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Cell annotation

Annotation relies on marker genes

Specific ?
Yes No
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Good markers are overexpressed and specific to a population



Cell annotation

Annotation strategies

7 N\

Manual Automatic
annotation annotation

marker-based
Using differentially expressed genes or

dataset-based
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Cell annotation

Manual annotation
Automatic annotation

Manual annotation

e Manually review marker genes.
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Cell annotation

Manual annotation
Automatic annotation

Manual annotation

e Manually review marker genes.
e Score known signatures: AUCell, decouplR, dficf...
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Cell annotation

1SNE_2

Manual annotation

Automatic annotation Manual annotation

e Manually review marker genes. ,
annotate clusters according to

e Score known signatures: AUCell, decouplR, gficf... gene/signature expression
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Cell annotation

Manual annotation

Automatic annotation Manual annotation

e Need a priori knowledge
e Easy to implement (no tool needed) e Time consuming
e Can be subjective

e You can define your own populations and | e Annotation generally at the cluster level =
subpopulations. dependent on clustering

e “Why is my favorite gene not expressed?"




Cell annotation

Manual annotation

Automatic annotation Automatic an notation

e Compare single cell data to a reference and deduce the cell labels.
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Manual annotation

Automatic annotation Automatic an notation

e Compare single cell data to a reference and deduce the cell labels.

e Need a tool: singlerR, CelliD, CHETAH, Azimuth (Seurat)...




Cell annotation

Manual annotation

Automatic annotation Automatic an notation

e Compare single cell data to a reference and deduce the cell labels.

e Need a tool: singlerR, CelliD, CHETAH, Azimuth (Seurat)...

e Need a good reference. Depending on the tool:
o  Sets of marker genes
o Whole single cell datasets (label transfer)
o  Bulk data of purified cell types



Cell annotation

Manual annotation
Automatic annotation

Automatic annotation

e Compare single cell data to a reference and deduce the cell labels.

Databases

e Need a tool: singlerR, CelliD, CHETAH, Azimuth (Seurat)...

Marker genes

PanglaoDB,
CellMarkers, ScSig

e Need a good reference. Depending on the tool:
o  Sets of marker genes
o Whole single cell datasets (label transfer):

single cell datasets

Single Cell Expression
Atlas, Tabula Muri,
Immgen, Human
Cancer Atlas,
CancerSEA, Azimuth

o  Bulk data of purified cell types

bulk purified cell types

CellDex

e Find references in databases, literature or use your own data...




Cell annotation

Manual annotation

Automatic annotation Exam p I e: Si n g IER

Principle: select reference label with the best gene expression correlation.

optional
Step 1: Step3: Iterative fine-tuning—reducing the
Identifying variable reference set to only top cell types
genes among cell types < |
in the reference set ©
E.L 16 - c . i K
. © 0.3 - -
Step 2: s £ # $ g
Correlating each @ g 02 . RN P o
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Aran et al. Nat. Immunol. 2019



Cell annotation

Manual annotation

Automatic annotation Exam p le: Iarg e lan guage models

Principle: the model identifies cell type based on list of top DEG

R tool: GPT-Celltype for compatibility with Seurat objects

Easy of use and allegedly better results than other automatic tools

But a need for manual validation (Al hallucination) and GPT-4 fee

Hou & Ji, Nat. Methods 2024



Cell annotation

Manual annotation
Automatic annotation

® Fast
e Annotation at the single cell level
e Define your own reference

e Quality scores often provided

Automatic annotation

e Need a good reference for your model.
Not always easy to find.

e Incomplete, poorly matched reference
data — poor results (conflicting, absent
cell labels... error propagation !)

