiple datasets
due to biological heterogeneity and batch effects.

Some studies have shown robust results using conventional
machine learning algorithms. Hoadley et al. [14] tested various
classifiers on TCGA RNA-Seq data and showed an accuracy
of 95.8% using linear SVMs with variance-driven feature
selection. Likewise, Li et al. [22] designed a genetic algorithm-
k-nearest neighbor (GA-kNN) classifier for cancer diagnosis,
which showed an overall accuracy of 90%, although there was
a compromise on the performance for less common types of
cancers.

Later, deep learning algorithms, such as convolutional neu-
ral networks (CNNs), were developed to capture complex
patterns in gene expression data [23], [24]. Although these
algorithms showed high overall predictive accuracy, there was
a significant misclassification rate for cancers arising from
biologically similar tissues, indicating the inability of these
models to capture the minute molecular differences among
these tissues.

Collectively, these findings suggest that single-omics ap-
proaches, although effective in capturing transcriptomic vari-
ation, provide an incomplete representation of cancer biology
and may be insufficient to model cross-layer molecular inter-
actions driving tumour progression.

B. XGBoost-Based Models for Cancer Prediction

Ensemble learning methods, particularly Extreme Gradient
Boosting (XGBoost), have demonstrated strong performance
in genomic data analysis due to their ability to capture non-
linear feature interactions and handle high-dimensional data
efficiently. [10] systematically evaluated multiple machine
learning and deep learning models for pan-cancer classification
using genomic alterations and found XGBoost to consistently
outperform other classifiers in terms of accuracy and robust-
ness. Their study emphasized XGBoost’s balance between
expressive power and model simplicity.

More recently, Ghuriani et al. [9] proposed the XGB-BIF
framework, which integrates XGBoost-based feature selection.
Their approach achieved classification accuracies exceeding
90% and demonstrated strong agreement using Cohen’s Kappa
statistic. Notably, XGB-BIF discovered biologically relevant
biomarkers for gastric, breast, and lung cancers and externally
validated its performance on the METABRIC dataset, which
emphasizes the translational value of XGBoost-based frame-
works.

The above researches encourage the application of XGBoost
not only as a predictive model but also as a robust feature
selection tool for biomarker discovery in high-dimensional
genomic data.

C. Multi-Omics Integration for Cancer Classification

To address the shortcomings of single-omics models, the
concept of multi-omics integration has recently gained im-
mense popularity in the field of cancer research. Argelaguet et
al. [11] proposed the concept of Multi-Omics Factor Analysis
(MOFA), an unsupervised learning method that identifies
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common and modality-specific factors of variation in multi-
omics data. MOFA has been successfully used for the analysis
of cancer cohorts to discover hidden subtypes of disease and
underlying molecular mechanisms.

Extensive reviews by Chakraborty et al. [12] and Hayes et
al. [13] highlighted the importance of multi-omics integration
of genomics, transcriptomics, epigenomics, proteomics, and
metabolomics data for gaining a better understanding of tumor
heterogeneity, biomarker identification, and personalized ther-
apeutic modalities. Multi-omics models are always superior
to single-omics models in terms of interpretability and robust-
ness, especially when integrated with sophisticated machine
learning algorithms.

However, the potential of multi-omics models is hindered
by the presence of substantial computational complexities
in terms of dimensionality, heterogeneity, and complexity of
integration. Feature selection and efficient machine learning
algorithms are required to make the most out of multi-omics
data.

D. Research Gap and Positioning of the Proposed Work

From the existing literature, it is evident that while
XGBoost-based models and deep learning approaches achieve
high predictive accuracy, many studies either rely on single-
omics data or lack robust external validation and interpretabil-
ity.

The proposed work addresses these gaps by integrating
multi-omics TCGA data with an XGBoost-driven feature
selection framework, followed by hybrid classification using
Logistic Regression and Support Vector Machines. Rigorous
stratified cross-validation was used to ensure reliable per-
formance estimation. Consequently, the proposed framework
contributes toward robust, interpretable, and clinically relevant
cancer classification in the context of precision oncology.

