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Abstract

Cancer is a serious health problem worldwide. The treatment resistance and variability in clinical outcomes are
both challenges for oncology. The tumor microenvironment (TME) plays a significant role in tumor
development, treatment response, and spatial heterogeneity. These characteristics vary among different cancer
types, patients, and tumor regions. Traditional methods in oncology have not been able to deeply understand the
complexity of these interactions without considering spatial factors. In recent years, the development of spatial
omics has made significant progress. This technology can analyze gene activity, protein expression, and cell

communication within tissues at the same time, providing a deeper understanding of the TME.

This review explores how spatial omics technologies can help connect molecular profiling with clinical
applications. We particularly focus on the concept of a "virtual tumor ecosystem." We discuss how spatial omics
data can be integrated with computational models to build dynamic, patient-specific digital simulations. These
virtual tumor organs can mimic actual tumor behavior and predict treatment responses. The ability to use a
patient's own spatial data to simulate therapies and predict drug resistance represents a significant advance in
precision cancer medicine. The virtual tumor ecosystem can link spatial omics data with the treatment outcomes
of patients, and is expected to enhance the level of personalized cancer treatment. This review summarizes the
latest progress in using spatial omics technology to construct cancer models. We also discuss the main
challenges faced by this method and its future development prospects. We are aiming to promote the clinical

application of related research results and to develop more effective treatment plans for each patient.
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1. Introduction

Cancer is a major health problem around the world. Doctors often find that treatments stop working, and
patients can have very different results. This makes working with the disease hard. Inside a tumor, there is a
special environment. This tumor microenvironment (TME), is made of non-cancerous cells. These cells touch
the cancer cells at the tumor's center and its edges. What the TME looks like changes based on the type of
cancer. It is also different from one person to another. A single patient can even have different TME makeups in
different tumors. Tumors also have their own natural variety inside them. This variety comes from two things.
First, cancer cells develop different genes as they grow and multiply. Second, the cancer cells react with the
body's immune cells and other supporting cells. All of this creates the different features doctors see in different

parts of a single tumor . More and more studies show the physical layout of the TME is a big part of how well

treatments work or why they fail. Doctors sort tumors by these features, calling them "immune hot," "immune

cold," or "immune exclusion." These names show that the small areas where cells live, their tiny three-

dimensional niches, are not just labels. They are directly connected to why a treatment works ™~ .

Using just 2D sample cannot rebuild the full picture of how cancer cells grow in 3D or how immune cells are
arranged. Older methods, which look at many cells mixed together or at single cells, always lose the information
about where things are. To prepare a sample, scientists break the tissue apart. This process removes all
information about where each cell originally sat. Even the most advanced tests for genes or proteins only give a
view of a single moment. This kind of data cannot show how a treatment changes the environment over time. It

also cannot explain the big differences seen from one patient to another. This missing information, which we

call the spatial-temporal-individualization (STI) divide, is a major obstacle to precision oncology".

In the most recent years, spatial omics has rapidly emerged as a technological framework capable of
quantitatively assessing RNA and protein states in intact tissues. Advances in high-throughput sequencing and
imaging technologies make it possible for identifying and characterizing these aspects of heterogeneity. Spatial

omics becomes a pivotal tool for understanding tumor heterogeneity and TME interactions” . Systematic study

of the molecular phenotypes of millions of cells within a tissue context can be conducted, bridging the

limitations of both histology and single-cell omics. Platforms such as Visium and CosMx offer transcriptomic-



level resolution, while techniques like imaging mass spectrometry (CODEX) and multiplex

immunofluorescence enable high-dimensional spatial protein mapping . By integrating tissue clearing and 3D

imaging workflows, these technologies have extended spatial omics into the realm of 3D analysis™". Compared

to traditional bulk and single-cell omics, spatial technologies enable the concurrent analysis of cell types,
neighborhood relationships, and functional pathways in situ within tissues, and are progressively expanding to
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integrate multimodal measurements .

If doctors only use maps that just show where things are, it is hard to use them in the clinic. For them to really
work in the clinic, doctors need to turn that information into working models that show how things change and
why. These models must also be able to change and grow for each patient. This leads to the concept of the
virtual tumor cell (VTC) that integrates spatial omics evidence into a computational, interactive, and iteratively

updatable digital twin framework > **. Building on VTCs, we assemble virtual tumor organs (VTOs). Tumor-

specific virtual organs emphasize translational medical applications. They can integrate multi-scale data through
frameworks such as graph networks and Bayesian methods, simulating drug or immunotherapy interventions
within a virtual environment. As new patient samples are input, these models continuously refresh, offering the

potential to truly close the loop of "evidence— VTC—decision""".

Building virtual cells, and then virtual organs, with the aid of spatial omics evidence updating and upgrading the

loop based on patient-level data, offers an actionable pathway to transform phenomena into decisions. First,

spatial evidence can more directly link the structure of the microenvironment with therapeutic outcomes ™ *".

Secondly, virtual representations enable the simulation of dynamic processes, such as clonal competition,
immune infiltration, and drug diffusion, which are not directly observable, building upon the foundation of static

descriptions@’ =, Thirdly, patient-level updates transform the model from a research tool into a clinical

instrument, capable of supporting biopsy site selection, treatment regimen prioritization, and resistance risk

prediction”. These principles collectively form what we refer to as the virtual tumor ecosystem (VTE). (See

Box 1 for formal definitions and the hierarchical framework)



Box 1: Terminology and Hierarchy of the Virtual Tumor Framework

In this review, we propose that the integration of spatial omics with VTCs and VTOs is an inevitable evolution
in the development of precision oncology. By operationalizing the STI gap, assembling VTEs, and embedding
them into the clinical decision-making loop, this approach holds significant potential. I This approach can
change how useful spatial data is in the clinic, help move findings from molecular tests into treatment plans
faster, and create new ways to get past drug resistance and give each person a therapy made just for them

(Figure 1).
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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 technology has shifted from traditional molecular-level analysis to capturing the spatiotemporal
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 capabilities™. In oncology, these technologies have unveiled

the core mechanisms of cellular heterogeneity and spatial interactions, driving the shift from descriptive studies

to predictive models. Table 1 lists the representative spatial omics technologies.
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Table 1: Comparative Landscape of Spatial Omics Technologies

Technology

Category

Spatial
transcriptomics

Core
Technology
Principle

Multiplexed ISH

In situ
sequencing

Representative
Platforms / Assays
(Year)

seqFISH (2014) /
seqFISH+ (2019)

Xenium (2023)
/Xenium Prime
(2024)

MERFISH
(2015)/MeERSCOPE
Ultra (2024)

Fluorescent In Situ
Sequencing (2014)

STARmap (2018)

ExSeq (2021)

Key Features

Ultra-high resolution enabling organelle-level transcript localization.

