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Cell annotation



Cell annotation

Annotation relies on marker genes

Good markers are overexpressed and specific to a population



Cell annotation

Manual 
annotation

Automatic
annotation

marker-based
 

or
 

dataset-based

Using differentially expressed genes

Annotation strategies



Cell annotation

Manual annotation

Marker genes

● Manually review marker genes.
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Cell annotation

Manual annotation
● Manually review marker genes.

● Score known signatures: AUCell, decouplR, gficf…

signature, pathwayMarker genes
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Cell annotation

Manual annotation
● Manually review marker genes.

● Score known signatures: AUCell, decouplR, gficf…

signature, pathwayMarker genes
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Manual annotation
Automatic annotation

annotate clusters according to 
gene/signature expression



Cell annotation

Manual annotation

● Need a priori knowledge

● Easy to implement (no tool needed) ● Time consuming

● Can be subjective

● You can define your own populations and 
subpopulations.

● Annotation generally at the cluster level = 
dependent on clustering

● “Why is my favorite gene not expressed?"

Manual annotation
Automatic annotation



Cell annotation

Automatic annotation
Manual annotation
Automatic annotation

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

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

● Need a tool: singleR, CelliD, CHETAH, Azimuth (Seurat)…



Cell annotation

Automatic annotation
Manual annotation
Automatic annotation

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

● Need a tool: singleR, CelliD, CHETAH, Azimuth (Seurat)…

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



Cell annotation

Automatic annotation
Manual annotation
Automatic annotation

Marker genes PanglaoDB, 
CellMarkers, ScSig

single cell datasets

Single Cell Expression 
Atlas, Tabula Muri, 
Immgen, Human 

Cancer Atlas, 
CancerSEA, Azimuth

bulk purified cell types CellDex

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

● Need a tool: singleR, CelliD, CHETAH, Azimuth (Seurat)…

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

● Find references in databases, literature or use your own data…

Databases



Cell annotation

Example: singleR

optional

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

Aran et al. Nat. Immunol. 2019

Manual annotation
Automatic annotation



Cell annotation

Example: large language 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 (AI hallucination) and GPT-4 fee

Hou & Ji, Nat. Methods 2024

Manual annotation
Automatic annotation



Cell annotation

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

● Incomplete, poorly matched reference 
data → poor results (conflicting, absent 
cell labels… error propagation !)

● Inconsistencies between references

● Similar cell types hard to distinguish

● Sample processing can have a huge 
impact on the results

Automatic annotation

Clarke et al., Nat. Protoc. 2021

Manual annotation
Automatic annotation

● Fast

● Annotation at the single cell level

● Define your own reference

● Quality scores often provided

ref1 ref2



Cell annotation

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

● Incomplete, poorly matched reference 
data → poor results (conflicting, absent 
cell labels… error propagation !)

● Inconsistencies between references

● Similar cell types hard to distinguish

● Sample processing can have a huge 
impact on the results

Automatic annotation

Clarke et al., Nat. Protoc. 2021

Manual annotation
Automatic annotation

● Fast

● Annotation at the single cell level

● Define your own reference

● Quality scores often provided

Check the results manually

ref1 ref2



Cell annotation

Possible workflow

Clarke et al., Nat. Protoc. 2021



Cell annotation

Some existing tools

Clarke et al., Nat. Protoc. 2021



Gene and function enrichment



condition

control

Gene and function enrichment

What are the 
specific markers of 
red population ?

What to measure

● Compare populations:
○ 1 population vs the rest: markers



condition

control

Gene and function enrichment

DEG  between red and 
yellow populations ?

What to measure

● Compare populations:
○ 1 population vs the rest: markers
○  1 vs 1 populations



condition

control

Gene and function enrichment

● Compare populations:
○ 1 population vs the rest: markers
○  1 vs 1 populations

● Same population between different 
conditions

What to measure

DEG in blue population upon 
treatment/gene overexpression/KD... 
?



