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Spatial proteomics enables high-resolution mapping of protein expression
and can transform our understanding of biology and disease. However,
major challenges remain for clinical translation, including cost, complexity
and scalability. Here we present H&E to protein expression (HEX), an Al

model designed to computationally generate spatial proteomics profiles
from standard histopathology slides. Trained and validated on 819,000
histopathology image tiles with matched protein expression from 382
tumor samples, HEX accurately predicts the expression of 40 biomarkers
encompassing immune, structural and functional programs. HEX
demonstrates substantial performance gains over alternative methods for
protein expression prediction from H&E images. We develop a multimodal
dataintegration approach that combines the original H&E image and
Al-derived virtual spatial proteomics to enhance outcome prediction.
Applied to sixindependent non-small-cell lung cancer cohorts totaling
2,298 patients, HEX-enabled multimodal integration improved prognostic
accuracy by 22% and immunotherapy response prediction by 24-39%
compared with conventional clinicopathological and molecular biomarkers.
Biological interpretation revealed spatially organized tumor-immune
niches predictive of therapeutic response, including the co-localization
of T helper cells and cytotoxic T cells in responders, and immunosup-
pressive tumor-associated macrophage and neutrophil aggregatesin
non-responders. HEX provides a low-cost and scalable approach to study
spatial biology and enables the discovery and clinical translation of
interpretable biomarkers for precision medicine.

Spatial biology represents a new frontier of fundamental discovery and
precision medicine™*. Spatial molecular profiling is being used to reveal
novelinsights about disease biology, as well as mechanisms of response
andresistance to therapies®’. Technologies for spatial proteomics have
evolved over the past decade, generating highly multiplexed images
of specimens with increasing depth and resolution’. For instance,
co-detection by indexing (CODEX) canidentify and quantify more than
50 proteinbiomarkers simultaneously at single-cell resolution across

entire tissue sections". However, despite these technological advances,
significant challenges remain for clinical translation, including cost,
complexity and scalability®. In addition, workflows for spatial proteom-
ics require specialized high-end instruments and trained personnel,
further complicating clinical adoption.

Histopathology with hematoxylin and eosin (H&E) stainingis the
gold standard for clinical diagnosis of cancer and other diseases. Recent
advances in deep learning have made it possible to estimate specific
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molecular features, such as genetic mutations and gene expression,
from H&E images'>'°. An important limitation of previous studies is
that model training is performed at the bulk tissue level". This creates
bothatechnical challenge, requiring weakly supervised learning from
limited samples, and afundamental challenge, due to the presence of
intratumor heterogeneity. Spatial proteomics offers a promising solu-
tion to this problem by correlating tissue morphology with spatially
resolved protein expression.

Thefeasibility of predicting spatial protein expression from histol-
ogyimages hasbeen demonstrated. Previous efforts relied on unpaired
or paired H&E and immunohistochemistry (IHC)'®", paired IHC and
multiplexed immunofluorescence®, or autofluorescence and multi-
plexed immunofluorescence images®. Given the inherent limitations
oftraditional multiplexed imaging assays, these studies are focused on
only afew protein biomarkers. Importantly, the translational value has
notbeen established without extensive clinical validation for predict-
ing treatment outcomes on large cohorts of patients for whom only
H&E images are available.

Here we present H&E to protein expression (HEX), an Al model
designed to computationally generate high-dimensional spatial pro-
teomics profiles directly from standard histopathology slides. HEX
leverages a pathology foundation model to predict the expression of
40 protein biomarkers spanning immune, structural and functional
programs, demonstrating substantial performance gains over alterna-
tive computational methods. We evaluate the prognostic and predic-
tive relevance of HEX in multi-institutional cohorts of 2,298 patients
with non-small-cell lung cancer (NSCLC). HEX significantly improves
the accuracy of prognosis prediction in early-stage lung cancer com-
pared with clinical risk factors. The prognostic utility of HEX is further
confirmed across 12 additional cancer types involving 5,019 patients.
Finally, HEX identifies spatial patterns of tumor-immune niches that
improve the prediction of response toimmune checkpoint blockade.
HEX provides alow-cost and scalable approachto study spatial biology
and facilitates its clinical translation to advance precision medicine.

Results

Study overview

We performed CODEX and H&E staining of the same tissue section for
tumor samples from ten patients with NSCLC. For CODEX, we designed
apanel of 40 proteins spanning lineage, immune, structural and func-
tional markers, enabling comprehensive spatial phenotyping of the
tumor microenvironment (Fig. 1a). The whole-slide images (WSIs)
from the two experiments were co-registered and cropped into smaller
image tiles measuring ~-50 pm. Through this process, we obtained
approximately 755,000 image tiles with 40 protein biomarkers and
matched H&E histopathology, which formed the training dataset.
HEX was trained by leveraging state-of-the-art pathology foundation
models* > to predict the expression of 40 protein biomarkers simul-
taneously based on H&E images, enabling the generation of virtual
spatial proteomics profiles from standard histopathology (Fig.1aand
Extended Data Fig. 1). We assessed the model accuracy for protein

expression ontwoindependent datasets with CODEX and H&E-stained
tissue sections for 372 tumor samples. To further evaluate HEX's gener-
alizability beyond NSCLC, we externally validated HEX on a pan-cancer
dataset containing 57-plex CODEX and matched H&E images across
206 tumor samples from 34 tissue types'.

We further developed a multimodal data integration framework
combining the original H&E image and Al-derived virtual spatial prot-
eomics toenhance outcome prediction (Fig.1b). The clinical relevance
of HEX was evaluated across five independent NSCLC cohorts with
2,150 patients and 12 other cancer types with 5,019 patients for prog-
nosis prediction, aswell asin aseparate cohort of 148 patients treated
with immune checkpoint inhibitors (ICIs) for response prediction.
A flow chart of sample inclusion and exclusion criteria across the six
lung cancer cohorts is provided in Extended Data Fig. 2. Finally, we
aimed to provide biological interpretation of our results—linking
the predicted outcomes with virtual spatial proteomics profiles—
to identify tumor-immune spatial niches associated with therapy
response and resistance. The following sections detail the technical
performance of HEX in generating virtual spatial proteomics, and
demonstrate the clinical relevance and biological insights derived
from this approach in NSCLC.

HEX enables accurate prediction of protein expression from
H&E images

We evaluated the performance of HEX for protein prediction using
cross-validation and independent validation, as shown in Figs. 2
and 3. For acomprehensive evaluation, we computed four comple-
mentary metrics: Pearson’s correlation coefficient (r), Spearman’s r,
the structural similarity index measure (SSIM)*® and mean squared
error (MSE). We benchmarked HEX against two generative adversar-
ial network (GAN)-based methods previously used for histological
image translation's?°.

Cross-validation performance. We performed fivefold
cross-validation on the Stanford-WSI dataset, randomly splitting
patients into training (80%) and validation (20%) sets in each fold to
prevent patient-level dataleakage. Across 40 biomarkers, HEX achieved
accurate prediction of protein expression from H&E images with an
average Pearson’s rof 0.790, a Spearman’s r of 0.787, an SSIM of 0.949
and an MSE of 0.076 (Fig. 2a). HEX consistently outperformed both GAN
methods, with substantialimprovements of 46%in Pearson’sr,44%in
Spearman’s r,15%in SSIM and an 80% reduction in MSE compared with
the second-best model, conditional GAN (CGAN)? (Fig. 2b).

To qualitatively assess spatial patterns of the predicted biomark-
ers, wevisualized the true CODEX along with virtual CODEX generated
from the H&E images. The HEX model produces high-fidelity virtual
CODEX images, accurately reflecting the spatial organization and
expression patterns of structural, immune, lineage and functional
markers (Fig. 2c and Extended Data Fig. 3). It is worth noting that
HEX has the capability of generating virtual CODEX images at any
user-specified spatial resolution. To demonstrate this, we trained

Fig.1| Development, validation and clinical applications of HEX.

a, Development and technical validation of HEX, a predictive Almodel designed
to generate high-dimensional spatial proteomics profiles from standard H&E-
stained slides. HEX was trained on a dataset of over 755,000 image tiles with
matched protein expression, derived from tumor samples co-stained with H&E
and high-plex immunofluorescence using a 40-antibody panel in ten patients
with NSCLC. HEX leverages a state-of-the-art pathology foundation model to
predict the expression of 40 protein biomarkers simultaneously based on H&E
images, enabling the generation of virtual spatial proteomics profiles from
standard histopathology. Model accuracy for protein expression was validated
ontwoindependent datasets with co-stained tissue sections for 372 tumor
samples. To evaluate generalizability, HEX was validated externally on a pan-
cancer dataset comprising 206 tumor samples across 34 tissue types, imaged

with 57-plex CODEX and matched H&E sections prepared using distinct staining
protocols and scanners. b, Clinical validation and biological interpretation.
The clinical relevance of HEX was evaluated for prognosis prediction across five
NSCLC cohorts comprising 2,150 patients, as well as 5,019 patients from TCGA
with12 additional cancer types. It was also evaluated for response predictionin
aseparate cohort of 148 patients treated with ICIs. We developed a multimodal
dataintegration method that combines the original H&E image and Al-derived
virtual spatial proteomics profiles to further enhance outcome prediction.

The HEX-generated biomarker distributions reveal spatial patterns of tumor-
immune niches, providing biological rationale and insights into the prediction
of clinical outcomes. FFPE, formalin fixed and paraffin embedded. Schematic
elements created with BioRender.com.
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Fig. 2| Performance evaluation of HEX for protein biomarker prediction.
a, Performance of HEX for predicting 40 protein biomarkers in cross-validation
using ten WSIs. The results demonstrate high concordance between measured
and predicted biomarker distributions. b, Comparison of HEX with two generative
Almodels using various performance metrics. ¢, Representative visualizations
of HEX-predicted virtual spatial proteomics profiles. The virtual CODEX images

Functional

demonstrate high resemblance to the true images across structural, immune,
lineage and functional biomarkers at both standard and fine spatial resolutions,
with 224- and 14-pixel patch sizes, respectively. Similar results were obtained in
tenindependent WSIs.Inaandb, the bars represent means across fivefold cross-
validation on the Stanford-WSI dataset (n =10 WSlIs), the data points represent
individual folds and the error bars indicate standard deviation.

HEX with smaller window and step sizes (from 224 down to 14 pixels),
enabling high-resolution virtual CODEX outputs and enhanced visu-
alization of fine-grained spatial patterns (Fig. 2c, Extended Data Fig. 3
and Methods).

Independent validation performance. To test the generalizability of
HEX, we trained the model on the full Stanford-WSI dataset and then
evaluatedits performance ontwoindependent tissue microarray (TMA)
cohorts—Stanford-TMA and tissue array TMA (TA-TMA)—comprising
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Fig. 3 |Independent validation of HEX for protein biomarker prediction.
a, Performance of HEX for predicting 40 protein biomarkers across independent
test sets comprising 372 TMA cores (Stanford-TMA (n = 264) and TA-TMA
(n=108)).b, Comparison of HEX with two generative Almodels using various
performance metrics. ¢, Representative visualizations of HEX-predicted
virtual spatial proteomics profiles. The virtual CODEX images demonstrate

Functional

high resemblance to the true images across structural,immune, lineage and
functional biomarkers. Visualizations were generated using the high-resolution
version of HEX with a14-pixel patch size to enhance the spatial details. Similar
results were obtained in 372 cores. Inaand b, the bars represent point estimates
and the error barsindicate 95% bootstrap Cls (n =1,000 resamples).

