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SUMMARY

Spatial biomarkers are critical for precision oncology but remain challenging to systematically discover due 

to the complexity of whole-slide images. We present PathPrism, an interpretable AI framework for spatial 

biomarker discovery and virtual experimentation. Unlike black-box models, PathPrism encodes tissue 

architecture into pathologically informed spatial features, enabling transparent modeling of prognosis, 

molecular alterations, and therapy response. Applied to 7,000 patients with colorectal cancer across 11 co

horts, PathPrism uncovered hundreds of biomarkers predictive of survival, MSI, BRAF, and TP53 muta

tions, and stratified chemotherapy benefit in stage II/III disease. Building on these interpretable findings, 

PathPrism uses large language models as auxiliary tools to generate hypotheses grounded in spatial 

semantics. We further introduce VirtualWSI, a platform for semantic perturbation within an interpretable 

spatial biomarker atlas. PathPrism provides a scalable and interpretable framework for spatial biomarker 

discovery.

INTRODUCTION

Histopathological biomarkers are central to cancer diagnosis, 

prognosis estimation, and treatment selection.1–3 Given its 

accessibility and routine clinical use, histopathology offers 

substantial translational potential.4–6 Yet biomarker discovery 

remains labor-intensive and reliant on expert interpretation, 

requiring meticulous review of large-scale whole-slide images 

(WSIs) and extensive validation.3 Spatial biomarkers, defined 

by multiscale and multimodal patterns within the tumor micro

environment (TME), hold particular promise but are difficult 

to discover because tissue heterogeneity, complex spatial 

organization, and subtle visual patterns often exceed the ca

pacity of human interpretation.7–9 As a result, only a small 

number of spatial biomarkers have been clinically validated, 

leaving much of cancer’s spatial complexity unexplored.10

This mismatch between abundant histopathological data 

and limited human throughput motivates high-throughput, 

quantitative, and interpretable approaches to spatial biomarker 

discovery.

Artificial intelligence (AI) for scientific discovery,11 centered 

on extracting patterns from complex data and trans

lating them into testable hypotheses, has already driven ad

vances in mathematics,12 genomics,13,14 and antibiotic dis

covery.15,16 However, in computational pathology, most 

deep learning (DL) models remain black boxes due to the 

massive visual information embedded in WSIs and the high 

complexity of model parameters, offering limited insight into 

the features driving their predictions.17,18 Recent studies 

have attempted to derive candidate biomarkers from DL 

models using post hoc explainability.19–23 However, because 

these models rely on raw pixels or latent image representa

tions, post hoc explanations can be diffuse and ambiguous, 

making it difficult to determine what the model has learned 

and to define, quantify, characterize, and validate the resulting 

signals as pathologically interpretable biomarkers.17,18,24 This 

limits clinical translation and large language model (LLM)- 

assisted hypothesis generation,25–28 and hinders the transition 

from prediction to active exploration through manipulable 

perturbation.29–33 Here we present PathPrism, an AI-driven 

framework for interpretable spatial biomarker discovery, 

coupled with structure-preserving semantic perturbation to 

explore the spatial biomarker atlas.

RESULTS

Overview of PathPrism

The core principle of PathPrism is to maximize interpretability 

without compromising performance, achieved through bio

logically informed input representations and a transparent, 

simplified model design (Figure 1). To deconstruct the visual 

complexity of WSIs into semantically defined colorectal 

cancer (CRC) tissue types, PathPrism first acts like a prism, 

producing segmentation maps that are quantitatively defined 

and pathologically interpretable (Figure 1A). While expert 

annotation can provide such segmentation, it is labor-inten

sive, subjective, and infeasible at scale. To address this, we 

developed PrismNet, a DL model trained on 100,000 anno

tated CRC histopathology patches,34,35 enabling high- 

throughput semantic segmentation of WSIs (Figure S1A, 

Methods). Specifically, PrismNet segments WSIs into eight 

key tissue types commonly observed in CRC34: adipose tissue 

(ADI), debris (DEB), lymphocytes (LYM), mucus (MUC), 

smooth muscle (MUS), normal colon mucosa (NORM), can

cer-associated stroma (STR), and colorectal adenocarcinoma 

epithelium (TUM).

To determine whether these semantic segmentation maps 

preserve clinically relevant prognostic information, we con

structed MacroNet, a DL model trained to associate macro

scopic tissue architecture with patient survival (Figures 1B 

and S2A, Methods). Multi-angle interpretation of the trained 

MacroNet revealed predictive spatial patterns.31,32 Guided by 

these insights, PathPrism performs a second-level decom

position of the semantic segmentation maps into quantified, 

human-interpretable spatial features. Analogous to how a prism 

further refracts light into a spectrum, this process represents 

tissue organization through pathology-grounded semantic fea

tures, including tissue spatial fractions, spatial entropy, and 

slide-level graph features (Figures 1C and S4A, Methods). Using 

this spectrum of interpretable spatial biomarkers, PathPrism 

applies minimal, transparent models to learn associations with 

prognosis, molecular alterations, and treatment response 

(Figure 1D). This design enables direct attribution of predictions 

to specific biomarkers, supporting pathologically grounded 

discovery. The resulting biomarkers further support LLM-assis

ted hypothesis generation (Figure 1E) and in silico semantic 

perturbation (Figure 1F).
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Figure 1. Overview of the PathPrism framework and study cohorts 

(A) PrismNet decomposes CRC WSIs into semantic tissue maps from annotated patches. 

(B) MacroNet predicts prognosis from semantic maps and enables interpretation of predictive spatial patterns. 

(C) MacroNet-guided feature extraction generates interpretable spatial biomarkers, including tissue fractions, spatial entropy, and graph-based features. 

(D) Transparent models use these biomarkers to predict prognosis, mutation status, and therapy response, with direct feature-level attribution. 

(legend continued on next page) 
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PathPrism efficiently links semantics and prognosis

To validate the accuracy of histopathological semantic quan

tification and ensure robustness for downstream analyses, we 

evaluated PrismNet on the CRC100K dataset. Systematic 

benchmarking of multiple foundation models and dimen

sionality reduction strategies identified the combination of 

UNI features with PCA as the optimal configuration, effectively 

mitigating overfitting while maintaining high discriminative ca

pacity (Figures S1B and S1C, Methods). Under this setting, 

PrismNet achieved a macro-average F1 score of 0.948 (95% 

CI: 0.942–0.954), a Matthews correlation coefficient (MCC) of 

0.958 (95% CI: 0.952–0.964), and a macro-averaged AUROC 

of 0.988 (95% CI: 0.986–0.990) (Figure 2A), supporting its suit

ability for large-scale, high-fidelity tissue segmentation. More

over, PrismNet remained robust when trained with partially an

notated data, enabling efficient transfer to new cancer types 

with minimal additional labeling (Figure S1D).

To assess whether these semantic maps preserve clinically 

relevant information, we trained MacroNet to learn associations 

between macroscopic tissue architecture and patient disease- 

specific survival (DSS) directly from the segmentation outputs. 

Using 5-fold cross-validation on the DACHS cohort, we bench

marked MacroNet against state-of-the-art (SOTA) foundation 

models, including attMIL-UNI,36,37 GigaPath,38 CHIEF,39

COBRA,40 and PRISM41 (Methods). MacroNet achieved a 

mean concordance index (C-index) of 0.716 ± 0.020, demon

strating performance comparable to other leading approaches 

(Figure 2B). Substituting PrismNet-derived semantic maps 

with baseline segmentations reduced prognostic performance, 

further supporting the integrated PrismNet-MacroNet frame

work (Figures S2B and S2C). We then evaluated MacroNet on 

three external cohorts. MacroNet ranked among the top two 

models in MCO and CR07 (Figure 2C). Kaplan-Meier analysis 

further showed risk stratification across cohorts, with hazard 

ratios (HRs) of 3.68 in MCO, 2.48 in CR07, and 3.27 in TCGA 

(Figure 2D). These results support that macroscopic spatial tis

sue organization encodes rich prognostic information that can 

be effectively leveraged through DL.

Spatial biomarker discovery via interpretation

Building on MacroNet’s strong performance, we sought to 

explore what the model had learned. We first stratified patients 

into high- and low-risk groups based on MacroNet-predicted 

risk scores and analyzed tissue composition together with 

model attribution (Figure 3A, Methods). High-risk patients 

showed increased proportions of TUM, DEB, and STR, 

whereas low-risk patients were enriched for ADI, LYM, MUS, 

and NORM (Figure 3B). Saliency-based attribution analysis 

further showed greater contributions of TUM and MUC in the 

high-risk group despite comparable tissue proportions,42 sug

gesting that MacroNet captured spatial organization beyond 

abundance alone. LYM and MUS showed both higher abun

dance and attribution in the low-risk group, consistent with their 

association with a favorable prognosis. We next analyzed 

pairwise tissue correlations and co-occurrence patterns using 

both composition and attribution data (Figure 3C). LYM and 

STR frequently co-occurred in low-risk cases, and their 

consistent interaction across tissue composition and attribu

tion suggested a cooperative spatial pattern associated with 

favorable outcomes.

