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Abstract 
Glucocorticoids (GCs) are potent steroid hormones that regulate immunity and 

metabolism, and do so primarily by activating the transcription factor glucocorticoid 

receptor (GR). Once activated, GR binds to thousands of promoter-distal sites and 

regulates gene expression. Chromatin accessibility is believed to predetermine GR 

binding; however, several observations suggest preprogramming is more complex. For 

example, accessible sites far outnumber GR sites, suggesting additional discriminating 

influences. To investigate the relative importance of the component factors and marks in 

determining GR binding and the effects of GR binding on those factors and marks, I 

integrated hundreds of genome-wide measurements of transcription factor binding, 

epigenetic state, and gene expression across a 12-hour time course of GC exposure and 

reanalyzed complementary data in diverse cellular contexts. I found that GC treatment 

induces GR to bind preferentially to enhancers, which initiates a cascade of highly 

coordinated changes in occupancy of transcription factors and histone modifications. 

While GR recruits to most enhancers, the strength and persistence of binding—which 

ultimately determines enhancer dynamics—depends on motif content and spatial 

interactions between enhancers. 

Transcriptome-wide time series expression profiling is used to characterize the 

cellular response to environmental perturbations. The first step to analyzing 
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transcriptional response data is often to cluster genes with similar responses. I present a 

nonparametric model-based method, Dirichlet process Gaussian process mixture model 

(DPGP), which jointly models cluster number with a Dirichlet process and temporal 

dependencies with Gaussian processes. I demonstrate the accuracy of DPGP in 

comparison with state-of-the-art approaches using hundreds of simulated data sets. To 

further test our method, I apply DPGP to published microarray data from a microbial 

model organism exposed to stress and to novel RNA-seq data from a human cell line 

exposed to the GC dexamethasone. I validate our clusters by examining local 

transcription factor binding and histone modifications. My results demonstrate that 

jointly modeling cluster number and temporal dependencies can reveal novel regulatory 

mechanisms. 
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1. Introduction  

1.1 Physiological effects of glucocorticoids and the 
glucocorticoid receptor 

Glucocorticoids (GCs) are crucial to the regulation of stress responses in 

vertebrates (Sapolsky et al., 2000). In response to stress and according to circadian and 

ultradian rhythms (Lightman, 2006), the adrenal glands produce GCs and secrete them 

into the bloodstream to be spread throughout the body (Chrousos and Kino, 2009). 

Upon reaching their target tissues, GCs permeate cell membranes and precipitate 

cellular responses that begin to manifest in 15 minutes (min) to an hour and can last 

many hours depending on context (Bentley, 1998; Munck and Brinck-Johnsen, 1968; 

Sapolsky et al., 2000). The physiological importance of GCs was established well before 

their mechanism of action was elaborated. In 1948, Philip Hench began to treat 

rheumatoid arthritis with the GC cortisone (Glyn, 1998). Over a decade later, mRNA 

was discovered (Jacob and Monod, 1961) and soon after it was hypothesized that steroid 

hormones function primarily through the regulation of mRNA transcription (Karlson, 

1963). This hypothesis found support when hormone application was shown to increase 

mRNA synthesis (e.g., Garren et al., 1964). It was later demonstrated that GCs affect 

transcription by first binding to glucocorticoid receptor (GR; Rousseau et al., 1972), 

which is now one of the most deeply studied eukaryotic transcription factors (TFs). 

GR belongs to the steroid nuclear receptor superfamily of TFs, which in humans 

also includes androgen receptor (AR), estrogen receptor (ER), mineralocorticoid receptor 
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(MR), and progesterone receptor (PR). GR derives from two whole genome duplication 

events, which occurred early in the chordate lineage (Bridgham et al., 2006). While GR is 

best studied in its regulation of metabolism, inflammation, and immunity (Bentley, 

1998), it has pervasive effects on overall human health, disease, and development 

(Chrousos and Kino, 2009). GR is essential to mammalian life and GR-/- mice die of 

respiratory failure within a few hours of birth (Cole et al., 1995). GR knockout mice also 

show severe defects in the development of the liver, the adrenal gland, the brain, and 

disruptions in the hypothalamic-pituitary axis (Kadmiel and Cidlowski, 2013). Mice 

with point mutations in GR have defects in organ systems throughout the body 

including adipose tissue, the cardiovascular system, the immune system, the nervous 

system, and the skeletal system (Blake et al., 2017). Similarly, human GCs are involved 

in a broad range of disorders including psychiatric disorders, cardiovascular disease, 

osteoporosis, and obesity (Kadmiel and Cidlowski, 2013). Today, over 44 million 

prescriptions for oral GCs are written annually in the United States (Hsiao et al., 2010). 

Synthetic GCs, like dexamethasone (dex) and prednisone, are often prescribed to 

suppress overactive inflammatory responses that result from asthma, infections and 

organ transplant (Kadmiel and Cidlowski, 2013). 

1.2 The cellular response to glucocorticoids 

The human GC stress hormone cortisol—once released from the adrenal 

glands—pervades every organ system in the body (Chrousos and Kino, 2009). Cortisol 
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permeates cell membranes and binds to GR, which is expressed in most tissues (Okret et 

al., 1991). In the lack of GCs, GR remains sequestered in the cytoplasm, bound by 

chaperones and immunophilins (Bresnick et al., 1989; Pratt and Toft, 1997). Upon ligand 

binding, GR undergoes a conformational change Simons (Simons et al., 1989), freeing it 

from its chaperone complex (Allan et al., 1992). The ligand-bound GR then translocates 

into the nucleus (Becker et al., 1986; Jensen et al., 1968). Early studies showed that GCs 

alter cellular physiology by changing the rate of transcription of particular genes 

(Ringold, 1985). The best studied of these GC-responsive genes is the mouse mammary 

tumor virus (MMTV), which—in infected cell lines—has greatly increased expression in 

response to GCs like dex (Ringold et al., 1977; Young et al., 1977). GR binds to multiple 

regions in the vicinity of the MMTV transcription start site (TSS; Payvar et al., 1983). The 

relevant GC response element (GRE) was isolated as two hexamers imperfectly 

palindromic to one another and separated by a three base pair (bp) spacer (Chandler et 

al., 1983). When incorporated into a heterologous construct, the GRE retains GC 

responsiveness (Strähle et al., 1987). The GRE is distinct from the MMTV TSS and lacks 

strict spacing and orientation requirements (Chandler et al., 1983)—the same properties 

that characterize the earliest described transcriptional enhancers (Banerji et al., 1983; 

Banerji et al., 1981; Gillies et al., 1983; Moreau et al., 1981).  

Upon genomic binding, GR alters the rate of transcription through the 

recruitment of a variety of cofactors. Proximal to the MMTV promoter, for example, GR 
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recruits BRG1 of the SWI/SNF chromatin-remodeling complex, thereby increasing 

chromatin accessibility (Fryer and Archer, 1998; Trotter and Archer, 2007). GR also 

recruits the histone acetyltransferase p300 via steroid receptor coactivator 1 (SRC-1; 

Fryer and Archer, 1998; Kamei et al., 1996; Yao et al., 1996). At the MMTV, GR also 

stimulates transcription by interacting with components of the mediator complex (Chen 

and Roeder, 2007; Chen et al., 2006; Hittelman et al., 1999), which physically links distal 

regulatory regions to the general transcriptional machinery at the TSS (Allen and 

Taatjes, 2015). In the classical scheme of gene activation, GR binds as a homodimer to the 

canonical GRE motif, then recruits coactivators in a multistep process. This frees the 

region of nucleosomes, acetylates nearby substrates, and ultimately activates the basal 

transcriptional machinery. In the classical scheme of gene repression, GR instead binds 

as a monomer to DNA-bound transcriptional activators like activator protein-1 (AP-1), 

nuclear factor kappa-light-chain-enhancer of activated B cells (NF-κB), or interferon 

regulatory factor 3 (IRF3), disrupting the formation of coregulatory complexes and, in 

the process, interfering with transcription (De Bosscher et al., 2000; Nissen and 

Yamamoto, 2000; Ogawa et al., 2005; Stahn et al., 2007). In other contexts, GR represses 

transcription through the recruitment of inhibitory complexes, which may include 

histone deacetylase 2 (HDAC2; Ito, 2006; Ito et al., 2000).  

While based on decades of study on a small number of genes, the above-

described mechanisms of transcriptional regulation by GR may have limited 
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generalizability genome-wide, especially in the case of repression, which has proven 

particularly heterogeneous and complex (Santos et al., 2011). Among the many 

complications is the expanding class of nuclear receptor coregulators, which now 

includes more than 350 members (Millard et al., 2013). Recent studies suggest that many 

coregulators can function as either transcriptional activators or repressors depending on 

the cell- and gene-specific context (Millard et al., 2013; Wu et al., 2014). Another 

complication is that both GC ligand (Kauppi et al., 2003; Wang et al., 2006) and DNA 

itself (Meijsing et al., 2009; Watson et al., 2013) act as an allosteric modulators of GR 

activity (reviewed in Weikum et al., 2017). Nevertheless, to begin to enumerate and 

dissect the mechanisms underlying transcriptional responses to GCs genome-wide, it is 

necessary to characterize the genome-wide binding patterns of GR and to relate those 

patterns to gene expression. 

1.3 Glucocorticoid receptor binding genome-wide across cellular 
contexts 

With the development of chromatin immunoprecipitation sequencing (ChIP-

seq), it became possible to assay TF binding genome-wide (Barski et al., 2007; Johnson et 

al., 2007; Mikkelsen et al., 2007). While GR binds in or near the promoter of the most 

thoroughly studied GC-responsive genes in the pre-genomics era, including MMTV, 

Tyrosine aminotransferase (TAT), Proliferin, Osteocalcin, Prolactin, and Pro-opiomelanocortin 

(POMC; Carr and Richard-Foy, 1990; Drouin et al., 1989; Mordacq and Linzer, 1989; 

Ringold et al., 1977; Sakai et al., 1988; Strömstedt et al., 1991), the first ChIP-seq study of 
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GR binding—in the human lung epithelial A549 cell line—demonstrated that GR 

overwhelmingly binds distal from the nearest TSS (Reddy et al., 2009). In that cell line, 

93% of GR binding sites (GBSs) are >2.5 kilobase pairs (kb) distal to the nearest TSS. This 

pattern of TSS-distal binding—in intergenic and intronic regions rather than in promoter 

regions—is common to all of the greater than twenty GR cistromes assayed as yet (e.g., 

Grøntved et al., 2013; John et al., 2011; Miranda et al., 2013; Polman et al., 2012; Sacta et 

al., 2016; Stavreva et al., 2015; Uhlenhaut et al., 2013) as well as cistromes for ER (e.g., 

Carroll et al., 2005; Welboren et al., 2009) and for most other assayed nuclear receptors 

(Kittler et al., 2013; Nielsen et al., 2008; Tang et al., 2011). While perhaps unanticipated in 

the pre-genomics era, the distance separating GBSs and genes is not surprising if 

considered in light of the established enhancer-like properties of GBSs alluded to above. 

To effect changes in transcription at such distances, a GBS may need to loop into 

physical proximity with its target gene TSS. Indeed, looping at GBSs is supported by 

chromatin conformation assays both in the case of GBSs proximal to specific genes, such 

as Lipocalin 2 (Hakim et al., 2009), FKBP51 (Paakinaho et al., 2010), and TSC22D3 

(Stavreva et al., 2015), and genome-wide (Kuznetsova et al., 2015). ER binding sites also 

participate in loops that associate with TFF1, NRIP1, and BCL2 (Carroll et al., 2005) as 

well as a variety of genes genome-wide (Fullwood et al., 2009). Furthermore, GR binding 

associates with increased interaction frequencies between distal sites and promoters 

genome-wide (Kuznetsova et al., 2015), consistent with known interactions between GR 
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and the mediator complex (Chen and Roeder, 2007; Chen et al., 2006; Hittelman et al., 

1999). 

Across cellular contexts, GBSs greatly outnumber GC-responsive genes. For 

example, in A549 cells, one hour (hr) of dex exposure results in over 4,000 GBSs and 

only 234 differentially expressed genes (DEGs; Reddy et al., 2009). Similarly, in the 

murine adipogenic model cell line 3T3-L1, six hr of dex exposure results in nearly 9,000 

GBSs and only 620 DEGs (Yu et al., 2010). The factor by which GBSs outnumber DEGs 

varies by cell line and by duration and concentration of GC exposure, yet the pattern 

holds across all GR cistromes assayed as yet. This phenomenon implies that GC-

responsive genes may be controlled by multiple GBSs or that some GBSs are non-

functional, or both. In support of the former hypothesis of GBS multiplicity, dex-induced 

genes with multiple nearby GBSs have stronger GC responses than genes with a single 

nearby GBS, suggesting additivity across enhancers (Reddy et al., 2009). Also, GBSs as 

well as ER binding sites are enriched for evolutionary conservation (Carroll et al., 2005; 

Gertz et al., 2013; So et al., 2008). In support of the latter explanation of GBS non-

functionality, only a minority of the GBSs cloned into reporter plasmids increases the 

expression of a reporter (Vockley et al., 2016). Nevertheless, there are indications that 

GBSs that are reporter-negative in vitro may modulate the effects of other GBSs in vivo 

(Vockley et al., 2016). 
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1.4 Effects of glucocorticoid receptor binding on transcriptional 
regulation 

As described previously, GR both activates and represses gene transcription. 

According to microarray and RNA-seq experiments, GR does so in roughly equivalent 

proportions genome-wide after one hour of constant, saturating GC exposure (Reddy et 

al., 2009; Rogatsky et al., 2003; So et al., 2007; Wang et al., 2004). GBSs are generally 

enriched for proximity to GC-induced genes (Reddy et al., 2009). However, even those 

GBSs that are most proximal to GC-induced genes tend to be located well beyond a 

reasonable range for direct protein-protein interactions with the basal transcriptional 

machinery. For example, GC-induced genes are a median distance of 10 kb from the 

nearest GBS in A549 cells (Reddy et al., 2009). To effect changes in expression, GBSs 

likely communicate with the transcriptional machinery by looping into proximity 

(Kuznetsova et al., 2015), as described above. The relationship between GBSs and 

repressed genes has proven more complex and by analysis of proximity data alone there 

is no consistently clear relationship. In dex-stimulated A549 and 3T3-L1 cells, for 

example, GBSs are not enriched for proximity to GC-repressed genes (Reddy et al., 2009; 

Siersbæk et al., 2011). This is consistent with the mechanism of squelching in which 

repression results from the loss of coactivators present in limiting quantities as they are 

simultaneously attracted to newly activated sites (De Bosscher et al., 2000; Gill and 

Ptashne, 1988; Kamei et al., 1996). The lack of a clear proximity relationship may also 

reflect the heterogeneity of the mechanisms underlying repression (Santos et al., 2011). 
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1.5 Modes of glucocorticoid receptor binding 

The transcriptional outcome of GR binding may depend not only on the location 

of binding, but also on the mode of binding—direct or tethered, dimeric or monomeric.  

Typically, 50—60% of the set of GBSs found in a given cell type contain GR motifs, 

suggesting that roughly half of GBSs represent sequence-specific binding to the 

canonical GR motif (John et al., 2011; Langlais et al., 2012; Polman et al., 2012; Reddy et 

al., 2009; Uhlenhaut et al., 2013). Although the precise proportion of GBSs with GR 

motifs varies according to the technique used for motif finding—and may even 

biologically vary by cell type (Starick et al., 2015)—it is clear that not all GBSs represent 

direct motif binding. It has long been established that GR can be recruited through 

protein-protein interactions in a mode of binding termed tethering. For example, GR 

tethers to DNA via AP-1 (Schüle et al., 1990; Yang-Yen et al., 1990), NF-κB (Ray and 

Prefontaine, 1994), SMAD3 (Song et al., 1999), multiple signal transducer and activator 

of transcription (STAT) factors (Biola et al., 2000; Langlais et al., 2012; Stocklin et al., 

1996), and other TFs. ER also tethers to TFs such as forkhead box A1 (FOXA1; Carroll et 

al., 2006; Gertz et al., 2013; Heldring et al., 2011; Kushner et al., 2000). In support of 

tethering, DNA contacts are dispensable for GR binding to specific AP-1 sites (Heck et 

al., 1994; Yamamoto et al., 1998). Re-ChIP experiments confirm that GR indeed binds to 

AP-1 (e.g., Kassel et al., 2004; Rogatsky et al., 2001). In murine pituitary-derived AtT-20 

cells, GBSs co-bound by STAT3 and depleted of GR motifs but enriched for STAT3 
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motifs, suggesting that GR is tethered to STAT3, are retained upon expression of GR 

variants deficient for DNA binding. At the same time, GBSs with GR motifs lose binding 

(Langlais et al., 2012). These results imply that DNA binding is not necessary for 

tethered GR binding. Similarly, in 3T3-L1 cells, GBSs co-bound by C/EBPβ and depleted 

of GR motifs but enriched for C/EBPβ motifs—suggesting that GR is tethered to 

C/EBPβ—are lost upon C/EBPβ knockdown, while GBSs with GR motifs retain binding 

(Siersbæk et al., 2011). This implies that the tethering partner is necessary for tethered 

GR binding. Using ChIP-exo, a modified version of ChIP-seq that uses exonuclease 

digestion to increase specificity of binding site location, a clear FOX footprint—absent of 

GR footprinting—is recovered in fetal human lung IMR90 cells when precipitating with 

a GR-specific antibody, suggesting that GR is tethered to a FOX TF (Starick et al., 2015).  

Additional hypothesized modes of GR binding, which have varying degrees of 

support, represent compromises between direct and tethered binding modes. In 

composite GR binding, GR binds directly to its motif, but first requires the motif-

directed binding of a secondary TF, such as AP-1 (Biddie et al., 2011), STAT3 (Langlais et 

al., 2012), or C/EBPβ (Grøntved et al., 2013). [In the literature, “composite” may also 

refer to instances in which motifs physically overlap or are positioned close enough to 

enable steric interactions or competitive occlusion between GR and another TF 

(reviewed in Ratman et al., 2013).] GR can also bind in vitro to half sites (Eriksson and 

Wrange, 1990; Lundbaeck et al., 1993)—that is, to a single hexamer of the full GR motif—
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and there is recent support for such binding in vivo (Lim et al., 2015; Schiller et al., 2014). 

For example, the genome-wide binding sites of wild-type (WT) GR and a dimerization-

deficient GR mutant (GRdim, also known as A465T) were characterized in murine 

macrophages using ChIP-seq and ChIP-exo. ChIP-exo signal aligned within ChIP-seq 

peaks shared between WT GR and GRdim yields footprints reflective of monomeric GR 

binding to half-site motifs, while ChIP-exo signal aligned within ChIP-seq peaks unique 

to WT GR yields footprints reflective of dimeric binding to full-site motifs (Lim et al., 

2015). The former class greatly outnumbered the latter class, which was interpreted to 

mean that monomeric GR binding to half sites greatly outnumbers dimeric GR binding 

to full sites (Lim et al., 2015). However, the vast majority of ChIP-seq peaks bound by 

either WT GR or GRdim lack distinct footprinting, suggesting that ChIP-exo data, in this 

instance, is not sufficient to precisely estimate the relative prevalence of any given mode 

of GR binding. The lack of clear footprints in the majority of sites may be attributed to a 

variety of causes, including widespread tethering or site-specific differences in ChIP-exo 

cross-linking efficiency. In contrast, in a triple negative breast cancer (TNBC) cell line, 

83% of GBSs have a full-site motif and clear ChIP-exo footprints, suggesting 

preponderance of dimeric GR binding (Chen et al., 2015). Thus, while it has been 

proposed that most GBSs reflect half-site binding (Lim et al., 2015; Schiller et al., 2014), 

this has been contested (Chen et al., 2015) and likely varies by ligand (Robertson et al., 

2010) and possibly by cell line (Chen et al., 2015; Lim et al., 2015; Schiller et al., 2014). In 
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another model of GR binding termed half-site facilitated tethering, protein-protein 

interactions between GR and a cooperating factor enable GR to find and to bind its half-

site motifs. In support of this, half sites are enriched in the immediate vicinity of motifs 

for cooperating factors like C/EBPβ (Grøntved et al., 2013), STAT3 (Langlais et al., 2012), 

ONECUT1, and FOXA1/2 (Lim et al., 2015). 

1.6 Modes of glucocorticoid receptor binding and their effects 
on transcriptional regulation 

Traditionally and based on single gene studies, direct GR binding is associated 

with transcriptional activation and tethered GR binding with repression. While this has 

generally held true in the case of direct GR binding, recent genome-wide results suggest 

a more complicated picture overall. During adipogenic differentiation of 3T3-L1 cells, 

direct GBSs associate with transcriptional induction, while tethered GBSs associate with 

both induction and repression (Grøntved et al., 2013). In AtT-20 cells under dex and 

cytokine co-stimulation, direct GBSs associate with transcriptional activation, while 

GBSs that lack motifs and overlap with motif-directed STAT3 binding sites associate 

with transcriptional repression (Langlais et al., 2012). This was interpreted to signify that 

GR-tethered binding to STAT3 leads to repression (Langlais et al., 2012). Thus, the 

transcriptional outcome of non-motif-directed binding of GR likely depends on the 

identity of the tethering or co-binding TF, and depending TF, may vary in a gene-

specific manner. Upon GC stimulation in murine liver and macrophages, GBSs with GR 

full-site motifs exclusively associate with increased expression, while GBSs with GR 
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half-site motifs and motifs for other sequence-specific TFs associate with both induction 

and repression (Lim et al., 2015). When incorporating into a massively parallel reporter 

assay, GBSs with the strongest motifs have the greatest GC-responsive reporter activity 

(Vockley et al., 2016). Across a variety of cell lines and conditions, direct GBSs associate 

with transcriptional induction and other modes of GR binding associate with both 

induction and repression depending on the identity of the tethering factor, additional 

co-factor binding, and likely other influences not yet studied. Nevertheless, a smattering 

of studies contradicts this consensus. Upon dex and inflammatory stimulation in murine 

macrophages, one study found that GBSs proximal to both induced and repressed genes 

have indistinguishable GR motif strengths (Uhlenhaut et al., 2013). Similarly, GBSs 

proximal to both induced and repressed genes in dex-stimulated TNBC cells have 

comparable GR motif strength distributions (Chen et al., 2015). These studies belie the 

notion of a direct relationship between the mode of GR binding and transcriptional 

outcome (Uhlenhaut et al., 2013). In another study, no relationship was found between 

GBS proximity and changes in gene expression (John et al., 2011)—a negative result that 

has not since been substantiated, and may be attributed to the limitations of microarray 

technology or to the idiosyncrasies of the chosen analysis techniques. Further study will 

be needed to resolve the contradictory results on the effects of GR binding on 

transcriptional regulation. 



 

14 

There is some evidence that GR may also bind in a motif-directed manner to an 

assortment of so-called negative GREs (nGREs) and such binding, by definition, leads to 

transcriptional repression. Direct binding to nGREs has been demonstrated for a handful 

of genes including POMC (Charron and Drouin, 1986; Drouin et al., 1993), osteocalcin 

(Strömstedt et al., 1991), IL-1β (Zhang et al., 1997), proliferin (Mordacq and Linzer, 1989), 

and prolactin (Sakai et al., 1988). Both individual nGRE sequences and the mechanisms of 

repression via nGREs vary widely (Dostert and Heinzel, 2004) and include competition 

for binding to overlapping motifs (Meyer et al., 1997; Philips et al., 1997) and recruitment 

of repressive complexes (Miller et al., 2011). Although the evidence in support of 

transcriptional repression via direct GR binding to nGREs is clear in a handful of 

individual cases (Dostert and Heinzel, 2004), the evidence genome-wide for the 

existence of an nGRE motif is uneven. GR was found to bind to an nGRE in the promoter 

of Thymic stromal lymphopoietin and repress its expression by recruitment of the nuclear 

receptor co-repressor 1 (NCoR) complex (Surjit et al., 2011). This nGRE was found 

proximal to nearly half of the genes repressed in A549 cells upon dex exposure (Surjit et 

al., 2011). To the best of my knowledge, however, since the original publication of the 

aforementioned nGRE, no study has yet to find an enrichment of such nGRE sequences 

in GBSs proximal to GC-repressed genes genome-wide (e.g., Jubb et al., 2016; Uhlenhaut 

et al., 2013). In fact, ChIP-exo footprinting does not support the existence of GR binding 

to nGREs in mouse liver (Lim et al., 2015), IMR90 cells (Starick et al., 2015), or TNBC 
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cells (Chen et al., 2015). It is clear from a variety of experimental designs that the mode 

of GR binding—direct or tethered, dimeric or monomeric—likely impacts transcriptional 

outcome, but it is equally clear that more work will need to be done to better clarify the 

underlying mechanisms. 

1.7 Cell-specificity and the determinants of glucocorticoid 
receptor binding 

Chromatin accessibility, defined as sensitivity of chromatinized DNA to cleavage 

by DNase I, marks the vast majority (97%) of promoters, enhancers, insulators, silencers, 

and locus control regions (Gross and Garrard, 1988; Lee et al., 2004; Song and Crawford, 

2010; Thurman et al., 2012). DNase-I hypersensitive sites (DHSs) at promoters are often 

shared across tissues and were observed, on average, in over 75% of mapped ENCODE 

cell types. Distal DHSs, on the other hand, are highly cell-specific, and the vast majority 

were observed in only one or several ENCODE cell types (Thurman et al., 2012). Like 

distal DHSS, GBSs are typically distal and strikingly cell-specific. In a comparison of six 

mouse and human cell lines, overlap in GBSs ranged from 5–40%, and only 0.5% of GBSs 

were found in all six cell lines (Grøntved et al., 2013). While some proportion of the 

distinctiveness between GBS sets across cell lines can be attributed to differences in 

experimental protocol and computational analysis techniques, the strong cell-specificity 

of GR binding has held across the tens of GR cistromes sequenced heretofore (Sacta et 

al., 2016). 
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Early studies such as of the MMTV and TAT loci implicated GR as a pioneer 

factor that binds its motif in chromatinized DNA. In fact, GR mostly binds to genomic 

regions of preaccessible chromatin (82% in 3T3-L1, Grøntved et al., 2013; 71% in mouse 

mammary 3134 and 95% in AtT-20, John et al., 2011; 69% in A549, Reddy et al., 2012). ER 

binding sites are similarly enriched in preaccessible chromatin (72% in ECC-1 and 59% 

in T-47D, Gertz et al., 2013; 83% in 3134, Miranda et al., 2013). It has been estimated in 

3134 cells that 83% of GBSs require preaccessible chromatin for binding (John et al., 

2011). GBSs responsive to low concentrations of ligand may especially depend on 

chromatin accessibility (Reddy et al., 2012). Cell-specific patterns of GR binding and ER 

binding across cell lines correlate with cell-specific patterns of chromatin accessibility 

(Gertz et al., 2013; John et al., 2008; John et al., 2011; Joseph et al., 2010). 

Cell-specific GBSs are not only enriched for preaccessible chromatin but also 

strongly overlap with the motifs and binding of particular TFs—the identities of which 

vary by cellular context. GBSs are found to commonly intersect with the binding sites 

and/or motifs for AP-1 (3134, Biddie et al., 2011; C2C12 myotubes, Kuo et al., 2012; 

neuronal PC12 cells, Polman et al., 2012; A549, Reddy et al., 2009; macrophages, 

Uhlenhaut et al., 2013), C/EBPβ (liver, Grøntved et al., 2013; Siersbæk et al., 2011; 3T3-L1, 

Steger et al., 2010; macrophages, Uhlenhaut et al., 2013), NF-κB (HeLa B2, Rao et al., 

2011), PU.1 (macrophages, Uhlenhaut et al., 2013), multiple STAT factors (AtT-20, 

Langlais et al., 2012), and others. For example, in 3134 cells, GR co-binds with AP-1 at 
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51% of its sites (Biddie et al., 2011) and, in mouse liver tissue, GR co-binds with C/EBPβ 

binding at 62% of its sites (Grøntved et al., 2013). In some cases, GR has been shown to 

directly physically interact with its co-bound TFs, such as AP-1 (Jonat et al., 1990; 

Touray et al., 1991; Yang-Yen et al., 1990) and C/EBPβ (Boruk et al., 1998). In 

demonstration of the necessity of the partner TF for the establishment of certain GBSs, 

expression of a dominant negative form of AP-1 or C/EBP in 3134 cells or liver tissue 

leads to a selective reduction in GR binding at sites co-bound by AP-1 or C/EBPβ, 

respectively. In both cases, loss of GR binding was concomitant with loss of chromatin 

accessibility at those sites (Biddie et al., 2011; Grøntved et al., 2013). Similar results were 

obtained with a targeted knockdown of C/EBPβ by short hairpin RNA (shRNA) in 3T3-

L1 cells. Analogously, knockdown of FOXA1, which is commonly co-bound with ER in 

the MCF-7 breast cancer cell line (Carroll et al., 2006), leads to a reduction in ER binding 

at those co-bound sites (Hurtado et al., 2011). From these observations, a model has 

emerged. This model posits that GR can access the fraction of its cistrome that is driven 

by strong GR motifs with little hindrance from nucleosomal occlusion, but can only 

access the remainder of the cistrome if additional TFs such as AP-1 or C/EBPβ have 

primed the chromatin landscape for its binding.  

