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Abstract

The complex signaling dynamics of transcription factors can encode both qualitative and
quantitative information about the extracellular environment, which increases the information
transfer capacity and potentially supports accurate cellular decision-making. An important
question is how these signaling dynamics patterns are translated into functionally appropriate gene
regulation programs. To address this question for transcription factors of the nuclear factor xB
(NF-xB) family, we profiled the single-cell dynamics of two major NF-xB subunits, RelA and c-
Rel, induced by a panel of pathogen-derived stimuli in immune and nonimmune cellular contexts.
Diverse NF-xB—-activating ligands produced different patterns of RelA and c-Rel signaling
dynamic features, such as variations in duration or time-integrated activity. Analysis of nascent
transcripts delineated putative direct targets of NF-xB as compared to genes controlled by other
transcriptional and posttranscriptional mechanisms and showed that the transcription of more than
half of the induced genes was tightly linked to specific dynamic features of NF-xB signaling.
Fibroblast and macrophage cell lines shared a cluster of such “NF-xB dynamics—decoding” genes,
as well as cell type—specific decoding genes. Dissecting the subunit specificity of dynamics-
decoding genes suggested that target genes were most often linked to both RelA and c-Rel or to
RelA alone. Thus, our analysis reveals the cell type—specific interpretation of pathogenic
information through the signaling dynamics of NF-xB.

Introduction

Innate immune cells can sense diverse pathogen-associated molecular patterns (PAMPS) as
ligands binding to a panel of Toll-like receptors (TLRs) found either on the cell surface or in
endosomes (1, 2). Whereas the PAMP-TLR interactions have evolved to be specialized for
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each receptor, the downstream signaling adaptors and transcription factors (TFs) are
extensively shared across the PAMPs (Fig. 1A). Because innate immune cells respond to
each PAMP with a functionally tailored gene expression program, the shared usage of TFs,
such as nuclear factor-xB (NF-xB), suggests that biochemical specificity alone cannot
adequately explain the basis of PAMP-specific responses. The activity dynamics of TFs can
have profound effects in gene regulation and cell fate decisions (3). Therefore, it is possible
that the signaling dynamics of TLR-activated TFs may be used to distinguish among the
different PAMP stimuli and achieve functional specificity.

NF-xB dimers are activated by the TLR-MyD88 (myeloid differentiation marker 88) or
TLR-TRIF (TIR domain—containing adaptor protein—inducing interferon-p) signaling axes.
Stimulus-dependent degradation of inhibitor of NF-xB proteins (1xBs) induces the release of
NF-xB dimers from 1xBs and the accumulation of NF-xB in the nucleus for gene regulation.
NF-xB heterodimers or homodimers containing RelA (also known as p65) or c-Rel subunits
are critical mediators of the rapid transcriptional response in TLR-stimulated cells. These
subunits contain a transactivation domain that mediates the recruitment of transcriptional
coactivators, such as p300 and CBP (4). Given that NF-xB signaling dynamics (the temporal
profile of nuclear abundance) can encode information about the dose and identity of
extracellular stimuli (5-8), an important question is whether the signaling dynamics of NF-
kB may also be used to decode the upstream PAMP information in terms of gene regulation.
Pioneering single-cell imaging studies of RelA coupled with gene expression analysis have
established a convincing link between RelA signaling dynamics and the expression of
individual target genes (5, 7, 9-17). However, these findings were limited to RelA dynamics
induced by a few cytokines or a single TLR ligand, lipopolysaccharide (LPS). Moreover, the
exclusive focus on RelA is difficult to justify, because c-Rel is a highly abundant subunit in
many immune cells and may exert a more potent functional role than RelA in certain
situations (18).

Understanding the overall contribution of NF-xB in the functional decoding of signaling
information requires data about the dynamics of all of the relevant NF-xB dimers, in
different cell contexts, in response to diverse stimuli. The examination of diverse stimuli is
important, especially because there are no precise and rapid pharmacological methods of
perturbing specific features (for example, duration and amplitude) of NF-xB signaling
dynamics. Widely used perturbation methods, such as small-molecule inhibitors, SiRNA-
mediated knockdown, and CRISPR-based knockout systems entail nonspecific effects and
long-term compensatory mechanisms that hinder our ability to manipulate specific features
of NF-xB dynamics. Therefore, more insight will be gained about the functional importance
of NF-xB signaling dynamics from a greater number of naturally occurring distinct dynamic
patterns.

Here, we used a comprehensive profiling approach to investigate the link between NF-xB
dynamics, as reflected in RelA and c-Rel, and gene expression in two distinct cell types.
Macrophages are immune cells specialized in detecting and responding to diverse pathogens
and pathogen-derived substances. We contrasted the responses of a macrophage-like cell line
with those of a non-immune cell type, NIH3T3 fibroblasts, in our integrative analysis and
identified shared and tissue-specific decoding of signaling dynamics induced by an array of
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TLR ligands representing bacterial, viral, and fungal pathogens (Fig. 1). The results suggest
that different cell types decode TF signaling dynamics differentially to interpret the stimuli
and produce cell type—specific gene expression responses.

