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ABSTRACT

The tumor microenvironment (TME) is increasingly recognized as a critical determinant of cancer initiation, progression,
metastasis, therapeutic response, and clinical outcomes. Rather than functioning as isolated populations of malignant cells,
tumors exist within dynamic ecosystems composed of immune cells, stromal fibroblasts, endothelial cells, extracellular matrix
components, cytokines, metabolites, vascular networks, and diverse signaling pathways that collectively influence disease
evolution. Recent advances in artificial intelligence (Al), systems biology, computational oncology, digital twins, spatial multi-
omics, computational pathology, and multimodal biomedical data integration have enabled comprehensive computational
modeling of the tumor microenvironment. Al-driven digital twins create continuously evolving virtual representations of
individual tumors by integrating radiological imaging, digital pathology, genomic sequencing, transcriptomics, proteomics,
metabolomics, immunomics, laboratory biomarkers, wearable technologies, and longitudinal clinical information to simulate
tumor—host interactions and therapeutic responses. Machine learning, deep learning, transformer architectures, graph neural
networks, reinforcement learning, multimodal foundation models, and generative Al facilitate characterization of cellular
communication, immune dynamics, stromal remodeling, angiogenesis, and spatial biological organization while supporting
personalized diagnosis, prognostic prediction, immunotherapy optimization, adaptive therapeutics, and clinical decision support.
Despite remarkable technological progress, challenges remain regarding data harmonization, computational complexity,
explainability, interoperability, cybersecurity, regulatory validation, and ethical implementation. This review provides a
comprehensive overview of computational tumor microenvironment modeling using artificial intelligence and digital twins,
highlighting computational foundations, clinical applications, emerging innovations, and future perspectives for precision
oncology.[1]
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1.Introduction

Cancer is no longer viewed solely as a disease of malignant cells but rather as a complex biological ecosystem
in which tumor cells continuously interact with immune populations, stromal fibroblasts, endothelial cells,
extracellular matrix components, cytokines, metabolites, vascular networks, and surrounding normal tissues.
These dynamic interactions collectively regulate tumor growth, angiogenesis, immune escape, metastatic
dissemination, therapeutic resistance, and long-term clinical outcomes. Consequently, understanding cancer
requires comprehensive investigation of the tumor microenvironment rather than isolated molecular alterations
within malignant cells.[2]

Advances in radiological imaging, digital pathology, genomic sequencing, transcriptomics, proteomics,
metabolomics, immunomics, spatial biology, wearable technologies, and electronic health records have
generated unprecedented volumes of multimodal biomedical information describing tumor ecosystems.
Although these diverse datasets provide detailed insight into tumor biology, their complexity exceeds the
analytical capabilities of conventional statistical approaches and routine clinical workflows.[3]

Acrtificial intelligence has emerged as one of the most transformative technologies for computational oncology
by enabling automated integration and interpretation of heterogeneous biomedical information. More recently,
digital twin technology has extended these capabilities through continuously evolving virtual patient models
capable of simulating disease progression, immune interactions, therapeutic response, and clinical
outcomes.[4]

The convergence of artificial intelligence, digital twins, systems biology, and computational modeling has
therefore created new opportunities to decode the tumor microenvironment while supporting increasingly
personalized precision oncology.[5]

2.Evolution of Tumor Microenvironment Research

Early cancer research primarily focused on intrinsic molecular abnormalities within malignant cells,
emphasizing genomic mutations, oncogenic signaling pathways, and uncontrolled cellular proliferation.
Although these discoveries revolutionized molecular oncology, they proved insufficient for explaining many
aspects of tumor progression and therapeutic resistance.[6]

Subsequent research demonstrated that tumor-associated fibroblasts, immune cells, vascular networks,
extracellular matrix remodeling, inflammatory mediators, and metabolic interactions profoundly influence
cancer behavior. The tumor microenvironment therefore emerged as a central component of modern cancer
biology.

