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Best practice for single-cell data analysis

22 52 ME FFOM O[St AXt Sh= =2 single-cell genomics 2= MER 7|22 ¢
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e Single-cell data structure (multi-dimension data analysis, data sparsity)
e Basic analysis pipeline

e Common erros in single-cell data analysis

e Batch correction and assessing the integration

e Public data analysis

e Automatic cell type annotation

* T HAO|E: https://scanpy.readthedocs.io/en/stable/index.html
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Curriculum Vitae

Speaker Name: Jong-Eun Park, Ph.D.

» Personal Info

Name Jong-Eun Park

Title Assistant Professor

Affiliation KAIST, GSMSE

P Contact Information

Address Graduate School of Medical Science and Engineering,
KAIST, Daejeon, 34141

Email jp24@kaist.ac.kr

Phone Number  010-4528-8702

Research Interest

Single-cell genomics, Immunology, Cancer
Educational Experience
2009 B.S. in Seoul National University, Biological Science, South Korea

2015 Ph.D. in Seoul National University, Biological Science, South Korea

Professional Experience

2015-2017 Post-doc research fellow, IBS center for RNA biology, Seoul National University
2017-2020 Post-doc research fellow, Wellcome Sanger Institute, United Kingdom
2020- Assistant Professor, KAIST

Selected Publications (5 maximum)

1. Kwon, J.*, Kang, J.* .., An H. J# Lee H.-O#, Park J.-E#, Choi, J. K# (2023). Single-cell mapping
of combinatorial target antigens for CAR switches using logic gates. MNature Biotechnology,
1-13.

2. Kang, J.* Kim, M.*, Yoon, D. Y.*, Kim, W. S., .., Park, M., Lee, J. S, Park J.-E# & Kim, S. M.#
(2023). AXL+ SIGLEC6+ dendritic cells in cerebrospinal fluid and brain tissues of patients with
autoimmune inflammatory demyelinating disease of CNS. Clinical Immunology, 109686.

3. Park, J.-E*, .., Taghon, T, Haniffa, M., Teichmann, S.A, (2020), A cell atlas of human thymic
development defines T cell repertoire formation. Science 367, eaay3224

4. Park, J.-E.*, Jardine, L* Gottgens, B., Teichmann, S.A, Haniffa, M., (2020). Prenatal development
of human immunity. Science 368, 600-603.

5. Polanski, K* Young, M.D.*, Miao, Z, Meyer, KB., Teichmann, SA# and Park, J.-E# (2020).
BBKNN: Fast Batch Alignment of Single Cell Transcriptomes. Bioinformatics. 36, 964-965
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“Cellular heterogeneity of human tissue” created by DALL-E




Diversity of the cells in our body

Human Cells

Four Types of Tissues

Data stored in our genome

Heterochromatin Nucleolus Heterochromatin Euchromatin
Euchromatin = (disperse, active)

Intron  Splicing Intron
mRNA

5 UTR | I3 UTR
Open-reading frame

Tmnifaﬁm
Protein %\

>20,000 protein coding genes, ~20,000 non-coding genes (more variants)
?? Number of regulatory elements
3 billion DNA letters (nucleotides) of reference, 6 billion personal genome




From bulk to single cell and spatial approaches

Whole Tissue/Organs

Bulk Genomics

(Genetic) Disease Model

Complex Tissue

Flow
Cytometry +
Bulk Genomics

Single Cell Genomics
(+ Cytometry)

Spatial Transcriptomics

g9 e

1. Single-cell data 2| & ¥ =4 29| 7|2
2. Best practice in single-cell data analysis
3. Public databases & data integration

4. Single-cell multi-omics data analysis




1. Single-cell data 2| 41 =4 7|2

Advancement in single-cell technologies

Manual Multiplexing Integrated fluidic Liquid-handling Nanodroplets Picowells

circuits robotics
8!

Tang et al. 2009" 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%

In situ barcoding

1,000,000 |- 10x Genomics SPLiT-seq
100,000 - e o/scmm-seq
MARs-selq (Mos%. (o] /mDrop —Orolh
10,000 - 2 & o g 5
STRT-seq CEL-seq FluidignC1 ¥ o O o © % 8h—sm-Weu
(6] Sl 59
e} 0o© @O0
Q Ao 0© O sMARTseq2
SMART-seq
1 1 1 1 1 1 1
2011 2012 2013 2014 2015 2016 2017
Study publication date

Svensson & Vento-Tormo, 2018, Nature biotechnology

8




Multi-omics at single-cell resolution

Proteome

i 9
D:-Single—cell multiomics: technologies and data analysis methods. £xp Mo/ Med 52, 1428-

Spatial transcriptomics
Science Currertissue  Firstrelease papers  Archive  About v

HOME 3 SCIEWCE 3 WOL IT1 WO 4550 ) EMSSYO-SCALE SINGLE-CELL SPATIAL TRANSCRIFTOMICS

REPOHT f¥ine@® =

Embryo-scale, single-cell spatial transcriptomics

SANIAY L SAIVATEAN ). MARY C. FEGET (B). ELIEA BARKAN (D). JENMIFEN M. FAANKS (@), JINATHANS. PAOKES () PASKER GSOSIENN (). MADELENE DLBAN
@ BAMERO0N (@), 08000 I CHETEAREL, (@ | +6 authors | Authors lnfo & Affiliony

S =5 R R R 5 7z
et oo B | fé

i

®E35 @EINS OENS
125 OEI3S OEM . Ths study

Mouse Embryonic Stage




Single-cell library generation

10X GENOMICS

Chromium Chip B

10x Barcoded
Gel Beads

LA A )

o

f

Cells oil
Enzyme

GEMs

3’ chemistry

~  .— Pooling

5’ chemistry
mRBNA poly(A) tail

eDNA " ELSTT PCR handle

—~ V .— Pooling
GBNAT T S PCR handle
[CONAT I TSl PCR handle

l Fragmentation & ligation
ISR CiNEErEOE OV S - BN AN 57 chemistry
3’ chemistry  [{CETTEAT N EIRSTTTEN G GESsesten R

RNA-seq analysis

Biological samples/Library preparation

Sequence reads

FASTQC

(Optional)

Adapter Trimming

Counting reads associated with genes

Statistical analysis to identify
differentially expressed genes

https://hbctraining.github.io/Intro-to-rnaseq-hpc-02/lessons/05_counting_reads.html

-6 -



Single-cell RNA-seq data alignment & counting

Packages for single-cell mapping Cotecs ot one e
FASTQ Read 1 l Collapse duplicate UMI
Cell Barcode -
+ UMI sequence
Support » Single Cell Gene Expression » Software ‘mzmm Cell / Gene Splice junctions
___sequence _ exvresslon Intronic reads
ASE + PIPELINES atrix _Velocyto counts

CELL RANGER What is Cell Ranger?

AL

a. Technology decoupled single-cell RNA-seq workflow

Cell Ranger is a set of analysis pipefines that process Chromium single-cell data to align reads, generate
feature-barcode matrices, perform clustering and other secondary analysis, and more. Cell Ranger includes
four pipefines relevant to the 3' Single Cell Gene Expression Salution and related products

* What is Celt Rang

o whatis

« cellranger mikfastq demuhtiplexes raw base call (BCL) files generated by Bumina sequencers into
FASTQ files. It is 2 wrapper around lllumina’s bel2fastg, with additional features that are specific to
1w libraries and a simpified sample sheet farmat

= celiranger count takes FASTD) Mes from cellranger sfasty and parforms

sgneners, fiterng.

