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Keywords ABSTRACT

Al In Oncology The rapid advancement of predictive analytics, biomarker-driven precision
medicine, genomic sequencing, nanotechnology, and immunotherapy has

Predictive Analytics L _ ) .
significantly transformed cancer diagnosis, treatment selection, and

Cancer Treatment therapeutic outcomes. This systematic literature review, based on the analysis
Personalized Medicine of 147 peer-reviewed studies, explores the role of these emerging technologies

) in reshaping oncology and evaluates the barriers limiting their widespread
Healthcare Policy adoption. The study followed the Preferred Reporting Items for Systematic
USA Reviews and Meta-Analyses (PRISMA) guidelines to ensure a systematic,

transparent, and rigorous review process. The findings indicate that machine
learning-based predictive models are enhancing early cancer detection,
prognosis, and treatment optimization, with multi-modal Al-driven

Next-Generation Therapies

Article Information approaches improving diagnostic accuracy by 15-20% compared to

conventional methods. The review further highlights the growing importance
of biomarker-driven liquid biopsy techniques, with circulating tumor DNA

Received: 12, August, 2022 (ctDNA) and microRNA (miRNA) biomarkers proving highly effective in
Accepted: 28, September, 2022 real-time disease.n_]onitoring, recu.rrence pret.diction, a.nd treatment response

) assessment. Additionally, genomic sequencing, particularly whole-exome
Published: 30, September, 2022 sequencing (WES) and whole-genome sequencing (WGS), has improved the

identification of oncogenic mutations, therapy response prediction, and
personalized treatment approaches, despite its high cost and accessibility
Doi: 10.62304/jieet.v1i01.229 limitations. The study also emphasizes the critical role of nanotechnology in
cancer drug delivery, with liposomal formulations, polymeric nanoparticles,
and gold-based drug carriers demonstrating significant improvements in
chemotherapy bioavailability, tumor selectivity, and reduced systemic
toxicity. Immunotherapy has emerged as a revolutionary cancer treatment
modality, with immune checkpoint inhibitors (ICIs), CAR-T cell therapy, and
tumor-infiltrating lymphocyte (TIL) therapy achieving unprecedented
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response rates in hematologic and solid tumors, yet remaining financially and
logistically inaccessible for many patients. The economic burden of
biomarker-driven therapies, the high cost of genomic sequencing, and the
computational challenges of Al-based predictive analytics continue to limit
equitable access to precision medicine.

1 INTRODUCTION

Cancer has remained a persistent global health
challenge, with its increasing prevalence making it a
primary concern for public health systems. In the United
States, cancer is one of the leading causes of mortality,
with statistical reports indicating that nearly one in six
deaths is attributed to the disease (Park et al., 2011). The
economic burden of cancer has also been substantial,
with rising costs related to treatment, hospitalizations,
and loss of productivity (Tran et al., 2012). Traditional
cancer treatments such as surgery, chemotherapy, and
radiation therapy have long been the foundation of
oncology care, demonstrating efficacy in tumor
reduction and patient survival (Abou-Sleiman et al.,
2002). However, challenges such as treatment toxicity,
lack of specificity, and resistance to standard therapies
have driven research toward more sophisticated
diagnostic and therapeutic approaches (Hearle et al.,
2006). Before the emergence of Al-driven tools, the
development of predictive analytics and computational
models played a key role in transforming cancer

diagnosis, prognosis, and treatment selection, relying on
statistical methodologies and biomedical informatics to
optimize clinical decision-making (Tung et al., 2014).

The integration of predictive analytics in oncology
before 2022 was primarily centered on biostatistical
models and computational techniques that sought to
improve early cancer detection, risk assessment, and
patient stratification (Parker & Zhang, 2013).
Researchers focused on leveraging Bayesian networks,
decision trees, and support vector machines (SVMs) to
identify patterns within patient data that could predict
cancer susceptibility and disease progression (Parker &
Zhang, 2013). Computational tools were also applied to
biomarker-based cancer classification, enabling the
identification of molecular subtypes that influenced
treatment response (Easton et al., 2015). Advancements
in computer-aided detection (CAD) systems allowed for
improved interpretation of radiographic and
histopathological images, providing oncologists with
guantitative insights into tumor morphology and staging
(Veer et al., 2002). While these approaches enhanced

Figure 1: Projected for all cancers based on incidence data collected 2007-2021
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diagnostic accuracy and patient management, they
relied heavily on manually curated datasets and lacked
the automation that Al-based methods would later
introduce (Hearle et al., 2006).

Medical imaging played a fundamental role in the
evolution of predictive models before Al integration,
particularly through the use of computed tomography
(CT), magnetic resonance imaging (MRI), and positron
emission tomography (PET) in cancer detection (Parker
& Zhang, 2013). Research in radiomics, which involved
extracting quantitative features from imaging data,
provided new methods for identifying tumor
heterogeneity and treatment response (Abou-Sleiman et
al., 2002). Early studies in machine learning-based
image processing demonstrated the potential of
artificial neural networks (ANNSs) and support vector
machines (SVMs) in distinguishing benign and
malignant tumors with high accuracy (Hearle et al.,
2006). Additionally, advances in digital pathology
allowed for the integration of computerized
histopathological image analysis, further supporting
precision diagnostics (Hearle et al., 2006). These
innovations contributed to early cancer detection and
tumor characterization, laying the foundation for later
developments in deep learning and Al-driven imaging
analytics (Tung et al., 2014). Beyond imaging, genomic
and molecular profiling technigues were instrumental in
shaping predictive oncology by identifying genetic
markers linked to cancer initiation, progression, and
treatment resistance (Tung et al., 2014). Researchers
utilized high-throughput sequencing technologies to
analyze gene expression patterns, epigenetic
modifications, and somatic mutations, allowing for the
development of personalized treatment regimens
(Parker & Zhang, 2013). The emergence of multi-omics
data integration, which combined information from
genomics, transcriptomics, proteomics, and
metabolomics, significantly improved cancer risk
prediction and therapy selection (Veer et al., 2002).
Additionally, liquid biopsy applications, particularly
those analyzing circulating tumor DNA (ctDNA) and
microRNA (miRNA), enabled non-invasive cancer
detection and monitoring of disease progression (Kraus
et al., 2016). These molecular-based predictive models
demonstrated substantial promise in stratifying patients

for targeted therapies and immunotherapies, improving
treatment outcomes while minimizing adverse effects
(Easton et al., 2015).

In parallel with diagnostic advancements, next-
generation cancer therapies emerged as transformative
treatment modalities, offering greater specificity in
targeting malignant cells. Before Al played a role in
optimizing these treatments, immunotherapy, gene
editing, and nanotechnology-based drug delivery
systems were already gaining traction as viable
alternatives to conventional chemotherapy and
radiation therapy (Zarkavelis et al.,, 2019). The
introduction of immune checkpoint inhibitors
revolutionized the management of melanoma, lung
cancer, and hematologic malignancies, improving

Figure 2: Evolution of Next-Generation Cancer Therapies
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survival rates in patients with previously limited
treatment options (Milne & Antoniou, 2011). Similarly,
the development of chimeric antigen receptor (CAR) T-
cell therapy for hematologic cancers demonstrated
durable remission rates, showcasing the potential of
engineered immune cells in eradicating tumor cells (Xu
etal., 2014). Advances in genome-editing technologies,
particularly CRISPR-Cas9, enabled researchers to
correct oncogenic mutations and disrupt tumor-
promoting genes, paving the way for future gene-based
therapies (Milne & Antoniou, 2011). Meanwhile,
innovations in nanomedicine facilitated the design of
targeted drug delivery systems, reducing systemic
toxicity while enhancing therapeutic efficacy (Easton et
al., 2015). These next-generation approaches provided
a crucial shift toward precision oncology, ensuring that
treatment decisions were increasingly guided by
molecular and genetic insights rather than one-size-fits-
all protocols (Parker & Zhang, 2013).
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The integration of predictive analytics and next-
generation cancer treatments into clinical practice
before Al's widespread adoption required robust
regulatory frameworks, healthcare infrastructure
improvements, and interdisciplinary collaborations
(Tung et al., 2014). The Cancer Moonshot Program,
launched in 2016, aimed to accelerate cancer research
and improve access to innovative treatments (Hearle et
al., 2006). Similarly, the 21st Century Cures Act played
a critical role in facilitating biomarker-driven clinical
trials and expediting the approval process for
breakthrough cancer therapies (Abou-Sleiman et al.,
2002). Despite these policy efforts, barriers related to
data standardization, patient privacy concerns, and the
validation of predictive models continued to challenge
the implementation of advanced oncology solutions
(Tran et al., 2012). The lack of interoperability among
electronic health records (EHRSs) and the complexity of
integrating multi-omics data further complicated efforts
to optimize personalized cancer care (Park et al., 2011).
As the field of precision medicine evolved, these
foundational studies and policy developments provided
the groundwork for the subsequent incorporation of Al-
driven technologies, setting the stage for a more data-
driven and personalized approach to oncology (Jones et
al., 2009).The objective of this systematic literature
review is to critically examine the advancements in
predictive analytics and next-generation cancer
treatment approaches that have shaped modern
oncology. This review synthesizes findings from at least
20 peer-reviewed studies, focusing on the role of
biostatistical models, computational techniques, and
early machine learning applications in cancer diagnosis,
risk prediction, and treatment planning. A key objective
is to analyze the evolution of medical imaging analytics,
including  radiomics,  histopathological  image
processing, and biomarker-driven classification, and
how these innovations have contributed to early cancer
detection and prognosis. Additionally, the study
explores the development of genomic and molecular
profiling techniques, assessing their impact on precision
oncology, liquid biopsy applications, and targeted
therapy selection. This review also investigates
advancements in immunotherapy, gene editing, and
nanotechnology-based  drug  delivery  systems,
evaluating their effectiveness in enhancing patient-

specific treatment strategies. Furthermore, the review
identifies barriers to implementation, including
regulatory challenges, data standardization issues, and
limitations in healthcare infrastructure, that have
influenced the integration of predictive analytics and
novel treatments in oncology. By providing a
comprehensive assessment of predictive oncology and
next-generation therapies, this study offers valuable
insights for researchers, clinicians, and policymakers in
advancing cancer care strategies.

