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ABSTRACT

Cancer is a genomic disease or a disease of genetic accumulation where genetic and genomic changes that alter the
normal cellular activities and signal pathways are accumulated. Recent developments in high-throughput sequencing
technologies have provided the ability to generate mass cancer genomic results to present new possibilities in
systematic occurrence and explanation of cancer-related genomic variations. Nevertheless, the dimensionality,
heterogeneity, and complexity of these datasets are very high and thus become a big challenge to the traditional
analytical techniques. This paper presents a hybrid big data analytics and explainable machine learning model that
can be applied to the prediction and biological explanation of the presence of cancer-related genomic variations.
Large-scale cancer genomic datasets publicly available were examined to obtain and annotate genomic variants, and
feature-engineered to represent gene-level as well as pathway-level features. Machine learning models that were
supervised to work on variations related to cancer and overall genomic patterns over the background were trained.
To increase interpretability, explainable artificial intelligence methods were used to measure the effect of the
contribution of each genomic feature to the model predictions. The findings reveal that all the three proposed
frameworks satisfy strong predictive power with the accuracy of about 89% on the validation datasets and at the
same time, they reveal important genome variations associated with biologically relevant genes and cancer-related
pathways. The explainability analysis also outlines the molecular mechanisms related to tumor genesis that have
provided the predictive models with biological validity. Altogether, this paper combines explainable machine
learning with scalable analytics based on ascertainable big data to offer an understandable and biologically-founded
method to analyse genomic data on cancer. The suggested model has a potential value when it comes to accuracy in
oncology applications and could help to pursue translational cancer research using a better insight into cancer-
related genomic variations.

Key words: Cancer genomics, Genomic variations, big data analytics, Explainable machine learning, precision
oncology
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INTRODUCTION

The development of cancers is due to the cumulative genes change called advantageous selection that gives cells an
upper hand over growth and results in an uncontrolled growth, invasion, and resulting metastasis. Such changes
comprise single-nucleotide mutations, additions and degradations, changes in the number of copies and structural
rearrangements that impact tumour suppressor genes, oncogenes, and critical regulatory pathways. Extensive
discovery and analysis of the cancer-related genomic changes is thus critical to the study of tumour biology as well
as to the generation of effective diagnostic, prognostic, and therapeutic measures. The use of next-generation
sequencing technologies has led to the appearance of monumental amounts of cancer genomic data produced by
thousands of samples of patients. Open sources like The Cancer Genomes Atlas and the Gene Expression Omnibus
have extensive genomic and transcriptomic data on various types of cancers and allow the methodical study of the
tendencies of genomic variation. Their vast dimensionality, heterogeneity, and complicated structure however makes
conventional analytical techniques of statistical and rules tools extremely challenging as they do not frequently have
the potential to represent nonlinear interactions among genomic features (Cruz & Wishart, 2006; Shi and Zhang,
2011).

The capabilities to model high-dimensional feature spaces and find hidden patterns in a variety of complication
genomic data have made machine learning techniques effective tools to analyse the difficult genomic data. Machine
learning has also found extensive use in cancer research in mutation classification, cancer subtype predictions,
survival, and drug response modelling (Cruz & Wishart, 2006; Menden et al., 2013; Li et al., 2021). According to
recent reviews, there is also the increased application of machine learning to cancer prediction and diagnosis, when
integrating genomic and transcriptomic data (Sharma and Rani, 2021). Although they are predictively successful, a
number of state-of-the-art models are black-box type models which give little understanding of the biological
processes that underlie their predictions. Interpretability is a significant drawback to the application of machine
learning in cancer genomics since biological insights and clinical confidence are necessary to make decisions in
precision oncology (Charpe Prasanjeet Prabhakar & F Rahman, Trans, 2025). Explainable machine learning
methods have hence become the subject of growing interest as a remedy to this issue of offering clear explanations
about how models work and finding potentially influential genomic features. Explainable models can be used to
connect predictive results to particular genes and pathways to ensure that the result is interpretable biologically and
competitive (Rajan.C, & M.Karpagam, 2025).

