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Why study single cells?

Skin Cells Immune Cells Brain Cells Muscle Cells
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Cells are our core constituents, are classified by characteristic molecules, structures, and functions

https://www.youtube.com/watch?v=PRjX3-m16cw
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Why study single cells?
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Cells are key intermediate from genotype to phenotype, also are essential for functional
dissection of genetic variants

https://bioinformatics-core-shared-training.github.io/cruk-summer-school-2018/SingleCell/slides/2018-07-25 CRUK CI_summer_school-scRNAseq.pdf https://www.youtube.com/watch?v=PRjX3-m16cw 4



Bulk vs scRNA-seq

average
Bulk RNA-seq : — % '&l\a —_— expresgion
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e comparative transcriptomics
« quantifying expression signatures from ensembles
« insufficient for studying heterogeneous system
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» inference of gene regulatory networks across the cells
* heterogeneity of cell responses
« cell type identification



How can we study single cell?
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https://www.youtube.com/watch?v=PRjX3-m16cw



Single cell technology

cell capture

efficiency

inDrops 10x Genomics Drop-seq Seg-well (Honeycomb) SMART-seq
Cell capture
. ~70-80% ~50-70% ~10% ~80% ~80%
efficiency
Time to capture
~30min 10min 1-2 hours 5-10min --
10k cells
Droplet Droplet Droplet Nanolitre well Plate-based
Encapsulation type
L
1 DO
Library prep CEL-seq SMART-seq SMART-seq SMART-seq SMART-seq Exponential
Linear amplification by VT Exponential PCR Exponential PCR Exponential PCR PCRbased amplification
based based amplification based
amplification amplification
Commercial Yes Yes = Yes (Summer 2020) Yes
Cost (~$ per cel) ~0.06 ~0.2 ~0.06 ~0.15 1
Good cell capture Good cell capture Good cell capture Good cell capture
Strengths P P Cost-effective P P
Cost-effective Fastand easyto run : Cost-effective Good mRNA capture
Customizable
Real-time monitoring Parallel sample collection Real-time monitoring FulHength transcript
Customizable High gene/ cell counts Customizable No UMI
Weaknesses Difficult to run Expensive Difficult to run &low Available Soon Expensive

https://github.com/hbctraining/scRNA-seq/blob/master/slides/Single Cell 2 27 20.pdf




10x Genomics
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« Step1: GEM Generation & Barcoding

« GEM: Gel Beads-in-emulsion partition
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reaction within the Chromium system
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End Repair, A-Tail, Ligation, Sample Index PCR

Read 1 10x UMI Poly(dT)VN Read2 Sample
Barcode Index

Step2 : Post GEM-RT Cleanup
& cDNA Amplification

Step3: 3' Gene Expression
Library Construction

Chromium Single Cell 3' Reagent Kits User Guide (v3.1 Chemistry).User Guide, v3.1 Next GEM Chemistry, Last Modified on November 22, 2019, Permalink
https://support.10xgenomics.com/single-cell-gene-expression/index/doc/user-guide-chromium-single-cell-3-reagent-kits-user-guide-v31-chemistry


https://support.10xgenomics.com/permalink/1kY1QNbkCP7VLkpTy1uvCi

Workflow for typical
scRNA-seq experiment
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https://bioinformatics-core-shared-training.github.io/cruk-summer-school-2018/SingleCell/slides/2018-07-25_CRUK_CI_summer_school-scRNAseq.pdf



UMI

Unique molecular identifier

« UMIs are short (4-10bp) random barcodes added to transcripts during
reverse-transcription. They enable sequencing reads to be assigned to
individual transcript molecules and thus the removal of amplification

noise and biases from scRNA-Seq data

Drop-Seq workflow
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https://bioinformatics-core-shared-training. github.io/cruk-summer-school-2018/SingleCell/slides/2018-07-25 CRUK CI summer school-scRNAseq.pdf
http://data-science-sequencing.github.io/Win2018/lectures/lecture16/
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to assign reads to cells
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https://bioinformatics-core-shared-training.github.io/cruk-summer-school-2018/SingleCell/slides/2018-07-25_CRUK_CI_summer_school-scRNAseq.pdf

Single-cell RNA sequencing
data processing & analysis

Dimensional reduction
 Non-linear: t-SNE, UMAP
 Linear: PCA

Cell clustering

 K-means
 hierarchical clustering
« graph-based clustering

Cell type annotation
« SingleR

Cell type markers
« Differential expression analysis

Pseudo timing



Single-cell RNA-seq workflow

PRE-PROCESSING

 (Generation of the count matrix

* Quality control of the raw
counts

« Marker gene identification

Raw data processing

Cells

Genes

Quality control

Count

Normalization

Count depth

» Single-cell differential expression

|

analysis

Luecken, MD and Theis, FJ. Current best practices in single-cell RNA-seq analysis: a tutorial, Mol Syslm
Biol 2019 (doi: https://doi.org/10.15252/msb.20188746)

Count depth

Data correction (e.g. batch)

Size factors

Feature selection
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https://doi.org/10.15252/msb.20188746

Single-cell RNA-seq

1) Sample prepraration
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(4) Data analysis

Spatial tissue
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Clustering and
marker identification
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(3) Data processing

rocess

2) Single-cell RNA sequencing

RNA capture and reverse transcription
(first-strand synthesis)

mMRNA < #44
MRNA < f444

AV AAAA

mRNA < 7777 [UMI][Cell barcode][PCR adaptor]

Second-strand synthesis and cDNA
amplification (PCR, IVT)

Tagmentation Fragmentation
Library preparation

(3-or 5’-bia3fd full-length)

TTTT [UMI][Cell barcode][T7]

Sequencing (paired-end, single-end)/

barcode UMI RNA Demultiplexing
—

ACAGTATAAAGACT. . .......... GGGCCCCG
TGACMTmGACT AAAAAAAAAAAA TCTAGCTG
SGTTACGTC. . .......... GATTATAG
TGACAAGTTACGTC ACAATGCT
GTTAGCTGATGCCG CTTTGCAT
GTTAGCTGATGCCG. . . TCTCGACT
CGTTAGTGATGCCG. . . . .CCTCGAGC
ACAGTAGTTACGTC. . . . .GTCACATC

TGACAATGATGCCG . GTCACATC/
ACAGTATGATGCCG. . ... .cvvuvun TCGACGAT
GTTAGCTAAAGACT. . .......... ACATGCTG
AGGTTACGTC............ TAGCCAGT

<4—Gene expression matrix <4—AQuantification <€—— Mapping i

c _§
S c = Cell1_Cell2 ... CellN
ﬁ & § Genel | 3 2 13
=29 Genez2| 2 3 1
E2o0 Gene3 | 1 14 18
= E -
c £ >
Z ©
)
(e . . .
GeneM! 25 0 0

Cell-specific reads
TGACAATAAAGACT. ..... TCTAGCTG

.