Barcode counting, and UMI counting. i uses the Chromium cellular barcodes to generate feature-
barcode matrices, determine clusters, and perform gene expression analysis. The casnt pipeling can

take inpust from m 2 W well. celiramer coust also professes b. The Barcode, UMI, Set file format
eature Barcode data alangside Gene Expression rads.
« cellranger aggr aggregates outputs from multiple rsns of esllranger ceunt , normalizing those runs Equivalence Classes ——
to the sarme sequencing depth and then recomputing the feature-barcode matrices and analyss on 1 191 (]
the combined data, The aggr pipeling can be used tn combine data fram multipie samples into an .
experiment-wide feature-barcode matrix and analysis. Yoao: o
» cellranger reanalyze takes feature-barcode matrices produced by callranger count OF \I7 A I I \V/ -
cellranger sgar and reruns the dimensionabity reduction, clustering. and gene expression algorithms o
wsing tunable parameter settings. % UMis 3 /
/ 208 encodng
 celiranger multl Is used to analyze Cell Multiplexing data, it inputs FASTQ files from
celiranger skfasts and performs alignment, filtering, barcode counting, snd UMI counting. It ses s s o o
the Chromium cellular barcodes 1 4 determi ters, and 3 / barcode umi eq. class id count
perform gene expression analysis, The cellranger melti pipeiing also suppens the analysis of wI//
Feature Barcode data \ /4 / 01001101001... 110111... 000001101001... 000100111001
e sy T0010010¢ 001100
Cell

Cellranger output

Cellranger output and cell barcode filtering

drwxr-xr-x genomics 4096

—rWXr-Xr-X genomics 57216204 B cloupe.cloupe

drwxr-xr-x genomics 4096

—~IXWXr-Xr-x genomics 15736383 t filtered feature bc matrix.hS
drwxr-xr-x genomics 4096

—rWXr-Xr-X genomics 682 B metrics_summary.csv
—~IXWXr-Xr-x genomics 182565559 t molecule_info.hS

—~IXWXr-Xr-x genomics 24271610464 t rted _genome_bam.bam
—I'WXr-Xr-x genomics 7117296 B rted_genome_bam.bam.bai
drwxr-xr-x genomics 4096

—~IXWXr-Xr-x genomics 33432810

—XWXr-Xr-x genomics 6509377

100k — Cells 100k — Cells
5 Background 5 Background
7 2
10K 10k
“ 5 i 5
€ 2 £ 2
3 1000 2 1000
a 5 o 5
F £
o 100 % 100
5 5
2 2
10 10
L 5
4 2
1 1
1 10 100 1000 10k 100k 1M 1 10 100 1000 10k 100k M
Barcodes Barcodes

Cell Ranger 2.2 Cell Ranger 3.0




Data analysis package

Docs » Scanpy — Single-Cell Analysis in Python ©) Edit on GitHub

.

downloads 20k} docs | passing

scanpy

734 pypi vi.6.0 | downloads 255k
build | passing

Scanpy - Single-Cell Analysis in Python

Single-cell data structure: Anndata format

X: Gene expression values

* QObs: observations, cells

* Var: variables, genes

* Obsm: PCA dimensions, ...

* Obsp: Graph connectivities, ...

* Varm: PCA loadings, ...

* Varp: Gene-wise correlations, ...
* Uns: anything

* Based on hdf5 format
* Efficient memory usage and storage
* Easy plug-in with machine-learning packages

ergei Rybakov, Fabian J. Theis, Philipp Angerer, F. Alexander Wolf

3 473007; doi: https://doi.org/10.1101/2021.12.16.473007 16




Sparsity, dropouts in single-cell data




Example: 3 different cell types




Dropouts in single-cell data

21

real world single cell data

Profiling same cells for multiple times

multiple cells sequenced

22

-11 -



Simulating random dropouts

assuming low mRNA capture rate

Clustering keeping the resolution

compare to each other & create clusters

-12 -



Power of taking average!

get average profile!

-13 -

It’s all about finding neighbors




How to find neighbors?

How to measure distance between cells?

d(p,q)’ = (g1 — p1)* + (@2 — p2)°

m 1

27

Finding k-nearest neighbors
k-nearest neighbors, k£ = 5
O O
o
O
o
O
o (0]
o o
q
O
o o
o
o
O
28

-14 -



Finding k-nearest neighbors

k nearest neighbors graph (k = 3)

Power of neighbor graph in single-cell analysis

k nearest neighbors graph (k = 3)

>

Pseudotime
. k Nearest
L Neighbor
"I % Clustering ﬁ Graph
)

30

- 15 -



Graph based clustering

Level 1

Clusters CcD14 CcD19 cD3D NKG7
- ®
s oL “f.@* Are
"' n i ) i
3 t 8" ¥
CDSA FCERIA FCGRBA PPBP I|.3RA
L] L]
o ‘* h *} Wl W
' y : .- ;"‘ "y .’ e
- k)

¢

Annotating cell types

- 16 -



Overview of single-cell analysis

@  Tissue acquisition FACS Single-cell
(xidney, liver, skin, enichment RNA-seq
whog <N FAGS envich -
2 (live, single CD45* * ) X
(.’j — 10x Genomics

—

——

LR
ﬁ"@b: ==
2 o/ .

Single-ced index FACS
(ive, single CD45~ &
CD45°HLA'DR* )

Developmental stage

Isclated celis Smart-seq2; 96-well plate

4PCW 7PCW__ 9PCW 12PCW___ 15 PCW 17 PCW
) Liver — ]
’523"’ = |
ney
Yolk sac c 100%
= 25
24 ks ~
/- PR |
T, 17
g : \
# ~
o
2 16
ot 14
2 3/ 15
B8 v § >
2 ® M 60%
2 S 10 ] 5
3 s g
: g 3
% g B -
T 0 ] 3
H] 40%
ES
! o :
3 3
UMAP —> =
Immune Mogakaryocytes and
1 HSCMPP(™ 11 DC precursor wrythroid cells
2@ Propro-Beell  12@DC1 21 @ Megakaryocyte 20%
3 @ Pro-Bcell (T+**+) 120 DC2 (T++++) 22 Eary erythrold
4 Pra-Boell (T** 1400 Monocyte precursor 23 Mid enythroid g
5 @ Boett (T++9) 15 0 Monocyte (T4) 24 @ Late erythroid (Teves) 2
6 ILC precursor 16 Mono-mac €
7 @ EatyUTL(T%) 17 @ Kupffer cell (T***) Non-imemune &
8 @ NK 18 @ VCAM1* EI mac (T***") 25 @ Endothetial coll (1% < 0%
9 @ Neut-my pro.* 19 @ MEMP* 26 @ Fibroblast (1#) DO A0
10® pOC precursor (%) 20 @ Mast ceil 27 @Hopatocyte %y
PCW

U DM, Botting RA; Stephenson E, et al. Decoding human fetal liver haematopoiesis. Nature. 2019

Overview of single-cell analysis

Gene expression

l

Dimension reduction (e.g. PCA)

l

KNN-graph UMAP

' 2 » Force-directed graph
*’%53 Graph-embedding

\| Diffusion map

< |
Clustering, annotation, pseudotime....

n MD, Theis FJ. Current-best practices in single—cell RNA-seq analysis: a tutorial. Mol Syst Biol. 2019 Jun




2. Best practice in single-cell data analysis

2-1.Sample QC

36

- 18 -



How can we define cells?

Sample QC: why?

Dead cells Poor |y8is
Soup
o KA
- & =l
Tissue Dissociated Physical separation
single cells
o \g O
:#; o ‘.‘_O eé o

. B '

alls e S B

Pooled sequencing Cell barcoding Reverse transcription

I

Loss during library prep
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Combinatorial filtering

Unrealisticly high number of genes detected
(> 6000 per cell)
: potential doublets

mito
0.8
3.5 0.6
0
(]
o)
530 -
Lo
I
c
[~ A, 4
2.5 3 0.2
r’
Low coverage: / 4 2
dying cells or 204" ] 0
soup 3 4

n_Iogcounts High mitochondrial contents:
dying or stressed cells

Best practice

* Perform QC for individual sample
* Draw UMAP for individual sample

: color by well-known markers, mito-genes, n_genes, Immunoglobulins, hemoglobins, etc...

* Try to find best universal cutoff

* You might need to adjust cutoff for some low-quality samples (or simply discard them)

- 20 -




Problem 1: Doublets

Doublets expected from droplet based methods

Hydrogel Beads 0
& lysis buffer o

@®

Droplets

-21 -



Doublets expected from droplet based methods

Mouse UMI counts (k) &

Principal component 3

Mouse-only b c d
Human:mouse = Mouse (3T3) = Mouse (3T3) -8 "
60, Human-only Z [ Human (2037) = Human (293T) 3 B
Bl 8 < =0.96 5?
1,012 cells recovered = 3 20 22 i
40 . Multiplet rate=1.6% & 2 S oK
. g3 = g 2
g = =1 Lo
20 2 § 10 El g
. E _g < ger
0 . 3 = S 0 f meatst
0 em— s teee 8 § 1 = .
0 20 40 60 80 0 25 50 75 100 0 25 50 75 100 0 1 2 3 4

Human UMI counts (k)

293T-only

Raw reads per cell (k)

Jurkat-only

293T:Jurkat (1:99) 0

WigE 4| coa
e -
&+ 5
5 o
£

<ol

Principal component 1

https://www.nature.com/articles/ncomms14049/figures/2

293T SNV counts

293T SNV counts

150

100 .

