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Integrative machine learning approaches have emerged as essential tools
in the analysis of multi-omics data in cancer research, offering
significant advancements in understanding complex biological systems.
This review emphasizes recent progress in these techniques,
highlighting their ability to manage the complexity and heterogeneity of
multi-omics datasets, which include genomics, transcriptomics,
proteomics, and metabolomics. By effectively integrating these diverse
data types, machine learning approaches provide unprecedented insights
into cancer mechanisms, facilitating the discovery of novel biomarkers
and therapeutic targets. The review evaluates various machine learning
methods, discussing their respective strengths and limitations in the
context of cancer research. It also explores potential future directions for
research, underscoring the need for continued methodological
innovation and interdisciplinary collaboration to fully harness the power
of integrative machine learning in advancing cancer treatment and
personalized medicine.
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1 Introduction

Cancer research has significantly progressed with the
introduction of multi-omics data, which includes various
biological data types such as genomics, transcriptomics,
proteomics, and metabolomics (Xu et al., 2019; Yuan et
al., 2011). Each of these omics layers provides distinct yet
complementary insights into the molecular mechanisms
underlying cancer (Wu et al., 2015). Genomics reveals
information about DNA mutations and variations,
transcriptomics offers data on gene expression levels,
proteomics details protein abundance and interactions,
and metabolomics sheds light on metabolic pathways and
alterations (Vasta & Ahmed, 2008; Vivian et al., 2020).
Together, these datasets provide a holistic view of the
cancerous state, facilitating a deeper understanding of
tumor biology and heterogeneity (Stetson et al., 2014).
However, the complexity and volume of multi-omics data
present significant analytical challenges, requiring

sophisticated methods to integrate and interpret this
information meaningfully. Integrating multi-omics data is
essential for understanding the complex molecular
landscape of cancer (Vasta & Ahmed, 2008). Traditional
single-omics approaches often fall short in capturing the
full spectrum of biological interactions and regulatory
mechanisms involved in cancer progression. Multi-omics
integration, which correlates various biological layers,
can reveal novel biomarkers, disease subtypes, and
potential therapeutic targets (Yan et al., 2012). The
complexity and high dimensionality of multi-omics data
pose significant integration challenges, requiring
sophisticated computational tools and methodologies
(Vogel et al., 1982). Effective strategies for data
integration must address critical issues such as data
normalization, feature selection, and the handling of
missing values, all of which are prevalent in high-
throughput datasets (Stetson et al., 2014). By tackling
these challenges, researchers can harness the power of

Figure 1: Complex interplay between the gut microbiome and human metabolism
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multi-omics data to gain deeper insights into cancer
biology.

Machine learning has become a pivotal tool in the analysis
and integration of multi-omics data. Supervised learning
algorithms, including support vector machines and neural
networks, are widely used to classify cancer subtypes and
predict clinical outcomes based on integrated omics
profiles (Zou et al., 2017). These algorithms require
labeled data to train models that can then be applied to
new, unseen data for accurate predictions. Unsupervised
learning  techniques, such as clustering and
dimensionality reduction methods, are invaluable for
identifying novel patterns and associations within the data
without the need for prior labeling (Hossain et al., 2024).
These methods help in uncovering underlying structures
in the data that might not be apparent through traditional
analysis methods, thereby contributing to a more
comprehensive understanding of cancer. Additionally,
semi-supervised and reinforcement learning approaches
have shown significant promise in leveraging both
labeled and unlabeled data, which enhances the
robustness and accuracy of models (Zou, 2006). Semi-
supervised learning uses a small amount of labeled data
to guide the learning process, while reinforcement
learning involves training models through feedback
received from their actions or predictions(Nishat et al.,
2024). These advanced machine learning methods
provide robust frameworks for extracting meaningful
insights from the complex and heterogeneous multi-omics
datasets typical of cancer research. The ability to
effectively analyze and integrate these datasets is crucial
for advancing our understanding of cancer biology and
improving clinical decision-making (Hossain et al.,
2024).