372 tumor samples in total. HEX showed consistently high Pearson’s
rvalues across all 40 biomarkers, as shown in Fig. 3a. On the first
Stanford-TMA dataset, HEX achieved an average Pearson’s r of 0.738,
Spearman’s r of 0.741, SSIM of 0.875 and MSE of 0.189 across all

biomarkers. Compared with the second-best model (CGAN), HEX
nearly doubled the key performance metrics, with aPearson’s r of 0.738
versus 0.370, a Spearman’s r of 0.741 versus 0.382, an SSIM of 0.875
versus 0.463 and a76% reductionin MSE (0.189 versus 0.782) (Fig. 3b).
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HEX demonstrated similarly strong prediction performance in the
second TMA dataset. Together, these results highlight HEX’s general-
izability and robustness across independent datasets, with HEX sub-
stantially outperforming existing methods across various evaluation
metrics. We further stratified performance by subcellular localization
(nuclear, cytoplasmic and membrane) and observed comparable accu-
racy across groups (Supplementary Results and Extended Data Fig. 4).

We also assessed the quality of virtual CODEX images generated
fromH&E images ontheindependent TMA datasets. As both datasets
comprise relatively small cores, we employed the high-resolution
variant of HEX with smaller window and step sizes, to enhance the
visualization of biomarker distributions. Representativeimagesinclud-
ing structural,immune, lineage and functional biomarkers are shown
inFig.3c.

To assess the generalizability of HEX to new tissue types and its
robustness to variationsin histological protocols, we conducted exter-
nal validation using a publicly available pan-cancer dataset" contain-
ing 57-plex CODEX and H&E images of the same section. This dataset
comprises 206 TMA cores spanning 34 distinct tissue types, including
malignant tumors (for example, breast, colorectal, liver, pancreas,
kidney and bladder), benign neoplasms and matched normal tissues.
The samples were obtained from the University of Bernin Switzerland,
prepared using a different H&E staining protocol and digitized using
a Keyence BZ-X710 scanner. Despite these differences, HEX achieved
strong predictive performance across 24 overlapping biomarkers with-
out fine-tuning (mean Pearson’s r: 0.658)—only slightly lower than on
the Stanford dataset (mean Pearson’s r: 0.718) (Extended Data Fig. 5).
Furthermore, HEX substantially outperformed the second-best model
(CGAN) across all evaluation metrics: Pearson’s r (0.658 versus 0.210),
Spearman’sr(0.563 versus 0.140), SSIM (0.638 versus 0.521) and MSE
(0.132versus 0.835). These results demonstrate HEX’s robustness and
generalizability across diverse tissue types, staining protocols and
imaging platforms.

To evaluate HEX’s adaptability to new tissue types and expanded
biomarker panels, we conducted both retraining and fine-tuning exper-
iments on 140 colorectal cancer (CRC) cores from the Bern dataset,
usingall 57 protein markers—33 of which were not presentin the origi-
nal NSCLC panel. The same data split was used for both experiments: 84
cores from 21 patients for training and 56 cores from14 patients for test-
ing. Whenretrained from scratch, HEX achieved good predictive perfor-
mance (mean Pearson’sr: 0.566; Extended Data Fig. 6), demonstrating
its ability to generalize to new protein markers in a different tissue.
Fine-tuning the NSCLC-trained HEX model—by re-initializing the out-
puthead and adapting to CRC data—furtherimproved the performance
(mean Pearson’s r: 0.659; Extended Data Fig. 7). Notably, improve-
ments were observed for both shared and CRC-specific biomarkers
(Extended DataFig. 8). These results confirmthat HEX can be efficiently
adapted to new tissues and marker panels with minimal architectural
changes and limited training data, enabling scalable deployment of
virtual spatial proteomics across diverse histological contexts.

We next performed orthogonal validation of HEX-derived spatial
proteomics using matched IHC and H&E slides”. Evaluated on three
lung tumors, HEX predicted IHC measurements with good spatial
concordance—Pearson’s r = 0.479 (CD31) and 0.606 (Ki-67)—and sub-
stantially outperformed the CGAN baseline (Pearson’s r: 0.542 versus
0.086; Extended Data Fig. 9).

We finally evaluated the impact of using different foundation
modelbackbones and training strategies. HEX models initialized from
the MUSK* backbone achieved the highest overall accuracy, whereas
models based on the CONCH* backbone showed faster inference at
the expense of lower accuracy (Supplementary Figs.1and 2). To dis-
secttherole of training strategies, we conducted ablation experiments
by removing either feature distribution smoothing (FDS) or adaptive
loss function (ALF) from the original HEX model. Inboth cases, model
performance decreased notably across all metrics, indicating that

these components are necessary for achieving robust and generaliz-
able predictions (Supplementary Figs.3 and 4).

HEX improves prognosis prediction in early-stage lung cancer

With the ability to generate spatial proteomics from standard H&E
images, HEX enables biologically interpretable prediction of clinically
relevant outcomes by adding anew layer of molecular insight. Although
H&E provides detailed tissue morphology, virtual CODEX maps offer
complementary information about spatially resolved protein expres-
sion. To integrate these distinct yet synergistic data types, we devel-
oped multimodalintegration via co-attention (MICA), adeep learning
framework that fuses H&E and virtual CODEX data at an early stage
(Supplementary Fig. 5 and Methods). This approach explicitly models
cross-modalinteractions and spatial relationships, enhancingits ability
toidentify clinically relevant features predictive of patient outcomes.

We evaluated the prognostic utility of MICA-based risk predic-
tions across five independent NSCLC cohorts. Using data from the
National Lung Screening Trial (NLST)?, we trained a model to pre-
dict recurrence-free survival (RFS) from H&E-stained WSIs and then
tested in four other patient cohorts, including The Cancer Genome
Atlas (TCGA), Prostate, Lung, Colorectal, and Ovarian (PLCO)*,
Stanford-TMA and TA-TMA cohorts. Kaplan-Meier analyses dem-
onstrated significant and robust risk stratification across the train-
ing and validation cohorts (Fig. 4a). The hazard ratio (HR) between
MICA-defined high-and low-risk patients was 2.43-3.33 (all P< 0.002)
forstage INSCLC and 2.27-4.28 (all P< 0.012) for stage INSCLCin the
validation cohorts. Similar results were observed in the TA-TMA cohort
for overall survival (Supplementary Fig. 6).

Quantitative evaluation using the concordance index (C-index)
further confirmed the MICA risk model’s prognostic performance
(Fig.4b).For patients with early-stage disease, MICA achieved C-indices
of 0.80 (NLST), 0.67 (TCGA), 0.68 (Stanford-TMA), 0.72 (PLCO) and
0.62 (TA-TMA). Across the four validation cohorts, MICA attained an
overalladjusted C-index of 0.68 (weighted by the number of patients),
significantly outperforming the H&E-only model (overall C-index: 0.56;
all P< 0.016) and virtual CODEX-only model (overall C-index: 0.59).

The MICArisk modelalso outperformed traditional clinicopatho-
logical variables, including tumor stage and grade for prognosis pre-
diction in early-stage NSCLC (Fig. 4c). Multivariable Cox regression
analyses further confirmed MICA-derived risk scores as the strongest
independent predictor of clinical outcomes (RFS, disease-specific
survival (DSS) and overall survival) across all patient cohorts (Fig. 4d).
Importantly, integrating MICA-derived scores with standard risk fac-
torssuchasage, sex, grade and stage significantly enhanced the prog-
nosticaccuracy compared with clinical variables alone (overall C-index:
0.71versus 0.58; all P< 0.002) in early-stage NSCLC. The substantial
increase 0f22%in prognostic accuracy underscores the value of fusing
H&Eimages and virtual spatial proteomics, providing complementary
information beyond traditional clinicopathological risk factors.

Additional analyses confirmed robustness across disease stages
and clinical subgroups (Supplementary Figs. 7-12), per-cohort
cross-validation (Supplementary Fig. 13) and against a late-fusion
baseline (PORPOISE*) inboth cross-validationand independent valida-
tion (Supplementary Results and Supplementary Fig. 14). Moreover,
across 12 TCGA cancer types, MICA outperformed both unimodal
baselines under fivefold cross-validation (Supplementary Results and
Supplementary Fig. 15).

To compare the prognostic value of virtual versus experimen-
tally acquired spatial proteomics, we applied the NLST-trained mod-
els to two independent cohorts (Stanford-TMA and TA-TMA) with
matched H&E and true CODEX data. We compared three models: (1)
an H&E-only baseline; (2) MICA using HEX-generated virtual CODEX
(MICA-Virtual); and (3) MICA using true CODEX (MICA-True). As shown
in Supplementary Fig. 16, both MICA-Virtual and MICA-True mod-
els significantly outperformed the H&E-only model in prognostic
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Fig. 4| MICA improves prognosis prediction in patients with early-stage NSCLC.
a, Kaplan-Meier analysis of MICA-predicted risk groups in patients with stage |
and IINSCLC. Patients were significantly stratified into high- and low-risk groups
(red and blue, respectively) for RFS or DSS across four independent cohorts. All
cutoffs were the same across validation cohorts and determined based on the
NLST training cohort. The numbers of patients at risk for each group and time
point are given below each graph. Statistical significance was determined by two-
sided log-rank test. b, Performance comparison of prognostic models across five
cohorts of early-stage NSCLC. ¢, Performance comparison of MICA risk prediction

log [HR]

against clinical features (Clin.) in early-stage NSCLC. Inb and ¢, the bars represent
point estimates and error bars indicate 95% bootstrap Cls (n =1,000 resamples).
d, Multivariable Cox regression analysisincorporating clinical covariates

and MICA-predicted risk scores across five cohorts (NLST (n = 336 patients),
TCGA-LUNG (n=746),PLCO-LUNG (n =364), Stanford-TMA (n =187) and TA-

TMA (n=94)). The points denote log[HR] point estimates and the horizontal

bars represent 95% Cls. The MICA risk score remains a significantindependent
predictor of RFS, DSS or overall survival. Statistical significance was determined by
two-sided Wald test and P values were unadjusted. ***P < 0.001; **P < 0.01; *P< 0.05.
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accuracy. Importantly, there was no statistically significant difference
inC-index between MICA-True and MICA-Virtual ineither cohort. These
results demonstrate that HEX-derived virtual CODEX can provide
additional prognostic information beyond H&E that is equivalent to
true CODEX data.

Biological interpretation of HEX-based prognosis prediction
Our HEX approach not only enables accurate prognosis prediction
butcanalso providebiological interpretationbehind the predictions.
Figure 5ashows the virtual spatial proteomics profiles generated from
standard H&E images for selected key biomarkers that correspond to
model-predicted high- and low-risk patients. This allows us to link tissue
morphology with spatially resolved protein expression and pinpoint
regions of interest that contribute most strongly to patient risk.