IV. SYSTEM ARCHITECTURE

The proposed system is an end-to-end machine learn-
ing–based cancer classification framework designed to dis-
tinguish between cancerous (Primary Tumour) and non-
cancerous (Normal) samples using high-dimensional genomic

Fig. 1. System Architecture

expression data. The architecture follows a modular, repro-
ducible pipeline comprising data ingestion, preprocessing,
feature selection using Extreme Gradient Boosting (XGBoost),
hybrid classification, stratified cross-validation, performance
evaluation, and biomarker interpretation.

To ensure a fair and unbiased comparison, three hybrid
model variants are implemented and evaluated under identical
experimental conditions: XGBoost combined with Logistic
Regression (XGB–LR), XGBoost combined with Support
Vector Machine (XGB–SVM), and XGBoost combined with
Random Forest (XGB–RF).

1) Data Ingestion Layer: The input to the system is a
gene expression matrix in CSV format obtained from The
Cancer Genome Atlas (TCGA). Each row corresponds to
a patient sample represented by a TCGA barcode, while
columns correspond to gene expression features, comprising
approximately 37,000 genes. This layer ensures correct sam-
ple–feature orientation (samples × features) and consistent
string-based indexing to maintain compatibility with down-
stream machine learning libraries.

2) Metadata Extraction and Label Inference: TCGA bar-
codes are parsed to extract sample-type codes, which are
subsequently mapped to biological categories. Samples are
classified as Primary Tumour, Normal, or Other, where non-
relevant categories are excluded from further analysis. Binary
labels are assigned such that Primary Tumour samples are
encoded as 1 and Normal samples as 0. This automated
labelling strategy eliminates manual annotation errors and
enhances scalability and reproducibility.

3) Data Preprocessing Layer: The preprocessing stage
prepares the data for reliable model training and convergence.
Non-relevant samples are removed to restrict the task to binary
classification. All gene expression features are enforced to
be numeric, and missing values are imputed using median-
based imputation to minimize the influence of outliers. Feature
scaling is performed using standard normalization, which is
essential for gradient-based and margin-based classifiers such
as Logistic Regression and Support Vector Machines. These
steps collectively ensure numerical stability and consistent
model performance.

4) Stratified Cross-Validation Engine: To obtain robust
and unbiased performance estimates, stratified five-fold cross-
validation is employed. This strategy preserves class distri-
bution across folds and prevents data leakage by performing
feature selection strictly within each training fold. Such a
design improves the generalization capability of the proposed
framework and reduces optimistic bias in evaluation.

5) Feature Selection Module: Within each training fold, an
XGBoost classifier is trained to compute feature importance
scores using the Gain metric. Based on these scores, the top
K = 500 most informative genes are selected. XGBoost is par-
ticularly well suited for this task due to its ability to efficiently
handle high-dimensional data, capture non-linear gene–gene
interactions, and perform embedded feature selection. This
step substantially reduces dimensionality while retaining the
most discriminative biological signals.
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6) Hybrid Classification Layer: The reduced feature set
obtained from the XGBoost module is used to train three
independent classifiers. The XGB–LR model employs a linear
decision boundary and offers high interpretability, with class-
weight balancing to address data imbalance. The XGB–SVM
model uses a margin-based optimization strategy that is ef-
fective in high-dimensional spaces and robust to overfitting.
The XGB–RF model leverages ensemble-based learning to
capture complex non-linear feature interactions while reducing
variance through bagging. All classifiers operate on the same
selected feature set, enabling a fair comparative evaluation.

7) Evaluation and Metrics: Model performance is assessed
for each fold and classifier using accuracy, precision, area
under the receiver operating characteristic curve (ROC–AUC),
and Cohen’s Kappa statistic. Cohen’s Kappa is included to
account for chance agreement, which is particularly important
in imbalanced biomedical datasets. In addition, aggregated
confusion matrices, mean ROC curves with pooled AUC,
and per-fold as well as aggregated classification reports are
generated to provide a comprehensive evaluation.

