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SUMMARY

Signaling proteins display remarkable cell-to-cell
heterogeneity in their dynamic responses to stimuli,
but the consequences of this heterogeneity remain
largely unknown. For instance, the contribution of
the dynamics of the innate immune transcription fac-
tor nuclear factor kB (NF-kB) to gene expression
output is disputed. Here we explore these questions
by integrating live-cell imaging approaches with
single-cell sequencing technologies. We used this
approach to measure both the dynamics of lipopoly-
saccharide-induced NF-kB activation and the global
transcriptional response in the same individual
cell. Our results identify multiple, distinct cytokine
expression patterns that are correlated with NF-kB
activation dynamics, establishing a functional role
for NF-kB dynamics in determining cellular pheno-
types. Applications of this approach to other model
systems and single-cell sequencing technologies
have significant potential for discovery, as it is now
possible to trace cellular behavior from the initial
stimulus, through the signaling pathways, down to
genome-wide changes in gene expression, all inside
of a single cell.

INTRODUCTION

Advances in single-cell profiling have led to extensive observa-

tion of heterogeneity in signaling network dynamics (Albeck

et al., 2013; Dalal et al., 2014; Lin et al., 2015; Purvis et al.,

2012; Purvis and Lahav, 2013; Ryu et al., 2015). These dynamics

have been connected to fundamental cellular decision-making

processes, including cell death and differentiation (Locke et al.,

2011; Purvis et al., 2012; Santos et al., 2007; Suel et al., 2006).
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Early observations of dynamic behavior in mammalian cells

centered on proteins whose nuclear signal changed over time,

due to either translocation or stabilization (Cohen-Saidon et al.,

2009; Lahav et al., 2004; Nelson et al., 2004; Santos et al.,

2007; Shankaran et al., 2009). However, recent technical ad-

vances in reporter development, including kinase-translocation

reporters (Regot et al., 2014), fluorescence resonance energy

transfer reporters (Aoki et al., 2013; Fritz et al., 2013), and meta-

bolic sensors (Hung et al., 2011; Tsou et al., 2011; Zhao et al.,

2011), have expanded the range of proteins whose dynamic

behavior can now be measured in live single cells, and have

further established temporal encoding as an additional layer of

signaling regulation. Significant progress has thus been made

in characterizing dynamic regulation, from identifying the under-

lying network structure (Alon, 2007; Yosef and Regev, 2011) to

understanding the type of information that can be encoded in

these patterns (Cheong et al., 2011; Selimkhanov et al., 2014).

While the causes of these temporal patterns have been exten-

sively characterized, establishing a connection between dy-

namic signaling patterns and a functional outcome has been

primarily restricted to cases with well-characterized phenotypes

that can bemeasured with single-cell resolution, for instance cell

death or proliferation (Porter et al., 2016; Purvis et al., 2012;

Santos et al., 2007; Spencer et al., 2013; Traverse et al., 1992).

However, in many cases cellular signaling does not lead to a

morphological or distinct visual change in phenotype after expo-

sure to an external stimulus. Therefore, the ability to connect

such dynamic signaling with a downstream output remains a sig-

nificant challenge for the field.

Nuclear factor kB (NF-kB), a critical transcription factor in the

innate immune response, epitomizes this issue. The dynamic

response of NF-kB has been shown to display considerable het-

erogeneity in single cells across a variety of stimuli and cell types

(Hughey et al., 2015; Lee et al., 2009, 2014; Nelson et al., 2004;

Sung et al., 2014; Tay et al., 2010; Zambrano et al., 2016), and

mathematical models have been used to uncover the underlying

regulation of such behavior (Cheong et al., 2008; Nelson et al.,

2004; Tay et al., 2010). While targeted measurements have
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begun to reveal the link between NF-kB dynamics and transcrip-

tion (Lee et al., 2014; Sung et al., 2014), the functional relevance

of these temporal profiles on a genomic scale remains contro-

versial. Specifically, the long-standing question about whether

NF-kB dynamics shape gene expression has failed to be

resolved because (1) until recently it has not been possible to

measure the relevant output, a global transcriptional profile, in

single cells, and (2) it has not been feasible to directly connect

this profile to the NF-kB dynamics captured in a single cell.

The first challenge, single-cell gene expression profiling, has

recently begun to be resolved. For instance, single-cell RNA

sequencing (scRNA-seq) has been used to trace the transcrip-

tome during lung differentiation and reprogramming (Treutlein

et al., 2014, 2016) and has also been applied to tumor phenotyp-

ing with implications for targeted therapy (Patel et al., 2014;

Tirosh et al., 2016). With regard to the second challenge, con-

necting technologies that can measure both dynamic and global

aspects of a system in the same individual cell is required. In

particular, scRNA-seq has not been used in conjunction with

live-cell imaging due to the requirement for cell identity to be

conserved across platforms. This requirement has proved to

be a major impediment in linking signaling network dynamics

to the emergence of cellular phenotypes. Integrating live-cell

imaging with single-cell sequencing technologies would be

extremely advantageous, since it would allow phenotyping of

cells with heterogeneous dynamics without prior knowledge of

their functional consequences.

Here, we describe a method to connect live-cell imaging with

scRNA-seq, allowing temporal signaling patterns to be directly

connected to a transcriptional profile in the same cell. We use

this method to transcriptionally profile cells with heterogeneous

NF-kB activation dynamics. We perform a clustering analysis to

group cells into subpopulations defined either by their NF-kB

activation dynamics or by their transcriptome. We find that

both of these analyses reveal a consistent picture of subpopula-

tions with distinct NF-kB dynamics and gene expression pat-

terns. We construct a comprehensive list of genes whose gene

expression is strongly correlated with NF-kB dynamics and

demonstrate that the direction of this effect is consistent across

all of these genes. We also use our single-cell transcriptomes to

identify two distinct mechanisms—sharing of dynamics and

sharing of regulatory elements—that can cause pairs of genes

to be co-expressed. Our results establish that the heterogeneity

seen in NF-kB activation dynamics and gene expression in single

cells is tightly linked. We conclude by discussing the causal role

of NF-kB dynamics in determining gene expression, the advan-

tages and limitations of our approach, and the future of inte-

grating live-cell imaging with single-cell genomics.

RESULTS

Measuring NF-kB Dynamics and the Transcriptome in
the Same Individual Cell
The key technical challenge of our method is to track single cells

across two distinct and previously incompatible platforms, mi-

croscopy, and scRNA-seq. To conserve cell identity throughout

the measurement, we selected the Fluidigm C1, a platform that

uses an integrated fluidic circuit (IFC) to capture single cells

and generate cDNA libraries. Our laboratory has prior experience
visualizing NF-kB activation dynamics in similar microfluidic

plates (Gomez-Sjoberg et al., 2007; Tay et al., 2010), and

scRNA-seq protocols are already well established for this plat-

form (Shalek et al., 2014; Treutlein et al., 2014). However, the Flu-

idigm C1 is not optimized for live-cell microscopy; most notably,

due to a lack of cell adherence and spreading, the cytoplasmic

and nuclear segmentation essential for tracking NF-kBdynamics

is not possible with standard C1 protocols. To overcome this

challenge we amended standard priming and capture protocols

on the Fluidigm C1 to facilitate rapid cell spreading post capture,

while preserving cell viability (STAR Methods).