Reference genome

TGACAAGTTACGTC. ..... ACAATGCT
TGACAATGATGCCG. ..... GTCACATC
ACAGTATAAAGACT. ..... GGGCCCCG
ACAGTAGTTACGTC. ..... GTCACATC
ACAGTATGATGCCG. .. ... TCGACGAT
GTTAGCTGATGCCG. ..... CTTTGCAT
GTTAGCTGATGCCG. ..... TCTCGACT
GTTAGCTAAAGACT. .. ... ACATGCTG

Latzi et al. Tutorial: guidelines for the experimental design of single-cell RNA sequencing studies, Nature Protocols 2018 (https://do1.org/10.1038/s41596-018-0073-y)



tSNE
t-Stochastic Neighborhood Embedding

« Compute an NxN similarity matrix in the high-dimensional input space
« Define an NxN similarity matrix in the low-dimensional embedding space

« Define cost function - sum of KL divergence between the two probability
distributions at each point

« lteratively learn low-dimensional embedding by minimizing the cost function
using gradient descent

L.J.P. van der Maaten and G.E Hi
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« Modulization

Given a collection of points X = {x4, ..., x,} € R%, find a collection of points Y =
{y1, ., Y} C R* whered « d'. pji and q;; measure the conditional probability that a
point 7 would pick pointJ as it's nearest neighbor, in high (p) and low (q) dimensional space
respectively.

« Similarity matrix at high dimension: High dimension
exp (o — ;[ /277)

S exp( 2 — il /277

where T ?is the variance for the Gaussian . @ =D
: Ji
l

_ Pili T Piy
o 2n ® ®

Djli = pi
distribution centered around x;

« Similarity matrix at low dimension: N

L+ 1lyi —yl*) ! l

qij = _
! D okpt(L+ llyk =yl )1

« Cost Function (Kullback-Leibler divergence): ° °
C =Y KLPIIQ) =D pylog 22 _
i i=1 j=1 dij @ _CIji
* Derivatives: . i
G=4 > (=) =yl - ) N\
b =LA

L.J.P. van der Maaten and G.E. Hinton. Visualizing High-Dimensional Data Using t-SNE. JMLR2008
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UMAP

Uniform Manifold Approximation and Projection

UMAP is based on topological structures in the multidimensional space (simplices)
Simplicial complexes are a means to construct topological spaces out of simple
combinatorial components, and calculate the relative point distances in the low

dimension %3 X3
X1 X4 X2 X X4 (YY)

® o ————o Xy x, 1 -

2

0-simplex 1-simplex 2-simplex 3-simplex
Vertex Edge Triangle Tetrahedron k-simplex
[%1] [x1, %2 ] [x1, %2, X3 ] [%1, X2, X3, %4 ] [X1, X2, ) Xy ]

Simplicial complex Collection of simplices

e https://www.youtube.com/watch?v=ng6iPZVUxZU
¢ https://nbisweden.github.io/excelerate-scRNAseq/session-dim-reduction/lecture  dimensionality reduction.pdf

*  https://umap-learn.readthedocs.io/en/latest’/how_umap works.html
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https://www.youtube.com/watch?v=nq6iPZVUxZU
https://nbisweden.github.io/excelerate-scRNAseq/session-dim-reduction/lecture_dimensionality_reduction.pdf

« Modulization

Let X = {xq, ..., x,,} be the input dataset, with a metric (or dissimilarity measure)
d : XXX = R, . Given an input hyperparameter k, for each x; we compute the
set {x;4, ..., x;;} of the k nearest neighbors of x; under the metric d. Given a

collection of points X, find a collection of points Y = {y4,...,y,,} € R?  where d «
d'. pj; and q;; measure the conditional probability that a point i would pick point j as its
nearest neighbor, in high (p) and low (q) dimensional space respectively.

« Similarity matrix at high dimension:

pi = min{d(z;, z;;) | 1 < j < k,d(z;,z;;) > 0} > pij
k=21
d(zi, zj) — pi
pijj =e o Dij = DPi|j + Pjli — Pi|;Pjli

« Similarity matrix at low dimension:

UMAP uses the family of curves 1/axy?? for modelling distance

g = (1 +a(y —y)®) " depe . .
% = (1+a —u)") probabilities in low dimensions, a and b are hyperparameters

« Cost Function ( binary cross-entropy (CE)): « Derivatives:
i : Pii(X) — (X)) log [ L= PX) 2abd’" ™ P(X -
fuiaieily ZXJ: [p”(X) 10g<‘1ij(Y) > e g( 1-g;;(Y) )] % = ; : +adi2]g,( 22 2‘11;:(11 +Z(d)gb))) (v — y5)

https://towardsdatascience.com/how-exactly-umap-works-13e3040e 1668
arXiv:1802.03426 17


https://towardsdatascience.com/how-exactly-umap-works-13e3040e1668
https://arxiv.org/abs/1802.03426

Unsupervised clustering of
scRNA-seq

Dimensionality reduction Cell-cell distances Unsupervised clustering
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« Feature selection and dimensionality reduction extracts the most
informative genes and strongest signals from background noise,
respectively

» Cell—cell distances are then calculated in the lower dimensional space
and used to either construct a cell-cell distance graph or used directly
by clustering algorithms to assign cells to clusters

Kiselev, V.Y., Andrews, T.S. & Hemberg, M. Challenges in unsupervised clustering of single-cell RNA-seq data. Nat Rev Genet 20, 273282 (2019). https://doi.org/10.1038/s41576-018-0088-9

18



Clustering methods for scRNA-seg

b
Unsupervised clustering methods: s
« K-means ?: A
* hierarchical clustering 2.1 A
» graph-based clustering .

~107 A

Tools for graph-based clustering:
« Seurat: Louvain, Leiden, SLM
« igraph:fast greedy, Louvain, optimal, walktrap, spinglass, infomap

i kmﬁm

Kiselev, V.Y., Andrews, T.S. & Hemberg, M. Challenges in unsupervised clustering of single-cell RNA-seq data. Nat Rev Genet 20, 273282 (2019). https://doi.org/10.1038/s41576-018-0088-9 1 9




* Freytag, Saskia, Luyi Tian, Ingrid Lonnstedt, Milica Ng, and Melanie Bahlo.

*  Wasserman, S. & Faust, K. (1994) Social Network Analysis (Cambridge Univ.

*  https://biocellgen-public.svi.edu.aw/mig_ 2019 scrnaseq-

Graph-based clustering

« “A community is subset of actors among whom there are relatively
strong, direct, intense, frequent or positive ties”

« Some of community detection methods can be applied to scRNA-seq
data by building a graph where each vertice represents a cell and
(weight of) the edge measures similarity between two cells

« Graph-based clustering is the most popular clustering algorithm in
scRNA-seq data analysis, and has been reported to have outperformed
other clustering methods in many situations (Freytag et al. 2018)

2018. “Comparison of Clustering Tools in R for Medium-Sized 10x Genomics
Single-Cell Rna-Sequencing Data.” F'1000Research 7. Faculty of 1000 Ltd.