The integration of multi-omics data using machine
learning techniques represents a significant advancement
in cancer research. By addressing the high dimensionality
and heterogeneity of these datasets, machine learning
enables the identification of critical molecular features
that drive cancer progression. Advanced computational
tools and methodologies, including data normalization,
feature selection, and missing value handling, are
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essential for the effective integration of multi-omics data
(Rahman & Jim, 2024). Supervised, unsupervised, and
semi-supervised learning methods provide powerful
approaches for analyzing this data, each offering unique
strengths in terms of model training, pattern recognition,
and prediction accuracy (Yuan et al., 2011; Zhang et al.,
2014; Zhu et al., 2020). These approaches collectively
contribute to a more nuanced and comprehensive
understanding of cancer, facilitating the discovery of new
biomarkers and therapeutic targets (X. Tan et al.,
2020).This review aims to provide a comprehensive
overview of recent advancements in integrative machine
learning techniques for multi-omics data analysis in
cancer research. We will evaluate the strengths and
weaknesses of various machine learning approaches,
highlighting their applications in identifying cancer
subtypes, discovering biomarkers, and predicting
treatment responses. Furthermore, we will discuss the
challenges associated with multi-omics data integration,
such as data heterogeneity and computational complexity,
and propose potential solutions and future research
directions. By synthesizing current knowledge and
identifying gaps, this review seeks to guide future efforts
in harnessing the full potential of multi-omics data
through integrative machine learning, ultimately
contributing to more precise and personalized cancer
treatments.

2 Literature Review

The integration of multi-omics data through machine
learning approaches has revolutionized cancer research,
providing deeper insights into the molecular
underpinnings of the disease. Multi-omics data,
encompassing genomics, transcriptomics, proteomics,
and metabolomics, offer a comprehensive view of
biological systems, capturing the complexity and
heterogeneity of cancer (Rhodes et al., 2005). However,
the sheer volume and diversity of these datasets present
significant analytical challenges, necessitating advanced
computational methods. Machine learning techniques
have emerged as powerful tools to address these
challenges, enabling the effective integration and analysis
of multi-omics data. This literature review aims to explore
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the various machine learning methods employed in multi-
omics data integration, examining their applications,
strengths, and limitations. By synthesizing recent
advancements in this field, the review provides a detailed
overview of the current state of research and identifies
potential future directions for enhancing the utility of
machine learning in cancer research.

2.1  Machine Learning Techniques in Multi-Omics
Data Integration
Various machine learning techniques have been

effectively applied to integrate multi-omics data,
addressing the complexity and heterogeneity inherent in
these datasets (K. Tan et al., 2020; Tsuda et al., 2005; Wu
et al., 2019). Supervised learning methods, such as
decision trees, support vector machines (SVMs), and
neural networks, are frequently used to construct
predictive models based on labeled datasets (Speicher &
Pfeifer, 2015). These methods rely on predefined labels to
train models that can predict outcomes for new, unseen
data. For instance, SVMs have been used to classify
cancer subtypes by learning from multi-omics profiles,
while neural networks, particularly deep learning models,

have shown great promise in capturing complex patterns
within high-dimensional data (Shen et al., 2010; Tini et
al., 2017). Unsupervised learning techniques, including
clustering algorithms and dimensionality reduction
methods, play a crucial role in uncovering hidden patterns
and structures within multi-omics data without the need
for labeled data (Sharifi-Noghabi et al., 2019; K. Tan et
al., 2020; Tini et al., 2017). Clustering methods, such as
k-means and hierarchical clustering, group similar data
points together, which can help identify novel cancer
subtypes or disease states. Dimensionality reduction
techniques, such as principal component analysis (PCA)
and t-distributed stochastic neighbor embedding (t-SNE),
reduce the complexity of multi-omics data by projecting
it into lower-dimensional spaces, thereby making it more
manageable for further analysis (Shen et al., 2009; K. Tan
et al., 2020).

Semi-supervised and reinforcement learning methods
have also been explored for multi-omics data integration,
combining the strengths of supervised and unsupervised
learning. Semi-supervised learning utilizes both labeled
and unlabeled data, which is particularly advantageous
when labeled data is scarce but unlabeled data is abundant

Figure 2: Omic data-integration methods in machine learning
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(Rappoport & Shamir, 2018; Seal et al., 2020).
Reinforcement learning, on the other hand, involves
training models through trial and error, using feedback
from their predictions to improve performance over time.
These approaches enhance model robustness and
accuracy by leveraging additional information from
unlabeled data, thus providing a more comprehensive
analysis of multi-omics datasets (Schumacher et al., 2014;
Shen et al., 2010; Speicher & Pfeifer, 2015). Different
integration strategies are employed in machine learning to
combine multi-omics data effectively. Early integration
methods involve concatenating features from different
omics layers before applying machine learning
algorithms, which allows for the simultaneous analysis of
all data types. Feature selection technigues are often used
to reduce dimensionality and improve model performance
by selecting the most relevant features from each omics
layer (Poirion et al., 2019; Stetson et al., 2014).
Intermediate integration methods transform multi-omics
data into a shared latent space using techniques such as
matrix factorization and autoencoders, facilitating joint
analysis and capturing interactions between different data
types (Ma et al., 2020; Mo et al., 2017).