We then implemented a structure-preserving counterfactual 

explanation framework to further interpret MacroNet’s deci

sion-making43 (Figure 3D, Methods). Figure 3E shows an 

example targeting STR, illustrating progressive modulation of 

STR regions while preserving structure (see also Figure S3). 

Across the cohort, amplifying LYM consistently reduced risk 

scores (Figure 3F), reinforcing its association with a favorable 

prognosis. Stratified analysis further showed that increasing 

NORM and LYM reduced predicted risk in high-risk patients, 

whereas increasing MUC, TUM, or STR elevated predicted 

risk in low-risk patients (Figure 3G). Notably, LYM consistently 

suppressed risk across all subgroups, aligning with its known 

protective role in CRC.44–46

To further interpret MacroNet’s behavior, we integrated se

mantic maps with pathologist assessment. Visualizations re

vealed that low-risk samples displayed orderly architecture, 

with MUS separating TUM and ADI and abundant INF near 

MUS, while high-risk samples showed disorganized structures, 

particularly in STR and TUM, with TUM invading beyond MUS 

into ADI and often lacking INF (Figure 3H). Quantification showed 

significantly higher spatial entropy in high-risk samples (Figure 

3I). Attribution maps revealed consistent focus on the invasive 

front in both groups (Figures 3J and 3K). In high-risk cases, 

attribution was fragmented across STR, TUM, and ADI, 

capturing heterogeneity and aligning with SARIFA-like infiltration 

patterns47,48 (Figure 3J). In contrast, low-risk samples showed 

attribution concentrated along the TUM–MUS boundary and 

INF zones, where INF appeared to restrict deeper invasion 

(Figure 3K). Overall, multi-angle interpretation suggested that 

MacroNet learned prognostically relevant spatial patterns from 

semantic segmentation maps and identified candidate spatial 

biomarkers.

Potential biomarker characterization and verification

To complete the discovery-validation cycle, we translated in

sights from interpreting MacroNet into testable spatial biomarker 

hypotheses and systematically quantified them using the se

mantic segmentation maps (Figure 4A; Figure S4A, Methods). 

We characterized the candidates across spatial fraction, spatial 

entropy, and graph-based topology. To capture spatial topol

ogy, we constructed slide-level graphs that encode contiguous 

tissue regions and their local proximity or inter-tissue relation

ships, allowing intra-tissue and inter-tissue characterization of 

tissue architecture (Figure 4B, Methods; Tables S2 and S3). In to

tal, we compiled 628 interpretable spatial features grounded in 

predefined semantic tissue maps.

(E) LLM-assisted analysis organizes selected biomarkers into structured hypotheses for expert review. 

(F) VirtualWSI performs semantic perturbation for model interrogation within spatial biomarker space. 

(G) Study cohorts and analytical tasks. Patient numbers indicate final samples after quality control. Lines indicate approximate regional association, not exact or 

exclusive location. See also Figures S1, S2 and S11; Table S1.
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We evaluated these features across four real-world CRC 

cohorts, including DACHS, MCO, CR07, and TCGA. Among 

single-tissue biomarkers, several STR- and TUM-related fea

tures showed prognostic performance with C-indices exceeding 

0.6 and in some cases approaching 0.7 (Figure 4C). Cohort- 

specific patterns were also observed. DACHS and MCO shared 

effective STR, TUM, and MUS features, whereas CR07, which 

includes only rectal cancers with frequent preoperative radio

therapy and low MSI frequency,49 showed stronger MUS-related 

signals, and TCGA additionally highlighted MUC and DEB. 

Feature performance further differed by tissue type. MUS was 

consistently captured by spatial fraction, whereas TUM required 

Figure 2. Benchmark evaluation of predictive performance 

(A) Classification performance of PrismNet and baseline methods trained on NCT-CRC-HE-100K-NONORM and evaluated on CRC-VAL-HE-7K. PrismNet, KNN, 

SVM, MLP, and logistic regression (LR) used UNI-encoded features, whereas ViT-B/16, ResNet18, ResNet50, and VGG19 were trained on raw image patches. All 

models were trained without stain normalization. Data are means; error bars indicate 95% confidence intervals from 1,000 bootstrap samples. 

(B) 5-fold cross-validation C-indices on DACHS for MacroNet, attMIL-UNI, GigaPath, CHIEF, PRISM, and COBRA. Boxplots show median, interquartile range, 

and whiskers extending to 1.5× the interquartile range. The dashed line indicates the mean C-index across models. 

(C) Prognostic performance on external cohorts MCO, CR07, and TCGA. Data are means; error bars indicate 95% confidence intervals from 1,000 bootstrap 

samples. 

(D) Kaplan-Meier analysis of MacroNet risk groups in MCO, CR07, and TCGA. Thresholds were defined in DACHS. p values were calculated by two-sided log rank 

tests. See also Figures S1 and S2.
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Figure 3. Model interpretation and potential biomarker discovery 

(A) Calculation of tissue ratios and mean attributions. 

(B) Tissue ratios and mean attributions in high- and low-risk groups. Boxplots show median, interquartile range, and whiskers extending to 1.5× the interquartile 

range. Tissue ratios were compared after centered log-ratio (CLR) transformation using two-sided Welch’s t tests with Benjamini-Hochberg false discovery rate 

(FDR) correction across tissue categories. Mean attributions, which are not compositional, were compared using Welch’s t tests with FDR correction. 

(C) Pairwise tissue correlation and co-occurrence matrices. Upper right, correlation; lower left, co-occurrence. 

(legend continued on next page) 
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graph-derived entropy for stronger prognostic value. Kaplan- 

Meier analyses confirmed this divergence, with TUM graph en

tropy achieving a C-index of 0.62 and HR of 1.97, and MUS 

spatial fraction achieving a C-index of 0.60 and HR of 0.57 

(Figure 4D).

Pairwise interaction biomarkers derived from multi-tissue 

graphs also showed significant prognostic associations across 

cohorts (Figure 4E). Several individual features achieved strong 

predictive performance, including ADI-TUM-E in CR07, which 

reached a C-index of 0.69, and STR-TUM-EN1 and MUS- 

TUM-EN2 in TCGA, each reaching C-indices of 0.73. Interaction 

patterns varied across cohorts. Favorable biomarkers often 

involved LYM-MUS and LYM-STR in DACHS and LYM-NORM 

in TCGA, whereas poor prognosis was commonly associated 

with STR-TUM and ADI-TUM interactions. Spatial features also 

captured age-related architectural variation, including higher 

ADI-STR-AD1 and ADI-TUM-BT1 values and lower DEB-NNR 

values in patients with early-onset DACHS, with similar trends 

in MCO (Figures S5A and S5B).

Spatial biomarker spectrum enables transparent 

prediction

Motivated by the prognostic value of individual spatial bio

markers, we hypothesized that the full set of 628 interpretable 

features captures a multidimensional slide-level representation 

of tissue architecture. Functionally, this spectrum serves as an 

alternative to slide-level embeddings produced by foundation 

models.38–41 However, unlike latent DL embeddings, each 

feature in the spatial biomarker spectrum is mathematically 

defined and linked to predefined semantic tissue maps, allowing 

predictions to be traced back to specific spatial patterns. We 

therefore asked whether this spectrum could support trans

parent prediction across prognosis, molecular alterations, and 

treatment response.

To evaluate this, we trained an elastic net-regularized Cox 

proportional hazards model (Coxnet) on all 628 spatial fea

tures to build a spatial biomarker prognostic model 

(SPM),50,51 and refined it into a filtered SPM (FSPM) using 

the top 10 most contributive features (Figure 4F, Methods). 

In 5-fold cross-validation on the DACHS cohort, both models 

achieved C-indices exceeding 0.7, matching MacroNet and 

leading foundation models (Figure 4G). These results general

ized to external cohorts (MCO, CR07, TCGA), where SPM and 

FSPM retained competitive prognostic accuracy (Figure 4H). 

Essentially, unlike deep models that require retrospective 

attribution, our interpretable models directly linked predictions 

to specific biomarkers, such as LYM–STR and ADI–TUM inter

actions, stromal area fraction, and tumor centrality (TUM–AC) 

(Figure 4I). This forward interpretability enabled direct visuali

zation of prognostically salient features. Low-risk WSIs dis

played orderly STR–TUM and ADI–TUM interactions and 

abundant lymphocyte involvement (e.g., LYM–STR and 

LYM–MUS), while high-risk samples showed disorganized ar

chitecture and diminished immune connectivity (Figure 4J). 

