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Abstract
Cancer remains a major global health challenge, with treatment resistance and variability in patient outcomes posing significant
challenges in oncology. The tumor microenvironment (TME) plays a critical role in tumor development, treatment response, and
spatial heterogeneity. These characteristics vary across cancer types, patients, and tumor regions. Traditional oncology approaches
have been unable to fully capture the complexity of these interactions because they often lack spatial context. In recent years, the
development of spatial omics has made significant progress. This technology enables the simultaneous analysis of gene activity,
protein expression, and cell-to-cell communication within tissues, providing a deeper understanding of the TME. This review ex-
plores how spatial omics technologies can help connect molecular profiling with clinical applications. Particular emphasis is placed
on the concept of a “virtual tumor ecosystem.” The discussion highlights how spatial omics data can be integrated with computa-
tional models to develop dynamic, patient-specific digital simulations. These virtual tumor organs can recapitulate tumor behavior
and predict treatment responses. The use of patient-specific spatial data to simulate therapeutic interventions and anticipate drug
resistance represents a significant advancement in precision oncology. The virtual tumor ecosystem can integrate spatial omics data
with patient treatment outcomes and is expected to advance the level of personalized cancer therapy. This review summarizes recent
advances in the application of spatial omics technologies for the development of cancer models. The main challenges associated
with this approach and its future development prospects are also discussed. The ultimate goal is to facilitate the clinical translation
of related research findings and support the development of more effective treatment strategies for individual patients.
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1. Introduction

Despite advances in cancer diagnosis and treatment, ther-
apeutic resistance and substantial interpatient variability
in treatment outcomes continue to complicate effective
cancer management. These factors complicate disease
management. Tumors exist within a specialized biolog-
ical environment known as the tumor microenvironment
(TME), which includes immune cells, stromal cells, vascu-

lar components, extracellular matrix elements, and cancer
cells. These cellular and non-cellular components inter-
act with cancer cells across both central and peripheral
tumor regions. The composition and characteristics of the
TME vary depending on the type of cancer. The TME
also varies among individual patients. Even within a sin-
gle patient, different tumors may exhibit distinct TME
compositions. Furthermore, tumors possess inherent in-
tratumoral heterogeneity. This heterogeneity arises from
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two primary factors. First, cancer cells acquire distinct
genetic alterations as they grow and proliferate. Second,
cancer cells interact with immune cells and other stro-
mal components within the surrounding tissue. Together,
these processes contribute to the diverse characteristics
observed across different regions of a single tumor [1,2].
An increasing number of studies have demonstrated that
the spatial organization of the TME plays a critical role
in determining treatment efficacy and contributes to thera-
peutic resistance. Tumors are often classified according to
these immune features as “immune hot,” “immune cold,”
or “immune-excluded.” These designations indicate that
localized cellular habitats and their three-dimensional mi-
croenvironmental niches are not merely descriptive labels;
rather, they are directly associated with therapeutic effi-
cacy [3,4].

The use of two-dimensional tissue samples cannot
fully reconstruct the three-dimensional architecture of tu-
mor growth or accurately represent the spatial distribution
of immune cells. Conventional bulk and single-cell ap-
proach often lose spatial information because cells are ana-
lyzed outside their original tissue context. During sample
preparation, tissues are dissociated into individual cells,
resulting in the loss of information regarding the original
spatial locations of those cells within the tissue. Even
the most advanced genomic and proteomic assays pro-
vide only a snapshot of a single time point. Consequently,
such data cannot capture how therapeutic interventions
dynamically reshape the tumor microenvironment over
time. Furthermore, these approaches cannot adequately
explain the substantial variability observed among pa-
tients. This missing dimension of information, referred
to as the spatial–temporal–individualization (STI) divide,
represents a major obstacle to the advancement of preci-
sion oncology [5].

In recent years, spatial omics has rapidly emerged
as a technological framework capable of quantitatively
assessing RNA and protein states within intact tissues.
Advances in high-throughput sequencing and imaging
technologies have enabled the identification and char-
acterization of these aspects of heterogeneity. As a re-
sult, spatial omics has become a pivotal tool for under-
standing tumor heterogeneity and interactions within the
TME [5–10]. These technologies enable the systematic
study of molecular phenotypes across millions of cells
within their tissue context, thereby bridging key limita-
tions of both histology and single-cell omics. Platforms
such as Visium and CosMx provide spatial transcriptomic
profiling, while techniques such as CODEX and multiplex
immunofluorescence enable high-dimensional spatial pro-
tein mapping [11]. By integrating tissue-clearing and
three-dimensional imaging workflows, these technologies

have extended spatial omics into the realm of 3D analy-
sis [12]. Compared with traditional bulk and single-cell
omics approaches, spatial technologies enable the simulta-
neous analysis of cell types, neighborhood relationships,
and functional pathways in situ within tissues, while in-
creasingly supporting the integration of multimodal mea-
surements [13,14].

Relying solely on descriptive spatial maps limits
their clinical utility. To enable effective clinical appli-
cation, spatial information must be translated into func-
tional models that can capture dynamic biological pro-
cesses and elucidate the mechanisms underlying disease
progression and treatment response. These models must
also be capable of adapting and evolving in a patient-
specific manner. This requirement has led to the con-
cept of the virtual tumor cell (VTC), a computational and
continuously updatable digital framework that integrates
spatial omics evidence with patient-specific biological
data [15,16]. Building on VTCs, we assemble virtual tu-
mor organs (VTOs). Tumor-specific virtual organs are de-
signed to facilitate translational medical applications. By
integrating multiscale data through computational frame-
works such as graph networks and Bayesian models, they
enable the simulation of drug and immunotherapy in-
terventions within a virtual environment. As new pa-
tient samples are input, these models continuously re-
fresh, offering the potential to truly close the loop of
“evidence→VTC→decision” [17].

The construction of virtual cells and, subsequently,
virtual organs, supported by spatial omics evidence and
continuously refined through patient-level data, provides
an actionable framework for translating biological obser-
vations into clinical decision-making. First, spatial evi-
dence can more directly link the structure of the microen-
vironment with therapeutic outcomes [18,19]. Secondly,
virtual representations enable the simulation of dynamic
processes, such as clonal competition, immune infiltra-
tion, and drug diffusion, which are not directly observ-
able. In this way, they extend beyond static descriptions
to provide insights into the underlying biological dynam-
ics [20,21]. Thirdly, patient-level updates transform the
model from a research tool into a clinical instrument, capa-
ble of supporting biopsy site selection, treatment regimen
prioritization, and resistance risk prediction [22]. These
principles collectively constitute the virtual tumor ecosys-
tem (VTE) (see Box 1 for formal definitions and the hier-
archical framework).

This review proposes that integrating spatial omics
with VTCs and VTOs represents a natural progression
in the advancement of precision oncology. By address-
ing the STI divide, constructing VTEs, and integrating
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them into clinical decision-making, this approach offers
substantial translational potential. It may enhance the
clinical utility of spatial data, accelerate the translation
of molecular findings into therapeutic strategies, and pro-

vide novel opportunities to overcome treatment resis-
tance while enabling truly personalized cancer therapy
(Figure 1).