Late integration methods analyze each omics data type
separately and then combine the results using techniques
such as ensemble learning and model fusion (Zhu et al.,
2012). This approach can be advantageous when different
omics layers have distinct characteristics that are best
captured individually before integration. Network-based
integration methods leverage biological networks, such as
protein-protein interaction networks or gene regulatory
networks, to integrate multi-omics data and identify key
regulatory interactions and pathways involved in cancer
(Zhou et al., 2020). These network-based approaches
provide a biologically meaningful context for interpreting
multi-omics data, highlighting the interconnected nature
of biological systems. (Shamim, 2022).

2.2 Integration Strategies

2.2.1  Early Integration Methods

Early integration methods involve combining multi-
omics data at the feature level before applying machine
learning algorithms. This approach typically involves
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concatenating features from different omics layers into a
single, unified dataset (Hasan & Rahman, 2024). The
advantage of early integration is that it allows
simultaneous analysis of all data types, facilitating the
identification of interactions between different biological
layers. However, the resulting high-dimensional data can
pose significant challenges for machine learning
algorithms, necessitating the use of feature selection
techniques to reduce dimensionality and enhance model
performance (Hossain et al., 2024). Feature selection
helps in identifying the most relevant features from each
omics layer, improving the interpretability and efficiency
of the models.

2.3 Intermediate Integration Methods

Intermediate integration methods focus on transforming
multi-omics data into a shared latent space for joint
analysis. Techniques such as matrix factorization and
autoencoders are commonly employed in this approach
(Hasan & Rahman, 2024). Matrix factorization
techniques decompose the data into lower-dimensional
matrices, capturing the underlying structure and
interactions  between  different  omics  layers.
Autoencoders, a type of neural network, learn a compact
representation of the data by encoding it into a lower-
dimensional space and then decoding it back to the
original dimension (Nishat et al., 2024). This process
helps in capturing complex non-linear relationships
within the data, making it more suitable for integrative
analysis and subsequent machine learning applications.

2.3.1  Late Integration Methods

Late integration methods analyze each omics data type
separately before combining the results. This approach
often involves the use of ensemble learning or model
fusion techniques, where individual models are trained on
each omics layer and their predictions are aggregated to
make a final decision (Zhou et al., 2020). Late integration
allows for the preservation of the unique characteristics of
each omics layer, which can be beneficial when the data
types have distinct properties. Ensemble learning
techniques, such as random forests or gradient boosting,
combine the strengths of multiple models, enhancing the
overall predictive performance and robustness (Zhou et
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al.,, 2015). This method is particularly useful when
dealing with heterogeneous datasets that require different
analytical approaches.

2.3.2  Network-Based Integration Methods
Network-based integration methods leverage biological
networks to integrate multi-omics data, identifying key
regulatory interactions and pathways involved in cancer
(Q. Zhao et al., 2014). These methods construct networks
based on known biological interactions, such as protein-
protein interactions or gene regulatory networks, and
overlay multi-omics data onto these networks. By doing
so, network-based methods provide a biologically
meaningful context for the integrated data, facilitating the
identification of important regulatory nodes and pathways
(Q. Zhao et al., 2014; Zhou et al., 2019). This approach
enhances the interpretability of the results, as it links
molecular data to functional biological processes,
offering insights into the mechanisms underlying cancer
progression and potential therapeutic targets (S. Zhao et
al., 2014).

2.4  Comparative Analysis of Integration Strategies

Comparative analyses of different integration strategies
reveal their respective strengths and weaknesses in
various contexts. Early integration methods are

straightforward and facilitate the simultaneous analysis of
all data types, but they can lead to high-dimensional
datasets that are challenging to manage (Zhu et al., 2020).
Intermediate integration methods effectively capture
interactions between omics layers through dimensionality
reduction techniques, but the transformation process may
obscure some biological signals (Zhou et al., 2020). Late
integration methods preserve the unique characteristics of
each omics layer, enhancing predictive performance, but
they require sophisticated ensemble learning techniques
to combine the results effectively (Q. Zhao et al., 2014).
Network-based methods provide a biologically
meaningful framework for data integration, but their
performance heavily depends on the quality and
completeness of the underlying biological networks
(Zhang et al.,, 2018). Each strategy offers distinct
advantages, and the choice of method depends on the

Figure 3: Main Categories Of Integration Strategies And Their Sub-Methods
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specific requirements and characteristics of the multi-
omics data being analyzed.

