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In this supplementary material, we begin with the details
of the dataset and experimental design in section 6. Next we
provide implementation details in section 7. We also pro-
vide additional visualizations in terms of correlation plots,
Leiden clustering, and pathway and gene heatmaps along
with their descriptions in section 8.

6. Dataset and Experimental Design Details
We evaluated PEaRL across three spatial transcriptomics
(ST) cohorts derived from three distinct cancer types: breast
cancer (invasive ductal carcinoma), skin cancer (cutaneous
squamous cell carcinoma), and renal-cell–associated lym-
phoid tissue.

For all spatial transcriptomics datasets, labels are as-
signed at the tissue-section (slide) level, not the spot level.
Each slide corresponds to a single patient sample provided
in the original study metadata, and we used these official
sample identifiers for the 5 fold cross-validation splits. No
artificial or derived labels were created by us; tissue-level
labels (e.g., breast IDC, cSCC, lymphoid) come directly
from the originating publications. Importantly, all spots
from a given slide inherit the slide label and remain together
in the same fold, ensuring that no slide contributes spots to
both training and testing sets.

Breast ST datasets. The breast cancer ST cohort com-
prised 36 tissue sections, totaling 135,620 spatial spots
with 19,717 detected genes. To ensure robust evaluation
and reduce sample-level bias, we adopted a 5-fold cross-
validation protocol at the tissue-sample level. In each fold,
29 samples were allocated for model training and 7 samples
for held-out testing.

Skin ST datasets. The skin cancer dataset consisted of
12 tissue sections, encompassing 8,671 spots and 13,251
genes. We applied the same 5-fold cross-validation strat-
egy, with each fold containing 9 training samples and 3 test
samples.

Lymph ST datasets. The lymphoid dataset included 24
tissue sections, totaling 74,220 spots and 36,601 expressed
genes. As with the other datasets, we implemented 5-fold
cross-validation, using 18 samples for training and 5 sam-
ples for testing in each fold.

7. Implementation Details
PEaRL operates in two stages: contrastive multimodal pre-
training followed by downstream prediction tasks. In the
pretraining stage, ssGSEA is used to compute pathway ac-
tivity scores for every spatial spot, producing pathway-
level transcriptomic features aligned with corresponding
224→ 224 histology patches. A multimodal contrastive ob-
jective is then used to align image embeddings with path-
way embeddings, enabling the model to learn a shared rep-
resentation across modalities.

During downstream evaluation, the trained image en-
coder is applied to test histology patches, and the resulting
embeddings are passed through a 3-layer gene MLP head
(using the top 1,000 HVGs) and a 3-layer pathway MLP
head (using ssGSEA pathway targets) to generate gene and
pathway expression predictions. For survival analysis, the
breast-trained image encoder influenced by pathway scores
is further evaluated on the TCGA-BRCA cohort.

All pathway scores (ssGSEA) are computed within the
training fold, using the gene expression from slides assigned
to that fold. During contrastive pretraining, each training
slide contributes both its histology patches and its own path-
way vectors; no pathway information from test slides is
used anywhere in training, hyperparameter tuning, or model
selection. At inference time, pathway scores from test slides
are never used—the model sees only histology images, and
predictions are generated solely from the image encoder and
prediction heads. This ensures strict separation of training
and testing data and prevents leakage between modalities.

Setting for training stage. The pretraining architecture
consists of two encoders: a UNI-based image encoder with
a 3-layer projection head, and a 2-layer Transformer path-
way encoder that ingests pathway scores along with spatial
coordinates. Both encoders output 256-dimensional embed-
dings, which are aligned via contrastive learning by fine-
tuning the last four layers of UNI while training the Trans-
former from scratch. After alignment, image embeddings
are routed to the two MLP heads for gene and pathway pre-
diction.

Training is conducted with a learning rate of 1 →
10→5, weight decay of 1 → 10→4, 8 attention heads (64-
dimensional), a temperature of 0.8, a maximum of 150
epochs, and early stopping with a patience of 50. All ex-
periments are performed on an NVIDIA Quadro RTX 8000
GPU with 48 GB memory.



Setting for testing stage. During testing, only the trained
image encoder and prediction heads are used. Test histology
patches are encoded to produce image embeddings, which
are then processed by the gene and pathway MLP heads to
obtain final predictions. We follow a 5-fold cross-validation
scheme across all datasets, selecting the best checkpoint for
each fold based on validation performance. Final results are
computed using the five fold-specific models, and we report
the mean and standard deviation across all folds to ensure
robust, unbiased evaluation.

8. Additional Visualizations
Correlation Plots. Correlation plots illustrate how
strongly genes or pathways co-vary across spatial spots,
making them useful for visualizing underlying biological
relationships. In the ground truth, these plots contain
clear blocks and structured patterns that reflect coordi-
nated biological processes. PEaRL’s predictions best
reproduce these structures, demonstrating that the model
preserves the true co-variation patterns present in real
tissue (Fig. 5 and Fig. 6). In contrast, baseline models tend
to oversmooth, exaggerate, or entirely lose these patterns,
indicating a weaker ability to capture meaningful biological
relationships.

