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Highlights
e Cells are captured and barcoded in nanolitre droplets with
high capture efficiency

e Each drop hosts a hydrogel carrying photocleavable
combinatorially barcoded primers

e mMRNA of thousands of mouse embryonic stem and
differentiating cells are sequenced

e Single-cell heterogeneity reveals population structure and
gene regulatory linkages
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uniquely barcoded primers in tiny
droplets enables single-cell
transcriptomics of a large number of cells
in a heterogeneous population. Applying
this analysis to mouse embryonic stem
cells reveals their population structure,
gene expression relationships, and the
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SUMMARY

It has long been the dream of biologists to map gene
expression at the single-cell level. With such data
one might track heterogeneous cell sub-populations,
and infer regulatory relationships between genes and
pathways. Recently, RNA sequencing has achieved
single-cell resolution. What is limiting is an effective
way to routinely isolate and process large numbers
of individual cells for quantitative in-depth seq-
uencing. We have developed a high-throughput
droplet-microfluidic approach for barcoding the
RNA from thousands of individual cells for subse-
quent analysis by next-generation sequencing. The
method shows a surprisingly low noise profile and
is readily adaptable to other sequencing-based as-
says. We analyzed mouse embryonic stem cells,
revealing in detail the population structure and the
heterogeneous onset of differentiation after leukemia
inhibitory factor (LIF) withdrawal. The reproducibility
of these high-throughput single-cell data allowed
us to deconstruct cell populations and infer gene
expression relationships.

INTRODUCTION

Much of the physiology of metazoans is reflected in the temporal
and spatial variation of gene expression among constituent cells.
Some variation is stable and has helped us to define both adult
cell types and many intermediate cell types in development
(Hemberger et al., 2009). Other variation results from dynamic
physiological events such as the cell cycle, changes in cell
microenvironment, development, aging, and infection (Loewer
and Lahav, 2011). Still other expression changes appear to be
stochastic in nature (Paulsson, 2005; Swain et al., 2002) and
may have important consequences (Losick and Desplan,
2008). To understand gene expression in development and
physiology, biologists would ideally like to map changes in
RNA levels, protein levels, and post-translational modifications
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in every cell. Analysis at the single-cell level has until a decade
ago principally been through in situ hybridization for RNA, immu-
nostaining for proteins, or more recently with fluorescent
chimeric proteins. These methods allow only a few genes to be
monitored in each experiment, however. More recently, pioneer-
ing work (e.g., Chiang and Melton, 2003; Phillips and Eberwine,
1996) has made possible global transcriptional profiling at the
single cell level, though the number of cells is often limited.
Although an RNA inventory at the single-cell level does not offer
a complete picture of the state of the cell, it can provide impor-
tant insights into cellular heterogeneity and collective fluctua-
tions in gene expression, as well as crucial information about
the presence of distinct cell subpopulations in normal and
diseased tissues. There is also hope that gene expression corre-
lations within cell populations can be used to derive lineage
structures (Qiu et al., 2011) and pathway structures de novo by
reverse engineering (He et al., 2009).

Modern methods for RNA sequence analysis (RNA-seq) can
quantify the abundance of RNA molecules in a population of cells
with great sensitivity. After considerable effort, these methods
have been harnessed to analyze RNA content in single cells.
What is needed now are effective ways to isolate and process
large numbers of individual cells for in-depth RNA sequencing
and to do so with quantitative precision. This requires cell isola-
tion under uniform conditions, preferably with minimal cell loss,
especially in the case of clinical samples. The requirements for
the number of cells, the depth of coverage, and the accuracy
of measurements will depend on experimental considerations,
including factors such as the difficulty of obtaining material, the
complexity of the cell population, and the extent to which cells
are diversified in gene expression space. The depth of coverage
necessary is hard to predict a priori, but the existence of rare cell
types in populations of interest, such as occult tumor cells or
tissue stem cell sub-populations (Simons and Clevers, 2011),
combined with independent drivers of heterogeneity such as
cell-cycle and stochastic effects, suggests that analyzing large
numbers of cells will be necessary.

The challenges of single-cell RNA-seq are easy to appreciate.
Measurement accuracy is highly sensitive to the efficiency of its
enzymatic steps, and the need for amplification from single cells
risks introducing considerable errors. There are major obstacles
to parallel processing of thousands of cells and to handling small
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Figure 1. A Platform for DNA Barcoding Thousands of Cells

Cells are encapsulated into droplets with lysis buffer, reverse-transcription mix, and hydrogel microspheres carrying barcoded primers. After encapsulation
primers are released. cDNA in each droplet is tagged with a barcode during reverse transcription. Droplets are then broken and material from all cells is linearly

amplified before sequencing. UMI = unique molecular identifier.

samples of cells efficiently so that nearly every cell is measured.
Microfluidics has emerged as a promising technology for single-
cell studies with the potential to address these challenges (Le-
cault et al., 2012; Wu et al., 2014). Microfluidic chips containing
hundreds of valves can trap, lyse, and assay biomolecules from
single cells with higher precision and often with better effi-
ciencies than microtiter plates (Streets et al., 2014; Wu et al.,
2014). For RNA sequencing of single cells, reduced reaction vol-
umes improve the yields of cDNA and reduce technical variability
(Islam et al., 2014; Wu et al., 2014). Yet the number of single cells
that can be currently processed with microfluidic chips remains
at ~70-90 cells per run, so analyzing large numbers of cells is
difficult, and may take so much time that the cells are no longer
viable. Moreover, capture efficiency of cells into microfluidic
chambers is low, a potential issue for rare or clinical samples.
An alternative is the use of microfluidic droplets suspended in
carrier oil (Guo et al., 2012; Teh et al., 2008). Cells can be com-
partmentalized into droplets and assayed for different bio-mole-
cules (Mazutis et al., 2013), their genes amplified (Eastburn et al.,
2013), and droplets sorted at high-throughput rates (Agresti
et al., 2010). Unlike conventional plates or valve-based microflui-
dics, droplets are intrinsically scalable: the number of reaction
“chambers” is not limited, and capture efficiencies are high
since all cells in a sample volume can in principle be captured
in droplets.

We exploited droplet microfluidics to develop a technique for
indexing thousands of individual cells for RNA sequencing,
which we term inDrop (indexing droplets) RNA sequencing.
Another droplet-based RNA-seq technology is also described
in this issue (Macosko et al., 2015, this issue). Our method has
a theoretical capacity to barcode tens of thousands of cells in
a single run. Here, we use hundreds to thousands of cells per
run, since sequencing depth and cost becomes limiting for us
at very high cell counts. We evaluated inDrop sequencing by
profiling mouse embryonic stem (ES) cells before and after leu-
kemia inhibitory factor (LIF) withdrawal. A total of over 10,000
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barcoded cells and controls were profiled, with ~3,000 ES and
differentiating cells sequenced at greater depth for subsequent
analysis. Our analysis identifies rare sub-populations expressing
markers of distinct lineages that would be difficult to find by
profiling a few hundred cells. We show that key pluripotency fac-
tors fluctuate in a correlated manner across the entire ES cell
population, and we explore whether fluctuations might associate
gene products with the pluripotent state. Upon differentiation,
we observe dramatic changes in the correlation structure of
gene expression, resulting from asynchronous inactivation of
pluripotency factors, and the emergence of novel cell states.
Altogether, our results showcase the potential of droplet
methods to deconstruct large populations of cells and to infer
gene expression relationships within a single experiment.

RESULTS

A Microfluidic Platform for Droplet Barcoding and
Analysis of Single Cells

The inDrop platform encapsulates cells into droplets with lysis
buffer, reverse transcription (RT) reagents, and barcoded oligonu-
cleotide primers (Figure 1). mRNA released from each lysed cell
remains trapped in the same droplet and is barcoded during syn-
thesis of cDNA. After barcoding, material from all cells is com-
bined by breaking the droplets, and the cDNA library is sequenced
using established methods (CEL-seq) (Hashimshony et al., 2012;
Jaitin et al., 2014). The major challenge is to ensure that each
droplet carries primers encoding a different barcode. We synthe-
sized a library of barcoded hydrogel microspheres (BHMs) that
are co-encapsulated with cells (Figure 2 and S1). Each BHM
carries ~10° covalently coupled, photo-releasable primers en-
coding one of 147,456 barcodes, and the pool size could be
increased in a straightforward manner. The current pool size
allows randomly labeling 3,000 cells with 99% unique labeling
(Supplemental Experimental Procedures); many more cells can
be processed by splitting a large emulsion into separate tubes.



To barcode the cells, we developed a microfluidic device with
four inlets for the BHMs, cells, RT/lysis reagents, and carrier oil;
and one outlet port for droplet collection (Figure 3 and S2). The
device generates monodisperse droplets that can be varied in
the range of 1-5 nl at a rate of ~10-100 drops per second, simul-
taneously mixing aliquots from the inlets (Figures 3A-3C; Movies
S1and S2). The flow of deformable hydrogels inside the chip can
be synchronized due to their close packing and regular release,
allowing nearly 100% hydrogel droplet occupancy (Abate et al.,
2009). Thus cells arriving into droplets will nearly always be co-
encapsulated with barcoded primers. Due to the large cross-
section of the microfluidics channel (60 x 80 pm?), there is no
cell size bias in capture. In typical conditions, cells occupy only
10% of droplets, so two-cell events are rare (Figure 3D), and
cell aggregates are minimized by passing cells through a strainer
or by FACS. Droplets must contain at least one cell and one gel to
produce a barcoded library for sequencing; we observed that
over 90% of these productive droplets contained exactly one
cell and one gel (Figure 3E). After cell and BHM encapsulation,
primers are photo-released by UV exposure, a step critical for
efficient RT (Figures 1 and 3F).

With this system, we captured cells at a rate of 4,000-
12,000/hour, or 2,000-3,000 cells barcoded for every 100 pl
of emulsion (Figure 3G). As the cost of sequencing drops,
higher scales may become routine.

Validation of Random Barcoding and Droplet Integrity
We tested droplet integrity by barcoding a ~50:50 mixture of
mouse ES and human K562 erythroleukemia cells (Figure 4A).
In this test each barcode should associate entirely with either
mouse or human transcripts; only two-cell events would lead
to the appearance of barcodes with mixed profiles. Figure 4A
shows that indeed 96 % of barcodes mapped to either the mouse
or human transcriptome with more than 99% purity. This already
low error rate (~4%) could be further reduced by dilution of the
cell suspensions, or by sorting singlet droplets (Baret et al,,
2009). However, the presence of rare two-cell events does not
obscure rare cell sub-populations, since even if 10% of cells
are in doublets, then 90% of rare cells will be found as singlets.
This is demonstrated later for ES cells, where we found a rare cell
type representing <1% of the population.

We also tested that cell barcodes were randomly sampled
from the intended pool of possible barcodes. A comparison of
barcode identities across a total of 11,085 control droplets
consistently showed excellent agreement with random sampling
(Figure S3A).

Baseline Technical Noise for inDrops

Two major sources of technical noise in single-cell RNA-seq are
variability between cells in mRNA capture efficiency, and the
intrinsic sampling noise resulting from capturing finite numbers
of mRNA transcripts in each cell. The CEL-seq protocol has
been reported to have a capture efficiency of ~3% (Grin et al.,
2014) or less (Jaitin et al., 2014), and a variability in capture
efficiency of ~25% for pure RNA controls and ~50% for cells
(coefficients of variation between samples) when performed in
microtiter plates (Grin et al., 2014). Technical noise can also
arise during library amplification, but this is mostly eliminated

through the use of random unique molecular identifier (UMI) se-
quences, allowing bioinformatic removal of duplicated reads (Fu
et al., 2011; Islam et al., 2014).

An ideal test of technical noise would compare two identical
cells, but unfortunately there are no cells where one can assert
that the abundance of transcripts would be equal. To test tech-
nical noise in our system, we analyzed a control sample of puri-
fied total RNA diluted to single-cell concentration (10 pg per
droplet), mixed with ERCC RNA spike-in controls of known con-
centration (Baker et al., 2005) (Figure 4B). We processed 953
droplets with an average of 30 x 102 (+21%) UMI-filtered map-
ped (UMIFM) reads per droplet (Figure 4B), and low sequencing
redundancy (averaging 2.3 reads/molecule; Figure S3E). Each
droplet gave 5-15 x 10° unique gene symbols (25,209 detected
in total), correlating strongly with UMIFM counts (Figure 4C). The
method showed an excellent linear readout of the ERCC spike-in
input concentration (Figure 4D) down to concentrations of
0.5 molecules/droplet on average; below that limit, we tended
to over-count transcripts, a bias seen previously (Grin et al.,
2014; Hashimshony et al., 2012).

Another measure of method performance is its sensitivity, i.e.,
the likelihood of detecting an expressed gene. The sensitivity
was almost entirely explained by binomial sampling statistics (Fig-
ure 4E; Supplemental Experimental Procedures), and thus de-
pends on transcript abundance and the capture efficiency,
measured from the ERCC spike-ins to be 7.1% (Figure 4D). With
this efficiency, sensitivity was 50% when 10 transcripts were pre-
sent, and >95% when >45 transcripts were present (Figure 4E).
The sensitivity and capture efficiency are lower than those esti-
mated for another single-cell transcriptomics protocol (~20%) (Pi-
celli et al., 2014) but are higher than those reported for CEL-seq
(8.4%) (Grln et al., 2014; Hashimshony et al., 2012). Moreover,
the low sequencing redundancy suggests that deeper sequencing
may further increase efficiency and thus sensitivity.

In accuracy, the method showed very low levels of technical
noise, assessed by comparing the coefficient of variation (CV =
SD/mean) of each gene across the cell population to its mean
abundance. In a system limited only by sampling noise, all genes
should obey CV = (mean) 2. Technical noise can lead to
dispersion around this curve, and to a minimum “baseline” CV.
After normalization, 99.5% of detected genes were consistent
with the power law, with a baseline technical noise of <10%
(n = 25,209; p > 0.01 %2 test, no multiple hypothesis correction)
(Figure 4F). To our knowledge, this noise profile is among the
cleanest obtained for single-cell data to date, although the sam-
pling noise is still high (see comparisons in Figure S3H). Consis-
tent with the low noise profile, the mean, and CV values for genes
measured in cells (see below) correlated well with results
measured by single-molecule fluorescent in situ hybridization
(Figure S3 with data from Griin et al., 2014; Pearson correlation
R = 0.92 for mean, and R = 0.90 for CV).