High sensitivity; Prime version significantly improves imaging speed and

whole-slide scanning.

High detection efficiency and molecular localization precision; Ultra version

supports larger imaging area.

Visualizes individual RNA transcripts.

Enables 3D imaging. Preserves spatial context in intact tissue.

Uses physical/chemical tissue expansion (hydrogel) for sequencing within

Resolution

Subcellular/Single
molecule

Subcellular, ~200nm

Subcellular, ~100nm

Subcellular

Single cell and
Subcellular

Nanoscale/Super

7

Throughput

Low (limited by

imaging time)

High

Medium -high
(Ultra)

Low

Medium -high

Low

Panel Size/Plex

10,000+ genes

5,000+ genes /
18,000+ WTA

500-1000 genes,
expandable

Targeted, ~5,000
genes / Whole
transcriptome

Highly targeted

(hundreds to
thousands of genes)
Targeted/Untargeted

Sample
Compatibility

FFPE (partial)
& FF

FFPE & FF

FFPE & FF

Fixed Cells &
Tissues

Intact Tissues

Intact

Application Scenarios

Basic research: chromatin structure,
nuclear RNA localization, single-cell gene
expression heterogeneity.

Detailed TME mapping, rare cell type
localization, gene signature validation in 23-26
translational research.

Brain atlas construction, detailed cell atlas,
subcellular RNA distribution studies.

Subcellular RNA localization, analysis of
intra-cellular gene expression
heterogeneity.

3D single-cell transcriptomics in intact
tissues, brain structure mapping.

Nanoscale spatial transcriptomics,
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Spatial

proteomics

In situ capture

Slide-tags

Mass-
spectrometry
imaging
cytology

Slide-seq V2 (2021)

seq-scope (2021)

Stereo-seq
V2(2022)/Stereo-seq
V3(2025)

Visium-HD (2024)

slide-tags (2023)

IMC (2014)/IMC
Hyperion Xti (2023)

MIBI-TOF (2014)

the enlarged space.

High sensitivity; improved capture efficiency vs. V1.

Enables microscope-level examination of spatial transcriptomes.

Combines large imaging area with high resolution.

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

Spatial barcoding for single nuclei, automatic cell segmentation.

Uses metal tags instead of fluorophores, minimal signal crosstalk, very low
background noise.

High sensitivity and wide dynamic range.

Sequencing

~10um (near-single-
cell)

0.5um spot-to-spot
resolution

Subcellular, ~500nm
center-to-center

Subcellular, 2pum
squares

less than 10 pm

Subcellular

Subcellular

High

High

Very high

Medium -high

High

Low-high

Low- Medium

Whole Transcriptome

Whole Transcriptome

Whole Transcriptome

Whole Transcriptome

Whole Transcriptome

30-50 plex

40-50 plex

biological
systems

FF

FF

FFPE & FF

FFPE & FF

FF

FFPE& FF

FFPE

subcellular structure analysis.

Retrospective analysis, high-resolution
tissue mapping.

Study of transcriptome dynamics at
organelle level.

Multi-organ tumor metastasis studies,
large-sample mapping.

Fine-grained TME analysis, retrospective
clinical pathology studies, gene expression
mapping in fine anatomical structures.
Immune microenvironment and ligand-
receptor interactions, 3D digital
reconstruction.

Immune checkpoint analysis, TIME
neighborhood subtype classification.

Structured immune microenvironment
analysis.



CODEX

. . . S o . . L h ies, single-cell i
Cyclic (2018)/PhenoCycler- Relies on cyclic hybridization and imaging. Subcellular Medium -high 100+ plex FFPE & FF arge co o.rt studies, single-ce Proteln
: interaction network construction. 36 37
fluorescence Fusion 6,87
multiplexing
COMET (2023) High automation and very short cycle times. Subcellular Very High 100+ plex FFPE Intra-tumoral clonal structure, spatial

genetic heterogeneity, cancer evolution.

slide-DNA-se Whole Intra-tumoral clonal structure, spatial
9 Built on Slide-seq; maps clonal evolution within tumors 10um Medium -high genome/Targeted FFPE . . > P .
(2021) genetic heterogeneity, cancer evolution.
Panel
Spatial Microdissection- 38.40
genomics based
. . . . Whol Methylati filing of ific ti
LCM-WGBS (2018) Performs whole-genome bisulfite sequencing on microdissected samples. ROI-level Low oe Gegome FFPE & FF cthylation profi 1.n g of specific tissue
Methylation regions.
. . . . . . . . Validation of region- ifi
LCM-RNA-seq Traditional sequencing post-microdissection; highly customizable region Whole a 1d.a ono regpn speet 1c. gene.
. ROI-level Low . FFPE & FF expression from spatial transcriptomics
(2013) selection. transcriptome/Targeted . .
discoveries.
Sinele to few-cell Early embryo development, spatial
Geo-seq (2016) High precision, suitable for trace amounts of tissue. g level Medium -high Whole transcriptome FF transcriptomics of trace amounts of rare
cells.



Spatial

epigenomics

Spatial
metabolomics /
lipidomics

Combination /
Multimodal

integration

scSpatial-ATAC
(2021)

In situ chromatin

profiling Spatial-CUT&Tag
(2021)
sciMAP-ATAC
(2022)
MALDI-MSI
(2000s/2021)
Mass
spectrometry
imaging
DESI-MSI (2000s)
ToF-SIMS (1980s)
Visium + THC/IF
Sequential
multimodal
Xenium + [F/H&E

Combines ATAC-seq with spatial barcoding for in situ chromatin
accessibility profiling. ,

Combines CUT&Tag with spatial technology for in situ detection of histone
modifications or TF binding.