Results
Both RelA and c-Rel are activated by TLR ligands in RAW264.7 and NIH3T3 cell lines

To monitor the real-time dynamics of NF-xB dimers containing RelA or c-Rel by live-cell
imaging, we stably transfected pools of macrophage-like cells (RAW264.7 cells) (herein
referred to as macrophages) with plasmids encoding mEGFP-RelA or mKOx-c-Rel (fig.
S1). RelB, p50, and p52 subunits were not considered for imaging analysis because RelB is
not robustly activated by canonical stimuli such as TLR ligands in most cell types, and the
other two subunits form transcriptionally repressive homodimers (4). We also generated
stable cell lines of transfected NIH3T3 cells (hereafter referred to as fibroblasts) using the
same expression plasmids (fig. S1). We observed a wide range of fusion protein abundance
in individual cells, and excluded single cells overexpressing the fluorescent fusion protein in
our microscopy analysis to avoid effects from unphysiologically high amounts of RelA or c-
Rel. The cells stably expressing mEGFP-RelA or mKOx-c-Rel were treated with TLR
ligands that represent widely different types of pathogens, spanning several major TLRs and
the downstream intracellular signaling pathways (Fig. 1). Flagellin and profilin were not
included in our comprehensive analysis because they did not visibly activate RelA or c-Rel
in either cell line. Live-cell, time-lapse imaging was performed to quantify the single-cell
time course of nuclear abundance (referred to as signaling dynamics) of RelA and c-Rel
induced by each TLR ligand. Custom-written MATLAB code was used for cell-tracking and
quantification of nuclear and total cellular intensities of each fusion protein.

LPS, the prototypical immune stimulant, induced Rel A responses in macrophages,
consisting of a high-amplitude initial peak followed by two or more peaks (Fig. 2), as
previously reported (7, 19). LPS-induced c-Rel signaling dynamics closely mirrored those of
RelA (Fig. 2). Poly(l:C) and CpG-DNA induced lower-amplitude and variable RelA and c-
Rel dynamics (Fig. 2). In both cell types, c-Rel signaling dynamics in response to the
various TLR ligands were generally similar to those of RelA, with somewhat reduced
magnitudes (Fig. 2). Only half of the TLR ligands (LPS, Pam3CSK4, and zymosan) induced
appreciable RelA and c-Rel responses in fibroblasts (Fig. 2). The lack of response to
poly(l:C), R848, and CpG-DNA in fibroblasts was presumably due to little or no expression
of the cognate TLRs (fig. S2). The ligands that activated both macrophages and fibroblasts
elicited cell type—specific signaling dynamics. The LPS and Pam3CSK4 responses in
macrophages were characterized by marked oscillations, whereas the fibroblast responses
largely consisted of a single peak of nuclear activity which quickly returned to baseline with
minor fluctuations thereafter (Fig. 2). Fibroblast responses to zymosan were delayed and
heterogenous, in comparison to those of macrophages. Note that we chose ligand
concentrations that were sufficiently high to induce robust responses but were considered
non-saturating for both cell types. A higher concentration of zymosan could not be used
because its autofluorescence interferes with signal quantification upon cell binding and
internalization.
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To capture quantitative features of NF-xB signaling dynamics, we focused on the following
four measures, which essentially define a single-cell RelA or c-Rel response: (i) the delay
until the nuclear signal reached a maximum amplitude (time to peak); (ii) the amplitude of
the initial peak (peak amplitude); (iii) the duration of the initial peak (duration); and (iv) the
time-integrated nuclear occupancy [area under the (nuclear:total ratio) curve, AUC] (Fig.
3A). We also prepared a complete summary of the quantified results including statistical
differences and similarities amongst the dynamics (table S1). The quantitative analysis
showed that some dynamic features were ligand-specific or cell type—specific (Fig. 3B).
First, the time to RelA or c-Rel peaks was ligand-specific, with the shortest time observed
for Pam3CSK4. Among the three ligands that activated both macrophages and fibroblasts,
the rank order of the time to peak was preserved between the two cell types, with a general
delay in fibroblasts. However, the rank orders of the other dynamic features across the
ligands were not the same between the cell types. For example, the relative strengths of the
responses to LPS and Pam3CSK4 were reversed in the two cell types (LPS and Pam3CSK4
resulted in higher values in macrophages and fibroblasts, respectively). Regarding c-Rel, the
amplitude, duration, and AUC were slightly weaker than those of RelA, particularly in
fibroblasts. Furthermore, each dynamic feature had distinct profiles across the ligands,
particularly in macrophages, which suggests that no single feature can hold the information
content of NF-xB responses (Fig. 3B). Each feature of NF-xB dynamics may have a
differential effect in the transcriptional control of a specific subset of target genes, providing
cells with multiple channels to decode the signaling information into functional cell type—
specific gene expression responses.

TLR ligands induce cell type—specific patterns of gene expression

To explore whether distinct NF-xB dynamics translated into functional genome regulation,
we next investigated the transcriptome-wide changes induced by each of the TLR ligands as
assessed by total RNA-seq. Parental lines of macrophages and fibroblasts were treated with
the six TLR ligands for 6 or 12 hours (Fig. 4A). Because NF-xB is primarily a
transcriptional activator, we focused our analysis on 1633 genes whose expression was
induced (log, fold-change = 1) by any of the TLR ligands in either cell type. We chose 6 and
12 hours of ligand stimulation as time points that correspond to the outcome of the gene
regulatory responses. Even though these are not early time points, a substantial proportion
(46 to 65%) of the differentially expressed genes were previously reported to be immediate
early genes (20, 21). The gene induction by TLR ligands largely reflected the strengths of
the RelA and c-Rel responses from the respective ligands. In macrophages, LPS,
Pam3CSK4, R848, and zymosan generated the greatest increases in gene expression,
whereas poly(1:C) and CpG-DNA induced only moderate changes (Fig. 4A). In fibroblasts,
LPS, Pam3CSK4, and zymosan also induced robust increases in gene expression, with
overall fold changes that were not as large as those observed in macrophages.