Our model system was the lipopolysaccharide (LPS)-depen-

dent response of NF-kB subunit p65 fused to a fluorescent

protein (Lee et al., 2009), and expressed in RAW264.7 cells, a

macrophage-like cell line. LPS, an extracellular component of

Gram-negative bacteria, binds to Toll-like receptor 4 (TLR4)

and, through a well-defined series of events, leads to the nuclear

translocation of NF-kB and subsequent gene expression (Covert

et al., 2005). Measuring the LPS response in these cells on stan-

dard 96-well plates demonstrated that based on their NF-kB

profile, single cells could be clustered into three distinct subpop-

ulations whose principal discriminating feature is either a pro-

longed initial NF-kB response (blue, subpopulation 1), a narrow

NF-kB response (pink, subpopulation 2) or a recurrent NF-kB

response (green, subpopulation 3) (Figure 1A).

We then applied our integrated live-cell imaging/scRNA-seq to

this same condition. A schematic of our experimental approach

is shown in Figure 1B. In brief, using our modified C1 protocols

we stimulated cells on-chip with LPS, imaged their NF-kB

response for a period of time using an epifluorescence micro-

scope (75, 150, 300 min), then returned the IFC to the C1 to

harvest cellular transcriptomes (together with an unstimulated

control) for sequencing.

Integrating Single-Cell Live-Cell Imaging and RNA-
Seq Data
Integrating these two heterogeneous data types presented

unique bioinformatics challenges, as one must deal with the

complexities of each data type as well as the task of integrating

both types of data in a fashion that produces insight. Ap-

proaches to analyzing live-cell imaging data are established, if

somewhat time-consuming (Hughey et al., 2015; Regot et al.,

2014). scRNA-seq analysis has its own set of difficulties, since

scRNA-seq data contain significantly more noise than regular

RNA-seq data (Brennecke et al., 2013). In particular, genes

with high expression display significant variability in their read

counts between biological replicates. Genes with low to moder-

ate expression also show variability, as read counts for a gene

can be present in some cells but absent in others (an effect

termed dropout). While statistical models exist to describe and

mitigate these effects, the noisy nature of scRNA-seq data

makes it difficult to determine true differences in gene expres-

sion between single cells (Finak et al., 2015; Kharchenko et al.,

2014; Pierson and Yau, 2015).

To meet these challenges, we developed a bioinformatics

pipeline to interface with both single-cell live-cell imaging and

RNA-seq data. A schematic of this pipeline and its application

to our data is shown in Figures 2A and 2B. Our analysis pipeline

centers around a Python container we term a ‘‘cell object’’ that
Cell Systems 4, 458–469, April 26, 2017 459
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Figure 1. An Integrated Single-Cell Imaging and RNA-Seq Platform to Phenotype Cells with Distinct NF-kB Dynamics

(A) Heterogeneity in the population response to LPS. RAW 264.7 cells expressing p65-Clover were exposed to LPS on a 96-well plate and then imaged for 5 hr.

The observed dynamics of 828 cells can be categorized into three subpopulations. The first subpopulation (blue) has a broad initial response, the second (pink)

has a narrow initial response, and the third (green) has a recurrent response. The dynamic profiles shown are of single cells which are representative of each

subpopulation. au, arbitrary units.

(B) Experimental integration of live-cell imagingwith single-cell RNA-seq. To phenotype these three populations, we have combined live-cell imagingwith scRNA-

seq. The NF-kB activity of RAW 264.7 cells were imaged on a C1 microfluidic chip after exposure to LPS. Cells were harvested at three time points (75, 150, and

300 min) to have their transcriptomes sequenced. Because each cell has a record of its NF-kB dynamics and a single-cell transcriptome, the individual tran-

scriptomes can be combined to phenotype the three subpopulations defined by their NF-kB dynamics.
stores all of the relevant data (its signaling dynamics and its

transcriptome) and metadata (time point, C1 well location, etc.)

available about an individual cell (Figure 2A). Storing the data

in this fashion greatly facilitated our analysis. We constructed

analysis pipelines for each type of data stored in cell objects.

The first pipeline quantified the NF-kB dynamics from the fluo-

rescent images of p65-Clover. The second pipeline quantified

our scRNA-seq libraries by performing quality control on

sequencing reads, aligning reads to the mouse transcriptome,

and employing a Bayesian framework to fit a statistical model

and infer transcript abundances (Bray et al., 2016; Kharchenko
460 Cell Systems 4, 458–469, April 26, 2017
et al., 2014). By using this Bayesian framework we were able

to combine single-cell transcriptomes from a collection of cells

into a group transcriptome. Our bioinformatics pipeline is out-

lined in full detail in STAR Methods along with files containing

the NF-kB dynamics (Table S1) and transcriptome data (Table

S2) for each cell.

To counteract the effects of noise in single-cell RNA-seq, we

opted to focus on the behaviors of groups of cells as opposed

to single cells. This approach has the significant advantage of

mitigating the noise present in scRNA-seq data, and thus in-

creases our statistical power. We defined these groups in two
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Figure 2. An Analysis Pipeline for Integrating Single-Cell NF-kB Activities and Single-Cell Transcriptomes Identifies Genes Differentially Ex-
pressed between Populations with Distinct NF-kB Dynamic Profiles

(A) The single-cell scale pipeline quantifies and performs quality control on both live-cell imaging and scRNA-seq data. Image segmentation and time-series

normalization is conducted to quantify the signaling dynamics while Kallisto is used to align sequencing reads and quantify the transcriptome (Bray et al., 2016).

All data and metadata are then stored in cell objects after processing.

(B) Collections of cell objects are fed into the population scale pipeline, which performs time-series clustering on the signaling dynamics to identify sub-

populations and then uses a Bayesian inference approach to compute the subpopulation transcriptomes from single-cell transcriptomes.

(C) Time series clustering using a cross-correlation-based similarity metric and hierarchical clustering identifies three subpopulations with distinct NF-kB dy-

namics as described in Figure 1A. Each individual cell is assigned a subpopulation based on its NF-kB dynamics.

(D) Using the method outlined in Paparrizos and Gravano (2015), we can compute a representative profile of the NF-kB activity for each cluster.

(E) Single-cell transcriptomes are then measured for each cell in (C), allowing us to have a record of NF-kB activity and transcription profile specific to each cell.

FPM, fragments per million.

(F) Using the Bayesian inference method described in Kharchenko et al. (2014), we can integrate all of the single-cell transcriptomesmeasured for each cluster to

infer the subpopulation gene expression for each gene. Integrating the transcriptomes within each cluster identifies genes that are differentially expressed based

on the cell’s NF-kB dynamics. Four of the genes shown here were chosen to illustrate cases with significant expression differences between one or more

subpopulations, with Prdx1 added as a comparison gene for which no difference was observed. Single-cell expression heatmaps for the complete set of genes

considered further in this study are shown in Figure S1C.
orthogonal but complementary ways. The first way is by clus-

tering cells using their NF-kB dynamics and the second is by

clustering them using their single-cell transcriptomes. For clarity,

when clustering cells by their NF-kB dynamics we refer to the

clusters as ‘‘subpopulations’’ and when clustering cells by their

transcriptomes we refer to the clusters as ‘‘groups.’’