Box 1: Terminology and Hierarchy of the Virtual Tumor Framework.

Virtual Tumor Cell (VTC)—the microscopic unit. The fundamental computational unit representing the molecular
state and behavior of an individual cell. VTCs are initialized by high-dimensional spatial omics data and can simulate
cellular responses to perturbations using generative foundation models.
Virtual TumorOrgan (VTO)—the mesoscopic assembly. A spatially resolved, multicellular assembly of VTCs that
recapitulates tissue architecture, cell-cell interactions, and microenvironmental gradients in silico. VTOs simulate
emergent properties of the tumor mass within a specific tissue context.
Virtual Tumor Ecosystem (VTE)—the systemic integration. The overarching, patient-specific digital twin frame-
work that integrates VTOs with multi-scale clinical data streams, such as longitudinal imaging, treatment history). It
represents the translational horizon aiming to enable dynamic simulation and real-time therapeutic decision-making.

Figure 1: Evidence-VTC-Decision (Patient-Level Loop). This figure illustrates the iterative process from spatial evidence collection,
through the creation of a VTC, to clinical decision-making, with continuous patient-level updates driving personalized treatment
strategies.

2. Spatial Omics Technology
Supports the Spatial Tumor
Ecosystem Framework

2.1. Spatial Omics Technology

Spatial omics technologies have evolved from traditional
molecular-level analyses to the characterization of spa-
tiotemporal dynamics within tissue microenvironments.

In recent years, with advancements in high-resolution
imaging and computational algorithms, the field of spatial
omics has rapidly developed, progressing toward higher
throughput, lower noise, and stronger integration capa-
bilities [13]. In oncology, these technologies have re-
vealed key mechanisms underlying cellular heterogeneity
and spatial interactions, facilitating the transition from de-
scriptive studies to predictive models. Representative spa-
tial omics technologies are summarized in Table 1.
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Table 1: Comparative Landscape of Spatial Omics Technologies.

Technology
Category

Core
Technology
Principle

Representative
Platforms/

Assays (Year)
Key Features Resolution Throughput Panel

Size/Plex
Sample

Compatibility
Application
Scenarios References

Spatial tran-
scriptomics

Multiplexed
ISH

seqFISH
(2014)/seq-

FISH+ (2019)

Ultra-high resolution
enabling organelle-level
transcript localization.

Subcellular/
Single

molecule

Low
(limited by
imaging
time)

10,000+ genes FFPE (partial)
& FF

Basic research: chromatin
structure, nuclear RNA

localization, single-cell gene
expression heterogeneity.

[23–26]
Xenium (2023)
/Xenium Prime

(2024)

High sensitivity; Prime
version significantly

improves imaging speed
and whole-slide

scanning.

Subcellular,
∼200 nm High

5000+
genes/18,000+

WTA
FFPE & FF

Detailed TME mapping,
rare cell type localization,

and gene signature
validation in translational

research.

MERFISH
(2015)/MER-
SCOPE Ultra

(2024)

High detection
efficiency and molecular
localization precision;
Ultra version supports
larger imaging area.

Subcellular,
∼100 nm

Medium–
high (Ultra)

500–1000
genes,

expandable
FFPE & FF

Brain atlas construction,
detailed cell atlas, and

subcellular RNA
distribution studies.

In situ
sequencing

Fluorescent In
Situ Sequencing

(2014)
Visualizes individual

RNA transcripts. Subcellular Low
Targeted,
~5000

genes/Whole
transcriptome

Fixed Cells &
Tissues

Subcellular RNA
localization, analysis of

intracellular gene
expression heterogeneity.

[26–30]
STARmap

(2018)
Enables 3D imaging.

Preserves spatial context
in intact tissue.

Single cell
and

Subcellular
Medium–

high

Highly
targeted

(hundreds to
thousands of

genes)

Intact Tissues
3D single-cell

transcriptomics in intact
tissues, brain structure

mapping.

ExSeq (2021)

Uses physical/chemical
tissue expansion
(hydrogel) for

sequencing within the
enlarged space.

Nanoscale/
Super

Sequencing
Low Targeted/

Untargeted
Intact

biological
systems

Nanoscale spatial
transcriptomics, subcellular

structure analysis.

In situ capture

Slide-seq V2
(2021)

High sensitivity;
improved capture
efficiency vs. V1.

~10 µm (near-
single-cell) High Whole

Transcriptome FF
Retrospective analysis,
high-resolution tissue

mapping.

[26,31,32]

seq-scope
(2021)

Enables
microscope-level

examination of spatial
transcriptomes.

0.5 µm
spot-to-spot
resolution

High Whole
Transcriptome FF

Study of transcriptome
dynamics at the organelle

level.

Stereo-seq
V2(2022)/Stereo-

seq V3(2025)

Combines large imaging
area with high

resolution.

Subcellular,
~500 nm
center-to-
center

Very high Whole
Transcriptome FFPE & FF

Multi-organ tumor
metastasis studies,

large-sample mapping.

Visium-HD
(2024)

~25x higher resolution
than standard Visium (55
µm), with no data gaps.

Subcellular, 2
µm squares

Medium–
high

Whole
Transcriptome FFPE & FF

Fine-grained TME analysis,
retrospective clinical

pathology studies, and gene
expression mapping in fine

anatomical structures.

Slide-tags slide-tags (2023)
Spatial barcoding for

single nuclei, automatic
cell segmentation.

less than
10 µm High Whole

Transcriptome FF
Immune microenvironment

and ligand-receptor
interactions, 3D digital

reconstruction.
[33]
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Table 1: Cont.

Technology
Category

Core
Technology
Principle

Representative
Platforms/

Assays (Year)
Key Features Resolution Throughput Panel

Size/Plex
Sample

Compatibility
Application
Scenarios References

Spatial
proteomics

Mass-
spectrometry

imaging
cytology

IMC
(2014)/IMC
Hyperion Xti

(2023)

Uses metal tags instead
of fluorophores, minimal

signal crosstalk, and
very low background

noise.

Subcellular Low-high 30–50 plex FFPE& FF
Immune checkpoint

analysis, TIME
neighborhood subtype

classification. [34,35]

MIBI-TOF
(2014)

High sensitivity and
wide dynamic range. Subcellular Low-

Medium 40–50 plex FFPE Structured immune
microenvironment analysis.

Cyclic
fluorescence
multiplexing

CODEX
(2018)/PhenoCycler-

Fusion

Relies on cyclic
hybridization and

imaging.
Subcellular Medium–

high 100+ plex FFPE & FF
Large cohort studies and

single-cell protein
interaction network

construction.
[36,37]

COMET (2023) High automation and
very short cycle times. Subcellular Very High 100+ plex FFPE

Intra-tumoral clonal
structure, spatial genetic
heterogeneity, and cancer

evolution.

Spatial
genomics

Microdissection-
based

slide-DNA-seq
(2021)

Built on Slide-seq; maps
clonal evolution within

tumors
10 µm Medium–

high
Whole

genome/Targeted
Panel

FFPE
Intra-tumoral clonal

structure, spatial genetic
heterogeneity, and cancer

evolution.