As expected, the TLR ligands induced numerous NF-xB-regulated immune response genes.
Genes whose expression was increased in both cell types included Nfxbia, Tnfaip3, and
Ccl2. Other genes, including //16and Cd40, were only increased in expression in
macrophages, whereas genes such as Cxc/ and Cxc/5were only increased in expression in
fibroblasts. The expression of Nfxbie, which encodes a feedback inhibitor of NF-xB (IxBe)
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(22, 23), was induced by TLR ligands to a greater degree in fibroblasts than in macrophages
(table S2), despite macrophages exhibiting stronger NF-xB signaling (Figs. 2 and 3). The
higher induction of Nfxbie expression and possibly that of other feedback genes in
fibroblasts may contribute to the shorter-lived NF-xB dynamics that were observed
fibroblasts in comparison to the sustained dynamics in macrophages. Our transcriptome-
wide profiles show the extent of the cell-type specificity in gene induction patterns (Fig. 4A
and table S2).

Features of NF-xB dynamics relate to some, but not all, gene clusters

We sought to discover genes potentially involved in the decoding of NF-xB signaling
dynamics, by integrating the live-cell imaging data with the total RNA-seq data. We
calculated the correlations between dynamic features of RelA and c-Rel signaling and gene
induction across the TLR ligand treatments (Fig. 4, B and C; see Materials and Methods). If
the correlation was strong, the gene was operationally termed as “decoding” a dynamic
feature of the NF-xB subunit. The analysis revealed a large number of genes whose
expression was strongly correlated with the RelA and c-Rel dynamics across the TLR
ligands (Fig. 4B). Because short response times are generally associated with stronger
responses, time to peak was often anti-correlated with gene induction. We prepared a
complete list of correlation coefficients and gene expression values (table S2).

Using an unsupervised clustering analysis, we identified four distinct gene clusters based on
how the gene expression was correlated to NF-xB dynamic features (Fig. 4B). Genes in
cluster A were distinguished by strong correlations with RelA and c-Rel dynamics in both
macrophages and fibroblasts (Fig. 4, A and B; “Decoding NF-xB dynamics™), with Cc/2as
an example of a duration-decoding gene. This cluster includes many genes previously
established to be direct targets of NF-xB, such as Nfxbia, Nfkbie, Tnfaip3, and Myc (fig.
S3). Cluster B genes had their expression changes strongly correlated to RelA and c-Rel
dynamics only in macrophages (Fig. 4, A and B, “Macrophage-specific decoding”), for
example, Tnf; I/1b, Cd40, Icam1, Nirp3, and Marcks. In fibroblasts, cluster B genes either
had negligible correlations or were not expressed (41% with mean absolute correlation <
0.6; 42% with undetectable expression; Fig. 4, A and B). Gene ontology (GO) analysis
showed that only these dynamics-decoding clusters (A and B) were enriched for “NF-xB
signaling” genes (Fig. 4D).

The potential relevance of clusters C and D was less clear. Expression of genes in cluster C
was mostly anti-correlated with NF-xB dynamics in both cell types (Fig. 4, A to C),
suggesting that these genes may be regulated by other transcription factors that may function
in a mutually exclusive manner with respect to NF-xB. For example, despite the inability of
CpG-DNA to induce detectable RelA or c-Rel responses in fibroblasts, CpG-DNA produced
substantial gene induction in cluster C (Fig. 4A). Cluster D genes exhibited a mixture of
heterogeneous correlation patterns. These findings raised the possibility that the linkage of
NF-xB dynamics to gene regulation may not have been accurate in this integrative approach,
which prompted us to seek alternative methods.
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Nascent transcript-based re-clustering reveals cell type—specific decoding of NF-xB

dynamics

Hypothesizing that the initial integrative analysis was potentially missing information, we
wondered whether we could obtain deeper information from our total RNA-seq data.
Because nascent transcripts are a more direct readout of active transcription factors, we
surmised that they would produce a clearer relationship between NF-xB dynamics and gene
regulation patterns. Furthermore, our bulk RNA-seq libraries had sufficient sequencing
depths to enable the detection and quantification of nascent transcripts (using intron-mapped
reads) that generally exist at lower abundance (Fig. 5A). Therefore, instead of using the
default RNA-seq quantification (of mostly mature transcripts), we were able to quantify the
expression of nascent transcripts using reads that map to introns of the mouse reference
genome.

Indeed, re-analysis of the RNA-seq data and re-clustering of the genes based on correlations
between NF-xB dynamics and nascent transcripts delineated the genes presumably regulated
by transcriptional (clusters E, F, G, and H) versus alternative mechanisms (cluster 1) (Fig.
5A). The display of expression changes in mature versus nascent transcripts alongside the
gene clusters highlighted that the genes in cluster | did not have a well-defined correlation
with NF-xB dynamics because only their mature transcripts, but not their nascent
transcripts, were increased in abundance in ligand-treated cells. Some genes within this
cluster had undetectable nascent transcripts, and the correlation to NF-xB dynamics could
not even be defined (generating blank entries in the heatmap, Fig. 5A). The gene Z/p36,
which encodes the post-transcriptional regulator tristetraprolin (TTP), is in cluster | (24, 25).
TTP promotes the degradation of its target mMRNASs and is regulated by p38 mitogen-
activated protein kinase (MAPK) activity (25). This cluster also helps to explain why cluster
D was difficult to characterize: 51% of the genes in cluster D were assigned to cluster | (fig.
S4). These results suggest that some genes in cluster | may be regulated by alternative
mechanisms, including post-transcriptional control, and that analysis of mature transcript
abundances may have been inappropriate for correlation with NF-xB dynamics (as was
initially done to generate clusters A to D).