8) Biomarker Interpretation and Visualization: To enhance
interpretability and translational relevance, feature importance
scores from the final XGBoost model are analyzed. The top 20
genes are reported as candidate biomarkers, and word cloud
visualizations are used to illustrate the relative contribution
of highly ranked genes. These analyses support downstream
biological interpretation and potential clinical validation.

V. METHODOLOGY

A. Study Design

This study presents an machine learning framework for
cancer classification and biomarker identification using high-
dimensional genomic data. The proposed methodology is
inspired by the XGB-BIF framework introduced by Ghuriani
et al. [9] and is extended to align with recent advances in
multi-omics integration and cancer systems biology [12].

The primary objective of this work is twofold: (i) to develop
a robust classification pipeline capable of distinguishing tumor
from normal samples under severe class imbalance, and (ii) to
identify biologically meaningful gene signatures that can serve
as potential cancer biomarkers.

The overall workflow consists of the following sequential
stages:

1) Data acquisition from publicly available cancer reposi-
tories

2) Data preprocessing and normalization
3) Feature selection using Extreme Gradient Boosting
4) Supervised classification using hybrid ensemble models
5) Model evaluation and cross-validation
6) Biomarker identification and biological interpretation
7) Extension toward multi-omics integration for enhanced

robustness
All experiments were conducted using stratified cross-

validation to ensure unbiased performance estimation under
class imbalance.

B. Datasets

1) Gene Expression Datasets: Gene expression datasets
corresponding to breast cancer and lung cancer were obtained
from publicly available repositories and curated to include only
samples annotated as either primary tumor or normal tissue.

The lung cancer gene expression dataset consists of 562
samples, including 511 primary tumor samples and 51 normal
samples. Each sample is represented by 31,506 gene expres-
sion features.

The breast cancer gene expression dataset contains 1,224
samples, comprising 1,111 tumor samples and 113 normal
samples. Each sample includes 31,575 gene expression fea-
tures.

TABLE I
SUMMARY OF GENE EXPRESSION DATASETS

Cancer Type Samples Tumor Normal Features
Lung Cancer 562 511 51 31,506
Breast Cancer 1,224 1,111 113 31,575

2) Multi-Omics Datasets: To evaluate the robustness of
the proposed framework beyond transcriptomic data alone,
corresponding multi-omics datasets for both breast and lung
cancer were obtained from publicly available repositories.
These datasets contain heterogeneous molecular features from
multiple omics source, capturing complementary biological
signals across multiple omics layers.

The lung cancer multi-omics dataset retains the same 562
samples used in the gene expression analysis, while the breast
cancer multi-omics dataset includes all 1,224 samples from the
corresponding transcriptomic cohort. Although the integrated
feature space is significantly higher-dimensional than gene
expression alone, this representation enables the modeling of
regulatory, genomic, and functional interactions that are not
captured by transcriptomic profiles.

TABLE II
SUMMARY OF MULTI-OMICS DATASETS

Cancer Type Samples Tumor Normal Features
Lung Adenocarcinoma
(LUAD) 592 533 59 37,600

Lung Squamous Cell
Carcinoma (LUSC) 551 502 49 37,600

Breast Cancer
(BRCA) 1,189 1,076 113 37,600

C. Preprocessing and Validation Strategy

All datasets underwent a standardized preprocessing
pipeline prior to feature selection and model training. Non-
numeric attributes were coerced into numeric format, and
missing values were imputed using feature-wise median im-
putation to minimize bias introduced by incomplete measure-
ments.

Given the severe class imbalance present in all datasets,
models were evaluated using five-fold stratified cross-
validation. This strategy preserves the original tumor-to-
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normal ratio within each fold and enables reliable estimation
of model generalization performance.