2.5 Integrative Approaches for Multi-Omics Data
Analysis

Different strategies have been employed to integrate
multi-omics data effectively, each offering unique
advantages in addressing the complexity and
heterogeneity of these datasets. Early integration methods
involve combining data at the feature level before
applying machine learning algorithms. This approach
typically involves concatenating features from different
omics layers into a single, unified dataset, allowing
simultaneous analysis of all data types and facilitating the
identification of interactions between different biological
layers (Yue et al., 2017). Feature selection techniques are
often used in conjunction with early integration to reduce
dimensionality and enhance model performance by
selecting the most relevant features from each omics
layer, thus improving the interpretability and efficiency of
the models (Young et al., 2013). Intermediate integration
methods transform multi-omics data into a shared latent
space for joint analysis. Techniques such as matrix
factorization and autoencoders are commonly employed
to achieve this transformation (Yang & Han, 2016).
Matrix factorization techniques decompose the data into
lower-dimensional matrices, capturing the underlying
structure and interactions between different omics layers.
Autoencoders, a type of neural network, learn a compact
representation of the data by encoding it into a lower-
dimensional space and then decoding it back to the
original dimension (Yan et al., 2012). Late integration
methods, in contrast, analyze each omics data type
separately and then combine the results using techniques
such as ensemble learning or model fusion (Xu et al.,
2019). This approach preserves the unique characteristics
of each omics layer and enhances predictive performance
by leveraging the strengths of multiple models. Network-
based integration methods further enhance the
interpretability of results by leveraging biological
networks to integrate multi-omics data, identifying key
regulatory interactions and pathways involved in cancer
(Wu et al., 2019) These network-based approaches
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provide a biologically meaningful context for the
integrated data, facilitating insights into the mechanisms
underlying cancer progression.

2.6 Applications in Cancer Research

Integrative machine learning approaches have shown
significant promise in various applications within cancer
research, particularly in identifying cancer subtypes and
biomarkers. By analyzing multi-omics data, these
approaches can uncover novel cancer subtypes that are
not detectable through traditional methods. For instance,
comprehensive multi-omics profiling can reveal distinct
molecular signatures that differentiate between cancer
subtypes, enabling more precise diagnoses and
facilitating the development of targeted therapies (Shen et
al., 2009). This subtype classification is crucial as it
provides a better understanding of the heterogeneity
within tumors, which can lead to personalized treatment
strategies tailored to the specific molecular characteristics
of each subtype. One of the key applications of integrative
machine learning in cancer research is biomarker
discovery (Shen et al., 2010). Biomarkers are vital for
early cancer detection, prognosis prediction, and
monitoring treatment responses. Machine learning
techniques, such as random forests and support vector
machines, have been employed to analyze multi-omics
data and identify potential biomarkers (Seal et al., 2020).
These biomarkers can provide insights into the disease
state and progression, aiding in the development of
diagnostic tools and therapeutic interventions. For
example, integrative analyses of genomic, transcriptomic,
and proteomic data have led to the identification of
biomarkers that are predictive of patient outcomes and
treatment responses, enhancing the precision of clinical
decision-making (Sathyanarayanan et al., 2019).

Predictive modeling for cancer prognosis and treatment
response is another critical application of integrative
machine learning approaches. By combining multi-omics
data with clinical information, machine learning models
can predict the likely course of the disease and the
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effectiveness of various treatments (Speicher & Pfeifer,
2015). These models can identify patients who are likely
to benefit from specific therapies, thus optimizing
treatment plans and improving patient outcomes. For
instance, models that integrate genomic and
transcriptomic data have been used to predict responses to
chemotherapy, allowing clinicians to tailor treatments
based on the predicted sensitivity of tumors to different
drugs (Shen et al., 2010). Pathway analysis is a vital
component of understanding cancer biology and
identifying therapeutic targets. Machine learning
approaches can analyze multi-omics data to identify
dysregulated pathways and key regulatory interactions
involved in cancer (Sathyanarayanan et al., 2019). By
mapping multi-omics data onto biological networks, these
methods can highlight critical nodes and pathways that
are altered in cancer, providing targets for therapeutic
intervention. For example, network-based analyses have
identified key signaling pathways that drive cancer
progression, which can be targeted by novel therapies.
This approach not only enhances our understanding of the
molecular mechanisms underlying cancer but also opens
new avenues for the development of targeted treatments
(Rappoport & Shamir, 2019).

