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Cancer continues to represent one of the most significant global health challenges due to its molecular heterogeneity, dynamic 

evolution, late-stage diagnosis, and variability in therapeutic response. Conventional oncology approaches have historically relied 

on population-based treatment paradigms, imaging interpretation, histopathological examination, and isolated molecular 

biomarkers, which frequently fail to capture the biological complexity underlying tumor initiation, progression, metastasis, and 

therapeutic resistance. The emergence of predictive oncology has introduced a transformative computational framework that 

integrates artificial intelligence (AI), digital biomarkers, multi-omics analytics, radiogenomics, and real-time clinical data to 

enable earlier cancer detection, individualized risk prediction, and precision therapeutic intervention. Predictive oncology 

combines machine learning, deep learning, transformer-based architectures, and multimodal foundation models to analyze highly 

heterogeneous datasets generated from radiology, histopathology, genomics, transcriptomics, proteomics, liquid biopsy profiling, 

wearable devices, and electronic health records. These computational systems are increasingly capable of identifying latent disease 

signatures, forecasting tumor behavior, predicting treatment response, and optimizing personalized clinical decision-making. 

 

Recent advances in AI-driven oncology have demonstrated remarkable improvements in cancer screening, recurrence prediction, 

survival estimation, digital pathology, immunotherapy response assessment, and adaptive therapeutic planning. Convolutional 

neural networks and transformer architectures have enabled automated interpretation of medical imaging and histopathological 

slides with performance approaching expert-level diagnostic accuracy. Simultaneously, multimodal AI systems integrating 

molecular and clinical datasets have facilitated the development of predictive biomarkers capable of guiding precision medicine 

strategies across multiple cancer types. Despite these advancements, substantial challenges remain regarding model 

interpretability, algorithmic bias, data standardization, privacy preservation, regulatory approval, and large-scale clinical 

implementation. 

 

This review comprehensively discusses the rise of predictive oncology and the evolving role of artificial intelligence in early 

cancer detection, digital biomarker discovery, risk modeling, and precision therapy. The article further highlights emerging 

computational architectures, multimodal learning systems, explainable AI frameworks, federated oncology networks, and future 

translational directions that may redefine the next generation of precision oncology. 
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1. Introduction 

Cancer remains one of the leading causes of morbidity 

and mortality worldwide, accounting for millions of 

deaths annually and imposing a substantial 

socioeconomic burden on healthcare systems. Despite 

remarkable progress in molecular oncology, 

immunotherapy, targeted therapeutics, and precision 

medicine, a major proportion of malignancies continue 

to be diagnosed at advanced stages when therapeutic 

intervention becomes significantly less effective. Tumor 

heterogeneity, clonal evolution, genomic instability, and 

dynamic tumor microenvironment interactions further 

complicate early diagnosis and individualized treatment 
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selection. Conventional oncology approaches are 

frequently constrained by delayed symptom presentation, 

interobserver variability in imaging and 

histopathological interpretation, fragmented molecular 

profiling, and limited integration of longitudinal patient-

specific data. These limitations have accelerated the 

development of predictive oncology, an emerging 

computational discipline focused on forecasting cancer 

initiation, progression, recurrence, therapeutic response, 

and survival outcomes through advanced artificial 

intelligence-driven analytical systems [1–3]. 

 

Predictive oncology represents a convergence of 

computational biology, digital medicine, artificial 

intelligence, systems oncology, and precision 

therapeutics. Unlike traditional reactive oncology models 

that primarily focus on disease treatment following 

clinical diagnosis, predictive oncology aims to identify 

high-risk individuals, detect subclinical disease, 

characterize molecular evolution, and personalize 

therapeutic interventions before irreversible disease 

progression occurs. This paradigm shift has been 

facilitated by the rapid expansion of large-scale 

biomedical datasets generated from radiological 

imaging, whole-slide pathology, next-generation 

sequencing, transcriptomics, proteomics, metabolomics, 

liquid biopsy technologies, wearable sensors, and 

electronic health records. The integration of these 

multidimensional datasets through machine learning and 

deep learning frameworks has enabled the identification 

of hidden biological patterns that are often undetectable 

using conventional statistical approaches [4–6]. 

 

Artificial intelligence has emerged as the computational 

backbone of predictive oncology because of its ability to 

process highly heterogeneous and high-dimensional 

biomedical data at unprecedented speed and scale. 