Each approach has its own advantages. Clustering by NF-kB

dynamics allows us to directly interrogate the subpopulations we

observed in our original live-cell imaging experiments for differ-
ences in gene expression. Because we can identify the same

subpopulations at different time points and across experimental

platforms, we can reconstruct transcriptome dynamics and vali-

date our findings using RNA fluorescence in situ hybridization

(FISH). Clustering by single-cell transcriptomes allows us to

highlight groups with significant transcriptional differences and

assess them for differences in NF-kB dynamics. This approach

serves as a complementary assessment of the links between

NF-kB dynamics and gene expression. Furthermore, it enables
Cell Systems 4, 458–469, April 26, 2017 461



us to take a systems-level view of these links in a fashion that

highlights differences in gene expression as opposed to differ-

ences in dynamics. This integrated analysis approach is a

feature that is only made possible bymerging single-cell imaging

and sequencing technologies.

Clustering by NF-kB Dynamics Enables a
Reconstruction of Transcriptome Dynamics
We sought to identify all of the genes exhibiting significant differ-

ential expression based on their NF-kB nuclear localization dy-

namics. To reduce the occurrence of spurious results, as can

happen given the dropout events that are widespread in

scRNA-seq data (Kharchenko et al., 2014), we limited our survey

to genes that were significantly differentially expressed in com-

parison with unstimulated cells (STAR Methods). We first identi-

fied the top 100 differentially expressed genes (with respect to

the unstimulated 0-min sample) at each time point. Genes which

exhibited more than 90% dropout (i.e., greater than 90% of cells

having a fragments per million [FPM] count of 0) were removed

from the list. The transcription factor Atf3 was manually added

to our list to assess consistency with our RNA FISH validation

measurement. This curation led to a list of 113 genes. With the

list of target genes identified, we then clustered the cells at

each time point using their NF-kB dynamics (Figures 2C–2E

and S1A) and used the clusters’ NF-kB dynamics to link them

across time points (Figure S1B). We then used a Bayesian infer-

ence approach to compute the transcriptome for each subpop-

ulation at each time point (Figure 2F). Heatmaps showing the

FPM for every gene in every cell, and all genes in our list, for all

time points are shown in Figure S1C. The gene expression dy-

namics of every gene in our list are shown in Figure S2.

Subpopulation Transcriptomes Determined by scRNA-
Seq Are Consistent with Known Regulatory Interactions
and with RNA FISH
Having obtained and analyzed the data, we wanted to determine

whether our approach produced results that were consistent

with the literature and other measurement modalities. First, we

searched the subpopulation transcriptomes for genes already

known to play a role in the NF-kB regulatory network (Figures

3A and 3C). Our expectation was that the subpopulations with

increased NF-kB activity (i.e., subpopulations 1 and 3) would

exhibit increased expression of genes that are induced by NF-

kB to provide negative feedback to its effects. Consistent with

our expectation, a number of NF-kB-induced negative regula-

tors, including Nfkbia (IkBa), Tnfaip3 (A20), and Nfkbiz (Ikbz), all

showed increased expression in association with prolonged

NF-kB activity, while the narrow peak of NF-kB activation seen

in subpopulation-2 cells is not sufficient to lead to accumulation

of these factors. We then performed additional validation exper-

imentally, by integrating live-cell imaging with endpoint RNA

FISH to follow the expression of eight different genes (Tnfaip3,

Ccl4,Ccl5, Tnfsf9,Nfkbia,Nfkbiz,Cxcl2, and Atf3) over time (Fig-

ures 3B, 3C, S3A, and S3B) (Battich et al., 2013). The represen-

tative traces for the subpopulations defined in the scRNA-seq

experiment were used to categorize the cells in these datasets

(Figure S3B). As shown in Figures 3C and S3A, both the temporal

trends and the patterns of differential expression between sub-

populations are consistent between the two datasets.
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The expression dynamics of several genes confirmed our

hypothesis that heterogeneity in NF-kB activation dynamics

can be linked to differential gene expression between subpopu-

lations (Figures 3D and S2). For example, we found that the cy-

tokinesCcl3 (Mip-1a) andCcl5 (Rantes), both chemoattractants,

were highly upregulated only in subpopulation-1 cells by the

300-min time point. A bootstrapping analysis, shown in Fig-

ure S4, demonstrated that these differences in gene expression

are much greater than would be expected by a random clus-

tering of cells. A unique set of genes was differentially expressed

in subpopulation-3 cells at 300 min, most prominently Saa3 and

Il1f9 (Il-36). Bootstrapping showed that these differences are

unlikely to occur by random clustering, but they are not signifi-

cant by the traditional p value threshold of 0.05. We attribute

this to the small number of cells classified as subpopulation 3.

Multiple other inflammatory genes, such as Tnf and Cxcl2

(Mip-2a), showed differences in gene expression in subpopula-

tion-1 and -3 cells, although their temporal profiles peaked prior

to the 300-min time point (likely due to tristetraprolin-mediated

degradation [Hao and Baltimore, 2009]). Interestingly, no genes

were found to be exclusively differentially upregulated in sub-

population-2 cells at 300 min. This could be a result of our

normalization method, which causes the single peak of NF-kB

activity found in subpopulation 2 to be common to all three

subpopulations.

Perturbation Experiments Confirm a Role for TNF-a in
Creating Heterogeneous NF-kB Dynamics in Response
to LPS
Prior work has shown that paracrine signaling plays an impor-

tant role in constructing heterogeneous NF-kB dynamics in

response to LPS. For instance, TNF-a has been shown to be

responsible for prolonged NF-kB activity after stimulation with

LPS in mouse embryonic fibroblasts (Covert et al., 2005),

although recent work with macrophages suggests that this

may not be universal across cell types (Caldwell et al., 2014).

Other secreted proteins may also induce autocrine or paracrine

signaling; for instance, SAA3 is known to stimulate TLR4 and

activate NF-kB (Hiratsuka et al., 2008). This mode of signaling

makes it difficult to determine causality, as differences in gene

expression brought about by intrinsic noise can lead to differ-

ences in NF-kB dynamics. We note that in our C1 experiment

the isolation of cells into their own chamber means this form of

signaling is by definition autocrine, even though the physical ba-

sis (secretion and feedback) is the same. Such cell isolation, and

the associated absence of cell-cell communication, has recently

been shown to influence LPS-induced cytokine production

(Shalek et al., 2014; Xue et al., 2015). In comparison with stan-

dard 96-well-plate experiments, we found that cell isolation on

the C1 led to a shift in the subpopulation sizes; the size of sub-

population 3 increased from 1.3% on a 96-well plate to 8.1% on

the C1 (Figure 3E).