Although this has been changing recently, the current literature investigated either predictive accuracy or
interpretability separately and very seldom combines scalable big data analytics and explainable machine learning
within one system to analyse cancer genomic variation. In this regard, the current research suggests a hybridised big
data analytics and explainable machine learning model in the predictive identification of cancer-related genomic
variations. The goal is to come up with an interpretable and scalable model that does not only perform highly on
prediction but also offers biological reflections on important genes and pathways that are involved in cancer hence
the gaps in methodologies evident in the current cancer genomics studies. As far as we know, it is one of the first
studies to bring scalable big data analytics and explainable machine learning together in a framework synthesised
and tailored expressly to the specific task of detecting cancer-related genomic variants predictably and biologically
interpreting this data.

RELATED WORK

High-throughput sequencing technologies have resulted in massive characterization of genomic variations related to
cancer, thus making huge improvements in cancer genomics. Extensive control and public repositories have enabled
the systematic study of large-scale somatic mutations, copy changes and gene expression pattern of different types
of cancers. These articles have found significant correlations between reproducible changes in genomic alterations
and oncogenic pathways, which have given attention to genomic variation analysis as key to learning about tumour
initiation, progression, and responses to therapy (Shi & Zhang, 2011). Historical methods of computational analysis
of genomic information on cancer have been generally based on statistical association analyses and bioinformatics
rule-of-thumb pipelines to find significant mutations and perturbed genes. Although effective in the process of
identifying high-frequency genomic events, these methods frequently have difficulty in model or latent interactions
in high-dimensional genomic data in which nonlinearity tends to be significant. This makes them limited in their
usability to study large-scale and heterogeneous genomic data on cancer (Cruz & Wishart, 2006).
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In order to counter these issues, machine learning methods have been extensively implemented in cancer genomics
studies because they can represent complicated interactions among genomic features. Support-vector machines,
ensemble-based methods, and deep learning architectures are the examples of supervised learning methods that have
proved promising performance in the classification of cancer subtypes, mutation discovery, prediction of survival,
and modelling drug responses (Vanitha et al., 2015; Danaee et al., 2017; Xiao et al., 2018; Menden et al., 2013).
Less recent but also addressing the same topics, dimensionality reduction and selection of informative features are
explored in more recent research to predict better in cancer related classification problems (Liu et al., 2017; Kabir et
al., 2023; Dass et al., 2023). Most machine learning models used in cancer genomics have been successful as
predictors, but are black-box systems and, as such, provide little biology-level understanding of the mechanism
behind the prediction. This inability to be interpreted is a major challenge of biological validation and clinical
adoption when it has to be used in precision oncology because it is important to have knowledge of how certain
genes and pathways contribute to the challenge. According to the recent reviews, it is emphasised that
interpretability is one of the main drawbacks of machine learning-based cancer prediction studies (Sharma and Rani,
2021; Li et al., 2021).

To address this shortcoming, explainable machine learning methods have become an ever more popular trend in
cancer genomics studies. The methods of explainability allow discovering the important genomic features and also
help to interpret model choices on a biological dimension. Recent works have also shown the prospect of
explainable models to not only show biologically relevant genes and pathways but also retain a competitive
predictive accuracy of the model in cancer classification and gene expression analysis (Karim et al., 2019; Ramirez-
Mena et al., 2023). Even with these improvements, the existing research tends to work on predictive performance or
interpretability, and the studies can be isolated and they cannot be scaled when using large and complex genomic
data. In addition, less knowledge has been researched on how the integration of big data analytics and explainable
machine learning can be operationalized in a single framework that is specifically tailored to predictive discovering
of cancer-linked genomic variations (Sumit Ramswami Punam, & Pushplata Patel, 2025). The gap that the current
research fills is that scalable data processing with explainable machine learning methods can be used to achieve
similar levels of predictability and biological decipherable information on cancer genomics. In contrast to the deep
learning-based gene identification method of Danaee et al. (2017), which is mostly concerned with the predictive
accuracy of results, and the explainable-oriented paradigm of the study by Karim et al. (2019), which does not
directly discuss the scalability of big data analytics, the current study offers scalable big data analytics along with
explainable machine learning in a single framework to obtain both the robust prediction and the biologically
meaningful analysis of the gene variation of cancer.

