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Abstract: The problem of predicting cancer subtypes is crucial to contemporary research on cancer because data on gene
expression are used to reveal the patterns that distinguish among different subtypes. The paper will discuss machine learning
models, namely, Logistic Regression (LR), Support Vector Machines (SVM), and Random Forests (RF), to be used to classify
the subtypes of LGG and BRCA cancer. Among the key issues handled are high-dimensional data and small sample sizes. To
prevent overfitting and enhance model generalisation, Principal Component Analysis (PCA) was used as a dimensionality-
reduction method. The models were assessed using metrics such as accuracy, macro-F1 score, ROC-AUC, and confusion
matrices, and, to achieve reliable results, nested cross-validation was employed. These results demonstrate that PCA enhances
model generalisation, with the SVM+PCA combination being the most accurate and robust across both datasets. Stratified
sampling and class weighting were implemented to address class imbalance, especially in the BRCA dataset. Integration of
PCA not only minimised overfitting and enhanced model stability but also simplified the interpretation of results, without using
complex, multifaceted omics data or deep learning techniques. Although the findings were encouraging, the research could be
improved in the future by considering more sophisticated resampling methods and omics approaches to further increase
predictive value.
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1. Introduction

1.1. Background

Machine learning enables effective cancer subtype prediction by analysing high-dimensional biological datasets and uncovering

complex patterns that may not be detectable through traditional statistical techniques. In oncology, gene-expression profiles
often contain thousands of genes measured across a relatively small number of patients, creating a “high-p, low-n” scenario
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[2]. Biological data is rich in useful information, but can be noisy and difficult to analyse on its own without computational
tools. Logistic Regression (LR), Support Vector Machines (SVM), and Random Forests (RF) are machine learning models that
provide useful, interpretable methods for identifying subtype-specific patterns in complex data [3]. The models play a
significant role in enabling early diagnosis and an individualised treatment plan by learning from large feature spaces [4].
Cancer is a highly heterogeneous disease; in other words, even patients with the same clinical diagnosis can vary in their
molecular profiles [6]. These types of molecular variability are likely to define various subtypes, each with an assigned
prognosis and treatment options. It cannot afford to rely on a single biomarker or clinical variable to classify the subtype,
according to Cai et al. [49]. A more rigorous approach can provide a better understanding of tumour biology, revealing elaborate
patterns of gene expression. Still, machine-learning models can recognise subtle differences among disease subgroups. The
dimensionality of gene-expression data is high, which poses several issues, including overfitting, increased computational time,
and the inability to extrapolate to new data [10]. Dimensionality-reduction algorithms, such as Principal Component Analysis
(PCA), can be used to address these problems by reducing many correlated variables into fewer meaningful components [11].
The process can minimise noise, focus on significant differences in the data, and improve classifier performance.

According to Acharya and Mukhopadhyay [8], the main factors that can help ensure the reliability, reproducibility, and clinical
relevance of machine-learning models for cancer prediction are adequate preprocessing, dimensionality reduction, and
comprehensive validation [12]. Cancer subtype prediction is a crucial aspect of modern oncology, as different subtypes can
differ greatly in terms of prognosis, treatment options, and response to therapy [14]. Among the various data types used in
cancer research, gene-expression profiling is one of the most commonly generated and accessible sources of molecular
information [15]. In these datasets of gene-expression information, the number of features describing gene activity in tumours
is often in the thousands, providing useful information but also posing considerable computational challenges for modelling
[16]. In this context, machine-learning methods provide effective tools for recognising patterns within high-dimensional
expression data and supporting more accurate subtype classification [49]. The LGG and BRCA datasets used in this paper,
however, are provided in a simplified, preprocessed format containing only gene expression data [20]. To perform proper omics
integration, separate raw omics layers would need to be downloaded, harmonised, matched by sample IDs, normalised
independently, and processed into block matrices [21]. These steps demand significant computational power and storage
resources [24]. These requirements extend beyond the scope of a single-student MSc in Data Science. As omics datasets are
integrated into models, these models are computationally intensive and often require GPU acceleration or high-performance
computing environments [26]. Frameworks and multiblock integration frequently involve millions of parameters, making them
unsuitable for execution on standard laptops [27].

The aim of this paper is not to replicate large-scale, multi-layer biological modelling but to evaluate the performance of classical
machine-learning models in a more manageable setting that remains scientifically meaningful [28]. Lastly, multi-omics research
demands strict handling of missing modalities, batch effects, and cross-platform variability [34]. In real-world TCGA cohorts,
many patients lack complete data across omics assays. Handling such incomplete blocks requires advanced imputation
strategies or specialised models designed for partial-view learning—again, far beyond the requirements and scope of an MSc-
level paper [36]. ML in gene-expression data, which is both appropriate for the available resources and representative of how
many machine-learning studies in oncology begin [37]. Classical models such as Logistic Regression, Support Vector
Machines, and Random Forests provide strong and interpretable baselines for gene-expression classification [38]. However,
due to the extremely high dimensionality of transcriptomic data, these classifiers can overfit when used directly [1]. To address
this, Principal Component Analysis (PCA) is employed as a dimensionality-reduction step. PCA transforms thousands of
correlated genes into a compact set of uncorrelated components, capturing the most informative variance, improving model
generalisation, and reducing computational complexity [8]. By focusing on PCA-enhanced classical machine learning, this
study achieves a balance between feasibility, interpretability, and academic relevance, while avoiding the heavy computational
burden and methodological complexity associated with omics data integration [41]. The selected approach is therefore
appropriate for the paper’s resources and aligns with widely accepted practices in transcriptomic machine-learning research
[44].

1.2. Research Questions and Objectives

e RQ1 (Effectiveness): Do baseline models (Logistic regression (LR), support vector machine (SVM), and random
forest (RF) predict the omics, such as LGG and BRCA subtypes?

e RQ2 (Interpretability): Do integrative pipelines of models (LR+PCA, SVM+PCA, and RF+PCA) produce stable
and biologically coherent feature attributions and per-omic contribution patterns compared to interpretable baselines?

¢ RQ3 (Robustness): How robust are integrative models to real-world “mosaic” scenarios for LGG and BRCA subtype
detections?

Although cancer is influenced by multiple molecular processes, many practical machine-learning studies begin with omics
datasets, particularly gene-expression profiles, because they are widely available, well-characterised, and computationally
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manageable. While omics datasets integration has the potential to capture interactions across genomics, methylation, and
transcriptomics, such approaches require multiple complete data layers, complex preprocessing, and substantial computational
resources—conditions that are not met in the present study [47]. Instead, this paper focuses on addressing a key challenge
inherent to gene-expression data: extremely high dimensionality relative to the number of samples. This imbalance can cause
classical machine-learning models to overfit and limit their ability to generalise.

1.3. Research Question

How effectively can machine-learning models classify LGG and BRCA cancer subtypes, and does PCA improve their predictive
performance? To develop and evaluate machine-learning pipelines that integrate heterogeneous omics to improve cancer
subtype classification while maintaining interpretability and robustness relative to single-omics baselines:

e Implement baseline single-omics classifiers (e.g., Random Forest, SVM, Logistic Regression) for LGG and BRCA
omics prediction.

e Build integrative pipelines (e.g., dimensionality reduction via PCA; latent-factor and multiblock projection methods)
and compare against baselines.

e Evaluate accuracy, macro-F1, ROC-AUC, and confusion matrices (including missing-modality scenarios) under
nested cross-validation.

To mitigate this issue, dimensionality-reduction approaches such as Principal Component Analysis (PCA) are increasingly used
to extract the most informative structure from gene-expression data before classification. PCA reduces noise, reveals dominant
patterns, and produces a more compact feature representation, enabling models such as Logistic Regression, Support Vector
Machines, and Random Forests to perform more effectively. Considering these issues, the research aims to evaluate the impact
of adding PCA to standard machine-learning pipelines on improving predictive accuracy and stability for LGG and BRCA
subtypes. Rather than pursuing multi-omics integration, the research will aim to reinforce classical single-omics modelling
through extensive preprocessing, dimensionality reduction, and systematic evaluation.

