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0 Introduction
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scRNA-seq data

@ ncells, Ggenes: n < G or n~ G — high dimensionality
@ Measures: x; = expression of the gene j for the celli €N
@ Technical and biological noise

@ High variability

@ Zero-inflated data = "sparsity"
(> 80% of zeros per raw, dropouts)
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Biological questions

scRNA-seq
Cell-level analysis / \ Gene-level analysis
Clustering Identifying marker genes of cell type
. . [TL‘ Mﬁ-‘\‘l‘ 5
@ Are there distinct e i "
subpopulations of cells? 5l -- -
@ For each cell type, what are N g peossame s
? e .
the marker genes" 5 ‘ e

Pseudotime

@ How visualize the cells?

@ Are there continuums of ,.m{\
differentiation / activation cell  ——
states?

9.

Rostom et al, FEBS 2017
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Statistical analysis

scRNA-seq
Cell-level analysis / \ Gene-level analysis
Clustering Identifying marker genes of cell type
<Ol
il fﬂjﬂ' 5 E
@ Clustering of cells §|-- -
@ Variable (gene) selection in C‘"S'E”"“:i”"’“““"" g oot anaas
2% &
learning or differential analysis @3“ El s
(hypothesis testing) e
Cellular trajectory inference Gene-gene correlations

& branching

@ Reduction dimension

@ Network inference

Gene regulatory network inference
- i %

*—
C/
Rostom et al, FEBS 2017
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Some bio-info-stat. pipelines/workflows

@ [Julid et al., 2015] Sincell (Bioconductor/R package)
sincell

o 1] o st 1561 JR vt 0] e S5y
[ build ok I updated before release:

DoI: 10.18129/89 piocsincell K1 B

R package for the statistical assessment of cell state hierarchies from
single-cell RNA-seq data

https://bioconductor.org/packages/release/bioc/html/sincell.html
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Some bio-info-stat. pipelines/workflows

@ [Juliad et al., 2015] Sincell (Bioconductor/R package)

@ [Poirion et al., 2016]

Angnment Quaity Gheck Nomatzation

[

« PCA
< s

ESNE
- Diuson
«oraph spatiaization

] [
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Some bio-info-stat. pipelines/workflows

@ [Juliad et al., 2015] Sincell (Bioconductor/R package)

@ [Poirion et al., 2016]

@ [Wolf et al., 2018] SCANPY

C.Maugis-Rabusseau (IMT/INSA)
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Some bio-info-stat. pipelines/workflows

@ [Julid et al., 2015] Sincell (Bioconductor/R package)

@ [Po

irion et al., 2016]

@ [Wolf et al., 2018] SCANPY

@ [Guo et al., 2015] SINCERA:

Single Cell RNA-seq Expression I
Values (e.g., FPKM, TPM)

Pre-processing

| Pre-filtering | Quality Control |
|+ Expression « MAQQ
|« Specificity « Corralation |
Cell Type Identification
Cell Clusters
Differentially Expressed Genes
Cell Types

Signature and Driving Force Analysis

| Goll Type Specific Gene | Cell Type Specific D

Cluster Refinement and

Cell Subpopulation Analysis

https://github.com/xu-1lab/SINCERA

https://research.cchmc.org/pbge/sincera.html
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Some bio-info-stat. pipelines/workflows

@ [Juliad et al., 2015] Sincell (Bioconductor/R package)

@ [Poirion et al., 2016]

@ [Wolf et al., 2018] SCANPY

@ [Guo et al., 2015] SINCERA:

@ [Lun et al., 2016] Workflow Package : simpleSingleCell

FIOOOResearch

@Cmsst Workflow Package: simpleSingleCell
<a

Le

A step-by-step workflow for low-level analysis of

single-cell RNA-seq data with Bioconductor [version 2; referees: A;:eg-hy-sgep workflow for low-level analysis of single-cell RNA-seq data.
with Bioconductor

3 approved, 2 approved with reservations]

Lo o s ot e ] 51

Bioconductor version: Releaze (3.7)