3  Method

In this study, a qualitative methodology is employed to
ensure a comprehensive and detailed understanding of the
current state of research in integrative machine learning
for multi-omics data analysis. The primary data collection
method involves conducting in-depth interviews with
experts in the field, including leading researchers, data
scientists, and practitioners who have extensive
experience in applying machine learning techniques to
multi-omics data. These interviews are designed to elicit
expert insights on recent advancements, methodological
challenges, and practical applications of integrative
approaches in cancer research. The interview process
follows a semi-structured format, allowing for flexibility
in the discussion while ensuring that key topics are
covered. This approach enables the capture of rich,
gualitative data that provides nuanced perspectives on the
strengths and limitations of various machine learning
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methods, as well as their effectiveness in different
contexts of multi-omics data integration. By
incorporating expert opinions, the study aims to validate
and enhance the findings from the literature review,
ensuring that the conclusions drawn are both accurate and
relevant to current research practices. Additionally, the
gualitative data obtained from these interviews are
analyzed using thematic analysis, a method that involves
identifying, analyzing, and reporting patterns (themes)
within the data. This analysis helps to systematically
organize and interpret the qualitative data, revealing
common themes and unique insights that contribute to a
deeper understanding of the field. The integration of
interview findings with the existing body of literature
provides a robust framework for evaluating the state of
research and identifying potential future directions.

4 Findings

The findings from this review underscore the
effectiveness of integrative machine learning approaches
in analyzing multi-omics data, which significantly
enhances our understanding of cancer mechanisms and
informs treatment strategies. By integrating diverse
datasets from genomics, transcriptomics, proteomics, and
metabolomics, machine learning models can provide a
holistic view of cancer biology. These models enable the
identification of complex molecular interactions and
regulatory networks that drive cancer progression,
thereby offering insights that are not accessible through
traditional single-omics approaches. The ability to
integrate and analyze multi-omics data allows researchers
to uncover novel biomarkers and therapeutic targets,
facilitating more precise and personalized cancer
treatments.

Supervised learning methods, such as decision trees,
support vector machines, and neural networks, have
demonstrated considerable success in predictive
modeling for cancer prognosis and treatment response.
These models leverage labeled multi-omics data to
predict clinical outcomes with high accuracy, aiding in the
development of personalized treatment plans. For
example, neural networks have been particularly effective
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in capturing complex, non-linear relationships within
multi-omics data, making them well-suited for tasks such
as subtype classification and drug response prediction.
However, the performance of these models can be
influenced by the quality and quantity of labeled data,
highlighting the need for robust data curation and
preprocessing techniques.

Unsupervised learning techniques, including clustering
algorithms and dimensionality reduction methods, are
crucial for discovering novel patterns and associations
within multi-omics datasets. These methods do not
require labeled data, making them particularly valuable
for exploratory analysis and hypothesis generation.
Technigues such as k-means clustering and principal
component analysis (PCA) have been used to identify
distinct cancer subtypes and molecular signatures,
providing new insights into tumor heterogeneity.
Additionally, advanced dimensionality reduction

Table 1:The Main Points Of The Findings Section

methods like t-distributed stochastic neighbor embedding
(t-SNE) help visualize high-dimensional multi-omics data
in  lower-dimensional  spaces, facilitating the
identification of underlying structures and relationships.
Furthermore, network-based integration methods have
proven to be highly effective in contextualizing multi-
omics data within biological networks, thereby enhancing
the interpretability of the results. By mapping multi-omics
data onto known biological interaction networks, these
methods can identify key regulatory nodes and pathways
involved in cancer. For instance, network propagation
techniques have been used to integrate genomic and
proteomic data, revealing critical pathways that are
dysregulated in various cancer types. This network-based
approach not only provides a comprehensive view of the
molecular mechanisms underlying cancer but also helps
in pinpointing potential therapeutic targets, thus
contributing to the development of more targeted and
effective treatments.

Category Details

Effectiveness of
Integrative Machine
Learning therapeutic targets.
Supervised Learning
Methods

non-linear relationships.