Machine learning algorithms can recognize nonlinear 

relationships between molecular alterations and clinical 

outcomes, whereas deep neural networks can 

automatically extract hierarchical feature representations 

from imaging and molecular datasets without manual 

feature engineering. Convolutional neural networks have 

demonstrated exceptional capability in radiological and 

histopathological image interpretation, while 

transformer-based architectures and multimodal 

foundation models have enabled simultaneous 

integration of genomic, transcriptomic, imaging, and 

clinical data streams. These systems increasingly support 

the development of predictive biomarkers capable of 

forecasting cancer susceptibility, recurrence probability, 

therapeutic sensitivity, and overall patient survival [7–

10]. 

 

One of the most transformative aspects of predictive 

oncology is the emergence of digital biomarkers. Digital 

biomarkers refer to quantifiable physiological, imaging, 

molecular, behavioral, or clinical parameters collected 

through digital technologies and computational systems 

that can predict disease risk, therapeutic response, or 

clinical progression. In oncology, digital biomarkers are 

derived from radiological scans, histopathological 

images, circulating tumor DNA, wearable biosensors, 

mobile health applications, and longitudinal electronic 

medical records. AI-enabled analysis of these biomarkers 

has improved the sensitivity and specificity of early 

cancer detection strategies while simultaneously 

enabling dynamic disease monitoring and adaptive 

therapeutic planning [11–13]. The integration of 

radiogenomics, computational pathology, liquid biopsy 

analytics, and multimodal predictive modeling has 

significantly enhanced precision oncology frameworks 

across breast cancer, lung cancer, colorectal cancer, 

glioblastoma, melanoma, and hematological 

malignancies. 

Recent progress in predictive oncology has also been 

driven by advances in self-supervised learning, 

multimodal representation learning, and large-scale 

foundation models. These architectures are capable of 

learning generalized representations from unlabeled 

biomedical datasets and subsequently transferring 

acquired knowledge across multiple downstream 

oncology tasks. Foundation models trained on 

histopathological slides, radiological imaging, genomic 

datasets, and clinical narratives have demonstrated 

improved generalizability and predictive performance 

compared with traditional task-specific machine learning 

systems. Simultaneously, large language models are 

increasingly being explored for clinical documentation 

analysis, trial matching, therapeutic recommendation 

systems, and oncology decision-support platforms [14–

16]. Such developments are rapidly reshaping the 

computational infrastructure of modern oncology. 

Although predictive oncology offers extraordinary 

opportunities for transforming cancer medicine, 

substantial scientific and clinical challenges remain 

unresolved. Algorithmic bias, insufficient dataset 

diversity, limited interpretability of black-box models, 

regulatory uncertainty, privacy concerns, and integration 

barriers within clinical workflows continue to hinder 

large-scale implementation. Furthermore, many 

predictive models demonstrate strong retrospective 

performance but limited external validation across 

diverse patient populations and healthcare systems. 

Ensuring fairness, transparency, reproducibility, and 

clinical reliability therefore remains essential for 

successful translation of predictive oncology systems 

into routine clinical practice [17–19]. 

This review critically examines the rise of predictive 

oncology and the expanding role of artificial intelligence 

in early cancer detection, digital biomarker discovery, 

risk modeling, and precision therapy. Particular 

emphasis is placed on computational architectures, 

multimodal AI systems, explainable oncology 

frameworks, federated learning strategies, and future 

translational directions that may redefine the next 

generation of precision cancer medicine. 

 

2. Evolution of Artificial Intelligence in Oncology 

The integration of artificial intelligence into oncology 

has evolved through multiple technological phases 

characterized by progressive improvements in 

computational power, data availability, algorithmic 

sophistication, and biomedical digitization. Early 

computational oncology systems were primarily based 

on rule-based algorithms and classical statistical models 

that relied heavily on handcrafted clinical variables and 

manually engineered imaging features. These systems 

demonstrated limited scalability because they could not 

adequately capture the multidimensional biological 
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complexity associated with tumor heterogeneity, 

metastatic evolution, and treatment resistance. 

Nevertheless, they established the conceptual foundation 

for computational cancer prediction and automated 

clinical decision-support systems [20,21]. 

The emergence of machine learning significantly 

transformed oncology research by enabling data-driven 

prediction models capable of identifying nonlinear 

relationships within high-dimensional biomedical 

datasets. Supervised learning algorithms including 

support vector machines, random forests, logistic 

regression systems, and gradient boosting frameworks 

were increasingly applied for cancer classification, 

prognostic estimation, and therapeutic response 

prediction. These approaches facilitated the integration 

of genomic and transcriptomic data into oncology 

research and contributed to early precision medicine 

initiatives. However, traditional machine learning 

systems still depended on feature engineering processes 

requiring domain-specific expertise and often 

demonstrated limited generalizability across 

heterogeneous datasets [22,23]. 

