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Statistical methods for spatial omics data

• Overview on the technologies (review) 
• Finding spatially-variable genes 
• Deconvoluting low-resolution (or aggregating high-resolution) 

spatial omics data 
• Spatially-aware dimension reduction / clustering 
• Cell-cell communication —> co-localization 
• Classical spatial statistics 

‣ Point patterns: random, clustered, intensity/correlation 
‣ Lattice data: useful summaries / functions 
‣ Models with spatially correlated errors
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From bulk to single-cell RNA-seq to imaging- &  
sequencing-based spatially resolved transcriptomics Background

tissue

imaging-based

• molecule-level data
• targeted panel (100s of features; 

>2024: 1000s)
• single-cell resolution requires 

segmentation

sequencing-based

• spot-level data
• whole transcriptome (10,000s of 

features)
• single-cell resolutions requires 

aggregation or deconvolution

single-cell

spatial 

bulk

Slide from 
Helena Crowell



Technology choices: expression table + coordinates



 

(Spatial omics) 
computational 

method 
explosion —>

—> Google sheet

https://www.scrna-tools.org/
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Finding spatially-variable genes: SpatialDE

– SpatialDE: response = normal 
distribution with covariance 
with two components: i) 
based on distance b/w points 
- exponential decay; ii) 
constant non-spatial variance 

– Null model: fit just the non-
spatial variance (i.e., without 
sigma) 

– Fit 2 models, likelihood ratio 
test
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Spatially variable genes —> scale
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• different types of spatially 
variable genes



Alternatively, spatially variable features 
= DE between domains

Peiying Cai

Simone 
Tiberi

To find spatially variable genes 
(SVGs); spatial clustering + 
classical statistical method works 
quite well
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Spatially variable versus highly variable
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Biological variability (More mathematical details on 
Moran’s I below)
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Deconvoluting low-resolution spatial omics (sequencing) data

– Cell2location: negative binomial regression for reference cell type signatures; decompose spot-level 
mRNA counts into reference cell types
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Aggregating high-resolution spatial omics (sequencing) data

– bin2cell: combines 
segmentation on H&E/IF 
and segmentation on gene 
expression counts

12

Image of 
counts per spot 
(smoothed)
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Spatial clustering / domain detection (BANKSY) 
—>  combine transcription and spatial information
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Non-spatial PCA                               Banksy PCA

Sample 151673
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Spatial domain detection ~ spatially homogeneous regions ~ spatial niches  
—> needs a definition!

16

https://www.nature.com/articles/s41467-022-34879-1 

https://www.nature.com/articles/s41467-022-34879-1
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Spatial domain detection ~ 
spatially homogeneous regions

17https://www.biorxiv.org/content/10.1101/2023.06.28.546949v2  

https://www.biorxiv.org/content/10.1101/2023.06.28.546949v2
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pasta: Data representations determine spatial 
statistics options

Samuel

Martin



pasta: Data representations determine spatial 
statistics options

Samuel

Martin
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Correlation for point patterns

– Ripley’s K function 
– mathematical definition:
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Correlation for point patterns

– Ripley’s K function 
– words definition: the empirical K-function K(r) is the cumulative 

average number of data points lying within a distance r of a 
typical data point
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regular                    independent             clustered



pasta: the ‘gotcha’ of spatial statistics — is it 
clustering or intensity?

Samuel

Martin

K-functions here: 
clustering / intensity of 
pink cells (islets).
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Spatial autocorrelation: Global Moran’s I

– Global measure of auto-correlation (correlation to signal 
nearby in space); assume homogeneity! 

– Alternative: Geary’s C
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https://en.wikipedia.org/wiki/Moran%27s_I 
https://en.wikipedia.org/wiki/Geary%27s_C 

https://en.wikipedia.org/wiki/Moran's_I
https://en.wikipedia.org/wiki/Geary's_C
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Spatial autocorrelation: Local Moran’s I

– Local measure of auto-correlation (correlation to signal 
nearby in space)
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https://en.wikipedia.org/wiki/Moran%27s_I 
https://en.wikipedia.org/wiki/Geary%27s_C 

https://en.wikipedia.org/wiki/Moran's_I
https://en.wikipedia.org/wiki/Geary's_C
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Cell-cell communication (CCC)
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Slide from 
Yvan Saeys
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Cell-cell communication (CCC)
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Slide from 
Yvan Saeys
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Cell-cell communication

– SpatialDM: Global Moran’s R, which is a bivariate version of Moran’s I
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Cell-cell communication
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Research

• spatialFDA: Flexible modeling of point pattern summaries —> Martin 
• DESpace2: DE beyond markers/SVGs: “differential spatial patterns” —> Peiying 
• sosta: “Spatial structure”-focused analyses —> Samuel 
• OSTA: Orchestrating spatial transcriptomics analysis with Bioconductor 
• SpaceHack: using consensus clustering to consolidate domain detection
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Tissue “structures” are often visible

• healthy control (HC) 
• Crohn's disease (CD) 
• ulcerative colitis (UC)
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Orchestrating Spatial Transcriptomics 
Analysis with Bioconductor

• https://bioconductor.org/books/OSTA

Book is available. Preprint on bioRxiv. 
(Successor of the OSCA book: https://bioconductor.org/books/OSCA/)

https://bioconductor.org/books/OSTA
https://bioconductor.org/books/OSCA/
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Meta-benchmark
Reported method performances are inconsistent across studies

Peiying Cai



Peiying Cai

Ensemble clustering

Figure generated by collaborators.

Methods are often more similar to each other than to the ground truth.

Smoothness 
Entropy 
(Low = smooth)



Consensuses
“ground truth”



Entropy #2: Understanding 
spot-level uncertainty 

(across methods)

Entropy in the sense of how stable  
across algorithms  

(align the spot-wise cluster labels 
across methods, entropy across 
label proportions) 



brain-map.org | alleninstitute.org    39

VPM 

VPM

VPM

Slide from 
Meghan Turner



Concluding remarks

• You are collecting/analyzing spatial data: what spatial features 
do you want to quantify? 

• A few places where (classical) spatial statistics might be useful; 
data determines what you can do: point patterns versus lattice 

• Tools available for various task: Functional data analysis (Martin), 
multi-cellular structure-based analyses (Samuel), 