1.4. Problem Definition

There are many cancer gene-expression datasets with thousands of features and only a few samples, making them prone to
overfitting when trained with classical machine-learning models. The high-dimensional, low-sample structure renders models
such as Logistic Regression, SVMs, and Random Forests challenging to generalise appropriately unless proper dimensionality
reduction is performed. A large amount of data can add redundant or noisy information, i.e., using the complete set of features
may decrease classifier performance and make computation more expensive. Challenges in gene-expression modelling are class
imbalance, particularly in BRCA subtypes, where some classes are substantially under-represented. Imbalanced data can bias
models toward majority classes and reduce macro-F1 performance, which is crucial for fair evaluation across all subtypes.
Interpretability also remains important in biomedical applications. While classical machine-learning models are more
transparent than deep learning, high dimensionality still makes it difficult to understand which features or components drive
model behaviour. PCA provides a way to summarise variance across thousands of genes into a smaller number of components,
making the data easier to analyse and reducing noise before classification. These challenges highlight the focus of this paper:
evaluating whether PCA-based dimensionality reduction can enhance the accuracy, robustness, and interpretability of classical
machine-learning models for LGG and BRCA subtype prediction using high-dimensional gene-expression data.

1.5. Aim and Scope

The gaps are addressed by systematically comparing machine-learning models with PCA-enhanced versions using LGG and
BRCA gene-expression datasets. The study employs critical evaluation practices, including multiple train—test partitions and k-
fold cross-validation, to assess stability and generalisation. By examining how PCA transforms high-dimensional data and
influences model accuracy, macro-F1, and ROC-AUC, the paper provides practical insight into the role of dimensionality
reduction in cancer subtype prediction. Due to limited sample size and high dimensionality of gene-expression data, researchers
focused on single-omics transcriptomic profiles and classical machine-learning techniques rather than deep-learning or
multi-omics integration, because these approaches would increase the risk of overfitting, require more computational resources,
and complicate biological interpretation beyond the scope and resources of this study. Deep learning methods may not
outperform other machine learning methods in analysing genomic studies — shows that, even with large genomic datasets, deep
learning does not always outperform classical methods in genomic classification tasks due to data structure and sample size
constraints [46]. A survey of single-omics data mining methods in cancer research discusses challenges in integrating omics
datasets, including the complexity of combining heterogeneous omics sources and the statistical pitfalls that arise when sample
sizes are limited [50].
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1.5.1. Scope

This paper uses publicly available, de-identified gene-expression datasets from The Cancer Genome Atlas for LGG and BRCA.
The study relies entirely on secondary analysis of open-source data; no new data collection, patient recruitment, or identifiable
clinical information is involved. Only the transcriptomic (RNA-seq) expression matrices provided in processed form are used.
The study evaluates classical machine learning models for cancer-subtype prediction using gene expression data. Two
categories of models are compared:

e Baseline Models: Logistic Regression, Support Vector Machine, and Random Forest applied directly to high-
dimensional features.

e PCA-Enhanced Models: LR+PCA, SVM+PCA, and RF+PCA, using PCA to reduce dimensionality before
classification.

Performance is assessed using accuracy, macro-F1, ROC-AUC, and confusion matrices. Multiple train—test splits and k-fold
cross-validation are used to examine stability and generalisation. The deep learning, multi-omics integration, or advanced
latent-factor models are not included, as the study focuses specifically on machine-learning workflows for datasets. The main
objective is supervised classification of LGG and BRCA cancer subtypes based on gene expression profiles, and it does not
explore other clinical outcomes, such as patient survival prediction, treatment response, or biomarker discovery. Moreover, the
focus is on evaluating how PCA-based dimensionality reduction affects the performance of machine-learning models in subtype
classification.

1.5.2. Delimitations

The study is confined to single-omics gene-expression data, as matched multi-omics layers (e.g., methylation, CNA, miRNA)
are unavailable in a harmonised format within the paper’s timeframe. External validation using fully independent datasets is
also not feasible due to time and data constraints. The research has used consistent cross-validation protocols, cross-validation
across multiple scales, leakage-free preprocessing (scaling and PCA are applied only to the training folds), and a clear
description of all parameters and evaluation metrics to ensure reliability within the constraints. The models are contrasted with
standard hardware that limits the usage of computationally intensive methods.

1.5.3. Research Gap and Rationale

The high-dimensional data from gene expression pose significant challenges for predicting cancer outcomes; however, several
gaps remain in the application and testing of classical machine-learning methods in this field. Numerous papers report high
accuracy but tend to explicitly operate on thousands of gene features, neglecting the underlying challenge of small-sample,
high-dimensional data. The strategy may result in overfitting, inept cross-validation, and overly optimistic execution estimates,
especially when no dimensionality reduction or appropriate cross-validation is applied. A systematic review of dimensionality-
reduction approaches, e.g., Principal Component Analysis (PCA), within the scope of ML pipelines is needed, especially for
predicting LGG and BRCA subtypes. The key ML models, such as Logistic Regression, Support Vector Machines, and Random
Forests, have been extensively applied. Yet, their performance is compared under stable overall evaluation conditions with and
without dimensionality reduction. The knowledge gap in this case is a lack of understanding of the situations in which PCA is
most applicable, the amount of variance it should retain, and the variability in model performance across different data
partitions. In particular, stability across multiple train—test splits and cross-validation folds is rarely emphasised, even though
robustness is essential for reliable biomedical prediction. Third, interpretability in high-dimensional settings remains a
challenge. While classical ML models are inherently more transparent than deep learning, the presence of tens of thousands of
correlated gene features makes direct feature-level interpretation impractical. PCA provides an opportunity to summarise key
patterns in the data, but empirical studies that examine how PCA affects model interpretability, variance structure, and
downstream classification performance are limited.

1.6. Significance and Expected Contributions

This study makes a meaningful contribution to the field of cancer subtype prediction by systematically evaluating how
dimensionality reduction through Principal Component Analysis (PCA) influences both the performance and generalisation of
classical machine-learning models applied to high-dimensional gene-expression data. While many existing studies apply
machine-learning algorithms directly to transcriptomic datasets, far fewer conduct a controlled and reproducible comparison
between baseline models and PCA-enhanced pipelines. By isolating the impact of PCA on Logistic Regression, Support Vector
Machines, and Random Forest. Forests, a clear empirical basis for understanding when dimensionality reduction leads to gains
in (i) accuracy, macro-F1, and ROC-AUC, and when classical models perform comparably without feature compression. (ii)
The work also surfaces methodological guidance on the practical use of PCA for stabilising model behaviour, reducing
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dimensional noise, and ensuring efficient computation in settings where datasets are high-dimensional but sample sizes remain
limited. This guidance is particularly relevant for researchers working with datasets or similarly structured biomedical data who
require models that balance performance, interpretability, and computational feasibility. The paper directly addresses the high-
dimensional, low-sample challenge common in cancer datasets. The experiment used different train-test splits and k-fold cross-
validation to evaluate how PCA reduces overfitting, improves stability, and makes the training process more efficient. The
findings are applied to develop powerful, robust machine-learning processes in biomedical studies, where it is critical to ensure
generalisation and to define transparent procedures. The practice aligns with the objectives of the MSc Management with Data
Analytics program, as it helps acquire essential skills in pre-processing data, classical model construction, performance
assessment, and research ethics and reproducibility. The application to real-world TCGA data provides a useful experience in
addressing the challenges of biomedical analytics, including class imbalance, high-dimensional data, and the importance of a
well-designed experimental design.

1.6.1. Artefacts and Reproducibility

Reproducibility is a core principle throughout the experimental pipeline. All preprocessing steps, including scaling and PCA,
are applied solely within the training folds to prevent data leakage. Random forest and controlled data partitions ensure
consistent reruns, and all metrics are transparently reported for each variable configuration. While the study focuses on
machine-learning models rather than deep learning, the reproducibility standards followed align with best practices that are
becoming the norm in biomedical machine-learning research [51].

1.6.2. Ethical Considerations

The paper uses only public, anonymised datasets; there is no human subject interaction. University policies on data governance,
research integrity, and academic honesty are followed. Researchers avoid handling identifiable data, respect dataset licences,
and document decisions to support transparent, reproducible ML practice.

2. Literature Review
2.1. Overview of Cancer Subtype Prediction

Over the past decade, oncology has increasingly adopted a data-driven approach to discovery and decision-making. The rapid
growth of data has shifted research from traditional hypothesis-driven experiments to data-intensive analytical science. The
growing complexity and heterogeneity of data have made it clear that “one-size-fits-all” treatment strategies are no longer
sufficient. Precision oncology now uses large-scale data analytics to develop personalised treatment plans [43]. As Baptiste et
al. [29] present, this transformation has been propelled by integrating genomic, epigenetic, and environmental factors into
computational models that predict patient-specific outcomes. Massive data: the dissemination of big data. Projects like the
Human Genome Project and the 1000 Genomes Project foreshadowed data-driven medicine (by creating large, high-
dimensional datasets). Such efforts led to the development of medical datasets that are now important for research. Machine
learning (ML) is currently an essential tool in modern biomedical research, as it can model intricate, non-dimensional
relationships that cannot be achieved with traditional statistical methods. The problem of predicting cancer subtype with high
p-values and low n means there are hundreds of thousands of features but only a few samples, a typical feature of genome-wide
gene expression data. This type of data structure is challenging for traditional modelling, and it is worth noting that ML plays
a critical role in defining the vital patterns that distinguish clinically significant tumour subtypes.

