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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

* Large-scale transcriptome * Whole transcriptome

» Oligonucleotide probe tilling » Next Generation Sequencing
* Fluorochrome signal analysis  * Full-transcript coverage

» Bulk resolution + Bulk resolution

Cost : 4ke Cost : 4k€
20 samples 20 samples
25k genes 50k genes
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Mesenchyme - Sidof
n =52,749 pVaseuistiin,  (LE)

(ATY)
4 S

., - Alveolar Type2
(AT2)

Immune
n=85164

z
m &
BT

gl

Lymphatic
i

Aveflat pé 1 Epithelium

n=51,809

Mid 2010’s: Single-cell

*  Whole transcriptome
» Microfluidics + NGS
+ 3p-end gene signal (UMI)

+ Sensitivity (6%)

+ Single-cell / state resolution
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Cost : 4ke
5k cells

50k genes
250M matrix

2020’s : Spatial

» 300-1000 gene targets

* Imaging analysis

* Multiplexing FiSH (single molecule)
+ Sensitivity (30-80%)

» Sub-cellular resolution

Cost: 4ke

250k cells

1k genes

250M matrix

+ Spatial dimension




Human Cell Atlas ggmN
CZl initiative (2016) ATLAS

Mission to create comprehensive reference maps of all human cells, the fundamental units of life,
as a basis for both understanding human health and diagnosing, monitoring, and treating disease.
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Human Cell Atlas
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Single-Cell transcriptomics experimental approaches



Single-cell transcriptomics
Context

Bulk mRNA libraries
100ng total RNA
(10,000 cells)

Single cell mRNA libraries
10 pg total RNA \ o ]
(<<1pg mRNA)

+ Elimination of PCR amplification bias and artefacts

* Highly efficient library preparation techniques

* Use of Unigue Molecular |dentifiers (UMI) to monitor the number of molecules
— Kivioja, T. et al. Counting absolute numbers of molecules using unique molecular identifiers.

Nat Meth 9, 72-74 (2012)
— Improved accuracy of molecule counting

M==

Random (N)x sequence ” . . "
introduced during library preparation, PCR UMI counting, duplicate
) reverse transcription removal per transcript
Transcript A ==
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Non amplified Pools of  Random Amplified UMI ratio
cDNA umi labeling cDNA PCR bias No
AB =12 AB=1H A/B = 1/2 PCRbias

UMI allow a more precise profiling



Single-cell transcriptomics
Context

Bulk mRNA libraries -'t

100ng total RNA :
(10,000 cells) ‘

Single cell mRNA libraries
10 pg total RNA \ o ]

(<<1pg mRNA)

ERCC (External RNA Controls Consortium)
— set of 92 RNA sequences,
— of varying length and GC content,
— mixed at known concentrations,

* Elimination of PCR amplification bias and artefacts

* Highly efficient library preparation techniques — 22 abundance levels that are spaced one fold change
apart from each other Accuracy
Pearson correlation between input and
- 8 quantified expression values
» Spike-in ERCC molecules allow yield and capture efficiency evaluation 55
Spike-in mix @c_c)’ y B=657
(s
32 2
Bz o
2E .,
£8., 1
K562 cell from human cell line -4 -2 0 2 4 6 8 10 12

log input ERCC Molecules

Power Analysis of Single Cell RNA-Sequencing Experiments, Svensson et al., 2018



Single-cell transcriptomics
How much RNA does a typical mammalian cell contain?

Buk mRNA braries | (RS @ 'q
100ng total RNA S

ar
. 2
(10,000 cells) [ S '-: s

il

Single cell mRNA libraries
10 pg total RNA \ o ]
(<<1pg mRNA)

* Cell RNA content depend on its cell type and developmental stage

* Majority of RNA molecules are tRNAs and rRNAs, mRNA accounts for only 1-5%
* Approximately 360,000 mRNA molecules are present in a single mammalian cell
* ~ 12,000 different transcripts with a typical length of around 2 kb,

+ Some comprise 3% of the mMRNA pool whereas others account for less than 0.1%.
These rare or low-abundance mRNAs may have a copy number of only 5-15
molecules per cell.

Average total RNA yields

Primary cells (1x10° cells) Total RNA (ug)

Dendritic cells, human

4

Hematopoietic progenitor cells (CD34%), human

Fibroblasts, rat

PEMC

1
5
8

Cell lines (1x10° cells) Total RNA (ug)

Colon carcinoma cells

30

HEK 293 cells

16

HelLa cells

32

HUV-EC-C

38

THP1 cells

16

U937 cells

12
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Single-cell transcriptomics
Why single-cell profiling ?

- . heterogenous cell
Individual cell gene expression subpopulations
profiles are distinguished

Single-cell input

-
Single-cell Analysis ' ./ *
j — ose
1>
* * ‘ é Tissue composed of

Tlssue

Bulk Analysis

Average gene expression of bulk True nature of tissue
sample masks differences between  composition is hidden

cells

Bulk input

Chris Harris, 2020



Single-cell isolation techniques
To measure sequences in individual cells, we need method that capture one cell at a time

Review Article | Open Access ‘ Published: 07 August 2018
Single-cell RNA sequencing technologies and
bioinformatics pipelines

Byungjin Hwang, Ji Hyun Lee & & Duhee Bang
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Single-cell transcriptomics
Evolution of isolation techniques and throughput

Manual

Multiplexing Integrated fluidic Liquid-handling Nanodroplets Picowells In situ barcoding
circuits robotics
ardr
<. S f |
jal il |
Tang et al. 2008%® Islam et al. 2011  Brennecke et al. 2013%  Jaitin et al. 2014% Klein et al. 2015% Bose et al. 2015% Cao et al. 2017%
Macosko et al. 2015% Rosenberg et al. 2017+

Single cells in study

1,000,000
100,000
10,000

1,000
100 -

10
1

High-throughput STRT-seq CEL-seq Fluidigm C1 o 0

sequencing of RNA

10x Gencmlcs SPLiT-seq

Drop‘seq 8) sci-RNA-seq
MARS-seq  CytoSeq G/II"DWP C{ DroNC-seq

N %@ Q%—Ssq Well

‘d]OQD

fi ingle cell
rom single cells . o e QOO
L ‘ e e, © o o SMART:seq2
L o SMART-seq
1 1 1 1 1 1 1 1 1
2009 2010 201 2012 2013 2014 2015 2016 2017

