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1. Introduction

Oncology patient treatments are now oriented towards precision medicine. A patient
with a cancer diagnosis may receive a personalized regimen based on the molecular
composition of their tumor. The reason for this lies in the dissimilarity among individual
tumors, implying that the most efficacious treatment must also be personalized. New
and improved models, such as machine learning, must be used for the accurate
determination of a treatment with little outcome variation or toxicity. This is particularly
accurate for the field of oncology, where gathering statistics from countless biological,

clinical, and patient-independent reasons is difficult.

In the treatment of cancer patients, there is an unmet requirement for the utilization of
sophisticated methods, given the complexity of the dataset, the promising grounds in
cancer care, and the acute clinical demand. In both pediatric and adult cancer, there has
been a huge genome annotation industry where numerous cancer genomes have been
sequenced, and cancer genes have been categorized as driver genes or inherited
susceptibility genes. The priority now is to integrate data analysis technologies into
therapeutic development and care. Indeed, dedicating computational scientists,
bioinformaticians, and biostatisticians in cancer centers and oncology laboratories is
standard clinical best practice around the world. Here, many aspects of such dedicated
investigation facilities will be discussed, interconnecting beyond clinical genomics from
the informatics and IT perspective. It is indispensable to smooth the process of
integrating outcomes into the clinical workflow. With the exponential growth of
molecular data generated from omics profiling, practical and clinical outcomes must be
combined in order to convey a unique project that mixes the best medical clinical

operation with innovative computational techniques.
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1.1. Overview of Precision Medicine in Oncology

An important aspect of recent research work is focused on the identification and
profiling of patients with altered pathways or whose molecular makeup identifies
specific cancer subtypes. Although several dedicated studies can be found, few
systematic works exist. The identification of subtypes with a combination of high-
throughput molecular data and efficient feature selection and machine learning
methodology can reveal a new profiling of patients. An overview route for exploring
this application domain is available for the development of knowledge extraction
frameworks capable of guiding in this task. This could use various data types and
employ machine learning algorithms or tests for classification, clustering, or feature

selection.

1.1. Overview of Precision Medicine in Oncology Precision medicine consists of
healthcare with prospective methods and treatment strategies specifically tailored
biologically, genetically, and by patients' specific characteristics. Tailoring therapy to the
individual has the potential to increase treatment efficacy for people who stand to
benefit and spare patients potential adverse side effects. Identification of genetic
alterations that drive the development and spread of disease and/or confer treatment
resistance provides oncologists with insights into potential drug targets for individual
patients. Existing developments show that patient care can be tailored towards
additional factors, like lifestyles, treatment histories, personal and family medical
history, tumor localization, stage, and so on. Old therapies were one-size-fits-all
approaches to treatment, no matter if two patients had very different tumors. Interest in
precision medicine has increased since the early 2000s, when the completion of the
Human Genome Project led to the identification of the faulty genes and proteins that
contribute to different forms of cancer. It is now possible to use this information to
design more effective and specific therapies for individual patients. Tumors themselves
are not uniform and can be made up of several different types of cells. This diversity is
known as heterogeneity. For instance, a single breast cancer tumor can contain over one

hundred different cell populations.

1.2. Role of Machine Learning in Precision Medicine
Machine learning methods have become an essential part of precision medicine

advancements. Scientists and physicians can use machine learning to uncover patterns
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and gain new insights from vast and complex data sets that would otherwise go
untouched. Machine learning focuses on developing predictive analytic models to
provide a deeper understanding of the ever-growing volume of medical data. The
identified patterns and predictions can then be used to develop patient-driven
treatments that are more common today. One of the key contributions of machine
learning to precision medicine is data-driven decisions that are beneficial for clinicians.
One area of critical improvement in machine learning progress is oncology—using
computational approaches to analyze genomics, proteomics, and other omics for
identifying cancer pathophysiology, predicting cancer, exploring new drug targets,

finding combination drugs, and predicting drug response.