2.2. Machine Learning in Biomedical Research

The main problem in data science, as it is perceived nowadays, is not necessarily high classification accuracy, but rather the
construction of pipelines that are not only computationally efficient but also reproducible. In this case, algorithms require
approaches such as regularisation and variance reduction, and to prevent overfitting, appropriate judgment is required to ensure
the number of features is greater than the sample size. It is this problem that spawned machine learning in genomics;
dimensionality reduction, well-regularised models, and strong cross-validation are of key interest. Logistic Regression, Support
Vector Machines, and Random Forests, which are traditional machine learning techniques, have been reported as reliable for
analysing gene expression. Such methods are not as sophisticated as deep learning models, yet they can compete with them,
trained with suitable preprocessing. This can be illustrated by applying Logistic Regression (LR) with L2 regularisation, which
is appropriate for sparse, high-dimensional data. Support Vector Machines (SVMs), particularly with linear kernels, are widely
used in cancer subtype prediction because they maximise the margin between classes, thereby improving generalisation to new
data. Random Forests complement these methods by providing model robustness, built-in feature ranking, and resilience to
noise. Machine learning models require strategies to counteract the “Curse of Dimensionality,” in which irrelevant or redundant
features obscure the true structure of the data. This is where dimensionality reduction techniques, especially Principal
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Component Analysis (PCA), play a transformative role. A useful way to organise the literature is by fusion strategy, because
where and how fusion happens strongly influences both performance and engineering complexity. Early fusion concatenates
features across assays after per-omic preprocessing and then trains a conventional classifier. It is easy to implement and can be
competitive when the signal is strong and well-aligned across modalities. Late fusion trains a separate model per assay and
combines outputs via voting, stacking, or calibrated averaging, which can be robust when modalities disagree or are missing at
inference time. Middle fusion learns a joint representation and an embedding before classification, using tools such as factor
models, supervised multiblock projections, or deep/graph architectures. The appeal of middle fusion is that the model can
discover and exploit cross-omic correlations while being guided by the task loss, thereby tuning the representation to the
downstream objective. Most reports that convincingly beat strong baselines fall into this middle-integration category,
particularly when evaluation controls for leakage and ensures that preprocessing is fit only within training folds [49].

2.3. Dimensionality Reduction in Genomic Data

Dimensionality reduction is a cornerstone of ML pipelines for bioinformatics. Gene-expression datasets typically contain
thousands of correlated genes, many of which contribute minimal signal for subtype prediction. PCA reduces high
dimensionality by capturing the dataset's variance using a smaller number of orthogonal components. They are linear mixtures
of genes that characterise important patterns of variance, and downstream models can be run on a lower-dimensional, lower-
noise reduced space [23]. PCA has three crucial uses in cancer subtype prediction: reducing noise, accounting for biological
variability, measurement noise, and batch effects in gene-expression data. The technique is useful because it eliminates low-
variance variables, which may be noisy rather than adding biological information. With PCA-transformed features, classifiers
can use fewer parameters and are therefore less prone to overfitting, particularly in high- and low-sample-size environments
and in high-feature environments. It also reduces computation costs, memory usage, and runtime. This is significant in resource-
limited environments, as encountered in an MSc paper. PCA is applied to improve model performance. One such example is
that, when cancer data is used with PCA followed by SVM classification, generalisation is better than when the raw data is
used. PCA on Random Forests can also be used to address situations in which a large number of overlapping gene groups can
make decision-making erratic [30]. Still, PCA is associated with interpretational challenges, as the most significant components
are mathematical constructs that do not directly correspond to biological attributes. To be specific about the effects of the
transformed features on the classification outcome, one should report the PCA loadings and the variance of each component.
The most popular machine learning models, including Logistic Regression, Support Vector Machines, and Random Forests, are
widely used in cancer subtype prediction because they can handle high-dimensional gene expression data, a complex dataset.
Logistic Regression continues to contribute to biomedical prognostication by providing decision-making capabilities and
accounting for probabilistic outcomes.

LR is particularly effective in the L2 regularisation scenario, as it prevents overfitting and enables generalisation [30]. Large
coefficients are penalised by the regularisation, encouraging the model to place greater weight on important features. Previous
studies have shown that LR performs competitively when the transformed feature space is approximately linearly separable,
making it a strong baseline for models that require transparency and statistical stability in complex biomedical settings. Support
Vector Machines have a long history of success in gene-expression modelling. Linear SVMs are especially well-suited for
cancer subtype prediction because they optimise a margin-based objective that tends to generalise well even when the number
of features vastly exceeds the number of samples. Their reliance on support vectors rather than the full dataset makes them
resistant to noise and robust under sparse, high-dimensional conditions. SVMs avoid many of the instability issues observed in
less constrained models, and empirical evidence consistently places them among the best-performing algorithms for microarray
and RNA-seq classification tasks. Random Forests address limitations associated with linear decision boundaries by capturing
nonlinear interactions among features. By combining decorrelated decision trees, RF models offer resilience to noise and natural
robustness against overfitting. Random Forests (RFs) also provide feature-importance rankings, which makes them valuable
for exploratory biomedical studies where identifying influential variables is key. While RFs can perform well without
dimensionality reduction, extremely high-dimensional data, such as transcriptomic matrices containing tens of thousands of
genes, can lead to instability in tree splits. When a technique such as PCA is used, it can produce more consistent partitions and
minimise variance between model runs, thereby increasing overall model reliability [25].

2.4. Class Imbalance in Cancer Data

Though machine learning methods are advantageous, several challenges remain that gene-expression modelling struggles with
and that influence the decisions made during the research. They tend to be significantly smaller than the datasets used in gene
expression analysis and can readily lead to overfitting that cannot be remedied by dimensionality reduction or regularisation.
The effect of such overfitting can be low model generalisation. The given issue is often addressed in genomic research, where
Principal Component Analysis (PCA) is useful for feature selection and regularisation [33]. There are underrepresented
subtypes in the prediction of cancer subtypes, for example, in a database such as the BRCA database. Such an imbalance can
cause bias in the models, in which the models blow out most of the classes and ignore the minority classes. In this manner,
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measures such as macro-F1 and ROC-AUC are preferred for assessing model performance, as they assess the predictive ability
across all classes, not just the dominant ones. Information loss due to data leakage is another common type of information loss
that occurs when preprocessing procedures are applied to all the input data before partitioning it into training and test sets, such
as scaling or feature selection.

It can lead to overfitting, which is why it is important to preprocess only the training set. Use of the guidance to prevent leakage
will make the model evaluation valid. PCA is employed to reduce the dimensionality of gene-expression data and identify and
systematise the most valuable elements. PCA identifies and removes the main sources of variation and noise, helping stabilise
models and eliminate overfitting, particularly with massive gene-expression data [5]. The samples are balanced so that the
subtype ratios are equal between the training and test conditions. It mitigates bias and ensures sound performance estimates.
Preprocessing of the entire training set is performed to prevent data leakage and ensure reproducibility, as recommended in the
field. Some measures employed to assess the models include accuracy, macro-F1, ROC-AUC, and confusion matrices. These
measures provide an in-depth evaluation of the models' performance in real-world contexts, especially with uneven data sets.
PCA helps enhance the stability and performance of a model by producing more manageable data networks from high-
dimensional data. PCA can be used to reduce dimensionality, but it is not optimised for class separation. The elements obtained
in PCA summarise the variance rather than focusing on class distinction. Thus, the optimal number of components is determined
using cross-validation to ensure the model is trained on the best features.

2.5. Existing Work in Cancer Subtype Prediction

A key aspect of machine learning in genomics is the importance of proper evaluation methodology. Early studies on cancer
subtype prediction often overestimated their performance due to issues such as improper cross-validation or feature selection
performed before data splitting [7]. Cancer subtype prediction plays a vital role in personalised medicine, as it helps identify
tailored therapeutic strategies based on a patient's cancer's molecular features. Over time, various machine learning techniques
have been applied to classify cancer subtypes using genomic data, such as gene expression profiles, methylation data, and
somatic mutations.