50

Raw reads per cell (k)

ERCC molecules per GEM (log,,)

293T-only Jurkat-only
150 4 -
293T-only 24,
293T:Jurkat "
Jurkat-only 100 1%
50
0

0 50 100 150
293T:Jurkat (50:50) 150

© Multiplet rate=3.1%

50

0 50 100 150
293T-Jurkat (1:99)

3,396 cells recovered 100 7 -,

0

0 50 100 150
Jurkat SNV counts

0 50 100 150
Jurkat SNV counts

Doublet rates from 10X Genomics platform

Multiplet Rate (%) # of Cells Loaded # of Cells Recovered
~0.4% ~800 ~500
~0.8% ~1.600 ~1,000
~1.6% ~3,200 ~2,000
~2.3% ~4,800 ~3,000
~31% ~6,400 ~4,000
~39% ~8,000 ~5,000
~4.6% ~9.600 ~6,000
~5.4% ~11,200 ~7.000
~61% ~12,800 ~8,000
~-6.9% ~14,400 ~9,000
~7.6% ~16,000 ~10,000
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Computationally predicting doublets

A Doublet formation B Effect of doublets
> Singlets &
o J o . | » Singlet
o., o @ @@ E |® Doublet %
o g ® Triplet _Detectable
" doublets
cells  Encapsulate  poyblets 5 . ¥ (Neotypic)
°,° o B  Undetectable ;
o ® (droplets, g gk, — doublets ™
o (El Embedded

barcoded wells) )
primer beads @ Embedding dim. 1

= Algorithm overview
Observed transcriptomes Simulate
Neotypic ° doublets (&) A ADA Ao
© o doublet *e @ ° 0:¢ 08 °
° o0 u PYS °°°.° — °Ao'° AA‘A‘AA OOO.OA
0®o.0 Embeddadoo. 0®0 o ©0e
Singlet doublet —* A 4
Build k-nearest-
Calculate fraction of neighbor graph
simulated doublet
Doublet score neighbors
° ] <~
A 2
) P et
®  score— ey
[— ]

https://www.sciencedirect.com/science/article/pii/S2405471218304745

Problem 2: Contaminating reads from ambient RNAs
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Example for the ambient RNA contamination

Example for the ambient RNA contamination

CD3G CD3G
5
4
4
3
z :
& 2
Y 1 1
—0 UMAP1 8
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Example for the ambient RNA contamination

ALB ALB

Thymus

UMAP2

UMAP1

.,

B
C cell from 1
P
1
05
! - Decontamination of ambient RNA in single-cell RNA-
—] .
s seq with DecontX
3 Population 1 Shiyi Yana, Sean E Corbelt, Yusuke Koga, Zhe Wang, W Evan Johason, Masanao Yajiima & Joshua D,
= Population 2 ]
= Population 3 2 1000 Camwbe &
Native Contaminated Observed R B B
counts counts counts Genome Biology 21, Article number: 57 (2020) | Cite this article
Counts

High

Ium

0
= Az
| | @ Population 2
e (| NN | . E Population 3

Observed Contaminated Native
counts counts expression
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Cell Hashing allows
detection of doublets

>

Sorted PBMCs Original 4K PBMC Decontaminated 4K PBMC
(profiled in the same channel) (profiled in the same channel) (profiled in the same channel)

&

w

Average expression
of B cell (log2)
=
(=]

15 0 5 10 15
Average expression of T cell (log2)

2-2. Preprocessing (normalization, scaling)

56
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Why do we need normalisation?

mito

g
b
3.5
w
v
3.0
D" -
o 15 =
9 : %
| 1= .
= + 510 5
2.5 10— o
=l s @
sl a
gt g5
‘- There are a
201" 0 huge difference
:'3 él in coverage 0 :
across cells A B
n_logcounts batch
Same gene
Normalisation method
Xnorm = (X /sum(X)) * 10000
30 150
25 125
100
g 75
50
25
o L
2000
1500
£ 1000
500
04 ——di
v o o
g i 2 i g
Cells with low coverage Cells with high coverage
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400

before

o
0
[]
o

200

Log-transformation

Xlog =log(Xnorm+1)

1000

800

600

400

200

False

True

False

True

False

True

Not informative

Highly informative

UMAP2

UMAP2

Selecting highly variable genes

RPS16 NEUROG1
4
3
o
a.
2 =
=}
1
- UMAP1
CcD19
4
3
o~
Qo 3
2 3| S
B
1
v
9 UMAP1

~0.0

3.0
2.5
2.0
1.5
1.0
0.5
0.0

- 28 -




Selecting highly variable genes

Higher the expression level,
_—also higher the dispersion

dispersions of genes (not normalized)

00 25 50 75
mean expressions of genes

Selecting highly variable genes

T -
N 2
= 101 N 157 . higrlly variable genes
g E . - other genes
= ATy S 10 H-——T
3] & -
& " '
[
5 6 g
c ¥ 5
] ()]
o ‘s
s M 0
c -
c S 07
o a
wn 21 [H]
qh_} (=}
v
iy ©
-

00 25 50 75 oo 23 50 75
mean expressions of genes mean expressions of genes

After normalisation, we can apply flat cutoff!
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Scaling

centralise gene expression with zero mean

“Making all genes equally important”

and unit variance

RPS16
s

before

False
True

False
True

XCL1

15.0
125
10.0
7.5
5.0
25

0.0

False
True
False
True

False

Raw count

Normalized

Log-transformed &

2

o
2

1

0

CD3G

scaled

-1

-2

Integer between O-

k|

float between 0-10000

float between 0-20

float between —x.xx ~ + X.xXx

- 30 -



2-3. Dimension reduction / neighborhood graphs

65

Single-cell data is high dimensional!

Cells in high-dimensional space (> 30000 genes)

Genes (30,000)

0403905 2
06 1007304
2509.8033

0300 .

Cells (up to 1,000,000)

8211
192245145
080 10,0270 Interstellar, 2014

66
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Curse of dimensionality

xz [
o |5y (m
@
A
F‘r“]‘"“r’x — m = —
1
A
X,
low dimension high dimension
dense sparse
easy to compare difficult to compare
67
Feature selection
NEUROG1
4
0.3
Genes (30,000) N S -
S 0403..9052 ¢ * 3
< 0610..7304 1 -
o
et ol
o . . . . . . . .
2 0300..8211 ‘ — -
2 19225145 55
T 0010..0210 N b : i
1.0
1
¥ 0.5
UMAP1 R UMAP1 L

68
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PCA

Dimension reduction

Finding latent space embedding
Finding key axis
PCA, CCA, NMF, t-SNE, UMAP, FDG Manually gated populstions

© 1Naive B cells
=I5 © 2Memory B celis
® 3 Classical Monocytes
@ 4 Transitional Monocytes
‘ % ' 5 Non-classical Monocytes
& Basophils
R : 7 Early NK cells

+ 8late NK cells
4 . * 9 Plasmacytoid DCs
§ 3 © 10 Myeloid DCs
‘ 5 % ® 11 Naive CD8 T cells
® 12 Central Memory CD8 T cells
.

13 Effector Memory CD8 T cells

- 14 Terminal Effector CD8 T cells
A 4 15 Naive CD4 T cells
\N“‘ 16 Central Memory CD4 T cells
b 17 Effoctor Memory CD4 T calls
18 Terminal Effector CD4 T cells

19 NKT/MAIT cells
® 2045 Tcells

ey

Recent advances in computer-assisted algorithms for cell subtype identification of cytometry
and developmental biology 8 (2020): 234.

69

Dimension reduction

Original Data Components Reconstruction

Gene expression

l

Principal components

Sum of
Rank-1
Matrices

Matrix decomposition

Other examples:

Non-Negative Matrix Factorization
Canonical Correlation Analysis
Bayesian modelling




l
l

KNN-graph

&

&

RNA

Importance of neighborhood graph in single-cell data analysis

Gene expression

Dimension reduction (e.g. PCA)

Graph-embedding

UMAP

» Force-directed graph

Diffusion map

l

Clustering, annotation, pseudotime....

urrent-best practices in single—cell RNA-seq analysis: a tutorial. Mol Syst Biol. 2019 Jun

iew 2018-T28
I Many methods for graph embedding
Laplacian Eigenmaps Stronger attraction Stronger repulsion i t-SNE (p=1)
o~ ) A N " [
2 T
ForceAtlas2 UMAP

Qf“ 7 ]
(3

Repulsion & separation
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a Laplacian Eigenmaps b p=30 G p=2 d t-SNE
Y .
/ \ \ » \ . L 3 * »
/ : \ . : q* .~ <’
/ ) : _
/ \ L‘.\ //\\ L . « * y ‘ . L *®
\ A / . =
/ _J L ‘oo,
/ ) v * 10 e @ 10
-] ForceAtlas2 f UMAP
»
e Lo
@® step 1 z K " a
1 / \-. . ® '
@® step 10 4 / )
\o s ) T
step 20 J . »
10000 e’ 10
a Laplacian Eigenmaps b p=30 c p=4 d t-SNE

0 days

4 days
10 days
15 days

1 month

2 months

4 months

r
b 4
¢ 4
e ForceAtlas2 f UMAP
v
fi' 3 A
i & ‘>
4 Y
,‘ —— > ’ = —
10000 10
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How to annotate cells?
How to define cluster resolution?

