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SUMMARY

The tumor immune microenvironment (TIME) critically impacts cancer progression and immunotherapy 
response. Multiplex immunofluorescence (mIF) is a powerful imaging modality for deciphering TIME, but 
its applicability is limited by high cost and low throughput. We propose GigaTIME, a multimodal AI framework 
for population-scale TIME modeling by bridging cell morphology and states. GigaTIME learns a cross-modal 
translator to generate virtual mIF images from hematoxylin and eosin (H&E) slides by training on 40 million 
cells with paired H&E and mIF data across 21 proteins. We applied GigaTIME to 14,256 patients from 51 hos-

pitals and over 1,000 clinics across seven US states in Providence Health, generating 299,376 virtual mIF 
slides spanning 24 cancer types and 306 subtypes. This virtual population uncovered 1,234 statistically sig-

nificant associations linking proteins, biomarkers, staging, and survival. Such analyses were previously infea-

sible due to the scarcity of mIF data. Independent validation on 10,200 TCGA patients further corroborated 
our findings.

INTRODUCTION

The tumor immune microenvironment (TIME) plays a critical role 

in cancer progression, influencing tumor growth, invasion, 

metastasis, and response to cancer therapies by affecting tumor 

immune surveillance and evasion. 1–3 The TIME is a highly com-

plex spatial ecosystem consisting of cancer cells, and diverse 

non-malignant cell types, including immune cells, cancer-asso-

ciated fibroblasts (CAFs), endothelial cells (ECs), pericytes, and 

other cell types, embedded in an altered extracellular matrix. 4 

Immunohistochemistry (IHC) visualizes the activation of a spe-

cific protein, which offers an important tool for unveiling key 

cell states in TIME study. For example, PD-L1 IHC staining iden-

tifies the activation of the suppressive tumor immune checkpoint 

PD-L1, which is a widely used predictor for response to check-

point inhibitor therapies. A critical limitation of IHC is that the ac-

tivations are evaluated one protein at a time, each on a separate 

tissue sample. This shortcoming is particularly problematic for 

tumor microenvironment modeling, where the study of the com-

plex interplay among tumor and immune cells requires the simul-

taneous evaluation of a variety of proteins. Multiplex immunoflu-

orescence (mIF) has emerged as a powerful alternative, enabling 

co-localized, multi-channel protein profiling on the same tissue 

while preserving the spatial architecture. 5–8

Despite the promise, mIF remains considerably expensive for 

large-scale study, due to the substantial costs of reagents, 

specialized equipment, and computational infrastructure, com-

bined with the labor-intensive workflows for staining, imaging, 

and data processing. 8,9 Consequently, existing mIF datasets 

are extremely scarce, which significantly limit their applicability 

in clinical discovery and translation. By contrast, hematoxylin 

and eosin (H&E) images are routinely generated in clinical work-

flows at low cost for studying tissue structure and cell 

morphology. 10,11 While an H&E image does not explicitly reveal 

cell states, the spatial configuration of cells it reveals can shed 

light on their individual states. Such patterns might not be 

obvious for human experts but are potentially discernible using 

advanced multimodal AI. 12–16 Recent advances in foundation
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models further amplify this potential, as AI has demonstrated su-

perior performance by pretraining from a large collection of pa-

thology images. 17–19 Such advances in AI suggest the plausibility 

of learning pathological features indicative of spatially resolved 

protein activations.

In this paper, we propose GigaTIME, a multimodal AI frame-

work that enables population-scale TIME study by learning to 

generate virtual mIF images from readily available H&E images. 

GigaTIME’s cross-modal translator was pretrained using 40 

million cells with paired H&E and mIF slides for the same tis-

sues. We applied GigaTIME to generate virtual mIF images for 

cancer patients from 51 hospitals and over a thousand clinics 

across seven US states at Providence Health, yielding 

299,376 virtual mIF whole-slide images across 21 protein chan-

nels. This enabled us to create a large and diverse virtual pop-

ulation of 14,256 patients across 24 cancer types and 306 can-

cer subtypes, with virtual mIF slides and key clinical attributes 

such as biomarkers, staging, and survival information. In turn, 

this enables us to conduct population-scale clinical discovery, 

identifying 181, 453, and 600 statistically significant TIME pro-

tein-biomarker associations at the pan-cancer, cancer-type, 

and subtype levels, respectively, all adjusted for multiple 

testing, forming a comprehensive protein-biomarker associa-

tion collection for TIME. The virtual population also enabled pa-

tient stratification predictive of staging and survival, with the 

GigaTIME signature integrating all virtual protein activations 

outperforming individual virtual proteins in patient stratification, 

underscoring the importance of multiplexed analysis. We 

demonstrated how a virtual population can support spatially 

informed metrics, such as sharpness and entropy. We further 

identified combinatorial protein channels that revealed syner-

gistic associations. For example, our GigaTIME analysis found 

that the combination of CD138 and CD68 outperform each pro-

tein alone in predicting all representative clinical biomarkers, 

with statistically significant difference for 13 out of 20 bio-

markers, suggesting their combined role in antibody-mediated 

tumor mechanisms.

To evaluate GigaTIME’s generalizability, we applied it to 

generate an independent virtual population of 10,200 tumors 

from the Cancer Genome Atlas (TCGA). We observe signifi-

cant concordance across the virtual populations from Provi-

dence and TCGA, which attained a Spearman correlation of 

0.88 for virtual protein activations across cancer subtypes. 

The two populations also uncover a significant overlap of 

TIME protein-biomarker associations (Fisher’s exact test; 

p < 2 × 10 − 9 ). On the other hand, the Providence virtual pop-

ulation yielded 33% more significant associations than TCGA, 

highlighting the value of large and diverse real-world data for 

clinical discovery.

GigaTIME offers a promising AI framework for scaling tumor 

microenvironment modeling by learning to translate readily avail-

able H&E images into highly informative virtual mIF images, thus 

paving the way for advancing precision immuno-oncology 

through population-scale TIME analysis and discovery. To facil-

itate future research in tumor microenvironment modeling, we 

will release our pretrained GigaTIME model, as well as our in-

house dataset of 40 million cells from de-identified paired H&E 

and mIF slides across 21 protein channels.

RESULTS

GigaTIME generates a virtual population of multiplex 

immunofluorescence

GigaTIME enables the generation of a large and diverse virtual 

population of mIF images from population-scale H&E slides. 

We first experimentally acquired 441 mIF images from 21 H&E-

stained slides across 21 protein channels (see STAR Methods; 

Figure S1; Table 1). These paired H&E and mIF slides were 

processed through a computational pipeline that includes 

image registration and cell segmentation, resulting in a dataset 

comprising 40 million cells with paired H&E and mIF slides 

(Figures 1A and S2).

We divided the paired data into training, development, and 

held-out test sets (see STAR Methods). To translate H&E images 

into mIF ones, GigaTIME was trained on the training paired data 

using a patch-based encoder-decoder architecture built on Nes-

tedUNet. 20 The model inputs an H&E image patch and outputs 

21 corresponding mIF patches, one for each protein channel. 

These channel-specific patches are subsequently stitched 

together to reconstruct the whole-slide mIF images, enabling 

spatially resolved, slide-level protein activation profiling.

Table 1. TIME markers used in our study and their cellular 

expression

TIME marker Typical cellular expression

CD4 T helper

CD138 Plasma cells

CD68 Macrophages

CD14 Monocytes

Tryptase Mast cell

Caspase 3 Cells undergoing apoptosis

PHH3 Mitotic spindle

Ki67 Proliferating cells (normal and tumor)

T-bet NK cells, T cells (CD3 + , of CD4 + or CD8 + 

lineages)

Transgelin Fibroblasts; smooth muscle

CD3 All T cells

CK Epithelial cell lineage

Actin Myofibroblast

DAPI Nuclear marker

CD8 Cytotoxic T cells

CD20 B cells

CD16 CD16a: NK cells; CD16b: neutrophils & 

macrophages

CD34 Vascular marker (also Hematopoietic 

precursors, capillary endothelium)

PD-1 T cells, B cells

PD-L1 Antigen presenting cells (APCs), tumor 

cells, vascular endothelium

CD11c Dendritic cells (antigen presenting)

Table listing all tumor immune microenvironment (TIME) markers 

included in our analysis, along with their predominant cellular localization 

and biological function.
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Figure 1. GigaTIME enables population-scale tumor immune microenvironment analysis

(A) GigaTIME inputs a hematoxylin and eosin (H&E) whole-slide image and outputs multiplex immunofluorescence (mIF) across 21 protein channels. By applying 

GigaTIME to 14,256 patients, we generated a virtual population with mIF information, leading to population-scale discovery on clinical biomarkers and patient 

stratification, with independent validation on TCGA.