Clusters E, F, and H generally re-captured the patterns observed in the previous clusters A,
B, and C (Figs. 4 and 5). Cluster E represents a cell type—independent “NF-xB dynamics-
decoding” gene cluster, which includes Nifkbia, Nfkbib, Nfkbid, Nfkbie, Nfkbiz, Relb,
Nfkbl1, Nfkb2, Bcl3, Tnfaip3, Ikbke, Ccl2, Ccl7, and Myc. A macrophage-specific decoding
gene cluster was also redefined as cluster F, which included inflammation-related genes,
such as 7nf, Nlrp3, Cd40, Tirl, TIr6, Ccl5, I/1a, 1/1b, Lcn2, and H2-Q6. The macrophage-
specific cluster F had genes with either undetectable expression (44%) or negligible
correlation (41%) in fibroblasts. The re-analysis also resulted in “NF-xB signaling” being
the top enriched GO term among the NF-xB dynamics—correlated genes in clusters E and F,
confirming the specificity of these clusters (Fig. 5B). A “no decoding” cluster H, consisting
of cell cycle-related genes showing little correlation to NF-xB dynamics, was reduced with
fewer constituent genes in comparison to its previous counterpart, cluster C. These genes
may be largely influenced by other TLR-activated factors (for examples, IRFs and AP-1)
that do not involve NF-xB.

Sci Signal. Author manuscript; available in PMC 2020 August 25.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Martin et al.

Page 7

Note that the new integrative analysis gave a fibroblast-specific gene cluster G, which was
missing from the previous analysis. Cluster G contains Cxc/5, Vicam1, 15920, Ifitm3, Ccl8,
Ccl25, Irf1, Irf2, and Numb (mistakenly thought to be anti-correlated in the previous
analysis), H2-Q4, Brd4, and /fit3. About half of the fibroblast-specific decoding genes are
from cluster D, which was of unknown relevance, but their nascent transcript abundances
strongly correlated with the dynamic features of both RelA and c-Rel (Fig. 5A and fig. S4).
Unlike the macrophage-specific clusters described so far, the fibroblast-specificity of cluster
G was in large part due to the lack of correlation (rather than lack of expression) in
macrophages: only 25% of the genes were not expressed and 69% had negligible correlation
in macrophages.

The strength of correlation to the dynamic features of NF-xB may be gene-specific, and
individual genes may depend more on certain features over others for their regulation. For
example, some genes may better decode RelA amplitude, whereas others mostly decode c-
Rel AUC. Although such tantalizing examples could be found, we examined the genome-
wide influence of each dynamic feature. In macrophages, the strongest absolute correlation
between NF-xB dynamics and global changes in gene expression was from the duration of
nuclear c-Rel signaling (fig. S5, A and B). Correlation to RelA duration was similarly
strong, which is consistent with a study of RelA dynamics and target gene expression using
scRNA-seq (16). In fibroblasts, duration and time to peak of RelA displayed the highest
absolute correlations. Overall, when nascent transcript expression was used for analysis,
most TLR-induced genes were linked to NF-xB dynamics: 91 and 64% were correlated to at
least one feature of NF-xB dynamics in macrophages and fibroblasts, respectively (absolute
correlation = 0.8), with RelA showing a broader and stronger effect than c-Rel (fig. S5C).
These findings support the functional importance of NF-xB signaling dynamics in
transcriptional responses to diverse TLR ligands, particularly in macrophages.

Transcription of dynamics-decoding genes is linked to RelA or to both RelA and c-Rel

Finally, having observed a similar overall correlation of transcriptional responses to RelA
versus c-Rel dynamics, we were curious to examine more closely whether there were any
genes that seemed to track the dynamics of one subunit over the other. Because many NF-xB
dynamics—decoding (positively correlated to the first three features and negatively correlated
to time to peak) genes were cell type—specific (Fig. 5A), we performed this analysis
separately for fibroblasts and macrophages with genes from clusters E through G. In each
cell type, the largest set was from TLR-induced genes whose transcription was linked to
dynamic features of both RelA and c-Rel (Fig. 6). Slightly smaller in numbers were genes
showing transcriptional responses linked to RelA but only weakly to c-Rel. For example, the
strongest fibroblast gene induction from the zymosan treatment was from the RelA
dynamics-decoding cluster (Fig. 6B), which reflects the weak c-Rel responses relative to
those of RelA in zymosan-treated fibroblasts (Fig. 2 and Fig. 3B). Few genes showed c-Rel-
specific correlations. We note that these results should be interpreted with caution, given the
unavoidable difference between the fusion protein abundances in the two reporter cell lines.
Further validations will be necessary to ascertain the roles of RelA or c-Rel in specific
regulation of these genes using rapid-acting tools that overcome the limitations of
conventional methods such as knock-down, knock-out, or pulsing of stimuli (11, 22, 26, 27).
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Nevertheless, GO analysis indicated some functional categories related to LPS responses
and NF-xB signaling were differentially enriched in these gene subsets (Fig. 6 and table S3).

Discussion

Our study enabled a side-by-side comparison of an immune cell type and a non-immune cell
type responding to a panel of pathogen-related stimuli and revealed the extent of cell type—
specific decoding of complex NF-xB signaling dynamics. Previous studies of NF-xB
dynamics in single cells have largely focused on one cell type each (6, 7, 12, 13, 15, 16, 26,
28-30). Integrative analyses of the extensive transcriptomic profiles and NF-xB signaling
dynamics in matching conditions suggest that distinct features of NF-xB dynamics are
decoded by different target genes in a cell type—specific manner. Furthermore, a previously
uncharacterized relationship between NF-xB dynamics and gene regulation emerged when
nascent transcripts were considered instead of mature transcripts. The marked difference
between information gained from mature versus nascent transcript abundance also serves as
a cautionary note for the utility of single cell RNA-seq methods for studying how TF
signaling dynamics are decoded by target genes, because they generally measure mature
transcripts.