D. Feature Selection

1) XGBoost-Based Feature Ranking: Feature selection was
performed using Extreme Gradient Boosting, a tree-based
ensemble learning algorithm well suited for high-dimensional
and nonlinear genomic data [9]. XGBoost ranks features using
the gain importance metric, which measures the contribution
of each feature to error reduction during tree construction.

Genes were ranked in descending order of importance, and
the following top-ranked feature subsets were evaluated:

• Top 10 genes
• Top 50 genes
• Top 100 genes
• Top 500 genes
• Top 1000 genes
Empirical evaluation demonstrated that classification perfor-

mance improved as the number of selected features increased
but saturated beyond approximately 500 genes. Consequently,
the top 500 XGBoost-ranked features were selected as the
optimal subset for downstream classification.

2) Comparative Feature Selection Methods: To validate the
effectiveness of XGBoost-based feature ranking, additional
feature selection methods were implemented for comparison:

• Least Absolute Shrinkage and Selection Operator
(LASSO), an embedded method based on L1 regulariza-
tion

• Recursive Feature Elimination, a wrapper-based feature
selection technique

• Variance threshold filtering to remove low-variance fea-
tures

Comparative analysis revealed that XGBoost-based feature
ranking consistently achieved superior classification accuracy
and higher Cohen’s Kappa values compared to LASSO, recur-
sive feature elimination, and variance-based filtering.

E. Classification Models

Following feature selection, supervised machine learning
classifiers were trained to distinguish between cancerous and
non-cancerous samples. The following models were employed:

• Logistic Regression
• Random Forest
• Support Vector Machine
These models were selected due to their established effec-

tiveness in gene-expression-based cancer classification tasks
[1]. Hybrid ensemble combinations were evaluated by cou-
pling XGBoost-based feature selection with each classifier:

• XGB + Logistic Regression
• XGB + Random Forest
• XGB + Support Vector Machine
Across both cancer types and data modalities, ensemble

combinations involving Random Forest and Support Vector
Machine demonstrated the most stable and robust perfor-
mance.

F. Model Hyperparameters

To ensure reproducibility and transparency, the primary
hyperparameters used in all experiments are summarized in
Table III. Default parameters were retained where not explic-
itly specified.

TABLE III
HYPERPARAMETER CONFIGURATION OF CLASSIFICATION MODELS

Model Hyperparameter Value
XGBoost n estimators 300

max depth 6
learning rate 0.05
subsample 0.8
colsample bytree 0.8
random state 42

Random Forest n estimators 500
max depth None
class weight balanced
random state 42

SVM kernel rbf
C 1.0
gamma scale
class weight balanced

Logistic Regression penalty l2
solver liblinear
class weight balanced

G. Model Evaluation Metrics

Model performance was assessed using multiple evaluation
metrics to capture different aspects of classification quality:

• Accuracy
• Area Under the Receiver Operating Characteristic Curve
• Cohen’s Kappa coefficient

Cohen’s Kappa was emphasized due to its robustness under
class imbalance, as it measures agreement between predicted
and true labels beyond chance.

H. Multi-Omics Integration Strategy

Although the primary analysis focused on transcriptomic
data, the proposed framework aligns with established multi-
omics integration principles described in recent literature [12].
Multi-omics integration involves combining complementary
molecular data from genomics, transcriptomics, epigenomics,
and proteomics to achieve a more comprehensive representa-
tion of tumor biology.

Integration strategies can be broadly categorized into ver-
tical integration, horizontal integration, and diagonal integra-
tion. In this study, multi-omics datasets containing multiple
molecular feature types were used as input to the classification
models. Feature selection using XGBoost is employed to
mitigate the challenges associated with high dimensionality
and heterogeneous data sources.

This integration strategy enhances model robustness and bi-
ological interpretability, particularly for heterogeneous cancers
such as breast cancer, and provides a foundation for future
extensions toward clinically deployable precision oncology
systems.
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VI. EXPERIMENTAL RESULTS
All results are reported as mean ± standard deviation

across five stratified cross-validation folds. Reporting vari-
ability across folds provides a more reliable estimate of
model stability and generalization performance under class
imbalance.