(B) Circular plot visualizing a tumor immune microenvironment (TIME) spectrum encompassing the GigaTIME-translated virtual mIF activation scores across 

different protein channels at the population scale, where each channel is represented as an individual circular bar chart segment. The inner circle encodes 

OncoTree, which classifies 14,256 patients into 306 subtypes across 24 cancer types. The outer circle groups these activations by cancer types, allowing visual 

comparison across major categories.

(C) Scatter plot comparing the subtype-level GigaTIME-translated virtual mIF activations between TCGA and Providence virtual populations. Each dot denotes 

the average activation score of a protein channel among all tumors of a cancer subtype.

See also Figures S1, S2, S3, and S4.
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Effectively, given a protein channel, GigaTIME outputs a binary 

classification label for each pixel indicating whether it is acti-

vated for the given protein channel. We can then tally the count 

of activated pixels, as well as activation density score (proportion 

of activated pixels), for any image patch or whole slide.

We then applied GigaTIME to a large and diverse real-world da-

taset consisting of 14,256 whole-slide H&E images collected from 

51 hospitals and over 1,000 clinics across seven US states at 

Providence Health, encompassing 24 cancer types and 306 can-

cer subtypes (Figure S3). Using our trained model, we generated 

299,376 virtual mIF whole-slide images for these patients. This en-

ables us to construct a large-scale and diverse multimodal virtual 

population with H&E and virtual mIF images, along with clinical at-

tributes, such as biomarkers, staging, and survival status.

As a proof of concept, we quantified a protein activation den-

sity score for each mIF image, defined as the proportion of acti-

vated pixels. These scores were aggregated across tumors of 

the same subtype using mean pooling, yielding a spectrum of 

mIF-based TIME features across cancer subtypes (Figure 1B). 

To evaluate the robustness of our approach, we further applied 

GigaTIME to 10,200 tumors from TCGA, generating 214,200 vir-

tual mIF whole-slide images across 21 channels (Figure S4). A 

high degree of concordance was observed between the aggre-

gated activation scores derived from the Providence-based 

and TCGA-based virtual populations (Figure 1C), underscoring 

the generalizability and reliability of GigaTIME.

GigaTIME translates whole-slide H&E images to mIF

We first evaluated GigaTIME’s performance in translating stan-

dard H&E whole-slide images into mIF images. To benchmark 

this translation task systematically, we compared GigaTIME 

with CycleGAN, 21 a widely used image translation model 

frequently applied in virtual staining tasks. 22 Evaluation was con-

ducted using three standard metrics across different levels of 

granularity (pixel, cell, and slide) to capture both local and global 

translation fidelity. We also evaluated an average activation 

baseline by first computing the average positivity rate for each 

protein channel in the gold mIF data, and then using that as 

the sampling probability to generate virtual positive pixels for 

the given channel. At the pixel level, we treated the translation 

problem as a segmentation task and used the Dice score to eval-

uate fine-grained spatial concordance between the measured 

mIF and GigaTIME-translated virtual mIF. During evaluation, 

we skipped all blank regions at the 8 × 8 level to minimize poten-

tial risk for them to inflate the scores.

GigaTIME significantly outperformed CycleGAN on 15 out of 

21 protein channels (no statistically significant difference for 

the remaining 6 channels), highlighting the importance of 

acquiring paired H&E-mIF data and learning directly from such 

paired data (Figure 2A). We also observed that the average acti-

vation baseline performed very poorly. For example, the test 

Dice score for average activation baseline was only 0.12 for 

DAPI, compared to 0.72 attained by GigaTIME. The Dice scores 

for average activation baseline in other protein channels were 

even worse.

To assess performance at the cell level, we used an 8 × 8-pixel 

window and counted the number of activated pixels in each win-

dow for each channel. Pearson correlation was then computed

between predicted and ground-truth counts across the win-

dows. GigaTIME achieved significantly higher correlations than 

CycleGAN, which performed close to random, suggesting 

that CycleGAN fails to recover coherent cell-level patterns 

(Figure 2B). In particular, GigaTIME achieved a Pearson correla-

tion of 0.59 on the DAPI channel, which binds DNA and marks 

nuclei, indicating its capability in identifying and localizing indi-

vidual cells. By contrast, CycleGAN attains a Pearson correlation 

of 0.03. The average activation baseline is even worse, attaining 

zero or negative scores (Figure S8).

These results verified that GigaTIME indeed learned non-trivial 

generalizable information about tissue and protein structures. 

For evaluating global spatial patterns, we implemented a slide-

level metric inspired by immunoscore, 23 a validated scoring 

method that was originally developed for colorectal cancer and 

has been used in association studies of patient outcomes and 

treatment response. We implemented a conceptually similar 

version by computing the ratio of activated pixels within each 

256 × 256 patch, and then calculated the Spearman correlation 

for patch-wise activation ratios between the measured mIF and 

GigaTIME-translated virtual mIF. This metric provides a broader 

view that complements pixel- and cell-level evaluations. Giga-

TIME achieved a Spearman correlation of 0.98 for DAPI and 

0.56 for all channels, whereas CycleGAN yielded near-zero cor-

relation for all channels (Figures 2C and S5), validating the ne-

cessity of training on paired H&E and mIF data for accurate 

cross-modal translation. Finally, qualitative comparisons on 

representative whole-slide image patches further illustrate the 

agreement between the measured mIF and the GigaTIME-trans-

lated virtual mIF (Figure 2D).

To further assess the generalizability of GigaTIME, we con-

ducted additional analyses based on newly generated paired 

data to directly evaluate supervised virtual mIF generation on un-

seen cancer types. Specifically, we curated tumor cores from tis-

sue microarrays (TMAs) of breast and brain, which were not 

included in the training data. These cohorts encompass a wide 

spectrum of histological subtypes and clinical stages. In addition 

to the differences in cancer types, stages, and histologies, the 

new mIF data comprise many small, cylindrical tissue samples 

separated by blank regions, which were quite different from 

the original whole slides with large contiguous tissue regions. 

Despite all these major differences, GigaTIME has demonstrated 

remarkable generalizability in Dice scores and Pearson correla-

tions (Figures S11 and S12). It also continued to outperform 

CycleGAN and random imputation by a wide margin. We also 

observed that the ordering of translation quality is broadly 

conserved across the cancer types.

We also provide stratified results in Figure S13 based on sub-

cellular localization: nuclear (DAPI, PHH3, Ki-67, and T-bet), sur-

face (CD4, CD138, CD11c, CD14, CD3, CD8, CD20, CD16, 

CD34, PD-1, and PD-L1), and cytoplasmic (CD68, tryptase, 

caspase-3, transgelin, cytokeratin, and actin). Generally, nuclear 

proteins have better translation quality than cytoplasmic and 

surface proteins. This makes sense as nuclear proteins, such 

as DAPI and Ki-67, generally exhibit compact structures with 

clear histological boundaries. By contrast, cytoplasmic and sur-

face proteins often exhibit diffuse or heterogeneous spatial pat-

terns, making them inherently more challenging to predict.
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Virtual population enables large-scale discovery of 

protein-biomarker associations

After validating GigaTIME’s performance in translating whole-

slide H&E images into mIF images, we next examined how 

the virtual mIF population can enable large-scale clinical

discovery. Specifically, our virtual population identified 1,234 

statistically significant associations between 21 GigaTIME-

translated virtual protein channels and 20 clinical biomarkers 

at pan-cancer, cancer-type, and cancer-subtype levels 

(Figure 3A). Statistical significance was determined by

A

D

C

B

Figure 2. GigaTIME enables translation from H&E to mIF images

(A and B) Bar plot comparing GigaTIME and CycleGAN on the translation performance in terms of Dice score (A) and Pearson correlation (B) with error bars 

denoting standard deviation and significance levels from two-tailed t tests represented by *p ≤ 0.05, **p ≤ 0.01, and ***p ≤ 0.001.

(C) Scatter plots comparing the activation density of the translated mIF and the ground-truth mIF across four channels.

(D) Qualitative results for a sample H&E whole-slide image from our held-out test set with zoomed-in visualizations of the measured mIF and GigaTIME-translated 

mIF for DAPI, PD-L1, and CD68 channels.