® |nconsistencies between references

e Similar cell types hard to distinguish

e Sample processing can have a huge
impact on the results
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Clarke et al., Nat. Protoc. 2021



Cell annotation

Manual annotation

Automatic annotation Automatic annotation
refl ref2
CO14" monocyle
¢ Need a good reference for your model. -l s
Not always easy to find. “ LEEFL%‘T@ ] = e~ Tl
® Fast Co25- e T
e Incomplete, poorly matched reference . Nk clls
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° Annotation 2 Check the results manually ropagation !) e s
e Define your own reference ® Inconsistencies between references
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e Quality scores often provided
e Sample processing can have a huge e —
impact on the results '
Clarke et al., Nat. Protoc. 2021




Cell annotation

Possible workflow

Automatic annotation

Query scANA-zeq data

v &
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Manual annotation

" Marker Gena
genes function

Query scANA-seq data \ I,u" Query scRNA-seq data
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Verification
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Statistical
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with expers

Clarke et al., Nat. Protoc. 2021



Cell annotation

Table 2 | Summary of referenced annotation tools

Some existing tools

Tool Type Language Resolution Approach Allows ‘None” Notes
singleCell Net™ Reference based R Single cells Relative-ex pression gene pairs + Yes, but rarely does 10-100x= slower than other methods: high
random forest so even when it accuracy
should™
scmap-cluster”’ Reference based R Single cells Consistent correlations Yes Fastest method available; balances false-
positives and false-negatives; includes web
interface for use with a large pre-built
reference or custom reference set
scmap-cell”’ Reference based R Single cells Approximate nearest neighbors Yes Assigns individual cells to nearest neighbor
cells in reference; allows mapping of cell
trajectories; fast and scalable
singleR** Reference based R Single cells Hierarchical clustering and Spearman Na Includes a large marker reference; does not
correlations scale to data sets of 210,000 cells; includes
web interface with marker database
Scikit-learn'“* Reference based Python Multiple k-nearest neighbors, support vector (Optional) Expertise required for correct design and
possible machine, random forest, nearest mean appropriate training of classifier whilke
classifier and linear discriminant analysis avoiding avertraining
AUCell'™* Marker based R Single cells Area under the curve to estimate marker  Yes Because of low detection rates at the level of
gene set enrichment single cells, it requires many markers for
every cell type
SCINA™Y Marker based R Single cells Expectation maximization, Gaussian (Optional) Simultaneously clusters and annotates cells;
mixture model robust to the inclusion of incomrect
marker genes
GSEA/GSVA 191 Marker based R/ Java Clusters Enrichment test Yes Marker gene lists must be reformatted in
of cells GMT farmat. Markers must all be

differentially expressed in the same
direction in the cluster

Clarke et al., Nat. Protoc. 2021
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Gene and function enrichment

What to measure

e Compare populations:
o 1 population vs the rest: markers

What are the
specific markers of
red population ?

%

condition

Y

control

@
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Gene and function enrichment

What to measure

e Compare populations: /\ DEG between red and
. 1 ?
o 1 population vs the rest: markers yellow populations :
o 1vs 1 populations condition
‘ 5%

@

control
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Gene and function enrichment

What to measure

e Compare populations:
o 1 population vs the rest: markers
condition

o 1vs 1 populations

e Same population between different % :

conditions Y
control %

DEG in blue population upon

treatment/gene overexpression/KD...
?



Gene and function enrichment

Many methods

I I MASTcpmDetRate
0 I limmatrend

I 8 edgeRQLFDetRate
Good

e Many methods (over 36 in 2018)

B ttest Intermediate

I 0 Wilcoxon
[0 B B MASTcpm
[0 B B MASTtpm Poor
B[P sAMseq
I = D3E

e Relying on diverse statistical assumptions:
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no assumption model of gene expression,
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(Wilcoxon) (t-test) (GLM, bayesian inferences)
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Soneson & Robinson, Nat. Methods 2018



Gene and function enrichment

Many methods

e Many methods (over 36 in 2018)

e Relying on diverse statistical assumptions

e Different origins:

classical tests

Wilcoxon
t-test

methods adapted
from bulk RNA-
Seq

specific single cell
methods

MAST
Monocle

DES-Seq2
(sc version)

[ I I edgeRQLFDetRate
[0 I I MASTcpmDetRate
[ 9 B9 limmatrend
0 0 I MASTtpmDetRate
[0 I W edgeRQLF
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I M voomlimma
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Intermediate

I Poor

u
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Gene and function enrichment

What about replicates

The nature of single cell data raises questions regarding replicates

* Whatis areplicate ?
* How to take replicates into account ?

e Should we use replicates ?