A. Single-Omics Classification Results
Gene expression–based models demonstrated strong dis-

criminative performance across both cancer types. Table IV
summarizes the mean classification metrics across classifiers.

TABLE IV
GENE EXPRESSION–ONLY CLASSIFICATION PERFORMANCE (MEAN ±

STD)

Cancer Model Accuracy Kappa
Lung XGB + LR 0.9787 ± 0.0062 0.8851 ± 0.0214
Lung XGB + RF 0.9947 ± 0.0038 0.9683 ± 0.0121
Lung XGB + SVM 0.9964 ± 0.0029 0.9780 ± 0.0097
Breast XGB + LR 0.9894 ± 0.0048 0.9402 ± 0.0156
Breast XGB + RF 0.9927 ± 0.0041 0.9555 ± 0.0138
Breast XGB + SVM 0.9943 ± 0.0035 0.9665 ± 0.0114

The XGB–RF model achieved an accuracy of 0.9927 ±
0.0041 and ROC–AUC of 0.9994 ± 0.0012 on the breast
cancer dataset, demonstrating strong predictive performance
and stability across folds. Similarly, non-linear classifiers
(Random Forest and SVM) consistently outperformed Logistic
Regression in terms of Cohen’s Kappa, indicating improved
agreement beyond chance in high-dimensional feature spaces.

1) Biomarker Analysis: XGBoost-based feature ranking
identified biologically relevant genes. For lung cancer, domi-
nant genes included SUSD2, ANGPTL1, SHOX2, SFTPC, and
CLDN18, which are associated with epithelial differentiation,
angiogenesis, and tumor progression.

For breast cancer, top-ranked biomarkers such as MMP11,
PAMR1, VEGFD, ADAMTS5, and CD300LG are linked to ex-
tracellular matrix remodeling and vascular signaling pathways,
supporting the biological plausibility of the selected features.

B. Multi-Omics Classification Results
Table V summarizes the mean performance metrics for

integrated multi-omics datasets.

TABLE V
MULTI-OMICS CLASSIFICATION PERFORMANCE (MEAN ± STD)

Cancer Model Accuracy Kappa
Lung XGB + LR 0.9596 ± 0.0118 0.7770 ± 0.0324
Lung XGB + RF 0.9835 ± 0.0065 0.8791 ± 0.0217
Lung XGB + SVM 0.9706 ± 0.0097 0.7647 ± 0.0289
Breast XGB + LR 0.9798 ± 0.0069 0.8937 ± 0.0194
Breast XGB + RF 0.9933 ± 0.0041 0.9601 ± 0.0135
Breast XGB + SVM 0.9823 ± 0.0062 0.8930 ± 0.0186

Classification using multi-omics datasets maintained high
predictive performance while introducing modest variability
due to increased feature heterogeneity. The XGB–RF model
achieved an accuracy of 0.9933 ± 0.0041 and ROC–AUC of
0.9986 ± 0.0012 on the breast cancer multi-omics dataset,
demonstrating both robustness and stability across folds.

1) Biomarker Analysis: XGBoost-based feature ranking
applied to multi-omics data identified biologically relevant
biomarkers across cancer types. The integration of multi-
ple omics layers enables improved capture of molecular
mechanisms underlying tumor progression. For breast cancer
(BRCA), key biomarkers included VEGFD, MMP11, PAMR1,
CD300LG, and ADAMTS5, which are associated with an-
giogenesis, extracellular matrix remodeling, and tumor inva-
sion. These genes play important roles in vascular signaling
and cancer progression. For lung adenocarcinoma (LUAD),
dominant features such as SFTPC, AGER, EZH2, FAM83A,
and CAV1 are linked to epithelial differentiation, epigenetic
regulation, and tumor proliferation. These biomarkers are
well-established indicators of lung cancer biology. For lung
squamous cell carcinoma (LUSC), important biomarkers in-
cluded SUSD2, ANGPTL1, CLDN18, and TEK, which are
associated with epithelial integrity, angiogenesis, and tumor
micro-environment regulation.

