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Outline
Part	I
• How	is	single	cell	RNA-Seq (scRNA-Seq)	data	different	than	bulk	
RNA-Seq data?

• Different	scRNA-Seq methods	and	the	data	type	they	generate
• Unique	molecular	identifiers	(UMI’s)	and	how	they	help
• Greater	number	of	samples	vs.	greater	depth?

Part	II
• First	steps	in	handling	scRNA-Seq data
• What	can	you	do	with	single	cell	data?
• Ongoing	(open-source)	development	of	analysis	tools
• Web-based	queries	and	analysis	of	published	scRNA-Seq data

Part	III
• What’s	next	for	scRNA-Seq?



Is	single	cell	RNA-seq just	RNA-seq with	more	
samples?	Not	really.
• scRNA-Seq is	zero-heavy	data

• Depending	on	method,	you	could	have	500	genes	of	40,000	have	non-zero	values
• Analysis	is	a	combination	of	discrete	and	continuous	math	(10	vs	0,	and	1000	vs	1)

• Differential	expression	usually	starts	with	defining	which	samples	to	compare
• May	require	identification	of	outlier	samples,	normalization,	and	clustering	of	data
• Ability	to	select	samples	in	each	comparison	groups	makes	data	very	flexible

• Don’t	trust	any	one	gene.	Dimensionality	reduction	provide	more	reliable	“meta-genes”
• Both	“drop-out	events	and	noise/over-amplification	can	give	the	wrong	impression
• Biologically	relevant	principle	components	can	represent	“meta-genes”	that	can	help	sort	

out	cell	types

• Protocols	are	limited	by	the	low-input	amount	of	RNA
• scRNA-Seq relies	on	quite	a	bit	of	PCR
• Stranded	protocols	or	total	RNA	methods	generally	not	supported
• Reverse	transcription	usually	happens	in	the	presence	of	the	lysate	(not	ideal	conditions)

• Manage	expectations
• Don’t	assume	bulk	

RNA-Seq analysis	tools	
are	appropriate	for	
scRNA-Seq data
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Overview	of	common	single	cell	RNA-seq methods

Single	Cell-Per-Well	Protocols
Individual	samples	remain	partitioned	until	library	prep	indexing
-Fluidigm C1
-FACs-based	protocols
-Hand-picking
-Wafergen iCell8

Droplet-Based	Massively	Parallel	Protocols
Cells	and	barcodes	partitioned	in	droplets;	indexing	occurs	at	RT
-DropSeq
-InDrop (1CellBio)
-10X	Genomics	Chromium
-BioRad/Illumina	SureCell on	ddSEQ
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Single	Cell	Partitioning,	Lysis	and	Barcoding

Modified	from	core-genomics.blogspot.com
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Single	cell-per-well	methods	allow	full-length	
scRNA-seq on	Illumina	NGS	sequencing	platforms

Sample	1:	i7=N708;	i5=S510
Sample	2:	i7=N712;	i5=S511
Sample	3:	i7=N708;	i5=S512
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Droplet-based	barcoding	allows	high-throughput	
scRNA-Seq gene	counting
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Single	Cell	Partitioning,	Lysis	and	Barcoding

From	10X	Genomics	Promotional	Material

• Barcode	added	during	reverse	transcription
• 3’	(or	5’	end)	of	transcript	is	selectively	enriched	by	

PCR
• Interestingly,	these	methods	give	inherent	strand	

information
• Originally	lower	sensitivity	than	single	cell-per-well	

protocols,	but	now	approaching	similar	levels



Unique	Molecular	Indices	Help	Reduce	
Undesirable	Biases	From	PCR	Amplification	

Islam	et	al	2014	Nature	Methods	PMID: 24363023

Note:	Unique	molecular	
identifiers	are	currently	
only	possible	with	5’	or	3’	
end	only	methods	on	
Illumina	sequencers

From:	http://www.genengnews.com/gen-articles/molecular-indexing-with-precise-assays/5607



Which	is	better	– more	cells	or	greater	depth?

