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HyperST: Hierarchical Hyperbolic Learning for Spatial Transcriptomics Prediction

Background: Spatial Transcriptomics Links Morphology and Molecular States

Histopathology (H&E)
Morphological information

® Combines histopathology morphology
with spatially resolved gene expression

®Rcveals tissue heterogeneity and
cellular microenvironment

®Enables richer biological interpretation
beyond morphology alone

Multi-scale morphological features

Low-power (4x)

Spatial Transcriptomics (ST)
Molecular expression with spatial context
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Capture gene expression
while preserving spatial location

ST spots (spatial locations)

Enable New Applications

Tumor microenvironment
characterization

Cell type

ST spot o0, &% o0
(~55-100 um) 0ol . 9g0°

Disease mechanism
and heterogeneity

High
Link morpholo
Gene to mulecur::r stagt:s
expression
level
Low

Spatial transcriptomics measures gene expression while preserving tissue architecture,
linking histological morphology with molecular states and enabling deeper understanding of tumor biology.

Stahl, Patrik L., et al. "Visualization and analysis of gene expression in tissue sections by spatial transcriptomics." Science 353.6294 (2016): 78-82.
Williams, Cameron G, et al. "An introduction to spatial transcriptomics for biomedical research.” Genome medicine 14.1 (2022): 68.
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Background: ST Is Powertful, but Hard to Scale

High cost

Expensive experimental profiling

Labor-intensive
| Complex multi-step wet-lab Need a
d workflow
scalable

alternative

Limited accessibility

Specialized platforms are
not widely available

Choe, Kyongho, et al. "Advances and challenges in spatial transcriptomics for developmental biology.” Biomolecules 13.1 (2023): 156.
Zhang, Linlin, et al. "Clinical and translational values of spatial transcriptomics.” Signal Transduction and Targeted Therapy 7.1 (2022): 111.
Wang, Chuhan, et al. "Benchmarking the translational potential of spatial gene expression prediction from histology.” Nature Communications 16.1 (2025): 1544.

Predict ST from routine H&E

A scalable and cost-effective alternative

to direct ST profiling

%

L ‘

[

08.0000000.6000¢

100000000000000¢

8000000000 000"

30000000 0000 0" 00
% 00000 “00C N-.eo®8C

900000000 00008
L -

-—--q.
-

0000007
900 000000
% 000~

S a o e

000

- MO0000 000000007

e



HyperST: Hierarchical Hyperbolic Learning for Spatial Transcriptomics Prediction

Background: Challenge in H&E-to-ST Prediction

(a)

1.Visual-molecular mismatch: visually similar spots
may show distinct gene expression patterns.

2.Neglected hierarchy: existing methods mainly align
spot-level image—gene pairs and overlook niche-level

context. { Spot Nlche e Spot Ve Nlche'
; Image Image Gene Gene ' |
|
3.Flat embedding limitation: Euclidean spaces poorly | Se”e _~ Similar X Different |
L xpression

capture the hierarchical relationships among spot,
niche, image, and gene representations

» Neglected
. Hierarchy

Fujii, Masayuki, Shigeki Sekine, and Toshiro Sato. "Decoding the basis of histological variation in human cancer.” Nature Reviews Cancer 24.2 (2024): 141-158..

Pizurica, Marija, et al. "Digital profiling of gene expression from histology images with linearized attention.” Nature Communications 15.1 (2024): 9886.

Jaume, Guillaume, et al. "Modeling dense multimodal interactions between biological pathways and histology for survival prediction.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
Desal, Karan, et al. "Hyperbolic image-text representations.” International Conference on Machine Learning. PMLR, 2023.
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Method: HyperST Framework

g (S

niche expression,

H
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Three labels: g &
1. Multi-level extraction: Spot / niche features from | R >
images and gene profiles .I

F-_-__---_—__-‘

spot expression ,

e e

Expression Profiles

gt R - - - -

2. Hyperbolic alignment: Contrastive alignment +
entailment hierarchy

-

3. Gene decoder: Predict spot-level gene expression
from H&E

F__-___- I - - - - - -

H&E image

Gene expression

Qﬁr Frozen ‘ Tuned © Concatenated @ Addition \AHQ" @ Entailment Cone

. Spot Image |—\ Niche Image * Spot Gene * Niche Gene




HyperST: Hierarchical Hyperbolic Learning for Spatial Transcriptomics Prediction

Method: Hierarchical Hyperbolic Alignment (HHA)

HHA consists of two complementary objectives:

® Impose information-based hierarchy: spot — niche
and 1mage — gene.

® Align image and gene representations across spot and niche levels 1n
hyperbolic space.
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HyperST: Hierarchical Hyperbolic Learning for Spatial Transcriptomics Prediction

Experimental: Overall Performance

Table 1. Performance comparison on four spatial transcriptomics datasets. Higher values on PCC@ 10, PCC @50, PCC @200 are better.
Lower values on MAE., MSE are better.