This model has been generalized into a hierarchical model of stimulus-

responsive TF binding. In this model, simple combinations of lineage-determining TFs 

(LDTFs) bind collaboratively to prime the chromatin landscape for subsequent binding 
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of stimulus-responsive TFs like GR (Garber et al., 2012; Heinz et al., 2010; Zhang and 

Glass, 2013). For example, in macrophages, the LDTFs PU.1, C/EPBα, C/EPBPβ, and AP-

1 prime a particular landscape of accessibility whereas in B cells PU.1, TCF3, EBF1, and 

FOXO1 prime an overlapping, yet distinct landscape of accessibility (Heinz et al., 2010). 

Stimulus-responsive TFs then bind to this primed landscape to enact their 

transcriptional responses. Stimulus-responsive TFs like GR, then, are situated at the 

bottom of a conceptual hierarchy and are believed to have little to no effect on the 

binding of LDTFs, which are situated at the top of the hierarchy (Garber et al., 2012; 

Zhang and Glass, 2013). This is consonant with but not equivalent to the classical 

pioneer factor model whereby factors like FOXA1 remodel chromatinized DNA and 

form stable complexes for later TF binding (Chaya et al., 2001; Cirillo et al., 1998; Zaret 

and Carroll, 2011). In support of the hierarchical model, genetic deletion of liver X 

receptors (LXRs), which are nuclear receptors responsive to oxysterols, has little effect 

on PU.1 binding, while PU.1 deletion has a large effect on LXR binding (Heinz et al., 

2010). In another example, while FOXA1 knockdown reduces ER binding at 90% of its 

sites (Hurtado et al., 2011), some studies show that ER knockdown has little effect on 

FOXA1 binding (Hurtado et al., 2011; Lupien et al., 2008). There is genetic support for 

this model as well. Mutations in LDTF binding motifs reduce the binding of NF-κB, 

while mutations in the NF-κB binding motif have little to no effect on the binding of 

LDTFs (Heinz et al., 2013).  
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Nevertheless, it is clear that stimulus-responsive TFs can also function in a 

pioneering fashion. In three cell lines, stimulation of ER or GR results in increased 

FOXA1 binding at a subset of ER or GR binding sites (Swinstead et al., 2016). 

Accordingly, these sites are enriched for ER or GR motifs, respectively, and for increases 

in chromatin accessibility (Swinstead et al., 2016). In MCF-7 cells, one study found that 

only 11% of estradiol-induced ER binding sites are pre-bound by FOXA1 and, further, 

that nearly a third of FOXA1 sites present in estradiol conditions depend on ER binding 

(Kong et al., 2014). AP-1 sites gained during dex stimulation are greatly enriched for 

GBSs with strong GR motifs and with enhancer activity in a massively parallel reporter 

assay (Vockley et al., 2016). These observations cohere with findings from studies in 

which GC stimulation is coupled with a secondary stimulation. In such co-stimulation 

experiments, the cistromes of GR and other stimulus-responsive TFs tend to converge 

(Miranda et al., 2013; Rao et al., 2011; Uhlenhaut et al., 2013). In the case of GC and 

inflammatory stimulation, GR is gained at sites for the NF-κB subcomponent p65, while 

p65 is gained at GR sites (Rao et al., 2011). Those p65 sites that gain GR binding are 

enriched for p65 motifs, while the GR sites that gain p65 binding are enriched for GR 

motifs. This suggests that GR and p65 are acting as pioneer factors for one another at 

distinct sets of sites. In support of this, knockdown of GR leads to a loss of the p65 at 

sites co-bound by GR and enriched for GR motifs. Similarly, knockdown of p65 has the 

inverse effect (Rao et al., 2011). In the case of GC and estradiol stimulation, GR increases 



 

20 

ER occupancy at a fraction of sites and those sites show increases in chromatin 

accessibility (Miranda et al., 2013). In contrast to the hierarchical model of stimulus-

responsive TF binding, these results suggest that GR, traditional pioneer factors, and 

other stimulus-responsive TFs interact in a dynamic manner, swapping roles depending 

on the site-specific context. To resolve the apparent contradictions between this 

perspective and the hierarchical model, it may be useful to conceptualize a stimulation 

condition as a state that is dependent upon but distinct from cellular identity. Just as the 

complement of macrophage-specific LDTFs or B cell-specific LDTFs influence and are 

influenced by the binding of the LDTF PU.1 during lineage specification, stimulus-

responsive TFs influence and are influenced by the binding of LDTFs like C/EPBPβ and 

AP-1 in stimulation conditions. In fact, there is evidence that GR may also act as a 

lineage-determining factor. During adipogenesis, GR and C/EBPβ facilitate one 

another’s genomic occupancy and, in doing so, activate PPARγ to induce terminal 

adipogenic differentiation (Siersbæk et al., 2011). For this reason, GCs are used in in vitro 

adipocyte differentiation protocols (Farmer, 2006). Beyond this reframing, it is important 

to note that stimulus-responsive TFs are not a monolithic group. For example, while 

some stimulus-responsive TFs, like LXRs and FOXP3, appear to act almost entirely 

within the scope of preaccessible sites (Heinz et al., 2010; Samstein et al., 2012), other 

stimulus-responsive TFs, like GR, ER, and NF-κB, can reprogram inaccessible sites (John 

et al., 2011; Kaikkonen et al., 2013; Ostuni et al., 2013; Swinstead et al., 2016). An 
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overarching model of stimulus-responsive TF binding must allow for particularities of 

individual TFs. 

1.8 Assisted loading model of glucocorticoid receptor binding 

The evolving models of genome-wide GR binding elaborated above are based on 

observations largely drawn from cell population-based sequencing methods, including 

ChIP-seq and DNase-seq. Alone, these technologies may present a misleadingly static 

picture. When assaying chromatin accessibility across a population of cells, for example, 

differences between cells are masked. Furthermore, even if accessibility is assayed at the 

resolution of single-cell ATAC-seq (Buenrostro et al., 2015; Cusanovich et al., 2015) and 

with an infinitely dense sampling resolution, the dynamics of individual sites will 

necessarily go undetected. 

GR binds dynamically on the order of seconds (McNally et al., 2000), suggesting 

that ChIP-seq and DNase-seq signal represent an average across a mixture of highly 

dynamic states. GR binds to DNA through specific and non-specific interactions 

(Mueller et al., 2010; Sprague et al., 2004), which has also been observed for many other 

TFs (Mueller et al., 2013) including ER (Swinstead et al., 2016), p53 (Morisaki et al., 2014), 

Oct4, and Sox2 (Chen et al., 2014). When specifically interacting with DNA, GR remains 

bound for an average of 2.5—11 seconds (Morisaki et al., 2014; Mueller et al., 2008; 

Swinstead et al., 2016). Any given specific GR site is mostly unbound and only 

experiences sparse binding events (Voss et al., 2011). Once bound to its sequence motif, 
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GR can recruit the chromatin-remodeling complex SWI/SNF (Fryer and Archer, 1998; 

Trotter and Archer, 2007). During the ATP-dependent remodeling process, GR is 

actively displaced (Nagaich et al., 2004). Thus, GR-mediated chromatin remodeling is 

necessarily transient. 

The assisted loading model of TF binding posits that the brief temporal window 

of nucleosomal relaxation following chromatin remodeling offers the opportunity for 

additional TFs to access the DNA template (Voss et al., 2011). In this model, the binding 

of a traditional pioneer factor like AP-1 may enable GR binding at certain sites, while GR 

binding may enable AP-1 binding at other sites. If TF binding were instead static over 

long periods of time, then binding of GR to a particular binding site would preclude the 

binding of other factors. That is, binding would be competitive and saturable (Voss et 

al., 2011). However, binding of GR at the MMTV locus facilitates the binding of an ER 

variant with identical DNA binding specificity as GR (ER pBox; Voss et al., 2011), 

suggesting that the binding of GR assists in the loading of ER pBox. Furthermore, 

facilitation of ER pBox binding by GR occurs at sites where chromatin accessibility 

increases and not at preprogrammed sites (Voss et al., 2011). The assisted loading model 

is also supported by observations of Sox2 and Oct4 binding in embryonic stem cells 

(ESCs). In these cells, Sox2 induction has dramatic effects on Oct4 binding by decreasing 

the time it takes Oct4 to find specific binding sites and by increasing the fraction of 

specifically-bound Oct4 molecules (Chen et al., 2014). 
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1.9 Limitations of the current models of glucocorticoid receptor 
binding 

The assisted loading model of GR binding is useful in explaining the pioneer 

capabilities of GR and the lack of competition between factors with similar binding 

affinities. However, examining GR binding only through the lens of chromatin 

accessibility fails to describe several reproducible features of genome-wide GR binding. 

Because promoter regions tend to be the most accessible genomic regions (Thurman et 

al., 2012), the assisted loading model of TF binding would suggest that GR should bind 

predominantly to promoters. More generally, TFs vary greatly in their genomic 

distribution with respect to protein-coding gene features, with some TFs favoring 

promoters and others favoring enhancers (ENCODE Project Consortium, 2012; Garber et 

al., 2012; Kittler et al., 2013). Furthermore, GR only binds to a small proportion of total 

cell-specific DHSs. For example, GR binds to only 15% of DHSs in IMR90 cells (Love et 

al., 2017). Binding site preference cannot be explained by motif presence alone. This 

suggests that many TFs, and GR specifically, respond to epigenomic signals beyond that 

of accessibility and motif presence. Additional signals may enable GR to discriminate 

between the ~100,000-200,000 DHSs present genome-wide in any given cellular context 

(Thurman et al., 2012).  

In addition to chromatin accessibility, GR binding appears to be sensitive to 

histone modifications and variants. Active enhancers are marked by monomethylation 

of histone H3 lysine 4 (H3K4me1) and H3K4me2, while active promoters are marked by 
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H3K4me3 (Heintzman et al., 2007). The binding of LDTFs like PU.1 and FOXA1 

encourage the deposition of H3K4me1 (Ghisletti et al., 2010; Heinz et al., 2010; Jozwik et 

al., 2016; Sérandour et al., 2011), thereby priming enhancers for subsequent stimulus-

responsive TF binding. There is cell-specific enrichment of H3K4me1 centered on cell-

specific GBSs in mouse liver as well as depletion of the repressive mark H3K27me3 

(Grøntved et al., 2013). Similarly, AR and ER binding sites are often premarked by 

H3K4me2 (He et al., 2010; Lupien et al., 2008). The histone acetyltransferase p300, which 

acetylates H3K27 and other substrates, is often used to identify enhancers (Ghisletti et 

al., 2010; Heintzman et al., 2009; Rada-Iglesias et al., 2011; Visel et al., 2009) and has 

established roles in transcriptional regulation (Vo and Goodman, 2001). p300 is recruited 

to enhancers by LDTFs like AP-1 (Kamei et al., 1996) and, as related above, GR also 

binds to p300 via SRC-1 (Yao et al., 1996). Histone variants may also play a role in GR 

binding. The histone variant H2A.Z is enriched at GBSs and ER binding sites prior to 

activation (Brunelle et al., 2015; John et al., 2008). In an integrative analysis of GR 

binding across three cell types, it was found that cell-specific GR binding correlates with 

cell-specific enhancer-associated histone marks like H3K27ac (Love et al., 2017). These 

studies suggest that particular combinations of histone features distinguish stimulus-

responsive TF binding sites. While histone features and chromatin accessibility generally 

correlate at steady state (ENCODE Project Consortium, 2012), during adipogenesis the 

change in H3K27ac and chromatin accessibility are poorly correlated (Siersbæk et al., 
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2011), suggesting that these are non-redundant signals. This also suggests that the study 

of features that correlate with GR binding should not be limited to steady state marks 

but should extend to the dynamics of those marks. The assisted loading model would 

suggest that histone modifications and variants affect TF binding though the modulation 

of chromatin accessibility. This explanation is consistent with the fact that H2A.Z 

decreases nucleosomal stability (Hu et al., 2013; Jin and Felsenfeld, 2007). However, 

convolving a diversity of histone features into the sole feature of chromatin accessibility 

leaves us where we started—that accessibility alone is insufficient to describe the GR 

binding patterns genome-wide.  

Not only does the landscape of histone modifications appear to influence 

stimulus-responsive TF binding, but stimulus-responsive TF binding appears to 

influence the landscape of histone modifications. The binding of GR (Stavreva et al., 

2015), ER (Guertin et al., 2014), and NF-κB (Ghisletti et al., 2010) can lead to 

redistributions of p300 genome-wide. Enhancers newly activated upon inflammatory 

stimulation gain H3K4me1 and nearly a third of these enhancers remain enriched for 

this histone mark 48 hr after washout of the stimulation (Ostuni et al., 2013). 

Interestingly, these same enhancers have a faster and stronger response upon 

restimulation (Ostuni et al., 2013), strongly suggesting a reciprocal relationship between 

stimulus-responsive TF binding and histone modifications. In order to better understand 

this reciprocal relationship and the influence of chromatin accessibility and enhancer 
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marks like H3K4me1 and p300 binding on GR binding, these features should be 

sampled at a sufficiently high sampling rate during the course of GC exposure. If 

differences in chromatin accessibility could be controlled across sites, would histone 

features have any added effect on TF binding? During GC exposure, when do changes in 

accessibility occur relative to changes in TF binding and histone modifications? 

Another feature of GR binding that the assisted loading model cannot account 

for by itself is the clustering of GBSs in linear genomic space (Hakim et al., 2011; John et 

al., 2011; Vockley et al., 2016). The assisted loading and the hierarchical stimulus-

responsive TF binding models both account for GR binding based on features specific to 

individual sites and ignore the fact that regulatory elements often interact with one 

another at long distances. If changes in GR binding correlate across interacting loci 

beyond that which would be predicted by similarity in initial enhancer marks, then 

assisted loading model should be updated to account for this phenomenon. 

Here, we determine the relative influence of the component determinants of 

genome-wide GR binding using, to our knowledge, the most extensive and densest 

sampling of TF binding, histone modification occupancy, and chromatin accessibility 

before and after GC stimulation in human cells. GC stimulation is examined both on the 

timeline of minutes and of hours of GC stimulation. Our results confirm many aspects of 

the picture of genome-wide GR binding described above, including the activating effects 

of direct GR binding. However, our results also clearly demonstrate that chromatin 
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accessibility—while likely necessary for many GBSs—is clearly not sufficient for GR 

binding. Thus, our results serve to delineate the circumscription in explanatory power of 

current models of GR binding. We also demonstrate that enhancer dynamics are 

dependent not only on direct GR binding, but also on local interactions between 

enhancers. Based on these results, we suggest novel directions of study.
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2. Glucocorticoid Receptor Recruits to Enhancers and 
Drives Activation by Motif-directed Binding 
This chapter is adapted from a manuscript under peer review of the same title (McDowell et al., 
In review-a). The work reflects a large collaborative project in the Reddy Lab that includes 
contributions from: 
 
McDowell, I.C., Barrera, A., Hong, L.K., D'Ippolito, A.M., Vockley, C.M., Leichter, S.M., 
Bartelt, L.C., Majoros, W.H., Song, L., Safi, A., Kocak, D.D., Gershbach, C.A., Hartemink, 
A.J., Crawford, G.E., Engelhardt, B.E., Reddy, T.E. 
 
My primary contributions to this chapter are the design of the study, developing the conceptual 
framework for the manuscript, performing all analyses, and writing the manuscript. Specific 
author contributions were as follows: 
 
Conceptualization, T.E.R., G.E.C., B.E.E., A.J.H., and C.A.G.; Supervision, T.E.R., G.E.C., 
B.E.E., A.J.H., and C.A.G.; Funding Acquisition, T.E.R., G.E.C., B.E.E., A.J.H., and 
C.A.G.; Project Administration, L.K.H., T.E.R., and G.E.C.; Investigation, I.C.M. L.K.H., 
S.M.L., A.M.D., L.S., A.S., and L.C.B.; Formal Analysis, I.C.M., T.E.R., W.H.M., A.B., and 
A.M.D.; Software, I.C.M. and A.B., Data Curation, A.B. and I.C.M.; Visualization, I.C.M. 
and A.B.; Writing – Original Draft, I.C.M., T.E.R., A.B., B.D., L.K.H., S.M.L., W.H.M., 
A.M.D., and K.L.; Writing – Review & Editing, all authors. 
 

2.1 Introduction 

The human GC stress hormone cortisol, once released from the adrenal glands, 

pervades every organ system in the body (Chrousos and Kino, 2009). At the cellular 

level, cortisol permeates cell membranes and binds to GR. Once bound to its ligand, GR 

translocates into the nucleus where it acts as a TF. GR binds to thousands or tens of 

thousands of locations across the human genome and regulates the expression of 

hundreds to thousands of target genes (Biddie et al., 2011; Chen et al., 2008; John et al., 

2011; Reddy et al., 2009; Wang et al., 2004). GC exposure leads to transcriptional 
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activation and repression in roughly equivalent proportions (Reddy et al., 2009). While 

target genes are often involved in metabolism and immunity (Yamamoto, 1985), the 

specific genomic binding sites and effects of GR vary greatly across cellular contexts 

(Chrousos and Kino, 2009; Gertz et al., 2013; John et al., 2011). 

Genomic responses to external stimuli like GCs are believed to vary across cell 

types largely due to preprogrammed differences in the chromatin landscape (Heinz et 

al., 2015). Across various cell lines, GR has been shown to bind predominantly to 

preaccessible chromatin sites (John et al., 2008; John et al., 2011). At these sites, GR also 

commonly co-binds with certain pioneer factors, like AP-1 (Biddie et al., 2011) and 

C/EBPβ (Grøntved et al., 2013), designated as such for their ability to bind to their 

sequence motifs within condensed chromatin and subsequently remodel chromatin, 

increasing accessibility (Zaret and Carroll, 2011). The model that has emerged from these 

findings posits that cell-specific pioneer factor binding creates an accessible chromatin 

landscape that predetermines GR binding (Biddie and John, 2014; John et al., 2011). GR 

can also act as a pioneer factor at a minority of its binding sites, which tend to have 

stronger GR motifs (John et al., 2008). 

The prevailing model of GR binding—in which accessibility is the preeminent 

determinant—is useful for explaining some of the differences in GR binding across cell 

lines. However, there are on the order of at least a hundred thousand accessible 

chromatin sites in any given cell type (Thurman et al., 2012), while there are only 
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thousands to tens of thousands of GR binding sites. Of course, the strength of the GR 

motif sequence and the binding of cooperative TFs may further refine the specificity of 

GR binding. More generally, we surmised that accessibility is only a single feature 

among a constellation of often interacting genomic and epigenomic features—including 

TF binding, histone modifications, and 3D conformation—that influence GR binding. 

The relative influence of the component determinants has been little explored in any 

systematic manner. Because GR predominantly binds distal from TSSs, we suspected 

that GR might preferentially recruit to enhancers. 

Enhancers are regions of the genome where TFs bind and cause increased 

expression of distal target genes (Kleinjan and van Heyningen, 2005). During 

differentiation, combinations of pioneer factors bind and prime the chromatin landscape 

for enhancer formation and, ultimately, cellular identity (Heinz et al., 2010; Heinz and 

Glass, 2011). In addition to opening chromatin, there are indications that certain pioneer 

factors can increase monomethylation of the H3K4 (PU.1, Heinz et al., 2010; FOXA1, 

Sérandour et al., 2011). Once established, multiple genomic and epigenetic features mark 

the state of an active enhancer including enhanced chromatin accessibility (Gross and 

Garrard, 1988; Thurman et al., 2012), binding of the histone acetyltransferase p300 

(Heintzman et al., 2009; Visel et al., 2009), acetylation of H3 lysine 27 (H3K27ac; 

Creyghton et al., 2010), and H3K4me1 (Heintzman et al., 2007; Koch et al., 2007). At 

steady state, TFs bind in dense clusters at enhancers (Garber et al., 2012; Gerstein et al., 
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2012; Moorman et al., 2006; Siersbæk et al., 2014; Yan et al., 2013) to a degree that cannot 

be explained by accessibility or motif strength alone (Morgunova and Taipale, 2017). 

Given the importance of enhancers in TF binding site selection generally, we suspected 

that the influence of accessibility on GR binding has likely been overstated and that GR 

may instead be responding to a variety of properties associated with enhancers. 

To test this, we tracked the dynamics of TF and histone modification occupancy 

by ChIP-seq, chromatin accessibility by DNase-seq, as well as gene expression by RNA-

seq across a 12 hr time course of GC exposure in a well-studied human epithelial lung 

cell line, A549. We demonstrate that GC-responsive changes in TF binding are enriched 

distally, are coordinated across TFs, and are coordinated specifically within enhancers. 

GR recruits to enhancers and the strength and persistence of its binding depends on the 

GR motif strength of enhancers. GR binding drives a cascade of changes in TF and 

histone modification occupancy in enhancers. Direct binding of C/EBPβ and AP-1 as 

well as chromatin interactions further refine enhancer dynamics. 

2.2 Results 

To investigate the dynamics of the GC response in human cells, we measured 

changes in genomic and epigenomic state across a time course of GC exposure. To do so, 

we treated human A549 cells, a type II lung carcinoma cell line commonly used to study 

the GC response, with 100 nM of the synthetic GC dex for between 30 min and 12 hr. 

Then, at 12 points along that time course, we measured chromatin accessibility with 
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DNase-seq (Song and Crawford, 2010), covalent histone modification and TF occupancy 

with ChIP-seq (Barski et al., 2007), and gene expression with RNA-seq (Mortazavi et al., 

2008). In total, we completed > 700 genome-wide assays and generated > 21 B 

sequencing reads (Figure 1A and Table 1). To ensure that the anti-proliferative effects of 

dex did not cause differences in cell density or average cell cycle state between early and 

late time points, all cells were grown to confluence before initiating treatments (Figure 

13A).  

Table 1: Summary of total sequencing effort. 

Assay type ChIP-seq DNase-seq RNA-seq 
Number of libraries 607 51 46 
Total num. of reads 16,136,842,674 2,042,980,092 3,630,314,622 
Num. of replicates 2–3 4–5 3–4 
Minimum num. of 
reads per replicate 

11,188,959 24,368,260 44,667,132 

Maximum num. of 
reads per replicate 

137,612,018 73,680,155 175,052,318 

Mean num. of reads 
per replicate 

26,732,808 40,205,349 78,630,699 

 

We identified 2,184 differentially expressed protein-coding genes [false discovery 

rate (FDR) < 0.01], with approximately equivalent numbers of up-regulated and down-

regulated genes (Figure 1B). Up-regulated genes were enriched for lipid metabolic 

process gene ontology terms, including the genes Tfcp2l1 and Acsl1, while down-

regulated genes were enriched for cell division-related terms and response to stress 

terms, including the genes Plk2, Jun, and IER5 (Figure 13B). These results are consistent 
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with the known effects of GCs on lipid metabolism and stress response (Macfarlane et 

al., 2008; Sapolsky et al., 2000). 

We also tested for changes in TF binding and chromatin accessibility and found 

widely varying proportions and numbers of differential sites depending on the factor 

assayed (FDR < 0.1; Figure 1C). Dex stimulated an increase in GR occupancy over the 

time course, as expected. For nearly all other TFs assayed, dex treatment led to both 

increased and decreased occupancy at a substantial fraction of binding sites (Figure 1C). 

The majority of the ~20,000 binding sites for the transcriptional coactivator p300, for 

example, showed dynamic binding over the time course (76.1%), and similar numbers of 

sites had increased p300 occupancy (7,870) as had decreased p300 occupancy (7,068). 

Over half of the dynamic p300 sites (54.4%) had strong changes in binding with fold-

changes > 2 or < ½. In contrast to GR and p300, binding of the insulator protein CTCF 

remained largely unchanged throughout the time course, with only 0.58% of sites 

dynamically bound (Figure 1C). This was unsurprising given that CTCF—although 

necessary for proper cell- and condition-specific expression (Nikolic et al., 2014; Tsankov 

et al., 2015; Watanabe et al., 2012)—tends to bind more stably across cell lines in 

comparison to other TFs (ENCODE Project Consortium, 2012; Tsankov et al., 2015; Wang 

et al., 2012). 
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Figure 1: Dynamics of the genomic GC response and highly coordinated in 
enhancers and correlate with changes in gene expression. 

(A) Schematic shows experimental design for dex exposure time course and summary of 
sequencing effort. (B) Heatmap shows log2 fold change in gene expression for all dex-
responsive genes over the time course as assayed by RNA-seq, quantified at the gene-
level, and hierarchically clustered by complete linkage and sorted in descending order 
by change in expression. (C) Bar plots show the proportion (above) and the total number 
(below) of differential sites across all ChIP-seq peak sets and DHSs, split into sets with 
increased and decreased signal. (D) Bar plot shows the proportion of ChIP-seq peaks 
and DHSs by genomic annotation with respect to protein-coding genes. (E) Heatmap 
shows the enrichment of differentially bound (or accessible) peaks in distal regions 
(Distal intergenic or Intron from D) versus non-dynamic peaks. (N/A means not 
applicable.) (F) Heatmaps show jaccard index of overlap for sets of non-dynamic TF 
binding peaks and DHSs (left) and for dynamic peaks (right). (G) Heatmap represents 
mean Pearson correlation coefficients in log2 fold change in binding of TFs within distal 
non-p300-bound DHSs (left) and enhancers (right) as measured by ChIP-seq. (H) 
Cumulative distribution of distance of protein-coding genes by dynamics class to 
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nearest neighboring enhancer with increased p300 upon dex exposure. (I) Same as H, 
except distances are to enhancers with decreased p300. (J) Plot shows mean log2 fold 
change of all DEGs and 1000 randomly selected non-DEGs sorted in descending order 
(left). Scatter points for selected genes are annotated and colored. Bar plot shows 
number of enhancers within increased p300 and decreased p300 within 20 kb (right) of 
the genes ranked at left.  (K) Proportion of variance explained in mean log2 fold change 
in expression (R2; y) and standard error of R2 as a function of size of the window (x) 
within which the ChIP-seq and DNase-seq data was summed. Epigenomic data was 
summed either in the full flank or in subsets of the full flank as indicated. Mappings in 3 
kb TSS-proximal region were ignored. (L) Standardized estimated coefficients shown for 
the elastic net model in which change in expression was regressed on change in control-
subtracted ChIP-seq and DNase-seq signal in enhancers within 60 kb of genes (see K). 
Standard deviation of coefficients are shown, which were computed by re-estimating 
coefficients from 1000 bootstrap replicates.  (M) Bar plot shows relative size of the 
genomic region covered by the enhancer set within 100 kb of all tested gene TSSs 
compared to the set of full 100 kb windows. 
 

2.2.1 Transcription factor binding dynamics are coordinated 
specifically within enhancers 

To begin to characterize the relationship between changes in TF binding and 

changes in gene expression, we annotated TF binding sites by genomic location with 

respect to protein-coding genes. GR is known to bind distal from promoters (Reddy et 

al., 2009) and here 86% of GR binding sites were located >3 kilobases (kb) from the 

nearest protein-coding gene transcription start site (TSS; Figure 1D). In fact, among all 

TFs examined, GR had the greatest proportion of binding sites that were distal from 

promoters, followed closely by p300 (Figure 1D). While the relative ratio of promoter-

distal to promoter-proximal sites varied widely across TFs (Figure 1D), regardless of TF 

identity the subset of TF binding sites differentially occupied across the time course 

were enriched in promoter-distal locations compared to non-dynamic binding sites 
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[except for GR and CTCF, which had too few non-dynamic and dynamic sites, 

respectively, to test; Fisher’s Exact Test (FET), P < 1.5 × 10-5; Figure 1E). In other words, 

changes in TF binding upon dex exposure were preferentially located in non-promoter 

regions. 

Because TF binding sites cluster in the genome (MacArthur et al., 2009; Yip et al., 

2012) and single nucleotide polymorphisms that alter the motif of one TF can alter the 

binding of a cooperating TF (Heinz et al., 2013; Soccio et al., 2015), we hypothesized that 

differential TF binding sites should preferentially co-locate. In all pairwise comparisons 

across all TFs and the set of DNase I hypersensitive sites (DHSs; again, with the 

exception of GR and CTCF for the same reasons as above), we found that sets of 

dynamic sites co-occurred more often than did sets of non-dynamic sites (FET, P < 10-100; 

Figure 1F). Given that dynamic TF binding sites were enriched for co-occurrence and 

were enriched in promoter-distal regions, we hypothesized that the coordinated changes 

in TF binding that we observed were concentrated specifically within enhancers. 

To test this, we defined a set of active enhancers as sites distal from protein-

coding gene TSSs and with p300 binding, open chromatin, and flanking H3K4me1 and 

H3K27ac (Figure 13C). By these criteria, we identified ~16 K enhancers active in at least 

one time point during the 12-hr time course. Prior to dex exposure, the vast majority of 

enhancers was preprogrammed (H3K27ac+, 91%) and only a small minority of 

enhancers was poised (H3K27ac-, H3K4me1+, 3%) or latent (H3K27ac-, H3K4me1-, 5%), 
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consistent with previous studies (Figure S1D and S1E; Biddie et al., 2011; John et al., 

2011). However, we did not observe discrete clusters of enhancers based on initial pre-

marking, but instead observed a spectrum of initial activation in terms of flanking 

H3K4me1 and H3K27ac occupancy (Figure 13F), and so henceforth dispense with these 

discrete classifications. 