Gene and function enrichment

What is a replicate ?

How to take replicates into account ? What abo ut repl icates

Should we use replicates ?

The nature of single cell data raises questions regarding replicates

Healthy donor A Patient A
% _ % obe
N N
1 replicate = 1 cell (dozens of replicate) 98 cells A5 cells
of cell type X of cell type X
or .
Healthy donor B Patient B

1 replicate = 1 sample (2 replicate/condition)

5% i
\.‘ \
87 cells 96 cells
of cell type X of cell type X




Gene and function enrichment

What is a replicate ?

How to take replicates into account ? What abo ut repl icates

Should we use replicates ?

KA K Based on the definition of a replicate,
s s methods can be classified into 2 main approaches

Pt 4R
ol /

“single-cell methods”
(1 cell = 1 replicate)

do not take samples into account
() ? ©

© ©
ﬂ Wilcoxon *

t-test
MAST
Monocle




Gene and function enrichment

What is a replicate ?

How to take replicates into account ? What abo ut repl icates

Should we use replicates ?

Healthy donor A Patient A

KA K Based on the definition of a replicate,

methods can be classified into 2 main approaches

8 4B
& & / \

“single-cell methods” pseudobulk methods
(1 cell = 1 replicate) (1 sample = 1 biological replicate)
do not take samples into account sum cells within same replicate then bulk method

© ? © & ? S

“ Wilcoxon *
t-test bulk DESEQq2

MAST & bulk edgeR &

Monocle

A 4




Gene and function enrichment

What is a replicate ?

How to take replicates into account ? What abo ut repl icates

Should we use replicates ?

Healthy donor A Patient A

KA Based on the definition of a replicate,

methods can be classified into 2 main approaches

8 4B
b b / \

“single-cell methods” pseudobulk methods

(1 cell = 1 replicate) (1 sample = 1 biological replicate)

do not take samples into account sum cells within same replicate then bulk method

o ? o Single cells Pseudobulks

Replicate T

—
o o limma-voom
]
. DESeq2
ﬂ Wilcoxon * - / d

Genes
Genes

edgeR...
t-test
MAST
Monocle

Cells Replicates
Squair et al., Nat.Com 2021



Gene and function enrichment

*  Whatis areplicate ?

e How to take replicates into account ? What abo ut repl icates

*  Should we use replicates ?

Healthy donor A Patient A
s e According to Squair et al, biological
ety doner® e E pseudobulk [ single-cell  mixed model rep“cates a"OW
I edgeR-LRT {038 -. - o less false discoveries
acnimex edgeR-QLF 4 0.35 °°  ~{¥—— - o I bi dt rds highl r d n
DESeq2-LAT 4 0.35 - - o - €ss Dlased towards nignly expressed genes

limma-trend 4 0.32 ° . % o

DESeq2-Wald 4 0.28 ., —=i 3 et o

limma-voom 4 0.27 & ‘i Yfp——os -
Loqgistic regression 4 0.24
t-test 5 0.24
Wilcoxon rank—sum test = 0.23
Linear mixed model = 0.22
MAST 4 0.20
Likelihood ratio test 4 0.20
Negative binomial 4 0.16
Poisson 4 0.13

T L]

| OTG 0 :2 0.4 0.6
AUCC

Squair et al., Nat.Com 2021



Gene and function enrichment

*  Whatis areplicate ?

*  How to take replicates into account ?
*  Should we use replicates ?

