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ABSTRACT

= |ntroducing Holon-S1 our breakthrough model that acts as a flashlight into the “black box” of
pathology foundation models, transcribing latent representations of morphology into spatially
resolved genomic profiles, signalling pathways & biological programs.

= Holon-S1 outperforms Path2Space and DeepSpot-M on gene expression prediction from H&E.
= We demonstrate Holon-S1 applications for biomarker discovery and precision medicine across
several case studies.

= Holon-S1uncovered a novel chemotherapy sensitivity biomarker in triple negative breast cancer,
previously only known to play arole in other cancer types.

1T Introduction

Tumors and surrounding healthy tissue form an interconnected biological system of gene ex-
pression, protein activity, cellular structure, and tissue mechanics. Multiple technologies have
been developed to capture and quantify aspects of this system, ranging from multiplex imaging
to single cell sequencing. However, in routine clinical care, a method originating from 1877 is still
the gold standard: H&E-stained microscopic tissue slides qualitatively reviewed by pathologists.
Today, these tissue slides can be digitized into high-resolution whole-slide images, creating a
rich computational view of tissue morphology. Pathology foundation models can then transform
these images into powerful embeddings for downstream applications [1, 2], but the biology
encoded within those representations remains largely opaque [3].

Spatial transcriptomics (ST) provides a complementary view of tissue biology by measuring
genomic expression profiles while preserving spatial organization. These assays can resolve
molecular activity at the level of multicellular spots or individual cells, but are expensive, techni-
cally demanding, and difficult to scale [4].

Different ST platforms balance spatial resolution against measurement stability. Single-cell
assays such as Xenium/Atera (10x Genomics, Inc.) and CosMx (Bruker Corp.) provide the
most granular view, but their measurements can be sparse and sensitive to limited transcript
capture, dropout, and segmentation errors. Conventional spot-based assays such as Visium
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(10x Genomics, Inc.) produce more stable measurements by aggregating signal across multiple
cells, but can obscure fine-grained tissue structure. Intermediate platforms such as Visium
HD (10x Genomics, Inc.) offer a useful middle ground by measuring denser regions, combining
near-cellular resolution with sufficient molecular signal to produce coherent measurements
across large tissue regions.

Routine pathology Spatial transcriptomics
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Figure1 H&E-stained histopathology captures tissue phenotype through morphology, while spatial
transcriptomics (ST) captures genotype through spatially resolved gene expression. They offer different
views into the same biological system. Differing ST technologies come with different benefits and
limitations, including resolution, noise level, and panel size.

Holon-S1 predicts spatially resolved gene expression directly from routine digital pathology
H&E images, offering a scalable alternative to ST in real-world workflows. We trained the model
using a pan-cancer strategy on data spanning multiple assay platforms and spatial resolutions,
including both spot-level and single-cell measurements. This approach was designed to capture
the relationship between tissue morphology and gene expression across diverse ST panels
while accounting for the trade-offs inherent to each platform.

During training, Holon-S1 integrated fine-grained cellular morphology with broader slide-level
spatial context, capturing both local cell-cluster phenotypes and the larger tissue programs
in which they are embedded. These complementary signals enabled the model to represent
molecular activity within tumours and their surrounding microenvironments.

We evaluated Holon-S1 across a diverse set of genomic assays, including ST platforms absent
from training, to assess its generalization across unseen measurement technologies. We then
explored its utility in retrospective disease characterization, biomarker discovery, and transla-
tional research. In an osteosarcoma case study, we tested whether predictions derived from
routine whole-slide images could recover findings previously obtained through molecular profil-
ing, despite Holon-S1not being trained on osteosarcoma. We also examined whether the spatial
organization of predicted gene expression could reveal biomarkers associated with treatment
response and prognosis, identifying novel markers for triple negative breast cancer and localized
colorectal cancer.
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2 Case Study: Retrospective analysis of osteosarcoma in
areal patient

Our goal in developing Holon-S1 was to provide patients with clinically relevant insights. To
illustrate this, we retrospectively analyzed the case of Sid Sijbrandij [5], co-founder of GitLab,
who was diagnosed with osteosarcoma. After exnausting standard-of-care options, Sijbrandij
assembled an unusually comprehensive longitudinal profile of his disease, integrating genomic,
single-cell, spatial and other data modalities to identify potential therapies targeting the spe-
cific biology of his tumor. He subsequently made these data publicly available [6], providing a
framework for a more patient-centered approach to precision oncology.