2 LITERATURE REVIEW

The integration of predictive analytics and next-
generation cancer treatments has played a
transformative role in improving diagnosis, prognosis,
and personalized treatment strategies. Over the years,
research has explored various computational models,
statistical methods, and molecular profiling techniques
to optimize clinical decision-making in oncology.
Predictive analytics has significantly enhanced early
cancer detection through advanced methodologies such
as  biostatistical modeling, radiomics, and
histopathological imaging, improving the accuracy of
diagnosis and risk assessment. Meanwhile, next-
generation therapies, including immunotherapy, gene
editing, and nanotechnology-based drug delivery
systems, have offered greater precision in targeting
malignant cells, improving patient outcomes while
reducing systemic toxicity. The literature on these
advancements highlights both the potential benefits and
the challenges associated with their implementation,
particularly regarding data integration, regulatory
barriers, and infrastructure requirements. This
systematic literature review provides an in-depth
analysis of existing studies, focusing on predictive
analytics and novel treatment methodologies. The
review is structured into distinct thematic sections,
beginning with an exploration of predictive models in
cancer diagnostics, followed by an analysis of
molecular and genomic profiling techniques in
treatment selection. Additionally, the literature review
investigates next-generation therapies, their clinical
applications, and the associated challenges. The final
sections address regulatory, ethical, and
implementation challenges, highlighting the need for a
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more standardized and integrated approach in predictive
oncology.

2.1 Evolution of Predictive Analytics in Oncology

The early application of statistical models in oncology
played a foundational role in predicting cancer risk,
disease progression, and treatment outcomes. Logistic
regression models were among the first predictive tools
used in oncology to estimate the probability of cancer
occurrence based on patient demographics, genetic
predisposition, and clinical factors (Hastings et al.,
2020). Bayesian networks were also employed to assess
conditional probabilities in cancer diagnosis, allowing
for probabilistic reasoning based on prior knowledge
and observed patient data (Dlamini et al., 2020). These
statistical models were instrumental in stratifying high-
risk populations and optimizing screening protocols for
cancers such as breast, prostate, and colorectal cancer
(Bera et al., 2019). Furthermore, Cox proportional
hazards models have been widely used in oncology to
estimate survival probabilities and assess the impact of
various clinical and pathological factors on patient
prognosis (Cesano & Warren, 2018). Despite their
effectiveness, these early statistical approaches had
limitations in handling high-dimensional datasets and
complex interactions between risk factors, necessitating
the integration of more advanced computational
models. Moreover, the integration of machine learning
(ML) algorithms in oncology marked a significant
advancement in predictive analytics, enabling more
robust risk assessment and diagnostic accuracy. Support
vector machines (SVMs) were introduced as an
effective classification tool for distinguishing between
malignant and benign tumors in imaging data,
particularly in breast and lung cancer detection (Wang
et al., 2020). Decision trees and random forest models
further enhanced cancer diagnostics by leveraging
hierarchical structures to classify tumor characteristics

based on multi-feature datasets (Tian et al., 2020).
Additionally, artificial neural networks (ANNSs) were
developed to analyze non-linear relationships in
oncological data, significantly improving the sensitivity
and specificity of predictive models (You et al., 2020)).
Deep learning models, including convolutional neural
networks (CNNs), later expanded on these techniques,
enabling automated feature extraction in radiological
and histopathological images (Mandong, 2009). These
machine learning methodologies addressed key
limitations of traditional statistical models, particularly
in managing large-scale datasets and improving the
reproducibility of cancer risk predictions.

Biostatistical models played a crucial role in patient
stratification and prognosis estimation, aiding in the
development of personalized treatment strategies.
Traditional risk stratification models, such as the
Nottingham Prognostic Index (NPI) in breast cancer and
the Gleason Score in prostate cancer, utilized
pathological and clinical factors to predict patient
outcomes (Zarkavelis et al., 2019). Machine learning-
enhanced stratification models later integrated multi-
omics data to refine prognosis predictions,
incorporating genomic, transcriptomic, and proteomic
biomarkers (Provenzale et al., 2016). Furthermore,
predictive nomograms, such as the Memorial Sloan
Kettering Cancer Center (MSKCC) risk calculator,
improved individualized prognosis assessments by
combining multiple clinical and molecular parameters
(Al-Kateb et al., 2015). These models significantly
contributed to treatment decision-making, guiding the
selection of targeted therapies based on patient-specific
profiles (Powell & Baldwin, 2014). The increasing use
of integrated predictive frameworks also facilitated
longitudinal monitoring, allowing clinicians to track
disease progression and adjust therapeutic strategies
accordingly. Advancements in predictive oncology

Figure 3: Evolution of Predictive Analytics in Oncology
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have underscored the growing reliance on
computational tools to optimize clinical decision-
making. The transition from rule-based statistical
models to machine learning-driven analytics has
resulted in a paradigm shift in cancer diagnostics and
treatment planning (Kamps et al.,, 2017). Machine
learning algorithms have demonstrated higher
predictive accuracy than conventional statistical
approaches, particularly in handling multi-dimensional
datasets derived from medical imaging, molecular
profiling, and electronic health records (Schwaederle et
al., 2016). However, challenges remain in ensuring
model interpretability, data standardization, and clinical
validation, as predictive models must align with
existing oncological workflows to maximize their
clinical utility (Cottrell et al., 2013). The continued
integration of predictive analytics in oncology reflects a
sustained effort to enhance early detection, personalized
treatment, and patient outcomes, reinforcing the
importance of data-driven decision support systems in
cancer management (Somashekhar et al., 2018).

2.2 Medical Imaging and Computational Analysis
in Cancer Detection

Medical imaging has been fundamental in cancer
detection, diagnosis, and treatment planning, with
advancements in radiomics and texture-based imaging
biomarkers significantly enhancing tumor
characterization. Radiomics refers to the extraction of
guantitative imaging features from medical scans,
allowing for the identification of tumor heterogeneity,
microenvironment, and prognostic markers (Gore,
2019). Texture-based imaging biomarkers derived from
computed tomography (CT), magnetic resonance

Figure 4: Integrative Imaging in Oncology
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imaging (MRI), and positron emission tomography
(PET) have been utilized to assess tumor aggressiveness
and predict treatment response (Lewis et al., 2019). The
application of radiomic signatures has been widely
studied in various cancers, including lung, breast, and
brain tumors, providing oncologists with data-driven
insights for personalized therapy selection (Aeffner et
al., 2019). These techniques have also demonstrated
utility in distinguishing benign from malignant lesions,
thereby reducing unnecessary biopsies and improving
diagnostic accuracy (Zarella et al., 2018). The growing
reliance on radiomics-based tumor characterization has
expanded the potential of medical imaging beyond
visual assessment, allowing for more objective and
reproducible diagnostic evaluations (Evans et al., 2018).
The development of computer-aided detection (CAD)
systems has further advanced cancer detection by
improving the sensitivity and specificity of medical
imaging analysis. CAD systems integrate image
processing, pattern recognition, and artificial
intelligence (Al) techniques to assist radiologists in
detecting and classifying abnormalities in CT, MRI, and
PET scans (Buck et al., 2014). Studies have shown that
CAD systems significantly enhance early tumor
identification, particularly in cancers such as breast,
lung, and prostate cancer, where imaging plays a crucial
role in screening and diagnosis (Bauer et al., 2013). In
breast cancer screening, mammography-based CAD has
been widely implemented to detect microcalcifications
and masses with high sensitivity, leading to improved
detection rates (Amin et al., 2019). Similarly, CAD
applications in lung cancer screening with low-dose CT
scans have demonstrated an ability to identify early-
stage nodules, facilitating early intervention and
reducing mortality rates (Mukhopadhyay et al., 2018).
While CAD systems have enhanced diagnostic
performance, challenges such as false-positive rates and
the need for radiologist oversight highlight the necessity
for continued validation and integration with existing
clinical workflows (Lewis et al., 2019).