• More	information	can	be	gained	by	sequencing	
to	greater	depth	– especially	using	sensitive	
methods
• More	genes	detected;	fewer	“drop-outs”
• Better	isoform	discrimination	(when	full-

length	libraries	sequenced)
• More	independent	observation	(more	cells)	is	

better	for	cell	identity	classification	– averages	
out	noise

• Classic	scientific	non-answer:	it	depends	on	what	
you	are	looking	for
• Broad	survey	of	cell	types	or	dynamics	

processes	best	modeled	by	higher-
throughput	data

• Investigation	of	presumably	low-expressed	
(or	specific	isoforms)	requires	greater	depth

Modified	from	10X	Genomics	material



First	steps	in	handling	scRNA-Seq data:	
Primary	Analysis	(Processing	&	Alignment)	
• Demultiplexing of	individual	samples	based	on	barcodes

• Single	cell-per-well	protocols	generally	use	Illumina	indices
• Droplet-based	systems	use	custom	scripts	to	extract	and	demultiplex

• Trimming	and	alignment
• Removal	of	adapter	sequence
• Alignment	of	reads	to	transcriptome	or	genome	with	transcript	coordinates
• Full-length	libraries	can	handle	some	multi-mapping;	5	or	3’	end	libraries	usually	
on	utilize	non-ambiguously	mapped	reads

• Assessment	of	alignment	metrics
• Percentage	of	reads	mapped
• Percentage	exon	vs	intron	vs	intergenic
• For	full-length:	gene	body	coverage	and	detection	of	splice	sites

Input:	
Raw	sequencing	files
Output:	
Gene	expression	matrix



First	steps	in	handling	scRNA-Seq data:	
Secondary	Analysis
• Initial	QC	and	filtering

• Outlier	identification
• Thresholding	based	on	read	depth,	UMI	counts,	and/or	genes	detected

• Cross-sample	normalization
• Adjustment	for	library	size,	etc.

• Variance	thresholding	and	stabilization
• Selection	of	variable	genes	(non-”housekeepers”)
• Dispersion	(variance	over	mean)	threshold	often	used
• Data	transformed	to	reduce	statistical	weight	of	huge	expression	values	(e.g.	log-transformation)

• Dimensionality	reduction
• Principle	component	analysis	(or	similar)	to	look	for	structure	in	data

• Define	relationships	between	individual	samples
• Clustering	(hierarchical,	k-means,	graph-based)
• Trajectory	modeling

• Differential	expression	testing

Input:	
Gene	expression	matrix
Output:	
Analyzed	data



What	can	you	do	with	single	cell	data?



Example	of	scRNA-Seq Analysis:	Unbiased	
Identification	of	New	Cell	Types	and	Markers

High-throughput Droplet-Based 
scRNA-Seq is Not Just Hype
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Example	of	scRNA-Seq Analysis:	
Spatial	Inference	&	In	Silico	In	Situ

Satija et	al	2015
Spatial	reconstruction	of	scRNA-Seq data	provides	
comprehensive	expression	location	in	developing	xenopus



Example	of	scRNA-Seq Analysis:	Unbiased	survey	of	
cell	ratio	and	transcriptional	phenotypes	changes

From	10X	Genomics	Chromium	Technical	Bulletin

Figure 5. Single cell profiling from healthy and malignant tumor cell samples.  
Single cell profiling of BMMCs from healthy, CLL and AML patients. ~30,000 reads/cell  
in this experiment.

