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Overview of Today’s Topics

e What is Spatial Transcriptomics?
o How can it be used to study various tissues?

|
|
|
e What are some differences between various methods? :
e How can we analyze the data? |
|
|
|
|

What are some of the current challenges in the field?
o Challenge #1: Cell Segmentation
o Challenge #2: Integration and Alignment of Multiple Samples



An Introduction to the Methods




A Comparative Analogy:

If a cell is a berry...







Applications Across
Tissue Types
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Timeline of Spatial Transcriptomics Methods

The ability to examine RNA and protein expression in tissues isn’t new (ex. in situ
hybridization since 1960s), but the capabilities have exponentially increased in recent years
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Various Spatial Transcriptomics Methods Are Used
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Classes of Spatial Transcriptomics Methods
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Lim, H.J., Wang, Y., Buzdin, A. et al. A practical guide for
choosing an optimal spatial transcriptomics technology from
seven major commercially available options. BMC Genomics
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Classes of Spatial Transcriptomics Methods

Imaging-Based Sequencing-Based
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Lim, H.J., Wang, Y., Buzdin, A. et al. A practical guide for
choosing an optimal spatial transcriptomics technology from
seven major commercially available options. BMC Genomics
26, 47 (2025). https://doi.org/10.1186/s12864-025-11235-3
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Differences within Spatial Transcriptomics Methods

The many commercial and academic methods vary by:

- Resolution (“true” single-cell or single-cell level?)

- Number of genes detected (panel vs whole transcriptome)

- Sensitivity of detection

- Size of the imaging area

- Experimental: Cost, time, difficulty in sample preparation and processing
- Sample considerations (fresh frozen vs FFPE tissue slices)

Benchmarking studies are still ongoing and companies continue
to update their protocols and machines — Check the current

benchmarking papers before designing your project!
12



An example benchmarking study

Formalin-fixed,

paraffin-embedded

VA
coclons [
| W

Fresh tissue
dissociation

Fresh frosen sectlons

CosMx 6K

. CODEX
A\ Xenium 5K

CODEX

scRNA-seq

/

A\ CODEX

*HCC: Hepatocellular Carcinoma (liver cancer)

COAD: Colon adenocarcinoma (colon cancer)
OV: ovarian tumor

Article Open access Published: 17 October 2025

Systematic benchmarking of high-throughput
subcellular spatial transcriptomics platforms across
human tumors

Pengfei Ren, Rui Zhang, Yunfeng Wang, Peng Zhang, Ce Luo, Suyan Wang, Xiaohong Li, Zongxu Zhang

Yanping_Zhao, Yufeng He, Haorui Zhang, Yufeng Li, Zhidong Gao, Xiuping Zhang, Yahui Zhao, Zhihua

Liu, Yuanguang Meng 9, Zhe Zhang 9 & Zexian Zeng &

Nature Communications 16, Article number: 9232 (2025) | Cite this article

A\ Visium HD FFPE
\ CODEX

Imaging-based ST:
Xenium and CosMx
Sequencing-based ST:
VisiumHD and Stero-seq

“Ground Truth” Protein
Imaging: CODEX
(antibody-staining and

A\ Stereo-seq v1.3 Ima gl ng)

“Ground Truth” RNA
Sequencing: scRNAseq
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Stereo-seq v1.3

Benchmark: Gene Detection
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Article Open access Published: 17 October 2025

Systematic benchmarking of high-throughput
subcellular spatial transcriptomics platforms across
human tumors

Pengfei Ren, Rui Zhang, Yunfeng Wang, Peng Zhang, Ce Luo, Suyan Wang, Xiaohong Li, Zongxu Zhang

Yanping Zhao, Yufeng He, Haorui Zhang, Yufeng Li, Zhidong Gao, Xiuping_Zhang, Yahui Zhao, Zhihua

Liu, Yuanguang Meng &, Zhe Zhang ™ & Zexian Zeng &9

Nature Communications 16, Article number: 9232 (2025) \ Cite this article

CosMx 6K Xenium 5K

Stereo-seq v1.3 Visium HD FFPE

Gene detection and sensitivity varies across platforms
— panel vs whole-transcriptome
— probe vs transcript capture
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Benchmark: Cell Typing