We characterized c-Rel signaling dynamics by live-cell imaging and found that they closely
resembled those of RelA (Figs. 2 and 3). The overall similarity of the responses suggests
that RelA and c-Rel activities are likely regulated by the same or comparable signaling
mechanisms. However, c-Rel signaling appeared to be somewhat less robust, relative to that
of RelA, consistent with the expectation that RelA is the predominant NF-xB subunit in
most settings. We note that the RelA and c-Rel fluorescent fusion proteins in this study were
expressed from a constitutive promoter, reporting the abundance and localization of the
existing pool of NF-xB containing these subunits. Therefore, the signaling dynamics of
endogenous RelA and c-Rel, which are themselves induced by NF-xB, may diverge from
those observed here, especially in the late phase of responses. Our findings will be useful in
dissecting endogenous signaling dynamics, which are a superimposition of existing versus
newly synthesized RelA or c-Rel proteins.

The cell type—specific decoding of NF-xB signaling dynamics may occur partly through
gene-specific chromatin requirements for productive transcription. For example, some target
genes may need the sustained presence of NF-xB at key regulatory sites, thereby decoding
the duration of RelA or c-Rel signaling. Others may depend particularly on a high
concentration of nuclear NF-xB, thereby decoding the amplitude of RelA or c-Rel. AUC-
decoding genes may produce a transcriptional output that is generally proportional to the
total NF-xB signaling activity over time. Genes decoding time to peak may diminish their
transcription if the NF-xB arrives at their regulatory sites too late, such as when the
enhancers are occupied or chromatin accessibility is limited by other, early-acting TFs. Such
tissue-specific genomic compartmentalization in the decoding of NF-xB signaling dynamics
is an interesting but difficult topic to be investigated with improved tools in the future. Such
a regulatory architecture is also consistent with the finding that some target genes are co-
regulated by NF-xB dynamics (16). Finally, it will be important in the future to obtain
additional insight from varying the dose of activating ligands for each of the TLRs. In
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summary, our results highlight the need for more in-depth investigations of the potential
effects of specific features of NF-xB dynamics on transcriptional control in both immune
and non-immune cells.

Materials and Methods

Reagents

The plasmids mEGFP-N1 (54767), mKOx (amplified from Chicken Mermaid S188)
(53617) (31), RelA cFlag pcDNA3 (20012), and c-Rel cFlag pcDNA3 (20013) (32) were
purchased from Addgene. The pSF-EF1la-Ub-Neo plasmid (OG606) was purchased from
Oxford Genetics. Purchased TLR ligands included LPS (Enzo Life Sciences, ALX-581—
008), Pam3CSK4 (Tocris; 4633), R848 (Invivogen; tirl-R848), poly(l:C) (Invivogen; tirl-
picw), CpG-DNA (Invivogen; ODN 2395), zymosan (Sigma; 24250), profilin (Sigma;
SRP8050), and flagellin (Sigma; SRP8029). The primary antibodies polyclonal rabbit anti-
RelA (SC-372) and polyclonal rabbit anti-c-Rel (SC-71) were purchased from Santa Cruz.
Monoclonal rabbit anti-Gapdh (14C10) was purchased from Cell Signaling Technology.
Donkey anti-rabbit antibody (GE Healthcare; NA934V) was used as the secondary antibody.

Plasmid generation

Briefly, cDNA from plasmids purchased from Addgene was amplified by PCR using
Phusion polymerase mix [New England BioLabs (NEB); M0532S] and the appropriate
primers (table S4). PCR products were gel-purified using a QIAquick gel extraction kit
(Qiagen; 28115). The constructs and the pSF-EF1a.-Ub-Neo plasmid were digested with
restriction enzymes from NEB (EcoR1-HF, R3101S; EcoRV-HF, R3195S; BsiW1, R0553S;
BsrGI-HF, R3575S), where applicable. The plasmid was dephosphorylated with Antarctic
Phosphatase (NEB; M02809S). Digested PCR products were purified with a QlAquick PCR
purification kit (Qiagen, 28104) and ligated to each other and then into the pSF-EF1a-Ub-
Neo plasmid using Promega LigaFast Rapid DNA Ligation kit (Fisher Scientific; PR-
M8221). Portions of the ligation reactions were used to transform DH5a cells
(Thermofisher; 18265017). Plasmids from single antibiotic—resistant clones were purified
using Mini-prep kit(s) (Qiagen; 27104) and Maxi-prep Kit(s) (Qiagen; 12362). Construction
of the plasmids was verified by DNA sequencing.

Cell culture and transfections

NIH3T3 cells (CRL-1658) and RAW264.7 cells (T1B-71) were newly purchased from
ATCC. All cell lines were cultured and maintained at 37°C in a 5% CO,/95% air
environment in growth medium composed of phenol-red-free Dulbecco’s Modified Eagle’s
Medium (DMEM) (Gibco; 21063-029) supplemented with 10% heat-inactivated fetal
bovine serum (FBS) (Gemini Bioproducts; 100-500) and 100 units/mL penicillin, 100
ug/mL streptomycin, and 2 mM L-glutamine (1% PSG) (Gibco; 15140-122). Cells were
passaged by brief exposure to 0.25% trypsin-EDTA (Gibco, 25200-056) (NIH3T3) or by
gently scraping (RAW264.7). Cells in growth medium lacking 1% PSG were transfected
with expression plasmids using Fugene HD (Promega; E2311) according to the
manufacturer’s instructions. Pools of cells with stable integration of the ££F1AI-promoter—
driven fusion constructs were obtained by selection with G418 sulfate solution (500 pg/mL)
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(Mirus, MIR5920). Stable expression and function of the fusion proteins was tested through
a combination of Western blotting and microscopy.