Toassess the biological relevance of model predictions, we applied
the integrated gradients method* to compute tile-level attribution
scores. We then categorized image tiles with the top and bottom inte-
grated gradient values across the NLST cohort—representing the most
influential tiles contributing to the model’s risk predictions—into
high-and low-risk groups, respectively (Fig. 5b and Methods). Morpho-
logically, we observed histologic patterns such as poor differentiation,
lymphovascularinvasion, necrosis and micropapillary patterns among
high-risk tiles. In contrast, low-risk tiles included patches with lepidic
growth, well-differentiated tumor, abundant tumor-infiltrating lym-
phocytes and tertiary lymphoid structures—patterns consistent with
known prognostic relevance.

Wethencompared proteinexpression profilesinthe virtual CODEX
images between different risk groups. The low-risk group was enriched
for immune markers such as CD20, CD3e, CD8 and granzyme B.
Incontrast, the high-risk group showed increased expression of prolif-
eration (Ki-67), epithelial (epithelial cell adhesion molecule (EpCAM)
and pan-cytokeratin (PanCK)), stromal (alpha-smooth muscle actin)
and angiogenesis (CD31) markers (Fig. 5c; all P< 0.001). Comparisons
across all 40 biomarkers are provided in Supplementary Fig.17.

To further explore spatial co-localization patterns of different
biomarkers, we quantified the prevalence of image tiles with high
co-expression values for pairs of biomarkers (Methods). We observed
that the fraction of CD3e*/PanCK" tiles was significantly higherin the
low-risk group, consistent with intraepithelial immune infiltration.
Conversely, the high-risk group exhibited significantly higher frac-
tions of Ki-67°/PanCK"and CD44/EpCAM" tiles, reflecting a prolifera-
tive tumor and cancer stem cell niche (P < 0.001 for all comparisons;
Fig.5d).

To confirm the prognostic significance of these spatial patterns,
we computed the number of image tiles with HEX-predicted high
co-expression patterns at the patient level and stratified patients
into high- and low-count groups. In the NLST cohort, patients with
high prevalence of CD3e*/PanCK" tiles had better survival outcomes
(HR=0.58; P=0.001), whereas those with high prevalence of Ki-67°/
PanCK" or CD44'/EpCAM" tiles had significantly worse survival
(HR=1.64(P=0.001)andHR =1.56 (P=0.005), respectively) (Fig. 5e).
To further validate these findings, we computed the same spatial bio-
markers using the actual CODEX images in the Stanford-TMA cohort
and, indeed, the same prognostic patterns were observed for all three
biomarkers (Extended DataFig.10). Overall, these results demonstrate
that our HEX approach effectively integrates tissue morphology with
spatially resolved protein expression, enabling biologically interpret-
able prediction of patient prognosis.

HEX improves immunotherapy response predictionin
advanced lung cancer

Finally, we evaluated the ability of HEX to predict response and out-
comes after ICls based on standard H&E-stained WSIs. We collected
digitized H&E slides, clinical data and outcomes for 148 patients
with advanced NSCLC treated with ICIs against programmed death-1

protein (PD-1) or programmed death ligand 1 (PD-L1).HEX was used
to generate virtual CODEX maps from the H&E images, which were
thenintegrated with histology features for outcome predictioninour
MICA framework.

For objective response prediction, MICA achieved an area under
the receiver operating characteristic curve (AUC) of 0.82 (95% con-
fidence interval (CI): 0.73-0.90), significantly outperforming the
H&E-only model with an AUC of 0.72 (95% CI: 0.59-0.80) and the
virtual CODEX-only model with an AUC of 0.75 (95% CI: 0.62-0.84)
(all P<0.001; Fig. 6a). The strong performance of the CODEX-only
model suggests that biological information critical for determin-
ing treatment response is being captured by HEX-inferred spatial
proteomics. MICA also demonstrated superior performance over
clinically approved tests such as PD-L1 expression (AUC = 0.66; 95% CI:
0.54-0.77; P < 0.05) and tumor mutation burden (TMB) (AUC = 0.59;
95% Cl:0.37-0.80; P < 0.05).

For predicting progression-free survival (PFS), MICA achieved a
C-index of 0.72 (95% Cl: 0.65-0.76), significantly outperforming both
the H&E-only model (C-index: 0.62; 95% CI: 0.56-0.67) and the virtual
CODEX-only model (C-index: 0.66; 95% CI: 0.61-0.72 (all P < 0.001;
Fig. 6b). Notably, MICA also outperformed existing biomarkers such
asPD-L1and TMBin predicting PFS (P < 0.001; Supplementary Fig.18).
To assess whether MICA offers additional predictive value, we incorpo-
rated standard clinical variables including age, sex, body mass index,
central nervous system metastases, smoking status and PD-L1expres-
sion.In multivariate Cox regression analysis, MICA remained the most
significantindependent predictor of PFS (HR =1.67;95% Cl:1.36-2.05;
P<0.001).

We further evaluated MICA’s ability to stratify patients for PFS.
Kaplan-Meier analysis revealed clear separation between high-
and low-risk groups (HR =3.11; 95% CI: 2.11-4.57; P < 0.001), with
median PFS times of 4.4 and 15.1 months, respectively (Fig. 6c). In
contrast, PD-L1 expression alone did not significantly distinguish
between patient outcomes (Supplementary Fig. 19). Importantly,
MICA maintained robust stratification across clinically relevant sub-
groups, including PD-L1 expression levels, lines of immunotherapy
and ICI monotherapy versus chemo-ICI combination regimens
(Supplementary Fig. 20). Taken together, these results confirm
the added predictive value of virtual spatial proteomics and show
that an effective fusion strategy such as MICA allows more accurate
prediction of immunotherapy response and outcomes based on
standard histopathology. Further decision impact analyses showed
improved reclassification over PD-L1 or TMB, higher sensitivity at
90% specificity, and robust stratification within subsets of various
PD-L1 strata and those harboring mutations encoding epidermal
growth factor receptor (EGFR) changes (Supplementary Results and
Supplementary Figs. 21 and 22).

Biological interpretation of HEX-based immunotherapy
response prediction
To better understand the model’s prediction in the context of immu-
notherapy, we analyzed histopathology-inferred virtual spatial pro-
teomics profiles associated with treatment benefit. Using the same
approach as in the prognosis interpretation, we grouped image tiles
into high- and low-risk categories based onintegrated gradient scores.
We then compared protein expression values in the virtual CODEX
images between the two risk groups. The low-risk group was signifi-
cantly enriched forimmune-related markers such as CD138, CD3e, CD8
and TCF-1, whereas the high-risk group exhibited elevated expression
of markers associated with immunosuppressive or fibrotic compo-
nents, including CD66b, CD163, FAP and collagen IV (all P< 0.001;
Supplementary Fig. 23).

To gain deeper insight into the cellular states associated
with immunotherapy response, we examined the distribution of
marker-defined immune and stromal cell states (Fig. 6d). Rather than

Nature Medicine | Volume 32 | January 2026 | 231-244

238


http://www.nature.com/naturemedicine

Article

https://doi.org/10.1038/s41591-025-04060-4

a
M Low risk M High risk
-1.00 -075 -0.50 -0.25 [o] 0.25 0.50 0.75 1.00
Normalized IG value
c *kk *kk *kk *hk *kk *kk *kk *kk *kk *kk d 0.15 4 e bl b
0.4 W High risk M High risk
M Low risk 3 M Low risk
- = 010 A
Eel 5
7 c
0 02 K]
5 é 2 vos
& o
g T e - e
(0]
T T T T T T T T T T o -
o o o® o> ® D Q oF \s CD3e'/PanCK* Ki-67*/PanCK* CD44*/EpCAM*
& & & & FF & & &
K &
N
e 104 CD3e*/PanCK" (virtual CODEX) 104 Ki-67*/PanCK" (virtual CODEX) 104 CD44*/EpCAM® (virtual CODEX)
= High count
084 0.8 0.8 1 = Low count
0.6 0.6 0.6
ow ow (2}
w w w
o o o
0.4+ 0.4+ 0.4 -
0.2 0.2 0.2
HR: 0.58 (0.42-0.81) HR: 1.64 (1.21-2.23) HR: 1.56 (114-2.13)
P=0.0010 P=0.0014 P=0.0050
(0] T T T 0 T T T (9] T T T
0 20 40 60 (0] 20 40 60 (0] 20 40 60
Time (months) Time (months) Time (months)

Fig. 5| Biological interpretation of MICA-derived risk predictions using HEX
virtual spatial proteomics. a, Representative examples of a high-risk (top) and
low-risk (bottom) patient predicted by the MICA model in the NLST cohort.

For each patient, original H&E images and corresponding virtual CODEX maps
for selected biomarkers generated by HEX are shown. b, Histogram of overall
integrated gradient (IG) values across all image patches. Integrated gradient
values correspond to the predicted risk scores for each image patch. The
high-and low-risk groups are defined by the high and low integrated gradient
values. ¢, Box plots comparing marker expression distributions between the
high- and low-risk groups for selected protein biomarkers (n = 26,519 patches in
the high-risk group and n = 26,416 patches in the low-risk group). Central lines

indicate medians, boxes span the interquartile range (25th-75th percentiles)

and whiskers extend to the 5th-95th percentiles. Group differences were
evaluated by two-sided Mann-Whitney U-test. d, Fractions of image tiles with
high co-expression values for three pairs of biomarkers (CD3e*/PanCK’, Ki-67°/
PanCK' and CD44'/EpCAM’) between the high- and low-risk groups. Two-sided
chi-squared tests were used to assess statistical differences between the groups.
***P < 0.001. e, Kaplan-Meier analysis based on the number of image tiles with
high co-expression patterns for the selected biomarker pairs in c. Patients were
stratified into high- and low-count groups. Statistical significance was calculated
by two-sided log-rank test with no multiple-comparison adjustment.
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Fig. 6| MICA improves immunotherapy response prediction and identifies
spatial proteomic signatures in advanced NSCLC. a, Comparison of model
performance for predicting objective response. Left, AUC point estimates for the
models based on H&E, virtual CODEX and MICA. Right, ROC curves comparing
MICA with PD-L1expression and TMB. b, Comparison of model performance

for predicting PFS. Left, C-index point estimates for the models based on

H&E, virtual CODEX and MICA. Right, forest plot displaying multivariable Cox
regression, including MICA-derived risk scores and clinical covariates. The
points denote log[HR] point estimates and the horizontal bars represent 95%

Cls. Statistical significance was determined by two-sided Wald test. For the
bargraphsinaandb, the error bars indicate 95% bootstrapped Cls (n =1,000
resamples) derived from aggregated patient-level risk predictions, and statistical
significance was assessed using two-sided Wilcoxon signed-rank tests.c,
Kaplan-Meier analysis of PFS stratified by MICA-predicted risk scores across all
patients and PD-L1expression subgroups (tumor proportion score (TPS) =0,

1% < TPS <50% and TPS > 50%). The numbers of patients at risk for each group
and time point are given below each graph. Survival differences between high-
and low-risk groups were assessed by two-sided log-rank test (cutoff: median).
d, Fraction of image tiles with marker-defined immune and stromal cell states
for selected biomarker pairs (granzyme B*/CD8", TCF-1'/CD4", CD66b*/MMP9*,
PD-1'/CD8", FAP*/collagenIV* and CD163'/MMP9") between high- and low-risk
groups. Two-sided chi-squared tests were used to assess statistical differences
(**P<0.001). e, Normalized Jaccard indices of SCSs. This analysis reveals
different spatial co-localization patterns of key cell types for high-and low-risk
groups. f, Representative examples of a high-risk (top) and a low-risk (bottom)
patient predicted by the MICA model. For each patient, original H&E images and
corresponding virtual CODEX maps for selected biomarkers generated by HEX
are shown. BMI, body mass index; CNS mets, central nervous system metastases;
FPR, false positive rate; TPR, true positive rate.

exhaustively screening all of the possible combinations, we took a
biologically informed approach by focusing on six dual-marker pairs
based on their established functional relevance®**”. We found that
the low-risk group was significantly enriched in granzyme B*/CD8*
(cytotoxiceffector T cells), TCF-1//CD4" (T helper cells) and PD-1°/CD8*
(exhausted T cells) (all P< 0.001). In contrast, the high-risk group was
enriched for CD66b*/MMP9* (pro-tumor neutrophils), FAP*/collagen
IV* (extracellular-matrix-remodeling fibroblasts) and CD163'/MMP9*
(M2-like tumor-associated macrophages), reflecting distinct tumor
microenvironments between the two groups.