Microfluidics-based combinatorial indexing; retains partial spatial
information.

Most established spatial metabolomics technique; label-free, directly detects
metabolites/lipids.

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

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

H&E/THC/IF imaging first, followed by Visium sequencing on the same
tissue region.

High-plex RNA in situ detection and protein/morphology imaging on the
same slide.

Single-cell, ~10um

10-55um (platform-
dependent)

Cell-cluster level

5-100pum /
Sub-micron, <Sum
(with OTCD)

50-200pm

<lpm

ROI-level / near
single-cell

Subcellular

10

High

Medium

High

Medium

Medium

Low

Medium

High

Genome-wide open
chromatin regions

Targeted epigenetic
marks

Genome-wide open
chromatin regions

Untargeted, hundreds
to thousands of
metabolites

Untargeted, hundreds
of metabolites
Elements, small
molecules, lipid
fragments

RNA + Protein (~10-
40 markers)

RNA (5000+) +
Protein (~4-10
markers)

FF

FF

Fresh nuclei

FFPE (partial)
& FF

Untreated
tissue sections

Various solid
samples

FFPE & FF

FFPE & FF

Spatial mapping of regulatory elements in
development/disease, identification of cell-
type-specific enhancers.
41-43
Spatial epigenetic state analysis, epigenetic
regulation of cell fate decisions.

Medium-throughput spatial epigenomic
atlas construction.

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

44-46

Intraoperative real-time tissue analysis,
spatial lipid-metabolism profiling.
Subcellular elemental distribution,

drug-penetration studies, material-surface
analysis.

Direct correlation of gene expression with

key protein markers.
47-49

High-precision multi-omics
co-localization.



Simultaneous
multimodal

CODEX x RNAscope

DBiT-seq (2020)

GeoMx (2019)

CosMx SMI 2.0
(2024)

G4X (2025)

Multiplexed protein imaging followed by targeted RNA in situ hybridization.

Simultaneously captures RNA and protein via microfluidic barcoding

(oligonucleotide-tagged antibodies).

Non-destructive; tissue section can be used for subsequent staining.

Dual RNA and protein detection; version 2.0 significantly increases RNA

coverage.

Enables in situ multi-omics detection, allowing for the simultaneous

measurement of RNA and proteins in a single run.

Subcellular

10-25um

Multicellular,
ROI-level

Single cell and
subcellular, ~0.5-
1.2um

Single molecule

11

Protein (100+) + RNA

Medium-High
eam-ig (a few targets)

RNA + Protein (a few

Medium
to tens of markers)

Whole transcriptome
High (18,000+ RNA) +
sample-throughput High-plex protein
(100+)
6,000+ RNA (up to
whole-transcriptome
~18k plex) + 64-plex
protein
RNA: ~300-500 genes
High (Targeted). Protein:
~15-18 markers.

High-plex

FFPE

FF

FFPE & FF

FFPE & FF

FFPE

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

Matched transcriptome and proteome data
from the same cells.

Clinical biomarker discovery, regional
analysis of tumor/immune 26 50, 51
microenvironment, retrospective pathology
studies.

Studying complex ligand—receptor
interactions within tissues.

Supports 3D spatial multi-omics analysis
through serial sections.



2.1.1 Spatial transcriptomics

Spatial transcriptomics unveils gene expression and cellular behavior within the TME by mapping gene

expression profiles on tissue sections and correlating the gene data with spatial coordinates™ . Early

technologies utilized array-based transcript capture, but their resolution was limited. Modern high-resolution
techniques combine imaging and sequencing methods, such as in situ sequencing with nanoscale probes,

achieving transcript localization at subcellular resolution and preventing the loss of spatial information™ . By

registering consecutive tissue slices to reconstruct 3D transcriptional spatial information and integrating

temporal data, dynamic spatial transcriptomics has emerged as an extension of spatial omics™. New deep

learning models contribute to optimizing these technologies at the technical level. Advances in artificial
intelligence (Al)-assisted real-time transcriptome reconstruction, combined with neural network simulations of

treatment-induced transcriptional remodeling, have enhanced the ability to dynamically track changes from

baseline to the resistance stage ™.

2.1.2 Spatial proteomics

Spatial proteomics addresses the limitations of spatial transcriptomics by directly providing spatial distribution
information of functional proteins. Through mass spectrometry imaging (MSI) and cyclic labeling strategies,
spatial proteomics enables the simultaneous quantification of dozens to hundreds of proteins, overcoming the

multiplexing limitations of traditional immunofluorescence techniques . In dynamic spatial proteomics,

enhanced resolution imaging techniques allow for tracking protein reprogramming during treatment. Xu et al.

utilized Panoramic Spatial Enhanced Resolution Proteomics to monitor gradient changes of key proteins such as

epidermal growth factor receptor in tumors, predicting the expansion of drug-resistant clones™ .

2.1.3 Other spatial omics technologies

Other omics layers, such as metabolomics and epigenomics, are expanding the research dimensions of spatial

omics”. Spatial epigenomics explores the spatial distribution of epigenetic modifications, such as DNA

methylation and histone modifications, revealing how these modifications function in different tissue or cellular

. 61
environments—.
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Spatial metabolomics, through imaging mass spectrometry, captures metabolite gradients, such as the
accumulation of lactate in hypoxic regions, shedding light on the spatial heterogeneity of tumor metabolic

reprogrammingﬂ’ . The incorporation of Matrix-assisted laser desorption ionization MSI and ion-mobility

spectrometry has markedly broadened the detectable repertoire of small molecules and lipids, with substantial

gains in sensitivity and resolving power - . Extensions of spatial metabolomics such as SpaceM enable high-

resolution, subcellular-scale characterization of spatial features”.