See also Figures S5, S8, S9, S10, S11, S13, and S14.
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Figure 3. GigaTIME identifies novel TIME protein vs. biomarker associations at pan-cancer, cancer-type, and cancer-subtype levels

(A) GigaTIME generates a virtual population of 14,256 with virtual mIF by translating available H&E images to mIF images, enabling pan-cancer, cancer-type, and 

cancer-subtype levels of biomedical discovery.

(legend continued on next page)
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comparing protein activation densities between biomarker-

positive and biomarker-negative groups using t test, with p 

values adjusted for multiple hypothesis testing (see STAR 

Methods).

At the pan-cancer level, we identified 175 significant protein-

biomarker associations (Figure 3B). Many of these findings 

are supported by existing literature. For instance, both high tu-

mor mutational burden (TMB-H) and microsatellite instability-

high (MSI-H) genotypes exhibited strong associations with 

increased activation in TIME-related channels such as CD138, 

CD20, CD68, and CD4, consistent with the well-described ef-

fects of antigenic-mediated immune activation. 24,25 Among 

genomic alterations, KMT2D mutations show strong positive 

correlations with multiple immune markers, including CD3, 

CD8, and CD20, suggesting KMT2D mutations are associated 

with enhanced immune infiltration at a pan-cancer level. 26 

Conversely, KRAS mutations were negatively associated with 

markers of immune infiltration, such as CD3 and CD8 at the 

pan-cancer level, reflecting an immune-excluded phenotype. 

Interestingly, KRAS mutations also associated negatively with 

PD-L1 expression, despite established mechanisms by which 

KRAS signaling promotes PD-L1 expression via the ERK 

pathway. 27,28 Further investigation is needed to determine 

whether such correlations are causal or merely stem from con-

founding effects.

The clinically reported PD-L1 biomarker, assessed via IHC, 

was positively correlated with virtual PD-L1 channel activation, 

indicating strong concordance between virtual population-

based predictions and clinically observed protein expression. 

Moreover, PD-L1 IHC showed negative associations with 

several TIME markers, including CD3, CD8, and CD20, reflecting 

the role of the PD-1/PD-L1 checkpoint in establishing immune 

blockade. 29 Additionally, PD-L1 expression was inversely corre-

lated with proliferation markers (Ki-67 and PHH3) and the 

apoptosis marker caspase 3. One explanation for these findings 

is that PD-L1 expression is associated with less proliferative tu-

mor states that demonstrate resistance to apoptosis. Alterna-

tively, it is also possible that immune cells are simply less prolif-

erative when there is high PD-L1.

At the cancer-type level, we observed a high number of as-

sociations in brain (Figure 3C), lung (Figure 3D), and bowel can-

cers (Figure 3E), which are also the most represented cancer 

types in our dataset (Figure S3). Specifically, GigaTIME identi-

fied 64 protein-biomarker associations in brain cancer, 137 in 

lung cancer, and 175 in bowel cancer. Many of these associa-

tions were specific to particular cancer types: for example, 48 

pairs were unique to lung cancer, while 30 were unique to brain 

cancer, highlighting GigaTIME’s ability to uncover cancer-

type-specific associations. In brain cancer, we found a strong 

correlation between T-bet and TP53 mutations, as well as be-

tween caspase 3 and KMT2A alterations. Neither of these is 

detected at the pan-cancer level, which might stem from the

unique immune microenvironment of central nervous system 

malignancies. 30

At the cancer-subtype level, the virtual population revealed his-

tology-specific associations that are often difficult to detect in 

smaller cohorts (Figures 3F and 3G). For example, in lung adeno-

carcinoma, we observed stronger associations between PRKDC 

mutations, a potential target for enhancing the activity of check-

point inhibitors 31,32 and immune response markers compared 

with lung squamous cell carcinoma, underscoring the importance 

of histological context in interpreting biomarker-genomic associ-

ations. In several cases, the subtype-level analysis revealed unex-

pected patterns that might warrant further investigation. For 

instance, in lung squamous cell carcinoma (LUSC), high tumor 

mutational burden (TMB-H) was not associated with an increased 

predicted immune response, deviating from the canonical link be-

tween TMB and enhanced immunogenicity. This is potentially 

related to the inferior outcomes in this subset of tumors for im-

mune checkpoint inhibitors compared to those with non-squa-

mous disease. 33 Similarly unique to LUSC is the negative associ-

ation between ARID1A mutations and GigaTIME-translated 

activation of immune infiltration markers, a finding that may mech-

anistically be related to the reported worse clinical outcomes in 

this subset of patients. 34

To further illustrate the power of GigaTIME, we highlighted a 

representative patient diagnosed with lung adenocarcinoma 

from the Providence data. The H&E image and its corresponding 

GigaTIME-translated virtual mIF images are shown in Figure 3H. 

The virtual mIF image patches exhibit diverse spatial activation 

patterns across multiple immune and tumor markers, demon-

strating the ability of GigaTIME to capture distinct cellular func-

tions and states. This patient harbored TMB-H and exhibited 

high PD-L1 and CD68 activation in the virtual mIF. This aligns 

with our identified associations in pan-cancer (Figure 3B), lung 

cancer (Figure 3D), and lung adenocarcinoma (LUAD)-specific 

(Figure 3F) analyses, further supporting the biological fidelity 

and clinical utility of our virtual population.

Virtual population enables large-scale discovery on 

pathological stages and patient stratification

In addition to clinical biomarkers, our virtual population enables 

systematic investigation of pathological stages and patient strat-

ification through GigaTIME-translated multiplex protein activa-

tions. At the pan-cancer level, we identified significant associa-

tions between protein channels and pathological stages 

(Figure 4A). Consistent with prior studies, 35–38 primary tumor 

size (T stage) exhibited positive correlations with immune check-

point markers such as PD-L1 and PD-1, as well as immune infil-

tration markers including CD68 and CD138. By contrast, nodal 

status (N stage) showed limited associations with these immune 

markers. The pathological stage group, which integrates TNM 

classifications, reflected a mixed pattern that aligns with these 

individual staging findings.

(B–G) Correlation analysis between protein channels in virtual mIF and patient biomarkers reveal TIME protein-biomarker associations at pan-cancer level (B), 

cancer-type level (C–E), and cancer-subtype level (F and G). Circle size denotes significance strength. Circle color denotes the directionality in which the cor-

relation occurs. Channel color denotes high, medium, and low confidence based on Pearson correlations evaluated using the test set.

(H) A case study showcasing the activation maps across different virtual mIF channels for a H&E slide in our virtual population, and virtual mIF of sample patches 

from this slide.
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At the cancer-type level, these protein-stage associations var-

ied substantially across cancer types (Figure 4B). Lung cancer 

largely mirrored the pan-cancer patterns, with the notable

exception of N stage demonstrating a negative correlation 

with both immune checkpoint and infiltration markers, including 

PD-L1, PD-1, CD3, and CD138. Interestingly, bowel cancer

A B C

D

E

F

G

Figure 4. GigaTIME enables effective patient stratification across pathological stages and survival groups

(A–C) Correlation analysis between virtual mIF and pathological stages at pan-cancer level (A), cancer-type level (B), and cancer-subtype level (C). Circle size 

denotes significance strength. Circle color denotes the directionality in which the correlation happens. Channel color denotes high, medium, and low confidence 

based on Pearson correlations evaluated using test set.

(D–F) Survival analysis on lung cancer by using virtual CD3, virtual CD8, and virtual GigaTIME signature (all 21 GigaTIME protein channels) to stratify patients at a 

pan-cancer level (D) and cancer-type level: lung (E) and brain (F).

(G) Bar plot comparing pan-cancer patient stratification performance in terms of survival log-rank p-values among virtual GigaTIME signature and individual 

virtual protein channels.

See also Figure S6.
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exhibited a unique pattern in which metastatic status (M stage) 

positively correlated with an increased GigaTIME-translated 

activation of PD-L1 and other immune markers, deviating from 

trends observed in the pan-cancer analysis, a pattern possibly 

related to the unique features of the portal/hepatic metastatic 

spread of this tumor type. 39,40

Further subtype-level analysis in lung cancer revealed 

nuanced differences between LUAD and LUSC (Figure 4C). 

While both subtypes showed broadly consistent staging pat-

terns, LUAD displayed a notably stronger negative correlation 

between nodal involvement and immune marker expression, 

particularly for CD34, PD-1, and PD-L1. This suggests that 

LUAD with nodal metastases may exhibit more pronounced im-

mune evasion at the primary tumor site, highlighting the impor-

tance of histology approaches in developing predictive signa-

tures for staging in clinical applications.