2.5.1. Traditional Approaches in Cancer Subtype Prediction

In previous research on cancer classification (subtype), major methods included hierarchical clustering, principal component
analysis (PCA), and unsupervised learning. This was done to the gene expression data using these methods to classify the
samples into subtypes according to gene expression similarities. One such example is the study by Greenacre et al. [31], which,
after performing hierarchical clustering of expression data for breast cancer genes, identified subtypes subsequently shown to
have varying prognostic and therapeutic implications. Although these techniques were useful for clustering cancer samples,
they struggled with high-dimensional data (an abundance of features and few samples) and may have overfit the data. In
response to these problems, researchers began using stronger machine learning models, particularly supervised learning
algorithms, which better supported high-dimensional data and provided greater generalisation [22].

2.5.2. Machine Learning Models for Cancer Subtype Prediction

Cancer subtype prediction has been performed using more sophisticated machine learning models, including Support Vector
Machines (SVM), Random Forests (RF), and Logistic Regression (LR). Specifically, SVMs are widely used for cancer
classification with high-dimensional data and even with small sample sizes. As a case example, Lu et al. [45] studied breast
cancer subtypes using SVM on gene expression data, and the results were quite good. Ensemble methods like random forests
have also gained popularity for their robustness and ability to handle a large number of features. Research papers such as those
by Chaudhary et al. [27] have shown that Random Forests can achieve high classification performance on cancer genomic data,
often surpassing that of conventional methods. Nevertheless, these models are effective for classification but may be difficult
to interpret, which is essential for understanding the biological mechanisms underlying cancer subtype differentiation. To curb
this, scholars have resorted to dimensionality reduction tools such as Principal Component Analysis (PCA), which, while
improving model interpretability, preserves model performance.

2.5.3. Dimensionality Reduction and Feature Selection

Dimension reduction algorithms such as PCA are a common method of data analysis in machine learning, as they make it easier
to work with gene expression data and help avoid overfitting. PCA is a method that attempts to convert the original variables
into fewer variables that capture the greatest variation in the data. Such components can be given to machine learning models.
A combination of PCA and machine learning models would address the generalisation and interpretability issues identified by
Meshoul et al. [39]. PCA will also reduce feature complexity when predicting cancer subtypes, thereby reducing the risk of
overfitting while retaining the most important biological drivers in the gene expression data. The usual practice in cancer
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classification has shifted to using PCA, SVMs, or random forests. As shown in a study by Flores et al. [24], the SVM + PCA
combination is highly effective for categorising lung cancer into subtypes. PCA was used to eliminate redundant features and
focus on the most informative ones.

2.5.4. Class Imbalance in Cancer Data

Class imbalance, an issue in cancer subtype prediction, is where some cancer subtypes are underrepresented in the data, leading
the model to predict the majority class. Several approaches, such as resampling methods (e.g., SMOTE - Synthetic Minority
Over-sampling Technique) and class-weight modulations in models such as SVM and Random Forest, have been employed to
address this. Sugianto and Wahyuningsih [9] proposed SMOTE, which has become the most popular method for class balancing,
creating synthetic examples of minority classes to balance the majority classes. The techniques enhance the model's
performance by providing a more balanced representation of the minority classes. Sakri and Basheer [40] used class balancing
and feature selection in gene expression data to improve the predictive performance for breast cancer subtypes, achieving
higher-quality metrics, such as F1-score and ROC-AUC, than in imbalanced data. Similarly, the issue of class imbalance needs
to be addressed when predicting the subtypes of BRCA and LGG cancers, as many of these cancers have far fewer samples.

2.5.5. Interpretability of Models in Cancer Subtype Prediction

Machine learning algorithms such as SVMs and Random Forests can also be useful for predicting cancer subtypes, which are
often considered black-box models [39]. This presents some difficulties in clinical use, where interpretability would be vital
for understanding how to increase or decrease cancer progression and respond to treatment. Explainable machine learning
methods, such as SHAP (SHAPIley Additive Explanations) and LIME (Local Interpretable Model-agnostic Explanations), have
been applied to enhance interpretability. Such methods provide insights into the premises of expert models by assigning a score
to each characteristic, indicating its contribution to the model outcome [35]. Nicora et al. [19] demonstrated the use of SHAP
values to interpret the predictions of Random Forest models in cancer classification, enabling researchers to identify which
genes have the greatest influence on predicting cancer subtypes. PCA itself can provide interpretability by summarising the
most important variance in the data, offering insights into which features (genes) contribute most to cancer subtype
differentiation [32].

3. Methodology
3.1. Research Design

This paper evaluates machine-learning strategies for omics data integration to predict LGG and BRCA cancer subtypes as a
supervised classification task. The design is deliberately simple and reproducible: I standardise preprocessing across datasets,
compare a small set of well-established integration families under the same splits, and use leakage-free model selection with
cross-validation. The goal is to produce a pipeline that is easy to implement but still aligns with best practices highlighted in
recent surveys. I restrict the comparison to three integration strategies that cover the main middle-fusion paradigms while
keeping engineering effort low:

e  Early-fusion regularised linear baseline (LR, SVM, and RF).
e PCA + simple classifier using (learn joint latent factors, then Logistic Regression).

3.2. Data Collection
I work with publicly available, anonymised omics data cohorts with labelled subtypes of LGG and BRCA, focusing on tasks
where each sample has at least one omics layer and a valid class label. This keeps the study within a single analytics domain

(supervised classification) and avoids biological interpretation:

e Include samples with a known subtype label for both LGG and BRCA cancer subtypes.
e  Exclude male samples from the BRCA dataset and zero columns.
e  Without labels, have only one class value; also specify the other class as 'other cancer' for the BRCA dataset.

Datasets are public and de-identified; there is no participant contact or intervention. All files and derived Tables are versioned,
and a simple data dictionary documents features per omic and any filtering steps.
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3.3. Preprocessing and Feature Engineering

To prevent leakage, every preprocessing step is fit within the training portion of each cross-validation split and applied to the
corresponding validation/test split, using saved parameters (Figure 1).
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Figure 1: Methodology for integrating machine learning for accurate cancer type prediction
3.3.1. Per-Omic Cleaning and Scaling

e Remove features with zero variance.
e  Winsorize extreme outliers (e.g., 0.5%/99.5%).
e Standardise each feature to zero mean/unit variance on the training fold; apply the same scaler to val/test.

Where batch variables are available, I prefer model-level robustness (representation learning) over heavy domain-specific

corrections. As a sensitivity check, I may compare it to a simple empirical-Bayes adjustment, while keeping the main pipeline
domain-agnostic.

3.3.2. Feature Filtering and Dimensionality Reduction

o Keep top-kkk features per omic by robust variance (or mutual information with the class) computed on training only.
e  For early-fusion baselines, optionally add PCA per omic (fit on training only) if feature counts remain very high.

3.4. Interpretability of Models

Interpretability in machine learning, especially in biomedical applications, is crucial for ensuring that the findings can be trusted
and understood by experts in the field. In this study, while classical machine-learning models such as Logistic Regression (LR),
Support Vector Machines (SVM), and Random Forests (RF) offer greater transparency than deep learning models, the high
dimensionality of gene-expression data poses challenges for feature interpretation. To address the challenges of high-
dimensional gene-expression data, PCA was used as a dimensionality-reduction technique to transform the dataset into a smaller
set of uncorrelated components, simplifying the analysis. PCA poses interpretability-related issues of its own: it produces
components that are linear combinations of the original features and are not directly related to any particular biological
characteristics. Although PCA can reduce the dimensionality and noise, it complicates the task of explaining the biological
meaning of each principal component. To enhance interpretability:

e Component Loadings: The loadings of the main constituents were used to identify the genes most related to each
component. The variables help identify the most important features (genes) in each of the main aspects and,
consequently, the classification as a whole.
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e Percentage of Explaining Variance: The percentage of variance explained by each principal component is reported,
providing information on how much of a biological signal (rather than noise) is explained by each component [31].

o Biological Significance: Another step is to cross-reference the top contributing genes of each major component with
known biological information or databases (e.g., Gene Ontology, KEGG pathways) to determine their biological
relevance.

e Visualisations: Biplots and loading plots were computed to enhance interpretability and demonstrate the contribution
of each principal component to model classification. These diagrams can be used to put into perspective the features
and elements that would influence the model's decisions.