Machine learning technology provides better analytics compared to classical analysis,
handling and processing large volumes of data by learning and finding patterns in that
data, which can be used to generate insights and predictions. It can also handle different
data types easily, such as the multicancer data set. Additionally, the application of
machine learning provides a shift from data to clinical and translational research, such
as metastasis prediction and novel gene discovery. It can handle the dynamic variations
in cancer, disease types, progression, and differences between patients. The progress in
the development of computer science makes developing many machine learning
algorithms more flexible and capable of addressing setbacks. Emerging techniques are
capable of analyzing various data types to achieve more precise predictions. Through
this data, oncology scientists can better understand biology and hence optimize
medicine as well. Machine learning is applied for various applications in oncology,
including biomarker and target discovery, therapy response and adverse effect
prediction, and clinical decision support. Researchers have succeeded in developing

models that forecast the onset of cancer or the opportunity for involvement.

2. Genomic Data in Precision Oncology

Precision oncology leverages multiple 'omic approaches for delineating predictive and
prognostic biomarkers, and multiple high-throughput approaches are radically
changing both the biological landscape of cancer and the ways in which this research is
conducted and analyzed. Genomic information represents one of the fundamental
components in the landscape that leads to understanding the biological basis of cancer

and the patient's potential response to specific therapies. Indeed, besides variants that

Journal of Science & Technology (JST)
ISSN 2582 6921
Volume 6 Issue 4 [July - August 2025]
© 2025 All Rights Reserved by The Science Brigade Publishers


https://thesciencebrigade.com/?utm_source=ArticleFooter&utm_medium=PDF
https://thesciencebrigade.com/jst/?utm_source=ArticleFooter&utm_medium=PDF

affect protein functions and that are actionable targets for approved drugs, other
alterations in the DNA sequence, like structural variations, can indeed guide therapy
recommendations. Different kinds of 'omic information, both alone and in combination
with the genomic landscape, can be, on the one hand, exploited to uncover pathways
that are altered in the tumor to better stratify patients, and, on the other hand, to outline
gene signatures that can be used in the clinic for predicting drug response, recovery, and
relapse. In addition, the genetic intra-tumor heterogeneity of most cancers reflects the
uniqueness of each person's disease, can significantly contribute to survivorship, and
emphasizes the need for globally precise treatment. In the genomic field, multi-omic
data can be exploited to define the so-called synthetic lethality. This approach identifies
vulnerabilities that result from the combined effect of gene alterations, untargetable
individually, concerning two specific genes and exploiting co-expression or co-
retirement between them. Such a genome-based approach offers precision medicine
opportunities for patients with common malignancies to significantly individualize their
treatment with the goal of maximum efficacy and minimum side effects. Practical
cooperation between genomics experts and oncologists has the potential advantage to
face both the dynamics that tumors acquire during their progression and the patient's
needs throughout the course of his or her illness. This new 'omic revelation, which also
reveals new possibilities, has also been producing new problems from the beginning of
its development by even changing the definition of the disease itself. However, although
the systems biology approach to dynamic treatments is also effective at this stage, it also
points to some gaps in clinical follow-up as the precise functions and significances of the
protein-based clinical practices needed for follow-up have turned out to mostly be

poorly understood in real-life conditions.

2.1. Types of Genomic Data Used in Precision Oncology

Subtypes of genomic data used in precision oncology

As discussed in the previous section, a cancer tumor can be comprised of cells
containing different types of mutations and biological pathways driving cancer
development. The current precision oncology clinical practice primarily revolves around
the detection of these alterations and the use of that information to form a treatment
plan. Different types of genomic data can be correlated with drugs and stratify the

patients based on their tumor biology, allowing for prediction of treatment outcomes. In
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this chapter, we divide the genomic data-based approaches for precision medicine in

oncology into four categories.

About 10 years ago, research began on next- or second-generation sequencing of cancer
DNA, mainly focusing on three specific genes: EGFR, KRAS, and BRAF. At this time,
EGFR mutations were thought to be prevalent in North American and European lung
cancers in non-smokers. This information would lead to a biopsy of the tumor for the
specific purpose of testing for the EGFR mutation. Should they test positive, the patient
would be put on oral medication with a high chance of a marked response. If the test
were negative, they would not be put on this drug. For many cancer subtypes, over five
different genes have become standard-of-care tissue tests to guide treatment choices.
While it is common to hear of "comprehensive genomic profiling" of cancers, multiple
barriers prevent this from becoming commonplace at the time of diagnosis for all cancer

subtypes.