Finally, to further evaluate the clinical relevance of virtual pop-

ulation, we examined whether the virtual mIF can help stratify pa-

tients by survival outcomes. Across pan-cancer cohorts 

(Figures 4D and S6), as well as within specific cancer types 

(Figures 4E and 4F), GigaTIME-translated virtual protein activa-

tions were sufficient to separate patients into subgroups with 

significantly different survival trajectories. More importantly, 

integrating all 21 virtual protein channels into a composite Giga-

TIME signature yielded even more superior stratification 

(Figure 4G), underscoring the complementary signals across 

channels, validating the utility of a virtual population with mIF.

Independent validation using a virtual population from 

TCGA

Next, we validated the biomarker associations identified in the 

Providence virtual population using an independent virtual pop-

ulation generated from TCGA. Specifically, for each TCGA tumor 

with H&E slides, we applied GigaTIME to generate the corre-

sponding virtual mIF images, resulting in a virtual population of 

10,200 patients with 214,200 virtual mIF images across 21 pro-

tein channels. We then identified the significant TIME protein-

biomarker associations and compared them with that for the 

Providence virtual population (Figure 5A).

Note that there are substantial differences between the 

Providence and TCGA tumors. The Providence dataset repre-

sents a diverse real-world population in standard clinical set-

tings, whereas TCGA primarily includes early-stage, untreated 

tumors from surgical resection. Moreover, not all biomarkers in 

the Providence dataset are available in TCGA and vice versa. 

Interestingly, despite all these differences, we observed 

encouraging agreements in a number of our findings, which 

bode well for the generalizability of GigaTIME. We have already 

reported the general concordance of virtual mIF activations in 

Providence and TCGA virtual populations, with a Spearman cor-

relation of 0.88 (Figure 5A). Moreover, there are 80 protein-

biomarker associations that are statistically significant in both 

Providence and TCGA, which is a highly significant enrichment 

(Fisher’s exact test; p < 2 × 10 − 9 ), underscoring the generaliz-

ability and robustness of GigaTIME.

Meanwhile, it is also notable that the Providence virtual popu-

lation yielded 33% more significant pan-cancer associations 

than TCGA, highlighting the value of large-scale real-world

data for clinical discovery. Moreover, the Providence virtual pop-

ulation also uncovered substantially more associations at the 

cancer-type level, such as lung cancer (Figure 5B), as well as 

at the cancer-subtype level, such as LUAD (Figure 5C). By 

contrast, TCGA identified few significant associations at such 

granular levels (Figures 5B and S7).

To further validate GigaTIME’s generalizability in TCGA, we 

examined translated mIF images from different samples in 

TCGA, focusing on biomarker-associated differences in protein 

expression (Figure 5D). One case harbored a SPTA1 mutation, 

while the other did not. The resulting virtual mIF images displayed 

markedly different CD20 activation patterns, consistent with the 

association between CD20 and SPTA1 mutations. Similar visual 

distinctions were observed in case studies involving KMT2D and 

PD-L1, as well as TP53 and CD138, further reinforcing virtual pop-

ulation’s ability to capture biologically meaningful associations 

between biomarkers and spatial protein expression. When the 

biomarker status is not mutated, it can be seen that the corre-

sponding protein channel appears nearly black due to the very 

sparse predicted signal in these regions, which aligns with the ex-

pected low expression in non-mutated tissues.

Virtual population uncovers interesting spatial and 

combinatorial protein activation patterns

While activation density has been a widely used score to aggre-

gate signals across a whole-slide image, it does not reflect the 

more sophisticated global patterns as revealed by spatial tech-

nologies such as mIF. By generating virtual mIF whole-slide im-

ages, GigaTIME enables the exploration of more sophisticated 

metrics that can capture richer spatial patterns. Such metrics 

can reveal the distribution, organization, and higher-order pat-

terns of protein activations, offering deeper insights into the tu-

mor immune microenvironment.

To this end, we evaluated three standard spatially aware met-

rics: entropy, signal-to-noise ratio (SNR), and sharpness. En-

tropy quantifies the complexity and non-uniformity of pixel distri-

butions, reflecting the heterogeneity of spatial patterns in an 

image. SNR signifies the strength of the true biological signal 

relative to background noise, highlighting feature reliability. 

Sharpness assesses the prevalence of edges and fine struc-

tures, which is critical for identifying subtle yet meaningful pat-

terns in protein localization.

We applied these spatially aware metrics to our Providence 

virtual population. We found that they often uncovered stronger 

associations with specific clinical biomarkers compared with 

density (Figures 6A–6C). In total, entropy, SNR, and sharpness 

yielded higher correlation strength than density in 89, 63, and 

79 TIME protein-biomarker pairs, respectively, while being com-

parable for the rest.

In addition to sophisticated spatial patterns, we also investi-

gated whether combining virtual protein activations could 

enhance detection of biomarker associations. As a preliminary 

exploration, we assessed pairwise virtual protein combinations 

using the OR logical operation (i.e., a pixel is activated if it is acti-

vated for either virtual protein) and evaluated their correlations 

with clinical biomarkers (Figures 6D and 6E). This approach un-

covered numerous biomarker associations that were much 

stronger for the combination than individual virtual proteins.
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A

B C

D

Figure 5. Independent validation on a virtual population from TCGA

(A) Grid charts showing significantly correlated pan-cancer GigaTIME protein-biomarker pairs in Providence (left), TCGA (middle), and both (right).

(B) Grid charts showing significantly correlated GigaTIME protein-biomarker pairs for lung cancer in Providence and TCGA.

(C) Grid chart showing significantly correlated GigaTIME protein-biomarker pairs for LUAD in Providence. Channel color denotes high, medium, and low con-

fidence based on Pearson correlations evaluated using test set.

(D) Case studies with visualizations of H&E slides and the corresponding virtual mIF activations for the pair of a GigaTIME protein channel and a biomarker 

(mutated/non-mutated), where the patient with the given mutation demonstrates much higher activation scores for that GigaTIME protein channel.

See also Figure S7.
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A

B C

D

E

F

Figure 6. GigaTIME uncovers interesting spatial and combinatorial virtual mIF patterns

(A–C) Bar plots comparing virtual mIF activation density with spatial metrics on identifying TIME protein-biomarker correlations. We investigated three spatial 

metrics based on entropy (A), signal-to-noise ratio (SNR) (B), and sharpness (C).

(legend continued on next page)

ll
OPEN ACCESS

Cell 189, 1–15, January 22, 2026 11

Please cite this article in press as: Valanarasu et al., Multimodal AI generates virtual population for tumor microenvironment modeling, Cell 
(2026), https://doi.org/10.1016/j.cell.2025.11.016

Article



For example, combining the virtual activations for CD138 (a 

plasma cell marker) and CD68 (a macrophage marker), two 

distinct yet complementary immune proteins, resulted in much 

stronger associations with multiple biomarkers than either pro-

tein alone (Figure 6C). The co-localization of CD138 + plasma 

cells with CD68 + macrophages may signify an active immune 

attack on the tumor via antibody-mediated mechanisms, as pre-

vious studies have shown that a robust local antibody presence 

can stimulate macrophages to target and destroy antibody-

coated tumor cells. 41 A similar phenomenon was observed for 

the combination of PD-L1 (an immune checkpoint ligand) and 

caspase 3 (an apoptosis marker). This pairing captures the inter-

play between immune evasion and cell death. In lung cancer, 

PD-L1 is known to inhibit apoptotic pathways, including sup-

pression of caspase 3 and caspase 8 activation. 42 Similarly, in 

ovarian cancer, downregulation of PD-L1 has been shown to in-

crease caspase 3 activity and apoptotic cell death. 43 Finally, 

case studies also qualitatively demonstrate how combinations 

of CD138/CD68 and PD-L1/caspase 3 channels reveal comple-

mentary protein activations in the output virtual mIF (Figure 6F). 

These findings support the utility of combinatorial analysis, 

where integrating biologically complementary activation signals 

leads to more informative and clinically relevant insights.