Aaron T.L. Lun', Davis J. McCarthy?3, John C. Marioni' 24

https://bioconductor.org/packages/release/workflows/html/simpleSingleCell.html
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Some bio-info-stat. pipelines/workflows

[Julia et al., 2015] Sincell (Bioconductor/R package)
[Poirion et al., 2016]

()

()

@ [Wolf et al., 2018] SCANPY

@ [Guo et al.,, 2015] SINCERA:

@ [Lun et al., 2016] Workflow Package : simpleSingleCell
o

[Satija et al., 2015] SEURAT:
SATIJA LAB

https://satijalab.org/seurat/
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9 Feature selection / extraction
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Feature (gene) extraction

o Slmple fllterlng criteria : see e.g [Lun et al., 2016],[Soneson and Robinson, 2018]
Filtering of lowly expressed genes:

@ genes expressed in < 7% of cells
@ genes with a mean average of expression < 7

o Dropout-based feature selection M3Drop, [Andrews and Hemberg, 2018]

Control

o

@ Based on the Michaelis-Menten function

S

Froqueney >

Expression

Dropout Rate

B Feature P, dropout — 1—-——0
Ku+ S
g Control |
i i SV where
— Mean Exprescion S = mean expression
Figure 1: Differentially expressed genes exhibit bimodal expression which increases the P, dropout = dI'OpOllt rate
dropout rate relative to the mean expression. (A & B) Genes with the same mean expression P

(dashed red line), but (A) is expressed evenly across cells, whereas (B) is highly expressed in
some cells (blue) and lowly expressed in others (green). (C)This leads to a surplus of dropouts .

since mean and dropout rate average linearly (dotted line) whereas the expectation (black line) @ MLE to obtain the g lobal KM across all genes
is non-linear. Orange points indicate a gene with very high expression where differential

expression leads to only a small increase in dropout-rate.

C.Maugis-Rabusseau (IMT/INSA) Statistical analysis for scRNAseq data 8/52



Highly Variable Genes (HVG)

@ [Brennecke et al., 2013]

e Fits a quadratic model (gamma generalized linear model) to the
relationship between mean expression and the coefficient of
variation squared (CV2)

e 2 test is used to find genes signif. above the curve

e Implemented in M3Drop package

100

squared coefiicient of variation (CVA2)

0.01 0.1 1 10 100 1000 10

average normalized read count
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Highly Variable Genes (HVG)

@ [Brennecke et al., 2013]

@ [Kim et al., 2015]
mﬂ RNA spike-in

Uses spike-ins to estimate
parameters related to technical
variance and estimates
gene-specific biological variability
by substracting the estimated z
technical variance from the total et Vet
variance.

Total variance = Shot noise +
Variation by mRNA loss +
Variation by capture efficiency (0) +
Variation by sequencing efficiency () +
Biological variance

ScRNA-seq

i Estimate parameter for technical noise
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Highly Variable Genes (HVG)

@ [Brennecke et al., 2013]
@ [Kim et al., 2015]
@ [Vallejos et al., 2015]

BASICS = Bayesian Analysis of e
Single-Cell Sequencing Data {bologleal
Models spike-ins and endogenous
genes simultaneously as two

L)
et
A3

Poisson-Gamma hierarchical Cellj
Fig 2. Graphical ion of i ical model i in BASICS. Di
m Od e I S genes (i technical) at 2 cells (j and /). Squared and circular nodes
denote of spi
chsemede
role in our red circular nodes relate to unknown model
shared within a biological gene, technical gene or cell, respectively. BASICS treats cell-specific normalising

constants genes.
C il

)

d cels. Finally, BASIC!
parameters 5, borrowing information across all cells.
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Highly correlated genes

@ Gene-gene correlation:

e Calculate the gene-gene correlation matrix p = (pj)ij=1,...c

e Evaluate the correlation magnitude for each gene : j5; = max|pj|
i

o Take the top few thousand genes having the highest correlation
magnitude

@ PCA loadings: Select the genes with high PCA loadings
° ..