2.2. Challenges and Opportunities in Genomic Data Analysis

Precision oncology calls for comprehensive analysis of genomic data to guide clinical
decision-making. Key challenges exist in translating raw genomic data into downstream
results impacting patient treatment. Different types of genomic datasets have varying
levels of quality, and the tests used to generate them, as well as the regions profiled, are
inconsistent. The complex nature of the data necessitates multiple resources for data
analysis and interpretation. Only a portion of the genomic data collected is currently
used for clinical decision-making. Currently available interpretation tools often provide
too much data and are not potentially actionable. Moreover, no quantitative analysis is
conducted on how frequently certain data elements are used in the context of clinical

decision-making.

These issues can lead to incidental diagnosis of secondary conditions unrelated to the
patient's presenting symptoms, resulting in downstream testing or clinical care that is
not medically necessary. Moreover, this approach leads to delays in diagnosis, initiation
of clinically relevant care, or detection of other conditions that require attention.
Practically, these issues slow both the clinical workflow and the research and
development process. To mitigate these challenges, rapid advances in computational
methods and algorithms have been developed for improved genomic data analysis. The

focus on integrating multiple datasets for multi-dimensional analysis. Though these and
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other methods are still subject to false discovery, these computational advancements and
tools are important stepping stones for the genomics research community. In addition,
the increased use of public datasets as reference information compared to interpreting
human genomes in the clinical realm presents new opportunities for collaboration and
centralized efforts to share and interpret data in the form of integrated genomics or

phenotyping hubs.

However, with any improvement in the field, new issues and challenges are continually
evolving. Machine learning, artificial intelligence, and other computational advances
will potentially be applied to streamline the process, decrease the time and human
resources needed for interpretation, reduce systematically driven variation in the
reporting of results or recommendations, and better inform the next generation of multi-
omics research. Intelligently implemented, these applications could alleviate resource
strain in laboratories that are currently flooded with large panels of partial genomes
generated with ever-improving next-generation sequencing technology. However, these
methods will also come with issues of validity and usefulness that will need to be
addressed. Advances in data science and machine learning technology now make
dissecting the complexities of differential biology within individual tumors possible,

and large-scale molecular taxonomies of tumors have been delineated.

3. Clinical Data Integration

Clinical data integration is the first and one of the most important steps in translating
big data into big insights. The importance of proper management and subsequent
analysis (or interpretation) of data to generate meaningful results that are biologically
comparable to any experiment makes clinical data a sine qua non for enabling true
scientific discovery. Despite the fact that typical research questions center around
understanding and improving the lives of patients with particular clinical determinants,
researchers frequently ignore the tremendous amount of available data whose
complexity is protected by laws such as the Health Insurance Portability and

Accountability Act and Privacy Rules.

The Clinical Integrative Omics database was designed to assuage cancer researchers'
familiar biomedical big data headaches, without any of the negative side effects noted
above. It contains more than 40 billion facts from more than 1 million patients. No PHI is

collected or stored from the patient bases of contributing hospitals or other healthcare
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providers. It offers unprecedented conditional annotation and filtering functionality. In
turn, these features enable a practically unlimited string of queries in terms of Boolean
"and/or" combinations of ICD-9, ICD-10, laboratory test identifiers, age, sex, tumor
grade, tumor stage, ethnicity, race, harmonized genomic mutations, anatomical tissues
or systems, and other clinical determinants. Principally, researchers or more specifically

programmers write their queries using structured query language.

3.1. Importance of Clinical Data in Tailoring Treatments

The ability to harness the vast amount of information contained in an individual's
clinical data is a prominent goal of the precision medicine framework. Comprehensive
clinical data about cancer patients, such as medication histories, genomic test results,
clinical trial data, and diagnostic test results, are becoming increasingly available. The
majority of cancer patients are treated with drug combinations that can include a
combination of chemotherapy, hormone therapy, and targeted therapies, making it a
difficult task to choose the right treatment for a particular patient. One common goal is
to identify the most effective treatment plan for each patient, achieving a positive

response with minimal toxicity.