Dataset Model PCC@10 T PCC@50 1 PCC@200 1 MSE | MAE |
TRIPLEX (0.579+0.095 (0.485+0.084 0.351+0.066 1.122+0.204 0.855+0.104
StNet 0.523+0.105 0.435+0.095 0.305+0.064 1.167+£0.217 0.847+0.078
Kidney BLEEP 0.518+0.112 0.434+0.102 0.310+0.071 1.233+0.244 0.865+0.085
Stem 0.535+0.111 0.414+0.084 0.271+0.059 1.380+0.347 0.911+0.115
HyperST 0.617+0.094 0.526+0.088 0.390+0.070 1.077+0.155 0.817+0.058
TRIPLEX 0.701+0.128 (0.624+0.154 0.462+0.191 .869+0.803 1.056+0.239
StNet 0.646+0.134 0.570+0.142 0.419+0.176 1.686+0.373 1.023+0.134
Colorectum BLEEP 0.637+0.112 0.556+0.120 0.382+0.160 2.038+0.587 1.096+0.164
Stem 0.670+0.116 (0.573+0.130 0.399+0.166 1.788+0.418 1.032+0.138
HyperST 0.721+0.105 0.642+0.128 0.477+0.184 1.498+0.456 0.958+0.158
TRIPLEX (0.831+0.094 (0.799+0.114 0.740+0.142 (0.981+0.466 (0.685+0.205
StNet 0.804+0.105 0.779+0.117 0.726+0.140 (0.993+0.469 (0.689+0.198
Skin BLEEP 0.788+0.111 0.761+0.123 0.704+0.145 1.11740.540 0.701+0.221
Stem (0.782+0.094 0.748+0.113 0.687+0.138 1.276+0.703 0.730+0.261
HyperST 0.839+0.086 0.812+0.102 0.758+0.129 0.932+0.418 0.657+0.182
TRIPLEX 0.567+0.247 0.499+0.272 0.393+0.272 1.537+1.307 0.849+0.446
StNet 0.526+0.247 0.464+0.267 0.355+0.253 .660+1.258 0.899+0.422
Lung BLEEP 0.488+0.212 0.412+0.235 0.311+0.230 1.803+1.507 0.891+0.465
Stem 0.546+0.224 0.469+0.250 0.351+0.241 1.709+£1.365 (0.866+0.485
HyperST 0.637+0.225 0.568+0.260 0.459+0.282 1.182+0.873 0.757+0.352

HyperST outperforms state-of-the-art methods by explicitly modeling multi-level image—gene hierarchy.

Chung, Youngmin, et al. "Accurate spatial gene expression prediction by integrating multi-resolution features.” Proceedings of the IEEE/CVFE Conference on Computer Vision and Pattern Recognition. 2024
He, Bryan, et al. "Integrating spatial gene expression and breast tumour morphology via deep learning.” Nature biomedical engineering 4.8 (2020): 827-834.

Xie, Ronald, et al. "Spatially resolved gene expression prediction from histology images via bi-modal contrastive learning.” Advances in Neural Information Processing Systems 36 (2023): /0626- /70637

Zhu, Sichen, et al. "Diffusion generative modeling for spatially resolved gene expression inference from histology images.” arXiv preprint arXiv:2501.15598 (2025)..
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Experimental: Biomarker Visualization

NCBI704

Original H&E image Ground Truth HyperST StNet BLEEP Stem TRIPLEX

PCC:0.724 PCC:0.479 PCC:0.550 PCC:0.492 PCC:0.691
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Visualization maps validate prediction quality

Turner, Michael, and Natalie Staplin. "UMOD-ulating CKD risk: untangling the relationship between urinary uromodulin, blood pressure, and kidney disease.” Kidney international 100.6 (2021): 1168-117/0.
Barua, Moumita, et al. "Exome sequencing and in vitro studies identified podocalyxin as a candidate gene for focal and segmental glomerulosclerosis.” Kidney international 85.1 (2014): 124-133.
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Experimental: Alignment Ablation

Alignment PCC@10T PCC@501T PCC@200 7T MSE | MAE |

w/o G-1 HEA 0.610+0.101  0.514+0.096 0.378+0.074 1.147+0.188  0.839+0.065
w/o HEA 0.603+0.092  0.508+0.083 0.368+0.061 1.112+0.185  0.831+0.065
w/o HEA + HCA 0.576+0.099  0.484+0.089 0.344 +0.064 1.134+0.168  0.837+0.058
Spot-Niche reversed 0.602+0.101  0.5070.097 0.368+0.071 1.136+0.158  0.838+0.059
Image-Gene reversed  0.605+0.095  0.512+0.085 0.381x0.066  1.120+0.184  0.831+0.067
Euclidean counterpart  0.599+0.001  0.505+0.091 0.369+0.074  1.156+0.177  0.843+0.063
MERU 0.586+0.099  0.494+0.090 0.355+0.062 1.148+0205 0.842+0.071
CLIP 0.558+0.098  0.462+0.087 0.321+0.058 1.220+0.293  0.867+0.097
Ours 0.617+0.094  0.526+0.088 0.390:0.070  1.077x0.155 0.817+0.058

Ablations validate the hierarchy-aware design.

Desal, Karan, et al. "Hyperbolic image-text representations.” International Conference on Machine Learning. PMLR, 2023.
Radford, Alec, et al. "Learning transferable visual models from natural language supervision.” International conference on machine learning. PmLR, 2021.
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