To investigate the influence of cell density further, we

measured the distribution of the three subpopulations over a

range of cell-plating densities, and found that as the cell density

decreases the activation profile of the broad initial response sub-

population (blue, subpopulation 1) morphs from two distinct

peaks to one prolonged initial peak, similar to the profiles seen

when single cells are imaged in the C1 microfluidic device
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Figure 3. Connecting Dynamically Defined Clusters across Time Points Identifies Genes whose Expression Levels Are Determined by NF-kB

Dynamics

(A) Time course of transcript expression levels for the three dynamically defined clusters as determined by scRNA-seq. By linking together the representative

profiles of NF-kB activity for each time point, we can follow the expression of each transcript in each cluster over time. Here we highlight transcripts involved in the

NF-kB regulatory feedback network. Shaded areas represent 68% confidence intervals.

(B) Raw data of NF-kB dynamics and RNA FISH in single cells. The cell in (i) belongs to subpopulation 1 while the cell in (ii) belongs to subpopulation 2.

(C) Time course of transcript expression levels for the three dynamically defined clusters as determined by either (i) scRNA-seq or (ii) RNA FISH. For scRNA-seq,

shaded areas represent 68% confidence intervals. For RNA FISH, shaded areas represent the SE of the median, which was computed using its asymptotic limit

for normally distributed data. No subpopulation-3 cells were identified in the Ccl4 and Tnfsf9 RNA FISH experiments at the 300-min time point.

(D) Time course of transcript expression levels of notable genes for the three dynamically defined clusters as determined by scRNA-seq organized by their

expression profile.

(E) Abundances of each cluster after perturbation with brefeldin A or sTNFRII. p Values are in comparison with the LPS-stimulated 96-well condition and were

computed using a c2 analysis. Subpopulations are colored as follows: subpopulation 1, blue; subpopulation 2, pink; subpopulation 3, green.
(Figure S5A). We also found that the fraction of cells in the recur-

rent subpopulation (green, subpopulation 3) decreases as the

cell density decreases.

We then investigated whether chemical perturbation of NF-kB

dynamics would alter transcript dynamics. For this we used lep-

tomycin B (LMB), an inhibitor of nuclear export, followed by RNA

FISH to measure the consequences for gene expression. Since

LMB is expected to result in a short pulse of NF-kB activity,

our expectation was that the gene expression should more

closelymimic that of subpopulation 2 rather than subpopulations

1 and 3 (Sung et al., 2009). While LMB is an imprecise tool with

which to perturb NF-kB dynamics, we found that the outcome

for gene expression in LMB-treated cells was that these cells

qualitatively resembled subpopulation-2 cells, more so than
either of the other subpopulations. In particular, Ccl5 was mini-

mally induced (Figure S5B).

We then took a more targeted approach to assess the role of

paracrine signaling in creating the observed NF-kB dynamics by

stimulating RAW264.7 cells expressing p65-Clover with LPS and

then exposing them to either brefeldin A (to prevent secretion) or

soluble TNF receptor II (sTNFRII) to block signaling through

secreted TNF-a. We then measured the nuclear localization of

NF-kB over time and assigned each cell to a subpopulation

based on its NF-kB dynamic profile (Figure S5C). Only treatment

with sTNFRII leads to a statistically significant (defined as p <

0.05) shift in subpopulation sizes, with fewer cells belonging to

subpopulation 1 and none in subpopulation 3 (Figures 3E and

S5C). We note that brefeldin A has widespread consequences
Cell Systems 4, 458–469, April 26, 2017 463



for cellular trafficking and does not block all signaling through

TNF-a, as transmembrane TNF-a can still activate its receptor

(Grell et al., 1995). These results show that feedback through

TNF-a is a significant contributor to the existence of the three

subpopulations. The increased Tnf-a expression we observed

in both subpopulations 1 and 3 adds further credence to this hy-

pothesis (Figure 3D). Taken together, these results suggest that

the heterogeneity we observe in the dynamics of the NF-kB

response to LPS is in part due to cell-to-cell variability in the

response of Tnf-a to activation by NF-kB.

Clustering by Single-Cell Transcriptomes Recapitulates
Differences in NF-kB Dynamics
Next, we took an orthogonal slice through our dataset by clus-

tering cells into groups that had similar transcriptomes as

opposed to similar dynamics. The results of our transcriptome

clustering analysis at the 150-min time point, which showed

the strongest differences between groups, are shown in Fig-

ure 4A. The remaining time points are shown in Figure S6C. Curi-

ously, we note that the 150-min time point was taken just after

the most heterogeneous period of NF-kB dynamics (highlighted

in gray in Figure 4B). Most striking in Figure 4A is the second

group (red), which shows muted gene expression across almost

all of the genes. Using our bioinformatics pipeline, we were able

to compute representative NF-kB dynamics for each of the clus-

ters we identified. This is shown in Figures 4B (150 min) and S6B

(all time points). Remarkably, we found large differences in the

NF-kB dynamics between clusters. In particular, at 150 min the

first (blue) and second (red) groups bear a strong resemblance

to the broad and narrow NF-kB dynamics we had previously

identified. A bootstrapping analysis, presented in Figure S7,

demonstrated that differences in dynamics of this magnitude

are unlikely to occur by random clustering. For each group, we

can use Bayesian inference to compute the group transcrip-

tome; this is shown in Figure S8. For a number of the genes

(Ccl3, Ccl4, Ccl5, Cxcl2, Cxcl10, and Tnf) the differences in

gene expression across groups are consistent with the trends

observed when clustering by NF-kB dynamics. That is, gene

expression is elevated in the group with broad NF-kB dynamics,

depressed in the group with narrow NF-kB dynamics, and inter-

mediate in the remaining groups. We note that the clusters iden-

tified by transcriptome clustering and NF-kB dynamics clus-

tering do differ somewhat in their assignments for each cell

(Table S3). Some discrepancies are to be expected, as the clus-

tering approaches are different. For instance, the subpopulation

with recurrent NF-kB dynamics did not appear in this analysis;

those cells instead clustered with the cells with broad NF-kB dy-

namics (Figure S6A). Despite these differences, the general

behavior of clusters identified from dynamics and gene expres-

sion are consistent for both views through the data. Thus we

conclude from our analysis that within our data, NF-kB dynamics

and gene expression are linked.

A Systems-Level View of the Link between NF-kB
Dynamics and Gene Expression
Clustering cells into groups by their transcriptomes also provides

the opportunity to take a systems-level view of the connection

between NF-kB dynamics and gene expression. Each genetic

locus we survey can be viewed as a measurement of the
464 Cell Systems 4, 458–469, April 26, 2017
response of promoters to NF-kB dynamics. By viewing these

measurements in aggregate, we can gain some insight into

how many genes differentially respond to the dynamics of

NF-kB activation, whether these loci respond in a similar fashion,

and potentially whether the link between NF-kB dynamics and

gene expression is causal. To perform this analysis, we took

the 113 genes identified from our scRNA-seq data and plotted

the group gene expression of each gene against the total (in-

ferred after combining all groups) gene expression. This plot

for 150min is shown in Figure 4C; the plot for all other time points

is shown in Figure S9. As shown in Figure 4C, 21 of the 113 genes

considered display significant differences (greater than 4-fold

between the highest and lowest groups) in gene expression at

this time point, while eight genes showed differences at 75 min

and 300 min (Figure S9). The large number of genes at the

150-min time point is likely due to the cells being harvested

directly after the most heterogeneous period in the NF-kB dy-

namics. At 75 min, the consequences of the dynamic response

are not as pronounced; at later times, we suspect that some of

the expression changes have been complicated by mRNA

degradation. Remarkably, the ordering of groups by gene

expression magnitude for these 21 genes is identical. In other

words, these loci behave differently in groups with different pat-

terns of NF-kB activation, and they all behave differently in the

same fashion. This behavior also holds true for the 75- and

300-min time points.