Technological advances including multiplex immunohistochemistry, spatial transcriptomics, imaging mass
cytometry, digital pathology, single-cell sequencing, and computational biology further expanded
understanding of spatial cellular interactions within tumors. Simultaneously, artificial intelligence evolved
from conventional machine learning toward multimodal foundation models, graph neural networks, and digital
twins capable of integrating these complex biological datasets into unified computational frameworks.[7]

Today, computational tumor microenvironment modeling has become one of the most rapidly advancing fields
in precision oncology, enabling increasingly detailed simulation of tumor ecosystem dynamics and therapeutic
response.[8]

3.Components of the Tumor Microenvironment
The tumor microenvironment consists of multiple interacting biological components that collectively

determine disease behavior. Malignant cells coexist with tumor-infiltrating lymphocytes, macrophages,
dendritic cells, natural killer cells, cancer-associated fibroblasts, endothelial cells, adipocytes, mesenchymal
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stem cells, extracellular matrix proteins, cytokines, chemokines, metabolites, vascular structures, and
lymphatic networks.[9]

Continuous communication among these cellular populations occurs through cytokine signaling, extracellular
vesicles, growth factors, immune checkpoints, metabolic interactions, mechanical forces, and direct cell-cell
contact. These complex biological networks regulate tumor proliferation, immune surveillance, angiogenesis,
invasion, metastatic dissemination, therapeutic sensitivity, and resistance mechanisms.

Because these interactions evolve dynamically throughout disease progression, computational modeling
requires continuous integration of molecular, cellular, spatial, physiological, and clinical information across
multiple biological scales.[10]

4.Artificial Intelligence for Tumor Microenvironment Modeling

Acrtificial intelligence provides the computational foundation required for analyzing the extraordinary
complexity of tumor microenvironment biology. Machine learning algorithms identify nonlinear relationships
among cellular populations, molecular biomarkers, imaging phenotypes, immune signatures, and clinical
outcomes that cannot be recognized using conventional analytical methods.[11]

Deep learning automatically extracts hierarchical biological representations from radiological imaging, digital
pathology, spatial transcriptomics, multiplex imaging, and molecular datasets. Transformer architectures
integrate heterogeneous biomedical modalities while preserving long-range contextual relationships among
diverse biological variables.

Graph neural networks are particularly valuable because they naturally represent interactions among immune
cells, stromal fibroblasts, endothelial cells, malignant cells, signaling pathways, and extracellular matrix
components. These graph-based computational models enable systems-level understanding of tumor
ecosystem organization and biological communication.

Multimodal foundation models further strengthen computational integration by simultaneously learning from
imaging, pathology, genomics, immunomics, laboratory investigations, and longitudinal clinical information
within unified patient-specific representations.[12]

5.Digital Twins of the Tumor Microenvironment

Digital twins represent continuously evolving computational models capable of simulating patient-specific
tumor ecosystems throughout diagnosis, treatment, and survivorship. Unlike static predictive models, digital
twins continuously synchronize with biological patients by integrating new imaging studies, pathology reports,
molecular analyses, laboratory investigations, wearable sensor data, and treatment responses.[13]

Within tumor microenvironment modeling, digital twins simulate interactions among malignant cells, immune
populations, stromal components, angiogenesis, cytokine signaling, metabolic pathways, extracellular matrix
remodeling, and therapeutic interventions.

Continuous updating enables these computational models to predict disease progression, therapeutic response,
immune activation, treatment resistance, recurrence, and long-term clinical outcomes while adapting to
evolving biological conditions throughout patient care.[14]

6.Spatial Biology and Cellular Communication

Spatial biology has become essential for computational tumor microenvironment modeling because cellular
function depends not only upon molecular characteristics but also upon anatomical organization within tissues.
Spatial transcriptomics, multiplex imaging, imaging mass cytometry, spatial proteomics, and computational
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pathology preserve tissue architecture while characterizing molecular activity across distinct anatomical
regions.[15]

Artificial intelligence identifies spatial cellular neighborhoods, immune niches, stromal barriers, vascular
organization, cytokine gradients, and patterns of intercellular communication associated with disease
progression and therapeutic response.

Integration of spatial biology with digital twins enables computational simulation of evolving cellular
ecosystems, substantially improving understanding of tumor organization while supporting increasingly
precise immunotherapy and personalized treatment strategies.[16]

7.Immunomics and Immune Landscape Modeling

The immune microenvironment plays a central role in determining cancer progression and responsiveness to
immunotherapy. Artificial intelligence integrates immunomic profiles, transcriptomics, digital pathology,
radiological imaging, laboratory biomarkers, and clinical outcomes to characterize patient-specific immune
landscapes.[17]

Computational models quantify tumor-infiltrating lymphocytes, macrophages, dendritic cells, regulatory T
cells, natural killer cells, cytokine signaling pathways, immune checkpoint expression, and inflammatory
responses while estimating immune activation and suppression across individual tumors.