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 information. By combining spatial transcriptomics with
spatial proteomics, researchers can map the metabolic states and epigenetic regulatory networks of tumor-
infiltrating immune cells. The integration of spatial multi-omics is further enhanced through data fusion
algorithms, such as Multl-modal Spatial Omics developed by Kyle Coleman and soScope developed by Li et al.,

66 67

which improve the resource utilization of spatial omics technologies™ .

Current cutting-edge technologies emphasize cross-modal integration, such as Al-driven alignment algorithms,

which enable pre-training across different omics datasets while incorporating spatial analysis for molecular

characterization of cells™. For instance, the integration of single-cell and spatial resolution spatial multimodal

approaches allows for a multidimensional and in-depth understanding of epigenomics, transcriptomics, and/or

. . . 69 . . . . .
proteomics molecular information™. These technologies have revealed multi-layered interactions in cancer

research.

2.2 Spatial Omics—Derived Spatial Signatures and Clinical Oncologic Links

Spatial signature refers to the characteristic spatial pattern or feature set formed by the relationship between cell
types, molecular expression, and spatial positioning within tissues or TME. By leveraging spatial signatures, one
can interpret multidimensional information on gene expression, spatial location, and intercellular interactions,
and, when necessary, integrate this data through 3D serial section registration and cross-modal alignment

(Figure 2).
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Figure 2. Spatial Signatures and Clinical Links. This figure shows the main spatial signatures
and why they matter in the clinic. These spatial features, like how cells interact, how molecules
spread out, and the edges between tumor and support tissue, are key to understanding why tumors
differ and how they respond to treatment. Doctors use spatial signatures as important clues to make

decisions because they give a changing, useful picture of the TME and how it all works together.

2.2.1 Spatial molecular gradient

The gradient phenomena in TME, such as hypoxia, drug penetration, nutrient availability, and pH gradients,
create a complex spatial heterogeneity. Gradient signatures map this spatial feature back to tissue geometry,

further tracking the coupling between continuous variations and cellular state lineages, clonal landscapes, and

immune infiltration”. The tumor center and periphery exhibit reproducible pathway stratification, with the

14



center tending toward metabolic and high-energy states, while the periphery is enriched in inflammation and

innate immunity . Greenwald et al. developed a five-layer gradient model, that integrates hypoxia-blood

supply-cell states in glioblastoma, combining Visium and CODEX technologies in a cross-modal approach. This

study also validated the coherence of internal and external tumor gradients across different scales”.

By integrating spatial risk maps, gradient signatures can be used to identify phenomena such as drug penetration
barriers, resistant ecological niches, and immune exclusion, providing strategies for clinical drug optimization,
dose stratification, and therapy sequencing. Research by Natalie Landon-Brace et al. indicates that oxygen

. . . . . . . . . . . 73
gradients can drive an increase in "basal-like" proportions, correlating with gemcitabine resistance . Terrassoux

L and others recreated the spatial heterogeneity of treatment response by engineering radial hypoxia and
acidification gradients within an extracellular matrix (ECM)-composite microenvironment. Their work
successfully characterized the spatial origins of radioresistance, and established a controllable platform for the

gradient to resistance phenomenon’". 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. developed an integrated microfluidic system capable of generating and monitoring pH gradients
in a 3D collagen matrix in real time. This system enables concurrent live-cell imaging and spatial
transcriptomics sequencing, thereby offering a continuous mapping from gradient perturbation to spatial

transcriptional responses’”. Meanwhile, MSI directly images the tissue distribution of drugs or metabolites,

identifying pharmacokinetic resistance and optimizing dosage and administration paths, while photoacoustic
chemical imaging noninvasively and quantitatively monitors pH to predict chemotherapy efficacy”” . Thus,
gradient signatures not only quantify spatial phenomena but also serve as spatial trigger points for

neoadjuvant/perioperative treatment stratification, facilitating the early identification of low permeability and

resistant ecological niches and guiding sequential drug administration.

2.2.2 Cellular neighborhood

Cellular neighborhood signatures characterize "which cells are spatially adjacent and what types of interactions
occur between them," while cellular neighborhood analysis divides tissues into several spatial

microenvironments (niches), revealing the factors that influence tumor progression and treatment response.
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The hot/cold/exclusion framework has become a universal language for immune therapy stratification, where
immune hot/cold/exclusion is not merely a difference in cell counts, but rather is determined by the adjacent

architecture of immune cells and their functional states™ . In a 3D context, spatial scoring of immune hot/cold

neighborhoods surrounding spatial subclones, based on distance to neighborhood relationships, can more

effectively predict patient outcomes and treatment responses . The neighborhood and functional axis of

tumor-myeloid-T cells further delineate the foundational typology of "hot" versus "rejected," offering insights

into the variability of immune therapies™. In the multimodal breast cancer atlas, recurrent immune-stroma-tumor

niches were identified, along with a PD-L1/PD-L2* macrophage population linked to clinical outcomes, which

form the cellular basis for the hot/rejected classification™. Compared to total immune quantity, the combined

effects of "location x composition" provide a more robust explanation of prognosis. Zhang et al. confirmed that
immune hotspots enriched with effector T cells are located more frequently at accessible tumor
peripheries/interfaces rather than deep within the tumor. Notably, they demonstrated that the spatial positioning

of these hotspots is more predictive of clinical outcomes than mere effector T cell counts ©* BANKSY,

developed by Vipul Singhal, is a machine learning tool that integrates spatial data through a biologically

motivated approach, clustering cells into types or tissue domains. It encodes the cellular microenvironment

using a pair of spatial kernels, quantifying the gene expression gradients surrounding each cell**".

Cellular neighborhood signatures provide incremental information that transcends the total and single-indicator
approaches. Large cohort studies based on imaging mass cytometry reveal that the spatial organization of
cellular neighborhoods and multicellular ecological combinations is not only closely linked to molecular
subtypes and somatic alterations but also correlates with prognosis and adverse clinical outcomes. This suggests
that the coupling of genomics to ecology can directly manifest as clinical risk phenotypes through the structure

86 87
o9, oL

of cellular neighborhoods™ —.