Western blotting

Microscopy

Cells were lysed in ice-cold RIPA cell lysis buffer (Millipore, 20-188) containing Complete
Ultra Mini protease inhibitors (Roche; 05892970001). Lysates were vortexed, centrifuged at
18,0009 for 15 min, and homogenized with insulin syringes. Sample proteins concentrations
were equalized using the Protein Assay Dye reagent concentrate (Biorad; 5000006) and
heated at 95°C for 5 min in LDS sample buffer (ThermoFisher; NP0007) containing 10% 2-
mercaptoethanol (Gibco; 31350-010). Proteins were separated by SDS-polyacrylamide gel
electrophoresis (PAGE) using 4 to 12% NuPage Bis-Tris gels (ThermoFisher; NP0322BOX)
and MOPS buffer (ThermoFisher; NP0O001). Proteins were transferred using transfer buffer
(ThermoFisher; NP0O0061) onto 0.45-ym PVDF membranes (Millipore; IPVH00010).
Membranes were blocked in 5% (w/v) non-fat milk for 30 min and then sequentially
incubated with primary and horseradish peroxidase (HRP)-conjugated secondary antibodies.
HRP activity was detected using SuperSignal West Pico Chemiluminescent Substrate
(ThermoFisher; 34580). Where indicated in the figure legends, membranes were stripped for
15 min with Restore Western Blot Stripping Buffer (21059).

Pools of transfected NIH3T3 and RAW?264.7 cells stably expressing RelA or c-Rel fusion
protein were seeded individually in Ibidi 4-well culture inserts (80466) at medium
confluence on 35-mm glass-bottomed dishes (MatTek; P35G-1.5-20-C) and cultured for up
to 36 hours as described earlier. The Ibidi insert was then removed and the medium was
changed to growth medium containing 2% serum (1:5 dilution in serum-free growth
medium). Cells were then placed in the Zeiss LSM880 AxioObserver confocal microscope
incubation system and maintained at 37°C in a humidified environment of 5% CO, for 3 to 4
hours, at which time recording was begun. Immediately before the second frame, cells were
treated with 3X concentrations of each TLR ligand, also in growth medium containing 2%
serum, to achieve the indicated 1X final concentrations. Time-lapse images were acquired at
5-min intervals for a time-course of ~12.5 hours (150 frames) using laser powers of 0.12%
(for NIH3T3 cells) and 0.8% (for RAW264.7 cells), and excitation wavelengths of 488 nm
(for mEGFP) and 514 nm (for mKOx). Additional imaging conditions: a 40X/1.4 NA Plan-
Apochromat oil objective, a fully-open pinhole (600 pum), 16-bit, 1024x1024,
LineSequential Scan Mode, ChS1 channel, 0.52 ps pixel dwell, 0.63 s frame time; 0.52 us
pixel time, 0.03 ms line time, 750 detector (master) gain, 1 digital gain, and 1.0 zoom.
Acquired LSM files were exported as 16-bit TIFF files for further analysis.

Image analysis

Using custom MATLAB code that uses the Image Processing toolbox, responding cells in
each time lapse field that did not divide, stayed in view and focus for at least 10 hours, had
little overlaps with other cells, and exhibited no signs of cellular stress were subject to
further analysis. Cellular boundaries were identified automatically by intensity-thresholding.
Boundaries were manually verified, adjusted, and separated if necessary. Because no nuclear
markers were used, to avoid perturbing cell physiology and potentially NF-xB regulation,
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nuclear boundaries were carefully identified and segmented manually in every frame. This
strict analysis precluded analyzing many more cells. Background-subtracted intensity values
were used to calculate the ratios of mean nuclear fluorescence intensity to mean total
cellular fluorescence intensity (nuc:total). Where necessary, fibroblasts that did not visibly
respond to TLR ligands [R848, poly(l:C), and CpG-DNA] were analyzed.

Total RNA-seq

Parental NIH3T3 and RAW?264.7 cells were seeded at medium confluence on 24-well glass-
bottomed plates (MatTek, P24G-1.5-13-F) and cultured overnight as described earlier. The
next day, the medium was changed to growth medium containing 2% serum (1:5 dilution in
serum-free growth medium) and the cells were cultured for an additional 3 to 4 hours. As
described earlier, cells were then treated with 3X concentrations of each TLR ligand to
achieve final 1X concentrations. For each replicate, non-treated cells, as well as cells treated
with TLR ligands for 6 and 12 hours, were lysed in RLT buffer and frozen at -80°C. RNA
was later purified using QiaShredder kit(s) (Qiagen, 79656) and RNeasy kit(s) (Qiagen,
74136). RNA concentrations were determined using a NanoDrop spectrophotometer
(ThermoFisher). Determination of RNA integrity and other quality control was performed
by the Center for Cancer Research (CCR) Sequencing Facility at the National Cancer
Institute (Frederick, MD). Only high-quality RNA samples (RIN (RNA integrity number) =
9) were used for RNA-seq library preparation with TruSeq Stranded Total RNA Kit(s)
(Illumina). Three independent biological replicates, from three independently thawed
batches of cells, were performed to obtain two QC-passing biological replicates for every
sample. In total, 56 RNA-seq libraries were generated [2 cell types x 6 ligands x 2 time-
points x 2 biological replicates, as well as 8 untreated control samples taken at the 0-hour (2
from each of the 2 replicates per cell type)]. The libraries were multiplexed and sequenced
on two NextSeq flow cells at the CCR Sequencing Facility. From each sample, we collected
from 16.1 to 55.5 million (median = 30.3 million) sequencing reads per library with 79 to
90% non-duplicate reads and at least 91% reads with 90% bases having the Phred Score
quality Q30 and above. The percentage of uniquely mapped reads ranged from 72 to 86%
(median = 84%).

