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Cancer is a genetic disease driven by somatic mutations, with a subset of these mutations acting as drivers to promote tumorigenesis. Identifying and validating
these driver mutations is essential for understanding cancer biology and developing targeted therapies. With the explosion of genomic data from large-scale sequencing
projects, computational approaches have become indispensable tools for analyzing these data, predicting functional mutations, and distinguishing driver mutations from
passengers. This review provides an overview of key computational methods for cancer mutation analysis, including variant calling, driver mutation identification, machine
learning, and network-based approaches. It discusses current challenges, the application of these methods, and future directions, emphasizing the integration of multi-
omics data and Artificial Intelligence (Al) to drive advancements in cancer research and personalized medicine.

Introduction

Cancer arises from the accumulation of somatic mutations
in the genome, which can disrupt critical cellular pathways and
drive tumorigenesis. While the majority of these mutations
are ‘passenger mutations’ that do not contribute to cancer
progression, a smaller subset are ‘driver mutations’ that confer
a selective growth advantage to cancer cells. Identifying and
validating these driver mutations is pivotal for unraveling the
molecular mechanisms underlying cancer and for developing
precision therapies [1].

The TP53 and ATM genes are essential for the development
of cancer, and their mutations have substantial implications
for DNA repair mechanisms and tumor suppression. The TP53
gene, often referred to as the “guardian of the genome,”
encodes a tumor suppressor protein responsible for DNA
repair, apoptosis, and cell cycle regulation. Similarly, ATM
encodes a serine/threonine kinase critical for the DNA Damage
Response (DDR) pathway. Mutations in these genes are
frequently observed in various malignancies, such as lung
cancer, and serve as biomarkers for diagnosis, prognosis,
and therapy [2]. This mini-review provides a comprehensive

examination of these genes, with a focus on variant calling,
driver mutation identification, network-based approaches,
structural bioinformatics, pan-cancer analysis, machine
learning predictions, and non-coding mutations. We explore
how these elements contribute to our understanding of cancer
genomics and their potential for therapeutic targeting.

The advent of high-throughput sequencing technologies
and large-scale genomic initiatives, such as The Cancer Genome
Atlas (TCGA) and the International Cancer Genome Consortium
(ICGC), has generated vast amounts of cancer genomic data
[3]. Computational approaches have emerged as powerful
tools for analyzing these datasets, enabling the identification
of driver mutations, assessing their functional impact, and
exploring their role in cancer biology [4]. This review presents
a comprehensive overview of the computational methods used
in cancer mutation analysis, their current applications, and
future directions.

Methods
Variant calling and annotation

The first step in cancer mutation analysis involves
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identifying somatic mutations from Next-Generation
Sequencing (NGS) data. Widely used tools such as GATK
(Genome Analysis Toolkit) and VarScan facilitate variant
calling by detecting mutations in raw sequencing data. Once
identified, mutations are annotated using tools like ANNOVAR
and Ensembl VEP, which provide functional predictions,
clinical relevance, and insights into mutation consequences on
gene expression and protein function [5].

Accurate variant calling requires careful consideration of
the cancer type and study design. For example, GATK is widely
used for its robust handling of high-depth sequencing data,
while MuTect2 is preferred for its sensitivity in detecting
low-frequency mutations in heterogeneous tumor samples
[4]). Resources like the Cancer Genome Atlas (TCGA) and the
Catalogue of Somatic Mutations in Cancer (COSMIC) provide
guidelines and benchmarks for tool selection based on cancer
type and sequencing platform [3,6]. Additionally, the choice
of annotation tools should consider the specific biological
questions being addressed. For instance, ANNOVAR is well-
suited for clinical annotation, while Ensembl VEP excels in
functional prediction and pathway analysis [4,7].

Driver mutation identification

A critical challenge in cancer genomics is distinguishing
driver mutations from passenger mutations. Tools such as
MutSigCV, OncodriveCLUST, and IntOGen identify significantly
mutated genes and driver mutations by analyzing mutation
clustering patterns, recurrence across samples, and their
functional impact on tumorigenesis [4].

These tools differ in their underlying algorithms and
applications. MutSigCV uses a statistical model to identify
genes with more mutations than expected by chance,
making it suitable for large-scale pan-cancer studies [4].
OncodriveCLUST focuses on identifying mutations that cluster
in specific protein domains, which is particularly useful for
studying oncogenes [8]. IntOGen integrates multiple data
types, including mutation frequency and functional impact
scores, to prioritize driver mutations [9]. The choice of tool
depends on the study’s focus: MutSigCV for broad discovery,
OncodriveCLUST for domain-specific insights, and IntOGen for
integrative analysis.