Noise Modeling of Single-Cell Data

Before analyzing cells, we developed a technical noise model of
the effects of low sampling efficiency of transcripts and of the ef-
fects of cell-to-cell variation (noise) in efficiency. Low efficiency
and noise in efficiency affect both the observed cell-to-cell vari-
ability of gene expression, and the observed covariation of gene
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(A) Microfluidic preparation of hydrogel microspheres containing a common DNA. Scale bars 100 um.

(B) The common DNA primer: acrylic phosphoroamidite moiety (blue), photo-cleavable spacer (green), T7 RNA polymerase promoter sequence (red), and
sequencing primer (blue).

(legend continued on next page)
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(B and C) Snapshots of encapsulation (left) and collection (right) modules, see also Movies S1 and S2. Arrows indicate cells (red), hydrogels (blue), and flow

direction (black). Scale bars 100 pm.
(D) Droplet occupancy over time.

(E) Cell and hydrogel co-encapsulation statistics showing a high 1:1 cell:hydrogel correspondence.
(F) BioAnalyzer traces showing dependence of library abundance on primer photo-release.
(

G) Number of cells/controls as a function of collection volume.

expression. We derived relationships between biological and
observed quantities for the CVs of gene abundances across
cells, gene Fano Factors (variance/mean), and pairwise correla-
tions between genes (Figure 4G and Theory section of Supple-
mental Information). The Fano Factor is commonly used to mea-
sure noisy gene expression and yet is very sensitive to the
efficiency B (Equation 2): even without technical noise, only
genes with a Fano Factor F>1/3 will be noticeably variable in
inDrops or other methods for single-cell analysis. The addition
of technical noise introduces a “baseline” CV (Brennecke
et al., 2013; Grin et al., 2014), and spuriously amplifies true bio-
logical variation (Equation 1). Low sampling efficiencies also

dampen correlations between gene pairs in a predictable
manner, setting an expectation to find relatively weak but never-
theless statistically significant correlations in our data (Equations
2 and 3). These results provide a basis for formally controlling for
noise in single-cell measurements.

Single-Cell Profiling of Mouse ES Cells

Single-cell transcriptomics can distinguish cell types of distinct
lineages even with very low sequencing depths (Pollen et al.,
2014). What is less clear is the type of information that can be
determined from studying a relatively uniform population subject
to stochastic fluctuations. To explore this, we chose to study

(C and D) Method for combinatorial barcoding of the microspheres. * = reverse complement sequence.
(E) The fully assembled primer: T7 promoter (red), sequencing primer (blue), barcodes (green), synthesis adaptor (dark brown), UMI (yellow) and poly-T primer

(purple).
See also Figure S1.
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(A) Droplet integrity control: mouse and human cells are co-encapsulated to allow unambiguous identification of barcodes shared across multiple cells; 4% of

barcodes share mixed mouse/human reads.

(B) inDrops technical control schematic, and histogram of UMI-filtered mapped (UMIFM) reads per droplet.

(C) Unique gene symbols detected as a function of UMIFM reads per droplet

(D) Mean UMIFM reads for spike-in molecules are linearly related to their input concentration, with a capture efficiency p = 7.1%.

(E) Method sensitivity S as a function of input RNA abundance; red curve is the sensitivity limit of binomial sampling (S =1 — e=).

(F) CV-mean plot of pure RNA after normalization. Data points correspond to individual gene symbols; solid curve is the binomial sampling noise limit. For
abundant transcripts, droplet-to-droplet variability in method efficiency B sets a baseline CV (dashed curve: CVj = 5%), see also Figure S3.

(G) Relationships between observed and biological values of gene CVs, Fano Factors and correlations, showing how low efficiency dampens Fano Factors

(Equation 2) and weakens correlations (Equation 3).

mouse ES cells maintained in serum. These cells exhibit well-
characterized fluctuations but are still uniform compared to
differentiated cell types and thus pose a challenge for single
cell-sequencing.

1192 Cell 161, 1187-1201, May 21, 2015 ©2015 Elsevier Inc.

Previous studies have indicated that ES cells are heteroge-
neous in gene expression (Guo et al., 2010; Hayashi et al.,
2008; MacArthur et al., 2012; Martinez Arias and Brickman,
2011; Ohnishi et al., 2014; Singer et al., 2014; Torres-Padilla



and Chambers, 2014; Yan et al., 2013). Other studies, which
sorted ES cells into populations expressing high or low levels
of the pluripotency factors Nanog (Chambers et al., 2007; Kalmar
et al., 2009), Rex1/Zfp42 (Singer et al., 2014; Toyooka et al.,
2008), and Stella/Dppa3 (Hayashi et al., 2008), have suggested
that ES cells fluctuate infrequently between two metastable
epigenetic states corresponding to a pluripotent inner cell
mass (ICM)-like state, and an epiblast-like state poised to differ-
entiate. These pluripotency factors were found to correlate with
the expression of the epigenetic modifier Dnmt3b and its regu-
lator Prdm14, and with global differences in chromatin methyl-
ation (Singer et al., 2014; Yamaji et al., 2013). Evidence suggests
that other sources of heterogeneity also exist in the ES cell pop-
ulation: fluctuations in the Primitive Endoderm (PrEn) marker
Hex, for example, associate with a bias toward PrEn fate upon
differentiation (Canham et al., 2010); fluctuations in Hes1 bias
differentiation into Epiblast sub-lineages (Kobayashi et al.,
2009); and rare expression of other markers (Zscan4, Eifla and
others) associate with a totipotent state with access to extra-em-
bryonic fates (Macfarlan et al., 2012). Whether these multiple fate
biases result from dynamic fluctuations of transcription factors
or represent stable cell states is not known.

To test inDrop sequencing, we harvested different numbers of
cells at different sequencing depths for each of the ES cell runs.
We collected 935 ES cells for deep sequencing and two further
samples of 2,509 and 3,447 cells from a single dish as technical
replicates. We further sampled 145, 302, and 2,160 cells after
2 days after LIF withdrawal; 683 cells after 4 days; and 169
and 799 cells after 7 days. The average number of reads per
cell ranged up to 208 x 102 and the average UMIFM counts up
to 29 x 10° (Table S1). Technical replicates showed very high
reproducibility (Pearson correlation of CVs R>0.98, Figure 5A,
inset); as did biological replicates (R = 0.98), whereas differenti-
ating cells showed distinct expression profiles (Figure S4; R =
0.94; 732 genes differentially expressed at more than 2-fold,
see Table S2). The capture efficiency B, estimated from
comparing UMIFM counts to smFISH results (Figure S3), was
slightly lower (4.5%) than for pure RNA.

Heterogeneous Sub-populations of ES Cell Origin

For the 935 ES cells, we identified 2,044 significantly variable
genes (Table S3, Figures 5A and 5B) (10% FDR, statistical test
in Supplemental Experimental Procedures) expressed at a level
of at least 5 UMIFM counts in at least one cell. The set of variable
genes was enriched for annotations of metabolism and tran-
scriptional regulation, and for targets of transcription factors
associated with pluripotency (Sp1, Elk1, Nrf1, Myc, Max, Tcf3,
Lef1), including transcription factors that directly interact with
Poubf1 and Sox2 promoter regions (Gao et al., 2013) (Gabpa,
Jun, Yy1, Atf3) (Table S3, 10~ 2%<p < 10~ '%). Among the variable
genes, we found pluripotency factors previously reported to fluc-
tuate in ES cells (Nanog, Rex1/Zfp42, Dppa5a, Sox2, Esrrb) but,
notably, the most highly variable genes included known markers
of PrEn fate (Colail/2, Lamai/b1, Sox17, Sparc), markers of
Epiblast fate (Krt8, Krt18, S100a6), and epigenetic regulators of
the ES cell state (Dnmt3b). The vast majority of genes showed
very low noise profiles, consistent with Poisson statistics (e.g.,
Ttn, Figure 5B). We evaluated the above-Poisson noise, defined

as n = CV2-1/p (1 being the mean UMIFM count), for a select
panel of genes (Figure 5C) and found it to be in qualitative agree-
ment with previous reports (Griin et al., 2014; Singer et al., 2014).
Unlike the CV or the Fano Factor, n is expected to scale linearly
with its true biological value even for low sampling efficiencies
(Figure 4G, Equation 1).

To test the idea that ES cells exhibit heterogeneity between a
pluripotent ICM-like state and a more differentiated epiblast-like
state, we contrasted the expression of candidate pluripotency
and differentiation markers in single ES cells. Gene pair correla-
tions (Figure 5D) at first appear consistent with a discrete two-
state view, since both the epiblast marker Krt8 and the PrEn
marker Col4al were expressed only in cells low for Pou5f1
(shown) and other pluripotency markers (Figure S6A). Also in
agreement with previous studies (Toyooka et al., 2008), the dif-
ferentiation-prone state was rare. The correlations also con-
firmed other known regulatory interactions in ES cells, for
example Sox2, a known negative target of BMP signaling, was
anti-correlated with the BMP target /d7. What was more surpris-
ing was the finding that multiple pluripotency factors (Nanog,
Trim28, Esrrb, Sox2, Klif4, Zfp42) fluctuated in tandem across
the bulk of the cell population, but not all pluripotency factors
did so (Oct4/Pou5f1) (Figure 5D and Figure S6). These observa-
tions are not explained by a simple two-state model (Singer et al.,
2014), since pluripotency factor levels are not determined only
by differentiation state. Oct4/Pou5f1 instead correlated strongly
with cyclin D3 (Figure 5D and Figure S5A), but not other cyclins,
suggesting fluctuations of unknown origin.

What then is the structure of the ES cell population? We
conducted a principal component analysis (PCA) of the ES cell
population for the highly variable genes (Figures 5E and 5F;
sensitivity analysis in Figure S5B; gene selection and normaliza-
tion in Supplemental Experimental Procedures). PCA reveals
multiple non-trivial dimensions of heterogeneity (12 dimensions
with 95% confidence) (Figure 5E), which are not explained by in-
dependent fluctuations in each gene (Marcenko and Pastur,
1967; Plerou et al., 2002). Inspection of the first four principal
components, and the principal genes contributing to these com-
ponents (Figures 5F and S5), revealed the presence of at least
three small but distinct cell sub-populations: one rare population
(6/935 cells) expressed very low levels of pluripotency markers
and high levels of PrEn markers (Niakan et al., 2010); a second
cell population (15/935 cells) expressed high levels of Krt8,
Krt18, S100a6, Sfn and other markers of the epiblast lineage.
The third population represented a seemingly uncharacterized
state, marked by expression of heat shock proteins Hsp90,
Hspa5, and other ER components such as the disulphide isom-
erase Pdia6. These sub-populations expressed low levels of
pluripotency factors, suggesting they are biased toward differ-
entiation or have already exited the pluripotent state. The latter
population could also reflect stressed cells.

PCA analysis is a powerful tool for visualizing cell populations
that can be fractionated with just two or three principal axes of
gene expression. However, when more than three non-trivial
principal components exist, PCA alone is not sufficient for
dimensionality reduction of high-dimensional data. Using genes
identified from PCA, we used t-distributed Stochastic Neighbor
Embedding (t-SNE) (Amir et al., 2013; Van der Maaten and
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Figure 5. inDrop Sequencing Reveals ES Cell Population Structure
(A) CV-mean plot of the ES cell transcriptome. Pure RNA control (blue); genes significantly more variable than control (black). Solid and dashed curves are as
in Figure 4F (variability in cell size = 20%, see Theory Equation S4 in Supplemental Information). Inset: gene CVs of two technical replicate cell populations (total

n = 5,956 cells), see also Fi

gure S4.

(B) lllustrative transcript counts showing low (Ttn), moderate (Trim28, Ly6a, Dppa5a) and high (Sparc, S100a6) expression variability; curve fits are Poisson (red)
and Negative Binomial (blue) distributions.
(C) Above-Poisson (a.p.) noise, (CV2-1/mean) of pluripotency differentiation markers. Error bars = SEM.
(D) Co-expression plots recapitulating known and novel gene expression relationships (see main text).
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Hinton, 2008) to further reduce dimensionality (Figure 5G and
Figures S5C-S5L) (see Supplemental Experimental Procedures).
A continuum of states from high pluripotency to low pluripotency
emerged, with several outlier populations at the population
fringes. These included the three populations found by PCA,
but also two additional fringe sub-populations characterized
respectively by high expression of Prdm1/Blimp1 and Lin41/
Trim71 (Figures S51-S5L). The first of these expressed moderate
levels of the pluripotency factors, while the second expressed
low levels. Thus, while we found evidence of ES cells occupying
an epiblast-like state as previously reported, and indeed found
evidence for collective fluctuations between ICM to epiblast-
like states (Figure 5G and Figure S5), these fluctuations do not
describe the full range of heterogeneity in the ES cell population.

Functional Signatures in Gene Expression Covariation

In complex mixtures of cells, correlations of gene expression
patterns could arise from differences between mature cell line-
ages. In a population of a single cell type such as the ES cell pop-
ulation studied here, however, fluctuations in cell state might
reveal functional dependencies among genes.

To test whether expression covariation might contain regula-
tory information, we explored the covariation partners of known
pluripotency factors using a topological network analysis
scheme, similar to approaches developed for comparing multi-
ple bulk samples (Li and Horvath, 2007) (Figure 6A; algorithm
in Supplemental Experimental Procedures; sensitivity analysis
of the method in Figure S6A). This scheme identifies the
set of genes most closely correlated with a given gene (or genes)
of interest, and which also most closely correlate with each
other. Given the sensitivity of correlations to sampling efficiency
(Figure 4G, Equation 3), we reasoned that a method based on
correlation network topology would be more robust than
using correlation magnitude. Remarkably, the network analysis
strongly enriched for pluripotency factors: of the 20 nearest
neighbors of Nanog, ten are documented pluripotency factors,
three more are associated with pluripotency, and one (S/c2a3)
is syntenic with Nanog (Scerbo et al., 2014). Only one gene
(Rbpj) is dispensable for pluripotency (Oka et al., 1995). The anal-
ysis revealed a network of correlated pluripotency factors (Fig-
ures S6B), with multiple pluripotency factors neighboring the
same previously uncharacterized genes (Supplemental Experi-
mental Procedures and Figure S6C). It is tempting to predict
that at least some of these genes are also involved in maintaining
the pluripotent state. For Sox2, the entire neighborhood con-
sisted of factors directly or indirectly associated with pluripo-
tency (Figure 6C).