To test whether dense clusters of TF binding sites were enriched in enhancers, 

we compared the numbers of overlapping TF binding sites in enhancers and in non-

p300-bound distal DHSs. We selected subsets of enhancers and non-p300-bound distal 

DHSs that matched in chromatin accessibility in order to reduce confounding (Figure 

13G). A plurality of these enhancers showed binding of seven of the eight TFs tested, 

with CTCF most commonly absent (95% of seven factor-bound sites), while a plurality of 

non-p300-bound distal DHSs showed binding of a single factor, most commonly CTCF 

(81% of single factor-bound sites; Figure 13H). We hypothesized that the underlying 

characteristics that promote shared TF binding in enhancers should also promote similar 

TF binding dynamics across factors and within enhancer. To test this, we quantified TF 

ChIP-seq read counts within enhancers and, for comparison, within non-p300-bound 

distal DHSs, again, matched for chromatin accessibility. We found that TFs had highly 

correlated binding dynamics specifically within enhancers (Figures 1G and 13I). To 

ensure that these results were not skewed by the presence of CTCF in distal DHSs, we 

repeated our analysis after excluding CTCF sites from the set of distal DHSs (and re-
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matching for accessibility), and obtained nearly identical results (Figure 13J). Our results 

suggest that the genomic GC response is largely promoter-distal, coordinated across a 

variety of TFs, and coordinated specifically within enhancers. 

2.2.2 Changes in enhancer activity associate with changes in gene 
expression 

Given that enhancers, by definition, promote the expression of target genes 

(Kleinjan and van Heyningen, 2005), we hypothesized that changes in TF binding and 

histone modifications within enhancers would correlate with changes in gene expression 

of nearby genes. We computed the distance from all expressed genes to the nearest 

enhancer with increased or decreased p300, which was taken as a proxy for enhancer 

activity. Up-regulated genes were nearer to enhancers with increased p300 than were 

non-dynamic and down-regulated genes (MWU, P < 10-100, P = 2.2 × 10-55, respectively; 

Figure 1H) and down-regulated genes were nearer to enhancers with decreased p300 

than were non-dynamic and up-regulated genes (MWU, P = 1.2 × 10-7, P = 1.73 × 10-11, 

respectively; Figure 1I). Furthermore, mean log2 fold change in expression was 

associated with the number of enhancers with dynamic p300 within 20 kb, and this 

association was weaker if only considering the binary presence of an enhancer with 

dynamic p300 within 20 kb (Chi-squared test, P = 2 × 10-26, Figure 1J). Our results suggest 

that changes in enhancer activity associate with changes in gene expression and that 

multiple enhancers contribute to dex-responsive expression dynamics of a target gene. 
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We next investigated the relationship, more generally, between promoter-distal 

(>3 kb) changes in TF and histone modification occupancy and changes in gene 

expression. We found that the proportion of variance in expression explained as a linear 

function of TF and histone modification occupancy generally increased as wider TSS-

flanking regions were considered, yet plateaued after around 20—30 kb of flank 

considered (Figure 1K). After limiting the scope of TF and histone modification 

occupancy to only enhancers—equivalent to a 98.4% decrease in the gene flank length 

considered (Figure 1M)—the proportion of variance explained decreased by only 30% 

(Figure 1K). Furthermore, the variance explained by enhancers was much greater than 

that explained by other size-matched sets of distal sites (e.g., at 60 kb, T-test, P < 10-100). 

These results suggest that the changes in TF and histone modification occupancy in 

promoter-distal regions most germane to changes in gene expression are largely 

concentrated within enhancers. The features most positively associated with gene 

expression within those enhancers were p300, JUN, H3K27ac, and GR (Figure 1L). 

2.2.3 Glucocorticoid receptor binds pervasively to enhancers 

The observation that enhancers had increased coordination in binding dynamics 

across TFs and increased association with gene expression dynamics in comparison to 

non-p300-bound distal DHSs led us to question the difference between the two sets in 

terms of GR binding. After matching enhancers and non-p300-bound distal DHSs in 

accessibility, GR binding was overwhelming greater in enhancers (Figure 2A). GR 
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bound to the majority of preprogrammed enhancers (72.5%; for at least one time point 

from 0.5—12 hr dex) and to a relatively tiny proportion of non-p300-bound 

preprogrammed distal DHSs (2.1%; FET, P < 10-100; Figure 14A). GR binding waned over 

the 12 hr time course, consistent with waning GR expression (FDR < 0.1; Figure 14B). 

Dex is known to down-regulate the expression of GR (Rosewicz et al., 1988). To ensure 

that differences in GR binding between enhancers and other distal DHSs could not be 

attributed solely to differences in GR motif content, we searched for the GR motif in the 

two sets of sequences as well as in random intergenic sequences. We found nearly 800 

sequences in all sets with identical GR motifs. Although GR motif did not vary, GR 

binding was overwhelmingly greater in enhancers than in the other two sets (Paired T-

test, P < 10-100; Figure 14C). Together, our results clearly suggest the influence of factors 

beyond accessibility and motif content alone in determining GR binding site preferences.  

To determine the factors that influenced GR binding and their relative 

contributions, we modeled binary GR binding to the union of enhancers and distal non-

p300-bound DHSs using pre-dex TF occupancy, accessibility, and GR motif strength as 

predictors. We used penalized regression with cross-validation to limit the number of 

non-zero predictors. In this model, initial p300 binding had the strongest association 

with subsequent GR binding, followed by GR motif strength and the binding of JUNB, 

C/EBPβ, and JUN [Area under the receiver operating characteristic curve (AUC) = 92.6; 

Figure 2B]. Although chromatin accessibility was significantly greater in sequences that 
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became bound by GR (MWU, P < 10-100; Figure 14E), after controlling for differences in 

TF occupancy and motif strength in the regression model, accessibility did not associate 

with GR binding (Figure 2B). In fact, when histone modification occupancy 

(H3K4me1/2/3, H3K27ac, and H3K9me3) in 1-kb site flanks was additionally 

incorporated into the model (AUC = 0.95), chromatin accessibility became negatively 

associated with GR binding (Figure 14F). Again, our results suggest that chromatin 

accessibility does not predetermine GR binding. More important determinants of GR 

binding include p300 binding, motif strength, pioneer factor binding, and histone 

modifications. 

Fold change in GR binding to enhancers ranged over many orders of magnitude 

(Figure 14G). To determine the factors that influenced the degree of GR binding in 

enhancers, we modeled the change in GR binding at 0.5 hr of dex exposure using pre-

dex TF occupancy, accessibility, and GR motif strength as predictors. GR motif strength 

had the strongest association with change in GR binding, followed by p300 binding, 

accessibility, and binding of JUN, JUNB, and C/EBPβ (R2 = 47.9; Figure 2C). When 

histone modification occupancy in enhancer flanks was additionally incorporated into 

the model (R2 = 50.8), H3K27ac occupancy was the most important predictor following 

GR motif strength (Figure 14H). Together, our results suggest that a combination of 

enhancer-associated marks, including TF binding and histone modifications, or some 

hidden factor or factors underlying these marks recruits GR to enhancers, and the GR 
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motif content of those enhancers then determines the degree of GR binding to each 

enhancer.  

Because we observed GR to bind maximally at the earliest time point (0.5 hr of 

dex exposure; Figure 14B), we suspected that we might have failed to capture additional 

GR binding activity present only at earlier durations of dex exposure. We then assayed 

GR binding by ChIP-seq every 5 min for the first 25 min of dex exposure and found an 

additional ~43 K GR binding sites (Figure 14I). Almost all of the GR binding sites present 

at later time points (0.5—12 hr dex; 99.3%) were also present before 0.5 hr of dex 

exposure (Figure 14I). GR bound to nearly all preprogrammed enhancers (97.9%) within 

only 5 min of dex exposure (Figure 2D). Our results demonstrate that GR binds rapidly 

and pervasively to nearly all enhancers. 

We hypothesized that the relative influence of initial enhancer marks and GR 

motif content on GR binding over time should display inverse trends. That is, we 

hypothesized that initial enhancer marks should strongly determine GR binding in the 

immediate term following dex exposure. Then, as GR locates its cognate binding motifs 

and increases activation of the sites that have strong motifs by, e.g., recruiting p300 

(Kamei et al., 1996; Yao et al., 1996) and the SWI/SNF chromatin-remodeling complex 

(Fryer and Archer, 1998; Trotter and Archer, 2007), then the balance of GR recruitment 

should shift towards those activated sites, which will have become decorated with the 

activation-associated marks that contribute to GR recruitment. To test this hypothesis, 
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we assayed occupancy of p300 and H3K27ac by ChIP-seq every 5 min for the first 25 min 

of dex exposure. To obtain an estimate of initial activation for each enhancer while 

borrowing information across the factors assayed, we performed principal component 

analysis (PCA) on initial occupancy of p300 and flanking H3K27ac and interpreted PC1-

transformed occupancy data as representative of initial enhancer activation (Figures 14J 

and 14K). By comparing change in GR binding in enhancers split into quintiles by initial 

enhancer activation, we found that at 5 min of dex exposure GR initially bound most 

strongly to enhancers with high initial activation. However, the influence of initial 

activation gradually waned over the first half hour (Figure 2E). Simultaneously, GR 

recruitment steadily increased in enhancers with stronger GR motifs (Figure 2E), and 

these enhancers gained p300 binding (Figure 14L). We estimated the relative influence of 

initial enhancer activation and GR motif content by fitting a series of penalized 

regression models and confirmed our hypothesis of opposing dynamic trends in the 

influence of the two variables (Figure 2F). 
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Figure 2: Chromatin accessibility does not predetermine GR binding. 

 (A) Heatmaps show DNase-seq and input-subtracted ChIP-seq signal in reads per 
million (RPM) in 6,947 chromatin accessibility-matched distal non-p300 bound 
preprogrammed DHSs (left) and preprogrammed p300 sites (right). Above, aggregate 
profile plots show mean RPM per bp across sites in heatmaps. Regions shown range 
from -1 to +1 kb from site center. (B) Schematic of elastic net regression model (top) is 
shown along with resultant estimated non-zero coefficients (below) where error bars 
represent standard deviation of coefficient estimates across 1,000 bootstrap samples. (C) 
Same as (B), except with slightly altered model. (D) Venn diagram shows the number of 
GR ChIP-seq peaks called at 5 min of dex exposure that were located within 500 bp of 
preprogrammed enhancers (p300 binding prior to dex exposure). (E) Box-and-whisker 
plots show log2 fold change in standardized GR binding every five min for the first 25 
min across the set of all enhancers split into quintiles either by initial enhancer activation 
(left) or by GR motif strength (right). Observations greater than 1.5 × interquartile range 
beyond the first or third quartiles are shown as outliers. Ordinary least squares 
regression lines are shown in green and red. (F) Estimated coefficients of a series of 
linear models regressing change in GR binding by time point on GR motif strength and 
initial enhancer activation after standardizing all variables. 
 

2.2.4 Across cellular contexts, glucocorticoid receptor binds 
preferentially to enhancers 

Our model of GR recruitment extends the received model in which chromatin 

accessibility is preeminent to include other more important factors including marks and 
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factors associated with enhancers. We reanalyzed a variety published data sets to test 

the updated model, including GR binding data under varied dex concentrations. Based 

on this data, we classified enhancers as dex hypersensitive, dex medium-sensitive, and 

dex low-sensitive (Figure 3A), analogous to the partitioning into terciles in Reddy et al. 

2012. We recapitulated the finding in Reddy et al. 2012 that dex hypersensitive GR 

binding sites had increased initial accessibility (vs. low-sensitive; MWU, P = 1.1 × 10-14), 

but the difference was starker in terms of initial p300 (vs. low-sensitive; MWU, P < 10-100; 

Figure 3B). Specifically, dex hypersensitive enhancers had 2.7-fold greater median p300 

binding than low-sensitive sites, while dex hypersensitive enhancers had only 1.3-fold 

greater median accessibility (T-test, P < 10-100; Figure 3C). In fact, after controlling for 

differences in initial p300 occupancy, initial chromatin accessibility only marginally 

associated with dex sensitivity (Figure 3D). These results corroborate the conclusion that 

enhancer activation—here, represented by p300 binding—associates with subsequent 

GR binding to a greater extent than does chromatin accessibility. 

A corollary of the updated model of GR recruitment is that GR binding sites that 

do not overlap preprogrammed enhancers should have stronger GR motif scores than 

binding sites that do overlap preprogrammed enhancers. After all, the recruitment of GR 

to preprogrammed enhancers can be facilitated by a variety of contributory factors 

beyond that of motif strength. We tested this hypothesis across diverse cellular contexts 

for which GR and p300 binding data was available in stimulated and unstimulated 
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treatments, respectively. We also included pioneer factor (AP-1, C/EBPβ) binding site 

intersections in this analysis where available. As expected and across all cellular 

contexts, GR binding sites with initial p300 binding had weaker median GR motif 

strength than did GR binding sites without initial p300 binding (MWU, P < 1.77 × 10-49; 

Figure 3E). The proportion of p300 binding sites to which GR recruited varied across cell 

line, which is reasonable given differences in, e.g., the GR agonist applied and the 

duration of its application (Figure 3F). Nevertheless, it is clear that our model of 

enhancer-driven GR recruitment applies across cellular contexts.  

 

Figure 3: GR binds to enhancers across cellular contexts. 

 (A) Change in GR binding shown for three classes of enhancers defined by GR binding 
responsiveness to varying dex concentrations. (B) Initial abundance of p300 ChIP-seq 
(left) and DNase-seq (right) in enhancers by classes in (A). Abundance in log2 counts per 
million (log2 CPM; *** = P < 0.001). (C) Ratio of log2 CPM p300 ChIP-seq and DNase-seq 
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in dex hypersensitive versus low-sensitive sites (*** = P < 0.001). (D) Estimated 
coefficients of a series of linear models regressing change in GR binding by dex 
concentration on initial p300 ChIP-seq abundance and initial DNase-seq abundance after 
standardizing all variables. (E) The sets of GR binding sites across a variety of cellular 
contexts were split into quintiles by GR motif strength. Bar plots show the proportions 
of GR sites by intersection with p300 sites and selected TF sites that fall within each 
quintile (*** = P < 0.001). (F) Venn diagrams show overlap of GR binding sites with p300 
sites and selected TF sites across a variety of cellular contexts corresponding to (E). 
 

2.2.5 Glucocorticoids initiate a cascade of genomic events  

Following GR recruitment, enhancers should undergo changes in TF binding and 

histone modifications reflective of differential activation, given that GR is known to 

recruit p300 (Kamei et al., 1996; Yao et al., 1996) and chromatin-remodeling complexes 

(Fryer and Archer, 1998) and to facilitate the binding of certain pioneer factors (Steger et 

al., 2010; Swinstead et al., 2016). To study these changes we tested for differential TF 

occupancy and accessibility within enhancers and differential histone occupancy in 1-kb 

enhancer flanks at each post-dex time point (compared to pre-dex; Heintzman et al., 

2007; Nie et al., 2013). GCs caused differential occupancy of p300 and H3K27ac in 73.4% 

and 72.8% of enhancers, respectively, across the time course (at 0.5—12 hr dex; Figures 

4A, 15A, and 15B). The majority of enhancers also had changes in AP-1 binding (JUN, 

66.1%; JUNB, 65.3%; FOSL2, 40.3%) and 41.5% of enhancers had changes in C/EBPβ 

binding (Figures 4A, 15A, and 15B). Our results demonstrate that saturating 

concentrations of dex can lead to global shifts in enhancer activation. 

To determine the order of changes within enhancers, we computed the 

proportion of enhancers that had differential signal prior to or at each dex exposure time 
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point. We observed a temporal cascade of genomic events following GC stimulation in 

which rapid changes in GR binding was followed immediately by the redistribution of 

p300, nearly simultaneous changes in pioneer factor binding and H3K27ac, gradual 

changes in chromatin accessibility, and lastly, changes in H3K4 methylation (Table 2; 

Figures 4B, 4C, and 15A—15E). These results imply that GR binding may enable 

recruitment of other TFs by modifying enhancer attributes, like H3K27ac occupancy, 

prior to changes in accessibility and again call into question the absolute preeminence of 

chromatin accessibility in the determination of TF binding. 

 

Figure 4: The extent and timing of GC-responsive changes in TF binding, 
histone modifications, and accessibility in enhancers. 

(A) Bar plot shows the proportion of enhancers with differential ChIP-seq or DNase-seq 
signal at some dex exposure time point compared to pre-dex levels. To be called 
differential, an enhancer also had to have enriched signal above background, i.e. a peak, 
at some point in the time course. (B) Line plot represents cumulative proportion of 
enhancers with increasing signal at or prior to each time point, scaled to unity, and 
smoothed by piecewise cubic Hermite interpolating polynomial splines. (C) Same as (B), 
except for enhancers with decreasing signal. 
 

Table 2: Estimated median response times for changes in TF binding, histone 
modification occupancy, and chromatin accessibility 
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GR 0.18 N/A 
EP300 0.34 0.48 
JUN 0.42 1.92 

JUNB 0.52 1.43 
BCL3 0.77 4.33 

C/EBPβ 0.9 1.17 
HES2 1.13 0.91 

FOSL2 1.04 1.04 
CTCF 3.88 N/A 
DNase 1.91 2.46 

H3K27ac 0.86 0.94 
H3K4me1 4.41 6.57 
H3K4me2 3.85 9.77 
H3K4me3 5.23 8.74 
H3K9me3 N/A N/A 

 

2.2.6 Motif-directed binding drives changes in p300 occupancy at 
enhancers 

The observation that GR binding was common to nearly all enhancers, including 

those with divergent p300 dynamics, led us to search for genomic features that 

differentiate dynamic outcomes. Overall, changes in GR ChIP-seq signal and p300 ChIP-

seq signal were positively correlated (P < 10-100; Figure 16A), especially for enhancers 

with increased p300 binding compared to enhancers with non-dynamic or decreased 

p300 binding (ANOVA F-test, P < 10-100; Figure 5A). We also found that GR binding 

waned more rapidly in enhancers with decreased p300 binding than in enhancers with 

increased p300 (MWU, ≥ 15 min dex exposure, P < 10-100; Figure 5B). Together, these 

findings suggest that strong and persistent GR binding associates with increases in p300, 

while weak and transient GR binding associates with decreases in p300. 
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Based on a recent finding that GR binding sites with enhancer activity in a 

massively parallel reporter assay are strongly enriched for GR motifs (Vockley et al., 

2016), we hypothesized that the direct binding of GR, and also of other TFs, may explain 

the observed differences in p300 occupancy across enhancers. We first wanted to 

establish which motifs contributed to initial p300 binding, prior to dex exposure. To do 

that, we scanned enhancers and distal DHSs for all known TF binding motifs in the 

JASPAR vertebrate database (Sandelin et al., 2004), which were previously clustered into 

a non-redundant set of motifs using RSAT (Castro-Mondragon et al., 2017). We used 

binary motif calls to predict the degree of initial p300 binding in enhancers and distal 

DHSs and found that motifs for C/EBP, FOX, hepatocyte nuclear factor/pou domain 

(HNF/POU), and AP-1 factors were the strongest predictors of the strength of initial 

p300 binding (Figure 16B). This suggests that the direct binding of factors from these TF 

families primes the initial active enhancer landscape, which is consistent with the fact 

that TFs in these families have pioneering capabilities (Heinz et al., 2010; Iwafuchi-Doi 

and Zaret, 2014; Lupien et al., 2008). The GR motif had no association with the initial 

p300 binding landscape. 

To explore the mechanisms underlying dex-responsive p300 binding dynamics, 

we first classified enhancers by whether they were differentially bound by p300 at early 

(0.5–2 hrs), middle (mid., 3–6 hrs), or late (7–12 hrs) time periods or in combinations of 

these time periods (e.g., early, early-mid., mid.-late.). Over half of p300-dynamic 
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enhancers had persistently increased or decreased p300 binding (EML), and this class 

had much stronger changes in p300 binding than transiently dynamic enhancers (EML 

vs. rest, MWU, P < 10-100; Figures 16C and 16D). We next used the same binary motif calls 

as above to predict membership in the p300-dynamic classes. We controlled for initial 

p300 binding by including it as a covariate in the model. Overwhelmingly, the most 

predictive DNA binding motif for enhancer activation across the time course was the GR 

binding motif (Figure 5D). Other positively predictive motifs included those for C/EBP, 

TEAD domain (TEAD), heat shock factor (HSF), retinoid X receptor (RXR)/vitamin D 

receptor (RXR/VDR), retinoic acid receptor (RAR)/RXR, and FOX factors (Figure 5D). 

The C/EBP motif was positively predictive for enhancers with delayed activation (> 2 

hrs) and negatively predictive for enhancers transiently activated early in the time 

course (ML and L vs. E and EM in Figure 5D). The motif most depleted in activated 

enhancers was the AP-1 motif, followed by motifs for several other TF families, 

including HNF/POU and E26 transformation-specific (ETS) families. Many of the factors 

that we identified as predictive of increased p300 besides GR may act in concert with 

GR, given the widespread direct binding of GR in activated enhancers—based on motif 

content and increased GR binding in these enhancers—and the fact that these TFs have 

been shown to participate with GR in genomic binding and/or transcriptional activation 

(e.g., HSF, Jones et al., 2004; TEAD and FOX, Starick et al., 2015; C/EBP, Steger et al., 

2010; RAR/RXR, Tóth et al., 2011; VDR, Zhang et al., 2013). We corroborated our results 
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on enhancer dynamics by scoring and comparing enhancers by the strength of GR, 

C/EBPβ, and AP-1 motifs, which we discovered in the strongest ChIP-seq peaks by a de 

novo search (Figure 16E). An independent de novo motif search specifically within 

enhancer classes by timing of differential p300 binding also yielded concordant results. 

To explore the relationship between GR and C/EBPβ as well as GR and AP-1, we 

scored enhancers by motif strength quintile then binned enhancers across pairwise motif 

quintiles. We computed the median occupancy and change in occupancy per bin as seen 

in Figure 5E (outset). Initially, enhancer activity in terms of occupancy of pioneer factors, 

p300, and H3K27ac depended on the strength of the C/EBPβ and AP-1 motifs (column 1 

in Figures 5E and 5F), consistent with the results described above (Figure 16B). 

Enhancers with the strongest GR motifs had little initial activity (Figures 5E and 5F), 

consistent with the observation that the GR motif was not predictive of initial p300 

binding (Figure 16B). Upon dex exposure however, activated GR bound more strongly 

to enhancers with strong GR motifs, and increases in p300 and H3K27ac occupancy 

rapidly followed suit (Figures 5E and 5F). After two hours of dex exposure, p300 and 

H3K27ac increasingly favored enhancers with both strong GR and strong C/EBPβ motifs 

(Figure 5E). Nearly simultaneously, p300 and H3K27ac increasingly favored enhancers 

with strong GR and weak AP-1 motifs, although the effect was subtle (Figure 5F). 

Together, our results demonstrate that initial enhancer activity and direct GR binding 



 

53 

primarily determine dex-responsive enhancer dynamics, while the direct binding of 

other factors like C/EBPβ and AP-1 refine these dynamics. 

In illustration of these observations, several enhancers in the vicinity of the TSS 

of Hippocalcin-like protein 1 (HPCAL1) with strong GR motifs had rapid and sustained 

increases in TF binding, chromatin accessibility, and in activation-associated histone 

modifications following dex exposure (enhancers 1, 4, 6, 8, and 9 in Figure 17A). 

HPCAL1, accordingly, had sustained increases in expression (Figure 17D). Meanwhile, 

an enhancer 5 kb upstream of Nuclear factor, interleukin 3 regulated (NFIL3) with a strong 

C/EBPβ and GR motifs had delayed increases in activation-associated features following 

dex exposure (enhancer 2 in Figure 17B), while an intronic enhancer with a strong 

C/EBPβ motif but no GR motif instead had decreases in the same features (enhancer 1 in 

Figure 17B). NFIL3, correspondingly, had delayed increases in expression (Figure 17E). 

Two enhancers ∼20 kb upstream of Tissue factor pathway inhibitor 2 (TFPI2) with strong 

AP-1 and/or C/EBPβ motifs and no GR motifs had rapid decreases in AP-1, C/EBPβ, and 

p300 binding (Figure 17C), while TFPI2 concordantly decreased in expression (Figure 

17F). 
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Figure 5: Direct GR binding drives changes in p300 binding in enhancers 

(A) Scatter plot compares log2 fold change in GR binding and in p300 binding in 
enhancers at 0.5 hrs of dex exposure. Separate regression lines are shown with 95% 
confidence bands for each indicated enhancer class. (B) Heatmap shows the log2 fold 
change in GR binding in enhancers with increased, non-dynamic, and decreased p300 
hierarchically clustered by complete linkage and sorted in descending order by change 
in binding (below). Discontinuity in x-axis label indicates where sampling frequency 
shifts from every 5 min to approximately every hr. Line plot shows mean across all 
enhancers by dynamic class (above). (C) Bar plot shows the number of enhancers with 
increased and decreased p300 early (E; 0.5, 1, 2 hrs dex), mid. (M; 3, 4, 5, 6), late (L; 7, 8, 
10, 12), or combinations thereof. (D) Heatmap shows elastic net logistic regression 
coefficients for RSAT-clustered JASPAR TF motifs with non-zero coefficients in the 
prediction of gains in p300 by dynamic class. Each column represents results from an 
independent model where enhancer sets were split by time of increased p300 binding as 
in (C) and background set was all enhancers with decreased or non-dynamic p300. (E) 
Heatmaps display median occupancy or median change in occupancy over the dex 
exposure time course for selected ChIP-seq data sets in bins by quintile of C/EBPβ and 
GR motif strength. Note that occupancy and change in occupancy correspond to distinct 
colormaps. (F) Same as (E), except AP-1 motif instead of C/EBPβ motif. 
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2.2.7 Enhancer dynamics are dependent across neighboring 
enhancers 

Previous studies have shown that GR binding sites form local clusters in the 

genome, potentially via chromatin interactions between nearby enhancers (Kuznetsova 

et al., 2015; Vockley et al., 2016). Based on these findings, we hypothesized that local 

interactions between enhancers would form clusters of nearby enhancers with similar 

activity dynamics. Enhancers with increased p300 were nearest to other enhancers with 

increased p300 (vs. non-dynamic, MWU, P = 9.7 × 10-13; Figure 18A), and enhancers with 

decreased p300 were nearest to other enhancers with decreased p300 (vs. non-dynamic, 

MWU, P = 9.7 × 10-79; Figure 18B). Change in p300 binding between nearby enhancers 

was correlated more than would be expected by chance at distances of up to 50–100 kb 

(T-test, increased p300, P = 8 × 10-4; decreased p300, P = 2 × 10-3; Figure 18C). Our results 

support the hypothesis that the GC-triggered dynamic activity of enhancers depends on 

the activity of nearby enhancers, which likely interact over tens of kb in genomic 

sequence space. 

We hypothesized that spatial dependence of enhancer dynamics may explain, in 

part, why some enhancers bucked the general trends described above and, for example, 

had increased p300, yet lacked a strong GR motif. We compared distances between 

dynamic enhancer sets by GR motif strength quintile and found that activated enhancers 

with the weakest GR motifs by quintile were closer to other activated enhancers than 
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were activated enhancers with the strongest GR motifs by quintile (MWU, P = 8 × 10-9), 

which themselves were only nominally closer to other activated enhancers than were 

non-dynamic enhancers (MWU, P = 1.1 × 10-2; Figure 6A). The reverse was true for 

enhancers with decreased p300. That is, deactivated enhancers with the strongest GR 

motifs by quintile were closer to other deactivated enhancers than were deactivated 

enhancers with the weakest GR motifs by quintile (MWU, P = 2.35 × 10-5; Figure 6B). Our 

results suggest that the dex-responsive activity dynamics of a given enhancer is jointly 

dependent on motif content and on the dynamics of neighboring enhancers. In 

particular, an enhancer lacking a strong GR motif, which will generally lose p300 in 

saturating dex conditions, may instead gain p300 in an activating local genomic 

environment. For example, seven enhancers in the vicinity of HPCAL1 gained p300 

despite the fact that two of these enhancers lacked strong GR motifs (enhancers 5 and 7 

in Figure 17A). Our results suggest that these enhancers likely gained p300 due to their 

proximity to five enhancers that had strong GR motifs. 
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Figure 6: Enhancer dynamics are dependent across neighboring enhancers and 
coordinated by chromatin looping. 

(A) Cumulative distribution of distance to nearest neighboring enhancer with increased 
p300 by p300 dynamics class, where enhancers with increased p300 were additionally 
split into quintiles by GR motif strength (*** = P < 0.001; N.S. = P > 0.01). (B) Cumulative 
distribution of distance to nearest neighboring enhancer with decreased p300 by p300 
dynamics class, where enhancers with decreased p300 were additionally split into 
quintiles by GR motif strength (*** = P < 0.001). (C) Barplot shows the percentage of sets 
of sites that overlap with chromatin loop anchors. Error bars represent standard error of 
percentage computed from the normal approximation of a binomial proportion (*** = P < 
0.001) (D) Same as (C), except with a specific focus on enhancers, which were split by 
initial enhancer activation as estimated by the principal component decomposition of 
flanking H3K4me1 and H3K27ac occupancy. (E) Same as (C), except only anchors of 
induced loops considered. (F) Same as (C), except only anchors of repressed loops 
considered. 
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2.2.8 Enhancer dynamics are coordinated by chromatin loops 

If physical interactions explain the concordant activity of neighboring enhancers, 

we should expect clusters of enhancers to be demarcated by CTCF, which is known to 

anchor chromatin loops (Rao et al., 2014; Splinter et al., 2006). We found that 45% of 

enhancers resided in CTCF domains in which directions of p300 occupancy changes 

were concordant across enhancers, a significantly greater percentage than expected 

when shuffling enhancers or CTCF sites (Z-test, shuffled enhancers, P < 10-100; shuffled 

CTCF, P = 2.3 × 10-9; Figure 18D and E). Repeating that analysis for DEGs revealed that 

they too were enriched in homogeneous CTCF domains (80.2%; Z-test, shuffled genes, P 

= 9.3 × 10-11; shuffled CTCF, P = 1.1 × 10-10; Figure 18F). These results suggest that 

enhancers or genes within regions demarcated by CTCF experience similar dynamics 

upon dex exposure. 