MATERIALS AND METHODS

Figure 1 illustrates the overall workflow of the proposed hybrid big data analytics and explainable machine learning
framework, highlighting the major stages from genomic data acquisition to the identification of cancer-associated
genomic variations.

Figure 1. Overview of the proposed hybrid big data analytics and explainable machine learning framework for
cancer-associated genomic variation detection

Figure 1 provides the general scheme of the proposed methodology in which the basic step is the acquisition of the
large-scale genomic data in the form of the TCGA and GEO repositories, followed by the quality control and
annotation of the variants. Before machine learning modelling, multi-level extraction of features at variant, gene,
and pathway levels is done. Machine learning methods that can be explained are thereafter used to determine
biologically meaningful genomic features and this results in detection and interpretation of cancer-related genomic

variations.

Genomic Data Collection
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Publicly available repositories and The Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO)
yielded large-scale cancer genomics data that has been well-curated using high-throughput sequencing technology.
TCGA datasets were accessed to derive somatic mutation profile and related clinical annotation with all cancer
samples, and GEO datasets were accessed to supplement available information regarding gene expression. The data
gathered included genomic variation profile of cancer tumour samples, and other relevant clinical metadata (cancer
type and sample identifiers). To guarantee the reliability of data and consistency in the analytic process, the analysis
used only samples that contain complete genomic records, sufficient sequence depth, and annotated with high
quality. Sample chi-square. Usage. Samples containing a high ratio of missing values, low cover or questionable
clinical data were dropped to ensure the sample is robust in subsequent analyses. Overall, the data included in the
analysis were genomic data on several thousand samples of tumours of various types, which was good enough to

train and evaluate their models and provide a high-quality evaluation.

Genomic Data (TCGA, GEO)

Variant Annotation (ANNOVAR,
Quality Contro VEP)
Variant-Level Features Gene-Level Features Pathway-Level Features
Machine Learning Models

Biological Interpretation

Feature Importance Analysis

A 4

Cancer-Associated Genomic Variations

Preprocessing and Variant Annotation of Data

Raw genomic variation data were obtained in the TCGA were preprocessed in a variety of steps before analysis.
Filtering of variant call format (VCF) files based on standard quality control criteria were used to filter out
sequencing artifacts, variants with low confidence, and eliminate redundant variants. Accordingly, genomic variants
were then annotated by relying on existing bioinformatics tools, including ANNOVAR and the Ensembl Variant
Effect Predictor (VEP), to map variants to genes, coding and non-coding regions and any known cancer-associated
locus. To describe the possible biological effect of each variant e.g. synonymous mutation, nonsynonymous
mutation and frameshift mutation, the functional annotations were added. Normalization of gene expression datasets
in GEO was performed with standard methods of normalization to avoid component variability caused by technical
differences across samples and make them comparable to each other. This tumblr pipeline and preprocess involved
processing and annotating raw genomic data into structured and biologically interpretable features used in
integrative analysis.

Feature Engineering and Analytics with Big Data

The cancer genomic data is both high-dimensional and high-dimensionality so feature engineering has been done to
make informative attributes on various levels of the biology. Features of variants-level described mutation
phenomena, rate, whereas gene-level data described overall variation burden of individual genes. Pathway-level
features were also obtained by combining the information on the genes in terms of the known biological pathways
available in the form of curated pathway databases. Scalable large-scale big data analytics models were used to
handle and process high volumes of data, where parallel processing of data and effective use of memory were
achieved. This strategy guaranteed large cancer genomic datasets computational feasibility and scalability.

