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Outline

• Why spatial omics

• Spatial transcriptomic technologies: Sequencing vs Imaging based

• Data analysis pipeline and applications

 Pre-processing: platform dependent

 Downstream analysis and visualization

• Pre-processing with Space Ranger for Visium HD and Xenium 5K onboard analysis 

• Downstream analysis pipeline - Seurat Workflow

 Data import

 QC, filtering and feature selection

 Dimension reduction and clustering

 Data visualization and integration

• Advanced topics: cell segmentation, cell type deconvolution, integration with 
scRNA data, and cell-cell communication



Why Spatial Biology

• Single cell sequencing reveals cellular heterogeneity

• Spatial information is important



Two Classes of ST Technology
• Sequencing Based (SST) gene 

detection

• 10x Visium, Slide-seq2, Stereo-seq etc

• Whole transcriptome but not true single 
cell resolution

• Imaging based (IST) gene detection

• 10x Xenium, MERFISH, Resolve etc

• Subcellular resolution but limited gene 
throughput

Tian et al, 2023



General Data Analysis Workflow

• Pre-processing is handled 
by proprietary software 
such as Space Ranger or 
on Xenium Analyzer 
instrument.

• Downstream analysis may 
be performed with a wide 
range of transcriptomics
analysis packages: Seurat, 
Scanpy, Squidpy, Giotto 
etc.

Williams et al, 2022

e.g. Xenium e.g. Visium



Analytical tools for Downstream Analysis



Visium HD



Visium HD vs Visium



Visium (HD) Data Analysis Work Flow



10x Visium HD Data and Space Ranger Count

https://www.10xgenomics.com/support/software/space-ranger/latest



Space Ranger Output: Web Summary



Xenium Prime 5K



https://www.10xgenomics.com/support/software/xenium-onboard-analysis/latest/analysis/



Xenium 5K Web Summary



Xenium 5K Web Summary



Various Tools for Xenium Analysis



Imaging Based ST: Cell Segmentation

• Many of the downstream analyses and 
interpretations of the spatially 
resolved data depend on the ability to 
resolve individual cells

• Cellpose, Baysor (Xenium)

• Stardist (Visium HD), deepcell

• Spot-based Spatial cell-type Analysis by 
Multidimensional mRNA density 
estimation (SSAM)

• DL can be computational intensive



10x Xenium Multimodal Segmentation

The segmentation results are prioritized in this order for each cell:

• Segment cells based on their cell boundary stain

• Segment cells based on expansion from the nucleus to the cell interior stain edge

• Nuclear expansion



Optimizing Xenium Segmentation

Cellpose + Baysor

• Xenium’s current segmentation: 
Cookie cutter style, 2D, nuclei 
segmentation based on DAPI, 
followed by an expansion of the 
segmentation masks with 15 
micron

• Nuclei segmentation using 
Cellpose and the assignment of 
reads to individual cells using 
Baysor



Increasing Volume of Data



Xenium: Gene Imputation

• Predicting gene expression from a 
reference scRNA-seq onto the 
cellular-resolution ST dataset

• gimVI, SpaGE, Tangram, SpaOTsc; 
RCTD, Seurat integration, Liger …



Seurat: Data Import: Visium HD



Seurat: Data Import: Xenium



Seurat: QC and Filtering

vln.plot <- VlnPlot(object, features = "nCount_Spatial.008um", pt.size = 0)

count.plot <- SpatialFeaturePlot(object, features = "nCount_Spatial.008um")

https://satijalab.org/seurat/reference/vlnplot
https://satijalab.org/seurat/reference/spatialplot


Normalization and Feature Selection

brain <- SCTransform(brain, assay = "Spatial", verbose = FALSE")

SpaNorm

(https://www.biorxiv.org/content/10.1101/2

024.05.31.596908v1)



Linear Dimension Reduction

Matthias Scholz, 2015

• Principle Component Analysis (PCA) is a 
standard technique for visualizing high 
dimensional data and for data pre-processing. 

HVGs from SCTransform go into PCA

brain <- RunPCA(brain, assay = "SCT", verbose = FALSE)



Clustering

• Distance/similarity metrics

• Algorithm choices
• K means

• Hierarchical

• Density based

• Graph partition

• …

brain <- FindNeighbors(brain, reduction = "pca", dims = 1:30)
brain <- FindClusters(brain, verbose = FALSE)



Non Linear Dimension Reduction : UMAP

UMAP is not clustering!

brain <- RunUMAP(brain, reduction = "pca", dims = 1:30)



Differential Gene Expression



Sequencing Based ST Data Analysis: Visium

• Cell Type Deconvolution
• RCTD

• SpatialDWLS (Giotto)

• Alignment of scRNA data with SST 
Data
• CytoSpace

• Tangram

• Cell2location

• BayesSpace



Integrating scRNA Data with ST Data



RCTD : Robust Cell Type Decomposition

# run RCTD with many cores
RCTD <- create.RCTD(query, reference, max_cores = 8)
RCTD <- run.RCTD(RCTD, doublet_mode = "doublet")

Cable et al, 2022



Downstream Analysis: Cell-Cell Communication

Cang et al, 2023

• Spatial CellChat (v2)

• COMMOT: collective 
optimal transport based  

• SpaTalk : knowledge-
graph-based cell-cell 
communication 
inference 



CellChat v2

• Currently mostly applicable to 
sequencing based data

• Interaction range set to 250 micron

• Can combine replicates and 
compare different conditions

>cellchat <- createCellChat(object = data.input, meta = meta, group.by = "labels",  datatype = 
"spatial", coordinates = spatial.locs, spatial.factors = spatial.factors)
>cellchat <- identifyOverExpressedGenes(cellchat)  
>cellchat <- identifyOverExpressedInteractions(cellchat) 
>cellchat <- computeCommunProb(cellchat, type = "truncatedMean", trim = 0.1,   distance.use = 
TRUE, interaction.range = 250, contact.dependent = TRUE, contact.range = 100)



Challenges in ST Data Analysis

• Wide range of protocols and data processing pipelines

• A larger variety of file formats and data structures due to 
heterogeneity of methodologies

• No standardized tissue and quality control measurements or 
benchmarks

• Increased data volume, run time and memory usage demands more 
hardware and hands on time

• Computation tools are evolving rapidly



Downstream Analysis: Spatial DE
• Cell type specific differential 

gene expression (C-SIDE)

• Takes into account cell types

• Accounting for localization of 
other cell types

• Can incorporate covariates and 
replicates

• Can detect DE due to pathology, 
anatomical regions, cell-cell 
interactions etc

Cable et al, 2022Implemented in spacexr package 



Primary Analysis with 10x Space Ranger