The transition from conventional machine learning to 

deep learning represented a major milestone in predictive 

oncology. Deep neural networks introduced hierarchical 

representation learning capabilities that enabled 

automated extraction of complex features directly from 

raw biomedical data. Convolutional neural networks 

rapidly became dominant in radiology and digital 

pathology because of their exceptional performance in 

image classification, segmentation, and pattern 

recognition. CNN-based systems demonstrated the 

ability to identify malignant lesions, classify tumor 

subtypes, quantify tumor burden, and detect microscopic 

histopathological features with diagnostic accuracy 

comparable to experienced clinicians in selected 

oncology applications [24–26]. 

Simultaneously, advances in computational pathology 

enabled digitization of whole-slide histopathological 

images, creating vast repositories of high-resolution 

tumor imaging data. AI systems trained on these datasets 

demonstrated remarkable capacity for automated tumor 

grading, molecular subtype prediction, immune 

microenvironment characterization, and survival 

estimation. Deep learning algorithms were increasingly 

capable of inferring molecular and genomic signatures 

directly from histopathological morphology, thereby 

linking tissue architecture with underlying biological 

pathways. This convergence of pathology and AI 

significantly accelerated the development of predictive 

digital biomarkers [27,28]. 

The recent emergence of transformer architectures and 

multimodal foundation models has further expanded the 

capabilities of predictive oncology. Transformers utilize 

self-attention mechanisms that enable simultaneous 

contextual analysis of highly complex biomedical 

information across multiple modalities. Unlike 

convolutional architectures that primarily process local 

spatial features, transformer-based models can capture 

long-range relationships between imaging regions, 

genomic interactions, and longitudinal clinical events. 

These systems are increasingly being used in 

radiogenomics, multimodal cancer prediction, and 

integrated therapeutic response modeling [29,30]. 

Foundation models represent another transformative 

development in oncology AI. These large-scale 

pretrained architectures are trained on massive unlabeled 

biomedical datasets using self-supervised learning 

objectives. Once pretrained, foundation models can be 

fine-tuned for diverse downstream oncology tasks 

including tumor classification, molecular prediction, 

survival analysis, immunotherapy response assessment, 

and treatment recommendation. Such systems 

demonstrate improved adaptability, scalability, and 

generalization compared with traditional task-specific 

models. Large language models are also beginning to 

influence oncology workflows through automated 

literature synthesis, clinical note interpretation, patient 

stratification, and trial eligibility screening [31–33]. 

Clinical translation of AI in oncology has accelerated 

substantially during the past decade due to increasing 

regulatory approvals, integration of AI-enabled imaging 

systems, and expansion of precision oncology initiatives. 

AI-assisted mammography, lung nodule detection, 

colorectal cancer screening, and digital pathology 

platforms are increasingly being incorporated into 

clinical workflows across academic and community 

healthcare settings. Furthermore, multimodal AI systems 

integrating imaging, pathology, genomics, and electronic 

health records are supporting risk prediction, therapeutic 

optimization, and real-time disease monitoring. Despite 

these advancements, the evolution of predictive 

oncology continues to depend on improvements in 

model interpretability, dataset diversity, prospective 

validation, and integration with human clinical expertise. 

 

Table 1. Major AI-Driven Digital Biomarkers Used in Predictive Oncology 

Biomarker Type Source of Data AI Method 

Used 

Clinical 

Application 

Advantages Limitations 

Radiomic 

biomarkers 

CT, MRI, PET 

imaging 

CNNs, 

radiomics-based 

deep learning 

Early tumor 

detection and 

staging 

Non-invasive 

assessment 

Imaging 

variability 

Histopathological 

biomarkers 

Whole-slide 

pathology 

images 

Deep CNNs, 

transformers 

Tumor grading 

and subtype 

prediction 

High 

morphological 

resolution 

Large 

annotation 

requirements 

Genomic 

biomarkers 

Next-generation 

sequencing 

Machine 

learning 

classifiers 

Mutation 

prediction and 

risk assessment 

Molecular 

precision 

High-

dimensional 

complexity 

Transcriptomic 

biomarkers 

RNA 

sequencing 

Deep neural 

networks 

Therapeutic 

response 

prediction 

Dynamic 

biological insight 

Data 

standardization 

challenges 

Liquid biopsy ctDNA, AI-based signal Minimal residual Minimally Low biomarker 
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biomarkers circulating 

tumor cells 

analysis disease detection invasive 

monitoring 

abundance 

Wearable-derived 

biomarkers 

Physiological 

sensors 

Predictive 

machine 

learning 

Remote 

symptom and 

toxicity 

monitoring 

Continuous real-

time assessment 

Sensor 

reliability issues 

 

3. Predictive Oncology and Digital Biomarkers 

Predictive oncology refers to the application of 

computational models, digital biomarkers, and artificial 

intelligence systems to anticipate cancer development, 

progression, recurrence, therapeutic response, and 

patient survival outcomes before overt clinical 

deterioration occurs. Unlike conventional oncology 

frameworks that primarily emphasize diagnosis and 

treatment following symptomatic presentation, 

predictive oncology aims to forecast disease trajectories 

and enable earlier intervention through continuous 

analysis of multidimensional biomedical data. This 

emerging paradigm integrates genomics, radiology, 

pathology, liquid biopsy profiling, wearable biosensors, 

and longitudinal clinical information into unified AI-

driven analytical frameworks capable of generating 

individualized predictive insights [34–36]. 