Press, Cambridge, U.K.).

workshop/public/clustering-and-cell-annotation.html#ref-freytag2018comparison

20


https://biocellgen-public.svi.edu.au/mig_2019_scrnaseq-workshop/public/clustering-and-cell-annotation.html

Graph-based clustering
Building a graph

« Step1: Build an unweighted k- » Step2: Add weights, and obtain a
Nearest Neighbor (kKNN) graph Shared Nearest Neighbor (SNN) graph

A graph in which two vertices p and q A graph in which weights define

are connected by an edge, if the proximity, or similarity between two nodes
distance between p and q is among in terms of the number of neighbors (i.e.,
the k-th smallest distances from p to directly connected nodes) they have in
other objects from p. common.

Shared Nearest Neighbors

https://biocellgen-public.svi.edu.au/mig 2019 scrnaseq-workshop/public/clustering-and-cell-annotation.html#ref-freytag2018comparison 2 1



*  Newman, Mark EJ, and Michelle Girvan. 2004. “Finding and Evaluating Community Structure in Networks.” Physical

*  https://biocellgen-public.svi.edu.aw/mig_ 2019 scrnaseq-workshop/public/clustering-and-cell-annotation.html#ref-

Modularity

« Modularity (Newman and Girvan 2004) is not the only quality function
for graph-based clustering, but it is one of the first attempts to embed

in @ compact form many questions including the definition of quality
function and null model etc.
oy —

L,

A; ; - weight between node i and j

6(i,J) : Indicator of whether i and jare in the same cluster
k; : the degree of node i (the sum of weights of all edges connected to i)

m: the total weight in the all graph _ o .
ngher modularity implies better partition

° MOdUlarity -1 KL Q K1 OPTIMAL PARTITION b. SUBOPTIMAL PARTITION

Q> 0 when # edges within groups o o
> #fedges within groups in a
randomly rewired graph

* @ > 0.3 :significantly community
structure #i=0

c. SINGLE COMMUNITY d. NEGATIVE MODULARITY
M= -0.12

Review E 69 (2). APS: 026113.

freytag2018comparison


https://biocellgen-public.svi.edu.au/mig_2019_scrnaseq-workshop/public/clustering-and-cell-annotation.html

Louvain community detection

« Start with every node in its own community
« Step1: Modularity optimization
* Order the nodes and for each node i, move i to the community of neighbor j
that leads to maximum AQ
« Ifall AQ < 0 the i remains in its current community
 Repeatedly cycle through all nodes until AQ =0
« Step2 : Community aggregation
« Create a weighted network of communities from Step1
* Nodes : communities in Step1
« Edge weights : sum of weights of edges between communities
« Edges within a community become two self-loops

 Repeat: Apply Step1/ Step2 to resulting network, and so on until AQ = 0

15TPASS
AM
1 i
z\/ R v, ' 20 PASS
7 14 4 14 4 14 4
\ STEP | STEP I STEP | STEP I
a\>”/6 | P A : 2% 2%
15 | 1
N = A N AR N
\ \% A2 ;
@ 1/ / " 1sQ ’ \)2 16 2

https://biocellgen-public.svi.edu.au/mig 2019 scrnaseq-workshop/public/clustering-and-cell-annotation.html#ref-freytag2018comparison
https://www.youtube.com/watch?v=QNv7rKWCgM8 2 3



https://biocellgen-public.svi.edu.au/mig_2019_scrnaseq-workshop/public/clustering-and-cell-annotation.html

Cell type annotation

* The most challenging task in scRNA-seq data analysis is arguably the
interpretation of the results. Obtaining clusters of cells is fairly straightforward,
but it is more difficult to determine what biological state is represented by each
of those clusters

« Various computational approaches could exploit prior biological knowledge to
assign meaning to an uncharacterized scRNA-sea dataset could be used

Pancreas CellBench TM  Allen Mouse Brain PBMC
SVMrgjection- 099 099 088 1 098 0.99 1 098 099 092

« Types of cell type annotation tools
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https://btep.ccr.cancer.gov/wp-content/uploads/Celltype_Annotation_final.pdf
https://biocellgen-public.svi.edu.au/mig_2019_scrnaseq-workshop/public/clustering-and-cell-annotation.html

Cell type annotation

SingleR : Reference-based annotation of scRNA-seq
Step1: Find variable gene

. For every gene, obtain median grouped by label
. Select genes that makes at least one label different: If we are looking for the genes that makes label “green” different
from label “red”, we substract the second column by the first, and pick the top N highest and positive values

ce.lll cell2 053 061.14 c55 ®oe ® ® genel ? 1 .1
senel " * genel koK genel * * — % * — % ... enc? & 1 0 '
9 * % * « mmpgene2 * * X gene2 k k — % x — * .. 8
gene * ok % _ _ gene3 [ 2](1])...
% * * % * gene3 gened k x —k x — % ...
gene3 gened x x — ok k —x ... gened O"'
gened K K —k Kk — % ... genedb * -2 0 ...
* is the median of the group of s
Step2: Spearman’s correlation A A A
. Spearman’s correlation € [—-1,1] is a measure of the Monotonic Monotonic Non-Monatonic
strength of a linear or monotonic relationship between ' '
paired data.
. compute the Spearman’s correlation for all pairs of cells
in the test and reference dataset, and obtain an n;.; x
n,epCOrrelation matrix, where n is the number of cells
(see the first matrix in Step3). > > g
Step3 Scorlng ® @® @ cference
We want to know how each cell in the test data is celll cell2 cell3 cell4 . ( X
correlated to the labels in the reference data, instead of celll x (%] . celll % * =
each reference cell. So we take the correlations of a cell in cell2  x x  x cell2 *x * x
the test data with all the cells with a certain label in the cellB | + * x x ... =P celld x + x
reference data, and summarize them into one number or a celld = « x x  x celld * x x
score, in SingleR, the default is to take the 80% quantile.
test test

Step4 : Fine tuning

Each is a spearman’s correlation, * is the 80% quantile of s

https://biocellgen-public.svi.edu.au/mig_2019_scrnaseq-workshop/public/clustering-and-cell-annotation.html 2 5



