
 

Artificial intelligence derived virtual oncology
Chunyi Lyu,1,2,8 Dongbo Yao,1,8 Fangjing Yin,1,8 Zhaonian Liu,1,8 Bingqiang Liu,3,4,* Huixian Ma,5,* and Tao Sun1,2,6,7,*
*Correspondence:  taosun@sdu.edu.cn (T.S.);  mahuixian9616@email.sdu.edu.cn (H.M.);  bingqiang@sdu.edu.cn (B.L.)
Received: April 25, 2026; Accepted: July 16, 2026; Published Online: July 23, 2026; https://doi.org/10.59717/j.xinn-oncol.2026.100028
© 2026 The Author(s). This is an open access article under the CC BY license (https://creativecommons.org/licenses/by/4.0/).

GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   Artificial intelligence virtual oncology (AIVO) extends individual-cell modeling to tumor ecosystems.

■   AIVO as a virtual entity uses dynamic simulation to improve diagnosis and treatment for precision oncology.

■   AIVO remains conceptual, facing challenges in standards, reproducibility, validation, regulation, and equity.

■   Further interdisciplinary research and real-world validation are needed before AIVO becomes a reliable tool.
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Tumors  are  dynamic  multicellular  ecosystems  in  which  heterogeneity,
evolution,  and  cross-scale  interactions  remain  major  barriers  to  precision
oncology.  Although multiple technological  advances have improved tumor
characterization,  they  remain  largely  static  and  descriptive,  limiting  their
ability  to  capture  state  transitions,  treatment-induced  remodeling,  and
evolving  intercellular  communication.  Artificial  intelligence  virtual  cell
(AIVC)  provides  a  foundation  for  modeling  cellular  states,  perturbation
responses,  and  functional  outputs  from  multimodal  data.  We  extend  this
concept  to  artificial  intelligence  virtual  oncology  (AIVO),  a  framework
designed to reconstruct multicellular communication, coordinated evolution,
and system-level remodeling among tumor, immune, and stromal compart-
ments. This review summarizes the conceptual basis, construction strate-
gies,  and  emerging  applications  of  this  progression  from  AIVC  to  AIVO  in
tumor  diagnosis,  dynamic  monitoring,  treatment  response  prediction,  and
drug screening. We further discuss key challenges in data integration, inter-
pretability,  patient-specific  calibration,  and clinical  validation.  Grounded in
AIVC-based  modeling,  we  propose  AIVO  as  an  emerging  framework  for
multimodal  integration,  dynamic  modeling,  and  decision  support  in  future
oncology.

 INTRODUCTION
Cancer  is  not  merely  a  disorder  of  uncontrolled  cell  proliferation,  but  a

dynamic and heterogeneous disease process shaped by malignant transfor-
mation,  clonal  evolution,  and  continuous  interactions  with  the  surrounding
tissue ecosystem.1 These biological complexities limit the accuracy of precision
diagnosis  and  effective  treatment,  drive  therapeutic  resistance,  and  thereby
contribute to the persistent global burden of cancer-related mortality. There-
fore, investigating tumor complexity and heterogeneity is essential to improve
cancer  classification,  predict  treatment  response,  and develop  more  precise
and adaptive therapeutic strategies.

As the fundamental unit of life, the cell exhibits highly coordinated molecu-
lar, structural, and functional behaviors. Since the 1990s, scientists have envi-
sioned  the  construction  of  comprehensive  virtual  cell  models  as  research
platforms  capable  of  integrating  biological  knowledge,  simulating  cellular
processes,  and  predicting  cellular  behavior.2 For  many  years,  however,  this
vision  was  constrained  by  a  fundamental  limitation:  insufficient  knowledge
about  individual  molecules  and  their  interactions.  Traditional  mechanistic
modeling  requires  a  pre-defined  list  of  molecular  components  and  precise
kinetic  parameters,  which  are  largely  unknown  for  complex  systems  like
human  cells.3 The  slow  pace  of  technological  development  has  hampered
this vision. With the emergence of high-throughput sequencing and its rapid
progress in recent decades, the field of tumor research has been revolution-
ized, and this technology has also laid the essential data foundation for virtual
cell modeling.4 Researchers have been enabled to access multilayer information
from  the  genome,  epigenome,  transcriptome,  proteome,  metabolome,  and
more,  which  allows  the  comprehensive  characterization  of  cancer  biology
and  the  dissection  of  tumor  complexities  and  heterogeneity.5 However,  the
multi-omics  technologies  are  typically  static  and  endpoint  measurements,
and do not provide continuous,  non-invasive monitoring of cellular states or
capture dynamic evolution.6

The rapid development of  artificial  intelligence (AI)  offers  innovative path-
ways  to  address  these  limitations.  Recent  advances  in  AI  have  made  it
increasingly  feasible  to  learn  cellular  patterns,  regulatory  relationships,  and
perturbation  responses  from  large-scale  biological  datasets.  The  artificial
intelligence  virtual  cell  (AIVC)  has  emerged  as  a  data-driven  framework  for
predicting  cellular  states  and  behavior.7 Unlike  conventional  endpoint
measurements,  AIVC  aims  to  predict  perturbation  responses,  and  explore
hypothetical  biological  scenarios.  By  learning  cellular  behavior  directly  from
massive data  without  predefined  rules,  AIVC  has  the  potential  to  comple-
ment existing experimental systems and partially address limitations related
to  batch  effects,  incomplete  spatial  resolution,  and  correlation-based inter-
pretation.

AI-driven  virtual  cell  modeling  has  opened  a  new  route  for  representing
cellular  states  and predicting  perturbation  responses from multimodal  data.
However,  the  core  problem  in  oncology  lies  beyond  individual  cells,  in  the
evolving ecosystem formed by tumor,  immune,  and stromal  compartments.
This necessitates moving from cell-centered virtual modeling to ecosystem-
level  reconstruction.  In  this  context,  artificial  intelligence  virtual  oncology
(AIVO) can be viewed as an extension of AIVC toward modeling multicellular
communication, coordinated evolution, and treatment-induced remodeling in
cancer.  By integrating these dimensions into a unified virtual  representation,
AIVO could connect molecular mechanisms with lesion-level phenotypes and
clinical trajectories. This extension may enable a transition from fragmented
observations of  cancer toward a more holistic  and predictive understanding
of  tumor  behavior  in  patients.  This  review  focuses  on  the  conceptual  and
translational progression from AIVC to AIVO. The conceptual basis, historical
evolution,  construction  strategies,  and  functional  applications  of  AIVC  are
summarized.  An  overview  of  the  current  research  on  the  application  of  AI-
based  virtual  technology  in  various  aspects  of  oncology  is  then  provided.
Finally,  we  outline  future  research  directions  and  challenges.  By  providing  a
structured and integrated view of AIVO, this review aims to establish a foun-
dation  for  further  work  at  the  interface  of  computational  science,  oncology,
and precision medicine.

 ARTIFICIAL INTELLIGENCE VIRTUAL CELL (AIVC)
 What is AIVC

AIVC  refers  to  a  computational  model  that  integrates  multi-scale  and
multimodal biological data using AI methods, capable of representing, simu-
lating,  predicting,  and explaining cellular  states and their  dynamic changes.7

The  goal  is  to  leverage  AI  and  extensive  biological  data  to  construct  virtual
entities  capable  of  predicting  cellular  behavior,  which  thereby  generate
dynamic, predictive, and interpretable representations of cellular processes.

AIVC aims to learn the “intrinsic state representations” of cells under differ-
ent conditions and to enable virtual simulations of in vitro experiments based
on this  understanding,  such  as  predicting  the  effects  of  gene  perturbations,
drug interventions, cellular fate transitions, and changes in the microenviron-
ment on cellular phenotypes.8 The construction of AIVC relies on a series of
advanced  AI  model  architectures  and  computational  frameworks,  which
together  form  the “brain” and “skeleton” of  AIVC.  Its  fundamental  structure
depends  on  three  essential  components:  descriptors  for  multi-scale repre-
sentation, encoders for adaptive representation, and a predictor for dynamic
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function.8 Descriptors  corresponding  to  different  modalities  of  data  inputs,
such  as  multi-omics  and  microscopic  imaging,  point  to  the  same  cellular
state.  These descriptors  can be  used to  compare  cellular  data  measured in
different  experiments  and  serve  as  a  reference  frame  for  identifying  new
cellular  states.  The  core  of  this  architecture  is  the  encoder.  This  module
utilizes  deep  neural  networks  to  extract  high-level  features  from  data
obtained through multimodal  omics and imaging.  Subsequently,  the  aligned
features are combined using concatenation and weighting to create a cohesive
representation  of  the  cell.  The  predictor  can  forecast  cellular  functions  and
dynamic behaviors.

 History and milestones in AIVC
The  emergence  of  AIVC  is  not  an  isolated  event;  rather,  it  builds  on  the

continuous  evolution  of  cell  biology,  whole-cell  modeling,  single-cell  omics,
and AI  methodologies (Figure 1).  In 1997,  Schaff  et  al.  proposed a universal
computational framework called “virtual cell,” designed to combine biochem-
ical and electrophysiological data describing individual responses with exper-
imental  microscopy  image  data  describing  their  subcellular  localization  to
serve the modeling and simulation of cell biological mechanisms.9,10 This can
be  regarded  as  an  important  starting  point  for  modern  platform-based
modeling of the “virtual cell.” The E-Cell system, released in 1999, was one of
the  earliest  computer  software  environments  for  whole-cell  simulation,11

providing a computational environment for simulating the interactions among
cellular processes such as gene expression, signaling, and metabolism. This
laid the methodological foundation for subsequent research on “virtual cells.”
Although  these  early  systems  regarded  cells  as  real  objects  amenable  to
comprehensive  computational  modeling,  they  heavily  relied  on  manually
specified  mechanisms,  had  limited  transferability,  and  were  constrained  in
scalability.

In  2012,  the  first  complete  cell  model  of Mycoplasma  genitalium was
created by integrating multiple molecular  processes into a unified predictive
framework,  encompassing  all  482  genes  and  their  associated  molecular
functions.3 This  achievement  is  regarded  as  a  significant  breakthrough  in
whole-cell  modeling.  Following  this  groundbreaking  research,  this  strategy
was  extended  to  other  bacterial  species,  such  as Escherichia  coli.12 These
studies demonstrated that, in relatively simple prokaryotes, whole-cell model-
ing based on mechanistic principles and parameterized differential equations
has strong interpretability and integrative capacity. However, it still cannot be
readily  applied  to  complex  cellular  systems  such  as  higher  eukaryotic  cells,
tumor cells, and complex microenvironments.

The next  transformation  was  driven  not  by  simulation  techniques  them-
selves,  but  by  the  rapid  development  of  single-cell  transcriptomics,
proteomics,  spatial  transcriptomics,  high-content  imaging,  and  CRISPR
perturbation screening technologies,  which greatly  expanded the observable
dimensions  of  cellular  states.13-15 Among  these  advances,  perturb-seq  and
related  methods  are  particularly  important,  as  the  combination  of  CRISPR
perturbations with single-cell RNA sequencing directly links specific interven-
tions  to  single-cell  responses,  shifting  data  from  static  descriptions  toward
more causal inference.16 In 2017, the Human Cell  Atlas project was initiated,
which systematically  defines all  human cell  types and their  molecular  char-
acteristics  and  provides  a  large-scale  reference  map  for  constructing  a
universal  cell  characterization  across  tissues  and  states.17 Although  these
advances  did  not  directly  produce  integrated  AIVC  models,  they  provided  a
rich foundation of high-dimensional, multimodal perturbation data.

The rapid development of AI has enabled us to build algorithms that auto-
matically learn patterns from vast amounts of data. In 2018, single-cell varia-
tional  inference  (scVI)  was  proposed,  utilizing  deep  generative  models  to
learn the latent representations of single-cell transcriptomes.18 This advance-
ment laid the groundwork for the development of transferable cell-state char-
acterization  models.  In  2021,  AlphaFold2  achieved  near-experimental accu-
racy  in  protein  structure  prediction.19 Although  it  does  not  constitute  a
complete  cellular  model,  it  significantly  enhances  the  molecular-level  prior
knowledge  required  for  AIVC  and  improves  the  feasibility  of  applying  AI  to
biological  modeling.  In  the  direction  of  single-cell foundation  models,  repre-
sentative  studies  such  as  scGPT  and  SCimilarity,  proposed  in  2024,  further
promoted the development of cell-state representation learning.20,21 The main
value of such models lies in their ability to form reusable, generalizable latent

representations.  In  addition,  a  perturbation-prediction-oriented  model  such
as  xTrimoscFoundation  further  expanded  the  application  potential  of  AI  in
modeling cell-state transitions and intervention responses.22 These AI-based
methods  offer  advantages  in  scalability,  cross-dataset  adaptability,  and  the
handling  of  high-dimensional,  heterogeneous  data,  and  are  therefore  closer
to  the  needs  of  clinical  translational  research  for  inter-patient  variability,
multimodal  data  integration,  and  generalized  prediction  of  unknown  states.
Although these models still have limitations, including insufficient direct inter-
pretability,  limited  transparency  of  causal  mechanisms,  and  the  need  for
systematic experimental validation of predictive results, they provide a tech-
nical foundation for the development of AIVC.

Based on the above trends, Bunne et al. proposed the vision of the AIVC in
2024.7 The goal of AIVC is to create a universally applicable digital model of
cells.  Given  any  cell  type  and  its  environment,  it  can  simulate  the  state  of
various molecular components within the cell and predict the cell's functional
response.  This  marks  the  transition  of  AIVC  research  from  a  fragmented
exploratory phase to a new stage characterized by a clear conceptual frame-
work. In 2025, the Arc Institute launched the Virtual Cell  Challenge, aimed at
establishing a rigorous evaluation framework that points the way forward for
the field.23 This indicates that differences among current models are reflected
not only in their technical architectures but also in their biological objectives,
depth of validation, and how their predictions are connected to experimental
results. The data pillar and closed-loop learning framework,24 and the “Predict-
Explain-Discover  (P-E-D)” strategy25 echo  from  different  perspectives  and
emphasize  the  modeling  goals  and  reinforce  the  core  objectives  of  AIVC:
predictability,  interpretability,  and  experimental  verifiability.  These  studies
highlight the  relationships  among  predictive  performance,  model  inter-
pretability,  prior  biological  knowledge,  and  iterative  experimental  validation.
They  can  therefore  be  regarded as  methodological  complements  within  the
broader AIVC-related research ecosystem.

After  the  proposal  of  AIVC,  AIVC-related  studies  increased  rapidly  from
2025 to 2026. However, AIVC remains largely a research vision or conceptual
framework, rather than a mature technical system with clear boundaries and
unified  standards.  Existing virtual  cell  prototypes or  systems relatively  close
to  the  AIVC  vision  include  T-World  and  4DWCM.  T-World has  been  exten-
sively  validated  against  independent  experimental  data  and  has  shown  the
predictive value of domain-specific virtual cell in cardiomyocyte electrophysi-
ology  and  drug-response  evaluation,  making  it  more  directly  relevant  to
cardiac drug safety assessment, especially arrhythmia and cardiotoxicity risk
prediction.26 4DWCM was constructed and evaluated using experimental data
and  advanced  whole-cell  dynamic  modeling  through  high-resolution
spatiotemporal simulation, mainly supporting disease mechanism interpreta-
tion  and  potential  target  discovery.27 Other  AIVC-related  models  are  mostly
foundation  models  or  task-specific  models.  Transcriptomic  perturbation/
state  prediction  models,  such  as  AetherCell,28 AlphaCell,29 Lingshu-Cell,30

SCALE,31 and  Squidiff,32 learn  conditional  generative  cell-state  spaces  to
simulate transcriptomic  changes  under  drug,  genetic,  disease,  or  develop-
mental conditions. Morphology generation models, such as CellFluxV233 and
CellFluxRL,34 encode microscopy images into latent morphological states and
predict future or perturbed cellular phenotypes. Regulatory dynamics models
such  as  RegVelo35 combine  RNA  velocity  with  gene  regulatory  networks  to
constrain cell-state dynamics and predict cell-fate direction. Cell-level virtual
screening models,  such as CellVS-Net,36 jointly model cell  states and candi-
date  compounds  for  drug-effect  prediction  and  candidate  ranking.  These
models remain unvalidated experimentally,  so their  clinical  relevance should
be  considered  potential  and  indirect,  mainly  through  disease  cell-state
modeling,  virtual  perturbation,  target  prioritization,  drug-response  prediction,
and  patient-specific  virtual  cell  construction.  In  addition,  AIVC  evaluation
frameworks,  such as VCBench,37 have emerged. These studies suggest that
the AIVC ecosystem is rapidly expanding,  but with substantial  differences in
research scope, technological maturity, and level of evidence.

 How to construct AIVC
The  construction  of  an  AIVC  involves  integrating  multiple  data  types,

advanced  AI  modeling  techniques,  and  continuous  feedback  from  both
experimental and computational systems. AIVC is designed to model cellular
behavior  by combining knowledge from molecular  biology,  systems biology,
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and computational  methods  to  create  a  dynamic,  predictive,  and  inter-
pretable model of cellular processes (Figure 2).

 Data  integration:  building  the  foundation. The  first  step  in  constructing
an AIVC is the collection and integration of high-quality, multi-modal biological

data.7 This means bringing together complementary sources of information,
such as single-cell  RNA sequencing,  proteomics,  metabolomics,  and spatial
transcriptomics,  so  that  the  model  can  describe  the  cell  across  different
levels of organization. These data collectively link molecular features, including
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Figure 1.  History and milestones of AIVC AIVC is built upon the continuous evolution of cell biology, whole-cell modeling, single-cell omics, and artificial intelligence methodolo-
gies. The field has progressed through three stages: an initial phase of early mechanistic models, followed by the rise of data-driven and deep learning approaches, and the foun-
dation and evolution of AI-driven cell models.
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gene expression and protein interactions, to cellular responses and to tissue-
level context,  such  as  the  spatial  organization  of  cells.  In  this  sense,  inte-
grated data provide the foundation on which the AIVC model can be built, and
the scope of the resulting framework is likely to depend on the breadth, depth,
and standardization of the available training data.

Observational data alone are unlikely to be sufficient. A model trained only
on static snapshots may be useful for characterizing cell states, but it is less
well suited to representing how those states change over time or in response
to  interventions.  For  that  reason,  perturbation-based  and  dynamic  datasets
are likely to be particularly important in AIVC development. Approaches such
as Perturb-seq, drug screening, cytokine stimulation, lineage tracing, and live-
cell  imaging  can  provide  information  not  only  on  what  a  cell  looks  like  at  a
given moment but also on how it shifts under defined conditions.38

 Unified  representation:  encoding  cellular  states. Once  these  data  have
been gathered, the next critical step is to transform them into a unified repre-
sentation of the cellular state. This is important because an AIVC-like frame-
work  depends  on  a  coherent  internal  description  of  the  cell  rather  than  on
separate  datasets  generated  by  different  platforms.  The  aim  is  to  encode
molecular  identity,  ongoing  biological  activity,  and  aspects  of  environmental
context  into  a  shared  format  that  can  support  downstream  prediction  and
simulation.