We further quantified spatial co-localization signatures (SCSs)
by assessing the pairwise interaction of cell types and states using a
normalized Jaccard index (Fig. 6e). We found that the low-risk group
was characterized by coordinated spatial co-localization of various
T cell subpopulations, including effector and exhausted T cells and
T helper cells. In contrast, the high-risk group exhibited stronger
co-localization ofimmunosuppressive tumor-associated macrophages
and neutrophils (CD66b*/MMP9" and CD163/MMP9"). To illustrate
these concepts, we present two examples with paired H&E and virtual
CODEX visualizations for model-predicted high- and low-risk patients,
showcasing how the model captures key spatial proteomic features
associated withimmunotherapy response (Fig. 6f).

Finally, to assess the prognostic relevance of these SCSs, we calcu-
lated the number of'tiles positive for each SCS per patient and stratified
patients into high- and low-count groups (Supplementary Fig. 24).
Patients with high counts of CD66b*/MMP9* and CD163*/MMP9*
SCSs had significantly worse outcomes (HR =2.38; 95% Cl: 1.63-3.48;
P <0.001), whereas patients enriched in TCF-1'/CD4* and PD-1’/CD8"
orgranzyme B*/CD8"and PD-1'/CD8" signatures showed significantly
improved outcomes (HR = 0.58 (95% CI: 0.39-0.85; P=0.005) and
HR =0.60 (95% CI: 0.40-0.88; P=0.009), respectively). However,
the expression of single biomarkers did not stratify patients for PFS
(Supplementary Fig. 25). These findings confirm the predictive value
of spatially co-expressed immune and stromal cell states and dem-
onstrate that distinct cellular interactions—rather than individual
biomarkers alone—shapetreatment outcomesinadvanced NSCLC. This
highlights the potential of HEX-generated virtual spatial proteomics
for uncovering spatial patterns of the tumor microenvironment linked
to therapeutic response and resistance.

Spatial transcriptomics comparison and scaling analyses

HEX outperformed state-of-the-art spatial transcriptomics predictors
(BLEEP*® and OmiCLIP*), and the H&E plus virtual CODEX pipeline
(MICA-CODEX) exceeded the H&E plus virtual spatial transcriptomics
pipeline (MICA-ST) for objective response and PFS (Supplementary
Results, Methods and Supplementary Figs. 26 and 27). Scaling analyses
showed monotonic gains with larger training sets and marker panels,
with diminishing returns beyond around eight to ten WSIs and around
20 markers (Supplementary Figs. 28 and 29).

Discussion

Inthis study, we present an Almodel to computationally generate vir-
tual spatial proteomics profiles from standard histopathology slides.
Builtonapathology foundation model, our HEX approach predicts spa-
tially resolved protein expression for 40 biomarkers from H&E images
withhighaccuracy. Thisapproach has been extended to 34 tissue types
and new protein markers, demonstrating substantial performance
gains over alternative methods for protein expression prediction from
H&E images. We further develop amultimodal dataintegration method
that combines the original H&E stain- and Al-derived virtual spatial
proteomics to enhance outcome prediction. The clinical relevance of
HEX was evaluated in six independent cohorts of 2,298 patients with
NSCLC, as well as 5,019 patients with 12 other cancer types, demon-
strating significantimprovements in the prediction of prognosis and
response to immune checkpoint blockade.

The most significant implication of our study is that HEX only
requires standard H&E histopathology to generate virtual spatial
proteomics profiles. Traditional methods rely on staining multiple
tissue sections* but require extensive specimens and, more impor-
tantly, cannot resolve complex tissue phenotypes as they do not pro-
vide protein co-localization information. Spatial proteomics allow
high-resolution mapping of many proteins on the same tissue sec-
tion. However, due to the high expense and complexity of the assay,
existing spatial proteomics studies are limited to a small number of
tissue samples* . In contrast, HEX enables spatial biomarker dis-
covery and validation on a large scale and can be deployed in broad
patient populations.

Through extensive clinical evaluationinmore than 7,300 patients
across 13 cancer types, we demonstrate that integrating histology with
virtual spatial proteomics offers a promising approach forimproving
treatment response and prognosis prediction. In patients withresected
NSCLC, itisimportant todistinguish patients who are cured by surgery
alone fromthose who are at high risk of recurrence and need adjuvant
therapy. Currently, the decision of whether to treat early-stage NSCLC
with adjuvant therapy is based on clinicopathologic criteria (that is,
tumor size >4 cm or lymph node involvement). However, these prog-
nosticfactorsarerather crude and donotallow for accurate prediction
of disease recurrence. HEXimproves the accuracy of prognosis predic-
tion by more than 20% compared with clinical risk factors. Therefore,
it could be used to refine risk stratification and guide personalized
adjuvant therapy inearly-stage NSCLC.

ICIs have reshaped the treatmentlandscape for NSCLC, with dura-
bleresponseinasubset of patients. However, the majority derive little
or no clinical benefit, and ICls are associated with significant toxicity
and cost. Identifying those patients most likely to benefit remains a
criticalunmet need**. The HEX approach achieved a24-39% increasein
ICIresponse predictionaccuracy over the standard biomarkers PD-L1
and TMB and could thus inform personalized therapy. Currently, ICI
monotherapy is a standard of care in patients with NSCLC and tumor
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PD-L1=>50%, given the likelihood of a strong response. However, our
HEX modelidentified that 40% of patients with PD-L1-high tumors did
not experience durable response to ICI. These patients may benefit
from concurrent chemotherapy in addition to ICI. For patients with
intermediate levels of PD-L1 (>0% and <50%), the HEX model could
also help to optimize the treatment decisions on ICI monotherapy
versus combination ICl and chemotherapy. For patients with tumor
PD-L1=0%, there is a moderate benefit of dual checkpoint blockade
with anti-cytotoxic T-lymphocyte-associated protein 4 plus anti-PD-1
combined with chemotherapy over standard anti-PD-1 plus chemo-
therapy®. However, the triplet combination therapy has increased
toxicity, and the optimal regimen is unclear at the patient level. The
HEX modelidentified that 61% of patients with PD-L1-negative tumors
did not benefit from anti-PD-1ICls. These patients may benefit from
novel combination treatment strategies. Finally, patients with tumors
harboring EGFR mutations are generally considered refractory toICls
and therefore do not receive ICls as their standard treatment. In our
analysis, the HEX model identified that 29% of patients with tumors
harboring EGFR mutations who nevertheless derived durable clinical
benefit from ICIs. These findings suggest that HEX can provide mean-
ingful improvements in patient stratification, with the potential to
enhance treatment selection and improve patient outcomes.

The generation of virtual spatial proteomics has dual benefits: it
is not only essential for improved prognostic and predictive perfor-
mance, butalso provides critical biological interpretation of the model
predictions. In patients treated with ICIs, we showed that responding
tumors were characterized by coordinated spatial co-localization
of various T cell subpopulations, including exhausted and effector
T cells and T helper cells. The spatial proximity between exhausted
T cells and cytotoxic effector T cells may reflect an ongoing phenotypic
transition within the tumor microenvironment, which could enable
effective reinvigoration of T cell cytotoxicity upon ICladministration.
Several lines of evidence, including functional studies, support the
biological plausibility of our findings. Previously, it has been shown
that PD-1blockade promotes the differentiation of PD-1" progenitor
CD8'T cellsinto functional cytotoxic lymphocytes, thereby improving
therapeutic efficacy***. In contrast, we found that non-responding
tumors exhibited spatial co-localization of tumor-associated mac-
rophages and neutrophils. Indeed, these myeloid cell types have been
shown to promote tumor progression and angiogenesis, facilitate
metastatic dissemination®****>'and contribute to the formation of an
immunosuppressive tumor microenvironment thatimpedes effector
T cell infiltration®*2. Taken together, these findings support that the
cell phenotypes and spatial cell-cell interactions uncovered by HEX
are experimentally validated and mechanistically linked to immuno-
therapy response and clinical outcomes.

Compared with spatial transcriptomics, an alternative spatial
profiling technology, spatial proteomics, offers several advantages.
First, proteins are more closely related to cellular functions than RNA
transcripts. Second, from a practical view, proteins remain more stable
inclinical formalin-fixed paraffin-embedded samples, andimages are
easier tointerpret by pathologists. In contrast, spatial transcriptomics
allows spatial profiling of the whole transcriptome and provides amore
comprehensive picture of tissue architecture. Previous studies have
attempted to predict spatial gene expression from H&E images™ .
However, the technical performance has been limited, with an aver-
age Pearson’srof ~-0.2, partly due to noisy and high-dimensional gene
expression data®. In contrast, our HEX model achieved much more
accurate prediction of targeted protein expression, with r values of
0.73-0.79.

One limitation of current spatial proteomics platformsis the reli-
ance onantibodies forimmunofluorescence imaging, which may limit
the number of potential targets. In addition, the protein biomarker
panel may need to be optimized for different cancers or diseases.
Emerging technologies such as deep visual proteomics® can overcome

this challenge by mass cytometry that achieves substantially greater
proteome coverage.

The ability to leverage complementary information in a
multi-omics frameworkis crucial asit provides a holistic view of tissue
architecture and function®®. Our computational approach for spatial
proteomics-histopathology integration canbe extended to other data
types, such as spatial transcriptomics and metabolomics. These new
molecular insights will further expand our existing knowledge about
disease biology™.

Inconclusion, our study provides alow-cost and scalable approach
tothe study of spatial biology in standard histopathology and enables
the discovery and clinical translation of reliable and interpretable
biomarkers for precision medicine.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/541591-025-04060-4.

