scMerge: Integration of multiple
single-cell transcriptomics
datasets leveraging stable
expression and pseudo-
replication
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THE UNIVERSITY OF

SYDNEY

Sydney Precision Bioinformatics Research Group

We share an interest in developing statistical and computational methodologies to
tackle the foremost significant challenges posed by modern biology and medicine.

Meet our senior and junior research leaders ...

. and senior research associates: 4; PhD candidates: 20; Honours and TSP students: 8

Find out more: http://www.maths.usyd.edu.au/bioinformatics/
Get interactive:  http://shiny.maths.usyd.edu.au/
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Key underlying aspect of clustering? Similarity metrics
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Key underlying aspect of clustering? Similarity metrics
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k-means Clustering on GSE60361

[ k-means ]

(a)
Annotated cells (GSE60361)
pre-defined cell types

pyramidal CA1
pyramidal SS
interneurons
microglia
oligodendrocytes
endothelial mural
astrocytes ependymal

Zeisel A, et al. Science 2015
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k-means Clustering on GSE60361

[ k-means ]

(@) (B) kmeans clustering using Pearson

Annotated cells (GSE60361) ore-defined cell types NMI=0.79; ARI=0.84; FM=0.87; Jaccard=0.77

pyramidal CA1
pyramidal SS
interneurons
microglia
oligodendrocytes
endothelial mural
astrocytes ependymal

Zeisel A, et al. Science 2015
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k-means Clustering on GSE60361

[ k-means ]

(a) (b) k-means clustering using Pearson (C) k-means clustering using Euclidean

Annotated cells (GSE60361) o Nt oA —h _ _ _ CADI_A EE. EM_ _ _
pre-defined cell types NMI=0.79; ARI=0.84; FM=0.87; Jaccard=0.77 NMI=0.61; ARI=0.55; FM=0.65; Jaccard=0.48
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microglia
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endothelial mural
astrocytes ependymal

Zeisel A, et al. Science 2015
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Evaluation results (against the pre-defined cell types)
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Evaluation results (against the pre-defined cell types)
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Impact of similarity metrics on single-
cell RNA-seq data clustering

Taiyun Kim, Irene Rui Chen, Yingxin Lin, Andy Yi-Yang Wang,
Jean Yee Hwa Yang, Pengyi Yang

Briefings in Bioinformatics, bby076,

Pengyi Yang Taiyun Kim
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What is differential correlation?

Consider the expression of gene x and gene y
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What is differential correlation?

Consider the expression of gene x and gene y
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Bioinformatics, 2018, 1-7
doi: 10.1093/bioinformatics/btyG98

Advance Access Publication Date: 9 August 2018
Original Paper OXFORD

Systems biology

DCARS: differential correlation across ranked
samples

Shila Ghazanfar ® "**, Dario Strbenac?, John T. Ormerod®?,
Jean Y. H. Yang®' and Ellis Patrick @ **

Installation

# Install the development version from GitHub:

# install.packages("devtools")
devtools: :install github("shazanfar/DCARS")
library(DCARS)

The University of Sydney Page 21



Differential correlation across pseudotime
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Differential correlation across pseudotime
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Pcna: DNA replication, cell cycle. Correlation lost during
differentiation Cholangiocyte

1.0

GenePair

Mem6_Pena
== Pena_Pold3
== Pcna_Rbbp4
= Pena_Rpa2

Rbbpd_Rnf2

1.0

0 100 200 300 .
CellOrder
The University of Sydney



Pcna: DNA replication, cell cycle. Correlation lost during
differentiation Cholangiocyte Hepatocyte
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Pcna: DNA replication, cell cycle. Correlation lost during

differentiation
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Pcna: DNA replication, cell cycle. Correlation lost during
differentiation
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Pcna: DNA replication, cell cycle. Correlation lost during
differentiation Cholangiocyte Hepatocyte
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Pcna: DNA replication, cell cycle. Correlation lost during
differentiation Cholangiocyte Hepatocyte
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Pcna: DNA replication, cell cycle. Correlation lost during

differentiation
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Pcna: DNA replication, cell cycle. Correlation lost during
differentiation Cholangiocyte Hepa’roca"re
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Sydney

Single cell

Finding stably expressed genes

Mixture model

Gamma Gaussian

Gene expression across cells

The University of Sydney

Yingxin Lin



Previous work on mixture modelling
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Establishing a good set of stably expressed genes

Datasets with wide ranges of cell types

Mouse early developmental dataset

Human early developmental dataset .
(Scialdone et al.):

(Petropoulos et al.):

1529 cells from five timepoints: 1205 cells from four timepoints:

E6.5,E7.0,E7.5,E7.75
E3, E4, E5, E6, E7 ' r B729,
®m E6.5 whole epiblast m Filk1* mCD41* Unsampled
Early Primitive streak Neural plate Head fold
gastrulation | 138 Flk1* cells 159 Flk1*, 55 FIk1* 139 Flk1*, 78 FIk1*CD41*,
501 epiblast CD41*, 45 CD41* cells 90 CD41* cells
cells "
E @ @ Q { ) f <
o ‘ \ i ¢ !
O O (§) ‘ U \— v, \\ /
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Building features for stably expressed genes

@ Mixture Model:

» Mixing Proportion of the second component (4;)
» Standard deviation of the second component (o;)

@ Zero Proportion of each gene across all the cells (®;)

o F-statistics from one-way ANOVA (F;):

logo FPKM ~ Any conditions or known cell types

Mixture model

Eer e Gaussian

Gene expression across cells
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Building features for stably expressed genes

@ Mixture Model:

» Mixing Proportion of the second component (4;)
» Standard deviation of the second component (o;)

e Zero Proportion of each gene across all the cells (®;)

e F-statistics from one-way ANOVA (F;):

logo FPKM ~ Any conditions or known cell types

StaEIy expressea mgex
Mixture model

Gene expression across cells Stag‘y eXpresse! genes !SEG!
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What about GAPDH?