Cell type annotation
SingleR : Reference-based annotation of scRNA-seq

« correlated single-cell transcriptomes with reference transcriptomic data sets and
improved its inferences iteratively

a Input: Output: ¢ 50 4 Seurat (10X)
Reference 4
Unannotated transcriptomes of Annotated
scRNA-seq data pure cell types single cells .
25 ""‘Q’;«
Step 1: Step3: lterative fine-tuning—reducing the ﬂf e
Identifying variable < reference set to only top cell types o e
genes among cell types - | g 0 . ﬁ% . '@
in the reference set @ 04 3 "ok ’
a - o ~ St
Step 2: % é . ., % A%
Correlating each 3 ey "
single-cell transcriptome S —25
with each sample in the 3,:,
reference set 2 @
T T T T
01234 & & \g«?‘&&" o -25 0 25 50
Single cell & W t-SNE 1
b Original identities
SingleR annotations
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i -
Fibroblasts - ©CD8" Tgy, cell CD4* T cell
Stromal cells & © CD8+ Ty cell LemSs.. ©CD4" Tgcell
. B R CD4" Ty, cell
o 01 g Treg Cell
o ——,
% Macrophages 8 e ~
; : )
- Monocytes 5 Y . : /I
—10 BMDCs Stem cells 3 S——
Fibroblasts 5 © Naive B cell
Endothelial cells § ® Memory B cell
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/ +
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173 . L
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. N r @
Aran, D., Looney, A.P., Liu, L. et @ DC ® N 10 SELL Y ™) °
: : - i g 8 CXCR5 ® @ Y [
al. Reference-based analysis of lung single- 0 Endothelial cells © 05 L3
. .s —10 1 i el IL7R
cell sequencing reveals a transitional Fibroblasts g o elg
fibroti h Nat Macrophages = GNLY o (3
proiiorotic macropnage. /Na Stromal cells (% 0.0 NKG7 . §
Immunol 20, 163—172 (2019). - . . . o T B3
. ’ -5 0 5 10 Memory Naive FOXP3 L &
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Cell type markers identification
Differential expression analysis

 Non-parametric tests
 Wilcoxon rank sum test
o Student’s t-test

« Methods specific for scRNA-seq

« MAST : GLM-framework that treats cellular detection rate as a covariate (Finak
et al, Genome Biology, 2015)

 Methods for bulk RNA-seq

« DESeq2 : DE based on a model using the negative binomial distribution (Love et
al, Genome Biology 2014)

CD3D SELL CREM MS4A1 CD79A
10
& _
=58 4
o~ ~ > g ~"Z‘ g 61
| | &
o o 0 L
< <<
= s 5
) -} _ 31 _
. -10 s % %
- 949
-10-5 0 5 10 15 -10-5 0 5 10 15 -10-5 0 5 10 15 S n S :
UMAP_1 UMAP_1 UMAP_1 ? 21 €% . ?
[} 3 o [
CDS8A GNLY CD79A § ¢ R § .
10 w 'a',, .. I . ‘ w o4 .. ‘0
5 4.5 4. ol e P . Jooe
N i4.o N 4.0 AR NE i Ll A e Che s
o o 35 o 35 . : . o | gL
g 3.0 ; 3.0 ! .
S -5 25 5§ 25 0 S EERSUUDE g S| 0 o
2.0 2.0 ' . - . v v ' ' ' . : . v r v v
-10 - NY S 9 6 A D N Y s k9 o A D
Identity Identity

-10-5 0 5 10 15 -10-5 0 5 10 15 -10-5 0 5 10 15

* Finak, G., McDathMd',AZT,lYaj ima, M. et al. MAST: a ﬂfL:Jxl\i/Itﬁg §t]51tistical framework for assessil#lgl éapﬁslcriptional changes and characterizing heterogeneity in single-cell RNA sequencing data. Genome Biol 16, 278
(2015). https://doi.org/10.1186/s13059-015-0844-5

*  Love MI, Huber W, Anders S (2014). “Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2.” Genome Biology, 15, 550. doi: 10.1186/s13059-014-0550-8.

*  https://satijalab.org/seurat/archive/v3.1/immune_alignment.html 2 7
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Pseudo timing

« Many differentiation processes taking place during development: following a stimulus, cells
will change from one cell-type to another. We must sample at multiple time-points and
obtain snapshots of the gene expression profiles.

« Since some of the cells will proceed faster along the differentiation than others, each
snapshot may contain cells at varying points along the developmental progression.

 We use statistical methods to order the cells along one or more trajectories which represent
the underlying developmental trajectories, this ordering is referred to as “pseudotime”

« Using single-cell -omics data, many trajectory inference (Tl) methods could computationally
order cells along trajectories, allowing the unbiased study of cellular dynamic processes

3 : T
) Input Trajectory Output Wrap Common probabilistic Apply common
i a1 trajectory model
Rawcounts - inference |- rare etk (A}—> J ry... analyses
- Normalised counts j : 1 2/ {®—— Cell positions
- Default parameters | - Branch assignment Edges "\ - .
Start coll(<) 3 - Branch pseudotime 3 - - Visualise trajectory
End cell(<) - Global pseudotime 4 - Visualise expression
e Tl method —> | - End state probabilities - Trajectory comparison
oo e | - Cluster assignment 5 Milestones - Evaluation
nd states required or - Cluster network _ 6 = Delayed
¢ of branche optional prior outputs| Dimensionality reduction commitment s
Marker gene Jinformation  subset of - - Cell graph
b) Wrapper type 1:  Wrapper type 2: Wrapper type 6: Wrapper type 7:
direct linear pseudotime rthogonal proje ’ cell graph
. R ¢
i ) A P(A) | - Mo &
; “~ . T8} €1 A
£ P(B) 4
PR A “ N % F =
’ - “eea @ o Pseudotime 8% X 3 ¢ .

http://cole-trapnell-lab.github.io/monocle-release/docs/#constructing-single-cell-trajectories

https://scrnaseqg-course.cog.sanger.ac.uk/website/biological-analysis.html#pseudotime-analysis
Saelens, W., Cannoodt, R., Todorov, H. et al. A comparison of single-cell trajectory inference methods. Nat Biotechnol 37, 547-554 (2019). https://doi.org/10.1038/s41587-019-0071-9 2 8
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Pseudo timing

Practical guideline for method users

The performance of a method mostly depends on the topology of the trajectory, the choice of TI method will
be primarily influenced by the user’s existing knowledge about the expected topology in the data. Methods
to the right are ranked according to their performance on a particular (set of) trajectory type. Further to the
right are shown the accuracy (+: scaled performance =20.9, : >0.6), usability scores (+:20.9, + 20.6),
estimated running times and required prior information. k, thousands; m, millions.
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Saelens, W., Cannoodt, R., Todorov, H. ez al. A comparison of single-cell trajectory inference methods. Nat Biotechnol 37, 547-554 (2019). https://doi.org/10.1038/s41587-019-0071-9

Required priors

Start cell(s)
Number of end and start states

No. of end states
End cell(s), Cell clustering

19s Start cell(s)

Start cell(s)

Start cell(s)

End cell(s), Cell clustering

Start cell(s)
Cell clustering, Start and end cells

Cell clustering, Start and end cells
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Gene regulation

INPUT INPUT
signal A signal B

receptor proteins receptor profeins

inactive
franscription -
factor A inactive — inhibitory
) transcription ™ factor
'cascade: of factor B -‘..
inferacting £

kinase proteins

or other ;
molecules @
achive

active transcription o v+ p U T f\\
transcription factor B RNA | é cell
factor A - Ui \J functions
OUTPUT
protein
DNA
target gene
- RNA polymerase
cis-regulatory
DNA sequence % T = i e
elements feedbacks
YGG01-0083