CLL patient AML patientHealthy individual



Example	of	scRNA-Seq Analysis:	
Developmental	Trajectory	Analysis

Investigating the Development of Cochlear Lateral Supporting 
Cell Subtypes by Single Cell mRNA-seq

Michael Kelly1, Joseph Burns1, Kathryn Ellis1, Joseph Mays1, Carly Martin1, Robert Morell2, Matthew Kelley1
1Laboratory of Cochlear Development and 2Genomics and Computational Biology Core 

National Institute on Deafness and Other Communication Disorders, National Institutes of Health; Bethesda, MD 20892

Cochlear epithelia from E16, P1 and P7 Lfng/GFP; Gfi1-Cre x R26-
tdTomato were enzymatically and mechanically dissected to enrich for sensory 
and adjacent non-sensory cells (B). In this transgenic model, hair cells are 
labeled by tdTomato fluorescence and most of the supporting cell subtypes are 
labeled by GFP. Inner Pillar cells are largely devoid of GFP expression. The 
Fluidigm C1 system was used to capture single cells from each dissection and 
to generate amplified cDNA libraries that were sequenced on an Illumina
platform (C). 

Because developmental gradients exist along the longitudinal axis of the 
cochlear duct, apical and basal turns of the cochlea were separated and 
processed in parallel so that differentiation-dependent transcriptional changes 
could be reliably identified. Lateral supporting cells were identified by unbiased 
sample clustering and by expression of known markers, such as Fgfr3 and 
Prox1. Differentiation trajectories for each cell type were modeled using 
transcriptional profiles across each developmental timepoint. 

In comparison to medial supporting cells, which 
share gene expression profiles with non-sensory cells, 
lateral supporting cells display distinct transcriptional 
profiles at all timepoints examined. These results 
suggest that the lateral supporting cells may represent 
an early-specified domain of cells that are distinct from 
the medial sensory region. Moreover, expression 
analysis of lateral supporting cells across timepoints
identifies previously uncharacterized components of 
the Wnt signaling pathway in the development of this 
region. 

Single	Cell	mRNA-seq Methods	Overview
• Single cells from E16, P1, and P7 cochleae captured on 10-17micron Fluidigm C1 chip
• All capture sites imaged prior to lysis of cell, allowing for selection of single cells
• OligodT-primed reverse transcription using SMARTer method followed by cDNA PCR

amplification on the C1 microfluidic chip
• Illumina sequencing library using Nextera XT transposase-based fragmentation of

amplified full-length cDNA and sample barcoding
• 48 cells per lane were multiplexed on each HiSeq 1000 lane for approximately 1-2

million reads per cell
• Reads mapped to NCBI mouse mm10 reference transcriptome with Bowtie2, as part

of RSEM package
• Transcript abundance calculations performed using RSEM in R, and transcripts per

million (TPM) values were normalized across all samples used in each analysis using
geometric mean normalization Future Directions

• Further validation of genes identified from differential expression and monocle trajectory
analysis

• Test possible developmental relationships by genetic lineage tracing
• Expansion of the single cell mRNA-seq dataset to allow for more robust comparisons and

trajectory modeling for each of the cell subtypes
• New higher-throughput methods allow for increased numbers of cells at lower per-cell cost
• Improved chemistries promise better transcript coverage and reliability, allowing for better

isoform detection
• Provide user-friendly access to the single cell mRNA-seq datasets so that others in the field

may utilize them
• A subset of the P1 cochlear dataset is currently on GEO (GSE71982) and soon be

available on gEAR

Lateral Supporting Cell Markers Identified by Single Cell mRNA-seq

Summary & Conclusions
• Single cell mRNA-seq of cells originating from multiple developmental timepoints and regions allows for:

• Flexible differential expression comparisons that identify new cell markers

• Modeling of temporal and spatial trajectories to reveal shared patterns of expression between genes

• Unbiased cluster analysis to suggest relationships between various cell types

• Genes enriched in lateral supporting cells may help us better understand the development of these important cell

subtypes and provide useful markers

• Modeled differentiation trajectories of the lateral supporting cell population (and other cell types) reveal possible

genes and gene networks that may be co-regulated, which may help identify important molecular pathways