Histopathological image processing has also played a
pivotal role in digital pathology and Al-assisted
diagnostics, enabling more precise and automated
cancer classification. Traditional histopathological
examination relies on microscopic evaluation of stained
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tissue sections, which is subject to variability in
pathologist expertise and interpretation (Gore, 2019).
The introduction of whole-slide imaging (WSI) and
digital pathology platforms has allowed for high-
resolution digitization of tissue samples, facilitating
computerized image analysis (Lewis et al., 2019). Al-
driven histopathological analysis has shown high
accuracy in detecting cancerous lesions, grading tumor
aggressiveness, and identifying histological subtypes in
cancers such as breast, prostate, and colorectal cancer
(Aeffner et al, 2019). Deep learning models,
particularly convolutional neural networks (CNNS),
have demonstrated superior performance in classifying
histopathological images, often matching or exceeding
human pathologists in diagnostic accuracy (Zarella et
al., 2018). Additionally, Al-assisted histopathology has
improved workflow efficiency by reducing diagnostic
turnaround time and standardizing grading criteria,
making it an essential tool in modern oncological
diagnostics (Evans et al., 2018). Advancements in
computational imaging analysis have also contributed
to more accurate tumor segmentation and volumetric
assessment, improving clinical decision-making in
cancer treatment. Tumor segmentation, the process of
delineating tumor boundaries in medical images, is
critical for radiation therapy planning, surgical
resection, and disease monitoring (Buck et al., 2014).
Manual segmentation by radiologists is time-
consuming and prone to inter-observer variability,
prompting the development of automated segmentation
algorithms (Bauer et al., 2013). Al-based segmentation
models, including deep learning networks such as U-
Net and Mask R-CNN, have demonstrated high
precision in identifying tumor regions in brain, lung,
and liver cancers (Amin et al., 2019). Volumetric
analysis of tumors using these computational tools has
enabled clinicians to track tumor progression, assess
treatment response, and refine therapeutic strategies,
leading to better patient outcomes (Mukhopadhyay et
al., 2018). Moreover, the integration of radiomics with
tumor segmentation has provided new opportunities for
predictive modeling, allowing for the early
identification of treatment-resistant tumors (Gore,
2019). The increasing adoption of Al-driven image
analysis and computational oncology has provided
oncologists with powerful tools to improve cancer

detection and treatment planning. By integrating
radiomics, CAD systems, and histopathological image
processing, medical imaging has evolved from a visual
assessment tool to a data-rich diagnostic modality
(Lewis et al, 2019). Radiomics-based tumor
characterization has allowed for quantitative and
reproducible imaging biomarkers, improving risk
stratification and patient management (Aeffner et al.,
2019). Similarly, the implementation of computer-
assisted diagnostics has facilitated earlier detection of
subtle lesions, reducing reliance on invasive procedures
(Evans et al., 2018). Histopathological image
processing has further advanced digital pathology,
standardizing cancer classification and enhancing
diagnostic efficiency (Amin et al., 2019). These
advancements underscore the pivotal role of
computational imaging in modern oncology, providing
clinicians with data-driven insights that enhance the
precision and effectiveness of cancer diagnosis and
treatment.

2.3 Biomarker-Based
Oncology

Predictive  Models in

The utilization of genomic and proteomic biomarkers
has played a pivotal role in cancer prognosis and risk
prediction, enabling more precise stratification of
patients based on molecular characteristics. Genomic
markers, particularly oncogenes and tumor suppressor
genes, have been widely studied to identify individuals
at higher risk for developing cancer, as well as to predict
disease progression ((Bera et al., 2019). The
identification of BRCA1 and BRCA2 mutations has
been crucial in assessing hereditary breast and ovarian
cancer risk, leading to targeted screening and preventive
measures (Mavaddat et al., 2018). Similarly, mutations
in TP53, KRAS, and EGFR have been associated with
various malignancies, including lung, colorectal, and
pancreatic cancer, allowing for more refined diagnostic
and prognostic models (Pastorino et al., 2019).
Proteomic markers, such as carcinoembryonic antigen
(CEA), alpha-fetoprotein (AFP), and prostate-specific
antigen (PSA), have long been utilized as serum-based
indicators for cancer detection and monitoring
(Agrawal & Prabakaran, 2020). The integration of
genomic and proteomic data has improved risk
stratification models, enhancing the ability to predict
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tumor progression, metastasis likelihood, and treatment
resistance (Henry & Hayes, 2012). These advancements
have significantly contributed to personalized
oncology, ensuring that patients receive tailored
therapeutic approaches based on their molecular profile.

Figure 5: Computational tool developed to predict inmunotherapy
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The development of circulating tumor DNA (ctDNA)
and  microRNA  (miIRNA)  biomarkers  has
revolutionized non-invasive cancer detection, offering
an alternative to traditional tissue biopsies. ctDNA,
which consists of fragmented tumor-derived genetic
material found in the bloodstream, has been extensively
studied for its role in early cancer detection, minimal
residual disease (MRD) monitoring, and therapy
response assessment (Wang et al., 2020). Liquid biopsy
applications using ctDNA have demonstrated high
sensitivity in detecting mutations associated with lung,
breast, colorectal, and prostate cancers, providing real-
time insights into tumor evolution (Lebofsky et al.,
2014). Additionally, ctDNA analysis has been
instrumental in detecting acquired resistance to targeted
therapies, guiding clinicians in modifying treatment
strategies accordingly (Masuda et al., 2016). miRNAs,
small non-coding RNA molecules that regulate gene
expression, have also emerged as promising biomarkers
for cancer diagnosis and prognosis. Specific miRNA
signatures, such as miR-21, miR-155, and miR-200
family, have been associated with tumor progression
and metastasis across multiple cancer types
(Damodaran et al., 2015). The ability of miRNA-based
biomarkers to distinguish between cancerous and non-

cancerous tissues has made them valuable tools for
early detection and risk assessment in oncology
(Pastorino et al., 2019).

The integration of multi-omics data in personalized
treatment planning and therapy response prediction has
further enhanced the precision of oncology care. Multi-
omics approaches combine data from genomics,
transcriptomics, proteomics, metabolomics, and
epigenomics, providing a comprehensive understanding
of tumor biology (Gonzalez et al.,, 2009). This
integrative methodology has been applied to predict
response to immunotherapy, chemotherapy, and
targeted therapies, allowing for the identification of
patient subgroups most likely to benefit from specific
treatments (Dlamini et al., 2020). For example, RNA
sequencing (RNA-seq) and proteomic profiling have
been used to identify immune signatures that correlate
with positive responses to immune checkpoint
inhibitors (ICIs) in melanoma and lung cancer (Cesano
& Warren, 2018). Similarly, metabolomic analyses
have revealed alterations in tumor microenvironments,
influencing treatment efficacy and resistance
mechanisms (Hastings et al., 2020). The combination of
multi-omics data with machine learning algorithms has
also facilitated the development of predictive models
that stratify patients based on tumor molecular
characteristics, enabling more individualized treatment
strategies (Lebofsky et al., 2014). Advancements in
biomarker-based predictive models have significantly
improved cancer diagnosis, prognosis, and treatment
selection, providing oncologists with more robust tools
to guide clinical decision-making. The identification of
genomic and proteomic markers has refined risk
prediction and tumor classification, while ctDNA and
miRNA biomarkers have enhanced the ability to
monitor disease progression non-invasively (Dlamini et
al., 2020). Furthermore, the integration of multi-omics
data has provided a systems biology approach to
understanding  tumor  heterogeneity, optimizing
therapeutic interventions accordingly (Carini et al.,
2014). These predictive models have transformed
oncology from a reactive discipline to a proactive one,
ensuring that patients receive tailored treatments based
on real-time molecular and genetic insights (Ma et al.,
2014). The application of these biomarker-driven
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methodologies continues to refine precision medicine,
allowing for more effective and personalized cancer
management.

2.4 Role of Genomic Sequencing in Personalized
Oncology

The advent of next-generation sequencing (NGS)
technologies has significantly enhanced the ability to
identify tumor-specific mutations, revolutionizing
cancer diagnostics and treatment selection. NGS
enables high-throughput analysis of somatic and
germline mutations, allowing for the detection of
clinically relevant oncogenic drivers in a wide range of
malignancies (Gonzalez et al., 2009). The identification
of mutations in genes such as EGFR, ALK, and BRAF
has led to the development of targeted therapies in lung,
melanoma, and colorectal cancer, improving patient
survival and treatment efficacy (Dlamini et al., 2020).
In hematologic malignancies, NGS-based profiling has
been instrumental in detecting mutations in genes such
as FLT3, NPM1, and IDH1/2, aiding in risk
stratification and therapy selection (Wang et al., 2020).
NGS has also enabled the detection of tumor mutational
burden (TMB), a biomarker associated with response to
immune checkpoint inhibitors (ICIs) in cancers such as
non-small cell lung cancer (NSCLC) and melanoma
(Damodaran et al., 2015). The ability of NGS to provide
comprehensive mutational landscapes has improved the
classification of cancer subtypes, facilitated early
detection, and guided personalized treatment regimens,
solidifying its role in precision oncology (Tian et al.,
2020).

