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Abstract

Spatial proteomics resolves functional cell states and tissue niches, but high-plex imaging remains costly and
limited to predefined antibody panels. Histopathology and spatial transcriptomics provide complementary
morphological and molecular information, but neither directly reveals unmeasured proteins. We developed
ProCLIP, a protein-conditioned framework for virtual spatial proteomics. A dual-encoder architecture
integrates H&E morphology, spatial transcriptomic features and coordinates while representing each queried
protein through its identity and biological annotations. A CLIP-style objective aligns tissue and protein
representations, and feature-wise linear modulation conditions a shared regressor on proteins excluded from
abundance supervision. Across six spatial-omics datasets, ProCLIP achieved the highest mean protein-wise
Pearson correlation in five comparisons and closely matched the leading method in the sixth. In a held-out
HCC sample, ProCLIP-derived profiles improved recovery of CODEX-defined cancer-associated fibroblast
spatial subtypes compared with raw spatial transcriptomic features. These results support protein-conditioned
prediction as a strategy for generating biologically informative estimates when direct multiplexed
measurements are unavailable.

Introduction

Tumours are spatially organized ecosystems in which malignant, stromal and immune cells interact
through tissue architecture, extracellular matrix and vascular niches [1], [8], [12]. Spatial
transcriptomics measures broad RNA programmes in tissue context [19], whereas multiplexed imaging
measures functional proteins directly in situ [4], [5], [10]. RNA captures a wide molecular repertoire,
while proteins more directly report cellular phenotype and signalling state. However, high-plex protein
imaging remains costly, throughput-limited and constrained by antibody panels selected before all
relevant biological questions are known.

Virtual spatial proteomics could extend routinely acquired H&E and spatial transcriptomic data by
computationally estimating protein maps. This task is difficult because RNA abundance is an
incomplete proxy for protein abundance. Post-transcriptional regulation, protein turnover and local
microenvironmental effects can decouple the two measurements. Histology provides orthogonal
evidence about tissue organization, cell morphology and stromal context, but cannot identify every
protein from morphology alone. A useful model must therefore integrate complementary tissue
measurements and support queries for proteins excluded from abundance supervision.



Existing studies establish important components of this problem but do not resolve this queryability gap.
Histology-to-omics methods show that H&E images contain predictive molecular information [6], [14],
and HEX predicts a predefined protein panel from pathology features [9]. SpatialEx and SpatialEx+ use
histology to align spatial-omics sections [11], while RNA—protein models learn paired representations
from assays such as CITE-seq [3]. These approaches either bind prediction to a fixed output panel or
address a different cross-modality alignment problem. They therefore do not directly support protein-
held-out prediction from multimodal tissue context.

We address this limitation by treating protein identity as an explicit conditioning variable rather than a
fixed output index. ProCLIP couples a tissue encoder for H&E morphology, spatial transcriptomics,
coordinates, cell identity and neighbourhood composition with a protein encoder for marker identity
and biological descriptors. A contrastive objective aligns tissue and protein representations, and
feature-wise linear modulation conditions a shared regressor on the queried protein [15]. This design
separates a protein query from its measured abundance, allowing one model to predict supervised and
protein-held-out markers.

This study makes four contributions:

o We formulate virtual spatial proteomics as protein-conditioned regression and develop a dual-
encoder architecture for supervised and protein-held-out markers.

e  We evaluate the formulation on six tumour spatial-omics datasets, including spot-level protein-
held-out prediction and a patient-held-out single-cell cohort [17], [18], [21], [22].

e  We compare ProCLIP with dataset-appropriate histology, foundation-model, graph and RNA-
to-protein baselines.

e  We test whether virtual protein profiles preserve biological organization by evaluating recovery
of spatial CAF subtypes beyond marker-wise correlation.
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Figure 1 | Overview of ProCLIP. ProCLIP generates queryable virtual protein maps from multimodal tissue context.
Tissue-side morphology, transcriptomics, coordinates, cell identity and neighbourhood features are paired with protein-
side identities and biological descriptors.