Gene regulation is the process of controlling which genes in a cell's DNA are
expressed (used to make a functional product such as a protein).

https://www.cs.purdue.edu/homes/ayg/ TALKS/STC CHICAGO10/Introductory material/regulatory networks.ppt 3 0



Gene regulatory network

TF-Z
Gene regulatory networks (GRNs) are the on-off @ EGene
switches of a cell operating at the gene level TF-XA (7
two genes are connected if the expression of one .—V_-Ge“e Y
TFY of )

gene modulates expression of another one by
either activation or inhibition |

can be inferred from correlations in gene
expression data, time-series gene expression
data, and/or gene knock-out experiments
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genes
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it | AP TFLl
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o €nzyme

transcriptioj i
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https://www.cs.purdue.edu/homes/ayg/ TALKS/STC CHICAGO10/Introductory material/regulatory networks.ppt
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Todorov H., Cannoo

1-4939-8882-2_10

Cell-type
gene regulatory networks

Network inference &0 o0 Network inference(Nl)

cell-type-specific GRNs onbulk data  QOGONBO on single-cell data
o a2%0

would be key tools for the Pool RNA and Qe @@8@0 Profile single cells and

StUdy of cellular profile bulkr ® GOQQQQ _l separate igrlwto clusters
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(o
heterogeneity GQ

will reveal key regulatory
factors and circuits for
specific cell types,

o

e
cell-type-specific GRNs Q%
&=

Gene 1 Gene 2 Gene 3 Gene 4 Gene 5

- . . Infer network on Infer network on
faCI|Itatlﬂg mapp'”g multiple bulk profilesl lsingle cell profiles
between disease-
associated variants and
affected cell types

dt R., Saelens W., Saeys Y. (2019) Network Inference from Single-Cell Transcriptomic Data. In: Sanguinetti G., Huynh-Thu V. (eds) Gene Regulatory Networks. Methods in Molecular Biology, vol 1883. Humana Press, New York, NY. https://doi.org/10.1007/978- 32



Todorov H., CannoodtR., Saelens W., Saeys Y. (2019) Network Inference from Single-Cell Transcriptomic Data. In: Sanguinetti G., Huynh-Thu V. (eds) Gene Regulatory Networks. Methods in Molecular Biology, vol 1883. Humana Press, New York, NY. https://doi.org/10.1007/978-
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Network inference algorithms
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single-cell regulatory network inference and clustering

« SCENIC is a tool to simultaneously reconstruct gene regulatory
networks and identify stable cell states from single-cell RNA-seq data.
The gene regulatory network is inferred based on co-expression and
DNA motif analysis, and then the network activity is analyzed in each

SCENIC

cell to identify the recurrent cellular states.

Co-expression

Tool: GENIE3 / GRNBoost

Cells

]

Genes

[]

High expression u

Expression matrix Low expression &

Co-expression modules
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@ @ @ @ @ @ o @

Gene regulatory network
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.
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t-SNE 1
e TF2 regulon
.

Cell states

I-SNE 2

G D) -+ Transcr, reguiation
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‘ g
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Aibar et al. (2017) SCENIC: single-cell regulatory network inference and clustering. Nature Methods. doi: 10.1038/nmeth.4463.

Motif discovery Cell scoring Clustering
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Step1.TF-based co-expression network
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Aibar et al. (2017) SCENIC: single-cell regulatory network inference and clustering. Nature Methods. doi: 10.1038/nmeth.4463. 35
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Aibar et al. (2017) SCENIC: single-cell regulatory network inference and clustering. Nature Methods. doi: 10.1038/nmeth.4463. 36
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Step3.Activity of the network in each cell
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GRN-based cell states
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Further applications

Cell-type specific master regulators
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Tools for GRN inference from

scRNA-seq

Ground truth of GRNs is
usually unknown.

How do we evaluate the
performance of existing
GRN inference methods
from scRNA-seq data?

1@ BEELINE

Mark W E J Fiers, Liesbeth Minnoye, Sara Aibar, Carmen Bravo
Gonzalez-Blas, Zeynep Kalender Atak, Stein Aerts, Mapping gene
regulatory networks from single-cell omics data, Briefings in
Functional Genomics, Volume 17, Issue 4, July 2018, Pages 246—
254, https://doi.org/10.1093/bfep/elx046

Dynamic processes

time-points or “pseudotime”

Cell types/states

"steady-states”

Predictive/descriptive GRNs

'

+ Models sequence of events
(e.g. TFs that activate other TFs)

+ Some can be used for predictions
(e.g. over-expression or knockdown)

- Max ~10-100 TFs/genes

- Requires representation of
all/most intermediate states

Global GRNs
Kﬁ
\

+ ldentifies “Master regulators”

+ Putative targets for TF

- High false positive rate

-> Mainly based on co-expression

( N\
Tools from bulk RNA-seq
(applied to sc-RNA-seq)

» GENIE3 : Identifies TFs
that best predict the
expression of each gene

o WCGNA : Identifies co-
expression modules using
clustering on a correlation
network

Type of network:

» Directed (TF - any gene)
> Directed (TF > TF)

o Undirected

SCNS toolkit

Builds a state-transition graph that can be
used for predictions. Requires many
parameters.

BoolTraineR

Can infer both network structure and
Boolean rules without information on
trajectories through cell states. Robust to
drop-outs.

SingCeliNet

Infers regulatory circuits by integrating
transcriptional patterns with the cell lineage
tree.

>SCODE

Models network dynamics and allows
simulations. Based on time point data.
Recommended to run multiple times to obtain
average network. Examples with 100 TFs.

> InferenceSnapshot

Combines trajectory information and co-
expression (Genie3) into an ODE model.
Small networks (demo with 6 genes).

o/» Sinova

Analysis pipeline for devel. processes. GRN
using co-expression (Pina’s method [38]).
o SCOUP

Trajectory inference & identification of
regulators and co-expression modules.

o SCIMITAR

Infers trajectory plus co-regulatory states.
Requires TF preselection. Robust to noise.
o LEAP

Starts from ordered cells (no branches).
Takes into account delay effects.

> ARTMA1 - VBEM

Bayesian network (activation/inhibition with
weights) from ordered cells (no branches).
> SINCERITIES

For time point data (min. 5 time points).
Recommends <50TFs.

o InformationMeasures/PIDC
Co-expression based on multivariate
information measures. Hundreds of genes.

» SINCERA

Pipeline for analysis of scRNA-seq. It
includes prediction of key regulators for
the differentially expressed genes, and
possibility to integrate external data.

» ACTION

Pipeline for analysis of scRNA-seq.
Identifies cell types and cell-type specific
transcriptional regulatory networks (TFs
regulating marker genes).