The same analysis may provide insight into other biological
pathways, although pathways seemingly independent of ES
cell biology had no meaningful topological network associations.
This suggests that gene correlation networks in single-cell data
capture the fluctuations most specific to the biology of the cells

being studied but could be harnessed to study other pathways
through weak experimental perturbations.

Cell-Cycle Transcriptional Oscillations in ES Cells Are
Weak Compared to Somatic Cells
When the network analysis was applied to cyclin B, we found
very few neighboring genes (Figure 6C), raising the question of
why single-cell data do not reveal broader evidence of cell-cy-
cle-dependent transcription in ES cells. Previous studies have
argued for an absence of ES cell-cycle-dependent transcription
(White and Dalton, 2005). Cyclins (except cyclin B) are expressed
uniformly throughout the cell cycle (Faast et al., 2004; Stead
etal., 2002), and the activity of the E2F family of transcription fac-
tors, which normally oscillates in somatic cells, is also constitu-
tive in ES cells (Stead et al., 2002). ES cells have a very short
cell cycle of ~8-10 hr, with ~80% of cells in S phase (White
and Dalton, 2005), and almost no G1 and G2 phases, so that
cell-cycle-dependent transcription could be difficult to detect.
We tested whether unperturbed ES cell data showed evidence
of cell-cycle transcriptional variation. As a control, we applied
inDrops to human K562 erythroleukemia lymphoblasts (n = 239
cells, average 27 x 10° UMIFM counts per cell), and focused
on 44 transcripts previously categorized to a particular cell-cycle
phase (Whitfield et al., 2002). A hierarchical clustering of these
genes ordered them across the K562 cell cycle, with anti-corre-
lations between early and late cell-cycle genes (Figure 6E). When
the same analysis was repeated for the ES cell population, we
found correlations between the cell-cycle genes were extremely
weak and only clustered a subset of G2/M genes (Figure 6F).
These results confirm that ES cells lack strong cell-cycle oscilla-
tions in MRNA abundance, but they do show evidence of limited
G2/M phase-specific transcription.

Population Dynamics of Differentiating ES Cells

Upon LIF withdrawal, ES cells differentiate by a poorly character-
ized process, leading to the formation of predominantly epiblast
lineages. In our single-cell analysis, following unguided differenti-
ation by LIF withdrawal (Nishikawa et al., 1998), the differentiating
ES cell population underwent significant changes in population
structure, qualitatively seen by hierarchical clustering cells (Fig-
ure 7A). As validation, and to dissect the changes in the cell pop-
ulation, we firstinspected selected pluripotency factors and differ-
entiation markers (Figures 7B and 7C and Table S2). As seen in
bulk assays, the average expression of Zfp42 and Esrrb levels
dropped rapidly; Pou5f1 and Sox2 dropped gradually; the epiblast
marker Krt8 increased steadily; and Otx2, one of the earliest tran-
scription factors initiating differentiation from the ICM to the
epiblast state, transiently increased by day 2 and then decreased
(Yangetal., 2014). The average gene expression was not however
representative of individual cells: some cells failed to express
epiblast markers and a fraction of these expressed pluripotency
factors at undifferentiated levels even 7 days after LIF withdrawal,

(E) The eigenvalue distribution of cell principal components (PC) reveals the number of non-trivial PCs detectable in the data (arrows), compared to eigenvalue
distribution of randomized data (black) and to the Marcenko-Pastur distribution for a random matrix (red).

(F) The first four ES cell PCs and their coefficients, revealing three outlier populations.

(G) ES cell tSNE map revealing an axis of pluripotency-to-differentiation with fringe sub-populations at different points on the differentiation axis (see also
Figure S6). Top: sub-populations visible in one projection. Bottom: cells colored by abundance of specified gene sets (see Table S4).
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Figure 6. Regulatory Information Preserved in Gene Correlations

(A) A strategy for inferring robust gene associations from cell-to-cell variability with weak and/or highly connected gene correlations, see also Figure S6.
(B-D) Gene neighborhoods of Nanog, Sox2, and Cyclin B. Grey boxes mark validated pluripotency factors; blue boxes mark factors previously associated with a
pluripotent state.

(E and F) Correlations of 44 cell-cycle-regulated transcripts in a somatic cell line (K562) and in mouse ES cells shows a loss of cell-cycle-dependent transcription
in ES cells (gene names in Figure S6). Genes are ordered by hierarchical clustering. Color scale applies to (E and F).

(Figure 7C). This trend was supported by a PCA analysis of cells  post-LIF, with cells spread broadly along the first principal compo-
from all time points (Figure 7D; see Supplemental Experimental  nent between the ES cell and differentiating state. The PCA anal-
Procedures for gene selection and normalization), showing that  ysis also revealed a metabolic signature (GO annotation: Cellular
after 7 days, 5% (n = 799) of cells overlapped with the ES cellpop-  Metabolic Process, p = 1.4 x 10~8) consistent with the changes
ulation. The greatest temporal heterogeneity was evidentat4 days  occurring upon differentiation (Yanes et al., 2010).
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Figure 7. Heterogeneity in Differentiating ES Cells
(A) Changes in global population structure after LIF withdrawal seen by hierarchically clustering cell-cell correlations over highly variable genes.

(B and C) Average (B) and distribution (C) of gene expression after LIF withdrawal; violin plots in (C) indicate the fraction of cells expressing a given number of
counts; points show top 5% of cells. Error bars = SEM.
(D and E) First two PCs of 3,034 cells showing asynchrony in differentiation.
(F) Epiblast and PrEn cell fractions as a function of time. Error bars = SEM.
(G) tSNE maps of differentiating ES cells, and of genes (right) reveal putative population markers (see also Figure S7 and Table S4).

(H) Intrinsic dimensionality of gene expression variability in ES cells and following LIF withdrawal, showing a smaller fluctuation sub-space during differentiation.
The pure RNA control lacks correlations and displays a maximal fluctuation sub-space.
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In addition to heterogeneity due to asynchrony, we visualized
population structure by t-SNE and found distinct sub-popula-
tions, not all of which mapped to known cell types (Figure 7G;
sub-population markers tabulated in Table S4). tSNE of genes
over the cells revealed clusters of genes marking distinct sub-
populations (Figure 7G, right and Figure S7). At 2 and 4 days
post-LIF withdrawal, we identified cells expressing Zscan4 and
Tcstv1/3, previously identified as rare totipotent cells expressing
markers of the 2-cell stage (Macfarlan et al., 2012). At 4 and
7 days, a population emerged expressing maternally imprinted
genes (H19, Rhox6/9, Peg10, Cdkn1, and others), suggesting
widespread DNA demethylation, possibly in early primordial
germ cells. In addition, resident PrEn cells were seen at all time
points (Figures 7F and 7G) but failed to expand. In sum, the anal-
ysis exposes temporal heterogeneity in differentiation and
distinct ES cell fates.

Refinement of Gene Expression upon Differentiation

Our results allow testing suggestions that ES cells are character-
ized by promiscuous gene expression that becomes refined
upon differentiation (Golan-Mashiach et al., 2005; Wardle and
Smith, 2004). If so, differentiating cells should become confined
to tighter domains in gene expression “space” than ES cells, as
measured by the number of independent dimensions over which
cells can be found. We evaluated the intrinsic dimensionality of
the distribution of ES cells and differentiating cells in gene
expression space using the method by (Kégl, 2002). Supporting
the refinement hypothesis, we found that intrinsic dimensionality
decreased after differentiation (Figure 7H). Thus, ES gene ex-
pression fluctuations are weakly coupled compared to the
more coherent differences following LIF withdrawal.

DISCUSSION

We report here a platform for single-cell capture, barcoding, and
transcriptome profiling, without physical limitations on the num-
ber of cells that can be processed. The method captures the ma-
jority of cells in a sample, has rapid collection times and has low
technical noise. Such a method is suitable for small clinical sam-
ples including from tumors and tissue microbiopsies, and opens
up the possibility of routinely identifying cell types, even if rare,
based on gene expression. This type of data is also valuable
for identifying putative regulatory links between genes, by ex-
ploiting natural variation between individual cells. We gave sim-
ple examples of such inference, but this type of data lends itself
to more formal reverse engineering.

We have developed the droplet platform initially for whole-
transcriptome RNA sequencing; however, the technology is
highly flexible and should be readily adaptable to other applica-
tions requiring barcoding of RNA/DNA molecules. Our initial im-
plementation of the method made use of a very simple droplet
microfluidic chip, consisting of just a single flow-focusing junc-
tion. Future versions of the platform might take further advantage
of droplet technology for multi-step reactions, or select target
cells by sorting droplets on-chip (Guo et al., 2012).

The method in its current form still suffers some limitations.
The major technical drawback we encountered was the mRNA
capture efficiency of ~7%, which has only recently become
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robustly quantifiable using UMI-based filtering (Fu et al., 2011;
Islam et al., 2014). Although higher than for several previously
published methods, the efficiency is nonetheless too low to allow
reliable detection in every cell of genes with transcript abun-
dances lower than 20-50 transcripts. The method is therefore
most reliable for profiling medium to highly abundant compo-
nents of cells, missing some key transcriptional regulators,
although we were able to detect almost all mouse transcription
factors (1,350 out of 1,405) in a subset of cells, with the key ES
cell transcription factors (Poubf1, Sox2, Zfp42, and 44 other tran-
scription factors) detected in over 90% of all cells. This is a gen-
eral problem affecting single-cell RNA sequencing, which will
require improved cell lytic approaches or optimized enzymatic
reactions in library preparation. A second drawback of the
method is the random barcoding strategy, which does not allow
individual cell identities (marked by shape, size, lineage or loca-
tion) to be associated with a given barcode.

Despite these limitations, the current method can provide
important data addressing many biological problems. This is
illustrated by the challenging problem of ES cell heterogeneity
and its dynamics during early differentiation. ES cells are not
divided into large sub-populations of distinct cell types, and
therefore analysis of their heterogeneity requires a sensitive
method. Our analysis showed that, in the presence of serum
and LIF, fluctuations in Oct4/Pou5f1 are decoupled from other
pluripotency factors. We also found sub-populations of Epiblast
and PrEn lineages, and other less well characterized ES cell
sub-populations. This heterogeneity may reflect reversible fluc-
tuations, or cells undergoing irreversible differentiation. The un-
biased identification of small cell sub-populations requires the
scale enabled by droplet methods.

EXPERIMENTAL PROCEDURES

Microfluidic Operation

The microfluidic device (80 um deep) was manufactured by soft lithography
following standard protocols (Supplemental Experimental Procedures). During
operation, cells, RT/lysis mix, and collection tubes were kept on ice. Flow rates
were 100 pl/hr for cell suspension, 100 pl/hr for RT/lysis mix, 10-20 pl/hr
for BHMs, and 90 pl/hr for carrier oil to produce 4 nl drops. BHMs were washed
3x and concentrated by centrifugation 2x at 5krcf, then loaded directly into
tubing for injection into the device. Cells were loaded at 50k-100k/ml in
16%v/v Optiprep (Sigma), and maintained in suspension using a microstir
bar placed in the syringe. The carrier oil was HFE-7500 fluorinated fluid (3M)
with 0.75% (w/w) EA surfactant (RAN Biotechnologies). See Supplemental
Experimental Procedures for BHM synthesis, buffer compositions, equipment,
and detailed microfluidic protocols.

Library Preparation

After cell encapsulation primers were released by 8 min UV exposure (365 nm
at ~10 mW/cm?, UVP B-100 lamp) while on ice. The emulsion was incubated at
50°C for 2 hr, then 15 min at 70°C, then on ice. The emulsion was split into al-
iquots of 100-3,500 cells and demulsified by adding 0.2X 20% (v/v) perfluor-
ooctanol, 80% (v/v) HFE-7500 and brief centrifugation. Broken droplets
were stored at —20C and processed as per CEL-SEQ protocol, see Supple-
mental Experimental Procedures.

Tissue Culture

IB10 ES cells are a line derived from the mouse 129/0la strain (subcloned
from E14), kindly provided by Dr. Eva Thomas. Cells were maintained on
flasks pre-coated with gelatin at density ~3 x 10° cells/ml. ES media con-
tained phenol red free DMEM (GIBCO), 15%V/v fetal bovine serum (GIBCO),



2 mM L-glutamine, 1 x MEM non-essential amino acids (GIBCO), 1%v/v peni-
cillin-streptomycin antibiotics, 110 uM B-mercaptoethanol, 100 uM sodium
pyruvate. ESC base media was supplemented with 1,000 U/ml LIF. See Sup-
plemental Experimental Procedures for dissociation protocol and K562 cell
culture.

