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Outline

* Why single cell gene expression?
* Library preparation methods

* Setting up experiments
 Computational analysis

— Defining cell types
— ldentifying differentially expressed genes

* Some recent papers
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Tissues

Cell-type
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Pathological

Single-cell RNA-seq

Expression profile clustering
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Types of analyses

Within cell type

» Stochasticity, variability of transcription
* Regulatory network inference

e Allelic expression patterns

* Scaling laws of transcription
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Between cell types

* |dentify biomarkers

* (Post)-transcriptional
differences

«——» (Sandberg, Nature Methods 2014)

Between tissues
* Cell-type compositions
e Altered transcription

in matched cell types

olinska

titutet

3 A8
Vi v st
Stockholms
universitet

UPPSALA
UNIVERSITET



Why single-cell sequencing?

* Understanding heterogeneous tissues

* |dentification and analysis of rare cell types
* Changes in cellular composition

* Dissection of temporal changes

 Example of applications:
— Differentiation trajectories
— Cancer heterogeneity
— Neural cell classification
— Embryonic development
— Drug treatment response
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Transcriptional bursting
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e Burst frequency and size is correlated with mRNA abundance

 Many TFs have low mean expression (and low burst frequency) and will only be
detected in a fraction of the cells
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scRNA seq methods

SmartSeq2
(Picelli et al. Nature Methods 2014)

SmartSeq - SMARTer kit
(Ramskold et al. Nature Biotech 2012)

Tang et al.
(Nature methods 2009)

STRT
(Islam et al. Genome Res 2011)

CEL-Seq
(Hashimshony et al. Cell Reports 2012)



LNA-containing TSO

Cell lysis (Steps 1-8)

Poly(A)*+ RNA
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oligo(dT) primer §§

Reverse transcription

& terminal transferase (Steps 9-11)
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Template switching Q

by reverse transcriptase (Steps 9-11)

ccc

ISPCR primers
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PCR pre-amplification of cDNA (Steps 12-15)
PCR cleanup (Steps 16-27)

I
ISPCR primers

%

Tagmentation (Tn5) (Steps 28-32)

A

s

SmartSeq2
protocol

Reverse transcription
efficiency limits the
detection range

— Drop outs

(Picelli et al. Nature Protocols, 2014)
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Problems compared to bulk RNA-seq

da
3 o
 Amplification bias s 2 1
* Drop-out rates § 'l 5 {oroen
. : CRE I
e Stochastic gene expression o 1 2 3 4

Log,,(RPM) in cell 2

* Background noise
* Bias due to cell-cycle, cell size and other factors

* As of now, only polyA transcripts, no method for
total RNA sequencing in single cells

(Karchenko et al. Nature Methods 2014)
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Isolating single cells

* FACS sorting
* Manual picking
e Fluidigm C1 system

* Dissociation of tissue is a crucial step to minimize
leakage and RNA degradation, different depending
on tissue type.

* Cell types that are hard to dissociate:

— Laser capture microscopy (LCM)
— Nuclei sequencing
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--------------------------------------------------------------------------------

Any lllumina*

C,™ Single-Cell
System

Auto Prep System

* Fluidigm C1 system
— Limiting factor is size of capture chambers

— Have protocols for running SMARTer, SmartSeq2, CEL-seq
& STRT

— Now with 800 cell chips

Sci Lab (https://www.fluidigm.com) %%% o
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Unique molecular identifiers (UMIs) and cellular barcodes

e Cellular barcodes
— Introduced at RT step with one unique sequence per cell

— Enables pooling of many libraries into one tube for
subsequent steps

* UMls

— Introduce random sequences at the beginning of each
sequence

— Reduces effect of amplification bias by removing PCR
duplicates

* Implemented with tag-based methods such as STRT

and CEL-seq
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Unique molecular identifiers (UMIs) and cellular barcodes
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Small volume approaches

* Volume seem to be a key component in these
reactions

— Smaller volumes give higher detection and better
reproducibility

 Smaller volumes = cheaper reagent costs
 Methods for high throughput (1000nds of cells)

e Sequencing cost becomes the bottleneck instead —
often shallow sequencing
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Droplet / microfluidics approaches
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Drop-seq single cell analysis
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Distinctly :

barcoded '\

beads '.'\dl )
* ? % ©) * [\%' t"f: ®

/'-//
1000s of DNA-barcoded single-cell transcriptomes

Macosko et al. Cell 2015
McCarrol, Regev etc. Broad/Harvard
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Reverse transcription
reaction in droplets
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Klein et al. Cell 2015