This  step  can  be  approached  using  AI  models  that  learn  patterns  across
integrated  datasets.  Deep  learning  frameworks,  graph  neural  networks
(GNNs),  and  transformers  are  all  relevant  in  this  setting  because  they  can
capture  relationships  among genes,  proteins,  metabolites,  and other  cellular
features. For instance, deep generative models, such as scVI, are employed to
generate  latent  representations  from  single-cell  transcriptomic  data,  which
may  then  support  the  inference  of  cellular  states  under  different
conditions.8,18 These  models  help  encode  the  cell's  molecular  identity,  its
biological  processes,  and  its  interactions  with  the  microenvironment  into  a
format that can be used for prediction and simulation.39 In addition, integrating
spatial  omics  data  allows  the  incorporation  of  tissue  architecture  into  the
model, adding an extra layer of realism and biological relevance. The ability to
model  the  three-dimensional  spatial  distribution  of  molecules  and  cells
enhances the precision of the virtual  cell,  particularly for understanding how
spatial organization influences cellular behavior.24

 Biological  knowledge  integration:  constraining  the  model. Data-driven
representations  alone  may  not  be  sufficient.  To  improve  interpretability  and
biological plausibility, the patterns learned by the model should be considered
together  with  existing  biological  knowledge,  including  signaling  pathways,
gene regulatory networks, metabolic pathways, and cellular dynamics, which
is crucial for enhancing model interpretability and biological relevance.40
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Figure 2.  The  construction  of  AIVC AIVC  integrates  static  multi-omics  and  dynamic  perturbation  data  to  construct  unified  cell-state  representations  using  computational
models constrained by biological knowledge.
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In practice, such knowledge can be incorporated into the model as priors or
constraints,  which  may help  align  model  outputs  with  established  biology.41

For  example,  mechanistic  descriptions  of  cell  biology,  such  as  intracellular
signaling or metabolic networks, can provide structure that purely data-driven
systems may otherwise lack. This is important because models trained only
to fit data may identify statistical associations that do not necessarily reflect
biologically meaningful  relationships.  Additionally,  the  integration  of  experi-
mental feedback, including perturbation and knockout data, can then be used
to  iteratively  refine  the  model  and  assess  whether  its  predictions  remain
biologically plausible.42

 Virtual  instrument  (VI):  enabling  readout  and  in  silico  perturbation. A
further step is to establish a way to interact with the model, which is where the
virtual  instrument  (VI)  becomes important.  The VI  can be  understood as  an
interface operating on the unified representation. It reads the model state and
translates  it  into  outputs  interpretable  by  researchers;  it  provides  a  way  to
simulate��� interventions  within  the  modeled  space  and  examine  the  resulting
changes.7

Within  the  AIVC  framework,  such  VI  modules  may  allow  researchers  to
explore  predicted  cellular  responses  to  perturbations,  predict  the  effects  of
genetic  modifications,  and  explore  how changes  in  the  cellular  environment
might  impact  cellular  behavior.  For  example,  simulations of  gene knockouts
or  drug  treatments  may  be  used  to  predict  changes  in  gene  expression,
protein  abundance,  or  cellular  phenotypes.  These  simulations  are  essential
for  understanding  complex  biological  systems  and  for  conducting  virtual
experiments,  thereby  reducing  reliance  on  expensive  and  time-consuming
wet-lab experiments.39

 What’s the function of AIVC
The  fundamental  function  of  AIVC  is  to  compress  complex  multi-omics

and  spatial  information  into  a  unified  cellular-state  representation,  thereby
enabling  a  more  accurate  identification  of  cell  types,  cell  subpopulations,
functional  states,  and  transitional  states.43 AIVC  shows  the  potential  to
predict the effects of interventions (e.g.,  gene knockouts, transcription factor
combinations, drug  treatments,  and  cytokine  stimulations)  on  cellular  tran-
scriptomes, proteomes, or phenotypes, under specific cohort or model condi-
tions.23 More importantly, compared to traditional analyses, AIVC is expected
to better  address issues related to  batch differences,  modality  missingness,
and cross-platform data integration.

A  powerful  virtual  cell  model,  capable  of  learning  and  reasoning  like  a
skilled biologist, can predict the responses of different cell types and states to
unknown perturbations. This will support the development of new drugs, the
study of disease mechanisms, and the practice of personalized medicine.

 ARTIFICIAL INTELLIGENCE VIRTUAL ONCOLOGY (AIVO)
Tumors are not static lesions composed of a single population of malignant

cells  but  dynamic  ecosystems  shaped  by  interactions  among  cancer  cells,
immune  cells,  stromal  cells,  and  the  extracellular  matrix  (ECM).44 Therefore,
the  critical  challenge  in  cancer  research  is  not  merely  the  identification  of
additional  molecular  abnormalities,  but  the understanding of  how malignant
cell  states  and  multicellular  systems  interact,  adapt,  and  co-evolve  under
therapeutic  pressure.45-47 AIVC  frameworks  offer  a  new  conceptual  and
computational  strategy  for  modeling  cell  states  as  computable,  updatable,
and  perturbation-responsive  entities.7,48 Building  on  this  foundation,  AIVO
extends the focus from individual cellular states to the tumor as an evolving
system,  integrating  malignant  cells,  immune  and  stromal  compartments,
spatial  architecture,  and  therapeutic  perturbations  into  a  unified  virtual
framework.41,49 The significance of this framework lies not merely in improv-
ing  clustering  or  classification  reliability  but  in  moving  cancer  research
beyond descriptive atlases toward predictive and clinically relevant modeling
of tumor evolution, multicellular interaction, and treatment response. On this
basis,  the  following  sections  discuss  how  AI  applications  in  oncology,
together  with  AIVC- and  AIVO-related frameworks,  can  be  used  to  recon-
struct  tumor  cell  states,  model  antitumor  immunity,  capture  stromal  and
spatial constraints, and ultimately build integrated virtual tumors.

 Artificial intelligence virtual tumor cell
Although  conventional  experimental  models  have  substantially  advanced

tumor  biology,  most  remain  better  suited  to  describing  tumor  states  at
selected  scales  or  time  points  than  to  capturing  state  transitions,  therapy-
driven  adaptation,  and  the  longitudinal  evolution  of  tumor  cells.  In  this
context, the concept of the virtual tumor cells can be regarded as a cell-level
module within future AIVO frameworks, enabling the digital reconstruction of
the  molecular  characteristics,  functional  states,  and  dynamic  trajectories  of
tumor cells through the integration of AI, multi-omics data, and computational
modeling.50 Although many existing AI-based oncology studies do not consti-
tute AIVC systems in the strict sense, they provide important methodological
foundations for tumor-state representation, spatial molecular reconstruction,
dynamic  evolution  modeling,  and  therapeutic  response  prediction  (Table  1).
They can therefore be considered key building blocks for the future develop-
ment of AI virtual tumor cell frameworks.

For  cancer  diagnosis  and  tumor-state  characterization,  more  specifically,
AIVC  will  integrate  diverse  data  modalities,  including  single-cell transcrip-
tomics,  spatial  omics,  epigenomic  profiles,  histopathological  images,  and
clinical imaging, to reconstruct a higher-dimensional state map of an individual
patient’s tumor. Xu et al. developed Prov-GigaPath, a whole-slide foundation
model  that  was  benchmarked  for  cancer  subtyping  and  broader  digital
pathology  tasks,  highlighting  the  value  of  whole-slide  modeling  in  digital
pathology.51 Ding  et  al.  developed  TITAN,  a  multimodal  whole-slide founda-
tion model that showed promising performance in cancer classification, rare
cancer  retrieval,  prognosis  prediction,  and pathology report  generation.52 AI-
based  prediction  of  spatial  transcriptomics  also  bridges  digital  pathology
images  and  molecular  states.  Path2Space  demonstrated  the  feasibility  of
predicting  spatial  gene  expression  profiles  from  routine  histopathological
sections  using  deep  learning,  thereby  inferring  spatial  molecular  features  in
breast  cancer  tissues.53 For  AI  virtual  tumor  cells,  the  significance  of  such
methods lies in their potential to serve as spatial molecular-state reconstruc-
tion modules, enabling virtual tumor cells to move beyond averaged molecu-
lar  representations  and  progressively  incorporate  tissue  spatial  architecture
and microenvironmental context.

The dynamic evolution of tumor cells represents another important aspect
that should be incorporated into AI virtual tumor cell frameworks. Existing AI-
based  and  mathematical  modeling  studies  have  begun  to  use  longitudinal
multimodal data, including imaging, serum biomarkers, pathological informa-
tion, and treatment records, to characterize tumor progression and provide a
foundation for  dynamic tumor modeling.  In  prostate cancer,  patient-specific
models  based  on  magnetic  resonance  imaging  (MRI)  and  finite-element
methods  have  been  explored  to  simulate  tumor  growth  and  dynamic
changes in  prostate-specific  antigen  (PSA)  levels.54 Studies  have  suggested
that even when PSA levels do not rise significantly, these models can still re-
construct tumor progression after diagnosis and help address the limitations
of  conventional  serum-based  monitoring.55 In  glioma,  reaction-diffusion
models  have  been  used  to  characterize  the  spatiotemporal  infiltration  of
tumor cells along white matter  fiber tracts,  and model  the invasive behavior
of  diffuse  brain  tumors.56 Such  models  have  been  further  used  to  predict
glioblastoma growth,  the progression of  postoperative  residual  disease,  and
the  extent  of  tumor  infiltration.57 Studies  have  also  used  Brownian  motion-
based  mathematical  methods  to  model  glioblastoma  infiltration  into
surrounding brain tissue, with the aim of supporting the assessment of tumor
invasion extent.58 In breast cancer, growth models based on parameters such
as tumor volume doubling time have shown consistency with clinical obser-
vations  and  have  been  explored  for  assessment  of  tumor  progression  rate
and  aggressiveness,  with  the  potential  to  inform  screening  intervals  and
intervention timing.59 These disease-specific models provide useful modeling
strategies for the dynamic evolution module in the AI virtual tumor cell.

For  treatment  response  prediction,  existing  models  have  been  used  to
simulate or  predict  the  efficacy  of  both  surgical  and  nonsurgical  interven-
tions.  A nephroblastoma oncosimulator integrating MRI data,  chemotherapy
regimens,  and postoperative pathological  information has demonstrated the
potential  to  predict  tumor  volume  changes  and  therapeutic  response.60 A
spatiotemporal model of glioblastoma integrating imaging, pathological,  and
genetic  information,  along  with  pharmacokinetic  and  pharmacodynamic
processes,  has been used to simulate potential  responses to temozolomide
therapy.61 In breast cancer,  the combination of quantitative MRI and mathe-
matical  modeling  has  demonstrated  reasonable  accuracy  in  predicting  the

 

 

th
e-

 n
no

va
t o

n-
on

co
lo

gy
REVIEW    Digital Medicine   

6  　　　The Innovation Oncology 1(2): 100028, July 27, 2026 www.the-innovation.org/the-innovation-oncology

https://www.the-innovation.org/the-innovation-oncology
https://www.the-innovation.org/the-innovation-oncology
https://www.the-innovation.org/the-innovation-oncology
https://www.the-innovation.org/the-innovation-oncology
https://www.the-innovation.org/the-innovation-oncology
https://www.the-innovation.org/the-innovation-oncology
https://www.the-innovation.org/the-innovation-oncology


O
nco

lo
g

y

 

Table 1.  Summary of artificial intelligence virtual cell (AIVC)-related models and foundational modules in tumor cells.

Type category Model/
method

Tumor type/
application
scenario

Evidence
level Brief introduction Data modality limitations/

challenges Reference

Tumor cell AetherCell Pan-cancer Benchmarked
model

A generative foundation
model for predicting drug
responses, evaluating
combination therapies, and
stratifying patients, with
applications to pancreatic,
ovarian, and gastric cancer
organoids and clinical
cohorts across 17 cancer
types.

scRNA-seq

Overlooks intra-
tissue
heterogeneity and
multi-omics
integration.

Ref 28

Tumor cell Squidiff Glioblastoma Benchmarked
model

Learns dynamic cellular
state changes under external
stimuli, and has been applied
in glioblastoma research to
predict the transcriptomic
responses of tumor cells and
oligodendrocytes to drugs,
thereby supporting drug
screening and precision
therapy.

scRNA-seq

Demands long
training time and
heavy
computation.

Ref 32

Tumor cell SCALE Pan-cancer Benchmarked
model

Uses conditional transport
and a set-aware flow
architecture with a LLaMA-
based cellular encoder for
virtual cell perturbation
prediction, including
chemical perturbation
modeling in 50 diverse
cancer cell lines.

scRNA-seq

Misaligns
evaluation
metrics with
biological
relevance and
cannot capture
intermediate
cellular response
dynamics.

Ref 31

Tissue-level
digital
pathology

Prov-GigaPath Pan-cancer
histopathology

Benchmarked
model

Pretrains a whole-slide
foundation model on 1.3
billion tiles from 171,000
slides using DINOv2 and
LongNet to predict gene
mutations, classify cancer
subtypes, and perform zero-
shot vision-language tasks.

Whole-slide
images and
pathology reports

Requires
substantial
computational
resources and
may retain
institution-
specific biases
despite external
benchmarking.

Ref 51

Tissue-level
digital
pathology

TITAN Pan-cancer
histopathology

Benchmarked
model

Enables multimodal whole-
slide representation learning
through vision-language
alignment using 336,000
whole-slide images,
synthetic captions, and
pathology reports,
supporting zero-shot
diagnosis, rare-cancer
retrieval, and report
generation.

Whole-slide
images, synthetic
captions, and
pathology reports

Relies partly on
region-crop
pretraining and
synthetic
captions and still
requires
prospective
clinical validation.

Ref 52

Tissue-level
spatial
transcriptomics

Path2Space Breast cancer
spatial profiling

Benchmarked
model

A deep learning model that
predicts spatial gene-
expression patterns from
H&E histology images,
enabling scalable
reconstruction of tumor
microenvironment features.

H&E whole-slide
images and
paired spatial
transcriptomics
data

Limited by cancer-
specific
validation,
reliance on paired
histology-spatial
transcriptomics
data, and
unproven clinical
utility.

Ref 53

Tumor cell

Personalized
prostatic
carcinoma
model

Prostate cancer Proof-of-
concept study

Integrates patient-specific
MRI-derived ADC into a
biomechanical model to
simulate tumor growth and
PSA dynamics under active
surveillance.

MRI data

Validated on only
four patients,
limiting
generalizability.

Ref 54
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Type category Model/
method

Tumor type/
application
scenario

Evidence
level Brief introduction Data modality limitations/

challenges Reference

Tumor cell

Physics-
informed
machine
learning digital
twin

Prostate cancer Proof-of-
concept study

Integrates physics-based
modeling, machine learning,
MRI-derived tissue features,
and longitudinal PSA
measurements to
reconstruct patient-specific
prostate tumor growth.

MRI data and
longitudinal PSA
measurements

Misses non-PSA
secreting tumor
phenotypes and
requires
validation in
larger
independent
cohorts.

Ref 55

Tumor cell
Reaction-
diffusion
model

Glioblastoma Proof-of-
concept study

Couples a reaction-diffusion
equation for tumor cell
density with a parametric
deformation model based on
directly manipulated free
form deformation to
approximate brain tumor
mass effect by tracking
landmarks on the gross
tumor volume boundary.

MRI data

Uses a simplified
deformation
model and
requires further
validation with
longitudinal
patient imaging
data.

Ref 56

Tumor cell

Triscale
reaction-
diffusion
numerical
model

Glioblastoma Proof-of-
concept study

Presents a finite-difference
numerical model
incorporating skull-imposed
Neumann boundary
conditions to simulate
glioma invasion through
inhomogeneous brain tissue
and estimates tumor
doubling time.

MRI data

Lacks statistical
validation due to
limited clinical
data access.

Ref 57

Tumor cell

Brownian
motion-based
mathematical
methods

Glioblastoma Proof-of-
concept study

Simulates anisotropic
infiltration of glioma cells
into brain tissue by
exploiting diffusion tensor
imaging data and modeling
cell movement as a
stochastic process.

MRI data

Excludes cell
proliferation
modeling and
remains clinically
unvalidated.

Ref 58

Tumor cell Growth model Breast cancer Proof-of-
concept study

Simulates tumor growth for
virtual clinical trials of breast
cancer screening and has
been validated against
clinical tumor volume-
doubling times.

Clinical data on
tumor volume
doubling time

Simplifies
interpatient and
biological
heterogeneity and
does not model
individual tumor
trajectories.

Ref 59

Tumor cell

Oncosimulator/
multiscale
mechanistic
model

Nephroblastoma Proof-of-
concept study

Adapts a mechanistic in
silico model to predict tumor
volume reduction after
preoperative chemotherapy
in nephroblastoma patients
from different risk groups.

MRI data

Evaluated in a
limited patient
cohort and
requires
prospective
external
validation.

Ref 60

Tumor cell

MRI-based
digital
response
model

Breast cancer
Experimentally
validated
system

Uses imaging-driven digital
models to forecast patient-
specific response to
neoadjuvant chemotherapy.

MRI data

Presents no
complete ground
truth, risking
accuracy
overestimation.

Ref 62

Tumor cell
Multiscale
mechanistic
model

Non-small cell
lung cancer

Proof-of-
concept study

Quantifies the in vivo cell-
killing efficacy of cisplatin-
based doublet chemotherapy
in patients with non-small
cell lung cancer using
retrospective computed
tomography data and a
multiscale simulation model.

CT imaging data

Lacks patient-
specific
proliferation
parameters and
suffers from
uncertainties in
tumor kinetics.

Ref 63
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response of triple-negative breast cancer to neoadjuvant therapy.62 Secondly,
beyond  conventional  chemotherapy  modeling,  related  computational
approaches  have  supported  individualized  regimen  selection  and  precision
drug  screening,  providing  useful  precedents  for  AIVC-related  therapeutic
modeling. In non-small cell lung cancer, multiscale models have been applied to
estimate differences in the cytotoxic efficacy of cisplatin-based regimens com-
bined with gemcitabine,  vinorelbine,  or  docetaxel,  thereby helping inform the
exploration of individualized treatment selection.63 In the context of precision
drug  screening,  studies  of  high-risk  pediatric  liver  tumors  have  integrated
clinical,  genetic,  and  transcriptomic  information  to  generate  patient-specific
digital twins, supporting the prediction and validation of the potential efficacy
of  ceritinib  and  underscoring  the  utility  of  this  approach  for  candidate  drug
prioritization.64 These  studies  suggest  that  integrating  multimodal  data  with
mechanistic models can, when coupled with experimental validation, support
the  preclinical  prioritization  of  candidate  drugs,  thereby  providing  a  valuable
foundation for AI virtual tumor cell-related therapeutic modeling.

In drug research,  multiscale  models  have moved beyond simple pharma-
cokinetic  metrics  to  reveal  the  complex  interplay  among  drug  distribution,
resistance  evolution,  and  combination  therapy.  For  drug  delivery  and  anti-
angiogenic  therapy,  several  studies  have  suggested  that  delivery  metrics
alone, such as intratumoral drug concentration, are insufficient to capture the
overall response of solid tumors, underscoring the need to integrate patient-
specific tumor growth models for improved exploratory prediction of tissue-
level  therapeutic  outcomes.65 To address  resistance  and combination  treat-
ment,  theoretical  frameworks  have  described  the  dynamic  interplay  among
intracellular  doxorubicin  exposure,  P-glycoprotein  induction,  and  tumor  cell
killing, thereby capturing a potential coupling between pharmacological activ-
ity  and  resistance  evolution.66 Acquired  resistance  mechanisms  have  also
been incorporated into tissue-scale simulations, revealing that cellular resis-
tance  can  give  rise  to  more  complex  emergent  response  patterns  at  the
tissue  level.67 Moreover,  virtual  tumor  platforms  have  been  used  to  model
intratumoral  heterogeneity  together  with intrinsic  and acquired resistance in
the context of multidrug therapy, supporting the exploration of how combina-
tion strategies may be linked to in vitro and in vivo response patterns.68 These
studies  provide  important  insights  for  establishing  the “perturbation-

response” module in AI virtual tumor cell frameworks. However, their predic-
tive performance remains highly dependent on model assumptions, parame-
ter settings, and the extent of experimental validation.

 Artificial intelligence virtual immune cell
Unlike tumor-cell-centered models that mainly address malignant evolution,

the  immune  compartment  is  defined  more  by  functional  plasticity  and
dynamic  intercellular  interactions.69 Immune-cell  states  are  continuously
shaped  by  antigen  stimulation,  cytokine  signaling,  stromal  cues,  metabolic
constraints,  and  therapeutic  pressure.70 Their  effects  on  tumor  control  or
immune  escape,  therefore,  cannot  be  inferred  from  abundance  alone.  They
must  be  understood  through  state  transitions,  spatial  organization,  and
evolving communication networks within the tumor microenvironment (TME).
This  distinction  is  especially  important  in  immunotherapy,  where  outcome
depends less on the presence of immune subsets than on how they change,
interact, and adapt over time.

