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* More exploration on cell annotation

* Additional data cleaning

* Adjusting for confounders

* Quantitative comparison across groups
* “Functional” inference

* Extensions to multi-omics

* Real-world applications
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* More exploration on cell annotation



More exploration on cell annotation
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More exploration on cell annotation

PBMCs -> Subset on B cells and plasmablasts/plasma cells

e Basic QC, clustering, and

annotation IgG plasma cell

) IgA plasma cell
* Keytechniques they can now i

explore more: ® IgM plasma cell

® Plasmablast
Exhausted B cell
* Subsetting for more ® Switched memory B cell

focused analysis @ Non-switched memory B cell

® Naive B cell

Immature B cell

Stephenson et al. Nat Med. 2021



More exploring on cell
annotation

* Basic QC, clustering, and annotation

* Key techniques they can now explore
more:

 Reference-based annotation
tools

* Tools like SingleR,
Azimuth, scPred, and
CellTypist
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* Additional data cleaning



Ambient RNA removal

Nuclear/Cellular

Empty

Occupied RNAS
DTV Droplet
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Amblent RNAs

Source: 10X Genomics

Free-floating RNA from lysed or dying
cells captured in droplets
Usual suspects:
* Hemoglobin genes: HBA1, HBA2,
HBB - from lyzed red blood cells.
* Immunoglobulin genes: IGH*, IGK*,
IGL* > from lyzed
plasmablasts/plasma cells
Apply correction before normalization
Example tools: SoupX, DecontX,
CellBender



Doublet detection and removal

Doublets: two cells are captured in the same droplet
Remove doublets before clustering and annotation
Example tools for doublet detection and removal.:

* DoubletFinder (R)

 scDblFinder (R)

* Scrublet (Python)
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Source: https://github.com/chris-mcginnis-ucsf/DoubletFinder
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* Adjusting for confounders
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Cell cycle regression

Regress out cell cycle scores (S/G2M phases) when it's not biologically relevant
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Batch correction/Data integration

Before correction After correction
stim seurat_clusters seurat annotations
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Global models

« Fit regression model with batch effect covariate

Residuals (often using linear regression):

Aige = fo(Be .. .)

Tee = Mge = Age = ny. — (fy + B1B,)
in linear model case

Example:
sc.tl.regress_out()

Correct for fitted batch effect:

ngcb = ag + Xﬂg + ygb + 5gb€gcb

additive batch
bio design effect
matrix
multiplicative
batch effect
Example:

Linear embedding models

* Project cells into low dimensional embedding

 find most similar cells in other batch e.g., using
mutual nearest neighbours (MNNs)

* Use MNNs as anchors to calculate a correction
vector

Examples:
MNN, FastMNN, Seurat

Batch correction/Data integration

Graph-based methods & Deep
learning

Enforce graph connections between different
batches Baten1

Batchz

Batchd

Examples:
BBKNN, Conos

Add condition node into auto-encoder

ComBat - scanpy.pp.combat()

v3, Scanorama

Dataset | Cell type

000 o= 4 /Trate until convergence

Source: https://https://www.sc-best-practices.org/
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Soft assign cells to
clusters, favoring mixed
dataset representation

Get cluster centroids
for each dataset

Get dataset correction
factors for each cluster

Move cells based on
soft cluster membership

Korsunsky. Nat Methods. 2019

architecture
(x-u)?
input x output
. bottleneck .
. . layer . .
0.9 .9 4.0
o L
o @
Examples:
encoder decoder scVI, trVAE, SAUCIE

Examples

Seurat (CCA, RPCA)
Harmony

FastMNN
Scanorama

BBKNN

scVI, scANVI, scGEN
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* Quantitative comparison across groups