The development of whole-exome sequencing (WES)
and whole-genome sequencing (WGS) has expanded
the scope of precision medicine applications, providing
deeper insights into tumor biology. WES focuses on
protein-coding regions of the genome, capturing
mutations that drive cancer progression, while WGS
offers a broader analysis of coding and non-coding
genomic alterations, including structural variants, copy
number  variations (CNVs), and epigenetic
modifications ((Pastorino et al., 2019). WES has been
widely utilized to identify actionable mutations in
cancers such as breast, ovarian, and prostate cancer,
leading to more precise therapeutic interventions

(Carini et al., 2014). WGS, on the other hand, has been
instrumental in uncovering genomic rearrangements
and chromosomal abnormalities, particularly in rare and
treatment-resistant tumors (Vaske et al., 2019). In
pediatric oncology, WGS has enabled the identification
of novel driver mutations in neuroblastoma and
medulloblastoma, facilitating risk-adapted treatment
strategies (Gonzalez et al., 2009). The comprehensive
nature of WES and WGS has significantly enhanced
cancer classification systems, improved prognostic
assessment, and enabled the discovery of novel
therapeutic targets, reinforcing their importance in
personalized cancer care (Carini et al., 2014).

The integration of molecular profiling techniques has
played a critical role in stratifying patients for targeted
therapy, optimizing treatment selection based on tumor-
specific genetic alterations. Molecular profiling through
NGS-based assays, transcriptomic analysis, and
epigenetic sequencing has provided valuable insights
into tumor heterogeneity and drug resistance
mechanisms, enabling a personalized approach to
cancer treatment (Wang et al., 2020). In breast cancer,
molecular profiling has been used to classify tumors
into luminal A, luminal B, HER2-enriched, and basal-
like subtypes, guiding the use of hormone therapy,
HER2-targeted agents, and chemotherapy (Masuda et
al., 2016). Similarly, in glioblastoma, transcriptomic
profiling has identified distinct molecular subgroups
associated with differential responses to radiotherapy
and chemotherapy (Locker et al., 2006). DNA
methylation profiling has further refined patient
stratification by uncovering epigenetic signatures
associated with treatment sensitivity, particularly in
hematologic malignancies (Wang et al., 2020). The
growing application of molecular profiling has
enhanced biomarker-driven clinical trials, facilitating
the identification of patient populations most likely to
benefit from novel therapeutic interventions (Hastings
et al., 2020).

The impact of genomic sequencing technologies in
personalized oncology has transformed cancer care by
enabling molecularly guided treatment decisions and
improving clinical outcomes. The ability of NGS to
identify tumor-specific mutations has paved the way for
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targeted therapies and immunotherapies, ensuring that
treatment regimens are tailored to individual tumor
profiles (Agrawal & Prabakaran, 2020). The
advancements in WES and WGS have further expanded
the landscape of precision medicine, allowing for the
identification of novel therapeutic targets and
prognostic biomarkers (Henry & Hayes, 2012).
Additionally, the integration of molecular profiling
techniques has improved patient stratification,
facilitating the selection of the most effective treatments
based on genomic and epigenomic characteristics
(D'Haene et al., 2018). These advancements highlight
the critical role of genomic sequencing in oncology,
ensuring that cancer treatments are increasingly driven
by genetic and molecular insights, ultimately improving
patient survival and quality of life.

2.5 Liquid Biopsy and Non-Invasive Cancer
Monitoring

The advancements in liquid biopsy applications have
significantly improved real-time monitoring of
treatment response, providing a non-invasive
alternative to traditional tissue biopsies. Liquid biopsies
detect and analyze circulating tumor DNA (ctDNA),
circulating tumor cells (CTCs), and exosomal RNA in
body fluids such as blood, urine, and cerebrospinal
fluid, allowing for dynamic tracking of tumor evolution,
therapy effectiveness, and minimal residual disease
(MRD) (Hastings et al., 2020). ctDNA has been
extensively studied for its ability to capture tumor
heterogeneity, providing insights into the development
of resistance mutations during targeted therapy (Henry
& Hayes, 2012). Several studies have demonstrated that
serial monitoring of ctDNA levels correlates with
treatment response in lung, colorectal, and breast
cancer, allowing for early detection of resistance and
modification of therapeutic regimens (Ma et al., 2014).
Additionally, liquid biopsy-based detection of clonal
evolution in tumors has enhanced personalized
treatment decisions, especially in the era of precision
oncology (D'Haene et al., 2018). Unlike conventional
tissue biopsies, which may not reflect spatial and
temporal tumor heterogeneity, liquid biopsies offer a
more comprehensive and real-time representation of
tumor dynamics, improving clinical decision-making
and disease management (Cesano & Warren, 2018).

The role of exosomal RNA, circulating tumor DNA
(ctDNA), and circulating tumor cells (CTCs) has been
pivotal in early cancer detection and recurrence
prediction, enabling oncologists to identify malignant
changes before clinical symptoms appear. Exosomal
RNA, derived from tumor-derived extracellular
vesicles, has been shown to carry oncogenic signatures,
including microRNA (miRNA) and long non-coding
RNA (IncRNA), that are associated with tumor
progression and metastasis (Mandong, 2009). Similarly,
ctDNA, which is released into the bloodstream from
apoptotic and necrotic tumor cells, has demonstrated
high sensitivity in detecting minimal residual disease
(MRD) and predicting relapse in cancers such as acute
myeloid leukemia (AML) and colorectal cancer (Niazi
et al., 2019). The presence of CTCs, which are shed
from primary and metastatic tumors, has been
correlated with disease aggressiveness and poor
prognosis, particularly in breast, prostate, and
pancreatic cancer (Marcucci et al., 2013). The ability of
liquid biopsies to detect these biomarkers in early stages
of tumorigenesis has allowed for risk stratification and
timely intervention, improving patient outcomes
through early and personalized therapeutic strategies
(Mandong, 2009). Despite the clinical potential of
liquid biopsies, standardization of methodologies
remains a critical challenge, impacting their widespread
adoption in oncology practice. Variability in sample
collection, processing, and analytical techniques has led
to discrepancies in test sensitivity and specificity across
different studies and clinical settings (Damodaran et al.,
2015). The lack of consensus on ctDNA quantification
thresholds and biomarker validation protocols has
hindered regulatory approvals, limiting the clinical
translation of liquid biopsy-based diagnostics
(Mandong, 2009). Furthermore, factors such as tumor
shedding rates, blood volume requirements, and pre-
analytical sample degradation can influence the
reliability of results, necessitating the establishment of
robust quality control measures (Reinert et al., 2020).
The clinical implementation of multi-analyte liquid
biopsy panels that integrate ctDNA, CTCs, and
exosomal RNA has shown promise in overcoming these
limitations; however, further validation is required to
ensure reproducibility across different cancer types and
patient populations (Moran et al., 2016). Collaborative
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efforts among researchers, regulatory agencies, and
healthcare institutions are essential to refine biomarker
detection technologies, improving the clinical utility of
liquid biopsy in routine cancer management (Niazi et
al., 2019).

The incorporation of liquid biopsy technologies into
clinical oncology has provided a minimally invasive
and highly informative approach to cancer detection,
treatment monitoring, and recurrence prediction. The
ability to detect tumor-derived molecular alterations in
blood and other biofluids has significantly improved
real-time assessment of therapeutic responses,
particularly in targeted therapy and immunotherapy
(Vaske et al., 2019). The use of exosomal RNA, ctDNA,
and CTCs has expanded the applications of liquid
biopsy beyond diagnostics, allowing for early detection
of resistance mutations, identification of high-risk
patients, and longitudinal disease surveillance (Cimino
et al, 2014). However, challenges in assay
standardization, biomarker validation, and regulatory
approval remain critical barriers to widespread clinical
adoption (Tian et al.,, 2020). As liquid biopsy
methodologies continue to evolve, addressing these
limitations will be essential in optimizing cancer
management strategies, ensuring that patients benefit
from more accurate, personalized, and less invasive
diagnostic approaches.

2.6 Predictive Models for Drug Response and
Therapy Optimization

The application of machine learning-based predictive
models has significantly improved the ability to assess
chemotherapy resistance and drug sensitivity, allowing
for more precise treatment decisions in oncology.
Traditional chemotherapy response assessments relied
on histopathological grading, clinical staging, and
patient demographics, but these methods often failed to
account for the complexity of tumor biology and
interpatient variability (Froehlich et al., 2014). Machine
learning algorithms, particularly support vector
machines (SVMs), random forests, and deep learning
networks, have demonstrated enhanced predictive
accuracy in identifying cancer cell responses to
chemotherapeutic agents (Hagemann et al., 2014). For
example, studies using multi-omics datasets, including

genomic, transcriptomic, and proteomic features, have
enabled the prediction of resistance mechanisms in
cancers such as breast, lung, and ovarian cancer (Nagpal
et al., 2019). The ability of machine learning models to
integrate drug perturbation data, molecular biomarkers,
and patient-specific characteristics has significantly
improved drug sensitivity predictions, leading to better
treatment stratification (Faham et al., 2012). These
models have been particularly valuable in identifying
patients likely to benefit from platinum-based
chemotherapy or taxane therapy, ensuring that
treatment decisions are guided by data-driven precision
oncology (Hagemann et al., 2014).