Related Work

Spatial molecular profiling

Multiplexed imaging technologies quantify tissue proteins through metal-tagged antibodies, DNA-
barcoded cyclic imaging or repeated immunofluorescence [4], [5], [8], [10]. These measurements reveal
cell phenotypes and neighbourhoods, but coverage is constrained by antibody panels, cost and
throughput. Spatial transcriptomics provides broader molecular coverage [19], while histology-to-gene
models infer transcriptomic programmes from H&E morphology [6], [14]. Neither approach directly
supports queries for an unmeasured protein from multimodal tissue context.

Prediction of spatial protein profiles from H&E images

HEX predicts a fixed panel of protein biomarkers from H&E images using pathology foundation-model
features [9]. SpatialEx uses histology to anchor high-parameter spatial-omics integration, and
SpatialEx+ extends this framework across adjacent sections [11]. ProCLIP addresses a related but
distinct setting by combining morphology, spatial transcriptomics and neighbourhood context while
conditioning prediction on the queried protein. We use protocol-specific comparisons because baseline
inputs and target definitions differ across datasets.

RNA-to-protein prediction and conditional representation learning

Joint single-cell models such as totalVI learn RNA—protein representations from paired CITE-seq
measurements [3]. Their output proteins are generally observed during training, and these models do
not use tissue morphology or spatial neighbourhoods. ProCLIP instead combines a CLIP-style dual-
encoder formulation [16] with FiLM conditioning [15]. Protein metadata define the query, while the
shared tissue representation provides spatial evidence for prediction.

Results

ProCLIP learns protein-conditioned representations of multimodal
tissue context

ProCLIP is a protein-conditioned framework for generating queryable virtual spatial protein profiles
from multimodal tissue measurements. We trained the model on tumour datasets containing spatial
transcriptomic and proteomic profiles, together with histopathology where available. The dual-encoder
architecture processes tissue context and protein attributes separately, then combines them through
contrastive alignment and conditional regression (Figs. 1 and 2; Methods).

The tissue encoder integrates three complementary sources of information. H&E patches are processed
with the pretrained MUSK pathology model to capture cellular morphology and local tissue architecture.
Spatial transcriptomic features represent molecular state, while coordinates and neighbourhood
summaries represent local spatial context. A multimodal encoder fuses these inputs into one
representation for each cell or spot.

In parallel, the protein encoder constructs a representation for each queried protein. Inputs include the
harmonized protein identity, associated gene information, Gene Ontology annotations, functional
descriptors and optional protein-associated imaging features. The resulting representation encodes the
molecular identity and annotated function of the protein.

ProCLIP projects the tissue and protein embeddings into a shared latent space and optimizes a CLIP-
style contrastive objective. The objective assigns greater compatibility to spatial units with stronger
measured expression of a supervised protein. This alignment organizes multimodal tissue states in
relation to protein identities.



The protein representation then conditions abundance prediction through feature-wise linear modulation.
A FiLLM generator converts the protein embedding into protein-specific scale and shift parameters that
modulate the tissue embedding before a shared readout. The model therefore predicts abundance for a
cell-protein pair rather than producing all proteins through fixed output nodes.

This formulation supports prediction for supervised proteins and proteins excluded from abundance
supervision. We assessed whether ProCLIP recovered measured protein distributions and preserved
biologically relevant tissue organization. The latter analysis focused on the spatial subtype structure of
cancer-associated fibroblasts (CAFs).

ProCLIP predicts proteins excluded from abundance supervision

Spatially resolved proteins define cellular phenotypes, functional states and tissue niches, but direct
measurement remains costly and technically demanding. CODEX, imaging mass cytometry and
multiplexed immunofluorescence quantify proteins in situ, but their coverage is limited by antibody
availability, panel compatibility and throughput. We therefore tested whether ProCLIP could infer
proteins that were excluded from supervised prediction during model training.

For each dataset, we divided the measured protein panel into supervised proteins and held-out query
proteins. Only supervised protein abundances contributed to the regression objective. At inference, each
held-out protein was specified by its identity, associated gene information, Gene Ontology annotations
and functional descriptors.