Although  single-cell  and  spatial  profiling  technologies  have  greatly
improved  the  resolution  of  immune-cell  characterization,  most  remain
essentially descriptive.71,72 They can define cellular composition and signaling
states with increasing precision, but they are less able to predict how immune
states  will  evolve  after  treatment  or  which  microenvironmental  interactions
will ultimately determine response or resistance. This limitation is particularly
important  in  immunotherapy,  where  the  outcome  usually  reflects  the
combined behavior of multiple cell populations rather than a single molecular
feature.  In  particular,  when  baseline  or  limited  time-point  multi-omics  data
are used to infer post-treatment immune responses, a gap remains between
the  static  immune  profiles  captured  by  these  data  and  the  continuously
evolving  response  to  immunotherapy.  Against  this  background,  AI  virtual
immune  cell  offers  more  than  multimodal  data  integration.  It  provides  a
dynamic computational  framework  in  which  immune  cells  can  be  repre-
sented  as  computable  and  updatable  units,  and  their  interactions  can  be
modeled explicitly.73

Existing tumor-immune simulation studies have provided a foundation for
AI virtual immune cell to describe dynamic biological processes. For instance,
an  agent-based  model  of  anti-PD-1  therapy  has  suggested  that  spatial
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Table 1. (Continued)
 

Type category Model/
method

Tumor type/
application
scenario

Evidence
level Brief introduction Data modality limitations/

challenges Reference

Tumor cell

Mechanistic
digital
twin/therapy
simulation

Pediatric liver
tumors

Experimentally
validated
system

Uses mechanistic models
and virtual patient
simulations to identify
ceritinib as a nuclear
integrity-disrupting therapy,
validated in vitro and in vivo.

Genetic and
transcriptomic
data

Has been
validated
preclinically but
not yet evaluated
in clinical trials.

Ref 64

Tumor cell
Theoretical
pharmacodyna
mic model

Solid tumors Proof-of-
concept study

Develops a
pharmacodynamic model to
compare doxorubicin dosing
strategies, suggesting that a
high initial dose followed by
lower doses may minimize P-
glycoprotein induction and
improve tumor cell-killing
efficiency.

Literature-based
pharmacokinetic
parameters

Receives no
experimental or
clinical validation.

Ref 66

Tumor cell QSP model B-cell lymphoma Proof-of-
concept study

Establishes a quantitative
systems pharmacology-
based method to calibrate
virtual tumors using in vitro
cell viability data,
characterize intratumoral
heterogeneity, and predict
responses to BH3 mimetics
alone or in combination.

In vitro drug
sensitivity (cell
viability) and in
vivo tumor
growth inhibition
data

Suffers from
identifiability
issues in protein
expression
distributions.

Ref 68

Abbreviations: scRNA-seq, single-cell RNA sequencing; H&E, hematoxylin and eosin; MRI, magnetic resonance imaging; ADC, apparent diffusion
coefficient; PSA, prostate-specific antigen; CT, computed tomography; QSP, quantitative systems pharmacology.
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structure  and  phenotypic  heterogeneity  may  influence  tumor-immune
dynamics  beyond what  non-spatial  models  can capture.74 In  such systems,
activation,  exhaustion,  suppression,  and  reprogramming  can  be  treated  as
state  transitions,  while  antigen  presentation,  cytokine  diffusion,  checkpoint
signaling,  infiltration,  and  exclusion  can  be  formalized  as  interaction  rules.
This  makes  the  AI  virtual  immune  cell  particularly  suited  to  reconstructing
immune-cell behavior in ways that static profiling alone cannot achieve.

From  a  clinical  oncology  perspective,  predicting  immunotherapy  efficacy
should not rely solely on immune-cell composition measured at a single time
point. The role of an AI virtual immune cell in tumor immunology is not simply
to describe immune ecosystems more precisely, but to predict how they will
change  under  therapeutic  intervention.  Although  many  existing  studies  on
tumor-immune digital twins, virtual patients, and therapeutic simulations are
not directly  equivalent  to AI  virtual  immune cell,  they provide important  task
scenarios and modular foundations for their development. Gong et al. developed
a  multiscale  agent-based  model  to  represent  spatiotemporal  interactions
between tumor cells and cytotoxic T cells along the PD-1/PD-L1 axis,  using
effector,  cytotoxic,  and  suppressed  T-cell  states  to  approximate  functional
changes  in  T  cells.75 However,  this  model  remains  a  simplified  state-transi-
tion framework and has not yet fully characterized the continuous differentia-
tion  trajectory  of  T  cells  from  activation  and  effector  states  to  progenitor
exhausted and terminally exhausted states. Kather et al. developed a patient
tissue data-based multi-agent spatial model of colorectal cancer, suggesting
that  stromal  density  and  lymphocyte  infiltration  jointly  influence  tumor
control.76 In  lymphocyte-rich  tumors,  the  model  indicated  that  high  stromal
density may contribute to immune escape, whereas combined simulation of
immune  activation  and  stromal  permeabilization  predicted  a  potential
improvement in therapeutic response.76 This provides a computational basis
for  understanding  the  involvement  of  the  physical  matrix  of  the  TME  in
immune exclusion.  These computational  models and predictive frameworks
provide  methodological  inspiration  and  modular  foundations  for  future  AI
virtual immune cell to integrate the T-cell state transitions, exhaustion trajec-
tories,  and  TME  physical  matrix-mediated  immune  exclusion.  In  addition,
NeoAgDT  illustrates  how  a  digital  twin  of  a  patient’s  tumor  cell  population
may be used to support the prioritization of personalized neoantigen vaccine
composition,  highlighting  the  emerging  potential  to  support  rational
immunotherapy  design  in  oncology.77 These  advances  suggest  a  potential
direction  in  tumor  immunology,  moving  beyond  static  profiling  of  immune
states  toward  predictive  modeling  of  how  antitumor  immunity  evolves,
adapts, and fails in patient-specific contexts.

Tumor-immune modeling studies further suggest that the construction of
AI virtual immune cell should not be limited to simulating immune-cell abun-
dance  or  composition  but  should  also  incorporate  immune-cell  functional
states, spatial distribution, and treatment-response dynamics. In glioma, digital
twin  models  have  integrated  tumor  cells,  tumor-associated  macrophage
(TAM), and simulated the effects of radiotherapy and immunotherapy within
a  single  framework,  supporting  computational  exploration  of  therapeutic
scenarios  and  hypothesis  generation  for  TAM-targeted  strategies.78 Agent-
based  virtual  tumor-immune  models  have  further  demonstrated  that  tumor
antigenicity, immune  evasion  potential,  and  spatial  heterogeneity  substan-
tially  affect  responses  to  immune  checkpoint  blockade,  including  PD-1/PD-
L1-targeted therapies.49,74 In  non-Hodgkin lymphoma,  virtual  patient  popula-
tions  constructed  using  digital  twin  approaches  have  been  used  to  analyze
the  exposure-response  relationship  of  mosunetuzumab.79 The  results
suggest  that  drug  sensitivity  differs  across  pathological  subtypes,  while
tumor  proliferation  rate,  baseline  T-cell  infiltration,  and  T-cell  activation
capacity are the major determinants of therapeutic efficacy. In the context of
cell  therapy,  models such as ABMACT have shown that enhancing effector-
cell  proliferative  capacity,  cytotoxicity,  and  sustained  killing  ability  can
improve  the  efficacy  of  adoptive  cell  therapy.80 These  studies  indicate  that
immunotherapy outcomes are not determined by any single immune param-
eter,  but  rather  by  interactions  among  tumor  antigenicity,  immune-cell infil-
tration, functional activation, local suppression, and spatial organization.

However, existing models still largely operate at the level of tumor-immune
system  or  treatment-regimen  simulations,  yet  have  not  achieved  unified
modeling  of  the  multi-omic  states,  T-cell  receptor  (TCR)  clonal  lineages,
spatial  migration,  cellular  communication,  and  long-term  fate  of  individual

immune cells. Consequently,  current models remain limited in their ability to
reproduce  adaptive  immune  memory,  T-cell  clonal  evolution,  stochastic
events,  and  long-term therapeutic  adaptation.  Memory  formation  is  influ-
enced  by  antigen  exposure  history,  tissue  residency,  and  recall  responses;
clonal  evolution  is  associated  with  TCR  specificity,  antigen  loss,  clonal
competition,  and  therapy-imposed  selective  pressure;  and  immune-cell
migration,  target-cell contact,  cytokine  release,  and the  emergence of  resis-
tant  clones  are  inherently  stochastic  processes  that  may  become  coupled
with  tumor-immune  co-adaptation  during  long-term  treatment.  Future  AI
virtual immune cell models should further integrate longitudinal multi-omics,
spatial omics, TCR clonal tracking, immune-cell state transitions, and clinical
response  data,  thereby  evolving  into  dynamic  computational  frameworks
capable  of  predicting  immune  activation,  exhaustion,  memory  formation,
clonal evolution, and therapy-adaptive changes.

 Artificial intelligence virtual stromal cell
Compared with tumor cells and immune cells, stromal cells have long been

regarded  as  relatively  passive  structural  components  within  tumor  tissues.
However, as  research  advances,  this  perception  is  gradually  being  trans-
formed.  Increasing  evidence  now  indicates  that  tumor-associated  stromal
cells  (TASCs),  including  cancer-associated  fibroblast  (CAF),  endothelial  cell,
pericyte,  adipocyte,  and  mesenchymal  stem  cell,  can  participate  in  tumor
progression  rather  than  merely  support  it  structurally.  Their  importance  lies
not  only  in  maintaining  tissue  architecture,  but  also  in  contributing  to
immunosuppressive niches, regulating stromal-tumor signaling, and creating
conditions that may favor tumor growth and therapeutic resistance.81

Due  to  the  complex  diversity  of  stromal  cell  types,  their  remarkable
dynamic plasticity, and highly heterogeneous spatial distribution,82 traditional
two-dimensional cultures or animal models still exhibit limitations in system-
atically characterizing their overall features. In this context, AI virtual stromal
cell  can  be  regarded  not  simply  as  a  data-integration  strategy,  but  as  a
computational representation framework for stromal-cell states, spatial orga-
nization,  and  interaction  rules.  Such  models  may  provide  useful  tools  for
exploring the potential roles of stromal components in tumor progression and
treatment response.

The  construction  of  AI  virtual  stromal  cell  relies  on  the  integrated  use  of
diverse  data  types.  In  addition  to  conventional  single-cell  transcriptomics,
spatial  transcriptomics,  proteomics,  metabolomics data,  and high-resolution
imaging  data,  emerging  label-free  detection  techniques  have  also  been
applied in related research. Cho et al. utilized Raman spectroscopy combined
with machine-learning methods to distinguish inflammatory CAF (iCAF) and
myofibroblastic  CAF  derived  from  human  pancreatic  stellate  cells.  Through
partial  least  squares  discriminant  analysis  (PLS-DA),  the  study  reported
approximately 95% subtype recognition accuracy and identified lipid-associ-
ated Raman peaks as candidate markers for distinguishing iCAF. These find-
ings may provide more specific,  quantifiable  input  for  the construction of  AI
virtual stromal cell models.83

In  the  modeling  approaches  for  AI  virtual  stromal  cell,  two  representative
technical routes currently prevail. The first is data-driven deep learning meth-
ods, which focus on learning implicit  patterns from large-scale multi-source
data. Examples  include  utilizing  GNNs  to  effectively  capture  spatial  depen-
dencies  between  cells,84 employing  heterogeneous  graph  transformers  for
unified modeling of multimodal single-cell data, and applying attention mech-
anisms  to  learn  relationships  between  cells  and  genes.85 The  second
approach is mechanism-driven agent-based modeling (ABM), which empha-
sizes  the  explicit  representation  of  cellular  behaviors  and  interactions
grounded in biological hypotheses. Johnson et al. proposed a “cellular behavior hypothesis
grammar,” allowing  researchers  to  define  cellular  behaviors  through  natural
language-like  rule  descriptions,  which  the  system  then  converts  into
computable mathematical  expressions.  Taking pancreatic CAF as an exam-
ple, they established a rule framework for CAF-tumor cell interactions based
on  existing  biological  knowledge  and  fitted  key  model  parameters  using in
vitro experimental  data,  ultimately  constructing  an  interpretable  CAF-tumor
cell interaction ABM model.86

Stromal-cell-related  computational  models  may  provide  important  tools
for  exploring  the  mechanisms  of  tumor  immune  evasion,  and  serve  as  the
basis  for  the  immune-regulatory  module  of  AI  virtual  stromal  cell  models.
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Studies have suggested that TASCs can contribute to tumor immune evasion
through immune checkpoint modulation,  such as PD-L1 and B7-H3, as well
as through the formation of physical and chemical barriers.87 Computational
models  can  be  used  to  analyze  potential  interactions  between  stromal  and
immune  cells  and  to  generate  hypotheses  on  how  these  interactions  may
regulate  immune  responses  via  the  ECM  and  chemical  signaling.  In  refined
CAF  phenotypic  modeling,  Lee  and  Kim  constructed  an  ordinary  differential
equation  model  that  classified  CAF  into  four  functional  phenotypes:  anti-
immune,  pro-immune,  anti-cancer,  and  pro-oncogenic.88 Through system-
atic  simulation  of  tumor  responses  to  PI3K  inhibitors,  PD-L1  inhibitors,  and
Treg  inhibitors  across  different  CAF  phenotypic  compositions,  the  model
suggested  that  CAF  heterogeneity  could  affect  treatment-related  model
outputs.88 For AI virtual stromal cell models, the significance of this study lies
not  in  revealing the relationship between CAF heterogeneity  and therapeutic
response, but in providing a computational strategy for representing stromal
functional heterogeneity  as  model  states  that  can  be  further  tested  experi-
mentally. At the spatial scale, Zhang et al. coupled quantitative systems phar-
macology  (QSP)  with  ABM  to  construct  a  spatial  QSP  platform.89 Utilizing
spatial  molecular  data  from  untreated  hepatocellular  carcinoma  patients,
they  identified  functional  cellular  neighborhood  (FunCN)  scores  associated
with overall survival, with higher FunCN scores correlating with poor progno-
sis and higher CD8+ T cells and tumor cells correlating with more favorable
prognosis.89 By simulating patients receiving combined therapy with immune
checkpoint  inhibitors  and  tyrosine  kinase  inhibitors,  the  platform  further
suggested  that  fibroblast  spatial  aggregation  may  limit  contact  between  T
cells  and  tumor  cells,  thereby  generating  a  mechanistic  hypothesis  for
immune therapy resistance.89

Virtual  stromal  cell  models  are  expected  to  become  auxiliary  tools  for
studying  tumor  metabolic  reprogramming.  The  functions  of  stromal  cells
extend  beyond  traditional  structural  support;  they  may  influence  tumor  cell
survival and expansion by regulating energy supply and signaling pathways.90

Under  adverse  conditions,  such  as  hypoxia  and  nutrient  deprivation  in  the
TME, stromal cells not only support tumor cell survival but also sustain prolif-
eration  by  modulating  flexible  metabolic  pathways.91 Virtual  stromal  cell
models enable in-depth exploration of how these stromal cells support tumor
cell  growth via  metabolic  reprogramming under  unfavorable conditions,  and
to evaluate potential associations between stromal cell metabolic alterations
and tumor responses to therapy.

Virtual  stromal  cell  models  can  also  be  used  to  study  tumor  metastasis.
During local invasion and distant metastasis, stromal cells have been implicated
in  tumor-cell  migration  through  ECM remodeling  and  cytokine  secretion.90,92

To  capture  this  bidirectional  feedback  process  in  computational  models,
Metzcar et al. developed an ABM framework based on the PhysiCell platform
that  represents  the  local  microstructure  of  the  ECM  using  three  variables:
anisotropy,  density,  and fiber  orientation.93 Within this  framework,  cells  such
as  cancer-associated  fibroblasts  are  modeled  as  being  able  to  remodel  the
local ECM density and fiber orientation.93 Specifically, cell migration direction
is  represented  as  promoting  ECM  fiber  realignment  along  the  same  axis,
whereas ECM properties are modeled as influencing cell  migration direction
and velocity through contact guidance. In this model, highly anisotropic ECM
provides directional migration cues to cells, whereas excessively high or low
ECM  density  inhibits  cell  migration.93 This  bidirectional  coupling  framework
provides  a  useful  computational  tool  for  exploring  CAF-mediated  ECM
remodeling and its potential feedback effects on tumor cell invasion behavior.
By  simulating  changes  across  different  microenvironments,  virtual  models
may help generate hypotheses regarding the potential  roles of  stromal  cells
in different metastatic pathways, thereby informing future experimental stud-
ies on metastatic progression.

Overall, AI virtual stromal cell models may become increasingly valuable for
understanding how stromal compartments influence tumor progression and
treatment  response.  Their  potential  lies  in  complementing  experimental
systems by integrating stromal  states,  spatial  architecture,  and multicellular
interactions within a single computational framework.

 AIVO for multicellular communication
In  oncology,  many  clinically  consequential  phenotypes  arise  not  from

isolated cellular  programs,  but  from  coordinated  interactions  among  malig-

nant, immune, stromal, and vascular compartments within the TME. Immune
escape, therapeutic resistance, metastatic dissemination, and treatment failure
are  shaped  by  how  these  cell  populations  exchange  signals,  compete  for
space  and  resources,  and  reorganize  their  interactions  under  therapeutic
pressure. This level of complexity is difficult to capture with approaches that
profile individual compartments separately, because the biological and clinical
behavior of a tumor is often determined by communication across compart-
ments rather than by the state of any single cell type alone.

Given that AIVO remains a concept in development, it is not treated here as
a model with a fixed technical roadmap or standardized implementation. We
operationally  define  AIVO  as  an  evolving,  AI-driven  framework  for  modeling
multicellular ecosystems. This framework aims to reconstruct, simulate, and
predict the interactions among multicellular components within the TME and
their  responses  to  therapy  by  integrating  diverse  data  modalities,  including
but  not  limited  to  single-cell  omics,  spatial  omics,  digital  pathology,
radiomics,  clinical  treatment  data,  and  biological  prior  knowledge.  Based  on
this definition, AIVO can be viewed as a conceptual extension of AIVC, moving
from  single-cell  state  modeling  to  multicellular  and  tissue-level  ecosystem
modeling.  It  aims  to  provide  a  framework  for  representing  the  TME  as  a
communication-centered  ecosystem,  in  which  multicellular  interactions  can
be  represented  as  dynamic,  spatially  constrained,  and  therapy-responsive
processes relevant to oncologic decision-making.

AIVO  is  distinguished  by  its  focus  on  dynamically  modeling  multicellular
tumor ecosystems, bridging but remaining distinct from conventional predic-
tive  model,  multimodal  AI,  AIVC,  and  tumor  digital  twin  (Table  2).  Unlike
conventional  predictive  models,  which  primarily  focus  on  predicting  static
endpoints,  and  unlike  multimodal  AI  in  oncology,  which  mainly  emphasize
multi-source data fusion and pattern recognition, the AIVO framework places
greater  emphasis  on  multicellular  communication,  spatial  organization,
temporal  evolution,  and  responses  to  therapeutic  perturbations.  Compared
with  AIVC,  which  mainly  focuses  on  single-cell  states  and  perturbation
responses, AIVO can be viewed as their conceptual extension toward the level
of  multicellular  tumor  ecosystems.  In  contrast,  compared  with  digital  twins,
AIVO places greater emphasis on ecosystem modeling, whereas tumor digital
twins more strongly emphasize patient specificity, longitudinal updating, and
individualized clinical simulation.