3.4.1. Overfitting

Overfitting, especially with high-dimensional data such as gene expression data, is a frequent problem when the feature-to-
sample ratio is high. In this work, overfitting was observed in the baseline models (Logistic Regression, SVM, and Random
Forest), which performed well on the training data but significantly worse on the test data. This shows that the amount of noise
learned by the models was related to the noise and not the pattern. To fight overfitting, the following means were employed:

e Dimensionality Reduction: Principal Component Analysis (PCA) has been used to reduce the dataset's feature space,
retain the most significant variations, and eliminate noise and redundant features. This makes the model more general
by focusing on the most relevant information.

e  Cross-Validation: Cross-validation with splits of three or more was performed to assess the stability and performance
of the models across different data splits. This approach helps prevent overfitting, in which the model generalises
poorly across different subsets of the data and is overly affected by the training and test sets.

e Regularisation: In models such as Logistic Regression, L2 regularisation penalises large weights. This will also
prevent the model from accepting very minor variations in the data and will focus only on the most significant
features.

o Class Weights Adjustment: Class imbalance, especially across BRCA subtypes, was addressed by adjusting class
weights. This ensured that underrepresented subtypes received proper attention in the model, thereby increasing its
ability to categorise minority classes.

3.5. Model Training and Reproducibility
3.5.1. Languages/Libraries

e  Python, Scikit-learn (preprocessing, Logistic/SVM/RF, metrics), pandas, numpy.
e  Deterministic seeds for numpy/sklearn.
e All artefacts (scalers, PCA) are saved per fold for exact reproducibility.

These practices are repeatedly recommended in ML-centric omics overviews. I will use nested cross-validation to avoid
optimistic bias:

e  Accuracy, macro-F1, ROC-AUC, and confusion matrices with 20%, 30%, and 40% testing sizes.

e  All preprocessing (scaling, PCA, feature filters) is fit on the inner/outer training data only and applied to the
validation/test partitions using the stored parameters.

e  Repeat the outer CV with 3- and 5-fold splits across multiple random seeds to estimate variability.

In this study, nested cross-validation (CV) was applied to obtain unbiased estimates of model generalisation performance while
rigorously tuning hyperparameters, ensuring that hyperparameter selection and performance evaluation remain separate and
avoiding over-optimistic bias arising from overlapping tuning and testing data sets [42]. All data preprocessing steps (scaling,
PCA, and feature filtering) were executed exclusively within training partitions (inner or outer loops), then applied to validation
or test partitions using stored transformation parameters. This practice prevents data leakage from test or validation sets into
the preprocessing step, thereby preserving the integrity of model evaluation [42]. Multiple test-size splits (20%, 30%, 40%) to
variation in train/test partition affects performance metrics. For each split, researchers conducted cross-validation with both 3-
fold and 5-fold outer loops. The outer cross-validation was repeated multiple times with different random seeds to capture
variability in performance estimates due to random data partitioning. This repetition enhances robustness by evaluating how
sensitive the models are to different data splits. For each outer-fold test set, I recorded accuracy, macro-F1, ROC-AUC, and
confusion matrices. Assess both overall performance and class-level behaviour, which is particularly important in the presence
of class imbalance. Hyperparameter tuning was performed within the inner cross-validation loops. For each candidate model
(e.g., SVM, Random Forest, Logistic Regression), researchers searched over a grid of hyperparameters (e.g., C and kernel for
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SVM, regularisation strength for Logistic Regression, and the number of estimators for Random Forest). Researchers selected
the hyperparameter set that yielded the best average performance (macro-F1 or ROC-AUC) on the inner validation folds. Then,
researchers trained the model on the full outer training set with the selected hyperparameters and evaluated it on the outer test
set.

3.6. Hyperparameter Tuning

The model “Integration Learning” adds value to concatenate standardised per-omic features for intersection samples — train
Elastic-Net Logistic Regression and Linear SVM with class weights:

e Logistic Regression: C € {5}; panelty=11 ratio, solver="liblinear', max_iter=3000).
e SVM: kernel="linear', probability=True.
e RF:n estimators=100, random_state=42.

Ensuring the reproducibility of experiments is a cornerstone of reliable, transparent results in computational studies involving
machine learning. The reproducibility was maintained by ensuring that all steps in the data preprocessing pipeline, model
training, and evaluation were fully transparent:

e Controlled Data Preprocessing: Feature scaling and PCA were performed only on the training partitions to prevent
data leakage, ensuring that no test-set information influenced model training. The separation between training and
testing data is critical in maintaining valid performance estimates and preventing overestimation of model accuracy.

e Random Seed: To achieve accurate results, random seeds were fixed across all processes involving randomisation,
including cross-validation splits and model training, to ensure that each experiment run produces consistent results
regardless of external factors such as hardware or software variations. Constant random seeds would help replicate
the precise conditions and the outcomes postulated by the code for any given experimenter.

e  Model and Data Splits: Nested cross-validation was used to compare the model's performance across various data
splits. Not only does methodology help enable consistent assessment, but it also helps reduce the risk of overfitting,
as it offers a stronger defence against model performance across a wide range of data subsets. The reliability of the
results is also enhanced by using multiple train-test splits (e.g., 60/40%, 70/30%, and 80/20%).

o Hyperparameter Tuning: Hyperparameter tuning optimised the models to ensure they performed at optimal levels
while avoiding overfitting. For models such as Logistic Regression, Support Vector Machine (SVM), and Random
Forest (RF), hyperparameters such as regularisation strength (C for LR), kernel type (linear for SVM), and the number
of estimators (n_estimators) for RF were selected. Grid search and cross-validation were used to determine the
optimal parameter settings for each model. Regularisation and model complexity (for SVM and RF) influence
performance, and tuning these parameters improved generalisation to unseen data.

o Reproducibility of Model and Results: All model configurations, including hyperparameters, training setup, and
preprocessing steps, were stored and logged to ensure full reproducibility:

e  Model hyperparameters (C, max_iter, kernel)
e  Preprocessing (scaling, PCA transformations)

e Software environment used (versions of Python, scikit-learn, pandas)
e Training and validation data splits

These principles ensure that the study's results are not only valid and consistent but also independently verifiable, as the code,
data, and documentation for each experiment should be publicly available.

3.6.1. Risks and Mitigations

e High-p / Low-n Overfitting: Imbalanced classes verified by the CV method.
e Class Imbalance: Class-weighted loss and macro metrics.
e Compute/Time Limits: Heavier deep models are intentionally scoped out.

4. Implementation and Experiments
In this paper, the machine learning models were implemented, and the experimental setup for evaluating performance in

predicting cancer subtypes was described. Data processing, model training, cross-validation, and the tools and libraries used
throughout the experiments.
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4.1. Experimental Setup

The experiments were carried out in a Python environment, using popular libraries such as pandas, numpy, scikit-learn, and
matplotlib for data manipulation, model training, evaluation, and visualisation. The experiments were run on a local computer
using Python 3.8, and all required dependencies were managed with Anaconda to ensure consistent results across runs. The
model training and testing datasets were obtained from The Cancer Genome Atlas (TCGA) for LGG and BRCA cancer types.
This dataset has several subtypes according to clinical definitions; however, in this analysis, only gene expression data
(transcriptomic matrices) were considered, as other omics data were not included.

4.2. Data Preparation and Preprocessing
4.2.1. Data Import and Cleaning

The gene expression results were converted to a pandas DataFrame. Attributes (genes) with zero variance across all samples
were dropped, as they provided no useful information for classification. I also ensured that sample identifiers were properly
matched and corrected any errors to maintain the dataset's accuracy.

4.2.2. Handling Class Imbalance

Because the BRCA and LGG datasets were unbalanced (some subtypes had much fewer samples), I employed stratified
sampling when splitting the training and test sets. This ensured consistent class representation across splits, helping mitigate
bias and enhancing the model's fairness in training and evaluation.

4.2.3. Standardisation and PCA

I normalised the features by Z-scoring them to a common scale. I used Principal Component Analysis (PCA) to reduce the data
size thereafter. I chose the number of principal components to keep at least 95 per cent of the original variance, reduce noise in
the analysis, and make the analysis more effective.

4.2.4. Splitting the Data

Data was split into training and test sets to achieve different ratios (20 per cent, 30 per cent, and 40 per cent). This helped me
determine the effect of the training set size on the model's performance. I performed cross-validation (3- and 5-fold) after each
split to assess the strength and generalisation of the models. I used nested cross-validation to prevent overfitting and, at the
same time, ensure that hyperparameter tuning was not sensitive to model evaluation.

4.3. Model Selection and Training
4.3.1. Baseline Models
Three baseline models were for cancer subtype classification:

o Logistic Regression: A type of linear model that classifies data based on learned probabilities.

e  Support Vector Machine: It is a linear kernel classification model that is well-suited to high-dimensional data.

e Random Forest: It is an ensemble technique under which several decision trees are created to make classification of
data, and therefore, it is resistant to overfitting in small datasets.