Notably, both SPM and FSPM outperformed models using 

fraction-based features alone (Figures S4B and S4C), further 

underscoring the importance of incorporating spatial 

information.

We further combined the 10 FSPM features with slide-level 

embeddings from foundation models trained on microscopic 

morphology (Methods). The hybrid model improved prognostic 

performance, with spatial biomarkers contributing nearly 25% 

of overall feature importance despite their smaller number 

(Figure 4K). These results suggest that interpretable spatial fea

tures provide complementary information to latent foundation- 

model representations.

We next evaluated whether the spatial biomarker spectrum 

could serve as a transferable slide-level representation for 

mutation and treatment response prediction beyond prog

nosis (Figure 5A, Methods). For MSI prediction, an L1-regular

ized logistic regression model achieved a median AUC of 0.85 

in 5-fold cross-validation on DACHS and 0.78 across seven 

external cohorts (Figures 5B and 5C). Key predictive features 

included MUC-TUM spatial isolation (MUC-TUM-IR2) and 

debris entropy (DEB-ENT) (Figure 5D), suggesting that MSI 

is associated with macro-level architectural variation. To eval

uate broader genomic associations, we trained models on 

CORSA, EPIC, WHI, IWHS, and CRA, and tested them on 

TCGA, where spatial features predicted BMPR2, BRAF, and 

TP53 mutations with AUCs of 0.78, 0.75, and 0.66, respec

tively (Figure 5E). Features such as DEB entropy and MUC- 

TUM interactions were among the top contributors across 

multiple mutation prediction tasks, suggesting shared spatial 

correlates of MSI and selected driver mutations (Figures 5F– 

5H). These findings demonstrate that macro-scale spatial or

ganization, as captured by interpretable spatial biomarkers, 

encodes genetic information traditionally assumed to require 

cellular-level analysis.

Interpretable spatial biomarkers uncover divergent 

responses to adjuvant chemotherapy

To move beyond prediction and enable actionable discovery, we 

investigated whether specific spatial biomarkers could stratify 

prognosis among patients who received adjuvant chemotherapy 

(ACT). In stage II ACT-treated patients, several biomarkers 

showed prognostic stratification potential (Figure S6A), including 

LYM-TUM-AD2, which distinguished outcomes in MCO (HR = 

5.19, p = 0.0005) and generalized to HECOG (HR = 2.00, 

(D) Schematic of the structure-preserving perturbation-based counterfactual explanation approach. 

(E) STR perturbation example shows suppression and enhancement. 

(F) Risk score response curves after tissue-category perturbation. Colored lines denote the mean predicted risk score, with shaded areas indicating 95% 

confidence intervals. Alpha values greater than 1 indicate enhancement, and values less than 1 indicate suppression. 

(G) Model response magnitudes across high-risk, low-risk, and all patients. 

(H) Representative segmentation maps from high- and low-risk patients. 

(I) Spatial entropy comparison between risk groups. Boxplots show median, interquartile range, and whiskers extending to 1.5× the interquartile range. p values 

were calculated using two-sided Mann-Whitney-Wilcoxon tests. 

(J and K) Representative high-risk (J) and low-risk (K) cases showing WSI, segmentation, attribution, and zoomed morphology. White arrows indicate cancer 

invasion direction, and black arrows indicate zoomed-region locations. Scale bars, 200 μm. See also Figure S3.
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p = 0.007) (Figure S6B). Similar patterns were observed in stage 

III ACT-treated patients (Figure S6C), where TUM-NN stratified 

risk in MCO (HR = 1.74, p = 0.021) and remained significant in 

HECOG, IDEA Arm A, and IDEA Arm B (Figure S6D).

We further investigated whether specific spatial biomarkers 

are associated with differential prognosis depending on whether 

patients received ACT. To this end, we developed a scalable 

Cox interaction-based framework for identifying biomarkers 

predictive of ACT benefit (Methods). In the MCO cohort, stage 

II patients receiving ACT showed worse outcomes overall 

(HR = 2.53, p = 0.001) (Figure 5I), likely reflecting treatment 

selection bias. Stratification by LYM-NORM-ED, a measure of 

LYM-normal tissue interaction density, identified subgroups 

with divergent associations. Patients with low LYM-NORM-ED 

(≤ 0.038) showed no significant adverse association with ACT 

(HR = 0.79, p = 0.711), whereas patients with high LYM- 

NORM-ED (>0.038; HR = 4.49, p = 0.001) or no LYM-NORM 

interaction (HR = 3.35, p = 0.016) had worse outcomes under 

ACT. These findings raise the hypothesis that aberrant LYM– 

NORM tissue interactions may underlie adverse ACT responses, 

whereas their absence may delineate a subgroup more likely to 

benefit from therapy.

Surprisingly, in stage III CRC, a setting where ACT is widely 

regarded as uniformly beneficial,52,53 our analysis identified a 

spatial biomarker that stratifies patients into markedly divergent 

response groups. While Kaplan-Meier analysis across all stage 

III patients showed a trend favoring ACT (HR = 0.73, p = 0.159) 

(Figure 5J), stratification by LYM–MUC–CC, quantifying the frag

mentation of LYM connectivity around mucinous regions, re

vealed striking heterogeneity. Among patients with high frag

mentation (LYM–MUC–CC > 5), ACT was strongly associated 

with worse survival (HR = 9.08, p = 0.008). Conversely, patients 

with low fragmentation (LYM–MUC–CC ≤ 5) exhibited significant 

benefit from ACT (HR = 0.29, p < 0.0001). The interaction 

between LYM–MUC–CC status and ACT response was highly 

significant (interaction HR = 32.45, p = 0.001), while patients 

lacking any LYM–MUC structure showed no discernible treat

ment effect. These findings suggest that disorganized immune 

architecture in mucin-rich environments may reflect an aberrant 

tumor-immune interaction that compromises ACT efficacy,54

transforming a generally beneficial treatment into a potential 

liability.55

Translating cohort-level spatial signatures into 

hypotheses through LLMs

Leveraging the interpretability of spatial biomarkers, we used 

LLMs as auxiliary tools to organize cohort-level spatial signa

tures into structured hypotheses for expert review. For LYM- 

MUC-CC, which stratified ACT-associated outcomes in stage 

III CRC (Figure 5J), prompts grounded in spatial feature def

initions and H&E morphology suggested that fragmented 

LYM connectivity around mucinous regions may reflect im

mune exclusion and reduced ACT-associated benefit.54,55 A 

second LLM reviewer assessed the reasoning and added 

complementary mechanisms, including chemokine seques

tration, hypoxia-driven immune remodeling, and myeloid 

suppression (Figure 6B). We applied the same workflow to 

DEB entropy and MUC-TUM interaction, two top contributors 

across mutation prediction tasks. The LLM generated 

hypotheses related to tissue disruption, mucinous differentia

tion, and epithelial-stromal remodeling56 (Figure S7A), 

while the reviewer LLM added complementary mechanisms 

(Figure S7B). Five CRC pathology and tumor biology experts 

evaluated the LLM-organized hypotheses (Figure S8A). 

Most were rated as biologically coherent and experimentally 

actionable (Figures S8B and S8C), supporting this workflow 

for hypothesis organization while not constituting experi

mental validation. We also compared coarse prompts 

with PathPrism-tailored prompts incorporating biomarker 

definitions, spatial interpretations, and survival statistics 

(Figure S9A). Across repeated runs, PathPrism-tailored 

prompts generated more consistent outputs than coarse 

prompts (Figure S9B).

Perturbation-based VirtualWSI enables exploration of 

the spatial biomarker atlas and refined stratification

To move from passive observation to active exploration, we 

developed VirtualWSI as an in silico semantic perturbation 

framework for model interrogation, enabling WSI-wide chan

nel perturbation and interactive perturbation of selected re

gions while preserving global tissue structure57 (Methods). 

To examine how perturbed samples move in the population- 

level space defined by spatial biomarkers, we constructed a 

spatial biomarker atlas of patients with CRC using the derived 

spatial biomarker spectrum (Figure 7A; Methods). MSI-H 

Figure 4. Closed-loop spatial biomarker discovery and transparent prognosis 

(A) Closed-loop workflow converts MacroNet-derived candidate patterns into quantitative spatial descriptors for cohort-level validation. 

(B) Graph modeling strategies for single-tissue and multi-tissue spatial features. Node colors denote tissue categories, and purple edges indicate inter-tissue 

connections. 