AIVO  extends  AIVC  from  single-cell  state  representation  to  multicellular
spatial ecosystem modeling. This transition should not be viewed as a simple
aggregation of single-cell sequencing profiles, nor can it be accomplished by
a  single  algorithm.  Instead,  it  relies  on  cross-scale  integration  of  single-cell
states, spatial coordinates, tissue architecture, and intercellular communica-
tion,  supported  by  multimodal  AI  and  spatial-omics  methods.  Existing
computational approaches provide important building blocks for this frame-
work,  including  spatial  mapping  and  deconvolution  methods  that  project
single-cell  reference  atlases  onto  spatial  transcriptomic  data,  such  as
Tangram,94 cell2location,95 and RCTD;96 spatial-domain and tissue-neighbor-
hood modeling tools, such as SpaGCN,97 STAGATE;98 and cell-cell communi-
cation  inference  methods,  such  as  CellChat,99 NicheNet,100 and  COMMOT.101

In  addition,  GNNs  can  represent  cells,  spatial  spots,  or  tissue  regions  as
nodes,  while  encoding spatial  proximity,  morphological  similarity,  or  inferred
communication  links  as  edges,  thereby  providing  a  flexible  framework  for
modeling local immune infiltration, tumor-stromal interactions, and immune-
exclusion  structures.  Collectively,  these  approaches  shift  the  representation
of the TME from a static inventory of cell types toward a spatially organized
tissue network shaped by cellular  neighborhoods,  communication links,  and
ecological constraints.

Communication in oncology is not determined by molecular signaling; it is
shaped by  the  physical  and spatial  architecture  of  the  TME.  Building on the
data-driven spatial reconstruction described above, AIVO must further incor-
porate  physical  constraints,  such  as  oxygen  diffusion,  vascular  distribution,
ECM remodeling, and tissue mechanics, to more faithfully simulate real tumor
ecosystems. Oxygen gradients, vascular heterogeneity, ECM remodeling, and
tissue  mechanics  collectively  influence  which  cell  populations  can  interact,
how signals are transmitted, and whether these interactions are sustained or
disrupted over time.102-105 In this context, hypoxia should not be viewed merely
as  a  metabolic  stressor,  but  as  a  regulator  of  multicellular  communication
that affects immune dysfunction, adaptive behavior, and treatment sensitivity
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across diseased tissue.106,107 The virtual  TME model  constructed by Schiavo
et al. integrates oxygen diffusion equations with tumor cell metabolic models
to quantitatively  describe  hypoxic  regions  under  different  vascular  distribu-
tions and classify them into three types: chronic hypoxia, acute hypoxia, and
anemic hypoxia. This framework may provide a quantitative tool for exploring
how  vascular  architecture  and  oxygen  availability  influence  radiotherapy
response.  Models  incorporating  heterogeneous  tissue  vasculature  and
oxygenation,  therefore,  provide  a  useful  framework  for  understanding  how
spatially  uneven  oxygen  supply  alters  the  communicative  landscape  of
oncology and modulates therapeutic response.108 Likewise,  ECM remodeling
and mechanical regulation are not simply structural changes in the microen-
vironment.  By  altering  matrix  stiffness,  fibrous  orientation,  and  local  tissue
architecture,  they  reshape  contact-dependent  signaling,  cellular  migration,
and exclusion, thereby influencing how communication networks are organized
within tumors.109 In a multicellular virtual tissue model based on the Compu-
Cell3D  platform,  Swat  et  al.  showed  that  oxygen  and  nutrient  gradients,
together  with  cell  adhesion  and  survival  constraints,  may  reshape  tumor
architecture  and  select  for  more  aggressive  phenotypes.110 These observa-
tions  suggest  that  the  physical  microenvironment  matters  in  oncology  not
only because it surrounds tumor cells, but because it determines how multi-
cellular communication is spatially organized.

Beyond explaining multicellular interactions, multiscale virtual TME models
related to the AIVO concept have also provided useful frameworks for inter-
vention-oriented  oncology  research.  In  drug  delivery,  drug  screening,  and
virtual intervention, these models can simulate the dynamic interplay among
tumor  cells,  immune  cells,  stromal  components,  vascular  structures,  and
therapeutic agents, thereby supporting preclinical hypothesis generation and
the  prioritization  of  candidate  therapeutic  strategies.  These  efforts  offer
important  references  for  the  future  construction  and  clinical  translation  of
AIVO.  As  for  drug  delivery,  Hendriks  et  al.  developed  a  multiscale  kinetic
model  system  to  compare  the  delivery  efficiency  of  liposomal  doxorubicin
versus  conventional  doxorubicin  in  different  tumor  environments.111 This
model, based on mechanistic descriptions of drug plasma pharmacokinetics,
tumor physiology (e.g., microvascular density and blood flow), and subcellular
drug  distribution,  quantified  the  critical  roles  of  liposomal  long-circulation
characteristics  and  tumor  vascular  permeability  in  determining  intratumoral
drug exposure. It  also highlighted that single delivery metrics,  such as intra-
tumoral drug concentration, are insufficient to reflect overall response in solid
tumors.111

Personalized  treatment  decision-making  and  patient-specific computa-
tional models represent critical directions in clinical translation of virtual TME.
In  drug  delivery  simulation,  studies  have  established  comprehensive
nanoparticle transport models spanning from blood flow to tumor cell  inter-
nalization,  innovatively  incorporating ligand-receptor  affinity  into multi-stage
modeling.112 The  model  has  predicted  that  surface  functionalization  could

increase nanoparticle retention rates in tumor stroma from 33% to over 64%,
providing  a  conceptual  and  methodological  reference  for  precise  simulation
of  targeted  drug  delivery  in  the  virtual  TME.112 Regarding  immunotherapy
applications,  a  systematic  review  of  CAR-T  cell  therapy  summarizes  the
potential  of  digital  twin  technology  to  simulate  tumor  microenvironmental
immunosuppression and predict acute toxic events, such as cytokine release
syndrome.113 These  studies  collectively  indicate  that  patient-specific multi-
scale  immune  microenvironment  models  lay  an  important  foundation  for
future AIVO platforms that are verifiable, updatable, and applicable to person-
alized treatment decision-making. Table 3 summarizes representative foun-
dational  modules  and  computational  frameworks  related  to  virtual  stromal
cells, virtual immune cells, and AIVO-enabled multicellular communication.

 FUTURE RESEARCH DIRECTIONS AND CHALLENGES
Previous  sections  have  discussed  the  conceptual  components  and

methodological  foundations  of  AIVO  from  four  levels:  virtual  tumor  cells,
virtual  immune  cells,  virtual  stromal  cells,  and  multicellular  communication.
These  studies  indicate  that  the  value  of  AIVO  lies  in  integrating  dispersed
imaging, pathological,  multi-omics,  spatial,  therapeutic,  and clinical outcome
data  into  computable,  updatable,  and  interpretable  virtual  entities,  while
conceptualizing  tumors  as  dynamic  systems  that  evolve  over  time.  These
features  provide  an  essential  foundation  for  future  AIVO  research  and  for
advancing its clinical translation.

 Clinical applications of AIVO in diagnosis
An  important  future  direction  of  AIVO  in  tumor  diagnosis  is  to  construct

cross-scale and multiscale virtual representations of lesions and to capture the
dynamic  mechanisms  underlying  tumor  initiation,  progression,  and  growth,
thereby  providing  temporally  resolved  data  for  more  precise  diagnosis,
prognostic assessment, and risk warning.114 Within such a framework, lesion
boundaries, internal composition, spatial distribution, and microenvironmental
relationships can all be described in an integrated manner. This would not only
help define lesion characteristics and reduce the bias introduced by inferring
the  overall  disease  state  from  limited  local  samples,  thereby  providing  a
clearer  basis  for  subsequent  diagnostic  decision-making,  but  also  assist  in
identifying  tumor  heterogeneity,  aggressiveness,  immune  infiltration  status,
stromal barrier features, and recurrence risk, ultimately improving the recog-
nition of complex lesions, tumors that are difficult to sample, and rare tumors.
Radiomics represents an important technical foundation in this direction and
can  serve  as  the  imaging-level  input  for  AIVO,  providing  non-invasive infor-
mation on tumor macrostructure,  boundaries,  heterogeneity,  and treatment-
related  changes.  Building  on  these  techniques,  AIVO  can  further  integrate
pathological, omics, and spatial microenvironmental information to construct
a  more  comprehensive  tumor  representation  model,  thereby  improving  the
recognition of tumor heterogeneity, aggressiveness, and recurrence risk.
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Table 2.  Comparison of artificial intelligence virtual oncology (AIVO) with related artificial intelligence (AI)-based modeling approaches.

Concept Operational focus Modeling scale Perturbation modeling capability Key differences from AIVO

Conventional
predictive
model

Predicting clinical outcomes Patient or
cohort level

Typically static, with limited or indirect
perturbation modeling

Focuses primarily on endpoint prediction and
statistical associations rather than
reconstructing the tumor ecosystem

Multimodal
AI

Integrating multisource data
for diagnosis, subtyping, and
outcome prediction

Molecular,
imaging,
pathology, or
patient level

Mostly static in many cases; does not
necessarily constitute a virtual entity
or simulate temporal evolution

Emphasizes data integration and pattern
recognition but does not necessarily model
tumor ecosystem dynamics

Digital twin
Constructing patient-specific
virtual representations for
individualized simulation

Individual
patient or
system level

Supports dynamic updating and
simulation of patient-specific
intervention scenarios

Emphasizes patient-specific implementation
and continuous updating; AIVO may provide
an ecosystem-modeling framework for
oncology digital twins

AIVC Modeling cellular states and
perturbation responses

Single-cell or
cellular-state
level

Simulates cell-level perturbations and
state transitions

Focuses mainly on individual cells or cell
populations rather than spatially organized
multicellular tumor ecosystems

AIVO
Reconstructing and
simulating the multicellular
tumor ecosystem

Multicellular,
spatial, and
tissue levels

Emphasizes virtual entities, tumor
evolution, and cell-cell communication -

Abbreviations: AI, artificial intelligence; AIVC, artificial intelligence virtual cell; AIVO, artificial intelligence virtual oncology.
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Table 3.  Summary  of  representative  artificial  intelligence  virtual  cell  (AIVC)-related  models  and  foundational  modules  in  immune  cells,  stromal  cells  and  multicellular
communication.

Type category Model/method
Tumor/
application
scenario

Evidence level Brief introduction Data modality Limitations/
challenges Reference

Immune cell
Three-
dimensional, on-
lattice ABM

Bladder
cancer

Proof-of-
concept study

Captures spatial and phenotypic
heterogeneity in tumor-immune
dynamics, revealing that similar
immune parameters can still
lead to divergent outcomes in
anti-PD-1 therapy.

Literature-
derived biological
parameters

Misses full tumor
diversity and has no
clinical validation.

Ref 74

Immune cell NeoAgDT
Neoantigen
vaccine
design

Proof-of-
concept study

Simulates individual cancer cells
to model tumor heterogeneity
and optimizes personalized
neoantigen vaccine composition
to maximize immune response
coverage.

Whole-exome
sequencing and
RNA-seq data

Depends heavily on
the quality of input
predictions.

Ref 77

Immune cell
Tumor-
macrophage
model

Glioma Proof-of-
concept study

Models tumor-associated
macrophage dynamics under
radiotherapy and
immunotherapy to compare
myeloid-targeted strategies.

Longitudinal
tumor volume
and biomarker
time-course data

Ignores spatial
heterogeneity. Ref 78

Immune cell Systems-based
QSP digital twin

Non-Hodgkin
lymphoma

Experimentally
validated
system

Generates a virtual population to
simulate dose-exposure-
response and discover
biomarkers.

Clinical tumor
size response
data

Neglects resistance
mechanisms and
tumor rebound.

Ref 79

Immune cell
ABM for
adoptive cell
therapy

Adoptive cell
therapy

Experimentally
validated
system

Simulates effector-cell
proliferation, cytotoxicity, and
serial killing to guide adoptive
cell therapy product
development and treatment
design.

scRNA-seq and
longitudinal
tumor growth
data

Lacks a host level
immune system and
multi compartment
biology.

Ref 80

Stromal cell

Machine
learning-based
label-free
Raman
spectroscopy

Pancreatic
stellate cell-
derived CAF

Experimentally
validated
system

Distinguishes inflammatory CAF
and myofibroblastic CAF at
molecular-fingerprint level;
useful as a stromal-state input
layer for virtual stromal cell
construction.

Label-free
Raman spectra
and spatial
transcriptomics
and lipidomics

Generalizes poorly
and yields an upper-
bound accuracy
estimate due to
potential data
leakage.

Ref 83

Stromal cell

Human-
interpretable
cell behavior
hypothesis
grammar with
multicellular
ABM

Pancreatic
CAF-tumor
interaction

Benchmarked
model

Uses human-readable, rule-
based grammar to encode CAF-
tumor interactions and translate
them into executable
multicellular agent-based
models.

scRNA-seq,
spatial
transcriptomics

Requires system-
specific rule
definition,
parameter
calibration, and
further prospective
validation for
clinical translation.

Ref 86

Stromal cell

Ordinary
differential
equation model
of CAF
heterogeneity

CAF
phenotypes

Proof-of-
concept study

Simulates cancer-immune-CAF
interactions with four CAF
phenotypes to predict treatment
outcomes for PI3K inhibitor,
Treg inhibitor, PD-L1 inhibitor
and their combinations.

Literature-
derived
parameters and
biologically
reasonable
assumptions

Depends on many
assumed or
estimated
parameters and
omits spatial
heterogeneity.

Ref 88

Stromal cell

Spatial
quantitative
systems
pharmacology
model

Hepatocellul
ar carcinoma

Benchmarked
model

Integrates agent-based
modeling and CODEX spatial
proteomic data to predict tumor
microenvironment spatial states
and response to cabozantinib
plus nivolumab.

Spatial
proteomics,
spatial
transcriptomics
and clinical
tumor volume
and response
data

Relies largely on
static spatial
snapshots and
requires prospective
clinical validation.

Ref 89

Stromal cell

PhysiCell-based
agent-based
modeling
framework for
extracellular
matrix

Cell-
extracellular
matrix
interactions

Proof-of-
concept study

Represents extracellular matrix
with local density, anisotropy,
and orientation to enable
bidirectional cell-extracellular
matrix interactions and rapid
model development via PhysiCell
grammar.

Theoretical
framework with
rule-based
parameters

Uses a mesoscale
representation that
does not explicitly
resolve individual
extracellular matrix
fibers and requires
further experimental
calibration.

Ref 93
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Previous  studies  have  indicated  that  AI  can  serve  as  an  assistive  tool  to
help  surgeons,  medical  oncologists,  radiation  oncologists,  radiologists,  and
pathologists  improve  the  efficiency  of  information  integration,  reduce  the
omission  of  key  evidence,  and  facilitate  more  transparent  decision-making
processes.115 Therefore,  at  the  clinical  translation  level,  multidisciplinary
tumor board discussions may represent a key application scenario for AIVO.
In  this  context,  AIVO  could  function  as  an  assistive  integrated  decision-
making  interface,  synthesizing  imaging,  pathology,  genomics,  spatial  omics,
treatment history,  comorbidities,  and  baseline  patient  status  into  inter-
pretable  risk  maps.  This  would  help  specialists  from  different  disciplines
jointly understand the disease state, reach diagnostic consensus, and evalu-
ate the potential benefits and risks of different treatment strategies.

 Clinical applications of AIVO in treatment
One  key  feature  of  the  AIVO framework  is  its  ability  to  reconstruct  tumor

cellular  composition and spatial  organization in vivo.  Based on this system-
level representation, and following prospective biological or clinical validation,
AIVO may enable the prediction of therapeutic response,  the optimization of
treatment  strategies,  and  the  identification  of  optimal  treatment  timing.  In
perioperative  and  surgical  oncology  settings,  AI  is  emerging  as  a  promising
decision-support tool.  For  example,  in  gastric  cancer  surgery,  AI  can  inte-
grate automation  and  advanced  analytics  to  support  preoperative  assess-
ment, surgical planning, and perioperative decision-making.116 In hepatopan-
creatobiliary  surgery,  AI  has shown early  potential  for  improving risk-benefit
assessment,  particularly  through  predictive  modeling.117 Building  on  these
advances,  AIVO  could  support  preoperative  risk  stratification,  margin-risk
prediction,  lymph  node  metastasis  assessment,  selection  of  organ-preserv-
ing  strategies,  postoperative  recurrence  modeling,  and  adjuvant  treatment
sequencing.  Beyond  surgery,  AIVO  may  also  be  applied  to  radiotherapy,
chemotherapy,  combination  therapy,  and  immunotherapy,  providing  a  more
comprehensive  basis  for  efficacy  prediction,  toxicity  assessment,  and
dynamic treatment adjustment. A key future direction is to develop AIVO into
a  virtual  experimental  platform  for  simulating,  comparing,  and  validating

treatment strategies. Such a platform could help identify patients most likely
to  benefit,  guide  combination  therapy  design,  and  provide  early  warnings  of
resistance, thereby reducing reliance on empirical trial-and-error and enabling
a model in which treatments are first tested in virtual cellular systems before
clinical application.

AIVO  may  further  convert  the  evolution  of  an  individual  tumor  into  a
computable  dynamic  trajectory,  supporting  longitudinal  management
throughout  diagnosis,  treatment,  follow-up,  and  recurrence  monitoring.
Ideally, AIVO would integrate not only baseline imaging, pathology, omics, and
clinical  data,  but  also  multi-time-point  data  to  dynamically  update  the
patient’s  virtual  representation  and  assist  in  response  assessment,  risk
prediction,  recurrence warning,  and treatment  adaptation.  Because repeated
spatially  comprehensive  tissue  biopsies  are  often  impractical,  a  feasible
approach is to build an initial model from baseline tissue, imaging, pathology,
and  molecular  data,  then  periodically  update  it  using  minimally  invasive
sources  such  as  liquid  biopsy,  longitudinal  imaging,  laboratory  tests,  blood
immune  profiling,  and  electronic  health  records.  This  strategy  could  allow
AIVO to evolve toward an adaptive, patient-specific computational model for
real-world oncology care.

 Challenges in the application of AIVO
AIVO remains far from being a mature system that can be directly used for

clinical decision-making. Because AIVO aims to integrate further tumor cells,
immune cells, stromal cells, spatial organization, intercellular communication,
therapeutic  interventions,  and  longitudinal  patient  data,  the  challenges
already  present  in  AIVC  may  be  further  amplified  at  the  tissue  and  patient
levels.

Data  quality  and  standardization  challenge. A  key  challenge  for  AIVO  is
the limited standardized acquisition of multimodal data. AIVC mainly relies on
single-cell, multi-omics, and perturbation data, whereas AIVO further requires
the  integration  of  imaging,  pathology,  spatial  omics,  treatment  history,  and
clinical  outcomes. However,  these data from the same patient are often not
collected  synchronously,  continuously,  or  completely,  resulting  in  missing
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Type category Model/method
Tumor/
application
scenario

Evidence level Brief introduction Data modality Limitations/
challenges Reference

Multicellular
communication

Virtual-tumor
model of
heterogeneous
vasculature and
oxygenation

Hypoxic solid
tumors/radio
therapy
planning

Proof-of-
concept study

Models heterogeneous
vasculature and oxygenation,
distinguishing chronic, acute,
and anemic hypoxia for virtual-
tumor radiotherapy optimization.

Literature-based
parameters and
synthetic
vascular
networks

Abstracts vascular
networks and lacks
patient-specific
data integration.

Ref 108

Multicellular
communication

CompuCell3D
multicellular
virtual tissue
model

Solid tumors Proof-of-
concept study

Simulates glucose gradients, cell
adhesion, survival thresholds,
and heritable phenotypic
variation to investigate emergent
tumor stratification and the
evolution of reduced cell
cohesion.

Literature-based
model
parameters and
synthetic initial
conditions

Represents a small,
simplified two-
dimensional tumor
environment and
lacks patient-
specific validation.

Ref 110

Multicellular
communication

Multiscale
kinetic model of
liposomal drug
delivery

Solid tumors
Experimentally
validated
system

Couples plasma PK, tumor
physiology, and subcellular drug
distribution to quantify
intratumoral delivery efficiency
across different tumor
microenvironments.

