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Resolution revolution »transcriptomics
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Resolution revolution »transcriptomics: bulk
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Resolution revolution »transcriptomics: single cell
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Resolution revolution »transcriptomics: spatial
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Emerging state of the art for spatial transcriptomics
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Multi -omics
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Spatial transcriptomics methodologies
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Spatial transcriptomics methodologies: NGS -based
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Spatial transcriptomics methodologies: NGS -based
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Spatial transcriptomics methodologies: imaging
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Spatial transcriptomics methodologies: imaging

S Rolling
@ | amplification
8 n-situ
& \ sequencing
= Ali t
> Sequencmg igninen 1
& +imaging =
= w.&‘“«‘»’}
Probe %“
(st hybridization s
Decoding j

hybridization
N hybndlzatlons
+ imaging

MERFISHVizGen ISS/Xenium, Molecular Cartography,
CosMx Barista-seq, seqFISH STARmap EEL + i

-based

Reconstruction
Spots or cells .

e E

Genes

| xcoordinates |
| ycoordinates |

J

dapted from Rao et al (2021) Nature

0&
m,.} j Segmentation
4

Berlin Institute

of Health
EIM I BI H @ Charité















L\

INPENEIFN IS
=M N
IENEIN BN ZNE
AN\ [N L D
— /xov\ A“\V§Q%
(o) =1\P) T | 1D
\//(\ AN 2N \)J ﬁ&
D) [\@) (@) — | |
l\_\m/ AT 1IN \‘J
4 (@) Q)] 7R
DT 4 D)
9/ \@)(g) (@) ]
| T L T (ol
DNENGIER -
4 D) T\
| \V AN | A \\'/ /‘\
Nl [~
y YN /.\//\
@ /@x —
\\/i\ N AU
Nl ey
S <
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Spatial resolution: single molecule, e.g. MERSCOPE cosMX Xenium
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Resolution of spatial transcriptomics technologies

Spatial resolution Example Technologies
Microdissection TIVA, Geeseq, etc

~3-20 Cells ST, Visium,etc

~1-3 Cell Curio seeker, VisiumHD, etc

sub cellular VisiumHD, openST, stereo-seq
Single Molecule Xenium, MERSCOPE, molecular

cartography, STARmay etc
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Resolution of spatial transcriptomics and challenges

Spatial resolution

Microdissection

~3-20 Cells

~1-3 Cell

sub cellular

Single Molecule

Example Technologies Computational challenge w.r.t
gene expression signals

TIVA, Geeseq, etc
Deconvoluting mixed signals in

ST, Visium,etc spots

Curio seeker, VisiumHD, etc

VisiumHD, openST, stereo-seq

Xenium, MERSCOPE, molecular
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Resolution of spatial transcriptomics and challenges

Spatial resolution

Microdissection

~3-20 Cells

~1-3 Cell

sub cellular

Single Molecule

Example Technologies Computational challenge w.r.t
gene expression signals

TIVA, Geeseq, etc
ST, Visium,etc

Curio seeker, VisiumHD, etc
Aggregating signals into cells

VisiumHD, openST, stereo-seq @

Xenium, MERSCOPE, molecular @

cartography, STARmap etc ‘a
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Imaging-based spatial transcriptomics
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Imaging-based spatial transcriptomics

ACells in tissue
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Imaging-based spatial transcriptomics

ACells in tissue
ATranscripts locations
Almage transcript locations




Imaging-based spatial transcriptomics
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Imaging-based spatial transcriptomics

ACells in tissue

ATranscripts locations
Almage transcript locations
AReport transcript locations
Aldentify cells (segmentation)
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Imaging-based spatial transcriptomics

ACells in tissue
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Imaging-based spatial transcriptomics

ACells in tissue

ATranscripts locations

Almage transcript locations
AReport transcript locations
Aldentify cells (segmentation)
AAnalyse cells
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Evaluation - spot the difference!