DISCUSSION

GigaTIME offers a multimodal AI framework for scaling TIME 

modeling by learning to translate readily available H&E images 

into mIF images. GigaTIME was trained on a newly generated 

cross-modal dataset of 40 million cells with paired H&E and 

mIF slides and subsequently applied to H&E slides from Provi-

dence Health with 51 hospitals and over a thousand clinics 

across seven US states, generating 299,376 virtual mIF whole-

slide images across 21 protein channels. Comprehensive anal-

ysis on the resulting virtual population of 14,256 cancer patients 

yielded a TIME spectrum across 24 cancer types and 306 cancer 

subtypes, as well as a TIME atlas with 1,234 statistically signifi-

cant associations between virtual protein channels and key clin-

ical biomarkers. GigaTIME uncovered interesting spatial and 

combinatorial protein activation patterns, and the GigaTIME 

signature of virtual proteins facilitated effective patient stratifica-

tion predictive of cancer staging and survival. Independent vali-

dation on TCGA demonstrated the generalizability of GigaTIME, 

while also highlighted the value of diverse real-world data such 

as Providence for clinical discovery.

In our exploration of GigaTIME virtual populations, multiple 

biological features of the tumor immune response emerged. 

Intriguingly, the extent of local tumor invasion/pathological tu-

mor (T) stage appeared to be associated, at a pan-cancer level, 

with increased virtual PD-L1 activation, as well as more complex 

virtual protein activation patterns indicative of a coordinated im-

mune response. As tumors progress from localized to locore-

gional or advanced metastatic disease, this relationship ap-

peared to invert: higher-stage locoregional and metastatic

disease seem to be driven primarily by alternative immune 

evasion mechanisms, rather than active immune inhibition medi-

ated by PD-L1-associated pathways. Notably, this dynamic was 

also reflected in cell-intrinsic features, including diminished pre-

dicted cleaved caspase 3 expression, possibly indicating 

evasion from immune-induced apoptotic pathways. A key com-

monality across all these findings is the apparent coordinated 

nature of the immune response, where protein activations for T 

and B cells, plasma cells, macrophages, and dendritic cells 

markers show significant cross-correlation. This reinforced the 

notion that effective immunotherapies should not target isolated 

cell compartments but instead adopt a comprehensive 

approach engaging multiple immune cell types to achieve robust 

anti-tumor immunity. The importance of the coordinated nature 

of the TIME was further emphasized by the superiority of our Gig-

aTIME signature combining all protein channels over single 

channels in predicting survival. Associations between molecular 

alterations and GigaTIME virtual protein activations included 

some well-known genomic relationships, such as the positive 

correlations with TMB and MSI, while others are less well 

described, such as KMT2D mutations. We also observed asso-

ciations between decreased immunogenicity and mutations in 

oncogenes such as KRAS. Interestingly, subset analysis further 

reinforced the importance of the histopathological context on 

the effect of mutational alterations on TIME, with distinctive dif-

ferences in their impact across different cancer types and sub-

types, such as LUAD and LUSC.

Limitations of the study

Our initial results are promising, but much more remains to be 

explored. Our association study was conducted on 14,256 pa-

tients from 51 hospitals and over 1,000 health centers. To our 

knowledge, this already comprises by far the largest popula-

tion-scale study for virtual mIF. Still, the majority of our patients 

are from the western United States. There is substantial oppor-

tunity for further enhancing the geographic and ethnic diversity 

in the patient cohort to increase the coverage of under-repre-

sented populations. It is remarkable that our results on GigaTIME 

show that H&E slides indeed contain significant signals for 

spatial proteomics. However, not all proteins are equal, and AI 

is not magic. It is expected that some proteins might not manifest 

prominently in the morphology and are thus untranslatable 

based on H&E alone. Our results already unveil substantial vari-

ations in the translation quality across protein channels 

(Figure S5). This variability likely stems from three factors: the 

heterogeneous H&E tumor/normal tissue architecture, the vary-

ing frequency of positive events in the training datasets, and 

marker-specific technical challenges such as non-specific bind-

ing patterns, varying expression levels, and differential sensitivity 

to tissue processing methods. Systematic quantification of 

this variability can identify protein channels with major growth 

opportunities in translational performance, thus helping to guide 

future data generation. In future work, we plan to explore more 

protein channels and assess their translation quality, ultimately

(D and E) Bar plots comparing single channel and combinatorial channel (using the OR logical operation) in biomarker associations for two GigaTIME virtual 

protein pairs: CD138/CD68 (D) and PD-L1/caspase 3 (E), demonstrating substantially improved associations for the combination.

(F) Case studies visualizing the virtual mIF activation maps of individual channels (CD138, CD68; PD-L1, caspase 3) and their combinations.
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compiling a comprehensive atlas for virtual mIF. A key motivation 

for GigaTIME is to unveil the ‘‘tumor microenvironment 

grammar’’ underlying the elaborate patterns of cell-to-cell inter-

actions. In future work, we plan to integrate cell segmentation 

models 44–46 into GigaTIME training and inference to model 

cell-to-cell interactions.
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Details of acquiring paired training and testing dataset for GigaTIME

The first step in building a virtual population for tumor microenvironment modeling is the collection of a high-quality paired dataset of 

H&E and mIF slides to train a robust cross-modal model. For training the GigaTIME cross-modal translator, we curated twenty-one 

matched pairs of H&E slides and generated the corresponding mIF data using the COMET multiplex immunofluorescence platform, 5 

with all processing performed in-house. Whole slide images (WSIs), obtained through conventional brightfield microscopy, 

comprised an area on average measuring 20 mm × 20 mm (approximately ∼100k × 100k pixels). mIF images concentrated on 

a specific subregion of interest, measuring 10 mm × 10 mm (40k × 40k pixels), captured via the COMET platform. Given the 

high resolution and rich cellular content of the slides, we estimate approximately 40 million cells with their corresponding activation 

labels. The protein markers selected for this study cover a broad spectrum of TIME markers including immune function profiling and 

tumor characterization. These TIME markers include: a) PD-1, PD-L1, T-bet, Ki67, PHH3 and Caspase 3, which respectively repre-

sent immune checkpoint activity, T-cell differentiation, proliferation, and apoptosis; b) immune phenotypic markers such as CD3, 

CD4, CD8, CD14, CD16, CD11c, CD68, CD20 and CD138, identifying T-cell, myeloid, B-cells and plasma cells/ late-stage B-cell dif-

ferentiation; and c) microenvironment markers such as Cytokeratin (CK), Tryptase and CD34, Transgelin, and Actin characterize 

epithelial cells, mast cells, endothelial cells, and smooth muscle/myofibroblast/pericytes, while DAPI serves as a pan-nuclear marker 

for cell identification. This selection provides a comprehensive framework for tumor microenvironment modeling: immune activation, 

tumor phenotypes, stromal components, and cellular dynamics, facilitating a pathology-driven, immune landscape profiling analysis 

(Figure S1; Table 1). Our training data comprises of data collected from 21 patients across different stages of lung adenocarcinoma. 

Each of these patients were chosen to make sure they had diverse biomarker activations.

Additionally, to test the generalization of GigaTIME, we acquired some tissues and their mIF panels for additional cancer types. We 

curated tumor cores from tissue microarrays (TMAs) derived from whole-slide sections, representing two additional distinct cancer 

types: breast and brain. These cohorts encompass a wider spectrum of histological subtypes and clinical stages. The breast set pre-

dominantly consists of infiltrating duct carcinoma (IDC), with additional metaplastic carcinoma (MBCA) and sarcomatoid carcinoma 

(SARC) cases, spanning stages IIA to IIIC. The brain cohort includes lower-grade astrocytoma (grades 2–3; ASTR) alongside high-

grade glioblastoma multiforme (grade 4; GBM). Specifically, the tissues were collected from 12 patients for breast and 20 patients for 

brain cohorts. Similar to training data, we used the COMET multiplex immunofluorescence (mIF) platform to generate mIF panels for 

the same set of protein markers.

Details of registration and preprocessing on acquired mIF images

Since the mIF images in our GigaTIME training data represents only a smaller subregion of the corresponding H&E whole slides, map-

ping its coordinates to those within the H&E WSI is necessary. To achieve this alignment, we utilized VALIS, 47 a robust, automated 

registration tool developed for large-scale pathology images. VALIS supports both H&E brightfield and fluorescence images, making 

it suitable for our dataset. For registration, we used the DAPI marker (nuclei marker) and grayscale-converted H&E images as refer-

ences. VALIS implements a multi-step registration pipeline to ensure robust alignment, including tissue region filtering, image normal-

ization, rigid registration, non-rigid registration, and micro-registration.

VALIS first picks only the tissue regions and masks out the background so the registration process happens only on relevant areas. 