Shared Dynamics and Shared Regulatory Elements
Induce Co-expression between Pairs of Genes
Because these 21 genes were all linked in the same fashion to

NF-kB dynamics, we reasoned that this behavior may induce a

correlation in the expression of pairs of genes. A schematic for

how such a phenomenon could arise is shown in Figure 4D.

While two genes may not display significant correlations within

each group, when comparing all groups in aggregate it is

possible for a net correlation to arise. This is because both genes

share the same link to NF-kB dynamics, and hence the centroids

of the groups are arranged in the same order for both genes,

which can lead to a correlation. An alternative, biological mech-

anism that could induce correlations between pairs of genes is to

have two genes share a regulatory element such as an enhancer.

A schematic of how we would expect such a pair of genes to

behave is shown in Figure 4D. In this case, we would expect a

strong correlation to exist both within each group and when

comparing all subgroups.

We searched for signs of the two mechanisms in our data

by first comparing all non-identical pairs of our 21 genes at

150 min and then computing the Pearson correlation. We found

the Pearson correlation among these 21 genes to be 0.250 ±

0.006; comparing the remaining 92 genes with themselves

yielded an average Pearson correlation of 0.040 ± 0.001. After

examining all of the pairs of genes, we identified two representa-

tive pairs, Irg1/Cxcl2 and Ccl3/Ccl4, whose behavior matches

that expected of our two hypothesized mechanisms for inducing

correlations. The data for these two gene pairs are shown in Fig-

ure 4E; the Irg1/Cxcl2 gene pair has a significant correlation

when all of the data are considered together, but within each

group the correlation is low. Conversely, the Ccl3/Ccl4 gene

pair exhibits a strong correlation when considered in aggregate
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Figure 4. Transcriptome Clustering of Single Cells Reveals the Systems-Level Impact of NF-kB Dynamics

(A) Gene expression heatmap at 150 min after transcriptome clustering. Gene expression is significantly muted in the second (red) group.

(B) Inferred dynamics for transcriptome clusters. A representative profile for the clusters identified in (A) is computed using themethod of Paparrizos and Gravano

(2015). The dynamics identified for the first (blue) and second (red) clusters are identical to the broad and narrow dynamics identified in Figure 1. The region of the

NF-kB dynamics that displays the most difference between clusters is marked in gray.

(C) A systems-level view of the link between NF-kB dynamics and gene expression. For each gene, we plot the gene expression of each cluster versus the gene

expression without clustering. Each data point is colored by the color of the cluster to which it belongs. Solid lines represent two fold changes in gene expression.

(legend continued on next page)
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and in separate groups. Ameta-analysis of several published da-

tasets (Tong et al., 2016) (shown in Figure S10) revealed a region

on chromosome 11 between Ccl3 and Ccl4 that binds NF-kB

and attains the hallmarks of an enhancer in murine bone

marrow-derived macrophages after stimulation with lipid A (a

component of LPS) (Ghisletti et al., 2010; Tong et al., 2016).

We speculate that this enhancer is shared between Ccl3 and

Ccl4 and is responsible for their coordinated expression.

DISCUSSION

The link between signaling network dynamics and gene expres-

sion has been difficult to decipher because many temporal

signaling patterns do not lead to a visually striking phenotype.

In this work, we offer a solution to this problem by merging

live-cell imaging with scRNA-seq. We apply this approach to

the problem of understanding the influence of heterogeneity in

NF-kB dynamics on gene expression. Clustering cells by

NF-kB dynamics enabled us to reconstruct transcriptome dy-

namics and allowed us to identify several genes—including

Ccl3 and Ccl5—that are differentially expressed between sub-

populations with distinct NF-kB dynamics. Clustering cells by

their transcriptomes revealed groups that had distinct dynamics.

A systems-level analysis revealed 21 genetic loci that display

differential expression across these groups in a manner consis-

tent with NF-kB behaving as an activator, as groups with more

prolonged NF-kB activity displayedmarkedlymore gene expres-

sion than groups with short NF-kB activity. We then showed that

this pattern of behavior, as well as shared regulatory elements,

can induce correlations between pairs of genes. By taking these

two orthogonal views through our dataset, a consistent story

emerged: that NF-kB dynamics and gene expression are tightly

linked.

Despite being observed across multiple different stimuli and

cell types, the functional importance of NF-kB dynamics has re-

mained controversial. Our work helps resolve this controversy by

using the natural heterogeneity of NF-kB dynamics in response

to LPS to show that specific profiles of NF-kB activity corre-

spond to specific transcriptional phenotypes of functional signif-

icance. While this link is clearly present in our data, the question

remains whether it is causal; that is to say, is it the NF-kB dy-

namics itself that is driving these differences in gene expression?

When our measurements are taken together with the existing

literature showing that gene expression and particular features

of NF-kB dynamics are correlated (Lee et al., 2014; Sung et al.,

2014; Tay et al., 2010; Xue et al., 2015; Zambrano et al., 2016),

we consider there is significant proof for such a link. Our work

has identified 21 loci that all share the same differential gene

expression linked to differences in NF-kB dynamics. While it is

possible that these differences in gene expression drive NF-kB

dynamics, as is the case for Tnf-a, it is unlikely for all of these
Genes with significant differences in gene expression across clusters all share t

cluster 2 (red) having the lowest.

(D and E) Co-expression of genes can be induced either by shared dynamics o

response to NF-kB dynamics, this shared response will induce a correlation in t

exhibit a low correlation between these two geneswhile all of the clusters consider

element would cause a strong correlation between two genes across all cluster

Ccl4 (E).
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genes to do so. This is supported by the fact that blocking secre-

tion by brefeldin A treatment did not significantly alter NF-kB

dynamics while treatment with soluble TNF-a receptor did. It is

possible that activation of an alternative pathway is responsible

for these differences in gene expression (Chen et al., 2012).

However, comparing our list of differentially responsive genes

with a recent systems-level analysis of gene expression in

response to lipid A (a component of LPS), which identified genes

dependent on MAPK and IRF-3 signaling for gene expression

(Tong et al., 2016), demonstrated that the element these genes

have most in common is NF-kB binding.

Taken together, our results and the literature strongly suggest

that the immune system may use heterogeneity in NF-kB dy-

namics to establish subpopulations with specified abundances

and address them transcriptionally. This heterogeneity in turn

would allow the immune system to limit, both temporally and

spatially, which cells express and secrete particular proteins.

This may be advantageous: for instance, the restriction of high

expression of chemoattractants, such as CCL3 and CCL5, to a

subpopulation of cells may serve to tightly regulate the recruit-

ment of other immune cell types. From this perspective, the

population is able to function not despite this form of cellular het-

erogeneity but rather because of it. Deciphering mechanistically

how the cell decodes this form of regulation remains an open

question that should be the focus of future work (Hansen and

O’Shea, 2013; Levine et al., 2013; Tong et al., 2016). Our technol-

ogy will empower these efforts, as we can now systematically

identify loci where signaling dynamics are differentially decoded.