[38–41]

LCM-WGBS
(2018)

Performs whole-genome
bisulfite sequencing on

micro dissected samples.
ROI-level Low

Whole
Genome

Methylation
FFPE & FF Methylation profiling of

specific tissue regions.

LCM-RNA-seq
(2013)

Traditional sequencing
post-microdissection;
highly customizable

region selection.
ROI-level Low

Whole
transcrip-

tome/Targeted
FFPE & FF

Validation of region-specific
gene expression from spatial
transcriptomics discoveries.

Geo-seq (2016)
High precision, suitable

for trace amounts of
tissue.

Single to
few-cell level

Medium–
high

Whole
transcriptome FF

Early embryo development,
spatial transcriptomics of

trace amounts of rare cells.

Spatial
epigenomics

In situ
chromatin
profiling

scSpatial-ATAC
(2021)

Combines ATAC-seq
with spatial barcoding
for in situ chromatin

accessibility profiling.

Single-cell,
~10 µm High

Genome-wide
open

chromatin
regions

FF

Spatial mapping of
regulatory elements in
development/disease,

identification of
cell-type-specific enhancers.

[42–44]
Spatial-

CUT&Tag
(2021)

Combines CUT&Tag
with spatial technology
for in situ detection of

histone modifications or
TF binding.

10–55 µm
(platform-
dependent)

Medium
Targeted
epigenetic

marks
FF

Spatial epigenetic state
analysis, epigenetic

regulation of cell fate
decisions.

sciMAP-ATAC
(2022)

Microfluidics-based
combinatorial indexing;
retains partial spatial

information.

Cell-cluster
level High

Genome-wide
open

chromatin
regions

Fresh nuclei
Medium-throughput spatial

epigenomic atlas
construction.
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Table 1: Cont.

Technology
Category

Core
Technology
Principle

Representative
Platforms/

Assays (Year)
Key Features Resolution Throughput Panel

Size/Plex
Sample

Compatibility
Application
Scenarios References

Spatial
metabolomics/

lipidomics

Mass
spectrometry

imaging

MALDI-MSI
(2000s/2021)

Most established spatial
metabolomics technique;

label-free, directly
detects

metabolites/lipids.

5–100
µm/Sub-

micron, <5
µm (with
OTCD)

Medium
Untargeted,
hundreds to
thousands of
metabolites

FFPE (partial)
& FF

Tumor metabolic
reprogramming, spatial
distribution of drugs and
their metabolites, and

neuroscience.

[45–47]DESI-MSI
(2000s)

Operates under ambient
conditions, requires no
matrix, and is suitable
for real-time analysis.

50–200 µm Medium
Untargeted,
hundreds of
metabolites

Untreated
tissue sections

Intraoperative real-time
tissue analysis, spatial

lipid-metabolism profiling.

ToF-SIMS
(1980s)

Extremely high surface
sensitivity; detects
elements and small
inorganic/organic

molecules.

<1 µm Low

Elements,
small

molecules,
lipid

fragments

Various solid
samples

Subcellular elemental
distribution,

drug-penetration studies,
and material-surface

analysis.

Combination/
Multimodal
integration

Sequential
multimodal

Visium + IHC/IF
H&E/IHC/IF imaging

first, followed by Visium
sequencing on the same

tissue region.

ROI-
level/near
single-cell

Medium
RNA +
Protein
(~10–40
markers)

FFPE & FF
Direct correlation of gene

expression with key protein
markers.

[48–50]
Xenium +
IF/H&E

High-plex RNA in situ
detection and

protein/morphology
imaging on the same

slide.

Subcellular High
RNA (5000+)

+ Protein
(~4–10
markers)

FFPE & FF High-precision multi-omics
co-localization.

CODEX ×
RNAscope

Multiplexed protein
imaging followed by
targeted RNA in situ

hybridization.
Subcellular Medium-

High
Protein (100+)
+ RNA (a few

targets)
FFPE

Deep profiling of cellular
functional states (protein)
and key gene expression.

Simultaneous
multimodal

DBiT-seq (2020)

Simultaneously captures
RNA and protein via

microfluidic barcoding
(oligonucleotide-tagged

antibodies).

10–25 µm Medium
RNA +

Protein (a few
to tens of
markers)

FF
Matched transcriptome and

proteome data from the
same cells.

[26,51,52]

GeoMx (2019)
Non-destructive; tissue
section can be used for
subsequent staining.

Multicellular,
ROI-level

High
sample-

throughput

Whole
transcriptome

(18,000+
RNA) +

High-plex
protein (100+)

FFPE & FF

Clinical biomarker
discovery, regional analysis

of tumor/immune
microenvironment,

retrospective pathology
studies.

CosMx SMI 2.0
(2024)

Dual RNA and protein
detection, version 2.0,
significantly increases

RNA coverage.

Single cell
and

subcellular,
~0.5–1.2 µm

High-plex

6000+ RNA
(up to whole-
transcriptome
~18 k plex) +

64-plex
protein

FFPE & FF
Studying complex

ligand–receptor interactions
within tissues.

G4X (2025)

Enables in situ
multi-omics detection,

allowing for the
simultaneous

measurement of RNA
and proteins in a single

run.

Single
molecule High

RNA:
~300–500

genes
(Targeted).
Protein:
~15–18
markers.

FFPE
Supports 3D spatial
multi-omics analysis

through serial sections.
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2.1.1. Spatial Transcriptomics

Spatial transcriptomics reveals gene expression patterns
and cellular behaviors within the TME by mapping gene
expression profiles onto tissue sections and correlating
these data with their spatial coordinates [8,53]. Early tech-
nologies relied on array-based transcript capture; how-
ever, their spatial resolution was limited. Modern high-
resolution techniques combine imaging and sequencing
methods, including in situ sequencing and probe-based
approaches, enabling transcript localization at subcellu-
lar resolution while preserving spatial information [54,55].
By registering consecutive tissue slices to reconstruct 3D
transcriptional spatial information and integrating tempo-
ral data, dynamic spatial transcriptomics has emerged as
an extension of spatial omics [56]. Recent deep learn-
ing models have contributed to the technical optimiza-
tion of these technologies. Advances in AI-assisted real-
time transcriptome reconstruction, combined with neu-
ral network–based simulations of treatment-induced tran-
scriptional remodeling, have enhanced the capacity to dy-
namically monitor transcriptional changes from baseline
through the development of treatment resistance [57].

2.1.2. Spatial Proteomics

Spatial proteomics addresses the limitations of spatial tran-
scriptomics by directly providing information on the spa-
tial distribution of functional proteins. Through mass
spectrometry imaging (MSI) and cyclic labeling strate-
gies, spatial proteomics enables the simultaneous quan-
tification of dozens to hundreds of proteins, overcoming
the multiplexing limitations of traditional immunofluores-
cence techniques [58]. In dynamic spatial proteomics, ad-
vanced high-resolution imaging techniques enable track-
ing of protein reprogramming throughout treatment [59].
Xu et al. employed Panoramic Spatial Enhanced Resolu-
tion Proteomics to monitor spatial gradients in key pro-
teins, such as epidermal growth factor receptor, within tu-
mors, thereby supporting the prediction of drug-resistant
clone expansion [60].