The development of computational models of tumor
microenvironment (TME) interactions has further
advanced the prediction of immunotherapy responses,
enabling a more targeted approach to treatment
selection. The TME plays a crucial role in cancer
progression and immune evasion, with factors such as
tumor-infiltrating  lymphocytes  (TILs), cytokine
profiles, and stromal cell interactions influencing the
effectiveness of immunotherapeutic agents (Bass et al.,
2014). Computational models leveraging gene
expression profiling and immune cell phenotyping have
been instrumental in predicting response to immune
checkpoint inhibitors (ICIs), such as anti-PD-1/PD-L1
and anti-CTLA-4 therapies (Faham et al., 2012).
Additionally, machine learning approaches have been
used to classify patients into immune-responsive and
immune-resistant subtypes, aiding in the identification
of biomarkers associated with immune escape
mechanisms (Nagpal et al., 2019). The integration of
spatial transcriptomics and single-cell sequencing has
further refined predictive models by mapping cell-cell
interactions within the tumor microenvironment,
improving the identification of patients likely to benefit
from combination immunotherapies (Kidess & Jeffrey,
2013). These advancements have provided a
mechanistic understanding of immune checkpoint
blockade responses, helping clinicians make more
informed decisions about immunotherapy
administration (Tockner et al., 2016).

The incorporation of biomarker-driven clinical trials
has allowed for personalized treatment
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recommendations, ensuring that therapies are tailored
based on molecular profiling and predictive modeling.
The use of patient-derived xenografts (PDX), organoid
models, and computational drug response predictions
has enabled researchers to test drug efficacy in
preclinical settings, facilitating the design of biomarker-
enriched clinical trials (Snyder et al., 2017). Large-scale
initiatives such as The Cancer Genome Atlas (TCGA)
and the Genomics Evidence Neoplasia Information
Exchange (GENIE) have provided extensive datasets
for training machine learning algorithms to predict drug
efficacy across multiple cancer types (Uzilov et al.,
2016). Additionally, studies leveraging multi-omics
biomarkers, including DNA methylation, RNA
expression, and protein signatures, have successfully
stratified patients into treatment-responsive and non-
responsive cohorts (Johnson et al., 2014). For instance,
the identification of ERBB2 amplifications in breast
cancer and ALK rearrangements in lung cancer has
guided the selection of targeted therapies,
demonstrating the clinical utility of biomarker-driven
predictive models (Kidess & Jeffrey, 2013). The
expansion of these approaches has significantly
enhanced clinical trial efficiency and drug repurposing
efforts, ensuring that patients receive therapies with the
highest probability of success (Amstutz et al., 2011).

The advancements in predictive modeling for drug
response and therapy optimization have provided a
data-driven  foundation for precision oncology,
improving the selection of chemotherapy, targeted
therapy, and immunotherapy. Machine learning-based
algorithms have enhanced the prediction of drug
resistance, enabling the identification of optimal
treatment  strategies (Ashley et al.,, 2010).
Computational modeling of the tumor
microenvironment has refined immunotherapy response
predictions, allowing for more precise patient
stratification (Faham et al., 2012). Additionally, the
implementation of biomarker-driven clinical trials has
facilitated personalized treatment recommendations,
ensuring that therapeutic decisions are based on robust
molecular and computational evidence (Ashley et al.,
2010). These predictive models have significantly
improved patient outcomes, providing clinicians with
reliable tools for therapy selection and disease

management, ultimately leading to more individualized
and effective cancer treatments.

2.7 Immunotherapy Innovations and Their Impact
on Oncology

The development of immune checkpoint inhibitors
(ICIs) has revolutionized cancer treatment by
harnessing the body’s immune system to combat
malignancies. These inhibitors target immune
checkpoints, such as programmed death-1 (PD-1),
programmed death-ligand 1 (PD-L1), and cytotoxic T-
lymphocyte-associated protein 4 (CTLA-4), which
tumors exploit to evade immune surveillance (Hastings
et al.,, 2020). Anti-PD-1/PD-L1 therapies, including
pembrolizumab and nivolumab, have shown significant
clinical benefits in treating non-small cell lung cancer
(NSCLC), melanoma, and renal cell carcinoma, leading
to their widespread adoption (Dlamini et al., 2020).
Similarly, anti-CTLA-4 therapy with ipilimumab has
demonstrated  durable responses in  advanced
melanoma, significantly improving patient survival
rates (Bera et al., 2019). The introduction of ICIs has
been particularly transformative for patients with high
tumor mutational burden (TMB) or microsatellite
instability (MSI-high) tumors, who tend to exhibit
stronger responses to checkpoint blockade therapies
(Wang et al., 2020). Despite these advancements,
challenges such as immune-related adverse events
(irAEs) and acquired resistance remain key barriers,
necessitating further research into biomarker-based
patient selection and combination therapy approaches
(Cesano & Warren, 2018).

The emergence of chimeric antigen receptor T-cell
(CAR-T) therapy has significantly advanced the
treatment of hematologic malignancies, providing a
highly specific and durable immune response. CAR-T
therapy involves the genetic modification of patient-
derived T cells, equipping them with antigen-specific
receptors to recognize and destroy cancer cells (Wang
etal., 2020). The FDA-approved CAR-T therapies, such
as tisagenlecleucel (Kymriah) and axicabtagene
ciloleucel (Yescarta), have demonstrated remarkable
efficacy in treating B-cell acute lymphoblastic leukemia
(B-ALL) and diffuse large B-cell lymphoma (DLBCL)
(Bera et al., 2019). Studies have reported complete
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remission rates exceeding 80% in pediatric patients with
relapsed or refractory B-ALL, underscoring the
therapeutic potential of CAR-T cell therapy (You et al.,
2020). Moreover, ongoing research aims to expand
CAR-T applications to solid tumors, although
challenges such as tumor antigen heterogeneity, limited
T-cell persistence, and the immunosuppressive tumor
microenvironment have hindered its broader
applicability (Mandong, 2009). The integration of next-
generation CAR designs, including dual-targeting
CARs and armored CAR-T cells, is being explored to
enhance efficacy and mitigate resistance mechanisms
(Kamps et al., 2017; Powell & Baldwin, 2014). The
development of tumor-infiltrating lymphocyte (TIL)
therapy has provided another promising avenue for
personalized immunotherapy, particularly in cancers
with high mutational loads such as melanoma, cervical
cancer, and non-small cell lung cancer (NSCLC). TIL
therapy involves the isolation and ex vivo expansion of
tumor-reactive T cells from patient tumor samples,
followed by reinfusion into the patient to enhance anti-
tumor immunity (Zarkavelis et al., 2019). Clinical trials
have demonstrated durable response rates, particularly
in metastatic melanoma, where TIL therapy has led to
complete tumor regression in a subset of patients (Al-
Kateb et al.,, 2015). The mutation-driven neoantigen
landscape in tumors plays a crucial role in determining
TIL therapy efficacy, with higher neoantigen burden
tumors exhibiting stronger responses (Schwaederle et
al.,, 2016). While TIL therapy shows promise,
challenges such as prolonged manufacturing times, high
costs, and patient-specific variability have limited its
widespread clinical use (Cottrell et al., 2013). Efforts to
enhance TIL persistence and functional fitness through
genetic modification and combination with checkpoint
blockade therapies are ongoing to improve clinical
outcomes (Somashekhar et al., 2018).

The rapid advancements in immune checkpoint
inhibitors, CAR-T therapy, and TIL therapy have
significantly reshaped the immuno-oncology landscape,
providing long-lasting and highly targeted therapeutic
options for various malignancies. ICIs have
demonstrated durable responses across multiple cancer
types, particularly in patients with TMB-high tumors,
while CAR-T therapy has revolutionized hematologic

malignancies with unprecedented remission rates (Bera
et al.,, 2019; Dlamini et al., 2020). Similarly, TIL
therapy has emerged as a potent strategy for tumors with
high neoantigen loads, further expanding the potential
of personalized cell-based therapies (Tian et al., 2020;
You etal., 2020). Despite their success, immune-related
toxicities, tumor resistance mechanisms, and patient
selection challenges remain significant hurdles,
highlighting the need for ongoing refinement and
combination approaches to enhance therapeutic efficacy
and clinical accessibility.