Machine learning and deep learning

Machine Learning (ML) methods have become increasingly
effective in predicting the functional impact of mutations.
Classical models like random forests and Support Vector
Machines (SVMs) leverage features such as protein structure,
evolutionary conservation, and gene expression profiles.
More recently, deep learning models have shown remarkable
promise [3].

For instance, random forests are effective for handling
high-dimensional data and identifying non-linear
relationships, while SVMs excel in classifying mutations based
on their functional impact [4]. However, deep learning models,
such as those developed by Poplin, et al. [5], outperform
traditional ML methods by capturing complex patterns in large

datasets [7]. These models integrate genomic, transcriptomic,
and proteomic data to improve mutation prediction accuracy,
making them particularly valuable for personalized cancer
therapy [4].

Network-based approaches

Network-based tools such as HotNet2 and DawnRank
analyze mutations within the context of biological networks
(e.g., protein-protein interaction networks) to identify
mutation hotspots and dysregulated cellular pathways [4].

The integration of network data enhances the identification
of critical signaling pathways by revealing interactions between
mutated genes and their functional partners. For example,
HotNet2 identifies subnetworks with significant mutation
enrichment, while DawnRank ranks genes based on their
influence within the network [10]. These approaches provide
a more holistic understanding of cancer biology compared
to gene-centric methods, uncovering potential therapeutic
targets that might otherwise be overlooked [11].

Structural bioinformatics

Understanding the impact of mutations on protein
structure and function is crucial for cancer research. Structural
bioinformatics tools like FoldX, Rosetta, and I-Mutant predict
how mutations may disrupt protein stability, folding, or
interactions [12].

The functional impact of particular alterations is clarified
through structural analysis of TP53 and ATM mutations. The
visualization and modeling of protein structures are facilitated
by tools such as PyMOL and SWISS-MODEL [13]. ATM mutations
can impair kinase activity, resulting in deficient DDR signaling,
while certain missense mutations in TP53 destabilize its DNA-
binding domain [4]. Recent studies have demonstrated these
findings [5].

Results and discussion
Pan-cancer analysis of driver mutations

Large-scale cancer projects like TCGA and ICGC have
enabled the identification of common and unique driver
mutations across different cancer types [4].

Recent initiatives such as the Pan-Cancer Analysis of Whole
Genomes (PCAWG) and the Clinical Proteomic Tumor Analysis
Consortium (CPTAC) have expanded our understanding of
tumor heterogeneity. PCAWG, for example, has identified non-
coding driver mutations and structural variants across 2,658
cancer genomes, while CPTAC integrates proteomic data to link
mutations to functional protein changes [6]. These resources
provide valuable datasets for cross-cancer comparisons and
the identification of shared therapeutic targets [4].

Machine learning for mutation prediction

Machine learning models have been widely applied to
predict the functional consequences of cancer mutations [4].
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For instance, Tokheim, et al. [14] developed machine
learning models that predict the functional impact of mutations
on protein structure, while Poplin, et al. [5] demonstrated
how deep learning models improve mutation detection
accuracy. These models outperform traditional methods by
integrating multi-omics data and capturing complex biological
relationships, offering new insights into cancer biology and
personalized therapy [4,8].

Non-coding mutations

Recent attention has shifted towards non-coding
mutations, which include mutations in promoters, enhancers,
and other regulatory regions [9].

Non-coding regions, which were previously regarded as
genomic “dark matter,” are now more widely acknowledged for
their involvement in cancer. Gene expression can be disrupted
by mutations in regulatory elements, including enhancers and
promoters [3]. FunSeq2 and FATHMM-MKL are tools that
are intended to identify potentially pathogenic non-coding
mutations [4]. However, the functional significance of these
mutations remains difficult to interpret due to the limited
number of annotations [7].

Conclusion

The identification and validation of cancer mutations
using computational approaches have revolutionized our
understanding of cancer biology. Leveraging large-scale
genomic datasets, advanced computational methods, and
interdisciplinary collaboration, researchers are uncovering
novel driver mutations that could lead to the development of
targeted therapies. The integration of multi-omics data and AI-
driven tools offers exciting opportunities for advancing cancer
research and improving patient outcomes. Moving forward,
computational approaches will continue to play a pivotal role
in personalizing cancer treatments, ultimately leading to more
effective and tailored therapeutic strategies.

Cancer research continues to be fundamentally influenced
by mutations in TP53 and ATM, which provide valuable insights
into therapeutic targeting and tumorigenesis. It is imperative to
combine computational methods with experimental validation
in order to advance personalized cancer treatments. Future
research should concentrate on the integration of multi-omic
data and the utilization of advanced AI techniques to gain a
more profound understanding of cancer genomics.
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