The approach we have taken to connect signaling dynamics to

differences in cellular phenotypes has four main advantages

over prior studies. First, because the single-cell transcriptome

is our measure of a cell’s phenotype, this method does not

require a visual observation to connect signaling dynamics to

phenotypes. This is advantageous because the response of

numerous signaling molecules, including but not limited to

NF-kB, does not result in a change observable under the micro-

scope. Second, scRNA-seq enables a genome-scale measure-

ment of the transcriptome. Previous studies examining how cells

decode dynamic signals to produce transcriptional outputs

coupled live-cell imaging with single-molecule RNA FISH, which

requires a priori knowledge of which genomic loci should be

measured (Purvis et al., 2012). scRNA-seq bypasses this limita-

tion by sampling the entire transcriptome, measuring every

genomic locus simultaneously. Third, our approach is generaliz-

able to any network that can be visualizedwith a live-cell reporter

and is also amenable to multiplexing live-cell reporters. Fourth,

because we are using the Fluidigm C1, our sequencing readout

can be expanded to any sequencing readout available for theC1,

such as single-cell ATAC (assay for transposase-accessible

chromatin) sequencing (Buenrostro et al., 2015) or T cell receptor

single-cell sequencing (Stubbington et al., 2016).
he pattern of cluster 1 (blue) having the highest level of gene expression and

r by shared regulatory elements. (D) If two genes have the same differential

he expression of those two genes. In this scenario, we expect each cluster to

ed together would exhibit strong correlation. In contrast, sharing of a regulatory

s. These two scenarios are exhibited by the gene pairs Irg1/Cxcl2 and Ccl3/



As with all technologies, our approach is not without limita-

tions. First, due to the need to conserve cell identity, our

approach requires a Fluidigm C1, which is limited to 96 cells

per chip. The C1 is thus lower-throughput than many other

mRNA-seq methodologies, for instance Drop-seq (Klein et al.,

2015; Macosko et al., 2015), and this may preclude the detection

of extremely rare events. Second, for cells to be amenable for

use in this method they must be able to survive in the C1 and

spread out rapidly to allow both the nucleus and cytoplasm to

be detected. As with many methods, this may be more feasible

for cell lines than primary cells. Third, the FluidigmC1 only allows

a single stimulus to be administered per chip, thus necessitating

different stimuli or concentrations to be processed on separate

chips. Fourth, the dynamic events to be imaged must occur on

the order of minutes to hours due to limitations with prolonged

viability on the chip: cells were imaged for only 5 hr in our ex-

periment (Figure S11A). We anticipate that viability could be

improved with modifications to the microfluidic device (Go-

mez-Sjoberg et al., 2010). Fifth, because the microfluidic chip

is not designed specifically for imaging, we were restricted to im-

plementing a normalization method that is unable to detect

phenomena such as fold-change detection (Lee et al., 2014).

We anticipate that improvements in chip design will eventually

remove this limitation. The final limitation is the issue of cell isola-

tion. Culturing cells on-chip requires that individual cells be

isolated, making this approach unsuitable for studying phenom-

ena that involve paracrine signaling. Furthermore, some sys-

tems, such as stem cells, consist of cells that cannot be cultured

in isolation. Circumventing this limitation would require amethod

to preserve cellular identities from the dish to the sequencing

platform. Despite these limitations, our method affords unique

insight into the consequences of signaling dynamics that would

be difficult to obtain by either method in isolation.

In conclusion, the work presented here details our efforts to

integrate heterogeneous measurements inside single cells. We

found that our approach of analyzing clusters of cells that

had either similar NF-kB dynamics or similar transcriptomes

improved the statistical resolving power of our sequencing

data. The method developed here is easily generalizable to other

live-cell reporters and sequencing readouts. For futuremeasure-

ments, we envision multiplexed live-cell reporters coupled with

two or more endpoint sequencing read outs all coming from

the same individual cell. As was the case with our case study

on NF-kB, we are hopeful that this technology will shed light

on how the cell encodes and decodes information using

signaling network dynamics, and the global impact of these dy-

namics on cellular phenotypes.
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Tnfaip2 type 6 FISH probe eBioscience Custom order

Recombinant DNA

pGK-H2B-mCerulean3-hygro (lentiviral) This paper N/A

p65promoter-p65-Clover-puro (lentiviral) This paper N/A

(Continued on next page)

e1 Cell Systems 4, 458–469.e1–e5, April 26, 2017



Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Software and Algorithms

iPipet Software Zielinski et al., 2014 http://ipipet.teamerlich.org/usage

BBTools http://jgi.doe.gov/data-and-tools/bbtools/ https://sourceforge.net/projects/bbmap

Kallisto Bray et al., 2016 https://pachterlab.github.io/kallisto/

SCDE R package Kharchenko et al., 2014 http://hms-dbmi.github.io/scde/

Matlab MathWorks https://www.mathworks.com

Fiji Schindelin et al., 2012 https://fiji.sc

Python https://www.python.org/ N/A

C1 cell loading script Fluidigm, this paper Cell Load (10 min wash) (1771x).py

C1 stimulation script Fluidigm, this paper Stimulation (1771x).py

Other

96-well glass imaging plate Thermo Fisher Scientific 164588

AeraSeal film Sigma Aldrich A9224

Breathe-Easy seal Sigma Aldrich Z380059
CONTACT FOR REAGENT AND RESOURCE SHARING

Further information and requests for resources should be directed to and will be fulfilled by the Lead Contact, Markus Covert

(mcovert@stanford.edu).

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Cell Lines and Cell Culture
RAW264.7 cells from ATCC and its derivative, RAW264.7-p65Clover-H2B-mCerulean3, were maintained in DMEM supplemented

with 10% FBS (Omega Scientific), 2mM L-Glutamine (Life Technologies), and 1X Penicillin/Streptomycin (Life Technologies) at

37�C, 5% CO2.

293FT cells were from Thermo Fisher Scientific and were maintained in DMEM supplemented with 10% FBS (Omega Scientific),

2mM L-Glutamine (Life Technologies), and 1X Penicillin/Streptomycin (Life Technologies) at 37�C, 5% CO2. Cell lines were not

authenticated.

METHOD DETAILS

Cell Line Generation and Reagents
Lentivirus was generated using 293FT cells. RAW264.7 cells were infected with lentivirus expressing p65cDNA-Clover under the

control of a near-endogenous promoter and lentivirus expressing H2B-mCerulean3, and selected with puromycin (2mg/ml) and

hygromycin (200mg/ml). Cells were then single-cell sorted to select for those with sufficiently high expression of p65 to facilitate im-

aging on the C1 chip. The response of clones to LPSwas compared to the unsorted parental line and four clones closelymatching the

dynamics of the parental line were then pooled and used for all subsequent experiments. Prior to imaging cells were switched to im-

aging media (Fluorobrite (Thermo Fisher Scientific, A1896701), 10mM Hepes, 1% FBS, L-Glutamine). Reagents used were: LPS

(Enzo Life Sciences, ALX-581-010-L001), recombinant mouse sTNFRII/TNFRSF1B (Fisher Scientific, 426-R2-050), brefeldin A

(BD Biosciences, 555029, Golgi Plug), Leptomycin B (Cell Signaling Technology, 9676).