» SCENIC

Builds a GRN combining co-expression
with TF motif enrichment analysis, and
identifies cell types/states based on the
activity of the network.

o ninet

Identifies gene modules based on a
distance to measure predictive nonlinear
relations (DCOL), which is sensitive and
computationally efficient on large
matrices.
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BEELINE

Benchmarking gene regulatory network inference from
single-cell transcriptomic data

« BEELINE is an evaluation framework incorporating 12 diverse GRN inference algorithms
to assess the accuracy, robustness, and efficiency of GRN inference techniques for
single-cell gene expression data based on well-defined benchmark datasets.

 BoolODE is developed for accurate simulations of Boolean models with predictable

traJeCtorleS - Precision Recall Curves
GRN inference methods l
Simulated data from synthetic networks '_> ﬂ]]m%]]]]m% LEAP Early Precision
e it /7 m :
® BT — ) 8
Rt A

.‘)}‘\:# L

Pl Rt ) !

i : Software run time
Simulated data from curated models ParaTEier seardh Run algorithms S0 TOTTE Ve

= i 4 O — BEOPO ¢

Network motifs

Predicted networks

- Stability of inferred
networks

- Fidelity of inferred
networks

- Split vs Merged

Pratapa A, Jalihal AP, Law JN, Bharadwaj A, Murali TM. Benchmarking algorithms for gene regulatory network inference from single-cell transcriptomic trajectories

data. Nat Methods. 2020;17(2):147-154. doi:10.1038/s41592-019-0690-6
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Input type 1.

Simulated datasets from synthetic networks

GRN il e
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Saelens, W., Cannoodt, R., Todorov, H. et al. A comparison of single-cell trajectory inference methods. Nat Biotechnol 37, 547-554 (2019). https://doi.org/10.1038/s41587-019-0071-9 42



Input type 2:

Simulated datasets from curated models (Boolean)

Simulated data from curated models

= o _ Mammalian Cortical Area Development (mCAD)’
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Giacomantonio CE & Goodhill GJ A boolean model of the gene regulatory network underlying mammalian cortical area development. PLoS Comput. Biol. 6, 1000936 (2010).
Lovrics A et al. Boolean Modelling reveals new regulatory connections between transcription factors orchestrating the development of the ventral spinal cord. PLoS One 9, 111430 (2014).
Krumsiek J, Marr C, Schroeder T & Theis FJ Hierarchical Differentiation of Myeloid Progenitors Is Encoded in the Transcription Tactor Network. PLoS One 6, €22649 (2011).

Rios O et al. A Boolean network model of human gonadal sex determination. Theor. Biol. Med. Model. 12, 26 (2015). 43



DC2

Single cell RNAseq data

O |
. I
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Embryonic stem cells
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Input type 3.

Experimental scRNA-seq datasets

dendritic cells

PCA
hematopoietic

stem cells

PC4

Human

hepatocytes

PC2

PC1

Embryonic stem cells

OH1

H9 OEC _ONPC _ODEC OHFF

B
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o

odb
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PC1 PC4

Nestorowa, S. et al. A single-cell resolution map of mouse hematopoietic stem and progenitor cell differentiation. Blood 128, 20-31 (2016).

Hayashi, T. et al. Single-cell full-length total RNA sequencing uncovers dynamics of recursive splicing and enhancer RNAs. Nat. Commun. 9, 619 (2018).
Shalek, A. K. et al. Single-cell RNA-seq reveals dynamic paracrine control of cellular variation. Nature 510, 363-369 (2014).
Camp, J. G. et al. Multilineage communication regulates human liver bud development from pluripotency. Nature 546, 533538 (2017).
Chu, L. F. et al. Single-cell RNA-seq reveals novel regulators of human embryonic stem cell differentiation to definitive endoderm. Genome Biol. 17, 173 (2016).
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Precision Recall Curves

Early Precision
1
)
>
1

Software run time
and memory usage

O

Network motifs

- Stability of inferred

networks

- Fidelity of inferred
networks

- Split vs Merged
trajectories

PIDC

GENIE3

GRNBOOST2

SCODE

PPCOR

SINCERITIES

SCRIBE

SINGE

LEAP

GRISLI

GRNVBEM

SCNS

BEELINE summary

Properties Accuracy Stability Scalability (genes)
-
6.
o e
N &
096 & oﬁb é,zb' Time Memory
,&@ 66\ & \\0 \é&
1% ¥ R 500 1k 2k 100 500 1k 2k
MI - X X X Im  5m
RF - X v X
RF - X v X
ODE
ODE+Reg parameters v v/ v/
Corr - X X v
Reg - v v v
M Type of RDI v v X
Regression
GC parameters v/ v X
Corr Lag v X
Regression
ODEt+Reg parameters v/ v/ X
Reg - v v/
Boolean
Bool model v /S /
parameters
Low/Poor High/Good Low/Poor High/Good

Pratapa A, Jalihal AP, Law JN, Bharadwaj A, Murali TM. Benchmarking algorithms for gene regulatory network inference from single-cell transcriptomic
data. Nat Methods. 2020;17(2):147-154. doi:10.1038/s41592-019-0690-6 45



ATAC-seq

Assay for Transposase-Accessible Chromatin using sequencing

* In ATAC-Seq, genomic DNA is exposed to Tn5, a highly active transposase
 Tn5 simultaneously fragments DNA, preferentially inserts into open
chromatin sites, and adds sequencing primers (a process known as

tagmentation)
 The sequenced DNA identifies the open chromatin and data analysis can
provide insight into gene regulation
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~
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https://www.illumina.com/techniques/popular-applications/epigenetics/atac-seq-chromatin-accessibility.html



Single-Cell ATAC-seq

e ScATAC-Seq utilizes Tn5 transposase and barcoding of individual cells to
profile chromatin accessibility at single cell resolution

e Single cells could be captured by combinatorial cell indexing strategies or
with use of a microfluidic device

L

Single cell
/]
® - 0

-
Single-cell assay for trans
accessible chromatin (scA

gosase
AC-5eq)

Microfluldics device

- £ p—
LR ' el
- 9% - - —> , ' — - —p
Cell Isolate .Lryse and Introduce Insert In regions of open chromatin Fragmented and primed Amplify with Pool libraries
suspension singlecell TnS transposase ;ell-s&eclﬁc from all cells
arcodes

https://www.illumina.com/techniques/popular-applications/epigenetics/atac-seq-chromatin-accessibility.html

i

DNA
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SCATAC-seq
using 10x Genomics technology

Linear Pool

Collect amplification  Remove oll
D [ e}

> 00000000000 > [ >

Oil
Barcoded * |
gel beads —
Transposition of - Single nuclei Barcoded accessible
nuclei in bulk GEMs DNA fragments

* Single nucleus GEMs undergo barcoding

 Each Gel Bead contains oligos with a unique 10x
Genomics barcode

e All accessible DNA fragments from a individual
nucleus share a common 10x Genomics barcode

Satpathy, A.T., Granja, J.M., Yost, K.E. et al. Massively parallel single-cell chromatin landscapes of human immune cell development

and intratumoral T cell exhaustion. Nat Biotechnol 37, 925-936 (2019). https://doi.org/10.1038/s41587-019-0206-z ~750.000 different barcodes
https://www.10xgenomics.com/videos/ef93x01cw0?autoplay=true ’