Study publication date

Exponential scaling of single-cell RNA-seq in the past decade

Svensson et al.,

Nature Protocols, 2018



Single-cell transcriptomics
Manual pipetting

MRNA-Seq whole-transcriptome analysis of a single cell, Tang et al., 2009
RNA-Seq analysis to capture the transcriptome landscape of a single cell, Tang et al., 2010

Manual Multiplexing Integrated fluidic Liquid-handling Nanodroplets Picowells In situ barcoding O B
circuits robotics Tang’s initial protocol
” aEaE » Total RNA isolated and fragmented,
§ - jﬂ! » cDNA conversion oligodT primer + anchor
gl _al | g « 2nd strand synthesis polyT primer + anchor
Tang et al. 2008%® Islam et al. 2011  Brennecke et al. 2013%  Jaitin et al. 2014% Klein et al. 2015% Bose et al. 2015% Cao et al. 2017%

Macosko et al. 2015% Rosenberg et al. 2017 « PCR amplification 2 anchor sequences.
¢ 100 million SOLID reads per cell

Cell lysis

1 i PLIT-
1,000,000 |- o Ge”"m'f\s g | owenr® muA capture
100.000 Drop‘-seq sci-RNA-seq s 3
A - + T AAAAAAA
- | e e ¢ B oncs -
E High-throughput STRT-seq CEL-seq Fluidigm C1 o o) o OO % gb—ssq-Well Reverse transcription
w 1000 | sequencing of RNA ‘ o o ©
2 1001 from single cells ° o O TTTTT -y
% o] o] Qo )
=) 0] 0 0 \\ 3’ poly(A) tailing
£ 10 [°] o O™ sMART:seq2
] o AAAAA ———— TTTTT -
1+ (0] SMAEESeq 1 2nd strand synthesis
1 1 1 1 1 ] | 1 1 PCR primer and PCR amplification
2009 2010 20m 2012 2013 2014 2015 2016 2017 3 — —]
Study publication date l Library preparation
Library sequencing

Exponential scaling of single-cell RNA-seq in the past decade

e 2009: 1 mouse blastomere
Svensson et al., Nature Protocols, 2018

« 2010: 16 early mouse embryo



Single-cell transcriptomics
Plate-based protocols

Single cell tagged reverse transcription, Islam et al., 2011

Quantitative single-cell RNA-seq with unique molecular identifiers, Islam et al., 2014
Cell types in the mouse cortex and hippocampus revealed by single-cell RNA-seq, Zeisel et al., 2015

Manual Multiplexing Integrated fluidic Liquid-handling Nanodroplets Picowells In situ barcoding
circuits robotics
ardr
> Ik
S
jal il |
Tang et al. 2008%® Islam et al. 2011  Brennecke et al. 2013%  Jaitin et al. 2014% Klein et al. 2015% Bose et al. 2015% Cao et al. 2017%
Macosko et al. 2015% Rosenberg et al. 2017+
1 i PLIT-
1,000,000 0x Gemmlrc\s SPLiT-seq
100,000 - Drop ceq SD sci-RNAseq
‘: . MARS-seq CytoSeq © /mDrup d_ DroNC-seq
2 10,000 @ O o
= High-throughput STRT-seq CEL-seq Fluidigm C1 o 0 o) % &—SN'WS“
o 1,000 sequencing of RNA | ‘ o © o}
5 5
2 1001 from single cells\ ° ° o o QOO
2 ) =
=) &) 0 0
£ 10 [ ] o Q SMART-seq2
(7]
1L o SMART-seq
1 1 1 1 1 1 1 1 1
2008 2010 20M 2012 2013 2014 2015 2016 2017

Study publication date

Exponential scaling of single-cell RNA-seq in the past decade
Svensson et al., Nature Protocols, 2018

Sten Linnarsson’s Lab (Karolinska Institutet)

°

°

Plate-based protocols,
based on template switching (TSO),
5" end cDNA tagged

Publications :

2011: STRT-seq, no UMI 92 cells
2014: UMI, Islam et al., capture efficiency = 48%
2015: UMI, Zeisel et al, capture efficiency = 22%

20-100%

Observed molecules

10° 10" 10° 10® 10
Spiked molecules per cell



Single-cell transcriptomics
Fluidigm C1 microfluidics

Manual Multiplexing Integrated fluidic Liquid-handling Nanodroplets Picowells In situ barcoding
circuits robotics - :
drar
7 = Se [l T IO
jal il |

Tang et al. 2008%® Islam et al. 2011  Brennecke et al. 2013%  Jaitin et al. 2014% Klein et al. 2015% Bose et al. 2015% Cao et al. 2017%

Single cells in study

Macosko et al. 2015

Rosenberg et al. 2017+

10x Genomics SPLiT-seq

1,000,000 5 )
rop-seq i
100,000 - MARS-seq  CytoSeq ‘. inDrop 6 ———
7 - DroNC-seq
10,000 - @ O o
High-throughput STRT-seq CEL-seq Fluidigm C1 e o) &) o) % &—SN-WSII
1,000 sequencing of RNA | | o © 9]
1001 from single cells\ ° o o QOO
o o] 0 AN
10} e, © O™ sMARTseq2
1L o SMART-seq
1 1 1 1 1 1 1 1 1
2008 2010 20M 2012 2013 2014 2015 2016 2017

Study publication date

Exponential scaling of single-cell RNA-seq in the past
Svensson et al., Nature Protocols, 2018

decade

Arguel et al., 2016

Fluidigm C1

* 96 /800 cell chips,

» protocols for SMARTer, CEL-seq, STRT-seq, ...