Here, zero-shot denotes the absence of abundance supervision for the queried protein. The protein name
and externally defined annotations remain available to the encoder, but the protein's measured spatial
abundance does not contribute to model fitting. The task therefore assesses generalization to a protein-
held-out target, not to a protein lacking all biological information.

We evaluated this task across six tumour spatial-omics datasets spanning hepatocellular carcinoma
(HCC), colon adenocarcinoma (COAD), ovarian cancer (OV), glioma and colorectal cancer liver
metastasis. Five datasets assessed within-dataset prediction of held-out proteins. In HCC-Wu, patient
84 and its held-out proteins were reserved for testing, providing a stricter patient- and protein-held-out
evaluation. The primary metric was protein-wise Pearson correlation coefficient (PCC), supplemented
by Spearman correlation, root mean squared error (RMSE) and spatial maps.

ProCLIP achieved the highest mean protein-wise PCC in five of the six dataset-specific comparisons
against MUSK, SpaTranslator, HEX and STProtein. Mean PCC values were 0.916 for glioma, 0.870
for COAD, 0.836 for OV, 0.808 for CRC-Mo and 0.730 for HCC-Wu. In HCC, ProCLIP achieved a
PCC 0f 0.929, compared with 0.935 for HEX. These results show that protein-conditioned multimodal
prediction recovered held-out protein variation across the evaluated datasets.

We next examined representative held-out protein maps to determine whether predictions preserved
spatial organization. Marker-level PCC values were 0.95 for ICOS in glioma, 0.95 for MPO in HCC
and 0.88 for FOXP3 in COAD. The corresponding values were 0.93 for FOXP3 in OV, 0.92 for E-
cadherin in CRC-Mo and 0.61 for CXCL13 in HCC-Wu. Predicted maps retained broad gradients and
contiguous expression domains, although fine-scale discrepancies remained in heterogeneous regions.

This capability follows from the protein-conditioned formulation. Conventional fixed-output models
associate each marker with a supervised output node and cannot directly query an untrained node.
ProCLIP instead uses the queried protein embedding to generate FiLM parameters for a shared tissue
representation. The same regression function can therefore be applied to supervised and protein-held-
out targets.

Together, these results support computational estimation of proteins excluded from abundance
supervision. The predictions remain model-based estimates and should not replace direct measurements,



especially when a protein has weak transcriptomic or morphological correlates. Additional proteins
lacking matched measurements require independent experimental validation before their predicted maps
can be interpreted as panel expansion.

ProCLIP profiles improve recovery of spatial CAF subtypes

Cancer-associated fibroblast states reflect both intrinsic transcriptional programmes and spatial
relationships with malignant, immune and stromal compartments. Distinct CAF populations occupy
characteristic niches that can be defined by neighbouring cell composition. Transcriptomic
measurements alone may incompletely resolve these states when their distinction depends on protein
phenotypes or local organization. We therefore tested whether ProCLIP-derived profiles preserved
enough spatial information to recover CODEX-defined CAF subtypes.

We analysed 5,844 CAFs from held-out HCC-Wu patient 84, for which spatial transcriptomic,
histological and CODEX-derived reference information was available. Following Liu et al., we assigned
each CAF to one of four subtypes according to neighbouring cell composition. The subtypes were
tumour-adjacent, myeloid-associated, lymphoid-associated and stromal CAFs (Methods). These
assignments served as reference labels for comparing molecular representations.

We compared measured CODEX protein profiles, ProCLIP-predicted virtual protein profiles and raw
spatial transcriptomic features using the same classification procedure. Balanced accuracy was the
primary metric because subtype frequencies differed.

Classifiers using measured CODEX proteins, ProCLIP profiles and raw spatial transcriptomic features
achieved balanced accuracies of 0.804, 0.713 and 0.640, respectively (Fig. Xa). ProCLIP therefore
improved balanced accuracy by 7.3 percentage points relative to raw transcriptomic features, but
remained below directly measured proteins. This intermediate performance is consistent with virtual
proteins recovering only part of the structure captured by direct measurements.

