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Spatial data analysis pipelines

• Image preprocessing

• Cell segmentation / segmentation-free

• Quality control / filtering / normalization

• Downstream analysis:
➢Cell annotation
➢Spatially-aware clustering (aka. Domain identification)
➢Cell-cell communication
➢Deconvolution
➢Predicting unmeasured genes
➢Consecutive sections alignment
➢…

Pipelines: Squidpy [Palla,…Theis, 2022], SPArrOW [Pollaris*, 

Vanneste*,…,Saeys 2024], MCMICRO [Shapiro,…, Sorger 2021], SOPA 
[Balmpey,…, Cournède 2024],…

Squidpy: Palla,…Theis (2022)



Integration challenges in SRT

• Integrating SRT and sc/snRNA-seq data

• SRT data alignment (pseudo 3D, virtual block,…)

• Spatial multiomics



Different technologies -> different questions

NGS-based
(Visium, Slide-seq, Stereo-seq, Open-ST,…)

+ “Untargeted”

- Low resolution (spots)

In-situ sequencing / x-FISH
(Xenium, EEL-FISH, MERFISH, seqFISH)

+ High resolution

- Limited genomic features

Single-cell/nuclei RNA-seq
(droplet, combinatorial indexing, plate-based)

+ “Untargeted”

- No spatial information



Single-cell + spatial
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➢ Predicting spatial expression 

of unmeasured genes

➢ Predict the location of 

dissociated cells 

➢ Deconvolution

de Vries,…, de Miranda (2020)



Approaches for scRNA-seq & spatial data integration

Deconvolution Imputation

Joint embedding 
e.g. SpaGE, Seurat, LIGER, gimVI, ENVI, stPlus DSTG, SD

Probabilistic modelling 
e.g. CARD, cell2location, RCTD, stereoscope, SpatialDecon, STRIDE, NMFreg, 

SpatialDWLS, SPOTlight, Stdeconvolve, SpiceMix, Berglund

Probabilistic mapping 
e.g. Tangram, novoSpaRc, SpaOTsc
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Tangram

• Given scRNAseq (𝑆𝑛𝑐𝑒𝑙𝑙𝑠 ×𝑛𝑔𝑒𝑛𝑒𝑠
), and spatial data (𝐺𝑛𝑣𝑜𝑥𝑒𝑙𝑠 ×𝑛𝑔𝑒𝑛𝑒𝑠

)

• Learn a mapping matrix 𝑀𝑛𝑐𝑒𝑙𝑙𝑠 ×𝑛𝑣𝑜𝑥𝑒𝑙𝑠
, 𝑀𝑖𝑗 ≥ 0 is the probability of cell 𝑖 of being in voxel 𝑗, 

σ𝑗
𝑛𝑣𝑜𝑥𝑒𝑙𝑠 𝑀𝑖𝑗 = 1.

• 𝑀𝑇𝑆: predicted spatial gene expression, 𝑚𝑗 =  σ𝑖
𝑛𝑐𝑒𝑙𝑙𝑠 𝑀𝑖𝑗

𝑛𝑐𝑒𝑙𝑙𝑠
: predicted cell density in voxel 𝑗

Biancalani… Regev (2021)
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• Objective function:

Φ ෩𝑀 = 𝐾𝐿 𝑚, Ԧ𝑑 − 

𝑘

𝑛𝑔𝑒𝑛𝑒𝑠

𝑐𝑜𝑠𝑠𝑖𝑚 𝑀𝑇𝑆 ∗,𝑘 , 𝐺∗,𝑘 − 

𝑘

𝑛𝑣𝑜𝑥𝑒𝑙𝑠

𝑐𝑜𝑠𝑠𝑖𝑚 𝑀𝑇𝑆 𝑗,∗, 𝐺𝑗,∗

Biancalani… Regev (2021)

Density term gene/voxel expression term voxel/gene expression term
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Tangram

• Actual objective function:

Biancalani… Regev (2021)
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• Actual objective function:

Biancalani… Regev (2021)

Entropy regularizer



Tangram

• Actual objective function:

Biancalani… Regev (2021)

𝑓𝑛𝑐𝑒𝑙𝑙𝑠
: filter vector

Count term Filter regularizer 

(promote Boolean values)



Tangram

Biancalani… Regev (2021)



cell2location

Kleshchevnikov… Stegle, Baryaktar (2022)

𝑆𝑝𝑎𝑡𝑖𝑎𝑙 𝑐𝑜𝑢𝑛𝑡𝑠 ~ 𝑁𝐵(𝜇𝑠,𝑔, 𝛼𝑒,𝑔)

𝑠: 𝑠𝑝𝑎𝑡𝑖𝑎𝑙 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛

𝑔: 𝑔𝑒𝑛𝑒

𝑒: 𝑏𝑎𝑡𝑐ℎ (𝑠𝑒𝑐𝑡𝑖𝑜𝑛, 𝑠𝑙𝑖𝑑𝑒, … )
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Cell type abundance.