2-4. Clustering, finding marker genes and cell type annotation

76
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Choice of highly variable genes / PCA projection / batch correction methods... all affect clustering outcom

NEUROG1
4
03
Genes (30,000) " ¥
g g 02
S 0403..9052 3 : B
S 0610..7304 ) ”
o
- 2s0slo03s o
o O ] ORI )
- 0300..8211 . = 5
5 ;
2 1922..5145 2
§ 0010..0210 Y 20
§ 2 g.ﬁ: 15
“’ 10
1
» 0.5
0 0.0

highly variable gene selection

UMAP1

. .o .
Hierarchy in cell annotation
Anno_level_3 B_memory e Fb_1 « TEC(myo)
= « B_naive eFb_ 2 « TEC(neuro)
3 hl e B_plasma e Fb cycling e T_memory
' ® B_pro/pre e ILC3 o T_naive
v ’-‘ { ® CD8aa(l) e Lymph Th17
& " * CD8aa(ll) * Mac e Treg
°<~ Q ﬁ e DC1 © Mast o Treg(diff)
s 4 DC2 © Mgk » VSMC
= v e DN * Mono e aDC
e DP ® NK ® cTEC
“ « ETP o NKT e MTEC
» Endo o NMP @ pDC
e Epi_GCM2 » T(agonist) ° yoT
UMAP1 o Ery
B_memory « ETP « TEC(neura)
« B_naive ® Endo e T
Anno-level-l B ® B_plasma » Epi_GCM2 ®Thl?
a s e Anno_level 5 s B_profpre e Ery » Treg
v . W.Endo - » CD4+CTL e Fb_1 Treq(diff)
> ®iry 2 CD4+PD1  Fb2 o VSMC
P FF 58 ® HSC o CD4+T ® Fb_cycling e aDCl
;‘_- ¥ N i4 o Innate_T CD4+Tmem = ILC3 « aDC2
& J | eInnate_lymphoid ) ® CO8+T * Lymph abL3
< ~ | Mast Ed s CDB+Tmem  » Mac » CTEC
s a 3 COBaall) e Mast o mTEC()
‘ - o Mesen o CDBaa(ll)  ® Mgk » mTEC()
G 2 P * Mgk »DC1 Mone » mTEC{I)
; « Myeloid » 0C2 MK » mTEC(IV)
o T » ONiP) ® NKT o mcTEC
TEC ® ON(Q)} « NMP » pDC
* UMAPL » DNiearly) ® Tlagonist)  ® afT{entry)
® OP(P) « TEC{myo)  » ybT
® OP(Q)
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Zooming into subset to get better resolution

B_memory » ETP e TEC(neuro)
= B_naive ® Endo ® Tfh
= B_plasma = Epi_GCM2 e Th17
Anno_level 5 o B o Ery o Treij cell types
» CD4+CTL e Fb_1 Treg(diff)
® CD4+PD1 o Fb_2  VSMC © CD4+T « DP(Q)
o CD4+T ® Fb_cycling e aDCl o CD84T - NKT
CD4+Tmem e ILC3 « abC2 - o CD8aa(l) - T(agonist)
o ® CDB+T © Lymph apc3 g o CD8aa(ll)  « Th17
% ® CDB+Tmem  » Mac ® cTEC s e DN(P) » Treg
) « CDBaall) » Mast o mTEC(I) = © DN(Q) « Treg(diff)
. ggi:aa{m . :g:o : :E:g::} # DN(early)  « aBT(entry)
- « DP(P) . yoT
« DC2 e NK mTEC(IV) ¥
» DN(P} @ NKT s mcTEC
& DN(Q) » NMP » pDC UMAP1
UMAPL @« DN(early) @ T(agonist) o afTientry)
o DP(P) » TEC(myo) o yoT
© DP(Q) Subset, balancing, different genes, changed PCs
Resolution = 1 Resolution = 2 Resolution = 3
leiden leiden leiden
S0 o0 0
ol ol ol
°2 ©2 02
o3 o3 e3
& e4 o oo o4
§ o5 g o5 g o5 016 27
=) 6 =) *6 =] e6 017 28
o7 o7 7 18 29
.8 ~8 e8 19 30
.9 9 9 e 20 31
: e 10 +10 e21
UMAP1 UMAP1
cell types
o CD4+T « DP(Q)
o CD8+T « NKT
~ e CD8aa(l) « T(agonist)
n(- e CD8aa(ll) « Thl7
s © DN(P) « Treg
= © DN(Q) « Treg(diff)
» DN(early)  » aBT(entry)
« DP(P) . y6T
UMAP1
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Defining markers

cell types

e CD4+T @ DP(Q)
o CD8+T © NKT
e CD8aa(l) © T(agonist)

g e CD8aq(ll)  « Thl7

s e DN(P) o Treg

= e DN(Q) - Treg(diff)
o DN(early) o ofT(entry)
« DP(P) -~ y6T

\

Focusing on the borders
Any binary classifier?

DEG analysis?
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Article | Open Access | Published: 28 September 2021

Confronting false discoveries in single-cell differential
expression
Jordan W. Squair, Matthieu Gautier, Claudia Kathe, Mark A. Anderson, Nicholas D. James, Thomas H.

Hutson, Rémi Hudelle, Taha Qaiser, Kaya J. E. Matson, Quentin Barraud, Ariel J. Levine, Gioele La
Manno, Michael A. Skinnider &1 & Grégpire Courtine &

Nature Communications 12, Article number: 5692 (2021) | Cite this article

Pseudo-bulk methods outperform generic and specialized single-cell DE method

a Hagai et ot 2018 Cano-Gamez ot o, 2020

s mea ™ TR T iTeg
¥ A ae. M e ate
o marow (@S (' (' (e S (s Hawe T ost ©..
e (@)@ @' e @@ e
. e

w0 (8) ®) © @
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Single—cell DE methods are biased towards highly expressed genes.

a Condition Replicate b c
Conlrel = Treatment  OO@DON Moan exprassion Poisson 4 348 1
Highly exprassed [J NBo 282 T
Single cells P: [ EEE -test ] 150 ——
o “ LR 150 40—
Lowly Mixed model 4 1.46
MAST 4 130 -
ﬁ @Wf@@? LAt 127 o
"y Wiicox 4 126 AF—
f:&b y&»ﬁﬁ @?}f DESeq2-Wald { 044 -
g}" DESeq2-LRT 4 038 B
3 edgeR-OLF 4 033 B-
limma-voom 4 028 B—
u1='7 050 edgeR-LRT 4 028 B~
g limma-trend 4| 023 B~
e e I
0 10 20
Mean expression
d f
Poisson 4 ‘Wilcexon rank-sum tast edgeR-LAT Poisson - 0.95 -
MAST - ne - o.8e -
g TR |4 t-test | 0.85 e
Witcox 201 . MAST - 0.83 R
NEB Wilcox 4 0.82 o~
t-tost LR 082 S
LR 4 LRT 4 0.80 =
Mixed model - DESeq2-Wald 4 0.60 e ad
DESeq2-Wald DESeq2-LRT - 0.78 o sty
imma-trand - Mixed model 4 0.70
DESeq2-LAT 4 limma-trand | 069 o Rt sl
limma-voom adgeR-0OLF -| 068 . R
edgeR-LAT limma-voom 4 0.67 ¢ s, §
adgeR-OLF - edgeR-LAT 4 067 - —Sami=vi
e —
0%  25% 50% 75% 100%

DTO 0.’2 0.4 D‘.E 08
Rank correlation Mean expression Expression (quantile)

Single-cell DE methods often leads to false discoveries of DEGs

a
. % * ocgoR-LAT, peeudo-repicales B 0ogeR-LAT, pseudo-roplicaios
Low variation betwesn replicates b kAL e Vst ke et
Hw' ol L e —
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- 400 <
: g tl o4
T
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2] PCH 1004 }
*
+
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3 .\'fﬂ,. 0o0 026 050 075 100 12345878581
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3
b1 1
5
[ E,,m.
7
8 5 soon 4
Tl H II
=
ads

Ofﬁ%{”f'ﬁfy"ﬁf&"

S35
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2-5. Trajectory inference

Modelling the cell differentiation trajectory

DN (early)

Known markers

TCR activation

Annotations

- 42 -




Linear regression

Principal curves are smooth one-dimensional curves that pass through the middle of a p-di i data set, providing a
i summary of the data. They are nonparametric, and their shape is suggested by the data. The algorithm for constructing
principal curves starts with some prior summary, such as the usual principal-component line. The curve in each successive

: Smooth regression curve 9 Principal curve

Fu’gum‘i‘ fnmmmmmmmammwnsmmmmm (b) F?aepnnupmmrm

in il of the vari e) The smooth curve the sum of sqi in the

mnemm wwn (d) The curve mini mmwmmmmmwmm
subject to Smoothness constraints.