@ Non adapted for batch effects
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e Dimension reduction
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Objectives

@ Minimize curse of dimensionality
@ Allow visualization

@ Reduce computational time

° ..

@ But attention to the interpretations after!
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Principal component analysis (PCA)
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Principal component analysis (PCA)

@ Diagonalization of the covariance (or correlation) matrix

@ Linear transformations:
meta-variables = linear combinations of the genes

@ Capture the dimensions with higher variance
@ Fast deterministic procedure

@ Sparse-PCA : PCA + gene selection
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Extensions of PCA for scRNAseq data

@ [Pierson and Yau, 2015] : ZIFA (Zero Inflated Factor Analysis)

e Deals with the large number of zero-values in sScRNASeq data
o Relationship between the dropout rate py and the mean level of
non-zero expression (log read count) u:

Po = exp(— i)

e ZIFA adopts a latent variable model and uses an EM algorithm for
the parameter estimation
e Python software : https://github.com/epierson9/ZIFA

@ [Risso et al., 2017] : ZINB-WaVE
= Zero-Inflated Negative Binomial Model for RNA-Seq Data
a method similar to PCA based on a zero- inflated negative
binomial model instead of a Gaussian model
https://bioconductor.org/packages/release/bioc/html/zinbwave.html
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Extensions of PCA

(*] [Lln etal., 201 7] CIDR (https://github.com/VCCRI/CIDR)

o
o

Preliminary, log(x; + 1)

Identification of dropout candidates.
(CIDR finds a sample-dependent threshold that separates the zero peak from the
rest of the expression distribution for each cell)

Estimation of the relationship between dropout rate and gene
expression levels
(non-linear least-squares regression to fit a decreasing logistic function to the data)

Calculation of dissimilarity between the imputed gene expression
profiles for every pairs of single cells

PCoA using the CIDR dissimilarity matrix

Clustering (CAH) using the first few principal coordinates
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Example of t-SNE plot

80 T T T T T T T

40 1

=40

e e I N =1

gp L— . . . . . T
-60 -40 -20 0 20 40 60 80
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@ Reduce a dataset to 2 dimensions

@ Non-linear dimension reduction technique
@ Want to preserve the neighborhood

@ "Don’t interpret distances in t-SNE plots"

ISNET

https://constantamateur.github.io/2018-01-02-tSNE/
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@ Reduce a dataset to 2 dimensions

@ Non-linear dimension reduction technique
@ Want to preserve the neighborhood

@ "Don’t interpret distances in t-SNE plots"

High Dim Low Dim

@ INPUT : X = (xq,...,Xp) with x; € R@ (High dimensional data)
@ OUTPUT:Y = ()4, ..., ¥n) with y; € R? ( Low dimensional data)
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Stochastic Neighbor Embedding (SNE)

Converting the high-dimensional Euclidian distances into conditional
probabilities (=similarities)
@ Similarity of points in high-dimension
exp(=||Xi — xjl|?/20F)
Zk;ﬁi exp(—||x; — xk|]2/20;.2)

@ Similarity of points in low dimension

Gaussian distrib.

pjji =

exp(=[lyi = yill®)
Zk;éi exp(—1yi — y«lI?)

@ Cost function: Kullback-Leibler divergence

- Y Hupia) =3 a1

@ Minimize the cost function using gradient descent

Gaussian distrib.

qjli =
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Symmetric SNE

@ Pairwise similarities:

exp(—||xi — xjl|*/20°)

pii = Gaussian distrib.
T Y exp(=lx — xil[2/202)
exp(=ly; — ylI%) o
g = Gaussian distrib.
DY exp(=llyk — vill?)
@ In practice,

_ Puj + Py

Pi=">5,

+ perplexity (effective nb of neighbors) Perp(P;) = 2H(F)
(link to o;, H(P;) = Shannon entropy)
@ Minimize the cost function

