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The landscape of spatial transcriptomics 2 “10logies

smFISH smHCR MERFISH

GeoMx" Digital
Spatial Profiler £ O B

PR ! | £ prabes : |\ Probes
The GeoMx Digital Spatial Profiler . - @V/‘ L }L}J T
combines high-plex and high-throughput /ﬂ/ ke L/QWW plasmanton ol 1007 e Lo mz RR
spatial analysis of RNA and protein o e " ’;“/ " RN = « NeiH o m ‘&L
1982 expression data. : l .’é‘ %’.;’f.ﬁ F%J/ Sl iﬂ& g/ - il %
- — %T/) et IR Wcncpk e " e RS

’ e rad e — WALy
FIND MORE DETAILS A en e v
@ smFist f J 2 k/ HDST Slide-seq

Readout hyb2

2
. Tasuo o0 top of N = et m
e pdes = i @ -l
p AW A AL 1L
ot kR MM ,, W ‘ § i
. — | \ r |
Dhasel Extinguish signal . ’ N Hh
@ seqFIsH A e ! / Ul‘ - l A
! Mt P Rp S
e, = Miroscopic side  Well wih beads  Boad surface  2um packed beads on Coversip Boad urfaco
@DNA : 5/&-a<luulmb N
mic RNAscope E Apex-Seq GeoMX Digital Spatial Profiler P
P vl P aomoa ’
@Nanostring < GENOMICS i i X - onlopee SR
L . ‘
GeoMx I p— o — | W )
V2277 Ve - -
e \ R ! e
2ENE o > Qn 23 -
Az . ® e
Sretter e — Tz Recombinant col  APEX2 o3 within dstinct Tissue section on top el Digital counts
nse, OZupmcmuihdant  Temowectoonle  sutRos giatconing g
S
27 7L
seqFISH+ Barcoding Barcodin Barcoding
vizgen merscope 6 \ipw AN i e vy by
g AP LA AR § e Sy S Sy
¢

Continue to barcoding rounds

Section 5. In silico reconstruction of spatial data poewdocolrinar: e Wy e e

Asp et al. Bioessays, 2019



Pre-staining
to reduce
autofluorescence

Start

Haemotoxylin
and Eosin
(H&E) stain

Registration Image
and segmentation
stitching and analysis

Spatial proteomics

Bleaching:
(fluorophore

oxidation) m

incubation

Imaging Mass Cytometry and
Multiplexed Immuno Histochemistry %%%;ﬁ::;:;'

Nuclear
staining

Pre-SEJaining .,

AKOYA

BIOSCIENCES®

SPATIAL BIOLOGY COMPANY

PhenoCycler-Fusion n

Y W 1A VO(

h ) -0

Cellular Tumour
communities classification

Single-cell
phenotyping

jh-dimensional
imaging

—» Survival analysis

. L |
Jf “
WS | e

Auto-

fluorescence

Y position

1st cycle: Post-Bleaching

“42nd cycle: Post-Bleaching

Lin et al. Elife 2018
Jackson et al. Nature 2020



Spatial molecular data processing and analysis

a Image processing, segmentation, coordinate registration and data structure

Image processing, segmentation, registration and data structures

Cell entity identification via segmentation

Cell entity identification via segmentation-free methods

b Deconvolution and data integration ¢ Multimodal analysis Image proceSSIng
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Segmentation based methods and pipelines
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Image processmg, segmentatlon registration and data structures
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Interactive visualization of spatial omics data
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From data integration to reference-based deconvolution
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From multi-modal data integration to modality alignment

Gene expression prediction
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From joint to aligned data representations
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From multi-modal data integration to modality alignment

From joint to aligned data representations

An astronaut riding a horse Teddy bears shopping for
Text prompt:  jj the style of Andy Warhol groceries in the style of ukiyo-e

Image output:

In ML/CV several efforts in
recent years showed how
representations learnt from
large-scale experiments
(data+compute) have great
OOD and sampling
capabilities.
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Cellular communication inference

From receptor-ligand interaction test to spatial variance component analysis
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Spatially variable genes and identification of tissue module

Identifying spatial patterns in tissues.
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Spatial clusters and spatially-aware dimensionality reduction
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Registration and alignment of spatial coordinates

Towards building a Common Coordinate Framework of tissue and organs
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Registration and alignment of spatial coordinates

Towards building a Common Coordinate Framework of tissue and organs
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Datasets
Human Developmental Heart

Spatial dataset
Andersson et al.
Bioarxiv 2022

7 Visium slides:
- ~15k cells
- ~7k genes

Single-cell dataset

Cao et al. Science 2021

- ~ 96k cells
- ~30k genes
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Methods and notebooks

R

Infrastructure, analysis and visualization

squidpy
Palla, Spitzer et al.
Nat. Methods 2022

spatial-experiment +
bioconductor
Righelli, Weber et al.
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Thank you for the attention!

SCOG
Virtual Workshop:

Spatial transcriptomics
data analysis in Python

May 23 - 24, 2022
(1 - 5pm, CEST)
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