CS262 Winter 2016
Single Cell Sequencing

Background
NATURE METHODS | METHAGORA

significant increase in publications
and data in the last two years

Background

19.
20.
21.
22.
23.

24.
25.

Single-cell analyses of transcriptional heterogeneity
during drug tolerance transition in cancer cells by
Cell Stem Cell
RNA sequencing

Fig. 4. Coherence and relaxation of protein spin. (A) Rabi oscillation of single spin label measured by
using the sequence in Fig. 1B (fixing t0 and RF frequency at middle peak, varying t). The solid curve is a fit
using a sine function with exponential damping. (B) The red circles are measured by the double electronelectron resonance sequences on NV sensor and protein spin (fixing t equal to spin label p pulse and RF
frequency to the central peak, varying t0).The black dot is the NV center decoherence curve without protein
spin flipping. The solid curves show the best simulation of both of the experimental results in (B), corresa,1
b,1
a,3
to a relaxation
time of Yar
4 ms for
thea,2
spin
label and 90 kHz
coupling
between
spin label
andc,NV center.
Mei-Chong Wendy Lee , Fernandoponding
J. Lopez-Diaz
, Shahid
Khan
, Muhammad
Akram
Tariq
, Yelena
Dayn

Resource

26.
27.
28.
29.
30.
31.
32.
33.

2267–2270 (2002).
M. W. Doherty et al., Phys. Rep. 528, 1–45 (2013).
F. Z. Shi et al., Phys. Rev. B 87, 195414 (2013).
See supplementary materials on Science Online.
V. Gaponenko et al., Protein Sci. 9, 302–309 (2000).
J. A. Weil, J. R. Bolten, Electron Paramagnetic Resonance:
Elementary Theory and Practical Applications (Wiley, New York,
ed. 2, 2007), pp. 316–317.
K. Jacobsen, S. Oga, W. L. Hubbell, T. Risse, Biophys. J. 88,
4351–4365 (2005).
M. A. Hemminga, L. J. Berliner, ESR Spectroscopy in Membrane
Biophysics (Springer Science and Business Media, New York,
2007), pp. 133–134.
T. Staudacher et al., Science 339, 561–563 (2013).
H. J. Mamin et al., Science 339, 557–560 (2013).
F. Z. Shi et al., Nat. Phys. 10, 21–25 (2014).
C. Müller et al., Nat. Commun. 5, 4703 (2014).
M. Schaffry, E. M. Gauger, J. J. L. Morton, S. C. Benjamin,
Phys. Rev. Lett. 107, 207210 (2011).
A. O. Sushkov et al., Phys. Rev. Lett. 113, 197601 (2014).
M. S. Grinolds et al., Nat. Nanotechnol. 9, 279–284 (2014).
L. Luan et al., http://arxiv.org/abs/1409.5418 (2014).

