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20 years of transcriptomics

Driven by microfluidics technological developments

Whole Genome View
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Early 2000’s: DNA microarray Late 2000’s: RNA sequencing

e Large-scaletranscriptome * Whole transcriptome

e Oligonucleotide probe tilling * Next Generation Sequencing
e Fluorochromesignal analysis ¢ Fulktranscript coverage

e Bulkresolution * Bulkresolution

Cost : 4k€ Cost : 4k€
20 samples 20 samples
25k genes 50k genes
0,5M matrix 1M matrix

Mesenchyme . endethelia
n=52749 Lihaalias (LE)

n= 51809

Mid 2010’s: Single -cell

* Whole transcriptome

* Microfluidics + NGS

* 3p-end gene signal (UMI

e Sensitivity (6%)

» Single-cell/ state resolution

% ?é . Cost : 4k€
$ 0,4 2.
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2020’s : Spatial

* 500-1000 gene targets

* Imaginganalysis

» MultiplexingFiSH(single molecule)
» Sensitivity (3380%)

» Sub-cellular resolution

Cost : 4k€

250k cells

© 1k genes

250M matrix

+ Spatial dimension







Spatial Transcriptomics approaches

Historical timeline

» Spatial transcriptomics aimsat directly visualize gene expression in their originahvironment

» Tacklethe main limitation of single cekxperiment missing the spatial organization
* A lotof developments in the last years thanks to recemidvancesin differentfields
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In-situ capture Spatial Transcriptomics (2017 -2022)

Visiumis widely adopted by academics

Visium Spatial  Capture Area with Visium Gene

Vislum
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But is not the idealreadout for spatialbiology
(Akoya credit rough caricature)



Imaging -based Spatial Transcriptomics (2022)

No more sequencing for direct singlecell resolution

Lower gene panel targetgfrom whole transcriptome to ~1,000 genes)
Higher sensitivity(from ~6% to 30-80%)

Larger imaging area(42 to 236 mm2)

Higher resolution(from 55 pum to subcellular)

WHOLE SECTION WIDE FIELD OF VIEW SUB-CELLULAR




Imaging -based Spatial Transcriptomics (2022)

No more sequencing for direct single-cell resolution

merscope vizgen | II I
Nanostring CosMx Vizgen Merscope 10xGenomics Xenium
* 960 targets (panel 20k, AGBT24) « 1.000 targets * 400 - 6,000 targets
» Sensitivity : << 30-80% (+) » Sensitivity: 30-80% (+++) » Sensitivity : 530% (++)
* Imaging area:16 mmz2 (2 days) * Imaging area: 100 mm2 (2 days) * Imaging area:236 mm2 (4 days)
* Resolution:200 nm * Resolution 100 nm * Resolution 200 nm
Sl{B;::LLULAR ? - SUB_CELLS:_:\.S




Imaging -based Spatial Transcriptomics (2022)

No more sequencingfor direct singlecell resolution

merscope vizgen
Nanostring CosMx Vizgen Merscope
ISH-based Multiplex ErrorRobust FISH

Available (0ct.2022) g6

RNA Transcript from Gene 1
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Imaging -based Spatial Transcriptomics platforms comparison

2 recent bioRxivcomparative studies

A Comparative Analysis of

Platforms

David P. Cook’, Kirk B. Jensen2*“ Kellie Wise?? Michael J. Roach??, Felipe Segato Dezem®’,
Natalie K. Ryan®®, Michel Zamojski®, loannis S. Vlachos' "2 Simon R. V. Knott™ ' Lisa M.

Butler®s, Jeffrey L. Wrana''%, Nicholas E. Banovich'®, Jasmine T. Plummer®7#*, Luciano G.
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Systematic benchmarking of imaging spatial transcriptomics platforms in FFPE tissues

, Ce Gao®, Miles Tran®, Anna Yeaton®, Kristen Felt®,

Kathleen L. Pfaff, Teri Bowman’, Scott J. Rodig®’, Kevin Wei~-7, Brittany A. Goods>™, Samouil
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» CosMxis much less sensitive (high FPR)
* Merscope / Xeniumfor Fresh frozen slice
« Xeniumoptimal for FFPEslice



Gene targets panel design

Depending on the biological question !