VII. CONCLUSION

This study presented a reproducible machine learning
framework for cancer classification and biomarker discov-
ery using high-dimensional transcriptomic and multi-omics
datasets. The proposed approach combines XGBoost-based
embedded feature selection with supervised machine learning
classifiers, including Logistic Regression (LR), Random Forest
(RF), and Support Vector Machine (SVM), enabling sub-
stantial dimensionality reduction while preserving biologically
informative features. The framework was evaluated on TCGA
breast cancer (BRCA) and lung cancer cohorts, including lung
adenocarcinoma (LUAD) and lung squamous cell carcinoma
(LUSC), using stratified five-fold cross-validation to ensure
reliable and unbiased performance estimation.

Experimental results demonstrate that transcriptomics-based
classification provides strong discriminative capability for
tumor versus normal sample identification. On the BRCA
dataset, the XGB-RF model achieved a mean accuracy of
0.9933 ± 0.0041 and a Cohen’s Kappa value of 0.9601 ±
0.0135, indicating high predictive stability and agreement
beyond chance. Similarly, for lung cancer datasets, non-linear
classifiers such as Random Forest and Support Vector Ma-
chine achieved accuracy values exceeding 0.98, with ROC-
AUC values approaching 1.0, confirming the effectiveness of
transcriptomic features for cancer classification.

Evaluation on multi-omics datasets also demonstrated con-
sistently high predictive performance across classifiers. Al-
though absolute accuracy improvements compared to tran-
scriptomic data alone were modest in certain cases, multi-
omics feature representations provided complementary molec-
ular information and maintained robust classification perfor-
mance. Furthermore, XGBoost-based feature ranking iden-
tified biologically relevant candidate biomarkers, including
VEGFD, MMP11, PAMR1, AGER, EZH2, SFTPC, and
AGRP, supporting the biological relevance and interpretability
of the selected feature subsets.
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Overall, the results indicate that XGBoost-based feature
selection combined with ensemble and margin-based clas-
sifiers provides an effective, scalable, and interpretable ap-
proach for high-dimensional cancer classification. The pro-
posed framework demonstrates strong predictive performance
across multiple cancer types and data modalities, while also
enabling biologically meaningful feature identification. Future
work will focus on validating the framework using indepen-
dent external datasets and exploring advanced multi-omics
modelling approaches to further enhance generalization and
clinical applicability.

VIII. FUTURE WORK

However, there are still some areas that need to be explored
in the future.

First, it is important to validate the proposed framework on
external datasets to evaluate the generalizability of the results.
Validation on multiple datasets will help to strengthen the
claim of its clinical utility.

Second, more sophisticated multi-omics integration ap-
proaches can be explored. Instead of using feature con-
catenation, more advanced integration techniques such as
graph-based fusion learning, deep representation learning, and
attention-based multi-modal neural networks can be employed
to capture the interactions between different omics.

Third, biological pathway enrichment and network analysis
can be extended to explore the relationships between the
top-ranked genes. By integrating protein-protein interaction
networks and regulatory pathway databases, the results may
be more interpretable and provide potential therapeutic targets.

Fourth, survival analysis and prognostic modelling can be
added to the framework to go beyond binary classification.
Using Cox proportional hazards models or deep survival
networks, the framework can be used for risk stratification
and outcome prediction.

Fifth, SHAP (SHapley Additive exPlanations) analysis can
be used to provide gene-level contribution scores to enhance
clinical interpretability.

Finally, the prospective clinical validation and implemen-
tation within decision support systems would be the ultimate
goal of translation. Implementation within digital pathology
workflows and hospital information systems would help in
the real-time classification of tumours and treatment strategies
based on biomarkers.

In conclusion, this study provides a strong basis for the
integrative classification of cancer based on machine learning
and multi-omics data. Further improvements and validation
would be required to translate the advances made within the
computational field to the field of precision oncology.
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