Literature-based
pharmacokinetic
data, in vitro
cellular uptake
data and human
tumor imaging
data

Ignores spatial
heterogeneity and
relies on averaged
literature data,
limiting precision.

Ref 111

Multicellular
communication

Multistage
computational
model

Nanoparticle
transport

Proof-of-
concept study

Simulates nanoparticle transport
through non-Newtonian blood
flow, transendothelial transport,
and tumor stroma, incorporating
affinity forces to represent
ligand-receptor interactions
during targeted delivery.

Literature-based
parameters and
synthetic
geometry

Relies on idealized
computational
conditions and
requires further
experimental and
patient-specific
validation.

Ref 112

Abbreviations: ABM, agent-based modeling; RNA-seq, RNA sequencing; scRNA-seq, single-cell RNA sequencing; QSP, quantitative systems pharmacology;
PD-1, programmed cell death protein 1; PD-L1, programmed death-ligand 1; PK, pharmacokinetics; CAF, cancer-associated fibroblast.
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modalities  and  mismatched  time  points.  Medical  institutions  differ  in  data
acquisition parameters and recording practices. Variations may also exist in
lesion delineation,  pathological  interpretation,  treatment  response  assess-
ment,  and  outcome  definitions,  leading  to  inconsistent  annotations  and
increasing the difficulty of multimodal data integration. In addition, simulating
tumor dynamics and treatment responses requires continuous, standardized,
and  comparable  longitudinal  data,  yet  real-world  clinical  data  are  often
affected  by  irregular  sampling  intervals,  discontinuous  time  series,  missing
modalities,  and incomplete follow-up information,  and destructive sampling.
Therefore,  missing  longitudinal  samples  not  only  limit  the  model’s  ability  to
characterize tumor  evolution,  treatment  response,  and  resistance  develop-
ment,  but  also  make  it  difficult  to  distinguish  true  biological  changes  from
sampling  bias  or  measurement  error.  These  standardization  issues  may
compromise the stability and accuracy of AIVO models.

Another challenge for AIVO is the presence of cross-platform batch effects
and technical noise. The multimodal data required for AIVO are susceptible to
batch effects and technical noise during acquisition, processing, and analysis.
Sequencing  platforms  differ  in  sensitivity,  read  length,  coverage  depth,  and
quality-control  criteria,  while  institutions  may  vary  in  sample  preservation,
experimental protocols, data preprocessing, and annotation standards. These
differences  can  introduce  systematic  biases  even  within  the  same  tumor
type.  Some  batch  effects  are  subtle  and  difficult  to  detect  through  routine
quality control,  and may be misinterpreted by models as true tumor hetero-
geneity  or  disease-specific  features.  Meanwhile,  sequencing  errors,  image
noise,  sample  degradation,  and  low-quality  annotations  can  also  interfere
with  model  inference  on  tumor  states  and  evolutionary  patterns.  Current  AI
methods remain limited in distinguishing biological heterogeneity from tech-
nical  noise.118 Therefore,  mitigating  batch  effects  and  aligning  the  latent
spaces  of  real-world  multimodal  data  from  different  sources  remain  key
bottlenecks for the generalizability of AIVO models.

 Modeling  and  computational  challenges. AIVO faces  difficulties  in  indi-
vidualized  modeling  and  parameter  calibration.  AIVC  can  model  individual
cells or cell states, whereas AIVO must further map these cell-level parame-
ters onto  tissue  architecture,  spatial  niches,  and  patient  treatment  trajecto-
ries. Multiscale mechanistic models for AIVO usually involve a large number
of  biological  and  clinical  parameters.  Many  key  parameters  are  difficult  to
measure  directly  in  real-world  clinical  settings  and  therefore  often  rely  on
literature reports, empirical assumptions, or indirect fitting. As a result, model
parameters may deviate from the actual state of an individual patient. More-
over,  different  parameter  combinations  may  yield  similar  simulation  results,
meaning  that  a  model  can  fit  existing  observations  without  necessarily
capturing  the  true  disease  mechanisms  of  the  patient.  This  issue  may  be
more  pronounced  when  reconstructing  tumor  dynamics,  where  inferred
evolutionary  trajectories  may  represent  approximate  paths  derived  from
limited  time  points,  cross-sectional  samples,  or  statistical  associations,
rather  than the  directly  observed temporal  process in  vivo. Such discrepan-
cies  may arise  from parameter  non-identifiability,  insufficient  sampling time
points, incomplete modeling of spatial heterogeneity, or inaccurate represen-
tation of  treatment-induced dynamics in  the multicellular  tumor ecosystem.
These  factors  may  reduce  the  reliability  of  AIVO  in  individualized  prediction
and treatment optimization.

The  sparsity  of  single-cell  data  and  challenges  in  multi-omics  integration
also affect AIVO. As the cellular-level foundation of AIVO, AIVC models heav-
ily  rely on single-cell  sequencing and multi-omics data.  However,  single-cell
data are commonly affected by sparsity, dropout events, uneven sequencing
depth, and biases in cell capture.8 These issues may further compromise the
ability of AIVO to model the multicellular tumor ecosystem as a whole. Mean-
while, the cross-scale integration required for AIVO faces several major chal-
lenges,  including  the  mismatch  in  resolution  between  single-cell  data  and
spatial omics data, noise and batch effects across different omics modalities,
limited  capture  efficiency  of  spatial  transcriptomics,  uncertainties  in  cell
segmentation and deconvolution, the fact that cell-cell communication infer-
ence  is  often  based  mainly  on  expression  correlations  and  lacks  functional
validation,  and  the  difficulty  of  using  static  spatial  maps  to  reflect  therapy-
induced  dynamic  ecological  remodeling  directly.  The  algorithms  described
above remain limited in  their  ability  to extract  robust  biological  signals from
sparse,  heterogeneous,  and  incompletely  matched  multi-omics  data  and  to

achieve  reliable  cross-modal  integration;  these  issues  therefore  continue  to
represent major computational challenges at the level of foundational meth-
ods for AIVO model construction.

Model reproducibility, computational scalability, and resource costs remain
limiting factors for AIVO. The reproducibility of simulation results is a corner-
stone of research credibility. However, owing to the complexity of multiscale
models,  AIVC  is  currently  facing  a “reproducibility  crisis.”119 Similarly,  AIVO
typically  relies  on  more  extensive  multimodal  data  and  involves  relatively
complex  model  architectures  and  computational  workflows,  thereby  posing
additional  challenges  to  reproducibility.  In  the  absence  of  unified  standards
for  data  processing  and  model  development,  as  well  as  publicly  available
code,  standardized  datasets,  and  independent  external  validation,  study
results  may  be  difficult  to  reproduce  and  compare  across  studies,  thereby
compromising  the  reliability  and  generalizability  of  AIVO  models.  Technical
benchmarking  using  standardized  datasets  and  unified  evaluation  metrics
can  assess  model  performance,  robustness,  and  computational  stability,
providing  a  basis  for  fair  model  comparison  and  reproducible  results.
Computational  scalability  is  another  major  challenge  for  AIVO,  referring  to
whether  models  can  maintain  efficient  data  integration,  feature  learning,
spatial  ecological  modeling,  and  dynamic  prediction  as  the  number  of  cells,
omics modalities, spatial resolution, sample size, and longitudinal time points
increase. In addition, compared with conventional unimodal AI models, AIVO
requires  greater  computational  resources  and  technical  support  across
multiple stages, including data storage, preprocessing, model training, hyper-
parameter  optimization,  model  inference,  and  result  visualization.  It  often
depends on substantial  computing power and specialized technical  mainte-
nance,27 which increases deployment and operational costs and may limit its
broader application.

 Interpretability and clinical trust challenges. Interpretability is crucial for
oncology-oriented  AI  systems.7 The  pattern-recognition  capability  of  AI
models  does  not  necessarily  equate  to  a  causal  biological  understanding.
AIVC models  may  identify  associations  between  cellular  states  and  treat-
ment responses; however, such associations do not prove that the identified
cellular states causally drive therapeutic outcomes. After incorporating addi-
tional  data  modalities,  AIVO  may  further  amplify  the  potential  confusion
between  correlation  and  causation.  Computational  performance  alone  is
insufficient  to  establish  biological  credibility;  model-derived  mechanisms
should be validated through perturbation experiments, and clinically oriented
AIVO  models  should  undergo  calibration  and  uncertainty  assessment  to
determine whether predicted risks or response probabilities are reliable. With-
out  such  validation,  AIVO  models  may  show  limited  interpretability  and
generalizability,  performing  well  in  training  or  internal  validation  cohorts  but
failing to remain stable across hospitals, testing platforms, or patient popula-
tions.  In  clinical  settings,  AIVO  is  expected  not  only  to  provide  accurate
predictions or  recommendations but  also to explain the rationale underlying
its  outputs,  define  the  scope  of  its  applicability,  and  characterize  potential
uncertainties.  Interpretability  becomes  particularly  important  when  model-
derived conclusions conflict with clinicians’ experience, conventional diagnostic
and therapeutic pathways, or existing clinical guidelines. Therefore, improving
model interpretability is not merely a technical requirement at the algorithmic
level, but also a critical prerequisite for facilitating clinical translation.

 Clinical validation, patient deployment, and workflow integration chal-
lenges. AIVO is still  constrained by limited clinical validation and insufficient
real-world  evidence.  Most  of  the  models  discussed  above  remain  proof-of-
concept  studies  or  benchmarked models.  At  present,  most  studies  on  AIVC
are  still  at  the  preliminary  model  development  or  single-center  exploratory
settings. AIVO,  as  an integrative  extension of  AIVC,  remains largely  concep-
tual  and  represents  a  theoretical  possibility  and  a  long-term  developmental
prospect. In this context, one of the key limitations is AIVO facing the insuffi-
ciency  of  clinical  validation  and  real-world  evidence.  Because  AIVO  is  not  a
single-task  model,  its  clinical  translation  requires  a  higher  level  of  evidence
than  conventional  predictive  models.  In  addition  to  good  performance  in
training  or  internal  validation  cohorts,  AIVO  should  be  externally  validated
across institutions to assess its generalizability across hospitals, testing plat-
forms,  and  patient  populations.  Subgroup  analyses  are  needed  to  identify
potential  biases  and  applicability  boundaries  across  cancer  types,  stages,
molecular  subtypes,  ethnicities,  age  groups,  and  comorbidity  profiles.
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Prospective  clinical  utility  studies  are  further  required  to  determine  whether
AIVO can improve  clinical  decision-making,  patient  outcomes,  or  healthcare
resource  allocation.  Without  such  evidence,  AIVO  may  remain  technically
promising but clinically uncertain, thereby limiting its reliability, generalizability,
and translational value.

Patient-level  deployment  and  real-world application  pose  additional  chal-
lenges  for  AIVO.  The  ultimate  value  of  AIVO  depends  not  only  on  model
performance in research settings but  also on whether  it  can be deployed at
the patient level in a stable,  safe,  and sustainable manner.  Real-world appli-
cations must address more complex patient heterogeneity, data incomplete-
ness, and variability in diagnostic and therapeutic workflows, all of which may
affect the quality of model inputs and the reliability of model outputs. During
patient-level deployment, practical issues such as data acquisition, standard-
ized processing,  integrating the  model  into  clinical  workflows,  and providing
feedback on results must also be addressed. In addition, how model outputs
should  be  presented  to  clinicians  and  patients,  and  how  discrepancies
between  model  recommendations  and  clinicians’ judgments  should  be
handled,  require  further  clarification  in  real-world  application  scenarios.
Therefore,  AIVO must also place greater  emphasis on patient-level  usability,
accessibility, safety, and workflow compatibility.

AIVO  also  faces  challenges  in  its  integration  into  clinical  workflows  and
interdisciplinary translation. The clinical translation of AI in oncology requires
its  effective  integration  into  routine  clinical  workflows.120 For  AIVO  to  exert
genuine  clinical  value,  it  cannot  remain  merely  an  analytical  tool  used  in

research  settings;  rather,  it  must  be  embedded  into  actual  hospital
workflows and become a usable component of the clinical decision-support
chain.  This requires AIVO-related systems to enable automated data import
and standardized processing, rapid model execution, intuitive visualization of
results, and effective interoperability with electronic medical record systems,
pathology information systems, and multidisciplinary tumor board platforms.
However, clinical practice is fast-paced and highly time-sensitive. If a model
is computationally expensive, operationally complex, or dependent on exten-
sive  manual  intervention,  it  will  be  difficult  to  integrate  into  routine  clinical
care.  In  addition,  the  development  and  application  of  AIVO  typically  require
close  collaboration  among  multiple  disciplines,  including  computer  science,
clinical  medicine,  pathology,  and biology.7 Differences among these fields in
research objectives, evaluation criteria, professional terminology, and working
practices  can  easily  lead  to  a  mismatch  between  model  design  and  actual
clinical needs.

 Regulatory, ethical, and governance challenges. Attribution of responsi-
bility  is  another  challenge  associated  with  AIVO.  When  AIVO  models  are
applied  to  diagnostic  decision-making,  surgical  planning,  or  therapeutic
recommendations,  any  bias  or  error  in  their  outputs  that  affects  clinical
outcomes may raise unresolved issues regarding attribution of responsibility,
risk sharing, and legal liability. This is particularly relevant in multidisciplinary
tumor  board  settings.  If  recommendations  generated  by  AIVO  conflict  with
clinicians’ professional  judgment,  clear  standards  are  needed  to  determine
who  should  bear  responsibility  for  the  final  decision,  how  the  influence  of
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Figure 3.  Future directions and challenges of AIVO AIVO integrates multimodal data to construct a virtual tumor entity capable of capturing tumor states and dynamic evolution,
supporting virtual intervention for cancer diagnosis and treatment.
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AIVO  on  the  decision-making  process  should  be  audited,  and  whether
patients  should  be  informed  that  AI  has  participated  in  their  diagnostic  or
therapeutic decision-making.

Regulatory issues remain an important challenge for AIVO. Compared with
a single AIVC module,  AIVO involves more complex multimodal patient data
and  dynamic  updating  mechanisms,  thereby  creating  greater  regulatory
complexity.  For  AIVO  systems  that  directly  affect  diagnostic  or  therapeutic
decisions,  the  appropriate  regulatory  pathway  should  be  clearly  defined
according  to  their  intended  clinical  use  and  risk  level,  whether  as  AI-based
medical  devices,  clinical  decision  support  systems,  or  digital  health  tools.  A
key  challenge  to  regulatory  progress  is  the  lack  of  up-to-date  databases
documenting  AI-based  medical  devices  and  their  key  characteristics.121

Regulatory  frameworks  should  not  only  focus  on  pre-market  validation  of
technical  performance  and  safety,  but  also  cover  post-market  real-world
surveillance,  continuous  performance  evaluation,  adverse  event  reporting,
and model update approval procedures.

Privacy and security concerns also need to be addressed. AIVO technolo-
gies  are  highly  dependent  on  multimodal  patient  data,  placing  higher
demands  on  privacy  protection,  cross-institutional  data  sharing,  informed
consent,  and  data  security.  Although  integration  of  multisource  data  can
improve model performance, it also increases the risks of data re-identifica-
tion, model inversion, cross-center data leakage, and unauthorized secondary
use.  Therefore,  strict  data  governance  measures  should  be  implemented
throughout data collection, storage, transmission, model training, and deploy-
ment, while promoting the adoption of privacy-preserving paradigms.122

Equity and bias are also central issues in AIVO governance. If training data
are  predominantly  derived  from  well-resourced  medical  centers,  specific
geographic regions, particular racial or ethnic groups, or certain cancer types,
while  underrepresenting  older  patients,  patients  with  rare  tumors,  minority
populations, patients from low-resource regions, or individuals with complex
comorbidities,  dataset  bias  may  be  introduced,  particularly  in  the  form  of
sample selection bias and inadequate population representativeness.121 As a
result,  models  may  perform  well  on  training  datasets  but  exhibit  limited
generalizability  across  other  centers  or  different  patient  populations.  This
would  not  only  constrain  the  reliability  and  clinical  dissemination  of  AIVO
modeling  but  could  also  exacerbate  existing  inequalities  in  diagnosis  and
treatment.

AIVO  provides  a  promising  conceptual  framework  for  oncology  research
and clinical care. However, at the current stage, AIVO is in the early stages of
methodological exploration and translational validation, and a mature clinical
application  system  has  not  yet  been  established.  Future  development  will
require coordinated progress in technological optimization, clinically oriented
model  design,  prospective  validation,  integration  of  longitudinal  real-world
data, interdisciplinary collaboration, standard-setting, and the construction of
governance frameworks (Figure 3). If these challenges can be systematically
addressed  and  clinical  utility  rigorously  demonstrated,  AIVO  may  ultimately
mature  into  a  trustworthy,  interpretable,  and  clinically  actionable  decision-
support paradigm capable of advancing precision oncology.

 DECLARATION  OF  GENERATIVE  AI  AND  AI-ASSISTED  TECHNOLOGIES
IN THE WRITING PROCESS

During the preparation of this work the authors used ChatGPT in order to
polish  the  manuscript.  After  using  these  tools,  the  authors  reviewed  and
edited the content as needed and take full responsibility for the content of the
publication.

REFERENCES 

 Brown J.S., Amend S.R., Austin R.H., et al. (2023). Updating the definition of cancer.
Mol. Cancer Res. 21:1142−1147. DOI:10.1158/1541-7786.MCR-23-0411

1.

 Macklin  D.N.,  Ruggero  N.A.  and  Covert  M.W.  (2014). The  future  of  whole-cell
modeling. Curr. Opin. Biotechnol. 28:111−115. DOI:10.1016/j.copbio.2014.01.012

2.

 Karr J.R., Sanghvi J.C., Macklin D.N., et al. (2012). A whole-cell computational model
predicts  phenotype  from  genotype. Cell 150:389−401. DOI:10.1016/j.cell.2012.05.
044

3.

 Margulies  M.,  Egholm  M.,  Altman  W.E.,  et  al.  (2005). Genome  sequencing  in
microfabricated  high-density  picolitre  reactors. Nature 437:376−380. DOI:10.1038/
nature03959

4.

 Satam  H.,  Joshi  K.,  Mangrolia  U.,  et  al.  (2023). Next-generation  sequencing5.

technology: Current trends and advancements. Biology (Basel) 12:997. DOI:10.3390/
biology12070997
 Bai L. and Su J. (2025). Artificial intelligence virtual organoids (AIVOs). Bioact. Mater.
59:45−68. DOI:10.1016/j.bioactmat.2025.12.030

6.

 Bunne  C.,  Roohani  Y.,  Rosen  Y.,  et  al.  (2024). How  to  build  the  virtual  cell  with
artificial intelligence: Priorities and opportunities. Cell 187:7045−7063. DOI:10.1016/j.
cell.2024.11.015

7.

 Jiang  H.,  Huang  X.,  Bi  X.,  et  al.  (2026). Artificial  intelligence-enabled  multi-scale
virtual cell:  Perspective, challenges, and opportunities. Briefings Bioinf. 27:bbag104.
DOI:10.1093/bib/bbag104

8.

 Schaff J., Fink C.C., Slepchenko B., et al. (1997). A general computational framework
for modeling cellular structure and function. Biophys. J. 73:1135−1146. DOI:10.1016
/S0006-3495(97)78146-3

9.

 Schaff  J.  and Loew L.M. (1999).  The virtual  cell. Pac.  Symp. Biocomput.  228–239.
DOI:10.1142/9789814447300_0023.

10.

 Tomita M., Hashimoto K., Takahashi K., et al. (1999). E-CELL: Software environment
for  whole-cell  simulation. Bioinformatics 15:72−84. DOI:10.1093/bioinformatics/15.
1.72

11.

 Ahn-Horst T.A., Mille L.S., Sun G., et al. (2022). An expanded whole-cell model of E.
coli links cellular physiology with mechanisms of growth rate control. NPJ Syst. Biol.
Appl. 8:30. DOI:10.1038/s41540-022-00242-9

12.