Inspired by Sijbrandij's efforts to accelerate and democratize precision medicine, we tested
whether Holon-S1 could use pathology images to reproduce findings and therapeutic recom-
mendations derived from the specialized genomic panels available to him and his research team.
Our second aim was to assess if Holon-S1 may potentially generate insights beyond genomic
profiling alone. His analyses identified a distinct fibroblast program associated with remodelling
of the extracellular matrix within the tumor microenvironment, potentially creating a physical
barrier toimmune-cell infiltration. Consistent with this hypothesis, his team measured low levels
of T-cell infiltration. His tumor also exhibited pronounced MDM2 overexpression, placing itin
the 99.7th percentile relative to the comparison cohort. Together with additional molecular and
cellular findings, these observations provided a rationale for considering immune-checkpoint
inhibition, FAP-targeted radioligand therapy directed at the fibroblast program, and MDM2 inhi-
bition, among other therapeutic strategies. We encourage readers to review Sijbrandij’s story
directly on his website.

2.1 Deploying Holon-S1on Routine Diagnostic Pathology

Fourteen digitized pathology whole-slide images (WSIs) were collected from Sijorandij's public
database. Each WSI was partitioned into a grid of 56 x 56 pm regions, for which Holon-S1inferred
genomic profiles, producing a spatially resolved transcriptomic map of each specimen. Limiting
our analysis to only the eleven initial diagnostic specimens, unsupervised clustering was used
to identify tumor and its microenvironment from surrounding healthy tissue, before verification
by quantifying proliferation, immune, stromal markers known to distinguish tumor landscapes.
Gene-set enrichment and differential gene expression analyses were then used to compare the
tumor and its microenvironment with histologically normal tissue from the same specimens, as
well as with two independent healthy bone and bone-marrow reference samples collected from
Sijbrandij’'s database. Because matched sequencing data from Sijbrandij’'s healthy tissue were
unavailable, his original analyses relied on publicly available normal-tissue expression profiles
from other patients. By contrast, Holon-S1 enabled tumour and adjacent normal tissue to be
evaluated within the same pathology specimen.

Holon-S1 predicted higher expression of fibroblast- and fibrosis-associated genes in cancer-
like regions, including FAP (fibroblast activation protein), the target of the radioligand therapy
Sijbrandij received and to which the remission has been tentatively attributed. To prioritize
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candidate therapeutic targets, we overlaid a pre-specified panel of ten genes chosen from
osteosarcoma clinical-trial and literature context; most are targets of agents in osteosarcoma
trials registered on ClinicalTrials.gov. We further highlighted targets of therapies in Sijbrandij’s
clinical history or in development as backup options. Predicted expression was higher in cancer-
like regions for MDM2 (MDM2 inhibition), KDR/VEGFR2 (vaccine) and CD276/B7-H3 (antibody-
drug conjugate), and CLEC14A (CAR-T). Figure 2 summarizes these findings in volcano plots: the
x-axis shows the log2 fold change in predicted expression between tumor-associated regions
and healthy reference tissue, while the y-axis shows — log 10 of the false discovery rate-adjusted
p-value. Positive fold changesindicate higher predicted expression in tumor-associated regions,
and higher points indicate stronger statistical evidence for differential expression.
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Figure2 (Left) Fibroblast-associated markers, including FAP, are highlighted in this differential gene
expression analysis comparing tumor and non-tumor regions. Fibroblast-associated markers consistently
showed higher expression in the tumor niche. (Right) Therapeutically relevant markers are highlighted in
the same analysis. Although some show modest expression differences or limited statistical significance,
others are significantly differentially expressed, including markers associated with alternative therapies
being pursued by Sijbrandij.