Digital biomarkers have become central components of 

predictive oncology because they enable quantification 

of biological and physiological processes through 

computationally analyzable data streams. In oncology, 

digital biomarkers may include radiomic features 

extracted from CT or MRI scans, histomorphological 

patterns identified in whole-slide pathology images, 

genomic and transcriptomic signatures derived from 

sequencing technologies, and dynamic physiological 

indicators collected through wearable sensors. AI 

systems can identify latent patterns within these 

heterogeneous datasets and correlate them with cancer 

susceptibility, metastatic potential, therapeutic response, 

and recurrence risk. These computational capabilities 

have substantially improved sensitivity and specificity in 

early cancer detection while simultaneously supporting 

longitudinal disease monitoring and adaptive treatment 

planning [37,38]. 

Molecular biomarkers remain among the most influential 

components of predictive oncology because 

tumorigenesis is fundamentally driven by genomic 

instability, epigenetic alterations, and dysregulated 

signaling pathways. Next-generation sequencing 

technologies have enabled large-scale characterization of 

tumor genomes, transcriptomes, and epigenetic 

landscapes. Machine learning algorithms applied to these 

datasets can identify mutation signatures, oncogenic 

pathway activation patterns, and molecular predictors of 

therapeutic sensitivity. AI-enabled genomic analysis has 

become particularly valuable in lung cancer, breast 

cancer, colorectal carcinoma, and hematological 

malignancies where molecular heterogeneity 

significantly influences treatment outcomes [39,40]. 

Liquid biopsy technologies have further transformed 

predictive oncology by enabling minimally invasive 

assessment of circulating tumor DNA, circulating tumor 

cells, extracellular vesicles, and tumor-associated 

proteins. AI-driven signal processing systems are 

increasingly capable of detecting low-frequency tumor-

derived molecular signatures within complex biological 

fluids. Such approaches facilitate earlier detection of 

minimal residual disease, recurrence prediction, and real-

time therapeutic monitoring. Integration of liquid biopsy 

analytics with radiological and clinical data has 

significantly improved precision risk stratification and 

disease surveillance frameworks [41,42]. 

Wearable devices and remote monitoring systems have 

also emerged as important contributors to predictive 

oncology. Physiological parameters including heart rate 

variability, physical activity, sleep patterns, oxygen 

saturation, and treatment-related symptom burden can 

now be continuously monitored through digital health 

platforms. Machine learning systems analyzing these 

data streams may identify early physiological changes 

associated with treatment toxicity, cancer progression, or 

declining patient performance status. Continuous real-

world monitoring therefore enables dynamic adaptation 

of therapeutic strategies and improved patient-centered 

oncology care [43]. 

Radiomics and computational pathology represent 

additional pillars of predictive digital biomarker 

discovery. Radiomics involves extraction of quantitative 

imaging features from radiological scans that may reflect 

tumor heterogeneity, vascularity, metabolism, and 

microenvironmental characteristics. Deep learning 

systems can analyze these features to predict tumor 

aggressiveness, treatment response, and survival 

outcomes. Similarly, computational pathology utilizes 

AI algorithms to analyze whole-slide histopathological 

images for automated tumor detection, grading, 

molecular subtype inference, and immune 

microenvironment characterization. These approaches 

have significantly expanded the predictive power of 

digital pathology beyond conventional microscopic 

interpretation [44,45]. 

The convergence of multimodal digital biomarkers is 

increasingly redefining precision oncology. Integrating 

imaging, molecular, clinical, and physiological datasets 

through transformer-based multimodal learning systems 

allows AI models to generate more comprehensive and 

biologically informed predictions. Such architectures 

may ultimately facilitate truly personalized oncology by 

enabling earlier intervention, individualized therapeutic 

selection, and continuous adaptive disease management. 

 

4. Artificial Intelligence Architectures in Predictive 

Oncology 

The success of predictive oncology depends heavily on 

advances in artificial intelligence architectures capable 

of processing highly heterogeneous biomedical datasets. 