FOCUS

CANCER

AC KNOWL ED GME NTS
Charles Joseph Vasked, Amie J. Radenbaugha, Hyunsung John Kima, Beverly M. Emersonb,4, and Nader Pourmanda,4
6. D. Rugar, R. Budakian, H. J. Mamin, B. W. Chui, Nature 430,
Relaxation of the protein electron spin is an imWe thank F. Jelezko for helpful discussions. Supported by 973
a
b
329–332
(2004). The Salk Institute for Biological
Biomolecular Engineering Department, University
of parameter
California, Santa
Cruz, CA 95064;
Laboratory of Regulatory
Biology,
Program grants 2013CB921800 and 2012CB917202, National
portant
to
characterize
the
environment,
d
Studies, La Jolla, CA 92037; cTransgenic Core Laboratory, The Salk Institute for Biological Studies, La Jolla, CA 92037;
Five3
Genomics,
LLC, Santa
CA Nature
95060 430,
7. M.and
Xiao,
I. Martin,
E. Yablonovitch,
H. Cruz,
W. Jiang,
Natural Science Foundation of China grants 11227901, 91021005,
including information on molecular dynamics.
435–439 (2004).
31470835, 11275183, and 21103199, and the Chinese Academy
Here, weInc.,
deduced
theFrancisco,
longitudinal
relaxation
time
Edited by Lewis T. Williams, Five Prime Therapeutics,
South San
CA, and
approved
September
2014 (received
for review
MarchA.12,
2014) Jr.,
8. Y.29,
Manassen,
R. J. Hamers,
J. E. Demuth,
J. Castellano
of Sciences. J.W. was supported by the Max Planck Society and
Phys. Rev. Lett. 62, 2531–2534 (1989).
of the spin label from Fig. 4B. The red circles dethe European Union (via the ERC grants SQUTEC and DIADEMS)
resistance. Multiplexed
quantitative
PCR
(qPCR)
The acute cellular response to stress generates a subpopulation of
9. G.single-cell
Balasubramanian
et al., Nature 455,
648–651
(2008).
and by the Baden-Württemberg Stiftung.
note
the
interaction
signal
between
the
NV
center
reversibly stress-tolerant cells under conditions that are lethal to
assays allow expression-based
of455,
up644–647
to 96 (2008).
targets in
10. J. R. Mazeanalysis
et al., Nature
the spin
label; the black
dots show the NV
Cell
Stem
Cell
the majority of the population. Stressand
tolerance
is attributed
to
11. J. M.
Taylor et al.,a
Nat.
4, 810–816
a single experiment (13).
Recently,
fewPhys.
groups
have(2008).
demonSUPPLEMENTARY MATERIALS
center
decoherence
curve
without
operation
on
the
12.of
G. single
Balasubramanian
et al., Nat.
Mater.
8, 383–387 (2009).
heterogeneity of gene expression within the population to ensure
1,2,5
1,5
2 Tomislav Ilicic,1,2 Johan Henriksson,1
strated
that
RNA-Seq
cells
using
NGS
technology
is
www.sciencemag.org/content/347/6226/1135/suppl/DC1
A. Kolodziejczyk,
Jong Kyoung Kim, Jason C.H. Tsang,
13. N. Bar-Gill, L. M. Pham, A. Jarmola, D. Budker, R. L. Walsworth,
label.transcriptome
SimulationAleksandra
(solid
shows
a
relaxsurvival of a minority. We performedspin
whole
se- curves)
reproducible,
and
usable
for gene
expression-based
1,2 Alex C.
1,3 Xuefei
2 Marc Bühler,3 Pentao
2 John
Materials
MethodsC. Marioni,1,2,4,*
Kedar
N.feasible,
Natarajan,
Tuck,
Gao,
Liu,and
Nat.
Commun. 4,
1743 (2013).
ation
timecancer
of 4 ms.
These
are compatible
quencing analyses of metastatic human
breast
cells
sub-values
Tables S1 and S2
classification
of
cell
subpopulations
(14–17).
A
major
advantage
1,2,
and
Sarah A.
Teichmann 14.* M. S. Grinolds et al., Nat. Phys. 9, 215–219 (2013).
jected to the chemotherapeutic agent paclitaxel
at the
Figs. S1 to S7
with those for
spinsingle-cell
labels
in ensemble
measurements,
ofMolecular
RNA-Seq
in single-cell
is that
entire
transcriptome
1European
15. B.studies
Grotz et European
al.,
New J.the
Phys.
13, 055004
(2011).
Biology
Laboratory,
Bioinformatics
Institute (EMBL-EBI),
Wellcome
Trust Genome Campus, Hinxton,
References
(34–37)
and population levels. Here we show that
specific
transcriptional
as the
relaxation
time of this can
kindbe
of surveyed,
spin labelrather
16. A.
O. Sushkov
et al., Nano
Lett. 14,
6443–6448
than
a
limited
number
of
genes.
DNA
Cambridge
CB10 1SD, UK
programs are enacted within untreated,
andnitrogen
drug- temperature
(2014).
3 November 2014; accepted 29 January 2015
is ~110stressed,
ms at liquid
(21,
24).
and
RNA
methodologies
are not mutually
exclusive
and canHinxton,
be
2Wellcome
Trust
Sanger
Institute,
Wellcome
Trust
Genome
Campus,
Cambridge
CB10 1SA, UK
tolerant cell groups while generating highThe
heterogeneity
between
10.1126/science.aaa2253
17.
L.
S.
Michel
et
al.,
Nature
409,
355–359
(2001).
ability to address
single-electron spin
lato
generate
more
biologically
significant
information.
3Friedrichcombined
Miescher Institute for Biomedical Research, Maulbeerstrasse 66, 4058 Basel, Switzerland
single cells within and between groups. We further demonstrate
bels on proteins adds
another Paclitaxel
element to(Taxol)
the is a chemotherapy drug commonly used to
4University
that drug-tolerant cells contain specific RNA variants residing
in
of Cambridge, Cancer Research UK Cambridge Institute, Robinson Way, Cambridge, CB2 0RE, UK
emerging
diamond
sensor–based
toolbox
for
ultratreat
solid
cancers
including breast tumors (18). This toxin targets
5Co-first
genes involved in microtubule organization and stabilization,
as
author
microtubules
interfere with the mitotic spindle, resulting in cell
structure
determination.
Together to
with
well as cell adhesion and cell surface precise
signaling.
In addition,
the
*Correspondence:
marioni@ebi.ac.uk
(J.C.M.),
st9@sanger.ac.uk (S.A.T.)
BRAIN
STRUCTURE
cycle
arrest
and
apoptosis.
Paclitaxel treatment kills
thecells
recently
established
nuclear magnetic reso-ultimately
gene expression profile of drug-tolerant
is similar
to that
of
http://dx.doi.org/10.1016/j.stem.2015.09.011
most tumor
cellsexbut, for the residual cancer cells, the mechanisms
detection,
the present
method
untreated cells within
a few doublings.nance
Thus,(NMR)
single-cell
analyses
3 Fernando
1
is Shehata,
an open 7access
article
under
the CC BYJ.license
(http://creativecommons.org/licenses/by/4.0/).
Nicola K. Wilson,1,9 David G. Kent,1,9 Florian Buettner,2,9 This
Mona
Iain C.
Macaulay,
Calero-Nieto,
of
resistance
are
unclear
(18).
An
important
question
is whether
tends
the
sensing
range
to
dozens
of
nanometers,
reveal the dynamics of the stress
response
in
terms
of
cell-specific
Manuel Sánchez Castillo,1 Caroline A. Oedekoven,1 Evangelia Diamanti,1 Reiner Schulte,4 Chris P. Ponting,3,5
mutations
that
drive
drug resistance are common
in a population
RNA
variants
driving
heterogeneity,
survival
of a sensor–based
minority
whereas
NMR only
senses
7 diamond
2,8 and
Thierry
Voet,3,6
Carlos
Caldas,7 Johnthe
Stingl,
Anthony
R. Green,1 Fabian
J. Theis,
Berthold Göttgens1,*
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Developmental Biology
How do animals grow and
develop from a single cell?

