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DN3A vs DNCT cell types proportion test
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Cell trajectory

UMAP El

scRNA-seq
expression data

|

- methods

Dimensionality
reduction

|

Cellsina

low-dimensional space

|

’_-'
&

T

beaen - ¥

Calculate correlation Filter outliers Multi-dimensional
distance scaling

Trajectory
modeling

Most adopted tools :
Monocle 3
PAGA

Model of
process

|

k-means Shortest Principal
clustering path curves

STREAM {

Gene
prioritization

([
([
(]
e Scorpius

e Slingshot, ...
Not limited to scRNAseq ! (ATAC,
CITE, multiomics, imagery-based ...)

|

Key genes

IE R o

‘mn w
il 1l
il

Feature selection Extract modules
of genes

SCORPIUS, bioRxiv (2016)

N



Cell trajectory . Contexts

Estimated running time
(cells = features)

Accuracy Usability 100kx 1k 10kx10k 1kx100k Required priors
PAGA 4+ _7m Lsés 19 IEEEIITIREE

< Disconnected
RacelD"SlchD- + 1d ih th

+ _7m 55 19
Yes /| don't know t
Yes /I don't know ( . 3ts
| Do you expect 4
2 Slingshot = % + AL 56m
Do you expect cycles in the No / - sTree oy | * 555
—— ) multiple topology? (-l don't know Monocle ICA % + 2d _1h
disconnected T MST + 8m  12m
trajectories? No D xpect =
(o] yOL{ expect a PAGA % + 7m 558 19s Sxancell:s‘.
| No | tree with two or MST  + S oM O
No L more bifurcations? [~ Yes — Singshot | £ | R 56m  2m
X Do you expect | A Free topology RacelD/StemlD % + h
a particular  pe=====cce=-- seeses e - == === - I A LT
topology? V Fixed topology S;Enh;f::; : : 36m ;2: ;: End cell(s) Cell clustering
o PAGA 4+ &+ 7m 855 19s Start cell(s)
FatelD | % 3 PG BCell clustering, Start & end cell
Slingshot = & + 56m  2m
FatelD = & + PLIUIRC el clustering, Start & end cells
GrandPrix  # + 7m  28m # end states
STEMNET + + 36m 12m 7m End cell(s),Cell clustering
: SCORPIUS = t 1h 4m  4m
Linear Embeddr = 4 t PAE 33m  2m
TSCAN = & + 7m  9m 7m
Slingshot |+ + W s6m 2m
Angle =+ 2m  10m 3m
Cycle EIPiGraph cycle  + + 2h  1h BN
+

Welcome to the dynverse ! U A oo i o R

Saoutens et al, Nature Biotech, 2019



Network inference

Using
correlated genes

i k
single-cell snapshot data | "*™°"

A [ 6-dimensional inference
GENIE3

dimensionality
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reduction
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D
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cells time

ordering

algorithm

Wanderlust |2

3 :

gene regulatory network

8—0
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likelihood p(D|M(8))

» data, M - ODE model, 8 - parameters
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© Ocone et al. Bioinformatics (2015)



RNA Velocity

Example on an entire mouse heart profile

UMAP 2
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https://doi.org/10.3390/cells9020318
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Copy number estimation from scRNAseq

InferCNV (Broad Institute)

a‘ﬂ;ﬁ.jis,nﬂr-3[=v; 1.
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i b A
.|
’
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Referer

Observations (Cells)

CaSpER (Armanci et al, BioRxiv 2019)

WARNING :
e Coarse grain (> 10 Mb)

Requires > 75,000 reads
/ cell

Control normalized original expression matrix

Expression Matrix after Recursive Multiscale Median Filtering

? 9 »©

Before BAF shift correction After BAF shift correc
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CITE-Seq
Cellular Indexing of Transcriptomes and Epitopes by Sequencing

protein L mRNA

/Antibody binding, ) "/ Single cell droplet encapsulation ) {
washing cells |, . <
\ aCells Qil . el

AR /
® \‘-.