Minimum Spanning Tree
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Published: 29 August 2016

branching

Diffusion pseudotime robustly reconstructs lineage

Laleh Haghverdi, Maren Biittner, F Alexander Wolf, Fiorian Buettner & Fabian J Theis £

a Order dix, ) vs diy. ):
® @ Correlated Anticorrelated
Higher probability
' Lower probabilty ' Branch2
Construction of Diffusion pseudolime! ing-poi
transition matrix scale-free average over identification
random walks
b Sorted populations ® d  oitusion pseudatime Branch 1 Branch 2
o—o—o< . -
P “-. I N Population index
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Article | Published: 01 April 2019

A comparison of single-cell trajectory inference

methods

‘Wouter Saelens, Robrecht Canncodt, Helena Todorov & Yvan Saeys =
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3. Public databases & Data integration

94
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Analogy between singel-cell omics vs satellite images

Nasa.gov

Satellite image

High-resolution"f

Human cell atlas

Human cell atlas : “Google map” of human body

.......

.....

Cells & Genes City & buildings
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Human cell atlas: timeline and scope

PHASE 0 DCP
launch launch PHASE 1 launch

2016 | 2017 | 2018
— T T T T ¢ ¢

ocT FEB JUN JUL AUG SEP OCT NOV DEC JAN

Kick-off Tech Analysis ac General CCF Cellular/nuclear
meeting meeting meeting | jamboree | meeting, | meeting branch
| | WP release Power analysis
| | ‘WP draft, CCF | Models #oells inuciel k=7
| — OC meeting workshop | meeting, #indviduals n=?

:Tech. { Methods planning :'\s';: gﬁgﬁw Number Uniform Lower resolution
——ree———— (spatially barcoded)

'GP planning / design | Pt £ ‘D i
' AWG planning (QG) ' Today: sciNasen | ok |s"""""°"°“"“|

SRR S
| Tissue procurement pipeline tests ] l

i Future: 0.9, lineage
(DNA, DNA+RNA, etc) | IRPTETTEY

p S — control

Power and Rosetta High resolution
cost / benefit stone (in situ)

Stratified RNA
o Power M;FSBH
(vAvAvivA ) seqFisH

Markers 1

(protein Al
orANA)  neg.

| | PHASE 0: planning and pilots |
Figure 2. Timeline of HCA activities, October 2016 through January 2018.

Protein
Migl
CODEX
IMC-OYTOF

Stopping
cost / beneit
Specialized
(lower throughput)

y data;
Human tumor atlas network | | Histology Proteomics (low input)
HUBMAP Bulk ANA-Seq EM of celis
KPMP Bulk chromatin

Human cell atlas: data coordination platform

There are

37 trillion cells

in.the human body

HUMAN
CELL Mome WCA COVIDD Arews of Impect Mews Publications Dsta Ressurces Jok/Contact
ATLAS

. HCA REGISTER OF
The Human Cell Atlas will create a ‘Google map' INTEREST

of the human body. This is a global effort.

The Human Cell Atlas is

community whose mis:

<
sprebensive
\ \ reference maps of all human cel o mental units of
482 44 life - as a basis for both un n health und
scientists A countries diagnosing, monitoring, and t g

. THE DATA COORDINATION
”-‘ PLATFORM (DCP)

@ o e e Metadits Pines AnirsaToon  Cretrine AP

Update: A preview of the HCA DCP 20 data s now availadle.

Explore Data: DCP 1.0

i
i
i
!
I
f
i
i‘{
i

% HUMAN
CELL
ATLAS

98
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Divide and conquer strategy

164 datasets in DCP Organs Developmental stages Disease status

~ |

Data integration

HUMAN
CELL
ATLAS

99

Example of single-cell atlas database

HUMAN CELL ATLAS
DATA PORTAL

DCP O

4.3 M from 54 projects
Current Query
Genus Species Homo sapiens
2 File Source DCP/2 Analysis
Explore Data: DCP 2.0 Data View
: : Selected Data Summary
Search all filters Donor v Tissu
Estimated Cells 4.3M
Genus Species Homo sapiens AND File Source DCP/2 Analysis Clear All
File Size 232978
4.3M Estimated Cells 742 Specimens 367 Donors  40.7K Files  23.29 TB File Size Files 407k
Projects 54
Species Homo sapiens
Donors 367
humancellatlas.org/explore/projects -
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Example of single-cell atlas database

Single Cell Portal

3.8 M from 38 projects ‘ Single Cell Featurng

studies

Reducing bamers and accele ) single-cell research

cells

& Search studies X Search genes

Metadata search @ Title and description search @

5 3 <7 N N
organ | [EGIUIEETIELER x] (dxsease || celltype | ( = More facets ) (Search title and description text n
\ J JEN /

Q: Metadata contains (species: Homo Sapiens OR Homo sapiens) Clear All

38 total studies found « < Pagelofd > »

ecell.broadinstitute.org/single_cell o1

Example of single-cell atlas database

EBI
3.6M 103 projects © ) Single Cell Expression Atlas

g * Single cell gene expression across species

Q Gene search & Browse experiments ‘ @ Release notes ‘ © Help ‘ © Suppo

Search across 18 species, 229 studies, 5,978,348 cells Ensen
Kinan: Experiment collection: Technology type: Entries per page; Search all columns:
Al | A o | [ vl ’
Load date Q "homo sapiens” Q Q :;l;:vs\ber of Download
Lebi.ac.uk/gxa/sc/home 102
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Structure of single-cell data files

--

Sequence files Count matrix Annotated matrix
Takes long time to download/process Easy to download

ficult to match with metadata Matched metadata

B 103

Potential problems in utilizing annotated matrix

Genes Metadata
(RNA expression) (age, gender, disease)

Study 1 Age, Cell Type

Cells

104
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Desired outcome for utilization of annotated matrix fileé??}_ .

Genes Metadata
(RNA expression) (age, gender, disease)

105

Harmonizing gene sets

Gene set 1 Gene set 2

106
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Harmonizing gene sets

Geneset 1 Gene set 2

Approach 1. Intersection

Efficient/accurate batch integration
ownside: Loosing sample specific marker genes 107

Harmonizing gene sets

Gene set 1 Gene set 2

Approach 2. Union

~ Downside: Increased "batch effect”
108
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Harmonizing gene sets

Geneset 1 Gene set 2

Approach 3. Filter

Define universal gene annotation
Apply gene mapper (converting)
Assess the quality of mapping
Impute non-existing genes as 0

109

Remapping (sequence alignment using uniform pipeline)

Introduction to the Optimus Workflow

The long-term goal of the Optimus workflow is to support any 3 prime single-cell or single- nucleus
transcriptomics assay selected by the HCA project. Using the correct modularity, we hope to grow a

generic pipeline that has specific modules to address differences in assays, while leveraging common HU MAN CE LI— ATLAS
DATA PORTAL

code where steps of the assays are the same. We offer this as a community resource for community
development and imprevement.

The workflow supports the 10x v2 and v gene expression assay and has been validated for analyzing
single-cell and single-nucleus from both human and mouse data sets,

Prepare Input Align Quantify Reads and
Generate Count Matrix

Correct UMI .
STAR Alignment Barcodes “

Generate Quality
Control Metrics

Identify Cells
Empty Drops
(Single-cell Made)

- .
11

J

- 53 -



3-2. Single-cell RNA-seq data integration (batch correction)

111

Problem of batch effect in single-cell data

Method (;‘ilf‘ - 3061
« e 2
‘g«ﬂﬁ’«*
¢ A
pe
e Al6 e F45
3 : e A43 o F64
2 3 % eC34 aF67
i '._' . ’% :cao :FM
o || S &t | o o
CgO R |
o\ e | mom
“e “ e F38 « T07
e F41
T

_ atlas of human thymic development defines
nation. Science.