To assess whether Holon-S1 recapitulated the elevated MDM2 expression observed in Si-
jorandij's molecular profile, we compared his inferred MDM2 expression with that of an indepen-
dent osteosarcoma cohort. This cohort comprised 270 publicly available WSIs from ten pediatric
patients treated with adjuvant chemotherapy, accessed through Osteosarcoma Explorer [7, 8].
Whereas his clinical team contextualized his molecular measurements against a reference
cohort of 2,600 patients with bulk sequencing, our analysis compared Holon-S1-inferred expres-
sion across histological samples. Inferred MDM2 expression in Sijbrandij's samples exceeded
nine of the 10 comparator patients.
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2.2 Tracking Treatment Response Through Longitudinal Pathology

Next, we used Holon-S1 to analyze WSIs from Sijbrandij’s initial resection and a subsequent
resection following treatment with several immune-checkpoint inhibitors. We quantified the
spatial association between predicted immune- and cancer-marker expression (canonical pro-
grams defined by MSigDB Hallmark [3] and PanglaoDB [10]) to assess immune infiltration within
tumor regions. The initial specimen showed limited T-cell infiltration, consistent with his molec-
ular profiling, whereas the post-treatment specimen showed substantially greater immune
infiltration. Paired immunohistochemistry (IHC) data from the post-treatment resection pro-
vided an independent check of the tumor regions identified by Holon-S1. Together, these
findings corroborated the molecular analyses and illustrated the model’'s potential to detect
treatment-associated changes directly from longitudinal H&E pathology specimens.

Predicted spatial programs before and after treatment
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Figure 3 Holon-ST's assessment of pre- and post-treatment resections showed an increase in immune
infiltration, as measured by Lee’s L spatial coherence between cancer markers and immune markers, and a
decrease in cancer proliferation.
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Cancer related markers ® Immune markers

Pre resection
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Figure 4 Pre-treatment resection exhibited limited immune presence within the cancer as compared to
the post-treatment example. We depict representative regions to help visualize immune infiltration.

2.3 Extending Immune Profiling Beyond Targeted Gene Panels

Sijbrandij's team recently published an in-depth analysis of his Xenium spatial transcriptomic
data [11]. Although the targeted Xenium panel enabled a broad range of analyses, its ability to
identify tertiary lymphoid structures (TLS) was limited by insufficient representation of B-cell-
associated genes. We deployed Holon-S1 to address this gap. Because B and T cells exhibit
similar morphology in conventional histopathology, we first evaluated the model’s ability to
distinguish between these cell types (see section 4.3). We then applied Holon-S1 to Sijbrandij's
WSis to identify candidate immune-cell regions and extend the TLS analysis that could not be
resolved using the targeted Xenium panel alone.
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H&E Holon-S1 predictions
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Figure5 Holon-S1was able to predict B-cell markers missing from Sijorandij’s original Xenium panels.

2.4 Reflection and Limitations

Despite the absence of osteosarcoma from its training data, Holon-S1 recovered several find-
ings from Sijbrandij's molecular analyses and generated additional insights directly from routine
pathology images. Many specimens had been collected years before the corresponding molec-
ular findings emerged, raising the possibility that relevant biological signals could have been
identified earlier in the disease course. This retrospective analysis supports the model's poten-
tial to generalize to tumor and tissue types not represented in training and to inform personalized
precision medicine workflows. Although Holon-S1 is currently a research-only tool and not yet
approved for patient diagnosis, these findings motivate further evaluation. We are designing
additional retrospective and prospective studies to assess reproducibility and establish the
model’s clinical utility.

3 Applications in Biomarker Discovery and Translational
Research

We believe Holon-S1 will play a role beyond direct patient care. Particularly in the development
of companion diagnostics and translational biopharma research by accelerating interpretable
biomarker discovery. Here, we demonstrate the discovery of simple predictive and prognos-
tic markers which deliver actionable insights into triple negative breast cancer and localized
colorectal cancer.
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3.1 Spatial Organization for Biomarker Discovery

3.1.1 Predicting Response to Neoadjuvant Chemotherapy in Triple Negative Breast Cancer

Patients with triple negative breast cancer (TNBC) are often candidates for neoadjuvant
chemotherapy (NAC). Currently, pathologists quantify immune markers in a patient’s tissue
to help determine if the patient will respond to NAC or if they should consider alternative
treatments. Unfortunately, this immune assessment lacks precision and is subject to inter- and
intra-observer variability [12].

We assembled TNBC cohorts with WSIs from IMPRESS [13] and TransNEO [14], with response
to NAC defined as pathologic complete response (pCR) at surgery. IMPRESS served as the
discovery cohort, while TransNEO was reserved as a held-out test set.