» Limiting factor: capture chamber size and doublets

€, Single-Coll / Any llluming
Auto Prop System Systom

A cost effective 5° selective single cell transcriptome

profiling approach with improved UMI design & £

Marie-Jeanne Arguel, Kevin LeBrigand, Agnés Paquet, Sandra Ruiz Garcia, =

Laure-Emmanuelle Zaragosi, Pascal Barbry @, Rainer Waldmann "§‘

Nucleic Acids Research, Volume 45, Issue 7, 20 April 2017, Page e48, https://doi.org g

/10.1093/nar/gkw1242 0 .
Published: 09 December2016  Article history v 0246 8101214

Added ERCCs (log,)

capture efficiency = 26%



Single-cell transcriptomics
Combinatorial indexing

sci-RNA-seq, Caoet al, 2017
SPLIT-seq, Rosenberg et al., 2018

Manual Multiplexing Integrated fluidic Liquid-handling Nanodroplets Picowells In situ barcoding : o sl
circuits robotics ) - il sci-RNA-seq (2017) ,teve'se"a"jc"bew'm N
- _— -~ A » 50,000 cells nematode  £%%, /|0 iz o
f S5 = 1 |Ur Caenorhabditis elegans 88,
v ’ —-— r
Tang et al 200" Islam et al. 2011 Brennecke et al. 2013%  Jailin et al. 20149 Klinef al. 2015 Bose etal. zcans's Cao et al. 2017 SPLIT 5018 Hon with 27 8
Macosko et al. 2015® Rosenberg ef al. 2017% -seq ( ) A, =
* 156,049 single-nucleus = R
-
. . P22 and P11 mouse brain _
1,000,000 - 10x Genomics Ligate vith 3¢ BC
Drop‘-seq . e g
100,000 s [¢) Y~ Ml N
_§. MARS-seq  CytoSeq O /mDrap @ DroNC-seq i~ "
§ 10000 x OO 0 4 o - =",
= 1.000 High-throughput STRT-seq CEL-seq Fluidigm C1 e} o) o Seq-Well e
§ U cmmamdRi | | @ oo ° e i, P it 75
g 100 - gl \O o 0 0 © Q‘g an split . o -/
=l B o o] e} . 20 /// ~7 ~ pe
i:% 10 @ o © SMART-seq2 6 6 v D Ep
1L o SMART-seq iy R o S L
&
[ &V\v q{\"‘@\* & 1*"2’('-;“’(’ % &

1 1 1 I 1 1 1 1
2009 2010 20m 2012 2013 2014 2015 2016 2017 M_:_“

Study publication date . . .
! Parse Biosciences Evercode kits (2021)

Exponential scaling of single-cell RNA-seq in the past decade

Svensson et al., Nature Protocols, 2018 WT Mini wT

10K Cells | 1-12 Somples 10K-100K Cells | 1-48 Somples 100K-TM Cells | 1-96 Samples.

Learn mare about WT Mini ear Learn more about WT Mega




Single-cell transcriptomics
Droplet-based

Manual Integrated fluidic Liquid-handling

Multiplexing
circuits robotics

e - AT
3 J _

Nanodroplets

N7

P

Tang et al. 2008%® Islam et al. 2011  Brennecke et al. 2013%  Jaitin et al. 2014%

Klein et al. 2015%
Macosko et al. 2015%

Picowells
arFdar

o]

Bose et al. 2015%

In situ barcoding

Cao ef al. 2017
Rosenberg et al. 2017+

1 i PLIT-

1,000,000]- 0x Gencmﬁs SPLiT-seq

100,000{ ) s [Eregrsn] %/w-nm-seq
g — MARS-seq yio! "\“® g - DroNC-seq
= High-throughput STRT-seq CEL-seq Fluigigmct @ o o OO % Eg S@*SN*WS“
o 1,000 sequencing of RNA ‘ o © o}
§ 1001 from single ceﬂs\ ° o o QOO
= © &) 0 é\
£ 10 @ o 0 SMART-seq2
o]
1L o SMART-seq
1 1 1 | 1 1 1 1 1
2009 2010 201 2012 2013 2014 2015 2016 2017

Study publication da

te

Exponential scaling of single-cell RNA-seq in the past decade
Svensson et al., Nature Protocols, 2018

InDrop, Klein et al, 2015
Drop-seq, Macosko et al, 2015

Droplets-based protocols

» cells +barcoded beads
encapsulation

* 3'end cDNA tagged

* 12 bp cell BC and 8bp UMI
+ Capture efficiency 12,5%

* 44,808 mouse retinal cells (39 cell types)

Cell Microparticie

1.Cells from P
suspension @ 5.RNA hybridization
2 Microparticle P \/ ]
and lysis butter | @ = / °\

AR

V=¥ { 4.Cell lysis ’/,JQ \

( Je® ((® — [ @~ )

{ e o © (97 G\‘/;v,,’\( - (in seconds) /
CAA S

(®)
/3[\

V) 9

i

7.Reverse transcription
with template switching

STAMPs

9.Sequencing and analysis

R 4
Bk e :,,Q\r‘/

P e B NS, eroR © Each mANA is mapped 1o its
>1 ~$ o{\ ST 'P cell-of-origin and gene-of-origin
e Y o ampate) « Each cell's pool of MANA

n can be analyzed




Single-cell transcriptomics
Droplet-based

10x Genomics, Zheng et al, 2016

Manual Multiplexin Integrated fluidic Liguid-handlin Nanodroplets Picowells In situ barcodin g : .
P =i TS ° — 4 10x Genomics Chromium single cell controler (2016)
P 3 » Easy-to-set-up and robust workflow
:2! \ jD! » High scalability (1,3M cells dataset)
~ = . - 5 : . rl - . 5 ' & 10x GemCode Technology samples a pool
Tang et al. 2008%® Islam et al. 2011**  Brennecke et al. 2013 Jaitin et al. 2014° Klein et al. 2015 Bose et al. 2015 Cao et al. 2017 a of 3.000.000 cell barcodes to separately
Macosko et al. 2015% Rosenberg et al. 2017 indei bt s Farscrirloms
ba::tl)lde Poly(dT)VN
1,000,000 - 10x Gencmlic\s SPLiT-seq uml

100,000} ] 83 < RNA-seq
wrsen  omow, & SN i
E High-throughput STRT-seq CEL-seq Fluidigm C1 ° 0 o OO % Eg &—SN'WS“
° 1,000 sequencing of RNA ‘ o © o
[ fi ingle cell
g 00 Tonongecsd [} Q O o) QOO 10x Barcoded Gel Beads are mixed with cells, enzyme and oil
E ok 0 @) ° O o 0 6\ SMART-seq2 to create single cell GEMs (Gel bead in emulsion)
5]

1L o SMART-seq
1 1 1 1 1 1 1 1 1
2008 2010 20M 2012 2013 2014 2015 2016 2017 — :I'm v
Study publication date | 3 ?[Zr::g:ijn‘smm’s

Parétoning ol

Exponential scaling of single-cell RNA-seq in the past decade
Svensson et al., Nature Protocols, 2018



Single-cell transcriptomics
Comparative studies
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Benchmarking single-cell RNA-sequencing protocols for cell atlas projects

Mereu et al., Nat.Biotech, 2020

e
High score Low score
&
& .@9@0 &
b“&i&@}s‘é@e&i‘*
o 0% o
Method
Quartz-seq2 o0 00
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Fig. 6 | Benchmarking summary of 13 sc/snRNA-seq methods. Methods
are scored by key analytical metrics, characterizing protocols according to
their ability to recapitulate the original structure of complex tissues, and
their suitability for cell atlas projects. The methods are ordered by their
overall benchmarking score, which is computed by averaging the scores
across metrics assessed from the human datasets.