Data Analysis

See Supplemental Experimental Procedures for custom bioinformatics, count
normalization, method sensitivity, identification of highly variable genes, PCA
and tSNE, and network neighborhood analysis.
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Figure S1. Quantification of DNA Primers Incorporated into Barcoded Hydrogel Microspheres, Related to Figure 2

(A-D) Imaging of BHMs post-synthesis, showing a bright field image of BHMs 63 um in size (A), and fluorescent confocal imaging after hybridization with
complimentary DNA probes targeting PE1 sequence (B), W1 sequence (C) and polyT sequence (D). Scale bars, 100 um. E) BioAnalyzer electropherogram of DNA
primers after photo-cleavage from BHMSs, showing the presence of full-length barcodes (largest peaks), as well as synthesis intermediates (two smaller peaks).
Peaks at 35 and 10,380 base pairs are gel migration markers. Numbers above the peaks indicate theoretical fragment size in base pairs, but these are not
accurate for the single stranded DNA products. Note that fluorescence is proportional to (length x quantity), so it is not an direct measure of relative abundance
between the three peaks. (F-H), Results from deep sequencing primers from 11 individual BHMs. F) Rank plot of barcode abundances on each gel; G,H) his-
tograms of the fraction occupied on each BHM by the most-abundant and second-most abundant barcodes detailed in (G) and (H). Perfect synthesis would result
in 100% occupied by the top barcode, and 0% by all other barcodes. We instead observe that an average of ~92% of all primers attached to each BHM carried
the same dominant barcode.
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Figure S2. Dimensions of Droplet Microfluidics Device for Cell-Hydrogel-RT/Lysis Mix Co-encapsulation, Related to Figure 3

The device consists of three inlets for RT and lysis reagent mix (1), cell suspension (2), DNA barcoding beads (3) and one inlet for the continuous phase (4). The
fluid resistors incorporated into device damp fluctuations arising due to mechanical instabilities of syringe pumps. The aliquot samples are brought together via
60 um wide channels into the main 70 um wide channel where they flow laminarly before being encapsulated into droplets at the flow-focusing junction (dashed
box). Droplets are collected at the outlet (5) in form of an emulsion. See also Movies S1 and S2.
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Figure S3. Random Barcoding and Unique Molecular Identifier Filtering, Related to Figure 4

(A) Pair-wise tests of random barcoding for eight inDrop sequencing runs covering between 140-2,930 cells or pure RNA control droplets. Upper triangle shows
the observed (black) and expected (blue) number of shared barcodes for each pair of runs with 384% random barcoding. Lower triangle shows p values assuming
uniform random barcoding from a pool of 3842 barcodes, which predicts that the observed number of shared barcodes should be hypergeometrically distributed
about the expected value. The p values have not been corrected for multiple hypothesis testing. (B,C) Comparison of mean and CV counts between inDrop
sequencing and single-molecule FISH (smFISH) in mouse ES cells. smFISH data from (Griin et al., 2014); original smFISH data kindly provided by Dominic Grun.
(D) Cumulative distribution of mapped read distances from 3’ end of transcripts. (E-G) UMI filtering. (E) Histogram showing the number of reads per original mMRNA
molecule, defined by a unique cell barcode, mapped gene symbol and UMI. (F,G), Log-log plots of the inter-cell CV (SD/mean) as a function of the mean transcript
abundance for genes detected in the mES cell population, without UMI filtering (F), and following UMI filtering (G). Each data point corresponds to a single gene
symbol. (H) Plots and table comparing method technical performance of single-cell transcriptomics methods applied to pure RNA or to ERCC spike-ins, for
several published methods. The CV versus mean plots were generated using the processed gene expression data provided by the authors of each publication,
and filtered to exclude outlier cells as per the author instructions in each paper. Table footnotes: a: droplet-to-droplet variability in efficiency [see also CVj in
Figure 2G Equation (1)]. b: Multiplicative amplification of sampling (i.e., Poisson) noise for control/spike-in mRNA, defined as ¢, such that control mRNA lie on the
curve CV2 = (1+¢)/mean. c: Dispersion around the sampling limit for control transcripts (indicated by the double-arrow in schematic), measured as the CV of
the Fano Factors of all detected control samples. d: For whole transcriptome (pure RNA control samples). e: For ERCC spike-in mRNA only. f: As stated by the
authors in each paper. g: Evaluated as CV2 = 1/[ng], where B is the nominal efficiency stated by the authors in each paper, and n = 40 is the test number of average
transcripts.
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Figure S4. Technical Reproducibility of inDrop Single-Cell Sequencing, Related to Figure 5

Comparison of pooled single-cell data across technical and biological replicates, and across time points. The final UMI-filtered counts are sub-sampled to
equalize the sequencing depth of each pair of samples. (A) Technical replicates correspond to two emulsion tubes collected from the same culture plate of ES
cells, with 2.5k and 3.5k ES cells respectively in each sample. (B) Biological replicates, corresponding to ES cells collected on different days from different thawed
aliquots of ES cells, and processed with different synthesis batches of barcoded hydrogel microspheres (BHMs). (C,D) Biologically distinct samples, comparing
different time points post-LIF withdrawal. Table S2 gives a list of differentially expressed genes in the pooled data.
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Figure S5. Structure of the mES Cell Population, Related to Figure 5

(A) Pairwise correlations of selected genes across 935 mES cells. The correlations reported here are as observed with no correction for sampling noise, and are
therefore weak as expected due to the low sampling efficiency B (cf. Figure 4G, Equation (3) in the main text), and the underlying biological correlations are likely to
be significantly stronger than those measured here. B) Sensitivity analysis of PCA to the number of genes selected for PCA (see Supplemental Experimental
Procedures), showing the same population structure in Figure 5F is obtained using increasing numbers of variable genes. Top row shows cells projected onto the
first two principal components; bottom row shows gene loadings. (C-E,l,J) Projections of a 3-dimensional tSNE map of the ES cell population reveals distinct cell
sub-populations; the cells in each panel are colored according to the aggregate expression of the specified markers. (F-H,K,L) Differential gene expression plots
of the pooled cells in each cell sub-population, compared to the remaining ES cells. Dotted lines indicate 2-fold differences in expression; dashed lines denote
95% confidence intervals for Poisson sampling statistics. Gene expression is normalized to UMIFM reads per million (RPM). (M) Control plot showing absence of
differential gene expression for a randomly selected set of cells.
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Figure S6. Pluripotency Network Neighborhood Analysis (NNA) and Comparison of Transcriptional Signatures of Somatic and ES Cell
Cycles, Related to Figure 6

(A—-C) NNA Analysis (see Supplemental Experimental Procedures). A) ROC curves (Sensitivity versus Specificity) for the NNA of Nanog, Sox2 and Trim28 with
respect to variations in the NNA parameters N and X. B) Mutual NNA neighbors among a curated list of established pluripotency genes. C) List of 43 genes that are
not established pluripotency factors but are found to be NNA neighbors of at least two pluripotency genes, with re-occurrence g-value < 0.05 corrected for
multiple hypothesis testing (see Supplemental Experimental Procedures). D-E) Enlarged versions of Figures 6E and 6F with gene names.
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Figure S7. tSNE Map of Principal Genes at 4 Days Post-LIF Withdrawal, Related to Figure 7
This figure reproduces Figure 5G of the main text with full gene annotation.
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A. Supplementary Figure Legends

Figure S1. Quantification of DNA Primers Incorporated into Barcoded Hydrogel
microspHeres (BHMSs), related to Figure 2

A-D) Imaging of BHMs post-synthesis, showing a bright field image of BHMs 63 um in size (A),
and fluorescent confocal imaging after hybridization with complimentary DNA probes targeting
PE1 sequence (B), W1 sequence (C) and polyT sequence (D). Scale bars, 100 um. E)
BioAnalyzer electropherogram of DNA primers after photo-cleavage from BHMs, showing the
presence of full-length barcodes (largest peaks), as well as synthesis intermediates (two smaller
peaks). Peaks at 35 and 10380 base pairs are gel migration markers. Numbers above the
peaks indicate theoretical fragment size in base pairs, but these are not accurate for the single
stranded DNA products. Note that fluorescence is proportional to (length x quantity), so it is not
an direct measure of relative abundance between the three peaks. (F-H), Results from deep
sequencing primers from 11 individual BHMs. F) Rank plot of barcode abundances on each gel;
G,H) histograms of the fraction occupied on each BHM by the most-abundant and second-most
abundant barcodes detailed in (G) and (H). Perfect synthesis would result in 100% occupied by
the top barcode, and 0% by all other barcodes. We instead observe that an average of ~92% of
all primers attached to each BHM carried the same dominant barcode.

Figure S2. Dimensions of Droplet Microfluidics Device for Cell-Hydrogel-RT/Lysis Mix co-
encapsulation, related to Figure 3

The device consists of three inlets for RT and lysis reagent mix (1), cell suspension (2), DNA
barcoding beads (3) and one inlet for the continuous phase (4). The fluid resistors incorporated
into device damp fluctuations arising due to mechanical instabilities of syringe pumps. The
aliquot samples are brought together via 60 um wide channels into the main 70um wide channel
where they flow laminarly before being encapsulated into droplets at the flow-focusing junction
(dashed box). Droplets are collected at the outlet (5) in form of an emulsion. See also
Supplementary Movies S1 and S2.

Figure S3. Random Barcoding and Unique Molecular Identifier (UMIs) Filtering, related to
Figure 4 A) Pair-wise tests of random barcoding for eight inDrop sequencing runs covering
between 140-2,930 cells or pure RNA control droplets. Upper triangle shows the observed
(black) and expected (blue) number of shared barcodes for each pair of runs with 3842 random
barcoding. Lower triangle shows p-values assuming uniform random barcoding from a pool of
384% barcodes, which predicts that the observed number of shared barcodes should be
hypergeometrically distributed about the expected value. The p values have not been corrected
for multiple hypothesis testing. B,C) Comparison of mean and CV counts between inDrop
sequencing and single molecule FISH (smFISH) in mouse ES cells. smFISH data from (Grun et
al., 2014); original smFISH data kindly provided by Dominic Grun. D) Cumulative distribution of
mapped read distances from 3’ end of transcripts. E-G) UMI filtering. E) Histogram showing the
number of reads per original mMRNA molecule, defined by a unique cell barcode, mapped gene
symbol and UMI. F,G), Log-log plots of the inter-cell CV (standard deviation/mean) as a function
of the mean transcript abundance for genes detected in the mES cell population, without UMI
filtering (F), and following UMI filtering (G). Each data point corresponds to a single gene
symbol. H) Plots and table comparing method technical performance of single cell
transcriptomics methods applied to pure RNA or to ERCC spike-ins, for several published
methods. The CV vs mean plots were generated using the processed gene expression data
provided by the authors of each publication, and filtered to exclude outlier cells as per the author

instructions in each paper. Table footnotes:

a: droplet-to-droplet variability in efficiency [see also CV; in Fig. 2G Eq. (1)].

b: Multiplicative amplification of sampling (i.e. Poisson) noise for control/spike-in mRNA, defined as ¢, such that
control mRNA lie on the curve CVZ:(1+g)/mean.



c: Dispersion around the sampling limit for control transcripts (indicated by the double-arrow in schematic), measured
as the CV of the Fano Factors of all detected control samples.

d: For whole transcriptome (pure RNA control samples).

e: For ERCC spike-in mRNA only.

f: As stated by the authors in each paper.

g: Evaluated as CV2=1/[n,B], where g is the nominal efficiency stated by the authors in each paper, and n=40 is the
test number of average transcripts.

Figure S4. Technical Reproducibility of inDrop Single Cell Sequencing, related to Figure
5

Comparison of pooled single cell data across technical and biological replicates, and across
time points. The final UMI-filtered counts are sub-sampled to equalize the sequencing depth of
each pair of samples. A) Technical replicates correspond to two emulsion tubes collected from
the same culture plate of ES cells, with 2.5k and 3.5k ES cells respectively in each sample. B)
Biological replicates, corresponding to ES cells collected on different days from different thawed
aliquots of ES cells, and processed with different synthesis batches of barcoded hydrogel
microspheres (BHMs). C,D) Biologically distinct samples, comparing different time points post-
LIF withdrawal. Table S2 gives a list of differentially expressed genes in the pooled data.

Figure S5. Structure of the mES Cell Population, related to Figure 5

A) Pairwise correlations of selected genes across 935 mES cells. The correlations reported here
are as observed with no correction for sampling noise, and are therefore weak as expected due
to the low sampling efficiency B (cf. Fig. 4G, Eq. (3) in the main text), and the underlying
biological correlations are likely to be significantly stronger than those measured here. B)
Sensitivity analysis of PCA to the number of genes selected for PCA (see Extended Methods),
showing the same population structure in Fig. 5F is obtained using increasing numbers of
variable genes. Top row shows cells projected onto the first two principal components; bottom
row shows gene loadings. C-E,I,J) Projections of a 3-dimensional tSNE map of the ES cell
population reveals distinct cell sub-populations; the cells in each panel are colored according to
the aggregate expression of the specified markers. F-H,K,L) Differential gene expression plots
of the pooled cells in each cell sub-population, compared to the remaining ES cells. Dotted lines
indicate two-fold differences in expression; dashed lines denote 95% confidence intervals for
Poisson sampling statistics. Gene expression is normalized to UMIFM reads per million (RPM).
M) Control plot showing absence of differential gene expression for a randomly selected set of
cells.

Figure S6. Pluripotency Network Neighborhood Analysis (NNA) and Comparison of
Transcriptional Signatures of Somatic and ES Cell Cycles, related to Figure 6

A-C) NNA Analysis (see Extended Methods). A) ROC curves (Sensitivity vs Specificity) for the
NNA of Nanog, Sox2 and Trim28 with respect to variations in the NNA parameters N and X. B)
Mutual NNA neighbors among a curated list of established pluripotency genes. C) List of 43
genes that are not established pluripotency factors but are found to be NNA neighbors of at
least two pluripotency genes, with re-occurrence g-value < 0.05 corrected for multiple
hypothesis testing (see Extended Methods). D-E) Enlarged versions of Fig. 6E-F with gene
names.

Figure S7. tSNE map of principal genes at 4 days post-LIF withdrawal, related to Figure 7
This figure reproduces Fig. 5G of the main text with full gene annotation.



B. Supplemental Movie Legends

Movie S1. Slow Motion Movie of Droplet Encapsulation Nozzle Combining Cells,
Barcoded Hydrogel Microspheres and RT Lysis Buffer, related to Figure 3

Time elapsed indicated on the bottom. Scale as per Fig. S2.

Movie S2. Droplet Collection Channel Downstream of Encapsulation, related to Figure 3
Time elapsed indicated on the bottom.



C. Supplemental tables and table legends

Table S1. Sequencing Run Statistics, related to Figures 4-7

UMI Filtered Mapped
(UMIFM) counts/cell

Total

Sample Emulsion library Number Average Coeff. of
(days post- | volume reads cells / filtered variation
LIF) (uL) Platform | (unfiltered) | barcodes | reads/cell | Average (CV)
Pure RNA 16 HiSeq 166,031,332 953 89,116 32,490 21%
control 2500
mES LIF+ 40 NextSeq | 413,138,104 935 199,193 29,511 36%
mES day 2, 6 HiSeq 119,859,024 145 119,386 20,609 35%
(early) 2500
mES day 2, 26 MiSeq 17,660,550 303 38,788 8,441 36%
(late)
mES day 4 40 MiSeq 11,557,428 683 10,237 4,661 43%
mES day 7 8 HiSeq 92,805,168 169 153,035 27,065 38%

2500
mES day 7 40 NextSeq | 250,187,951 799 208,231 26,216 55%
mES day 2, 95 HiSeq 33,751,186 2,168 4,987 2,608 42%
early 2500




Table S4. Cell Sub-populations of ES cells, related to Figures 5 and 7

The “Clustering Index” is the mean Silhoutte score (1) of all cells in each group evaluated
according to a correlation distance metric (see Methods). Index values are bounded between -1
(unclustered) to 1 (highly isolated cluster). An index value near 0 typically describes a cohesive

cluster that is not well separated from others.