112
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Correcting for the batch effect
Before After
Method ® 3GEX
» 5GEX
Al6 Fas
- A3 F64
. C34 F67
S e
Donor e e
F23 “P3
F29 TO3
F30 T06
«F38 «TO?
. Fal
T
Celltypes = E R

Source of variation for gene expression?
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Source of variation (1) Biology — Cell types

‘e ses
L ] o © L] ese e0ce 0% 00

lllllll

Source of variation (2) Experimental conditions

Opioid

dependent Naive PBMC

Non-opioid LPS3h
controls

Source of variation (3) Replicates
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Source of variation (3) Technology

¥

i 121 HH

lr.\n:fl‘:;\,g:: ""-'—'#.::: ™ .~ "":-“; L] w::‘:mn —TTTT s T e
R & ] b i 122 i
e [ LT L L T
4 ] i i 1

cDNA vy PCR PCR PCR PCR
amplification 3

Library
construction

https:// biorxiv. 10.1101/035758v3. i s_thread

Source of variation (3) Technology

10 S5GEX / 3GEX Log2FC

Spleen sample2
o

-10 T " -
-10 -5 0 5 10
Spleen sample1
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Source of variation (4) Individuals (genotypes)

Visualizing batch effect in single-cell data




Structure of batch effect

Scenario 1. Random  Batch1
gene expression space... batch 2 s
Genotype,
Exp. Batch...
Batch 3 Batch 4

121

Structure of batch effect

Scenario 2. Systematic, recurring

10X 3’ vs 5’
Development
Disease
Batch 1 Batch 3
Batch 2 Batch 4

122
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Expression of gene X

Cell type + Experimental conditions + Keep!

Replicate + Technology +
Genotype + Bioinformatic pipeline Remove!

Batch effect!

Multiple batch correction strategy

Ranking genes
[logreg, t-test]

Embedding to 2D
graph [UMAP]

. L]
® e
e BBKNN
%o Neighborhood
° graph [kNN]

i
a k . Re.duce.the
° [ dimensionality [PCA]

Seurat Integrate

Harmony

¥ Filtering and
Narmalization
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Different methods, different results

Seumt 3 Hammny fastMNN MNN Correct ComBat

3P vr Ty ¥ S 87 Ex GG
Wy i Iy §4 s ** “x 453

Scanorama MMD-ResNet ZINB-WaVE scMerge LIGER BBKNN Batch

§Q’ d’g} <« » ‘-ﬂ ;:‘ g*zaﬂ*m
v «¥ “*.’ ‘.‘? $- e

UMAP 1

UMAP 2

i
§

oW
B

§ig
ig58
g

&
2

K:S., Chevrier, M. et al. A benchmark of batch—effect e
for single—cell RNA sequencing data. Genome Biol/ 21, 12

Goals for ideal batch correction

* Batch removal -> Good harmonization across batches
* Bio conservation -> Maintaining biological integrity (no distortion or over-correctio
* Scalability -> Can deal with large scale datasets

a b
1.00 s
1 scANVI® W HVG -
2 Scanorama % HVG +
3 scVl ¥ HVWG -
4 fastMNN $ HVG -
0751 5  scGen' HVG -
6  Harmony ® HVG -
5 7 fastMNN B HG -
] 8 SeuratvARPCA i HVG +
§ 9 BBKNN ® HG -
050 10  Scanorama HVG +
g ’ 11 ComBat HVG -
2 12 MNN B HVG +
13 Seuratv3CCA [ HVG -
14 UVAE W HVG -
15 ® HVG -
16 DESC % FULL -
17  UGER ¥ HVG -
18 SAUCIE ® HVG +
19 % FULL =
20 SAUCIE B HVG +

Seurst v3 CCA (gonas, HVG, useated)
VAE (embedding. HVG. unsealed) Output

Conos (graph. full, unscaled)

DESC (embeddng. bk, unscaled) B Genes
UGER (embedding. MVG. unscaled)

SAUGIE (embeddng. HVG, scaled) 18 Embedding
e & Graph

Blittner, M., Chaichoompu, K. et a/. Benchmarking
gration in single—cell genomics. Nat

126
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Metrics to assess the quality of batch correction ‘

¥ iLISI measures integration b T T —
iLISI =1
iLISI = 1.4 iLISi =2 cLIS! = 2 cLIS! = 1
P
)
iLISI = 1.8 cLisi=2 i

iLISI =1
Poorly integrated Well-integrated Different cell types Different cell types
datasets datasets group together group separately

Dataset | Cell type
00 | b

Measuring integration Measuring cell type preservation

lillard, N., Fan, J. et a/. Fast, sensitive and
of single—cell data with Harmony. Nat

Linear regression
Batch 1 Batch 2

127

Y ~ Tech + Donor + Gender + residual

Regress out unwanted variations Batch 1 Batch 2

- Limma, ComBat
Assumption: each batch contains similar cell composition
- Risk of over-correction

128
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Mutual nearest neighbors

., Morgan, M. et al. Batch effects in single—cell RNA- -
e corrected by matching mutual nearest neighbors. Nat

A B

o? :
« & “ Reference [ ] - ;
‘Q - . 4 w

™
° Canonical Correlation “ Identify
& Analysis = ‘anchors’
—_— > _—

L2-nerm

e i Query i 5 e
‘ - ” . . 4
L W ‘ /
-
o &
D nghscorlngoo ndence Low-scoring correspondence

Ancham are conssiant with lbeal na ;' hborhcods ANCHhOMs 216 INZCNRRIGNE WIEN I0CH Negramoods

Lo Y

e a?
[ 2%

\ Reference

C
c- e
i o
o {
1@
I ik
| ‘.'\‘
- ;Q’ \. Query
-
G
'...caltype .Refamae .Cuery

ehensive integration of single-cell data." Cell 177.7 (2019): 1888-1902.

130
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Harmony: batch correction at cluster level

000 bm 4 /' lterate until convergence

a b Ci, c C d
G A ., e, Clisg,
LJ > 7
IR ,’H. oy 8 &@‘2 gﬂ,@& wile
S N OO s o o M LAR
- LS ®. o
' m
LI l ¢ l. [ : o
= L. é@‘a C.fu%” o 3 C!u%r \}%@‘3 0‘9’9» \{}e‘ 3 sy, \
S fen® iy e e 7 S 4 Fxpptbds”
P eAdde '§ / A
+7 * o o
Soft assign cells to Get cluster centroids Get dataset correction Move cells based on
clusters, favoring mixed for each dataset factors for each cluster soft cluster membership

dataset representation

illard, N., Fan, J. et al. Fast, sensitive and accurate
—cell data with Harmony. Nat Methods 16, 1289— s

BBKNN: Biology correction at graph level
=
Batch Balanced 2 1 Connectivity graph
K-Nearest Neighbour '8
g
(=}
O 0
Distance
Converting distances
to connectivities
(UMAP)
Trimming (optional)
Downstream analysis @

(graph based visualization,

clustering, pseudotime) * %

al. "BBKNN: fast batch alignment of single cell 1
tics 36.3 (2020): 964-965.
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Importance of efficiency and speed for large data integration

Run time (seconds)

Total cells in dataset

——— BBKNN (annoy) —— Conos

------ BBKNN (faiss) =——— Seurat3
Harmony ~——— Seurat 2

——— Scanorama ~——— mnnCorrect

al. "BBKNN: fast batch alignment of single cell
tics 36.3 (2020): 964-965.

133

Tandem batch correction

e o o o
Q7R RN
o-o-:o»o:C
0.0:0:0:0
oo‘oco

e & o o

Gene Expression ~ Batch + Cell Type ‘

Regularized linear model with batch + cell type design BBKNN

134
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Deep learning & scRNA-seq data integration

zn ~ N(0,1) sn€{1,-+ ,K}

batch id

latent space @

library size

Wng ~ Gamma(ff;(zm sn)’og)

l, ~ LogNormal(l3",15")

v

Yng ~ Poisson(l,wng) hang ~ Bernoulli(f}(zn, $n))
Genes count observation (3
L cellngeneg )
yng if hng = 0’
Z. =
kcells ) J ks {0 otherwise.