 Saliba  A.E.,  Westermann  A.J.,  Gorski  S.A.,  et  al.  (2014). Single-cell  RNA-seq:
Advances  and  future  challenges. Nucleic  Acids  Res. 42:8845−8860. DOI:10.1093/
nar/gku555

13.

 Boutros  M.,  Heigwer  F.  and  Laufer  C.  (2015). Microscopy-based  high-content
screening. Cell 163:1314−1325. DOI:10.1016/j.cell.2015.11.007

14.

 Shalem  O.,  Sanjana  N.E.,  Hartenian  E.,  et  al.  (2014). Genome-scale  CRISPR-Cas9
knockout  screening  in  human  cells. Science 343:84−87. DOI:10.1126/science.
1247005

15.

 Dixit A., Parnas O., Li B., et al. (2016). Perturb-seq: Dissecting molecular circuits with
scalable  single-cell  RNA  profiling  of  pooled  genetic  screens. Cell 167:1853−1866.
DOI:10.1016/j.cell.2016.11.038

16.

 Rozenblatt-Rosen  O.,  Stubbington  M.J.T.,  Regev  A.,  et  al.  (2017). The  Human  Cell
Atlas: From vision to reality. Nature 550:451−453. DOI:10.1038/550451a

17.

 Lopez R., Regier J., Cole M.B., et al. (2018). Deep generative modeling for single-cell
transcriptomics. Nat. Methods 15:1053−1058. DOI:10.1038/s41592-018-0229-2

18.

 Jumper  J.,  Evans  R.,  Pritzel  A.,  et  al.  (2021). Highly  accurate  protein  structure
prediction with AlphaFold. Nature 596:583−589. DOI:10.1038/s41586-021-03819-2

19.

 Cui H., Wang C., Maan H., et al. (2024). scGPT: Toward building a foundation model
for single-cell multi-omics using generative AI. Nat. Methods 21:1470−1480. DOI:10.
1038/s41592-024-02201-0

20.

 Heimberg G.,  Kuo T.,  DePianto D.J.,  et  al.  (2025). A  cell  atlas  foundation model  for
scalable  search  of  similar  human  cells. Nature 638:1085−1094. DOI:10.1038/
s41586-024-08411-y

21.

 Hao M., Gong J., Zeng X., et al. (2024). Large-scale foundation model on single-cell
transcriptomics. Nat. Methods 21:1481−1491. DOI:10.1038/s41592-024-02305-7

22.

 Roohani  Y.H.,  Hua  T.J.,  Tung  P.Y.,  et  al.  (2025). Virtual  cell  challenge:  Toward  a
turing test for the virtual cell. Cell 188:3370−3374. DOI:10.1016/j.cell.2025.06.008

23.

 Qian  L.,  Dong  Z.  and  Guo  T.  (2025). Grow  AI  virtual  cells:  Three  data  pillars  and
closed-loop learning. Cell Res. 35:319−321. DOI:10.1038/s41422-025-01101-y

24.

 Noutahi  E.,  Hartford  J.,  Tossou  P.,  et  al.  (2025).  Virtual  cells:  Predict,  explain,
discover. Preprint at arXiv. DOI:10.48550/arXiv.2505.14613.

25.

 Tomek J., Holmes M., Bury T., et al. (2026). T-World virtual human cardiomyocyte. I.
development, validation, and cell arrhythmogenesis . Circ. Res. 138:e328073. DOI:10.
1161/CIRCRESAHA.125.328073

26.

 Thornburg Z.R., Maytin A., Kwon J., et al. (2026). Bringing the genetically minimal cell
to life on a computer in 4D. Cell 189:2582−2597.e2527. DOI:10.1016/j.cell.2026.02.
009

27.

 Li W.,  Chen Y.,  Peng Z.,  et  al.  (2026).  AetherCell:  A generative engine for virtual  cell
perturbation and in vivo drug discovery. Preprint at bioRxiv. DOI:10.64898/2026.03.
13.710968.

28.

 Chuai G., Chen X., Yang X., et al. (2026). Towards building a World Model to simulate
perturbation-induced  cellular  dynamics  by  AlphaCell. Preprint  at  bioRxiv.  DOI:10.
64898/2026.03.02.709176.

29.

 Zhang H., Yuan G.H., Yuan C., et al. (2026). Lingshu-Cell: A generative cellular world
model  for  transcriptome  modeling  toward  virtual  cells. Preprint  at  arXiv.  DOI:10.
48550/arXiv.2603.25240.

30.

 Chen S., Yu L., Jin K., et al. (2026). SCALE: Scalable conditional atlas-level endpoint
transport  for  virtual  cell  perturbation  prediction. Preprint  at  arXiv.  DOI:10.48550/
arXiv.2603.17380.

31.

 He  S.,  Zhu  Y.,  Tavakol  D.N.,  et  al.  (2025). Squidiff:  Predicting  cellular  development
and  responses  to  perturbations  using  a  diffusion  model. Nat.  Methods 23:65−77.
DOI:10.1038/s41592-025-02877-y

32.

 Zhang Y., Su Y., Wefers Z., et al. (2026). CellFluxV2: An image generative foundation
model  for  virtual  cell  modeling. Preprint  at  bioRxiv.  DOI:10.64898/2026.01.19.
696785.

33.

 Wu D., Su S., Zhang Y., et al. (2026). CellFluxRL: Biologically-constrained virtual cell
modeling  via  reinforcement  learning. Preprint  at  arXiv.  DOI:10.48550/arXiv.2603.

34.

O
nco

lo
g

y
  Digital Medicine     REVIEW

The Innovation Oncology 1(2): 100028, July 27, 2026　　　  17

https://doi.org/10.1158/1541-7786.MCR-23-0411
https://doi.org/10.1158/1541-7786.MCR-23-0411
https://doi.org/10.1158/1541-7786.MCR-23-0411
https://doi.org/10.1158/1541-7786.MCR-23-0411
https://doi.org/10.1158/1541-7786.MCR-23-0411
https://doi.org/10.1158/1541-7786.MCR-23-0411
https://doi.org/10.1158/1541-7786.MCR-23-0411
https://doi.org/10.1016/j.copbio.2014.01.012
https://doi.org/10.1016/j.cell.2012.05.044
https://doi.org/10.1016/j.cell.2012.05.044
https://doi.org/10.1038/nature03959
https://doi.org/10.1038/nature03959
https://doi.org/10.3390/biology12070997
https://doi.org/10.3390/biology12070997
https://doi.org/10.1016/j.bioactmat.2025.12.030
https://doi.org/10.1016/j.cell.2024.11.015
https://doi.org/10.1016/j.cell.2024.11.015
https://doi.org/10.1093/bib/bbag104
https://doi.org/10.1016/S0006-3495(97)78146-3
https://doi.org/10.1016/S0006-3495(97)78146-3
https://doi.org/10.1016/S0006-3495(97)78146-3
https://doi.org/10.1016/S0006-3495(97)78146-3
https://doi.org/10.1016/S0006-3495(97)78146-3
https://doi.org/10.1016/S0006-3495(97)78146-3
https://doi.org/10.1142/9789814447300_0023
https://doi.org/10.1093/bioinformatics/15.1.72
https://doi.org/10.1093/bioinformatics/15.1.72
https://doi.org/10.1038/s41540-022-00242-9
https://doi.org/10.1038/s41540-022-00242-9
https://doi.org/10.1038/s41540-022-00242-9
https://doi.org/10.1038/s41540-022-00242-9
https://doi.org/10.1038/s41540-022-00242-9
https://doi.org/10.1038/s41540-022-00242-9
https://doi.org/10.1038/s41540-022-00242-9
https://doi.org/10.1093/nar/gku555
https://doi.org/10.1093/nar/gku555
https://doi.org/10.1016/j.cell.2015.11.007
https://doi.org/10.1126/science.1247005
https://doi.org/10.1126/science.1247005
https://doi.org/10.1016/j.cell.2016.11.038
https://doi.org/10.1038/550451a
https://doi.org/10.1038/s41592-018-0229-2
https://doi.org/10.1038/s41592-018-0229-2
https://doi.org/10.1038/s41592-018-0229-2
https://doi.org/10.1038/s41592-018-0229-2
https://doi.org/10.1038/s41592-018-0229-2
https://doi.org/10.1038/s41592-018-0229-2
https://doi.org/10.1038/s41592-018-0229-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41592-024-02201-0
https://doi.org/10.1038/s41592-024-02201-0
https://doi.org/10.1038/s41592-024-02201-0
https://doi.org/10.1038/s41592-024-02201-0
https://doi.org/10.1038/s41592-024-02201-0
https://doi.org/10.1038/s41592-024-02201-0
https://doi.org/10.1038/s41592-024-02201-0
https://doi.org/10.1038/s41592-024-02201-0
https://doi.org/10.1038/s41586-024-08411-y
https://doi.org/10.1038/s41586-024-08411-y
https://doi.org/10.1038/s41586-024-08411-y
https://doi.org/10.1038/s41586-024-08411-y
https://doi.org/10.1038/s41586-024-08411-y
https://doi.org/10.1038/s41586-024-08411-y
https://doi.org/10.1038/s41586-024-08411-y
https://doi.org/10.1038/s41586-024-08411-y
https://doi.org/10.1038/s41592-024-02305-7
https://doi.org/10.1038/s41592-024-02305-7
https://doi.org/10.1038/s41592-024-02305-7
https://doi.org/10.1038/s41592-024-02305-7
https://doi.org/10.1038/s41592-024-02305-7
https://doi.org/10.1038/s41592-024-02305-7
https://doi.org/10.1038/s41592-024-02305-7
https://doi.org/10.1016/j.cell.2025.06.008
https://doi.org/10.1038/s41422-025-01101-y
https://doi.org/10.1038/s41422-025-01101-y
https://doi.org/10.1038/s41422-025-01101-y
https://doi.org/10.1038/s41422-025-01101-y
https://doi.org/10.1038/s41422-025-01101-y
https://doi.org/10.1038/s41422-025-01101-y
https://doi.org/10.1038/s41422-025-01101-y
https://doi.org/10.48550/arXiv.2505.14613
https://doi.org/10.1161/CIRCRESAHA.125.328073
https://doi.org/10.1161/CIRCRESAHA.125.328073
https://doi.org/10.1016/j.cell.2026.02.009
https://doi.org/10.1016/j.cell.2026.02.009
https://doi.org/10.64898/2026.03.13.710968
https://doi.org/10.64898/2026.03.13.710968
https://doi.org/10.64898/2026.03.02.709176
https://doi.org/10.64898/2026.03.02.709176
https://doi.org/10.48550/arXiv.2603.25240
https://doi.org/10.48550/arXiv.2603.25240
https://doi.org/10.48550/arXiv.2603.17380
https://doi.org/10.48550/arXiv.2603.17380
https://doi.org/10.1038/s41592-025-02877-y
https://doi.org/10.1038/s41592-025-02877-y
https://doi.org/10.1038/s41592-025-02877-y
https://doi.org/10.1038/s41592-025-02877-y
https://doi.org/10.1038/s41592-025-02877-y
https://doi.org/10.1038/s41592-025-02877-y
https://doi.org/10.1038/s41592-025-02877-y
https://doi.org/10.64898/2026.01.19.696785
https://doi.org/10.64898/2026.01.19.696785
https://doi.org/10.48550/arXiv.2603.21743


21743.
 Wang  W.,  Hu  Z.,  Weiler  P.,  et  al.  (2026). RegVelo:  Gene-regulatory-informed
dynamics of single cells. Cell 189:3773−3800.e3744. DOI:10.1016/j.cell.2026.04.022

35.

 Ellington  C.N.,  Addagudi  S.,  Wang  J.,  et  al.  (2026).  Cell-level  virtual  screening.
Preprint at bioRxiv. DOI:10.64898/2026.05.11.724149.

36.

 Weidener  L.,  Brkić  M.,  Jovanović  M.,  et  al.  (2026).  VCBench:  A  multi-dimensional
benchmark  for  single-cell  foundation  models. Preprint  at  bioRxiv.  DOI:10.64898/
2026.06.18.733146.

37.

 Rood  J.E.,  Hupalowska  A.  and  Regev  A.  (2024). Toward  a  foundation  model  of
causal  cell  and  tissue  biology  with  a  perturbation  cell  and  tissue  atlas. Cell
187:4520−4545. DOI:10.1016/j.cell.2024.07.035

38.

 Ma  C.,  Zhang  H.,  Rao  Y.,  et  al.  (2025). AI-driven  virtual  cell  models  in  preclinical
research:  Technical  pathways,  validation  mechanisms,  and  clinical  translation
potential. npj Digit. Med. 9:25. DOI:10.1038/s41746-025-02198-6

39.

 Wei  R.,  Wang  B.,  Yan  B.,  et  al.  (2026). From  equations  to  agents:  The  artificial
intelligence virtual cell reshaping precision oncology. Innov. Oncol. 1:100002. DOI:10.
59717/j.xinn-oncol.2026.100002

40.

 Yang  T.,  Wang  Y.Y.,  Ma  F.,  et  al.  (2025). Build  the  virtual  cell  with  artificial
intelligence:  A  perspective  for  cancer  research. Mil.  Med.  Res. 12:4. DOI:10.1186/
s40779-025-00591-6

41.

 Li M., Liu J., Xu Z., et al. (2026). Application prospects of artificial intelligence-driven
virtual  cell  in  reshaping  the  diagnostic  and  therapeutic  paradigm  of  osteoarthritis.
O.T.E. 1:025350013. DOI:10.36922/OTE025350013

42.

 Baek S., Song K. and Lee I. (2025). Single-cell foundation models: Bringing artificial
intelligence  into  cell  biology. Exp.  Mol.  Med. 57:2169−2181. DOI:10.1038/s12276-
025-01547-5

43.

 Imianowski  C.J.,  Chen  Q.,  Workman  C.J.,  et  al.  (2025). Regulatory  T  cells  in  the
tumour microenvironment. Nat. Rev. Cancer 25:703−722. DOI:10.1038/s41568-025-
00832-9

44.

 Gavish  A.,  Tyler  M.,  Greenwald  A.C.,  et  al.  (2023). Hallmarks  of  transcriptional
intratumour heterogeneity across a thousand tumours. Nature 618:598−606. DOI:10.
1038/s41586-023-06130-4

45.

 Stevens  A.J.,  Harris  A.R.,  Gerdts  J.,  et  al.  (2023). Programming  multicellular
assembly with synthetic cell adhesion molecules. Nature 614:144−152. DOI:10.1038
/s41586-022-05622-z

46.

 Wegmann R.,  Bonilla  X.,  Casanova R.,  et  al.  (2024). Single-cell  landscape of  innate
and  acquired  drug  resistance  in  acute  myeloid  leukemia. Nat.  Commun. 15:9402.
DOI:10.1038/s41467-024-53535-4

47.

 Wang  J.,  Wang  T.,  Han  R.,  et  al.  (2025). Artificial  intelligence  in  cancer  pathology:
Applications,  challenges,  and  future  directions. Cytojournal 22:45. DOI:10.25259/
Cytojournal_272_2024

48.

 Shen  S.,  Qi  W.,  Liu  X.,  et  al.  (2025). From  virtual  to  reality:  innovative  practices  of
digital  twins  in  tumor  therapy. J.  Transl.  Med. 23:348. DOI:10.1186/s12967-025-
06371-z

49.

 Ding J.,  Sharon N. and Bar-Joseph Z. (2022). Temporal modelling using single-cell
transcriptomics. Nat. Rev. Genet. 23:355−368. DOI:10.1038/s41576-021-00444-7

50.

 Xu H., Usuyama N., Bagga J., et al. (2024). A whole-slide foundation model for digital
pathology  from  real-world  data. Nature 630:181−188. DOI:10.1038/s41586-024-
07441-w

51.

 Ding T.,  Wagner S.J.,  Song A.H.,  et al.  (2025). A multimodal whole-slide foundation
model for pathology. Nat. Med. 31:3749−3761. DOI:10.1038/s41591-025-03982-3

52.

 Shulman  E.D.,  Campagnolo  E.M.,  Lodha  R.,  et  al.  (2026). AI-predicted  spatial
transcriptomics  unlocks  breast  cancer  biomarkers  from  pathology. Cell
189:4225−4240. DOI:10.1016/j.cell.2026.04.023

53.

 Pérez-Benito  Á.,  García-Aznar  J.M.,  Gómez-Benito  M.J.,  et  al.  (2024). Patient-
specific  prostate  tumour  growth  simulation:  A  first  step  towards  the  digital  twin.
Front. Physiol. 15:1421591. DOI:10.3389/fphys.2024.1421591

54.

 Camacho-Gomez  D.,  Borau  C.,  Garcia-Aznar  J.M.,  et  al.  (2025). Physics-informed
machine  learning  digital  twin  for  reconstructing  prostate  cancer  tumor  growth  via
PSA tests. npj Digit. Med. 8:485. DOI:10.1038/s41746-025-01890-x

55.

 Becker S., Mang A., Toma A., et al. (2010). In-silico oncology: An approximate model
of  brain  tumor  mass  effect  based  on  directly  manipulated  free  form  deformation.
Int. J. Comput. Assist. Radiol. Surg. 5:607−622. DOI:10.1007/s11548-010-0531-7

56.

 Stamatakos  G.S.  and  Giatili  S.G.  (2017).  A  numerical  handling  of  the  boundary
conditions imposed by the skull on an inhomogeneous diffusion-reaction model of
glioblastoma  invasion  into  the  brain:  Clinical  validation  aspects. Cancer  Inform.
16:1176935116684824. DOI:10.1177/1176935116684824.

57.

 Antonopoulos  M.  and  Stamatakos  G.  (2015). In  silico neuro-oncology:  Brownian
motion-based  mathematical  treatment  as  a  potential  platform  for  modeling  the
infiltration of glioma cells into normal brain tissue. Cancer Inform. 14:33−40. DOI:10.
4137/CIN.S19341

58.

 Tomic  H.,  Bjerkén  A.,  Hellgren  G.,  et  al.  (2022). Development  and  evaluation  of  a
method  for  tumor  growth  simulation  in  virtual  clinical  trials  of  breast  cancer
screening. J. Med. Imaging 9:033503. DOI:10.1117/1.Jmi.9.3.033503

59.

 Meyerheim  M.,  Panagiotidou  F.,  Georgiadi  E.,  et  al.  (2025). Exploring  the in  silico
adaptation of the nephroblastoma oncosimulator to MRI scans, treatment data, and
histological  profiles  of  patients  from  different  risk  groups. Front.  Physiol.
16:1465631. DOI:10.3389/fphys.2025.1465631

60.

 Stamatakos  G.S.,  Antipas  V.P.  and  Uzunoglu  N.K.  (2006). Simulating
chemotherapeutic  schemes  in  the  individualized  treatment  context:  The  paradigm
of  glioblastoma  multiforme  treated  by  temozolomide  in  vivo. Comput.  Biol.  Med.
36:1216−1234. DOI:10.1016/j.compbiomed.2005.06.002

61.

 Wu C., Jarrett A.M., Zhou Z., et al. (2022). MRI-based digital models forecast patient-
specific treatment responses to neoadjuvant chemotherapy in triple-negative breast
cancer. Cancer Res. 82:3394−3404. DOI:10.1158/0008-5472.CAN-22-1329

62.

 Kolokotroni E., Dionysiou D., Veith C., et al. (2016). In silico oncology: Quantification
of the in vivo antitumor efficacy of cisplatin-based doublet therapy in non-small cell
lung cancer (NSCLC) through a multiscale mechanistic model. PLoS Comput.  Biol.
12:e1005093. DOI:10.1371/journal.pcbi.1005093

63.

 Demir S., Kessler T., Hotes A., et al. (2025). Mechanistic models position ceritinib as
a  nuclear  integrity  disrupting  therapy  in  pediatric  liver  tumors. J.  Exp.  Clin.  Cancer
Res. 44:268. DOI:10.1186/s13046-025-03535-z

64.