Clustering
Cell group Cell group size index Top high-expressed genes (compared to
Data set description (number / total) (-1<x<1) population average)
mES day 0 Primitive 6/935 0.76 Gsn, Col4al/2, Serpinhl, Lamal/bl/cl, Sparc,
endoderm-like Srgn, P4ha2, Lrpapl, Podxl, Ctsl, S100a10,
Pgkl, Slc2a3, Tfpi, Amn, Fbp2, Gpx3,
Man2clos, Lpar3, Cd63
Epiblast-like 40/935 (all) 0.20 (all) Actgl, Anxa2, Krt8/18/19, Plaur, Cnn1l, Tagln,
Plin2, FiInc, Tinagll, Slc2al, Fam160b2,
6/935 (Krt8-high) 0.55 (Krt8- Mmab, Sfn, Plec, S100a6, FInb, Ngfrapl
high)
Hsp90-high 10/935 0.47 Atf5, Calr, Hsp90b1, Hspa5, Manf, Pdia6,
Creld2, Hyoul, Derl3, Prph, Chchd10
Prdm1-high 13/935 0.47 Prdm1, Baat, Nsun6, Parp4, Srgn, Sshl
Trim71-high 12/935 0.31 Trim71, Cd44, Med10, Myo15,
Bcl2/Cep83, Kdm1b, Sbk1, Csflr
Psg18/20, Prss44
4,7 days post- | H19/Rhox6/9+ 14/683, 10/899 0.36, 0.20 H19, 1gf2, Rhox6/9, Fabp3, Igfbp2, Sct, Vgf,
LIF Pmp22, Rhox5, Itm2a, Rhox5, 1700001F09Rik,
withdrawal Peg10
Pluripotency-high 21/683, 31/899 0.16, 0.15 Trim28, Tex19.1, Tdh, Tdgfl, Spry4, Sox2,
Psorslc2, Pou5fl1, Phcl, Ogfod3, Mylpf, Mt1/2,
Mkrn1, Mkm1, L1td1, Kcnj14, Gadl, G3bp2,
Dnmt3l, Cdh16, Nirpla, 4930526L06Rik,
3110021A11Rik
Zscan4-hi 4/683, 0/899 0.45, N/A Zscandalc/d/f, Fbxol5, Testvl/3, Dazl,
Calcoco2, Mylpf, Dedc2c, Lmx1a, Ddit4l, Agr,
Clpl, Tmem92, Uspl7la, 2310039L15Rik,
B020031M17Rik, Gm4027, Gm20767, Gm7102,
Gm8994
Primitive 7/683, 4/899 0.55, 0.65 Gata6, Amn, Cd63, Ctsl, Col4al/2,

endoderm-like

Lamal/bl/cl, Uppl, Sparc, P4ha2, Serpinhl,
Fst, Lrpapl, P4hb, Ctsh, Clu, Epasl, Pga5




Table S5. List of DNA Oligonucleotides, related to Experimental Procedures

1. BHM synthesis:

Hydrogel- 5-/5Acryd/iSpPC/CGATGACG TAATACGACTCACTATAGGG
incorporated DNA | ATACCACCATGG CTCTTTCCCTACACGACGCTCTTC-3
primer

barcode 1 5-AAGGCGTCACAAGCAATCACTC 10987654321

(W1*-bcl-PE1%)

AGATCGGAAGAGCGTCGTGTAGGGAAAGAG-3

Barcode 2/UMI
(T19V*-UMI-bc2-

5-BAAAAAAAAAAAAAAAAAAA NNNNNN 87654321
AAGGCGTCACAAGCAATCACTC-3'

W1%):

FAM-PEL* /56-FAM/AGATCGGAAGAGCGTCGTGTAGGGAAAGAG
FAM-W1* /56-FAM/AAGGCGTCACAAGCAATCACTC

FAM-A20 /56-FAM/AAAAAAAAAAAAAAAAAAAA

Fully assembled | CGATGACG TAATACGACTCACTATAGGG ATACCACCATGG
DNA primers: CTCTTTCCCTACACGACGCTCTTCCGATCT 1234567890

GAGTGATTGCTTGTGACGCCTT 12345678 NNNNNN
[TTTTTTTTTITTTTITTITITTV

2. Library preparation as per ref. (2):

RNA ligation:

/5Phos/AGATCGGAAGAGCGGTTCAGCAGGAATGCC/3SpC3/

2" RT primer:

GTCTCGGCATTCCTGCTGAAC

PCR enrichment
primers:

AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTA
CACGA
CAAGCAGAAGACGGCATACGAGATCGGTCTCGGCATTCCT
GCTGAAC




E. Supplemental Experimental Procedures

Microfluidic Device Design and Operation

Design. The design of the microfluidics device used in this work is indicated in Figure S2 and
integrates several features. As described in the main text, it contains four inlets for, i) barcoded
hydrogel microspheres (BHMSs), ii) cell suspension, iii) reverse transcription (RT) and lysis
reagent mix and iv) carrier oil, and one outlet port for droplet collection. To reduce flow
fluctuations potentially arising due to mechanics of syringe pumps, we incorporated fluid
resistors in the form of serpentine channels, while passive filters at each inlet prevent channels
from clogging. The device consists of two junctions, one for bringing the three aqueous inputs
together, and a second junction for sample encapsulation, where aqueous and oil phases meet
and droplet generation occurs. To stabilize drops against coalescence we use 0.75% (w/w) EA-
surfactant (RAN Biotechnologies Inc.,) dissolved in HFE-7500 (3M) fluorinated fluid. The
dimensions of the microfluidic channels were chosen after optimization to maximize the number
of BHM and cell co-encapsulation events. The width (60 pm) of the BHM injection channel is
designed such as that the BHMs (63 um in diameter) passing through this channel become
slightly squeezed thus facilitating their close packing and arrangement into a single-file. The
BHMs entering into the main channel (70 um wide) can then move freely downstream the flow
before being encapsulated into individual droplets. Because of their close packing, the arrival of
BHMs becomes highly regular allowing nearly 100% loading of single-bead per droplet. This
feature is one of the most important characteristics of the developed chip ensuring that i) almost
each cell encapsulated into a droplet is exposed to one barcoded primer, and ii) there is a
minimal loss of non-barcoded-cells.

Soft lithography. The microfluidic device with rectangular microfluidic channels 80 um deep was
manufactured following a protocol reported recently (3). Briefly, a 3” size silicon wafer was
coated with SU-8 3050 photoresist (MicroChem) at uniform 80 um film thickness, baked at 65°C
for 20 min and exposed to 365 nm UV light for 40 s (at ~8 mW cm?) through the mask having a
corresponding design indicated in Figure S2 and baked for 5 min at 95°C. The un-polymerized
photoresist was dissolved with propylene glycol monomethyl ether acetate, silicon wafer rinsed
with isopropanol and dried on a 95°C hot plate for 1 min. The PDMS base and cross-linker (Dow
Corning) was mixed at 10:1 ratio and ~ 30 mL poured into the Petri dish containing a developed
silicon wafer, degassed and incubated overnight at 65°C. The PDMS layer was then peeled-off
and inlet-outlet ports were punched with a 1.2 mm biopsy punch (Harris Uni Core). The
patterned side of PDMS was then treated with oxygen plasma and bounded to the clean glass
slide. The micro-channels were treated with water repellent Aquapel (PPG Industries) and the
device was then used in the experiments.

Microfluidic device operation. During device operation, cell suspension and RT/lysis mix were
cooled with ice-cold jackets, and droplets were collected into a single 1.5 mL tube (DNA LoBind,
Eppendorf) placed on an ice-cold rack (IsoTherm System, Eppendorf). To prevent water loss
from the droplets due to evaporation during RT incubation, we placed 200 uL of mineral oil layer
(Sigma) on top of the emulsion. Throughout the experiments we used flow rates at 100 uL/hr for
cell suspension, 100 pL/hr for RT/lysis mix, 10-20 pL/hr for BHMs and 80 pL/hr for carrier oil to
produce 4 nL drops at a frequency of 15 droplets per second. Each aqueous phase was injected
into the microfluidic device via polyethylene tubing (ID 0.38 x OD 1.09 mm, BB31695-PE/2)
connected to a needle of a sterile 1 mL syringe (Braun) placed on a syringe pump (Harvard
Apparatus, PC2 70-2226).

Loading barcoded hydrogel microspheres (BHMs) into the microfluidic device. After synthesis,
BHMs were stored in TyoE10To1 buffer containing 10mM Tris-HCI [pH 8.0], 10mM EDTA, 0.1%
(v/v) Tween-20. Before loading onto the microfluidic chip, BHMs were washed in TioEq1To1



buffer containing 10mM Tris-HCI [pH 8.0], 0.1mM EDTA and 0.1% (v/v) Tween-20, and then
resuspended in 1X RT buffer (Invitrogen Superscript Il buffer) supplemented with 0.5% (v/v)
IGEPAL CA-630 and concentrated by centrifugation at 5000 rcf for 2 min. After removal of the
supernatant BHMs were concentrated for a second time to achieve a close packing and
eventually loaded directly into tubing connected to a oil-filled syringe for injection into the
microfluidic device. The composition of BHM sample prior to concentration was 100 pL pre-
concentrated BHMs in T1oEp1To.1, 20 uL 10% (v/v) IGEPAL CA-630, 40 pL 5X First-Strand buffer
and 40 pL nuclease-free water (total aliquot volume 200 pL).

Cell preparation and injection. The cell encapsulation process relies on random arrival of cells
into the device. To minimize two or more cells from entering the same drop, we encapsulated
cells with an average occupancy of 1 cell in 5-10 droplets, by diluting cell suspensions to ~50-
100,000 cells/mL. To prevent cell sedimentation in the syringe or other pars of the system, we
suspended cells in 1X PBS buffer with 16% (v/v) density gradient solution Optiprep (Sigma). We
typically used 20,000 cells suspended in 160 yL 0.5X PBS (17-516F, Lonza), 32 UL Optiprep
(1114542, Axis-Shield) and 8 pL 1% (v/v) BSA (B14, Thermo Scientific), in a total volume 200
pL. Cells were maintained in suspension using a micro-stir bar placed in the syringe, and
rotated using a magnet attached to a rotating motor.

Reverse transcription/lysis mix. The RT/lysis mix consisted of 25 pyL 5X First-Strand buffer
(18080-044 Life Technologies), 9 uL 10% (v/v) IGEPAL CA-630 (#18896 Sigma), 6 pL 25 mM
dNTPs (Enzymatics N2050L), 10uL 0.1M DTT (#18080-044, Life Technologies), 15 uL 1M Tris-
HCI [pH 8.0] (51238 Lonza), 10uL Murine RNase inhibitor (M0314, NEB), 15 pL SuperScript IlI
RT enzyme (200 U/pL, #18080-044, Life Technologies) and 60 pL nuclease-free water
(AM9937 Ambion), having a total volume 150 pL.

Surfactant and carrier oil used for production of droplets. The carrier oil was HFE-7500
fluorinated fluid (3M) with 0.75% (w/w) EA surfactant (RAN Biotechnologies). EA-surfactant is a
tri-block copolymer having an average molecular weight of ~13.000 g mol™. It has two
perfluoropolyether tails (My ~6.000 g mol™) connected via poly(ethylene)glycol (My, ~600 g mol
1) head group. The surfactant is highly soluble in fluorinated fluids and nearly insoluble in the
agueous phase providing equilibrium interfacial tension of ~ 2 mN/m.

Barcoding inside droplets. After cell encapsulation primers were released from the BHMs by
exposing the tube containing the emulsion droplets to UV light (365 nm at ~10 mW/cm?,
BlackRay Xenon Lamp) while on ice. Next, the tube was heated to 50°C and incubated for 2
hours to allow cDNA synthesis to occur and then terminated by heating for 15 min at 70°C. The
emulsion was then cooled on ice for 1 min and demulsified by adding 1 volume of PFO solution
(20% (v/v) perfluorooctanol and 80% (v/v) HFE-7500). The aqueous phase from the broken
droplets was transferred into a separate DNA Lo-Bind tube (Eppendorf) and processed as per
the CEL-SEQ protocol with modifications described in the library preparation section.

Synthesis and Quality Control of Barcoded Hydrogel Microspheres

BHM Synthesis. BHM synthesis relies on microfluidic emulsification of acrylamide:bis-
acrylamide solution supplemented with acrydite-modified DNA primer, which is incorporated into
the hydrogel mesh upon acrylamide polymerization. After polymerization, the BHMs are
released from droplets, washed several times and processed by split-pool synthesis for
combinatorial barcoding. Below we outline the detailed protocol of performing such hydrogel
bead synthesis followed by combinatorial barcoding.