(C) Prognostic performance of single-tissue biomarkers across cohorts using spatial fraction, window-based entropy, and graph-based entropy. 

(D) Prognostic impact of spatial characterizations for TUM and MUS. Color bars indicate feature classes as in (C). p values were calculated by two-sided log 

rank tests. 

(E) Multi-tissue graph biomarkers. Volcano plot shows hazard ratios and p values for all biomarkers; forest plots show the top five highest- and lowest-HR 

biomarkers with C-indices. p values were obtained from univariable Cox proportional hazards models (Wald test). 

(F) Construction of transparent prognostic models. 

(G) 5-fold cross-validation C-indices. Boxplots show median, interquartile range, and whiskers extending to 1.5× the interquartile range. The dashed line in

dicates the mean C-index across models. 

(H) Prognostic performance on external cohorts. Data are means; error bars indicate 95% confidence intervals from 1,000 bootstrap samples. 

(I) FSPM biomarker contributions. 

(J) Visualization of top-contributing spatial biomarkers in high- and low-risk patients. 

(K) Prognostic modeling combines spatial biomarkers with foundation model-derived slide-level features. Boxplots show 5-fold cross-validation C-indices on 

DACHS (center line, median; box limits, interquartile range; whiskers, 1.5× the interquartile range); pie chart shows relative feature contributions. See also 

Figures S4 and S5; Tables S2 and S3.
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tumors and BRAF-mutant tumors localized to overlapping re

gions and displayed a spatial pattern opposite to that of the 

biomarker MUC–TUM–IR2 (Figures 7B–7D), consistent with 

its negative contribution in the interpretable mutation predic

tion model (Figures 5D–5G). Among stage III patients in the 

MCO cohort, subgroups defined by the spatial biomarker 

LYM–MUC–CC formed structured clusters within the atlas 

(Figure 7E). Regions enriched for ACT-associated harm corre

sponded to areas with higher LYM–MUC–CC scores 

(Figure 7F).

We next used VirtualWSI to perturb the MUC and LYM 

channels and examine how spatial biomarkers respond to 

controlled tissue reconfiguration.58 Increasing perturbation 

strength induced progressive changes in LYM–MUC–CC 

values and generated continuous trajectories across the atlas 

(Figures 7G and 7H). Across patients with stage III MCO, the 

mean LYM–MUC–CC score increased with perturbation 

strength (Figure 7I). Patient responses were categorized into 

three perturbation response archetypes, including positive, 

flat, and negative responses (Figure 7J). Most patients 

showed positive responses, whereas smaller subsets ex

hibited stable or inverse dynamics. During perturbation, a 

subset of patients transitioned between ACT-associated 

states defined by LYM–MUC–CC (Figure 7K). We therefore 

evaluated whether perturbation-induced state transitions 

could serve as a dynamic biomarker to refine ACT stratifica

tion (Figure 7L). When applied to patients without detectable 

LYM–MUC spatial structure in the original slides (Figure 5J), 

this perturbation-based biomarker further separated individ

uals into a subgroup with significant ACT benefit (HR = 0.27, 

p = 0.010) and a subgroup without a significant treatment 

association.

VirtualWSI also enabled region-level exploratory perturbation 

in individual samples. In a representative low-risk tumor, we 

perturbed selected regions to examine LYM-to-MUS replace

ment, STR expansion, and TUM extension into ADI (Figure 

S10A). FSPM risk scores changed minimally after LYM 

removal, whereas STR-driven boundary disruption and disor

ganized TUM-ADI invasion increased predicted risk. Projection 

into the atlas constructed from the ten FSPM features showed 

that TUM-ADI invasion moved samples toward higher-risk re

gions (Figure S10B). Visualization of individual biomarkers 

further indicated that elevated ADI–TUM interaction and STR 

enrichment characterized these regions, whereas cohesive 

tumor architecture marked by high TUM–AC corresponded to 

lower-risk areas (Figure S10C).

Transferability of the PathPrism framework to breast 

cancer

To evaluate the transferability of the PathPrism framework, we 

applied it to breast cancer (BRCA). A BRCA-specific dataset was 

assembled to train PrismNet for tissue segmentation 

(Figure S11A, Methods). PrismNet achieved strong classification 

performance on the test set (Figure S11B) and produced accurate 

whole-slide segmentation (Figure S11C). For prognosis, 

MacroNet, SPM, and FSPM performed comparably to leading 

foundation models in primary and external validation cohorts 

(Figures S11D–S11F), and FSPM-derived scores stratified risk in 

Kaplan-Meier analyses (Figures S11E–S11G). LYM-STR and 

NEC-STR were among the most influential biomarkers, with 

distinct spatial organization between risk groups (Figures S11H 

and S11I). We also evaluated spatial biomarkers in patients with 

BRCA receiving antibody-drug conjugates (ADCs). Among trastu

zumab deruxtecan (T-DXd)-treated patients, STR-ACL was asso

ciated with survival (HR = 6.11, p = 0.018), with lower values reflect

ing more dispersed stromal topology in patients with favorable 

outcomes (Figure S11J). In TCGA-BRCA, STR-ACL was inversely 

correlated with ERBB2 and positively correlated with TOP1 

expression (Figures S11K and S11L). Among sacituzumab govite

can (SG)-treated patients, higher ADI-NEC-BT2 was associated 

with improved outcomes (HR = 0.06, p = 0.002) (Figure S11M) 

and positively correlated with TACSTD2, but not TOP1, expression 

(Figures S11N and S11O). Although significant, these correlations 

were modest, suggesting that spatial biomarkers may capture tu

mor-context features beyond target gene expression alone.

DISCUSSION

A central challenge in deploying DL in medicine lies in its lack 

of interpretability, a limitation that undermines both AI-driven 

scientific discovery and clinician trust.18,59,60 In computational 

pathology, this problem is particularly acute given that the 

complexity of WSIs amplifies the disconnect between prediction 

and interpretation.17 Manually designed biomarkers offered 

high interpretability but limited scope, constrained by human 

limitations in recognizing and quantifying complex spatial 

patterns.3 In contrast, DL and foundation models improve pre

dictive performance by learning representations directly from 

data.61 Yet these advances came at the cost of transparency.24

PathPrism addresses this trade-off through a transparent, 

semantically structured framework that encodes WSIs into 

pathologically meaningful spatial representations based on tis

sue identities and spatial relationships. This design enables 

Figure 5. Spatial biomarkers predict gene mutations and stratify benefit from adjuvant chemotherapy 

(A) Linear models for mutation prediction and ACT treatment response stratification using spatial biomarkers. 

(B) 5-fold cross-validation performance for MSI prediction in DACHS. Boxplots show median, interquartile range, and whiskers extending to 1.5× the inter

quartile range. 

(C) MSI prediction performance in external cohorts. Data are means; error bars indicate 95% confidence intervals from 1,000 bootstrap samples. The dashed line 

indicates the median AUC across models. 

(D) Top spatial biomarker contributions to MSI prediction ranked by mean absolute SHAP value. 

(E) Mutation prediction performance for individual genes using spatial biomarkers, reported as AUROC. p values were calculated using two-sided t tests with FDR 

correction. 

(F–H) Top spatial biomarker contributions for BMPR2 (F), BRAF (G), and TP53 (H) mutation prediction. 

(I and J) Kaplan-Meier analysis of ACT treatment response stratified by spatial biomarkers in stage II (I) and stage III (J) CRC. Patients were grouped by biomarker 

presence and then by median biomarker value. ACT and no-ACT groups were compared within each risk group. Kaplan-Meier p values were calculated using 

two-sided log rank tests; interaction p values were calculated using Wald tests from Cox models. See also Figure S6.
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Figure 6. LLM-assisted hypothesis organization from interpretable spatial biomarkers 

(A) Pathologist-LLM workflow using biomarker definitions, cohort-level associations, and morphology review to organize mechanistic hypotheses and potential 

follow-up experiments. 

(B) A second LLM reviewed the workflow and proposed complementary hypotheses for the observed spatial phenotype. See also Figures S7, S8, and S9.
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Figure 7. Spatial biomarker atlas and semantic perturbation with VirtualWSI 

(A) UMAP spatial biomarker atlas of WSIs colored by FSPM-predicted risk. 

(B) MSI status and BRAF mutation status projected onto the atlas. 

(C) MUC-TUM-IR2 distribution on the atlas. 

(D) Proportions of MSI-H and BRAF-mutant samples across MUC-TUM-IR2 intervals. 

(legend continued on next page) 
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spatial patterns to be quantified, modeled, visualized, perturbed, 

and explored in a common language shared by models and 

human experts.

More broadly, PathPrism points toward a form of computa

tional pathology in which AI systems are not only black-box pre

dictors, but also tools for building interpretable representations. 

