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§ SRT incorporate the spatial context and gene expression of cells

• Allows for the identification of where specific genes are expressed within tissue

• Enables the study of disease, such as cancer, by observing gene expression patterns in different tissue 
regions 

Background: Spatially Resolved Transcriptomics (SRT)

Image credit: https://www.10xgenomics.com/analysis-guides/integrating-single-cell-and-visium-spatial-gene-expression-data
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Background: Spatially Resolved Transcriptomics (SRT)

Image credit: [NatureComputationalScience2023] Integrating spatial transcriptomics data across different conditions, technologies and developmental stages
https://www.archrproject.com/bookdown/defining-cluster-identity-with-scrna-seq.html

https://www.archrproject.com/bookdown/defining-cluster-identity-with-scrna-seq.html
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Graph construction & Graph Neural Network

Gene 1 Gene 2 Gene 3 Gene 4 Gene 5 Gene 6 Gene 7

Spot 1 5 0 18 0 0 0 0

Spot 2 10 29 0 5 0 0 0

Spot 3 0 40 5 0 10 0 0

Spot 4 0 0 0 19 0 37 0

Spot 5 9 0 0 0 0 0 3

Spot 6 0 0 0 97 7 0 8
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STAGATE, SpaceFlow (2022, Nat. Comm.)
STAligner (2023, Nat. Comp. Sci)
SLAT (2023, Nat. Comm.)
GraphST (2024, Nat. Comm.)
…
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(1) GNNs receive information from heterophilic nodes

(2) Hard to learn attention scores due to highly similar neighboring nodes

(3) Even oracle edges performs poorly on clustering near boundary

(4) Ours show good Boundary CA, while maintaining Total CA

Challenge 1: Continuous nature of SRT data

Local (spatially close) spots have high similarity, 
regardless of the spatial domain

- TotalCA: 전체 spot 클러스터링 성능
- Boundary CA: Boundary spot 클러스터링 성능

Anchor node

Should capture relationship between spots in global context

§ Gene expression values vary smoothly along spatial coordinates

Dorsolateral prefrontal cortex (DLPFC) data
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§ Gene expression profiles from the same slice cluster together unexpectedly, regardless of their 
biological relevance

Challenge 2: Batch effects in SRT data

Should alleviate batch effects to extend multi-slices tasks

Middle temporal gyrus (MTG) data
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§ Key ideas

• (1) Capture global relationships between spots by reflecting the global context among multiple spots

• To mitigate batch effects,

• (2) balance the scales of intra-slice and inter-slice similarity between spots

• (3) group spots from the same spatial domain while distancing others

Proposed Method: SpotScape



8

§ (1) Capture global relationships between spots by reflecting the 
global context among multiple spots

Similarity Consistency Loss

Data Augmentation

Spot representation

Num. 
spots
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Spotscape captures relative similarity between spots regardless of the actual distance

Similarity Consistency Loss
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Similarity Scaling Loss (Batch effect mitigation)

§ (2) Balance the scales of intra-slice and inter-slice similarity between spots

Middle temporal gyrus (MTG) data
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§ (3) Group spots from the same spatial domain while distancing others

Prototypical Contrastive Loss (Batch effect mitigation)

Prototype
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UMAP visualization result

Ours effectively integrates spot representations across slices while preserving biological meaning
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Experiments: Datasets

Dataset Species Tissue Technology Resolution Spots Genes
# Spatial 
Domains

Experimental Usage

DLPFC Human
Brain 

(dorsolateral prefrontal co
rtex)

10x Visium 50 µm 3,460 ~ 4,789 33,538 5 ~ 7
- Single-slice SDI
- Trajectory inference
- Homogeneous multi-slice integration

MTG Human
Brain 

(middle temporal gyrus) 10x Visium 50 µm 3,445 ~ 4,832 36,601 6 ~ 7
- Single-slice SDI
- Heterogeneous integration (Control vs AD)
- Batch-effect correction

Mouse 
Embryo Mouse Whole embryo Stereo-seq 0.2 µm 30,756 ~ 55,295

25,485 ~ 
27,330 18 ~ 19

- Single-slice SDI
- Developmental trajectory inference
- Heterogeneous slice alignment

NSCLC Human Non-small cell lung cancer
NanoString
CosMX Subcellular 960 11,756 4 - Single-slice SDI (High-resolution)

Breast 
Cancer

Human Breast cancer 10x Visium 50 µm 4,992 18,085 11
Heterogeneous alignment 
(cross-sample / cell-type structure)

Human Breast cancer 10x Xenium Subcellular 167,780 313 20 Cross-technology alignment (Visium↔Xenium)
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§ Single-slice Tasks

• Spatial Domain Identification

• Trajectory Inference

• Imputation

§ Multi-slice Tasks

• Integration

• Alignment

• Batch Effect Correction

• Differentially Expressed Gene (DEG) Analysis

Experiments: Downstream Tasks
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Single-slice Task: Imputation

• Spotscape clarifies marker gene expression for easier identification in noisy raw data

• Spotscape achieves best imputation performance

Marker gene detection result Imputation result

(masking non-zero values and recovering them)

Raw

Imputed by 
Spotscape
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Multi-slice Task: Integration / Alignment
Each patient has 4 slices

Control vs AD

Label Transfer ARI

• Homogeneous Integration: Consistently outperforms all baseline methods when integrating multiple tissue slices from the same patient sample

• Heterogeneous Integration: Integrates diverse samples (e.g., Control vs. AD) by correcting batch effects, significantly outperforming competitors

• Multi-slice Alignment: Outperforms even specialized tools, successfully aligning slices across different developmental stages and technologies

Mouse 
Embryo
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Multi-slice Task: DEG Analysis

• Biological Validation: Gene analysis of Control vs. Alzheimer’s samples validates Spotscape’s findings, as it correctly identified distinct 
early-stage (Layer 2) and late-stage (Layer 5) disease pathologies that align with known AD progression

Early stage AD

Later stage AD

Layer 2 Layer 5
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§ Spotscape learns global similarity for spatial transcriptomics beyond local neighborhoods

§ Similarity Telescope improves representations, especially at domain boundaries

§ PCL + Similarity Scaling enable robust multi-slice integration and batch-effect mitigation

§ Consistent gains across tasks: SDI, trajectory, imputation, integration, alignment

§ Validated on diverse SRT platforms (Visium, Stereo-seq, CosMX, Xenium)

Conclusion