• Lateral supporting cells displayed distinct transcriptional characteristics, even when the organ of Corti was still in

the process of early development stages at E16. Along with shared gene expression between medial supporting

cells and non-sensory cells, these distinct lateral supporting cell expression patterns may suggest an early lineage

separation of the medial and lateral cochlear compartments

Differentiation Trajectory Modeling of Lateral Supporting Cells 
Identifies Dynamically-Regulated Candidate Genes

Unique Transcriptional Profile of Lateral Supporting Cells Suggests 
Possible Early Lineage SeparationIntroduction & Abstract

The lateral, or abneural, domain of the organ of Corti represents a distinct 
population of cells, marked by unique morphological, molecular, and 
functional characteristics (A). Supporting cells from the lateral domain include 
inner and outer pillar cells and Deiters cells, which have unique and highly 
stereotyped three-dimensional architectures that are likely essential for proper 
auditory mechanics. Little is known about the transcriptional program that 
directs the unique differentiation of these cell types. Furthermore, while a 
shared developmental lineage for lateral supporting cells and all other 
sensory cells of the organ of Corti has been hypothesized, limited direct 
evidence exists to support this assumption. Here, we utilize single cell RNA 
sequencing (mRNAseq) to explore the transcriptional differentiation of these 
specialized cell types. 

A

Overall, these results suggest that the lateral domain of the organ of
Corti may represent a unique developmental lineage important for
increased auditory sensitivity and frequency discrimination. Validation
of other component genes and pathways identified from the
differentiation trajectory models is ongoing and we are performing
genetic lineage tracing to determine at what point a separate lateral
sensory domain may arise.

This work was funded by the the NIDCD Intramural Research Program (DC000059 to M.W.K and DC000039-18 to T.B. Friedman)
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Data	Analysis	Summary
• Outlier samples removed with Singular analysis package
• Dimensionality reduced by trimming low expressed genes

and those with little variance, followed by PCA to select
aspects of the data that separated cell subtypes

• Samples with similar transcriptional expression were
grouped by K-means clustering

• Further separation of expected cells types was done by
curation of known markers of each subtype

• Differential expression was done between these groups by
ANOVA within the Singular analysis package in R

• Trajectory modeling was performed using Monocle in R
*	These	samples	are	part	of	the	dataset	published	in	Burns	&	Kelly	et	al	Nature	Comm2015

(A) Principle component analysis performed on single cell samples from each age independently shows clear separation of hair cells and lateral 
supporting cells from other cochlear cell types. (B) Violin plots summarizing expression of cells within each group from all timepoints showing the enriched 
expression of known supporting cell markers, including those restricted to the lateral organ of Corti. Cntn1 and Kremen1 were identified as also having 
expression enriched within the lateral supporting cell group from a differential expression test between groups. (C) Cntn1 is expressed in lateral supporting
cells, as well as spiral ganglion neurites, which largely overlap with Tuj1 in the medial organ of Corti. (D) Kremen1 is enriched in the lateral supporting
cells of the organ of Corti. (E) Subset of differential expression results.
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(A) Using single cell mRNA-seq data from an individual cell subtype across multiple timepoints
allows for modeling of expression changes. (B) Single cell expression of genes across 
Monocle “Pseudotime” shows expected profiles of genes known to change during E16 to P7 
development. (C) Violin plots show trends within LatSC expression may be shared by other cell
types. (D) Differential expression across pseudotime showed genes that fit into 1 of 4 profiles. 
(E) Subset of differentially expressed genes that either increased or decreased from E16 to P7.
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(D) Genetic lineage tracing with Sox2-CreER (and other region-
specific Cre drivers) to determine if an early separation of the 
medial and lateral compartments exist. The R26-Confetti may give 
additional confidence in clonal relationships because of the 
multiple reporter fluorescent readouts.

(A) Lfng/GFP-positive medial supporting cells share expression of 
many genes with medial non-sensory cells and cluster with them with 
unbiased analysis. (B) Shared gene expression is confirmed by 
immunostaining showing expression of medial-enriched markers 
extending into the medial sensory domain up to the inner pillar cell 
row. 