Live-Cell Imaging of RAW264.7 Cells in 96-Well Plates
RAW264.7 cells were plated at a range of densities from 2500-25000 cells/well of a fibronectin-coated (10mg/ml) (Sigma Aldrich,

F0895) 96-well glass imaging plate (Fisher Scientific, 164588) and allowed to attach overnight. 1 hour prior to imaging cells were

rinsed in PBS and imaging media was added to the cells. An AeraSeal film (Sigma Aldrich, A9224) was applied to the plate and

a pre-stimulation image was acquired in the appropriate channels. LPS (100ng/ml) was then added to the cells, and imaging recom-

menced. Notably, the three subpopulations identified in our initial population studiesweremaintained across a range of cell densities,

suggesting that single-cell isolation, such as occurs on the C1 IFC, would not preclude observation of these distinct phenotypes

(Figure S5A). For smFISH experiments cells were plated at a density of 5000 cells/well. For experiments involving Brefeldin

A (5mg/ml), sTNFRII (5mg/ml), or Leptomycin B (18nM) these were added simultaneously with LPS.
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Live-Cell Imaging of RAW264.7 Cells on C1 IFC
Standard protocols for cell capture on the Fluidigm C1 IFC result in cells rounded up at the capture site, and imaging is typically

limited to live/dead staining. In contrast, many live-cell sensors require a clear demarcation between cytoplasm and nucleus as

they are based on fluorescence changes in both compartments. To facilitate segmentation of subcellular compartments, standard

microscopy experiments typically allow cells to attach and spread on extracellular matrix coated glass overnight prior to imaging.

Since standard C1 protocols generally involve lysis directly after capture, we developed a protocol that would facilitate rapid cell

spreading post capture and thus allow prompt imaging prior to later lysis and cDNA generation. We first selected an extracellular

matrix protein and concentration that allowed cells to attach and spread onto standard 96 well microscopy plates within 10-15 mi-

nutes. We found that fibronectin is effective at achieving this goal, but only at concentrations that are 20-35 fold higher than standard

overnight attachment protocols (200-350mg/ml vs 10mg/ml). We therefore modified the standard Fluidigm C1 priming and capture

protocols as detailed below to allow (i) coating of the chip with fibronectin, (ii) cell capture and spreading prior to imaging, and

(iii) stimulation of captured cells with a ligand. Prior to cell capture a Fluidigm C1 IFC (5-10mm) was coated with 350mg/ml fibronectin

by adding 20ml of fibronectin to the inlet and outlet ports and running the standard C1 priming script. The C1 chip was then covered

with a Breathe-Easy seal (Sigma Aldrich, Z380059) and placed in an incubator (37�C, 5% CO2) for two hours. The C1 chip was then

washed with PBS to remove fibronectin and the chip was re-primed with imaging media. Accutase (Sigma Aldrich, A6964) was used

to prepare a single-cell suspension of RAW264.7 cells and cells were resuspended to a density of 1.5-2x105 cells/ml in imagingmedia

prior to capture on the C1 chip using a custom script (Data S1 ‘‘Cell Load (10 min wash) (1771x).py’’). The chip was covered with a

Breathe-Easy seal and placed in an incubator for 1 hour to allow cell spreading. Cells were imaged with a Nikon Eclipse Ti fluores-

cence microscope equipped with temperature (37�C) and environmental control (5% CO2) and controlled by Micromanager. Images

were acquired using a 20x objective with a 1.5x tube lens. Prior to stimulation images were acquired at each capture site. A custom

C1 script (Data S1 ‘‘Stimulation (1771x).py’’) was then used to stimulate cells on the chip with LPS (100ng/ml) – added to port 5 - and

the chip was then covered with a Breathe-Easy seal, replaced on themicroscope and imaging recommenced. Images were acquired

at 5 minute intervals for a duration of 75, 150, or 300 mins. Time points were selected based both on the results of our standard

96-well plate imaging experiments and to account for the 15-30 minute delay in transcriptional changes being reflected in the

mRNA content (Rabani et al., 2011). Post-imaging the standard C1mRNA-seq protocol was run using the C1 SMARTer kit fromClon-

tech. Array control Spike-ins (Thermo Fisher Scientific) were added according to the standard FluidigmC1 protocol. cDNA amplicons

were quantified in a 96-well plate (Corning, 3603) with Quant-IT PicoGreen dsDNA assay kit (Thermo Fisher Scientific, P7589). For the

viability assay RAW264.7 cells were captured on a fibronectin-coated C1 IFC, stained with the Live/Dead Viability/Cytotoxicity kit

(Thermo Fisher Scientific, L3224), stimulated with imaging media to mimic our standard protocol, and then the chip was imaged

for 8hours at 5 minute intervals. Distinct physical locations for the microscope and the Fluidigim C1 caused 15 minutes to elapse

between the end of imaging and the initiation of the Fluidigm C1 mRNA-seq protocol. For consistency, this time window was main-

tained for all experiments, including those that availed of a Fluidigm C1 adjacent to the microscope.

Library Preparation of Cells Captured on C1 IFC
Prior to library preparation cells passing quality control were selected from each chip in chronological order and re-arrayed into

96-well plates using iPipet software (Zielinski et al., 2014). Library preparation was then carried out using the Nextera XT kit (Illumina)

and library size distribution and quantitation was carried out on an Agilent Bioanalyzer with a High Sensitivity DNA chip. Libraries were

sequenced at Fluidigm on a MiSeq using the MiSeq Reagent kit v3 (150-cycle)(Illumina).

A Bioinformatics Pipeline for Integrating Single-Cell Live-Cell Imaging and RNA-seq Data
Here, we present an overview of our data analysis pipeline designed to simultaneously interface with both signaling dynamics and

transcriptomic data. Our bioinformatics pipeline consists of two arms: data harvesting and preprocessing, and integrated analysis

(Figure 2). The first arm serves to perform quality control and process the raw data for each individual cell. At the center of this

arm is the cell object, a Python container whose purpose is to house the signaling dynamics, transcriptome, and metadata (time har-

vested, time series clustering results, location on the microfluidic chip, etc.) pertaining to each individual cell. We found that orga-

nizing the data into objects in this fashion provided an intuitive interface and greatly simplifiedwriting scripts for data analysis queries.