Traditional statistical approaches are often insufficient 

for modeling the complex nonlinear interactions that 

characterize tumor evolution, molecular heterogeneity, 

and treatment resistance. Consequently, modern 

predictive oncology increasingly relies on machine 

learning, deep learning, transformer architectures, and 

multimodal foundation models to extract meaningful 

predictive information from imaging, molecular, and 

clinical data [46,47].
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Machine learning algorithms remain widely used in 

predictive oncology because of their ability to identify 

relationships between clinical variables and disease 

outcomes. Support vector machines, random forests, 

gradient boosting methods, and ensemble learning 

systems have demonstrated effectiveness in cancer 

classification, recurrence prediction, and survival 

estimation. These models are particularly valuable for 

structured datasets such as genomic profiles and clinical 

records. However, their performance is frequently 

constrained by feature engineering requirements and 

limited scalability when analyzing extremely high-

dimensional biomedical information [48]. 

Deep learning has dramatically expanded predictive 

oncology capabilities by enabling automated hierarchical 

feature extraction directly from raw biomedical datasets. 

Artificial neural networks containing multiple hidden 

layers can learn increasingly complex biological 

representations associated with tumor morphology, 

molecular signaling, and therapeutic response. 

Convolutional neural networks have become especially 

important in radiology and digital pathology because 

they can recognize subtle spatial features within medical 

images that may not be readily identifiable by human 

observers [49]. 

CNN-based systems are now widely used for tumor 

segmentation, lesion detection, metastatic assessment, 

and automated pathology classification. In breast 

imaging, AI-driven mammographic analysis has 

improved early detection of malignant lesions while 

reducing false-positive rates. In thoracic oncology, deep 

learning algorithms analyzing low-dose CT scans have 

demonstrated improved sensitivity for pulmonary nodule 

detection and lung cancer risk prediction. Similarly, 

computational pathology systems utilizing CNNs can 

classify tumor subtypes, quantify immune infiltration, 

and infer molecular characteristics directly from 

histopathological morphology [50,51]. 

Transformer architectures have recently emerged as 

powerful alternatives to conventional convolutional 

models. Transformers utilize self-attention mechanisms 

that enable contextual analysis of long-range 

relationships within biomedical datasets. Unlike CNNs 

that focus primarily on local spatial features, 

transformers can integrate information across multiple 

imaging regions, genomic interactions, and longitudinal 

clinical events simultaneously. Vision transformers and 

multimodal transformers are increasingly being applied 

in radiogenomics, digital pathology, and integrated 

cancer prediction systems [52]. 

Large language models and foundation models represent 

another major evolution in predictive oncology. 

Foundation models are pretrained on extensive 

biomedical datasets using self-supervised learning 

techniques and can subsequently be adapted to multiple 

downstream tasks. Such architectures demonstrate strong 

generalization capabilities because they learn broad 

biological representations rather than narrowly task-

specific patterns. In oncology, foundation models are 

increasingly used for multimodal data integration, 

therapeutic prediction, clinical documentation analysis, 

and biomarker discovery [53,54]. 

Self-supervised learning has become especially 

important because many oncology datasets lack large-

scale expert annotation. Self-supervised systems learn 

meaningful representations from unlabeled data by 

solving surrogate prediction tasks during pretraining. 

This approach substantially reduces annotation 

dependency while improving model scalability and 

transferability. Multimodal learning frameworks further 

enhance predictive accuracy by simultaneously 

integrating radiological imaging, pathology, genomics, 

transcriptomics, and electronic health records into 

unified predictive systems [55]. 

Despite remarkable progress, major computational 

challenges remain. Deep learning systems often require 

extremely large datasets, substantial computational 

infrastructure, and extensive external validation. Model 

interpretability also remains limited in many 

applications, creating barriers to clinical trust and 

regulatory approval. Nevertheless, continuous advances 

in computational oncology architectures are rapidly 

accelerating the transition toward AI-driven predictive 

precision medicine. 

 

5. AI for Early Cancer Detection and Risk Modeling 

Early detection remains one of the most critical 

determinants of cancer survival because prognosis 

deteriorates significantly following metastatic 

dissemination and advanced-stage progression. Artificial 

intelligence has substantially improved early cancer 

detection by enabling automated interpretation of 

radiological, histopathological, molecular, and clinical 

datasets with high sensitivity and specificity. Predictive 

oncology systems are increasingly capable of identifying 

subtle disease-associated patterns that may precede overt 

clinical symptoms or radiologically visible tumor 

progression [56]. 