References

1. Bressan, D., Battistoni, G. & Hannon, G. J. The dawn of spatial
omics. Science 381, eabq4964 (2023).

2. Gong, D., Arbesfeld-Qiu, J. M., Perrault, E., Bae, J. W. &

Hwang, W. L. Spatial oncology: translating contextual biology to
the clinic. Cancer Cell 42, 1653-1675 (2024).

3. Chen, J., Larsson, L., Swarbrick, A. & Lundeberg, J. Spatial
landscapes of cancers: insights and opportunities. Nat. Rev. Clin.
Oncol. 21, 660-674 (2024).

4. Gulati, G.S., D'Silva, J. P, Liu, Y., Wang, L. & Newman, A. M.
Profiling cell identity and tissue architecture with single-cell and
spatial transcriptomics. Nat. Rev. Mol. Cell Biol. 26, 11-31 (2025).

5. Harnik, Y. et al. A spatial expression atlas of the adult human
proximal small intestine. Nature 632, 1101-1109 (2024).

6. Nordmann, T. M. et al. Spatial proteomics identifies JAKi as
treatment for a lethal skin disease. Nature 635, 1001-1009 (2024).

7.  Sun, W. et al. Spatial transcriptomics reveal neuron-astrocyte
synergy in long-term memory. Nature 627, 374-381(2024).

8. Yayon, N. et al. A spatial human thymus cell atlas mapped to a
continuous tissue axis. Nature 635, 708-718 (2024).

9. lJia, G. et al. Spatial immune scoring system predicts hepatocellular
carcinoma recurrence. Nature 640, 1031-1041 (2025).

10. Elhanani, O., Ben-Uri, R. & Keren, L. Spatial profiling technologies
illuminate the tumor microenvironment. Cancer Cell 41, 404-420
(2023).

1. Schirch, C. M. et al. Coordinated cellular neighborhoods
orchestrate antitumoral immunity at the colorectal cancer
invasive front. Cell 182, 1341-1359.e19 (2020).

12. Coudray, N. et al. Classification and mutation prediction from
non-small cell lung cancer histopathology images using deep
learning. Nat. Med. 24, 1559-1567 (2018).

13. Fu, Y. et al. Pan-cancer computational histopathology reveals
mutations, tumor composition and prognosis. Nat. Cancer 1,
800-810 (2020).

14. Pizurica, M. et al. Digital profiling of gene expression from
histology images with linearized attention. Nat. Commun. 15,
9886 (2024).

15. Kather, J. N. et al. Pan-cancer image-based detection of clinically
actionable genetic alterations. Nat. Cancer 1, 789-799 (2020).

16. Bilal, M. et al. Development and validation of a weakly supervised
deep learning framework to predict the status of molecular
pathways and key mutations in colorectal cancer from routine
histology images: a retrospective study. Lancet Digit. Health 3,
e763-e772 (2021).

Nature Medicine | Volume 32 | January 2026 | 231-244

242


http://www.nature.com/naturemedicine
https://doi.org/10.1038/s41591-025-04060-4

Article

https://doi.org/10.1038/s41591-025-04060-4

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

30.

Schmauch, B. et al. A deep learning model to predict RNA-seq
expression of tumours from whole slide images. Nat. Commun. 11,
3877 (2020).

Pati, P. et al. Accelerating histopathology workflows with
generative Al-based virtually multiplexed tumour profiling.

Nat. Mach. Intell. 6,1077-1093 (2024).

Jasti, J. et al. Histopathology based Al model predicts
anti-angiogenic therapy response in renal cancer clinical trial.
Nat. Commun. 16, 2610 (2025).

Ghahremani, P. et al. Deep learning-inferred multiplex
immunofluorescence forimmunohistochemical image
quantification. Nat. Mach. Intell. 4, 401-412 (2022).

Zhou, Z. et al. Virtual multiplexed immunofluorescence staining
from non-antibody-stained fluorescence imaging for gastric
cancer prognosis. eBioMedicine 107, 10528 (2024).

Xiang, J. et al. A vision-language foundation model for precision
oncology. Nature 638, 769-778 (2025).

Vorontsov, E. et al. A foundation model for clinical-grade
computational pathology and rare cancers detection. Nat. Med.
30, 2924-2935 (2024).

Lu, M. Y. et al. A visual-language foundation model for
computational pathology. Nat. Med. 30, 863-874 (2024).

Chen, R. J. et al. Towards a general-purpose foundation model for
computational pathology. Nat. Med. 30, 850-862 (2024).
Brunet, D., Vrscay, E. R. & Wang, Z. On the mathematical
properties of the structural similarity index. IEEE Trans. Image
Process. 21, 1488-1499 (2012).

Borovec, J. et al. ANHIR: automatic non-rigid histological image
registration challenge. IEEE Trans. Med. Imaging 39, 3042-3052
(2020).

Data from the National Lung Screening Trial (NLST). TCIA
https://doi.org/10.7937/TCIA.HMQ8-J677 (2013).

Buys, S. S. et al. Effect of screening on ovarian cancer mortality:
the prostate, lung, colorectal and ovarian (PLCO) cancer
screening randomized controlled trial. J. Am. Med. Assoc. 305,
2295-2303 (2011).

Chen, R. J. et al. Pan-cancer integrative histology-genomic
analysis via multimodal deep learning. Cancer Cell 40, 865-878.
e6 (2022).

Sundararajan, M., Taly, A. & Yan, Q. Axiomatic attribution for deep
networks. In Proc. International Conference on Machine Learning
3319-3328 (PMLR, 2017).

Giles, J. R., Globig, A.-M., Kaech, S. M. & Wherry, E. J. CD8"

T cells in the cancer-immunity cycle. Immunity 56, 2231-2253
(2023).

Damo, M. et al. PD-1 maintains CD8 T cell tolerance towards
cutaneous neoantigens. Nature 619, 151-159 (2023).

Zilionis, R. et al. Single-cell transcriptomics of human and mouse
lung cancers reveals conserved myeloid populations across
individuals and species. Immunity 50, 1317-1334.e10 (2019).

Lu, Y. et al. A single-cell atlas of the multicellular ecosystem of
primary and metastatic hepatocellular carcinoma. Nat. Commun.
13, 4594 (2022).

Zou, D. et al. CD4' T cell immunity is dependent on an intrinsic
stem-like program. Nat. Immunol. 25, 66-76 (2024).

Zhang, H. et al. Define cancer-associated fibroblasts (CAFs)

in the tumor microenvironment: new opportunities in cancer
immunotherapy and advances in clinical trials. Mol. Cancer 22,
159 (2023).

Xie, R. et al. Spatially resolved gene expression prediction from
histology images via bi-modal contrastive learning. Adv. Neural
Inf. Process. Syst. 36, 70626-70637 (2023).

Chen, W. et al. A visual-omics foundation model to bridge
histopathology with spatial transcriptomics. Nat. Methods 22,
1568-1582 (2025).

40.

a1.

42.

43.

44,

45.

46.

47.

48.

49,

50.

51.

52.

53.

54.

56.

56.

57.

58.

50.

Foersch, S. et al. Multistain deep learning for prediction of
prognosis and therapy response in colorectal cancer. Nat. Med.
29, 430-439 (2023).

Lin, J.-R. et al. High-plex immunofluorescence imaging and
traditional histology of the same tissue section for discovering
image-based biomarkers. Nat. Cancer 4, 1036-1052 (2023).
Phillips, D. et al. Immune cell topography predicts response to
PD-1 blockade in cutaneous T cell lymphoma. Nat. Commun. 12,
6726 (2021).

Chen, H. et al. Integrative spatial analysis reveals tumor
heterogeneity and immune colony niche related to clinical
outcomes in small cell lung cancer. Cancer Cell 43, 519-536.e5
(2025).

Wang, S. L. & Chan, T. A. Navigating established and emerging
biomarkers for immune checkpoint inhibitor therapy. Cancer Cell
43, 641-664 (2025).

Paz-Ares, L. et al. First-line nivolumab plus ipilimumab
combined with two cycles of chemotherapy in patients with
non-small-cell lung cancer (CheckMate 9LA): an international,
randomised, open-label, phase 3 trial. Lancet Oncol. 22,
198-211(2021).

Ngiow, S. F. et al. LAG-3 sustains TOX expression and regulates
the CD94/NKG2-Qa-1b axis to govern exhausted CD8 T cell NK
receptor expression and cytotoxicity. Cell 187, 4336-4354.e19
(2024).

Miller, B. C. et al. Subsets of exhausted CD8" T cells differentially
mediate tumor control and respond to checkpoint blockade.
Nat. Immunol. 20, 326-336 (2019).

Ardi, V. C., Kupriyanova, T. A., Deryugina, E. |. & Quigley, J. P.
Human neutrophils uniquely release TIMP-free MMP-9 to provide
a potent catalytic stimulator of angiogenesis. Proc. Natl Acad. Sci.
USA 104, 20262-20267 (2007).

Vannitamby, A. et al. Tumour-associated neutrophils and loss of
epithelial PTEN can promote corticosteroid-insensitive MMP-9
expression in the chronically inflamed lung microenvironment.
Thorax 72, 1140-1143 (2017).

Coussens, L. M., Tinkle, C. L., Hanahan, D. & Werb, Z. MMP-9
supplied by bone marrow-derived cells contributes to skin
carcinogenesis. Cell 103, 481-490 (2000).

Xue, R. et al. Liver tumour immune microenvironment subtypes
and neutrophil heterogeneity. Nature 612, 141-147 (2022).
Mantovani, A., Allavena, P., Marchesi, F. & Garlanda, C.
Macrophages as tools and targets in cancer therapy. Nat. Rev.
Drug Discov. 21, 799-820 (2022).

He, B. et al. Integrating spatial gene expression and breast tumour
morphology via deep learning. Nat. Biomed. Eng. 4, 827-834
(2020).

Zeng, Y. et al. Spatial transcriptomics prediction from histology
jointly through Transformer and graph neural networks.

Brief. Bioinform. 23, bbac297 (2022).

Zhang, D. et al. Inferring super-resolution tissue architecture by
integrating spatial transcriptomics with histology. Nat. Biotechnol.
42,1372-1377 (2024).

Wang, C. et al. Benchmarking the translational potential of spatial
gene expression prediction from histology. Nat. Commun. 16,
1544 (2025).

Mund, A. et al. Deep Visual Proteomics defines single-cell
identity and heterogeneity. Nat. Biotechnol. 40, 1231-1240
(2022).

Klughammer, J. et al. A multi-modal single-cell and spatial
expression map of metastatic breast cancer biopsies across
clinicopathological features. Nat. Med. 30, 3236-3249 (2024).
Amgad, M. et al. A population-level digital histologic biomarker
for enhanced prognosis of invasive breast cancer. Nat. Med. 30,
85-97 (2024).