Digital twin simulations further model dynamic immune-cell interactions throughout treatment, enabling
prediction of responsiveness to immune checkpoint inhibitors, CAR-T cell therapies, cancer vaccines,
bispecific antibodies, and adoptive cellular therapies while supporting increasingly individualized
immunotherapeutic planning.[18]

8.Multimodal Data Integration

Successful computational modeling of the tumor microenvironment depends upon integration of
heterogeneous biomedical information into unified computational representations. Radiological imaging
provides anatomical and functional characterization of tumors, whereas digital pathology reveals microscopic
tissue architecture, immune infiltration, stromal remodeling, and cellular organization.[19]

Genomics, transcriptomics, proteomics, metabolomics, immunomics, laboratory biomarkers, wearable
technologies, and longitudinal clinical information provide complementary biological insight regarding
disease evolution and therapeutic response.

Acrtificial intelligence harmonizes these diverse datasets through multimodal learning, enabling continuously
evolving computational representations that accurately reflect the complexity of individual tumor ecosystems
while supporting diagnosis, prognostic prediction, treatment optimization, and personalized clinical decision-
making.[20]

9.Al-Driven Radiopathomics for Precision Diagnosis

One of the most significant applications of radiopathomics is precision cancer diagnosis through integrated
analysis of radiological imaging and digital pathology. Artificial intelligence simultaneously evaluates
guantitative imaging biomarkers together with microscopic histopathological features to generate
comprehensive patient-specific diagnostic profiles that extend beyond conventional single-modality
assessment.[22]

Machine learning combines tumor morphology, radiomic signatures, histological architecture, cellular
differentiation, stromal remodeling, angiogenesis, immune-cell infiltration, and laboratory biomarkers to
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improve tumor classification, disease staging, molecular subtype identification, and individualized risk
stratification.

By integrating complementary macroscopic and microscopic information, radiopathomics enhances diagnostic
accuracy, reduces observer variability, and supports more consistent multidisciplinary decision-making across
diverse cancer types.

10.Personalized Therapeutics and Treatment Response Prediction

Personalized treatment planning represents one of the greatest strengths of Al-driven radiopathomics.
Artificial intelligence integrates radiological imaging, digital pathology, molecular biomarkers, laboratory
investigations, treatment history, and longitudinal clinical information to estimate therapeutic response and
optimize individualized treatment strategies.[23]

Computational models predict recurrence probability, progression-free survival, overall survival, treatment-
related toxicity, and mechanisms of therapeutic resistance across chemotherapy, targeted therapy, endocrine
therapy, immunotherapy, radiation therapy, surgery, and multimodal treatment combinations.

Continuous analysis of imaging and pathology during treatment enables adaptive therapeutic planning by
identifying early biological changes associated with treatment response or emerging resistance before clinical
deterioration becomes apparent.

11.Radiopathomics in Immunotherapy

The tumor microenvironment plays a decisive role in determining responsiveness to immunotherapy. Al-
driven radiopathomics enables simultaneous evaluation of radiological imaging, digital pathology, immune-
cell infiltration, stromal organization, angiogenesis, transcriptomics, and laboratory biomarkers to generate
comprehensive computational representations of tumor—immune interactions.[24]

Artificial intelligence quantifies tumor-infiltrating lymphocytes, PD-L1 expression, cytokine signaling,
vascular remodeling, stromal barriers, and spatial immune-cell organization while integrating radiomic
features associated with immune activation.

These multimodal computational models improve prediction of responsiveness to immune checkpoint
inhibitors, CAR-T cell therapies, cancer vaccines, bispecific antibodies, and adoptive cellular therapies while
supporting increasingly individualized immunotherapeutic strategies.

12.Drug Discovery and Clinical Decision Support

Al-driven radiopathomics is accelerating oncology drug discovery through integration of imaging biomarkers,
computational pathology, molecular biology, pharmacology, and clinical outcomes into unified computational
frameworks. Artificial intelligence identifies therapeutic targets, predicts drug-target interactions, estimates
toxicity profiles, and models mechanisms of therapeutic resistance.[25]

Generative artificial intelligence further strengthens pharmaceutical research by designing candidate
molecules, predicting biological interactions, simulating therapeutic responses, and prioritizing compounds for
laboratory validation.