For each baseline model, PCA was used as a preprocessing step to reduce data dimensionality. The PCA transformation was
fitted on the training data in each cross-validation fold, and the same transformation was applied to the test set to ensure.
Hyperparameters for each model were tuned using grid search combined with cross-validation. For Logistic Regression, the
regularisation parameter (C) was tuned; for SVM, both the regularisation parameter (C) and the kernel type were optimised.
For Random Forest, the number of trees (n_estimators) and maximum depth (max_ depth). The best-performing
hyperparameters, based on macro-F1 score and ROC-AUC, were used for final model training.

4.4. Evaluation Protocol

Some of the key metrics that were used to determine model performance were:

e Accuracy: This is the number of correct predictions made as compared to the number of predictions made.
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e  Macro-F1 Score: Since the dataset had an unequal class distribution, I utilised the macro-F1 score to ensure that all
classes, regardless of their frequency, were given equal weight in the model's performance.

e ROC-AUC: Area Under the Curve (ROC-AUC) was used to determine how effectively the model classifies the
classes.

e  Confusion Matrices: They were constructed to visualise each model's performance and are analysed at the subtype
level.

The cross-validation procedure was better structured, preventing any data leakage. The only preprocessing procedures, namely
scaling and PCA, were applied to the training sets at every iteration, but not to the test data, so the model was not fit to the test
data.

4.5. Experiment Reproducibility

To repeat the experiments, the researcher fixed the random seeds for all data splits, hyperparameter tuning, and model training.
This ensured that every experiment was carried out under the same conditions. All preprocessed data, trained models, PCA
components, and scaling parameters were stored and registered, allowing the experiments to be rerun. The experiments were
conducted within a controlled Python environment, and the entire setup was well documented, in keeping with the standards of
reproducible research.

4.6. Tooling and Libraries Used
The experiments were coded in Python, and they used the following libraries:

Pandas: The application of statistical operations.

Numpy: Numerical models and array models.

Scikit-Learn: To adopt the machine learning models, PCA, and cross-validation.

Matplotlib and Seaborn: Data visualisation, e.g., confusion matrices, ROC curves, and performance metrics.

The experiments involve simple machine learning models for predicting cancer subtypes using gene expression as input, with
PCA for dimensionality reduction and an extensive cross-validation strategy to achieve credible results. It was conducted to
determine the influence of PCA on model performance, class imbalance, and interpretability. These experiments will be
presented in the following paper and will report on each model's performance and the information obtained from the analysis.

5. Results and Discussion
5.1. Descriptive Analysis and Data Cleaning

The raw datasets for LGG and BRCA were first imported into Python. The unwanted variables, such as patient id, OS,
OS_days, clinical ajcc_pathologic tumor stage, and clinical clinical stage, were excluded from this study. The empty
columns from the 16375 input features of the LGG and BRCA dataset were removed. Then, all 16375 features from both the
BRCA and LGG datasets were standardised to improve prediction accuracy. The frequency distributions and descriptive
statistics, including minimum, maximum, counts, average, and standard deviation, for the demographic variables in both the
LGG and BRCA datasets were estimated. There were three types of LGG dataset: 66 Females had Astrocytoma, 50 had
Oligoastrocytoma, and 68 had Oligodendroglioma. Similarly, 77 males had Astrocytoma, 60 had Oligoastrocytoma, and 91 had
Oligodendroglioma. Most males had LGG disorders rather than females. The minimum age of the patients was 14 years, the
maximum was 87 years, with an average age of 42.92 years and a 13.36-year age gap among the patients for the LGG data
given in Table 1. Similarly, there were eight types of BRCA dataset, where 1 female had Infiltrating Carcinoma NOS, 573 had
Infiltrating Ductal Carcinoma, and 114 had Infiltrating Lobular Carcinoma, 5 had Medullary Carcinoma, 3 had Metaplastic
Carcinoma, 21 females had Mixed Histology, 11 had Mucinous Carcinoma, and 34 had other specified BRCA type disease.
Similarly, 8 males had Infiltrating Ductal Carcinoma, and 1 had other specified BRCA type disease. More males had LGG
disorders than females.

Table 1: Descriptive statistics of LGG data with gender and age

Disease Type Gender Total Measures Age
Female Male Minimum 14

Astrocytoma 66 77 143 Mean 42.92
Oligoastrocytoma 50 60 110 Maximum 87
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13.36
412

Standard deviation
Counts

Oligodendroglioma 68 91
Total 184 228

The minimum age of the BRCA patients was 26 years, the maximum was 90 years, with an average age of 57.85 years and a
13.29-year age gap among the patients, as shown in Table 2.

Table 2: Descriptive statistics of BRCA data with gender and age

Disease Type Gender Total Measures Age
Female Male Minimum 26
Infiltrating Carcinoma NOS 1 | Mean 57.85
Infiltrating Ductal Carcinoma 573 8 581 Maximum 90
Infiltrating Lobular Carcinoma 114 114 Standard deviation 13.29
Medullary Carcinoma 5 5 Counts 771
Metaplastic Carcinoma 3 3
Mixed Histology 21 21
Mucinous Carcinoma 11 11
Other, specify 34 1 35
Total 762 9 771
5.2. LGG Data Analysis

The empty columns in the LGG datasets were removed to improve data robustness and classification performance.
5.2.1. Risk Identification

The risk of LGG subtypes by age is shown in Table 3. The age variable was divided into three groups (<40, 40-59, and 60+) to
assess the risk of Astrocytoma, Oligoastrocytoma, and Oligodendroglioma among 412 patients.

Risk of LGG Subtypes by Age Group
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Figure 2: Risk of LGG subtype with respect to age group
The cross-tabulation of risks, with a chi-square value, shows that age and LGG subtypes are significantly related. The results
revealed that the highest proportion of Astrocytoma (38.6%) was observed among patients aged <40 years. Similarly, the highest
proportion of Oligoastrocytoma (45%) was found among 40-59-year-old patients.

Table 3: Risk identification of LGG subtypes by age group

Total

LGG type/Age

Astrocytoma

Oligoastrocytoma

Oligodendroglioma

Chi-Square

<40

76/197= (38.6%)

59/197 = (29.9%)

62/197 = (31.5%) 197

0.001
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40-59 52/160 = (32.5%) 36/160 = (22.5%) 72/160 = (45.0%) 160
60+ 15/55 = (27.3%) 15/55 = (27.3%) 25/55 = (45.5%) 55

Similarly, the highest proportion of Oligodendroglioma (45%) was found among patients aged 60+. The graphical presentation
of the risk of the LGG subtype by age group is shown in Figure 2.

5.2.2. Baseline Models with Cross-Validation

The baseline models were applied to different training/test partition sizes, such as 80%/20%, 70%/30%, and 60%/40%. The
accuracy rates, F1 macro, and ROC AUC for logistic regression (LR), SVM, and random forest (RF) on the training and test
datasets are shown in Table 4. All baseline models achieved 100% accuracy (F1-MARCO) and ROC-AUC on the training
datasets across the 80%/20%, 70%/30%, and 60%/40% data splits. But the baseline models achieved very low test accuracy.
Like the LR model achieved 56.60%, 52.40%, and 51.80% accuracy rates for each 80%/20%, 70%/30%, and 60%/40% data
sizes respectively. Similarly, the SVM model achieved 51.80%, 50%, and 55.10% accuracy rates for each 80%/20%, 70%/30%,
and 60%/40% data sizes respectively. Similarly, the RF model achieved 60.20%, 58%, and 56.90% accuracy rates for each
80%/20%, 70%/30%, and 60%/40% data sizes respectively. Overall, the baseline model did not achieve high accuracy on the
test datasets with the proposed parameters and also exhibited overfitting.

Table 4: Classification report of baseline models of training and testing data

Dataset Partition Logistic Regression SVM Random Forest
Partition 20% 30% 40% 20% 30% 40% 20% 30% 40%
Training Accuracy 1 1 1 1 1 1 1 1 1
Fl-macro 1 1 1 1 1 1 1 1 1
ROC-AUC 1 1 1 1 1 1 1 1 1

Testing Accuracy 0.566 0.524 0.527 0.518 0.5 0.551 0.602 0.580 0.569
Fl-macro 0.512 0.490 0.496 0.478 0.465 0.529 0.529 0.515 0.523
ROC-AUC 0.717 0.688 0.671 0.710 0.693 0.698 0.739 0.732 0.719

The baseline models were also assessed using 3- and 5-fold cross-validation. The cross-validation results are given in Table 4.
The LR, SVM, and RF models achieved average accuracies of 51.95%, 54.86%, and 56.80%, respectively, in 3-fold cross-
validation. Similarly, the LR, SVM, and RF models achieved average accuracies of 51.95%, 55.32%, and 58.72%, respectively,
across 5-fold cross-validation (Table 5).