The explosion of genomic data through the use of high-throughput technology in recent
years has made it increasingly feasible to use genotype data to guide treatment
decisions, particularly in cancer, where targeted therapy can significantly benefit
patients. However, the identification of effective treatment options is a complex task that
can only be achieved using a combination of approaches, including the clinical data
contained in electronic health records. Where genotype information is not available,
clinical data for the patient is gathered and a treatment recommendation is developed
based on the collective knowledge of cancer experts. Key clinical features are utilized for
decision support. Electronic health record data has been used for health outcomes
prediction through the identification of patient-specific adverse drug events and

toxicities using clinical features.

3.2. Methods for Integrating Clinical and Genomic Data

A number of machine learning models have been developed to predict clinical
endpoints, including progression-free survival and overall survival, which are arguably
the two most common endpoints used in oncology. Used by itself, such a clinical

prognosis model will have a close, but not perfect, correlation with the underlying gene
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expression data from the original tumors. The use of such prognostic models alone may
not give the best opportunity to identify potential treatments for each patient. Assisting
medical professionals in understanding what drives the life-threatening disease is a
good way to help. One way to give insight into the pathophysiology of the disease and
thereby provide improved treatment recommendations is to provide the medical lead
with the genomics-derived transcriptome data in a readily understandable and
interpretable form. Including transcriptomes that help define the subtype in the clinical
prognostic model could provide a direct explanation of high or low risk in terms that are

meaningful to the medical professional.

4. Machine Learning Models in Precision Oncology

The recent explosion of data in healthcare and genomic oncology provides new
opportunities to leverage machine learning models for precision medicine. The
increasingly complex nature of genomic data, traditional datasets, and multi-omics have
vastly outstripped the ability of medical professionals to analytically process them. With
the push to integrate these data points into clinical diagnostics, there was a
corresponding increase in the number and scale of machine learning applications to
make the data useful in treatment decisions. As such, a growing number of automated
systems were developed with the mind of being practically useful in real-world clinical
applications to analyze clinical data, predict treatment outcomes, or prioritize genetic
variations. These new automated models are actively supplanting manually derived
conceptions of what makes for a statistically relevant combination of clinical data and

outcomes.

There are a variety of machine learning architectures and learning methods available for
different contexts. Supervised approaches allow for the training of a classifier or model
based on an array of input, for example, relating input data to known phenotypes.
Alternatively, unsupervised learning techniques use complex systems to describe data
relationships based on inputs alone, for example, exploring shared signature biology
from a cohort of tumors. A recent example of a successful unsupervised learning model
was the use of deep learning to predict response to therapy in rheumatoid arthritis by
jointly analyzing transcriptomic, proteomic, and metabolomic data. Covariate
adjustment approaches have been recently utilized to account for variability in

treatment response prevention trials. Similarly, reinforcement learning approaches have
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been used to help inform individualized or optimal dosing strategies in hemophilia
therapy. Most of the models and approaches discussed so far have depended upon a
large training dataset in order to glean meaning from the data. This is particularly true
as one tends to model more data fields or features, as large datasets are often required to
determine reliable relationships and avoid overfitting of the model. In addition, models
reliant upon the dependability of input data quality, accuracy, and standardization have
seen varying applications in research and practice. A natural extension to models that
are built on large datasets is to retrain the model in real time to account for changing
data patterns. This is not a characteristic of traditional data modeling analyses. Some
machine learning approaches have utilized characteristics of other methods in the recent
past. Survival times and estimates are terms and models, respectively, taken from
traditional survival analysis. This new approach, combining machine learning
techniques with traditional statistical models, could afford better control over a model's
behavior, or use parts of sub-models designed by traditional statistical techniques for
linear models and combine them in a novel way. New adaptation and adoption of
techniques will continue to develop as machine learning becomes a mainstay of

precision medicine in oncology.