Gene and function enrichment

Many methods

● Many methods (over 36 in 2018)

● Relying on diverse statistical assumptions:

Soneson & Robinson, Nat. Methods 2018

(Wilcoxon)

specific assumptions:
model of gene expression, 

dropouts…

(t-test) (GLM, bayesian inferences)

almost
no assumption



Gene and function enrichment

Many methods

● Many methods (over 36 in 2018)

● Relying on diverse statistical assumptions

● Different origins:

Soneson & Robinson, Nat. Methods 2018

classical tests

Wilcoxon
t-test

specific single cell 
methods

MAST
Monocle

methods adapted 
from bulk RNA-

Seq

DES-Seq2
(sc version)



Gene and function enrichment

What about replicates
The nature of single cell data raises questions regarding replicates

• What is a replicate ?

• How to take replicates into account ?

• Should we use replicates ? 



Gene and function enrichment

The nature of single cell data raises questions regarding replicates

1 replicate = 1 cell (dozens of replicate) 

or
 

1 replicate = 1 sample (2 replicate/condition) 

• What is a replicate ?
• How to take replicates into account ?
• Should we use replicates ? 

What about replicates



Gene and function enrichment

What about replicates

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

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

do not take samples into account

• What is a replicate ?
• How to take replicates into account ?
• Should we use replicates ? 

?

Wilcoxon
t-test

MAST
Monocle



Gene and function enrichment

What about replicates

pseudobulk methods 
(1 sample = 1 biological replicate)

sum cells within same replicate then bulk method

??

Wilcoxon
t-test

MAST
Monocle

bulk DESEq2
bulk edgeR

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

• What is a replicate ?
• How to take replicates into account ?
• Should we use replicates ? 

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

do not take samples into account



Gene and function enrichment

What about replicates

?

Wilcoxon
t-test

MAST
Monocle

limma-voom
DESeq2
edgeR…

Squair et al., Nat.Com 2021

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

• What is a replicate ?
• How to take replicates into account ?
• Should we use replicates ? 

pseudobulk methods 
(1 sample = 1 biological replicate)

sum cells within same replicate then bulk method

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

do not take samples into account



Gene and function enrichment

● According to Squair et al., biological 
replicates allow:

○ less false discoveries
○ less biased towards highly expressed genes

Squair et al., Nat.Com 2021

• What is a replicate ?
• How to take replicates into account ?
• Should we use replicates ? 

What about replicates



Gene and function enrichment

● According to Squair et al., biological 
replicates allow:

○ less false discoveries
○ less biased towards highly expressed genes

● Which method to use: no consensus but:
○ 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

What about replicates
• What is a replicate ?
• How to take replicates into account ?
• Should we use replicates ? 



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 and function enrichment

Functional interpretation

● Rely on annotated sets of genes:



Gene and function enrichment

Functional interpretation

● Rely on annotated sets of genes:

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

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



Gene and function enrichment

Functional interpretation

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



Gene and function enrichment

Functional interpretation

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

● Principle: 
○ rank the list of all genes: logFC, (logFC x p-value)

○ assess whether a gene set is enriched at the top or 
bottom of the list: enrichment score (ES), p-value

○ select high ES = low p-values

Gene set enrichment analysis (GSEA)

enrichment score

ranked list of genes



Gene and function enrichment

Functional interpretation

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

● Principle: 
○ rank the list of all genes: logFC, (logFC x p-value)

○ assess whether a gene set is enriched at the top or 
bottom of the list: enrichment score (ES), p-value

○ select high ES = low p-values

● GSEA focuses on coordinated differences in expression. 
Even not significant DEGs contribute.