C(y) = Z:Ej:pijln (ZZ)
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@ Use Student (heavy tail) distribution than Gaussian in
low-dimensional space:

g — 1+ Ny —yl»)~"
=
' > oket(1+ vk = yil2)~

@ Cost function

o)=Y o (&)

o Large p; modeled by small g;: large penalty
e Small p; modeled by large g;: small penalty

e t-SNE: mainly preserves local similarity structure of the data
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Algorithm 1: Simple version of t-Distributed Stochastic Neighbor Embedding.
Data: data set X = {x1,x2,...,Xx},
cost function parameters: perplexity Perp,
optimization parameters: number of iterations 7', learning rate 1, momentum o(¢).
Result: low-dimensional data representation (") = {y1,3,...,y,}.

begin
compute pairwise affinities p;; with perplexity Perp (using Equation 1)
L Paitpiy
set pij 2n

sample initial solution 9 = {yy,yy, ..., y,} from AL(0,1041)
for r=/to T do
compute low-dimensional affinities g;; (using Equation 4)

compute gradient %, (using Equation 5)
set 0 = =D 4 8 4 a(r) (70D — o (-2)
end
end

@ In practice, t-SNE is used on the first components of PCA to
reduce the time calculation

@ t-SNE is a stochastic algorithm

@ t-SNE is implemented in various programming languages
(see https://lvdmaaten.github. io/tsne/)
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Other methods

@ ICA = Independent Component Analysis
Computational method for separating a multivariate signal into additive subcomponents.

This is done by assuming that the subcomponents are non-Gaussian signals and that they

are statistically independent from each other.

@ Diffusion maps
Computes a family of embeddings of a data set into Euclidean space whose coordinates

can be computed from the eigenvectors and eigenvalues of a diffusion operator on the
data.
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0 Single cell clustering
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What is clustering?

@ Goal : organizing cells into groups whose members are similar in
some way

@ Fundamental question : What is meant by "similar cells"?

@ The number of clusters is unknown

@ Typical clustering methods :

e Hierarchical clustering (CAH),
Kmeans clustering,
Graph-based clustering
Model-based clustering
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Hierarchical clustering

Height
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Hierarchical clustering

@ Choose a (dis)-similarity between data points and a linkage
criterion (similarity between clusters)

@ Agglomerative : starts with all data points as individual clusters
and joins the most similar ones in a bottom-up approach

@ Divisive : starts with all data points in one large cluster and splits it
into two at each step (a top-down approach)

@ A dendrogram representing the decisions at each merge/division
of clusters
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Hierarchical clustering

@ (dis)-similarity between data points :
e Euclidian distance
e 1-correlation, 1-correlation?, ....
o Dissimilarity between the imputed gene expression profiles (CIDR),
"]

@ Linkage criteria : Ward, complete linkage, average linkage, ...

Single Linkage
Minimum Distance

Ward’s Procedure

Cluster 1 Cluster 2 °
Complete Linkage /
Maximum
Distance
@

Cluster 1 Cluster 2 Centroid Method
Average Linkage

Average Distance

Cluster 1 Cluster 2
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@ Starts with random selection P B R —

of cluster centers Lese st s @?@. R
. *% . .*

© Assigns each data points to * — 2
the nearest cluster — S lﬁ )
© Calculates the new cluster /-@h :\ (o NG .\
centers ko".: toe LN 2

Q Repeats steps 2-3 until no e
more changes occur

@ Require a distance between data points
@ Fuzzy Kmeans, ...
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Graph-based clustering

@ Objects (cells) are represented as nodes
@ Assign a weight to each branch between two nodes x and x
w(x, X) = distance(x, X)

@ Clustering
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Graph-based clustering

@ Minimal Spanning Tree (MST)
= a connected sub-graph with minimal weight that contains all
nodes and has no cycle
(ex: Prim’s algo, Kruskal’s algo)

@ Different strategies to delete some branchs
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Model-based clustering

@ Data are distributed from an unknown distribution s

@ sis estimated by a finite mixture:
e Data are organized into K subpopulations
e Each subpopulation is distributed from fi(.|a)