Developmental Biology

Developmental Biology
We need single-cell resolution to:
•

Discover more complicated mechanisms in
cellular development

•

Confirm the distinct gene expression
signatures across different cell types

•

Identify functional differences among the
same cell cell type
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Neurology

Cancer Biology

http://www.mun.ca/biology/desmid/brian/
BIOL2060/BIOL2060-24/CB24.html

Cancer Biology
Tumors are composed of
genetically and phenotypically
heterogeneous clones

http://www.thetcr.org/article/viewFile/1415/html/10439

Cancer Biology

Deep (bulk) sequencing can only
capture 1% of the cell population
(excluding some types such as
circulating tumor cells).
http://www.thetcr.org/article/viewFile/1415/html/10439

Cancer Biology
We need single-cell resolution to:
•

Find evidence for models of cancer

•

Infer timing of mutations and the drivers

•

Evaluate effectiveness of targeted therapy
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Cancer Biology
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•

Neurology

Microbiology

Microbiology

Microbiology

http://www.cbs.dtu.dk/researchgroups/metagenomics/mg.jpg

Microbiology
We need single-cell resolution to:

•

Discover low-abundance species that are are
difficult to culture in vitro

•

Monitor transcriptional gene activation
mechanisms for functional annotation

Applications

•

Developmental Biology

•

Cancer Biology

•

Microbiology

•

Neurology

Neurology

https://www.sciencemag.org/content/341/6141/1237758/embed/inline-graphic-1.gif

Neurology

Neurology
We need single-cell resolution to:
•

Study the mosaic genomes of individual
neurons and compositions in the brain

•

Follow genetic variations during fetal
development

•

Develop targeted therapy for neurological
diseases for specific cell types
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Traditional v.s. Single-cell

or tissues.