What do you want to study ?

—> more cells for statistics

—> more genes for subsequent biology
—> sequencing cost you can support
-> 5p, 3p of full length protocols




Single-cell transcriptomics
Single-cell approaches in publications

2 &0 Technique . . .
Ew u e emeg ° Huge amount of single-cell studies in the past 10 years,
F Other _ 0 H . 0
i, I'|‘1|I|H|| |||u| | oe « Droplet-based approaches = 61% (Chromium: 47%)
: BTN L
2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Year Technique Count
hitps://doiorg/10.1093/database/baaal73 —> Chromium 725 Droplet—based approaCheS
Smart-seq2 T _ Digital Gene Expression (UMI
A curated database reveals trends in single cell transcriptomics o, E::i':: ©1 13: B High cell numbepr througfgput )
Svensson et al., Database , 2020 L -
. SMARTer 28 - |imited capture efficiency (<10%)
InDrops 23 . .
OTEseq s - 3poropsignal (SAGE-like)
CEL-seq2 17
STRT-seq 17
MARS-seq 16
Tang 15
CEL-seq 13
STRTseq (C1) 13
Seq-Well 13
SORT-seq 12
BD Rhapsody 11
BioMark 8
GemCode 7
ICELLS 7
Perturb-seq 7
Patch-seq 6
sc-RT-mPCR 6
MERFISH 5



Single-cell Transcriptomics
Single-cell droplets-based rely on short reads

cell
UM barcode
TITTTTTTTTT
10 nt 16 nt

cDNA

TTTTTTTTTTT
lllumina library ¢
e TTTTTTTTTTT D
E
read

S = E

[1-a)

|

I

I

i !
— +—+ + - L - e—
— , N R AL - —

PTBP1

[llumina Nextseg500

Short-read sequencing yields
Just a short read close to 3'end

SMART-seq2  CEL-seq2 STRT-seq  Quartz-seq2 MARS-seq Drop-seq inDrop  Chromium Seq-Well sci-RNA-seq SPLiT-seq
A S,
S;:\:Ilae‘;enll micFr:fclss dics mi(::t?j; dics microfluidics, FACS FACS Droplet Droplet Droplet  Nanowells Notneeded  Not needed
nanowells
Fulflength Y N 7 i N v N v Y N Yi
DNA synthesis? es o es es o es o es es o es
Gene . y ’ , . s . . . .
coverage Full-length 3 5 3 3 3 3 3 3 3 3
105 £ ‘{
Number of 10*

cells per assay
10



Single-cell transcriptomics
Single-cell approaches in publications

Number of studies

60
Technique . . .
" . oomernases ©1UGE @mount of single-cell studies in the past 5 years,
er _ = 0 i . 0
. E ||]~| I||H||H|'J'|| — i Droplet-based approaches = 61% (Chromium: 47%)
. et 1 |I.i... il « Smart-based approach = 21%, <5% in the last 2 years
2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Year Technique Count
hitps:/idoi 0rg/10.1093/database baaa073 Chromium 75 Smart-based approach
Smart-seq2 177 .
o . . SﬂAR;,(m, 14 - Lower cell number (384-plate handling)
A curated database reveals trends in single cell transcriptomics Drop-seq # - Higher capture efficiency (~30%)
Svensson et al., Database , 2020 SMARTer 28 No UMI before v3 (may 2020)
InDrops 23
ngf:; e Full-length coverage using short-reads
STRESEQ 17 Article | Open Access | Published: 30 May 2022
MARS-seq 16 Scalable single-cell RNA sequencing from full
Tang 15 transcripts with Smart-seq3xpress
CEL-seg 13 Michael Hagemann-Jensen, Christoph Ziegenhain & Rickard Sandberg &
STRTseq (C1) 13 gt communicion | QoemAcsa | P 300y 222 1
Seq-Well 13 Fast and highly sensitive full-length single-cell RNA |
SORT-seq 12 sequencing using FLASH-seq
BD Rhapsody " \:»«nx Hahaut, Dinko Pavinic, Walter Carbone, Sven Schuierer, Pieere Balmer, Mathiey Quinodoz,
BioMark 8 tagdalena Renner, Guglieimo Roma, Cameron S. Cowan & Simone Picelli =
GemCode 7
ICELLS 7 UMils detected in HEK293 cells =
Perturb-seq 7 Droplets 10x: 30k (50k reads) 2
Patch-seq 6 Plate-based : 60k (200k reads) |
sc-RT-mPCR 6 .
VERFISH c Smart-seq3: 150k (750K reads)

Viantis Microdi



Transcriptomics
Complex outcomes of alternative splicing

Alternative first exon (AFE) Alternative last exon (ALE) . 90% Of the genes are Subjected to alternative Splicing

El% %{: + Gencode v42 : 252,416 distinct isoforms for 62,696 genes,

* On average, a human gene contains 8.8 exons, mean size of 145 nt,

Cassette exon Mutually exclusive . Average encodes mRNA 2,41 0 nt |0ng .
% % 5" UTR Coding sequence 3" UTR
- =
- o 770nt 1,340nt 300nt
Alternative 5 splice site Alternative 3" splice site

Alternative splicing and disease
Tazi et al., 2008

aoaallil s

Transcript isoforms

, SRS Y ET——Es » Inference required
Scotti and Swanson, Nat Rev Genet., 2016 Short-read sequencing  *ZE T .- ES o iEE 9
nature methods o — .
Long-read sequencing » Direct full exonic Iayout
Nature Method Onereadis one molecule

of the Year 2022




Single-cell long-read transcriptomics

Droplets-based approach short reads vs long reads
JEQMI)C\S‘ m

Standard short-read sequencing Long-read full-length sequencing
cell cell
umi barcode umi barcode
Trrr n n m 10 nt 16 nt
) cDNA ont - tent cDNA ¢ Y RANOPORE
| | | umina TTTTTTTTTTT TTTTTTTTTTT e
lllumina library § lllumina library 4
# SAE S == T e—— ————————————————— Rl —————
— e
read full length read
Gene-level N | 1 (N B soform-ievel
matrnx § : : g ) — matrix