Kirschner, Weitz etc. Harvard
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Surface with

Cyto-seq method

Load cell suspension
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Load beads

Beads with UMI and cell index
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Zoom-in examples:

. ,,~)v~,»7r-)qmr~f)rjf)m’)v’)0000‘f)0:» ::::::::::::::::::o«bead Ce"
100,000 microwells 27-22c5c 00000000000 D IIIIIliciccccesncan 5 P
’ NOO00OO0000000000C 186060600000 ERAAROAQT ‘\ ,
dMAOONOO00®OBRD00DO000C so000@a®@©®©0®Qa® 0000, \ » 6.‘
A ~O00000000O0®O0C N R R R A RCRCRURCHCRCRCRURY L
N OO 0000©®0C R N R R RCRCRCRCRCRCRCRCRC R
“‘»,/107’,):’)")’))0?; .......:.o.oq--ff°: cell bead
cells in microwells cells + beads in microwells
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9 9 Amplification synthesis beads Yoo
reveals cell label, ith | mRNAs
molecular index, €8], | on beads, from hybridize on
, - beads in tube carried in microwell y
gene identity : bead
a single array
tube
B e |dentical for all oligos on a bead
¢ Unique for each bead
'| Universal | Cell Label | Molecular index | oligodT

1

* Variable among oligos on the same bead

Presented as targeted sequencing method, but could be used with universal primers.
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Combination with single cell genome sequencing

b

e G&T-seq (Macaulay et
al. Nature Methods
2015)

« DR-seq (Dey et al.
Nature Biotech 2015) .

* Triple omics (Hou et al.
Cell Research 2016)
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Spike-in RNAs

 Addition of external controls
e Used to model:

— technical noise / drop-out rates
— starting amount of RNA in the cell

 ERCC spike-in most widely used, consists of 48 or 96
MRNAs at 17 different concentrations.

e Add a ratio of about 1:10 to cell RNA.

* Important to add equal amounts to each cell,
preferably in the lysis buffer.
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Spike-in RNAs

(a) (b)
Cell 1 Cell 2 Cell 1 Cell 2

[ Gene 1 molecule B Gene 1 molecule
A\ Gene 2 molecule A\ Gene 2 molecule

. Gene 3 molecule . Gene 3 molecule
+ Spike-in molecule

®Sample1l ®Sample 2

10,000,000

(Vallejos et al. PLOS Comp Biol 2015) 1,000,000
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(https://cofactorgenomics.com)



Finding biologically variable genes

0.1
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Average normalized read count
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Replicates — how many cells do you have to sequence?

e Recommended to have around 20-30 cells from each cell

type
— A sample with a minor cell type at 5% requires sequencing of
400 cells.

— Preselecting cells may be necessary, but unbiased cell picking is
preferred.
* To study gene expression only, sequencing depth does
not have to be deep.
— Multiplexing of hundreds of samples on one lane is common.
— For tag-based methods sequencing is often more shallow.

* Possible to have a consultancy session with someone at
NBIS for experimental design.
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Which method should | use?

* Full length (SmartSeq2) vs tag-based (CELseq/STRT)
methods:

— Trade-off between throughput and sensitivity
— Unique molecular identifiers (UMI) implementation with
the tag-based methods
* The Single-cell platform currently offers:
— SmartSeq2 in 384 well format
— STRT on Fluidigm C1.
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National single cell genomics platform at Scilifelab

* Uppsala node — microbial single cell genome
seguencing
— http://www.scilifelab.se/facilities/single-cell/

— MDA of whole genomes
— gPCR of selected target genes

» Stockholm node — eukaryotic single cell RNA /
genome sequencing

— http://www.scilifelab.se/facilities/eukaryotic-single-cell-
genomics/

— STRT and cell isolation on Fluidigm C1 system

— SmartSeqg2 on isolated cells on plates

— MDA whole genome sequencing
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Raw data —
fastq files

Mapping
Gene expression estimate

QC:
Remove low Q cells
Remove contaminants

Gene signatures

SciLy"’cLab

More or less
same as bulk
RNAseq

Data —
expression profiles

Clustering of cells

Celltype definition

scRNA-seq pipeline
overview

Dimensionality
reduction
Gene set
selection

Batch
normalization
Removal of
other
confounders

Verification experiments

& W,
o
K23 b
Stockholms ~ UPPSALA
universitet ~ UNIVERSITET

Ing

S q

‘o8t Karolinska
5597 7 Institutet
o 1




Quality Control (QC)

 QCis a crucial step in scRNA-seq - Any experiment will have a
number of failed libraries!