Within clinical practice, radiopathomics-powered decision-support systems integrate imaging, pathology,
genomics, laboratory investigations, medication history, and electronic health records into interactive clinical
dashboards that provide individualized diagnostic summaries, treatment recommendations, toxicity estimates,
recurrence predictions, and survivorship planning while preserving physician oversight.
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13.Digital Twins and Multimodal Clinical Intelligence

The convergence of radiopathomics with digital twin technology is creating continuously evolving virtual
representations of individual patients capable of integrating radiological imaging, digital pathology, molecular
biology, laboratory biomarkers, wearable technologies, and longitudinal clinical information into adaptive
computational models.[26]

Artificial intelligence continuously updates these virtual patients as new clinical information becomes
available, allowing simulation of tumor evolution, therapeutic response, disease progression, recurrence, and
treatment-related toxicity.

Digital twins supported by radiopathomic representations enable clinicians to compare multiple therapeutic
strategies before clinical implementation while providing real-time clinical intelligence that adapts throughout
the patient's cancer journey.

14.Explainable Artificial Intelligence, Challenges, and Clinical Translation

Successful implementation of Al-driven radiopathomics requires transparency, interpretability, and clinician
confidence. Explainable artificial intelligence (XAl) enables clinicians to understand computational reasoning
through saliency maps, attention visualization, SHAP (Shapley Additive Explanations), feature attribution
analysis, and counterfactual explanations that identify imaging and pathological features responsible for model
predictions.[27]

Important implementation challenges remain. Radiological imaging and pathology originate from
heterogeneous acquisition platforms, staining protocols, imaging resolutions, and institutional workflows that
complicate multimodal harmonization. Additional concerns include algorithmic bias, interoperability
limitations, cybersecurity, patient privacy, regulatory approval, and equitable access to advanced
computational technologies.

Addressing these barriers will require standardized imaging and pathology protocols, robust computational
infrastructure, multicenter prospective validation, transparent governance frameworks, and interdisciplinary
collaboration among radiologists, pathologists, oncologists, computer scientists, and regulatory agencies.

15.Future Perspectives

Rapid advances in artificial intelligence continue to expand the capabilities of radiopathomics. Multimodal
foundation models, large language models, graph neural networks, digital twins, agentic artificial intelligence,
reinforcement learning, federated learning, spatial multi-omics, liquid biopsy, wearable biosensors, and cloud-
native healthcare infrastructure are expected to further strengthen computational oncology ecosystems.[28]

Future radiopathomic platforms may continuously integrate imaging, pathology, molecular biology, electronic
health records, and real-world clinical outcomes into intelligent systems capable of adaptive diagnosis,
personalized therapeutics, autonomous workflow optimization, and continuous clinical learning.

These innovations are expected to accelerate translation of precision oncology into routine clinical practice
while improving scalability across academic and community healthcare systems.

16.Discussion
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Al-driven radiopathomics represents one of the most significant advances in computational oncology by
integrating radiological imaging and digital pathology into unified computational representations that capture
complementary aspects of tumor biology. Unlike conventional diagnostic workflows that evaluate imaging
and pathology independently, radiopathomics enables holistic characterization of cancer across multiple
biological scales while supporting diagnosis, prognostic prediction, molecular characterization, therapeutic
optimization, immunotherapy, digital twins, and clinical decision support.[29]

Continued advances in multimodal artificial intelligence, standardized computational pipelines, explainable
Al, interoperability, and prospective clinical validation will be essential for widespread implementation.
Through close collaboration among radiologists, pathologists, oncologists, molecular biologists, biomedical
engineers, and computational scientists, radiopathomics is expected to become a central component of future
precision oncology.

17. Conclusion

Al-driven radiopathomics is redefining personalized cancer care by integrating radiological imaging, digital
pathology, molecular biology, laboratory biomarkers, and longitudinal clinical information into unified
computational frameworks capable of supporting comprehensive precision oncology.[30]

By combining macroscopic anatomical imaging with microscopic tissue characterization, radiopathomics
provides a more complete understanding of tumor biology than either modality alone. As multimodal
foundation models, digital twins, federated learning, agentic Al, and explainable artificial intelligence continue
to evolve, radiopathomics is expected to become an essential component of next-generation cancer diagnosis,
therapeutic planning, disease monitoring, and personalized clinical decision-making, ultimately improving
patient outcomes and advancing the future of precision medicine.
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