Nature Medicine | Volume 32 | January 2026 | 231-244

243


http://www.nature.com/naturemedicine
https://doi.org/10.7937/TCIA.HMQ8-J677

Article

https://doi.org/10.1038/s41591-025-04060-4

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this

article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2026

Zhe Li®"®, Yuchen Li'¢, Jinxi Xiang ®", Xiyue Wang®’, Sen Yang ®", Xiaoming Zhang?, Feyisope Eweje', Yijiang Chen',
Xiangde Luo®", Yuanyuan Li?, Jonathan Mulholland ®3, Colin Bergstrom ®*, Ted Kim', Francesca Maria Olguin®,
Sierra Willens*, Jeffrey J. Nirschl®2, Robert West?, Joel Neal® %, Maximilian Diehn ®' & Ruijiang Li®'*

'Department of Radiation Oncology, Stanford University School of Medicine, Stanford, CA, USA. 2Department of Pathology, Stanford University School
of Medicine, Stanford, CA, USA. *Cell Sciences Imaging Facility, Stanford University School of Medicine, Stanford, CA, USA. *Department of Medicine
(Oncology), Stanford University School of Medicine, Stanford, CA, USA. °Stanford Institute for Human-Centered Artificial Intelligence, Stanford, CA, USA.

5These authors contributed equally: Zhe Li, Yuchen Li.

e-mail: rli2@stanford.edu

Nature Medicine | Volume 32 | January 2026 | 231-244

244


http://www.nature.com/naturemedicine
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://orcid.org/0000-0002-0105-6351
http://orcid.org/0000-0002-5476-3690
http://orcid.org/0000-0002-3597-9090
http://orcid.org/0000-0002-0639-4122
http://orcid.org/0000-0001-8574-0005
http://orcid.org/0000-0002-5666-9403
http://orcid.org/0000-0003-3271-0915
http://orcid.org/0000-0001-6857-341X
http://orcid.org/0000-0003-3119-9334
http://orcid.org/0000-0003-2032-0581
http://orcid.org/0000-0002-0232-5998
mailto:rli2@stanford.edu

Article

https://doi.org/10.1038/s41591-025-04060-4

Methods

Study design

This study included a total of 2,308 patients across seven independ-
ent cohorts of patients with NSCLC. Three cohorts—Stanford-WSI,
Stanford-TMA and TA-TMA—contained same-section co-registered H&E
and 40-plex CODEX images and were used for training and validation of
the HEX model for Al-enabled generation of spatial proteomics. To eval-
uate HEX’s generalizability and robustness across different tissue types
and histological protocols, we conducted external validation using a
pan-cancer dataset comprising matched 57-plex CODEX and H&E images
from 34 tissue types. To assess the clinical relevance of HEX-derived
features, we analyzed H&E-stained slides from six cohorts—NLST,
TCGA, PLCO, Stanford-TMA, TA-TMA and Stanford immuno-oncology
(Stanford-10)—through multimodal integration for outcome predic-
tion. Across these cohorts, 2,150 patients had available data on RFS,
DSS or overall survival and 148 patients treated with ICIs had objective
response and PFS outcomes. To assess the clinical utility beyond NSCLC,
we further evaluated HEX for prognosis prediction across 12 additional
cancer typesin TCGA (n =5,019). This retrospective study was approved
by the Stanford University Institutional Review Board. An overview of the
study cohorts and experimental design is provided in Fig. 1and detailed
inclusion and exclusion criteria are provided in Extended Data Fig. 2.
Comprehensive descriptions of each patient cohort and associated
tumor samples are provided in the sections below.

CODEX with high-plex PhenoCycler imaging

Tissue preparation. Human lung formalin-fixed paraffin-embedded
tissue blocks and TMAs were sectioned at a thickness of 5 um and
mounted directly onto SuperFrost Plus microscope slides (Thermo
Fisher Scientific). Slides were stored at 4 °C.

Marker panel design. We selected 40 protein markers based on their
known biological roles and clinical relevance in NSCLC and the tumor
microenvironment. These markersinclude lineage-specific, structural,
functional,immune checkpoint, stromal, vascular, extracellular matrix
remodeling and antigen presentation proteins. The 40-plex panel was
optimized to capture abroad spectrumof tumor-immune phenotypes
and spatial interactions at single-cell resolution.

Antibodies. Antibody conjugation was performed by the Stanford
Cell Sciences Imaging Facility using carrier-free antibodies. Briefly,
antibodies were buffer exchanged and reduced using centrifugation
filters and a reduction master mix. Barcodes were resuspended and
incubated with the reduced antibodies for 2 h at room temperature,
followed by purification and storage in antibody stabilization buffer at
4 °C.Commercial antibodies were primarily sourced from Akoya Bio-
sciences and other vendors (Supplementary Table1). For antibodies not
commercially available, custom conjugations were performed using
pre-validated primary antibodies and designed barcodes, following
the manufacturer’s recommended protocol. All antibodies under-
went validation for specificity and performance using PhenoCycler
multiplexed imaging.

High-plex staining and imaging. Tissue staining and imaging were
performed following the PhenoCycler-Fusion User Guide version 2.1.0.
Briefly, after overnight baking at 60 °C, slides were deparaffinized using
a standard histological procedure. Antigen retrieval was conducted
in Tris-EDTA buffer (pH 9.0) in a pressure cooker at 120 °C for 20 min
under high pressure. After cooling to room temperature, slides were
rinsed twicein double-distilled water and incubated in a photobleach-
ing buffer for 45 min. After extensive washingin 1x phosphate-buffered
saline, slides were hydrated and stained, per the manufacturer’s pro-
tocol.Slides were incubated in the conjugated antibody cocktail over-
nightat4 °Cinahumidity chamber, followed by post-staining fixation
and washing steps, as instructed in the manufacturer’s user manual.

High-pleximmunofluorescence imaging was performed using the
PhenoCycler2.0 platformwith a20x objective. Images were acquiredin
DAPI, AF488, Atto550 and AF647 channels and automatically processed
intoa qpTIFFfile.

H&E staining of the same section after CODEX

Following PhenoCycler imaging, slides were stored at4 °Cinthe storage
buffer provided with the PhenoCycler-Fusion Stain Kit. Flow cells were
removed fromtheslides according to the manufacturer’sinstructions.
After extensive washing with 1x PhenoCycler buffer, slides were stained
withstandard H&E protocols andimaged ona Leica Aperio AT2 scanner
at 40x magpnification.

CODEX and H&E image registration and dataset construction
The DAPlimagesin CODEX wereregistered to the hematoxylin channel
of the H&E images using PALOM (version 2024.4; https://github.com/
labsyspharm/palom), with key parameters including full-resolution
alignment (level=0), affine initialization using 4,000 keypoints at
pyramid level 1, and block-wise shift refinement. Registered images
weredivided into non-overlapping tiles with asize 0f 224 x 224 pixels,
and the average expression of each of the 40 protein biomarkers in
CODEX was computed for the corresponding H&E image tile. We ana-
lyzed three cohorts with matched H&E and 40-plex CODEX staining;:
(1) Stanford-WSI, comprising ten WSIs from Stanford Hospital, yielded
754,836 tiles annotated with 40-marker expression profiles and was
used for model training and cross-validation, with patients split 80/20
into training and test setsin eachfold; (2) Stanford-TMA, including 264
TMA cores, contributed 25,383 tiles; and (3) TA-TMA, comprising 108
TMA cores from TissueArray, contributed 39,313 tiles. Stanford-TMA
and TA-TMA datasets were used exclusively forindependent validation
of H&E-based protein expression.

To evaluate the spatial accuracy of CODEX-H&E co-registration,
we performed independent cell segmentation on each modality using
modality-specific pipelines for Stanford-WSI. The transformation
computed by PALOM was then applied to map CODEX cell centroids
into the H&E coordinate frame. For each cell in the H&E image, we
computed the Euclidean distance to the nearest mapped CODEX cell.
We also measured the diameter of each cell nucleus as a biological
reference scale. As shown in Supplementary Fig. 30, 99.2% of cell-cell
distances between H&E and CODEX were smaller than the median cell
nucleus diameter, indicating that accurate cross-modality alignment
isachieved witha subcellular resolution.

Pan-cancer CODEX-H&E dataset for protein prediction

For external validation, we used a pan-cancer dataset comprising 206
TMA cores spanning 34 distinct tissue types, including malignant,
benign and normal tissues. The tissue types include: adrenal gland,
biliary system, bone, bone marrow, brain, breast, cervix, colon, kidney,
liver, lung, lymphnode, meninges, muscle, musculoskeletal tissue, naso-
pharyngealtissue, nerve, ovary, pancreas, parathyroid, placenta, pleura,
prostate, salivary gland, skin, soft tissue, spleen, stomach, tendon, tes-
tis, thymus, thyroid, tonsil and uterus". Samples were obtained from the
University of Bern, prepared using a distinct H&E staining protocol and
digitized at 20x magnification using aKeyence BZ-X710 scanner. CODEX
imaging was performed with a 57-marker panel, including 33 protein
markers not present in the original NSCLC panel, allowing evaluation
of HEX's ability to generalize to novel targets and diverse tissue types.

Patient cohorts for clinical outcome prediction

Cohorts for prognosis prediction. We assembled five NSCLC cohorts
totaling 2,150 patients with H&E-stained images and associated clinical
outcomes to evaluate the prognostic utility of HEX-generated virtual
spatial proteomics. The NLST?, a large multicenter randomized trial
conducted inthe USA, served as the training set and included partici-
pants withNSCLC and available RFS data. Fourindependent validation
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cohorts were used: (1) the TCGA cohort, comprising patients with
lung adenocarcinoma and squamous cell carcinoma whose WSIs and
RFS datawere downloaded from the Genomic Data Commons; (2) the
PLCO Cancer Screening Trial cohort®, with deidentified WSIs and DSS
data obtained via the National Cancer Institute’s Cancer Data Access
System; (3) the Stanford-TMA cohort; and (4) the TA-TMA cohort, with
Stanford-TMA and TA-TMA both comprising NSCLC cases along with
curated WSIs and annotated RFS and overall survival outcomes, respec-
tively. All cohorts were restricted to histologically confirmed NSCLC
and included clinical metadata such as stage, survival endpoints and
demographic variables (Supplementary Tables 2 and 3).

Cohort for immunotherapy response prediction. We assessed the
clinical utility of HEX-generated virtual spatial proteomics for pre-
dicting immunotherapy response and outcomes in the Stanford-10
cohort. The cohort included 148 patients with advanced (meta-
static or recurrent) NSCLC who received anti-PD-1 or anti-PD-L1ICls
at Stanford. The inclusion criteria were treatment with ICIs with or
without concurrent chemotherapy and H&E-stained slides available
from a pretreatment core needle or surgical biopsy. The best overall
response was categorized as responder (complete or partial response)
or non-responder (stable or progressive disease). PFS was defined as
thetime fromtreatmentinitiation to clinical or radiographic progres-
sionor death. Patients without progression were censored at the date
of last follow-up. Detailed clinicopathological characteristics are sum-
marized in Supplementary Table 4.