Table 5: Cross-validation report of baseline models based on testing data

Number of Logistic Regression SVM Random Forest
Folds Average Average f1- Average Average f1- Average Average f1-
Accuracy marco Accuracy marco Accuracy marco
Folds | 3 51.95% 0.4725 54.86% 0.5191 56.80% 0.504
5 51.95% 0.466 55.32% 0.5257 58.72% 0.5165

5.3. Integrated Models

The integrated models were applied to different training/test partition sizes, such as 80%/20%, 70%/30%, and 60%/40%. The
accuracy rates, f1-macro, and ROC-AUC for LR+PCA, SVM+PCA, and RF+PCA on the training and test datasets are shown
in Table 6. The LR+PCA model achieved 71.70%, 72.60%, and 78.10% accuracies on the training data and 53%, 50.80%, and
55.20% accuracies on the testing data (80%/20%, 70%/30%, and 60%/40%), respectively. Similarly, the SVM+PCA model
achieved 82.10%, 82.20%, and 87.90% accuracies on the training data and 57.80%, 52.40%, and 55.20% accuracies on the
testing data (80%/20%, 70%/30%, and 60%/40%), respectively.

Table 6: Classification report of integrated models of training and testing data

Dataset Partition Logistic Regression + PCA SVM+PCA Random Forest + PCA

Partition 20% 30% 40% 20% 30% 40% 20% 30% 40%

Training Accuracy 0.717 0.726 0.781 0.821 0.872 0.879 1 1 1
F1-macro 0.693 0.709 0.762 0.814 | 0.863 | 0.866 1 1 1
ROC-AUC 0.881 0.893 0.911 0.836 | 0.871 0.838 1 1 1

Vol.1, No.4, 2025 222



Testing Accuracy 0.530 0.508 0.552 0.578 0.524 | 0.552 | 0.590 0.540 0.546
F1-macro 0.494 0.470 0.519 0.541 0.500 | 0.533 | 0.517 0.489 0.500
ROC-AUC 0.715 0.703 0.712 0.691 0.651 0.669 | 0.759 0.686 0.706

But the RF+PCA model achieved 100%, 100%, and 100% accuracies on training data, and 59%, 54%, and 54.60% accuracionn
testingdata data (80%/20%, 70%/30%, and 60% Overall, the integrated models achieved higher test accuracy than the testing
models, using the proposed parameters. The integrated models also reduce overfitting. The integrated models were also assessed
using 3- and 5-fold cross-validation. The cross-validation results are given in Table 6. The LR+PCA, SVM+PCA, and RF+PCA
models achieved average accuracies of 53.65%, 50.73%, and 57.04%, respectively, across 3-fold cross-validation. Similarly,
the LR, SVM, and RF models achieved average accuracies of 56.32%, 54.11%, and 50.43%, respectively, across 5-fold cross-

validation (Table 7).
Table 7: Cross-validation report of integrated models based on testing data
Number of Logistic Regression + PCA SVM+PCA Random Forest + PCA
Folds Average Average f1- Average Average f1- Average Average f1-
Accuracy marco Accuracy marco Accuracy marco
Folds 3 53.65% 0.4995 50.73% 0.5234 57.04% 0.5043
5 56.32% 0.5336 54.11% 0.4880 50.43% 0.5223

5.4. Confusion Matrix Comparison

Both baselines and integrated models for the LGG dataset were also compared using confusion matrices, where the diagonal

entries indicate the patients' correct predictions for the three LGG disease types.
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Again, the integrated models achieved higher prediction rates than the baseline models for LGG subtypes detection. The
detailed confusion matrices for both the baseline and integrated models are presented in Figures 3 and 4.
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Figure 4: Confusion matrices of integrated models with respect to different data sizes
5.5. BRCA Data Analysis

All male patients were excluded from the BRCA dataset; only include Infiltrating Ductal Carcinoma and Infiltrating Lobular
Carcinoma BRCA types. All others were classified as other specified BRCA disease due to class imbalance in the classifier
models. The empty columns in the BRCA datasets were removed to improve data robustness and classification performance.

5.5.1. Risk Identification

The risk of the BRCA subtypes by age is shown in Table 8. The age variable was converted into three classes (<40, 40-59, and
60+) to assess the risk of Infiltrating Ductal Carcinoma, Infiltrating Lobular Carcinoma, and Other. This analysis included 672
patients. The cross-tabulation of risks, with a chi-square value, indicates that age and BRCA subtypes are significantly related.
The results revealed that the highest proportion of Infiltrating Ductal Carcinoma (90%) was found among patients <40 years
old. Similarly, the highest rate of Infiltrating Ductal Carcinoma (76%) was found among patients aged 40-59 years.

Table 8: Risk identification of BRCA subtypes by age group

BRCA type/Age Infiltrating Ductal Infiltrating Lobular Other, specify Chi-Square
Carcinoma Carcinoma
<40 54/60 = 90.0% 0/60 = 0.0% 6/60 =10.0% 0.001
40-59 275/362 =76.0% 50/362 =13.8% 37/362 =10.2%
60+ 244/340 = 71.8% 64/340 = 18.8% 32/340 =9.4%

Similarly, the highest proportion of Infiltrating Ductal Carcinoma (71.8%) was found among patients aged 60+. The Infiltrating
Ductal Carcinoma breast cancer type has a higher risk in each age group of patients than other types. The graphical presentation

of the risk of BRCA subtypes by age group is shown in Figure 5.
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Figure 5: Risk of BRCA subtype with respect to age group
5.5.2. Baseline Models

The baseline models were applied to different training/test partition sizes, such as 80%/20%, 70%/30%, and 60%/40%. The
accuracy rates, fl-macro, and ROC-AUC for LR, SVM, and RF on the training and test datasets are shown in Table 9. All
baseline models achieved 100% accuracy (F1-MARCO) and ROC-AUC on the training datasets across the 80%/20%,
70%/30%, and 60%/40% data splits. But the baseline models achieved low test accuracy. Like the LR model achieved 83%,
78.10%, and 80% accuracy rates for each 80%/20%, 70%/30%, and 60%/40% data sizes respectively. Similarly, the SVM
model achieved 81.70%, 82.10%, and 80.30% accuracy rates for each 80%/20%, 70%/30%, and 60%/40% data sizes
respectively. Similarly, the RF model achieved 77.70%, 75.90%, and 78.80% accuracy rates for each 80%/20%, 70%/30%, and
60%/40% data sizes respectively. Overall, the baseline model achieved good accuracy on the test datasets with the proposed
parameters, but it also exhibited overfitting (Table 9).

Table 9: Classification report of baseline models of training and testing data

Dataset Partition Logistic Regression SVM Random Forest
Partition 20% | 30% 40% 20% 30% 40% 20% 30% 40%
Training Accuracy 1 1 1 1 1 1 1 1 1
Fl-macro 1 1 1 1 1 1 1 1 1
ROC-AUC 1 1 1 1 1 1 1 1 1
Testing Accuracy | 0.830 | 0.781 0.800 0.817 0.821 0.803 0.777 0.759 0.780
F1l-macro 0.611 | 0.554 0.585 0.622 0.622 0.576 0.389 0.387 0.426
ROC-AUC | 0.785 | 0.791 0.782 0.744 0.744 0.761 0.821 0.747 0.804

The baseline models were also assessed using a 3- and 5-fold cross-validation method on the BRCA dataset. The cross-
validation results are given in Table 8. The LR, SVM, and RF models achieved average accuracies of 81.50%, 78.74%, and
77.69%, respectively, using a 3-fold cross-validation method. Similarly, the LR, SVM, and RF models achieved average
accuracies of 82.03%, 80.19%, and 77.95%, respectively, across 5-fold cross-validation.