This interpretability supports detailed exploration and hypothe

sis-driven research rather than end-to-end prediction alone, 

helping relate tissue architecture to clinically relevant patterns. 

The framework enables cohort-scale analysis of patterns that 

are difficult to assess manually yet remain grounded in recogniz

able histology, connecting prediction, hypothesis generation, 

perturbation-based exploration, and spatial atlases of disease 

states. Its architecture is inherently compatible with emerging 

data modalities such as spatial multi-omics,62–64 3D pathol

ogy,65,66 and multimodal integration.67 Future applications may 

include therapeutic response modeling,5 drug discovery,68–70 

and agentic AI workflows for interpretable autonomous explo

ration.27,71 Overall, PathPrism provides a transparent and 

structured approach for spatial biomarker discovery through 

interpretable semantic learning in histopathology.

Limitations of the study

PathPrism has several limitations. The framework depends on pre

defined semantic tissue representations and is therefore con

strained to spatial patterns captured by the selected segmentation 

categories. Although modular, application to new tumor types re

quires cancer-specific annotations, PrismNet training, and valida

tion, as illustrated by the BRCA analysis. VirtualWSI uses semantic 

perturbations to probe model behavior, and these analyses should 

be interpreted as exploratory model interrogation rather than evi

dence of biological causality or physically realizable tissue states. 

In addition, although the prognostic models performed compa

rably to foundation-model approaches, their performance remains 

in a moderate range, so downstream biological interpretations, 

including ACT-associated findings, should be considered hypoth

esis-generating and require further validation. Finally, the LLM 

component helps organize interpretable spatial biomarkers into 

structured hypotheses for expert review, but does not generate 

validated biological insight without experimental confirmation.
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Ethics statement

This retrospective study adhered to the Declaration of Helsinki and we obtained ethical approval from each contributing center. Data 

collection and analysis were done in an anonymised manner. Because of the retrospective nature of the study and the use of anony

mised data, the ethics board at the Medical Faculty of TU Dresden waived the requirement for a formal ethics vote.

Patient cohorts

In this retrospective, multicentre study, we used anonymised haematoxylin and eosin–stained CRC slides from eleven cohorts in 

Australia, Europe (including the UK), and the USA for model training and validation. For data quality control, patients lacking essential 

clinical information (e.g., stage, treatment status, or survival outcome) were excluded. WSIs with low image quality, such as blurred 

regions or missing metadata (e.g., magnification level), were also removed. Given the focus on characterizing spatial architecture at 

the whole-slide level, samples with fragmented tissue or insufficient tissue coverage were excluded based on a quantitative 

threshold. Specifically, each WSI was divided into non-overlapping patches of 224 × 224 pixels at a resolution of 0.5 μm per pixel, 

and slides containing fewer than 10,000 tissue-containing patches, equivalent to a total tissue area below 1.25 cm2, were excluded 

from the analysis. The final reported patient counts represent those who passed all quality control steps and were ultimately included 

in the analyses. The datasets used in this study include:

DACHS (n = 2281), the ‘‘Darmkrebs: Chancen der Verhütung durch Screening’’ study,72,73 a large population-based case-control 

and patient cohort study on colorectal cancer conducted in southwestern Germany, designed to investigate genetic, lifestyle, and 

clinical risk factors for disease incidence and prognosis, with formalin-fixed paraffin-embedded (FFPE) tumor samples obtained 

from surgical resections and digitised into haematoxylin and eosin-stained WSIs, accompanied by harmonised long-term clinical 

and follow-up data.

MCO (n = 1395), the ‘‘Molecular and Cellular Oncology’’ study,74 a prospective multicentre cohort from Australia enrolling patients 

who underwent curative-intent resection for colorectal cancer, with systematically collected clinical, pathological, and molecular 

data, and FFPE tumor specimens retrieved and digitised as haematoxylin and eosin-stained WSIs.

TCGA (n = 232), ‘‘The Cancer Genome Atlas’’,75,76 a publicly funded US-based initiative encompassing CRC cases across all dis

ease stages, designed to enable comprehensive molecular characterisation, with matched clinical annotations and digitised haema

toxylin and eosin-stained WSIs obtained from FFPE surgical specimens via the Genomic Data Commons portal.

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

The Cancer Genome Archive (TCGA) https://portal.gdc.cancer.gov/ RRID:SCR_003193

NCT-CRC-HE-100K-NONORM https://zenodo.org/records/1214456 N/A

NCT-CRC-HE-100K https://zenodo.org/records/1214456 N/A

CRC-VAL-HE-7K https://zenodo.org/records/1214456 N/A

Software and algorithms

PathPrism This paper; https://github.com/KatherLab/PathPrism N/A

STAMP https://github.com/KatherLab/STAMP N/A

Python (3.9) https://www.python.org/ RRID:SCR_008394

PyTorch (2.2.2) https://pytorch.org RRID:SCR_018536

NumPy (1.21.6) http://www.numpy.org RRID:SCR_008633

Pandas (1.3.5) https://pandas.pydata.org RRID:SCR_018214

SciPy (1.7.3) http://www.scipy.org RRID:SCR_008058

Matplotlib (3.4.3) https://matplotlib.org RRID:SCR_008624

scikit-learn (1.0.2) https://scikit-learn.org N/A

Lifelines (0.27.8) https://lifelines.readthedocs.io/ N/A

Openslide (1.1.1) https://openslide.org/ N/A

NetworkX (2.6) https://networkx.org N/A
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CR07 (n = 579), the ‘‘MRC CR07’’ trial,49 a multicentre randomised clinical study conducted by the Medical Research Council 

(MRC) and the National Cancer Institute of Canada Clinical Trials Group (NCIC-CTG) evaluating preoperative radiotherapy versus 

selective postoperative chemoradiotherapy in operable rectal cancer, with FFPE tumor samples retrieved for a subset of patients 

and digitised as haematoxylin and eosin-stained WSIs.

GECCO (n = 874), the ‘‘Genetics and Epidemiology of Colorectal Cancer Consortium’’,77 an international collaboration integrating 

data from multiple population-based and case-control studies on colorectal cancer, with FFPE tumor samples and harmonised 

clinical data available for five contributing cohorts and slides digitised as haematoxylin and eosin-stained WSIs: EPIC (n = 124), 

the ‘‘European Prospective Investigation into Cancer and Nutrition’’, a multicentre European cohort focusing on diet, lifestyle, and 

cancer risk. CORSA (n = 50), the ‘‘Colorectal Cancer Study of Austria’’, a population-based case-control study with biospecimen 

and clinical data. IWHS (n = 267), the ‘‘Iowa Women’s Health Study’’, a US prospective cohort of postmenopausal women with 

data on dietary and hormonal exposures. CRA (n = 208), the ‘‘Cancer Risk Assessment’’ study, a US-based case-control study inves

tigating genetic and environmental cancer risk factors. WHI (n = 225), the ‘‘Women’s Health Initiative’’, a large US prospective cohort 

of postmenopausal women with lifestyle and biomarker data linked to colorectal cancer cases.

IDEA (n = 669), the ‘‘International Duration Evaluation of Adjuvant Chemotherapy’’ pooled study,78,79 a multinational phase III trial 

comparing 3 versus 6 months of oxaliplatin-based adjuvant chemotherapy in stage III colon cancer, with tumor samples obtained 

from the French sub-cohort conducted by the ‘‘Groupe Coopérateur Multidisciplinaire en Oncologie’’ (GERCOR) and digitised as 

haematoxylin and eosin-stained WSIs with clinical data.

HeCOG (n = 970), the ‘‘Hellenic Cooperative Oncology Group’’,80 a non-profit academic research network based in Greece and 

Cyprus conducting investigator-initiated clinical trials with integrated translational components, with FFPE tumor samples collected 

across multiple centers and digitised as haematoxylin and eosin-stained WSIs linked to harmonised clinical and outcome data.

Of these cohorts, DACHS, MCO, CR07, and TCGA were used for prognostic modeling; DACHS, MCO, TCGA, and all GECCO co

horts (EPIC, CORSA, IWHS, CRA, WHI) were used for mutation prediction; and MCO, IDEA, and HeCOG were used for adjuvant 

chemotherapy analysis.