WSI processing

All H&E images were processed at 40x magnification (-0.25pm px™).
Slides scanned at lower resolutions were rescaled to 40x to ensure con-
sistency across datasets. This resolution is compatible with the MUSK
backbone, which was pretrained using multi-scale image augmenta-
tionsincluding10%, 20x and 40x fields of view?. To minimize the influ-
ence of image artifacts, regions containing pen marks, tissue folds or
blurring were identified and excluded using color-based filtering tech-
niques®’. Before feature extraction, all H&E tiles were standardized using
pixel-wise normalization (mean = 0.5; s.d. = 0.5), matching the MUSK
training distribution. For CODEX data, each biomarker channel was
normalized by scaling the intensities to the [0, 1] range based onthe 99th
percentile of its global intensity distribution. For each processed H&E
image, the HEX model was applied to generate a corresponding virtual
spatial proteomics profile, which was subsequently used for multimodal
dataintegration. For orthogonal validation using IHC, we co-registered
adjacent-sectionIHC and H&E WSlIs, resampled all slides to 0.25 pm px*
resolution and extracted protein signals from the 3,3’-diaminobenzidine
(DAB) channel viahematoxylin-eosin-DAB (HED) color deconvolution.

HEX model architecture and training strategy

The HEX model was designed to predict the expression level for 40
protein biomarkers simultaneously, given an input H&E image patch
(typically 224 x 224 pixelsin this study). An overview of the model archi-
tectureis visualized in Fig. 1a and Extended Data Fig. 1. The backbone
of HEX is built on a pretrained pathology foundation model, such as
MUSK, to extract visual features from H&E patches. A two-stage regres-
sionhead follows: alinear layer reducing the visual embedding to 256,
followed by ReLU and dropout, then another linear layer projecting to
128 dimensions with ReLU and dropout and finally alinear output layer
producing 40 biomarker predictions.

To improve the predictive robustness and handle the inherent
challenges in multiplex imaging data, we integrated two key techniques
during fine-tuning: FDS® and an ALF®. Spatial proteomics data such
as CODEX exhibit substantial target imbalance: some biomarkers are
ubiquitously expressed, whereas others appear infrequently or in
sparse regions. To mitigate this, we adopted FDS, a post-hoc feature
calibration technique that reduces the negative impact of data

imbalance by explicitly smoothing features across similar target values.
During training, features from the penultimate layer are first collected
and stored for each target bin of biomarker jand then updated viathe
exponential moving average®. The calibrated features i are obtained
by smoothing these bin-level features using a Gaussian kernel g (+):

1 1

h=CiC (h-py) + iy

where

1 1 4
= R i gy k) ()

ieb

By= . 80p:Ym)Hm:Co =, EWp:Ym) Cm

meB meB

1, and C, are the mean and covariance of the features with each bin
b € B, and N, is the total number of samples in the bth bin. FDS was
applied directly across all biomarkers to jointly regularize and smooth
the feature distributions. This explicit calibration in feature space
reduces bias in under-represented targets and stabilizes training in
imbalanced regression settings.

To further mitigate the impact of image noise and outliers com-
monly observedin CODEX data, weincorporated the ALF into the training
objective. The ALF generalizes robust loss functions by introducing the
learnable shape a and scale c parameters that modulate the tail behavior
of the error distribution. This design allows the model to dynamically
interpolate between different loss regimens based on data characteris-
tics. When interpreted as the negative log-likelihood of a univariate
probability distribution, ALF enables robustness to be automatically
adapted during training, improving generalization to noisy or hetero-
geneous regionsin histopathology. The ALF in this study is defined as

L(r,a,c)=p(r,a,c)+logZ(a)

where
-2 (e "
- r/c
P(”“’C):T«m”) ‘l)

and Z(a)isthe partition function, a isthe shape parameter, cisthe scale
parameter and r is the residual error.

HEX model training details

The network backbone for HEX was pretrained using unified masked
modeling (MUSK) on 50 million pathology images from 11,577 patients
and one billion pathology-related text tokens. HEX was then trained
on matched H&E and spatial proteomic profiles using the Adam opti-
mizer to minimize the ALF, with aninitial learning rate of 1x 107, expo-
nential decay (factor = 0.95), abatch size of 384 and a dropout rate of
0.5. Training was conducted over 120 epochs: during the first 100
epochs, only the last four encoder layers and regression heads were
trained, with the remainder of the backbone frozen; in the final 20
epochs, theregression heads were updated while the entire backbone
remained frozen. Training-time data augmentationincluded random
horizontal and vertical flips, rotations, and jittering in brightness,
contrast, saturation and hue. The ALF shape (a) and scale (c) param-
eterswerebothinitialized to 1. For FDS, the start update parameter and
start smooth parameter were set to 0 and 10, respectively.

During inference, HEX scans across the entire tissue using a slid-
ing window with a 224-pixel stride, sequentially generating predic-
tions for each tile and stitching them together into a seamless, fully
reconstructed virtual CODEX map. On standard hardware (8x NVIDIA
L40S GPUs; batch size: 16), this process takes ~1.3 min per WSI at
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40x magpnification. HEX also supports single-GPU inference with >8 GB
of video random access memory. Although these patch and stride
sizes served as the default throughout our analyses, the HEX frame-
work supports smaller step sizes, allowing users to generate virtual
proteomics maps at higher spatial resolutions as needed. To generate
high-resolution virtual CODEX outputs for enhanced visualization of
fine-grained biomarker distributions, HEX was retrained on a1/20 sub-
set of the training dataset using the same input patch size (224 x 224),
butwithasmaller predictionwindow (14 x 14 pixels) and astep size of 14
pixels. Inthis configuration, the model predicts the average expression
over the central14 x 14 region of each input patch, enabling finer spatial
resolution in the reconstructed virtual proteomic maps.

HEX model evaluation and comparison

For acomprehensive evaluation of predictive accuracy, we computed
four complementary metrics: Pearson’s r, which captures the strength
oflinear relationships between predicted and true expression values;
Spearman’s r, which measures rank-order consistency and reflects the
model’s ability to preserve relative expression trends; SSIM®*, which
quantifies perceptual similarity between spatial maps by considering
luminance, contrast and structural patterns; and MSE, which penalizes
large deviations in absolute expression levels.

For comparison, we benchmarked HEX against two state-of-the-art
generative models for stain translation: a conditional GAN-based
method (DeepLIIF)*° and a contrastive unpaired translation model
(Virtual Multiplexer, based on CUT)'. These frameworks were selected
due to their relevance to histology-to-immunostaining translation
tasks. We used their publicly availableimplementations, adhered tothe
original training protocols and retrained both models from scratch on
our paired H&E-CODEX dataset to predict all 40 biomarkers, ensuring
afair and consistent evaluation. Additionally, we conducted ablation
studies demonstrating thatboth FDS and ALF are critical components
for achieving robust and generalizable performance in HEX.

Model architecture for integrating histology and virtual
spatial proteomics

We developed a deep learning framework that integrates H&E histol-
ogy and virtual spatial proteomics for predicting patient prognosis
andimmunotherapy response. The MICA model learns how histologi-
cal features attend to protein expression patterns to make clinically
relevant predictions.

MICA begins by extracting tile-level features from H&E images
using a pretrained pathology foundation model (MUSK), producing a
histology feature bag H,, = {} € R4, where I is the number of tiles
per patient and d, is the feature dimension. Simultaneously, protein
expression features are obtained from each CODEX channel using
DINOV2 (ref. 65)—pretrained on 142 million naturalimages—resulting
in a CODEX feature bag My,, = {m/} € R*%, where J is the number of
protein channels.

To fuse these two modalities, we introduce a CODEX-guided
co-attention mechanism. This early fusion approach allows the model
toselectively focus on histological regions most relevant to the spatial
proteomic signals. Inthe CODEX-guided co-attention layer, we project
Mag, Hpag and Hy,g into query Q, key K and value V representations via
three learnable transformations—P,, P, and P, € R%>%:

Q = MyagPy, K= HyagPr, V= HpggPy
The CODEX-guided H&E representation is computed as

_ T
H o, = softmax <%) 4
dy

This operation enables CODEX-derived features to guide atten-
tion over H&E image tiles, highlighting regions of interest and

capturing complex multimodal spatial interactions. Finally, two
modality-specific multiple-instance learning transformers®®
with global average pooling aggregate features for outcome
prediction. Unlike conventional late-fusion approaches, this strategy
enablesricher cross-modal representationlearning and enhances both
interpretability and predictive performance.

Training and evaluation of MICA

For each H&E image, tissue segmentation was performed using
the publicly available CLAM repository®’. Following segmentation,
non-overlapping tiles of size 384 x 384 pixels were extracted at 20x
magnification from allidentified tissue regions. The pretrained MUSK
modelwas thenused as afeature extractor to generate histology feature
bags. For CODEX, features from each protein channel were extracted
using DINOv2 (dinov2_vitsl4_reg), yielding corresponding CODEX
feature bags. Due to variable bag sizes, we employed a mini-batch size
of1,sampling paired H&E and virtual CODEX inputs. No dataaugmenta-
tion was applied for either modality.

For prognosis prediction, MICA was trained using adiscrete-time
survival loss®® with the Adam optimizer (learning rate: 1 x 107; weight
decay:1x107),abatch size of 1and eight gradient accumulation steps.
The model weights of both MUSK and DINOv2 were frozen. No early
stopping was applied, and all models were trained for 20 epochs with
all parameters trainable.

We evaluated MICA’s prognostic performance in three settings:
(1) independent NSCLC validation, whereby MICA was trained on the
full NLST cohort (RFS) and evaluated on four external NSCLC cohorts
(TCGA (RFS), Stanford-TMA (RFS), PLCO (DSS) and TA-TMA (overall sur-
vival)); (2) within-cohort robustness, whereby fivefold cross-validation
was conducted withinthe three largest cohorts (NLST, TCGA and PLCO);
and (3) pan-cancer generalization, whereby fivefold cross-validation
(DSS) across 12 additional TCGA tumor types (5,019 patients) was
performed to assess robustness and generalizability.

Forimmunotherapy response prediction, MICA was trained using
either cross-entropy loss (for objective response) or discrete survival
loss (for PFS), using the Adam optimizer (learning rate: 2 x 10™*; weight
decay:1x107), with a batch size of 1and eight gradient accumulation
steps. Training was performed for 20 epochs, and all models were
evaluated using fivefold cross-validation.

For comparative evaluation, we used attention-based
multiple-instance learning (AbMIL)® as the unimodal baseline for
both H&E-only and virtual CODEX-only models. The H&E-only base-
linewasimplemented using image features extracted from the MUSK
foundation model, corresponding to the MUSK image approach
described in our previous work. The virtual CODEX-only model used
DINOv2-extracted features fromvirtual proteomic images. Addition-
ally, we benchmarked MICA against PORPOISE*°, a deep learning
method for late fusion of multimodal data. All models were trained
under the same settings as MICA. Performance was evaluated using
the C-index, whereas Kaplan-Meier analysis was used to assess the risk
stratification capability of each method.

Biological interpretation of outcome predictions
Toexplore the biological relevance of the model predictions, we used
integrated gradients®—a gradient-based attribution method that
quantifies the contribution of input features to the model’s output.
In our context, positive attributions indicate features associated with
increased predicted risk, whereas negative attributions correspond
to decreased risk. The integrated gradient was computed using the
IntegratedGradients function fromthe Captumlibrary (version 0.4.0),
with a zero vector used as the baseline. After calculating integrated
gradient values for each H&E tile, we applied min—-max normalization
across the WSl to facilitate comparison.

