
Statistical Methods for Spatial Transcriptomics

Xiang Zhou

Department of Statistics and Data Science
Yale University



2Langin et al., Cell Metabolism 2021

Spatial transcriptomics may be viewed as a pointillist painting.
Bulk RNAseq Single Cell RNA-seq Spatial Transcriptomics

Spatial transcriptomics
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Spatial Transcriptomics

Moses and Pachter, Nature Methods 2022



• Gene expression profiling on tissue sections with spatial 
localization information.

• Some techniques are based on sequencing:
– Spatial transcriptomics (10x genomics visium)
– GeoMx
– Slide-seq (v1, v2) 
– Seq-Scope

• Some techniques are based on smFISH:
– Multiplexed error-robust FISH (MERFISH)
– Sequential FISH (seqFISH, seqFISH+)
– CosMx
– 10x Xenium

Categorization of Spatial transcriptomics



• Common sequencing-based techniques, such as 10x Visium, are of 
spot level resolution, with each spot containing 2-20 cells. 

• Recent sequencing-based techniques, such as Seq-Scope, 
VisiumHD, Open-ST, and Stereo-seq, offer resolution of 0.5-2 𝜇m. 

• In situ imaging techniques, such as MERFISH, SeqFISH+, 
MERSCOPE, CosMx, and 10X Xenium, provide spatial resolutions as 
fine as 0.1-0.2 𝜇m.

• Regardless of technologies, two output matrices are generated (n: 
number of locations; p: number of genes): 

 -- an n by p count matrix of gene expression 
 -- an n by 2 location matrix

Resolution of Spatial transcriptomics



10x Genomics Visium

https://ngisweden.scilifelab.se/methods/10x-visium/



SeqFISH+

https://spatial.caltech.edu/seqfish/



Spatially Variable Gene Detection 

Cell Boundary Detection

Cell Cell Communication

Tissue Segmentation and Spatial Domain Detection

Cell Type Deconvolution

Multi-Sample AnalysisData Features:
Noisy Measurements

Non-linearity

Cell Type Clustering

Common Analytic Tasks



Detecting Spatially Variable Genes



SPARK Schematic

ï1.0

ï0.5

0.0

0.5

1.0
Correlation

! Final p-value

Spatial Expression Pattern Generalized Linear Spatial Model

Gaussian/Periodic Kernels (K)

Tccr

D
en
si
ty

Cauchy Combination Rule

p1

p-value

p-value

p10
0.00 0.25 0.50 0.75 1.00

Relative Expression

Tccr =
∑10

i=1
wi tan {(0.5− pi )}

H0 : τ1 = 0
yi ∼ Poi (Niλi )
log λi = xTi β + bi + εi
b = (b1, · · · , bn)T ∼ MVN (0, τ1K)

ε = (ε1, · · · , εn)T ∼ MVN (0, τ2l)



• Spatial transcriptomics sequencing technique (Stahl 2016).

• Filtered out genes that are expressed in less than 10% of the 
array spots and selected spots with at least 10 total reads.

• 5,262 genes measured on 250 spots. 

Human Breast Cancer Data



Type I Error Control and Power



SPARK Detected All 10 Known Cancer Genes

Other two methods 
detected 7



A Few New Examples



GSEA Analysis



• Increased sample size
 -- Recent techniques, such as Slide-seq and HDST, are of high resolution and 
measure tens to hundreds of thousands of locations.

• Low counts and prevalence of zeros
 -- The resulting data, limited by sequencing depth, are also in sparse forms, with a 
prevalence of low counts and zeros.

• Computational and statistical challenges.

New Data Types and New Challenges



• Based on a general class of covariance tests, including the 
Hilbert-Schmidt independence test and distance covariance 
test, for non-parametric SE analysis. 

• Procedure:
 -- Construct an expression kernel matrix 𝑬. 
 -- Construct a distance kernel matrix 𝜮. 
 -- Test the similarity between the two matrices by 𝑇 = 𝑡𝑟𝑎𝑐𝑒(𝑬𝜮)/𝑛.

SPARK-X: SPARK eXpedited

Zhu et al., Genome Biology 2021



Computational Gains



• Slide-seq technique (Rodriques 2019).

• 11,729 genes measured on 25,551 spatial locations. 

Mouse Cerebellum Data



Computation Cost, Type I Error Control and Power



Analysis that Adjusts for Cell Types



Example SVGs after Adjusting for Cell Types



Cell Type Deconvolution



CARD Overview 



Human Pancreatic Ductal Adenocarcinomas (PDAC)  

Moncada et al., 2021

Spatial Transcriptomics data

By spatial transcriptomics

25k genes, 428 locations

scRNAseq data

By inDrop

19k genes,  1926 cells, 20 cell types

v PDAC is the most prevalent neoplastic disease of the pancreas

v Complex tumor microenvironment and intra-tumor heterogeneity
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Cancer sub 
region

Estimated Cell Type Composition



Spatial Distribution of Cell Type Proportion



Mean Cell Type Correlation with scRNA-seq Reference
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Resolution Refinement
The spatial correlation modeled by CAR on cell type composition enables 
spatial interpolation and imputation of cell type composition and gene 
expression on unmeasured locations, thus enhancing spatial resolution. 
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Resolution Refinement: Cell Type Composition
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Resolution Refinement: Gene Expression



Reference-free Deconvolution with CARD

Limitations: 

v Uses less information for deconvolution

v A post-processing step is usually required to 
correctly label the inferred cell types.