2.1.3. Other Spatial Omics Technologies

Other omics layers, such as metabolomics and epige-
nomics, are expanding the research dimensions of spatial
omics [61]. Spatial epigenomics investigates the spatial
distribution of epigenetic modifications, including DNA
methylation and histone modifications, providing insights
into how these regulatory mechanisms function across dif-
ferent tissues and cellular environments [62].

Spatial metabolomics employs imaging mass spec-
trometry to characterize spatial metabolite gradients, such

as lactate accumulation in hypoxic regions, thereby pro-
viding insights into the spatial heterogeneity of tumor
metabolic reprogramming [45,63]. The incorporation of
Matrix-assisted laser desorption ionization MSI and ion-
mobility spectrometry has markedly broadened the de-
tectable repertoire of small molecules and lipids, with sub-
stantial gains in sensitivity and resolving power [64,65].
Extensions of spatial metabolomics, such as SpaceM, en-
able high-resolution characterization of subcellular spatial
features [66].

2.1.4. Spatial Multi-Omics and the Integration of
Multimodal Data

Spatial multi-omics technologies capture the distribution
of multiple omics layers within tissue space, offering a
multidimensional view of cellular behavior and spatial in-
formation. By integrating spatial transcriptomics with spa-
tial proteomics and other omics layers, researchers can
characterize functional states and regulatory networks of
tumor-infiltrating immune cells. The integration of spa-
tial multi-omics is further advanced through data fusion
algorithms, such as soScope, developed by Li et al., and
MultI-modal Spatial Omics, developed by Coleman et al.,
which enhance the efficiency and utilization of spatial
omics data [67,68].

Current state-of-the-art technologies emphasize
cross-modal integration, including AI-driven alignment
algorithms that enable pretraining across diverse omics
datasets while incorporating spatial information for com-
prehensive molecular characterization of cells [69]. For
instance, the integration of single-cell and spatially re-
solved multimodal approaches enables a multidimen-
sional and comprehensive understanding of molecular in-
formation across epigenomics, transcriptomics, and pro-
teomics [70]. These technologies have provided insights
into the complex, multilayered interactions underlying
cancer biology.

2.2. Spatial Omics--Derived Spatial
Signatures and Clinical Oncologic Links

A spatial signature refers to the characteristic spatial pat-
tern or sets of features defined by the relationships among
cell types, molecular expression profiles, and spatial lo-
calization within tissues or the TME. By leveraging spa-
tial signatures, multidimensional information encompass-
ing gene expression, spatial localization, and intercellular
interactions can be interpreted and, when necessary, in-
tegrated through three-dimensional serial-section registra-
tion and cross-modal alignment (Figure 2).
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Figure 2: Spatial Signatures and Clinical Links. This figure summarizes the major spatial signatures and their clinical relevance.
These spatial features, such as how cells interact, how molecules spread, and the boundaries between tumor and supporting tissue, are
key to understanding why tumors differ and how they respond to treatment. Spatial signatures may inform clinical decision-making
by providing a dynamic and integrated view of the TME and its functional organization.

2.2.1. Spatial Molecular Gradient

Gradient-related phenomena within the TME, including
hypoxia, drug penetration, nutrient availability, and pH
variation, contribute to a complex landscape of spatial
heterogeneity. Gradient signatures map these spatial fea-
tures onto tissue architecture, enabling the characteriza-
tion of the relationships between continuous spatial varia-
tions and cellular state trajectories, clonal landscapes, and
patterns of immune infiltration [71]. The tumor center
and periphery exhibit reproducible pathway stratification,
with the center tending toward metabolic and high-energy
states, while the periphery is enriched in inflammation and
innate immunity [72]. Greenwald et al. developed a five-
layer gradient model that integrates hypoxia, blood supply,
and cellular states in glioblastoma using a cross-modal
framework that combines Visium and CODEX technolo-
gies. This study also validated the consistency of inter-
nal and external tumor gradients across multiple spatial
scales [73].

By integrating spatial risk maps, gradient signatures
can identify features such as drug penetration barriers, re-
sistant ecological niches, and immune exclusion. These
insights can inform clinical strategies for drug optimiza-
tion, dose stratification, and the sequencing of therapeu-
tic interventions. Research conducted by Natalie Landon-
Brace et al. demonstrated that oxygen gradients can in-
crease the proportion of basal-like cells, which is associ-
ated with resistance to gemcitabine [74]. Terrassoux et al.
recreated the spatial heterogeneity of treatment responses
by engineering radial gradients of hypoxia and acidifica-
tion within an extracellular matrix (ECM)-composite mi-
croenvironment. Their work successfully characterized
the spatial origins of radioresistance and established a
controllable platform for investigating the relationship be-
tween microenvironmental gradients and the emergence
of treatment resistance [75]. Recent advancements in
the controllable modeling and visualization of gradients
in the TME have provided actionable toolchains to push
mechanisms toward clinical applicability. Auxillos et al.
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developed an integrated microfluidic system capable of
generating and monitoring pH gradients in a 3D colla-
gen matrix in real time. This system enables the simul-
taneous integration of live-cell imaging and spatial tran-
scriptomic sequencing, thereby providing a continuous
framework for mapping the progression from microenvi-
ronmental gradient perturbations to spatially resolved tran-
scriptional responses [76]. Meanwhile, MSI directly im-
ages the tissue distribution of drugs or metabolites, identi-
fying pharmacokinetic resistance and optimizing dosage
and administration paths, while photoacoustic chemical
imaging noninvasively and quantitatively monitors pH to
predict chemotherapy efficacy [77–79]. Thus, gradient
signatures not only quantify spatial phenomena but also
serve as spatial biomarkers for neoadjuvant and perioper-
ative treatment stratification, enabling the early identifi-
cation of poorly permeable and therapy-resistant ecologi-
cal niches and guiding the optimization of sequential treat-
ment strategies.

2.2.2. Cellular Neighborhood

Cellular neighborhood signatures characterize the spatial
organization of cells by identifying which cell types are ad-
jacent and the interactions between them. Cellular neigh-
borhood analysis further partitions tissues into distinct spa-
tial microenvironments, or niches, thereby revealing fac-
tors that influence tumor progression and therapeutic re-
sponse.

The hot/cold/excluded framework has become a
common paradigm for immunotherapy stratification. In
this context, immune-hot, immune-cold, and immune-
excluded phenotypes are not merely distinguished by dif-
ferences in immune cell abundance; rather, they are de-
fined by the spatial architecture of immune cells and their
functional states within the tumor microenvironment [5,
80]. In a 3D context, spatial scoring of immune hot/cold
neighborhoods surrounding spatial subclones, based on
distance- and neighborhood-related relationships, can
more accurately predict patient outcomes and therapeutic
responses [81,82]. The spatial neighborhoods and func-
tional interactions among tumor cells, myeloid cells, and
T cells further define the fundamental distinction between
immune-hot and immune-excluded phenotypes, provid-
ing mechanistic insights into the heterogeneity of re-
sponses to immunotherapy [83]. In the multimodal breast
cancer atlas, recurrent immune-stroma-tumor niches and
a PD-L1/PD-L2-positive macrophage population associ-
ated with clinical outcomes were identified, providing a
cellular basis for the immune-hot/immune-excluded clas-
sification [84]. Compared to total immune quantity, the
combined effects of “location × composition” provide a

more robust explanation of prognosis. Zhang et al. con-
firmed that immune hotspots enriched with effector T cells
are located more frequently at accessible tumor periph-
eries/interfaces rather than deep within the tumor core.
Notably, the study demonstrated that the spatial local-
ization of these hotspots is a stronger predictor of clini-
cal outcomes than effector T-cell abundance alone [85].
BANKSY, developed by Vipul Singhal, is a machine-
learning framework that integrates spatial information
through a biologically informed approach, enabling the
clustering of cells into distinct cell types or tissue domains.
It encodes the cellular microenvironment using spatial ker-
nels, thereby quantifying gene expression gradients sur-
rounding each cell [14,86].