J:; Cole, M.B. et al. Deep generative
ell transcriptomics. Nat

135

Batch effect & Embedding -> SCVI

a Variational posterior Generative model

q(z, 1,1 x, s,) p(x,| z 8, 1)
Ml Size factor
Normalization /

. Mean . I, |||i

NMN2
. X1 = Expected
. S.d. Latent counts
NNS
~—— space
)) — Expected B [
NN3 T . Z41 frequency e .
0O space : Az 5] Gene ?xpressmn
Mean ’
@ % i) Kii6 [
NN4 ®-:- |
@ s () Expected |
Sd. dropout J rOpOUt |
|, . $n iz, s,) |
LS .
Batch,correction —— |
Raw expression Nonlinear Variational Nonlinear oIV |
5 ST Samplin . distribution
data + batch ID mapping distribution piing mapping parameters | Imputation
L
: Clustering Differential
Encoder )) visualization ~ Decoder expression
Batch removal
Variational autoencoder 136
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Automatic cell type annotation
A Marker Gene Database-based B Correlation-based

Coll Typa Tree Marker lists

LITERATURE REFERENCE

Automated methods for cell type annotation on
scRNA-seq data

Giovanni Pasquini * ©, Jesus Eduardo Rojo Arias ®, Patrick Schifer 2, Volker Busskamp® 2.8

.............. >
SUPERVISED LEARNING

TRAINING DATASETS CLASSIFIER

https://www.sciencedirect.com/science/article
/pii/S2001037021000192#b0120

Machine learning based general cell annotation

"aCellTypist - >
dalaset1 datas.etz dataset19 unannotated data
- . by
g e B &0
Automated cell o gy v & %
type annotation
harmoni bl data | featu
for scRNA-seq labers - | 2°Gata transform cwaﬂ;?:
datasets v
..‘ geo
oS 9
?:. 20N x| |||p5 23 00
22 %}2‘ X b63115
T X 5.1 1.8 0.7
X 751312
data l feature
scaling | selection l
logistic model
Lo, (igieronce mode
~ mini-batch
annotated data annotated data
') .';’o. &rdustenng ) .';o.
;." ..g.: majority voting ;-' '.=.3
et al. "Cross-tissue immune cell analysis reveals tissue-
clonal architecture in humans." (2021). 28
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Annotation transfer -> SCANVI

A Functional overview
Coreanalysistool:scVl | Extends to . Annotationtool:scANVI |
Multi-purpose generative model | | Transfer of annotation in i
o : i | various settings: i
| -clustering | - partial overlap of labels |
| -differential expression | - partial seed” labeling
| -harmonization | -hierarchical labels
; j i i
Collection of !
Partial cell type §
scRNA-seq datasets Shh IS
B Algorithmic overview L — Probabilistic graphical model —
Ce“ AV1a¥al Call ctata
Rawdata —» tatent _  Celltype ____, 7NBparameters L= ey
representation assignment 0
Tpn | Rawcount matrix Q(zn | T,y sn) q(cn | Z,.) P(xng | Znslny 8n)
o )
Sn | BachiD o /@
*
C Celltype ID (opt.) . >
n type D (op! i ) i (s B @\ @
.. (sinias 053 ®nian)
0 1 0] fo] [0 F D (hn)
2 1 0 na Celltype 3 @
03 1| [1] |5 i 08 e Genes G
PR 5 Cells N
oo . . - Harmonization 2 s - Imputation
R - Probabilistic assignment 3
0: 0" & 1 2 na i -
i Vlsuahz_atuon - Transfer of annotation N!armallz.atlon 2
Th Sn c;l - Clustering - Differential expression
139
Annotation transfer -> SCANVI
Partial Annotation with Marker Gene
Seed Labels for ScANVI B imn
Highly variable genes PRSI, )
g=4,000 et
overlap scVlanalysis

9=5

High specificity genes (g = 12)
Partial annotation (n= 50 per cell-type)

08

06

04

02

Output Annotation from scANVI

140
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Annotation transfer -> scArches (Transfer learning)

Public reference datasets

Pre-training of
reference models,

[ 7]

y Diseases E : A

LR B oo T B v K R 2 g
: : 5§
L

: Query data
: Study N+ 1 Adafm’

................

Architectural
surgery

Adding additional
query adaptors

Query
labels

141

Annotation transfer -> scArches (Transfer learning)

c d -
3 i 2, $' w . K: Study
gl T8 & ?%?’ - @ “@ Y *‘ N » &M {5 "%Q 5?1" o Cutea.
700|| %% ol €W o~ W20 0 i
.gl‘)“'ﬂ : ﬁﬁ % ﬁ “?) § W.D . %ﬂ i :lsngerop

: 78 *ﬁ Ny L N N
s WS O Wy o e

- ~“ .'.‘
S| g
“H * Ductal
* Endothelial
Ref Pre-training Query adaptor 1 Query adaptor 2 Pre-training Query adaptor 1 Query adaptor2 | e Gamma
ere0ce (scArches trVAE) (sS2) (ColSeq2) (scArches scVI) (S52) (CelSeq2) Stellate

142
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Biology at single-cell resolution

https://docs.scvi-tools.org/

@SCVI“tOOIS Installation Tutorials User guide APl Release notes References Contributing Discussion

Q, Search the docs ...

@ Note

Introduction to scvi-tools . o . N . —
This page was generated from harmonization.ipynb. Interactive online version: .
Data loading and preparation

Using Python in R with reticulate = 2
tas-leval integration of ung data Atlas-level integration of lung data

Integrating datasets with scVlin R s i "N 3 3 y i
An important task of single-cell analysis is the integration of several samples, which we can perform with

Integration and label transfer with Tabula Muris scVI. For integration, scV| treats the data as unlabelled. When our dataset is fully labelled (perhaps in
Reference mapping with scvi-tools independent studies, or independent analysis pipelines), we can obtain an integration that better preserves

Seed labeling with scANVI biology using scANVI, which incorporates cell type annotation information. Here we demonstrate this

functionality with an integrated analysis of cells from the lung atlas integration task from the sclB manuscript.
The same pipeline would generally be used to analyze any collection of scRNA-seq datasets.

Linearly decoded VAE

Identification of zero-inflated genes

Annotation with CellAssign impart sys
Topic Modeling with Amortized LDA #if branch is stable, will install via pypi, else will install from source
branch = "stable"
PeakVl: Analyzing scATACseq data IN_COLAB = “google.colab” in sys.modules
ATAC-seq analysis in R if IN_COLAB and branch == “stable":
: . i !pip install --quiet scvi-tools[tutorials]
Multi-resolution deconvolution of spatial Ipip install —-quiet git+https://github.com/theislab/scib.git

elif IN_COLAB and branch != "stable":
!pip install --quiet --upgrade jsonschema
Ipip install --quiet git+https://github.com/yoseflab/scvi-tools@$branch#egg=scvi-tools[tut
!pip install --quiet git+https://github.com/theislab/scib.git

transcriptomics

Multi-resolution deconvolution of spatial
transcriptomics in R

143

Try google colab platform

https://docs.scvi-tools.org/

o €} lung_integration.ipynb
B 4Y NI dO WER =3 CEY WAMUE UNY SR

|_ 24 Mx +3AE 4+ HaE & Drivesz HAp

q,  Atas-level integration of lung data
Datazet preprocessing
Integration with scVi

= Atlas-level integration of lung data

" Compute integration metrics An important task of single-cell analysis is the integration of several samples, which we can perform with scVl. For integration, scV! treats the
Integration with SCANVI data as unlabelled. When our dataset is fully labelled (perhaps in independent studies, or 5 analysis pipeli we can obtain an
o Compiie inbgritlon ieHioa integration that better preserves biology using scANVI. which cell type Here we this
functionality with an integrated analysis of cells from the lung atlas integration task from the 5¢IB manuscript. The same pipeline would
o 44 generally be used to analyze any collection of scRNA-seq datasets.
+ L aoafgUn i |
° import sys

#if branch is stable, will install via pypi, else will install from source
branch = “stable”
IN_COLAB = “google.colab” in sys.modules

if TH COLAD and branch == "stable”:

tpip install --quiet sevi-tools[tutorials]

tpip install --quiet git+https://github slab/scib.git
elif IN COLAB and branch 1= "stable”:

tpip install --quiet --upgrade jsonschema

Ipip install --quiet git+https://github.com/theislab/scib.git

Installing build dependencies ... done
Getting requirements to build wheel ... done
Preparing wheel metadata ... done

[ 1 import matplotlib.pyplet as plt
import seaborn as sns
import numpy as np
import pandas as pd
import scanpy as se
import sevi
impo

rt seib

sc.set_figure params(figaizes(d, 4))

144
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Tutorial - SCVI

Atlas-level integration of lung data

An impoertant task of single-cell ysis is the integ of several which we can perform
with scVI. For integration, scVl treats the data as unlabelled. When our dataset is fully labelled
(perhaps in independent studies, or independent analysis pipelines), we can obtain an integration that
better preserves biology using scANVI, which incorporates cell type annotation information. Here we
demonstrate this functionality with an integrated analysis of cells from the lung atlas integration task
from the sciB manuscript. The same pipeline would generally be used to analyze any collection of
scRNA-seq datasets.