2.2.3 Inter-domain interfaces

Inter-domain interface signatures focus on the organizational boundaries and material exchange between two
ecological or clonal domains. This includes the location, width, and curvature of the interface, the changes in
cellular and pathway profiles on either side, and whether specific receptor-ligand axes are enriched at the

interface. By combining morphological and molecular segmentation to localize the tumor invasive frontier and
16



the tumor-stroma boundary, a symbolic distance field is constructed to quantify layering indices, surface
roughness, curvature, and cross-boundary interaction flux. These are further assessed for 3D continuity and

curvature through nonlinear registration of multiple slices.

Ordered and penetrable interfaces are often associated with higher immune infiltration and better outcomes. In
contrast, serrated or highly curved interfaces, accompanied by strong stromal responses and reduced T cell
functionality, suggest a synergistic relationship between structural barriers and immune suppression. In Feng et
al.'s definition of the tumor-stroma interface band in colorectal cancer, disorganized and accessible tumor-
stroma interfaces are linked to stronger immune infiltration and a better response to immune checkpoint

blockade. Conversely, ordered, dense barrier interfaces formed by cancer-associated fibroblast-ECM (CAF-

ECM) are associated with T cell exclusion and a lack of response™. Keren et al.'s study using Multiplexed Ion

Beam Imaging in triple-negative breast cancer also demonstrates that the ordered stratification of the tumor-

immune boundary and the enrichment of inhibitory axes are significantly correlated with patient prognosis™.

The ordered stratification of interface structures and the enrichment of immune/suppressive axes are associated
with outcomes and treatment responses. In cutaneous squamous cell carcinoma, Andrew L Ji et al. discovered
that the tumor frontier exhibits tumor-specific keratin enrichment and is adjacent to the CAF endothelial fibrous-
vascular ecological niche, accompanied by Treg-CD8 co-localization and CD8 exclusion immune patterns. This
suggests that the coupling of interface structure and immune suppression may form a critical basis for the

. g . . . . . e 89 . . .
variability in response and resistance to immune checkpoint inhibitors™. The immune microenvironment at the

interface and CAF-mediated signaling axes frequently constitute druggable targets. In the invasive frontier of
basal cell carcinoma, tumor-derived Activin A, which is encoded by inhibin BA drives ECM remodeling through

activin receptor—like kinase 4 on CAFs, indicating the practical feasibility of intervening in these tumor-stroma

interface pathways ™. This interface pattern is also replicated at the spatial protein level in large cohorts and
points to the TGF-p/ VEGF axis™. A similar matrix-receptor-pathway-transcription factor cascade has been

cross-cohort validated in consensus molecular subtype 2-dominated colorectal cancer, further supporting the

stratification and potential for intervention in interface signatures . Therefore, interface geometry and

interactions not only serve as descriptive morphology but also as priors for neoadjuvant and perioperative

treatment responses and spatial trigger points for combination therapies.
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2.2.4 Functional state spatialization

Pathway/state signatures characterize the functional states of cells, such as exhaustion, proliferation, epithelial—
mesenchymal transition, and stemness, and their associated pathway activities in spatial coordinates. These
signatures focus on the spatial layout and co-occurrence/exclusion relationships of these states within the
microenvironment. Pathway/State signatures transcribe specific functional states into spatial hotspots or band-
like enrichments and their connectivity/self-correlation. A common analytical pipeline begins with calculating
state scores using single-sample gene set enrichment analysis, gene-set activity scoring method, or protein
composite markers. This is followed by generating spatial heatmaps and quantifying Moran’s I/Geary’s C,
hotspot area, and connectivity. Finally, these spatial features are linked to neighborhoods/interfaces to determine

whether they represent structural hotspots ™.

Zhang et al.'s study found that immune hotspots within tumors are not high-functioning immune activation
zones. Instead, they are associated with upregulated B cell enrichment signals, a decrease in the CD8*/Treg

ratio, and reduced T-B interaction diversity, presenting an immune-suppressive state profile. This was predicted

as the “spatial position of the hotspot™ driving the functional state rather than the reverse . In the combined

analysis of multiplex imaging and spatial transcriptomics, it was also found that exhaustion hotspots are often

located on the tumor side of the tumor-immune interface, co-occurring with suppressive axes—. Therefore,

evaluating immune functionality requires more than just considering immune quantity or the presence of
hotspots; it also necessitates assessing state score x hotspot position/type in tandem. CongMa et al. introduced
CalicoST, providing a critical link to trace expression signals back to genetic drivers, thereby closing the loop of

the spatial evidence to mechanism and decision cycle™.

3. Al-driven Multiscale Data Integration and Virtual Cell Construction

Cells exist and interact in 3D space, and 3D tissue reconstruction enhances our understanding of disease

mechanisms™ . The key advantage of spatial omics is its spatial sensitivity—the ability to analyze molecular

profiles of cells in their original tissue context. This makes it possible to capture critical features like immune
infiltration, cell-cell interactions, and clonal organization, all of which serve as building blocks for creating

computable virtual organs”™ . Complementary high-dimensional inputs, such as spectral cytometry data
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profiling immune cell subsets, further refine the cellular representation, particularly for modeling the complex

immune landscape relevant to cytotoxic therapies .

Once spatial omics has mapped out the complexity of tumor ecology, the next challenge is turning that high

dimensional, heterogeneous, and spatiotemporally scattered data into computable biological units. Solving this
is key to moving spatial insights toward actual clinical use 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™ ™. Al particularly graph neural networks (GNNs),

generative models, and Bayesian temporal models, offer new avenues for cross-modal integration and dynamic
simulation, enabling spatial remodeling and providing a novel bridge for translating basic research into clinical

. 55 100-103
practice .

3.1 Unified Representation Specific to Tumors

Tumors may be regarded as a diverse cell system of different environments that provide information repeatedly,
thereby stimulating change. A unified representation for tumor (UR-Tumor) has been introduced as a tumor-
specific unified representation framework aimed at providing a coherent digital description at the cellular-

microenvironment level . Virtual cells achieve an operable and sharable state by mapping biological data

into the UR space. Spatial omics data, through the construction of cell activity, converts static spatial images

into dynamic, updatable virtual cell bases, and both complement each other ™.