3.4 Development of the machine learning models
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Trained machine learning algorithms were created that can differentiate the cancer-related changements in the
genome compared to the background changes in the genome. Classifiers that were examined are the widely used
random forest and gradient boosting models, both of which are effective in high-dimensional genomic data and
intricate interactions between features. The constructions of labelled datasets were made in accordance with known
cancer associated annotations recovered completely on curated databases. Various machine learning models were
tested to obtain different relationships in the data, and the training of models was done with stratified data division
in order to minimize sampling bias. Optimization Hyper parameter tuning was performed through systematic
approaches to optimization to find the best model configurations. The measurement of predictive performance was
conducted on conventional classification measures to make sure that the selected models were solid with respect to
robustness and generalizability.

Analysis of Explainable Machine Learning

To mitigate the drawbacks of interpretability of the traditional machine learning models, the explainable machine
learning approaches were used on the learned predictive models. The contribution scores and feature importance
were calculated in order to determine the impact of single genomic features on their prediction in the model. These
analyses of explainability made it possible to pinpoint major variations of genome, genes, and biological pathways
that helped in the classification. The resultant explanations were investigated in a biological framework to determine
a conformity with established cancer-causing mechanisms, and those published genomic associations, which

increased the translational applicability of the presented framework.

RESULTS

Predictive Performance of the Proposed Framework

The hybrid big data analytics and explainable machine learning model that was suggested displayed good predictive
quality in detecting cancer related genomic changes. The standard classification metrics were used to evaluate the
model on validation datasets and model performance was consistent and strong. The findings indicate that the
trained models performed continuously across varying data partitions indicating the generalizability and less
sensitivity to an unequal data partition. Table 1 shows a comparative summary of metrics of predictive performance,
i.e., accuracy, precision, recall and Fl-score. The performance demonstrated indicates the capability of the
suggested framework to genome intricate genomic patterns related to differences regarding cancer-related variations.
The findings affirm that multi-level genomic features combined with machine learning models can be useful to
identify biologically significant variation signatures.

Table 1. Predictive performance of the proposed hybrid big data analytics and explainable machine learning

framework
Metric Value
Accuracy (%) 88.6
Precision (%) 87.9
Recall (%) 89.2
F1-score (%) 88.5
Matthews Correlation Coefficient (MCC) | 0.77

Identification of Key Genomic Variations

In addition to predictive precision, the explainable analysis has made it possible to identify a set of genomic
differences with large contribution scores. The analysis through feature attribution identified that a small number of
variants were always prevalent and regular across samples when predicting a model. The high-impact variants were
mostly found to be mapped to genes that had been previously described to be having significant roles during cancer-
related biological processes. Figure 2 shows the scores of feature importance between variant-level features as well
as those of genes. The findings suggest that cancer related genomic changes are more likely to be concentrated in
genomic regions that are biologically relevant, a finding that indicates the biological realisticness of the model
results. This analysis based on interpretability gives greater transparency to model decision-making and also helps in
the biological verification of computational predictions.
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Figure 2. Feature importance analysis of cancer-associated genomic variations using explainable machine
learning

A dot plot that demonstrates the relative importance scores of the selected genomic characteristics found using the
explainable machine learning framework is shown in Figure 2. The scales of the variant-level and gene-level
features by the contribution to the prediction of the model are highlighted as well as important mutations and genes
concerned with the biological processes of cancer.

Gene- and Pathway-Level Interpretation

The offered explainable framework at the gene and pathway level was used to point out molecular pathways in the
relevant oncogenic processes such as cell cycle regulation, DNA repair mechanisms, and signal transduction
pathways. Such pathways are generally identified to be some of the key causes of tumour growth and development.
The commonest identified genes and pathways identified are summarized in Table 2, and their odds of relative
enrichment in each of the genomic features are plotted in Figure 3. The cancer-related pathways enrichment shows
that the framework is not based only on predictive patterns and the biologically significant signals are captured in
accord with the existing knowledge of cancer genomics. This multi-level interpretability makes the offered approach
stronger in terms of its translational relevance.