Radiology has become one of the most clinically mature 

applications of AI-driven predictive oncology. Deep 

learning systems analyzing mammography, computed 

tomography, magnetic resonance imaging, positron 

emission tomography, and ultrasound images can detect 

minute structural abnormalities associated with 

malignant transformation. In breast oncology, AI-

assisted mammographic interpretation has demonstrated 

improved detection sensitivity while simultaneously 

reducing unnecessary biopsies and false-positive 

findings. Similar advances have been observed in lung 

cancer screening programs utilizing low-dose CT 

imaging, where deep learning systems can identify 

pulmonary nodules and estimate malignancy risk with 

substantial accuracy [57]. 

AI has also transformed digital pathology by enabling 

automated interpretation of whole-slide histopathological 

images. Computational pathology systems can identify 

malignant cellular architecture, quantify mitotic activity, 

assess immune infiltration, and classify molecular 

subtypes directly from tissue morphology. These 

capabilities have improved diagnostic consistency while 

simultaneously expanding the predictive value of 

histopathological analysis. AI-driven pathology systems 

are increasingly capable of inferring genomic alterations, 

microsatellite instability status, and immunotherapy 

responsiveness directly from digitized pathology slides 

[58]. 

Multi-omics integration represents another major 

advancement in predictive oncology. Cancer 

development involves highly interconnected genomic, 

transcriptomic, proteomic, and metabolic alterations that 
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cannot be fully understood through isolated biomarker 

analysis. AI systems integrating multi-omics datasets can 

identify hidden molecular interactions associated with 

tumor progression, metastatic potential, and therapeutic 

resistance. Such approaches are particularly valuable for 

precision risk stratification and individualized 

therapeutic planning [59]. 

Predictive risk modeling is increasingly used to estimate 

cancer susceptibility, recurrence probability, and survival 

outcomes. Machine learning systems integrating 

demographic variables, family history, molecular 

biomarkers, imaging findings, and lifestyle factors can 

identify high-risk populations requiring intensified 

screening or preventive intervention. In hereditary cancer 

syndromes, AI-enabled genomic analysis has improved 

identification of pathogenic variants associated with 

increased cancer susceptibility. Similarly, predictive 

models evaluating postoperative recurrence risk are 

increasingly supporting adjuvant therapy decisions and 

long-term surveillance planning [60]. 

Population-level risk stratification is another emerging 

application of predictive oncology. AI systems analyzing 

large-scale healthcare databases and electronic health 

records can identify epidemiological trends, screening 

disparities, and high-risk demographic subgroups. Such 

approaches may facilitate development of personalized 

screening programs and resource allocation strategies 

within public health oncology frameworks. 

The integration of imaging, pathology, genomics, and 

longitudinal clinical information through multimodal AI 

architectures is progressively redefining early cancer 

detection. These systems may ultimately enable 

continuous predictive monitoring capable of identifying 

cancer development before clinical symptom 

manifestation. However, widespread implementation 

requires careful validation, regulatory oversight, and 

integration with clinician expertise to ensure safe and 

equitable deployment. 

 

Table 2. Recent Artificial Intelligence Models Applied in Predictive Oncology 

AI 

Model/Architecture 

Oncology 

Modality 

Clinical 

Application 

Strengths Limitations Translational 

Relevance 

Convolutional 

neural networks 

Radiology and 

pathology 

Tumor detection 

and classification 

High imaging 

accuracy 

Requires large 

datasets 

Widely 

implemented 

clinically 

Vision 

transformers 

Histopathology 

and imaging 

Multimodal 

feature analysis 

Long-range 

contextual 

learning 

Computationally 

intensive 

Emerging 

clinical 

utility 

Random forest 

models 

Genomics and 

clinical data 

Risk prediction Interpretable 

structure 

Limited 

scalability 

Useful in 

structured 

datasets 

Foundation models Multi-omics 

oncology 

Integrated 

predictive 

modeling 

Strong 

generalization 

Limited 

interpretability 

High future 

potential 

Large language 

models 

Clinical 

oncology 

records 

Decision support 

and 

documentation 

Natural 

language 

understanding 

Hallucination risk Expanding 

translational 

use 

Federated learning 

systems 

Multi-

institutional 

datasets 

Privacy-

preserving 

prediction 

Distributed 

learning 

capability 

Infrastructure 

complexity 

Important for 

global 

oncology 

 

6. AI in Precision Therapy and Personalized 

Oncology 

Precision oncology aims to tailor therapeutic 

interventions according to individual tumor biology, 

molecular alterations, and patient-specific clinical 

characteristics. Artificial intelligence has become 

increasingly central to this objective because of its 

ability to integrate multidimensional datasets and 

generate personalized therapeutic predictions. 

Conventional oncology treatment paradigms frequently 

rely on population-level clinical trial data, which may 

not adequately capture interpatient heterogeneity or 

dynamic tumor evolution. AI-driven precision oncology 

systems instead attempt to forecast therapeutic 

sensitivity, resistance mechanisms, and disease 

progression trajectories at the individual patient level. 