Article Open access = Published: 17 October 2025

Systematic benchmarking of high-throughput
subcellular spatial transcriptomics platforms across
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Yanping Zhao, Yufeng He, Haorui Zhang, Yufeng Li, Zhidong Gao, Xiuping Zhang, Yahui Zhao, Zhihua

Liu, Yuanguang Meng &, Zhe Zhang & & Zexian Zeng &

Nature Communications 16, Article number: 9232 (2025) | Cite this article
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Analysis Methods




Tools for Spatial Transcrlptomlcs Analysis

features (rows)
A

= =

: ! GUI :
o T e s S— . : [Each commercial method has :
: ! their own analysis tools] !

SpatialExperiment (Bioconductor):
https://Imweber.org/OSTA/

; : Use whatever tool you (and your colleagues)
e e e e e : are most comfortable working with! 17


https://spatialdata.scverse.org/en/latest/index.html
https://satijalab.org/seurat/
https://lmweber.org/OSTA/

“Standard” Method
Workflow

Looks a lot like scRNAseq
methods...

Steps:

1)

2)

)

4)
5)

Quality Check (#genes,
#counts per cell/region)
Normalization [and
Integration]

Dimensional Reduction and
Clustering

Cell typing

DEG + further analysis
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Steps:

“Standard” Method S

Quality Check (#genes,

#counts per cell/region)
Workﬂ‘ow Normalization [and
Integration]
Looks a lot like scRNAseq Dimensional Reduction and
methods... Clustering
...but with SpatiaNCOOFAINatES Cell typing

DEG + further analysis




Steps:

1) Cell Segmentation or Region

Challenges within |l
the “Standard” SRR,

Dimensional Reduction and

: Clustering
1) Cell segmentation 5) Cell typing

2) Integration, alignment, and 5 Sl € e R

spatial .dUStermg of 7) DEG + further analysis
multiple slices

Method Workflow  [Ewwevws




Challenges #1: How to Best Segment Cells?




The dilemma of cell segmentation

Where is the cell?

Imaging-based Sequencing-based
(ex 10X Xenium) (ex. 10X Visium)
@

*diagram definitely not to scale
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*Example

Most methods start with finding the nuclei 75"

Where is the nuclei?

Cellpose
Imaging-based Sequencing-based
(ex 10X Xenium) (ex. 10X Visium)
o

Nuclear staining

*diagram definitely not to scale

STARDist,

23




*Example

Most methods start with finding the nuclei 75"

. . STARDist,
Where is the nuclei? Cellpose
Imaging-based Sequencing-based
(ex 10X Xenium) (ex. 10X Visium)
@

Nuclear staining + expansion

*diagram definitely not to scale

24




If available, membrane staining to find boundaries

Where is the cell boundary?

Imaging-based Sequencing-based
(ex 10X Xenium) (ex. 10X Visium)
© Membrane
stainin
@ @ 0
Intensity
density

A Nuclear staining + expansion

*diagram definitely not to scale
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Definition of a cell is the sum of counts in a region

Now group the counts into “cells”

Imaging-based Sequencing-based
(ex 10X Xenium) (ex. 10X Visium)
@

Various methods for the cell boundary + grouping process of

cell segmentation [often tissue and method dependent] -

*diagram definitely not to scale




“Bad” cell segmentation can limit further analysis

Balance the number of cells with the quality
of the cells (no overlapping or empty cells) -,

-----

Sensitivity e
(counts/cells) SEOEEN e
. w 'l" \\‘

under-segmentation

Heidari et al. bioRxiv 2025.03.14.643160; doi: Increases in false negatives and false positives
https://doi.org/10.1101/2025.03.14.643160
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Challenges #2: How to Integrate and Align Multiple

Samples?