To directly test for chromatin interactions between enhancers with coordinated 

dynamics, we mapped enhancers to chromatin loop anchors as identified by in situ Hi-C 

performed in the same cells in pre-dex conditions and after 1, 4, 8, and 12 hours of dex 

exposure conditions identical to this study (D'Ippolito et al., In prep.). Approximately 

twice as many enhancers were located within loop anchors than a comparable set of 

distal DHSs that did not overlap enhancers (FET, P < 10-100; Figure 6C). Enhancers with 

greater initial activation in terms of H3K27ac/H3K4me1 were more likely to be located 

within chromatin loop anchors (highest H3K27ac/H3K4me1 vs. all other quintiles, FET, 
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p < 8.8 × 10-24; Figure 6D). Furthermore, there was a combinatorial effect such that if an 

enhancer resided within one anchor of a chromatin loop, then the other anchor of the 

chromatin loop was 2.9 times more likely to also contain an enhancer (FET, P = 3.7 × 10-

55). These results show that linearly distant enhancers do indeed physically interact via 

chromatin loops. 

Furthermore, we found that enhancers with increased p300 were enriched in 

loops with dex-responsive increases in interaction frequency as compared to non-

dynamic enhancers (FET, P = 5.8 × 10-11; Figure 6E). For example, five enhancers with 

increased p300 in the vicinity of the TSS for HPCAL1 overlapped three chromatin loop 

anchors that formed a clique of three loops—all of which had increased interaction 

frequency over the dex exposure time course (enhancers 1, 4, 7, 8, and 9 in Figure 18G). 

Similarly, enhancers with decreased p300 were enriched in loops with dex-responsive 

decreases in interaction frequency compared to non-dynamic enhancers (FET, P < 2.8 × 

10-4; Figure 6F), although a comparatively small proportion of enhancers overlapped 

with repressed chromatin loop anchors overall. Altogether, our results suggest that GR 

influences both the activity of enhancers at direct binding sites and also the activity of 

neighboring enhancers connected through chromatin architecture. 

2.2.9 Data visualization 

We have established several mechanisms to visualize and download the data 

presented here. In a publicly available UCSC Genome Browser track hub, ChIP-seq and 
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DNase-seq data are presented as normalized signal for the pre-dex condition, and then 

as differential signals relative to that condition for the later time points (e.g., Figures 

17A—17C, 

http://trackhub.genome.duke.edu/reddylab/collab/GGR_Data_Coordination/hub.txt; 

Speir et al., 2016). 

Genome browsers present data statically, making it challenging to assess 

differences across time and datasets. For that reason, we also developed a gene-centric 

website, GGR Visual, to animate the changes in multiple features of gene regulatory 

activity simultaneously (http://ggr.reddylab.org). GGR Visual enables users to view both 

gene expression measurements for genes and transcripts (Figure 7A), as well as 

animated views of the levels of histone modifications, TF binding (Figure 7B), and DNA 

looping surrounding genes of interest (Figure 7C). Gene expression plots represent 

gene-level expression of one or multiple genes over the dex exposure time course in 

transcripts per million (TPM; Wagner et al., 2012) or in log2 fold change relative to 

untreated cells (Robinson et al., 2010). All subviews of the genomic view are governed 

by a time knob that users can use to toggle through the time course. For convenience, a 

“play” button is included, which initiates sequential views to span the time course. 
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Figure 7: Adaptation of the GGR visual portal. 

(A and B) Users can search for one or multiple genes to interactively explore gene 
expression, TF binding, chromatin modifications, and chromatin accessibility. Here, we 
represent a static snapshot, but the website (http://ggr.reddylab.org) has a time control 
knob for exploring dynamjunics. (C) Chromatin loops identified in (D'Ippolito et al., In 
prep.) are represented as segments connecting the midpoints of loop anchors. Log2 fold 
change of increased (red) and decreased (blue) interactions are shown for each loop, 
with stronger enrichment represented by thicker and more saturated color bars. Again, 
the website has a time control knob for exploring dynamics. 
 

2.3 Discussion 

Our results demonstrate the modes by which GR binds then regulates enhancer 

state genome-wide. Specifically, at saturating concentrations of GC, GR binds 

pervasively to a largely preprogrammed landscape of enhancers and to a relatively 

small number of latent enhancers. In contrast to previous models of GR binding, we find 
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H3K27ac, and pioneer factor binding—which exist in a spectrum of preprogramming—

positively associate with GR binding. 

In general, GR activates enhancers with direct and persistent binding, while 

indirect and transient GR binding associates with the deactivation of enhancers. 

Enhancer dynamics are further refined by additional motif-directed binding, the effects 

of which differ in a TF-specific manner. In this way, the GR binding landscape specific to 

a particular cellular context—and the enhancer dynamics thereon—depend not only on 

steady-state preprogramming of the enhancer landscape, but also on the specific 

relationships between GR and the cell-specific complement of expressed TFs, which may 

vary in the degree and direction (antagonistic/facilitative) of collaborative interaction 

with GR. We also observed nearly equivalent numbers of enhancers with increased and 

decreased activation, consistent with a model of cofactor squelching in which enhancer 

repression results from the recruitment of cofactors to activated enhancers (De Bosscher 

et al., 2000; Gill and Ptashne, 1988; Kamei et al., 1996). 

We extend the model of GR-driven enhancer activation to include the effect of 

chromatin interactions, which encourage shared dynamics across interacting enhancers 

(D'Ippolito et al., In prep.). As a consequence of shared dynamics, an enhancer with a 

weak GR motif may become activated in an activating context, such as several enhancers 

intronic to HPCAL1 (enhancers 5 and 7 in Figure 16I), and repressed in the absence of 

that context, such as upstream of TFPI2 (Figure 16K). This suggests that the flexible 
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billboard model of enhancers (Arnosti and Kulkarni, 2005) should be broadened to 

include the influence of TFs binding at linearly distant loci and brought into proximity 

through long-range interactions (Vockley et al., 2017). 

The pervasive binding of GR to the majority of enhancers raises the possibility of 

collaborative interactions between GR and its downstream TFs. Such interactions would 

enable a specific kind of feed-forward loop (FFL) where both regulators—GR and its 

downstream TF—physically interact at the same genomic loci to synergistically or 

antagonistically alter target gene expression. This model is in line with recent results on 

GR and multiple KLFs (Chen et al., 2013; Chinenov et al., 2014; Sasse et al., 2013) and has 

been proposed as a more general property of transcriptional regulation by nuclear 

receptors (Sasse and Gerber, 2015). Such a model would allow for a variety of 

transcriptional responses depending on FFL architecture and the transcriptional and 

translational dynamics of downstream TFs. FFL architectures that require both GR and a 

downstream TF to be present for transcriptional activation would reserve overarching 

regulatory control for GR, which is well attuned to ligand availability (Munck and Foley, 

1976). In this manner, transcriptional activation by collaborative interactions with GR 

could be throttled as GC levels attenuated. 
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2.4 Methods 

2.4.1 Cell lines 

Our cell culture protocol was designed so that all cells were grown and passaged 

in the same manner up to the point of cell harvest. First, a single seed culture of human 

A549 cells was obtained from Duke University Cell Culture Facility (obtained ultimately 

from ATCC) and expanded under standard culture conditions using Ham's F-12K 

(Kaighn's) Medium, 10% FBS, 1% penicillin-streptomycin. Cells were received at passage 

83, seeded, passed three more times, then viably frozen in 55 aliquots of 10 × 106 cells at 

passage 87. Then, for each batch of assays, we seeded one frozen aliquot in a square 500 

cm2 dish and cultured the cells for four days with a media change typically on the 

second day. Starting on day four, cells were cultured in an assay-specific manner. 

2.4.2 Dex treatment 

For all assays, cells reached confluence approximately two days after the final 

passaging step. At that point, cells were treated with 100 nM dex or an equal volume of 

EtOH (0.1% for RNA-seq, 0.02% for all other assays) for 0, 0.5, 1, 2, 3, 4, 5, 6, 7, 8, 10, or 12 

hrs or for 5, 10, 15, 20, or 25 min for the short time course. Dex was added in a staggered 

manner so that all time points were harvested at the same time (Figure 1A) with the 

exception of cells harvested for DNase-seq, which were harvested by staggering the time 

points to end 30 min apart from one another. This was done because the protocol 

requires several steps to be completed before the chromatin is stable. Cells were treated 
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with dex by tilting the plate to the side and diluting 5 mM dex into the gathered media 

to a final concentration of 100 nM. The plates were then tilted side-to-side and front-to-

back five times each to disperse the dex evenly throughout the media. For ChIP-seq, 

three plates were treated for each time point. For DNase-seq, two plates were treated for 

each time point. For RNA-seq, each well of a six-well plate was treated for each time 

point. Time points 1, 2, 3, 4, 5, and 6 were always treated and harvested in the same day 

and time points 0, 0.5, 7, 8, 10, and 12 were treated and harvested on separate days. 

2.4.3 ChIP-seq 

Before harvesting for ChIP-seq, cells from one untreated plate were used to 

obtain a cell count, which we required to be approximately 60 × 106. For each batch of 

ChIP-seq assays, we harvested cells from 18 500 cm2 square plates. To harvest, cells were 

crosslinked for 10 min at room temperature with 1% formaldehyde in media. The 

reaction was quenched for 5 min at room temperature in 0.125 M glycine. After 

quenching, media was removed and cells were washed once with 100 mL of 1X PBS at 

4°C. Cells were then lysed in 15 mL of Farnham lysis buffer (5 mM PIPES pH 8, 85 mM 

KCl, 0.5% NP-40) with added protease inhibitor (Sigma product # 11836153001 and 

11836145001) added to the plate and tilted side-to-side. Cells were manually scraped 

from the plate and pipetted into 50 mL conical tubes, then pelleted by centrifugation at 

2,000 rpm for 5 min at 4°C. The supernatant was removed and the pelleted cells were 

frozen on dry ice and stored at -80°C for downstream processing. 
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Cells were sheared in aliquots of 20 × 106 cells in 300 µL of 4°C RIPA buffer (1X 

PBS, 1% NP-40, 0.5% sodium deoxycholate, 0.1% SDS) with added protease inhibitor on 

the Biorupter Twin for 45 min on High using 30 seconds ON/30 seconds OFF. After 

shearing, the cells were centrifuged at 14,000 rpm for 15 min at 4°C. Supernatant from 

time points harvested from the same plate were collected and recombined, and 15 µL of 

supernatant was reserved to serve as a shearing size check and input control. The 

remaining sheared chromatin was split into 10 × 106 cell aliquots in 300 µL RIPA, snap 

frozen, and stored at -80°C. Next, 45 µL of RIPA buffer was added to the size check and 

split into two 30 µL aliquots. Then, to check the size of the sheared chromatin, 200 µL of 

IP elution buffer (1% SDS, 0.1M NaHCO3) was added to one of the 30 µL aliquots and 

incubated at 65°C overnight to reverse the crosslinks. Reverse-crosslinked chromatin 

was cleaned using the Qiagen PCR Purification kit and purity was checked using an 

Agilent Tapestation Genomic Tape. 

ChIP was performed as described previously (Reddy et al., 2009). Specifically, 5 

µg of primary antibodies were coupled with the corresponding secondary antibody on a 

rotator for 2 hrs at 4°C in a 5 mg/mL solution of BSA in 1X PBS with added protease 

inhibitor. After 2 hrs, the antibody bead complex was washed three times with PBS/BSA 

solution to remove any unbound antibody. Approximately 10 × 106 sheared cells were 

added to the antibody-bead complex and rotated for 1 hr at room temperature, then 1 hr 

at 4°C. The beads containing the immuno-bound chromatin were then washed five times 
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with LiCl wash buffer (100 mM Tris pH 7.5, 500 mM LiCl, 1% NP-40, 1% sodium 

deoxycholate), mixing for 3 min after each wash on a rotator at 4°C. The immuno-bound 

chromatin was then washed in TE buffer (10 mM Tris-HCl pH 7.5, 0.1 mM Na2EDTA) 

and rotated for 1 min at 4°C. The bead pellet was resuspended in IP elution buffer and 

incubated at 65°C for 1 hr, vortexing samples every 15 min. Samples were then 

centrifuged at 14,000 rpm for 3 min and the supernatant containing the ChIP'ed DNA 

was collected. The ChIP'ed DNA was incubated at 65°C overnight to reverse the 

crosslinks. At this point, the 30 µL input control was thawed and incubated at 65°C 

overnight in 200 µL of IP Elution Buffer.  

The reverse cross-linked ChIP'ed DNA was cleaned using the Qiagen PCR 

Purification kit. Post-IP concentration was determined using Invitrogen's Qubit dsDNA 

High Sensitivity and Broad Range assay kit. Sequencing libraries were prepared using 7 

ng input of ChIP'ed DNA and the Kapa Biosystems Hyper Prep kit for Illumina 

sequencing. Samples were barcoded with Illumina Truseq indexes and normalized to 10 

nM after library preparation. Final libraries were pooled—twelve libraries per pool for 

TFs and six libraries per pool for histone modifications—and run on a HiSeq 2000/2500 

to generate 50 bp single-end reads. 

2.4.4 DNase-seq 

DNase-seq experiments were performed as previously described (Song and 

Crawford, 2010), with the exception of using a linker containing a 5’-phosphate group to 
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increase ligation efficiency. Dex-treated and untreated cells (see above) were harvested 

by trypsinization, counted, and slow-frozen in DMSO-containing freezing media. Cells 

were thawed at 37°C, nuclei were extracted, then digested DNase I for 16 min at 37°C. 

Libraries were constructed from pooled digests as described previously. Barcoded 

DNase-seq libraries were sequenced on the Illumina HiSeq4000 platform with four 

barcodes per lane to generate 50 bp paired-end reads, of which only the first 20 bp were 

genomic DNA due to MmeI digestion. 

2.4.5 RNA-seq 

Cell culture media was removed from each well and cells were washed twice 

with 3 mL 1x PBS. Next, 350 µL of 1:10 mixture of β-mercaptoethanol and Qiagen Buffer 

RLT were added to each well. With the plate on ice, cells from each well were pipetted 

up and down five times with a syringe while rinsing the well. The lysate was then 

transferred to a 1.5 mL tube, snap frozen, and stored at -80°C. Total RNA was isolated 

using the Qiagen RNeasy mini kit including the on-column DNase digestion with the 

Qiagen RNase-free DNase following manufacturer's protocol. The amount of RNA was 

quantified using a Nanodrop instrument, and RNA quality was assessed using an 

Agilent TapeStation 2200 with RNA ScreenTape. Stranded mRNA sample preparation 

was performed using 1 µg of total RNA on the Apollo 324 system with the Wafergen 

PrepX PolyA 48 for mRNA capture and PrepX mRNA 48 protocol for cDNA synthesis. 

The Q5 High Fidelity DNA Polymerase kit (New England Biolabs) was used for PCR 
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following manufacturer's conditions. The post PCR product was cleaned using the 

Apollo 324 PCR Cleanup 48 protocol. Final libraries were pooled—twelve libraries per 

pool—and run across two lanes on a HiSeq 2000/2500 to generate 50 bp paired-end 

reads. 

2.4.6 Cell cycle analysis 

Distribution of A549 cells across phases of the cell cycle was determined via 

propidium iodide staining. Cells were grown in six-well plates as described above, and 

treated with 100 nM dex for 0, 1, 4, 8, and 12 hours. As a negative control, an additional 

untreated condition was included with cells at ~50% confluence. Cells were grown in 

triplicate, except for the ~50% confluence control, for which cells were grown in 

duplicate. At the end of treatment, cells were trypsinized and counted. For each sample, 

we centrifuged 1 × 106 cells at 1000 rpm for 3.5 min. Next, we washed cells with 5 mL of 

1X PBS, recentrifuged, removed the supernatant, and resuspended in 300 µL 1X PBS. We 

added 700 µL of ice-cold 100% EtOH and incubated on ice for 15 min. Next, we 

centrifuged cells at 2500 rpm for 3 min, removed the supernatant, and washed the cell 

pellet with 1 mL 1X PBS. We centrifuged the cells again at 2500 rpm for 3 min, 

resuspended the cells in 1 mL of labeling solution, and incubated at 37ºC for 30 min. 

Labeling solution was made using: 30 mL 1X PBS with 0.05% Triton X-100, 150 µL of 10 

mg/mL RNase A, and 600 µL of 1 mg/mL propidium iodide. Cells were assayed via flow 

cytometry on a Sony SH800. Cell cycle analysis was performed using FlowJo. 
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2.4.7 Sequencing data processing pipelines 

Raw sequencing reads were processed with assay-specific pipelines. For ChIP-

seq and RNA-seq, overrepresented, contaminating sequences were discovered using 

FastQC (v.0.11.3; Andrews, 2010). Contaminants and low-quality bases were trimmed 

using trimmomatic (v.0.32; Bolger et al., 2014), with arguments: 

adapters_and_contaminants.fa:2:30:15 LEADING:3 TRAILING:3 

SLIDINGWINDOW:4:20 MINLEN:15. For DNase-seq, custom barcodes were removed. 

For all assays, reads were then mapped to GRCh38 

(GCA_000001405.15_GRCh38_no_alt_analysis_set.fna). For mapping, we used bowtie 

(v.0.12.9; Langmead et al., 2009) for ChIP-seq and DNase-seq and STAR aligner (v.2.4.1a; 

Dobin et al., 2013) with 2-pass mapping as described previously (Engstrom et al., 2013) 

for RNA-seq. DNase-seq and ChIP-seq mappings were filtered to exclude ENCODE 

blacklist regions (ENCODE Project Consortium, 2012). DNase-seq mappings were 

filtered for PCR artifacts as described previously (Boyle et al., 2011). 

ChIP-seq peaks were called within-replicate using MACS2 (v.2.1.0.20151222; 

Zhang et al., 2008) with parameters --nomodel --extsize $EXTSIZE -g hs with --broad --

broad-cutoff 0.1 for H3K9me3 and -q 0.05 for all other libraries. The argument $EXTSIZE 

was given as the fragment length estimated by SPP (v.2.0; Kharchenko et al., 2008). 

DNase-seq peaks were called across replicates and within time point using MACS2 with 

parameters -q 0.10 --nomodel --shift -100 --ext 200. ChIP-seq, DNase-seq, and RNA-seq 
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reads were quantified in features of interest using featureCounts (v.1.4.6-p4; Liao et al., 

2014). For ChIP-seq, reads were extended in the 3'-direction by half the SPP-estimated 

fragment length and at least half the extended read length was required to map to the 

fragment of interest. For DNase-seq, simple overlap of 1 bp was required. For RNA-seq, 

read counts were quantified in gene body exons annotated by GENCODE (v.22; Harrow 

et al., 2012) and both paired-end reads were required to map to the same gene to be 

counted. 

To enable portability and reproducibility of processing pipelines, we 

implemented them using the Common Workflow Language (CWL). Briefly, CWL is a 

specification for describing analysis workflows recipes and tool interfaces. The 

processing pipelines are freely available online (https://github.com/Duke-GCB/GGR-

cwl). 

2.4.8 Sequencing data quality control 

For ChIP-seq, all libraries were required to have a PCR bottleneck coefficient 

(PBC) of at least 0.5 and at least two replicates per time point were required to have a 

relative strand cross-correlation (RSC) of at least 0.8 (ENCODE Project Consortium, 

2012). Additional samples were filtered based on low correlation across samples. Briefly, 

we merged called peaks from each sample into a union peak set using bedtools (v.2.25.0; 

Quinlan and Hall, 2010) merge utility to merge book-ended or overlapped peaks, 

quantified counts from each library within the union peak set, correlated counts across 
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libraries, and hierarchically clustered samples with complete linkage and 1 minus the 

Pearson correlation coefficient as the distance metric. Samples were manually filtered by 

visual inspection (Figure 19). After sample filtering, all time points were required to 

have at least 2 replicates.  

For DNase-seq, libraries were required to have a PCR bottleneck coefficient 

(PBC) of at least 0.5, an NSC of at least 1.1, and an RSC of at least 1 (ENCODE Project 

Consortium, 2012). All sequenced DNase-seq libraries passed these filters. Correlations 

were computed as above for ChIP-seq. We found that the majority of samples closely 

clustered into a group with very high across-sample correlation coefficients (Figure 19). 

The rest of the samples had much lower across-sample correlation coefficients and were 

excluded from future downstream analyses. After sample filtering, all time points were 

required to have at least 4 replicates.  

For RNA-seq, samples were required have >30 M aligned reads (ENCODE 

Project Consortium, 2012); however, an exception was made for one sample with 29.3 M 

aligned reads. All samples were required to have a mean across-sample Pearson 

correlation coefficient in gene-level TPM of at least 0.9 (Figure 19). After sample filtering, 

all time points were required to have at least 3 replicates. 

2.4.9 Differential accessibility/binding/expression analysis and log 
fold change estimation 

All differential binding and expression analyses were performed using the 

negative binomial model implemented in edgeR (v.3.8.6; Robinson et al., 2010). We 
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controlled for batch effects by incorporating significant surrogate variables estimated 

using svaseq (v.3.12.0; Leek, 2014) into the model as covariates. We excluded surrogate 

variables that significantly correlated with time (Pearson correlation, T-test, P < 0.01) or 

significantly differed at the pre-dex time point (pre-dex vs. dex-exposed, T-test, P < 0.01). 

If this step were not performed, then the strong effects of dex would have been 

artificially removed. For example, low GR binding at the pre-dex time point would have 

been artificially inflated toward the binding levels at post-dex time points. For ChIP-seq, 

we used a custom normalization method designed to be sensitive to both sequencing 

depth and signal-to-noise ratio. More specifically, we used the total number of mapped 

reads as library size (lib.size in edgeR). We used NCIS to compute the ratio of ChIP to 

control library size in non-enriched (non-peak) regions (Liang and Keles, 2012). Because 

the NCIS ratio is necessarily inversely proportional to sequencing depth of the control 

library, we multiplied mapped library size of the control library by the NCIS ratio to 

yield a measure of the signal-to-noise ratio. We took the reciprocal of these values, 

scaled them to one across samples, and used these scaled values as normalization factors 

(norm.factors in edgeR). This was performed so that the effective library size was 

increased for noisier libraries and decreased for libraries with cleaner signal, codifying 

our increased confidence in reads from libraries with higher signal-to-noise ratios. For 

ChIP-seq, DNase-seq, RNA-seq, we used a prior count to increase shrinkage of log2 fold-

change estimates (edgeR prior.count argument set to 5 for ChIP- and RNA-seq and 10 
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for DNase-seq). For DNase-seq and RNA-seq, normalization was performed using the 

trimmed mean of M-values method (Robinson and Oshlack, 2010) as implemented in 

edgeR (Robinson et al., 2010). Differential sites/genes were called by comparing each 

dex-exposed time point to the singular pre-dex time point. 

ChIP-seq and DNase-seq peaks were considered to have differentially increased 

signal if they had significantly higher signal than pre-dex (FDR < 0.1) for at least one 

time point and never had significantly lower signal than pre-dex (FDR > 0.2). The 

reverse criteria were applied to peaks considered to have differentially decreased signal. 

For RNA-seq, a similar scheme was used for classifying up-regulated and down-

regulated genes with a more stringent differential threshold (FDR < 0.01). 

2.4.10 Functional enrichment analysis 

We annotated all expressed GENCODE (v.22; Harrow et al., 2012) protein-coding 

genes (at least one read count) with Biological Process Gene Ontology terms (Ashburner 

et al., 2000). Based on a ranking of evidence codes in (Buza et al., 2008), we retained only 

those gene ontology annotations with the following seven evidence codes: EXP, IDA, 

IGI, IMP, IPI, IC, and TAS. We tested for functional enrichment using goatools with 

Benjamini-Hochberg FDR correction (Tang et al., 2015). While goatools returns the 

unconditional Maximum Likelihood Estimate (MLE) of the odds ratio, we computed 

and plotted the conditional MLE using the R stats function fisher.test, which also yields 

a confidence interval of the odds ratio. 
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2.4.11 Analysis of location of genomic events 

Genomic events were annotated by location with respect to protein-coding gene 

annotations from GENCODE (v.22; Harrow et al., 2012) using the R package ChIPseeker 

(Yu et al., 2015). 

2.4.12 Overlap and proximity analyses and co-localization analysis 

For co-localization analyses (Figures 1F, 2K, 5C—F, and 14A) and proximity 

analyses (Figures 1H, 1I, 5A, 5B, 17A, and 17B), overlap and distances between sets of 

genomic elements were computed using the bedtools (v.2.25.0) utilities intersect and 

closest, respectively (Dale et al., 2011; Quinlan and Hall, 2010). 

2.4.13 Enhancer definition 

To identify putative active enhancers, we took the union of p300 peaks across all 

replicates and time points. To qualify as an active enhancer, a p300 peak was required to 

be >3 kb from the nearest protein-coding gene TSS, to overlap a DHS present for at least 

one time point, and to be within 500 bp of an H3K4me1 peak and an H3K27ac peak for 

at least one time point each. In order to remain initially agnostic to the dynamics of these 

features and to maximize sensitivity, we did not require features to be present at the 

same time point. Enhancer boundaries were taken to be identical to p300 merged union 

peak boundaries.  
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2.4.14 Controlling for chromatin accessibility by matching 

ChIP-seq is biased towards representation of chromatin-accessible regions 

(Ramachandran et al., 2015). To control for differences in accessibility when comparing, 

for example, enhancers to distal non-p300-bound DHSs, we first computed the DNase-

seq counts per million (CPM) across replicates for each site. Depending on the analysis, 

the mean CPM across all time points was then computed (Figures 1F, 1G, 13G, 13H, 13K) 

or only the initial pre-dex time point was retained (Figures 2A and 14A). To compare 

enhancers and distal DHSs, we sorted in ascending order the sites of the smaller set, 

enhancers, by accessibility. We then randomly selected a site from the larger set, distal 

DHSs, which had accessibility greater than the first sorted site of smaller set and lesser 

than the second sorted site of the smaller set. The matching process continued in this 

manner until all sites in the smaller set were matched with a site in the larger set. If no 

matching site in the larger set could be found, then the site from the smaller set was 

excluded. After the matching process, we confirmed that accessibility did not 

significantly differ across the sets. 

2.4.15 Regressing gene expression data on genomic occupancy data 

ChIP-seq and DNase-seq reads were quantified in flanks around the TSS of all 

GENCODE (v.22; Harrow et al., 2012) protein-coding genes with mean TPM > 1 across 

the time course, after extending reads by half the median fragment length estimated by 

SPP (v.2.0; Kharchenko et al., 2008) across all samples and within factor (e.g. GR). Flanks 
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consisted in 1 kb bins from -100 to +100 kb from each TSS. For ChIP-seq, input control 

libraries were also mapped with fragment extension equivalent to the matched antibody 

condition. Read counts were converted to CPM. For ChIP-seq, input CPM was 

subtracted from antibody CPM, truncating bins with negative CPM at zero. 

For each gene, normalized counts were then summed across flanks at varying 

widths around the TSS and log2-transformed after adding a small pseudocount of 0.01. 

We modeled standardized mean log2 fold change in gene expression as a linear function 

of the standardized mean log2 fold change in summed TSS-flanking occupancy. Elastic 

net regression (Zou and Hastie, 2005) was performed using the Python package scikit-

learn (Pedregosa et al., 2011). The alpha and l1_ratio parameters were determined by 

fitting the model across a grid of possible values (alpha = {10-8, 10-7,…, 100}, l1_ratio = {0.5, 

0.75, 0.9, 0.95, 0.99, 1}) with stratified five-fold cross-validation to select the most sparse 

model with mean R2 within one standard error of the best performing model (Breiman et 

al., 1984). Given these parameters, a model was fit to 1,000 bootstrap replicates of the 

data to estimate standard errors on the model coefficients. 

To test whether the number of dynamic enhancers was associated with the 

change in gene expression, standardized mean log2 fold change in gene expression was 

regressed on binary presence/absence of a dynamic enhancer (activated and deactivated 

enhancers as separate variables) within 20 kb. This model was fit with and without an 
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additional variable that contained the number of additional dynamic enhancers within 

the same flank (beyond 1). The two nested models were compared by Chi-squared test. 