Information on alternative splicing, fusion transcripts, SNV, editing, imprinting, allelic imbalance

Is lost Remain accessible




Single-cell long-read transcriptomics
SiCeloRe, bioinformatics for Single Cell Long Read

nature communications

“ E18 C5YB L/6 mouse Explore content ¥ About the journal ¥  Publish with us v
hippocampus, cortex,

nature > nature communications > articles > article
1.200 cells &-\. and ventricular zone

Article | Open Access \ Published: 12 August 2020
I High throughput error corrected Nanopore single cell
split emulsion before RT transcriptome sequencing

Kevin Lebrigand &, virginie Magnone, Pascal Barbry & & Rainer Waldmann =

Rainer Waldmann

I I Nature Communications 11, Article number: 4025 (2020) | Cite this article

15% 85%
190 cells 951 cells llumina Reads T G ]

20k Accesses | 38 Citations | 58 Altmetric | Metrics

10x Ge .
e - S ——
polylA) and adapter.
- " Flag as potential chimeras.
7 Flagsspof
A Testforp 1750
Search for poly(A), failed non eliminatory
define read orientation m
custom Sﬂftwalel
i TR ok

Search for 10x Genomics .
adapter sequence m

Known T No known o

=+ Search for a matching cellBC in Search for a matching cellBC in Illumina
Ilumina data for same gene

Millions long-reads

Gene expression
llumina

80

data for same genomic region

60 o

: O CenBC found |
40 Peremeens search for a matching UMI in lllumina data .
for same gene (genamic egion) and same cellEC > [111]
20 CellBC and UMI found
190 cells: 32M — —

5 951 cells: 322M
e R g FC1 FC2 FC3 FC4 FC5 FC6 FC7 FC8

4 e . - . . .
standard workflow R9.4, LSK-109 chemistry (2018) PRGN ComLCageI0r s Lelore



https://github.com/ucagenomix/sicelore
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Spatial in-situ capture transcriptomics



Spatial Transcriptomics approaches
Historical timeline

 Spatial transcriptomics aims at directly visualize gene expression in their original environment

 Tackle the main limitation of single cell experiment missing the spatial organization

» Alot of developments in the last years thanks to recent advances in different fields

@ RNA-seq of individual

cryosections
—_— @NICHF-cea 4
DNA
OMERFISH  @ST  @Geo-seq o microscopy ° EE Merscope
FISSEQ; Nanostrin
oLcm @~RNAscope ® @Baristaseq @STARmap St @HDST = Cosmx  §
Xenium
1982 ‘ 2008 2013 ’ 2015 2017 ’ 2019 ‘ ’ & ® !_w
@ 14 —>
‘ 199 ’ 2012 2014 2016 01| | | ‘ Slide-seq-v2
i ! @ -7
@ smFISH @smFISH @ ISSusing @/ siico ’me'mlD.osmmsH Wrefis: (@APRSe I e 2 Stereo—seq
(on RNA) (improved protocol) padlock probes reconstruction @ sedFISH @/n silic WickVm DBiT-seq
@TVA| using IsH (smHCR)  DistMe @slide-seq -
@ seqFISH

Spatially Resolved Transcriptomes Next Generation Todls for Tissue Exploration
Asp et al., BioEssays, 2020

. Section 1. Technologies based on microdissected gene expression
. Section 2. In situ hybridization technologies

. Section 3. In situ sequencing technologies

. Section 4. In situ capturing technologies

. Section 5. In silico reconstruction of spatial data



Spatial Transcriptomics approaches

A lot of different options

Whole Transcriptome

Categories of Methods Name Single Cell Resolution Omics Type * Profiling Tissue Type *
10X Genomics Visium ~55 pm/spot RNA X FFFE, FF
S e Slide-5eq ~10 pm/spot RNA X FFPE, FF
equencing Stereo-seq Close to single cell RNA X FFPE, FF
Light-seq Close to single cell RNA X FFPE
NanoString RNA,
Probe-based GeoMx ~20-300 cells/ROI o ~hundreds of targets FFPE, FF
NanoStrin .
P x RNA, protcin ~1000 targets FFPE, FF
Imaging-based MERFISH X RNA, protein ~10,000 targets FFPE, FF
seqFISH X RNA, protein ~10,000 targets FFPE, FF
STARmap X RNA ~100-1000 targets FFPE, FF
. . Geo-seq a number of cells RNA X FFPE, FF
Imagel-g:id?d slpatli}ly Zipseq x ENA x Live tissue, (FF)
“’"t‘; v lf“:g € ce NICHE-seq x RNA x Live tissue, (FF)
sequending SPahaltla' ;{gﬂaiﬂd 5 RNA, (DNA, protein) x Live tissue, (FF)
Slide-DNA-seq ~10 um/spot DNA Thpderloats o FFPE, FF
genome sequencing
DBiT-seq ~10 pm/pixel RNA, protein x FFPE, (FF)
MIBI X Protein, metabolite ~100 targets FFPE
MALDI-IMS ~10 pm/ pixel Protein, lipid metabolite >100 targets FF, (FFPE)
. . CODEX X Protein ~60) targets FFPE, FF
Different modalities t-cyCIF x Protein ~60 targets FFPE
and others Genome-wide
& o = I T W
spatial-ATAC-seq ~20 pm/ pixel Chromatin accessibility B FF, (FFPE)
. . Histone modification, Genome-wide profiling
e e (RNA, protein) of histone modifications Sl
Epigenomic MERFISH x Histone modification Genome-wide profiing FFPE, (FF)

of histone modifications




In-situ capture Spatial Transcriptomics (2017-2022)
Visium (2019, ST 2017) is widely adopted by academics

Visium

GeoMX DSP

ST

Tomo-seq
GeoMX WTA

1SS

manual dissection

Stereo-seq

Method

slide-seq2

smFISH

Molecular Cartography
MERFISH

HyblISS

punch

RNAscope
SCRINSHOT

20 40 60 80 100
Number of institutions using the method

Category

. ROl selection

[ nGs barcoding

7 smFisH

IS8

Visium Spatial  Capture Area with Visium Gene
Gene ~5000
Slide Spots Spots
68—
a== +—6.5mm—s

100 ym
F
e pn

OoOO

recover proportion of single cell type

» Visium HD single cell resolution (2um)