4.1. Supervised Learning Approaches

One of the applications of machine learning approaches that have been broadly explored
in a precision oncology setting deals with the modeling of the potential associations
between individual patients' characteristics and response to different treatments. This
strategy aims to improve the personalization of drug choice and the relevant likelihood
of clinical benefit. Precision oncology typically leverages supervised machine learning
approaches. Supervised learning refers to the process of building the models through
exploiting a labeled dataset, which is typically used for the purpose of predicting the
likely outcome of an unseen dataset. For conventional supervised analysis problems,
datasets are divided into a "training" subset, a "validation/tuning" subset, and a "test"
subset. The training dataset guides the model parameter and performance optimization,
while the validation/tuning is used to select among different models. The test dataset

reflects how the unseen data model behaves outside of the analysis.

Several algorithms have been proposed to analyze patients' samples and their associated

response to treatments. The class of models that are frequently used includes decision
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trees, support vector machines, neural networks, and random forests. These algorithms
are known for their transparent way of operating and for being able to handle
categorical, text, or continuous features. They have been applied in preclinical setups to
describe the association between tumor genetics and drug response profiles, and in
clinical settings for the discovery of biomarkers predicting response to treatments or for
helping in patients' stratification. Each of these models has its own set of advantages and
limitations. The so-called neural network models have become increasingly popular
nowadays and are often preferred at the expense of more classical models. Despite this,
designing neural networks, including the concept of deep learning, needs large amounts
of data and high-dimensional input features, and has been shown to lead to overfitting
in the case of small sample size studies. As such, a careful evaluation of this issue should
be taken into account when designing a predictive model based on any of the models
described in this section. Lastly, the data quality is key to the development of successful

predictive models.

Recently, new approaches working as ensemble methods and combining several
learners have been proposed in precision oncology. These models embed state-of-the-art
solutions for improving generalization and accuracy, leveraging conventional
algorithms such as gradient-boosting trees or stacking strategies. These models
collectively aim to enhance oncologists' ability to counter the uncertainty in decision-
making about treatment choice or response, activating use estimates from a learners'
cohort. For this reason, they are considered valuable as knowledge translation methods,
allowing physicians to make overarching conclusions on personalized treatment,
derived from statistical insight at the levels of individuals, from different angles. Lastly,
future perspectives could include the use of multivariate and longitudinal approaches
for developing continuous instead of binary models of response, or the development of
approaches able to integrate different data types for building a stronger predictive
model. Collective results obtained using supervised learning show great potential for

revolutionizing precision medicine.

4.2. Unsupervised Learning Approaches
In contrast to supervised learning, unsupervised learning does not require labeled data
or phenotype characterization of interest. Thus, unsupervised learning is well-suited for

exploratory analyses of patient-derived data. Indeed, various unsupervised learning
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methods have contributed significantly to precision oncology in recent years.
Unsupervised learning approaches can be grouped into those based on dimensionality
reduction and those for grouping similar individuals into clusters. Dimensionality
reduction techniques transform high-dimensional data into a low-dimensional space by
focusing on the properties of localized datasets. Clustering organizes datasets based on
the similarity among entities or between variables by conducting a similarity search on

the whole dataset.

One of the primary applications of unsupervised techniques in precision oncology has
been to stratify cancer patients into molecular subtypes. Unlike mixed populations,
cancer subtypes or clusters may reveal hidden patterns that can be linked to prognosis,
treatment response, and underlying biology. For instance, an unsupervised learning
approach applied to mass spectrometry data was used to identify subclasses of
glioblastoma patients correlated with survival, yielding five glycoprotein markers
associated with different glycosylation levels explaining the different survival
subgroups. More generally, this study demonstrates the capacity of unsupervised
learning models in the discovery of subgroups and hypothesis generation in clinical
oncology. Recent studies suggested that unsupervised learning methods have multiple
biological and clinical applications, for example, in immune oncology, allowing
interpretation of immune composition, tumor heterogeneity approaches, offering
understanding of drivers to drug responses, and finding better molecular subtypes.
While unsupervised approaches offer great promise in expanding clinical perspective
and focus, integrating multiple molecular cellular components with clinical pathological
characteristics bears considerable complexity. There are a number of challenges in
clinical-grade implementation and interpretation intensity of findings, such as data
preprocessing challenges and treatment resistance. It might be assumed that the
majority of unsupervised approaches are the restoration and analysis of multi- and
single-omics data. Even though there exist integrative approaches of unsupervised
clustering of mixed data, further studies are warranted to improve the interoperability

and ascertain the appropriate manner of processing and utilizing such data.