Computation Efficiency
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Spatial Domain Detection



Cell Type Composition and Spatial Domains
• Spatial domains are tissue regions that are spatially coherent in both 

gene expression and histology.

• They are the building blocks underlying the spatial and functional 
organization of complex tissues.

• Each spatial domain is characterized by unique cell type composition.

35Chidester et al., 2020



IRIS
• IRIS (Integrative and Reference-Informed domain detection for Spatial 

transcriptomics): Directly model the cell type compositional heterogeneity to 
segment the tissue into multiple biologically relevant spatial domains, each 
characterized by a distinct composition of cell types. 

• Key features:
• Reference-informed: utilize information from scRNA-seq to substantially 

improve performance
• Integrative analysis: jointly analyze multiple slices
• Computationally efficient: applicable to very large-scale ST datasets

36Ma and Zhou, Nature Methods 2024
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IRIS overview



Benchmarking dataset: Human DLPFC 10x Visium data   

38

Spatial Transcriptomics data

~ Maynard et al, Nature Neuroscience 2021
~ Human dorsolateral prefrontal cortex 
~ Six neuronal layers plus white matter
~ 12 samples from 3 individuals
~ 33k genes, 3,498 – 4,789 locations

snRNAseq data

~  Mathy et al,. Nature 2019
~  Human post-mortem brain tissue 
~ 17k genes,  70,634 cells, 44 cell typesAl-Hakim et al,. Medical Imaging 2006



Human DLPFC 10x Visium data: baseline setting
sameStr analysis: 4 concessive slices from 151507, 151508, 151509, 151510 

39



40

Clustering Accuracy
diffStr: 3 tissue slices from 3 different donorssameStr: 4 tissue slices from the same donor
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Computational Efficiency
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 (~ 200k spatial locations)

Metric IRIS Other 
methods

Time 28 min Not 
Applicable

Memory 26.1 GB Not 
Applicable

10x Xenium BC
 (~ 300k spatial locations)

Metric IRIS Other 
methods

Time 26 min Not 
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Memory 7.6 GB Not 
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Multi-Scale and Multi-Sample Analysis



BASS: Multi-scale and multi-sample Analysis

Li and Zhou, Genome Biology, 2022



BASS output

1. Cell type cluster labels 2. Spatial domain labels 3. Cell type compositions



Mouse hypothalamus data by MERFISH

• Five tissue sections
• ~ 6,000 single-cells for each tissue section
• 155 genes (cell type markers genes)
• Eight symmetric spatial domains



Spatial domain detection



Spatial domain detection
Multi-sample analysis

Single-sample analysis



Cell type clustering



Dimension Reduction



SpatialPCA for spatially aware dimension reduction

Shang and Zhou, Nature Communications, 2022



Spatial domain detection and trajectory inference



Simulator for Spatial Transcriptomics



SRTsim: Simulator for spatial transcriptomics

Zhu, Shang, and Zhou, Genome Biology, 2023



Web-Server for SRT Analysis



SRT-Server: Powering the analysis of spatial transcriptomics

Yang and Zhou, Genome Medicine, 2024



• SPARK: Calibrated and powerful analysis to detect spatially variable 
genes (SVGs) that display spatial expression patterns

• SPARK-X: Scalable detection of SVGs and cell type specific SVGs
• CARD: Cell type deconvolution/mapping and resolution refinement
• SpatialPCA: Dimension reduction for spatial domain detection and 

trajectory inference on the tissue
• IRIS: Effective and scalable integrative spatial domain detection
• BASS: Multi-scale and multiple-sample analysis for cell type clustering 

and spatial domain detection
• SRTsim: Spatial pattern preserving simulations
• SRT-Server: Server for spatial transcriptomics analysis

Summary



• SPARK: Sun S, Zhu J, and Zhou X. Nature Methods (2020) 17: 193-200.
• SPARK-X: Zhu J, Sun S, and Zhou X. Genome Biology (2021) 22: 184.
• CARD: Ma Y, and Zhou X. Nature Biotechnology (2022) 40: 1349-1359.
• SpatialPCA: Shang L, and Zhou X. Nature Communications (2022) 13: 

7203.
• IRIS: Ma Y, and Zhou X. Nature Methods (2024). in press.
• BASS: Zheng L, and Zhou X. Genome Biology (2022). 23: 168.
• SRTsim: Zhu J, Shang L, and Zhou X. Genome Biology (2023). 24: 39
• SRT-Server: Yang S, and Zhou X. Genome Medicine (2024). 16: 18

• All software packages are available at: https://xiangzhou.github.io 
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