We investigated whether the spatial organization of gene expression predicted by Holon-S1
could identify markers of treatment response in TNBC. We restricted the analysis to genes
meeting our prediction-confidence criteria in breast cancer (Section 4) and quantified local ex-
pression variation (gradient), spatial clustering (Getis-Ord), and spatial autocorrelation (Moran's
l; Figure 6). In the IMPRESS discovery cohort, we evaluated each gene-metric combination using
univariate models and five-fold cross-validation. EREG gradient (JEREG) emerged as a candidate
marker associated with pathological complete response (pCR) and was subsequently evaluated
in the TransNEO test cohort.
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Figure 6 Schematic illustration of the spatial gene-expression metrics evaluated: gradient, Getis-Ord,
and Moran's|.

To provide a pathology-based clinical baseline, we generated computational estimates of stro-
mal tumor-infiltrating lymphocyte (sTIL) percentages, a measure conventionally estimated
visually by pathologists [15]. We used CytoFormer predictions [16] to delineate stromal regions
within the inferred tumor boundary, including stroma between tumor nests while excluding
tumor-cell territories. Within these regions, we estimated the percentage of stromal area oc-
cupied by lymphocyte and plasma-cell footprints using HoVer-NeXt predictions [17]. These
automated scores served as a proxy for manual sTIL assessment.

We summarized precision-recall performance using average precision, with five-fold out-of-
fold predictions in IMPRESS and IMPRESS-trained models applied to TransNEQO. Separately, we
fitted univariate and multivariate logistic regressions within each cohort to estimate odds ratios
(OR), 95% confidence intervals, and likelihood-ratio p-values. Multivariate models included
pboth gEREG and sTIL. Odds ratios were expressed per one discovery cohort-computed standard
deviation increase in each feature.

SOPHONT - sophont.med/holon 8/ 21


https://sophont.med/holon

SOPHONT TECHNICAL REPORT

A Discovery cohort B Held-out test
IMPRESS TransNEO
1 A 1 4
0.75 A 0.75 A
c c
2 K}
2 050 - 2 050 A
o o
o o
0.25 0.25
Holon-S1 gEREG AP 0.690 Holon-S1 gEREG AP 0.754
sTIL% AP 0.567 sTIL % AP 0.505
0 . : - : 0+ - - : -
0 0.25 0.50 0.75 1 0 0.25 0.50 0.75 1
Recall Recall
C Association with treatment response
Univariate OR (95% CI) p-value
Holon-S1 gEREG —— | 0.41(0.20-0.74) 0.0024
Discovery cohort !
sTIL % | —— 1.91(1.12-3.53) 0.0158
Holon-S1 gEREG —_—— 0.36 (0.14-0.76) 0.0054
Held-out test }
sTIL % -—:—o—- 1.37 (0.57-3.45) 0.4751
Multivariate OR (95% CI) p-value
Holon-S1 gEREG —_—— 0.45 (0.22-0.83) 0.0098
Discovery cohort !
sTIL % —— 1.68 (0.96-3.17) 0.0707
Holon-S1 gEREG —_— 0.31 (0.10-0.73) 0.0056
Held-out test !
sTIL % —_—— 0.69 (0.20-2.02) 0.5030
0.1 0.5 1 2 5

Odds ratio per discovery-cohort SD

Figure7 (A-B) Precision-recall curves in the discovery and held-out test cohorts for
Holon-S1-predicted EREG spatial organization (JEREG) and percent of stroma tumor infiltrating
lymphocytes (sTIL); AP indicates average precision. (C) Univariate and multivariate odds ratios per
discovery-cohort standard deviation, with 95% confidence intervals.

gEREG remained a significant predictor in univariate modelling and in multivariate modelling
when adjusting for sTIL. STIL was unable to significantly predict pCR with the held-out test
cohort and did not maintain significance in multivariate modelling. Previous studies [18-20]
have implicated EREG expression in sensitivity to chemotherapy and anti-EGFR therapiesin other
cancer types, even spurring a clinical trial [21] to assess real-world therapeutic implications of
these findings. Our findings motivate further investigation into whether the spatial organization
of EREG may similarly inform treatment response in breast cancer, highlighting Holon-S1 as
a tool for developing novel insights into cancer and cancer therapy. Future work may include
combining this EREG spatial marker with other signatures to further improve clinical decision
support for TNBC patients, as well as comparing to sTIL as quantified by expert pathologists.
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3.2 Interpretable Spatial Biology for Translational Research