BHM synthesis begins by emulsifying gel precursor solution into 63 um size droplets using the
microfludic chip indicated in Figure 2. The composition of the dispersed phase is 10 mM Tris-
HCI [pH 7.6], 1 mM EDTA, 15 mM NacCl containing 6.2% (v/v) acrylamide, 0.18% (v/v) bis-
acrylamide, 0.3% (w/v) ammonium persulfate and 50 pM acrydite-modified DNA primer (IDT,



see Figure 2 for sequence). As a continuous phase we use fluorinated fluid HFE-7500 carrying
0.4% (v/v) TEMED and 1.5% (w/w) EA-surfactant. The flow rates are 400 pL/hr for the aqueous
phase and 900 pL/hr for the oil phase. Droplets were collected into a 1.5 mL tube under 200 pL
mineral oil and incubated at 65°C for 12 hours to allow polymerization of beads to occur. The
resulting solidified beads are washed twice with 1 mL of 20% (v/v) 1H,1H,2H,2H-
perfluorooctanol (B20156, Alfa Aesar) in HFE-7500 oil and twice with 1 mL of 1% (v/v) Span 80
(S6760, Sigma) in hexane (BDH1129-4LP, VWR) with 0.5-1 min incubation between each step
and finally centrifuged at 5000 rcf for 30s. After final centrifugation the hexane phase is
aspirated and the resulting BHM pellet is dissolved in 1 mL of TEBST buffer (10 mM Tris-HCI
[pH 8.0], 137 mM NacCl, 2.7 mM KCI, 10 mM EDTA and 0.1% (v/v) Triton X-100). To remove
traces of hexane, the beads are washed three times with 1 mL TEBST buffer at 5000 rcf for 30 s
and finally resuspended in 1 mL TEBST buffer and stored at +4°C. According to previous
reports (4), these BHMs contain pores ~ 100 nm in size. In addition, the beads having elastic
modulus of ~ 1 kPa (5) are squishy, which allows to pack them into a concentrated gel mass
without loosing their integrity.

BHM split-pool combinatorial barcoding. To prepare barcoded primers on the hydrogel
microspheres, we used the two-step enzymatic extension reaction summarized in Figure 2. To
begin, we first pre-loaded a 384-well plate with 9 uL of 15 yM primer 5’-W1*-bc1-PE1* encoding
the first-half of a barcode (where ‘bc1’ indicates a unique sequence for each well, see also
Table S5 for nucleotide sequence information). We then added 6 pL of reaction mix containing
~40,000 hydrogel beads (carrying 5-Ac-PC-T7p-PE1l primer), 2.5x isothermal amplification
buffer (NEB) and 0.85 mM dNTP (Enzymatics) into each well (accounting ~10” beads in total).
After denaturation at 85°C for 2 min and hybridization at 60°C for 20 min we added 5 pL of Bst
enzyme mix (1.8U of Bst 2.0 and 0.3 mM dNTP in 1X isothermal amplification buffer) giving to a
final volume in each well of 20 uL. After incubation at 60°C for 60 min, the reaction was stopped
by adding 20 pL of stop buffer into each well (100mM KCI, 10mM Tris-HCI [pH 8.0], 50mM
EDTA, 0.1% (v/v) Tween-20) and incubated on ice for 30 min to ensure that EDTA chelates
magnesium ions and inactivates Bst enzyme. Next, the beads were collected into a 50 mL
Falcon tube, centrifuged at 1000 rcf for 2 min and washed three times with 50 mL of stop buffer
containing 10 mM EDTA. To remove the second strand we suspended gels in 20 mL of 150 mM
NaOH, 0.5% (v/v) Brij 35P and washed twice with 10 mL of 100 mM NaOH, 0.5% (v/v) Brij 35P.
The alkaline solution was then neutralized with buffer 100 mM NacCl, 100 mM Tris-HCI [pH 8.0],
10 mM EDTA, 0.1% (v/v) Tween-20 and washed once in 10 mL TyoE10To1 buffer (10 mM Tris-
HCI [pH 8.0], 10 mM EDTA, 0.1% (v/v) Tween-20) and twice in 10 mL T1oEq1To1 buffer (10 mM
Tris-HCI [pH 8.0], 0.1 mM EDTA, 0.1% (v/v) Tween-20) and finally beads were suspended in 1.3
mL of T19Eq 1T 1 buffer.

For the second barcoding step we prepared a second 384-microtiter plate pre-loaded with 9 L
of 15 yM primer 5’-T19V*-UMI-bc2-W1* (where ‘bc2’ indicates a unique sequence for each well
and UMI is a random hexanucleotide, see also Table S5 for sequence information), and
repeated the procedure as for the first 384-well plate.

Quantification of ssDNA primers on the beads. To quantify the amount of the ssDNA primers
per BHM, we performed fluorescence in situ hybridization (FISH) with complimentary DNA
probes targeting the un-extended DNA “stub” (PE1), the barcoded primer after one extension
step (W1) and the primer after two extension steps (T9V) (see Table S5 for sequence
information). Hybridization was performed in a 40 pL volume at room temperature for 20 min by
suspending ~4000 DNA-barcoding beads in hybridization buffer (1M KCI, 5 mM Tris-HCI [pH
8.0], 5 mM EDTA, 0.05% (v/v) Tween-20) together with 10 pM FAM-labeled probe. The high salt
concentration was necessary to avoid melting of the probe targeting TV (dAx-FAM), which
has weak binding even at room temperature. We validated the absence of background
fluorescence in microspheres lacking DNA primers. After incubation, beads were washed three
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times with 1.4 mL hybridization buffer, re-suspended in 40 uL and fluorescence intensity was
recorded under confocal microscope (Leica). The average fluorescence intensity of beads with
PE1*-FAM, W1*-FAM and dA20-FAM was 2286 + 271, 1165 + 160 and 718 + 145, respectively
(Figure S1A-D). This corresponds to incorporation efficiencies of ~50% for W1/PE1 and 60%
for polyT/W1, which gives the final efficiency of 31% or ~15 uM of fully barcoded ssDNA primers
per bead. Accounting of the BHM volume, this equals ~ 10° copies of fully extended ssDNA
primers per single bead.

To validate the release of primers from the hydrogel mesh we suspended ~4000 beads in 20 pL
T10E0.1To.1 buffer (10mM Tris pH 8.0, 0.1mM EDTA, 0.1% Tween 20) and exposed them to UV
light (365 nm at ~10 mW/cm?) for 8 min. A gel electropherogram of 1 pL of supernatant using a
BioAnalyzer High Sensitivity DNA Analysis Kit (Agilent Technologies) confirmed the presence of
three DNA bands (Figure S1E), which is in agreement with FISH results from above.

Single-molecule sequencing of primers from single BHMs. To test the composition of BHMs
after synthesis, we randomly picked 11 BHMs and sequenced them using the lllumina MiSeq
sequencing platform. For this purpose, the BHMs were first hybridized to a fluorescent FISH
probe (PE1-FAM) as described above, and were manually picked using a dissection microscope
(Nikon) under fluorescent illumination and transferred into 0.2 mL PCR tubes pre-filled with 5 uL
DNA Suspension (DS) buffer (10 mM Tris-HCI pH 8.0, 0.1 mM EDTA). The tubes were then
exposed to UV light (~ 10 mW/cm?) for 15 min while keeping them on ice. After UV exposure,
0.5 pL of 5 uM PE2-(barcode),-A19 primer (herein, n represents 10 different barcodes) was
added to the tube and mixed with 4.5 uL of Bst 2.0 ready-to-use reaction solution. The samples
having 10 pL final volume were then incubated at room temperature for 10 min, inactivated for 3
min at 95°C and cooled down on ice. Next, 20 puL of master mix containing 50% (v/v) Kapa HiFi
HotStart ready mix (2X, KK2601), 15% (v/v) PE1/PE2 primers, and 35% (v/v) nuclease-free
water were added into each tube, and DNA was amplified with PCR (95°C for 5 min, 30 cycles
at 98°C for 20 s, 60°C for 15 s, 72°C for 30 s, and final step at 72°C for 5 min). The size of the
PCR products was assessed by gel-electrophoresis, purified with GenElute PCR CleanUp Kit
(Nal1020-1KT, Sigma) and all samples diluted down to 10 ng/uL. In the final step all samples
were pooled together and sequenced using MiSeq lllumina platform by following manufacturer
recommendations. Sequencing results are presented in Figure S1F-H.

Limits on the Number of Cells per Single Sequencing Run

For a large pool of barcoded hydrogel microspheres (BHMs), each carrying one of N barcodes,
what is the maximum number of cells that can be captured before two or cells will carry the
same barcode? This question is akin to the so-called birthday problem, with barcodes
analogous to days of the year, and BHMs analogous to the people in a room. The expected
number of observed barcodes from sampling n BHMs is ngp; =N(1—e‘”/N). Thus, the
expected multi-barcoding error, defined as the fraction of cells carrying the same barcode, is
approximately fe,=1-nos/N. The error becomes large when n~N, so in practice the number of
sampled cells must be much smaller than the number of barcodes, i.e. n<<N, and therefore the
limit of obtaining barcoded single-cells is fe,=n/2N. The number of barcoded single-cells n
depends on the tolerated error, for example,allowing for an error of less than f.,=1% sets an
upper limit n=N/50. Thus, for the value of N=384 which corresponds to two 384-well plates in
our experiment, a 1% multiple-barcoding error arises at the limit n=2,949 cells. All of our
libraries were prepared with fewer than this number of cells and therefore have negligible multi-
barcoding errors. To barcode a larger number of cells, emulsions may be split into pools of
<3,000 cells and prepared into libraries carrying an additional library barcode. Alternatively,
BHMs may be synthesized using more than 2 rounds of split pool synthesis to exponentially
increase the initial barcode pool N.
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Cell Cultures

The mouse embryonic stem (ES) cells are a line derived from the mouse 129/Ola strain called
IB10 (subcloned from E14). They were kindly provided by Dr. Eva Thomas (University of
Wuerzburg, Germany) from their paper (Thomas et al., Cell Reprogram 2012). The ES cells
were maintained in ESC base media inside culture flasks pre-coated with gelatin at 37°C in 5%
CO, and 60-80% humidity at density ~3 x 10° cells/mL. The ESC media contained phenol red
free DMEM (Gibco), supplemented with 15% (v/v) fetal bovine serum (Gibco), 2 mM L-
glutamine, 1x MEM non-essential amino acids (Gibco), 1% (v/v) penicillin-streptomycin
antibiotics, 110 uM B-mercaptoethanol, 100 pM sodium pyruvate. In the undifferentiated state
the ESC base media was supplemented with Leukemia Inhibitory Factor (LIF) at final
concentration 1000 U/mL and for unguided mES differentiation the media was without LIF.
Within 2 days of LIF withdrawal the culture experienced significant morphological changes
indicating the differentiation of mES cells.

Prior to ES cell encapsulation the flask was washed with 1x PBS (without Mg®" and Ca?" ions)
and treated with 1x trypsin/EDTA solution for 3 min at 37°C. The trypsin was quenched by
adding equal volume of ESC base media. Detached cells were centrifuged at 260g for 3 min
and re-suspended in ~ 3 mL fresh ESC base media. After passing through a 40 um size
strainer, cells were counted with hemocytometer and diluted in 0.5x PBS supplemented with
0.04% (v/v) BSA and 16% (v/v) OptiPrep solution to obtain desirable amount of cells (typically
20.000 cells in 200 uL). The suspension was transferred into 1 mL syringe containing a micro-
stir bar, and connected to microfluidics device and injected at 100 pL/hr flow rate as described
above.

The K-562 cell line (ATCC, CCL-243) was maintained in DMEM supplemented with 10% (v/v)
fetal bovine serum and 1% (v/v) penicillin-streptomycin at 37°C in 5% CO, and 60-80% humidity
atmosphere, at density ~3 x 10° cells mI™. For encapsulation experiments K-562 cells were
pelleted at 200g and then prepared as described for ES cells. After scoring the number of cells,
K562 cells were mixed with mES cells at ratio 1:1.

DNA-Library Preparation

Library preparation was based on the modified CEL-Seq/MARS-Seq protocol in (2) with minor
modifications. The workflow of DNA library preparation can be summarized as follows: RT —
Exol — SPRI purification (SPRIP) — SSS — SPRIP — T7 in vitro transcription linear
amplification — SPRIP — RNA Fragmentation — SPRIP — primer ligation — RT — library
enrichment PCR.

Referring to the detailed protocol in (2), the following modifications were made to the protocol:
the RT primer included the P5/PE1 adaptor while the ligation primer includes the P7/PE2
adaptor, a flipped orientation to that in (2); prior to Exol treatment, the aqueous phase from
broken droplets was centrifuged at 4°C for 15 minutes at 14krcf to pellet cell debris and gels;
during Exol treatment, 10U HinFl were added to digest primer dimers that may have formed
during the RT reaction; the original DNAse digestion step was omitted after linear amplification;
after linear amplification the resulting amplified RNA libraries were analyzed on an Agilent
BioAnalyzer before proceeding; before primer ligation, the samples were treated with Shrimp
Alkaline Phosphatase for 30 minutes. The number of final PCR cycles required for final library
enrichment PCR ranged from 10-13 cycles. The remaining steps are otherwise unchanged.
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Sequencing and Data Filtering

Paired-end sequencing was performed on lllumina MiSeq, HiSeq 2500 and NextSeq machines
as detailed in Table S1. Read 1 was used to obtain the sample barcode and UMI sequences;
read 2 was then mapped to a reference transcriptome as described below. The reads were first
filtered based on presence in read 1 of two sample barcode components separated by the W1
adaptor sequence (see Figure 2 and Table S5). Read 2 was then trimmed using Trimomatic (6)
(version 0.30; parameters: LEADING:28 SLIDINGWINDOW:4:20 MINLEN:19). Barcodes for
each read were matched against a list of the 3842 pre-determined barcodes, and errors of up to
two nucleotides mismatch were corrected. Reads with a barcode separated by more than two
nucleotides from the reference list were discarded. The reads were then split into barcode-
specific files for mapping and UMI filtering.

Bioinformatic Processing from Raw Reads to UMI-Filtered Counts

Sequence analysis pipelines intended for bulk (non-single cell) applications map ambiguous
reads probabilistically in a manner that can spuriously couple otherwise independently
expressed genes. This problem may be particularly acute for 3’-sequencing of single cells since
UTR regions can be similar across multiple genes; and in relatively uniform cell populations
such as ES cells, which are characterized by a wide network of weak gene expression
couplings that become comparable to those generated spuriously. One could discard all
ambiguous reads (e.g. (Jaitin et al., 2014)), but this approach may affect genes non-uniformly
depending on the uniqueness of the transcript tails. We overcame the read-mapping problem by
writing a bioinformatic pipeline that tracks mapping ambiguities and facilitates their elimination in
downstream analysis, as detailed below.