Evaluation »cell proportions

29

Green, blue, orange, yellow cells all +/ - 1

Highly dense grey cells are hard to separate
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Evaluation w»cell size

yellow
cells are
split or
missed

Highly dense grey cells are too large
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Evaluation »cell type annotation




Cell segmentation algorithms

Mainly demonstrated on segmenting DAPI (a nucleus stain)
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Cascade Mask

lmage Swin-S Swin-1 Cellpose RCNN seesaw Centermask?2 SOLOv2 ResNeSt Res2Net RF-Next
StarDist HRNet Mask2former Mask RCNN Segment Anything RetinaMask Mesmer MS RCNN FeatureNet

Stalldurd

Benchmark: Wang et al (2024) Briefings in Bioinformatics, https://doi.org/10.1093/bib/bbae407
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original image
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https://fg -segmentation.readthedocs.io/ E”?(” [



Cell segmentation is typically DAPI (nucleus) + expansion

Sweeping assumptions:

A nucleus at the centre of the cell

A cell shapes are roundish (or square -ish when they are close to others)
A cells are all the same size (unless they are close to others)

A Users want to optimise % of transcript in cells

Incorrect segmentation leads to incorrect assignment of transcripts

Expansion Method
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Improving cell segmentation
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Emerging post-segmentation quality control: spatial doublets

Impact of Segmentation Errors in Analysis of Spatial Transcriptomics Data

© Jonathan Mitchel, © Teng Gao, Eli Cole, [ Viktor Petukhov, (&) PeterV. Kharchenko

Missegmentation incorrectly assign transcripts from dof hapsidoiory/0.1101/202501.02631135

This article is a preprint and has not been certified by peer review [what does this mean?].

adjacent Ce”S Abstract Full Text Info/History Metrics [ Preview PDH
A Referredtoase * df efq njN- 3qa  ‘ © Abstract

Spatial transcriptomics aims to elucidate cell coordination within biological tissues by

A || We a.re trylng tO Ca” - |:| é. ‘ 'é. é q f - e f q nJ N linking the state of the cell with its local tissue microenvironment. Imaging-based

assays are particularly promising for exploring such interdependencies, as they can

resolve molecular and cellular features with subcellular resolution in three
dimensions. Quantification and analysis of cellular state in such data, however,
ongina' ﬁbroblast ce"s CRF molecule assignments Cleaned ﬂbrob‘ast cells ultimately depends on the ability to recognize which molecules belong to each cell.

Despite computational and experimental progress, this cell segmentation task
c_1_26_1715

remains challenging. Here we re-analyze data from multiple tissues and platforms and

. find that segmentation errors currently confound most downstream analysis of

! cellular state, including analysis of differential expression, inference of neighboring
cell influence, and ligand-receptor interactions. The extent to which mis-segmented
molecules impact the results can be striking, often dominating the set of top hits. We
show that factorization of molecular neighborhoods can be effective at isolating such
molecular admixtures and minimizing their impact on downstream analysis,

- analogous to doublet filtering of scRNA-seq data. As applications of spatial
transcriptomics assays become more widespread, we expect corrections for the

confounding effect of segmentation errors to become increasingly important for being

able to resolve molecular mechanisms of tissue biology.

Berlin Institute
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Mitchel et al(2025) bioRxiv @ Charite
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. . . 2D, or not 2D? Investigating Vertical Signal Integrity of Tissue Slices
Even though tissues sections are verrry thin, they s nel neeeny
Sebastian Tiesmeyer, Niklas Muiller-Botticher, Alexander Malt, Brian Long, Sergio Marco-Salas, Paul Kiessling,

are Stl ” 3 D Paul Horn,Adrien Guillot, Louis B Kuemmerle, Leyao Ma, Frank Tacke, (' Fabian Theis, Christoph Kuppe,
Mats Nillson, Roland Eils, ©=' Naveed Ishaque

‘ doi: https://doi.org/10.1101/2025.01.13.632601

A © .F_ ) q é‘ ‘ q f ) e f q nj N - 3 q. é’ ) This article is a preprint and has not been certified by peer review [what does this mean?].
A How m any cells do you expect to overl ap’) Abstract | FullText  Info/History  Metrics [ Preview PDF

Abstract

Imaging-based spatially resolved transcriptomics can localise transcripts within cells in
3D. Cell segmentation precedes assignment of transcripts to cells and annotation of
cell function. However, cell segmentation is usually performed in 2D, thus unable to
deal with spatial doublets arising from overlapping cells, resulting in segmented cells

containing transcripts originating from multiple cell-types. Here we present a

computational tool called ovrlpy that identifies overlapping cells, tissue folds and

© =
a yA inaccurate cell-segmentation.

Competing Interest Statement

BON US PR ESENTATI ON I The authors have declared no competing interest.
A Check out slides 82 onwards
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. e®
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[3] Codeluppi et al (2019) Nature Methods. [4] Shutterstock.com 161560277



Inhibitory neurons : Excitatory neurons
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Modelling mRNA distribution

Spatial model »how are mMRNA molecules organised when they come from the same cell?
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A Graph-based models
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Modelling mRNA distribution

Spatial model »how are mMRNA molecules organised when they come from the same cell?
A Graph-based models
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Modelling mRNA distribution

Spatial model »how are mMRNA molecules organised when they come from the same cell?
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Cell type model »how is spatial gene expression associated to different cell types?