SNE2

%

Beads Oil \ s
\ = .\ J s ® |
" Cell lysis in droplet ‘ mRNAs and antibody-oligos | [  Size selected cDNA - ’
| hybridize to RT oligos and for standard library prep o PR |u
are indexed with cell barcode : | A 2
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1100

l

Wikipedia / citeseq.com
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6100




ECCITE-Seq
Extended CRISPR-compatible Cellular Indexing of Transcriptomes and
Epitopes by Sequencing (5)

JAK1 ~ ITGB1 | cD46
E AC‘F)i( and :2 2 ‘ 2 S
— AAAAAAAAA e = ™
7 COC ~svaseesnnan TTTTTTTTIT TCR /BCR o \
, MRNA >
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Wikipedia / citeseq.com



scRNAseq + TCR repertoire

Compositional analysis

A- Celltype clustering B .
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https://doi.org/10.1016/j.immuno.2022.100009
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Spatial scRNAseq : 10x Genomics Visium

Visium Spatial Capture Area with Visium Gene

Gene Expression ~5000 Barcoded Expression Barcoded
Slide Spots Spots
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E e
©| e st

] 55 ym

.

IHC

Clusters
RNA FISH

FETRTIRRERE. N Plp1-202



Spatial long reads scRNAseq

= - - - < : , ) w
T'SSU(.E preparatlgn, imaging and lllumina sequencing Gene-level data-driven annotation Qo
generation of spatially barcoded cDNA . S
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Fragmentation R — — o
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L .
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Nanopore sequencing : o
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o — library — —> assignmentof 5 lefeEr:ntlal I'soform 3
i ression
——— preparation 75 Nanopore reads p
|
Spatial BC Full-length cDNA \J I
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Spatial scRNAseq high-res long-read : StereoSeq

e Based upon “DNB” (DNA Balls) arrays by
DNB patterned chip ) CID sequencing MGII BGI
e Claimed resolution of 500-715 nm
e Active surface of 200 mm?
e Performed a developmental analysis of FULL
mice embryos !

Cheng et al, BiorXiv 2021.01

CID

Stereo-seq capture chip
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Spatial scRNA expression by imagery : NanoString
CosMx-SMI

Subcellular
map of 1000 #<
genes with

800,000
single cells
in FFPE
tissue

Spatial
Molecular Imager



https://www.youtube.com/watch?v=LI-gvIribDU&t=14s

Some sweets

20



tSNE dimension 2

n=1,193

n = 15,426

S13

- -

n=13478

n=37749 ®

@ Pluripotent blastula
@® Germline
@ Non-neural ectoderm
@ Placodal
@ Specialized epidermis
@® Neural
" Neural crest

Marginal zone
) Dorsal mesoderm
@ Ventlavint. mesoderm
@ Endoderm

tSNE dimension 1
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tSNE dimension 2

Zebrafish embryo development

4hpf 6hpf 8hpf
we".'.' @
B 4 ; & T
F
755 *
3 k8 .
B o
4277 cols 5692 cells 4,280 cells o
14hpf - 18@ . @ Epiblast
{‘ . @® Neural Anterior
3 ® Neural Mid
(¥4 = Y o $ @ Neural Posterior
) ki ® Neural Crest
& i ¥ Tl @ Epidermal
. ® Endoderm
- % l " . ® Mesoderm
i - ® Apoptotici
) poptotic-like
4,001 cells 6,962 cells . 7,947 cells

tSNE dimension 1
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t-SNE of the whole TCGA project bulk expression
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Thanks and congratulations 3"
from your devoted team ]

Nathalie Lehmann

Sophie Lemoine

Eulalie Liorzou

Morgane Thomas-Chollier
Audrey Onfroy

Thibault Dayris

Bastien Job

Rémi Montagne

SINGle-cellING IN THE RAiNaseq (1952)*

’ sst“‘““
» i Yearly talk by Raul Satija on single cell novelties (2022)
1“ : https://www.youtube.com/watch?v=gJRS3KTlgdY

* play on words courtesy of Jacques van Helden
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https://www.youtube.com/watch?v=gJRS3KTlgdY

Single cell results and the community
TYPES OF SINGLE-CELL SEQUENCING PAPER

Overclustering the data
reveals unexpected levels
of cellular heterogeneity

We disproved the null
hypothesis that the
human brain consists of

a single cell type

The data made more
sense when we averaged
all the cells together

Il
I

We’re not sure why our
RNA velocity arrows are
pointing in the wrong
direction either

-~ -y

An A

We ran imputation
without telling anyone,
but look how nice our
heatmaps look now!

In retrospect, we could
probably have just used
immunofluorescence

—

o~ -

e

I alone can normalize
your scRNA-seq data

It turns out that

spatial transcriptomics
brings us no closer to
actually curing disease

1l

Prepare to spend your
weekend searching for
our count matrices

No, its not suspicious
that our benchmarking
study highlighted that
our method is the best

Our new algorithm solves
all your analysis problems,
or at least it would if we
made the code available

v

We don't have replicates
but its OK since we
analyzed the data with a
neural network