2.4.16 De novo motif analysis 

To search for de novo motifs in TF binding sites, the top 500 binding sites by total 

normalized density summed across replicates and time points were subsetted and the 

sequences were trimmed to the central 200 bp. MEME (v.4.10.0; Bailey et al., 2009) was 

run with a second-order Markov background file to control for mono- and dinucleotide 

content and with the parameters "-mod zoops -revcomp -dna -minw 5 -maxw 12" for all 

motifs except for GR and CTCF, in which -maxw was set to 15. These options 

parameterized a search for motifs with zero or one occurrence in each sequence with 

motif widths between 5 and 12 or 15 bp.  

2.4.17 GR binding analysis 

We modeled the binary binding of GR to enhancers and distal non-p300 bound 

DHSs as a logistic function of standardized log2 CPM of all pre-dex ChIP-seq and 

DNase-seq data as well as GR motif strength. Binary binding was defined as an overlap 

of at least 1 bp or book-ended with a GR peak in the union across the time course (0.5—

12 hr dex exposure). Enhancers and DHSs were scored by GR motif strength by 

scanning for the above-discovered GR de novo motif using FIMO and a second-order 

Markov background model (Grant et al., 2011). FIMO P-values were negative log10 

transformed and standardized. TF occupancy and accessibility data were quantified 
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within site boundaries while histone modification occupancy data were quantified in 1-

kb upstream and downstream site flanks. Logistic elastic net regression (Zou and Hastie, 

2005) was performed using the Python package SciKitLearn (Pedregosa et al., 2011). The 

alpha and l1_ratio parameters were determined as in “Regressing gene expression data 

on genomic occupancy data” above, except scoring function was log-loss instead of R2. 

The model was fit to 1,000 bootstrap replicates of the data to estimate standard errors on 

the coefficients. 

We modeled the standardized log2 fold change in binding of GR to enhancers at 

0.5 hr dex exposure as a linear function of standardized log2 CPM of all pre-dex ChIP-

seq and DNase-seq data as well as GR motif strength. Fold change in GR binding in 

enhancers was estimated by mapping read counts to enhancers using featureCounts and 

edgeR (Liao et al., 2014; Robinson et al., 2010) as described in “Sequencing data 

processing pipelines” above. Elastic net regression (Zou and Hastie, 2005) was 

performed as described in “Regressing gene expression data on genomic occupancy 

data” above. 

In the analysis of GR binding by quintiles in the short time course data (every 5 

min for first 30 min), initial enhancer activation for each enhancer was determined as 

initial pre-dex p300 and flanking H3K27ac occupancy in standardized log2 CPM 

projected onto principal component resultant from PCA decomposition. GR motif 

strength of enhancers was computed as described above using FIMO (Grant et al., 2011). 
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In the analysis of GR binding by varying dex concentrations (Reddy et al., 2012), 

we processed the data using our pipelines described above and counted reads in 

enhancers and log2 fold change in GR binding using featureCounts and edgeR (Liao et 

al., 2014; Robinson et al., 2010), respectively, as described above. Enhancers with >1.5 

fold increase in GR binding at 0.5 nM dex were considered dex hypersensitive. Those 

with >1.5 fold increase at 5 nM dex and not at 0.5 nM dex were considered dex medium-

sensitive. Those with >1.5 fold increase only at 50 nM dex were considered dex low-

sensitive. 

We compared GR motif strength in GR binding sites by intersection (+/-) with 

p300 binding sites and across cellular contexts. All GR sites were extended to 1000 bp. 

An extended GR site was considered overlapping a p300 site if at least 1 bp overlapped 

between sites or sites were book-ended. Extended GR sites were scored by GR motif 

strength using FIMO and JASPAR motif MA0113.3 (Grant et al., 2011; Sandelin et al., 

2004). FIMO motif P-values were then discretized into quintiles for display. 

2.4.18 ChIP-seq and RNA-seq visualization 

To visualize ChIP-seq and DNase-seq read density, RPM was computed at single 

bp resolution using deepTools utility bamCoverage. For ChIP-seq, input control RPM 

was subtracted from ChIP RPM, truncating the difference as zero. Mean RPM was 

computed across replicates. For selected figures (Figures 2A, 14D, 3D, and 3E), 
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quantified signal was binned around features of interest using deepTools utility 

computeMatrix (v.2.3.5; Ramirez et al., 2014). 

To visualize RNA-seq expression, gene-level counts were converted to 

transcripts per million (TPM) as in (Wagner et al., 2012), with gene length computed as 

the total exonic length of the gene model annotation in GENCODE (v.22; Harrow et al., 

2012). 

2.4.19 Analysis of timing of GC responsive events in enhancers 

Here and throughout, occupancy and accessibility were quantified in enhancers 

and log2 fold change was computed using featureCounts and edgeR, respectively (Liao 

et al., 2014; Robinson et al., 2010) as described above. We computed the proportion of 

enhancers that had differential signal prior to or at each dex exposure time point 

(Figures 3B and 3C), and computed the median response time as the time by which half 

of differential sites had cumulatively differential signal. To estimate this median 

cumulative response time for each data set, a piecewise cubic Hermite interpolating 

polynomial was fit to the cumulative differential response curve and the time at which 

that curve surpassed 0.5 was taken as the median. This interpolation was chosen in 

order to smooth values yet retain monotonicity. 

2.4.20 Known motif analyses 

We modeled the initial pre-dex p300 occupancy in enhancers and distal non-p300 

bound DHSs as a linear function of binary motif presence/absence of all RSAT-clustered 
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(Castro-Mondragon et al., 2017) JASPAR motifs (2016, vertebrates; Sandelin et al., 2004). 

We searched for motifs using FIMO (v.4.10.0; Bailey et al., 2009) with a second-order 

Markov background model. In order to binarize motif calls, we ran models with 

different P-value cutoffs (10-3, 10-4, 10-5) and found optimal predictive performance (R2) 

with P < 10-4. We fit the model using elastic net regression (Zou and Hastie, 2005), as 

described above. The model was fit to 1,000 bootstrap replicates of the data to estimate 

standard errors on the coefficients. 

We also modeled the increase in p300 as a binary variable with a separate model 

for each class of enhancer with increased p300: early-mid.-late (EML), early-mid. (EM), 

mid.-late (ML), early (E), mid. (M), and late (L) where early = 0.5–2 hrs dex, mid. = 3–6 

hrs dex, late = 7–12 hrs dex. The background set included all repressed and non-dynamic 

enhancers. Predictor variables were binary FIMO motif calls at P < 10-4 as well as 

standardized initial log2 CPM p300, which was included as a covariate to control for 

differences in baseline p300. Logistic elastic net regression (Zou and Hastie, 2005) was 

performed once again as above using the Python package SciKitLearn (Pedregosa et al., 

2011). 

We also assessed motif strengths of all enhancers based on the de novo GR, 

C/EBPβ, and AP-1 motifs described above. In other words, motifs discovered by de novo 

motif search were in turn used as input in a known motif search. The FOSL2 motif was 

used as representative of AP-1 because FOSL2 had the greatest percentage of top peaks 
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with an AP-1 motif among all AP-1 factors tested and the motifs discovered across all 

AP-1 factors assayed were nearly identical. To assign motif strengths, we scanned 

enhancers for the motifs using FIMO with a second-order Markov background model 

(Bailey et al., 2009) in the central 500-bp of each enhancer. 

2.4.21 Spatial CTCF analysis 

To test whether enhancers with similar p300 dynamics were enriched for co-

occurrence within domains demarcated by CTCF, we first computed the proportion of 

enhancers with dynamic p300 binding that occurred within homogeneous CTCF 

domains. A homogeneous CTCF domain was defined as a genomic interval between 

two CTCF sites where there were at least two enhancers with differential p300 binding 

and all enhancers with differential p300 binding had similar dynamics; that is, they all 

had increased or decreased binding. To test for enrichment, we did two kinds of 

permutations: (1) We randomly shuffled enhancers with differential p300 across the 

union of enhancers with differential p300 1,000 times. (2) We permuted CTCF positions, 

while retaining the same span in genomic sequence space of the observed set of CTCF 

domains and the same empirical distance distribution between CTCF sites by fixing the 

first CTCF site on each chromosome and permuting all distances between CTCF sites 

1,000 times (Figure 17D). For each permutation, we computed the proportion of 

enhancers in homogeneous CTCF domains for each individual permutation and fit a 
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normal distribution to the array of permuted proportions to yield a Z-statistic for the 

observed data. The same methods were repeated for DEGs as well. 
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3. Clustering gene expression time series data using an 
infinite Gaussian process mixture model 
This chapter is adapted from an article of the same title published in PLoS Computational 
Biology (McDowell et al., In review-b). 
 
My primary contributions to this chapter are the design of the study, contributing to the 
statistical framework for the DPGP model, performing all analyses, and writing the manuscript. 
Specific author contributions were as follows: 
 
Conceptualization, T.E.R., B.E.E., and A.K.S.; Supervision, T.E.R., B.E.E., and A.K.S.; 
Funding Acquisition, T.E.R., B.E.E., and A.K.S.; Investigation, C.M.V.; Formal Analysis, 
I.C.M., D.M., B.E.E. and A.K.S.; Software, I.C.M. and D.M. Visualization, I.C.M. and 
D.M.; Writing – Original Draft, I.C.M., D.M., A.K.S., B.E.E., and T.E.R.; Writing – Review 
& Editing, all authors. 
 

3.1 Introduction 

The analysis of time series gene expression has enabled insights into 

development (Arbeitman et al., 2002; Frank et al., 2015; Kim et al., 2001), response to 

environmental stress (Gasch et al., 2000), cell cycle progression (Cho et al., 1998; 

Spellman et al., 1998), pathogenic infection (Nau et al., 2002), cancer (Whitfield et al., 

2002), circadian rhythm (Panda et al., 2002; Storch et al., 2002), and other biomedically 

important processes. Gene expression is a tightly regulated spatiotemporal process. 

Genes with similar expression dynamics have been shown to share biological functions 

(Eisen et al., 1998). Clustering reduces the complexity of a transcriptional response by 

grouping genes into a small number of response types. Given a set of clusters, genes are 

often functionally annotated by assuming guilt by association (Walker et al., 1999), 

sharing sparse functional annotations among genes in the same cluster. Furthermore, 
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regulatory mechanisms characterizing shared response types can be explored using 

these clusters by, for example, comparing sequence motifs or other features within and 

across clusters. 

Clustering methods partition genes into disjoint clusters based on the similarity 

of expression response. Many clustering methods, such as hierarchical clustering (Eisen 

et al., 1998), k-means clustering, and self-organizing maps (Tavazoie et al., 1999), 

evaluate response similarity using correlation or Euclidean distance. These methods 

assume that expression levels at adjacent time points are independent and identically 

distributed, which is statistically invalid for transcriptomic time series data (Ramoni et 

al., 2002). Some of these methods require a prespecified number of clusters, which may 

require model selection or post hoc analyses to determine the most appropriate number. 

In model-based clustering, similarity is determined by how well the responses of 

any two genes fit the same generative model (Ramoni et al., 2002; Yeung et al., 2001a). 

Model-based methods thus define a cluster as a set of genes that is more likely to be 

generated from a particular cluster-specific model than other possible models (Pan et al., 

2002). Mclust, for example, assumes a Gaussian mixture model (GMM) to capture the 

mean and covariance of expression within a cluster. Mclust selects the optimal number 

of clusters using the Bayesian information criterion (BIC) (Fraley and Raftery, 2002). 

However, cluster-specific parameter estimates in Mclust do not take into account 

uncertainty in cluster number (Medvedovic and Sivaganesan, 2002). 
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To address the problem of cluster number uncertainty, finite mixture models can 

be extended to infinite mixture models using a Dirichlet process (DP) prior. This 

Bayesian nonparametric approach is used in the Infinite Gaussian Mixture Model 

(Rasmussen, 1999) and implemented in the tools GIMM (Medvedovic et al., 2004) and 

CRC (Qin, 2006). Using Markov chain Monte Carlo (MCMC) sampling, GIMM 

iteratively samples cluster-specific parameters and assigns genes to existing clusters or 

creates a new cluster based on both the likelihood of the gene expression values with 

respect to the cluster-specific model and the size of each cluster (Medvedovic et al., 

2004). An advantage of nonparametric models is that they allow cluster number and 

parameter estimation to occur simultaneously when computing the posterior. The DP 

prior has a “rich get richer” property, meaning that genes are assigned to clusters in 

proportion to the cluster size, so bigger clusters are proportionally more likely to grow 

relative to smaller clusters. This allows for varied cluster sizes as opposed to approaches 

that favor equivalently sized clusters, such as k-means clustering. 

Clustering approaches for time series data that encode dependencies across time 

have also been proposed. SplineCluster models the time dependency of gene expression 

data by fitting non-linear spline basis functions to gene expression profiles, followed by 

agglomerative Bayesian hierarchical clustering (Heard et al., 2006). The Bayesian 

Hierarchical Clustering (BHC) algorithm performs Bayesian agglomerative clustering as 

an approximation to a DP model, merging clusters until the posterior probability of the 
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merged model no longer exceeds that of the unmerged model (Cooke et al., 2011; Heller 

and Ghahramani, 2005; Savage et al., 2009). Each cluster in BHC is parameterized by a 

Gaussian process (GP). With this greedy approach, BHC does not capture uncertainty in 

the clustering. 

Recently, models combining DPs and GPs have been developed for time series 

data analysis. For example, a recent method combines the two to cluster low-

dimensional projections of gene expression (Rasmussen et al., 2009). The semiparametric 

Bayesian latent trajectory model was developed to perform association testing for time 

series responses, integrating over cluster uncertainty (Dunson et al., 2008). Other 

methods using DPs or approximate DPs to cluster GPs for gene expression data use 

different parameter inference methods (Hensman et al., 2015; Rasmussen et al., 2009; 

Savage et al., 2009). Several methods similar to ours lack software to enable application 

of the methods by biologists or bioinformaticians (Hensman et al., 2015; Rasmussen et 

al., 2009). 

Here we develop a statistical model for clustering time series data, the Dirichlet 

process Gaussian process mixture model (DPGP), and we package this model in user-

friendly software. Specifically, we combine DPs for incorporating cluster number 

uncertainty and GPs for modeling time series dependencies. In DPGP, we explore the 

number of clusters and model the time dependency across gene expression data by 

assuming that genes within a cluster are generated from a GP with a cluster-specific 
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mean function and covariance kernel. A single clustering can be selected according to 

one of a number of optimality criteria. Additionally, a matrix is generated that contains 

estimates of the posterior probability that each pair of genes belongs to the same cluster. 

Missing data are naturally incorporated into this GP framework, as are observations at 

unevenly spaced time points. If all genes are sampled at the same time points with no 

missing data, we leverage this fact to speed up the GP regression task in a fast version of 

our algorithm (fDPGP). 

To demonstrate the applicability of DPGP to gene expression response data, we 

applied our algorithm to simulated, published, and original transcriptomic time series 

data. We first applied DPGP to hundreds of diverse simulated data sets and show 

favorable comparisons to other state-of-the-art methods for clustering time series data. 

DPGP was then applied to a previously published microarray time series data set, 

recapitulating known gene regulatory relationships (Sharma et al., 2012). To enable 

biological discovery, RNA-seq data were generated from the human lung epithelial 

adenocarcinoma cell line A549 from six time points after treatment with dex for up to 11 

hours. By integrating our DPGP clustering results on these data with a compendium of 

ChIP-seq data sets from the ENCODE project, we reveal novel mechanistic insights into 

the genomic response to dex.  
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3.2 Results 

3.2.1 DPGP compares favorably to state-of-the-art methods on 
simulated data 

We tested whether DPGP recovers true cluster structure from simulated time 

series data. We applied DPGP and the fast version of DPGP, fDPGP, to 620 data sets 

generated using a diverse range of cluster sizes and expression traits (Table 3). We 

compared our results against those from BHC (Savage et al., 2009), GIMM (Medvedovic 

et al., 2004), hierarchical clustering by average linkage (Eisen et al., 1998), k-means 

clustering (Tavazoie et al., 1999), Mclust (Fraley and Raftery, 2002), and SplineCluster 

(Heard et al., 2006). To compare observed partitions to true partitions, we used Adjusted 

Rand Index (ARI), which measures the similarity between a test clustering and ground 

truth in terms of cluster agreement for element pairs (Hubert and Arabie, 1985; Rand, 

1971). ARI is 1 when two partitions agree exactly and 0 when two partitions agree no 

more than is expected by chance (Hubert and Arabie, 1985; Rand, 1971). ARI was 

recommended in a comparison of metrics (Milligan and Cooper, 1986) and has been 

used to compare clustering methods in similar contexts (Dahl, 2006; Fritsch and Ickstadt, 

2009; Medvedovic and Sivaganesan, 2002; Yeung et al., 2001b). 

Table 3: Simulated data sets used for algorithm comparison. 

Data set 
number in 

Figure 8 

Signal 
variance 

Noise 
variance 

Length 
scale 

Number 
of 

clusters 

Genes per cluster Total 
number of 

genes 
1 1 0.2 1 10 40,50,…,100 490 
2 1 0.2 1 25 10,12,…,44 486 
3 1 0.2 1 10 50 500 
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4 1 0.2 1 50 10 500 
5 1 0.2 1 100 5 500 
6 1 0.2 0.1 24 2,4,8,16,32,64 (4x) 504 
7 1 0.2 0.2 24 2,4,8,16,32,64 (4x) 504 
8 1 0.2 0.3 24 2,4,8,16,32,64 (4x) 504 
9 1 0.2 0.4 24 2,4,8,16,32,64 (4x) 504 

10 1 0.2 0.5 24 2,4,8,16,32,64 (4x) 504 
11 1 0.2 1 24 2,4,8,16,32,64 (4x) 504 
12 1 0.2 1.5 24 2,4,8,16,32,64 (4x) 504 
13 1 0.2 2 24 2,4,8,16,32,64 (4x) 504 
14 1 0.2 2.5 24 2,4,8,16,32,64 (4x) 504 
15 1 0.2 3 24 2,4,8,16,32,64 (4x) 504 
16 0.1 0.2 1 24 2,4,8,16,32,64 (4x) 504 
17 0.2 0.2 1 24 2,4,8,16,32,64 (4x) 504 
18 0.3 0.2 1 24 2,4,8,16,32,64 (4x) 504 
19 0.4 0.2 1 24 2,4,8,16,32,64 (4x) 504 
20 0.5 0.2 1 24 2,4,8,16,32,64 (4x) 504 
21 1 0.2 1 24 2,4,8,16,32,64 (4x) 504 
22 1.5 0.2 1 24 2,4,8,16,32,64 (4x) 504 
23 2 0.2 1 24 2,4,8,16,32,64 (4x) 504 
24 2.5 0.2 1 24 2,4,8,16,32,64 (4x) 504 
25 3 0.2 1 24 2,4,8,16,32,64 (4x) 504 
26 1 0.1 1 24 2,4,8,16,32,64 (4x) 504 
27 1 0.2 1 24 2,4,8,16,32,64 (4x) 504 
28 1 0.3 1 24 2,4,8,16,32,64 (4x) 504 
29 1 0.4 1 24 2,4,8,16,32,64 (4x) 504 
30 1 0.5 1 24 2,4,8,16,32,64 (4x) 504 
31 1 0.6 1 24 2,4,8,16,32,64 (4x) 504 

 

Assuming GPs as generating distributions, we simulated data sets with varied 

cluster size, length scale, signal variance, and noise variance (Table 3). Across 

simulations, DPGP generally outperformed GIMM, k-means, and Mclust, but was 

generally outperformed by BHC and SplineCluster, and performed about as well as 

hierarchical clustering (Figure 8 and Table 4). fDPGP performed nearly as well as DPGP 
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(Figure 8C). The performance of hierarchical clustering and k-means benefited from 

prespecification of the true number of clusters—with a median number of 24 clusters 

across simulations—while the other methods were expected to discover the true number 

of clusters with no prior specification. In applications to real data, a priori knowledge of 

the optimal number of clusters is unavailable, necessitating multiple runs and post hoc 

analyses for hierarchical clustering and k-means. Methods that do not model temporal 

dependencies in observations—GIMM, k-means, and Mclust—performed worst in our 

evaluations, suggesting that there is substantial value in explicitly modeling temporal 

dependencies. 

Table 4: P-values for algorithm comparisons on simulated data. 

Error model Algorithm with 
higher ARIs 

Algorithm with 
lower ARIs 

Wilcoxon 
two-sided 

signed-rank 
p-value 

Gaussian DPGP GIMM 2.2 × 10-16 
Gaussian DPGP k-means 7.4 × 10-14 
Gaussian DPGP Mclust 2.2 × 10-16 
Gaussian BHC DPGP 2.2 × 10-16 
Gaussian SplineCluster DPGP 2.2 × 10-16 
Gaussian DPGP hierarchical 

clustering 
0.0013 

Gaussian DPGP fDPGP 7.7 × 10-13 
t-distributed DPGP BHC 2.2 × 10-16 
t-distributed DPGP Mclust 2.2 × 10-16 
t-distributed DPGP hierarchical 

clustering 
2.2 × 10-16 

t-distributed DPGP SplineCluster 2.2 × 10-16 
t-distributed DPGP fDPGP 0.12 
t-distributed GIMM DPGP 2.2 × 10-16 
t-distributed k-means DPGP 2.2 × 10-16 
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We simulated an additional 500 data sets with t-distributed errors (df = 2), which 

is a heavier-tailed distribution than the Gaussian and may more realistically reflect the 

distribution of quantified gene expression levels in RNA-seq data (Robinson and Smyth, 

2007). Again, we varied cluster size, length scale, and signal variance (Table 3). In these 

simulations, DPGP outperformed BHC, SplineCluster, Mclust, and hierarchical 

clustering, and was outperformed by GIMM and k-means (Figure 20). DPGP and fDPGP 

performed nearly the same (Wilcoxon two-sided signed-rank, P = 0.12). Across all 

simulations, performance depended on the assumptions of the simulated data and no 

algorithm outperformed all others across all data sets. DPGP performed well under both 

Gaussian- and t-distributed error models, which demonstrates robustness to model 

assumptions. 

DPGP successfully recovered true cluster structure across a variety of generating 

assumptions except in cases of a large number of clusters each with a small number of 

genes (data sets 4 and 5) and in cases of small signal variance (data set 16) and high 

noise variance (data set 31; Figure 8). For each gene, DPGP can optionally estimate a 

probability of inclusion to its assigned cluster based on the weighted mean frequency of 

co-occurrence with all other genes in that cluster across Gibbs samples. Performance of 

DPGP on the data sets with Gaussian-distributed error improved after omitting genes 

with low probability cluster assignments both across the totality of data sets and, 
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specifically, across the ten data set classes for which DPGP performed most poorly 

(Wilcoxon two-sided signed-rank, including only genes with probability of inclusion of, 

e.g., ≥ 0.7 vs. all genes, P ≤ 2.2 × 10−16; Figures 21A and 21C). Performance did not 

improve when cluster assignment probabilities were permuted across genes (P > 0.21, 

Figurse 21B and 21D). These results imply that DPGP generates useful cluster 

assignment probabilities. For large-scale genomics analyses in which transcriptional 

regulatory mechanisms are often studied by analyzing groups of genes in aggregate, 

exclusion of a subset of those genes based on cluster assignment probabilities should 

little disrupt analyses. 

The algorithms tested varied greatly in speed. On moderately sized data sets 

(~1,000 genes), fDPGP was substantially faster than GIMM and BHC, but slower than 

hierarchical clustering, k-means, Mclust, and SplineCluster (Figure 22A; Wilcoxon two-

sided signed-rank, comparing clustering times on 20 data sets with 1,008 simulated 

trajectories, DPGP versus each method, P ≤ 8.86 × 10−5). On larger data sets of up to 

10,000 genes, fDPGP again was faster than BHC and GIMM (Figure 22B; Wilcoxon two-

sided signed-rank, comparing clustering times on 10 data sets with 10, 000 simulated 

trajectories, DPGP versus each method, P ≤ 5.06 × 10−3). BHC failed to cluster data sets 

with ≥ 2,000 genes within 72 hours. Because of the speed and reliable clustering 

performance of fDPGP, we use this version in the biological data applications below. 



 

95 

An important advantage of DPGP is that—being a probabilistic method—

uncertainty in clustering and cluster trajectories is captured explicitly. Some implications 

of the probabilistic approach are that cluster means and variances can be used to 

quantify the fit of unseen data, to impute missing data points at arbitrary times, and to 

integrate over uncertainty in hypothesis testing with the clusters (Dunson and Herring, 

2006). Using these same data simulations, we clustered expression trajectories while 

holding out each of the four middle time points of eight total time points. We computed 

the proportion of held-out test points that fell within the 95% credible intervals (CIs) of 

the estimated cluster means. For comparison, we also permuted cluster membership 

across all genes 1,000 times and recomputed the same proportions. We found that DPGP 

provided accurate CIs on the simulated gene expression levels (Figure 23). Across all 

simulations, at least 90% of test points fell within the estimated 95% CI, except for data 

set types with large length-scales or high signal variances (both parameters ∈ {1.5, 2, 2.5, 

3}). The proportion of test points that fell within the 95% CIs was consistently higher for 

true clusters than for permuted clusters (Mann-Whitney U-test (MWU), P ≤ 2.24 × 10−6), 

except for data with small length scales ({0.1,…,0.5}) in which the proportions were 

equivalent (MWU, P = 0.24). This implies that the simulated sampling rates in these 

cases were too low for DPGP to capture temporal patterns in the data. 

For the simulations with Gaussian distributed error, in which DPGP performed 

worse than BHC or SplineCluster with respect to recovering the true cluster structure, 
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the clusters inferred from the data provided useful and accurate CIs for unseen data. For 

example, DPGP performed decreasingly well as the noise variance was increased to 0.4, 

0.5, and 0.6. However, the median proportions of test points within the 95% CIs were 

93.4%, 92.6%, 91.9%, respectively (Figure 23). This suggests that DPGP provides well-

calibrated CIs on expression levels over the time course and can theoretically be used for 

reliable imputation at arbitrary time points. 

DPGP may also be used to evaluate the confidence in a specific clustering with 

respect to the fitted model, which can be important for revealing instances when many 

different partitions model the data nearly as well as one another. For example, across 

our simulated datasets, when DPGP did not precisely recover the cluster structure, we 

found there was also substantial uncertainty in the optimal partition. Specifically, the 

posterior probability of the oracle clustering with respect to the simulated observations 

was greater than both the posterior probability of the DPGP MAP partition and than the 

mean posterior probability across all DPGP samples in only 1.6% of cases (Z-test, P < 

0.05). This suggests that the posterior probability was not strongly peaked at the true 

partition in nearly all simulated examples. 
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Figure 8: Clustering performance of state-of-the-art algorithms on simulated 
time series data. 

Box plots show summaries of the empirical distribution of clustering performance for 
each method in terms of Adjusted Rand Index (ARI) across twenty instances of each of 
the 31 data set types (Table 3). Higher values represent better recovery of the simulated 
clusters. Observations that lie beyond the first or third quartile by 1.5 × the interquartile 
range are shown as outliers. 
 

3.2.2 Clustering oxidative stress transcriptional responses in a 
microbial model organism recapitulates known biology 

Given the performance of DPGP on simulated data with minimal user input and 

no prespecification of cluster number, we next sought to assess the performance of 

DPGP on biological data. As a test case, we applied DPGP to published data from a 

single-celled model organism with a small genome (Halobacterium salinarum, 2.5 Mbp 

and 2,400 genes) exposed to oxidative stress induced by addition of H2O2 (Sharma et al., 

2012). This multifactorial experiment tested the effect of deletion of the gene encoding 
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the TF RosR, which is a global regulator that enables resilience of H. salinarum to 

oxidative stress (Tonner et al., 2015). Specifically, transcriptome profiles of a strain 

deleted of the rosR gene (∆rosR) and control strain were captured with microarrays at 

10–20 min intervals following exposure to H2O2. In the original study, 616 genes were 

found to be differentially expressed in response to H2O2, 294 of which were also DEGs in 

response to rosR mutation. In previous work, the authors clustered those 294 DEGs 

using k-means clustering with k = 8 (minimum genes per cluster = 13, maximum = 86, 

mean = 49; Sharma et al., 2012). 

We used DPGP on these H. salinarum time series data to cluster expression 

trajectories from the 616 DEGs in each strain independently, which resulted in six 

clusters per strain when we consider the maximum a posteriori (MAP) partition (Figure 

9). The number of genes in clusters from DPGP varied widely across clusters and strains 

(minimum 2 genes, maximum 292, mean 102.7) with greater variance in cluster size in 

trajectories from the mutant strain. To assess how DPGP clustering results compared to 

previous results using k-means, we focused on how the deletion of rosR affected gene 

expression dynamics. Out of the 616 DEGs, 372 moved from a cluster in the control 

strain to a cluster with a different dynamic trajectory in ∆rosR (e.g., from an up-

regulated cluster under H2O2 in control, such as cluster 5, to a down-regulated cluster in 

∆rosR, such as cluster 3; Figure 9 and Table 5). Of these 372 genes, 232 were also detected 

as differentially expressed in our previous study (Sharma et al., 2012) [significance of 
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overlap, Fisher’s exact test (FET), P ≤ 2.2 × 10−16]. Comparing these DPGP results to 

previous analyses, similar fractions of genes were found to be directly bound by RosR 

according to ChIP-chip data from cells exposed to H2O2 for 0, 10, 20, and 60 min (Tonner 

et al., 2015). When all RosR binding at all four ChIP-chip time points were considered 

together, 8.9% of DPGP genes changing clusters were bound, similar to the 9.5% of 

DEGs that were bound in the previous analysis (Sharma et al., 2012). 