(C) All cells of the organ of Corti are believed to originate from a set of 
sensory precursor cells. Shared transcriptional profiles raise the 
possibility that medial supporting cells may have a distinct lineage 
from a separate lateral supporting cell lineage.
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Pseudotime ordering	of	single	cell	samples	according	to	differentiation	stage	(using	Monocle	package)



What	analysis	tools	are	available?

Note:	Single	cell	RNA-Seq data,	in	particular,	is	best	handled	with	
active	communication	between	the	subject	matter	expert	and	
computational	biologist.	For	efficiency	and	effective,	it	helps	to	
have	subject	matter	expert	get	their	hands	dirty	in	the	
bioinformatics



A	rich	set	of	analysis	tools	for	single	cell	RNA-seq
datasets	continues	to	expand	(and	they’re	open-source)

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

Continued…

Trapnell Lab

Kharchenko Lab



Are	there	single	cell	RNA-Seq datasets	to	play	
with	before	collecting	my	own?

• Most	single	cell	publications	have	data	deposited	in	GEO
• Can	download	raw	data	and	usually	processed	expression	matrices

• Some	commercial	platforms	provide	example	datasets	to	view	
and	analysis
• 10X	Genomics	(https://support.10xgenomics.com/single-cell/datasets)

• Some	analysis	package	developers	provide	example	datasets
• Seurat	(http://satijalab.org/seurat/get_started.html)

• Some	data	can	also	be	viewed	in	web-based	portals



Single	Cell	Dataset	Portals

Broad	Single	Cell	Portal
Linnarsson Lab	Data	Viewers



What’s	next	for	single	cell	RNA-Seq?
• Better	sensitivity	and	less	technical	noise

• Improved	methods	for	fixed	or	frozen	tissue

• Isoform	information	from	high-throughput	methods

• Preservation	or	encoding	of	spatial	information

• Parallel	detection	of	other	–omic modalities	along	with	

transcription	(e.g.	epigenetics)

• Encoding	of	lineage	relationships	along	with	transcription

• Handling	data	from	multiple	methods	and	sources	to	build	a	model	

of	all	possible	cell	states	(complete	cell	atlas)

• Many	cell	from	one	genome	– reconstructing	gene	regulatory	

networks

Improvements	in	methods	and	throughput	will	have	to	be	done	hand-in-hand	with	
computational	methods;	computational	tools	are	also	improving	independently

Wagner	et	al	Nature	Biotech	PMID: 27824854;	Tanay	&	Regev	Nature	PMID: 28102262

Who	to	watch:
Regev, Linnarsson,	Satija,	
Trapnell,	and	Shendure Labs
Twitter:	@scell_papers



Summary
• Single	Cell	RNA-Seq has	some	differences	from	bulk	RNA-Seq

• Nuances	to	methods	and	the	data	make	it	important	to	make	sure	you’re	handling	it	
correctly	(consult	with	a	bioinformatician that	is	familiar	with	scRNA-Seq data)

• Variety	of	analysis	tools	allow	you	to	harness	very	flexible	scRNA-Seq datasets

• The	methods	of	data	collection	vary	in	sensitivity	and	throughput
• Choose	a	method	that	is	best	suited	to	primary	experimental	design/question	(and	what	

you	can	afford…)
• UMI’s	help	and	the	more	cells	the	better

• It	helps	to	know	the	biology	when	doing	scRNA-Seq	data	analysis
• Initial	alignment	and	gene	/	isoform	counting	is	similar	to	bulk	RNA-Seq
• Secondary	analysis	is	a	combination	of	determining	what	is	statistically	significant	and	

what	the	biological	question	is	(helps	to	know	cell	types	and	what	genes	are	expressed)

• Single	Cell	RNA-Seq	analysis	is	a	fast-growing	field	that	holds	great	promise
• Many	open-source	analysis	tools	exists	and	are	being	developed
• Computational	tools	are	utilizing	large	sample	size	and	flexibility	– only	getting	better