Rigid registration is then performed on low-resolution versions of the images to learn linear transformations for initial global alignment 

where the image size is set at 1024 pixels. Subsequently, non-rigid registration is performed to refine the alignment by learning local,

REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

Python 3.11 Python Software Foundation https://www.python.org;

RRID:SCR_008394

Pytorch 2.4 Pytorch Foundation https://pytorch.org/; RRID:SCR_018536

VALIS 1.1 Gatenbee et al. 47 https://valis.readthedocs.io/en/latest/

Scikit-Learn 1.5 Scikit-Learn Community https://scikit-learn.org/stable/;

RRID:SCR_002577

Other

COMET Device Lunaphore https://lunaphore.com/products/comet/
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non-linear transformations using higher-resolution images of size 8192 pixels. Finally, a second non-rigid registration step, called mi-

cro-registration, is performed at a high resolution of 16384 pixels to capture micro-features that were unresolved in previous steps. 

The registered mIF images are divided into patches of size 128 × 128 micrometers which equals 556 × 556 pixels, and the patch 

coordinates are warped into the H&E image space to identify and extract corresponding regions. This process generated an initial set 

of 417,501 pairs of patches. Post-tiling, we filtered out background patch pairs, defined as > 99% black pixels or channel variance < 

1, reducing the dataset to 218,214 patches. While registration results from VALIS are accurate for most patches, occasional failures 

were observed, potentially due to severe tissue deformations, large lighting condition differences, or other artifacts. 47 To detect these 

failures, we performed cell segmentation using StarDist on the DAPI channel for multiplex protein imaging and on the RGB H&E im-

ages, respectively. 48,49 The nuclei masks obtained from DAPI were dilated by 7 pixels to approximate whole-cell masks. We then 

calculated the Dice coefficient between the masks from H&E and multiplex images to quantify how they aligned well. We manually 

annotated 100 pairs as either successful or unsuccessful, and using this reference, we determined a threshold Dice score of 0.2 for 

distinguishing failures. All patch pairs with Dice coefficients below the threshold were excluded. This filtering resulted in a final dataset 

of 49,401 pairs with high-quality, accurately registered patch pairs. As the mIF channels are continuous signals, we use Otsu thresh-

olding 50 to binarize the mIF to have only values of 0 and 1. Note that each of these patches contain at least 200 cells, resulting in 

around 40 M overall and 10 M high-quality registered cells (post high-quality filtering), each with 21 mIF activations. We use these 

10 M cells for training our GigaTIME cross-translator model. This entire workflow of registration and preprocessing is illustrated in 

Figure S2.

Details of training GigaTIME as cross-modal translator model

We used NestedUNet 20,51 as the GigaTIME cross-translator model which processes H&E patches to predict virtual mIF images 

across 21 TIME markers. The NestedUNet architecture follows an encoder-decoder framework. The encoder consists of multiple 

convolutional blocks that encode the input data into a condensed latent feature representation. The decoder then reconstructs 

the 21 mIF markers from this latent feature. There are five hierarchical levels of feature channels {32; 64; 128; 256; 512}, capturing 

increasingly abstract semantic features while progressively reducing spatial resolution by factors of two via max pooling. The 

encoder produces feature maps of sizes H × W × 32, H=2 × W=2 × 64, H=4 × W=4 × 128, H=8 × W=8 × 256, and H= 16× W= 

16 × 512 where H and W are height and width of the image which is 256 in our case. The decoder reconstructs high-resolution out-

puts using bilinear upsampling followed by concatenation with feature maps from both the encoder and previous decoder nodes, 

forming densely nested skip pathways. This design enables effective fusion of low-level spatial details with high-level semantic 

context. Additionally, nested skip connections between all encoder and decoder blocks facilitate rich feature transfer (see 

Figure S9 for ablation study). We also experimented with GigaTIME training using a state-of-the-art pretrained vision transformer 

(ViT) giant model with over a billion parameters. Despite that this larger model leads to a slight improvement in the Dice score 

(Figure S14), it would incur about an order of magnitude increase in compute. Since our population-scale study already required 

about five thousand GPU hours in total compute, we decided to not use this expensive pretrained ViT-giant model version of 

GigaTIME.

We use 12 slides for training, 4 as the development set and keep out 5 slides as our test set. We used patches of size 256× 256 to 

train the model. Note that these patches are sub-regions from the 128 × 128 micrometer patches we had registered. We used a com-

bination of Dice and binary cross-entropy (BCE) loss to train the model. The Dice score is a measure of overlap between the ground 

truth (GT) and the prediction, which is defined as:

Dice c = 
2 
∑ 

y c ̂  yc∑ 
y c + 

∑ 
̂ yc

where y is the ground truth patch of mIF and ̂  y is the predicted GigaTIME-translated virtual mIF for protein channel c. The multi-

class Dice loss is defined as:

L Dice = 1 −
1

C

∑ C

c = 1

Dice c

where C represents the total number of channels. The multi-class BCE loss is defined as:

L BCE =
1 

C

∑ C

c = 1

− (y c log(̂ yc ) + (1 − y c )log(1 − ̂ yc ))

where y is the ground truth patch of mIF and ̂  y is the GigaTIME-translated virtual mIF for protein channel c, and C represents total 

number of protein channels in our training data. The loss we used to train the model is similar to leading segmentation literature 52,53 

and is defined as follows:

L model = L Dice + 0:5 ∗ L BCE
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We also used augmentations like random rotation, flipping, and contrast adjustments while training. The model was trained for 250 

epochs using Adam optimizer with a learning rate of 0.0001. We used 8 A100 GPUs and a batch size of 16 per GPU while training. 

GigaTIME cross-translator model is relatively small with only 9.16 M parameters aiding in faster training and inference. We also attach 

the training and validation curves in Figure S10 which demonstrates stable training and convergence.

Details of baseline comparisons

We used CycleGAN for baseline comparison as it is a widely recognized baseline for unpaired image-to-image translation in histo-

pathology. 16,22 Specifically, we followed prior standard methodology, 16,22 and trained CycleGAN models 21 from scratch on the same 

in-house H&E and mIF training data. In particular, we trained one CycleGAN model for every protein channel individually resulting in 

21 different models for our baseline. CycleGAN was used in its canonical form, without architectural modifications. We utilized the 

development set to determine the learning rate, ensuring stable training.

To further validate the robustness of our evaluation metrics, we also created an average activation baseline. In particular, for each 

protein channel we calculated the average positivity ratio from the actual mIF data. We then used this value as the sampling ratio to 

assign positive pixels in non-blank tissue regions.

Details of metrics to evaluate the translation performance

We used three evaluation metrics to quantify the quality of GigaTIME-translated mIF: Dice score, Pearson correlation, and patch-wise 

activation comparison. Dice score is a similarity coefficient commonly used in segmentation tasks. It calculates the ratio of overlap 

between prediction and ground truth with that of the sum of the individual number of prediction and ground truth pixels. The Dice 

score is calculated between the prediction and the ground truth, and we report the mean Dice across all the patches of the test 

set for all the 21 protein channels. During the evaluation, we skipped all blank regions at the 8 × 8 level to ensure that they didn’t 

artificially inflate the scores.

Next, we determine the activation counts for each window creating an activation matrix for a single patch and then compute the 

Pearson correlation between the GigaTIME-translated and actual mIF activation matrices. We report the mean Pearson for each 

TIME marker across all the patches in the test set. By counting the number of activations in each window, we effectively apply a 

form of local averaging. This approach can reduce the influence of small-scale noise and highlight larger-scale patterns at the cell 

level. Consequently, the resulting correlation may improve if the predictions accurately capture the overall structure of the ground 

truth, even when small pixel-level misalignments exist. This level of precision can be sufficient for specific pathology studies, as in 

some cases, simply identifying the activation of a particular marker is adequate. On the other hand, the Dice metric is sensitive to 

the size of objects in the masks, meaning larger objects contribute more significantly to the score. As a result, smaller activations, 

commonly observed in mIF, may be underrepresented or overlooked. We also use a performance metric to quantify the density 

of mIF at the patch level. To do this, we calculate the activation density for a specific channel for both GigaTIME-translated virtual 

mIF and ground truth mIF within each corresponding patch (256 ×256) and report the spearman correlation.