BRCA cohorts were additionally included to evaluate the transferability of the PathPrism framework across tumor types. TCGA- 

BRCA (n = 642; Table S4), BRCA cohort from The Cancer Genome Atlas, comprises cases spanning multiple disease stages with 

matched molecular and clinical annotations.75,76 FFPE tumor samples obtained from surgical resections were digitised into haema

toxylin and eosin-stained WSIs and accessed through the Genomic Data Commons portal, together with matched mRNA expression 

profiles and curated clinical metadata. HeCOG-BRCA (n = 38; Table S5), the breast cancer cohort from the Hellenic Cooperative 

Oncology Group,80 a non-profit academic research network based in Greece and Cyprus conducting investigator-initiated clinical 

trials with integrated translational components, includes patients receiving antibody–drug conjugate (ADC)-based therapies. FFPE 

tumor samples collected across multiple centers were digitised as haematoxylin and eosin-stained WSIs and linked to harmonised 

clinical annotations and treatment outcome data.

METHOD DETAILS

PrismNet dataset for tissue segmentation

PrismNet for CRC tissue segmentation was trained using the publicly available NCT-CRC-HE-100K-NONORM dataset and validated 

on CRC-VAL-HE-7K.34,81 The NCT-CRC-HE-100K-NONORM dataset consists of 100,000 non-overlapping image patches derived 

from H&E-stained histological slides of human CRC and normal tissue. All images are 224x224 pixels at a resolution of 0.5 μm per 

pixel, and no stain normalization was applied. The patches were manually extracted from 86 H&E-stained whole-slide images ob

tained from FFPE tissue specimens from the NCT Biobank and the pathology archive of the University Medical Center Mannheim. 

These samples included primary CRC tumors and CRC liver metastases. To increase morphological variability in the normal tissue 

classes, additional non-tumorous regions from gastrectomy specimens were included.

Model validation was performed using the CRC-VAL-HE-7K dataset, which comprises 7,180 image patches extracted from H&E- 

stained slides of 50 patients with colorectal adenocarcinoma. The validation cohort contains no patient overlap with NCT-CRC-HE- 

100K-NONORM. Patches were extracted at the same resolution (224x224 pixels at 0.5 μm per pixel) and derived from FFPE tissue 

samples provided by the NCT tissue bank. Importantly, the tissue samples used to generate the NCT-CRC-HE-100K-NONORM and 

CRC-VAL-HE-7K patch datasets were independent of the patient cohorts used in this study for downstream prediction analyses.

For BRCA, a patch dataset (TCGA-BRCA-6K) was derived from TCGA-BRCA using a meta-annotation approach applied to WSIs 

that were excluded during slide-level quality control.17 These slides did not overlap with the WSIs included in the prognostic analyses 

of this study. Image patches were extracted using the same size and resolution as in the CRC dataset (224 × 224 pixels at 0.5 μm per 

pixel). In total, 4,700 image patches extracted from 100 WSIs were used for training, and 1,149 patches extracted from an additional 

20 WSIs were used as the test set.

PrismNet

PrismNet was developed to distill complex spatial information from histopathology into a set of interpretable, canonical categories 

describing tissue and microenvironmental components. Within the PathPrism framework, the number and identity of these compo

nents are flexible and can be adapted according to the available annotations or the specific clinical and biological questions under 

investigation. For example, when studying CRC, we defined eight commonly observed categories34,82: ADI (adipose tissue), DEB 
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(debris), LYM (lymphocytes), MUC (mucus), MUS (smooth muscle), NORM (normal colon mucosa), STR (cancer-associated stroma), 

and TUM (colorectal adenocarcinoma epithelium). When studying BRCA, we defined five commonly observed categories: ADI (ad

ipose tissue), LYM (lymphocytes), NEC (necrosis), STR (cancer-associated stroma), and TUM (breast carcinoma epithelium). An 

additional class, BACK (background), was included to identify non-tissue regions.

To leverage the representational capacity of foundation models while reducing overfitting, PrismNet encodes image patches using 

a pretrained foundation model encoder, followed by dimensionality reduction of the resulting feature vectors and classification using 

a logistic regression module (Figure S1A). We benchmarked several foundation model encoders, including CTransPath,83 PLIP,84

CONCH,84 MUSK,85 and UNI,37 together with two dimensionality reduction approaches, PCA and variational autoencoder (VAE). 

In all experiments, foundation model features were compressed to 32 dimensions (for example, UNI features from 1024 to 32). 

Dimensionality reduction substantially mitigated overfitting, and the UNI + PCA combination achieved the best overall performance 

(Figure S1C). Therefore, this configuration was used in subsequent experiments. Notably, CONCH, MUSK, and UNI showed highly 

similar performance, indicating that encoder choice had limited impact. In contrast, the PrismNet strategy of foundation model en

coding followed by feature compression consistently outperformed direct linear probing without dimensionality reduction across all 

encoders.

For CRC, PrismNet was trained and validated on NCT-CRC-HE-100K-NONORM using raw, non–stain-normalized H&E images 

and evaluated on an independent test set (CRC-VAL-HE-7K). The NCT-CRC-HE-100K-NONORM dataset was split into training 

and validation subsets at a 4:1 ratio. During training, the UNI encoder parameters were frozen. PCA was fitted exclusively on the 

training data to avoid information leakage, and a logistic regression classifier was trained on the PCA-transformed features for 

multi-class classification. Early stopping based on validation performance was used to reduce overfitting. Final model evaluation 

was performed on the independent test set (Figure S1C). For BRCA, the same training pipeline was used, except that the NCT- 

CRC-HE-100K-NONORM training dataset and CRC-VAL-HE-7K test set were replaced with the training and test sets derived 

from TCGA-BRCA-6K.

WSI semantic segmentation

WSIs were first divided into non-overlapping tiles of size 224x224 pixels at a resolution of 0.5 μm per pixel (20x magnification), consis

tent with the patch parameters used in PrismNet. Each tile was then encoded using the same frozen UNI encoder as employed in 

PrismNet, producing a dense feature grid representation for the entire WSI (Figure S1A). This process was efficiently implemented 

using the open-source computational pathology pipeline STAMP.35 Each feature vector in the grid was subsequently processed by 

the trained PrismNet classifier: initially projected into a lower-dimensional space via PCA, followed by classification using the logistic 

regression module. For each tile, a probability vector over tissue classes was obtained. By aligning these predictions with the spatial 

coordinates of the corresponding tiles, WSI-level tissue probability heatmaps and semantic segmentation maps were generated.

MacroNet

Model architecture

MacroNet was designed to automatically learn prognostically relevant spatial features from WSI-level tissue probability heatmaps 

(Figure S2A). The model architecture was based on ResNeXt50,86 with the input channel number modified to 9 to accommodate 

the set of tissue classes represented in the probability maps. The modified convolutional layers served as an encoder to capture 

the macro-level spatial distribution and interaction features across tissue types, transforming them into a compact 

2048-dimensional feature space. To enhance robustness and reduce feature dimensionality, the encoded feature vector was passed 

through a fully connected layer followed by batch normalization and ReLU activation, yielding a 32-dimensional representation. A 

final fully connected layer was used to generate a patient-level risk score. The model was trained using the negative Cox partial 

log likelihood loss,87 enabling optimization for time-to-event survival outcomes. Network parameters were updated through back

propagation, allowing the model to automatically learn prognostic features from the spatial organization of tissues.

Training detail

MacroNet was trained end-to-end for 100 epochs with a mini-batch size of 128, using the Adam optimizer with a learning rate of 

5 × 10− 3, β1 = 0.9, β2 = 0.999, and L2 weight decay of 4 × 10− 4. A ReduceLROnPlateau scheduler was applied to reduce the learning 

rate by a factor of 0.2 when the validation loss failed to improve for 10 consecutive epochs. All training was performed using PyTorch 

and the tsai deep learning library on an NVIDIA Quadro RTX 8000 GPU with 48 GB of memory.

Benchmarking

To contextualize the performance of MacroNet, we benchmarked its prognostic ability against five representative baseline models 

derived from either patch-level or slide-level foundation models: attMIL-UNI,36,37 GigaPath,38 PRISM,41 CHIEF,39 and COBRA.40 att

MIL-UNI combines the frozen UNI encoder with an attention-based multiple instance learning (attMIL) framework. All tile-level fea

tures extracted by UNI from each WSI were aggregated into a patient-level representation using a lightweight attention mechanism. 

Specifically, each patch-level feature was first projected into a 256-dimensional embedding via a linear encoder, and attention 

weights were assigned to compute a weighted average of features across all tiles. The aggregated bag-level representation was 

then fed into a fully connected layer to produce a patient-level risk score. The model was optimized using the Adam optimizer 

with a learning rate of 5 × 10− 3. For slide-level foundation models, including GigaPath, PRISM, CHIEF, and COBRA, we directly 

used the publicly released pretrained models to extract WSI-level features. These models encode entire WSIs into a slide-level 

feature per patient, which was subsequently used as input to a Cox proportional hazards model implemented via 
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CoxnetSurvivalAnalysis with elastic net regularization (L1 ratio = 0.5).50 The optimal regularization parameter (alpha) was selected 

through grid search over 25 logarithmically spaced values (0.002–0.1) using 5-fold cross-validation on the DACHS cohort.