Differential abundance/compositional analysis: cluster-based

UMAP2

UMAP2

log2 fold change

I cell type A
I celltype B

cell type C
I celltype D

Cell type

Source: https://https://www.sc-best-practices.org/



Differential abundance/compositional analysis: cluster-based

condition

-  Work on predefined clusters or cell 100 -

EN Endocri
types M | 1 = Enterocyte

[ Enterocyte Progenitor
- Per-sample cell proportions —can | . — -y

be derived by basic dplyr/pandas
& O

gl 0
- Considerations: adjustment for B S S
- S o \‘:cp

Proportion
2

EEE  TA.Early
Tuft

covariates, statistical tests il

- Can use either frequentist (glm- - .
based e.g. Yoshida et al. Nature. % CEH
2021 (glm), propeller or Bayesian é. ——

Proportion

approaches (e.g. scCODA)

=
L i, e

- Limitations: e .
1 él...-- & E’- - - E‘fti

- Relies on clustering quality "

0.00 A

- Can't detect within-cluster
shifts

Endocrine -
Enterocyte -
Enterocyte. Progenitor
Goblet 4

Stem

Cell type

Source: https://https://www.sc-best-practices.org/



Differential abundance/compositional analysis: non-cluster-based

Detect regions in
expression space/latent
space where cell density
differs between
conditions, without
relying on clusters

Examples:
 MiloR, MELD, Cydar,
DA-seq
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Dann et al. Nature Biotechnology. 2022



UMAP2

Differential gene expression
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* Consideration
* Single-celllevel vs pseudobulk
level
 Single-cell level methods
* Analyze each cellas an
observation -> more granular but
noisy; inflated significances
e Seurat/Scanpy (with options to
choose specific methods e.g.
Wilcoxon, MAST, t-test etc.)
* Pseudobulk methods
* Aggregate cells per sample ->
more robust, lower FDRs
compatible with bulk RNA-seq
tools e.g. edgeR, DESeq2, limma
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e “Functional” inference



Pathway & gene set enrichment analysis

f Plasmablast
<

G2M checkpoint
E2F targets
Oxidative phosphorylation
Myc targets v1
mTORC1 signalling
Fatty acid metabolism
DNA repair
Myc targets v2
Pancreas beta cells
Unfolded protein response
Glycolysis
Adipogenesis
Protein secretion

KRAS signalling up

Allograft rejection .
TNF signaling via NF-kB
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Stephenson et al. Nature Medicine. 2022

Naive B cell

IFNy response

IFNa response

KRAS signaling down
Inflammatory response
Apoptosis

Late estrogen response
UV response up
Hypoxia

TNF signaling via NF-xB
EMT (o]

Early estrogen response
UV response down

ooll

o]

00g@ OOOOOO

-2 0 2
Signed —log, ,adjusted P value

Switched memory B cell

IFNy response [ ]

IFNax response a e

KRAS signaling down
Inflammatory response o
Androgen response
Apoptosis

Glycolysis

Late estrogen response
EMT

TNF signaling via NF-xB e}
Early estrogen response
Coagulation
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Signed —log, ,adjusted P value

female reproductive organ cancer
pulmonary sarcoldosis

autoimmune disease

cute proliferative glomerulonephritis
normocytic anemia

Coronavirus infectious disease
bacterial infectious disease
pulmenary tuberculosis

combined immunodeficiency

Meiar-Gorlin syndrome

female reproductive organ cancer
pulmonary sarcoidosis

autoimmune disease

cute proliferative glomerulonephritis
nermocytic anemia

Coronavirus infectious disease
bacterial infectious disease
pulmonary tuberculosis

combined immunodeficiency
Meier-Gorlin syndrome-

* Examples: fgsea, Enrichr, AUCell, GSVA, ClusterProfiler
* Inference of gene regulatory networks (regulatory interactions between transcription factors (TFs) and

target genes): SCENIC
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Pseudotime/Trajectory analysis

é e o © o Feature

®
X selection © @ reduction
©

N-dimensional Selected
expression space feature space

Example tools: PAGA, monocle3, Slingshot, Palantir
* RNA velocity-based: scVelo (add directionality)

eo® © Dimension
o

Reduced space 2

Trajectory
reconstruction

-

Reduced space 1

Reduced
dimensional space

Reconstructed
trajectory

Herring et al. 2018



CellPhoneDB database

Mandatory input @

Annotated scRNA-seq

Optional inputs
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Cell-cell interaction inference methods
Method 1
Simple analysis
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Statistical analysis DEG analysis
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Gene expression
Metadata
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Inputs and methods compatible
o TF activities (CellSign)

© DEGs

Specificity scoring

Predicting cell-cell interactions

Tools infer signaling based on ligand-receptor expression
across cell types. Often rely on curated databases.