3.2.1 Prognosticating Localized Colorectal Cancer

Spatial colocalization describes whether two biological programs, represented by gene-
expression signatures, are active within the same tissue neighborhoods or occupy separate
regions. We quantified this relationship using Lee’s L, with positive values indicating spatial
alignment and negative values indicating segregation. Using Holon-S1-predicted expression
maps, we evaluated predefined pairs of programs spanning hypoxia, metabolism, inflamma-
tory signaling, vascular biology, proliferation, stroma/EMT, cytotoxic immunity, and cancer
epithelium for associations between their spatial colocalization and disease-specific survival in
non-metastatic colorectal cancer (CRC). Programs were computed by averaging genes at each
spatial location following canonical MSigDB Hallmark [3] and PanglaoDB [10] databases.

We used TCGA-COADREAD [22] as the discovery cohort and reserved SurGen [23] for inde-
pendent validation. When multiple slides were available, we averaged slide-level colocalization
values to obtain one score per patient for each program pair.

Within the discovery cohort, we assessed each pair’s association with disease-specific survival
using a continuous Cox proportional hazards (CPH) model and five-fold cross-validation. This
analysisidentified proliferation—stroma/EMT (epithelial-mesenchymal transition) colocalization
as a prognostic feature: greater spatial segregation of these programs was associated with
better disease-specific survival. The association showed the same risk association in the held-
out SurGen cohort.

Spatial relationship of proliferation and stroma/EMT in colorectal cancer
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Figure 8 Spatial segregation and co-localization of proliferation and stroma/EMT programs, predicted by
Holon-S1

To visualize survival differences, we divided patients into lower- and higher-colocalization
groups based on their Lee’s L scores for the proliferation-stroma/EMT pair and constructed Ka-
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plan-Meier curves and used CPH to compute categorical hazard ratios . Log-rank tests indicated
significant differences in disease-specific survival between the groups.
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Figure 9 Spatial co-localization/segregation of proliferation and stroma/EMT programs predicted by
Holon-S1 significantly stratify (log-rank test p < 0.05) patients by disease-specific survival within five
years.

Our findings identify spatial colocalization of proliferation and stroma/EMT signatures as a
candidate prognostic marker in localized colorectal cancer. This observation adds a spatial
perspective to established evidence linking stromal activation and mesenchymal expression
programs to poor prognosis [24, 25]. Mechanistic studies have shown that TGF-3-activated
cancer-associated fibroblasts can promote metastatic tumor-cell survival through IL-11 secre-
tion and downstream GP130/STAT3 signaling [26]. These studies provide a biological rationale
for the association identified using Holon-S1. Together, our results illustrate how translational
research teams can use Holon-S1 to identify biologically interpretable candidate biomarkers
and generate hypotheses about tumor-microenvironment interactions directly from routine
pathology images. Further investigation is needed to determine the cellular interactions and
signaling mechanisms underlying this spatial pattern and its prognostic significance.

4 Validating the Language of Holon-S1

This year, several studies have demonstrated the promise of predicting transcriptome-scale
gene expression directly from H&E images [27-29]. Still, robust generalization across the full
transcriptome remains an open challenge. This may reflect limitations in the scale and diversity
of available training data [30] or a more constraining possibility: not every molecular process
produces a visible morphological signature. Consequently, virtual transcriptome models pre-
dict some genes far more reliably than others. Identifying which genes are recoverable from
tissue morphology is therefore as important as improving aggregate performance and model
robustness, especially when gene expression predictions are used in clinically important down-
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stream modeling. To define this boundary, we validated Holon-S1on WSIs paired with ST data
spanning multiple tissue types and assay platforms. These results allowed us to establish a
confidence-filtered set of genes that comprise Holon-S1’s translation “vocabulary.”