Table 10: Cross-validation report of baseline models based on testing data

Number of Logistic Regression SVM Random Forest
Folds Average Average f1- Average Average f1- Average Average f1-
Accuracy Marco Accuracy Marco Accuracy Marco
Folds 3 81.50% 0.8203 78.74% 0.5448 77.69% 0.4196
5 82.03% 0.6081 80.19% 0.5749 77.95% 0.5275
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5.5.3. Integrated Models

The integrated models were applied to different training/test partition sizes, such as 80%/20%, 70%/30%, and 60%/40%. The
accuracy rates, f1-macro, and ROC-AUC for LR+PCA, SVM+PCA, and RF+PCA on the training and test datasets are shown
in Table 10. The LR+PCA model achieved 86%, 87.40%, and 87.50% accuracies from training, and 81%, 79.40%, and 80.03%
accuracies from testing (80%/20%, 70%/30%, and 60%/40%) data sizes, respectively. Similarly, the SVM+PCA model
achieved 87.50%, 89.10%, and 88.80% accuracies on the training data and 80.30%, 78.60%, and 79.30% accuracies on the
testing data (80%/20%, 70%/30%, and 60%/40%), respectively. But the RF+PCA model achieved 100%, 100%, and 100%
accuracies on the training data and 77.10%, 77.20%, and 76.30% accuracies on the test data (80%/20%, 70%/30%, and
60%/40%), respectively. Overall, the integrated models achieved higher accuracy on the test datasets than the baseline models,
using the proposed parameters. The integrated models also reduce overfitting.

Table 11: Classification report of integrated models of training and testing data of BRCA

Dataset Partition Logistic Regression+tPCA SVM+PCA Random Forest+PCA
Partition 20% 30% 40% 20% 30% 40% 20% | 30% | 40%
Training Accuracy 0.860 0.874 0.864 0.875 0.891 0.888 1 1 1
F1-macro 0.693 0.706 0.685 0.688 0.718 0.717 1 1 1
ROC-AUC 0.882 0.881 0.879 0.865 0.850 0.859 1 1 1
Testing Accuracy 0.810 0.794 0.803 0.803 0.786 0.793 0.771 | 0.772 | 0.763
Fl-macro 0.569 0.546 0.550 0.49 4 0.519 0.533 0.404 | 0.387 | 0.369
ROC-AUC 0.766 0.758 0.791 0.774 0.756 0.769 0.830 | 0.732 | 0.762

The integrated models were also assessed using 3- and 5-fold cross-validation. The cross-validation results are given in Table
11. The LR+PCA, SVM+PCA, and RF+PCA models achieved average accuracies of 80.84%, 80.58%, and 76.64%,
respectively, using a 3-fold cross-validation method. Similarly, the LR, SVM, and RF models achieved average accuracies of
80.58%, 80.05%, and 77.69%, respectively, across 5-fold cross-validation (Table 12).

Table 12: Cross-validation report of integrated models based on testing data of BRCA

Number of Logistic Regression+PCA SVM+PCA Random Forest+PCA
Folds Average Average f1- Average Average f1- Average Average f1-
Accuracy marco Accuracy marco Accuracy marco
Folds 3 80.84% 0.5618 80.58% 0.5482 76.64% 0.3682
5 80.58% 0.5574 80.05% 0.5213 77.69% 0.3886

5.5.4. Confusion Matrix Comparison

Both baselines and integrated models for the BRCA dataset were also compared using confusion matrices, where the diagonal
entries indicate the number of patients correctly predicted for the three BRCA disease types.
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Figure 6: Confusion matrices of baseline models with respect to different data sizes

Again, the integrated models achieved higher prediction rates than the baseline models for BRCA subtypes detection. The
detailed confusion matrices for both the baseline and integrated models are presented in Figures 6 and 7.
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Figure 7: Confusion matrices of integrated models with respect to different data sizes
5.6. Comparison with Literature and Class Imbalance Considerations

In studies of cancer subtype classification using gene-expression data, researchers often face high dimensionality and class
imbalance. A recent review on machine learning for cancer classification showed that classical machine-learning methods
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remain competitive under such constraints [13]. For instance, a 2024 study on breast cancer gene-expression data applied
resampling methods and demonstrated improved performance of support vector machines and random forests when class
imbalance was addressed [18]. Another study integrating omics data (RNA-seq, copy number variation, methylation) compared
18 classifiers and tested several resampling strategies. Their results indicated that the Synthetic Minority Over-sampling
Technique often yielded the best balanced performance (accuracy, AUC, recall) across underrepresented classes [48]. More
recent work used explainable-ML techniques (SHAP, accumulated local effects) after feature selection to ensure both high
classification accuracy and interpretability of gene contributions [17]. Compared with these studies, the work uses
dimensionality reduction (PCA) before classification. This reduces the feature space while preserving most of the variance,
helping mitigate overfitting and instability. Class-imbalance handling through class-weighting (or alternate techniques)
parallels the resampling or cost-sensitive strategies seen elsewhere. However, many papers that report high accuracy also use
explicit resampling or hybrid feature-selection + model-based resampling + explainable ML pipelines. That suggests a potential
gap in approach: using PCA alone may not fully address imbalance effects on minority classes.

6. Conclusion

Using gene-expression data from LGG and BRCA datasets, the paper has critically evaluated the utility of classical machine-
learning regressions based on Principal Component Analysis (PCA) for classifying cancer subtypes. The main goal was to
explore dimensionality reduction using PCA to enhance the quality, strength, and understanding of the models, especially given
the constraints of high-dimensional genomic information and limited sample sizes. PA can potentially alleviate the problem of
overfitting, and the impact on increasing model performance in a complex environment had to be carefully scrutinised. The
study hypothesis was an independent hypothesis testing the claim that dimensional reduction would yield more generalizable
models. However, once more, this also raises the question of whether PCA is adequate for addressing these underlying issues
in genomic data, at least where the biological implications of the principal components are less evident. The study focused on
predicting cancer subtypes from gene expression data, and the models discussed included Logistic Regression, SVM, and
Random Forest. The models also performed better in generalisation when coupled with PCA, with the highest performance rate
recorded in the SVM+PCA model, which is the most accurate on the LGG and BRCA datasets. The results of the prediction
process indicated that SVM+PCA was a superior model compared to the reference models, achieving significant gains in
accuracy, macro-F1, and ROC-AUC. The metrics were used to determine the classification threshold and to achieve balanced
performance across subtypes, including those with fewer samples. This confirmed that subtype prediction in cancer was
effective and that PCA was necessary to improve the model's performance and address the high-dimensional data problem.

6.1. Model Performance

The findings showed that the baseline models (Logistic Regression, Support Vector Machines, and Random Forests) exhibited
some overfitting to the training data, but adding PCA improved model generalisation. The models perform well on unseen test
data when PCA is used. The best test accuracy on the LGG and BRCA datasets is achieved with SVM+PCA, compared to the
other models. In particular, SVM+PCA showed increases in macro-F1, ROC-AUC, and accuracy, suggesting that
dimensionality reduction reduced overfitting and decreased noise in the high-dimensional feature space. This emphasises the
effectiveness of PCA in enhancing model robustness. However, it also raises questions about finding the right balance between
dimension reduction and preserving sufficient biological signal in the data.

6.2. Class Imbalance Handling

One of the biggest problems in this study was class imbalance, especially in the BRCA dataset. This was solved, however,
through cross-validation and stratification, in which a sample population was split into folds with the same proportions of each
cancer subtype. This fact was reinforced by the use of macro-F1 and ROC-AUC metrics, which are better suited to handling
imbalanced datasets. Conversely, using accuracy alone would have been deceptive because of the unequal class distribution,
which should be taken into account when assessing model performance.

6.3. Reproducibility and Cross-Validation

Nested cross-validation was employed to prevent optimistic bias, and the processes of model tuning and performance evaluation
were carried out independently. The models were evaluated using a series of test-size splits (20%, 30%, and 40%) to assess
their stability across different splits. Multiple nested cross-validations with different random seeds yielded consistent results,
indicating the stability of the models and the reproducibility of the results. It has adhered to best practices to achieve a leakage-
free pipeline: all preprocessing (scaling, PCA, feature filtering) was performed within the training folds. It was a strategy to
ensure an unbiased assessment and reduce the risk of data contamination during model training.
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6.4. Interpretability

Another aspect highlighted in the study is the trade-offs in model interpretability when using PCA. Although PCA effectively
reduced dimensionality and improved generalisation, it led to interpretability problems because the principal components are
linear combinations of features that are not necessarily biologically meaningful. Nevertheless, assessing component loadings
and explained variance enabled us to relate the most significant components to genes of interest in cancer biology. The results
of this analysis provided interesting insights into the biological mechanisms that influence cancer subtype differentiation. They
helped clarify the factors that affect model predictions, even after data transformation via PCA.

6.5. Limitations and Future Work

Although PCA integration improved model performance, the study has weaknesses because it used single-omics gene
expression data. Future studies may improve this method by incorporating multi-omics data (e.g., genomics, methylation, and
proteomics), which may offer greater predictive power and deeper insight into the cellular processes underlying cancer.
Computational resources were also limited for using more complex models, such as deep learning, in the paper. High-
performance computing could provide useful insights, and its predictive capabilities could be enhanced for cancer subtypes.
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