Depending of your specific scientific focus MERSCOPE Immuno-Oncology Panel

 |dentify allmajor cell types, resolve cell subtypes

* Explore functional information

* Investigate interactions between cell types

» Ligand-receptors analysis

» Explore canonicalsignaling pathways

« Profile immune checkpoint molecules Investigate the Mouse Brain

gubg'oups

Checkpoint m A

Investigate Tumor Biology

; (.3“5 '.doe.-f'n*_.',r_;‘?.‘_:'r
Satisfy technological system limitations

* Number oftargets available

* Range ofgene targets expression

» Total gene targets expression

» Budgetaround 15 k€ for 10 reactions

httos://portal.vizgen.cont

https.//cloud.10xgenomics.com/xeniumpanel-designer



https://portal.vizgen.com/
https://cloud.10xgenomics.com/xenium-panel-designer

Experimental design

Take advantage of the large imaging area

multiplexing to remove batch effect and increase replicates for robust statistical analysis

Image-based spatial tr. ip ics identifies molecular niche dysrequlati
with distal lung remodeling in pulmonary fibrosis

Annika Vannan'®, Rugian Lyu™*?, Arianna L. Williams', Nichclas M. Negretti, Evan D. Mee',
Joseph lesh Samuel Hirsh®, Dawd S. Nichols®, Carla L. Calvi*, Chase J. Taylor®, Vasiliy. V.

P khin®, Ana PM *, A, Scott McCall*, Jason J, Gokey®, Heejung Shim’, Lorraine B,
Ware®", MatthewJ Bacchetta®, Ciara M. Shaver®, Timothy S. Blackwell** ', Rajat Walia"',
Jennifer MS Sucre?, Jonathan A. Kropski®®'*", Davis J MeCarthy™*®, Nicholas E. Banovich'®”

Bl 815
Recipient Blocks

https://fwww.ihcworld.com/products/Quick-Ray-Mold.htm

Each slide cost around5 k€




Data acquisition

DAPI and cell boundaries staining for cell segmentation

Human fetal head section (PCWQ)

DAPIchanel
Cell boundarieschanel




Data acquisition

Cell segmentation

Article | Published: 14 December 2020

Cellpose: a generalist algorithm for cellular

segmentation

Carsen Stringer, Tim Wang, Michalis Michaelos & Marius Pachitariu

Nature Methods 18, 100-106 (2021) | Cite this article

8

Cell segmentation
is crucial to ensure
cell x gene matrix
purity for good
subsequent biology

10 pum

@® Tumor mRNA
T-cell MRNA
Cell membrane

Segmentation
boundaries

@)

Tumor mRNA
falsely attributed
to T-cell after mild
segmentation
errors.
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3D segmentation required, actually not
used, 2D segmentation per Z then
harmonizingand summing the detected
transcripts for all Z into the harmonized
segmentationmask (nucleiof full cell)
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Raw data

Cell x genematrix

Gene-level matrix

» 100k’s cells
Clta 5 467 14 3 9 5 5,143 64.7 52 4
Myl 5 251 2413 2 5 24414 38423 31 1
Pkm 3 21. .8 3 9 41851.412513 91 7
Teer 3 152 46 5 9 6 32214 7111 32 8B
Meis2 8 29 3 246 621 251661 2 29 6 18 18

1.000 Genes

class

e
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Statistical data analysis

Standardized workflows + packages development

* « Getzo Ot en Gt

Seurat m Install Get started Vignettes ~ Extensions 7.10] News Reference Archive

@ storage format ] python library

rizing tissue compenition, sparial eqression

ol Epe

Py spatially-aligned spatial
tables |[l_ (" datasets queries

points .t .: :. o M E
shapes :?a

Example Functionalities

onkeybread €2 Edit on GitHub

Seurat v5

We are excited to release Seurat v5! To ing o NGFF nkeybre ad %
new features and functionality: labels . L
H 0 'ylm:ml s a Python package that facilitates the analysis of single-cell resolution spatial
.n g4 e PR— H : = _
y . i o icriptomics data such as those generated by the t ‘COPE or Xenium platforms.
Satija’slab, NYGC images [ S
T

teybread provides tools that enable:

entification of cellular niches {i.e., regicns with distinct compositions of cell types)
Bualization of density of cell types acrass the tissue

transforms

N LN e

translate scale rotate chain

Batistical tests for testing for colocalization between cell types
tatistical tests and visualiziation for ligand-receptor co-expression between neighboring cells

tevbraad operates on datasets stored as AnnData objects and thus, can be integrated into

S that use packages from the soverse such as scanpy or squidpy.

read was developed at Immunitas Therapeutics.