7 cells overlapping
a single spot I AN EF

1




In-situ capture Spatial Transcriptomics (2017-2022)
DBit-seq (2020)

High-Spatial-Resolution Multi-Omics Sequencing # Add antibody- Mg
- P - - derived DNA o g
via Deterministic Barcoding in Tissue s "PD”S U
Yang Liu,5 Mingyu Yang,'-%% Yanxiang Deng, %5 Graham Su,'? Archibald Enninful,’ Gindy C. Guo,’ Toma Tebaldi,?* _) < —} o & =4
Di Zhang,' Dongjoo Kim," Zhiliang Bai,' Eileen Norris," Alisia Pan,’ Jiatong Li,' Yang Xiao,' Stephanie Halene,”* Qe,
and Rong Fan':236." ¢ ‘.’Q X //
Tissue Slide 9 o’
4, 3
450 0’«;#‘ __PCR handle
~__Barcode B(1-50)
Microfluidic Multi-Omics Biological Insights Revarse THuOon R} e ii0) Ligation
= 10pm
DEEOng — Barcode A(1-50) \ —Poly-A .
+ Pixel size ~10um e oA _ADTs
+ NGS-based o ’ " 52 _Protein of interest
+ Genome scale ) L %
Protein ’ T mRNA = (do
Spatial expression Tissue Shide
P A H&E (E.10 Embryo)
it
Spatial clustering
Image x
v o= %
Formaldehyde- R x Dk .
fixed tissue slide 7 X
+ Hand-held mRNA Integration with {min o e B oo T
portable device scRNA-seq data x
b vum 10y
% e 1069m =
e - & 100y
S5um
7 . §
> ; £
S > —> =
. | - ‘ P
ST Visium  Side-seq DBiT-seq D8iT-seq ST Visium Sndeseq DBiT-seq DBiT-seq

(50pm)  (10pm) (50pm)  (10pm)



In-situ capture Spatial Transcriptomics (2017-2022)

Slide-seq v2 (2021)

Letter | Published: 07 December 2020

Highly sensitive spatial transcriptomics at near-cellular
resolution with Slide-seqV2

Robert R. Stickels, Evan Murray, Pawan Kumar, Jilong Li, Jamie L. Marshall, Daniela J. Di Bella, Pacla Arlotta,

Evan Z. Macosko ™ & Fei Chen &

Nature Biotechnology 39, 313-319 (2021) ‘ Cite this article

)5 C—UMI-poly(T) Barcoded bead synthesis

x

n

34

55

BC1
— [BC2

|BC3

B

D 0 N

88

Array generation, indexing

8,000

Library preparation
Spatial alignment

No. UMIs

log,, marker gene UMIs

N
I

~ W Slide-seq

_ Slide-seqV2
B scRNA-seq
I smFISH

Curio Seek

High-resolution,
whole transcriptome
spatial mapping kits
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In-situ capture Spatial Transcriptomics (2017-2022)

Stereo-seq (2022)

Spatiotemporal transcriptomic atlas of mouse
organogenesis using DNA nanoball-pattemed arrays

Ao Chen,’-22¢ Sha Liao,"-?® Mengnan Cheng,’-%2¢ Kailong Ma,’-2¢ Liang Wu,"*%2% Yiwei Lai,’-*2° Xiaojie Qiu,%7-2%

Jin Yang,® Jiangshan Xu,' Shijie Hao,'* Xin Wang,' Huifang Lu,' Xi Chen,' Xing Liu,' Xin Huang,~* Zhao Li,’ Yan Hong,’
Yujia Jiang,"? Jian Peng,' Shuai Liu,’ Mengzhe Shen,’ Chuanyu Liu,''° Quanshui Li,’ Yue Yuan,' Xiaoyu Wei,'

Huiwen Zheng,"-* Weimin Feng, ' Zhifeng Wang,'-* Yang Liu,’ Zhachui Wang,' Yunzhi Yang,-? Haitao Xiang,'-* Lei Han,'
Baoming Qin,” Pengcheng Guo,® Guangyao Lai,° Pura Mufioz-Canoves,""-'? Patrick H. Maxwell,”® Jean Paul Thiery,'*
Qing-Feng Wu,"® Fuxiang Zhao,' Bichao Chen,’ Mei Li," Xi Dai,’-* Shuai Wang,"* Haoyan Kuang,' Junhou Hui,"

Liqun Wang,'® Ji-Feng Fei,'* Ou Wang,' Xiaofeng Wei,'” Haorong Lu,'” Bo Wang,'” Shiping Liu,’-* Ying Gu,'-'# Ming Ni,?
Wenwei Zhang,''? Feng Mu,? Ye Yin,"?° Huanming Yang,"?' Michael Lisby,” Richard J. Comall,? Jan Mulder,>2*
Mathias Uhlén,”*** Miguel A. Esteban,’->?>" Yuxiang Li,"”" Longqi Liu,'%'%* Xun Xu,"'%?"" and Jian Wang'-*'-*
1BGI-Shenzhen, Shenzhen 518108, China

Stereo-seq Spatial transcriptomics at cellular resolution
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In-situ capture Spatial Transcriptomics (2017-2022)

Systematic comparison

Analysis ‘ Open access \ Published: 04 July 2024
Systematic comparison of sequencing-based spatial
transcriptomic methods

Yue You, Yuting Fu, Lanxiang Li, Zhongmin Zhang, Shikai Jia, Shihong Lu, Wenle Ren, Yifang Liu, Yang Xu,

Xiaojing_Liu, Fuging Jiang, Guangdun Peng, Abhishek Sampath Kumar, Matthew E. Ritchie, Xiaodong Liu ]