4.1 Technical Validation of Gene Expression Prediction and Gene Curation

Our first finding was a consistent trend between the technological generation of the spatial
transcriptomics platform and measured concordance: predictions evaluated against newer,
more advanced platforms consistently achieved higher accuracy. Figure 10 demonstrates this
observation. Although Xenium 5K (10x Genomics) was the most recent platform represented
in Holon-ST's training data, validation on Atera (10x Genomics), released this year, yielded a
higher median Pearson correlation coefficient (PCC) than any Xenium sample. This suggests
that lower performance against older platforms may partly refiect noise or uncertainty in the
reference measurements rather than weaker model predictions. Comparisons between virtual
transcriptomics models must therefore account for the sensitivity, resolution, and measurement
characteristics of the assays used for validation.

A By modality B Bytissue C Bytissue
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Figure 10 Number of genes meeting increasing prediction-accuracy thresholds across held-out test
paired H&E-stained slides and associated spatial transcriptomics (ST) samples unseen during model
training, grouped by ST assay technology (A) and tissue type (B - C).

We also observed differences in performance across organ types. However, because our held-
out cohorts were profiled using different assay technologies, tissue-specific effects could
not be fully separated from platform-specific measurement limitations. We therefore define a
confidence-based gene vocabulary for each organ, restricting predictions to genes that are
reliably supported by currently available validation data. We expect these vocabularies to expand
as Holon-ST1is continually evaluated on larger cohorts generated with newer, higher-sensitivity
assays.

4.2 Comparison to SOTA multimodal model

DeepSpot-M [28] was recently released as a multimodal improvement to the previous DeepSpot
[31], citing state-of-the-art performance in predicting gene expression from digital pathology at
time of release. We compared the ability of Holon-S1and DeepSpot-M to predict gene expression
on slides paired with Atera whole transcriptome sequencing. Holon-S1 outperformed DeepSpot-
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M, despite having significantly less breast tissue samples in its training corpus. Both models (to
our knowlege) did not include cervical tissue during training, suggesting Holon-S1's ability to
better generalize to tissue types unseen in training data.

Breast cancer Cervical cancer
n = 66,977 spatial locations analyzed n = 89,214 spatial locations analyzed
9,132 shared genes per model 9,132 shared genes per model
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Holon-S1 DeepSpot-M Holon-S1 DeepSpot-M
Median 0.490 Median 0.206 Median 0.309 Median 0114

Figure 11 When evaluated on the same samples and same regions within those samples, Holon-S1 (blue)

outperformed DeepSpot-M (grey) in gene prediction accuracy as quantified by median per-gene pearson
correlation.

4.3 Distinguishing B-cell Dominant Regions in Immune Landscape

To support the identification of B-cell-dominant regionsin Sijbrandij's samples, we first evaluated
the ability of Holon-S1 to distinguish B- and T-cell lineages from H&E images. These lymphocyte
populations are difficult to distinguish reliably by morphology alone, and their identification
typically relies on lineage-specific markers assessed by immunohistochemistry or multiplex
immunofiuorescence.

We used the OrionCRC dataset [32], which comprises H&E-stained whole-slide images paired
with multiplex immunofiuorescence (IF) images of the same tissue sections. Ground truth was
derived from IF, defining B cells as CD45TCD20+CD3E~ and T cells as CD45TCD3ETCD20~ after
excluding autofiuorescence-high objects. Cell counts were aggregated into 56-pm tiles with-
out smoothing, with =75% lineage representation defining B- or T-dominance. Holon-derived
predictions were compared with these labels at matched spatial locations (held-out balanced
accuracy: 88.5%; AUROC: 0.943).
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Holon-S1 predicted Ground truth

Lineage MBET

Figure 12 Holon-S1 predictions (left) and immunofiuorescence-derived ground truth (right) show B-cell
(blue) and T-cell (red) dominance.

H&E

Holon-S1 predlcgt(ions:

Exd -

Ground truth Multiplex immunofluorescence W Bcell W Tcel

Figure 13 (Top) Selected regions from H&E-stained whole slide image which show dense immune
regions with B- and T-lineage immune cells. (Middle) Holon-S1 predictions visualizing model probability
towards B- or T-cell regional dominance. (Bottom) Immunofiuorescence-derived ground truth.

B-cell dominant
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Because Holon-S1 infers gene expression at the regional rather than single-cell level, we eval-
uated its ability to distinguish T-cell-dominant from B-cell-dominant regions. Although these
predictions do not resolve individual cell identities, they accurately distinguish regions by their
dominant lymphocyte lineage. Current future directions include cell-level prediction models.