The improvement varied across CAF states. Compared with raw spatial transcriptomic features,
ProCLIP increased recall from 0.75 to 0.81 for tumour-adjacent CAFs and from 0.72 to 0.77 for stromal
CAFs. Recall for lymphoid-associated CAFs increased from 0.58 to 0.77. By contrast, recall for
myeloid-associated CAFs was similar for transcriptomic and ProCLIP features (0.52 and 0.51,
respectively; Fig. Xb).

These results indicate that ProCLIP profiles better captured the reference CAF labels than raw
transcriptomic features. The largest gain occurred for lymphoid-associated CAFs. However, because
the labels were defined from CODEX neighbourhood composition, this result requires controls
excluding overlapping neighbourhood or cell-type information from the ProCLIP inputs.



Ablation analysis of ProCLIP

We evaluated five ablated variants on the OV protein-held-out task. The A0 model achieved a mean
protein-wise PCC of 0.836 + 0.074 (Table 2).

FiLM. Removing FiLM changed PCC to 0.727 + 0.004 (APCC = —0.109).
Spatial context. Removing spatial-context features changed PCC to 0.749 4+ 0.017 (APCC = —0.087).

CLIP-style alignment. Removing the contrastive objective changed PCC to 0.798 + 0.019 (APCC =
—0.038).

H&E-derived MUSK features. Removing morphology features changed PCC to 0.797 + 0.026
(APCC = —0.039).

Residual prior. Removing the residual-prior component changed PCC to 0.804 + 0.010 (APCC =
—0.032).

Table 2 | Ablation of ProCLIP components on OV. A0 reports mean + sample standard deviation across four held-out proteins from
one run, whereas A1-AS5 report mean + sample standard deviation across three seeds. APCC denotes the change from AQ.

Variant Seeds Test PCC APCC

A0 Full 1 0.836 £ 0.074 0
Al w/o CLIP 3 0.798 £ 0.019 —0.038
A2 w/o FiLM 3 0.727 £ 0.004 —-0.109
A3 w/o H&E/MUSK 3 0.797 £ 0.026 —0.039
A4 w/o spatial context 3 0.749 £ 0.017 —0.087
A5 w/o residual prior 3 0.804 £ 0.010 —0.032
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Figure 2 | ProCLIP framework. A tissue encoder and a protein encoder generate paired representations.
Contrastive alignment organizes the shared latent space, while protein-conditioned FiLM regression predicts
abundance for supervised and held-out protein queries.

Methods

Spatial multi-omics data collection

We collected six public human tumour datasets containing spatial transcriptomic and multiplexed
protein measurements, together with matched histology where available. The datasets covered Stereo-
seq, 10x Genomics Visium and Visium HD transcriptomics, and CODEX, MIBI or multiplexed
immunofluorescence proteomics. Because spatial resolution and tissue-section configuration differed
among cohorts, each dataset was processed separately. Processing comprised data selection, modality-
specific standardization, protein nomenclature harmonization, quality control, cross-modal registration
and integrated feature construction.

Data acquisition and selection. We included tumour datasets that met four criteria. First, spatial
transcriptomic and multiplexed protein measurements originated from the same or adjacent tissue
sections. Second, spatial coordinates or registration information enabled cross-modal correspondence.
Third, protein channels had identifiable marker annotations. Fourth, an H&E or other histological
reference image was available when morphology features were required. We excluded datasets with



inadequate spatial correspondence, uninterpretable protein channels or insufficient spatial units after
quality control.

We evaluated ProCLIP on six public tumour spatial-omics datasets spanning HCC, COAD, OV, glioma
and colorectal cancer liver metastasis.

SPATCH datasets. We downloaded paired HCC, COAD and OV datasets from SPATCH
(https://spatch.pku-genomics.org/) [17], [18]. Each cohort combined high-resolution Stereo-seq v1.3
transcriptomics with adjacent 16-plex CODEX imaging. HCC contained 390,774 spatially resolved
cells and 30,493 profiled genes. OV contained 319,366 cells and 32,008 genes, while COAD contained
361,260 cells and 31,718 genes.