 Gasselhuber  A.,  Dreher  M.R.,  Rattay  F.,  et  al.  (2012). Comparison  of  conventional
chemotherapy,  stealth  liposomes  and  temperature-sensitive  liposomes  in  a
mathematical model. PLoS One 7:e47453. DOI:10.1371/journal.pone.0047453

65.

 Luu  K.T.  and  Uchizono  J.A.  (2005). P-glycoprotein  induction  and  tumor  cell-kill
dynamics  in  response  to  differential  doxorubicin  dosing  strategies:  A  theoretical
pharmacodynamic model. Pharm. Res. 22:710−715. DOI:10.1007/s11095-005-2585-
8

66.

 Liu C., Krishnan J. and Xu X.Y. (2013). Investigating the effects of ABC transporter-
based acquired drug resistance mechanisms at the cellular and tissue scale. Integr.
Biol. 5:555−568. DOI:10.1039/c2ib20238g

67.

 Derippe  T.,  Fouliard  S.,  Decleves  X.,  et  al.  (2024). Quantitative  systems
pharmacology  modeling  of  tumor  heterogeneity  in  response  to  BH3‐ mimetics
using  virtual  tumors  calibrated  with  cell  viability  assays. CPT:  Pharmacometrics
Syst. Pharmacol. 13:1252−1263. DOI:10.1002/psp4.13158

68.

 Alshorman  J.,  Mehran  M.J.,  Bahrami  Y.,  et  al.  (2026). Artificial  intelligence  in
immunotherapy:  Revolutionizing  diagnostic  and  therapeutic  applications  in  cancer
and autoimmune diseases. Clin. Exp. Med. 26:185. DOI:10.1007/s10238-026-02107-
5

69.

 Gao  D.,  Kan  P.,  He  Y.,  et  al.  (2025). Senescent  immune  cells  in  the  tumor
microenvironment: Emerging insights into cancer immunotherapy resistance. Front.
Immunol. 16:1656733. DOI:10.3389/fimmu.2025.1656733

70.

 Aung  T.N.,  Monkman  J.,  Warrell  J.,  et  al.  (2025). Spatial  signatures  for  predicting
immunotherapy  outcomes  using  multi-omics  in  non-small  cell  lung  cancer. Nat.
Genet. 57:2482−2493. DOI:10.1038/s41588-025-02351-7

71.

 Zhai  M.,  Zhang  Z.,  Dong  J.,  et  al.  (2025). Spatial  proteomic  profiling  reveals
conserved  prognostic  immune  microenvironment  features  across  molecular
subtypes in small cell lung cancer. Pharmacol. Res. 222:108048. DOI:10.1016/j.phrs.
2025.108048

72.

 Stein-O'Brien G.L., Le D.T., Jaffee E.M., et al. (2023). Converging on a cure: The roads
to predictive immunotherapy. Cancer Discovery 13:1053−1057. DOI:10.1158/2159-
8290.CD-23-0277

73.

 Wang  Y.,  Bergman  D.R.,  Trujillo  E.,  et  al.  (2024). Agent-based  modeling  of  virtual
tumors  reveals  the  critical  influence  of  microenvironmental  complexity  on
immunotherapy efficacy. Cancers 16:2942. DOI:10.3390/cancers16172942

74.

 Gong C., Milberg O., Wang B., et al. (2017). A computational multiscale agent-based
model  for  simulating spatio-temporal  tumour immune response to PD1 and PDL1
inhibition. J. R. Soc. Interface 14:20170320. DOI:10.1098/rsif.2017.0320

75.

 Kather  J.N.,  Poleszczuk  J.,  Suarez-Carmona M.,  et  al.  (2017). In  silico modeling  of
immunotherapy and stroma-targeting therapies in human colorectal cancer. Cancer
Res. 77:6442−6452. DOI:10.1158/0008-5472.CAN-17-2006

76.

 Mösch A.,  Grazioli  F.,  Machart  P.,  et  al.  (2024). NeoAgDT:  Optimization of  personal
neoantigen  vaccine  composition  by  digital  twin  simulation  of  a  cancer  cell
population. Bioinformatics 40:btae205. DOI:10.1093/bioinformatics/btae205

77.

 Bosque  J.J.,  Martínez  J.,  Otero  J.G.,  et  al.  (2025). Mathematical  model  of  tumor-
macrophage  dynamics  in  glioma  to  advance  myeloid-targeted  therapies. Comput.
Biol. Med. 196:110909. DOI:10.1016/j.compbiomed.2025.110909

78.

 Susilo  M.E.,  Li  C.C.,  Gadkar  K.,  et  al.  (2023). Systems-based  digital  twins  to  help
characterize clinical dose-response and propose predictive biomarkers in a phase I
study  of  bispecific  antibody,  mosunetuzumab,  in  NHL. Clin.  Transl.  Sci.
16:1134−1148. DOI:10.1111/cts.13501

79.

 Wang  Y.,  Casarin  S.,  Daher  M.,  et  al.  (2026). Agent-based  modeling  of  cellular
dynamics in adoptive cell therapy. Commun. Biol. 9:409. DOI:10.1038/s42003-026-
09653-4

80.

 Pan  X.,  Li  X.,  Dong  L.,  et  al.  (2024). Tumour  vasculature  at  single-cell  resolution.
Nature 632:429−436. DOI:10.1038/s41586-024-07698-1

81.

 Wang X., Li S., Xue Y., et al. (2026). The heterogeneity and function of stromal cells
in the tumor microenvironment. Research 9:1183. DOI:10.34133/research.1183

82.

 Cho  M.,  Koh  E.Y.,  Kim  Y.,  et  al.  (2025). Molecular  profiling  of  inflammatory  and
myofibroblast  cancer-associated  fibroblast  subtypes  derived  from  human
pancreatic  stellate  cells  using  machine  learning-based  label-free  raman
spectroscopy. Biomater. Res. 29:0292. DOI:10.34133/bmr.0292

83.

 Laursen  R.,  Chen  H.,  Demaray  J.,  et  al.  (2026). Neighborhood  nonnegative  matrix
factorization  identifies  patterns  and  spatially-variable  genes  in  large-scale  spatial
transcriptomics data. Genome Biol. 27:31. DOI:10.1186/s13059-025-03846-6

84.

 

 

th
e-

 n
no

va
t o

n-
on

co
lo

gy
REVIEW    Digital Medicine   

18  　　　The Innovation Oncology 1(2): 100028, July 27, 2026 www.the-innovation.org/the-innovation-oncology

https://doi.org/10.48550/arXiv.2603.21743
https://doi.org/10.1016/j.cell.2026.04.022
https://doi.org/10.64898/2026.05.11.724149
https://doi.org/10.64898/2026.06.18.733146
https://doi.org/10.64898/2026.06.18.733146
https://doi.org/10.1016/j.cell.2024.07.035
https://doi.org/10.1038/s41746-025-02198-6
https://doi.org/10.1038/s41746-025-02198-6
https://doi.org/10.1038/s41746-025-02198-6
https://doi.org/10.1038/s41746-025-02198-6
https://doi.org/10.1038/s41746-025-02198-6
https://doi.org/10.1038/s41746-025-02198-6
https://doi.org/10.1038/s41746-025-02198-6
https://doi.org/10.59717/j.xinn-oncol.2026.100002
https://doi.org/10.59717/j.xinn-oncol.2026.100002
https://doi.org/10.59717/j.xinn-oncol.2026.100002
https://doi.org/10.59717/j.xinn-oncol.2026.100002
https://doi.org/10.1186/s40779-025-00591-6
https://doi.org/10.1186/s40779-025-00591-6
https://doi.org/10.1186/s40779-025-00591-6
https://doi.org/10.1186/s40779-025-00591-6
https://doi.org/10.1186/s40779-025-00591-6
https://doi.org/10.1186/s40779-025-00591-6
https://doi.org/10.1186/s40779-025-00591-6
https://doi.org/10.1186/s40779-025-00591-6
https://doi.org/10.36922/OTE025350013
https://doi.org/10.1038/s12276-025-01547-5
https://doi.org/10.1038/s12276-025-01547-5
https://doi.org/10.1038/s12276-025-01547-5
https://doi.org/10.1038/s12276-025-01547-5
https://doi.org/10.1038/s12276-025-01547-5
https://doi.org/10.1038/s12276-025-01547-5
https://doi.org/10.1038/s12276-025-01547-5
https://doi.org/10.1038/s41568-025-00832-9
https://doi.org/10.1038/s41568-025-00832-9
https://doi.org/10.1038/s41568-025-00832-9
https://doi.org/10.1038/s41568-025-00832-9
https://doi.org/10.1038/s41568-025-00832-9
https://doi.org/10.1038/s41568-025-00832-9
https://doi.org/10.1038/s41568-025-00832-9
https://doi.org/10.1038/s41586-023-06130-4
https://doi.org/10.1038/s41586-023-06130-4
https://doi.org/10.1038/s41586-023-06130-4
https://doi.org/10.1038/s41586-023-06130-4
https://doi.org/10.1038/s41586-023-06130-4
https://doi.org/10.1038/s41586-023-06130-4
https://doi.org/10.1038/s41586-023-06130-4
https://doi.org/10.1038/s41586-023-06130-4
https://doi.org/10.1038/s41586-022-05622-z
https://doi.org/10.1038/s41586-022-05622-z
https://doi.org/10.1038/s41586-022-05622-z
https://doi.org/10.1038/s41586-022-05622-z
https://doi.org/10.1038/s41586-022-05622-z
https://doi.org/10.1038/s41586-022-05622-z
https://doi.org/10.1038/s41586-022-05622-z
https://doi.org/10.1038/s41586-022-05622-z
https://doi.org/10.1038/s41467-024-53535-4
https://doi.org/10.1038/s41467-024-53535-4
https://doi.org/10.1038/s41467-024-53535-4
https://doi.org/10.1038/s41467-024-53535-4
https://doi.org/10.1038/s41467-024-53535-4
https://doi.org/10.1038/s41467-024-53535-4
https://doi.org/10.1038/s41467-024-53535-4
https://doi.org/10.25259/Cytojournal_272_2024
https://doi.org/10.25259/Cytojournal_272_2024
https://doi.org/10.1186/s12967-025-06371-z
https://doi.org/10.1186/s12967-025-06371-z
https://doi.org/10.1186/s12967-025-06371-z
https://doi.org/10.1186/s12967-025-06371-z
https://doi.org/10.1186/s12967-025-06371-z
https://doi.org/10.1186/s12967-025-06371-z
https://doi.org/10.1186/s12967-025-06371-z
https://doi.org/10.1038/s41576-021-00444-7
https://doi.org/10.1038/s41576-021-00444-7
https://doi.org/10.1038/s41576-021-00444-7
https://doi.org/10.1038/s41576-021-00444-7
https://doi.org/10.1038/s41576-021-00444-7
https://doi.org/10.1038/s41576-021-00444-7
https://doi.org/10.1038/s41576-021-00444-7
https://doi.org/10.1038/s41586-024-07441-w
https://doi.org/10.1038/s41586-024-07441-w
https://doi.org/10.1038/s41586-024-07441-w
https://doi.org/10.1038/s41586-024-07441-w
https://doi.org/10.1038/s41586-024-07441-w
https://doi.org/10.1038/s41586-024-07441-w
https://doi.org/10.1038/s41586-024-07441-w
https://doi.org/10.1038/s41591-025-03982-3
https://doi.org/10.1038/s41591-025-03982-3
https://doi.org/10.1038/s41591-025-03982-3
https://doi.org/10.1038/s41591-025-03982-3
https://doi.org/10.1038/s41591-025-03982-3
https://doi.org/10.1038/s41591-025-03982-3
https://doi.org/10.1038/s41591-025-03982-3
https://doi.org/10.1016/j.cell.2026.04.023
https://doi.org/10.3389/fphys.2024.1421591
https://doi.org/10.1038/s41746-025-01890-x
https://doi.org/10.1038/s41746-025-01890-x
https://doi.org/10.1038/s41746-025-01890-x
https://doi.org/10.1038/s41746-025-01890-x
https://doi.org/10.1038/s41746-025-01890-x
https://doi.org/10.1038/s41746-025-01890-x
https://doi.org/10.1038/s41746-025-01890-x
https://doi.org/10.1007/s11548-010-0531-7
https://doi.org/10.1007/s11548-010-0531-7
https://doi.org/10.1007/s11548-010-0531-7
https://doi.org/10.1007/s11548-010-0531-7
https://doi.org/10.1007/s11548-010-0531-7
https://doi.org/10.1007/s11548-010-0531-7
https://doi.org/10.1007/s11548-010-0531-7
https://doi.org/10.1177/1176935116684824
https://doi.org/10.4137/CIN.S19341
https://doi.org/10.4137/CIN.S19341
https://doi.org/10.1117/1.Jmi.9.3.033503
https://doi.org/10.3389/fphys.2025.1465631
https://doi.org/10.1016/j.compbiomed.2005.06.002
https://doi.org/10.1158/0008-5472.CAN-22-1329
https://doi.org/10.1158/0008-5472.CAN-22-1329
https://doi.org/10.1158/0008-5472.CAN-22-1329
https://doi.org/10.1158/0008-5472.CAN-22-1329
https://doi.org/10.1158/0008-5472.CAN-22-1329
https://doi.org/10.1158/0008-5472.CAN-22-1329
https://doi.org/10.1158/0008-5472.CAN-22-1329
https://doi.org/10.1371/journal.pcbi.1005093
https://doi.org/10.1186/s13046-025-03535-z
https://doi.org/10.1186/s13046-025-03535-z
https://doi.org/10.1186/s13046-025-03535-z
https://doi.org/10.1186/s13046-025-03535-z
https://doi.org/10.1186/s13046-025-03535-z
https://doi.org/10.1186/s13046-025-03535-z
https://doi.org/10.1186/s13046-025-03535-z
https://doi.org/10.1371/journal.pone.0047453
https://doi.org/10.1007/s11095-005-2585-8
https://doi.org/10.1007/s11095-005-2585-8
https://doi.org/10.1007/s11095-005-2585-8
https://doi.org/10.1007/s11095-005-2585-8
https://doi.org/10.1007/s11095-005-2585-8
https://doi.org/10.1007/s11095-005-2585-8
https://doi.org/10.1007/s11095-005-2585-8
https://doi.org/10.1039/c2ib20238g
https://doi.org/10.1002/psp4.13158
https://doi.org/10.1007/s10238-026-02107-5
https://doi.org/10.1007/s10238-026-02107-5
https://doi.org/10.1007/s10238-026-02107-5
https://doi.org/10.1007/s10238-026-02107-5
https://doi.org/10.1007/s10238-026-02107-5
https://doi.org/10.1007/s10238-026-02107-5
https://doi.org/10.1007/s10238-026-02107-5
https://doi.org/10.3389/fimmu.2025.1656733
https://doi.org/10.1038/s41588-025-02351-7
https://doi.org/10.1038/s41588-025-02351-7
https://doi.org/10.1038/s41588-025-02351-7
https://doi.org/10.1038/s41588-025-02351-7
https://doi.org/10.1038/s41588-025-02351-7
https://doi.org/10.1038/s41588-025-02351-7
https://doi.org/10.1038/s41588-025-02351-7
https://doi.org/10.1016/j.phrs.2025.108048
https://doi.org/10.1016/j.phrs.2025.108048
https://doi.org/10.1158/2159-8290.CD-23-0277
https://doi.org/10.1158/2159-8290.CD-23-0277
https://doi.org/10.1158/2159-8290.CD-23-0277
https://doi.org/10.1158/2159-8290.CD-23-0277
https://doi.org/10.1158/2159-8290.CD-23-0277
https://doi.org/10.1158/2159-8290.CD-23-0277
https://doi.org/10.1158/2159-8290.CD-23-0277
https://doi.org/10.3390/cancers16172942
https://doi.org/10.1098/rsif.2017.0320
https://doi.org/10.1158/0008-5472.CAN-17-2006
https://doi.org/10.1158/0008-5472.CAN-17-2006
https://doi.org/10.1158/0008-5472.CAN-17-2006
https://doi.org/10.1158/0008-5472.CAN-17-2006
https://doi.org/10.1158/0008-5472.CAN-17-2006
https://doi.org/10.1158/0008-5472.CAN-17-2006
https://doi.org/10.1158/0008-5472.CAN-17-2006
https://doi.org/10.1093/bioinformatics/btae205
https://doi.org/10.1016/j.compbiomed.2025.110909
https://doi.org/10.1111/cts.13501
https://doi.org/10.1038/s42003-026-09653-4
https://doi.org/10.1038/s42003-026-09653-4
https://doi.org/10.1038/s42003-026-09653-4
https://doi.org/10.1038/s42003-026-09653-4
https://doi.org/10.1038/s42003-026-09653-4
https://doi.org/10.1038/s42003-026-09653-4
https://doi.org/10.1038/s42003-026-09653-4
https://doi.org/10.1038/s41586-024-07698-1
https://doi.org/10.1038/s41586-024-07698-1
https://doi.org/10.1038/s41586-024-07698-1
https://doi.org/10.1038/s41586-024-07698-1
https://doi.org/10.1038/s41586-024-07698-1
https://doi.org/10.1038/s41586-024-07698-1
https://doi.org/10.1038/s41586-024-07698-1
https://doi.org/10.34133/research.1183
https://doi.org/10.34133/bmr.0292
https://doi.org/10.1186/s13059-025-03846-6
https://doi.org/10.1186/s13059-025-03846-6
https://doi.org/10.1186/s13059-025-03846-6
https://doi.org/10.1186/s13059-025-03846-6
https://doi.org/10.1186/s13059-025-03846-6
https://doi.org/10.1186/s13059-025-03846-6
https://doi.org/10.1186/s13059-025-03846-6
https://www.the-innovation.org/the-innovation-oncology
https://www.the-innovation.org/the-innovation-oncology
https://www.the-innovation.org/the-innovation-oncology
https://www.the-innovation.org/the-innovation-oncology
https://www.the-innovation.org/the-innovation-oncology
https://www.the-innovation.org/the-innovation-oncology
https://www.the-innovation.org/the-innovation-oncology


 Ma A.,  Wang X.,  Li  J.,  et  al.  (2023). Single-cell  biological  network inference using a
heterogeneous graph transformer. Nat. Commun. 14:964. DOI:10.1038/s41467-023-
36559-0

85.

 Johnson  J.A.I.,  Bergman  D.R.,  Rocha  H.L.,  et  al.  (2025). Human  interpretable
grammar encodes multicellular systems biology models to democratize virtual cell
laboratories. Cell 188:4711−4733.e4737. DOI:10.1016/j.cell.2025.06.048

86.

 Lv  Y.,  Duan  T.,  Song  J.,  et  al.  (2026). The  spatiotemporal  heterogeneity  of  tumor-
associated  stromal  cells:  Reprogramming  plasticity  to  unlock  precision  cancer
immunotherapy. Cancer Commun. 46:0002. DOI:10.34133/cancomm.0002

87.

 Lee J. and Kim E. (2025). Ordinary differential equation model of cancer-associated
fibroblast  heterogeneity  predicts  treatment  outcomes. npj  Syst.  Biol.  Appl. 11:96.
DOI:10.1038/s41540-025-00578-y

88.

 Zhang  S.,  Wang  H.,  Cho  Y.,  et  al.  (2025).  Quantitative  calibration  of  a  spatial  QSP
model  identifies  fibroblast  impact  on  HCC  immunotherapy. Preprint  at  bioRxiv.
DOI:10.1101/2025.10.31.685939.

89.

 Kalluri R. (2016). The biology and function of fibroblasts in cancer. Nat. Rev. Cancer
16:582−598. DOI:10.1038/nrc.2016.73

90.

 Zhang  F.,  Ma  Y.,  Li  D.,  et  al.  (2024). Cancer  associated  fibroblasts  and  metabolic
reprogramming:  Unraveling  the  intricate  crosstalk  in  tumor  evolution. J  Hematol.
Oncol. 17:80. DOI:10.1186/s13045-024-01600-2

91.