A Prior cell type specific expression signatures e.g. from single cell RNA sequencing data
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Instance segmentation

(imagine people = cells) Traditional cell Transcript density -
segmentation based methods
+

Graph-based methods
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X = 7 X - - A T . ( (
Jaqq alsay f eNny ékaa fyfq e
A Graph-based models (is transcript aggregation/clustering different from cell  -segmentation?)

A spage2vec Partel and Wahlby, FEBS J, 2020)
A Baysor (Petukhov et al, Nat Biotechnol , 2021)

A Points2Regions (Andersson et al, Cytometry A, 2024)
A Density-based models
A SSAM (Park et al, Nat Commun, 2021) *
A SSAMlite (Tiesmeyer et al, Front Genet, 2022) *
A FICTURE (Si et al, Nat Methods, 2024)
A TopACT (Benjamin et al, Nature 2024)
A SAINSC (MuellerBoetticher et al, Small Methods, 2024) *
A Augmented Cell Segmentation methods (using sScRNA-seq data to improve segmentation)
Baysor »can work with a DAPI prior
pciSeq (Qian et al, Nat Methods, 2019) »Poisson point process + negative binomial

JSTAIl(ittmann et al, MSB, 2021)»joint segmentation and typing applying ML on top of Watershed segmentation

o Io o Do

Segger (unpublished) »GNN that utilises nucleus segmentation and transcript graphs
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Cell segmentation free analysis »d Iz Nand cons

Pros:
A Generally require less computational resources

A &N~ gqe3e an "N " fey"
A Analysis of measured transcripts

Cons:
A Cannot identify cells without transcripts (e.g. ifacell -~ d&4 3 fkZA&ak njenjy &~ .
A Conceptual interpretation of results - where are my cells?

A Limited downstream analysis options
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Modelling transcript density using
SSAM and Sainsc

gfeA+ Eanyl 3ey &~ fdpfi 2Fe@zayladawefldéanmy -~~~ da‘ ékzns
Nature communications vol. 12,1 3545. 10 Jun. 2021, doi:10.1038/s4148Y21-2380F-4
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Inhibitory neurons Excitatory neurons J
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SSAM: cell segmentation free analysis of spatial data

Analyse spatial gene expression density, not cells

Single cell
/
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Park et al (2022) Nature Communicatio



The SSAM algorithm In 3 steps

1) Smooth gene expression
2) Provide/identify cell type signatures

3) Generate the cell -type map (sematic segmentation)
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Step 1.1:calculate spatial mMRNA density

Apply Kernel Density Estimation (KDE) with Gaussian kernel

Resulting image represents the probability density of mMRNA existence

A} dwya NAL I dza<oe oawdol -3al <w | Iw-N wé T adse o G
Bandwidth (sigma) should smooth between mRNA, but not outside of cells

Gaussian kernel
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Stacking the KDE of each profiled gene

~

lzaf-a° ~Ha laya & dza

Each pixel in the vector field can be thought
to have its own expression profile

gene 1
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vector field
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Step 1.3: define gene expression threshold

If total gene expression density is too low then the signal likely originates from outside the cell
A eq akeyl qn. Tdayad & dka'' ' eny bdkdme ™ doz zay"

Single cell
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Step 2.1: identify cell -type signatures

For many cell types, cell -type signatures are known: e.g. single -cell RNA sequencing

If cell -type signatures are not known then they need to be computed from the data
"elyfaq f' Eadka

[ ) A local maxima
s AR, L
AT
c(Rol
. Vector field |dentify L1 local maxima

MRNA as a nproxyo for

| aqal eyl qgnNlfq 3f esf Né& 3HA

locations

Berlin Institute
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Step 2.2: identify cell -type signatures »cluster local maxima

Cluster gene expression profiles of sScRNAseq data or local L1 maxima

Different cluster = different cell type = different function!
SSAM adopts a Louvain algorithm clustering approach
A This can be exchanged with your favourite clustering method!

Median cluster expression = cell -type gene expression signature

Visualise using UMAP

i 1BIH:
Park et al (2022) Nature Communicatiod— @Charite
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Step 3: generate the cell type map
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