Multi-angle interpretation

Tissue composition and attribution quantification

Patients were stratified into high- and low-risk groups based on MacroNet-predicted risk scores. Tissue composition was quantified 

from semantic segmentation maps by computing the proportion of each tissue type. Model attribution was assessed using gradient- 

based saliency maps, computed with the Captum Saliency method.42 Attribution values were aggregated across tissue-specific 

masks and normalized by area to yield average class-wise attribution scores.

Inter-tissue co-occurrence and correlation analysis

Pairwise co-occurrence and correlation analyses were conducted to investigate relationships between tissue types. Co-occurrence 

matrices were derived from joint tissue presence within WSIs, while Spearman correlation coefficients were computed based on tis

sue ratios or attribution scores across patients. Analyses were stratified by the predicted risk group.

Structure-preserving counterfactual explanation

To assess the influence of individual tissue types on model predictions, a structure-preserving counterfactual explanation framework 

was implemented. For each sample, the probability map of a selected tissue channel was globally scaled by a factor α to simulate 

suppression (α < 1) or enhancement (α > 1), while preserving the spatial layout of other tissue classes (Figure S3). The modified 

probability maps were re-evaluated with trained MacroNet to obtain new risk scores. By analyzing changes in predicted risk across 

varying α values, the model’s sensitivity to specific tissue alterations was quantified, enabling the identification of prognostically 

influential tissue components.

Visual pathology interpretation

Attribution maps were generated using gradient-based saliency,42 implemented via the Saliency method from the Captum 

library. These maps were overlaid onto the corresponding semantic segmentation maps and aligned with the original WSIs for 

visual inspection. This alignment enabled examination of how model attention distributed across anatomical regions in representative 

high- and low-risk cases.

Spatial biomarker construction

To characterize and quantify spatial patterns from WSI-derived semantic segmentation maps, both basic and advanced spatial bio

markers were extracted (Figure S4A). Spatial fraction was defined as the proportion of each tissue type within the WSI, calculated by 

computing the pixel-wise ratio of each class (excluding background) from the segmentation map. Spatial entropy was computed by 

applying a sliding window over each tissue’s binary mask and calculating local Shannon entropy. The average non-zero entropy 

values per tissue type were used as spatial heterogeneity features. To capture more complex spatial relationships, single-tissue 

and multi-tissue graphs were constructed from the segmentation maps, and topological features were extracted to describe 

higher-order spatial organization.

Single-tissue graph construction and feature extraction

To characterize the spatial organization within each tissue class, single-tissue graphs were constructed from WSI-derived semantic 

segmentation maps. For each class (excluding background), a binary mask was created and subjected to morphological erosion to 

remove boundary artifacts and reduce noise. Subsequently, connected component labeling was applied to identify spatially distinct 

tissue regions. To prevent excessively large or irregular regions from dominating graph structure, connected components exceeding 

an area threshold of 2,000 pixels (∼0.25 cm2) were subdivided into fixed-size blocks (30 × 30 pixels) using a sliding window 

approach. Each resulting spatial unit (either a small component or a subdivided block) was represented as a graph node, and its 

centroid coordinates were used as node positions. Edges were constructed between node pairs if their Euclidean distance was 

below a distance threshold of 20 pixels (∼1.12 mm). This connectivity criterion was selected to reflect spatial proximity in histological 

context and implemented efficiently using KD-tree–based nearest neighbor search.

The resulting undirected graphs captured intra-class spatial connectivity. A set of topological and spatial features was extracted 

from each graph to serve as interpretable spatial biomarkers. These included node count, edge count, edge density, mean and stan

dard deviation of inter-node distances, degree statistics (mean, max, min, coefficient of variation, entropy), clustering coefficient, 

number and ratio of connected components, average shortest path length, graph diameter, average area of tissue regions, spatial 

dispersion, nearest-neighbor ratio, centrality measures (betweenness, closeness), modularity, and degree assortativity (Table S2). All 

features were computed using the NetworkX package.

Multi-tissue graph construction and feature extraction

To model spatial interactions between distinct tissue types, multi-tissue graphs were constructed for each pairwise combination 

of tissue classes (excluding background). For each tissue pair (e.g., LYM–STR), the corresponding binary segmentation masks 

were extracted from the WSI-level semantic map. Morphological erosion was applied to each mask to reduce edge noise 

and ensure separation of closely adjacent structures. Connected component labeling was then used to identify discrete tissue re

gions within each class. To prevent large regions from dominating graph structure, connected components exceeding an area 

threshold of 2,000 pixels (∼0.25 cm2) were subdivided into non-overlapping 30 × 30-pixel blocks. All resulting regions, either small 

components or subdivided blocks, were treated as graph nodes, and each node was annotated with its tissue class (e.g., LYM or 

STR) based on origin. Edges were constructed exclusively between nodes from different tissue types, capturing inter-class spatial 
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proximity. Specifically, an undirected edge was added between a node from tissue A and a node from tissue B if their Euclidean 

distance was below a threshold of 20 pixels (∼1.12 mm). KD-tree–accelerated nearest-neighbor search was used to efficiently 

identify such inter-tissue node pairs.

The resulting graphs were heterogeneous representations that captured the spatial architecture and interactions between specific 

tissue pairs. From each graph, a comprehensive set of interpretable features was extracted, including the number of nodes per tissue 

type, the number and density of inter-class edges, and the average and standard deviation of inter-node distances across inter-class 

connections. Additional features included the proportion of isolated nodes (i.e., regions with no inter-tissue connections), the average 

number of tissue-B neighbors per tissue-A node (and vice versa), and degree-based statistics such as mean degree, coefficient 

of variation, and entropy. Graph-level properties such as the number of connected components, modularity, assortativity based 

on tissue class, and mean betweenness centrality were also computed (Table S3). All graph construction and feature extraction pro

cedures were implemented using the NetworkX library.

Transparent prognostic model

Spatial biomarker prognostic model

The spatial biomarker prognostic model (SPM) was constructed using Cox proportional hazards models with elastic net regulariza

tion,50,51 trained on interpretable spatial features derived from WSI-based semantic segmentation maps. Model training was con

ducted using the CoxnetSurvivalAnalysis implementation (l1_ratio = 0.5, max_iter = 100,000), with 5-fold cross-validation. A grid 

search over 100 alpha values (log-uniform between 0.002 and 0.3) was performed, and the optimal alpha was chosen based on 

the highest mean validation C-index across folds. The models were trained and evaluated using disease-specific survival and event 

indicators, with performance measured by the C-index. All procedures were implemented in Python using scikit-survival, lifelines, 

and scikit-learn.

Filtered spatial biomarker prognostic model

The filtered spatial biomarker prognostic model (FSPM) was constructed using the same Cox proportional hazards framework as 

SPM, trained only on the top 10 spatial biomarkers with the largest absolute coefficients from the trained SPM. The FSPM was 

trained using the same procedure as SPM, including Z score normalization within each fold, 5-fold cross-validation, elastic 

net regularization (l1_ratio = 0.5, max_iter = 100,000), and grid search over 100 alpha values (log-uniform between 0.002 and 

0.3). Performance was evaluated using DSS and the C-index. All procedures were implemented in Python using scikit-survival, 

lifelines, and scikit-learn.

Model interpretation

Model interpretation was performed by directly inspecting the learned coefficients from the trained Cox model. In this framework, 

each coefficient reflects the strength and direction of the association between a spatial biomarker and patient prognosis. Features 

with larger absolute coefficients were considered more prognostically informative. Positive coefficients indicate features associated 

with increased risk (hazard), while negative coefficients suggest a protective effect.

Fusion of spatial biomarkers and slide-level foundation model features

The 10 features from the FSPM were concatenated with slide-level feature vectors extracted from each foundation model (GigaPath, 

CHIEF, PRISM, COBRA). The combined feature sets were used as input to a Cox proportional hazards model with elastic net reg

ularization.50 All training procedures, including 5-fold cross-validation and log-uniform alpha selection, were identical to those used 

for the FSPM. To assess the relative importance of spatial biomarkers and foundation model features, we analyzed the learned co

efficients from each fusion model. The contribution of each feature group was quantified as the sum of absolute coefficients, and 

expressed as a percentage of the total contribution.

Mutation prediction model

The mutation prediction model was constructed using L1-penalized logistic regression, trained on all interpretable spatial biomarkers 

derived from WSI-based semantic segmentation maps. For each mutation status (e.g., MSI, BRAF, TP53, BMPR2), a separate model 

was trained using the LogisticRegression implementation from scikit-learn (penalty = ‘l1’, solver = ‘liblinear’, C = 0.1, max_iter = 100). 