Table 2. Representative genes and enriched biological pathways identified through explainable machine learning
analysis

Gene | Associated Pathway | Biological Relevance

TP53 Cell cycle regulation Tumor suppressor involved in DNA damage response
BRCAI1 | DNA repair Maintains genomic stability via homologous recombination
KRAS Signal transduction Oncogene regulating cell proliferation and survival

EGFR Growth factor signaling Promotes tumor growth and metastasis

ATM DNA damage response Coordinates DNA repair and cell cycle checkpoints
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Figure 3. Pathway-level enrichment analysis of cancer-associated genomic features

Figure 3 presents a heat map that represents the score of the enrichment of major cancer-related biological pathways
with variant-level and gene-level genomic properties. Greater color intensity implies more pathway association
demonstrating the role of cell cycle control, DNA repair as well as signaling pathways in the cancer-related genomic
variation.

DISCUSSION

The findings of this paper show that the combination of big data analytics and explainable machine learning allows
to conduct successful and interpretable analysis of large volumes of cancer genomic data. In contrast to traditional
black-box machine learning designs, the suggested framework is transparent since it explicitly reveals genomic
features, genes, and pathways that lead to predictive results. Biological insight and clinical confidence in the
accuracy of these applications of oncology require this interpretability. Previous machine learning-based studies in
cancer genomics have utilised both gene expression and genomic variation data to predictively identify cancer
through a variety of personalised approaches that are equally likely to be applicable to the study being discussed
(Purcell, 2015). It has been previously shown that machine learning is useful in predicting and classifying cancer,
which works are capable of doing with predictive accuracy but provide little to no biological explanations. By
contrast, explainability and performance are placed at the forefront in the present study and can allow making
meaningful biological conclusions about cancer-related genomic changes. The identification of genes and pathways
involved in control of cell cycles, repairing of DNA and signalling cascades agrees with reported cancer biology in
previous genomic studies. This fact aligns with earlier research and confirms the biological usefulness of the
proposed framework and shows the possibility of its application to the production of hypotheses and the discovery
of biomarkers in cancer genomics. Although these strengths have been noted, there are several limitations that must
be mentioned. There is the risk of biassed data through the dependence on publicly available datasets due to sample
composition, sequencing platform, and clinical heterogeneity. Also, the analysis is done with the single-modality
genomic data that might not be complete in understanding the complexity of cancer biology. The future studies will
use a combination of multi-omics, also integrating clinical outcomes over the course of time, by assessing the results

using experiment or clinical trials to predict the results further and increase the strength and translational feature.

CONCLUSION

The paper introduces a propose big data analytics and elucidable machine learning framework to predictive identify
cancer-related genomic variations relying on the large-scale cancer genomic data. This allows the detection of
reliable biologically relevant genomic variations, genes and molecular pathways linked to cancer development
through the proposed approach in a way that allows scaling of data processing and understanding of the machine
learning models. In comparison to classic black-box models, the framework is more explainable, which makes it
possible to interpret predictive results in a biologically relevant way. The findings show that the multi-level feature
representation and explainable analysis is effective in obtaining oncogenic signals of the cell cycle regulation, DNA
repair, and signal transduction pathways. The results have shown that the suggested framework both fully delivers
high-quality predictive capabilities and has insights that are consistent with the current understanding of cancer
genomics, which increases its translational applicability to precision oncology applications. The study is limited in
some way even though it is effective. The discussion based on publicly available genomic datasets and concerns
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mostly data consisting of a single modality that may not be fully used in cancer biology analysis. Further study will
focus on the expansion of the framework to multi-omics data integration such as epigenomics and proteomic data
and the addition of clinical outcome prediction and experimental validation. It is anticipated that such extensions
will enhance the strength, interpretability and clinical utility of the proposed approach.
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