Details of Providence data for generating virtual population

To unleash GigaTIME for population-scale TIME modeling, it is essential to first assemble a diverse and richly annotated dataset that 

includes biomarkers, H&E slides, and comprehensive patient information. Our Providence data , curated from real-world patient data 

collected across 51 Providence Health hospitals and over 1,000 clinics in the USA meets this need. It includes H&E slides from 14,256 

patients spanning multiple cancer types, each paired with corresponding genomic sequencing data, offering a unique and large-

scale resource for TIME modeling clinical insight generation. For patients with multiple H&E slides, we select the most tumor-repre-

sentative slide using a ResNet model 54 trained to classify whether a slide contains a tumor. The ResNet is trained with a binary cross-

entropy loss, leveraging pathology reports and immuno-histochemistry (IHC) orders to identify tumor-positive slides. Tumor-negative 

slides are selected from patients with multiple slides by choosing those without corresponding IHC tests. While these labels are not 

gold-standard, we validated them through spot checks by expert pathologists to ensure quality. The trained ResNet model was also 

evaluated on a test set of 200 slides (100 positive, 100 negative), achieving 87% accuracy, demonstrating strong performance. We 

then applied this ResNet model to score all H&E slides from 14,256 patients, selecting the slide with the highest tumor score as the 

representative slide for further analysis. Additional patient data, including OncoTree ID, survival time, censorship information, and 

staging attributes, were extracted from electronic health records and reports. Since Providence data is not curated based on specific 

selection criteria, it closely emulates population-scale real-world data, capturing a diverse cancer landscape with 24 cancer types 

and 306 unique OncoTree IDs, reflecting 306 cancer subtypes (Figure S3). All genomics biomarkers were captured using a single 

523-gene comprehensive genomic profiling (CGP) assay developed in-house at Providence (Portland, OR). The assay uses hybrid 

capture technology based on TruSight Oncology 500 Illumina (Illumina, Inc, SanDiego, CA) kits and sequencing on a NovaSeq 

6000 platform. The assay captures and sequences coding regions of 523 genes, includes RNA-seq of 23 genes to identify fusions, 

and provides tumor mutational burden (TMB) and microsatellite instability (MSI) assessment. Analysis was performed using the 

TruSight Oncology 500 application with STAR-Fusion. All cases were interpreted by our expert team following AMP/CAP/ASCO 

guidelines, utilizing resources like OncoKB, ClinVar, gnomAD, and COSMIC databases. The assay is validated according to CAP/ 

CLIA standards.
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Details of generating virtual population data

To generate virtual mIF whole-slide images using GigaTIME for any provided H&E slide, we first tile the whole slide image into patches 

of 128 × 128 micrometers which translates to 256 × 256 pixels. We perform inference using our GigaTIME cross-translator model 

across all of these patches but also consider overlapping patches to avoid any edge artifacts. We use a sliding window technique 

with a stride size of 128 pixels across both height and width and keep the patches of resolution as 256 × 256. Then, we use our model 

to predict virtual mIF for all these patches. We then stitch back the patches together to obtain the slide-level virtual mIF. We conduct 

inference using 325 V100 GPUs, with each GPU processing a single slide. Please note that the inference time significantly depends 

on the size of the slide, and it can vary considerably but on average it can take anytime between 20 minutes to 2 hours for a single slide 

processed in one GPU. We set the batch size (number of patches processed in each GPU) to 12. This large-scale inference results in 

299,376 virtual mIF whole-slide images across 21 protein channels unlocking population-scale TIME modeling.

Details of biomarker discovery using virtual population

Access to a rich combination of genomic biomarkers, clinical attributes, survival information, and TIME modeling using GigaTIME 

across a diverse patient population enables clinical discovery. By identifying associations between protein channels in the Giga-

TIME-translated virtual mIF and various biomarkers or clinical attributes, we aim to uncover novel insights that could deepen our un-

derstanding of cancer biology and potentially inform future diagnostic and therapeutic strategies. To this end, we analyzed the as-

sociation between the protein channels in virtual mIF and various biomarkers derived from using genomics sequencing: PD-L1, TP53, 

LRP1B, KRAS, APC, KMT2D, FAT1, SPTA1, ZFHX3, KMT2C, EGFR, ARID1A, PIK3CA, PRKDC, NOTCH1, ATM, KMT2A, ROS1, 

TMB, and MSI. Each of these biomarkers offer insights into prognosis, treatment response, and tumor biology—ranging from immune 

evasion (PD-L1), genomic instability (TP53, ATM), oncogenic signaling (KRAS, EGFR) and epigenetic regulation (KMT2D/KMT2A/ 

KMT2C, ARID1A). Using a two-sided t-test, we assessed the correlations between the individual protein channels in GigaTIME 

and the biomarkers and determined the directionality by comparing category-specific average scores. To ensure statistical robust-

ness, we applied Benjamini-Hochberg (BH) correction for multiple testing, reducing the false discovery rate and enhancing result 

reliability.

Details of pathological staging and surival analysis using virtual population

We also assess the associations among clinical staging attributes, including PathStage T (tumor size and extent), N (lymph node 

involvement), M (distant metastasis), and Group (overall stage classification). PathStage T ranges from T1 (small, localized tumor) 

to T4 (extensive tumor invasion). PathStage N reflects nodal spread, from N0 (no involvement) to N3 (extensive lymph node metas-

tasis). PathStage M classifies distant metastasis as M0 (none) or M1 (present). The Group stage integrates these factors into a 

comprehensive classification (I–IV), guiding prognosis and treatment decisions. For clinical staging attributes with more than two cat-

egories, we discretized the predicted scores into multiple bins with equal sample sizes, computed the contingency table, and applied 

the Chi-squared test for statistical significance. We also use BH correction to ensure statistical robustness. We calculated Pearson 

correlation coefficients to find the directionality of the associations between protein channels and clinical staging attributes. To visu-

alize the correlations, we construct a grid chart mapping the relationships between biomarkers, staging clinical attributes, and the 

virtual mIF in GigaTIME.

Access to survival information in our Providence data enables us to perform comprehensive survival analysis using the GigaTIME 

framework. This allows us to evaluate the prognostic relevance of virtual mIF derived using GigaTIME and uncover associations be-

tween protein channels and patient outcomes. We first extract the overall survival time of the patients, censorship data and also use 

the oncotree ID to stratify the patients based on cancer type. This results in a subset of 7,219 patients for whom all necessary data is 

available. We then conduct survival analysis for each individual protein channel in GigaTIME at pan-cancer level. To do this, we first 

stratify the patient cohort into two groups—high and low activation—based on the median activation density of each channel. For 

each group, we applied the Kaplan-Meier estimator to model survival probability over time and fitted a Cox proportional hazards 

model to compute the hazard ratio, quantifying the risk of events between groups. To assess statistical significance, we performed 

a log-rank test to determine whether there were significant differences between the Kaplan-Meier (KM) survival curves of the two 

groups. For performing survival analysis on the entire 21 protein channels from GigaTIME, we first create a 21 feature vector which 

we term as GigaTIME signature. We then apply K-means clustering to this feature vector to group patients into distinct clusters. For 

direct comparison with KM curves on individual protein channels, we set k as 2 but also explore stratification beyond binary grouping 

by varying k from 2 to 7 (Figure S6). Given the presence of multiple cancer types in our dataset, we also perform cancer type–specific 

survival analysis. This allows us to assess the prognostic relevance within individual cancer types, capturing disease-specific pat-

terns and survival trends in a tumor-context-aware manner.

Details of the TCGA-based virtual population

We make use of The Cancer Genome Atlas Program (TCGA) dataset 55 to validate the results we obtain using GigaTIME. TCGA data 

contains 28,402 H&E slides from 10,200 patients. As not all of these slides are tumor slides, we use the TCGA barcode to identify 

slides which are samples of solid tumors and only perform our analysis on those tumor slides. We use our GigaTIME cross-translator 

model to obtain the virtual mIF across all TIME markers. We then use the biomarker information present in TCGA dataset to perform 

association analysis. Similar to our analysis in the Providence data, we used a two-sided t-test, where correlations between the

ll
OPEN ACCESS

Cell 189, 1–15.e1–e5, January 22, 2026 e4

Please cite this article in press as: Valanarasu et al., Multimodal AI generates virtual population for tumor microenvironment modeling, Cell 
(2026), https://doi.org/10.1016/j.cell.2025.11.016

Article



individual protein channels and the biomarkers were assessed. We determined the directionality by comparing category-specific 

average scores. To maintain consistency and ensure statistical robustness, we applied Benjamini-Hochberg (BH) correction. The 

biomarkers present in TCGA and Providence differ and do not completely overlap; therefore, our analysis includes only the bio-

markers common to both datasets: KRAS, LRP1B, KMT2D, TP53, FAT1, PIK3CA, ROS1, KMT2C, ARID1A, EGFR, KMT2A, 

SPTA1, PRKDC, APC, and ZFHX3.