Glioma dataset. The current source text describes the metastatic colorectal cancer dataset reported by
Mo et al. [21]. It contains one colorectal cancer liver metastasis sample with 4,719 tissue-covered
Visium spots, 36,945 genes, matched H&E and a 47-marker MIBI panel.

CRC-Mo dataset. The current source text describes the IDH-mutant astrocytoma dataset reported by
Tang et al. [13]. We used the initial tumour sample from patient P174511, profiled with 10x Genomics
Visium HD at 16 x 16 um resolution. The sample contains 87,988 bins, 18,085 genes, matched H&E
and a 48-channel CODEX image.

HCC-Wu dataset. This cohort contains sequential H&E, 10x Visium transcriptomic and 51-channel
immunofluorescence measurements from 14 HCC patients sampled around immunotherapy [22]. After
preprocessing, we retained 50 protein markers and cell-level annotations. Patient 84 was reserved for
testing and patient 86 for validation in the patient- and protein-held-out experiment.

Multimodal data preprocessing

Spatial transcriptomic preprocessing. We processed count matrices separately to accommodate
platform, resolution and molecular-coverage differences. We removed spatial units lacking valid
coordinates or adequate transcriptomic measurements and resolved duplicated gene symbols. Counts
were library-size normalized and log transformed. Depending on the dataset, representations
comprised highly variable genes, reduced-dimensional features or predefined gene-program scores.
We removed features with zero variance, excessive missingness or inadequate coverage.

Histology preprocessing. We mapped H&E images to the corresponding transcriptomic coordinates
using platform-provided scale factors or spatial transformations. A patch centred on each cell, bin or
spot was processed with the pretrained MUSK pathology model. The resulting embeddings
represented local morphology, tissue architecture and stromal organization. We excluded patches
outside valid tissue or image boundaries, removed non-finite features and standardized the remaining
embeddings.

Spatial proteomic preprocessing. We processed CODEX, MIBI, IMC and multiplexed
immunofluorescence measurements according to each dataset. Channel labels were mapped to
canonical protein names and corresponding gene symbols. We removed platform-specific suffixes,
acquisition labels and non-biological channels. Only markers with valid identities and complete spatial
measurements were retained. Transformed and standardized protein abundances served as regression
targets, not tissue-encoder inputs.

Cross-modal alignment and model inputs

Cross-modal spatial alignment. H&E served as the common spatial reference for histology,
transcriptomics and proteomics. Transcriptomic units were linked to H&E using platform coordinates
and image scale factors. For proteomics, the nuclear DAPI channel was registered to H&E, and the
resulting transformation was applied to protein images and coordinates. We then matched



transcriptomic units to proteomic locations and extracted an H&E-centred patch for each retained unit.
All modality matrices were reordered to a common spatial index. For adjacent or sequential sections,
matched observations represent registered spatial correspondences rather than identical physical cells.

Construction of tissue-level inputs. For each spatial unit i, we combined transcriptomic features, a
MUSK-derived H&E embedding and standardized coordinates with local context. We constructed a k-
nearest-neighbour graph and summarized the molecular state or cellular composition of neighbouring
units. Reliable cell-type or compartment annotations were optionally added. These components formed
the tissue input:

RNA lH&E lcoord’xinelgh’xicelltype],

xi = [xl ' X ' X

The tissue encoder transformed this input into representation h;.

Construction of protein-level inputs and targets. Because panels differed among datasets, each protein
was represented as an independent query. For protein p, the descriptor comprised its harmonized
identity, gene information, signatures, Gene Ontology annotations and functional descriptors. Optional
protein-associated imaging features were added where available. These attributes formed the protein
input

[ ID, gene functlon aimage]
p )

The protein encoder transformed this input into representation e,,. Standardized protein abundance y; ,,
was stored separately as the regression target. Held-out protein measurements were excluded from

model optimization and used only for evaluation. Target abundance was absent from both the tissue and
protein descriptors.