RNA-seq analysis

The stranded paired-end 75-bp reads were mapped to the mouse reference genome
[GRCmM38, mm10 (33)] with the STAR v2.5.3a mapper (34) using the Gencode M14
primary assembly annotation (35). For the exonic-based mature expression, the reads were
counted per gene using RSEM (36). For the intronic-based nascent expression, we first
extracted unique intronic regions, as suggested previously (37), with BEDtools v2.25.0 (38).
The reads were counted with the featureCounts function of the Subread package v1.4.6-p3
(39) using the following options: -p —primary -B -C -s 2. The count data was then used for
differential expression analysis with the edgeR v3.18.1 (40), R v3.4.2. Before the analysis,
we filtered out the following genes: (i) lowly expressed genes (< 1 FPKM (Fragments Per
Kilobase of transcript per Million mapped reads) for exonic, < 0.5 FPKM for intronic in >
60% of samples in each cell type separately); (ii) short genes (< 200bp); (iii) ribosomal,
transporter RNA genes, and other small RNA genes; (iv) genes from unplaced
chromosomes. Read counts were normalized for the library size and common, trended, and
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tagwise negative binomial dispersions by weighted likelihood empirical Bayes method,
using the calcNormFactors and estimateDisp functions of the edgeR package. The counts
were then fitted into gene-wise negative binomial generalized linear models with the glmFit
function. Differential expression was determined pairwise for each ligand and time point
compared to untreated samples by likelihood ratio tests using the gImLRT function with
contrasts accordingly. A detectable batch effect was caused by using multiple flow cells in
the sequencing and therefore this factor was included in our gene-wise negative binomial
general linear model fit (~ flow cell + group) before testing for differential expression. For
each cell type, the data were analyzed separately but the Pvalue correction was performed
only once for all differential expression results. Amongst the differentially increased genes,
we excluded 334 that were not annotated as protein-coding genes per Gencode M14 gene
biotype. A gene was considered to be differentially expressed if the [log2FC| = 1 and false
discovery rate (FDR) < 0.05.

Correlation analysis

We first filtered genes whose expression was statistically significantly induced by any of the
ligands at any time point and by any expression measure (mature or nascent transcripts). We
then used the mean of the edgeR-calculated log, fold-change (FC) values from the two time
points (6 and 12 hours) for each of the ligands and calculated the Pearson’s correlations
between gene expression (measured by log,FC upon stimulation compared to untreated
cells) and each of the four dynamic features: the amplitude of the first peak (amplitude), the
duration of the first peak (duration), the time-integrated area under the curve (AUC), and
time to the first peak (time to peak) for each of the NF-xB subunits (RelA and c-Rel) and
each cell type (macrophages and fibroblasts) separately. We used the median of measurable
dynamics values across the number of single cells analyzed (table S1). We calculated the
correlations using the corAndPvalue function of the WGCNA R package (41) for both
mature and nascent expression (measured as log,FC relative to untreated cells). We then
performed a cluster analysis with the partition around medoids (PAM) algorithm (42) based
on the correlation values calculated between the expression changes and all four dynamics
features for both cell types and both NF-xB subunits. For the purpose of clustering, missing
values were set to zero and later reverted to missing values before plotting or any other
analyses. The identified clusters were then used to generate a heatmap of correlated and anti-
correlated genes with the ComplexHeatmap R package (43). The number of clusters was
increased until no new patterns were detected. Genes within clusters were ordered by
hierarchical clustering. The correlation heatmap was plotted next to the expression heatmap
with the same gene order (based on PAM clustering of the correlation values). For the
subunit-specific correlation, we considered genes to be correlated if the average of the
absolute correlation coefficients was at least 0.7, whereas genes were considered to be
uncorrelated if the average of the absolute correlation coefficients was below 0.6. Despite
the panel of TLR ligands analyzed, our sample size was not large enough to support
stringent statistical filtering. Hence, we did not correct the correlation coefficients for any
multiple testing and instead used their absolute value as a measure of confidence.
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Gene set enrichment analysis

The Ensembl gene identifiers for each of the clusters of genes were used for the gene set
enrichment analysis using the ClusterProfiler R package (44) using all mouse genes
(Gencode MV14) as a reference set. The tool uses a hypergeometrical test with the
Benjamini-Hochberg correction for multiple testing (adjusted Pvalues) (45). We used GO
Biological Process terms (46, 47) (GO.db R package version 3.5.0) and performed
compareCluster analysis with enrichGO function. The statistical significance threshold for
the adjusted Pvalue was set to 0.05. Only the three most significantly enriched terms were
included in Figs. 4D and 5B.