Prior: similarity in cell 

type between locations

Reference signature 

from scRNA-seq data
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scRNA-seq and spatial 

Cell type abundance.

Prior: similarity in cell 

type between locations
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from scRNA-seq data
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SpaGE: Spatial Gene Expression Enhancement
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n genes

n genes m genes

m genes

KNN 
imputation

Abdelaal, Mourragui, Mahfouz*, Reinders* (2020)

+

Tamim 

Abdelaal



Problem: single-cell and spatial data don’t align

Similarity between principal components
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Abdelaal, Mourragui, Mahfouz*, Reinders* (2020)



Aligning single-cell and spatial data
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Domain Adaptation using PRECISE

Abdelaal, Mourragui, Mahfouz*, Reinders* (2020)



Aligning single-cell and spatial data
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SpaGE in primary visual cortex (VISp)

STARmap

1,549 cells

1,020 genes
Wang et al. Science 2018

scRNA-seq

14,249 cells

34,617 transcripts
Tasic et al. Nature 2018
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How do all these methods compare to each other?

Li*, Guo*,…, Qu (2022)Li*, Zhou*…, Gao(2022)



Imputation performance on Xenium data

Salas,…, Nilsson (2023)



SRT data alignment
Pseudo 3D / virtual blocks / …



Scalable SRT allows whole tissue mapping 
using consecutive sections

Qiu,…, Lai (2024)



SRT alignment approaches

• Alignment methods: designed to align or match spots or cells from different ST 
sections or datasets to a common spatial or anatomical reference

➢e.g. PASTE, PASTE2, SPACEL, STalign, GPSA, STIM, CAST

• Integration methods: learn shared latent spot embeddings

➢STAligner, DeepST, PRECAST, SPIRAL

Hu,…, Zhou (2024)



PASTE

Zeira,…, Raphael(2022)



PASTE

Gene expression 

similarity

Spatial distance 

preservation

Zeira,…, Raphael(2022)



CAST

Tang,…, Wang (2024)



STAligner

Triplet: anchor-positive and anchor-negative spot pairs

Anchor-positive: mutual nearest neighbors with similar gene expressions but belong to two different slices 

Anchor-negative: a pair that belongs to the same slice with different spatial positions and dissimilar expressions

Zhou,…, Zhang (2023)



STIM: Spatial Transcriptomics Imaging Framework

Schott*, León-Periñán*, Splendiani*,…, Macino, Karaiskos, Rajewsky (2024)

Preibisch*, Innerberger*,…, Karaiskos, Rajewsky (2024)



3D information is important

Schott*, León-Periñán*, Splendiani*,…, Macino, Karaiskos, Rajewsky (2024)



Comparing SRT alignment and integration 
methods

Hu,… Zhou (2023)



Spatial multiomics



Spatial multimodal

43

Transcriptomics

Proteomics

Metabolomics

Histology



Mass cytometry and mass spectrometry on the 
same section

44

MSI ro IMC image alignment

Nunes*, Ijsselsteijn*,…, de Miranda (2024)



Varying levels of glycerophospholipids across 
cell types

45

Phosphatidylcholine PC(37:5) 

Phosphatidylinositol PI(34:1)

Keratin Vimentin DNA

Nunes*, Ijsselsteijn*,…, de Miranda (2024)



Spatial multiomics on consecutive sections

Vandereyken,,…, Voet (2023)



Spatial multiomics on consecutive sections

Vandereyken,,…, Voet (2023)



Spatial multiomics on consecutive sections

Vandereyken,,…, Voet (2023)

Argelaguet, Cuomo, Stegle, Marioni (2021)

Once aligned can be solved as a vertical integration problem 

(e.g. MOFA+, CCA, JIVE, totalVI,…)



Spatial multimodal alignment using Effortless 
Landmark Detection (ELD)

Ekvall,…, Lundeberg (2024)



Summary

• Integrating SRT and sc/snRNA-seq data

• SRT data alignment (pseudo 3D, virtual block,…)

• Spatial multiomics



Thank You!

a.mahfouz@lumc.nl

mahfouzlab.org
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