= Thus the population is distributed from a mixture of these
subdistributions

K K
f(10k) =D mrfe(|on) with (w1, ..., 7k) €]0, 1> mp =1
k=1 k=1
Parameter vector: 6 = (w1, ..., 7Kk, 1, ..., aK)
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Model-based clustering

s

lysis for scRNAseq data




Model-based clustering

@ Model collection:
VKGN*, SKZ{XERP% X’QK Zﬁkfk( |ak }

= Choice of the model collection

@ For each Amodel Sk, the mixture is determined which best fits the
data: f(.|0k)

= Need a parameter estimation algorithm (k)
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Model-based clustering

@ Choose the "best" mixture among f(.|f2), f(.|83), . . ., F(.|0K.n,)

= Need a model selection criterion to determine K (and f(.]ék)).

@ Clustering : Maximum A Posteriori (MAP) rule
A cell is assigned in the cluster for which it has the highest
probability of belonging.
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Some clustering softwares

Software Description Ref
Kmeans on different dimensions of PCA (on log-counts) + CAH on consensus
SC3 matrix [Kiselev et al., 2017]

https://bioconductor.org/packages/release/bioc/html/SC3.html
Combines PCA on log-counts, k-means and "iterative" hierarchical clustering

pcaReduce https://github.com/JustinaZz/pcaReduce [2urauskiené and Yau, 2016]
CAH using Pearson corr. and average linkage on z-score (prelim. data transf.)

SINCERA https://research.cchmc.org/pbge/sincera.html [Guo etal., 2015]

. Shared Nearest Neighbours graph + clique method

SNN-Cliq http://bioinfo.uncc.edu/SNNCliq/ [Xuand Su, 2015]
PCA + Nearest Neighbor graph clustering

Seurat https://github.com/satijalab/seurat [Butler et al., 2018]
PCA (diss. CIDR on counts, dropouts imputation) + CAH .

CIDR https://github.com/VCCRI/CIDR [Lin etal., 2017]
Ensemble clustering using SC3, CIDR, Seurat et t-SNE Kmeans

SAFE https://github.com/yycunc/SAFEclustering [Yang etal., 2017]
Dropout imputation and clustering. mixtures of multivariate log-normal and

BISCUIT Bayesian inference [Prabhakaran et al., 2016]
https://github.com/sandhya212/BISCUIT_SingleCell_ IMM_ICML_2016
Kernel-based similarity learning (S) + t-SNE on S + Kmeans

SIMLR https://bioconductor.org/packages/release/bioc/html/SIMLR.html [Wang et al., 2017]
Kmedoids clustering on similarity matrix of Pearson’s correlation coeff. .

RacelD https://cran.r-project.org/web/packages/RaceID/ [Grin et al., 2015]

. Biclustering based on sorting points into neighborhoods (SPIN) .
backSpin https://github.com/linnarsson-lab/BackSPIN [Zeisel et al., 2015]
LI

Reviews : [Duo et al., 2018], [Freytag et al., 2018]
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SC3

2 [owa]  coner : ' [consensu]
ene Filter D drange k-means
Euclidean PCA = - N Cells e
e S

Pearson Laplacian ()

—_— Ay

Spearman
—

N Cells

N Cells
Neals

(6 d1)

Filtered genes

o

[Kiselev et al., 2017]

https://bioconductor.org/packages/release/bioc/html/SC3.html

lysis for scRNAseq data
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pcaReduce

Algorithm 1: The pcaReduce algorithm. Here
Xyxq is a gene expression matrix with #n cells
(given in rows) and d genes (in columns); g is the
number of dimensions — effectively this refers to
the number of levels in the hierarchy; Y is a score
matrix, which is the output of PCA algorithm; ij
and X;; definition are given in Eq. (1); (i) and (ii)
denote two different merging settings: (i) merg-
ing is based on largest probability P(i, /) value; (ii)
merging is based on sampling according to P(i, j)
distribution.