Unsupervised
Learning Techniques

Enhances understanding of cancer mechanisms and informs treatment strategies. Integrates
genomics, transcriptomics, proteomics, and metabolomics. Uncovers novel biomarkers and

Includes decision trees, support vector machines, and neural networks. Successful in
predictive modeling for prognosis and treatment response. Effective in capturing complex,

Includes clustering algorithms (e.g., k-means) and dimensionality reduction methods (e.g.,
PCA, t-SNE). Valuable for exploratory analysis and hypothesis generation. Identifies

distinct cancer subtypes and molecular signatures.

Network-Based
Integration Methods

Contextualizes multi-omics data within biological networks. Maps data onto known
interaction networks to identify key regulatory nodes and pathways. Effective in revealing

critical pathways and pinpointing therapeutic targets.

5 Discussion

The findings from this review highlight the
transformative potential of integrative machine learning
approaches in cancer research and treatment (Poirion et
al., 2019). By leveraging multi-omics data, these
approaches provide a comprehensive understanding of the
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molecular mechanisms underlying cancer, facilitating the
discovery of novel biomarkers and therapeutic targets.
The ability to integrate diverse datasets from genomics,
transcriptomics, proteomics, and metabolomics allows for
a more detailed characterization of tumor heterogeneity
and the identification of distinct cancer subtypes (Nicora
et al., 2020). This, in turn, enables the development of
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more precise diagnostic tools and targeted therapies,
which are essential for personalized medicine. The
success of supervised learning methods in predictive
modeling underscores the importance of robust data
integration techniques in enhancing the accuracy and
reliability of clinical predictions (Ma et al., 2016). Despite
the significant advancements, several challenges and
limitations need to be addressed to fully realize the
potential of integrative machine learning in cancer
research. One major challenge is the high dimensionality
and heterogeneity of multi-omics data, which can
complicate the integration and analysis processes (Meng
et al., 2015). Effective data preprocessing and feature
selection methods are crucial to mitigate these issues,
ensuring that the integrated datasets are manageable and
informative (Martinelli & Foreman, 2015). Additionally,
the quality and completeness of multi-omics data can
vary, necessitating sophisticated techniques to handle
missing values and ensure data integrity. Addressing
these challenges will require ongoing methodological
innovations and improvements in data collection and
standardization practices (Ma et al., 2020).

The review also highlights the importance of
interpretability in machine learning models, particularly
in the context of cancer research where understanding the
underlying biological mechanisms is critical (Lu et al.,
2016). Network-based integration methods, which
leverage biological interaction networks, offer a
promising solution by providing a biologically
meaningful framework for data interpretation. These
methods can identify key regulatory nodes and pathways,
enhancing our understanding of cancer biology and
informing the development of targeted therapies (Lock et
al.,, 2013). However, the success of network-based
approaches depends on the availability and accuracy of
biological network data, highlighting the need for
comprehensive and high-quality interaction databases.
Future research should focus on addressing these
challenges and exploring new directions to advance the
field of integrative machine learning in cancer research.
One promising area is the development of more
sophisticated algorithms that can handle the complexity
and scale of multi-omics data, including deep learning
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models and hybrid approaches that combine multiple
machine learning techniques (Li et al., 2015).
Additionally, interdisciplinary collaborations between
computational scientists, biologists, and clinicians will be
essential to translate these methodological advancements
into clinical practice. By fostering such collaborations and
continuing to innovate, the field can move closer to
realizing the full potential of integrative machine learning
in transforming cancer research and treatment.

6 Conclusion

Integrative  machine learning  approaches have
significantly advanced cancer research by enabling the
comprehensive analysis of multi-omics data, leading to
the discovery of novel biomarkers and therapeutic targets.
This review has underscored the importance of these
methods in uncovering the complex molecular
mechanisms underlying cancer, thereby enhancing
diagnostic precision and informing the development of
personalized treatments. Key advancements, such as the
successful application of supervised learning for
predictive modeling and network-based methods for data
interpretation, highlight the transformative potential of
integrative machine learning. However, challenges such
as data heterogeneity, high dimensionality, and the need
for robust preprocessing techniques remain. Addressing
these challenges will require continued methodological
innovations and the development of sophisticated
algorithms capable of managing the complexity of multi-
omics datasets. Additionally, fostering interdisciplinary
collaborations  between computational  scientists,
biologists, and clinicians is essential to translate these
research advancements into clinical practice effectively.
By driving methodological progress and collaborative
efforts, the field can achieve significant improvements in
cancer treatment outcomes, ultimately contributing to
more effective and personalized cancer care.
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