One of the most significant applications of AI in 

precision therapy involves prediction of drug response. 

Machine learning algorithms analyzing genomic 

alterations, transcriptomic signatures, proteomic 

pathways, and pharmacological data can identify 

molecular determinants associated with therapeutic 

sensitivity or resistance. Such systems are increasingly 

used to prioritize targeted therapies, optimize 

immunotherapy selection, and guide combination 

treatment strategies. In breast cancer, lung cancer, 

melanoma, and colorectal carcinoma, AI-driven 

molecular profiling has substantially improved 

biomarker-guided therapeutic decision-making. 

Immuno-oncology represents another rapidly evolving 

area of predictive precision medicine. Response to 

immune checkpoint inhibitors varies substantially among 

patients due to differences in tumor mutational burden, 

immune microenvironment composition, neoantigen 

presentation, and inflammatory signaling pathways. AI 

systems integrating histopathology, genomics, 

transcriptomics, and radiological features can predict 

immunotherapy responsiveness more effectively than 

single biomarker approaches. Computational 

characterization of tumor-infiltrating lymphocytes and 

spatial immune organization has also improved 

understanding of antitumor immune dynamics. 

Adaptive oncology strategies are increasingly supported 

by real-time AI-driven disease monitoring systems. 

Longitudinal analysis of radiological imaging, liquid 

biopsy profiles, wearable biomarker data, and clinical 



Vol.: 2, Issue: 6, June 20262026 e-ISSN: 3108-2599 

28  

 

 

outcomes allows predictive models to identify emerging 

therapeutic resistance and disease progression before 

overt clinical deterioration occurs. Such approaches may 

facilitate dynamic treatment adjustment and optimization 

of therapeutic sequencing. 

AI-enabled clinical decision-support systems are also 

becoming important components of precision oncology 

workflows. These platforms can synthesize molecular 

findings, imaging data, treatment guidelines, and clinical 

trial information to generate evidence-based therapeutic 

recommendations. Large language models may further 

enhance oncology decision support through automated 

interpretation of clinical notes, literature synthesis, and 

trial eligibility assessment. 

Despite major advances, substantial challenges remain 

regarding reproducibility, dataset diversity, prospective 

validation, and clinical trust. Therapeutic prediction 

models must demonstrate robust performance across 

diverse patient populations and healthcare systems 

before widespread implementation can occur. Human 

oversight therefore remains essential to ensure safe and 

ethical integration of AI into oncology decision-making. 

 

7. Explainable and Ethical AI in Oncology 

Although artificial intelligence has demonstrated 

remarkable predictive capability in oncology, the 

increasing complexity of deep learning systems has 

raised substantial concerns regarding interpretability, 

transparency, fairness, and clinical accountability. Many 

AI architectures function as black-box systems in which 

internal decision-making processes are difficult to 

understand or explain. This limitation creates significant 

barriers to clinician trust, regulatory approval, and 

ethical implementation within high-stakes medical 

environments. 

Explainable AI seeks to improve transparency by 

identifying the biological, radiological, or 

histopathological features contributing to model 

predictions. Visualization techniques including saliency 

maps, attention heatmaps, and feature attribution systems 

are increasingly used to highlight regions of interest 

influencing AI-driven diagnostic or prognostic outputs. 

Such methods may improve clinician confidence and 

facilitate integration of AI systems into routine oncology 

workflows. 

Algorithmic bias represents another major challenge in 

predictive oncology. Many AI systems are trained using 

datasets derived predominantly from specific 

demographic or geographic populations, potentially 

limiting generalizability across underrepresented patient 

groups. Biased training datasets may contribute to 

disparities in diagnostic accuracy, risk prediction, and 

therapeutic recommendations. Ensuring equitable model 

performance therefore requires diverse training cohorts, 

external validation, and continuous fairness monitoring. 

Ethical concerns regarding privacy, consent, data 

ownership, and clinical responsibility are also 

increasingly important. Predictive oncology systems 

often rely on highly sensitive genomic and clinical 

information requiring rigorous data protection 

frameworks. Furthermore, uncertainty remains regarding 

accountability when AI-generated recommendations 

influence therapeutic decision-making. Regulatory 

agencies and healthcare institutions must therefore 

establish transparent governance frameworks supporting 

safe and responsible implementation of AI-driven 

oncology systems. 

 

8. Federated Learning and Privacy-Preserving 

Predictive Oncology 

Large-scale predictive oncology systems require 

extensive multidimensional datasets to achieve robust 

performance and generalizability. However, centralized 

aggregation of genomic, imaging, and clinical 

information creates substantial privacy, regulatory, and 

cybersecurity concerns. Federated learning has emerged 

as an important computational strategy enabling 

collaborative AI training across multiple institutions 

without direct data sharing. 