Alignment vs Integration of Slices

Source
Alignment Integration
T “Merging” the slices together (ex. “Combining” the data together (ex.
mapping coordinates to stack) batch correction)
Uncorrected gene expression Comected gene axprassion in 2
In 2 slices shces
Target N N (O N N [
g hufr;y'l‘g?asl h Unaligned i ] STalign R : $ 2 j $ 2
%é‘ A $$$\\: (mwif,. ‘:2
xd:c: Yy X _> X
Aligned Source NANM \ R e ; 7\

Clifton, K., Anant, M., Aihara, G. et al. STalign.
Nat Commun 14, 8123 (2023). Millard, N., Chen, J.H., Palshikar, M.G. et al. Crescendo. Genome
https://doi.org/10.1038/s41467-023-43915-7 Biol 26, 36 (2025). https://doi.org/10.1186/s13059-025-03479-9 30
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Alignment and Integration of Slices

Source
Alignment Integration
“Merging” the slices together (ex. “Combining” the data together (ex.
mapping coordinates to stack) batch correction)
Uncorrected gens expression Cormrected gene axpression n 2
in 2 slices shces
Target NN [ N N [
These methods can 5 PR o 3
Aligned Source WOI’k tOgEthel” AR - N /A ‘: 7\ 5

X X
Clifton, K., Anant, M., Aihara, G. et al. STalign.
Nat Commun 14, 8123 (2023). Millard, N., Chen, J.H., Palshikar, M.G. et al. Crescendo. Genome
https://doi.org/10.1038/s41467-023-43915-7 Biol 26, 36 (2025). https://doi.org/10.1186/s13059-025-03479-9 31
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Various Alignment and Integration Methods

Alignment & Integration of Multiple Spatial Transcriptomics Tissue Slices

Challenges [ Input: Multiple Tissue Slices J Method Categories [Output: Aligned & integrated slictﬂ
N\

e 1
Better
AT " . 1 . | Homogeneous Inage I .
[ High-dimensionality J I[ Homogeneous Slices 1 Alignment & Statistical - .8 . Expression 3D P!olistlc
| 1 Integration Mapping "R°°?s:'"f_ an Coverage & View
{Same dataset, technology, 1 €giStration Resolution

Multi-modality ||tissue section, spatial region JI W ______________________
I @ I « Splotch il :
|[* Different dataset or | Demonstrased || GF:’S - - STUtility * BiG, l [Validation: Downstream Analysisj
i . ; technology, but same tissue 1 esuson 1 Eeenlant !
Spatial Heterogeneity . section or spatial region \ 1|, Pi‘;l‘:' Ea" 1| o D
s 1 : * GraphST : Spatial Spatial
trae |L——1 [ Heterogeneous | || = = = m = = e e o - - - Clustering Profiling
[ e s |l Mg | 12 . Rl
! ! Integration e !
!« same dataset or technology, |1 ~ : :I:lt:'ker 1 3D Mappfng Develop-
. " ! but similar or different tissue || 'gn 1 for Spatial mental
Spatial Warping I|section, spatial region | 1 C Atlas Trajectory
: I Demonstrated I =
1 Results on 1
. e 1|+ Different dataset, technology, | 1 Drug Biomarker
1|tissue section, spatial region Jl 1 Discovery Discovery
e s e e e = s 1| e N 1
Muiz Khan, Suzan Arslanturk, Sorin Draghici, A comprehensive ; ; ; ;
review of spatial transcriptomics data alignment and A number of methods are available with different underlying
integration, Nucleic Acids Research, Volume 53, Issue 12, 8 sta tiStiCS/assumptionS but Often the “best” method will

July 2025, gkaf536, https://doi.org/10.1093/nar/gkaf536

depend on tissue type 32
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‘Benchmark: Alignment and Integration

Methods
1. Series sections || 1. Deep-learning-based
@ Graph representation Neural network

How well the
integration performs
will affect the

2. Patient samples

A
A<=

downstream analysis
<= .
parz (are you getting the

“like”/similar cells
together?)

Spatial omics data
Spot / cells 3. Hybrid

Deep-learing-based
L 3
Statistics-based

<x Genes

a Banksy CellCharter

[ JES I I J( |t o et | I

How well did the samples integrate?