Cellular neighborhood signatures provide incremen-
tal information that extends beyond conventional ap-
proaches based on total cell abundance or single biomark-
ers. Large cohort studies using imaging mass cytome-
try have revealed that the spatial organization of cellular
neighborhoods and multicellular ecological patterns is not
only closely associated with molecular subtypes and so-
matic alterations but also correlates with prognosis and ad-
verse clinical outcomes. This suggests that the coupling
of genomics to ecology can directly manifest as clinical
risk phenotypes through the structure of cellular neighbor-
hoods [87,88].

2.2.3. Inter-Domain Interfaces

Inter-domain interface signatures focus on the organiza-
tional boundaries and material exchange between two eco-
logical or clonal domains. This includes the location,
width, and curvature of the interface; alterations in cellu-
lar composition and pathway activity on either side of the
interface; and the enrichment of specific receptor–ligand
interactions at the interface. By combining morphological
and molecular segmentation to delineate the tumor inva-
sive frontier and tumor–stroma boundary, a symbolic dis-
tance field can be constructed to quantify layering indices,
surface roughness, curvature, and cross-boundary interac-
tion flux. These are further assessed for 3D continuity and
curvature through nonlinear registration of multiple slices.

Ordered and permeable interfaces are often associ-
ated with greater immune infiltration and improved clin-
ical outcomes. In contrast, serrated or highly curved in-
terfaces, accompanied by strong stromal responses and
reduced T cell functionality, suggest a synergistic re-
lationship between structural barriers and immune sup-
pression. According to the tumor–stroma interface band
framework proposed by Feng et al. in colorectal can-
cer, disorganized and accessible tumor–stroma interfaces
are associated with enhanced immune infiltration and im-
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proved responsiveness to immune checkpoint blockade.
Conversely, ordered, dense barrier interfaces formed by
cancer-associated fibroblast-ECM (CAF-ECM) are asso-
ciated with T cell exclusion and a lack of response [89].
Keren et al.’s study using Multiplexed Ion Beam Imaging
in triple-negative breast cancer further demonstrated that
the organized stratification of the tumor–immune bound-
ary and the enrichment of inhibitory signaling axes are sig-
nificantly associated with patient prognosis [19].

The ordered stratification of interface structures and
the enrichment of immune/suppressive axes are associ-
ated with clinical outcomes and therapeutic responses.
In cutaneous squamous cell carcinoma, Andrew L. Ji
et al. demonstrated that the tumor frontier is character-
ized by tumor-specific keratin enrichment and is located
adjacent to the CAF-endothelial fibrous-vascular ecologi-
cal niche, accompanied by Treg–CD8 co-localization and
CD8 exclusion immune patterns. This suggests that the
coupling between interface architecture and immune sup-
pression may represent a critical determinant of variabil-
ity in response and resistance to immune checkpoint in-
hibitors [90]. The immune microenvironment at the in-
terface and CAF-mediated signaling axes frequently con-
stitute druggable targets. At the invasive frontier of
basal cell carcinoma, tumor-derived Activin A, encoded
by inhibin βA, drives ECM remodeling through activin
receptor-like kinase 4 on CAFs, highlighting the thera-
peutic potential of targeting these tumor–stroma interface
pathways [91]. This interface pattern is also recapitulated
at the spatial protein level across large cohorts and high-
lights the involvement of the TGF-β/VEGF axis [92]. A
similar matrix-receptor-pathway-transcription factor cas-
cade has been validated across multiple cohorts in consen-
sus molecular subtype 2-dominated colorectal cancer, fur-
ther supporting the stratification and therapeutic potential
of interface signatures [93]. Therefore, interface geome-
try and interactions serve not only as descriptive morpho-
logical features but also as predictive indicators of neoad-
juvant and perioperative treatment responses, as well as
spatially defined targets for combination therapies.

2.2.4. Functional State Spatialization

Pathway and state signatures characterize the func-
tional states of cells, including exhaustion, proliferation,
epithelial–mesenchymal transition, and stemness, as well
as their associated pathway activities within spatial coordi-
nates. These signatures focus on the spatial layout and co-
occurrence/exclusion relationships of these states within
the microenvironment. Pathway/State signatures trans-
late specific functional states into spatial hotspots or band-
like enrichment patterns, together with their connectivity

and self-correlation characteristics. A common analytical
pipeline begins with the calculation of state scores using
single-sample gene set enrichment analysis, gene set activ-
ity scoring methods, or protein composite markers. This is
followed by generating spatial heatmaps and quantifying
Moran’s I/Geary’s C, hotspot area, and connectivity. Fi-
nally, these spatial features are integrated with neighbor-
hood and interface characteristics to determine whether
they represent structural hotspots [94].

Zhang et al. found that immune hotspots within
tumors are not necessarily high-functioning immune ac-
tivation zones. Instead, these regions are associated
with increased B-cell enrichment signals, a decreased
CD8+/Treg ratio, and reduced T–B interaction diversity,
reflecting an immunosuppressive state profile. This pat-
tern suggests that the spatial position of the hotspot drives
the functional state, rather than the functional state deter-
mining the spatial position of the hotspot [85]. Combined
analyses of multiplex imaging and spatial transcriptomics
have further demonstrated that exhaustion hotspots are fre-
quently located on the tumor side of the tumor–immune
interface and co-occur with immunosuppressive signaling
axes [19]. Therefore, evaluating immune functionality re-
quires more than assessing immune cell abundance or the
presence of hotspots; it also necessitates the integrated
evaluation of state scores together with hotspot location
and type. Ma et al. introduced CalicoST, providing a crit-
ical framework for tracing expression signals back to their
genetic drivers, thereby closing the loop between spatial
evidence, underlying mechanisms, and clinical decision-
making [95].

3. AI-Driven Multiscale Data
Integration and Virtual Cell
Construction

Cells exist and interact in 3D space, and 3D tissue recon-
struction enhances our understanding of disease mecha-
nisms [8,12,24]. The key advantage of spatial omics is its
spatial sensitivity—the ability to analyze molecular pro-
files of cells in their original tissue context. This enables
the capture of critical features such as immune infiltration,
cell–cell interactions, and clonal organization, all of which
serve as fundamental building blocks for the development
of computable virtual organs [96–98]. Complementary
high-dimensional inputs, such as spectral cytometry data
profiling immune cell subsets, further refine the cellular
representation, particularly for modeling the complex im-
mune landscape relevant to cytotoxic therapies [99,100].