Statistical analysis

For the single-cell dynamics, statistically significant differences among groups were
calculated using one-way ANOVA and Mann-Whitney tests (pairwise comparisons). P
values < 0.05 were considered to be statistically significant. For RNA-seq and related
analyses, statistical methods are described in the relevant sections of the Materials and
Methods.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. Experimental design for imaging multiple NF-xB subunits in two cell types.
(A) Macrophages (RAW264.7 cells) and fibroblasts (NIH3T3 cells) were treated with an

array of TLR ligands representing bacterial, viral, and fungal pathogens. Portrayed are the
TLR ligands that produced detectable NF-xB activation in this study, as well as the targeted
TLRs. LPS activates TLR4 (48); Pam3CSK4 activates TLR1/TLR2 heterodimers (49); R848
activates TLR7 (TLR7 and TLR8 in humans) (50, 51); zymosan activates TLR2/TLR6
heterodimers (52) and dectin-1 (53) (not depicted); poly(l:C) activates TLR3 (54); CpG-
DNA activates TLR9 (55, 56); not shown: flagellin activates TLR5 (57) and profilin
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activates TLR11/TLR12 heterodimers (58, 59). (B) Macrophages or fibroblasts stably
transfected with mEGFP-RelA or mKOx-c-Rel were cultured in the same dish, treated with
each of the TLR ligands, and then subjected to live-cell imaging. sSRNA, single-stranded
RNA; dsRNA, double-stranded RNA; ssDNA, single-stranded DNA.
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Fig. 2. TLR ligand-induced NF-xB dynamics in single cells.
Macrophages and fibroblasts stably expressing fluorescent RelA or c-Rel fusion proteins

were treated with the indicated TLR ligands and imaged for approximately 12.5 hours.
Ratios of nuclear-to-total (nuc:total) cellular fluorescence of RelA and c-Rel were calculated
and plotted. Ligand concentrations were carefully chosen from the reference literature,
where available. The concentrations of TLR ligands used were as follows: LPS (10 ng/ml);
Pam3CSK4 (40 ng/ml); R848 (1 uM; 350 ng/ml); poly(l:C) (20 pg/ml); CpG-DNA (25 pg/
ml); zymosan (5 pg/ml); flagellin and profilin (250 ng/ml). n = 20 cells for each ligand and
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NF-xB subunit, in each cell type. Results were obtained from at least two independent
experiments per ligand, NF-xB subunit, and cell type.
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Fig. 3. Quantification of TLR ligand-induced NF-xB dynamics.
(A) Features of NF-xB signaling dynamics that were analyzed. (B) Quantification of the

single-cell RelA and c-Rel dynamics induced by the six TLR ligands that induced responses
in either cell type (from the data in Fig. 2). The median value of each dynamic feature is
depicted with quartile ranges. One-way ANOVA was performed to measure statistical
significance amongst groups, whereas the Mann-Whitney test was performed for pairwise
comparisons. Statistical test results can be found in table S1. AUC, area under the curve;
A.U., arbitrary units.
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Fig. 4. Dynamic features of NF-xB signali
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ng are linked to gene expression.

(A) Heatmap of the 1633 differentially expressed genes [log, fold-change (log2FC) = 1 and

false discovery rate (FDR) < 0.05in at |

east one treatment] obtained from whole-

transcriptome analysis of TLR ligand—induced changes in macrophage and fibroblast gene
expression. Displayed are the log2FC values of the treated cells relative to unstimulated
cells. Each row represents one gene. (B) Pearson correlation values were determined for the
log2FC value (mean of the 6- and 12-hour treatments) of each gene with respect to the
medians of the single-cell NF-xB dynamics in each cell type and for each NF-xB subunit.

Clustering was performed based on the

correlation values using partitions around medoids.

Values beyond the legend scales were set to extremes. The ordering of the genes is the same
as that in (A). (C) Correlations for representative genes derived from each of the four

clusters in (A) and (B). Shown are the g

enes’ expression level changes relative to the median
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of the single-cell dynamics features for each of the NF-xB subunits in each cell type. The
dynamics feature that most strongly correlated with gene expression for each example gene
is depicted. (D) Gene Ontology Biological Process (GOBP) enrichment analysis of
dynamics-correlated genes in each of the clusters presented in (A) and (B). The three most
statistically significant GOBP terms for each cluster were merged and the combined GOBP
terms are shown. The number of genes with GOBP annotations are indicated in parentheses.
Significant terms are marked as dots. Dot size represents the proportion of cluster genes
annotated for each term. Pvalues were adjusted using the default Benjamini-Hochberg
method.
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Fig. 5. NF-xB dynamics are better correlated to nascent transcription.
(A) The 1633 differentially expressed genes from Fig. 4A (left) were re-analyzed and re-

clustered based on nascent-level gene expression changes (center) and correlations with NF-
xB dynamics (right). Displayed are the log2FC values of cells treated with the indicated
TLR ligands relative to unstimulated cells. Pearson correlation values were determined for
the log2FC value (mean of the 6- and 12-hour treatments) of each gene at the nascent level
with respect to the medians of single-cell NF-xB dynamics in each cell type and for each
NF-xB subunit. Clustering was performed based on the correlation values using partitions
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around medoids. Values beyond the legend scales were set to extremes. (B) GOBP
enrichment analysis of dynamics-correlated genes in each cluster presented in (A). The three
most statistically significant GOBP terms for each cluster were merged and the combined
GOBP terms are shown. The number of genes with GOBP annotations are indicated in
parentheses. Significant terms are marked as dots. Dot size represents the proportion of
cluster genes annotated for each term. Pvalues were adjusted using the default Benjamini-
Hochberg method.
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Fig. 6. Subunit-specific correlation analysis.
(A and B) For macrophages (A) and fibroblasts (B), genes from clusters E to G were

classified based on the average strength of correlation to RelA and c-Rel dynamic features
(see Materials and Methods). Display schemes are the same as those used in Fig. 5. Right:
GOBP enrichment analysis of dynamics-correlated genes in each gene subset in the
heatmap. The three most statistically significant GOBP terms for each set were merged and
the combined GOBP terms are listed in the plot. The number of genes with GOBP
annotations are indicated in parentheses. Significant terms are marked as dots. Dot size
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represents the proportion of cluster genes annotated for each term. P values were adjusted
using the default Benjamini-Hochberg method.
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