[Zurauskiené and Yau, 2016]

https://github.com/JustinaZ/pcaReduce

Input: X,z and g ;

Output: a collection of g clusterings;
1 Y «— PCA(X, x4, dim=q);
2 (1, £) «— kmeans(Y, K =g+ 1);
3Q<«—qg—1;
4 forr=1,...,Qdo
5 for all possible pairs (i,)) in
{1,...,K} x {1,...,K} do

6 | PG,j) <— p(Yi U Y|y Zy);
7 end for
8 (i) either choose pair (i, /) with largest

probability P(i, j) and merge clusters i and j;
9 (ii) or sample a pair (i, j) with probability
P(i,j) and merge clusters i and j;

10 g<—q—1

11 Y < Y,x4 (i.e. remove last dimension);

12 update (1, X);

13 K< K-1

14 end for
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BISCUIT

Without Technical
Variation

With Technical
Variation

asu, P52,

[Prabhakaran et al., 2016]
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O, P2,
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b Latent counts which we
(b) want to recover
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https://github.com/sandhya212/BISCUIT_SingleCell_ IMM_ICML_2016
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[Prabhakaran et al., 2016]
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Figure 1. Overview of SAFE-clustering. Log-transformed expression matrix of scRNA-seq data are first clustered
using four state-of-the-art methods, SC3, CIDR, Seurat and t-SNE + k-means; and then individual solutions are
combined using one of the three hypergraph-based partitioning algorithms: hypergraph partitioning algorithm
(HGPA), meta-cluster algorithm (MCLA) and cluster-based similarity partitioning algorithm (CSPA) to produce

consensus clustering.

[Yang et al., 2017]

https://github.com/yycunc/SAFEclustering
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@ What clustering method to choose?

@ What is meant by "similar cells"?

@ How to choose the number of clusters?

@ Consistency between several methods, consensus of clusterings
@ Is it important to cluster all the cells? Fuzzy clustering versions

@ |deas: biclustering, clustering + gene selection, ...
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e Pseudotime analysis
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Pseudotime analysis

@ Trajectory inference aims to reconstruct a cellular dynamic
process

@ 2 main steps:

e Dimensionality reduction step: PCA, t-SNE, .... or graph-based
techniques .... or clustering methods

o Trajectory modelling step

@ Reviews:
@ [Cannoodt et al., 2016]: comparison of 10 methods

@ [Saelens et al., 2018]: comparison of 29 (among 59 existing) methods

https://github.com/dynverse/dynverse
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Pseudotime analysis
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G Differential analysis
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Methods for differential analysis

Review: [Soneson and Robinson, 2018]

| ANALYSIS
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Figure 3 | Average similarities between gene rankings obtained by the evaluated DE methods. The dendrogram was obtained by complete-linkage
hierarchical clustering based on the matrix of average AUCC values across all data sets. The labels of the internal nodes represent their stability across

data sets (fraction of instances where they are observed). Only nodes with stability scores of at least 0.1 are labeled. Colored boxes represent method
characteristics.
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Methods for differential analysis
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Figure 5 | Summary of DE method performance across all major evaluation
criteria. Criteria and cutoff values for performance categories are available
in the Online Methods. Methods are ranked by their average performance
across the criteria, with the numerical encoding good = 2, intermediate = 1,
poor = 0. NODES and SAMseq do not return nominal P values and were
therefore not evaluated in terms of the FPR.
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Some other interesting resources

@ List of software packages for single-cell data analysis, including
RNA'Seq: https://github.com/seandavi/awesome-single-cell

3 .

@ Course of Hemberg’s lab:
Analysis of single cell RNA-seq data
Viadimir Kiselev (wikiselev), Tallulah Andrews, Jennifer Westoby

(Jenni_Westoby), Davis McCarthy (davisjmce), Maren Biittner (marenbuettner)
and Martin Hemberg (m_hemberg)

2018-05-29

https://hemberg-lab.github.io/scRNA.seq.course/index.html
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