4.4 Analytical Validation and Robustness

Variations in tissue preparation, staining, and scanning across institutions pose a persistent
challenge to the robustness of pathology foundation models. We evaluated Holon-S1 on slides
with substantially degraded image quality and assessed prediction variability when the same
biological specimens were scanned using different protocols.

Path2Space, published in Cell earlier this year [27], reported improved gene-expression predic-
tionrelative to more than 20 existing methods. One benchmark cohortincluded 40 breast cancer
slides profiled using Visium across formalin-fixed paraffin-embedded (FFPE) and fresh-frozen
specimens, collected from the Human Tumor Atlas Network [33]. Following strict quality control
metrics, Path2Space retained a small subset of samples for evaluation.

We wanted to evaluate Holon-S1across all samples in the HTAN dataset, including those deemed
to be too low quality by the Path2Space framework. For each slide, we summarized Holon-S1
prediction accuracy as the median per-gene Pearson correlation against log1p-transformed raw
counts. We compared FFPE (n = 8 slides) and fresh-frozen (n = 31 slides) performance using a
two-sided exact Mann-Whitney U test, without adjustment for within-patient clustering.

Holon-S1 achieved a higher median correlation than the reported Path2Space reference on the
evaluated subset and maintained comparable performance on slides excluded by Path2Space’s
quality-control criteria. Performance did not differ significantly between FFPE and fresh-frozen
slides (p = 0184).
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Figure 14 We ran Holon-S1on the HTAN dataset which included slides with severely degraded quality,
prepared from FFPE and frozen tissue, and paired with Visium (10x Genomics, Inc.) panels. There was no
statistically siginificance (p=0.84) of median per-gene pearson correlation between slides produced
from the two different preperation methods. Holon-S1 was also run on the quality-curated subset of
slides analyzed by Shulman et. al. to directly compare against Path2Space. Reported performance on
these slides is annotated.

The various Holon-S1 gene-expression prediction evaluations presented above included slides
acquired using more than 15 scanner models. To directly assess prediction consistency when
the same tissue section was scanned on different systems, we used the PAR dataset [34], which
comprises prostate biopsy slides from Erbil, Irag, each digitized using Grundium, Hamamatsu,
and Leica scanners.

We randomly selected ten specimens and evaluated a fixed panel of 50 genes with strong
prediction performance in both Holon-S1 and DeepSpot-M determined in section 4.2. Both
models were evaluated at identical tissue coordinates within each scan, produced by the same
preprocessing pipeline, with shared artifact exclusions.

Because the scans across different scanners were not spatially registered, we compared pre-
dicted expression distributions using Wasserstein-1 distance (WD) [35]. Predictions were
normalized by the median within-scan standard deviation across the three scanners for each
specimen, model, and gene before distances were calculated. Each specimen was summarized
by the median of its 150 gene-scanner-pair distances. Holon-S1 achieved lower normalized WD
in nine of ten specimens, with an overall median of 0190 compared with 0.523 for DeepSpot-M.
These results assess distributional consistency; without matched RNA measurements or spatial
registration, they do not establish expression accuracy or spatial localization accuracy.
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Cross-scanner prediction robustness
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Figure 15 Holon-S1produced more consistent standardized expresasion distributions than
DeepSpot-M across three scanners for 50 genes in 10 PAR specimens. Points represent individual
specimens (a) or gene-specimen combinations (b). Higher Wasserstein-1distances indicate greater
inconsistency. Lines connect matched comparisons. P-values are computed by two-sided paired
permutation tests that preserve specimen grouping.

For qualitative assessment, we visualized DDR1 predictions in a separate illustrative specimen.
DDR1was selected before inspecting the PAR maps because it had the highest minimum predic-
tion accuracy across both models. Maps were normalized to within-scan z-scores and displayed
on a shared color scale without spatial smoothing. Holon-S1 showed more consistent regional
patterns across rescans, whereas DeepSpot-M showed greater variation in relative regional
contrast, particularly in the Leica scan.

Holon-S1 DeepSpot-M
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Figure 16 DDR1expression was selected as a qualitative example to demonstrate Holon-S1and
DeepSpot-M prediction consistency. Both models have a high prediction accuracy of DDR1expression per
validation but differ in prediction consistency when evaluated on paired scanners.
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