The increase in accessibility and affordability of sequencing technologies has led to
genomics data being widely adopted as the starting point for treatments that could be

beneficial for a particular cancer patient. The foundation of precision medicine and the
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ability to stratify patients is changing before our very eyes. The sequencing of individual
genes leads to attempts to present a single drug, regardless of whether single targeted
drugs or combinations of drugs might be beneficial for the patient. Here, a brief
overview of two potential methods for use by clinicians and clinical scientists to identify
candidate treatments is presented: unsupervised learning models based on the
transcriptomics dataset and an integrative analysis involving unsupervised learning
models and genomics data. The use of machine learning may be promising in various
fields such as transcriptomics and multi-omics applications. Because the integration of
large datasets, including stratification procedures and definition of new treatments,
requires high resolution, time, and expensive computational resources, model
applications are still required to be specific to the input dataset. Despite the fact that
model application is limited to the input dataset, it has the potential to generate novel

hypotheses and guide new research by providing sub-population strata.

4.3. Deep Learning Techniques

Deep learning is a subset of machine learning, which in turn is a subset of AL It is
characterized by the use of neural networks with more than two hidden layers. By using
a greater number of layers, deep learning models are better at understanding nuanced,
unstructured, and complex data in the form of audio, image, and free text. This ability
makes deep learning techniques particularly suitable for dealing with genomics and
pathology data, two key areas in the development of precision oncology. Compared to
traditional analytic techniques, deep learning models are better at detecting patterns and
relevant information that cannot always be pre-specified. It allows the models to
automatically extract features from the input raw datasets, bypassing the necessity of

manual feature engineering.

Deep learning has been successfully applied in some areas of oncology such as image
analysis, particularly in radiology; genomics, especially due to groundbreaking
developments in predictive modeling based on germline data; or with the creation of
multilayer pathway signatures and molecular portraits of tumor samples. The use of
deep learning models has also shown potential in predicting various patient treatment
outcomes, such as survival and the likelihood of chemotherapy toxicities based on
patients' RNA sequencing data. Nevertheless, building deep learning models requires a

significant volume of high-quality data to train. Also, for the optimal performance of
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deep learning models, a considerable amount of computational power is needed. The
advancements in the architecture of the deep learning model used in precision oncology
have developed significantly since 2010. This includes convolutional neural networks for
image analysis, detection, and classification tasks. More advanced architectures such as
sequence-based deep learning, including recurrent neural networks, have also been
applied to model sequences of variable lengths of DNA and RNA tumor sample data.
Recurrent neural networks, long short-term memory networks, and gated recurrent
units were also used to predict chemotherapy side effects with transfer learning and

multi-scale deep learning pipelines.

5. Case Studies and Applications

We further describe personalized medicine from the perspective of different
communities, including machine learning, genomics, computational biology, and
medicine. The case studies we present throughout this work all illustrate the
implementations and implications of machine learning in the context of precision
oncology. These examples are intended to portray the potential and limitations of
machine learning to address real-world issues affecting the lives of patients. They are
aimed at a broader audience representing all sectors of precision medicine and
emphasize actionable next steps for the public and professionals, as well as sector-
specific implications. In different areas, ranging from decision support to enabling basic
research, machine learning and artificial intelligence have already been used to
successfully integrate clinical and genomic data. Most importantly, several studies have
been published that show integrating molecular and clinical data in machine learning
models can improve the accuracy of earlier predictions for certain diseases compared to
using either the molecular or the clinical data alone. In practice, machine learning has
been used, for example, to enable better national healthcare planning, support the
selection of more personalized patient therapies, and aid early diagnosis of patients with
sepsis or hereditary epilepsy. Common challenges that have been described in these
studies are linked to issues related to data quality and ethics, as well as model
evaluation, benchmarking, and interpretability. The main lessons learned suggest that,
beyond demonstrating prototype systems and use cases, it is crucial to consider
addressing the needs of the entire multidisciplinary teams that might work with these
systems to ensure they can be realistically and ethically deployed in everyday healthcare