Details of the spatially informed metrics

We use spatial features such as Signal-to-Noise Ratio (SNR), entropy, and sharpness to provide deeper insights into image structure 

and quality compared to simple features like activation density. SNR quantifies the strength of meaningful signal compared to noise, 

providing a measure of image clarity. Considering each pixel of a binary image be a Bernoulli random variable X ∈ {0; 1} with 

P(X = 1) = p and P(X = 0) = 1 − p and treating the mean pixel value as the ‘‘signal’’ and the pixel-wise fluctuations about the 

mean as ‘‘noise’’, the signal–to–noise ratio (SNR) can be written as the ratio of the mean to the standard deviation:

SNR = 
μ 
σ

= 
p

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ 
p(1 − p)

√ 

The SNR tends to infinity when the image is uniform (p = 0 or p = 1) and is minimized when the image has a nuanced composition

of 0s and 1s (p = 2
2 ). Entropy measures the information content of an image based on the distribution of pixel intensities. It is calcu-

lated as:

H = − 
∑N

i = 1

p(x i )logp(x i )

where p(x i ) is the probability of pixel intensity x i occurring in the image, N is the number of possible intensity levels. Higher entropy 

indicates a complex and diverse texture, which is useful for detecting heterogeneous regions in biological images, while lower en-

tropy suggests more uniform, redundant regions. Sharpness quantifies the clarity of edges and fine structures in an image, which 

is crucial for distinguishing important boundaries. It is computed using the gradient magnitude, given by:

S = 
∑

x;y

⃒ 
⃒
⃒
⃒
∂I 

∂x

⃒
⃒ 
⃒
⃒ +

⃒ 
⃒
⃒
⃒
∂I

∂y

⃒
⃒
⃒
⃒

where I(x; y) is the pixel intensity at location (x;y), ∂I
∂x

and ∂I
∂y

represent the intensity gradients in the horizontal and vertical directions.

A sharper image contains more high-frequency details, while a blurry image exhibits weaker gradients.

Details of the combinatorial analysis

As we generate virtual mIF whole-slide maps for individual protein channels within the GigaTIME framework, it opens up new pos-

sibilities to explore the combinatorial effects of multiple markers. For the combinatorial analysis, we apply simple logical operator OR 

to individual protein channels of the virtual mIF data in GigaTIME to create composite activation maps. We then compute the acti-

vation density from these combined channels to perform a t-test for assessing statistical significance. This approach enables us to 

evaluate whether combining multiple protein channels yields stronger and more meaningful associations with biomarkers and clinical 

attributes.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analysis was conducted in Python 3.11 using machine learning libraries like scikit-learn. Our reported results in terms of 

dice score and pearson correlation includes the standard deviation as error bars in the plots Figures 2A and 2B. Also, statistical sig-

nificance across models was assessed using two-tailed t-tests, comparing GigaTIME with baselines for each biomarker. Significance 

levels were indicated as follows: * p < 0:05; ** p < 0:01; *** p < 0:001. Similarly, in our protein channel - biomarker/staging association 

tables found through Figures 3B–3G, 4A–4C, and 5A–5C, we report p values from a two-sided t test to assess the correlation between 

the individual protein channel and biomarker/staging. We also applied a Benjamini-Hochberg (BH) correction for multiple testing. The 

survival analysis was done with the packages lifelines, scikit-survival, and statsmodels. In Figures 4D–4G, survival probabilities were 

estimated using the Kaplan–Meier estimator, and differences between groups were evaluated using the log-rank test. Hazard ratios 

(HRs) were computed using the Cox proportional hazards model.

ADDITIONAL RESOURCES

Our code and model can be found at https://aka.ms/gigatime_code.
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Supplemental figures

Figure S1. Data acquisition and channel distribution in GigaTIME training data, related to Figure 1A

(A) Flowchart illustrating the pipeline for obtaining paired H&E slides and mIF data in the GigaTIME training data, including the acquisition process using Lu-

naphore COMET hyperplexing device for various TIME markers.

(B) Bar chart displaying the mean channel intensity (scaled between 0 and 1) for each TIME marker in the training dataset. This visualization provides an overview 

of the activation distribution across all protein channels, highlighting relative expression levels and variability.
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Figure S2. Registration and pre-processing workflow for GigaTIME training data, related to Figure 1

Flowchart illustrating the alignment process of H&E and mIF data from the GigaTIME training dataset. First, the slides are registered using VALIS. Following 

registration, pre-processing is performed by computing the Dice threshold similarity between the DAPI channel of the mIF image and the cell map extracted from 

the H&E slide using StarDist to get the pixel aligned pairs of H&E slides and mIF images.
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Figure S3. Providence data distribution by cancer type, related to Figure 1

Horizontal bar chart showing the percentage distribution of different cancer types found in our Providence data sorted in descending order by their occurence.
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Figure S4. Circular plot for TCGA-based virtual population based on GigaTIME activations, related to Figure 1

Circular plot visualizing a TIME spectrum encompassing the activation scores of 21 protein channels from the TCGA-based virtual population, where each 

channel is represented as an individual circular bar chart segment. The inner circle encodes OncoTree, which classifies 10,200 patients into 52 cancer subtypes. 

The outer circle groups these activations by cancer types, allowing visual comparison across major categories.
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Figure S5. Scatter plots for all mIF channels in GigaTIME, related to Figure 2

Scatter plots comparing the activation density of the GigaTIME-translated mIF and the ground-truth-measured mIF across all the channels on the test set.
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Figure S6. Survival analysis of GigaTIME signature stratifying patients into different numbers of clusters, related to Figure 4

Each subplot presents Kaplan-Meier (KM) survival curves based on the 21-dimensional GigaTIME signature, clustered using K-means into varying numbers of 

groups (from K = 2 to K = 7) along with hazard ratios and log-rank p values.
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Figure S7. Grid chart showing TIME protein vs. biomarker associations for TCGA LUAD cancer patients, related to Figure 5

Correlation analysis between protein channels in virtual mIF and patient biomarkers reveal TIME protein-biomarker associations at LUAD cancer-subtype level for 

the TCGA patient cohort. Circle color denotes the directionality in which the correlation occurs.
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Figure S8. Average activation baseline comparison, related to Figure 2

Bar charts illustrating the Dice score (left) and Pearson correlation (right) across all protein channels involved in our study for the average activation baseline. The 

positivity ratio was fixed to match the average channel-wise positivity ratio observed in the measured mIF data.
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Figure S9. Ablation study of GigaTIME with and without nested skip connections, related to Figure 2 and STAR Methods

Bar chart illustrating the comparison of Dice scores of GigaTIME trained with and without nested skip connections across all the protein channels involved in our 

study. Inclusion of skip connections consistently improves performance across all channels.
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Figure S10. Training and validation loss analysis for GigaTIME cross-modal translator, related to Figure 2 and STAR Methods

Loss curves showing the training and validation curves while training GigaTIME. Blue and orange curves represent training and validation curves respectively. The 

left-hand side shows loss progression, while the right side shows loss gradient.
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Figure S11. GigaTIME performance on brain tissue cohort based on Dice scores and Pearson ratios, related to Figure 2

Bar charts showing the performance of GigaTIME using Dice score (top) and Pearson correlation (bottom) across all the channels involved in our study for brain 

tissue cohort. We show the performance for GigaTIME and CycleGAN as well as average activation baseline.
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Figure S12. GigaTIME performance on breast tissue cohort based on Dice scores and Pearson ratios, related to Figure 2

Bar charts showing the performance of GigaTIME using Dice score (top) and Pearson correlation (bottom) across all the channels involved in our study for breast 

tissue cohort. We show the performance for GigaTIME and CycleGAN as well as average activation baseline.
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Figure S13. Performance stratified across nuclear, surface, and cytoplasmic markers, related to Figure 2

Bar charts show the performance of GigaTIME, CycleGAN, and average activation baseline using Dice scores (left) and Pearson correlation (right) across markers 

stratified by subcellular localization into nuclear, surface, and cytoplasmic markers.
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Figure S14. Comparison of GigaTIME with a translator built on top of a pretrained model, related to Figure 2 and STAR Methods

Bar chart comparison in terms of Dice score between GigaTIME with a nested UNet backbone and a ViT-giant backbone pretrained from a foundation model 

across all markers. 17
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