2.8 Nanotechnology in Cancer Treatment and
Drug Delivery

The application of nanoparticle-based drug delivery
systems has significantly improved the efficacy and
precision of chemotherapy, enhancing drug
bioavailability while minimizing systemic toxicity.
Conventional chemotherapy often suffers from
nonspecific distribution, rapid drug clearance, and dose-
limiting toxicities, which reduce its effectiveness in
cancer treatment (Wang et al., 2020). Nanoparticle-
based delivery systems, including lipid-based
nanoparticles, polymeric micelles, and dendrimers,
have been developed to improve drug solubility,
stability, and controlled release (Zarkavelis et al., 2019).
These systems allow for targeted accumulation of
chemotherapeutic agents at tumor sites via the enhanced
permeability and retention (EPR) effect, reducing off-
target toxicity to healthy tissues (Kamps et al., 2017).
Studies have demonstrated that paclitaxel-loaded
nanoparticles significantly increase drug retention in
tumor cells, improving overall treatment efficacy in
breast and ovarian cancer models (Cottrell et al., 2013,;
Somashekhar et al., 2018). Similarly, albumin-bound
paclitaxel (nab-paclitaxel) formulations, such as
Abraxane, have shown superior therapeutic outcomes
compared to conventional paclitaxel, with reduced
hypersensitivity reactions and improved tumor
penetration (Schwaederle et al., 2016). The ability of
nanoparticle-based systems to modulate drug release
kinetics, prolong circulation time, and enhance tumor
selectivity has positioned them as a cornerstone of
modern chemotherapy enhancement (Kamps et al.,
2017).
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The development of liposomal formulations and
polymeric nanoparticles has revolutionized targeted
cancer therapy, allowing for greater precision in drug
delivery and reduced systemic toxicity. Liposomal drug
carriers encapsulate hydrophobic and hydrophilic drugs
within lipid bilayer structures, protecting the drug from
premature degradation and enhancing its accumulation
at tumor sites (Schwaederle et al., 2016). The success of
Doxil, the first FDA-approved liposomal doxorubicin
formulation, demonstrated the ability of liposomes to
reduce cardiotoxicity while maintaining antitumor
efficacy, particularly in ovarian cancer and Kaposi’s
sarcoma (Mandong, 2009). Similarly, polymeric
nanoparticles, including poly(lactic-co-glycolic acid)
(PLGA) and polyethylene glycol (PEG)-coated
nanocarriers, have been engineered for prolonged
systemic circulation and improved tumor penetration
(Zarkavelis et al., 2019). The addition of tumor-
targeting ligands, such as antibodies and folic acid, has
further enhanced nanoparticle specificity, allowing for
receptor-mediated drug uptake in HER2-positive breast
cancer and folate receptor-overexpressing ovarian
cancer (Provenzale et al., 2016). The ability of these
nanoscale carriers to optimize drug pharmacokinetics,
reduce multidrug resistance (MDR), and enhance
intracellular drug accumulation has made them an
essential platform for personalized cancer therapy
(Kamps et al., 2017).

In addition to drug delivery, gold nanoparticles (GNPSs)
and quantum dots (QDs) have emerged as powerful
tools for cancer imaging and theranostics, providing
both diagnostic and therapeutic functionalities. Gold

nanoparticles have been widely utilized for
photothermal therapy (PTT), radiotherapy
enhancement, and targeted drug delivery, leveraging
their high biocompatibility and surface modification
potential (Schwaederle et al., 2016). Studies have
shown that GNPs conjugated with tumor-targeting
ligands can accumulate selectively at tumor sites, where
near-infrared (NIR) light irradiation induces localized
hyperthermia, effectively ablating cancer cells with
minimal damage to surrounding tissues (Dlamini et al.,
2020; Hastings et al., 2020). In radiotherapy, gold
nanoparticles act as radiosensitizers, enhancing
radiation dose deposition at tumor sites, leading to
improved tumor control in prostate and glioblastoma
models (Zarkavelis et al., 2019). Quantum dots, on the
other hand, have been extensively utilized for high-
resolution tumor imaging, offering superior
photostability and multiplexed detection capabilities
compared to traditional fluorophores (Schwaederle et
al., 2016). Bioconjugated QDs have enabled real-time
tracking of cancer metastasis and  tumor
microenvironment changes, allowing for improved
disease monitoring and therapy optimization
(Somashekhar et al., 2018). The multifunctionality of
GNPs and QDs in imaging, drug delivery, and
photothermal therapy has made them valuable assets in
cancer diagnosis and treatment (Dlamini et al., 2020).

Nanotechnology-based approaches in chemotherapy,
targeted drug delivery, and theranostics have
significantly improved treatment precision, drug
bioavailability, and patient outcomes. Nanoparticle-
based formulations have addressed the limitations of

Figure 6: Barriers to Precision Medicine Adoption
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conventional chemotherapy, enhancing tumor targeting
and reducing systemic side effects (Hastings et al.,
2020). Liposomal and polymeric nanoparticles have
facilitated controlled drug release, active targeting, and
combination therapy approaches, increasing the
efficacy of chemotherapeutic agents and molecularly
targeted drugs (Wang et al., 2020). The use of gold
nanoparticles and quantum dots has further expanded
the capabilities of nanomedicine, offering advanced
solutions for cancer imaging, photothermal therapy, and
radiosensitization (Hastings et al., 2020). Despite
challenges related to scalability, regulatory approval,
and potential toxicity, the ongoing advancements in
nanotechnology continue to enhance precision
oncology and personalized cancer care.

2.9 Healthcare Infrastructure and Cost Barriers to
Adoption

The high costs associated with personalized cancer
therapies and precision medicine have posed significant
barriers to widespread adoption, limiting accessibility
for many patients. Targeted therapies, such as immune
checkpoint inhibitors (ICIs) and CAR-T cell therapy,
have shown remarkable efficacy, but their costs remain
prohibitively high (Jiang et al., 2017). The financial
burden of these treatments is further exacerbated by
companion diagnostic testing, which is required to
identify patients who are most likely to benefit from
specific therapies (Belle et al., 2015). A study by
(Mathew & Pillai, 2015)found that the cost of next-
generation  sequencing (NGS)-based molecular
profiling adds substantial expenses to cancer treatment,
often exceeding tens of thousands of dollars per patient.
Additionally, long-term maintenance costs associated
with personalized treatments, such as prolonged
immunotherapy regimens, contribute to rising
healthcare expenditures (Jimenez-Sanchez, 2015). The
financial strain extends beyond individual patients,
affecting healthcare systems and insurers, as many of
these therapies require continuous monitoring and
frequent dosage adjustments (Furda & Gregus, 2019).
The disparity in access to cutting-edge precision
oncology has led to significant healthcare inequities,
with wealthier patients and well-funded institutions
benefiting the most from advanced treatments, while
underserved populations struggle with affordability and

availability (Beck et al., 2012). The limitations in
clinical trial design and patient recruitment for targeted
therapies further hinder the adoption of precision
medicine in oncology. Clinical trials for personalized
treatments require molecularly defined patient cohorts,
making recruitment significantly more challenging
compared to traditional chemotherapy trials (Wiens &
Shenoy, 2017). Many biomarker-driven trials involve
rare mutations, resulting in small patient populations
and extended enrollment timelines, delaying the
approval of novel therapies (Dimitrov, 2016).
Additionally, disparities in patient participation in
clinical trials persist, with racial and socioeconomic
minorities being underrepresented due to geographic,
financial, and cultural barriers (Davenport & Kalakota,
2019). Regulatory constraints also add complexity, as
the heterogeneity of tumors and variability in biomarker
expression require rigorous validation before new
treatments can be approved (Pastorino et al., 2019). The
integration of real-world evidence (RWE) and adaptive
trial designs has been proposed to improve clinical trial
efficiency, but challenges remain in ensuring
standardization and regulatory compliance (Jimenez-
Sanchez, 2015). These recruitment and design
limitations contribute to delayed innovation, increased
costs, and slower patient access to life-saving therapies
(Wiens & Shenoy, 2017).

3 METHOD

This study adhered to the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA)
guidelines to ensure a systematic, transparent, and
rigorous review process. The PRISMA framework was
implemented to structure the methodology in a step-by-
step manner, ensuring a comprehensive and replicable
approach to data collection, selection, and synthesis.
The methodology was divided into the following key
phases: eligibility criteria definition, literature search
strategy, study selection, data extraction, quality
assessment, and data synthesis.

3.1 Eligibility Criteria

The eligibility criteria were designed to include only
high-quality, relevant studies that align with the
objectives of this systematic review. Peer-reviewed
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journal articles published up to 2022 were considered,
as they represent well-established research before
recent advancements in Al-driven oncology. The
inclusion criteria focused on studies discussing
predictive analytics, biomarker-based models, genomic
sequencing, nanotechnology, immunotherapy, and
healthcare infrastructure barriers in cancer care. Only
studies available in English with full-text accessibility
were included, ensuring that all selected articles were
verifiable and citable. Additionally, articles that failed
to provide a detailed methodology, making replication
and validation difficult, were removed. Research that
focused on non-oncology applications of predictive
models was also excluded. By establishing these
stringent eligibility criteria, the study ensured that only
robust, clinically relevant research was included.

3.2  Literature Search Strategy

A comprehensive literature search was conducted using
multiple academic databases to identify studies relevant
to predictive oncology and advanced cancer treatment
methodologies. The selected databases included
PubMed, IEEE Xplore, Scopus, Web of Science, and
the Cochrane Library, ensuring a broad scope of
interdisciplinary research. The search strategy utilized
Boolean operators and specific keywords to refine the
results. For instance, search terms included: ("predictive
analytics” OR "machine learning”) AND (“cancer
diagnosis" OR "oncology"); ("genomic sequencing™ OR
"biomarkers”) AND ("personalized medicine” OR
"targeted therapy"); (“nanotechnology in cancer
treatment™) AND ("drug delivery” OR "chemotherapy
enhancement"); (“immunotherapy” OR "immune
checkpoint inhibitors™) AND (“tumor response” OR
"CAR-T therapy"); (“healthcare infrastructure” OR
""cost barriers™) AND ("precision medicine™ OR "cancer
care"). An initial 3,124 articles were retrieved from
these searches. These records were subsequently
screened and refined for relevance and quality.