Once spatial omics has revealed the complexity of
tumor ecology, the next challenge is to transform these
high-dimensional, heterogeneous, and spatiotemporally
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distributed data into computable biological units. Ad-
dressing this challenge is essential for translating spatial
insights into practical clinical applications in diagnosis
and treatment. Systematic differences across platforms in
resolution, throughput, measurable molecular dimensions,
and sampling intervals make information alignment and
cross-validation more difficult [49,96]. AI, particularly
graph neural networks (GNNs), generative models, and
Bayesian temporal models, offer new avenues for cross-
modal integration and dynamic simulation, enabling spa-
tial remodeling and providing a novel bridge for translat-
ing basic research into clinical practice [56,101–104].

3.1. Unified Representation Specific to
Tumors

Tumors can be regarded as heterogeneous cellular sys-
tems composed of diverse microenvironments that con-
tinuously exchange information, thereby driving dynamic
changes. A unified representation for tumors (UR-Tumor)
has been introduced as a tumor-specific framework that
provides a coherent digital representation at the cellular
and microenvironmental levels [17,105]. Virtual cells
achieve an operable and shareable state by mapping bi-
ological data into the UR space. Through the reconstruc-
tion of cellular activity, spatial omics data transform static
spatial images into dynamic, continuously updatable vir-
tual cellular frameworks, with the two approaches serving
complementary roles [96].

In virtual cell modeling, an ideal strategy is to con-
struct models across three hierarchical levels: molecu-
lar entities, single cells, and multicellular systems [106].
When modeling a single molecular species, protein lan-
guage models may be more suitable for dynamic modeling.
However, such approaches may lose fine-grained struc-
tural information compared with atomic-level modeling
methods [107,108]. When building the state of individ-
ual cells, molecular interactions and signal networks are
used, and molecular- or imaging-specific representations
are employed to construct units [109–111]. Swat et al.
used CompuCell3D to develop a multicellular virtual tis-
sue model. In this model, external factors, such as nutri-
ent and oxygen gradients and boundary conditions, were
incorporated as constraints, whereas inheritable internal
physical parameters of biological entities, including cell
adhesion forces and survival thresholds, were treated as
adjustable variables [112]. It is essential to obtain stable
functional expressions for these units to ensure accurate
predictions while maintaining mechanistic interpretability
and system scalability. In contrast, constructing multi-
cellular models places greater demands on spatial infor-
mation. Spatial characteristics in two-dimensional tissue

slices and three-dimensional tissue volumes, such as spa-
tial signatures, can be obtained by simulating with graph
learning techniques, for example, GNNs and equivariant
neural networks [113–115]. Jeong et al. investigated lung
adenocarcinoma and used this model to characterize the
exhaustion patterns of CD8+ T cells at the tumor interface,
supporting the prediction of responses to immune check-
point blockade [116].

The main task of UR-Tumor is to achieve cross-
modal alignment via multi-modal representation. Cross-
modal alignment is achieved through the joint training
of transcriptomic, proteomic, and morphological data to
construct a shared embedding space during the learning
process. Contemporary multimodal deep-learning frame-
works build a shared latent space. In spatial omics, meth-
ods such as Tangram and DestVI are particularly appro-
priate [103,117]. For instance, combining spatial tran-
scriptomics with multiplex immunofluorescence protein
maps via a shared embedding reduces batch effects and
inter-slice variations [118–120]. Uncertainty estimation
is essential; Bayesian neural networks or Monte Carlo
dropout can be used to quantify uncertainty, and when
uncertainty exceeds a predefined threshold, data reacqui-
sition and model reevaluation can be initiated, although
this may increase the computational burden of the an-
alytical pipeline [121,122]. Spatial batch-effect correc-
tion in spatial omics data can be achieved using Har-
mony or Seurat-based approaches, while spatial regu-
larization can be applied to preserve geometric struc-
ture. Such cross-modal alignment also facilitates three-
dimensional reconstruction, enabling the inference of
tissue-level architecture from a limited number of tissue
sections [123–126].

Static models are unable to account for treatment-
induced changes and deformation. In contrast, mul-
tilevel virtual cell models can incorporate temporal
dynamics and achieve long-term information integra-
tion through Bayesian filtering or neural differential
equation-based approaches. The newly obtained spa-
tial omics data can be used to update the cellular state-
transition matrix through particle filtering, thereby pre-
dicting the evolution of drug-resistant clones under mul-
tiple cycles of chemotherapy [127–129]. In principle,
this framework is expected to incorporate new spatial
omics data after each treatment cycle, and UR-Tumor
will be upgraded from a static substrate to a dynamic
representation [130].

AI can combine sequencing and imaging data to cre-
ate dynamic virtual-cell models for research and clinical
applications. In addition to generating animations, this
tool offers several additional functionalities. It enables
visualization of changes in the expression of numerous
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genes across developmental stages and under various con-
ditions throughout an organism’s life cycle. These capa-
bilities facilitate the investigation of the tumor microenvi-
ronment across multiple spatial and biological scales.

3.2. Oncology-Specific Virtual
Instrument

Multimodal foundation models integrating RNA, protein,
and DNA data can be assembled into virtual cells and sub-
sequently expanded into patient-specific VTOs [69,131].
Based on UR-Tumor, virtual instrumentation for therapy
(VI-Therapy) has been proposed as a specialized virtual
instrument that operates on UR-Tumor embeddings to
perform a range of patient-level functions and tasks, in-
cluding therapeutic simulation and clinical decision sup-
port. By perturbing the URs of molecules, cells, and
tissues as input, the decoder can encode biological enti-
ties and predict one or more specific attributes, includ-
ing physical structure, cell type or state, adaptability, ex-
pression patterns, and drug responses [17]. Wenckstern
et al. developed VirTues as a representative virtual tis-
sue foundation model capable of learning unified cross-
scale representations from spatial proteomics data. Key
design features include protein language model embed-
dings for marker identity encoding, factorized attention
mechanisms for processing high-dimensional data, and hi-
erarchical summary tokens that facilitate multi-scale anal-
ysis. As demonstrated in the triple-negative breast can-
cer case in Keren et al.’s study, virtual biomarkers de-
rived from patients’ pre-treatment biopsy samples can be
used to predict the likelihood of response to anti-PD-L1
therapy. Furthermore, when integrated with additional pa-
tient data, these biomarkers enable more accurate assess-
ment of survival outcomes than conventional approaches.
Models capable of generating such high-quality tissue
representations provide important technical support for
VI-Therapy [132].

Virtual biopsy may be implemented as a potential
function of VI-Therapy. Through the use of UR-Tumor
to generate spatial risk maps highlighting high-risk areas,
such as simulating sample collection along vascular path-
ways in glioblastoma to predict drug infiltration and the
dispersion patterns of stem-like tumor cells, these pro-
cesses can be achieved without additional invasive proce-
dures [133]. In prostate cancer, Sandy Figiel et al. an-
alyzed the gene expression profiles of different prognos-
tic features within a virtual biopsy framework to further
investigate tumor heterogeneity [134]. This capability
is based on generative adversarial networks or diffusion
models, which convert stochastic noise into structured out-
puts, such as images or text, thereby enabling the impu-

tation of unobserved regions while maintaining the real-
ism of the simulation [135,136]. Virtual tumor models
can be evaluated using multi-feature integrative classifiers
and performance metrics to enhance virtual diagnosis and
treatment planning [137,138].