We aggregated integrated gradient scores across the entire dataset
and defined high- and low-risk groups as the top and bottom 1% of tiles
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byintegrated gradient value, respectively. For eachtile, we computed
the average expression of each biomarker in the corresponding CODEX
image, enabling comparison of protein expression profiles between
risk groups.

We further defined a tile as expressing a high level of abiomarker
if its value exceeded the 80th percentile of that marker’s distribu-
tion across the dataset. Based on this, we assessed the fraction of tiles
showing co-expression of biomarker pairs. To characterize SCSs, we
counted the number of tiles containing both marker-defined cell states
in a given pair and computed a normalized Jaccard index to quantify
co-localization patterns in the high- and low-risk groups. Specifically,
each of the six pre-specified combinations paired a canonical lineage
marker with a functional marker to assess distinct cell states relevant
toimmunotherapy response (granzyme B*/CD8", TCF-1'/CD4", PD-1"/
CD8',CD66b'/MMP9*, FAP*/collagenIV*and CD163'/MMP9°). Given this
limited set of biologically informed hypotheses (n = 6), nominal P values
were reported without correction for multiple hypothesis testing.

Statistical analysis

For fivefold cross-validation of protein expression prediction, we
reported the mean and standard deviation across all folds. For inde-
pendent validation, we used non-parametric bootstrapping (1,000 rep-
licates) to estimate 95% Cls for all performance metrics. Kaplan-Meier
analysis was used to evaluate the association between MICA-predicted
risk scores and patient survival across cohorts. Patients were stratified
into high- and low-risk groups based on either the median or an opti-
mized cutoffvalue (as specified in the figure captions), and survival dif-
ferences were assessed using the log-rank test. P < 0.05was considered
statistically significant. Prognostic model performance was quantified
using the C-index. For independent validation, 95% Cls were derived
via bootstrapping (1,000 replicates) on all predicted risk scores. For
PFS, we reported cross-validated C-index values as the mean across
five folds. Clsin cross-validation were estimated by bootstrapping the
out-of-sample predictions across validation folds. Forimmunotherapy
response prediction, we used the AUC as the performance metric.
Statistical significance between models was assessed using atwo-sided
Wilcoxon signed-rank test.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Histopathology and clinical data from the TCGA cohort used in this
study are publicly available via the National Cancer Institute Genomic
Data Commons portal (https://portal.gdc.cancer.gov) and cBioPor-
tal (https://www.cbioportal.org). WSIs from the NLST cohort can be
accessed through The Cancer Imaging Archive (https://wiki.cancer-
imagingarchive.net). Requests for access to PLCO data should be sub-
mitted through the Cancer Data Access System (https://cdas.cancer.
gov/learn/plco). In-house datasets, used with institutional approval,
contain sensitive patient information and are not publicly available.
Access requests may be directed to the corresponding author and
require a brief research proposal and execution of a data use agree-
ment; requests will be reviewed and processed within 2 weeks. Data
aremade available exclusively for non-commercial academicresearch.
Source data are provided with this paper.

Code availability

An open-source version of the code used in this study is available at
https://github.com/lilab-stanford/HEX. The PALOM toolkit (https://
github.com/labsyspharm/palom) was used for co-registration
of CODEX and H&E-stained images. Clinical outcome analyses
were conducted using the lifelines library (https://github.com/
CambDavidsonPilon/lifelines).
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Extended DataFig. 1| Overview of HEX. HEX is built on a pre-trained pathology representations with ReLU activations and dropout regularization. To enhance
foundation model (for example, MUSK) to extract visual features from predictive robustness, the model incorporates Feature Distribution Smoothing
H&E image patches. A three-layer regression head maps visual embeddings (FDS) and an Adaptive Loss Function (ALF) during training to address the

to 40 biomarker predictions viaintermediate 256- and 128-dimensional challenges of multiplexed imaging data. EMA, exponential moving average.
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Extended DataFig. 2 | Sample inclusion and exclusion across six cohorts. Flow chart depicting patient/sample inclusion and exclusion for the six study cohorts—
NLST, TCGA, PLCO, Stanford-TMA, TissueArray TMA (TA-TMA), and the Stanford immuno-oncology (Stanford-10) cohort.
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Extended DataFig. 5| External validation of HEX on the Bern pan-cancer
dataset. a, Pearson correlation between predicted and measured protein
expression across 24 overlapping markers (n =206 TMA cores). b, Comparison
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Extended Data Fig. 6 | HEX retrained on colorectal cancer. Pearson correlation for 57 markers after retraining HEX on CRC (n =140 TMA cores). Orange bars denote
markers overlapping with the NSCLC panel; blue bars are CRC-specific. Bars represent point estimates and error bars indicate 95% bootstrap Cls (n =1,000 resamples).

Nature Medicine


http://www.nature.com/naturemedicine

Article

https://doi.org/10.1038/s41591-025-04060-4

-
o

[ Non-Overlapping Marker
I Overlapping Marker

Pearson correlation

o o o o o

o N B [} [e ]

CD5 {m

CD194 {m ik
T ’—:

BETA-CATENIN

0.659
DPOLONTOMWONT —OLW >n.:c 0O—mMm
s AR B B3 S0 R= 22 S238820u 5
20%°66"AG5°0 ARt 250<a02S >
so<g 8 a¥aoWOZIOIE32=S
Sk % sog T I
33837 %
£ 88 o0 %&
Z O e} o >
o <
y (2]

S

Extended Data Fig. 7| HEX fine-tuned on colorectal cancer. Pearson correlation for 57 markers after fine-tuning the NSCLC-trained HEX model on CRC (n =140
TMA cores). Orange bars indicate markers overlapping with the NSCLC panel; blue bars are CRC-specific. Bars represent point estimates and error bars indicate 95%

bootstrap Cls (n=1,000 resamples).

Nature Medicine


http://www.nature.com/naturemedicine

Article

https://doi.org/10.1038/s41591-025-04060-4

o o
~ »

Q
[

Pearson Correlation

0.0 Legacy (24) Novel (33)

I Retrain [ Finetune

0.0 Cegacy (24) Novel (33)

0.6
c 0.6
.0
©
© 0.4
= ? 2
g (7]
g 0.2 0.2
Q.
(7]

0.0 Legacy (24) Novel (33)

1.0

0.8

0.6

0.4

0.2

0 Legacy (24) Novel (33)

Extended Data Fig. 8 | Fine-tuning improves prediction across legacy and novel markers. Performance comparison on legacy (24) and novel (33) markers after
retraining or fine-tuning (n = 140 TMA cores). Bars represent point estimates and error bars indicate 95% bootstrap Cls (n =1,000 resamples).

Nature Medicine


http://www.nature.com/naturemedicine

Article https://doi.org/10.1038/s41591-025-04060-4

[0 cur ceaN [l HEX
10 Pearson Spearman
.08
c
k)
O
£06
Q
[$)
S04
k<t
4
502
° I
oo| —T~1L L - I -
CD31 Ki67 CD31 Ki67

Extended Data Fig. 9| Orthogonal validation of HEX-derived protein expression using IHC. Comparison of HEX with two generative Almodels using Pearson (left)
and Spearman (right) correlation coefficients for CD31and Ki67 across three lung samples from the ANHIR dataset. Bars represent point estimates and error bars
indicate 95% bootstrap Cls (n=1,000 resamples).

Nature Medicine


http://www.nature.com/naturemedicine

Article https://doi.org/10.1038/s41591-025-04060-4

o CD3e+/PanCK+ (True CODEX) 10 Ki67+/PanCK+ (True CODEX) 10 CD44+/EpCAM+ (True CODEX)
—— High count
0.8 ) 0.8 0.8 — Low count
0.6 ! 0.6 0.6
n 7] 7]
L [T [T
4 14 14
0.4 0.4 0.4
0.2 0.2 0.2
HR: 0.66 (0.47-0.94) HR: 1.89 (1.33-2.70) HR: 1.51 (1.07-2.14)
0.0 P =0.0201 0.0 P =0.0003 0.0 P =0.0195
-0 40 80 120 -0 40 80 120 -0 40 80 120
Time (months) Time (months) Time (months)

Extended Data Fig. 10 | Kaplan-Meier analysis based on the number of image tiles with high co-expression patterns for selected biomarker pairs in Fig. 5d in
Stanford-TMA cohort. P values calculated by two-sided log-rank tests. No multiple-comparison adjustment.

Nature Medicine


http://www.nature.com/naturemedicine

nature portfolio

Corresponding author(s): Ruijiang Li

Last updated by author(s): Sep 22, 2025

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
Confirmed

IZ The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

< The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

|X’ A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
N Gjve P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

XOX O O 00 000F%

|:| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  High-plex image acquisition was performed on the PhenoCycler 2.0 platform per manufacturer protocol. H&E images were obtained post-
CODEX on a Leica Aperio AT2 scanner. All deep learning experiments were performed using Python (3.10.15).

Data analysis Data analysis was performed using Python (3.10.15) and PyTorch (2.4.0+cu118), with key libraries including lifelines, scikit-learn, and
matplotlib. Analyses utilized open-source toolkits such as MUSK, PALOM, DINOv2, CLAM, MCAT, and imbalanced-regression. Deep learning
experiments were run on NVIDIA GPUs (L40S x8) with CUDA 11.8 and cuDNN 9.1 (Ubuntu 22.04). An open-source version of the code is
available at https://github.com/lilab-stanford/HEX.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

>
Q
—
(e
(D
©
(@)
=
S
<
-
(D
©
O
=
>
(@)
w
[
3
=
Q
<




Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The TCGA clinical and histopathology data analyzed in this study are publicly accessible via the NCI Genomic Data Commons (https://portal.gdc.cancer.gov) and
cBioPortal (https://www.cbioportal.org). NLST whole-slide image (WSI) data are publicly available from The Cancer Imaging Archive (https://
wiki.cancerimagingarchive.net). PLCO data can be requested through the Cancer Data Access System (https://cdas.cancer.gov/learn/plco). Data from the Stanford-
WSI, Stanford-TMA, TA-TMA, and Stanford-1O cohorts are subject to institutional restrictions due to patient confidentiality. Researchers may request access to these
datasets from the corresponding author by submitting a brief research proposal and completing a data use agreement, with usage restricted to academic, non-
commercial research purposes.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Not applicable.

Reporting on race, ethnicity, or Socially relevant characteristics of the study participants (when available) are provided in Supplementary Table 2, 3, and 4.
other socially relevant

groupings

Population characteristics Detailed population characteristics for the in-house datasets are provided in Supplementary Table 2, 3, and 4.
Recruitment No patient recruitment was necessary for the use of whole-slide images retrospectively.

Ethics oversight This retrospective study was approved by the institutional review board at Stanford University.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size A total of 2,298 patients with histologically confirmed non-small cell lung cancer (NSCLC) were included across seven independent cohorts.
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Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChiIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms
Clinical data
Dual use research of concern

Plants
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Antibodies

Antibodies used Detailed in Methods.
Validation All antibodies used are commercially available and have been validated by the corresponding vendors
Plants
Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If

plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was apptied-
Authentication Describe-any-atithentication-procedures foreachseed-stock-tised-or-novel-genotype generated—Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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