@ interactive annotation @ deep learning | ® ecosystem
and visualization interface integration

b
@{? O PyTorch
<

Theis’slab, h

Scverse ecosystem, Oliver Stegle & FabianJ. Theis



Single -cell data analysis
Scanpy and Squidpytoolkits

Gene marker detection, manual or automatic cell type identification = Batch effect correction, sample integration, cell type
labeling transfer from single-cell references dataset

LN L3 ] M1
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Cell type correlation Differential expression analysis Transcription Regulatory Network
Gene set functional enrichment . SR

R O P D D O e




Single -cell data analysis including spatial resolution

New vast area for computational biologists (just like single-cell 5 years ago)

Neighbarhocd ennchment adata
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cosT

Neighbors enrichment analysis

Testif cells belonging to 2 clusters are close to each other
more often than expected (co-occurrence probability)

spatalz

Cellular niches analysis

for each cell, we count the number
of neighbors that are of each cell
type thus forming a “neighborhood
profile” vector of length C, where C
is the number of cell types. We then
cluster all neighborhood profiles
and calleach cluster a “niche”.

g

Source

Cell-cell communication
Ligand-Receptor analysis
* Need to be in gene panelor inferred

» CellPhoneDB [Efremova et al., 2020]
e Omnipath [Tureietal.,, 2016].

€04 T cells FCGAIA+ Monocytes
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Subcellular Data
Compartments Visualization

Molecular
Gradients

Geospatial
Statistics

Sub-cellular exploration
Bento is a Python toolkit for performing
subcellular analysis of spatial transcriptomics
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PAH : Pulmonary Arterial Hypertension

A rare vascular disorder

Healthy subject PH patient: a
mean PAP= 14 £ 3 mmHg mean PAP z 20 mmHg
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HuDeCa project

human fetal nosefrom 7 to 12 post-conceptionalweeks (PCW) at singlecell resolution

Cell types
Cartilage
Stromal
Lymphatic EC
Vascular EC
@ Pericytes
@® Respiratory HBCs
@ Olfactory HBCs
Duct/MUC
Multiciliated
Deuterosomal
Sustentaculars
® GBCs
Early OSNs
©® Excitatory neurons
@ Inhibitory neurons
® GnRH neurons
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B 1 Automatic dassification

Tongue Extraction using snRNA-seq

Rotation

Human head embryo week 9 & 11 PG Segmentation




MERSCOPE raw data

Standard Merscope output files

000-giacobini/000-data/202304281610_20230428-HuDeCa-Giacohini-PGWS-2-3A WMSCOe001/region_0:

total 13G
—LW-I--IL--
—LW-I--IL--
—LW-I--IL--
—LW-I--IL--
—LW-I--IL--
drwxr-xr-x
—LW-I--IL--

1
1
1
1
1
2
1

lebrigand
lekrigand
lekrigand
lekrigand
lekrigand
lekrigand
lekrigand

solid
solid
solid
solid
solid
solid
solid

115
447M

53M

46M
2,16
4,0K
855K

[FER SUI FURN FUR FUNY FLR #1

mai
mai
mai
mai
mai
mai
mai

2023
2023
2023
2023
2023
2023
2023

202304281610_20230428-HuDeCa-Glacobini-PGWS-2-3A_VMSCOE001_region_0.vzg
cell boundaries.pargquet

cell by gene.csv

cell metadata.csv

detected_transcripts.csv

geometry

images P E,89K 3 mai 2023 manifest.json

SUMMATrY . png 227 3 mai 2023 micron to_mosaic pixel transform.csv
6,66 3 mai 2023 mosaic_lellbound? z2.tif
6,66 3 mai 2023 mosaic_JAPI_zZ.tif

1 sdata.table.layers

array([[0, 1, 1
[e, 1,
[0, 3,

[0, @,
[0, @,
[0, 2,

gene  Unnamed: 0  global z

CFTR

volume center x center y min_x min_y max_y

— 0,5-2Thb

anisotropy
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