Healthy donor A Patient A

% e
\98 cells \ms cells

Healthy donor B Patient B

P <3
A

1 pseudobulk

What about replicates

single-cell  mixed model

edgeR-LRAT +
edgeR-QLF =
DESeq2-LRT -
limma-trend -
DESeq2-Wald +
limma-voom -
Loqgistic regression -
t-test =

Wilcoxon rank—sum test =
Linear mixed model =
MAST

Likelihood ratio test -
Negative binomial -

Poisson

038 - w FTEpee
0.35 —i—— -
035 = i
032 ° .
028 . —[3 ot
027 ¢ ik

0.24

0.24

0.23
0.22
0.20
0.20
0.16
0.13

L]
0.0

0:2 0.4 0.6
AUCC

e According to Squair et al, biological
replicates allow:

O
O

less false discoveries
less biased towards highly expressed genes

e \Which method to use: no consensus but:

o

pseudo-bulk methods take advantage of
biological replicates

naive approaches would be the best second
approach (even when lacking sequencing
depth)

Squair et al., Nat.Com 2021



Gene and function enrichment

Functional interpretation

Extract biologically meaningful insights from a long, hard to interpret list of genes.

“Are my DEGs more involved in cell proliferation ? Migration ? Do they belong to known pathways ?”

Gene Fold change

H,0, med1-1 pdss-1
PSO2 14.93 6.96 9.19
CsT9 13.93 4.00 14.93
EAF7 13.00 246 9.85
MIG3 12.13 4.29 14.93
EPL1 1213 3.73 8.57
NHP6A 12.13 3.73 8.57
SCC4 12.13 2.30 9.19
SLX1 11.31 2383 10.56
VID21 10.56 4.59 13.00
YKU80 10.56 325 9.85
RAD59 9.19 6.50 9.19
HPRS5 9.19 2.83 9.19
SIR4 9.19 283 7.46
EAF6 9.19 2.46 7.46
TFB3 9.19 2.14 9.19
NTG1 8.57 3.48 7.46
MGT1 8.57 2.64 9.19
SNF5 8.57 2.64 9.19
HMI1 8.57 2.46 6.96
RTT107 857 2.00 7.46
EXO1 8.00 2.64 8.00
ELC1 8.00 2.14 11.31
HEX3 8.00 2.14 6.96
DOAIL 8.00 2.00 8.57
MMS4 8.00 2.00 8.00
RADI16 7.46 5.28 8.00
MEC3 7.46 2.83 6.96
PIN4 746 2.46 9.19
CAC2 7.46 2.00 857
LCD1 6.96 348 7.46
PAN2 6.96 2.30 12.13

response to jasmonic acid -

response to organonitrogen compound -

regulation of immune system process

response to chitin

v

regulation of cell death -

protein localization to membrane 4

establishment of protein localization to membrane 1

protein targeting to membrane -

response to wounding -

regulation of immune response -

p.adjust

® Count
® 20
@ =
. 240
0.050 0.055 0.060 0.065

GeneRatio

1.772247e-65

1.066680e-48

2.133360e-48

3.200040e-48

4.266720e-48



Gene and function enrichment

Functional interpretation

e Rely on annotated sets of genes:

FUNCTION

LOCALIZATION

proteins expressed in
the same cellular
compartment

REGULATION

targets of the
same regulatory
elements

PHENOTYPE
proteins co-expressed

under certain
conditions

members of same
biochemical
pathway

WHATEVER

user defined
relevant
classification




Gene and function enrichment

Functional interpretation

e Rely on annotated sets of genes:

FUNCTION LOCALIZATION

proteins expressed in
the same cellular
compartment

REGULATION

targets of the
same regulatory
elements

WHATEVER

user defined
relevant
classification

PHENCOTYPE
proteins co-expressed

under certain
conditions

members of same
biochemical
pathway

e Databases:
o  Gene Ontology (GO): controlled, hierarchical vocabulary with fixed terms.
o KEGG, Reactome, WikiPathway: list of pathways and high-level functions
o MSigDB: Multiple collections of genes sets (human centered)

e Can be accessed online or with R packages (biomaRt, the OrgDb packages)



Gene and function enrichment

Functional interpretation

e Classical methods: over-representation analysis, GSEA... Resolution: cluster or cell type

Over Representation Analysis (ORA)

For a given gene set, are there more DE genes than what we expect by chance ?