In the process of virtual cell modelling, an ideal approach is to build a model across three levels: molecular

105

types, single cells, and multiple cells —. When modelling a single type of molecule, large language models may

be more appropriate for dynamic modelling, although this method will lose information compared to atomic-

106 107

level modelling approaches ~— . When building the state of individual cells, molecular interactions and signal

networks are used, and molecular or imaging-specific representations are employed to construct unit

108-110

construction . Swat et al. using CompuCell3D to develop a multi-cellular virtual tissue model. In this

model, the external factors (such as nutrient and oxygen gradients, boundary conditions) were taken into account

as limitations; while the internal inheritable physical parameters of the biological objects (for example, cell
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adhesion force, survival threshold) were regarded as variables to be adjusted . tably obtain the function

expression of these units to ensure that the prediction results are accurate, and at the same time maintain
mechanism interpretation ability and system scalability. For multi-cellular model building, there are more
demands for space information. Spatial characteristics in two-dimensional tissue slices and three-dimensional
tissue volumes, such as spatial signatures, can be obtained by simulating with graph learning techniques, for

. . 112-114 . . .
example, GNNs and equivariant neural networks . Jeong et al. in their research on lung adenocarcinoma.

Using this model to determine the exhaustion pattern of CD8* T cells at the tumor interface and successfully

predict responses to immune checkpoint blockade.™.

The main task of UR-Tumor is to achieve cross-modal alignment via multi-modal representation. In this
research work, cross-modal alignment is realized through joint training of the three types of data for joint
embedding space construction during the learning process: transcriptomics, proteomics and morphology.
Contemporary multimodal deep frameworks build a shared latent Space. In spatial omics, methods such as

102 116

Tangram and DestVI are particularly appropriate™ . For instance, combining spatial transcriptomics with

multiplex immunofluorescence protein maps via a shared embedding reduces batch effects and inter-slice

117-119

variations . Uncertainty estimation is necessary; Bayesian neural networks or Monte Carlo dropout estimate

uncertainty, and if it exceeds the threshold, reacquisition and re-evaluation can further overload the analytic

pipeline™ . Spatial batch-effect alignment in spatial omics can use Harmony or Seurat variants, and spatial

regularisation can be applied to maintain the geometric structure. Such cross-modal alignment also supports

. . . . . . . . . 122-125
three-dimensional reconstruction to infer the tissue-level architecture from a limited number of sections .

The static model is unable to take into account the deformation under treatment; The multilevel virtual cell can
cover time factors and achieve long-term information fusion using Bayesian filters or neural differential
equation approaches. The newly obtained spatial omics data can be used to update the cellular state-transition

matrix through particle filtering, thereby predicting the evolution of drug-resistant clones under multiple cycles

126-128

of chemotherapy . In principle, this framework is expected to include new spatial omics data after each

treatment cycle, and UR-Tumor will be upgraded from a static substrate to a dynamic representation ™.
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Combining various types of data from sequencing and imaging using Al to create a live-cell model for scientists.
This tool can also display an animation and has some other features. It is possible to observe the change in
expression of many genes at different stages and under various conditions for organisms at all life stages. This

helps the researchers in their studies of the tumor environment across various scales.

3.2 Oncology-Specific Virtual Instrument

Multimodal foundation models across RNA, proteins, and DNA can be assembled into virtual cells, and further

expanded to patient-specific VTOs > . Based on UR-Tumor, virtual instrumentation for therapy (VI-Therapy)

is proposed as a special kind of virtual instrument that operates on UR-Tumor embeddings to perform various
functions and tasks at the patient level, such as simulation and decision-making support. By perturbing the URs

of molecules, cells and tissues as input, the decoder is able to embed biological entities and predict one or more

specific attributes, such as physical structure, cell type/state, adaptability, expression pattern, drug response .

Wenckstern et al. developed VirTues as a typical virtual tissue base model that can learn unified cross-scale
representations of spatial proteomics data. Key design features include: protein language model embeddings for
marker identity encoding, factorised attention mechanisms to process high-dimensional data, and hierarchical
summary tokens that support multi-scale analysis. As shown in the triple-negative breast cancer case mentioned
above, based on the virtual biomarkers we have derived from pre-treatment biopsy samples of patients, it can be
predicted whether Anti-PD-L1 therapy will be effective for these patients; At the same time, combined with

these data, we can also assess their survival status more accurately than through other methods. Models that can

generate such high-quality tissue representations provide a technical support for VI-Therapy" .

Virtual biopsy can be realised in VI-Therapy as the main function. Through the use of UR-Tumor to produce
spatial risk maps that highlight high-risk areas, such as simulating sample collection along vascular paths in
glioblastoma to predict drug infiltration and the dispersion patterns of stem-like tumor cells, without additional

invasive procedures™ . Sandy Figiel, et al., in prostate cancer. analysed gene expression of different prognostic
features in a virtual biopsy framework to further investigate tumor heterogeneity “. This capability is based on

the generative adversarial network or diffusion model to convert stochastic noise into structured output, that is,

images or text, thereby imputing the unobserved region and ensuring the realism of simulation™ ", Virtual
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tumor models can be evaluated based on multi-feature integrative classifiers and performance indicators to

. . . . 136 137
improve virtual diagnosis and treatment plans~ .

Therapeutic what-if simulations expand the scope of VI-Therapy, and local-to-systemic effects of dosing,
sequencing, and combination regimens can be modelled. Ji GW and others. Devised an immune-ML model
based on gradient boosting machines, showing that dense, reactive stroma restricts immune infiltration and,
together with PD-1/PD-L1-mediated functional suppression, defines a high-risk group, thereby demonstrating an

"immune infiltration gradient"*". In immunotherapy, such simulations can also be expanded to evaluate the

reversal of interface-level exhaustion by PD-1 blockage and to simulate the dynamics of T-cell infiltration™ .