Genes most dramatically affected by deletion of rosR were those up-regulated 

after 40 min of H2O2 exposure in the control strain. For example, all 141 genes in control 

cluster 5 changed cluster membership in the ∆rosR strain (Figure 9; FET, P ≤ 2.2 × 10−16). 

Of these 141 genes up-regulated in control strains in response to H2O2, 89 genes (63%) 

exhibited inverted dynamics, changing to down-regulated in the ∆rosR strain. These 89 

genes grouped into two clusters in the ∆rosR strain (∆rosR clusters 3 and 5; Figure 9 and 

Table 5). The transcriptional effect of rosR deletion noted here accurately reflects 

previous observations: 84 of these 89 genes showed differential trajectories in the control 

versus ∆rosR strains previously (Sharma et al., 2012). RosR is required to activate these 

genes in response to H2O2 (Sharma et al., 2012). These results suggest that DPGP analysis 

accurately recapitulates previous knowledge of RosR-mediated gene regulation in 

response to H2O2 with reduced user input. 
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Figure 9: DPGP clusters in H. salinarum H2O2-exposed gene expression 

(A–L) For each cluster, standardized log2 fold change in expression from pre-exposure 
levels is shown for each gene as well as the posterior cluster mean ±2 standard 
deviations. Control strain clusters are on left and ∆rosR clusters on right, organized to 
relate the ∆rosR cluster(s) that correspond(s) to each control cluster. Note that control 
cluster 5 had no corresponding ∆rosR cluster, but transcripts in this cluster instead 
distributed to a variety of ∆rosR clusters, none of which had a majority of cluster 5 
transcripts. (M) Heatmap displays the proportion of DPGP samples in which each gene 
(row/column) clusters with every other gene in the control strain. Rows and columns 
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were clustered by Ward’s linkage. The predominant blocks of elevated co-clustering are 
labeled with the control cluster numbers to which the genes that compose the majority 
of the block belong. As indicated, cluster 6 is dispersed across multiple blocks, primarily 
the blocks for clusters 3 and 5. (N) Same as (M), except that values are replaced by the 
proportions in the ∆rosR strain instead of the control strain. Rows and columns ordered 
as in (M). 
 

3.2.3 DPGP reveals mechanisms behind the glucocorticoid 
transcriptional response in a human cell line 

Given the performance of DPGP in recapitulating known results for biological 

data, we next used DPGP for analysis of novel time series data. Specifically, we used 

DPGP to identify co-regulated sets of genes and candidate regulatory mechanisms in the 

human GC response. GCs, such as dex, are among the most commonly prescribed drugs 

for their anti-inflammatory and immunosuppressive effects (Hsiao et al., 2010). GCs 

function in the cell primarily by affecting gene expression levels. Briefly, GCs diffuse 

freely into cells where they bind to and activate GR. Once bound to its ligand, GR 

translocates into the nucleus where it binds DNA and regulates expression of target 

genes. The induction of expression from GC exposure has been linked to GR binding 

(Reddy et al., 2009). However, while there are a plethora of hypotheses regarding 

repression and a handful of well-studied cases, it has proved difficult to associate 

repression of gene expression levels with genomic binding on a genome-wide scale (De 

Bosscher et al., 2000; Santos et al., 2011). Further, GC-mediated expression responses are 

far more diverse than simple induction or repression, motivating a time course study of 
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these complex responses (Balsalobre et al., 2000; Biddie and Hager, 2009; John et al., 

2009; Stavreva et al., 2012; Vockley et al., 2016). 

To characterize the genome-wide diversity of the transcriptional response to GCs 

and to reveal candidate mechanisms underlying those responses, we performed RNA-

seq in the human lung adenocarcinoma-derived A549 cell line after treatment with the 

synthetic glucocorticoid (GC) dex for 1, 3, 5, 7, 9, and 11 hours, resulting in six time 

points. This data set is among the most densely sampled time series of the dex-mediated 

transcriptional response in a human cell line. 

3.2.3.1 DPGP clustered differentially expressed transcripts into four predominant 
clusters 

We used DPGP to cluster 1216 transcripts that were differentially expressed at 

two consecutive time points (FDR ≤ 0.1). DPGP found 13 clusters with a mean size of 119 

transcripts and a standard deviation of 108 transcripts (Figure 10 and Figure 24). In 

order to analyze the shared mechanisms underlying expression dynamics for genes 

within a cluster and to validate cluster membership, we chose to study genes in the four 

largest clusters using a series of complementary analyses and data. These four clusters 

included 74% of the dex-responsive transcripts. We designated these clusters up-reg-

slow, down-reg-slow, up-reg-fast, and down-reg-fast (Figure 10) where fast clusters had a 

maximal difference in mean expression levels between 1 and 3 hours and slow clusters 

had a maximal difference between 3 and 5 hours. A variety of other clusters were 
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identified with diverse dynamics, revealing the complexity of the GC transcriptional 

response (Figure 10). 

 

Figure 10: Clustered trajectories of differentially expressed transcripts in A549 
cells in response to dex. 

For each cluster, standardized log2 fold change in expression from pre-dex exposure 
levels is shown for each transcript, and the posterior cluster mean and ±2 standard 
deviations according to the cluster-specific GP. 
 

3.2.3.2 DPGP dex-responsive expression clusters differ in biological processes 

Genes involved in similar biological processes often respond similarly to stimuli 

(Eisen et al., 1998). To determine if the DPGP clusters were enriched for genes that are 

jointly involved in biological processes, we tested each cluster for enrichment of Gene 

Ontology slim (GO-slim) biological process terms (Ashburner et al., 2000). The down-
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reg-slow cluster was enriched for cell cycle-related terms such as cell cycle, cellular 

aromatic compound metabolic process, heterocycle metabolic process, chromosome 

segregation, and cell division—among other associated terms (see Table 6 for p-values). 

This cluster included genes critical to cell cycle progression such as BRCA2, CDK1, 

CDK2, and others. The down-regulation of these genes is consistent with the 

antiproliferative effects of GCs (Goya et al., 1993; King and Cidlowski, 1998; Rogatsky et 

al., 1997). In contrast, the down-reg-fast cluster was enriched for terms related to 

developmental process such as anatomical structure formation involved in 

morphogenesis (Table 6). Genes in the down-reg-fast cluster that were annotated as 

anatomical structure formation involved in morphogenesis included homeobox genes 

like EREG, HNF1B, HOXA3, and LHX1 as well as growth factors like TGFA and TGFB2. 

Our results suggest that GC exposure in A549 cells leads to a rapid down regulation of 

growth-related TFs and cytokines, and a slower down regulation of crucial cell cycle 

regulators. 

The up-reg-slow and up-reg-fast clusters did not differ substantially in functional 

enrichment, and both were enriched for signal transduction. Up-regulated genes 

annotated as signal transduction included multiple MAP kinases, JAK1, STAT3 and 

others. Whereas the down-reg-slow cluster was enriched for genes annotated as 

heterocycle metabolic process, the up-reg-slow cluster was depleted (Table 6). Overall, 

clustering enabled improved insight into GC-mediated transcriptional responses. Our 



 

105 

results suggest that a novel functional distinction may exist between rapidly and slowly 

down-regulated genes. 

3.2.3.3 DPGP clusters differ in TF and histone modification occupancy prior to dex 
exposure 

We validated the four major expression clusters by identifying distinct patterns 

of epigenomic features that may underlie differences in transcriptional response to GC 

exposure. In particular, we looked to see whether the co-clustered genes had similar TF 

binding and chromatin marks before dex exposure. We hypothesized that similar 

transcriptional responses were driven by similar regimes of TF binding and chromatin 

marks. To test this, we used all ChIP-seq data generated by the ENCODE project 

(ENCODE Project Consortium, 2012) that were assayed in the same cell line and 

treatment conditions (Table 7). For each data set and each transcript, we counted pre-

aligned ChIP-seq reads in three bins of varied distances from the TSS (< 1 kb, 1–5 kb, 5–

20 kb), based on evidence that suggests that different TFs and histone modifications 

function at different distances from target genes (Garber et al., 2012). Both TF binding 

and histone modification occupancy are well correlated (Cheng and Gerstein, 2012; 

Heintzman et al., 2009). In order to predict cluster membership of each transcript based 

on a parsimonious set of TFs and histone modifications in control conditions, we used 

elastic net logistic regression, which tends to include or exclude groups of strongly 

correlated predictors using a sparse logistic model (Zou and Hastie, 2005). We controlled 



 

106 

for differences in basal expression prior to dex exposure by including the baseline 

transcription level as a covariate in the model. 

The features that were most predictive of cluster membership—indicating an 

association with expression dynamics—were distal H3K36me3, promoter-proximal 

E2F6, and distal H3K4me1 (Figures 11A and 25). H3K36me3 marks the activity of 

transcription, and is deposited across gene bodies, particularly at exons (Kolasinska-

Zwierz et al., 2009; Krogan et al., 2003). Its strength as a predictor of cluster membership 

may represent differences in the methylation of H3K36 between clusters of genes or, 

alternatively, residual differences in basal expression. E2F6 functions during G1/S cell 

cycle transition (Bertoli et al., 2013) and its binding was greater in the down-reg-slow 

cluster, which is consistent with the enrichment of genes with cell cycle biological 

process terms in the same cluster. H3K4me1 correlates strongly with enhancer activity 

(Heintzman et al., 2007) and the negative coefficient in our model for the down-reg-slow 

cluster suggests that the contribution of enhancers to expression differs across clusters 

(Figure 11). 

The two large down-regulated clusters differed substantially in TF binding and 

histone modifications before exposure to dex (Figure 11A). To confirm, we ran the same 

regression model after limiting prediction to transcripts in those two clusters. We found 

that distal H3K4me1 and promoter-proximal E2F6 were highly predictive features, and 

also four distal histone features that have all been associated with enhancer activity 
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(Figure 26; He et al., 2010; Rada-Iglesias et al., 2011). This analysis suggests predictive 

mechanistic distinctions between quickly and slowly down-regulated transcriptional 

responses to GC exposure. When we performed elastic net regression to identify 

differential epigenomic features across only the two large up-regulated transcript 

clusters, on the other hand, no TFs or histone marks were differentially enriched across 

clusters, meaning that no covariates improved log loss by more than one standard error. 

Differences in regulatory mechanisms between the two clusters may involve 

downstream events not reflected in the ChIP data used here. 

One drawback of our approach for studying clusters using enriched epigenomic 

features is that observations are available for only a handful of such epigenomic features 

for a specific cell type, and these covariates are often highly correlated (Cheng and 

Gerstein, 2012; Heintzman et al., 2009). In the context of the elastic net, results should be 

stable upon repeated inclusion of identical predictors in replicated models (Zou and 

Hastie, 2005). However, the variables identified as predictive may in truth derive their 

predictiveness from their similarity to underlying causative TFs or histone 

modifications. To address the problem of correlated predictors, we used a 

complementary approach to reveal functional mechanisms distinguishing the four major 

expression clusters. We projected the correlated features of the standardized control TF 

and histone modification occupancy data onto a set of linearly uncorrelated covariates 

using principal components analysis (PCA). We then compared the clusters after 
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transforming each gene’s epigenomic mappings by the two principal axes of variation, 

which were selected according to the scree plot method (Figure 27; Cattell, 1966). 

The first principal component (PC1) explained 47.9% of the variance in the 

control ChIP-seq data (Figure 27). The 42 ChIP-seq covariates with the highest 

magnitude loadings on PC1 were restricted to distal, non-promoter TF binding and 

activation-associated histone mark occupancy, implicating enhancer involvement (for 

the value of all loadings on PC1, see Table 8). Specifically, the features with the two 

highest magnitude loadings on PC1 were both binned counts of distal p300 binding, a 

histone acetyltransferase that acetylates H3K27 and is well established as an enhancer 

mark (Heintzman et al., 2009; Visel et al., 2009). 

We next compared the four largest clusters with respect to their projections onto 

PC1. We found that the down-reg-slow cluster differed substantially from the down-reg-

fast cluster when transformed by PC1 (MWU, P ≤ 2.28 × 10−3; Figure 11B), while no other 

pairwise comparison was significant (MWU, P > 0.13). These results suggest that, in 

aggregate, slowly responding down-regulated transcripts have reduced enhancer 

activity in control conditions relative to quickly responding down-regulated transcripts. 

The second principal component (PC2) explained 11.1% of the variance in the 

control ChIP-seq data (Figure 27). The 21 ChIP-seq features with the greatest 

contributions to PC2 captured TF binding and activation-associated histone 

modifications within the promoter (Table 8). By comparing the four largest clusters, we 
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found that the down-reg-slow cluster differed from all other clusters with respect to PC2 

(MWU, P ≤ 9.15 × 10−7; Figure 11C), while no other pairwise difference was significant 

(MWU, P > 0.28). These results illustrate that the slowly responding down-regulated 

transcripts collectively showed enhanced pre-dex promoter activity compared to the 

other three largest clusters. 

 

Figure 11: Differences in TF binding and histone modification occupancy in 
A549 cells in control conditions for the four largest DPGP clusters. 

(A) Heatmap shows the elastic net logistic regression coefficients for the top twenty 
predictors (sorted by sum of absolute value across clusters) of cluster membership for 
the four largest clusters. Predictors were log10 library size-normalized binned counts of 
ChIP-seq TF binding and histone modification occupancy in control conditions. Distance 
indicated in row names represents the bin of the predictor (e.g., < 1 kb means within 1 kb 
of the TSS). An additional 23 predictors with smaller but non-zero coefficients are shown 
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in Figure 25. (B) Kernel density histogram smoothed with a Gaussian kernel and Scott’s 
bandwidth (Scott, 1979) of the TF binding and histone modification occupancy log10 
library size-normalized binned count matrix in control conditions transformed by the 
first principal component (PC1) for the two largest down-regulated DPGP clusters. (C) 
Same as (B), but with matrix transformed by PC2 and with the four largest DPGP 
clusters. 
 

3.2.3.4 Transcriptional response clusters show differences in dynamic TF and histone 
modification occupancy  

We next validated our four largest dynamic expression clusters by examining the 

within-cluster similarity in changes in TF binding over time. To do this, we computed 

the log fold change in normalized ChIP-seq counts for all TFs (CREB1, CTCF, FOXA1, 

GR, and USF1) assayed through ENCODE with and without 1 hr treatment with 100 nM 

dex (Table 7; ENCODE Project Consortium, 2012). We again fit an elastic net logistic 

regression model, this time to identify the changes in TF binding that were predictive of 

cluster. The most predictive features of cluster membership were changes in CREB1, 

FOXA1, and USF1 binding 5–20 kb from the TSS (Figure 12A). CREB1, FOXA1, and 

USF1 are all known transcriptional activators (Corre and Galibert, 2005; Lupien et al., 

2008; Mayr and Montminy, 2001). 

Increased binding of transcriptional activators was associated with increased 

expression and with more rapidly increased expression, while decreased binding was 

associated with decreased expression and more rapidly decreased expression. 

Specifically, genes in both up-regulated clusters had higher median log fold change in 

binding of CREB1, FOXA1, and USF1 compared to the two down-regulated clusters 
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(MWU, P ≤ 1.5 × 10−9, Figures 12B–D). Down-regulated clusters had lower median log 

fold change in the binding of certain TFs than the group of non-DE transcripts (CREB1 

down-reg-slow versus non-DE, MWU, P ≤ 2.07 × 10−15, Figure 12C; CREB1, FOXA1, and 

USF1 down-reg-fast versus non-DE, MWU, P = 3.18 × 10−5, Figures 12B–D). Additionally, 

the down-reg-fast cluster had lower median log fold change than the down-reg-slow 

cluster in FOXA1 and USF1 binding (MWU, P = 8.24 × 10−6, p = 1.29 × 10−4, respectively). 

Our results suggest that differences in TF binding over time may underlie differences in 

dynamic transcriptional response both in terms of up-regulation versus down-

regulation and also in the speed of the transcriptional response. 

 

Figure 12: Differences in changes in transcription factor binding in A549 cells 
in response to glucocorticoid exposure for the four largest DPGP clusters. 
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(A) Heatmap shows all coefficients (sorted by sum of absolute value across clusters) for 
predictors with non-zero coefficients as estimated by elastic net logistic regression of 
cluster membership for the four largest DPGP clusters. Predictors on y-axis represent log 
fold-change in normalized binned counts of TF binding from ethanol to dex conditions 
as assayed by ChIP-seq. Distance indicated in row names reflects the bin of the predictor 
(e.g., 1 kb = within 1 kb of TSS). (B) Boxplots show the logFC in normalized binned 
counts across clusters and for the group of non-DE transcripts for CREB1, (C) FOXA1, 
and (D) USF1. 
 

3.3 Discussion 

We developed a Dirichlet process Gaussian process mixture model (DPGP) to 

cluster measurements of genomic features such as gene expression levels over time. We 

showed that our method effectively identified disjoint clusters of time series gene 

expression observations using extensive simulations. DPGP compares favorably to 

existing methods for clustering time series data, is robust to non-Gaussian marginal 

observations, and, importantly, includes measures of uncertainty and an accessible, 

publicly available software package. We applied DPGP to existing data from a microbial 

model organism exposed to stress. We found that DPGP accurately recapitulated 

previous knowledge of TF-mediated gene regulation in response to H2O2 with minimal 

user input. We applied DPGP to a novel RNA-seq time series data set detailing the 

transcriptional response to dex in a human cell line. Our clusters identified four major 

response types: quickly up-regulated, slowly up-regulated, quickly down-regulated, and 

slowly down-regulated genes. These response types differed in TF binding and histone 

modifications before dex treatment and in changes in TF binding following dex 
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treatment, indicating shared biological processes among genes in the same response 

clusters. 

As with all statistical models, DPGP makes a number of assumptions about 

observations. In particular, DPGP assumes i) cluster trajectories are stationary; ii) cluster 

trajectories are exchangeable; iii) each gene belongs to only one cluster; iv) expression 

levels are sampled at the same time points across all genes; and v) the time point-specific 

residuals have a Gaussian distribution. Despite these assumptions, our results show that 

DPGP is robust to certain violations. In the human cell line data, exposure to dex 

resulted in a non-stationary response (at time point lag 1, all dex-responsive genes had 

either Augmented Dickey-Fuller P < 0.05 or Kwiatkowski–Phillips–Schmidt–Shin P > 

0.05), and the residuals did not follow a Gaussian distribution (Schapiro-Wilk test, P ≤ 

2.2 × 10−16), violating assumptions (i) and (v). However, despite these assumption 

violations, we found that DPGP clustered expression trajectories in a robust and 

biologically interpretable way. Furthermore, because DPGP does not assume that the 

gene expression levels are observed at identical intervals across time, DPGP allows 

study designs with non-uniform sampling. 

Our DPGP model can be readily extended or interpreted in additional ways. For 

example, DPGP returns not only the cluster-specific mean trajectories but also the 

covariance of that mean, which is useful for downstream analysis by explicitly 

specifying confidence intervals around interpolated time points. Given the Bayesian 
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framework, DPGP naturally allows for quantification of uncertainty in cluster 

membership by analysis of the posterior similarity matrix. For example, we could test 

for association of latent structure with specific genomic regulatory elements after 

integrating over uncertainty in the cluster assignments (Dunson and Herring, 2006). 

DPGP can also be applied to time series data from other types of sequencing-based 

genomics assays such as DNase-seq and ChIP-seq. If we find that the Gaussian 

assumption is not robust for alternative data types, we may consider using different 

distributions to model the response trajectories, such as a Student-t process (Shah et al., 

2014). 

When DPGP was applied to RNA-seq data from A549 cells exposed to GCs, the 

clustering results enabled several important biological observations. Two down-

regulated response types were distinguished from one another based on histone marks 

and TF binding prior to GC exposure. The rapidly down-regulated cluster included 

homeobox TFs and growth factor genes and was enriched for basal enhancer regulatory 

activity, while slowly down-regulated cluster included critical cell cycle genes and was 

enriched for basal promoter regulatory activity. More study is needed to resolve how 

GCs differentially regulate these functionally distinct classes of genes. GR tends to bind 

distally from promoters (Reddy et al., 2009) so that rapid down-regulation may be a 

direct effect of GR binding, while slower down-regulation may be secondary effect. We 

also found that down-regulated genes lost binding of transcriptional activators in distal 
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regions while up-regulated genes gained binding. This result links genomic binding to 

GC-mediated repression on a genome-wide scale. With increasing availability of high-

throughput sequencing time series data, we anticipate that DPGP will be a powerful tool 

for defining cellular response types. 

3.4 Methods 

3.4.1 DPGP model 

3.4.1.1 Dirichlet process mixture model of Gaussian processes 

We developed a Bayesian nonparametric model for time series trajectories 

𝑌 ∈ ℝ! × !, where 𝑃 is the number of genes and 𝑇 the number of time points per sample, 

assuming observations at the same time points across samples, but allowing for missing 

observations. In particular, let 𝑦! be the vector of gene expression values for gene 

𝑗 ∈ {1,… ,𝑃} for all assayed time points 𝑡 ∈ {1,… ,𝑇}. Then, we define the generative DP 

mixture model as follows: 

1) 𝐺 ~ 𝐷𝑃 𝛼,𝐺! ; 
2) 𝜃ℎ ~ 𝐺; 
3) 𝑦𝑗 ~ 𝑝 ∙ 𝜃ℎ); 

 
Here, DP represents a draw 𝐺 from a 𝐷𝑃 with base distribution 𝐺!. 𝐺, then, is the 

distribution from which the latent variables 𝜃ℎ are generated for cluster h, with 𝛼 > 0 

representing the concentration parameter, with larger values of α encouraging more and 

smaller clusters. We specify the observation distribution 𝑦𝑗 ~ 𝑝 ∙ 𝜃ℎ) with a Gaussian 
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process. With the DP mixture model, we are able to cluster the trajectory of each gene 

over time without specifying the number of clusters a priori. 

Using exchangeability, we can integrate out 𝐺 in the DP to find the conditional 

distribution of one cluster-specific random variable 𝜃! conditioned on all other variables 

𝜃¬!, which represents the cluster-specific parameter values of the observation 

distribution (here, a GP). This allows us to describe the distribution of each parameter 

conditioned on all others; for all clusters h ∈ {1,…,H}, we have: 

4) 𝑝 𝜃!  𝜃!,… ,𝜃!!!)  ∝  𝛼𝑝(𝜃!  𝐺! + 𝛿!! 𝜃! ,!!!
!!!   

where 𝛿!!(∙) is a Dirac delta function centered at the parameters for the hth partition. A 

prior could be placed on 𝛼, and the posterior for 𝛼 could be estimated conditioned on 

the observations. Here we favor simplicity and speed, and we set 𝛼 to one. This choice 

has been used in gene expression clustering (Medvedovic and Sivaganesan, 2002) and 

other applications (Kim et al., 2006; Vlachos et al., 2008) and favors a relatively small 

number of clusters, where the expected number of clusters scales as 𝛼 log𝑃.  

3.4.1.2 Gaussian process prior distribution 

Our base distribution for the DP mixture model captures the distribution of each 

parameter of the cluster-specific GP. A GP is a distribution on arbitrary functions 

mapping points in the input space 𝑥!—here, time—to a response 𝑦𝑗 —here, gene 

expression levels of gene j across time t. The within-cluster parameters for the 

distribution of trajectories for cluster h, or 𝜃! = 𝜇!, 𝑙!, 𝜏!,𝜎!! , can be written as follows: 
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5) 𝜇! ~ 𝐺𝑃(𝜇!,𝐾) 
6) 𝑙! ~ 𝑙𝑛𝒩(0,1) 
7) 𝜏! ~ 𝑙𝑛𝒩(0,1) 
8) 𝜎!! ~ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒𝐺𝑎𝑚𝑚𝑎(𝛼!",𝛽!") 

 
where 𝛼!" captures shape and 𝛽!" captures rate (inverse of scale). The above 

hyperparameters may be changed by the user of the DPGP software. By default, 𝛼!" is 

set to 12 and 𝛽!" is set to 2, as these were determined to work well in practice for our 

applications. For data with greater variability, such as microarray data, the shape 

parameter can be decreased to allow for greater noise variance within a cluster. The base 

distributions of the cluster-specific parameters, which we estimate directly from the 

data, were chosen to be the natural prior distributions. 

The positive definite Gram matrix K quantifies similarity between every pair of 

time points 𝑥, 𝑥! in the absence of local noise using Mercer kernel function 𝐾!,!,!! =

𝜅!(𝑥!,𝑥!!). We used the squared exponential covariance function (dropping the gene 

index j): 

9) 𝜅! 𝑥!,𝑥!! =  𝜏!! exp −
!!! !!! !
!!!
!  . 

The hyperparameter 𝑙!, known as the characteristic length scale, corresponds to the 

distance in input space between two data points smaller than which the points have 

correlated outputs. The hyperparameter 𝜏!, or signal variance, corresponds to the 

variance in gene expression trajectories over time. The model could be easily adapted to 

different choices of kernel functions depending on the stimulating conditions and the 
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smoothness of the trajectories used in the analysis, such as the Matérn kernel   

(Abramowitz and Stegun, 1964), a periodic kernel (Schölkopf and Smola, 2002), or a non-

stationary kernel (Rasmussen and Williams, 2006). 

Including local (i.e., time point-specific) noise, 𝜎!! (Eq 8), the covariance between 

time points for trajectory 𝑦! becomes 𝐾! + 𝜎!!𝐼. Thus,  

10) 𝑦!  ~ 𝒩 𝜇! ,𝐾! + 𝜎!!𝐼 , 

where the noise variance, 𝜎!!, is unique to each cluster h. This specifies the probability 

distribution of each observation 𝑦! in Eq 3 according to a cluster-specific GP. 

3.4.1.3 Markov chain Monte Carlo (MCMC) to estimate the posterior distribution of 
DPGP 

 Given this DPGP model formulation, we now develop methods to estimate the 

posterior distribution of the model parameters. We use MCMC methods, which have 

been used previously in time series gene expression analysis (Medvedovic and 

Sivaganesan, 2002; Qin, 2006). MCMC allows the inference of cluster number and 

parameter estimation to proceed simultaneously. MCMC produces an estimate of the 

full posterior distribution of the parameters, allowing us to quantify uncertainty in their 

estimates. For MCMC, we calculate the probability of the trajectory for gene j belonging 

to cluster h according to the DP prior with the likelihood that gene j belongs to class h 

according to the cluster-specific GP distribution. We implemented Neal's Gibbs 

Sampling “Algorithm 8” to estimate the posterior distribution of the trajectory class 

assignments (Neal, 2000). More precisely, let 𝑐!  be a categorical latent variable specifying 
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what cluster gene j is assigned to, and let 𝑐¬! represent the class assignment vector for all 

trajectories except for gene j. 

 Using Bayes’ rule, we compute the distribution of each 𝑐! conditioned on the data 

and all other cluster assignment: 

11) Pr 𝑐! = ℎ 𝑦! , 𝑐¬! ,𝜃!,𝛼 ∝ Pr 𝑐! = ℎ 𝑐¬! ,𝛼 Pr 𝑦! 𝑐! = ℎ,𝜃!  

where the first term on the right-hand side represents the probability of assigning the 

trajectory to cluster h and the second term represents the likelihood that the trajectory 𝑦! 

was generated from the GP distribution for the hth cluster.  

According to our model specification, the probability Pr 𝑐! = ℎ 𝑐¬! ,𝛼  in Eq 11 is 

equivalent to the Chinese restaurant process in which: 

12) Pr 𝑐! = ℎ 𝑐¬! ,𝛼 ∝  

!/!
!!!!!

 if ℎ is empty or gene 𝑗 assigned to singleton cluster
𝕀(!! !!)!

!!!

!!!!!
 otherwise.

 

 

In the above, m is the number of empty clusters available in each iteration. 

Similarly, the likelihood Pr 𝑦! 𝑐! = ℎ,𝜃!  in Eq 11 is calculated using our cluster-specific 

GPs: 

13) Pr 𝑦! 𝑐! = ℎ,𝜃! =

 
𝒩 𝑦!|𝜇!,𝑲! + 𝝈!𝟐𝑰  if ℎ is empty or gene 𝑗 assigned to singleton cluster

𝒩 𝑦!|𝜇! ,𝑲! + 𝝈!𝟐𝑰   otherwise.
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We draw 𝜇! as a sample from the prior covariance matrix, and we put prior 

distributions on parameters 𝑙!, 𝜏!, and 𝜎!! (Eqs 6—8) and estimate their posterior 

distributions explicitly. 

In practice, the first 48% of the prespecified maximum number of MCMC 

iterations is split into two equally sized burn-in phases. At initialization, each gene is 

assigned to its own cluster, which is parameterized by its mean trajectory and a squared 

exponential kernel with unit signal variance and unit length-scale [after the mean time 

interval between sampling points has been scaled to one unit so that the above length 

scale hyperprior remains reasonable (Eq 6)]. The local variance is initialized as the mode 

of the prior local variance distribution. During the first burn-in phase, a cluster is chosen 

for each gene at each iteration where the likelihood depends on the fit to a multivariate 

normal parameterized by the cluster's mean function and the covariance kernel with 

initial parameters defined above. 

Before each iteration, m empty clusters (by default, 4) are re-generated, each of 

which has a mean function drawn from the prior mean function of 0 with variance 

equivalent to the noise variance described above. These empty clusters are also assigned 

the initial covariance kernel parameters described above. 