Example tools:
CellPhoneDB
CellChat
NicheNet
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Modeling IL-10/IL-10R communication
during a viral infection (unpublished)

Source: https://satijalab.org/seurat/
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e Extensions to multi-omics



Multi-omics: protein expression

CITE-seq Abseq
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Matula et al. Advanced Biosystems. 2019
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Multi-omics: chromatin accessibility

RNA ATAC
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Frameworks for the integration of single-cell multi-omics data

Modality 1

Cells

Features

Modality 2

r |

Features

Cells

a Quantitative causal modelling
MRYR — "N B

mRNA Protein
Degradation  Gene expression Degradation  Protein expression

AN ANE SR VAVAV ~r D

AVAVAYERIRCET @?
LVAVAY ~C S
b Statistical modelling between features

Features can be
alibration matched between
modalities by modelling
a statistical relationship

c Latent space inference

|
t. Mapping > e Mapping
b i 0.0 -
Latent model ) .. Latent model
prediction prediction

Latent space

d Consensus of individual inferences (late integration)

008@
%,0 Consensus

]‘ of two results

Modelling of each modality separately

Miao, Z. et al. Nat Rev Nephrol. 2021



Example of a latent space
inference

Cell

Volume 184, Issue 13, 24 June 2021, Pages 3573-3587.e29

o

CellPress

Resource

Integrated analysis of multimodal
single-cell data

1210 310

Yuhan Hao , Stephanie Hao * 1%, Erica Andersen-Nissen *°

William M. Mauck 111 %, Shiwei Zhent_:]_1 2 Andrew Butler ! 2, Maddie . Lee ©,

Aaron ]. Wilk ®, Charlotte Darby !, Michael Zager 7, Paul Hoffman %,

Marlon Stoeckius 3, Efthymia Papalexi ! 2, Eleni P. Mimitou ?, Jaison ]Jain %,

Avi Srivastava !, Tim Stuart !, Lamar M. Fleming_*, Bertrand Yeung %,
1211 g
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Single-cell multimodal
data technologies
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Integration with spatial omics

Chromi
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O
N 0
w L
; B[ & W
Miltenyi : . o P A o N TS
FERE A e — st T Y o L
Tissue w ¥ LT s RNA g o 3
Dissoclation ' Probe hybridization 1SNE 1
to nuclear transcripts Dimension reduction
b
v g -g
(N :
| ( . | A -
Serial = ; 6.5 mm x 6.5 mm
FFPE Pre-CytAssist H&E - Capture Area S CI > %
. i i isi Isium Liusters -4
Sections CytAssist alignment to Visium capture array e

Xenium

Fluorescent detection
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Janesick, Z. et al. Nat Commun. 2023



Immune receptor profiling (TCR/BCR Sequences)

A Repertoire
. Diversity overlap

analysis
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Analysis tools examples:
 V(D)J gene /clonotype calling
 Cellranger V(D)J
* Dandelion (re-annotation of
BCR)
* Downstream analysis
 scRepertoire (R), scirpy
(Python), Dandelion (Python)
* These tools often wrap or
extend specialized utilities

Valkiers et al. Immunolnformatics, 2022
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Outline

* Real-world applications
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Some Resources:

* Single-cell best practices (Python-based): https://www.sc-best-practices.org/

* Benchmarking trajectory analysis methods: Saelens et al. Nat Biotechnol. 2019

* Benchmarking doublet detection/removal methods: Xi and Li. Cell Syst. 2021

* Benchmarking DE methods: Squair et al. Nat Commun. 2021

* Benchmarking integration methods: Luecken et al. Nat Methods. 2022

* Benchmarking cell-cell communication methods: Dimitrov et al. Nat Commun. 2022

* Benchmarking DA methods: Yi et al. Genome Biol. 2024


https://www.sc-best-practices.org/
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