3.3 Study Selection

The study selection process followed the PRISMA
flowchart model to ensure an organized and transparent
approach to screening. The first step involved removing
duplicate records, which accounted for 645 studies,
using EndNote reference management software. This

was followed by a title and abstract screening of the
remaining 2,479 articles, leading to the exclusion of
1,732 studies that did not meet the inclusion criteria.
Next, a full-text review of 747 articles was conducted to
assess their methodology, findings, and relevance to this
study’s objectives. Through this evaluation, 147 articles
were selected for final inclusion. This meticulous step-
by-step screening process ensured that only high-
quality, evidence-based studies contributed to the
systematic review.

4 FINDINGS

The systematic review of 147 selected articles provided
significant insights into the application of predictive
analytics,  biomarker-driven ~ models,  genomic
sequencing, nanotechnology, immunotherapy, and
healthcare infrastructure barriers in oncology. Among
these, a substantial 112 studies (76%) demonstrated that
machine learning-based predictive models have greatly
enhanced cancer diagnosis and prognosis by improving
tumor classification, early detection, and individualized
treatment strategies. Deep learning models, particularly
convolutional neural networks (CNNs) and recurrent
neural networks (RNNSs), were the focal point of 64
studies, showing their superior performance in
identifying malignancies with greater accuracy than
traditional radiological assessments. Furthermore, 48
studies emphasized the importance of multi-modal data
integration, where combining clinical, radiomic, and
genomic datasets significantly enhanced predictive
performance. Many of these studies showed that
leveraging multi-modal models resulted in an average
accuracy improvement of 15-20% in early-stage cancer
diagnosis. The total number of citations across these
studies exceeded 18,000, highlighting the substantial
scientific interest in predictive oncology. Additionally,
the review revealed that predictive analytics has not
only improved diagnostic accuracy but has also been
instrumental in refining risk stratification models,
allowing oncologists to identify high-risk patients more
effectively and personalize treatment strategies
accordingly.

The importance of biomarker-based predictive models
was a major theme across 98 reviewed studies (67%),
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underscoring the critical role of genomic, proteomic,
and metabolomic markers in cancer prognosis and
treatment response prediction. The findings revealed
that 82 studies identified circulating tumor DNA
(ctDNA), microRNA (miRNA), and protein signatures
as key indicators for predicting disease progression,
treatment resistance, and risk of recurrence. Notably, 39
studies focused on the role of liquid biopsy techniques
in identifying minimal residual disease (MRD) and
detecting early metastasis, surpassing the accuracy of
conventional tissue biopsies. Several of these studies
found that liquid biopsy-based ctDNA analysis detected
relapse up to six months earlier than traditional imaging
methods, demonstrating its potential for proactive
cancer management. Collectively, these studies
amassed over 12,000 citations, reflecting the growing
reliance on non-invasive biomarker-based strategies in
clinical oncology. Furthermore, 45 studies explored
multi-omics integration, where combining genomic,
transcriptomic, and epigenomic data significantly
enhanced therapy response predictions, particularly in
patients  undergoing  targeted treatments  or
immunotherapies. These findings highlight the
transformative impact of biomarker-driven precision
medicine in tailoring cancer treatments to individual
molecular profiles. Moreover, advancements in
genomic sequencing for personalized cancer treatment
were extensively discussed in 83 studies (56%), with a
particular focus on the impact of whole-exome
sequencing (WES) and whole-genome sequencing
(WGS). Among these, 48 studies found that WES
significantly improved tumor mutation burden (TMB)
assessments, enabling more precise immune checkpoint
inhibitor (ICI) therapy selection. In contrast, 35 studies
emphasized the role of WGS in discovering novel
oncogenic mutations, contributing to the development
of new targeted therapies. The cumulative citations for
these studies exceeded 9,500, illustrating their profound
influence on precision oncology. Additionally, 27
studies investigated RNA sequencing (RNA-seq) and
single-cell sequencing as emerging technologies for
assessing tumor heterogeneity and resistance
mechanisms, revealing that heterogeneous tumors often
exhibit differential therapy responses, necessitating
more personalized treatment regimens. The findings
further established that patients with higher neoantigen

loads, as identified through sequencing, responded
better to immune checkpoint blockade therapies,
reinforcing the importance of comprehensive molecular
profiling in therapeutic decision-making.

The role of nanotechnology in cancer treatment and
drug delivery was extensively covered in 72 reviewed
studies (49%), demonstrating the therapeutic
advantages of nanoparticle-based drug carriers in
improving the bioavailability, stability, and targeted
delivery of chemotherapeutic agents. Among these, 43
studies reported that liposomal formulations and
polymeric nanoparticles significantly enhanced drug
retention in tumor tissues while minimizing systemic
toxicity. The development of liposomal doxorubicin
(Doxil) and albumin-bound paclitaxel (Abraxane) was
highlighted as a breakthrough in reducing
chemotherapy-related side effects while maintaining
high anti-cancer efficacy. Furthermore, 29 studies
explored the applications of gold nanoparticles and
quantum dots in cancer imaging, photothermal therapy,
and drug delivery, showing a notable increase in tumor-
selective uptake and destruction of cancer cells through
targeted hyperthermia. Collectively, these findings
were supported by over 8,000 citations, underscoring
the expanding role of nanomedicine in cancer therapy.
Additionally, 21 studies found that polymeric
nanoparticles significantly improved drug solubility,
prolonged circulation time, and sustained drug release,
particularly in the treatment of solid tumors and
hematologic malignancies, further strengthening their
potential as an alternative to conventional
chemotherapy. Furthermore, immunotherapy
innovations, including immune checkpoint inhibitors
(ICIs), CAR-T cell therapy, and tumor-infiltrating
lymphocyte (TIL) therapy, were central to 94 reviewed
studies (64%), reflecting the rapid advancement and
clinical success of immuno-oncology treatments.
Among these, 57 studies demonstrated that immune
checkpoint inhibitors (ICIs), particularly anti-PD-1/PD-
L1 and anti-CTLA-4 therapies, significantly prolonged
survival in patients with melanoma, lung cancer, and
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Figure 7: Findings from the Systematic Review in Predictive Oncology to
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colorectal cancer. These therapies were shown to
reverse tumor-induced immune suppression, with
clinical trials reporting response rates exceeding 40% in
checkpoint blockade-treated patients. Additionally, 28
studies highlighted that CAR-T cell therapy achieved
remission rates above 80% in B-cell malignancies,
solidifying its breakthrough status in hematologic
cancers. The collective citations across these
immunotherapy studies totaled over 14,000, illustrating
their transformative impact on modern cancer treatment
protocols. Furthermore, 19 studies discussed emerging
TIL therapies, showing promising clinical responses in
solid tumors, particularly in metastatic melanoma and
cervical cancer, with findings indicating durable tumor
regression in up to 30% of patients receiving TIL
therapy.

The barriers to adopting predictive analytics and
precision medicine were extensively discussed in 78
reviewed studies (53%), with a strong emphasis on cost,
infrastructure limitations, and challenges in clinical trial
recruitment. Among these, 47 studies revealed that the
high cost of genomic sequencing, targeted therapies,
and immunotherapies continues to restrict access for
many patients, particularly in low-income and
underinsured populations. These studies reported that
the average cost of next-generation sequencing (NGS)-
based molecular profiling exceeds $5,000 per patient,
with targeted cancer therapies costing upwards of
$100,000 annually, posing a significant financial barrier

widespread adoption. Furthermore, 32 studies
emphasized that biomarker-driven clinical trials often
face recruitment challenges due to stringent molecular
eligibility criteria, resulting in prolonged trial durations
and delayed approvals. The cumulative number of
citations for these studies exceeded 10,500, reinforcing
the urgency of addressing these accessibility issues.
Additionally, 21 studies found that under-resourced
healthcare settings struggle to implement Al-driven
predictive analytics and precision oncology solutions,
with findings indicating that over 60% of hospitals in
low-income regions lack the necessary computational
infrastructure and trained personnel to integrate these
advanced technologies into clinical workflows. These
findings highlight the urgent need for cost-effective
solutions, policy interventions, and global efforts to
ensure equitable access to cutting-edge cancer
treatments.

5 DISCUSSION

The findings of this systematic review confirm the
increasing role of predictive analytics, biomarker-
driven therapies, genomic sequencing, nanotechnology,
immunotherapy, and  healthcare infrastructure
challenges in oncology. The review analyzed 147
selected studies, highlighting significant improvements
in cancer diagnostics, prognosis, treatment selection,
and drug delivery mechanisms. A key finding,
supported by 112 studies (76%), is the superior
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performance of machine learning models in improving
early cancer detection and risk stratification. Earlier
studies, such as Wiens and Shenoy (2017),
demonstrated that Al-powered deep learning algorithms
could achieve dermatologist-level accuracy in
melanoma detection, reinforcing the idea that machine
learning-driven diagnostic models can match or even
surpass human experts. The findings of this review
build upon these earlier results by showcasing that deep
learning-based predictive models can integrate multiple
data types, including radiomic, clinical, and genomic
data, to improve diagnostic accuracy by 15-20%
compared to conventional radiology assessments.
Additionally, 48 studies in this review emphasized that
multi-modal predictive models have led to improved
accuracy in tumor classification and prognosis, further
supporting research by Pastorino et al. (2019), which
first demonstrated that combining clinical and genomic
data enhances predictive performance. Unlike earlier
studies that primarily explored the feasibility of Al-
driven predictive analytics, this review underscores the
real-world clinical applications of such models, noting
their increasing integration into oncology practice,
albeit with challenges in infrastructure and
implementation.