GraphST-PASTE MENDER

GraphST
bASW : 0.957 bASW : 0.972 bASW : 0.939 bASW : 0.961 bASW : 0.938
)

Slices

151673

151674

PRECAST STAIG STAligner *151675
bASW : 0.872 bASW : 0.895 bASW : 0.884 ©151675

;u!T"__;‘ batchASW (1=perfect mixing of cells)

How well were distinct spatial regions separated?

b Banksy CellCharter GraphST GraphST-PASTE MENDER
dASW : 0.483 dASW : 0.537 dASW : 0.470 dASW : 0.493 dASW : 0.559
DLPFC 81 4 17985 * 4496 33538/ MERFISH Brain S8 3 38338 = 12779 374
DLPFC 82 4 15101 % 3775 33538 MERFISH Brain S9 3 33868 ~ 11289 374
DLPFC S3 4 14243 v 3561 33538|MERFISH Brain S10 3 28105 w9368 374
MERFISH Preoptic 5 28317 » 5663 156 MERFISH Brain 811 3 28955 —+ 9652 374
L3
MERFISH Brain S22 40484 ——120242 374  MERFISHBranS12 2 33241 116621 374 . L4
PRECAST SpaDo SPIRAL STAIG STAligner L5
MERFISH Brain $3 2 35347 [N 17674 374 |Large-scale dataset 33 161384 [We 4890 254 dASW : 0.540 dASW : 0.563 AS) dASW : 0.619 dASW : 0.563 s
MERFISH Brain S4 3 31508 [ 10503 | . 374 BaristaSeq 3 5257 B 1752 | L) “'_ ‘5& \ /
i ; L
MERFISH Brain 85 3 20371 [ 9790 | EQ STARMap 3 3190 p 1083 [ 1e6 ‘ o i
MERFISH Brain S6 3 25007 [k 8636 I TNBC 40 197678  [bw 4942 | 3 N o 5 D
G e
MERFISH Brain 87 3 32792 [ 10931 I 74 L. . ... . .
Unep 1 domainASW (1= distinct separation of domains)
Dong, K., Gao, Y., Zou, Q. et al. Benchmarking multi-slice integration and downstream applications in spatial transcriptomics 33

data analysis. Genome Biol 26, 318 (2025). https://doi.ora/10.1186/s13059-025-03796-z
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Spatial Clustering Method: BANKSY

© ®©

Celli
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o ‘
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@ d r £ Zone A

microenvironment

microenvironment

Singhal, V., Chou, N., Lee, J. et al. BANKSY unifies cell typing and tissue domain
segmentation for scalable spatial omics data analysis. Nat Genet 56, 431—441

(2024). https://doi.org/10.1038/s41588-024-01664-3

Cells live in unigue
microenvironments

— Including the spatial information
can aid clustering and cell typing

Slide-seq mouse cerebellum

Granular layer

BANKSY

Unsupervised clustering

Nonspatial
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Spatial Clustering Method: BANKSY

human colorectal cancer MERFISH data

BANKSY

o
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Singhal, V., Chou, N., Lee, J. et al. BANKSY unifies cell typing and tissue domain
segmentation for scalable spatial omics data analysis. Nat Genet 56, 431—441

(2024). https://doi.org/10.1038/s41588-024-01664-3

*Other methods are available and

Better* clustering

— clearer marker gene expression

— clearer cell typing

—s clearer discoveries on tissue-wide

gene expression patterns

cycling epithelial cell markers

UMAP 2

UMAP 1

will perform better/worse
depending on the tissue type!
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Take-home Messages

* There are many methods for spatial transcriptomics—find the method that
works for your experimental des:&n, (budget), and data quality needs
» Methods differ by detection method, number of genes, sensitivity
e Cell segmentation is a very important quality check!

matrix, the analysis is ver¥ similar to the scRNAseq analysis methods

| (just add some spatial plots!) _ _

* Integration and clustering can be challenging and those methods are still
being developed and benchmarked

sample tissues so you might need to try multiple methods!

tissue structure and cell types can be confusing!)

It is an expanding field so have fun and be patient as you learn new methods!

e — — — —

e After cell segmentation steps, if you can get the single-cell feature x count

 Both the experimental and bioinformatic methods vary depending on the

« Discuss with your biologist friends and histology experts (understanding
i

d
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