We first converted the fluorescent images of p65-Clover into a time-series record of NF-kB activity. Images were analyzed to remove

low quality capture sites – i.e. C1 chambers that were either, empty, contained dead cells, or had a low yield of cDNA. Cellular nuclei in

the remaining chambers were segmented manually from images of the H2B nuclear marker (Schindelin et al., 2012). To compute the

p65 signal at each time point, we used the nuclear mask to measure the median intensity of all the nuclear pixels in the relevant frame

and used that value as the p65 signal. The final step to processing the image data is normalization. Because we integrate data

acquired from multiple microfluidic chips collected on different days and instruments, normalization is needed to shield our analysis

from this experimental variation. We compute the normalized p65 signal for each time series, which is defined as

normalized p65 signal=
p65 signal�minðp65 signalÞ

maxðp65 signalÞ �minðp65 signalÞ:

We found other normalization methods were more sensitive to image quality and introduced significant amounts of noise into

our measurement. One consequence of our normalization method is that it is unable to detect phenomenon such as fold-change

detection (Lee et al., 2014).
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With the imaging data processed, we then employ standard bioinformatics tools to quantify the abundance of each transcript from

our scRNA-seq libraries (each contained in their own fastq file). Our sequencing analysis steps are as follows. First, Illumina

sequencing adapters and low quality regions (quality score < 10) on the left and right flanks of each read were removed with BBTools

(https://sourceforge.net/projects/bbmap). Reads with lengths < 50 bp or average quality score < 15 were removed. Approximately

98% of all reads were retained after this step. Next, we aligned the reads for each cell to the Ensembl GRC v38mouse transcriptome

(modified to include the sequences for our RNA spike-ins) using Kallisto (Bray et al., 2016). Kallisto is a pseudo-aligner that identifies

which portions of the transcriptome a sequencing read could potentially align to. It produces an abundance estimate, ‘‘estimated

counts,’’ for each transcript and hence has isoform level quantification for each gene. Because of our relatively shallow sequencing

depth (�400,000 reads per cell), we opted to exchange isoform information for statistical resolving power by performing a sum over

all isoforms. We do this by using ‘‘effective counts,’’ defined by

effective counts= <li>
X

i

estimated countsi
li

:

where l is the transcript length and i represents the transcript number. We performed additional quality control to remove low quality

cells and assay for batch effects. Cells with fewer than 200,000 reads, with greater than 50% of reads unmapped, or greater than

30% of reads mapping to RNA spike-ins were discarded from all subsequent analysis steps (Figures S11B and S11C). To assay

for batch effects, we used the transcripts per million (TPM) normalization, which is defined as

TPMi =
number of reads mapping to transcript i = liP
jnumber of reads mapping to transcript j = lj

:

The TPMs were summed over all of the isoforms of each gene. We then log transformed the TPM by computing log2ðTPMi + 1Þ for

each gene i. We then performed principal components analysis of the log-transformed TPM and plotted the first three principal

components for each cell (Figure S11D). In the data presented, no significant batch effects were found.

Once the single cell data is collected into cell objects, the second arm clusters cells into subpopulations or groups using their

NF-kB dynamics or their single-cell transcriptomes respectively (Figures 2C, 4A, S1A, and S6C) and uses a Bayesian inference

framework (SCDE) to combine the single-cell transcriptomes into subpopulation or group transcriptomes at each time point (Kharch-

enko et al., 2014). This framework has previously been shown to significantly improve the detection of differentially expressed genes

in scRNA-seq datasets. It works by first fitting a 2 component mixture model to our data and then using Bayesian inference to

infer gene expression levels within both individual cells and populations of cells. It also enables the computation of fold changes

and credible intervals (Figure 2F). Because this package is written in R while our bioinformatics pipeline is written in Python, we

used the Python module Rpy2 as an interface to pass data back and forth between the two environments. We pass the effective

counts of all genes for all cells (rounded to the nearest integer) to the SCDE R package for model fitting and for computation of

the subpopulation transcriptomes.

Clustering of Cells Using Time Series of NF-kB Nuclear Localization
Clustering of cells based on their NF-kB nuclear localization dynamics was performed using agglomerative hierarchical clustering

(Ward’s method) with the shape-based distance (SBD) as defined by Paparrizo et al. as the distance between two time series (Pa-

parrizos and Gravano, 2015). For each cell, we computed the SBD between that cell and every other – this vector of distances for

each cell was used as the input to the clustering algorithm. The centroid, or representative trace, of each time series cluster was

computed using themethod outlined by (Paparrizos andGravano, 2015). These representative traces were used to connect the iden-

tified clusters across the 3 time points (75 min, 150 min, and 300 min). Our ability to infer the dynamics of global gene expression in

rare cellular subpopulations represents another major advantage of integrating dynamic and global single-cellular datasets.

Clustering of Cells Using Single-Cell Transcriptomes
Clustering of cells based on their single-cell transcriptomes was performed using agglomerative hierarchical clustering (Ward’s

method). To compute the distance between two cells for this clustering, we computed the log2(FPM+1) for each gene in our curated

list of 113 genes and took the Euclidean distance between the two gene vectors. For each cell, we computed the distance between all

other cells and used this vector of distances as the input to the clustering algorithm.

RNA FISH of RAW264.7 Cells in 96-Well Plates
Westimulated RAW264.7 cells expressing p65-Clover with LPS on a 96-well plate, followed theNF-kBactivity in single-cells and then

subjected those same cells to RNA FISH. We chose RNA FISH over single-molecule RNA FISH because high gene expression pre-

cluded the accurate detection of individual RNA molecules (data not shown). Cells were fixed in 4% PFA at the end of the imaging

period. The ViewRNA ISH protocol from eBioscience was then followed with the exception of the protease treatment which was

found to lead to substantial cell loss and was therefore replaced with an overnight incubation in 70% ethanol at 4�C. The Quantigene

ViewRNA ISH kit (QVC00001) was used and probes designed against mouse transcripts were as follows: Tnfaip3 type 1 probe

(VB1-14465), TNFsf9 type 6 probe (VB6-14935), Cxcl2 type 1 probe (VB1-11629), Ccl4 type 6 probe (VB6-15599), Nfkbia type 6 probe

(custom order), Nfkbiz type 1 probe (VB1-12840), Atf3 type 6 probe (VB6-15721), Tnfaip2 type 6 probe (custom order).
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Analysis of Live-Cell Imaging Data and Quantification of RNA FISH
Analysis of the live-cell imaging data and quantification of RNA FISH was performed using custom software developed in Python and

MATLAB. Fluorescent images of nuclei labeled with H2B-mCerulean3 were segmented using locally adaptive thresholding followed

by the watershed method. Tracking of nuclei from frame-to-frame was performed using a linear assignment problem (LAP) based

approach. Once segmented and tracked, the NF-kB activity for each cell was computed by background subtracting the fluorescent

images of p65-Clover and taking the median intensity of the cell’s nuclear pixels in each frame. The NF-kB dynamics for each cell

were then normalized using the same formula as was used for the C1 image analysis. Subpopulation assignments for each cell

were made by making use of the representative traces of the subpopulations identified in the 300 minute time point of the

C1 data set. For each cell, its NF-kB dynamics were compared to each of the three representative traces (or a truncated version

for the 75 and 150 minute time points). The cell was then assigned to the subpopulation whose representative trace had the shortest

shape based distance to the cell’s NF-kB dynamics. The cytoplasm in the final frame containing the fluorescence channel for RNA

FISH was segmented using a watershed transform that was seeded by the cell nuclei. Because of the high level of gene expression

exhibited by some genes, we opted to quantify the number of transcripts by integrating the total FISH fluorescence inside each cell

rather than spot counting (Purvis et al., 2012).

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analysis was carried out in Python and a complete description is available in the main text, methods and associated figure

legends.

DATA AND SOFTWARE AVAILABILITY

The accession number for the scRNA-seq data reported in this paper is GEO: GSE94383.

Custom scripts for the Fluidigm C1 are included in Data S1.
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