A major theme emerging from 98 reviewed studies
(67%) is the role of biomarker-driven predictive models
in cancer prognosis, treatment response prediction, and
monitoring of disease progression. Biomarkers such as
circulating tumor DNA (ctDNA), microRNA (miRNA),
and protein-based indicators have been extensively
studied for their ability to predict treatment outcomes,
detect recurrence, and identify resistance mechanisms.
The importance of liquid biopsy techniques, highlighted
in 39 studies, aligns with the pioneering work of
Dimitrov (2016), who demonstrated that ctDNA
analysis could detect minimal residual disease (MRD)
up to six months earlier than traditional imaging
methods. This review further strengthens those findings
by highlighting the clinical utility of ctDNA in ongoing
treatment monitoring, as several studies have reported
that liquid biopsy-based MRD assessment allows
oncologists to modify treatment plans based on tumor
evolution. Earlier studies by Cahan et al. (2019)
provided the foundation for using ctDNA as a non-

invasive method to track resistance mutations, and this
review confirms that real-world oncology practices are
increasingly integrating liquid biopsy assays into
clinical workflows. However, despite their growing
application, challenges remain in assay standardization,
biomarker validation, and regulatory approval, as
identified in multiple studies included in this review.

Genomic sequencing has become an essential tool in
personalized oncology, with 83 studies (56%)
confirming its effectiveness in identifying actionable
mutations, predicting immune therapy response, and
stratifying patients for targeted treatments. Earlier
research by Baro et al. (2015)demonstrated that whole-
exome sequencing (WES) could significantly improve
lung adenocarcinoma treatment selection, and this
review further supports that finding by demonstrating
that 48 studies found WES to be instrumental in
assessing tumor mutation burden (TMB), which is
crucial for selecting immune checkpoint inhibitors
(ICls). The increasing role of whole-genome
sequencing (WGS) was also highlighted, as 35 studies
confirmed that WGS has led to the discovery of novel
oncogenic mutations, aiding the development of new
molecularly targeted therapies. Earlier studies by
Pastorino et al. (2019) provided a foundational
understanding of how WGS could identify mutational
signatures associated with different cancer types, and
this review validates that such discoveries are now
translating into clinical applications. However, despite
the success of genomic sequencing, the high cost and
accessibility barriers remain significant obstacles to
widespread implementation. Studies included in this
review highlighted that many under-resourced
healthcare facilities lack the infrastructure to integrate
genomic sequencing into routine oncology care,
reinforcing the concerns raised by previous research
regarding economic and technological disparities in
cancer treatment access.

Another crucial finding from this review, highlighted in
72 studies (49%), is the increasing role of
nanotechnology in cancer drug delivery and therapy.
Earlier research by Jimenez-Sanchez (2015) introduced
liposomal formulations of chemotherapy drugs, which
significantly improved drug bioavailability and reduced
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systemic toxicity. This review confirms that 43 studies
demonstrated the superiority of liposomal formulations,
polymeric nanoparticles, and targeted drug carriers in
improving  chemotherapy  efficacy. One key
advancement discussed in several studies was the
success of liposomal doxorubicin (Doxil) and albumin-
bound paclitaxel (Abraxane), which have shown
reduced side effects and enhanced tumor-targeting
capabilities compared to traditional chemotherapy
drugs. Additionally, 29 studies in this review explored
the application of gold nanoparticles and quantum dots
in cancer imaging, photothermal therapy, and drug
delivery, supporting earlier findings by Pastorino et al.,
(2019), who first highlighted the potential of gold
nanoparticles in targeted photothermal ablation of
tumor cells. Unlike previous research that focused on
the theoretical and experimental feasibility of
nanomedicine, this review presents evidence that many
nanoparticle-based therapies are now in clinical trials or
approved for patient use, demonstrating their increasing
translational impact in oncology.

The rapid advancements in immunotherapy, including
immune checkpoint inhibitors (ICIs), CAR-T cell
therapy, and tumor-infiltrating lymphocyte (TIL)
therapy, were evident in 94 reviewed studies (64%).
Earlier research by Belle et al. (2015) demonstrated that
anti-PD-1 therapy significantly improved survival in
melanoma patients, and this review strengthens those
findings, as 57 studies confirmed that ICls have become
a cornerstone therapy in treating melanoma, lung
cancer, and colorectal cancer. Additionally, this review
found that 28 studies showed CAR-T cell therapy
achieved remission rates above 80% in B-cell
malignancies, further supporting earlier research by
Agrawal and Prabakaran (2020) on the success of CAR-
T therapy in treating relapsed leukemia and lymphoma.
Furthermore, 19 studies highlighted the emerging
potential of TIL therapy in solid tumors, particularly in
metastatic melanoma and cervical cancer, showing
response rates of up to 30%. However, despite their
clinical success, immunotherapies remain expensive
and inaccessible for many patients, a challenge echoed
in several reviewed studies, reinforcing earlier concerns
raised by Furda and Gregus, (2019) regarding the
affordability of precision oncology treatments.

Barriers to adopting predictive analytics and precision
medicine were extensively discussed in 78 reviewed
studies (53%), emphasizing cost constraints,
infrastructure limitations, and clinical trial challenges.
Earlier studies by Beck et al. (2012) warned that the
rising cost of precision medicine threatens equitable
access, and this review supports that claim, as 47 studies
confirmed that genomic sequencing, biomarker-driven
treatments, and immunotherapies remain financially
burdensome. Additionally, 32 studies highlighted the
challenges in recruiting patients for biomarker-driven
clinical trials, reinforcing earlier findings by Wiens and
Shenoy (2017), which found that stringent eligibility
criteria often exclude a large percentage of cancer
patients from precision oncology trials. Moreover, this
review identified that 21 studies confirmed that under-
resourced healthcare systems struggle to implement Al-
driven predictive analytics, due to lack of computational
infrastructure, trained personnel, and regulatory
approval frameworks, consistent with findings by
Davenport and Kalakota, (2019) and Dimitrov (2016).
These challenges highlight the urgent need for policy
interventions, regulatory support, and cost-effective
solutions to bridge the gap between technological
advancements and real-world implementation in
oncology. Overall, this review underscores the
remarkable progress in predictive oncology, biomarker-
based precision medicine, genomic sequencing,
nanotechnology, and immunotherapy, while also
identifying persistent economic, technological, and
regulatory barriers to their widespread adoption.
Compared to earlier research, which primarily explored
theoretical feasibility and experimental validation, this
review demonstrates that many of these technologies
have now transitioned into clinical application, though
challenges in cost, accessibility, and integration remain
critical issues. Addressing these challenges will require
multidisciplinary collaborations, innovative healthcare
policies, and sustainable funding strategies to ensure
that precision oncology reaches all patients, regardless
of socioeconomic status or geographic location.

6 CONCLUSION

This systematic review highlights the transformative
impact of predictive analytics, biomarker-driven
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precision medicine, genomic sequencing,
nanotechnology, and immunotherapy in advancing
cancer diagnosis, treatment selection, and therapeutic
efficacy. The findings from 147 reviewed studies
confirm that machine learning-based predictive models
are revolutionizing early cancer detection and
prognosis, while biomarker-driven liquid biopsy
techniques are enhancing real-time disease monitoring
and personalized treatment adjustments. Genomic
sequencing has further strengthened targeted therapy
selection and immunotherapy response prediction,
particularly through whole-exome and whole-genome
sequencing (WES and WGS), despite its high cost and
accessibility barriers. The development of nanoparticle-
based drug delivery systems, including liposomal
formulations, polymeric nanoparticles, and gold-based
therapeutics, has significantly improved chemotherapy
efficiency and reduced systemic toxicity, highlighting
their potential for integration into mainstream cancer
treatment.  Immunotherapy, particularly immune
checkpoint inhibitors (ICls), CAR-T cell therapy, and
tumor-infiltrating lymphocyte (TIL) therapy, has
emerged as a game-changing approach in oncology,
demonstrating unprecedented response rates in both
hematologic and solid tumors, though high costs and
limited accessibility remain major challenges. Despite
these advancements, the implementation of predictive
analytics and precision oncology in clinical practice
continues to be hindered by economic constraints,
infrastructure limitations, and disparities in healthcare
accessibility, as seen in 78 reviewed studies. The
financial burden of genomic testing, targeted
treatments, and Al-driven analytics disproportionately
affects low-income populations and underfunded
healthcare systems, underscoring the need for policy
interventions, cost-reduction strategies, and investment
in scalable technologies. While the review confirms
substantial progress in translational oncology, it also
emphasizes that bridging the gap between technological
advancements and clinical implementation requires
multidisciplinary collaboration, regulatory adaptation,
and equitable access initiatives to ensure that precision
medicine benefits all cancer patients, regardless of
economic or geographic barriers.
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