situations. In these implementations, close collaboration between computer scientists
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and healthcare professionals enabled the translation of the learnings from the use cases
into improved patient outcomes and new research insights. In conclusion, our
observations underscore the potential of machine learning in advancing precision
oncology and emphasize the urgent need for broader stakeholder engagement in the
process. As more machine learning models get into use in hospital settings, there is a
need to bolster cross-disciplinary translation activities—a role in which collaborative
multi-author studies can play a powerful role. In terms of scope, these studies may be
technical in focus to help define a state of the art or present information on machine
learning applications that highlight sector-specific considerations or consequences. In
both cases, the presentations are informative for sector specialists to guide and shape the

scale of potential adoption.

5.1. Real-world Applications of Machine Learning in Precision Oncology

A number of data analysis and machine learning tools have been developed for tailoring
precision medicine in oncology. Here, we present storylines by which machine learning
tools can make an impact in real-world precision oncology, including detection of
somatic alterations, prediction of treatment outcomes, development of diagnostics,
monitoring and early detection of cancer, prediction of patient outcomes, identification
of high- and low-risk patients, individualization of patient care, and personally tailored
treatments, supplements, and prescriptions. In the following, we present real-world
examples of the utilization of machine learning models in the field of precision

oncology, both from clinical trials and observational studies.

Real-world examples: We have led clinical studies using machine learning-based
diagnostics to predict the outcome of prescribed treatments for glioblastoma patients,
non-small cell lung cancer patients, and soft tissue sarcoma. These summits provide
insight into state-of-the-art AI in medicine. The ongoing development and deployment
of real-world evidence machine learning tools and techniques for improving patient care
and medical research show a strong trend towards the use of big data rather than
traditional methods across oncology and other fields. In the oncology field, this can be
seen by looking at the collaborations between leading technological companies and
healthcare providers. These cross-company and cross-sector partnerships show the
significance and value of using computer-aided diagnosis systems and Al-driven data

analysis tools within the clinical workflow. The creation of data visualization tools using
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Al-driven models is just one way of showing how the rapid accessibility to innovative
computational methods can be used to benefit healthcare. Several hurdles need to be
addressed before Al-driven methods can be widely and safely implemented within the
field of oncology. Data quantity and quality, integration and scalability of technologies,
and the adaptability of such systems to work within a clinical framework are just a few

of the challenges that need to be overcome.

The development of Al-driven tools used for performing data-driven research in the
field of medicine is part of the current evolution of computer-aided diagnosis and
methods already available to healthcare and the public. Several Al companies working
on digital pathology have also developed similar innovations that are currently shaping
the way they work. This shift towards hybrid, data-driven approaches is governed by
how information across tumors from large-scale genomics and imaging data are
informing our understanding of tumor biology and providing an alternative approach to
screen for and individualize treatments across solid tumors. Having Al-driven tools
available to reanalyze the large data-rich, multiplatform, and interconnectable
information generated by studies of resectable and treated patients, across imaging,
liquid, and tissue sectors, and how this has shaped those studies is just one of the
applications that we are undergoing. Additionally, as liquid biopsy analysis becomes
more of the standard, time is being spent to develop the fundamental science, and this

involves developing Al and refined prediction methods.

5.2. Success Stories and Challenges Faced

Case reports on the successful application of machine learning in precision oncology
have emerged, demonstrating the technology's ability to provide patient benefits.
Machine learning has been used to stratify patients who would benefit from lesser
treatment intensity and has reduced the proportion of patients with adverse treatment
outcomes in this patient population. The successful application of machine learning has
also generated hope for the discovery of novel biomarkers across multiple hallmark
cancer events. Even more, patient prognosis was improved in the presence of advanced
solid tumors without a histologic diagnosis, while the histology could be accurately
inferred from whole-path clinical records. Similarly, in hepatocellular carcinoma, the use
of deep learning to evaluate histopathology slides was recently shown to correlate with