Therapeutic what-if simulations expand the scope of
VI-Therapy, enabling the modeling of local-to-systemic
effects associated with dosing, treatment sequencing, and
combination regimens. Ji GW et al. developed an im-
mune machine learning model based on gradient boost-
ing machines, demonstrating that dense, reactive stroma
restricts immune infiltration and, together with PD-1/PD-
L1-mediated functional suppression, defines a high-risk
group, thereby revealing an “immune infiltration gradi-
ent.” [139]. In immunotherapy, such simulations can also
be expanded to evaluate the reversal of interface-level ex-
haustion by PD-1 blockade and to simulate the dynamics
of T-cell infiltration [140]. The prioritization of combina-
tion strategies can be optimized using Monte Carlo Tree
Search or reinforcement learning, thereby improving dose
selection, the sequencing of radiotherapy, chemotherapy,
and immunotherapy, as well as the design of combination
regimens, providing an implementable pathway toward in-
dividualized cancer treatment [141–143].

By using AI to transform spatial omics data into a dy-
namic virtual cell framework, an essential step has been
taken toward the precise and scalable translation of ba-
sic research findings into clinical oncology applications.
UR-Tumor provides a unified representation of cancer-
related spatial omics, while VI-Therapy enables clinically
oriented simulation; together, they support the construc-
tion of VTE.

4. From VTCs to VTOs and
Patient-Level Applications

Single-time-point spatial data are difficult to translate di-
rectly into practical clinical tools. However, when de-
veloping a tumor-specific VTE that integrates AI tech-
nologies and spans from virtual cells to VTOs, the use
of multiscale modeling is feasible. In addition, by in-
tegrating pre- and post-treatment information, a patient-
specific feedback loop can be established to help ensure
therapeutic effectiveness [144,145]. Compared with pre-
vious models, this approach emphasizes online updating,
while uncertainty is handled more flexibly to maintain
clinical practicality. In this way, clinicians can use the
model to optimize treatment strategies based on the spe-
cific characteristics and needs of individual patients, while
also enabling earlier identification of potential drug resis-
tance [146,147].
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4.1. VTE Assembling

The assembly of a VTE can be conceptualized as a mul-
tilayered reconstruction process based on spatial data, be-
ginning with the generation of virtual cells and progres-
sively expanding into a three-dimensional, multicellular,
multiclonal model that replicates the complex interactions
within the TME. Throughout this progression, cellular spa-
tial signatures, such as signaling mechanisms driven by
cytokine gradients and receptor activation, molecular gra-
dients shaped by the distribution of oxygen, nutrients, and
metabolites, and interface dynamics arising from cell-cell
interactions, serve as core components. These elements
are implemented through the instantiation of agents, cellu-
lar automata, and related modeling frameworks [148,149].
For example, in agent-based models, the state-transition
probabilities of agents are adjusted to simulate processes
such as clonal expansion and immune evasion [150].

To enhance the realism of VTE, the finite element
method can be used in assembly to simulate diffusion

fields and obtain permeability and uneven distributions
under drug gradients [151]. State switching, clonal ex-
pansion, and immune escape are regulated according to
distinct rule sets that govern their interactions under dif-
ferent conditions, thereby enabling the simulation of these
processes [15,152].

To ensure the robustness of the model in VTE as-
sembly, uncertainty management is required. By introduc-
ing Monte Carlo sampling or Bayesian inference at each
stage of the simulation, the model can quantify paramet-
ric uncertainty. If this uncertainty exceeds a predefined
threshold, it should be determined whether the model pa-
rameters require readjustment or whether additional data
needs to be collected [153]. This robustness makes VTE
particularly applicable to highly complex tumors, such as
glioblastoma [154]. VTE, when integrated with digital
twin ecosystems, can be extended to the whole-body scale
to model metastatic spread and systemic responses [152]
(Figure 3).

Figure 3: Schematic diagram illustrating the cross-scale role of VTCs in advancing toward patient-level clinical applications. Repro-
duced with permission from Bai and Su [155].

4.2. Patient-Level Digital Update
Pipeline

VTE construction requires the integration of data from
multiple sources, including electronic health records, ge-
nomic information, imaging examinations, and laboratory

indicators; otherwise, it cannot provide a robust founda-
tion for digitalization. In terms of clinical application,
VTE needs to be integrated into a system-level digital
update framework and, through a closed-loop feedback
mechanism, continuously optimize the pathway from sig-
nal acquisition to decision-making output. During data
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acquisition, sparse sampling of key molecular features
and spatial compositional analysis are combined with AI-
driven image–morphology registration to establish an ini-
tial VTE evaluation model. Here, scalable and robust
spatial clustering algorithms are required to rapidly iden-
tify discontinuous tissue domains and microenvironmen-
tal niches from sparse clinical inputs, ensuring timely
model recalibration [156]. Over time, new data will be
introduced into the system. Tools such as Kalman fil-
ters can be used to update model states promptly when
new observations become available within the UR-Tumor
framework. It also uses the area under the receiver oper-
ating characteristic curve and other performance indica-
tors to monitor its own performance [152,157]. To en-
sure that these updates reflect the evolution of living or-
ganisms rather than discrepancies arising from different
operating conditions, robust computational alignment is
required [158].

Batch effects must be eliminated while preserving
genuine biological differences [159]. Out-of-distribution
detectors can be incorporated into the VTE during moni-
toring. These tools have been implemented using a variety
of models and training datasets and generally operate ef-
fectively without significant complications. These tools
can measure uncertainty in the monitored data stream.
When confidence falls below a certain threshold, the sys-
tem may recommend a repeat biopsy or additional imag-
ing [160]. Human verification remains essential. Ex-
perts must ensure that tumor representations within the
digital twin environment accurately reflect biological re-
ality. They must verify that model-generated predictions
are consistent with clinical judgment and laboratory find-
ings. Pharmaceutical companies and research institutes
have begun exploring the clinical applications of digi-
tal twins. The development of a comprehensive digital
twin for each patient remains a major objective of future
medicine [152].

To enable broader clinical implementation and en-
able its use by doctors, several key challenges need to
be addressed [161]. For clinical implementation, the sys-
tem needs to integrate with existing clinical workflows. It
should request new data or updates only at points when
doctors typically make decisions. Alternatively, the sys-
tem can be continuously monitored, and an update can be
triggered when uncertainty is detected; the threshold for
“uncertainty” is determined by the level of risk the patient
can tolerate. The model must also provide answers that
clinicians can apply in practice. These predictions must
be validated in real-world clinical settings to determine
whether the anticipated outcomes, such as tumor reduction
and prolonged recurrence-free survival, can be achieved.
Performance metrics such as the area under the curve and

the C-index can be used to evaluate these tools. When
presenting information to clinicians, the model should dis-
play results through a clear interface with informative vi-
sualizations, such as risk maps, side-by-side comparisons
of treatment options, and a ranked list of interventions by
predicted effectiveness [162].