Single-Cell Technologies
(i) isolate single cells
(ii) amplify genome efficiently
(iii) sequence DNA
Single cells from dissociated tissues are directly sorted into 96-well plates for analysis.
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>1000
cells

-Specific Purification of Whole

protease dissociation of cells. For

setup, no
state-of-the-art
equipment
is needed, and it can be
LCM:
laser capture
microdissection
widely applied, but requires a lab member spending long hours
sorting cells, which adds to the experimental cost.
II: Measuring Transcription Activity and Chromatin
States within the Nucleus
Whole-cell transcriptomes provide an overview of the steadystate mRNA levels. However, analyzing newly synthesized RNA
transcripts within the nucleus is a more direct measure of
transcriptional activity of individual genes. In addition, isolating
cell-type-specific nuclei allows the efficient purification of celltype-specific chromatin. Isolating nuclei facilitates an array of
techniques for studying chromatin and transcriptional regulation,
such as transcription factor binding sites, which can reveal
the gene-regulatory mechanisms controlling the expression of
specific genes (Bonn et al., 2012a). Chromatin structure, which
is instrumental in cell-type-specific gene regulation, can also
be probed by studying three-dimensional organization of nuclei
(Ghavi-Helm et al., 2014). Further, post-translational modifications of histones
and DNA modifications reveal information
http://www.genomemedicine.com/content/figures/gm247-2-l.jpg
about gene activity and regulation (Barth and Imhof, 2010;

Cell Sorting
Microfluidics: can isolate rare circulating cells

http://www.nature.com/nprot/journal/v8/n5/images_article/nprot.2013.046-F4.jpg

Cell Sorting
High-throughput (~100,000 cells)

Drop-seq
http://www.cell.com/abstract/S0092-8674(15)00549-8

inDrop
http://www.cell.com/cell/abstract/S0092-8674(15)00500-0

or tissues.

Single-Cell Technologies
(i) isolate single cells
(ii) amplify genome efficiently
(iii) sequence DNA
Single cells from dissociated tissues are directly sorted into 96-well plates for analysis.

Amplification and Sequencing
Review: Next Generation Sequencing (NGS)

Amplification and Sequencing
Review: Next Generation Sequencing (NGS)
library preparation

https://www.illumina.com

Amplification and Sequencing
Review: Next Generation Sequencing (NGS)

https://www.illumina.com

Amplification and Sequencing
Review: Next Generation Sequencing (NGS)

https://www.illumina.com

Single-cell Amplification
Review: RNA-Sequencing

http://www.yourgenome.org/sites/
default/files/images/illustrations/
central_dogma-03.png

Single-cell Amplification
Review: RNA-Sequencing

http://www.yourgenome.org/sites/
default/files/images/illustrations/
central_dogma-03.png

library preparation

Amplification and Sequencing
Review: RNA-Sequencing

http://images.slideplayer.com/4/1455873/slides/slide_4.jpg

Amplification and Sequencing
Review: RNA-Sequencing

Amplification and Sequencing
Review: RNA-Sequencing

Single-cell Amplification
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Single-cell Amplification
Digital Expression Matrix: counting unique molecules

http://www.nature.com/nmeth/journal/v9/n3/images_article/nmeth.f.355-F1.jpg

Short Summary
DNA sequencing:
-

new amplification methods other than PCR

-

statistical methods for SNPs/CNV calling

RNA sequencing:
-

standards created for quality control

-

can achieve high sequencing depth

-

high cell throughput methods arising

Short Summary

en.wikipedia.org

Downstream Analysis
Supervised Analysis

http://scienceblogs.com/clock/2006/12/07/from-two-cells-to-many-cell-di/

Cell Population Identification
Unsupervised Analysis

a Obtain an unbiased

sample of single cells

REVIEWS
b Generate single-cell
expression proﬁles

c Identify cell types
by clustering

Figure 3 | Cell-type discovery by unbiased sampling and transcriptome profiling of single cells.
a | A sample of cells is taken from the tissue of interest, with the aim of obtaining a representative
the
Nature sample
Reviewsof| Genetics
types of cells that are present in the tissue. b | Each cell is profiled using single-cell RNA sequencing (RNA-seq).
c | Subsequently, the resulting expression profiles are clustered. The result is a map of ‘cell space’, in which similar
cells are grouped close to each other. The strategy is shown here in cartoon form, but in practice it will be
necessary to collect and analyse thousands of cells in each tissue (that is, millions of cells overall) to make a
comprehensive
cell space
map of
a whole
organism. "Single-cell sequencing-based technologies will
Shapiro, Ehud, Tamir
Biezuner,
and
Sten Linnarsson.
revolutionize whole-organism science." Nature Reviews Genetics 14.9 (2013): 618-630.