& Luyi Tian =]
. - Gene detection Gene detection
Nature Methods 21, 1743-1754 (2024) | Cite this article (all reads) (downsampled) Diffusion Downstream  Affordability Spot Typical array Commer-  Availability
& - o e 5 «© distance  size cialized
Stereo-seq(10 um) Visium(polyA)(100 um) b a o [l complexity| omics
lecmx1cm
g Stereo-seq ® O ® O o [ J ¢ 05 (masimum: 153 omix: | Vo8 Hard No
13.2 cm) customizable
" 3-mm diameter "
Slide-seq V2 . . . . ‘ 10 Gakim :sz B Yes Medium Yes
50,000
0,000 BMKS1000 ® @ ® o ® o ® o @] 48 0.68 cm x 0.68 cm Yes Hard No
30.000
20,000
18.000 Salus @ ’ o [ ] 14 11cm x1.1cm Yes Hard No
Unlimited si )
PIXEL-seq (9] 1 OB 2omungcm | No | Medum | No
Visium(probe) @ o 100 0.65 cm x 0.65 cm Yes | Hard | No
Visium(polyA) & @ @ ® [ ] [ ) ® 100 0.65 cm x 0.65 cm Yes Hard No
10,000 . }
) DynaSpatial @ & . ® |0 0.5cmx050m Yes | Hard | No
£,000
2,500 " 20/40/ 0.5cmx 0.5 cm,
DBiT-seq ¢ @ ® 100 0.2cmx0.2cm N Easy) Wes
HDST . 2 0.57cm x 0.24 cm No Hard No

Lower score _ Higher score
0000



Spatial isoform Transcriptomics (SiT)
Nucleic Acids Research, 2023

The spatial landscape of gene expression isoforms in tissue
sections 3

Kevin Lebrigand, Joseph Bergenstrdhle, Kim Thrane, Annelie Mollbrink, Konstantinos Meletis,

Pascal Barbry ®, Rainer Waldmann, Joakim Lundeberg  Author Notes

Nucleic Acids Research, Volume 51, Issue 8, 8 May 2023, Page e47, https://doi.org/10.1093/nar/gkad169
Published: 17 March2023 Article history v

a Tissue preparation and generation Sequencing and features
of spatially barcoded cDNA counting of same molecules Multi-levels statistical analysis

‘spnﬁspoﬁspoiﬁspob(

gene-level
gene2 —>
gen: 3 count matrix

gene x

10x Genomics - i i :‘:
ViISUMasSaYSs e x x- x

Fragmentation and

3’ library preparation lllumina short-reads

=i

genet

\ & CBS? T Spa?igeBlgr:llll(liulTliﬁTaa-sgs‘:g’::ent Differential Isoform Usage analysis A—to— RNA eiting map
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s Bk died 5 CBS1 Full-length cDNA ool pol2 5903 s
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Spatial imaging-based transcriptomics



Spatial transcriptomics technologies (2019-2022)

Visium is widely adopted by academics

Visium
GeoMX DSP (X X I L I
ST oo 00"
S b et
. 0000 000
- manual dissection . ROl selection : : : : \. : : : : :
§ Stereo-seq . NGS barcoding
g slide-seq2 ..........
SmFISH s 0000 00
Molecular Cartography 18 . . . . . . . . . .
MERFISH 4
= sessssssss
punch -l
RAscope ] 0000000000
SCRINSHOT 000 00000
0 20 40 60 80 100 00O ©0000

Number of institutions using the method

But is not the ideal readout for spatial biology
(Akoya credit rough caricature)

Page 37



Imaging-based Spatial Transcriptomics (2022)

No more sequencing for direct single-cell resolution

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

Larger imaging area (42 to 236 mm2)

Higher resolution (from 55 pym to subcellular)

WHOLE SECTION WIDE FIELD OF VIEW SUB-CELLULAR



Imaging-based Spatial Transcriptomics (2022)

No more sequencing for direct single-cell resolution

Nanostring CosMx

* 960 targets (panel 20k, AGBT24)
+ Sensitivity : << 30-80% (+)

* Imaging area: 16 mm2 (2 days)

* Resolution: 200 nm

SUB-CELLULAR

~1um

merscope vizgen

Vizgen Merscope

1.000 targets

Sensitivity : 30-80% (+++)
Imaging area: 100 mm2 (2 days)
Resolution: 100 nm

< SUB-CELLULAR
Y I VIEW
T, 80,

10xGenomics Xenium

400 - 6,000 targets

Sensitivity : 5-30% (++)

Imaging area: 236 mm2 (4 days)
Resolution: 200 nm




Imaging-based Spatial Transcriptomics (2022)

No more sequencing for direct single-cell resolution

Nanostring CosMx
ISH-based

Reporter pc.cleavable

Target binding
domain

RNA

x4-8 / target gene

vizgen

merscope

10xGenomics Xenium
Cartana ISS, padlock probes / RCA
Available (jan.2024)  d6)

Vizgen Merscope
Multiplex Error-Robust FISH
Available (oct.2022)  [ledi)

RNA Transcript from Gene 1

/ X )4 X )4 )4 A X X N\ ﬂ
x15-50 (\L\\
S e Readout \_/
Target Region 1 Encoding . "% Sequences
Probes 1-50 3 \
Bitposiion 1 23 4 5 6 7 8 9 1011 1213 14 1516 17 18 \ 2
RNATargest1 000011100000001000 \)QOOLJ
RNATarget2 000010100001000100
RNATarget3 100010100000100000
RNATarget4 001010110000000000
O O RNATarget5 000011010001000000
RNATargeté6 110001001000000000

/

1= signal 0=no signal

Cyclic in situ Hybridization Chemistries




Imaging-based Spatial Transcriptomics platforms comparison
2 recent bioRxiv comparative studies

A Comparative Analysis of Imaging-Based Spatial Transcriptomics Systematic benchmarking of imaging spatial transcriptomics platforms in FFPE tissues
Platforms

Huan Wang!”, Ruixu Huang?", Jack Nelson'-", Ce Gao®, Miles Tran®, Anna Yeaton®, Kristen Felt’,

David P. Cook’, Kirk B. Jensen?34, Kellie Wise??, Michael J. Roach??, Felipe Segato Dezem®’,
Natalie K. Ryan®®, Michel Zamojski®, loannis S. Vlachos'® "2 Simon R. V. Knott'®'*, Lisa M.
Butler®®, Jeffrey L. Wrana''®, Nicholas E. Banovich'®, Jasmine T. Plummer®’8* Luciano G.
Martelotto?3*

Kathleen 1. Pfaff®, Teri Bowman’, Scott J. Rodig®”, Kevin Wei*7, Brittany A. Goods™"~, Samouil

L. Farhi’™
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Gene targets panel design
Depending on the biological question !

Depending of your specific scientific focus MERSCOPE Immuno-Oncology Panel

* |dentify all major cell types, resolve cell subtypes
 Explore functional information

* Investigate interactions between cell types
* Ligand-receptors analysis

» Explore canonical signaling pathways

* Profile immune checkpoint molecules

gubgroupg

fmmune  Cancer
il

Investigate the Mouse Brain Investigate Tumor Biology

s \denti;;ed

Satisfy technological system limitations

Inhibitol
Neuronrsy Astrocytes.