Gene set enrichment analysis (GSEA)

enrichment score

ranked list of genes



Gene and function enrichment

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

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

Functional interpretation



Gene and function enrichment

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

● Single cell specific methods:
○ individual score for each cell
○ Some tools: CellID, AUCell, scGSVA, decouplR, scGSEA (in R package gficf)
○ Better than simple average or z-score because the size of the gene set taken into consideration

Functional interpretation



Trajectory analysis



Trajectory analysis

Dynamic processes

● Study dynamic processes: development, differentiation, immune response…

● Single cell sample heterogeneity: different cell states present in the same sample  order them.⇒



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

graph-based)

Dynamic processes

Trajectory analysis

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



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

graph-based)

● Downstream analyses:

Dynamic processes

Trajectory analysis

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



● Topology:
○ A biological process can be 

Limits

Trajectory analysis

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



● Topology:
○ A biological process can be 

○ All methods cannot not correctly infer all topologies

        ⇒ Need a priori topology knowledge

⇒ Then choose a corresponding method

⇒  If no prior knowledge, compare several inferences

Limits

Trajectory analysis

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



Limits

Trajectory analysis

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

● Topology:
○ A biological process can be 

○ All methods cannot not correctly infer all topologies

        ⇒ Need a priori topology knowledge

⇒ Then choose a corresponding method

⇒  If no prior knowledge, compare several inferences

○ Package dynverse implements most methods and 
helps choosing

        



● Topology:

● Only based on gene expression similarity  add information:⇒

○ RNA maturation: RNA velocity: scVelo, CellRank

○ other modalities

○ time points

Limits

Trajectory analysis



Trajectory analysis

RNA velocity
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Trajectory analysis

RNA velocity

La Manno et al., Nature 2018

● Levels of immature and mature RNA change upon 
activation/repression.



<
<
<
<

Trajectory analysis

RNA velocity

La Manno et al., Nature 2018

● Levels of immature and mature RNA change upon 
activation/repression.

 
● Modelized as differential equations

du

dt
= ɑ - uꞵ



Trajectory analysis

<
<

La Manno et al., Nature 2018

● Levels of immature and mature RNA change upon 
activation/repression.

 
● Modelized as differential equations

● Single cells used to fit model

RNA velocity

du

dt
= ɑ - uꞵ



Trajectory analysis
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La Manno et al., Nature 2018

RNA velocity

● Levels of immature and mature RNA change upon 
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)



Trajectory analysis

RNA velocity

La Manno et al., Nature 2018

● Levels of immature and mature RNA change upon 
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)



● Reconstitution of dynamic processes

● Insights about transient states

● Additional information can improve results (RNA 
velocity)

Trajectory analysis

Summary

● a prior topology knowledge needed or 
risk of invalid results (topology)

→ not completely data driven

→ not completely exploratory

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



Overview of advanced analyses



Overview of advanced analyses

Cell Cell Communication

● Evaluate receptor - ligand expression across cell types

● Guided by databases of know receptor-ligand interactions

Fan et al., Exp. Mol. Med 2020

PhoneDB



Overview of advanced analyses

Diversification of the methods:

● Computational:
○ add information: e.g.: intracellular pathways activity
○ robustness: replicates, conditions, time-points
○ spatial context (spatial transcriptomics)

● Experimental:
○ isolating doublets
○ track barcode diffusion

Armingol et al., Nat Rev Genet 2024

Cell Cell Communication



Overview of advanced analyses

Gene regulatory networks inference

● GNR: set of interactions governing gene expression and cell functions

● scRNA-Seq: focus on transcription factors + cis taget elements

● Used to characterize and understand cell types or states

Aibar et al., Nat Methods 2017



Overview of advanced analyses

copy number variations

● R package inferCNV

● identify large scale CNVs

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

Dong et al., Front Genet 2020
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Some parts of this course are inspired or adapted from

Agnes Paquet presentation from the course 
SincellTE 2022 / Single-Cell : Transcriptomics, Spatial and Multi-Omics

Thibault Dayris presentation from The AVIESAN – IFB – Inserm course 
Traitement des données de génomique obtenues par séquençage à haut débit

Lorette Noiret presentation from the Cancéropôle Ile de France 
MOOC NGS & Cancer – Single Cell
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