10x
Barcode Read 1N

s

P5
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SCATAC-seq

Workflow for measuring single epigenomes using scCATAC-seq on a
microfluidic device

* Develop technology for single cell epigenomic

« Single-cell ATAC-seq provides an accurate measure of chromatin
accessibility genome-wide

a
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Buenrostro, J., Wu, B., Litzenburger, U. ez al. Single-cell chromatin accessibility reveals principles of regulatory variation. Nature 523, 486—490 (2015). https://doi.org/10.1038/nature14590

49



SCATAC-seq + scRNA-seq

 linking single-cell epigenomics and single-cell transcriptomics

Separation of validated . . .
Single cell RNA cytometry subpopulations by FACS Single cell processing & sequencing
i progecten of Cada Cobored by b-masr Ousterng -— 1 s .
o i . Lysis, cDNA or
T L e D _ Tn5 integration
o s e i ¥ Preamplification
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Seurat
Integrating scATAC-seq with scRNA-seq to annotate cell types

« a strategy to “anchor” diverse datasets together, enabling
integrate single-cell measurements not only across scRNA-seq
technologies, but also across different modalities
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M
4 7
4

Stuart T, Butler A, Hoffman P, Hafemeister C, Papalexi E, Mauck WM 3rd, Hao Y, Stoeckius M, Smibert P, Satija R. Comprehensive Integration of Single-Cell Data. Cell. 2019 Jun 13;177(7):1888-1902.e21.

doi: 10.1016/j.cell.2019.05.031. Epub 2019 Jun 6. PMID: 31178118; PMCID: PMC6687398.
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ScAl

single-cell aggregation and integration

scAl is an unsupervised approach for integrative analysis of gene
expression and chromatin accessibility or DNA methylation profiles
measured in the same individual cells

Iterative learning

genes

cells

loci

cells

Aggregating

cells

epigenomic profile
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genes

loci

Inferring low-
dimensional
representations
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Cell space
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Jin, S., Zhang, L. & Nie, Q. scAl: an unsupervised approach for the integrative analysis of parallel single-cell transcriptomic and epigenomic profiles. Genome Biol 21, 25 (2020). https://doi.org/10.1186/s13059-020-1932-8
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scAl method

« “To deconvolute heterogeneous single cells from both transcriptomic and
epigenomic profiles, scAl aggregates the sparse/binary epigenomic profile
in an unsupervised manner to allow coherent fusion with transcriptomic
profile while projecting cells into the same representation space using
both the transcriptomic and epigenomic data’

low-dimensional representations via the matrix factorization model:

. 2
min, wy, 1, z20al| X1 = WiH|}% + |1 X2 (Z < R) = WoH|} + A Z - HTH||; +v ) ||H I}
J

 X;(pgenesin ncells): normalized scRNA-seq data matrix

« X, (qlociin n cells) : single-cell chromatin accessibility or DNA methylation data matrix

«  W,;, W, : the gene loading and locus loading matrices with sizes p X Kand g X K (K is the rank)
 H: the cell loading matrix with size K X n

« Z: cell-cell similarity matrix

R : abinary matrix generated by a binomial distribution with a probability

* S.a, A, y: regularization parameters

o : dot multiplication

Jin, S., Zhang, L. & Nie, Q. scAl: an unsupervised approach for the integrative analysis of parallel single-cell transcriptomic and epigenomic profiles. Genome Biol 21, 25 (2020). https://doi.org/10.1186/s13059-020-1932-8 53



MAESTRO

Model-based Analyses of single-cell transcriptome and regulome

* a comprehensive computational workflow for integrative analysis
of scRNA-seq and scATAC-seq data from multiple platforms.
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Wang, C., Sun, D., Huang, X. et al. Integrative analyses of single-cell transcriptome and regulome using MAESTRO. Genome Biol 21, 198 (2020). https://doi.org/10.1186/513059-020-02116-x 54




MATCHER

« an approach for integrating multiple types of single cell

measurements

« MATCHER uses manifold alignment to infer single cell multi-
omic profiles from transcriptomic and epigenetic measurements

performed on different cells of the same type
a b
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Single cell deconvolution

Pros for Bulk-seq

« Can assay entire sample at once

« Can help identify transcription changes in individual cell types
« Huge amount of data out there already

« Cheap
Cons

* Lose single cell information

Bulk
$200/sample (Novogene)

Bulk transcriptomic analyses lose
single cell information

How to computationally figure
out what went into the mixture?

https://projects.iq.harvar
d.edu/files/chanbioinfor

matics/files/cell type de
convolution.pdf

ASHG 2019 scRNAseq
HiPlex oral presentation
https://www.youtube.com/
watch?v=YIRemO TE3Y

Single cell

$4000 ~ 10000/sample

Single cell transcriptomic
analyses retain single cell
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Single cell deconvolution

« ‘a system of equations that describe the expression of each
gene in a heterogeneous sample as a linear combination of the
expression levels of that gene across the different cell subsets
present in the sample, weighted by their relative cell fractions’
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Finotello, F. & Trajanoski, Z. Quantifying tumorinfiltrating immune cells from transcriptomics data. Cancer Immunol. Immunother. 67, 1031-1040 (2018).
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CIBERSORTX

cell-type identification by estimating relative subsets of RNA transcripts

a machine learning method to infer cell-type-specific gene expression
profiles without physical cell isolation
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reference |
profiles \&w — fj.
7 —_>
Slngle cells
) Signature matrix
Turggr/ tissue Bulk tissue Transcriptome
1opsy RNA database
7 (D profile
///// _ /\
> -7 OR — ,’:Q D —
Bl T n
. . __ Ij
In silico Blood CIBERSORTX |«
cytometry draw

@) Cell type
proportions H Group | Group Il
N </\ﬁ - \ f & ;;
@®(@e
Expression A= <= = =
purification =~ =x == Low C- High

Differential expression

Newman, A.M., Steen, C.B., Liu, C.L. et al. Determining cell type abundance Group-mode High-resolution
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Biotechnol 37, 773-782 (2019). https://doi.org/10.1038/s41587-019-0114-2
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MuSiC

Multi-Subject Single Cell deconvolution

« a method that utilizes cell-type specific gene expression from single-cell
RNA sequencing (RNA-seq) data to characterize cell type compositions
from bulk RNA-seq data in complex tissues
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BSEQ-sc

Deconvolution of Bulk Sequencing Experiments using Single Cell Data

« a bioinformatics analysis pipeline that leverages single-cell
sequencing data to estimate cell type proportion and cell type-specific
gene expression differences from RNA-seq data from bulk tissue

samples Bseq-SC

Bulk RNA-seq Data Cell ty-pe . CeI.I specific :
proportions differential expression