Reads split into barcode-specific files were aligned using Bowtie (version 0.12.0, parameters: -n
1 -1 15 —e 300 —m 200 —best —strata -a) to the mouse transcriptome. We also re-processed the
data sets with different bowtie parameter sets without changing the qualitative results of the
analysis, although the number of UMIFM reads varied between ~14-30k depending on
parameter choice. The reference transcriptome was built using all annotated transcripts
(extended with a 125bp poly-A tail) from the UCSC mm10 genome assembly for mouse ES
cells, and the hg19 assembly for human K562 cells. We used a custom Python and PySAM
script to process mapped reads into counts of UMI-filtered transcripts per gene. Alignments from
bowtie were filtered in the following way: (1) for each read, we retained at most one alignment
per gene, across all isoforms, by choosing the alignment closest to the end of the transcript. (2)
If a read aligned to multiple genes, we excluded any alignments more than 400 bp away from
the end of the transcript; this is motivated by the strong 3’ bias of the CEL-SEQ method. This
step results in approximately 5% increase in the number of final UMIFM reads obtained, as
compared to simply discarding any ambiguous read. (3) We then excluded reads mapping to
more than 10 genes, and (4) we performed a UMI filtering step described in the following
paragraph. Finally, (5) if a read still aligned to more than 2 genes after UMI filtering, we
excluded the read altogether. This step results in a very modest (<1%) increase in the final
UMIFM reads obtained, as compared to simply discarding any ambiguous reads. However, by
performing this final step, we were able to report for each gene any other genes from which it
could not be distinguished in at least one read; this allowed us to exclude spurious correlations
in our downstream analysis resulting from mapping ambiguities. This turned out to be an
important step to avoid correlating genes based on sequence similarity as well as based on
expression. We confirmed the robustness of the pipeline to this final step by re-processing the
data with a maximum of 1-4 allowed alignments per read. After steps (1-5) were carried out
separately for each sample, the resulting gene expression tables were concatenated and loaded
into MATLAB for analysis.
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UMI filtering (step 4 above) was carried out as follows. Each distinct UMI is associated with a
set of genes through the set of reads carrying the UMI. For each UMI, we identified the minimal
set of genes that can account for the full set of reads with this UMI. This problem is known as
the ‘Hitting Set Problem’ (or ‘Set Cover Problem’) (7). We applied a greedy algorithm (8) to
obtain the most parsimonious gene set for each UMI. For this final gene set, we kept only one
read per gene per UMI. With this approach, some subsets of genes may still be
undistinguishable from each other because they are supported by the same set of ambiguously
aligned reads. Step (5) in the previous paragraph was thus used to eliminate ambiguous reads
beyond a predetermined threshold. To illustrate the UMI filtering step, consider a single UMI
present in two reads, the first aligning to genes A and B and the second aligning to genes B and
C. Although neither read aligns unambiguously, gene B alone can explain the presence of both
reads and thus the alignments to genes A and C are discarded, and just one of the two reads is
kept for gene B.

UMI-Filtered Count Normalization

Prior to normalization, the variation in the total UMI-filtered mapped (UMIFM) counts per sample
barcode was 21% to 55% (coefficient of variation), see Table S1. The CV appeared to grow
during differentiation, suggesting that some of the variation in total UMIFM counts arose from
differences in cell size rather than in variation in RT efficiency. This was consistent with an
increase in the inferred value of CV, over time from the normalized counts, as described in the
Theory Supplement. We normalized all counts by total-count normalization, i.e. the normalized
counts for gene j in cell i is given in terms of the un-normalized counts, m; ;, as m; ; = m; ;M /M;,
where M; = };m; ; and M is the average of M; over all cells. The effects of normalization on the
gene CVs and correlations are provided in the Theory Supplement, see Eq. (S4).

Relating Method Sensitivity to Method Efficiency

This section derives the form of the sensitivity curve (solid red line) in Figure 4E, predicted for a
case where the only limitation to detection is the capture efficiency, £, which is assumed to be
uniform across all gene transcripts and droplets. All other possible effectors of sensitivity, such
as sequence-specific or length-specific biases, are assumed negligible. The excellent fit
reinforces these assumptions. With these assumptions, if n is the number of transcripts for a
given gene in a given droplet, then the probability of detecting zero transcripts for a gene in this
droplet is po(n) = (1 — B)™. The sensitivity S is then obtained by marginalizing p,(n) over the
distribution of n, which, in the case of the pure RNA sample, is Poisson-distributed about a
mean value 7. One obtains S(1) = 1 — Yo po(n) Poiss[n; 71], giving,
SA)=1—e "

which is the curve plotted in Figure 4E, with the value of B measured from Figure 4D. Since
po(n) is an exponential, this curve can also be identified as one minus the moment generating
function (MGF) of the Poisson distribution, MGF(q) = e""1=¢"), evaluated at ¢ = —log(1 — B).
The quality of the fit demands that variations in § between droplets be small, which is consistent
with the low CV in the total counts, M, between control droplets, evaluated as CVy=21%. For
non-control samples, the input distribution for each gene is no longer a Poisson distribution, and
the detection frequency S(n) is instead different for each gene and, under the assumptions
given here, is related to the MGF of the underlying gene expression distribution evaluated at
q = —log(1—-p) =p.
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Identification of Highly Variable Genes

The procedure is described in section S-lll of the Theory Supplement. Briefly, genes were
assigned a test statistic v defined in Eq. (S13) of the Theory Supplement, and the statistic was
compared to that obtained from the pure RNA sample. This test statistic is derived from Figure
4G, Eq. (1), and corrects for variability due to sampling noise and technical noise in
measurement. Because this test does not account for noise arising from bioinformatic analysis -
- for example, differences in read mapping given different parameter sets -- we repeated the test
for multiple bioinformatic parameter sets (see above), and then took the intersection of all sets
as a final list of highly variable genes that is insensitive to the choice of sequence mapping
parameters. Results are provided in Table S3.

Selection and Filtering of Principal Gene Sets for PCA and tSNE Analysis

Since each gene carries intrinsic sampling noise that is uncorrelated to other genes, it is
expected that for whole-transcriptome data, a large fraction of the variability observed across all
genes will not be explained by the top principal components. For the same reasons, differences
between cell sub-populations may appear weak if a large number of “bystander” genes (which
vary little between populations) are included in evaluating cell-cell correlations. To overcome
these sampling limitations, we analyzed the ES cell population structure using only a sub-set of
genes chosen to reflect known ES cell biology while also reporting on the most variable genes
at each time point. The general strategy for selecting appropriate gene sets for Figures 5F,G
and 7G was as follows: (1) for each time point, we included the top 200 most variable genes as
determined by the v-score (Theory supplement and Table S3), which is closely related to the
gene Fano Factors; these genes were complemented with a curated list of genes implicated in
ES cell biology. We also repeated the PCA analysis without curated genes, and including
increasing numbers of variable genes that have at least 5 UMIFM counts in at least one cell
(800, 1,600 and 2,400 genes tested). We found no change to the population structure across
the first principal components (Figure S5B), and found that the majority of the curated genes
were included in these lists. (2) We then performed a preliminary principal component analysis
(PCA) on the cell population, using the initial gene set, and used the results to select only
principal genes, i.e. genes contributing to non-random principal components (PCs) as shown in
Figure 5E. The principal genes are those with the highest loading coefficients for each non-
random PC. (3) For each gene g in the set, the set was then re-expanded to include five
additional genes that correlated most strongly with g. Finally, (4) to avoid bioinformatic
ambiguities from distorting downstream analysis, we grouped together the counts from any
genes in the final set that were reported to map ambiguously to the same reads. For this final
step we made use of the list of ambiguous mapping partners for each gene, generated by the
custom bioinformatics pipeline described above. For example, since a number of reads mapped
ambiguously to both Col4al and Col4a2, the counts from these two genes were summed before
further analysis to yield a single composite gene Col4al/Col4a2, thus eliminating any structure
arising from the strong correlation between these two genes. The final gene set derived at the
end of step (4) was used for subsequent PCA and tSNE analysis at each time point.

PCA and tSNE Analysis of Population Structure

tSNE was carried out using the MATLAB implementation by van der Maaten and Hinton,
http://lvdmaaten.qgithub.io/tsne/#implementations. Both PCA and tSNE of cells (Figures 5F,G,
and 7G, and Figure S5B) was carried out on total count-normalized UMIFM counts, after z-
score standardization of gene expression (setting the standard deviation to unity). tSNE of
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genes (Figure 7G, right panel, and Figure S7) was performed on total count-normalized
UMIFM counts without z-score standardization.

As a control, repeating the PCA/tSNE analysis after row-randomizing the data revealed no cell
sub-populations.

PCA across Multiple Time Points

To visualize temporal heterogeneity in differentiation (Figure 7D), we performed PCA on cells
grouped from all time points using the top 200 most highly variable genes from the ES cell data
set and day 7 post-LIF withdrawal. To this list we added the 200 genes with the greatest
differential expression between ES and day 7 data (Figure S4 and Table S2). No correction
was performed to ensure an equal number of cells per time point. UMIFM counts were
normalized to give the same average total counts per cell per time point. Because all time points
contain Primitive Endoderm, ICM and Epiblast cells, a simple PCA on the cell populations
reveals common sub-populations rather than dynamics. Thus, to ensure that the first two
principal components visualized the temporal trajectory of the cells, prior to PCA we excluded
cells for which any of the ten nearest neighbors belonged to a different time point. Following
PCA, the excluded cells were then restored after calculating the principal component projections
to generate Figure 7D.

Network Neighborhood Analysis

Algorithm. The network neighborhood analysis (NNA) requires a distance metric between gene
pairs, a “bait” gene, and two parameters defining the neighborhood size N and the minimal
connectivity X. We used the distance metric d=[1-(Pearson correlation)], where the correlation is
taken over all cells. From d, an unweighted, directed network that constitutes the “network
neighborhood of gene Gy’ is constructed as follows: (1) for the given gene G, of interest, a
directed edge is introduced between G, and each of the N genes with the smallest distance to
Gy, which we define as a set G;. Note that when N is much smaller than the number of genes in
the system, the set G; is positively correlated to Gq, since most gene-gene correlations are very
near zero. Thus, no cut-off in the correlation values is required for this analysis. (2) To each
member of the set G; are similarly added additional directed edges to N closest genes, together
forming a set G,. Note that G, may include Gy and members of G;. The resulting preliminary
network has (N+1)*N directed edges in total, and up to 1+(N+1)*N vertices representing Go, G;
and G,. (3) The network is trimmed iteratively by removing any vertex that has fewer than X
incoming edges. The final network is the X-connected network neighborhood of gene G,. If the
network is not empty, it consists of at least X+1 genes including: the gene G,; some members of
G, that are also nearest neighbors of at least X-1 other members of G;; and some members of
G, that are the nearest neighbors of at least X members of G;.

Sensitivity and specificity as a function of NNA parameters. Robustness of NNA to spurious
correlations was tested by row-randomizing the UMIFM count data. Randomized data yielded
empty neighborhoods for all genes tested with all parameters. Randomization also revealed that
the magnitude of correlations between NNA neighbors could not be explained by chance alone
(p-value < 2-10* concluded from 2-10* randomization trials).

To test the sensitivity of NNA to the choice of (N, X), we generated an ROC curve for three test
genes, Nanog, Trim28 and Sox2, for a range of parameters (N, X) (Figure S6A). The ROC
curve is almost unchanged for X=2-5, although it shifts to higher N as X increases. To generate
the ROC curves, one requires a true positive gene set composed of validated pluripotency
factors expected to associate with Nanog and Sox2. This is problematic since no such set can
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be complete based on existing literature, and also because Nanog and Sox2 may have
meaningful associations outside of the pluripotency network. We curated a list of 33
pluripotency factors, not limiting ourselves to transcription factors (9): Pou5fl, Nanog, Sox2,
Esrrb, Zic3, Sall4, Klf4, KIf5, Zfp143, NrObl, Tfcp2ll, Thx3, Tcll, Myc, Zfx, Cnot3, Trim28,
Smadl, Stat3, Zfp42, Naccl, Zfp281, Zic3, Tdh, Calcoco2, Mybl2, Kdm5b, Fbxol5,
E130012A19Rik, Hmgb2, Hmgal, Tdgfl, Stmn2. This list is likely to be incomplete but provides
a basic training set. We assumed that any gene not in the true positive set is a negative hit, and
we excluded all genes that could not be found in at least one cell at a level of >5 UMIFM counts,
in order to avoid scoring genes with insufficient coverage. This negative set constituted ~17,000
genes. This is likely to underestimate sensitivity and specificity, since several genes associating
with Nanog and Sox2 are associated with pluripotency (e.g. Dppa5a), but are not in the positive
set as their requirement in pluripotency has not been demonstrated. As seen in Figure S6A, for
this test sensitivity was ~30% and specificity > 99.9%. For the neighborhoods plotted in Figure
6B-D, we selected N=50, X=3.

Pluripotency correlation neighborhood. To assess the significance of novel factors associating
the pluripotency network, a network neighborhood was constructed for each of the curated
pluripotency genes (PGs) (using N=50, X=3), and non-pluripotency genes that were neighbors
of at least two PGs were identified (Figure 6B-D shows adjacency between PGs only). A p-
value giving the significance for the re-occurrence of these PG-neighboring genes was
evaluated for the null hypothesis that a given candidate neighbors two or more PGs by chance
(a variant of the Fisher exact test), and corrected for multiple hypothesis testing. This test is
informal, because each of the PGs does not represent an independent sampling event, as the
PGs are themselves correlated. The corrected (informal) p-value is qzzl*...*zk/Mk'l, where z; is
the number of non-PF neighbors of the i-th PG, k is the number of PGs for which the candidate
is found to be a neighbor, and M~17,000 is the number of genes acting as the background pool.
The 43 genes with q<0.05 are given in Figure S6C.
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E. Theory Supplement

Here we derive Egs. (1)-(3) in Fig. 2G of the main text, showing how the main sources of
technical noise encountered in inDrop RNA sequencing and other transcriptomic methods affect
gene expression variability and correlations observed in single cell sequencing data. We develop
a statistical test based on the results presented here to identify highly variable genes.