Downstream Analysis
How do cell types differ from each other?
Is there any addition diversity in the same cell type?

http://www.people.vcu.edu/~mreimers/OGMDA/gene_expression_matrix.gif

Dimension Reduction
Principle Component Analysis (PCA)
e.g., visualizing the samples in a smaller subspace

http://www.nlpca.org/fig_pca_principal_component_analysis.png

PCA
Probability and Linear Algebra Review
Variance / Standard Devia/on: measure of the spread of the
data
(Calcula2on: average distance from the mean of the data)
Covariance: measure of how much each of the dimensions
vary from the mean with respect to each other; measured
between 2 dimensions to see if there is a rela2onship
between the 2 dimensions
* The covariance between one dimension and itself is the
variance.

PCA
Probability and Linear Algebra Review
E.g. for 3 dimensions, consider random vector (x,y,z):

C=

[

]

cov(x,x) cov(x,y) cov(x,z)
cov(y,x) cov(y,y) cov(y,z)
cov(z,x) cov(z,y) cov(z,z)

Diagonal is the variances of x, y and z
cov(x,y) = cov(y,x) hence matrix is symmetrical about the diagonal
N-dimensional data will result in nxn covariance matrix

PCA
Probability and Linear Algebra Review
• The eigenvalue problem is any problem having the
following form:
A.v=λ.v
– A: n x n matrix
– v: n x 1 non-zero vector
– λ: scalar
• Any value of λ for which this equation has a solution is
called the eigenvalue of A and vector v which
corresponds to this value is called the eigenvector of A.

Dimension Reduction
Principle Component Analysis (PCA)

http://www.nlpca.org/fig_pca_principal_component_analysis.png

PCA
Principal component analysis (PCA) converts a set of observations of
possibly correlated variables into a set of values of uncorrelated variables
called principal components.
The first principal component is the projection of the data into a single
dimension that has as high a variance as possible (that is, accounts for as
much of the variability in the data as possible); each succeeding
component in turn has the highest variance possible under the constraint
that it be orthogonal to (uncorrelated with) the preceding components.
Therefore the PCs provide a view on the structure of the data that best
explains its variance.

cf. Wikipedia: Principal component analysis

PCA
The example data is two-dimensional, but most of the information is contained
along a dimension shown here by the red vector.
We could thus restrict our analysis to a projection along that vector.

PCA
PCA process –STEP 1
• Subtract the mean
from each of the data dimensions. All the x values
have x subtracted and y values have y subtracted
from them. This produces a data set whose mean is
zero.
Subtracting the mean makes variance and
covariance calculation easier by simplifying their
equations. The variance and co-variance values are
not affected by the mean value.

PCA
PCA process –STEP 1
DATA:
x
y
2.5 2.4
0.5 0.7
2.2 2.9
1.9 2.2
3.1 3.0
2.3 2.7
2
1.6
1
1.1
1.5 1.6
1.1 0.9

ZERO MEAN DATA:
x
y
.69
.49
-1.31
-1.21
.39
.99
.09
.29
1.29
1.09
.49
.79
.19
-.31
-.81
-.81
-.31
-.31
-.71
-1.01

PCA
PCA process –STEP 2
• Calculate the covariance matrix
cov = .616555556 .615444444
.615444444 .716555556
• since the non-diagonal elements in this covariance matrix are positive,
we should expect that both the x and y variable increase together.

PCA
PCA process –STEP 3
• Calculate the eigenvectors and eigenvalues of the covariance matrix
eigenvalues = .0490833989
1.28402771
eigenvectors = -.735178656 -.677873399
.677873399 -.735178656

PCA
PCA process –STEP 4
• Reduce dimensionality and form feature vector the eigenvector
with the highest eigenvalue is the principle component of the
data set.
• In our example, the eigenvector with the larges eigenvalue was
the one that pointed down the middle of the data.
• Once eigenvectors are found from the covariance matrix, the
next step is to order them by eigenvalue, highest to lowest. This
gives you the components in order of significance.