University of Sydney
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Evaluation of scSEG (PCA plot) -
Human early developmental dataset (Petropoulos et al)
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Eisenberg and Levanon 2013. Human housekeeping genes, revisited. Trends Genet 29 : Eisenberg and Levanon. 2003. Human housekeeping genes are compact. Trends Genet 19



Evaluation of scSEG (PCA plot) -
Human early developmental dataset (Petropoulos et al)
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Evaluation of scSEG (PCA plot) -

Human early developmental dataset (Petropoulos et al)
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Evaluation of scSEG (PCA plot) -
Human early developmental dataset (Petropoulos et al)

ALL genes

:
House keeping
genes based on 10
bulk RNA-seq

:

Tha | Inivarcitv af Svdnav

Eisenberg and Levanon 2013. Human housekeeping genes, revisited. Trends Genet 29 :

All genes

20
PCA1
bulkHE. RMA-=eq
. ' »
& b i
|- = ™ .
A TR ] ™

-‘" “.'*1.1
° l‘tﬂ

¥
e w S
] l. ‘.1.*‘.} 1
L ]
"
g ¥
.‘il L]
—20 10 0 10
PCA1

call_types

[
TEEREE

call_types

[ ]
TEEREE

bulkHK microarray

m.
L ]
m.
&y
Fi L
a
L]
¥
1] - Rl
I'_ =
g r ]
=l
-10-
40 -0
PCAA
acHK

10

=104

1o o 10
PCA1

Eisenberg and Levanon. 2003. Human housekeeping genes are compact. Trends Genet 19

House-keeping
genes based on
microarray data

Proposed
scSEG



Evaluation of scSEG (PCA plot) -
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doi: https://doi.org/10.1101/229815

This article is a preprint and has not been peer-reviewed [what does this mean?].
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tSNE of liver fetal development time course datasets
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tSNE of liver fetal development time course datasets
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Breaking observed data into components
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New Results

A new normalization for the Nanostring nCounter gene
expression assay

Ramyar Molania, Johann A Gagnon-Bartsch, Alexander Dobrovic, Terence P Speed
doi: https://doi.org/10.1101/374173

This article is a preprint and has not been peer-reviewed [what does this mean?].
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Highlighted by cell types

Highlighted by batches

Results: liver datasets 1SNE
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Results: liver datasets — tSNE retains rough trajectory
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More information

scMerge R package and website:

bioRxiv: ,
https: / /sydneybiox.github.io /scMerge /

https:/ /www.biorxiv.org /content /early /2018/09/12/393280
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New Results

scMerge: Integration of multiple single-cell transcriptomics
datasets leveraging stable expression and pseudo-
replication

Yingxin Lin, () Shila Ghazanfar, Kevin Wang, Johann A. Gagnon-Bartsch, Kitty K. Lo,

Xianbin Su, Ze-Guang Han, John T. Ormerod, Terence P. Speed, (2 Pengyi Yang,
Jean Y. H. Yang

doi: https://doi.org/10.1101/393280

The University of Sydney

scMerge m a Vignette Reference Case Study ~

scMerge

scMerge is a R package for merging and normalising single-cell RNA-Seq datasets.

‘@ |nstallation

The installation process could take up to 5 minutes, depending if you have some of the packages pre-installed.

# Some CRAN packages required by scMerge

install.packages(c("ruv", "rsvd", "igraph", "pdist", "proxy", "foreach", "doSNOW", "distr", "Rcpp", "RcppEi

devtools::install_github("theislab/kBET")

# Some BioConductor packages required by scMerge
# try http:// if https:// URLs are not supported
source("https://bioconductor.org/biocLite.R")
biocLite(c("SingleCellExperiment", "M3Drop"))

# Installing scMerge and the data files using
devtools::install_github("SydneyBioX/scMerge.data")
devtools::install_github("SydneyBioX/scMerge")

Vignette

You can find the vignette at our website: https://sydneybiox.github.io/scMerge/index.html.
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THE PREPRINT SERVER FOR BIOLOGY scMerge is a R package for merging and normalising single-cell RNA-Seq datasets.
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The installation process could take up to 5 minutes, depending if you have some of the packages pre-installed.

New Results )
# Some CRAN packages required by scMerge
install.packages(c("ruv", "rsvd", "igraph", "pdist", "proxy", "foreach", "doSNOW", "distr", "Rcpp", "RcppEi

scMerge: Integration of multiple single-cell transcriptomics e

datasets leveraging stable expression and pseudo-
replication

# Some BioConductor packages required by scMerge
# try http:// if https:// URLs are not supported
source("https://bioconductor.org/biocLite.R")
biocLite(c("SingleCellExperiment", "M3Drop"))

Yingxin Lin, () Shila Ghazanfar, Kevin Wang, Johann A. Gagnon-Bartsch, Kitty K. Lo, ) ) )
# Installing scMerge and the data files using

Xianbin Su, Ze-Guang Han, John T. Ormerod, Terence P. Speed, ' Pengyi Yang, devtools::install_github("SydneyBioX/scMerge.data")
Jean Y. H. Yang devtools::install_github("SydneyBioX/scMerge")

doi: https://doi.org/10.1101/393280
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