A S
T
[ | .... : A " * Expected by chance
HEl g AA 0:0
R
C 2 .y
3o ¥
Observed DEG
:0 : orange genes are over-represented
All known genes ¢

categorized into gene sets



Gene and function enrichment

Functional interpretation

e Classical methods: over-representation analysis, GSEA... Resolution: cluster or cell type

Gene set enrichment analysis (GSEA)

® Principle: enrichment score
o rank the list of all genes: logFC, (logFC x p-value) 5
o
=
o assess whether a gene set is enriched at the top or I
bottom of the list: enrichment score (ES), p-value T

o select high ES = low p-values ~ : Rank in L

INIETE |

Leading Edge | ranked list of genes




Gene and function enrichment

Functional interpretation

Classical methods: over-representation analysis, GSEA... Resolution: cluster or cell type

Gene set enrichment analysis (GSEA)

A
Principle: enrichment score
o rank the list of all genes: logFC, (logFC x p-value) 5
o
=
o assess whether a gene set is enriched at the top or I
bottom of the list: enrichment score (ES), p-value T
o select high ES = low p-values N | : Bankin 1
I
GSEA focuses on coordinated differences in expression. _I

Even not significant DEGs contribute. : = | ranked list of genes




Gene and function enrichment

Functional interpretation

e Classical methods: over-representation analysis, GSEA... Resolution: cluster or cell type

e Single cell specific methods:
© individual score for each cell
o  Some tools: CelllD, AUCell, scGSVA, decouplR, scGSEA (in R package dficf)
o  Better than simple average or z-score because take the size of the gene set into consideration



Gene and function enrichment

Functional interpretation
e Classical methods: over-representation analysis, GSEA... Resolution: cluster or cell type

e Single cell specific methods:

o individual score for each cell
o Some tools: CelllD, AUCell, scGSVA, decouplR, scGSEA (in R package dficf)

o  Better than simple average or z-score because the size of the gene set taken into consideration

REACTOME_INTERFERON_SIGNALING R —

oy

Gene Sets

GS sctivig score

1 2

< 005 Cells



Trajectory analysis



Trajectory analysis

Dynamic processes

e Study dynamic processes: development, differentiation, immune response...

e Single cell sample heterogeneity: different cell states present in the same sample = order them.

® Ambiguous
® Cycling myoblast

® Myotube

Component 2

® Reserve cell

® Unknown

Component 1



Trajectory analysis

Dynamic processes

Principle:
o work in reduced dimension
o infer trajectories in pseudo-time
@)

Many approaches (probabilistic, cluster-based,
graph-based)

7

£

&

&
"’@

g

A

dimensionality reduction

clustering + MST

principal curves

graph traversal

probabilistic methods

RNA velocity

5

=,

4

J

Deconinck et al., Cur. Opin. Syst. Biol 2021



Trajectory analysis

Dynamic processes

e Principle:
o work in reduced dimension
o infer trajectories in pseudo-time
o Many approaches (probabilistic, cluster-based,

graph-based)
e Downstream analyses:

<€ | L]

- L——»
pseudotime pseudotime

~

\

soee
‘;m
| |
A
1\
° A
.lI

paleETIEY:]

\_  Visualisation differential expr. alignment GRN inference )

N
; g%
a &0
&° ’°‘ - r@
dimensionality reduction clustering + MST principal curves
graph traversal probabilistic methods RNA velocity
HMM GPLVM
Ot y
OO,
O N
\ >
£
Markov chain _J

Deconinck et al., Cur. Opin. Syst. Biol 2021



Trajectory analysis

Limits
e Topology: - 0O—@
o Abiological process can be
Li Cycl
-_Branching

Tree

Deconinck et al., Cur. Opin. Syst. Biol 2021



Trajectory analysis

Limits

o  All methods cannot not correctly infer all topologies

e Topology:
o  Abiological process can be

Linear

:

Tree

= Need a priori topology knowledge
= Then choose a corresponding method

= If no prior knowledge, compare several inferences

Deconinck et al., Cur. Opin. Syst. Biol 2021



Trajectory analysis

Limits

+ Topology ossar Show code /> Showihide columns (@ Options £
. . ct , N N . Lenses  Default Summary (Fig. 2) Method Scalability Stability Usability Accuracy Overall Everything
e Topology: I T AT
o  Abiological process can be e T
bl S Mo 4 poamee x e er ol @
N"':::"“'c'e d B4 </» 4 SCORPIUS —_— @ @\na
AN B e
. : T R e o S == -
o All methods cannot not correctly infer all topologies @ 4 oo e~ & @
_ —— ——
= Need a priori topology knowledge 3 o — o 8
Memory limit <> 4 TSCAN — ] (a78ve
. - : Component _— B8 o
= Then choose a corresponding method g '

> 4 SLCE i B 24 | [3s
i H « it informaton ot i eeican — [E73he

= If no prior knowledge, compare several inferences .
3\:;::\;7;;&0wwide.‘he.'.vllqwi.nq prior <> 4 PhenoPath —_— 837
Start cell(s), End cell(s), # end states, # star sates, # ~ < 4 pCreode —— e [z
&» 4 ‘r\:;nncle X e B o4 [ (6ozie
» Method selection CEL <> 4 Wanderlust X —_— @B ] E8 (azgwe
o Package dynverse implements most methods and Ot i e By

helps choosin
P g Deconinck et al., Cur. Opin. Syst. Biol 2021
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Limits

e Topology:

e Only based on gene expression similarity = add information:

o RNA maturation: RNA velocity: scVelo, CellRank
o other modalities

o time points
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RNA velocity
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RNA velocity
—O -
Steady state
Levels of immature and mature RNA change upon A Induction U=ys ,*
activation/repression. us>ys S
Transcription ‘L a L : =
u : . -
Unspliced /—l\ s E
mRNA u : o Time o
L : : O
Spl : :
S |-pI:ng lﬁﬂ s| 5 :
plice : : _ =
mRNA%w S Time

Repression
Degradation ‘LY u<ys

Spliced (s) [T 17

La Manno et al., Nature 2018
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RNA velocity
—{
Steady state
e |evels of immature and mature RNA change upon A Induction U=vys ¢
activation/repression. us>ys Sy
e Modelized as differential equations S
ge]
@
R
o
vl
5
Repression
u<ys
d_S =U- d_u =da- BU
ar " dt Spliced () [T

La Manno et al., Nature 2018
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RNA velocity
- 1 1

Steady state

Levels of immature and mature RNA change upon A Induction Uu=vys ,¢
activation/repression. Uu>ys

Modelized as differential equations S
ge]
@
=
Single cells used to fit model E.
C
= .
epression
d—S =Uu-vys d_u =a- BU 1
dt at Spliced (s) [T 17

La Manno et al., Nature 2018



Trajectory analysis

RNA velocity
—{
Steady state
Levels of immature and mature RNA change upon A Induction Uu=vys ,¢
activation/repression. e

u>ys =1

Modelized as differential equations

Single cells used to fit model

Unspliced (u)

For each cell, predict genes expression at t+1
= vector of gene expression at t+1
(i. e. next cell state)

Spliced (s) [T 1T

La Manno et al., Nature 2018
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RNA velocity
a *® e Radial glia L
® © Neuroblast
® © Immature neuron @)

Levels of immature and mature RNA change upon ® & Neuron

activation/repression.

Modelized as differential equations

Single cells used to fit model

For each cell, predict genes expression at t+1
= vector of gene expression at t+1
(i. e. next cell state)

La Manno et al., Nature 2018



Trajectory analysis

Summary

® e

e a prior topology knowledge needed or

Reconstitution of dynamic processes ) . )
y P risk of invalid results (topology)

Insights about transient states .
g - not completely data driven
Additional information can improve results (RNA

velocity) - not completely exploratory

e Developed to study processes in the
range of a few hours. Can it be extended
to longer processes ?
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Cell Cell Communication

e Evaluate receptor - ligand expression across cell types

e Guided by databases of know receptor-ligand interactions

+ B 4
b I

Immune Stromal Tumor Immune Stromal Tumor
Cells Cells Cells Cells Cells Cells

Receptor A Q
n

Expression
Ligand A
Expressio

PhoneDB

Fan et al., Exp. Mol. Med 2020
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Diversification of the methods:

Cell Cell Communication
Other model organisms
PlantPhoneDB DiSIR — .
FlyPhoneDB CELner | Multimeric sub-units
CellChat (V1) Network propagation
Smgte'c’gﬁgi%}?g CellPhoneDB (V1 and V2) s frdbop scSeq‘Comm
NicheNet
Ligand-receptor FunRes
SEARCHIN
SoptSC

SPRUCE

Deep learning

DeepCOLOR*
Scriabin
NICHES

Option to use spatial transcriptomics

BulkSignalR
CCCExplorer

Single-cell data A et
pair prioritizing
CellCall

CellComm
Intracellular activity to weigh CCls

Intracellular

signalling scMLnet

Coretools

Finer: Single-cell
Deeper:
Extra information

resolution

Expanding
ligand types

CellPhoneDB (V4)

Computational
Addition of metabolites
NeuronChat

e Computational:
o add information: e.g.: intracellular pathways activity
. . . . Spatially constrained analysis
o  robustness: replicates, conditions, time-points Colbhons0s )
gggﬁ"s tools of CCls
o  gpatial context (spatial transcriptomics) oot BT\ Lroric el
— :I:;:u:?:::::‘ Simulation-based analysis MEBOCOST*
Other CellAgentChat*
i .
Spatially weighted analysis mprovements :;s.::reﬁ:::rep-im
HoloNet RNA-Magnet
stMLnet* pdohboe InterCellar Cimreonte > [EEEE
BATCOM SpaOTsc Broader: TALKIEN mult pl:o ! -sirs
SpaCeNet* A cellzcell Accounting for Cellinker RN pai
ng:;:‘%':mm‘ SPROUT conditions Interactive interface DEeApECCI
Spatial organization of cells Pairwise detection of LIANAS LR Hunting
DE genes to infer CCls CellChat (v2)* scTensor
CINS CellPhoneDB (V5)*
RobustCCC

Experimental:
isolating doublets

track barcode diffusion

[ ]
O

O

Deep learning
GCNG
DeepLinc
CLARIFY spaCl
Giotto
Squidpy
MisTy

stLearn
Frameworks for spatial

Differential
Multiple tools and
benchmarking

NicheNet

Connectome MultiNicheNet*
LIANA

sciTD*
DIALOGUE ESICCC
MOFAcell
Tensor-cell2cell

Multiple conditions simultaneously

CellTalker

NATMI
CellChat (V1.6)

TraSig
TimeTalk

CCls along multiple time points

Armingol et al., Nat Rev Genet 2024

Pairwise comparison of CCl scores
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Gene regulatory networks inference

e GNR: set of interactions governing gene expression and cell functions
e scRNA-Seq: focus on transcription factors + cis taget elements

e Used to characterize and understand cell types or states

Binary regulon activity matrix
AtErsoneai

intemeutons Pyramida SS Pyramide C

Aoreyoigtontocyes

. Tef (319g)

% Pbxi (43g)
Neurod1 (78g)
Pou3f (50g)
Lo | Zmat4 (55g)

1" AL T { Bt

| DIx5 (103g)

RQQ“'D"S i b DIt (73g)
I "I R et Sox8 (326g)

) ! ! Sox10 (564g)

Ly : Nr2e (269)

I ! Gli3 (31g)
Prdm16 (114g)
y Rorb (39g)
Sox2 563)
Ebfi (248g)
| Left (120g)
Zic3 (1729g)
Gata? (259g)
EIk3 (462g)
Ets1 (680g)
Stat6 (173g)
Nfkb1 (290g)

o
)
=3
&<}
5
=
=
)

Maf (144g)

Aibar et al., Nat Methods 2017

Regulon:
9 c =
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copy number variations

—
T
=
! i i
i
I
! 1 3%
i
” f
i i
: i
3 1
1
!

R package inferCNV

identify large scale CNVs

Principle: compare gene expression
between samples and a set of reference
“normal” cells.

NMC

Malignant cells (ftumor #)
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