I_._

L]
100
%00 50 ) 0 100 -
SNEY S

Single cell RNA-seq

A single-cell transcriptomic map of the human and mouse pancreas reveals inter- and intra-cell population structure M. Baron, A. Veres, S.L. Wolock, A. L. Faust, R. Gaujoux, A. Vetere, J. Hyoje Ryu, B. K.
Wagner, S. Shen-Orr, A. M. Klein, D. A. Melton, I. Yanai Cell Systems. 2016 Oct 26 10.1016/j.cels.2016.08.011
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https://www.ncbi.nlm.nih.gov/pubmed/27667365

Comprehensive benchmarking of computational
deconvolution of transcriptomics data
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Single cell transcriptome data
resource for human brain

» 8 excitatory and 8 inhibitory adult neuronal subtypes (i.e., cell expression clusters)

« Major adult non-neuronal types: astrocytes, endothelial, microglia,
oligodendrocytes, and oligodendrocyte progenitor (OPC), pericyte

« Developmental neuronal and non-neuronal types

Read-count based; e.g., Transcripts Per /\ Molecular-count based; e.g., Unique

Kilobase Million (TPM) molecular identifiers (UMI)
Neuronal Subpopulations b 35,289 snDrop-seq data sets OPCs
A
§ ~- L In )“ :E;Z
ol R . Exe : . e :
i N *s" 2 i
C a g N { °Int Granule cells. : ' .'/'v \ P, . 'ne.urons s
& {\g./ _“ 4 o::g '"::;:‘. B :v‘.E,x Ext .
~ 1 WA e
g 1 . . ; . © NoN ! .nw $ b, iy )
* -20 Dim: B Inhibitory ik i Exd L W T asodytes
neurons b, <4l
. - ~3000 cells (Lake et al., -
B e Science, 2016) ~10319 cells (Lake et al., Nature Biotech, 2018)
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I I chENC, JohENC,,
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~400 cells
(Darmanis et al.,
PNAS, 2015) ~ 900 cells (PsychENCODE) ~ 17,093 cells (PsychENCODE)

Wang, et al., Science, 2018
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Single cell deconvolution
Step 1: unsupervised learning to see
brain cell types

1866 individuals 25 top components
£ 1866 individuals

. . 2 Unsuperv'is_ed S
Non-negative matrix S| uk [cecompositon g f ] J—
. . o | expression ~ o €| fractions
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2 2
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Single cell deconvolution

Step 2:

supervised learning to

estimate cell fractions

1866 individuals

£

« Bulk

@ expression
& (B)

(o))

<

Wang, et al., Science, 2018

singlecell 2 celtype
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a cell
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Deconvolution fraction

n~~
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All genes

Non-negative

least square Cell fractions (W)

24 selected cell types

24 selected cell types
(Neuronal, NonNeuronal, Developmental)

Single cell expression (C)
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Cell fractions explain cross-
population variation in human brain

Individual and cross-population reconstruction accuracy via deconvolution

]
0.95
3
£ o9
Q
®
c
2 085} |
9 L
2
S 08}
[}
o
0.75}
0.7

Comparison with existing methods

Experimental validation ! s
1r P
i 0.95| _
/,// | 3t
0.8 / }
P 0.9 ‘
N -
Sos! § ,/9// % w257 }
z e e © 085 = |
2 . o © o° £ T \
g S
Eo4t ' © | ol
@ 3 0.8 ‘ -
2 | |
L ra | [
02 0.75 ¢ 1 15¢ Q ‘
r : L
>
// €L
¢ e 0 tia 08 1 NNLS vs CIBERSORT NNLS  CIBERSORT

Experimental NeuN+

Wang, et al., Science, 2018

65



Neuronal and glial cell fraction
changes in gender and disorders

R Ex5 In6 Oligo .
Foogy N — e T T CT—F------ Excitatory to
M o iy ST —F---- oy ————— T F-—————- e -
o | Inhibitory
7] | T ——————4 .
° gg; b {:[ — — ‘ J —— - 1mbalance at
8 BPD * :[ — T — * —— 1 subt
@& oo lld IR neuronal subtype
Q 0 0.1 0 0.02 0 0.2 level for ASD*

Cell fractions

Astrocyte and Microglia increase in ASD**

Astrocytes Microglia

Cell Fractions _

Cell Fractions
S

50
Age (yearg) Age (years)

== ASD - CTL

* Rubenstein et al., Model of autism: increased ratio of excitation/inhibition in key neural systems, Genes Brain Behav. 2003
** Gandal et al., Shared molecular neuropathology across major psychiatric disorders parallels polygenic overlap, Science 2018
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Cell fraction changes in
human brain development

Newborn PY 0.5

22 27
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Drop-outs in single cell UMI

 agene is observed at a moderate
or high expression level in one
cell but is not detected in another
cell

Why do dropouts occur in single cell?

« technical artifacts

« cell type differences
 statistical sampling
« biological factors

What should we do about dropouts?

« Impute before learning
* ignore zero inflation

« preprocess/reduce dimensions

3

... |outlier

Q\ High-magnitude

2

Over-dispersion

Drop-out events

log,(RPM) in cell 1 &
1
| 4—1—4—1 1 | |

0

0 1 2 3 4
log,,(RPM) in cell 2

Methods

« MAGIC

* Droplet
 Drimpute
 scDoc

Kharchenko, P., Silberstein, L. & Scadden, D. Bayesian approach to single-cell differential expression analysis. Nat Methods 11, 740-742 (2014).
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MAGIC

Markov affinity-based graph imputation of cells

an algorithm for denoising high-dimensional data most commonly applied to single-
cell RNA sequencing data. MAGIC learns the manifold data, using the resultant
graph to smooth the features and restore the structure of the data.

MAGIC

Before MAGIC Diffusion: After MAGIC
' 4 f=1 t=3 t=5 ] f
% Imputation:
i3
Gene Archetypal Population
Interactions Analysis Analysis
. ;
Before o
MAGIC g
m
After of
MAGIC ¢

Transcription Factor—Target Prediction

Target1 Target2  Target3  Target4  TargetS  Target6  Target7  Target8

van Dijk D, Sharma R, Nainys J, Yim K, Kathail P, Carr AJ, Burdziak C, Moon KR, Chaffer CL, Pattabiraman D, Bierie B, Mazutis L, Wolf G, Krishnaswamy S, Pe'er D. Recovering Gene Interactions from
Single-Cell Data Using Data Diffusion. Cell. 2018 Jul 26;174(3):716-729.€27. doi: 10.1016/j.cell.2018.05.061. Epub 2018 Jun 28. PMID: 29961576; PMCID: PMC6771278. 70



Resources

Tutorial

https://github.com/hbctraining/scRNA-seq
https://bioconductor.org/books/release/OSCA/
http://data-science-sequencing.github.io/
https://broadinstitute.github.10/2019 _scWorkshop/

https://biocellgen-public.svi.edu.au/mig_2019 scrnaseqg-

workshop/public/index.html

Tools

https://github.com/seandavi/awesome-single-cell
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