!pip install -—quiet scvi-colab

pip install --quiet git+https://github.com/theislab/scib.git
from scvi_colab import install

install()

Integration with scVI

As a first step, we assume that the data is completely unlabelled and we wish to find common axes of
variation between the two datasets. There are many methods available in scanpy for this purpose
(BBKNN, Scanorama, etc.). In this notebook we present scVI. To run scVI, we simply need to:

« Register the AnnData object with the correct key to identify the sample and the layer key with the
count data.

« Create an SCVI model object.

scvi.model.SCVI.setup_anndata(adata, layer="counts", batch_key="batch")

We note that these parameters are non-default; however, they have been verified to generally work
well in the integration task.

vae = scvi.model.SCVI(adata, n_layers=2, n_latent=30, gene_likelihood="nb")

Now we train scVI. This should take a couple of minutes on a Colab session

vae.train()

Epoch 246/246: 100% || 246/246 [09:19<00:00, 2.27s/it, loss=553, v_num=1] 145
Tutorial - SCVI
[ ] sc.pl.umap(adata,color='batch') ° sc.pl.umap(adata,color='batch’)
batch G batch
el ® A3 el o A3
2 A4 2 Ad
°3 AS & *3 AS
g 04 A6 g 04 A6
= ®5 Bl g *5 » Bl
= o6 B2 e6 B2
® Al » B3 e Al B3
s A2 B4 v ‘-\.-‘ " A2 B4
F
UMAP1 UMAP1
° sc.pl.umap(adata,color="cell type') [ ] sc.pl.umap(adata,color='cell type')
C cell_type cell_type
»
* ® B cell Macrophage ; ® B cell Macrophage
&\ o ® Basal 1 Mast cell .. - © Basal 1 Mast cell
N 4 o Basal 2 Neutrophil_CD14_high . a :ﬁ - | ®Basal2 Neutrophil_CD14_high
o e‘ R ® Ciliated Neutrophils_ILLR2 N T y o Ciliated » Neutrophils_ILIR2
e " e ,"’ B ® Dendritic cell Secretory § v, [ ® Dendritic cell Secretory
§ 1 @ P @ Endothelium » T/INK cell =] - %2 |2 Endothelium « T/NK cell
3 » Fibroblast Type 1 v » Fibroblast Type 1
»a » lonocytes Type 2 &(, " o Ionocyte§ Type 2
- » Lymphatic » Lymphatic
A s a
UMAP1 UMAP1
146
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Tutorial - SCANVI

lvae = scvi.model.SCANVI. from_scvi_model(
vae,
adata=adata,
labels_key="cell_type",
unlabeled_category="Unknown",

lvae.train(max_epochs=20, n_samples_per_label=100)

INFO Training for 20 epochs.
Epoch 20/20: 100% || 20/20 [01:39<00:00,

cell_type

e Bcell

e Basal 1

@ Basal 2

o Ciliated

@ Dendritic cell
e Endothelium
o Fibroblast

» lonocytes

@ Lymphatic

4.96s/it, loss=628, v_num=1]

Macrophage
Mast cell
Neutrophil_CD14_high
» Neutrophils_IL1R2
» Secretory
© T/NK cell
Type 1
Type 2

147

More things to consider...

* Removing bad quality data — “Garbage in garbage out”

* Removing doublets
e Considering ‘soup effect’

148
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4. Single-cell multi-omics analysis

149

What about other single-cell omics data?

Beyond RNA: Single-cell multiomics

scMethyl-HiC (2019) scCAT-seq (2019)

ORCA (2019) snmac-sas 1201 9! Combined ATAC-RNA-seq (2019)

Accessible
chromatin
N2 | o
Chromosome
conformation Nucleosome
occupancy

Gene

exmﬁeram /. ?wsmc @
DNA methylation N
mRNA 4\ \
\I\\

scM&T-seq (20 !
scTrio-seq (2016) sci-CAR (2018)
DR-seq (2015) scMT-seq (2016) scCOOL-seq (2017) scNMT-seq (2018) SNARE-seq (2019)
&T-seq (2015) snmCT-seq (2018) scNOMe-seq (2017) scNOMeRe-seq (2019) Paired-seq (2019)

DN

Antibody barcode

CITE-seq (2017)
REAP-seq (2017)
ECCITE-seq (2019)

150
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Beyond gene expression matrix

Immune
RNAs proteins repertoire

Cells

Structure of ATAC-seq data
genes genomic coordinates
2 — - .7
‘&3 @ . . -
w 0 (100 1 484 coe) | i A o 2
) 2z 8 SRR J 5 S 1
: 0 E/ BRI S IR
O COXES! prmprmpemnd = uPK1A-AST Kur26 HIREHHEH B AR L ] PROSERS +
W erv ] UPKIA 2s78%2 W mmm’;l&mm -
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Peak calling for ATAC-seq

genes genomic coordinates
< —
5 @ SCATAC-seq | *
K2 "q'_; (100 of 4,484 colls)
) L
E 2 |oo:lu2:2e-u g f
O g ( )
Peak calling (de novo)
Prior knowledge (bulk ATAC-seq, ChIP-seq)
Linking peaks to genes
genes peak density
1.8
< _ O
E @ .'i: y e g7
L 5 = 1 g .
» K SCATAC-seq e REF
3 © R g
o E : 33‘1
© { -i-}' :1 .
. i .
kmT28 HiH
87832 HH

Assign peak to gene
Based on proximity
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Linking peaks to genes

Genes Genes
(RNA expression) (Chromatin accessibility score)

SCATAC-seq

Cells (set A)
Cells (set B)

Batch effect correction problem

35, o
- 3>
..: -fi-'b‘ )
< iftas
s BN
-1 0
w3
H }’.i
{ 3‘" -
- i "~
kmr28 HiH
zB7B32 HH

Assign peak to gene
Based on proximity

Combining RNA with chromatin information

@  Integrated PBMC scRNA-seq and scATAC-seq

Link epigenetics to RNA expression
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Importance of spatial information
a Cell-cell communication in tissue
Possible outcomes
27" \(—\A ~—._Sender cell
!
9. ® @
el ©*.". _ , Diffusible
S ) \ 3 ..t . .ligand
A PN \ s 8 :_'
‘ ¥ ‘ : e iy Possible
N 7/ .
& - /‘ = ‘ ’ receiver cells
3 WA
c ({\ ] Downstream  No Spatially too far
s response  response
b Inference in scRNA-seq . Inference in spatial transcriptomics
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Single cell transcriptomics with spatial resolution
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Method of the Year 2020:
spatially resolved
transcriptomics

Spatially resolved transcriptomics is our Method of the Year 2020,
for its ability to provide valuable insights into the biology of cells
and tissues while retaining information about spatial context.
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Single Cell Gene Expression Spatially Resolved Gene Expression Tissue Section

Adapted from 10x Genomics
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Structure of spatial gene expression data
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Structure of spatial gene expression data (smFISH)
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Mapping cells to space
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Problem of spatial data deconvolution (e.g. Visium)
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Problem of spatial data deconvolution (e.g. Visium)
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Problem of spatial data deconvolution (e.g. Visium)

genes
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Problem of spatial data deconvolution (e.g. cell2location)
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3. spatial transcriptomics

¥ -_Shmatko, A., Dann, E. et al. Cell2location maps fine—
. spatial transcriptomics. Nat Biotechnol (2022).

-82-



B-follicle

A 1 B C Hislology Germinal Centor

y Visium Spatial
2 - (10X)

SEllT A

FC B_naive
cm O

081428 G 8 18 0DA&S110

cling B B GC DZ 2 B preGC

2 | I+ .
g o 3 Germinal Center light zone (fact_3)
T_TIR °
T ;. T helper TfH GC B GC prePB
1 6 Dre_ cov_m . :"o it
e .
T_CD8+_CD161+ =Q
NK( e -
e . "0 o
| NKT{« oo o0
B_activated: o
Macrophages M2 o
DC_pDC4 L)
B_IFN [}
T_TiM3e Y
DC_cOC1 L ]
Macrophages MY °
RARRRRARARAARRR
o' 'orlee ORI
N ow

V.,-Shmatko, A., Dann, E. et al. Cell2location maps fine—grained
altranscriptomics. Nat Biotechnol (2022).

Conclusion

Generating single-cell based big data b
@ Disease E

Reference for human biology . ‘
GWAS mCi:tations

likelihood of
cell-cell interaction
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Link to the practice

https://drive.google.com/drive/folders/1GYqg-
gM3X9JIV2608UGWIAgEIVUS_g-
5M?usp=sharing
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