The model output was the predicted mutation probability, and coefficients were used to assess feature-level interpretability. All pro

cedures were implemented in Python using scikit-learn and pandas.

Adjuvant chemotherapy biomarker discovery

To identify spatial biomarkers predictive of adjuvant chemotherapy (ACT) benefit in stage II/III colorectal cancer, both continuous and 

dichotomized interaction analyses were performed using Cox proportional hazards models. In the continuous setting, each spatial 

biomarker was standardized by mean-centering. ACT status was binarized, and a Cox model was fitted with three covariates: ACT 

(binary), the centered biomarker, and their interaction term (ACT × biomarker). Patients with high missingness (>80%), insufficient 

variation, or small subgroup sizes were excluded. Model fitting was conducted using the lifelines Python package, and p-values 

were computed via the Wald test from the model summary statistics. The prognostic relevance of the interaction was evaluated 

based on the interaction term’s hazard ratio and corresponding p-value. For biomarkers with suggestive interaction signals 

(p < 0.1), a dichotomized analysis was conducted. Each biomarker was binarized using its cohort-specific median, and a new 
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Cox model was fitted including ACT status, the binary biomarker (risk group), and their interaction (ACT × risk). Wald test p-values 

were again used to quantify the significance of the interaction term, and effect sizes were reported as hazard ratios with 95% con

fidence intervals.

LLM co-reasoning

Mechanistic reasoning was performed using GPT-4o based on spatial biomarkers identified from cohort-level prognostic ana

lyses.88 Each session was initiated with a concise prompt detailing the biomarker’s tissue interaction pattern, associated histo

logical phenotype, and relevant clinical context. The model was prompted to interpret the biological relevance, propose mecha

nistic links to treatment response or genomic alterations, and suggest follow-up experimental strategies. Outputs were 

independently reviewed by a second GPT-4o agent acting as a scientific auditor to evaluate plausibility, internal coherence, 

and alternative hypotheses. To validate the reasoning, five domain experts in colorectal cancer pathology and translational 

oncology independently rated selected outputs for scientific soundness, experimental feasibility, and clinical relevance 

(Figure S8). All reasoning was conducted without fine-tuning or retrieval augmentation.

VirtualWSI

VirtualWSI enables structure-preserving in silico perturbation of tissue organization in WSIs based on the semantic segmentation 

maps generated by PathPrism. By modifying tissue probabilities while preserving spatial architecture, the framework allows system

atic exploration of how tissue configurations influence spatial biomarkers and model-derived risk predictions. Two complementary 

perturbation strategies were implemented: global channel perturbation, which supports population-level perturbation analyses 

across cohorts, and interactive spatial perturbation, which enables hypothesis-driven exploration within individual samples.

Global channel perturbation

To investigate how perturbations of specific tissue categories influence spatial biomarkers and predicted risk, VirtualWSI performs 

WSI-wide channel perturbation on the probability maps produced by PrismNet. Each channel represents the probability of a specific 

tissue category, and the final segmentation map is obtained by assigning each pixel to the category with the highest probability 

across channels. Controlled perturbations are introduced by scaling the probability values of a selected tissue channel by a constant 

factor α (Figure S3A). Increasing the channel values (α > 1) expands the corresponding tissue regions in the segmentation map, 

whereas decreasing them (α < 1) leads to contraction of that tissue class (Figure S3B). Because final tissue labels are determined 

by selecting the maximum probability across channels, this operation preserves valid segmentation assignments while modulating 

the relative dominance of the perturbed tissue class. Operating directly on the probability maps allows the perturbation to preferen

tially affect regions with higher uncertainty, such as tissue boundaries, thereby preserving the overall tissue architecture of the 

slide. This procedure requires no additional model training or manual annotation and therefore enables efficient population-level 

perturbation analyses. The resulting perturbed segmentation maps can be used to recompute spatial biomarkers and evaluate 

the corresponding FSPM-predicted risk scores.

Interactive spatial perturbation

To support hypothesis-driven exploration, VirtualWSI also enables interactive perturbation of specific spatial regions within individual 

samples. Users can modify the semantic segmentation maps derived from PathPrism through a graphical interface by selecting re

gions of interest and overwriting the assigned tissue categories (for example, converting LYM to MUS or expanding TUM into adja

cent tissues). Conceptually, this approach follows the same perturbation principle as global channel perturbation but restricts the 

perturbation to user-defined spatial regions. In practice, perturbations are applied through spatial masks so that only the selected 

regions are modified. This enables fine-grained, spatially localized perturbations while preserving the overall tissue architecture. 

Although this strategy enables precise exploration of spatial dependencies, it requires manual interaction and is therefore less suited 

for large-scale population-level analyses. As with global perturbations, the perturbed segmentation maps can be used to recompute 

spatial biomarkers and evaluate the corresponding FSPM-predicted risk scores.

Classification of dynamic response archetypes

Dynamic response archetypes were defined based on the dose–response trajectory of the LYM–MUC–CC biomarker under in silico 

perturbation. For each patient, Spearman rank correlation (ρ) between log-transformed perturbation strength (α) and LYM–MUC–CC 

values was calculated to capture the dominant trend direction. Patients were classified as monotonic increase (ρ > 0.6 and p < 0.05), 

monotonic decrease (ρ < − 0.6 and p < 0.05), or flat (remaining cases). To avoid spurious classification driven by minimal variation, 

trajectories with small amplitude (Δ below the 25th percentile of the cohort-wide Δ distribution) were conservatively assigned to the 

flat category. Archetype classification was performed independently of survival and treatment outcome data.

Construction of interpretable spatial biomarker atlas

To characterize the organization of tissue phenotypes and visualize perturbation-induced state transitions, we constructed two 

spatial biomarker atlases from WSI-level spatial features derived from PathPrism.

Global spatial biomarker atlas

A global spatial biomarker atlas was constructed using the full set of spatial biomarker features describing tissue composition, spatial 

interactions, and structural organization (Figure 7A). For each WSI, the spatial biomarker spectrum was computed from the PrismNet 

segmentation maps. The resulting feature vectors were Z score normalized across samples and embedded into a two-dimensional 

manifold using UMAP. Each WSI was represented as a point in the resulting embedding space, where relative positioning reflects 
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similarity in spatial biomarker profiles. This atlas provides a population-level view of tissue phenotypes and was used to visualize 

cohort structure as well as perturbation-induced transitions in spatial biomarker space.

Prognostic spatial biomarker atlas

To examine perturbation effects in relation to prognostic signals, we constructed a second atlas using the ten interpretable spatial 

biomarkers selected by the FSPM prognostic model (Figure S10B). UMAP was applied to the Z score normalized values of these 

biomarkers to generate a two-dimensional embedding in which each WSI was positioned according to its prognostically relevant 

spatial configuration. Samples were visualized according to their predicted FSPM risk scores, enabling interpretation of how spatial 

tissue configurations relate to predicted risk. Individual biomarkers were further visualized across the embedding space to reveal 

regions enriched for specific spatial configurations, such as elevated ADI–TUM interaction, STR-dominant environments, or compact 

tumor architecture (Figure S10C).

Projection of perturbed samples

Perturbed WSIs generated by VirtualWSI were projected into both atlases by recomputing spatial biomarker features from the 

perturbed segmentation maps and applying the same UMAP transformations used for the original WSIs. This allowed direct visu

alization of perturbation-induced trajectories in spatial biomarker space and comparison between original and perturbed tissue 

states. All computations were implemented in Python using scikit-learn, matplotlib, and Plotly.

QUANTIFICATION AND STATISTICAL ANALYSIS

Model performance was evaluated using balanced accuracy, macro F1 score, macro AUROC, and Matthews correlation coeffi

cient (MCC) for classification tasks, and concordance index (C-index) for survival prediction. Confidence intervals (95%) were 

estimated using nonparametric bootstrapping with 1,000 resamples. Survival analyses were conducted using Cox proportional 

hazards models. Kaplan–Meier curves were used for visualization, and group differences were assessed using log rank tests. 

Interaction effects were evaluated using Wald tests. For compositional data (tissue ratios), values were transformed using 

centered log-ratio (CLR) transformation prior to statistical testing. Group comparisons of tissue ratios and attribution values 

were performed using Welch’s t-tests with Benjamini–Hochberg false discovery rate (FDR) correction. Spatial entropy was 

compared using the Mann–Whitney–Wilcoxon test. 5-fold cross-validation was used to assess model performance, and the result

ing distributions of C-index are presented using boxplots, where the center line indicates the median, the box bounds represent 

the interquartile range (IQR), and whiskers extend to 1.5× IQR.
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