» Number of targets available
» Range of gene targets expression
+ Total gene targets expression

» Budget around 15 k€ for 10 reactions

https://portal.vizgen.com/

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



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

Experimental design
Take advantage of the large imaging area

Image-based spatial transcriptomics identifies molecular niche dysr
with distal lung remodeling in pulmonary fibrosis

Annika Vannan'?, Rugian Lyu?*?, Arianna L. Williams', Nicholas M. Negretti*, Evan D. Mee',
Joseph Hirsh?, Samuel Hirsh*, David S. Nichols®, Carla L. Calvi®, Chase J. Taylor’, Vasiliy. V.
Polosukhin®, Ana PM Serezani®, A. Scott McCall®, Jason J. Gokey®, Heejung Shim?, Lorraine B.
Ware®’, Matthew J. Bacchetta®, Ciara M. Shaver®, Timothy S. Blackwell*'°, Rajat Walia',
Jennifer MS Sucre*?, Jonathan A. Kropski®®'®, Davis J McCarthy?*®, Nicholas E. Banovich'®"
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Quick-Ray Recipient Blocks

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

Each slide cost around 5 k€
multiplexing to remove batch effect and increase replicates for robust statistical analysis



Data acquisition
DAPI and cell boundaries staining for cell segmentation

Human fetal head section (PCW9)

DAPI chanel
Cell boundaries chanel




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

]

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

® Tumor mRNA
T-cell mMRNA
Cell membrane

Segmentation
— 2
boundaries

O

Tumor mRNA
falsely attributed
to T-cell after mild
segmentation
errors.

0
/é\
6/
caswn-oN

3D segmentation required, actually not
used, 2D segmentation per Z then
harmonizing and summing the detected
transcripts for all Z into the harmonized
segmentation mask (nuclei of full cell)



Raw data
Cell x gene matrix

Gene-level matrix

» 100k’s cells
Clta 5 467 14 3 9 5 5 143 64 .7 52 4
Myle 5 251 2413 2 5 24414 8423 31 1
Pkm 3 21. .8 3 9 41851.412513 91 7
Tecr 3 152 46 5 9 B 32214 7111 32 B8
Meis2 8 29 3 . 24 6 6 21 25 16 6 1 2 29 6 18 1
1.000 Genes
class
z ® 06 CTX-CGE GABA ® 18 THGlut 29CB Glut
# 08 CNU-MGEGABA @ 20 MB GABA ® 310pC-Oligo

spatiall




Statistical data analysis
Standardized workflows + packages development

Install Get started

4 GENERAL
Installation
Seurat v5
Classes
We are excited to release Seurat v5! To initiessguses
new features and functionality: R fersnces

GALLERY

Satija’s lab, NYGC [

Simplify infrastructure with Mongol|
Atlas, the leading developer data
platform

w

Theis’s lab, h

FAQ

News Reference  Archive

tables
points
shapes
labels

images

storage format

g &

S

python library

patially-aligned
datasets

@ convenient readers

transforms

spatial
queries

< As, A ﬁ oA observation
I A A aggregation

W translate scale rotate chain
@ interactive annotation deep learning ecosystem
and visualization interface integration

£
@f? O PyTorch
<

O

-, §

# » Giotto © Edit on GitHub

Giotto

Spatial transcriptomic and proteomic technologies have provided new opportunities to investigate.
ent. Here we present Giotto, a comprehensive
isualization. The analysis module provides er

cells in their native microen

toolbox for spatial data analysis a

nalysis
e range of algorithms for characterizing tissue composition, spatial expression
v interactions. Furthermore, single-cell RNAseq data can be integrated for spatial
cell-type enrichment analysis. The visualization module aflows users to interactively visualize analysis
general applicability, we apply Giotto to a wide
range of datasets encompassing diverse technologies and platforms,

outputs and imaging features. To demonstrat

Example Functionalities

monkeybread

ionkeybread -

© Edit on GitHub

tkeybread is a Python package that facilitates the analysis of single-cell resolution spatial
iscriptomics data such as those generated by the MERSCOPE or Xenium platforms.

keybread provides tools that enable:

dentification of cellular niches (i.e., regions with distinct compositions of cell types)

Visualization of density of cell types across the tissue

|Statistical tests for testing for colocalization between cell types

Statistical tests and visualiziation for ligand-receptor co-expression between neighboring cells

akeybread operates on datasets stored as AnnData objects and thus, can be integrated into
lyses that use packages from the scverse such as scanpy or squidpy.

E

Scverse ecosystem, Oliver Stegle & Fabian J. Theis

ikeybread was developed at Immunitas Therapeutics.




Single-cell data analysis
Scanpy and Squidpy toolkits

Gene marker detection, manual or automatic cell type identification

EERE

DNAHY
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Differential expression analysis

Cell type correlation
Gene set functional enrichment
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Batch effect correction, sample integration, cell type
i labeling transfer from single-cell references dataset

KCNK3. MYH11
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o ATLAT2
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®  Adventitial fibroblasts
Alveolar fioblasts

®  EC general capillary

Transcription Regulatory Network

a Tool: GENIE3 / GRNBoost

Cels.

]

Genes
g989983
2i8sid

Exprossion matrix

Co-expression modules

G 2,



Single-cell data analysis including spatial resolution
New vast area for computational biologists (just like single-cell 5 years ago)

Neighborhood enrichment adata

leiden

spatial2

EEeawauswnro
e

BREBEESELELR
.

EUREEBENRER

Neighbors enrichment analysis

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

Cellular niches analysis

spatial2

B cells

Source

Cell-cell communication

CD4Tcells | [FCGR3A+ Monocytes.
. . (]

METcell:s @ -9 -9000000 - 800

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 call each cluster a “niche”.

.
e - 0 F I L B e
. + ¢ . =

e - - e T I =

Ligand-Receptor analysis

* Need to be in gene panel or inferred
» CellPhoneDB [Efremova et al., 2020]
e Omnipath [Turei et al., 2016].

D8 Tceils |00+ @ DOOOOOS - 99O « +
e Tcells- 80 - 9 - 9SS009 - 900

O @®

Molecular
Gradients

Subcellular Data
Compartments Visualization

Geospatial
Statistics

Sub-cellular exploration
Bento is a Python toolkit for performing
subcellular analysis of spatial transcriptomics
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