 McAllister  S.S.  and  Weinberg  R.A.  (2010). Tumor-host  interactions:  A  far-reaching
relationship. J. Clin. Oncol. 28:4022−4028. DOI:10.1200/JCO.2010.28.4257

92.

 Metzcar  J.,  Duggan  B.S.,  Fischer  B.,  et  al.  (2025). A  simple  framework  for  agent-
based  modeling  with  extracellular  matrix. Bull.  Math.  Biol. 87:43. DOI:10.1007/
s11538-024-01408-8

93.

 Biancalani  T.,  Scalia  G.,  Buffoni  L.,  et  al.  (2021). Deep  learning  and  alignment  of
spatially  resolved  single-cell  transcriptomes  with  Tangram. Nat.  Methods
18:1352−1362. DOI:10.1038/s41592-021-01264-7

94.

 Kleshchevnikov  V.,  Shmatko  A.,  Dann  E.,  et  al.  (2022). Cell2location  maps  fine-
grained  cell  types  in  spatial  transcriptomics. Nat.  Biotechnol. 40:661−671. DOI:10.
1038/s41587-021-01139-4

95.

 Cable  D.M.,  Murray  E.,  Zou  L.S.,  et  al.  (2022). Robust  decomposition  of  cell  type
mixtures  in  spatial  transcriptomics. Nat.  Biotechnol. 40:517−526. DOI:10.1038/
s41587-021-00830-w

96.

 Hu J., Li X.,  Coleman K., et al. (2021). SpaGCN: Integrating gene expression, spatial
location  and  histology  to  identify  spatial  domains  and  spatially  variable  genes  by
graph  convolutional  network. Nat.  Methods 18:1342−1351. DOI:10.1038/s41592-
021-01255-8

97.

 Dong K.  and Zhang S.  (2022). Deciphering spatial  domains from spatially  resolved
transcriptomics  with  an  adaptive  graph  attention  auto-encoder. Nat.  Commun.
13:1739. DOI:10.1038/s41467-022-29439-6

98.

 Jin S.,  Guerrero-Juarez C.F.,  Zhang L.,  et  al.  (2021). Inference and analysis  of  cell-
cell  communication  using  CellChat. Nat.  Commun. 12:1088. DOI:10.1038/s41467-
021-21246-9

99.

 Browaeys  R.,  Saelens  W.  and  Saeys  Y.  (2020). NicheNet:  Modeling  intercellular
communication  by  linking  ligands  to  target  genes. Nat.  Methods 17:159−162.
DOI:10.1038/s41592-019-0667-5

100.

 Cang  Z.,  Zhao  Y.,  Almet  A.A.,  et  al.  (2023). Screening  cell-cell  communication  in
spatial  transcriptomics  via  collective  optimal  transport. Nat.  Methods 20:218−228.
DOI:10.1038/s41592-022-01728-4

101.

 Yang  Z.,  Su  W.,  Wei  X.,  et  al.  (2025). Hypoxia  inducible  factor-1α  drives  cancer
resistance to cuproptosis. Cancer Cell 43:937−954. DOI:10.1016/j.ccell.2025.02.015

102.

 Liu  L.,  Zhang  Y.,  Liu  H.,  et  al.  (2025). Transforming  cancer  therapy:  Unlocking  the
potential  of  targeting  vascular  and  stromal  cells  in  the  tumor  microenvironment.
Cancer Res. 85:2152−2164. DOI:10.1158/0008-5472.CAN-24-4744

103.

 Zhang S.W., Wang H., Xiao Y., et al. (2026). Sensory neurons drive immune exclusion
by  stimulating  a  dense  extracellular  matrix  in  the  breast  cancer  tumor
microenvironment. Cell 189:1039−1055. DOI:10.1016/j.cell.2026.01.001

104.

 Hunter  M.V.,  Joshi  E.,  Bowker  S.,  et  al.  (2025). Mechanical  confinement  governs
phenotypic plasticity in melanoma. Nature 647:517−527. DOI:10.1038/s41586-025-
09445-6

105.

 Semenza  G.L.  (2002). HIF-1  and  tumor  progression:  Pathophysiology  and
therapeutics. Trends. Mol. Med. 8:S62−S67. DOI:10.1016/s1471-4914(02)02317-1

106.

 Yuan  X.,  Ruan  W.,  Bobrow  B.,  et  al.  (2024). Targeting  hypoxia-inducible  factors:
Therapeutic  opportunities  and  challenges. Nat.  Rev.  Drug.  Discov. 23:175−200.
DOI:10.1038/s41573-023-00848-6

107.

 Schiavo F.,  Lindblom E.K.  and Toma-Dasu I.  (2022). Towards the virtual  tumor  for
optimizing  radiotherapy  treatments  of  hypoxic  tumors:  A  novel  model  of
heterogeneous  tissue  vasculature  and  oxygenation. J.  Theor.  Biol. 547:111175.
DOI:10.1016/j.jtbi.2022.111175

108.

 Nissen N.I.,  Karsdal  M. and Willumsen N. (2019). Collagens and cancer associated109.

fibroblasts  in  the  reactive  stroma  and  its  relation  to  cancer  biology. J.  Exp.  Clin.
Cancer Res. 38:115. DOI:10.1186/s13046-019-1110-6
 Swat M.H., Thomas G.L., Shirinifard A., et al. (2015). Emergent stratification in solid
tumors  selects  for  reduced  cohesion  of  tumor  cells:  A  multi-cell,  virtual-tissue
model of tumor evolution using CompuCell3D. PLoS One 10:e0127972. DOI:10.1371
/journal.pone.0127972

110.

 Hendriks B.S., Reynolds J.G., Klinz S.G., et al. (2012). Multiscale kinetic modeling of
liposomal  doxorubicin  delivery  quantifies  the  role  of  tumor  and  drug‐ specific
parameters  in  local  delivery  to  tumors. CPT:  Pharmacometrics  Syst.  Pharmacol.
1:e15. DOI:10.1038/psp.2012.16

111.

 González-Garcinuño  Á.,  Valle  E.M.D.  and  Kenjeres  S.  (2026). From  blood  flow  to
tumor  cell  internalization:  A  multistage  computational  model  of  nanoparticle
dynamics. Pharm. Res. 43:405−419. DOI:10.1007/s11095-026-04018-2

112.

 Aghamiri  S.S.  and  Amin  R.  (2025). The  potential  use  of  digital  twin  technology  for
advancing  CAR-T  cell  therapy. Curr.  Issues  Mol.  Biol. 47:321. DOI:10.3390/
cimb47050321

113.

 Karaman  I.  and  Sebin  B.  (2025). From  data-driven  cities  to  data-driven  tumors:
Dynamic  digital  twins  for  adaptive  oncology. Front.  Artif.  Intell. 8:1624877. DOI:10.
3389/frai.2025.1624877

114.

 Nardone  V.,  Marmorino  F.,  Germani  M.M.,  et  al.  (2024). The  Role  of  artificial
intelligence on tumor boards: Perspectives from surgeons, medical oncologists and
radiation oncologists. Curr. Oncol. 31:4984−5007. DOI:10.3390/curroncol31090369

115.

 Malerba S., Vladimirov M., Goyal A., et al. (2026). Artificial intelligence applications in
gastric cancer surgery: Bridging early diagnosis and responsible precision medicine.
J. Clin. Med. 15:2208. DOI:10.3390/jcm15062208

116.

 Goyal  A.,  Koutentakis  M.,  Park  J.,  et  al.  (2025). Artificial  intelligence for  risk-benefit
assessment  in  hepatopancreatobiliary  oncologic  surgery:  A  systematic  review  of
current applications and future directions on behalf of TROGSS-The Robotic Global
Surgical Society. Cancers (Basel) 17:3292. DOI:10.3390/cancers17203292

117.

 Ardila  C.M.  and  Yadalam  P.K.  (2025). Unresolved  questions  in  the  application  of
artificial  intelligence  virtual  cells  for  cancer  research. Mil.  Med.  Res. 12:19. DOI:10.
1186/s40779-025-00608-0

118.

 Li J.,  Zhang H., Zhang W., et al. (2026). Virtual cell:  Current perspectives and future
prospects. J.  Int.  Med.  Res. 54:3000605261425080.  DOI:10.1177/
03000605261425080.

119.

 Chua  I.S.,  Gaziel-Yablowitz  M.,  Korach  Z.T.,  et  al.  (2021). Artificial  intelligence  in
oncology: Path to implementation. Cancer Med. 10:4138−4149. DOI:10.1002/cam4.
3935

120.

 Lotter  W.,  Hassett  M.J.,  Schultz  N.,  et  al.  (2024). Artificial  intelligence  in  oncology:
Current  landscape,  challenges,  and  future  directions. Cancer  Discov. 14:711−726.
DOI:10.1158/2159-8290.CD-23-1199

121.

 Lin  R.,  Zhao  Z.,  Liu  Z.,  et  al.  (2026). Artificial  intelligence  in  clinical  oncology:
Multimodal  integration  and  translational  development. Cancer  Lett. 649:218493.
DOI:10.1016/j.canlet.2026.218493

122.

FUNDING AND ACKNOWLEDGMENTS 

This  work  was  supported  by  the  National  Natural  Science  Foundation  of  China
(82470163); Shandong  Provincial  Natural  Science  Foundation (ZR2023MH228,
ZR2022QC083); Shandong  Postdoctoral  Science  Foundation (SDZZ-ZR-202501070);
China  Postdoctoral  Science  Foundation  Funded  Project (2025M782107).  The  funders
had no role in study design, data collection and analysis, decision to publish, or prepara-
tion  of  the  manuscript.  Some  graphical  elements  in  the  figures  were  sourced  from
BioRender.

AUTHOR CONTRIBUTIONS 

C.L.,  D.Y.,  F.Y.,  and  Z.L.  contributed  equally  to  this  work  and  share  first  authorship,
including  collecting  and  analyzing  the  data,  and  drafting  and  revising  the  manuscript.
T.S.,  H.M.,  and  B.L.  conceived  and  designed  the  review,  supervised  the  review  and
provided  critical  revisions  for  important  intellectual  content.  All  authors  have  approved
the  final  version  of  the  manuscript  and  agree  to  be  accountable  for  all  aspects  of  the
work.

DECLARATION OF INTERESTS 

The authors declare no competing interests.

DATA AND CODE AVAILABILITY 

No new data were created or analyzed in this study.

O
nco

lo
g

y
  Digital Medicine     REVIEW

The Innovation Oncology 1(2): 100028, July 27, 2026　　　  19

https://doi.org/10.1038/s41467-023-36559-0
https://doi.org/10.1038/s41467-023-36559-0
https://doi.org/10.1038/s41467-023-36559-0
https://doi.org/10.1038/s41467-023-36559-0
https://doi.org/10.1038/s41467-023-36559-0
https://doi.org/10.1038/s41467-023-36559-0
https://doi.org/10.1038/s41467-023-36559-0
https://doi.org/10.1016/j.cell.2025.06.048
https://doi.org/10.34133/cancomm.0002
https://doi.org/10.1038/s41540-025-00578-y
https://doi.org/10.1038/s41540-025-00578-y
https://doi.org/10.1038/s41540-025-00578-y
https://doi.org/10.1038/s41540-025-00578-y
https://doi.org/10.1038/s41540-025-00578-y
https://doi.org/10.1038/s41540-025-00578-y
https://doi.org/10.1038/s41540-025-00578-y
https://doi.org/10.1101/2025.10.31.685939
https://doi.org/10.1038/nrc.2016.73
https://doi.org/10.1186/s13045-024-01600-2
https://doi.org/10.1186/s13045-024-01600-2
https://doi.org/10.1186/s13045-024-01600-2
https://doi.org/10.1186/s13045-024-01600-2
https://doi.org/10.1186/s13045-024-01600-2
https://doi.org/10.1186/s13045-024-01600-2
https://doi.org/10.1186/s13045-024-01600-2
https://doi.org/10.1200/JCO.2010.28.4257
https://doi.org/10.1007/s11538-024-01408-8
https://doi.org/10.1007/s11538-024-01408-8
https://doi.org/10.1007/s11538-024-01408-8
https://doi.org/10.1007/s11538-024-01408-8
https://doi.org/10.1007/s11538-024-01408-8
https://doi.org/10.1007/s11538-024-01408-8
https://doi.org/10.1007/s11538-024-01408-8
https://doi.org/10.1007/s11538-024-01408-8
https://doi.org/10.1038/s41592-021-01264-7
https://doi.org/10.1038/s41592-021-01264-7
https://doi.org/10.1038/s41592-021-01264-7
https://doi.org/10.1038/s41592-021-01264-7
https://doi.org/10.1038/s41592-021-01264-7
https://doi.org/10.1038/s41592-021-01264-7
https://doi.org/10.1038/s41592-021-01264-7
https://doi.org/10.1038/s41587-021-01139-4
https://doi.org/10.1038/s41587-021-01139-4
https://doi.org/10.1038/s41587-021-01139-4
https://doi.org/10.1038/s41587-021-01139-4
https://doi.org/10.1038/s41587-021-01139-4
https://doi.org/10.1038/s41587-021-01139-4
https://doi.org/10.1038/s41587-021-01139-4
https://doi.org/10.1038/s41587-021-01139-4
https://doi.org/10.1038/s41587-021-00830-w
https://doi.org/10.1038/s41587-021-00830-w
https://doi.org/10.1038/s41587-021-00830-w
https://doi.org/10.1038/s41587-021-00830-w
https://doi.org/10.1038/s41587-021-00830-w
https://doi.org/10.1038/s41587-021-00830-w
https://doi.org/10.1038/s41587-021-00830-w
https://doi.org/10.1038/s41587-021-00830-w
https://doi.org/10.1038/s41592-021-01255-8
https://doi.org/10.1038/s41592-021-01255-8
https://doi.org/10.1038/s41592-021-01255-8
https://doi.org/10.1038/s41592-021-01255-8
https://doi.org/10.1038/s41592-021-01255-8
https://doi.org/10.1038/s41592-021-01255-8
https://doi.org/10.1038/s41592-021-01255-8
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41592-019-0667-5
https://doi.org/10.1038/s41592-022-01728-4
https://doi.org/10.1038/s41592-022-01728-4
https://doi.org/10.1038/s41592-022-01728-4
https://doi.org/10.1038/s41592-022-01728-4
https://doi.org/10.1038/s41592-022-01728-4
https://doi.org/10.1038/s41592-022-01728-4
https://doi.org/10.1038/s41592-022-01728-4
https://doi.org/10.1016/j.ccell.2025.02.015
https://doi.org/10.1158/0008-5472.CAN-24-4744
https://doi.org/10.1158/0008-5472.CAN-24-4744
https://doi.org/10.1158/0008-5472.CAN-24-4744
https://doi.org/10.1158/0008-5472.CAN-24-4744
https://doi.org/10.1158/0008-5472.CAN-24-4744
https://doi.org/10.1158/0008-5472.CAN-24-4744
https://doi.org/10.1158/0008-5472.CAN-24-4744
https://doi.org/10.1016/j.cell.2026.01.001
https://doi.org/10.1038/s41586-025-09445-6
https://doi.org/10.1038/s41586-025-09445-6
https://doi.org/10.1038/s41586-025-09445-6
https://doi.org/10.1038/s41586-025-09445-6
https://doi.org/10.1038/s41586-025-09445-6
https://doi.org/10.1038/s41586-025-09445-6
https://doi.org/10.1038/s41586-025-09445-6
https://doi.org/10.1016/s1471-4914(02)02317-1
https://doi.org/10.1016/s1471-4914(02)02317-1
https://doi.org/10.1016/s1471-4914(02)02317-1
https://doi.org/10.1016/s1471-4914(02)02317-1
https://doi.org/10.1016/s1471-4914(02)02317-1
https://doi.org/10.1038/s41573-023-00848-6
https://doi.org/10.1038/s41573-023-00848-6
https://doi.org/10.1038/s41573-023-00848-6
https://doi.org/10.1038/s41573-023-00848-6
https://doi.org/10.1038/s41573-023-00848-6
https://doi.org/10.1038/s41573-023-00848-6
https://doi.org/10.1038/s41573-023-00848-6
https://doi.org/10.1016/j.jtbi.2022.111175
https://doi.org/10.1186/s13046-019-1110-6
https://doi.org/10.1186/s13046-019-1110-6
https://doi.org/10.1186/s13046-019-1110-6
https://doi.org/10.1186/s13046-019-1110-6
https://doi.org/10.1186/s13046-019-1110-6
https://doi.org/10.1186/s13046-019-1110-6
https://doi.org/10.1186/s13046-019-1110-6
https://doi.org/10.1371/journal.pone.0127972
https://doi.org/10.1371/journal.pone.0127972
https://doi.org/10.1038/psp.2012.16
https://doi.org/10.1007/s11095-026-04018-2
https://doi.org/10.1007/s11095-026-04018-2
https://doi.org/10.1007/s11095-026-04018-2
https://doi.org/10.1007/s11095-026-04018-2
https://doi.org/10.1007/s11095-026-04018-2
https://doi.org/10.1007/s11095-026-04018-2
https://doi.org/10.1007/s11095-026-04018-2
https://doi.org/10.3390/cimb47050321
https://doi.org/10.3390/cimb47050321
https://doi.org/10.3389/frai.2025.1624877
https://doi.org/10.3389/frai.2025.1624877
https://doi.org/10.3390/curroncol31090369
https://doi.org/10.3390/jcm15062208
https://doi.org/10.3390/cancers17203292
https://doi.org/10.1186/s40779-025-00608-0
https://doi.org/10.1186/s40779-025-00608-0
https://doi.org/10.1186/s40779-025-00608-0
https://doi.org/10.1186/s40779-025-00608-0
https://doi.org/10.1186/s40779-025-00608-0
https://doi.org/10.1186/s40779-025-00608-0
https://doi.org/10.1186/s40779-025-00608-0
https://doi.org/10.1186/s40779-025-00608-0
https://doi.org/10.1177/03000605261425080
https://doi.org/10.1177/03000605261425080
https://doi.org/10.1002/cam4.3935
https://doi.org/10.1002/cam4.3935
https://doi.org/10.1158/2159-8290.CD-23-1199
https://doi.org/10.1158/2159-8290.CD-23-1199
https://doi.org/10.1158/2159-8290.CD-23-1199
https://doi.org/10.1158/2159-8290.CD-23-1199
https://doi.org/10.1158/2159-8290.CD-23-1199
https://doi.org/10.1158/2159-8290.CD-23-1199
https://doi.org/10.1158/2159-8290.CD-23-1199
https://doi.org/10.1016/j.canlet.2026.218493

	INTRODUCTION
	ARTIFICIAL INTELLIGENCE VIRTUAL CELL (AIVC)
	What is AIVC
	History and milestones in AIVC
	How to construct AIVC
	Data integration: building the foundation
	Unified representation: encoding cellular states
	Biological knowledge integration: constraining the model
	Virtual instrument (VI): enabling readout and in silico perturbation

	What’s the function of AIVC

	ARTIFICIAL INTELLIGENCE VIRTUAL ONCOLOGY (AIVO)
	Artificial intelligence virtual tumor cell
	Artificial intelligence virtual immune cell
	Artificial intelligence virtual stromal cell
	AIVO for multicellular communication

	FUTURE RESEARCH DIRECTIONS AND CHALLENGES
	Clinical applications of AIVO in diagnosis
	Clinical applications of AIVO in treatment
	Challenges in the application of AIVO
	Modeling and computational challenges
	Interpretability and clinical trust challenges
	Clinical validation, patient deployment, and workflow integration challenges
	Regulatory, ethical, and governance challenges


	DECLARATION OF GENERATIVE AI AND AI-ASSISTED TECHNOLOGIES IN THE WRITING PROCESS
	REFERENCES
	FUNDING AND ACKNOWLEDGMENTS
	AUTHOR CONTRIBUTIONS
	DECLARATION OF INTERESTS
	DATA AND CODE AVAILABILITY