The prioritisation of combination strategies can be optimised using Monte Carlo Tree Search or reinforcement
learning, thereby improving dose, the order of radio-, chemotherapy and immunotherapy, and their combined

design - an implementable path to individualised cancer treatment™" .

By using Al to convert spatial omics data into a dynamic framework of virtual cells, we have taken an essential
step toward the precise, scalable translation of basic research findings into clinical oncology applications. UR-
Tumor provides a unified representation of cancer-related spatial omics, and VI-Therapy presents clinically

oriented simulation; together, they support the Construction of VTE.

4. From VTCs to VTOs and Patient-Level Applications

Single static space data is difficult to directly serve as a medical tool for doctors in their work at the hospital.
However, when scientists develop a tumor-specific VTE integrating Al technology that moves from virtual cells
to VTOs, using multi-scale modelisation is feasible. In addition, by combining the information before and after

treatment, a loop is formed that varies for each patient to ensure the effectiveness of therapy . Compared

with the previous model, this one emphasises online updating and Uncertainty is handled more flexibly to
maintain its practicability in the clinic. This way, the doctor can use the idea in a computer model, optimise the
treatment plan according to his own situation and needs of each patient, as well as judge whether there is a

. . 145 146
tendency for drug resistance earlier.” .

4.1 VTE Assembling
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The assembly of a VTE can be conceptualised as a multi-layered reconstruction process based on spatial data,
which begins with the generation of virtual cells and continues to grow into a three-dimensional, multi-cellular,
multi-clonal model capable of replicating the complex interactions within the TME. Throughout this
progression, cellular spatial signatures, such as signaling mechanisms driven by cytokine gradients and receptor
activation, molecular gradients shaped by the distribution of oxygen, nutrients, and metabolites, and interface

dynamics arising from cell-cell interactions, serve as core components. These elements are realised by

instantiating agents, cellular automata and so on™ . For example, in the agent-based model, the state-

transition probability of agents is adjusted to imitate clonal expansion, immune evasion, and other processes" .

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 . The state switching, clonal expansion

and immune escape of the other situation derived are respectively regulated in accordance with each other's

. . . . 15 151
states under different rules to achieve this conclusion™ —.

To ensure the robustness of the model in VTE assembly, uncertainty management is needed. By introducing
Monte Carlo sampling or Bayesian inference at each simulation stage, the model can quantify parametric
uncertainty; If this uncertainty exceeds the set threshold, it needs to be determined that parameters require

readjustment or more data need to be collected . This robustness makes VTE particularly applicable to highly
complex tumors, such as glioblastoma'”. VTE, combined with digital-twin ecosystems, can be expanded to a

whole-body scale for modelling metastatic spread and systemic responses (Figure 3).
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Fig. 3. Schematic diagram of the cross-scale role of VICs towards patient level clinical use.

Reproduced with permission from Copyright 2025, Bioactive Materials

4.2 Patient-Level Digital Update Pipeline

VTE Construction requires integrating data from multiple aspects, including electronic health records, Genomic
Information and Imaging Examinations, Laboratory indicators; otherwise, it will not be possible to provide a
solid foundation for its Digitalisation. In terms of clinical application, VTE needs to be embedded in a system-
level digital update chain, and through a closed-loop feedback loop, it continuously optimises the pathway from
signal acquisition to decision-making output. During acquisition, sparse sampling of the key molecular features
and spatial compositional analysis are combined with Al-driven image-morphology registration for an initial
VTE evaluation model. Here, scalable and robust spatial clustering algorithms are needed to quickly identify
non-continuous tissue domains and micro-environmental niches from the sparse clinical inputs, ensuring timely
model re-calibration””. Over time, new data will be introduced into the system. Use tools such as Kalman filters

to promptly update the data from new observations in combination with the UR-Tumor model. Also uses area

. . .. . . . . 151 156
under the receiver operating characteristic curve and other indicators to monitor its own performance™ . To

ensure that these updates are reflected in the evolution of living organisms rather than discrepancies among

different operating conditions; To achieve high-quality connections between new sample data and previous
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digital twins through excellent professional skills, scientists will improve this situation. At this point, it is

necessary to eliminate batch effects while maintaining the genuine differences in biology .

To ensure that the modifications at different stages of time can reflect actual biological variations rather than
differences in sample collection or processing, means must be found to achieve simultaneous updates of the new
samples in the digital twin system. They need to eliminate batch effects while retaining the genuine differences

in biology . Scientists can add out-of-distribution detectors to the VTE while it is observing things. Many

different models and training sets have been applied to these tools, which generally work effectively without any
complications. Measure the uncertainty of the monitored stream. When confidence falls below a certain

threshold, the system will recommend doing another biopsy or obtaining new imaging data™. People must still

verify the work. The expert needs to ensure that the representation of tumors in the Digital Twin environment
mirrors reality faithfully. They must carefully confirm that what the model is making up and predicting matches
their own judgment and laboratory test data. Drug companies and research institutes have begun exploring the
application of digital twins in the clinic. Building a complete digital twin for each patient is still the main

151

objective of medicine in the future

To apply this work more widely in clinical settings for use by doctors requires solving several key problems .

In terms of applying this in the clinic, the system needs to integrate with the way doctors work. It should only
request new data or updates at times when doctors normally make decisions. Or it can be observed on its own,
and an update will be triggered if there is any uncertainty; the limit of "uncertainty" is set according to the risk
that the patient can tolerate. The model must also provide answers that doctors can apply in their work. Scientist
need to actually test it in the natural environment to determine whether this prediction, such as the reduction of
tumor size and extended survival free of cancer recurrence, can be achieved. Curve area and C-index would be
used in tools. When the model presents information to the doctor, it should be displayed on a clear screen with
useful graphics, such as maps of risk and side-by-side comparisons of different treatments, along with a list of

options ranked by their potential effectiveness .