ProCLIP model architecture

ProCLIP uses a dual-encoder architecture for protein-conditioned prediction from multimodal tissue
information (Fig. 2). The tissue encoder integrates H&E morphology, spatial transcriptomic features
and spatial context for each cell or spot. The protein encoder represents each query using its identity,
biological annotations and optional protein-associated imaging features. A contrastive objective aligns
the two representations, after which the protein embedding conditions a shared FiLM regressor.

Tissue encoder. For spatial unit i, the input comprised three feature groups:

spatial .
xX; = [xl-H&ErleNArxip ! ], i=1,..,N, (1)

Here, x'®E denotes the MUSK embedding of the centred H&E patch, xRN* denotes processed

spatial

transcriptomic features and x; denotes standardized coordinates.

The three feature groups are concatenated into a multimodal tissue descriptor:

tial
m; = Concat( HEE xiRNAr xfpa 2 ) 2)

A tissue encoder f.y transformed the multimodal descriptor into a compact representation:

hi = fcell(mi)r hi € Rdhr (3)



Here, dj, denotes the tissue-embedding dimension. The resulting h; summarizes the morphological,
transcriptional and spatial context of unit i.

Protein encoder. For each queried protein p, ProCLIP constructed a descriptor from three sources:

— [,4ID, ,GO, ,image —
a, = [ap a T a, ], p=1..P, “4)
Here, a;,D encodes the harmonized protein identity, ago contains Gene Ontology annotations and
a;,mage denotes optional protein-associated imaging features.

These features are concatenated into a protein descriptor and processed by the protein encoder:

ép = fprot(ap)' ép € R, (5)

Here, d, is the protein-embedding dimension. Protein abundance is excluded from a,, and retained only
as a regression target. A protein can therefore be queried without supplying its measured abundance to
the encoder.

Shared latent projection. Separate projection heads map the tissue and protein embeddings into a
common latent space:

v; = Projeen(hy), Up = Projprot(ep)- (6)

The projected representations are L2 normalized:

~ v; . up (7)
, = e =
vl P Up I’
where
- d
hi,ep € R%,

Here, d. denotes the dimension of the shared contrastive space.

Cell-protein contrastive alignment. Compatibility between spatial unit i and protein p was calculated
using temperature-scaled cosine similarity:

Sip =2, ®)

Here, T > 0 is the contrastive temperature. For a batch of B spatial units and Py.,;, supervised proteins,
the similarity matrix is

HET
S = — S € RB*Ptrain, )

Cell-protein relationships are many-to-many rather than one-to-one. We therefore derived normalized
association weights q; ;, from measured supervised-protein abundances:



_ exp(yip/Ty)
Zpreptrain exp (yi,p’/Ty) ’

Tip (10)

Here, y;,, is the standardized abundance of protein p at spatial unit i, and 7,, controls the concentration
of the target distribution.

The predicted cell-to-protein distribution is

" exp(Sip)
Qip = : (11
Zp’eptrain exp (Si,p')
The corresponding alignment loss is
B
1 .
Lcell—»prot = - E Z ip log qip - (12)
PEPtrain
i=1

For the reverse protein-to-cell direction, the normalized target distribution is

_ €xp (Yi,p /Ty)
rp,i =SB , (13)
j=1€XP (yj,p/Ty)
and the model-derived distribution is
exp(S;
foi = _exp(Sip) (14)

?=1 exp (Sj,p) .

The protein-to-cell alignment loss is

B
1
Lprot—»cell = - § Tp.i log Tpi+ (15)
I :Ptrain | =

PEPtrain

The bidirectional contrastive objective is

1
Lalign = E (Lcell—>prot + Lprot—»cell)- (16)

This objective assigns greater compatibility to spatial units with stronger measured expression of a
supervised protein.

Protein-conditioned FiLM regression. Contrastive alignment used the shared projections, whereas
abundance prediction used tissue embedding h; and protein embedding ey,.