* OBS! Smaller celltypes gives lower mapping rates and more primer

dimers. ocets romoved, cof 83711 26 colls removed, oWaff 07076 20 cells removed, cutoff 06052
e Look at: & ;-
— Mapping statistics (% uniquely mapping) :
— Mismatch rate :
— Fraction of exon mapping reads N "] °]
— 3’ bias (degraded RNA) PSSR e e

— MRNA-mapping reads - O DO L N
— Number of detected genes

— Spike-in detection

— Mitochondrial read fraction

— Pairwise correlation to other cells

0 50 100 150 200 250 300

0.0225 0.0925 0.1625 0.2325 50000 1750000 3650000 5550000 0.035 0.175 0.315 0.455 0.595

 Depending on cell type, around 500K exon mapping reads saturates
the gene detection (deduced from subsampling).
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Example data - mouse bone-marrow-derived dendritic cells
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Identifying celltypes
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Identifying celltypes
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Identifying celltypes — Dimensionality reduction

* Many different methods are used:
— PCA (principal component analysis)
— ICA (independent component analysis)
— MDS (multidimensional scaling)
— Non-linear PCA
— t-SNE (t-distributed stochastic neighbor embedding)
— Diffusion maps
— Network based methods
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t-SNE - t-distributed stochastic neighbor embedding

 Method often used in single cell proteomics.

e Step 1 - probability distribution for all pairs in PCA
space with N principal components

e Step 2 — dimensionality reduction with similar
probability distribution and minimization of
divergence between distributions

* Implementations in R:
— tsne
— Rtsne (Barnes-Hut t-SNE)

* For other languages (python, java, matlab, C++ etc.):
— http://lvdmaaten.github.io/tsne/
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t-SNE - t-distributed stochastic neighbor embedding

A
Somatosensory Cell capture . .
cortex(51) * Whsiatiecus Biclustering

cell suspension Single-cell
‘ RNA-seq 3,005 cells
| ! 9 classes

— -. >

_\3. { = 47 subclasses

.
g oio ;’

Al

10
=

) . 047 Karolinska :
Lab (Zeizel et al. Science 2015) irges it e s
universitet UNIVERSITET




PC2

t-SNE vs PCA dimensionality reduction

PCA t-SNE
o T74 N m ILCH o T74 m ILCH
A T75 . ILC2 A T75 ILC2
+ T86 % ° U+ ® ILC3 + T86 ® ILC3
8 ] + & A‘-thAA NS ° = NK A = NK
+ * +a A++*€ALA° afe
wt Fop oty && N . NN "
+ 5 " ol AAX+ a% ° + 8 — L %A'b JAN
+ +t++KA+€g++ &A".A%:?i o A 5% o##-ﬁﬁfﬂo 00 H
s PR TR oa T o % s +§E‘AE + o
o A9¢°+*94 +m2 E °a " e A S Ll ﬁt#oég
o o . T ast, ey i e o Sl £ S
s, W o ’ 2y AR B +, 258
S e R T Yo e sl T g o A%a * &%f
. a %o 4 % aten Caph oy o - +§5FI- £oa N i’%f
’ o ! Srfeer © Afﬁ} iﬁgi% 2 i KT
o ° ° a ++ + 8 :*: 'JT— A +%ﬁ A A,|_ 4+
o © 5,4 * x4 1 A8\ \f
. + + AA . o d‘+ .q:é@-bé @ZEEQ +%b VAN A fag
- S A S o
| L e ot T o iR %téﬁ%ﬁ%”
o t a
XAé A % o © _|a—+ +%
. a9 4o a C\IJ — &
+ A + +
A . + N + O(&
8 i +%, a § o
] o o)
A 4 ol AT
+ t <AQJCOFA
*A T AR
! S 4o
SRR
T T T T T T T T T
-40 -20 0 20 -40 -20 20 40
PC1
" :”«fff%
1 s e 528 Karolinska ! o :
Sci Lab (Bjorklund et al. Nature Immunology 2016) ¢ falink 5

o

Stockholms URPSALA
universitet UNIVERSITET



SCiLichab

More dimensionality reductions

Diffusion map PCA
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ICA tSNE
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Identifying celltypes - Clustering