Leiden Clustering. Leiden clustering is an unsupervised
method that groups spatial transcriptomics spots based on
similarity in gene-expression profiles, revealing functional
regions that may not always align with visible histology
but correspond to underlying molecular states such as tu-
mor, stroma, or immune niches. The Adjusted Rand In-
dex (ARI) quantifies how well predicted clusters match
the ground-truth transcriptomic clusters, making it a use-
ful metric for evaluating whether a model preserves bio-
logically meaningful spatial zones. In our visualizations
(Fig. 7 and Fig. 8), the ground-truth Leiden clusters cor-
respond to transcriptomically distinct tissue compartments
that may not be visually obvious from morphology alone.
PEaRL’s predictions most accurately recover these molecu-
larly defined regions and achieve the highest ARI scores, in-
dicating that the model captures both subtle and large-scale
gene-expression structure across the tissue.

Visualization of the HALLMARK MYC TARGETS

V1 Pathway and its Corresponding Gene SSBP1 in
Breast Cancer (Fig. 9 and Fig. 10). The HALL-
MARK MYC TARGETS V1 pathway encompasses a core
set of genes activated by the MYC oncogene, reflecting cel-
lular programs involved in proliferation, metabolism, and
protein synthesis. Within this pathway, SSBP1 encodes a
mitochondrial DNA–binding protein essential for maintain-
ing mitochondrial genome stability and supporting cellular

energy production (MSigDB [27]). Biologically, MYC ac-
tivation and SSBP1 function in concert to sustain the high
metabolic and biosynthetic demands of rapidly dividing
cancer cells, making this pathway a key marker of tumor
aggressiveness. In breast cancer, elevated MYC-target ac-
tivity is consistently associated with higher tumor grade, in-
creased proliferation, endocrine resistance, and poorer pa-
tient survival [41]. SSBP1 dysregulation also holds clinical
relevance, having been linked to altered mitochondrial func-
tion, enhanced metastatic behavior—particularly in triple-
negative breast cancer—and worse clinical outcomes [23].

Visualization of the Reactome Eukaryotic Transla-

tion Initiation Pathway and its Corresponding Gene
EIF4EBP1 in Skin Cancer (Fig. 9 and Fig. 10). The
Reactome Eukaryotic Translation Initiation pathway de-
scribes how cells begin synthesizing new proteins, a process
that becomes highly active in rapidly growing or stressed
cancer cells [10]. EIF4EBP1 encodes 4E-BP1, a central
regulator that can either inhibit or permit protein production
depending on its phosphorylation state, which is controlled
by growth-related signaling pathways such as mTOR. In
skin cancer, increased activity of translation-initiation path-
ways is often associated with higher proliferation and more
aggressive tumor behavior [9, 35]. Although direct studies
in cutaneous squamous cell carcinoma are limited, dysreg-
ulation of EIF4EBP1 has been linked to poorer outcomes in
multiple cancer types, suggesting its potential relevance as
a molecular indicator of tumor growth and progression.

Visualization of the Reactome ABC-Family

of Proteins Mediated Transport Pathway and
its Corresponding Gene PKP2 in Lymphoid
Cancer (Fig. 9 and Fig. 10). The Reac-
tome ABC Family of Proteins Mediated Transport
pathway characterizes how ATP-binding cassette (ABC)
transporters move molecules across cellular membranes,
including drugs, metabolites, and lipids—processes fre-
quently altered in cancer biology [4]. PKP2 encodes
plakophilin-2, a scaffold protein involved in cell–cell
adhesion and cytoskeletal organization, influencing cellular
structure and communication [12]. In lymphoid cancers,
ABC-mediated transport pathways are highly significant,
as dysregulation of these transporters contributes to
chemotherapy resistance, altered immune-cell behavior,
and metabolic rewiring that supports tumor survival [40].
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Figure 5. Visualization of the pathway-pathway correlation plots across the three datasets and comparison of PEaRL with baseline models
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Figure 6. Visualization of the gene-gene correlation plots across the three datasets and comparison of PEaRL with baseline models

WSI GT Ours (0.57) mclSTExp (0.38) BLEEP (0.42) ST-Net (0.43)

Figure 7. Visualization of leiden clusterings for ground truth and predicted gene expressions for the breast cancer dataset. ARI index shown
in (.)

WSI GT Ours (0.72)         mclSTExp (0.51)          BLEEP (0.58)           ST-Net (0.61)

Figure 8. Visualization of leiden clusterings for ground truth and predicted gene expressions for the lymph cancer sample. ARI index
shown in (.)
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Figure 9. Visualization of pathway heatmaps across the three datasets.We show the Hallmark Myc targets v1

pathway for the breast sample, Reactome Eukaryotic Translation Initiation for the skin sample, and
Reactome ABC family of proteins mediated transport for the lymph cancer sample.
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Figure 10. Visualization of the gene heatmaps across the three datasets.We show genes SSBP1, E1F4EBP1, and PKP2 for the breast, skin,
and the lymph cancer samples respectively.
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Abubakar Abid, Alma Andersson, Åke Borg, Jonas
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