A FiLM generator gg transformed the protein embedding into protein-specific scale and shift vectors:

[Vp;ﬂp] = 99(917)' (17)

where
905 Rde - RZdhl Vp;ﬁp € Rdh' (18)

The protein-specific parameters modulate the tissue embedding through a feature-wise affine
transformation:

ui,p = yp @ hi + Bp' (19)

Here, ©  denotes element-wise multiplication. A nonlinear activation was then applied:

zip = ReLU(y, O hy + By). (20)

A shared readout predicted the standardized abundance of protein p at spatial unit i:

Vip = Readout(zi,p). (21)

For a linear readout,
S5 T
Yi,p - Woutzi,p + bout' (22)
Parameters w,,; and b, were shared across proteins. Protein specificity arose from FiLM parameters
¥p and By, not separate output nodes.
For a held-out protein p*, prediction followed the same pathway:

ap: = ep = (Vp Bp) = Jipr- (23)

Explicitly,

Pipr = Readout[ReLU(}/p* Oh; + [”p*)] . 24

Thus, no protein-specific output head was trained for p*.

Protein-abundance regression objective. Let

Qtrain = {@ p): pE :Ptrain} (25)

denote the set of supervised cell-protein pairs. The regression objective is evaluated only for proteins
in the training panel.

Using a Huber loss, the regression term is



1

Leg=—— Y ps@p=p) (6
I Qtrain | .
(l’p)EQtrain
where
582, | & IS 6,
ps(e) = . @)
5(| | ——5), L& 1> 6.
2
1 . 2
Lreg S — (Yi,p - yi,p) . (28)
I Qtrain |

(i’p)EQtrain
Joint learning objective. The contrastive alignment and protein-conditioned regression modules are
optimized jointly:

L= AalignLalign + lregLreg' (29)

Here, A,jign and A.¢g control the contributions of contrastive alignment and abundance regression.

The contrastive term aligns tissue states with protein descriptors, while the regression term predicts
continuous abundance. Both objectives are optimized end to end.

Virtual protein profile generation. After training, ProCLIP produces a cell- or spot-by-protein matrix:

Y = [9ip] € RV*Pavery, (30)

The queried protein set can contain three categories:

:Pquery = Pmeasured YU :Pheld—out U :Pextended- (31)

Here, Pyeasurea denotes supervised proteins, Ppeig—our denotes measured proteins excluded from
abundance supervision and Peyiendeq denotes descriptor-only proteins without matched measurements.

We quantitatively validated Ppe1q—out because measured abundance maps were available. Predictions
for Peytendea represent unvalidated computational panel expansion and require independent
experimental confirmation.

CAF spatial subtype recovery

We assessed whether ProCLIP-derived profiles preserved biologically meaningful organization beyond
individual protein maps. The analysis used held-out HCC-Wu patient 84, comprising 5,844 CAFs with
spatial coordinates, CODEX-derived cell annotations and ProCLIP-predicted profiles.

Reference CAF subtype reconstruction. We defined reference labels from the cellular composition of
each fibroblast's local CODEX neighbourhood, following Liu et al. For every CAF, we identified the
15 nearest cells and calculated the proportions of malignant or epithelial, stromal, myeloid, and



lymphoid or plasma cells. Each CAF was assigned to the subtype corresponding to its dominant local
cellular context.

The labels describe the spatial niche occupied by each CAF rather than its intrinsic transcriptomic state.
We defined four CAF subtypes:

Tumour-adjacent CAFs (s1). These CAFs occupied cancer-rich neighbourhoods with many malignant
or epithelial cells. Representative niche-associated markers included ALB, CDH1 and SLPI. These
markers supported biological interpretation but did not directly define the reference labels.

Stromal/ECM-rich CAFs (s2). These CAFs occupied stroma-dominated neighbourhoods with
extracellular-matrix and matrix-remodelling signals. Representative markers included COL6A1, DCN,
BGN and MMP2.

Mpyeloid-inflammatory CAFs (s3). These CAFs occupied neighbourhoods enriched for monocyte- and
macrophage-associated cells. Representative markers included CD68, LYZ, CD14, S100A8 and
S100A9. This was the most difficult subtype to recover from ProCLIP profiles.

Lymphoid/TLS-like CAFs (s4). These CAFs occupied neighbourhoods enriched for T cells, B cells and
plasma cells. Representative markers included CD3D, CD3E, CD79A, JCHAIN and CXCLI13,
consistent with organized lymphoid niches.