4.3. The Current State of Digital Twin
Development

At the cellular level, researchers have integrated six omics
modalities across cell lines and human tissue samples
from ten tumor types to construct a database of protein and
peptide targets associated with multiple therapeutic path-
ways, enabling the simulation of drug–cell interactions
and the development of resistance [146,163]. At the tissue-
organ level, virtual tumor platforms such as Oncosimu-
lator integrate genomics, proteomics, metabolomics, and
imaging data to reconstruct spatiotemporal evolution at
the supracellular and tissue levels. Wang et al. calibrated
data from mouse bladder cancer studies to construct vir-
tual tumors containing high- and low-antigenicity tumor
cells and incorporating different cytotoxic T-lymphocyte
killing mechanisms. By comparing agent-based models
with ordinary differential equation models, it was found
that the spatial complexity of the TME significantly in-
fluences the efficacy of PD-1/PD-L1 immune checkpoint
inhibitors [164]. Within the European CHIC project, this
platform has been applied to preoperative chemotherapy
planning for Wilms tumor and to radiotherapy response
prediction in non-small cell lung cancer, demonstrating
a high degree of concordance with actual clinical out-
comes [145,165]. At the patient level, the GLIOMATH
study achieved clinical validation of an individualized
biomechanical model for glioblastoma, which utilizes pa-
tient magnetic resonance imaging data to reconstruct a bio-
chemically and mechanically coupled virtual TME. The
model achieved 99% agreement with the observed tu-
mor growth pattern in a 55-year-old patient over an eight-
month period. Therefore, it became the first system to
enable postoperative tumor digital twin monitoring and
treatment planning [166]. Analogous systems, including
CPDT and the DITTO visual digital twin platform, have
also developed individualized cancer evolution models
and interactive virtual patient frameworks based on mul-
timodal data for breast cancer and head-and-neck malig-
nancies, respectively [167,168].

By integrating diverse data modalities, VTE bridges
fundamental biology and translational medicine. This
will help promote the development of precision oncology.
Cancer research is increasingly applying the concept of
digital twins to help scientists and doctors address the com-
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plexity and challenges associated with drug development
in laboratory studies and clinical trials. This provides a
foundation for tailoring treatment adjustments to individ-
ual patients in clinical practice.

5. Limitations and Challenges

Despite the considerable clinical potential of combining
spatial omics with VTOs, the field still faces substantial
challenges. First, cross-modal alignment and integration
remain technically immature. Integrating spatial transcrip-
tomic, proteomic, and epigenomic data into a unified rep-
resentational format is prone to failure modes. Although
AI can assist with unification by leveraging large-scale
data, both the construction of faithful virtual cell mod-
els and the realization of patient-updatable VTEs impose
stringent demands on cross-modal data quality and ana-
lytic pipelines [169,170]. In the near term, efforts to inte-
grate data across institutions are likely to face challenges
stemming from batch effects and interoperability issues
arising from differences in spatial omics platforms and
protocols, further compromising model robustness and
generalizability.

At the same time, current approaches for construct-
ing virtual cells and organ remain immature. Although
methodological advances have been achieved in this
emerging field, validation evidence and real-world clin-
ical applications remain limited [171]. Progress is con-
strained by the limited availability of measured data and
the lack of standardized approaches for model develop-
ment.

Second, the application of deep learning in this con-
text involves inherent methodological risks that must be
recognized [172]. One challenge is that deep neural
networks often operate as black boxes, making it diffi-
cult for clinicians to understand the rationale underlying
model-generated predictions and decisions. If the ratio-
nale for establishing virtual models remains unclear, clin-
icians may be reluctant to trust these models when plan-
ning critical treatments. Generative AI models used to
create virtual cells may also produce biologically plausi-
ble but unsupported outputs, often described as halluci-
nations [173,174]. If model outputs remain insufficiently
interpretable, their adoption as clinical decision-support
tools will be limited. In addition, generative AI systems
may produce fabricated content, generating biologically
plausible details that appear realistic despite not being sup-
ported by the underlying data [162,175].

In addition, spatial analysis based on biopsy samples
is limited by the representativeness of the biopsy, and fac-
tors such as tissue subtypes, tumor grades, and clonal com-
positions may all influence expression patterns, thereby

affecting the credibility of virtual-organ predictions [134].
Although spatial omics workflows can be naturally inte-
grated into routine histopathological processes and com-
plement virtual cell construction, their clinical translation
still requires standardized procedures and robust valida-
tion frameworks [15]. Particularly when these models
are used to support clinical decision-making, their out-
puts should be transparent and verifiable. As reported
by Sandy Figiel et al., although virtual tumor biopsies re-
vealed substantial differences in gene expression among
distinct grade groups and tumor clones at the bulk level,
such analyses may still lead to inaccurate characterization
of gene signatures [134].

In addition, a fundamental challenge lies in the
data’s scale and complexity. Although the volume of
biological sequence data is enormous, the capacity of
mainstream AI training corpora remains limited. Sys-
tematic research on the scaling laws governing model
performance is required, along with robust strategies for
filtering and accurately discarding redundant data [176].
In addition, the construction and continuous updating
of patient-specific digital twins require substantial com-
puting power; large-scale spatial omics data process-
ing and complex AI model training need significant
graphics processing unit resources and scalable cloud
infrastructure [172].

In addition to the technical and logistical challenges
involved, the use of patient data to construct clinical VTE
and digital twin models raises significant concerns about
data privacy, project governance, and ethical oversight.
How to leverage existing AI ethics frameworks and in-
tegrate them with medical regulation to build an ethical
framework for patient digital models remains a pressing
and unresolved issue [172,177].

6. Outlook

As foundation models capable of joint pretraining across
RNA, protein, and epigenetic modalities continue to ad-
vance, the transition from “virtual cells” to truly patient-
specific “VTOs” may become achievable. These sys-
tems could be used to perform virtual biopsies at each
treatment cycle and to simulate and evaluate therapeu-
tic regimens, thereby converting spatial omics evidence
from tumor cells into calibrated, continuously adapt-
able personalized clinical decisions. Finally, through
VTC-based VTOs, multi-institutional data sharing, stan-
dardized platforms, and cross-disciplinary collaboration,
VTOs may become a core infrastructure of precision on-
cology, accelerating the digital transformation of cancer
care [178].
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7. Conclusions

Spatial omics technologies are transforming the under-
standing of tumor ecology by revealing the molecular,
cellular, and spatial organization of the TME. When in-
tegrated with VTEs, the data summarized above have
the potential to be translated into practical applications
in precision oncology. By constructing UR-Tumor and
VI-Therapy, dynamic VTCs can serve as a computational
foundation for simulating tumor development, predicting
drug responses, and developing personalized treatment
plans.

Future research should focus on standardizing data
integration pipelines, improving model transparency,
strengthening multi-institutional data sharing, and en-
abling the development of clinically validated, continu-
ously updatable digital twins. Finally, dynamic VTEs
have the potential to bridge the gap between molecular evi-
dence and clinical application in cancer treatment, thereby
advancing the digitalization of oncology care.
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