* Clustering based on
— rpkms/counts — Euklidean distances
— Pairwise correlations
— PCA or other dimensionality reduction method

 Method of choice: hierarchical, k-means, biclustering

* Some programs:
— WGCNA
— BackSPIN
— Pagoda
— DBscan

* OBS! Outlier removal as an initial step may be necessary,
especially with PCA-based clustering or similar.
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Data bias

 May need to do data transformation before
clustering/PCA
— Batch effect removal (SVA ComBat function)
— Remove cell-cycle effects or size bias (scLVM package)
— RT efficiency / drop-out rate (SCDE package)
— Technical noise (BASICS package, GRM, Brenneke method)
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Batch normalization with SVA function ComBat

Raw RPKM values
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scLVM - Marioni lab

https://github.com/PMBio/scLVM)
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Preselection of a gene set

* |n most cases, all genes are not used in PCA/
clustering.

* Filtering based on:

— Biologically variable genes (Brenneke method based on
spike-in data) or top variable genes if no spike-in data.

— Genes expressed in X cells.

— Filter out genes with correlation to few other genes
— Prior knowledge / annotation

— DE genes from bulk experiments

— Top PCA loadings
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Detecting differentially expressed genes

 Parametric methods like EdgeR & DESeq not suitable
for scRNAseq since the parameter assumptions in

those methods does not apply here.
* Can use non-parametric methods like SAMseq
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Detecting differentially expressed genes

* Available single cell DE methods:
— SingleCellAssay — developed for qPCR experiments
— Monocle package
— Single Cell Differential Expression - SCDE
— Model-based Analysis of Single-cell Transcriptomics — MAST
— SAMstrt — extention to SAMseq with spike-in normalization
— Many other recent publications.......

* Some studies use PCA contribution (loadings) or gene
clustering to define celltype specific genes with no
statistical DE test at all.
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Comparison of DE detection methods
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High false discovery rate for DESeq and EdgeR
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Pseudotime ordering - Monocle

The dynamics and regulators of cell fate decisions are revealed by pseudotemporal ordering of single cells.
Trapnell et al. Nature Biotechnology 32, 381-386 (2014)
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Diffusion pseudotime
Diffusion pseudotime robustly reconstructs lineage branching

Haghvedi et al Nature Methods 2016
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Pagoda — Pathway And Geneset OverDispersion
Analysis

Figure 3
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Additional analyses

* Alternative splicing
* Allelic expression
* Copy-number variation

* Alternative splicing and allelic expression requires
full length methods.

— But only works for highly expressed genes with good read
coverage

— Must be careful to take into consideration the drop-out

rate, a unique splice form/allele in a single cell may
actually be a detection issue.
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Dissecting the multicellular ecosystem of metastatic
melanoma by single-cell RNA-seq
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Single-Cell RNA-Seq Reveals Lineage and X Chromosome
Dynamics in Human Preimplantation Embryos

1529 single-cell RNA-seq libraries from 88 human embryos
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Single-Cell RNA-Sequencing Reveals a Continuous
Spectrum of Differentiation in Hematopoietic Cells
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Conclusions

* For diverse cell-types often straight forward to group
cells into clusters and detect differentially expressed

genes.

* For highly similar subtypes or with subtle changes in
cellular states — feature selection and different
clustering methods may be required.

 PCA or other dimensionality reduction technique to
get to know your data and what biases you
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Tools for single cell analysis

e Tutorial from Harvard WS:
— http://pklab.med.harvard.edu/scw2015/
* For differential expression:
— SCDE: http://pklab.med.harvard.edu/scde/index.html
— SCA: https://github.com/RGLab/SingleCellAssay
— MAST: https://github.com/RGLab/MAST
— SAMseq: http://cran.r-project.org/web/packages/samr

* For clustering etc.:
— Monocle: https://github.com/cole-trapnell-lab/monocle-release

— Rtsne: http://cran.r-project.org/web/packages/Rtsne

— Sincell: http://master.bioconductor.org/packages/devel/bioc/html/sincell.html
— scLVM: https://github.com/PMBio/scLVM

— BASICS: https://github.com/catavallejos/BASiCS

— Pagoda: http://pklab.med.harvard.edu/scde

— Seurat toolkit: http://www.satijalab.org/seurat.html

— Sincera pipeline:_https://research.cchmc.org/pbge/sincera.html

— SimpleSingleCell pipeline: https://www.bioconductor.org/help/workflows/simpleSingleCell/
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