In federated learning frameworks, predictive models are 

trained locally within individual institutions while only 

model parameters or gradients are exchanged centrally. 

This approach preserves patient privacy while 

simultaneously enabling large-scale multicenter learning. 

Federated oncology systems have demonstrated 

promising performance in radiology, pathology, and 

genomic prediction tasks while maintaining compliance 

with privacy regulations. 

Privacy-preserving AI strategies including differential 

privacy, secure multiparty computation, and 

homomorphic encryption are also increasingly integrated 

into predictive oncology frameworks. These methods 

may facilitate international collaboration and 

development of globally representative oncology models 

while minimizing risk of sensitive data exposure. 

Despite these advantages, federated oncology systems 

remain technically complex and require substantial 

computational infrastructure, standardized data 

harmonization, and coordinated institutional 

collaboration. Ensuring interoperability and 

reproducibility therefore remains essential for successful 

global implementation. 

 

9. Future Perspectives 

The future of predictive oncology will likely be shaped 

by increasingly sophisticated multimodal AI systems 

capable of continuously integrating radiological imaging, 

pathology, genomics, transcriptomics, wearable 

biomarker streams, and real-world clinical outcomes into 

unified predictive frameworks. Such systems may enable 

earlier cancer detection, individualized prevention 

strategies, adaptive therapeutic optimization, and 

longitudinal disease forecasting. 

Digital twins represent one of the most promising future 

directions in precision oncology. These computational 

models attempt to create dynamic virtual representations 

of individual patients by integrating molecular, 

physiological, imaging, and clinical data. AI-driven 

digital twins may eventually simulate tumor evolution, 

therapeutic response, and toxicity profiles before clinical 

intervention occurs, thereby supporting highly 

personalized treatment planning. 

Foundation models and multimodal transformers are also 

expected to play increasingly central roles in predictive 

oncology. Their ability to learn generalized biological 

representations from large-scale biomedical datasets may 

substantially improve scalability and transferability 

across diverse oncology tasks. Simultaneously, 

integration of real-world evidence and longitudinal 

healthcare data may facilitate development of 
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continuously learning oncology systems capable of 

adapting to evolving clinical environments. 

Human-AI collaboration will remain essential despite 

increasing computational sophistication. Rather than 

replacing clinicians, predictive oncology systems are 

likely to augment human expertise by improving 

diagnostic consistency, accelerating data interpretation, 

and supporting evidence-based therapeutic decision-

making. Ensuring ethical oversight, transparency, and 

equitable access will therefore remain critical as AI-

driven oncology becomes progressively integrated into 

global healthcare systems. 

 

10. Conclusion 

Predictive oncology represents a transformative 

evolution in cancer medicine driven by rapid advances in 

artificial intelligence, digital biomarkers, multimodal 

analytics, and precision therapeutics. AI-driven 

computational systems are increasingly capable of 

integrating radiological imaging, histopathology, 

genomics, transcriptomics, liquid biopsy profiling, 

wearable physiological monitoring, and longitudinal 

clinical records into unified predictive frameworks that 

support earlier cancer detection, individualized risk 

assessment, therapeutic optimization, and adaptive 

disease management. 

Convolutional neural networks, transformer 

architectures, multimodal learning systems, and 

foundation models have significantly expanded the 

analytical capabilities of modern oncology. These 

systems have demonstrated remarkable performance in 

radiological interpretation, computational pathology, 

molecular prediction, immunotherapy response 

assessment, and recurrence forecasting. Simultaneously, 

AI-enabled digital biomarkers are redefining precision 

oncology by enabling dynamic real-time monitoring and 

biologically informed therapeutic decision-making. 

Despite these advances, important challenges remain 

regarding interpretability, algorithmic bias, privacy 

protection, prospective validation, and equitable clinical 

implementation. Successful translation of predictive 

oncology into routine practice will require rigorous 

external validation, transparent regulatory frameworks, 

standardized data harmonization, and close collaboration 

between computational scientists, oncologists, 

pathologists, radiologists, and healthcare policymakers. 

Future predictive oncology systems will likely integrate 

multimodal foundation models, digital twins, federated 

learning frameworks, and continuously adaptive AI 

architectures capable of forecasting disease trajectories 

and optimizing personalized interventions at 

unprecedented precision. As these technologies continue 

to evolve, predictive oncology may fundamentally 

redefine the future of cancer prevention, diagnosis, and 

treatment while advancing the broader vision of truly 

individualized precision medicine. 
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