PCA
PCA process –STEP 4
• Now, if you like, you can decide to ignore the components of lesser
significance
• You do lose some information, but if the eigenvalues are small, you
don’t lose much
•
•
•
•

n dimensions in your data
calculate n eigenvectors and eigenvalues
choose only the first p eigenvectors
final data set has only p dimensions.

Dimension Reduction
Principle Component Analysis (PCA)
•

linear multivariate statistical analysis

•

understand underlying data structures

•

identify bias, experimental errors, batch effects

•

visualize the samples in a smaller subspace
(dimension reduction)
visualize the relationship between variables
(correlation analysis)

•

t-SNE

t-SNE

t-SNE
Key quantities
high-dimensional
joint distribution

Kullback–Leibler divergence
(to be minimized)

low-dimensional
joint distribution

Cluster Analysis
Cluster: a collec2on of data objects
Similar to the objects in the same cluster (Intraclass similarity)
Dissimilar to the objects in other clusters (Interclass dissimilarity)
Cluster analysis
Sta2s2cal method for grouping a set of data objects into clusters
A good clustering method produces high quality clusters with high
intraclass similarity and low interclass similarity
Clustering is an unsupervised classiﬁca2on method
Can be a stand-alone tool or as a preprocessing step for other algorithms

Cluster Analysis
Group objects according to their similarity
Cluster:
a set of objects
that are similar
to each other
and separated
from the other
objects.
Example: green/
red data points
were generated
from two different
normal distributions

Hierarchical Clustering

• This produces a binary
tree or dendrogram
• The final cluster is the
root and each data item
is a leaf
• The height of the bars
indicate how close the
items are

Hierarchical Clustering

Start with every data point in a separate cluster
Keep merging the most similar pairs of data points/clusters un2l we
have one big cluster leT
This is called a bo-om-up or agglomera4ve method

Hierarchical Clustering
Levels of Clustering

Hierarchical Clustering
Linkage in Hierarchical Clustering
We already know about distance measures between data
items, but what about between a data item and a cluster or
between two clusters?
We just treat a data point as a cluster with a single item, so our
only problem is to deﬁne a linkage method between clusters
As usual, there are lots of choices…

Hierarchical Clustering
Average Linkage
• Definition
• Each cluster ci is associated with a mean vector µi which is
the mean of all the data items in the cluster
• The distance between two clusters ci and cj is then just
d(µi , µj )
• This is somewhat non-standard – this method is usually
referred to as centroid linkage and average linkage is defined
as the average of all pairwise distances between points in
the two clusters

Hierarchical Clustering
Single Linkage
• The minimum of all pairwise distances between points in the two clusters
• Tends to produce long, “loose” clusters

Hierarchical Clustering
Complete Linkage
• The maximum of all pairwise distances between points in the two clusters
• Tends to produce very tight clusters

Hierarchical Clustering
Distances between clusters (summary)
• Calculation of the distance between two clusters
is based on the pairwise distances between
members of the clusters.
• Complete linkage: largest distance between
points
• Average linkage: average distance between
paris of points
• Single linkage: smallest distance between
points
• Centroid: distance between centroids
Complete linkage gives preference to compact/spherical
clusters. Single linkage can produce long stretched clusters.

Hierarchical Clustering
• Major advantage

• Conceptually very simple
• Easy to implement à most commonly used technique

• Major weakness of agglomerative clustering methods

• do not scale well: time complexity of at least O(n2), where n is
the number of total objects
• can never undo what was done previously à high likelihood of
getting stuck in local minima

Other Challenges

Batch Effects Occur
the batch effect represents the systematic technical differences
when samples are processed and measured in different batches
and which are unrelated to any biological variation recorded

Batch Effects Occur
Figure 4.3: GENOA - (b) Guided PCA of Y0 X. Samples for each plate are denoted by a
Figure 1.2: GENEMAM - Unguided PCA of X. Samples for each plate are denoted
by acolor and/or symbol.
di↵erent
Before
batch
effect
removal
After batch effect removal
di↵erent color and/or symbol.