After the second burn-in phase, we update the model parameters for each cluster 

(at every sth iteration to increase speed). Specifically, we compute the posterior 

probabilities of the kernel hyperparameters. To simplify calculations, we maximize the 
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marginal likelihood, which summarizes model fit while integrating over the parameter 

priors, known as type II maximum likelihood (Rasmussen and Williams, 2006). The 

updated mean trajectory and covariance, respectively, then become: 

14) 𝜇! = 𝐾 𝑥, 𝑥 ![𝐾 𝑥, 𝑥 !  +  𝜎!,!! 𝐼]!!𝑦! where 𝑦! =  !! !⋯! !!
𝕀(!! ! !)!

!!!
, 

15) 𝐾!∗ =  𝐾 𝑥!, 𝑥! ! −  𝐾 𝑥, 𝑥! ! 𝐾 𝑥!, 𝑥 !  +  𝜎!,!! 𝐼 𝐾 𝑥, 𝑥! ! ,   

for all expression trajectories 𝑦!,… , 𝑦! ∈ cluster h. We do this using the fast quasi-

Newton limited-memory Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) method 

implemented in SciPy (Jones et al., 2015). After the second burn-in phase, the cluster 

assignment vector c is sampled at every sth iteration to thin the Markov chain, where s = 

3 by default. By default, the algorithm runs for 1,000 iterations. If desired, the algorithm 

can check for convergence based on squared distance between the sampled partitions 

and the posterior similarity matrix and by change in posterior likelihood. 

The version of statistical inference for DPGP is fully general in that it allows 

observations at different time points and missing data, which is a desirable feature of GP 

models. However, when the data are fully observed and the observations of the genes 

are made at identical time points, we can exploit the structure in the data for additional 

computational gains, as in related work (Hensman et al., 2013). In particular, we can use 

the marginal likelihood by gene to perform posterior inference instead of the marginal 

likelihood by cluster. This approach changes the model slightly in that we now have 

separate estimates of the mean function for a cluster based on each gene, with those 
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mean functions being drawn from a cluster-specific shared GP prior, as we make explicit 

in the generative model above. We refer to this version of inference for the DPGP as 

fDPGP. This marginalized approach reduces the complexity of the matrix inversion 

from 𝒪( 𝑀𝑇 !) for DPGP to 𝒪(𝑀!) for fDPGP for M genes and T time points. Note that 

in our application to the H. salinarum and dex exposure data we use fDPGP to scale to 

the data. 

3.4.1.4 Selecting the clusters 

Our MCMC approach produces a sequence of states drawn from a Gibbs 

sampler, where each state captures a partition of genes into disjoint clusters. In DPGP, 

we allow several choices for summarizing results from the Markov chain. Here, we take 

the MAP clustering, or the partition that produces the maximum value of the posterior 

probability. We also summarize the information contained in the Gibbs samples into a 

posterior similarity matrix (PSM), S, of dimension 𝑃 × 𝑃 for P genes, where S[j,j’] = the 

proportion of Gibbs samples for which a pair of genes j, j' are in the same partition, i.e., 

!
!

𝕀[𝑐!
! =  𝑐!!

! ]!
!!! , for Q samples and 𝑐!

! representing the cluster assignment of gene j in 

iteration q. This PSM avoids the problem of label switching by being agnostic to the 

cluster labels when checking for equality.  

3.4.2 Data simulations 

In order to test our algorithm across a wide variety of possible data sets, we 

formulated more than twenty generative models with different numbers of clusters 10—
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100 and with different generative covariance parameters (signal variance 0.5—3, noise 

variance 0.01—1, and length-scale 0.5—3). We varied cluster number and covariance 

parameters both across models and within models. For each model, we generated 20 

data sets to ensure that results were robust to sampling. We simulated 620 data sets with 

Gaussian-distributed error and 500 data sets with t-distributed error for testing. To 

generate each data set, we specified the total number of clusters and the number of 

genes in each cluster. For each cluster, we drew the cluster's mean expression from a 

multivariate normal (or multivariate t-distribution) with mean zero and covariance 

equivalent to a noisy squared-exponential kernel with prespecified hyperparameter 

settings, then drew a number of samples (gene trajectories) from a multivariate normal 

(or multivariate t-distribution) with this expression trajectory as mean and the posterior 

covariance kernel as covariance. 

We compared results of DPGP applied to these simulated data sets against 

results from six state-of-the-art methods, including two popular correlation-based 

methods and four model-based methods that use a finite GMM, infinite GMM, GPs, and 

spline functions. 

• BHC (v.1.22.0; Savage et al., 2009); 
• GIMM (v.3.8; Medvedovic and Sivaganesan, 2002); 
• hierarchical clustering by average linkage [AgglomerativeClustering 

implemented in SciKitLean (v.0.18.1; Pedregosa et al., 2011)]; 
• k-means clustering [KMeans implemented in SciKitLearn (v.0.18.1; Pedregosa et 

al., 2011)]; 
• Mcluster (v.4.4; Fraley and Raftery, 2002); 
• SplineCluster (v.Oct.2010; Heard et al., 2006). 
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Hierarchical clustering and k-means clustering were parameterized to return the true 

number of clusters. All of the above algorithms, including our own, were run with 

default arguments. The only exception was GIMM, which was run by specifying 

“complete linkage”, so that the number of clusters could be chosen automatically by 

cutting the returned hierarchical tree at distance 1.0, as in “Auto” IMM clustering 

(Medvedovic et al., 2004). 

We evaluated the accuracy of each approach using ARI. To compute ARI, let a 

equal the number of pairs of co-clustered elements that are in the same true class, b the 

number of pairs of elements in different clusters that are in different true classes, and N 

the total number of elements clustered:  

16) 𝑅𝐼 =  !!!!
!

   

17) 𝐴𝑅𝐼 =  !"! 𝔼[!"]
!"# !" ! 𝔼[!"]

 

For a derivation of the expectation of RI above, see (Hubert and Arabie, 1985).  

3.4.3 Transcriptional response in H. salinarum control strain versus 
rosR TF knockout in response to H2O2 

Gene expression microarray data from our previous study (GEO accession 

GSE33980; Sharma et al., 2012) were clustered using DPGP. In the experiment, H. 

salinarum control and ∆rosR TF deletion strains were grown under standard conditions 

(rich medium, 37°C, 225 r.p.m. shaking) until mid-logarithmic phase. Expression levels 

of all 2,400 genes in the H. salinarum genome (Ng et al., 2000) were measured in 
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biological duplicate, each with 12 technical replicate measurements, immediately prior 

to addition of 25 mM H2O2 and at 10, 20, 40, 60, and 80 min after addition. Mean 

expression across replicates was standardized to zero mean and unit variance across all 

time points and strains. Standardized expression trajectories of 616 non-redundant genes 

previously identified as differentially expressed in response to H2O2 (Sharma et al., 2012) 

were then clustered using DPGP with default arguments, except that the σ2 hyperprior 

parameters were set to αIG = 6 and βIG = 2 to allow modeling of increased noise in 

microarray data relative to RNA-seq. Gene trajectories for each of the control and ∆rosR 

strains were clustered in independent DPGP modeling runs. Resultant clusters were 

analyzed to determine how each gene changed cluster membership in response to the 

rosR mutation. We computed the Pearson correlation coefficient in mean trajectory 

between all control clusters and all ∆rosR clusters. Clusters with the highest coefficients 

across conditions were considered equivalent across strains (e.g., control cluster 1 versus 

∆rosR cluster 1, 𝜌 = 0.886 in Figure 9). Significance of overrepresentation in cluster 

switching (e.g., from control cluster 1 to ∆rosR cluster 2) was tested using FET. To 

determine the degree of correspondence between DPGP results and previous clustering 

results with the same data, we took the intersection of the list of 372 genes that changed 

cluster membership according to DPGP with genes in each of eight clusters previously 

detected using k-means (Sharma et al., 2012). Significance of overlap between gene lists 

was calculated using FET. 
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3.4.4 GC transcriptional response in a human cell line 

A549 cells were cultured and exposed to the GC dex or a paired vehicle ethanol 

(EtOH) control as in previous work (Reddy et al., 2009) with triplicates for each 

treatment and time point. Total RNA was harvested using the Qiagen RNeasy miniprep 

kit, including on column DNase steps, according to the manufacturer’s protocol. RNA 

quality was evaluated using the Agilent Tape station and all samples had a RNA 

integrity number > 9. Stranded Poly-A+ RNA-seq libraries were generated on an Apollo 

324 liquid handling platform using the Wafergen poly-A RNA purification and RNA-

seq kits according to manufacturer instructions. The resulting libraries were then pooled 

in equimolar ratios and sequenced on two lanes 50 bp single-end lanes on an Illumina 

HiSeq 2000. 

RNA-seq reads were mapped to GENCODE (v.19) transcripts using Bowtie 

(v.0.12.9; Langmead et al., 2009) and quantified using samtools idxstats utility (v.1.3.1; Li 

et al., 2009). Differentially expressed (DE) transcripts were identified in each time point 

separately using DESeq2 (v.1.6.3) with default arguments and FDR ≤ 10%. We clustered 

only one transcript per gene, in particular, the transcript with the greatest differential 

expression over the time course among all transcripts for a given gene model, using 

Fisher’s method of combined p-values across time points. Further, we only clustered 

transcripts that were differentially expressed for at least two consecutive time points, 

similar to the approach of previous studies (Nau et al., 2002; Shapira et al., 2009). We 
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standardized all gene expression trajectories to have zero mean and unit variance across 

time points. We clustered transcripts with DPGP with default arguments. 

To query the function of our gene expression clusters, we annotated all 

transcripts tested for differential expression with their associated biological process 

Gene Ontology slim (GO-slim; Ashburner et al., 2000) terms and performed functional 

enrichment analysis using FET with FDR correction (Benjamini and Hochberg, 1995) as 

implemented in goatools (Tang et al., 2015). We considered results significant with FDR 

≤ 5%. 

We compared DPGP clusters in terms of TF binding and histone modification 

occupancy as assayed by ChIP-seq (Table 7). For each of the ENCODE BAM files whose 

root names are listed in Table 7, we tallied read counts in flanking regions of the TSS of 

the gene from which each transcript derived. Flanking regions were split into the 

following bins: within 1 kb of the TSS, 1—5 kb from the TSS, and 5—20 kb from the TSS; 

reads were quantified in those bins using the software featureCounts (v.1.4.6; Liao et al., 

2014). For data sets in which two replicates were available, we merged mapped reads 

across replicates. We normalized counts by the total number of mapped reads. TF 

binding tends to be correlated (in enhancers and promoters, for example) as does 

histone modification occupancy. In order to determine the features relevant to the 

prediction of cluster membership, we chose to apply elastic net logistic regression, 

which combines lasso (ℓ!) and ridge (ℓ!) penalties. Elastic net tends to shrink to zero the 
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coefficients of groups of correlated predictors that have little predictive power. We ran 

regression models to predict cluster membership from log10 normalized counts of TF 

binding and histone modifications in control conditions (2% EtOH by volume and 

untreated) and, separately, from log10 fold-change in normalized TF binding from 2% 

EtOH by volume to 100 nM dex conditions. We used stochastic gradient descent as 

implemented in SciKitLearn to efficiently estimate the parameters of our model. We 

searched for optimal values for the ℓ!/ℓ! ratio and the regularization multiplier (𝜆) by 

fitting our model with 5-fold stratified cross-validation across a grid of possible values 

for both variables (ℓ!/ℓ! 𝜖 {0.5, 0.75, 0.9, 0.95, 1}, 𝜆 𝜖 {10!!,  10!!, 10!!, 10!!, 10!!, 1}). We 

selected the sparsest model (least number of non-zero coefficients) with mean log-loss 

within one standard error of the mean log loss of the best performing model (Friedman 

et al., 2001). 

We performed principal components analysis (as implemented in SciKitLearn; 

Pedregosa et al., 2011) on the standardized log10 library size-normalized binned counts 

of TF binding and histone modifications in control conditions only for the observations 

that corresponded to transcripts in the four largest DPGP clusters.
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4. Conclusions and Future Outlook 
When stimulated with saturating concentrations of GCs, GR rapidly binds to 

nearly all enhancers and—through direct binding and in combination with other TFs—

drives vast changes in enhancer activation genome-wide. While previous models of GR 

binding, including the assisted loading model, have done much to explain certain 

aspects of GR binding such as patterns of cell-specificity, our results reveal—more 

comprehensively than past studies—the limitations of established models. Past models 

have relied almost exclusively on chromatin accessibility as an explanatory factor and 

our results demonstrate that this is insufficient to describe GR binding. However, the 

enhancer-centric nature of GR binding, as clearly described here, raises nearly as many 

questions as it answers. Primarily, how is GR preferentially attracted to DHSs with p300 

binding, H3K27ac, and H3K4me1? H3K4me1 is believed to exert its enhancer-marking 

function by serving as a platform for methylation readers bearing PHD domains or 

chromodomains (Calo and Wysocka, 2013). One such reader of H3K4me1, the histone 

acetyltransferase TIP60, is necessary for proper ER-activated gene expression (Jeong et 

al., 2011). H3K4me1 can also discourage the binding of other chromatin readers such as 

subcomponents of the DNA methyltransferase DNMT3, and thus discourages DNA 

methylation (Ooi et al., 2007). H3K27ac is also recognized by certain protein domains, 

specifically, bromodomains, which are present in a variety of proteins including 

bromodomain-containing protein 4 (BRD4). BRD4 promotes transcriptional activation 
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by recruiting positive transcription elongation factor b (P-TEFb) and the mediator 

complex (Shi and Vakoc, 2014). However, there are no established mechanisms for the 

recruitment of sequence-specific TFs by histone modifications (Slattery et al., 2014). 

While GR lacks the necessary domains to recognize H3K4me1 or H3K27ac, these histone 

modifications may instead serve as substrate for the tethering of complexes to which GR 

does bind. GR interacts with a great number of other proteins (~50 with backing from at 

least two publications and many 100s with backing from 1 publication; Stark et al., 2006). 

Protein-protein interactions that are favored in the vicinity of enhancers may increase 

the local concentration of GR and, consequently, increase the likelihood of GR DNA 

binding activity. To test the influence of H3K27ac and H3K4me1 on GR binding, these 

marks could be perturbed by, for example, chemically inhibiting their deposition or by 

inhibiting the activity of HDACs or lysine demethylases (LSDs), and observing the 

resultant change in GR binding. p300 is also a reasonable candidate for the non-

sequence-specific recruitment of GR given that it binds GR through SRC-1 and that it 

marks the sites to which GR tends to bind. To test this, p300 could be chemically 

inhibited or p300 variants with mutations to the LXXLL motif could be expressed, 

followed by ChIP-seq for GR. If these p300 studies are encouraging, a cell line with 

spectrally distinct knock-in tags for GR and p300 could be observed during GC 

stimulation using single-molecule tracking (SMT) to test for dependencies in the 

dynamics of these two TFs. These studies may prove informative, but circumspection is 
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warranted. While the enhancer marks employed here have been used with much success 

to map enhancers across a variety of tissues and conditions, there remain many 

understudied enhancer marks such as H3K18ac, histone crotonylation, and H3K79me2/3 

(Calo and Wysocka, 2013). Given the strong correlations in occupancy across histone 

marks (Heintzman et al., 2007), it is far from certain whether the marks assayed here will 

prove to be causal to GR binding. Instead, they may tag other causal marks or, together 

with other marks, comprise a network jointly causal to GR binding, which may or may 

not be buffered against the loss of any individual mark. Generally, proving causality in 

the effects of histone modifications has proven difficult. Even for H3K27ac and 

H3K4me1—which are the most thoroughly studied histone marks of enhancer activity—

reports often conflict regarding their necessity for transcriptional activation (Shlyueva et 

al., 2014). In contrast to the results on TIP60 described above, for example, H3K4me1 

was recently shown to be dispensable for transcriptional activation in mouse ESCs by 

targeted genetic mutations to the two proteins responsible for its deposition (Dorighi et 

al., 2017). 

GR is not the only TF attracted to enhancers and all the TFs here examined, 

except CTCF, bind to enhancers to a greater extent than they do to typical distal DHSs. 

This has been observed previously (Garber et al., 2012; Gerstein et al., 2012; Moorman et 

al., 2006; Siersbæk et al., 2014; Yan et al., 2013) and enhanced TF binding may even be 

considered the sine qua non of enhancers (Spitz and Furlong, 2012). That is, at their core, 
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enhancers may collections of weak and strong sequence motifs that serve as platforms of 

for promiscuous TF binding. Importantly, TFs bind to enhancers that do not contain 

their cognate motif, suggesting that motif content alone is insufficient to describe TF 

binding behavior in enhancers (Slattery et al., 2014). Here, we show that chromatin 

accessibility alone is also unlikely to account for increased TF binding at enhancers. 

Other authors have suggested that the binding of cohesin, a ring-like complex of several 

proteins, accounts for dense TF binding at enhancers (Faure et al., 2012; Yan et al., 2013). 

Cohesin occupancy strongly correlates with the number of TFs bound to a site (Faure et 

al., 2012; Yan et al., 2013). Upon siRNA knockdown of the cohesin subcomponent 

RAD21, the strength of TF binding events is reduced, especially proximal to RAD21 sites 

(Yan et al., 2013). In liver tissue from mice with only one functional copy of Rad21, the 

total number of TF binding sites is reduced (Faure et al., 2012). 

It has been hypothesized that cohesin stabilizes TF binding by increasing 

chromatin accessibility (Yan et al., 2013); however, our results suggest that this is likely 

an oversimplification. A recent study demonstrated that cohesin binds with a residence 

time of greater than 20 min (Hansen et al., 2017), which is several orders of magnitude 

greater than the residence times of most sequence-specific TFs (~2-15 sec; Mazza et al., 

2012). Cohesin also has the crucial cellular function of facilitating long-range interactions 

in combination with CTCF (Hadjur et al., 2009; Kagey et al., 2010; Seitan et al., 2013). 

Conditional deletion of cohesin in noncycling thymocytes leads to a loss of spatial 
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clustering of enhancers and a deregulation of nearby genes (Ing-Simmons et al., 2015). 

However, another study showed that while auxin-induced degradation of cohesin leads 

to a nearly complete loss of chromatin loops, this surprisingly has little effect on gene 

expression (Rao et al., 2017). The authors of the latter work did not explore the effect of 

cohesin loss on TF binding. I hypothesize that cohesin, by binding with a high residence 

time, provides a scaffold for the stabilization of binding by other factors. Thus, the loss 

of cohesin should lead to losses in TF binding. At steady state, the transcriptional effects 

of loss in TF binding at enhancers may be muted because the accumulated regulatory 

effects of TF binding at enhancers may have already been largely integrated into the 

promoter, thus buffering the effects of enhancer interaction loss on promoter output. 

However, I predict that a genome devoid of cohesin binding may be ill equipped to 

respond to stimulation, just as a runner may feel no effects of untied shoes until she goes 

for a jog. Furthermore, I hypothesize that cohesin’s ability to bring distal regulatory 

regions into proximity may be responsible for the clustering of GBSs (John et al., 2011; 

Vockley et al., 2016). If this is the case, I predict that some GBSs among a cluster of GBSs 

will form without the aid of cohesin, while others will require it. I am presently 

collaborating with D. Dewran Koçak, a graduate student from the Gersbach lab, to 

replicate the auxin-degron cohesin system in A549 cells. We will expose this cell line to 

varied intervals of auxin treatment followed by varied intervals of dex stimulation and 

assay the change in GR binding. 
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GR binds to nearly all preprogrammed enhancers by 5 min of dex exposure 

(Figure 2D), yet only a minority of the GBSs present sometime between 5 min and 25 

min are present after 30 min of dex exposure (Figure 14I). Thus, many GBSs are transient 

and of uncertain function. As known prior to this work, the number of GR binding sites 

far exceeds the number of genes regulated by GR. GR is certainly not unique in this 

respect (MacQuarrie et al., 2011). It has been speculated that many ChIP-seq peaks—

especially those that lack the motif for the sequence-specific TF under consideration—

represent an average across a great number of transient, low-affinity nonspecific 

interactions between the TF and accessible DNA (Lickwar et al., 2013; Mueller et al., 

2013). This is supported by the fact that many of these peaks do not show up in native 

ChIP-seq assays that bypass formaldehyde crosslinking (Kasinathan et al., 2014) and that 

ChIP-seq occupancy is poorly correlated with real time binding dynamics (Lickwar et 

al., 2013). For these reasons, such peaks are considered by some to represent noise 

inherent in the ChIP-seq assay. Nevertheless, it is clear that many or most TFs 

participate in nonspecific interactions with DNA (Mueller et al., 2013). Even if a sizeable 

fraction of ChIP-seq peaks represent nonspecific binding and these peaks do not directly 

affect transcriptional regulation in a reporter assay (Vockley et al., 2017), this does not 

imply that they are without function. One hypothesis of their functionality holds that 

low affinity interactions may have weak but evolutionarily relevant effects on gene 

expression in vivo (Tanay, 2006). Another hypothesis posits that genome-wide non-



 

135 

specific interactions with DNA may function to maintain an optimal concentration of 

available TF in the nucleus (Lin and Riggs, 1975).  

Alternatively, I hypothesize that non-specific TF-DNA interactions facilitate the 

target search process of TFs through nuclear space. It is traditionally believed that TFs 

explore the nucleus by 3D diffusion and by various types of “facilitated diffusion,” 

including 1D “tracking”, “hopping”, and “intersegmental transfer (Halford and Marko, 

2004)”. Recent theoretical and experimental work suggests that the traditional 

distinction between 3D diffusion and facilitated diffusion may be more helpfully 

conceptualized as “non-compact” versus “compact” modes of exploration, respectively 

(Woringer et al., 2014). In the compact mode of exploration, TFs locally oversample a 

surface of reduced dimensionality such as a network formed of histone tails (Woringer 

et al., 2014). Recently, a SMT experiment accompanied by thorough analyses and 

simulations of diffusion trajectories demonstrated that TFs vary in their nuclear search 

strategies (Izeddin et al., 2014). Some TFs, like avian myelocytomatosis viral oncogene 

homolog (Myc), predominantly search the nucleus globally in the non-compact mode, 

while others, like P-TEFb, predominantly search the nucleus locally in the compact 

mode. For compact explorers like P-TEFb, most of the time that it takes to reach a target 

site is spent in reaching its vicinity, or its “geometrical” target, which in the case of P-

TEFb is hypothesized to be a network of C-terminal domains of Pol II (Izeddin et al., 

2014). Then, on this surface of reduced dimensionality, the compact search mode 
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predominates, refining the target search process (Izeddin et al., 2014). In this model, 

binding sites are spatially correlated and the probability that a TF binds to a particular 

locus is a function of past binding to nearby loci. This model coheres with recent results 

from a 3D SMT study in mouse ESCs in which Sox2 was observed to bind in dense 

spatial clusters (Liu et al., 2014). The observed Sox2 nuclear search trajectories are 

consistent with a non-compact mode of 3D diffusion between clusters and a compact 

mode of local searching within cluster. The spatial distribution of these dense clusters of 

Sox2 was anticorrelated with heterochromatin. Trichostatin A (TSA) treatment, which 

inhibits histone deacetylases and thus perturbs heterochromatin, reduces Sox2 spatial 

clustering and, as verified by ChIP-exo, leads to a more random distribution of Sox2 

binding sites (Liu et al., 2014). In the context of the model elaborated above, this suggests 

that histone acetylation may serve as an integral component of the medium that enables 

Sox2’s compact mode of nuclear exploration. 

If GR also has a compact mode of exploration, the fact that nearly all 

preprogrammed enhancers are bound by GR within 5 min (Figure 2D) would suggest 

that GR may very rapidly reach the vicinity of most of its target sites. After all, it takes 

roughly 5 min for the bulk of GR molecules to enter the nucleus (Munck and Foley, 

1976). However, many GR target sites with the strongest GR motifs will not have been 

preactivated (Figure 2E) and thus may be on the periphery of local enhancer search 

spaces. As these sites gain the marks of active enhancers (Figure 14L), they should form 
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part of the local search space. In this model, it remains unclear whether nonspecific 

DNA binding of GR to preprogrammed enhancers that lack GR motifs is a functionally 

integral component of GR’s local search mode or whether it is epiphenomenal to the 

network of protein-protein interactions or histone features that give rise to the local 

search mode. It is difficult to test this hypothesis directly because accessibility and other 

enhancer attributes are often linked. For example, BRG1 of the SWI/SNF remodeling 

complex often binds in complex with p300 (Naidu et al., 2009). In any case, the model 

can be used to make predictions. For example, the model suggests that the mean 

residence time of GR and the ratio of specifically bound to non-specifically bound GR 

molecules—measured by SMT, for example—should increase over the dex exposure 

time course as direct GR binding sites are incorporated into clusters that favor the 

compact search mode. To my knowledge, this has not yet been shown for any other TF, 

but the model suggests that this may hold for a wide variety of stimulus-responsive TFs 

with pioneering capabilities. 

The compact mode of nuclear search may help to explain the clustered binding of 

GR in linear genomic space. The model predicts that the compact mode of search 

favored in the vicinity of preactivated enhancers should encourage the formation of 

latent, newly activated enhancers in proximity to preactivated enhancers. This can be 

tested by comparing the genomic distributions of latent enhancers with respect to 

preprogrammed enhancers across cell lines (and after controlling for differences in motif 
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strength and initial chromatin features). The model can also be tested through a variety 

of perturbations. The same disruption to heterochromatin that was shown to affect Sox2 

binding site distribution (Liu et al., 2014) may also be applied to GC exposure to test 

whether histone acetylation affects GC-activated latent enhancer selection. Alternatively, 

deletions or other perturbations to individual GBSs, such as heterochromatinization by 

dCas9-KRAB, followed by GR ChIP-seq will help to define the relationship between GR 

binding sites. To this end, I am presently collaborating with D. Dewran Koçak to delete 

specific GR motifs that underlie selected GBSs.  

Given that (1) GR binds to nearly all enhancers, that (2) GR is the strongest 

indicator of gains in p300, and that (3) all TFs examined except CTCF tend to bind to 

enhancers, it follows that TFs activated and repressed by GR will tend to bind in 

enhancers proximal to GR. This raises the intriguing possibility that GR and TFs that are 

directly regulated by GR may together participate in feed-forward loops (FFLs) to 

combinatorially regulate the expression of sets of target genes. In a FFL, a regulator, 

such as GR, controls the expression of a secondary TF, such as KLF15, and together both 

the primary TF and the secondary TF control the expression of a set of target genes. 

Inferred transcriptional networks in E. coli and yeast are highly enriched for the FFL 

motif (Milo et al., 2002). In yeast, for example, ChIP-chip of genome-wide TF binding for 

over 100 TFs estimated that 10% of genes are regulated by FFLs (Lee et al., 2002). There 

are eight possible architectures of FFLs based on the sign (activating/repressing) of the 



 

139 

regulatory relationships that characterize the FFL. Further complexity stems from 

diversity in the function by which the two regulators jointly control the expression of the 

target gene (Mangan and Alon, 2003). Each arrangement of this simple network motif 

can give rise to complex target gene expression functions (Alon, 2007). The coherent FFL 

type I motif with AND integration logic, for example, can function as a persistence 

detector (Mangan and Alon, 2003). In this arrangement, GR activates TF Y and, together 

with Y, both regulators activate downstream gene Z. Activation of Z, however, occurs 

only when GR stimulates a critical threshold production of Y. In the highly variable 

regime of cellular cortisol, which is released in circadian and ultradian cycles as well as 

in response to chronic and punctuated stress, such a persistence detector would allow 

the enhancer regions of an array of target genes Z to differ in sensitivity to cortisol—

even while GR remains exquisitely sensitive. The most sensitive target genes may 

respond to tiny pulses of cortisol, while the least sensitive genes may respond only to 

highly stressful conditions in which cortisol levels exceed that of the daily apogee. Other 

FFL architectures can create sign-sensitive delay, a pulse, or acceleration in target gene 

expression (Alon, 2007). Intuitively, in a FFL, GR retains hierarchical control over target 

gene expression. Thus. target gene expression remains sensitive to GC concentration. 

This sensitivity to GC concentration would be lost if GR were instead the primary mover 

in a snowball effect of expression changes. GC sensitivity is an obviously appealing 

feature in the context of transcriptional responses to GC exposure, which can be highly 
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variable over the course of minutes, hours, and days (Lightman, 2006). A variety of 

nuclear receptors have been shown to participate in FFLs, and it is hypothesized that 

this may be more general feature of nuclear receptor-regulated transcriptional networks 

(Sasse and Gerber, 2015). 

I am presently collaborating with Chris Vockley, formerly of the Reddy lab and 

presently of Aviv Regev’s lab at the Broad Institute, Josh Black from the Gersbach lab, 

and two fellow Reddy lab researchers, Luke Bartelt and Courtney Williams, to test this 

hypothesis for 10 TFs that are robustly and rapidly up-regulated by GC exposure in 

A549 cells. We have created overexpression and knockout cell lines for each TF. If GR is 

indeed collaborating with these TFs in FFLs, then—depending on the nature of the FFL 

architecture—these relationships will become manifest in characteristic deviations in 

gene expression in response to dex exposure in comparison to that of control cell lines. 