E.1 A model for technical noise

Let n; be the number of mMRNA molecules in a given cell that correspond to a particular gene
i, with a distribution Py, (n;) across all cells being analyzed. Also, let m; be the number of UMI-
filtered mapped (UMIFM) sequencing reads mapping to the same gene i, with distribution P,ps(m;)
obtained from the sequencing run. Ultimately we want to use the distribution of UMIFM reads
P,ps(m;) to infer properties of Py;,(n;) such as its average E[n;], its variance Var(n;), its coefficient
of variation CV; = 4/Var(n;)/E[n;], and its modality. We also want to infer properties of the
joint distributions of multiple genes — for example, the strength of the correlation between gene i
and gene j, which we can calculate from the pairwise distributions P,(ni, ;). The challenge in
developing a model of noise in single cell transcriptomics is to explain how the joint distribution of
the UMIFM read counts of all genes P,,s({m;}) relates the joint distribution of the transcript counts
of these genes Py, ({ni}). From P,,s({m;}) we can extract any marginal distribution of interest.

To relate the set of read counts across all genes {m;} to the set of transcript counts {n;}, we
start with the chain rule,

Pops({mi}) = Puio({ni}) H Qi(mi|n;), (S1)

where {Q;(m;|n;)} are the conditional probability distributions for observing {m;} UMIFM reads
given {n;} transcripts. The extent to which P,,s({m;}) reflects the biology depends on the struc-
ture of {Q;(m;|n;)}. Note that, implicit in our notation for @);, we have assumed that transcripts are
sampled independently of one another within each droplet, although there may be variation be-
tween droplets. This assumption is supported by the excellent fit of the sensitivity curve (Fig. 2E)
assuming independent and random sampling of mMRNA transcripts (see Supplementary Methods
section on Sensitivity). Thus the number of UMIFM reads m; for a given gene should depend only
on the actual number of transcripts n; for that gene and not on the number of UMIFM reads m; or
transcripts n; for any other gene.

To construct @Q;(m;|n;), we consider the type of noise apparent in our system. Previous studies
(Grun et al., 2014; Brennecke et al., 2013; Islam et al., 2014) assumed that sequenced transcripts
are sampled from the pool of all transcripts in a cell according to Poisson statistics, i.e. through
random sampling with replacement. These studies were motivated by the observation that the
majority of genes in a sample follow a Poisson noise relationship, CV? ~ 1/(mean), with a base-
line additive technical noise. Here, we make a subtle correction to these studies by noting that
sampling of mMRNA transcripts occurs without replacement, giving rise to a Binomial, not Poisson,
distribution. A Binomial sampling is expected when sequencing depth is sufficient such that the
number of reads per cell is limited only by the capture efficiency of the transcripts; if however the
number of sequenced reads is too low to capture the full complexity of the RNA-Seq library (for
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example, if the number of cells sequenced in a single run is very high), the limited number of reads
per cell gives rise to a Hypergeometric distribution instead of a Binomial, but with similar results.
With this correction we are able to show from first principles how a baseline noise arises, and
that it not only additively complements the gene CV's but also multiplicatively amplifies existing
biological variation.

The choice of a Binomial distribution is motivated by the observation that the number of UMIFM
reads m; for a given gene from a given cell can only under-estimate the true number of tran-
scripts n;. Thus m; is drawn from a Binomial distribution characterized by a sampling efficiency
[ corresponding to the probability of any individual mMRNA molecule being sampled. Since S can
fluctuate between droplets independently of m;, @Q; is the Binomial distribution marginalized over
fluctuations in 3, viz.

Qi(milns) = / 4B £(8)Bi(my; s, B), (52)

where Bi(m;;n;, 5) is the Binomial distribution,
. g ms T — T
Bilmsini,8) = ()71 -
m;

and £(9) is the distribution across droplets of sampling efficiencies 5. Note that Egs. (S1) and (S2)
assume that all transcripts within the same droplet are sampled with the same efficiency 3, which
may not be true (for example) if some transcripts within the same cell are more or less accessible
to primer capture than others. These equations also ignore other sources of noise such as am-
biguities in mapping UMIFM reads to genes and rare events in which two cells are present in the
same droplet. Despite these limitations, from Eqgs. (S1) and (S2) one may derive predictions for
the observed gene CVs and correlations that agree well with trends seen in the data, and which
provide an intuitive explanation for sources of variation in the data.

Having laid out the basic structure and assumptions of our noise model, we now use them to
relate variability and correlations in the number of UMIFM reads for genes to those properties of
the actual number of transcripts. We also explore how normalizing the data affects our results.

E.2 Expressions for noise in single cell transcriptomics

From the noise model in section E.1, we find that technical noise amplifies existing biological
variation of a gene’s abundance across cells and weakens correlations between genes. Here we
formalize these intuitive behaviors through equations that relate the biological CV and pairwise
correlation strength with their experimentally observable counterparts.

E.2.1 Technical noise amplifies above-Poisson biological variation

Equations (S3) and (S4) below present the key relationships describing the observed CV of
gene expression. The first equation holds for unnormalized data; the second equation refers to
data normalized by the total counts per cell (as defined below), with the normalized UMIFM counts
denoted as /». The normalization procedure reduces technical noise in the efficiency 3, but it
undesirably inflates the CV estimates for each gene by the cell-to-cell variability in total mRNA
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content N = ) .n;, which may reflect fluctuations in cell size or cell cycle stage. Eq. (S4) is
accurate for genes whose transcript abundances are independent of the total number of transcripts
in a cell, N, an assumption that is almost certainly incorrect for genes that correlate strongly with
the cell cycle. In this section we drop the subscript i from all equations since they apply to genes
individually rather than jointly.

No normalization:

v, - E[lm] _ (cv,% - E%n]) (1 + cv%) +ov? (S3)

Total count normalization:

1 1
CV2 — (1+CV3)(1+ CVl/N)m = <cv,% — E[”]) (1 + cvwv) +CViy (S4)
Technical noise is represented in both Egs. (S3) and (S4) by variability CV in the sampling ef-
ficiency of the method. Eq. (S4) includes, as we would expect, variability CVj,; across cells or
control droplets in the total number of UMIFM counts, M = >, m;. Note that M and CV,, are
empirical quantities that can be calculated directly from the data. Eq. (S4) also captures variability
in the total number NV of mRNA transcripts originally present in those cells, in the form of CV /.

We begin the derivation of Egs. (S3) and (S4) the same way. Both equations follow from the
Laws of Total Expectation and Total Variance applied to the conditional means and variances
of (normalized) read counts m (m), conditioned on the actual number of transcripts n and the
sampling efficiency . For Binomial sampling, these conditional moments are as follows:

Var(m|n, 8) = B(1 — B)n.

We now calculate the unconditional moments E[m] and Var(m) in terms of these conditional ones
using the Laws of Total Expectation and Total Variance:

E[m] = Ey g[E[m|n, 5]}, (S5)

Var(m) = E, g[Var(m/|n, §)] + Var, g(E[m|n, 3]), (S6)

where E, 3(g(n, B)] = En[Eglg(n, B)]] is the expected value of a function g(n, ) over the distribu-
tions of n and 3, and Varnﬁ(g) = By, 3[9*(n, B)] — [ (n,8)]. We obtain:

E[m] = E[5]En]
Var(m) = E[S|E[n] — E[5*|Eln] + E[3*|E[n’] — E[5]*E[n)*
We arrive at Eq. (S3) by evaluating CV2, = Var(m)/E[m]? and simplifying the result using the

BB _
BIRE =1+ CV,B

identity

Next we turn to total count normalization [Eq. (S4)]. In total count normalization, normalized
read counts m are calculated in each droplet as follows:
. E[M]

M
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where M = ) .m; is the total number of UMIFM reads (i.e., counts or library size) for a given
cell, and E[M] is the average of those totals across all cells. Because each transcript count
m; is binomially distributed conditional on g and n;, M is binomially distributed conditional on 3
and N = ) . n;. Since N is large, we say that M in each individual droplet is approximately its
conditional expectation E[M|3, N] = SN. With this approximation, and taking g and N to be

independent, 5 BN -
. _EPBJEIN]  E[B
=m 5 N m 5 R (S7)

To simplify subsequent algebra we define the random variable R = E[N]/N. Proceeding as
before, the conditional moments for m are

E[m|n,B,R] = (%R)E[m\n,ﬁ] = E[B]|Rn

E[8]?
182
The quantity Var[rn|n, 3, R] depends on 5~!. Using Equation (S6) we conclude that the uncon-

ditional variance will depend on the inverse moment E [ﬁfl], which we can approximate using a
power series expansion,

Var[m|n, 3, R] = ( R2>Var(m]n B) = E[B*(B~! — 1)R*n.

B[] = E[mE[l TG E[B])/E[B]]
-

1 I, k(B—E[B
_E[B]E[Z( D) ]

In the final line above, we note that the quadratic term in the power series is CV%. The higher
order terms depend on the third and higher mean-normalized central moments of 3, which we can
safely ignore if the noise in  is small. Armed with this approximation for £ [6*1], we find that

Elm] = E[B|E[R]E[n] (S8)
Var(in) ~ E[S]E[R* E[n](1 + CV3) — E[]*E[R*|E[n]
+ E[)*E[R*|E[n’] — E[8)’E[R]*E[n)*. (S9)

Now dividing Eq. (S9) by the square of Eq. (S8) gives

, BRI +CVZ)(1+CV3) B , 1 ) )
CV2, i = (CVn E[n]) (1 + CVR> + CV%

To recover Eq. (S4), we make use of the foIIowing consequences of the equalities R = E[N]/N
and M = BN. First, we note that CV% = CVl/N Second, we can repurpose our power series

expansion above for N instead of 3 and see that E[R] = E[N|E[N~!] ~ 14 CV?. Finally, since
8 and N are independent, we can say that (1 + CV3)(1+ CV3) = (1+CV3y) = 1+ CV3,.

E.2.2 Technical noise weakens observed gene-gene correlations

Technical noise may either weaken pairwise correlations between genes, or spuriously gener-
ate correlations through normalization. If two genes are sampled unevenly, their relationship in the
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sample may look quite different from their relationship in the original pool. Moreover, correlation is
sensitive to scale — two low-abundance genes are much more likely to seem uncorrelated than two
highly abundant genes. The equation we develop here helps us understand more formally how
sampling and noise in sampling weaken correlations that we observe between genes through their
UMIFM read counts corr(r;, m;). Here we consider only the case of total count normalization. We
begin with the definition of the correlation coefficient,

. N COV(mi, m])
corr(my;, mj) = ~ —,
\/Var(r;)Var(rn;)

and rewrite this expression in terms of CVs:

COV(mi,mj) 1 . a(mi,m]’)
E[mi]E[m;] CVy,CVis,  CVy, GV,

corr(m;, m;) =

where C is the normalized covariance. The connection between corr(r;,m;) and corr(n;, n;)
becomes apparent once we realize that

C(ri, 1) = (1+ CVEN)C(niyng) + CViy (S10)

which follows from the fact that E[rn;1h;] = E[8]*E[n;n;]E[R?). We are reminded that normaliza-
tion by a noisy quantity (in this case 1/NV) can spuriously inflate positive covariances, and eliminate
weak negative covariances (or inflate them if C'(n;,n;) < —1). From Eq. (S10) it follows that

CV, CV,, CViy

- 2 - 11
OV OV, (L+CVyw) + OV OV (S11)

corr(m;, mj) = corr(n;, n;)

To develop an intuition for the effects of sampling on gene-gene correlations, we assume that the
variability between droplets in total counts CV,y is small, as is the case for undifferentiated ES
cells. Then, using Eq. (S4) to relate CV,,, ; to CVy, ;, EqQ. (S11) becomes,

corr(mi,mj) = corr(ng, nj)a;oy, (S12)

1+CV2, —E[B
Okelij} = \/(1_ FM H)

k

where Fy; = Var(im)/E[m] is the expected value of the observed gene Fano factor. To obtain
Eq. (S12), we make use of the relationship

CV, _ [Var(n) Elm] E[m] |F,
CVa _\/ Einl Var(nn) Bfn] ~ \ F,, DPELE,

and then relate F,, and F}; by multiplying Eq. (S4) by E[rm].

Note that the degree to which technical noise dampens the correlation between genes i and j
is sensitive to the mean expression levels of both genes and to the sampling efficiency through
the Fano factors. Since sampling efficiency is low, E[S] < 1, and we can approximate Eq. (S12)
in terms of observable quantities only as

corr(m;, mj) = corr(n;, nj)\/[l - Fn_%l(l + CV?V[)] {1 - Fn;]l(l +CV3)|,
giving Eq. (3) in Fig. 2G of the main text.

22



E.3 Identifying highly variable genes

A key goal of our data analysis is to identify genes whose expression in a population of cells
is highly variable. More precisely, we wish to identify genes whose abundances are significantly
over-dispersed relative to a Poisson distribution, which would result from uniform, non-fluctuating
expression of transcripts in all cells. In this analysis, we use a test statistic that, at any given mean
gene expression level, gives more weight to genes whose CV is many times larger than that of a
Poisson random variable with the same mean. Based on Eq. (S4), a reasonable proposal for a
test statistic, v, is: ,

Yy CVi (S13)

(1+ V) (1+CV3 ) / Elin] + CV3

By defining v in this way, we make concrete precisely what we do when we identify outliers by
eye on a plot of genes’ CV versus mean abundance such as Fig. 2F. The additive constant noise
term CV%/N keeps us from identifying a gene as highly variable in a population of cells if we can

attribute much of that variability to differences in cell size. We infer C\/?/N from the data; for the ES
cell data, CV,y ranges from ~ 20% on Day 0 to ~ 35% on Day 7 post-Lif withdrawal. For our RNA
controls CV,/y is much smaller — typically on the order of 5%, consistent with CV, 5 describing
variability in total mMRNA content per droplet. For both cells and RNA controls we calculate CV
directly from the data; its values for the ES cell data are given in Table S1. The test statistic
proposed here is similar to that proposed previously in (Brennecke et al., 2013), but with two key
differences. First, here there is just one parameter to be inferred from the data C’Vf/N, not two;

second, we tested and found that the empirical distribution of v is not a x? distribution as proposed
in that study.

To develop a test for variability, we need a null distribution that describes the possible spread
in v given that a gene’s counts across cells are actually Poisson-distributed. For this purpose one
may calculate v for a set of pure RNA controls, allowing for different values of CV,,y and CV, in
each sample. One can then compute a p-value for each ES cell gene by comparing its v-score to
the reference distribution, and thus test how many genes are significantly variable using Benjamini
and Hochberg’'s method to control the false discovery rate (FDR).
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