(b) gPCA

http://scholarscompass.vcu.edu/cgi/viewcontent.cgi?article=4179&context=etd
As shown in section 4.2.3, gPCA is not sensitive to filtering, so filtering can be used to reduce

Sequencing Depth

Pollen AA et al. (2014) Low-coverage
single-cell mRNA sequencing
reveals cellular heterogeneity and
activated signaling pathways in
developing cerebral cortex. Nat
Biotechnol 32(10):1053-1058.
Streets AM, Huang Y. (2014) How
deep is enough in single-cell RNAseq? Nat Biotechnol 32(10):
1005-1006.

https://www.lab7.io/test/wpcontent/uploads/2013/09/rnasample-depth1.png

Biological Effects
•

Cancer: cell lineage

•

Metagenomics: cis/trans mechanisms

•

Stem Cells: cellular phenotypes

•

Immunology: cell type identification

•

Neurology: somatic mutations

https://s-media-cache-ak0.pinimg.com/736x/c4/f2/d4/c4f2d4cd1b03f73b34ce38be28edca18.jpg

A N A LY S I S

Example
Computational analysis of cell-to-cell heterogeneity
in single-cell RNA-sequencing data reveals hidden
subpopulations of cells
A N A LY S I S

Florian Buettner1,2,5, Kedar N Natarajan2,3,5, F Paolo Casale2, Valentina Proserpio2,3, Antonio Scialdone2,3,
Fabian J Theis1,4, Sarah A Teichmann2,3, John C Marioni2,3 & Oliver Stegle2
Recent technical developments have enabled the
sequencing12–15. Such approaches have been used to model early
transcriptomes of hundreds of cells to be assayed in an
embryogenesis in the mouse16 and to investigate bimodality in gene
unbiased manner, opening up the possibility that new
expression patterns of differentiating immune cell types17.
Observed expression profile
subpopulations ated
of cells can be found. However, the effects
After the generation of single-cell RNA-sequencing
(RNA-seq)
proExpression
range
of
Genes annot
of potential confounding factors, such as the cell cycle,
files from hundreds of cells, one goal to identify
subpopulations
that
differentiation
gene
to cell-cycle
on the heterogeneity of gene expression and therefore on the
share a common gene-expression profile. Some of these subpopulations
ability to robustly identify subpopulations remain unclear.
may represent previously unidentified cell types. Additionally, by studyWe present and validate a computational approach that
ing patterns of gene expression in different single cells, insights into the
uses latent variable models to account for such hidden
regulatory landscape of each cell population can be obtained.
G1
factors. We show that our single-cell latent variable model
However, methods for identifying subpopulations
of cells and
S now beginning to
(scLVM) allows the identification of otherwise undetectable
modeling their gene regulatory landscapes are only
G2M
subpopulations of cells that correspond to different
stages the effect
emergeof18,19
. Tocycle
fully exploit single-cell RNA-seq data,
we have to account
Removing
cell
20
during the differentiation of naive T cells into T helper 2
for the random noise inherent to such data sets and, equally important,
cells. Our approach can be used not only to identify cellular
to account for different hidden factors that might result in gene expressubpopulations but also to tease apart different sources of gene sion heterogeneity. Although the importance of accounting for unobExpression range of
expression heterogeneity in single-cell transcriptomes.
served factors is well established in bulk RNA-seq studies21–23, robust
differentiation gene
approaches to detect and accountTfor
confounding factors in single-cell
Genes not annotated
2
Naive
H
Differentiation
Single-cell measurements of gene expression, using imaging techRNA-seq studies remain to be developed. Here, we describe a computo cell-cycle
niques such as RNA-FiSH (fluorescence in situ hybridization), have tational approach that uses latent variable models to reconstruct such
provided important insights into the kinetics of transcription and hidden factors from the observed data. We validate our scLVM using a
cell-to-cell variation in gene expression1–3. However, such approaches population of staged mouse embryonic stem cells (mESCs), before apply-
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Full example: DropSeq

Macosko, Evan Z., et al. "Highly Parallel Genome-wide Expression Profiling of Individual Cells Using Nanoliter Droplets." Cell 161.5 (2015): 1202-1214.

Full example: DropSeq

Macosko, Evan Z., et al. "Highly Parallel Genome-wide Expression Profiling of Individual Cells Using Nanoliter Droplets." Cell 161.5 (2015): 1202-1214.