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 types of tumors to build a database of protein and peptide targets involving multiple therapeutic
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pathways, and conduct simulations of drug-cell interactions and the development of resistance” - .At the

tissue-organ level, there are virtual tumors such as Oncosimulator that integrate genomics, proteomics,
metabolomics and imaging to recreate the space-time evolution at the supercellular and tissue levels. Wang and
others. Calibrated data from mouse bladder cancer studies to build virtual tumors with high- and low-
antigenicity tumor cells and different cytotoxic T lymphocyte killing mechanisms. By comparing agent-based
models and ordinary differential equation models, it was found that the spatial complexity of the TME has a

significant impact on the effect of PD-1/PD-L1 immune checkpoint inhibitors . Within the European CHIC

project, this platform has been used for preoperative chemotherapy of Wilms' tumor and radiotherapy response

prediction of non-small cell lung cancer, and it has shown high consistency with actual clinical paths™ ", At

the patient level, the GLIOMATH study achieved a clinical validation of an individualised biomechanical model
for glioblastoma, which utilises patient magnetic resonance imaging data to rebuild a biochemically and
mechanically coupled virtual TME. The model reached 99 per cent consistency with the actual observation of
tumor growth in one patient, a 55-year-old person, for eight months; Therefore, it has become the first to

achieve tumor digital twin post-operation monitoring and treatment plan'"". Analogous systems, CPDT and the

DITTO visual digital twins, have also built individualised cancer-evolution models and interactive virtual-

patient frameworks based on multimodal data for breast cancer and head-and-neck malignancies, respectively™

Through various combinations of different types of data, VTE links fundamental biology with translational
medicine. This will help promote the development of precision oncology. Cancer research is applying the
concept of digital twins. To help scientists and doctors handle the complex situation and many difficulties in
drug development in the laboratory and clinical trials. This provides a basis for making adjustments to

treatments tailored to individuals in reality.

5. Limitations and Challenges

Despite the considerable clinical promise of combining spatial omics with VTOs, the field still faces substantial
hurdles. First, cross-modal alignment and integration remain technically immature. Integrating spatial

transcriptomic, proteomic, and epigenomic data into a unified representational format is prone to failure modes.
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Although Al can assist with unification by leveraging large-scale data, both the construction of faithful virtual
cell models and the realization of patient-updatable VTEs impose stringent demands on cross-modal data quality

168 169

and analytic pipelines— . In the near term, efforts to integrate data across institutions will likely face

difficulties due to batch effects and interoperability issues caused by differing spatial omics platforms and

protocols, further compromising model robustness and generalizability.

At the same time, current approaches for building virtual cells and organoids are still not fully developed. As an
emerging field, initial progress has been made methodologically, but validation evidence and real-world use

remain limited™". Progress is restricted due to the deficient amount of measured data and a lack of

standardisation in model establishment.

Second, using deep learning in this way carries inherent methodological risks that need to be recognised “". One

problem is that deep neural networks operate as Black Boxes. Therefore, doctors cannot understand the reasons
for the conclusions reached. If the reason why the virtual models are established remains unknown to the
doctors, they will not trust such models in their planning of significant treatments. The generative Al models
that create virtual cells can also "hallucinate". Create some biological situations that may appear real but do not

actually exist . As neural networks are not transparent, doctors are unable to understand the reasons behind

their decisions. If the model remains hidden, clinicians will not be able to use it in clinical treatment for

reference. Generative Al can also fabricate content. It generates biological details that appear realistic but are

not actually present "

In addition, spatial analysis based on biopsy samples is limited by the representativeness of the biopsy, and
factors such as tissue subtypes, tumor grades, and clonal compositions may all influence expression patterns,

thereby affecting the credibility of virtual-organ predictions . Although spatial omics workflows are naturally

integrated into routine histopathological processes and spatial omics technologies complement virtual cell

construction, clinical translation still needs standardised procedures and validation frameworks . Especially

when these models are used to make decisions that need to be supported by them, the output should have

transparency and can be verified. As the findings reported by Sandy Figiel et al., even though virtual tumor
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biopsies reveal that there are considerable expression distinctions among different grade groups and tumor

clones at the bulk level, such an analysis may still be incorrect in defining the gene signature™.

In addition, there is a basic problem with the scale and complexity of the data: The amount of biological
sequence data is enormous, but the capacity of mainstream Al training corpora is still limited. Systematic
research on the scaling laws of model performance is required, as well as robust strategies for filtering and

precisely discarding redundant data™". In addition, the construction and continuous updating of patient-specific

digital twins require substantial computing power; large-scale spatial omics data processing and complex Al

model training need significant graphics processing unit resources and scalable cloud infrastructure™".

In addition to the technical difficulties and logistical troubles involved, there are severe problems with data
privacy protection, project management, and ethical review in the application of patient data for constructing
clinical models of VTE and virtual twins. How to leverage existing Al ethics frameworks and integrate them
with medical regulation to build an ethical framework for patient digital models remains a pressing and
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unresolved issue — —.

6. Outlook

As the foundation models that have achieved joint pre-training at the RNA, protein, and epigenetic levels
continue to develop, it is possible that a leap from "virtual cells" to truly patient-specific "VTOs" would be
realised. These systems could be used to carry out virtual biopsies at each treatment cycle, simulate and evaluate
therapeutic regimens; Convert the spatial omics evidence in tumor cells into calibrated, continuously adjustable
personalised clinical decisions. Finally, based on VTCs-based VTOs multi-institutional data sharing,
standardised platforms, and cross-disciplinary cooperation, VTOs may become the core infrastructure of

.. . .. . 177
precision oncology, accelerating the digital transformation of cancer care

7. Conclusion

Spatial omics technologies are changing people's understanding of tumor ecology by uncovering the molecular,
cellular and spatial organisation of the TME. The data summarised above combined with VTEs will be
transformed into practical precision oncology. Through the construction of UR-Tumor and VI-Therapy, dynamic
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VTCs can be used as the computational foundation to simulate the development of tumors, predict drug

responses, and develop personalised treatment plans.

Future research needs to focus on the standardisation of data integration pipelines, ensure the transparency of
models, strengthen multi-institutional data sharing, and achieve clinically validated, continuously updatable
digital twins. Finally, dynamic VTEs can address the disconnect between molecular evidence and clinical

application in cancer treatment to drive its digitalisation process.
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