CAF subtype classification. Each CAF was represented by a 560-dimensional ProCLIP profile. A class-
balanced multinomial logistic-regression classifier was evaluated using fivefold cross-validation.

Predictions from the held-out folds were concatenated to obtain one out-of-fold subtype prediction per
CAF.

CODEX neighbourhood labels served as the classification reference. Measured CODEX protein
intensities and true neighbouring-cell identities were not supplied to the classifier.

We evaluated performance using balanced accuracy, adjusted Rand index and subtype-specific recall.
For four CAF subtypes, balanced accuracy was defined as

4

1 TP,
Balanced Accuracy = 7 TP, T FN.’
k k

k=1

Here, TP, and FN;, denote correctly recovered and missed CAFs for subtype k. A row-normalized
confusion matrix summarized assignments for each reference subtype.

Baseline methods

We compared ProCLIP with four methods spanning histology-based and transcriptome-to-proteome
prediction. HEX predicts a predefined protein panel from H&E using pathology foundation-model
features. The MUSK baseline uses frozen morphology embeddings with a supervised regression head.
SpaTranslator performs supervised translation from transcriptomic expression to protein abundance.
STProtein combines an RNA-based GraphSAGE encoder with a supervised multi-output prediction
head.

Evaluation metrics

We evaluated protein prediction using Pearson correlation coefficient (PCC), Spearman rank correlation
coefficient (SCC) and root mean squared error (RMSE). Each metric was calculated separately for every



evaluated protein across test spatial units. Protein-wise PCC was the primary metric because it measures
recovery of spatial variation independently of absolute signal scale.

For protein p, PCC between measured abundance y; ,, and predicted abundance J; ,, across N test units
was calculated as

Zlivzl()’i,p ~ %) (yi,p - JR’p)

\]Zil(%‘,p - 371))2 \]zil (yi,p - 5’_\1,)2

Here, ¥, and y » denote the mean measured and predicted abundance of protein p, respectively.

pPCC

: (1)

SCC was calculated by applying the Pearson correlation formula to rank-transformed measured and
predicted values:

SCC, = PCC[rank(y.,)rank(9.,)]. 2)

SCC measures whether the model preserves spatial-unit rankings when the measured and predicted
abundances are not linearly related.

RMSE was calculated as

N
1 . 2
RMSE, = (2 (9ip = )" ©)
i=1

RMSE was reported only when predictions and measurements used the same target scale. For ProCLIP,
both were evaluated in the standardized abundance space used for training. No post hoc calibration used
measurements from the test protein.

For held-out protein set Pq¢, mean protein-wise PCC was calculated as

_ 1
PCC = Z PCC,, 4
 Pro | v @

PEPrest

Mean SCC and RMSE were calculated analogously. Unless stated otherwise, variation across proteins
was summarized by the sample standard deviation:

1 _
Spec = |———— Z (pcc, — PCC)’. )
I :Ptest | -1

PEPrest

Ablation study design

We designed an ablation study on OV to assess major ProCLIP components under protein-held-out
evaluation. The held-out proteins were FOXP3, HLA-DR, IDO1 and MPO. Mean protein-wise PCC
across these markers was the primary metric.



The complete model was denoted A0. Five ablated variants were evaluated:

Al, without CLIP, removed the cell-protein contrastive objective while retaining abundance
regression.

A2, without FiLM, removed protein-conditioned scale-and-shift modulation.

A3, without H&E/MUSK, removed the pretrained morphology embeddings from the tissue
input.

A4, without spatial context, removed coordinate-derived and neighbourhood features.

A5, without the residual prior, removed the dataset-specific residual-prior component used for
oV.

All other components were held constant within the redesigned ablation branch. Each ablated variant
was trained with three random seeds. Test PCC was summarized as the mean and sample standard
deviation across seeds.

R

_ 1
PCCyariant = Ez PCC,, R =3, (7
r=1
1 R
Syariant = mZ(PCCr - PCCvariant)2 : ®)
r=1

The change relative to A0 was calculated as

APCC, = PCC, — PCCpy . )
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