clinical outcomes, ultimately shedding light on an optimal treatment path for patients.
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That being said, not all implementations of machine learning have necessarily brought
improved patient outcomes. The challenges, most notably involving training clinicians
to accept machine outputs, are significant when centralized data of uniform quality
simply do not exist. It is important that some expectations are tempered when it comes
to limitations in data quality and quantity to drive effective outcomes in later practice.
Skeptics fear the dehumanization of treatment when historical clinical data are simply
used as input to develop new machine learning decision paths. Adaptive strategies
based on transparent and explainable machine learning models are, in fact, a
prerequisite for the implementation of machine learning driven algorithms. Clinician
interaction with machine reading technology is crucial for these types of advanced data
analysis to be useful. Collaboration among multidisciplinary stakeholders is critical to
the continuous fine-tuning of machine learning systems that can improve precision

oncology, machine learning, and healthcare technology in general.

6. Future Direction

Emerging technology development trends are expected to yield improved model
understanding and accuracy. With the rapid advancement of artificial intelligence
specifically, those techniques are being looked at for potential roles in modeling cancer
treatment strategies. Precision treatment protocols tailored to an individual patient, as
well as predictive analytics, may be improved with ongoing technology development,
but there are potential challenges in deploying those models, including existing
regulatory environments. The sharing of real-world cancer treatment and outcome data
will be essential for training, retraining, and validating such models. Regulatory, ethical,
and privacy considerations will be important to address as more diagnostic, health, and
demographic data are brought to bear in developing these models. Additionally, efforts
to incorporate precision medicine strategies have seen successes in clinical studies, but
integrating them into the clinical pathway and clinician decision process continues to be
a challenge. Using computer-based models is similarly challenging, and deciding how to

combine their outputs with a clinician’s insights is another area of ongoing research.

A continued research focus on the use of machine learning to improve and integrate
treatments in oncology is an efficient use of their respective capabilities. Long-standing
multidisciplinary teams composed of basic and translational scientists, biostatisticians,

clinical investigators, and machine learning experts, with the goal of developing

Journal of Science & Technology (JST)
ISSN 2582 6921
Volume 6 Issue 4 [July - August 2025]
© 2025 All Rights Reserved by The Science Brigade Publishers


https://thesciencebrigade.com/?utm_source=ArticleFooter&utm_medium=PDF
https://thesciencebrigade.com/jst/?utm_source=ArticleFooter&utm_medium=PDF

17

methods that can successfully be embedded in trials and clinical use, will be valuable for
both. Stakeholders in developing comprehensive machine learning models for
predicting outcomes and appropriate treatments will need to establish data-sharing and
governance systems to support continuous model development, validate the methods,
and feed back new clinical data and insights. Experts also need to continue to monitor
and ensure regulatory compliance, including ensuring compliance, as the model-
connected pathway must remain private and secure. Gathering models into a
compatible interface or making them compatible with other clinical decision support
systems will improve clinician acceptance and use. Additionally, to ensure proper use
and interpretation of the computation data output, relevant continuing medical
education sessions should be developed. In conclusion, ongoing development and
education are the key to incorporating advanced machine learning models into precision

cancer studies and clinical care of patients with cancer.

7. Conclusion

This essay discusses the role of machine learning in enhancing precision medicine in
oncology. Taking several case studies, we emphasize the point that using clinical and
genomic information in a data-driven model allows for better prediction outcomes.
Furthermore, it helps to understand the biological mechanisms behind oncogenesis and
suggests corresponding treatment strategies. In the long run, the results in this aspect
need to be integrated into a decision-making framework in order to provide clinical
practice with actionable insights. Currently, such a framework can be provided by
developing machine learning models, which simultaneously evaluate the sequence of
therapies. Personalized therapies are in the midst of revolutionizing the cancer field,
generating the desired responses that help prolong the time to the patient’s resistance. It
is anticipated that a combination of optimizing therapies based on outcome indicators

can help revolutionize the issue of tumor malignancy.

In conclusion, increased innovation capacities will revolutionize oncology by
personalizing medicine through the use of advanced machine learning techniques on
clinical and genomic data. Thanks to these techniques, we can provide better prognostic
outcomes and learn, at least to a certain degree, the biological mechanisms behind

oncogenesis. Combining solutions to design strategies against cancer using machine
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learning-derived insights is challenging since the translation of a single therapy’s design

studies can be inflated and experimentally verified.
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