In preliminary RNA-seq data, we have already observed that nearly all genes 

differentially expressed as a result of TF overexpression prior to dex exposure show 

additional changes in gene expression following dex exposure. That is, very few genes 

are regulated uniquely by the overexpressed TFs tested. In the parlance of network 

motif theory, single-input modules appear to be rare. Furthermore, several TFs tested—

C/EBP𝛿, FOSL2, and POU5F1—induced gene expression changes without dex exposure, 

while other TFs tested—FOXO1, FOXO3, KLF6, KLF9, and KLF15—only induced 

expression changes during dex exposure, suggesting that these two groups of TFs 
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differed in their pioneering capabilities. While preliminary results indicate that GR may 

participate in pervasive FFLs, the results are also consistent with alternative models such 

as dense overlapping regulon motifs. To distinguish between possible models, we will 

integrate data on dex-induced expression responses in TF-knockout cell lines as well as 

in TF binding data and chromatin accessibility data from both overexpression and 

knockout cell lines.  

These proposed future studies, in combination with the results presented here, 

should fill in some of the many gaps in our understanding of how GR finds its binding 

sites and regulates gene expression. Any mechanistic insights gained here and in future 

studies will be important to the understanding of eukaryotic transcriptional regulation 

generally. Yet even without reference to a larger set of TFs, GR itself is of immense 

biomedical importance. GCs are very often used in the clinic to suppress inflammation. 

Extended GC treatment, however, can lead to diabetes, muscle wasting, and 

osteoporosis (Schäcke et al., 2002). This has led to the search for selective GR agonists 

that promote the desirable effects of GC treatment, but avoid the undesirable side effects 

(Compound A, De Bosscher et al., 2005; e.g., RU24858, Vayssière et al., 1997). While this 

search continues today (Sundahl et al., 2015), some skepticism is warranted. The search 

is partially premised on the misconceptions that activation and repression by GR can be 

cleanly decoupled and that the negative side effects solely stem from activation. Also, 

GCs participate in diverse physiological processes and in a highly tissue-specific manner 



 

142 

suggesting that it is unlikely that there exists a silver bullet—a single agonist that can 

neatly evade negative side effects. Instead of focusing solely on novel GR agonists, it 

may be necessary to use drugs—in addition to GC treatment—that stimulate or hinder 

the TFs with which GR collaborates. As our understanding of the nature of the 

transcriptional regulatory relationships between GR and its interacting TFs increases, so 

will our ability increase to more finely modulate specific subnetworks of the GC 

transcriptional response. 
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Appendix A 

 

Figure 13: Dynamics of the genomic GC response. 

(A) Bar plot shows the percentage of A549 cells in each phase of the cell cycle across the 
dex time course (0–12) and in control, untreated cells at ~50% confluency, C. Bar height 
denotes mean proportion across replicates and error bars denote standard deviation. (B) 
Bar plots show the conditional Maximum Likelihood Estimate of the log2 odds ratio of 
enrichment of gene ontology annotation terms in up-regulated genes (left) and down-
regulated (right) versus non-differentially expressed genes. Bars are shaded by 
significance, as indicated, and error bars represent 95% confidence interval. (C) 
Schematic represents active enhancer definition where open means a DHS and p300, 
H3K27ac, and H3K4me1 represent ChIP-seq peaks. (D) Bar plot shows number of latent 

Duration of dex exposure (hrs)

BCL3

non-p300
distal DHSs

enhancers

P
er

ce
nt

ag
e 

of
 c

el
ls

80

60

40

20

0
C 0 1 4 8 12

G1
S
G2

Duration of dex exposure (hrs)

A

F

G H

I

J

B C

D E

Active enhancer definition

match in accessibility

DNase-seq Log2 mean CPM 

Before After

0 1 2 3 4 0 1 2 3 4

lip
id 

meta
bo

lic
 pr

oc
es

s

sm
all

 m
ole

cu
le 

meta
bo

lic
 pr

oc
es

s

sig
na

l tr
an

sd
uc

tio
n

ce
llu

lar
 ni

tro
ge

n c
om

po
un

d m
eta

bo
lic

 pr
oc

es
s

DNA m
eta

bo
lic

 pr
oc

es
s

nu
cle

ob
as

e-c
on

tai
nin

g c
om

po
un

d c
ata

bo
lic

 pr
oc

es
s

pro
tei

n t
arg

eti
ng

mRNA pr
oc

es
sin

g

ch
rom

os
om

e o
rga

niz
ati

on

ce
ll d

ivi
sio

n

ch
rom

os
om

e s
eg

reg
ati

on

ch
rom

os
om

e o
rga

niz
ati

on

mito
tic

 nu
cle

ar 
div

isi
on

DNA m
eta

bo
lic

 pr
oc

es
s

cy
tos

ke
let

on
 or

ga
niz

ati
on

loc
om

oti
on

ce
ll m

oti
lity

res
po

ns
e t

o s
tre

ss

an
ato

mica
l s

tru
ctu

re 
de

ve
lop

men
t

ho
meo

sta
tic

 pr
oc

es
s

sig
na

l tr
an

sd
uti

on

ce
llu

lar
 ni

tro
ge

n c
om

po
un

d m
eta

bo
lic

 pr
oc

es
s

mRNA pr
oc

es
sin

g

tra
ns

lat
ion

rib
on

uc
leo

pro
tei

n c
om

ple
x a

ss
em

bly

† †
† for zero counts
   C.I.s not computed

= 95% C.I.

2

1

0

-1

-2

-3

-4

-5

-6

-7Lo
g 2 o

dd
s 

ra
tio

 o
f e

nr
ic

hm
en

t 5

4

3

2

1

0

-1

-2

-3

-4

10-8

10-7

10-6

10-5

10-4

10-3

10-2
FD

R
-corrected p-value

Up-regulated
genes

Down-regulated
genes

p300 GR JUNB JUN C/EBPβFOSL2 HES2 DNase-seq CTCF H3K27ac H3K4me1 H3K4me2 H3K4me3 H3K9me3

2

-2

Log
2  fold change in occupancy

E
nh

an
ce

rs
 (n

 =
 1

5,
86

3)

0.5 12

0 0.102 0.203 0.305

H
3K

27
ac

 in
iti

al
 lo

g 2C
P

M
 in

 fl
an

ks

H3K4me1 initial log2CPM in flanks

0

1

2

3

4

5

6

0 1 2 3 4 5

pre-
programmed
(n = 14,500)

poised
(n = 547)

latent
(n = 816)

N
um

be
r o

f 
en

ha
nc

er
s 

(1
00

0s
) 16

12

8

4

0

Poised

Pre-prog.

In
pu

t-s
ub

tra
ct

ed
 R

P
M

Latent

H3K4me1
H3K27ac
p300

center

Density

P
ro

pr
ot

io
n 

of
 s

ite
s

0.4

0.3

0.2

0.1

0 1 2 3 4 5 76 8
Number of overlapping TF binding sites

enhancers
non-p300-
bound distal
DHS

Distal DHSs
(non-p300,
non-CTCF)

0.5

0.5

0

0

Enhancers

GR

HES2

FOSL2
C/EBPβ

JUNB

CTCF

JUN
BCL3

GR
p3

00
JU

NB

FOSL2
HES2

BCL3JU
N

C/E
BPβ

GR
p3

00
JU

NB

FOSL2
HES2

BCL3JU
N

C/E
BPβ

C
orrelation

C
orrelation

N
/A

N/A

GR

HES2

FOSL2
C/EBPβ

JUNB

CTCF

JUN
BCL3

open
< 0.5 kb

> 3 kb

p300
H3K27ac H3K4me1

protein-coding
TSS

1.2

0
1.2

0
1.2

0



 

144 

(H3K4me1-), poised (H3K4me1+, H2K27ac-) and preprogrammed (H3K27ac+) enhancers 
by initial pre-dex histone occupancy. (E) Aggregate profile plots show mean pre-dex 
input-subtracted ChIP-seq RPM per bp across all sites in the three classes in (D). (F) 
Heatmap shows bivariate probability density function (PDF) of initial H3K4me1 and 
H3K27ac along with marginal PDFs. (G) Plots show PDFs of initial log2 DNase-seq 
counts per million (CPM) in enhancers and non-p300-bound distal DHSs before (left) 
and after (right) matching the sets of sites by this variable. (H) Bar plot shows the 
proportion of non-p300-bound distal DHSs and enhancers by the number of TFs bound 
(among BCL3, C/EBPβ, CTCF, FOSL2, GR, HES2, JUN, JUNB). (I) Heatmaps show log2 
fold change in enhancers in TF ChIP-seq, DNase-seq, and histone modification ChIP-seq 
over the time course with respect to pre-dex levels. Rows hierarchically clustered by 
complete linkage and sorted in descending order by change in signal. (J) Same as Figure 
1G after excluding DHSs that overlap CTCF peaks. 
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Figure 14: GR is recruited to enhancers. 

(A) Bar plot shows the proportion of enhancers (with initial p300 binding) and non-
p300-bound distal DHSs (initially accessible) that had GR binding from 0.5—12 hr of dex 
exposure. (B) Aggregate mean in GR ChIP-seq RPM at single-bp resolution in enhancers 
by class and in distal non-p300-bound DHSs. Regions shown range from -1 to +1 kb 
from enhancer center. Also shown—with slight horizontal offset—is the expression of 
GR over the time course (blue) as assayed by RNA-seq, quantified at the gene-level, and 
measured in TPM. Error bars represent standard deviation across replicates. (C) 
Identically matching GR motifs were found in the sets of enhancers, non-p300-bound 
distal DHSs, and intergenic regions selected by shuffling DHSs genome-wide and 
excluding blacklist regions and p300 sites. Motif sequences are shown in descending 
order of strength. The probability weight matrix used for motif search shown above as 
consensus logo.  (D) Heatmaps show GR ChIP-seq input-subtracted RPM at one hr dex 
exposure in the three sets in (C) and ordered accordingly. Above, aggregate profile plots 
show mean input-subtracted RPM per bp across sites in heatmaps. Regions shown range 
from -1 to +1 kb from motif center. (E) Same as Figure 2B, excpet with histone 
modification ChIP-seq data sets included as predictors. (F) Violin plots show log2 
DNase-seq CPM in sites that will become bound by GR and those that will not become 
bound by GR over the dex exposure time course (0.5—12 hr) among the union of 
enhancers and distal DHSs. (G) Violin plot shows distribution of log2 fold change in GR 
binding at 0.5 hr of dex exposure in enhancers. (H) Same as Figure 2C, except with 

6

C D

L

F GE H I

T

G
A

A

T

G
T

A
G

A
G

C
C

G
A

C

T
A

T
A

G

C
A
TGA

T
TT

C
T
C

C

CT
T

G

AC
TC C

G
A

C

AA

EnhancersGR motif

by site

7
9
8
 s

it
e
s
 r

a
n
k
e
d
 b

y
 m

o
ti
f 
s
tr

e
n
g
th

Distal DHSs

(non-p300)

Centered on motif shown at left

Random

intergenic

0.5

0

1.22

1

0 0

B
it
s

ACGT

C
o
n
tro

l-s
u
b
tra

c
te

d
 R

P
M

M
e
a
n

R
P

M

GR PWM GR occupancy after 1 hr dex exposure

15 bp
2 kb 2 kb 2 kb

M
o
ti
f 
s
tr

e
n
g
th

10-9

10-8

10-7

10-6

10-5

10-4

10-3

10-2

P
-v

a
lu

e
 m

o
tif m

a
tc

h

G
R
 m

o
tif
 s
tr
e
n
g
th

G
R
 m

o
tif
 s
tr
e
n
g
th

S
ite

s 
w
ith

 

G
R
 b

in
d
in
g

S
ite

s 
w
ith

o
u
t 

G
R
 b

in
d
in
g

H
3
K
2
7
a
c

p
3
0
0

JU
N

C/E
BPβ

JU
N
B

D
N
a
se

-s
e
q

H
3
K
4
m

e
2

H
3
K
4
m

e
3

C/E
BPβ

p
3
0
0

H
3
K
2
7
a
c

JU
N
B

H
3
K
4
m

e
1

H
3
K
4
m

e
2

D
N
a
se

-s
e
q

H
3
K
4
m

e
3

C
T
C
F

S
ta

nd
ar

di
ze

d 
β 

in
 p

re
di

ct
in

g 
b
in

a
ry

 G
R

 b
in

d
in

g
 i
n
 e

n
h
a
n
c
e
rs

 a
n
d
 d

is
ta

l 
D

H
S

s
  

L
o
g

2
 f
o
ld

 c
h
a
n
g
e
 i
n
 G

R
 b

in
d
in

g
 t
o
 e

n
h
a
n
c
e
rs

S
ta

nd
ar

di
ze

d 
β 

in
 p

re
di

ct
in

g 
lo

g
2
 f
o
ld

 c
h
a
n
g
e
 i
n
 G

R
 b

in
d
in

g
 i
n
 e

n
h
a
n
c
e
rs

2

0.6

0.4

0.2

0

-0.2

1.5

1

0.5

0

-0.5

-1

300

200

100

0
1 2 3 4 5 6 7 8 10 120.5

Duration of dex exposure (hrs)

0

P
ro

p
o

rt
io

n
 o

f 
s
it
e

s
 w

it
h

in
c
re

a
s
e

d
 G

R
 b

in
d

in
g

G
R

 e
x
p
re

s
s
io

n
 (T

P
M

)G
R

 C
h
IP

-s
e
q

in
p
u
t-

s
u
b
tr

a
c
te

d
 R

P
M

GR expression

GR in enhancers

GR in distal non-p300 DHSs

A B

c
e

n
te

r
-1

 k
b

+
1

 k
b

0.015

0.12

1

0.8

0.6

0.4

0.2

0

E
n
h
a
n
ce

rs

d
is
ta

l n
o
n
-p

3
0
0
 D

H
S
s

6

5

4

3

2

1

-1

0

GR early,

5–25

min dex

GR motif strength

by quintile

D
u

ra
tio

n
 o

f d
e

x
 e

x
p

o
s
u

re
 (m

in
s
)

S
ta

n
d

a
rd

iz
e

d
 l
o

g
2
 C

P
M

 p
3

0
0

 C
h

IP
-s

e
q

 i
n

 e
n

h
a

n
c
e

rs

weak strong

L
o
g

2
 C

P
M

 p
re

-d
e
x
 D

N
a
s
e
-s

e
q

6

5

4

3

2

1

0

4

3

2

1

0

-1

-2

5

6

4

3

2

1

0

-1

-2

5

6

4

3

2

1

0

-1

-2

5

6

4

3

2

1

0

-1

-2

5

6

4

3

2

1

0

-1

-2

5

6

4

3

2

1

0

-1

-2

5

0

5

10

15

20

25

***

***

GR late,

0.5–12

hr dex

2581

5928

14137 41263

37

138

Pre-

programmed

enhancers

J

K

P
ro

p
o
rt

io
n
 o

f 
v
a
ri
a
n
c
e
 e

x
p
la

in
e
d

p300

1 2

H3K27ac

1

-1

P
C

 lo
a

d
in

g
s

Principal

components

Principal

components

1 2

1

0

0.2

0.4

0.6

0.8



 

146 

histone modification ChIP-seq data sets included as predictors. (I) Venn diagram shows 
overlap of GR ChIP-seq peaks called at early dex exposure time points (5—25 min), GR 
peaks called at late time points (0.5—12 hr), and enhancers that had p300 binding at 
prior to dex exposure and extended by 500 bp. (J) Heatmap shows the loadings from a 
PCA decomposition of the initial occupancy of p300, H3K27ac, and JUN in enhancers. 
(K) Scree plot shows proportion of variance explained by each PC from (J). (L) Box-and-
whisker plots of p300 binding every five min for the first 25 min is shown across the set 
of all enhancers split into quintiles by GR motif strength. Observations greater than 1.5× 
interquartile range beyond first and third quartiles are shown as outliers. 
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Figure 15: Timing of GC-responsive changes in Tf binding, histone 
modifications, and accessibility in enhancers 

(A) Heatmaps show the proportion of enhancers with significantly differential ChIP-seq 
or DNase-seq signal at each time point split by increasing, decreasing, or overall 
differential signal as indicated. Outset heatmaps reflect ChIP-seq data from an 
independent short time course. (B) Same as (A), except heatmaps show cumulative 
proportion of enhancers with differential signal. (C) Same as (B), except each row is 
scaled to a maximum value of 1. (D) The first column in the array of heatmaps shows 
pre-dex input-subtracted ChIP-seq RPM and DNase-seq RPM in all enhancers that 
ultimately gain p300 across the dex exposure time course. Subsequent columns of 
heatmaps show the change in RPM at each dex exposure time point compared to the 
pre-dex time point. Within each individual heatmap, each row represents a distinct 
enhancer and color corresponds to signal from -1 kb upstream of enhancer center to +1 
kb downstream of enhancer center. (E) Same as (D), except for enhancers with decreased 
p300 over the dex exposure time course. 

(mins)

Proportion of enhancers differential by factor by time point Enhancers with increasing p300

Enhancers with decreasing p300

GR
p300
JUN

JUNB
BCL3

C/EBPβ
HES2

FOSL2
CTCF

DNase
H3K27ac

H3K4me1
H3K4me2
H3K4me3
H3K9me3

 * 

½ 12

½ 12

½ 1 2 3 4 5 6 7 81012
½

½ 12

½ ½ 12

½ 12

12

Proportion

A D

E

B

C

Increasing signal Decreasing signal

Cumulative

Scale to max.1

All differential

*

*

* *

GR
p300
JUN

JUNB
BCL3

C/EBPβ
HES2

FOSL2
CTCF

DNase
H3K27ac

H3K4me1
H3K4me2
H3K4me3
H3K9me3

GR
p300
JUN

JUNB
BCL3

C/EBPβ
HES2

FOSL2
CTCF

DNase
H3K27ac

H3K4me1
H3K4me2
H3K4me3
H3K9me3 **

*

*

*

*

N/A to row (n < 100)

GR

p300

DNase

H3K27ac

H3K4me1

H3K4me2

GR

p300

DNase

H3K27ac

H3K4me1

H3K4me2

Duration of dex exposure (hrs)
0 0.5 1 2 3 4 5 6 7 8 10 12

Duration of dex exposure (hrs)
0

0

0

0

0

0

0 -1.05

-0.8

0.8

-0.4

0.4

-1.15

1.15

-0.5

0.5

0.4

-0.4

1 1.05

0.95

1.4

2.6

1.05

1.7

0.5 1 2 3 4 5 6 7 8 10 12

RPM ΔRPM

0

0

0

0

0

0

1

0.95

1.4

2.6

1.05

1.7

RPM

-1.05

-0.8

0.8

-0.4

0.4

-1.15

1.15

-0.4

0.4

1.05
ΔRPM

0 0.25 0.5 0.75 1

-0.5

0.5

GR
p300
JUN

H3K27ac

GR
p300
JUN

H3K27ac
5

10
15

20
25

Duration of dex exposure

5

1 2 3 4 5 6 7 81012

10
15

20
25 (mins)

(hrs) (hrs) (hrs)

(hrs) (hrs) (hrs)

(hrs) (hrs) (hrs)

(mins)

½ 1 2 3 4 5 6 7 81012

0 0.25 0.5 0.75 10 0.25 0.5 0.75 1



 

148 

 
Figure 16: The effects of motif-directed binding on p300 occupancy in 

enhancers. 

(A) Scatter plot compares log2 fold change in GR binding and in p300 binding at 0.5 hrs 
of dex exposure. A regression line is shown with 95% confidence bands. (B) Barplot 

shows elastic net logistic regression coefficients for RSAT-clustered JASPAR TF motifs 
with non-zero coefficients (positive, orange; negative, blue) in the prediction of 

standardized basal p300 binding in the union of distal DHSs and enhancers. Error bars 
represent standard deviation across 1000 bootstrap replicates. Coefficients were 

considered non-zero if 95% confidence interval of estimate did not include zero. Naming 
scheme is detailed in Table S5. (C) Maximum log2 fold change in p300 binding for each 

enhancer class with increased p300 binding by dynamic class.  (D) Same as (C) except for 
enhancers with decreased p300 binding. (E) Leftmost heatmaps shows change in p300 
binding by dynamic class, with height of heatmap proportion to size of class. Enhancer 

motif strength for GR, C/EBPβ, and AP-1 motifs are shown (left) in the same order as the 
p300 heatmap and after sorting into a cumulative distribution function (right). The 
extremes of the motif strength colormap correspond to the 5th and 95th percentiles. 

Consensus logos for each motif are shown at right, constructed from motifs within each 
quintile of the distribution of motif strengths. 
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Figure 17: Coordinated dynamics of TF binding, histone modifications 

occupancy, and chromatin accessibility in enhancers proximal to selected genes. 

(A) UCSC genome browser snapshot for region in the vicinity of the TSS of HPCAL1 
shows tracks—from top to bottom—for GENCODE (v.22) gene annotations, motif 
strength of enhancers, and basal and differential ChIP-seq and DNase-seq signal at 
selected time points where 0 represents pre-dex occupancy and ∆t represents the change 
in occupancy at time point t with respect to pre-dex occupancy. DNase-seq was 
measured in RPM and ChIP-seq in input-subtracted RPM. (B) Same as (A), except for 
vicinity of NFIL3. (C) Same as (A), except for vicinity of TFPI2. (D) Expression of 
HPCAL1 as assayed by RNA-seq, quantified at the gene-level, and measured in TPM. (E) 
Same as (D), except for NFIL3. (F) Same as (D), except for TFPI2.  

D E F

0 1 2 4 5 6 7 8 10 123

0.5

120

80

40

0G
e
n
e
 e

x
p
re

s
s
io

n
 (

T
P

M
) HPCAL1 NFIL3 TFPI2

120 260

200

140

80

80

60

40

100

0 1 2 4 5 6 7 8 10 123

0.5

0 1 2 4 5 6 7 8 10 123

0.5

Duration of dex exposure (hrs)Duration of dex exposure (hrs)Duration of dex exposure (hrs)

A B C

GR

M
o
ti
f

s
tr

e
n

g
th

Motif strength

>0

<0

RPM

weak strong
G

R
C
/E
BP

β
D

N
a
s
e

-s
e
q

H
3
K

2
7
a
c

H
3
K

4
m

e
1

H
3
K

4
m

e
2

J
U

N
p
3
0
0

GR

HPCAL1 TFPI2NFIL3 GNGT1

chr2 (Mb):

AP-1
C/EBPβ

0

Δ0.5
Δ1

Δ8
Δ12

Δ4

10.3 10.3510.35 10.4 91.41 91.415 91.42 91.425 91.43chr9 (Mb): chr7 (Mb): 93.89 93.895 93.9 93.905 93.91 93.915

0

Δ0.5
Δ1

Δ8
Δ12

Δ4

0

Δ0.5
Δ1

Δ8
Δ12

Δ4

0

Δ0.5
Δ1

Δ8
Δ12

Δ4

0

Δ0.5
Δ1

Δ8
Δ12

Δ4

0

Δ0.5
Δ1

Δ8
Δ12

Δ4

0

Δ0.5
Δ1

Δ8
Δ12

Δ4

0

Δ0.5
Δ1

Δ8
Δ12

Δ4

0

Δ0.5
Δ1

Δ8
Δ12

Δ4

2

0

2

2

0

-0.2

0

-0.2

0

0

7.5

4.5

0

-1.5

2.5

00

1

3.5

0

-1.5

1.5

2

3

4.5

-1.5

-1.5

6.5

3.5

4.5

1.5

4.5

8

-0.2

0

-0.2

1.5

-1

1.5

-1

1.5

-2

3

-1

0.5

-1

0

3

1

0

-0.5

0.5

3

0

1.5

0

1.5

0

7.5

0

4.5

-1.5

1

0

1
R

P
M

R
P

M

R
P

M

1

0

-0.2

1

-1.5

0.5

-1

1

-1

0.5

-1

1

-1.5

0

2.5

0.5

0

-1

0.5

2.5

0

2

0

2

0

2

0

3

-1.5

1

0

1

1 2 3 4 5 6
7

9 1 2 1 2
8



 

150 

 

Figure 18: Enhancer dynamics are spatially coordinated 

(A) Cumulative distribution of distance of enhancers by dynamics class to nearest 
neighboring enhancer with increased p300. (B) Same as (A), except distance computed to 
nearest neighboring enhancer with decreased p300. (C) For varying distance bins, plot 
shows the mean correlation in log2 fold change in p300 ChIP-seq signal between 
neighboring enhancers, given that both enhancers in the neighboring pair had increased 
p300 or, alternatively, decreased p300. Error bars reflect 95% confidence intervals. 
Dashed line separates distance bins from permutation. (D) Diagram of permutation 
method used to generate E and F, see STAR METHODS for more details. (E) Proportion 
of enhancers with differential p300 binding in CTCF domains that had at least two 
enhancers with differential p300 that were in homogeneous domains (all increased or all 
decreased p300) in the observed data and in permutations obtained by shuffling CTCF 
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positions (CTCF) or by shuffling the locations of enhancers with differential p300 
binding across the union of enhancers with differential p300 binding (enhancers). Error 
bars reflect 95% confidence intervals. (F) Same as (E), except for differentially expressed 
genes. (G) UCSC genome browser snapshot shows same region as Figure 17A with 
tracks for GENCODE (v.22) gene annotations, motif strengths of enhancers, and all 
chromatin loops (D'Ippolito et al., In prep.) that have both anchors within the selected 
region. Enhancers are colored by motif strengths and loops are colored by dynamics as 
indicated. 
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Figure 19: Correlation across sequencing samples before and after sample 
filter. 

(A—N) Heatmaps show hierarchically clustered Pearson correlation coefficients for read 
counts within union peak sets across samples for each TF or histone modification ChIP-
seq data set before and after filtering samples with low across-sample correlations. 
Rejected samples are indicated with magenta. (O) Same as (A—N), except for DNase-
seq. (P) Same as (A—N), except for RNA-seq. 
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Appendix B 

 

Figure 20: Clustering performance of state-of-the-art algorithms on simulated 
time series data with t-distributed error. 

Box plots show summaries of the empirical distribution of clustering performance for 
each method in terms of Adjusted Rand Index (ARI) across twenty instances of 25 data 
set types detailed in Table 3, but with t-distributed error (df = 2). 
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Figure 21: Clustering performance after excluding genes by estimated 
minimum probability of inclusion in assigned cluster. 

Box plots show distribution of ARI across varied gene-to-cluster inclusion probabilities 
for (A) all data sets in Table 3 (B) after permuting probabilities of inclusion, for (C) 
selected data sets in Table 3  (4, 5, 13—17, 29—31), and, again, (D) after permuting 
probabilities. 
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Figure 22: Time benchmark. 

(A) Mean runtime of BHC, GIMM, DPGP, and fDPGP across varying numbers of gene 
expression trajectories generated from GPs parameterized in the same manner as 
simulated data sets 11, 21, and 27 in Table 3. There were 2, 4, 8, 16, 32, and 64 simulated 
genes per cluster and there were 1—8 different clusters per cluster size. Error bars 
represent standard deviation in runtime across 20 simulated data sets. Hierarchical 
clustering, k-means, Mclust, and SplineCluster are not shown because their mean 
runtimes were under one minute and could not be meaningfully displayed here. (B) 
Same as (A) but with 10 simulated genes per cluster for 10 clusters and an additional 100 
simulated genes per cluster for the remainder of the total number of simulated genes. 
Standard deviation in runtime computed across 10 simulated data sets. 
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Figure 23: Proportion of held-out test points within credible intervals of 
estimated cluster means for DPGP. 

For all data sets detailed in Table 3, expression trajectories were clustered while 
separately holding out each of the four middle time points of eight total time points. Box 
plot shows proportion of test points that fell within the 95% credible intervals (CIs) of 
the estimated cluster mean. 
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Figure 24: Rugplot of all cluster sizes for A549 glucocorticoid exposure data 
clustered using DPGP. 

Each stick on the x-axis represents a singular data cluster of the 13 total clusters. Note 
that the two clusters with sizes 22 and 23 are difficult to distinguish by eye. 
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Figure 25: Non-zero regression coefficients in the prediction of cluster 
membership for four largest DPGP clusters. 

Heatmap shows all coefficients (sorted by sum of absolute value across clusters) 
estimated by elastic net logistic regression of cluster membership for the four largest 
DPGP clusters as predicted by log10 normalized binned counts of ChIP-seq TF binding 
and histone modifications in control conditions. Distance indicated in row names 
reflects the bin of the predictor (e.g. <1 kb = within 1 kb of TSS) 
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Figure 26: Non-zero regression coefficients in the prediction of cluster 
membership for down-regulated DPGP clusters. 

All non-zero coefficients estimated by elastic net logistic regression of cluster 
membership for two largest down-regulated DPGP clusters on TF binding and histone 
modifications in A549 cells in control conditions. Distance indicated in row names 
reflects the bin of the predictor (e.g., 1 kb = within 1 kb of TSS). 
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Figure 27: Scree plot of variance explained by each principal component in 

decomposition of ChIP-seq matrix. 

The log10 normalized ChIP-seq binned counts around the TSS of genes representing TF 
binding and histone modification occupancy in control conditions was decomposed by 
PCA. The percentage of variance explained by each of the top ten PCs is shown here.  
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Table 5: Frequency of switches observed in DPGP clusterings from control to 
rosR deletion mutant in H2O2 exposure in H. salinarum 

Control 
cluster 

Mutant 
cluster 

Observed 
switch 

frequency 
5 3 72 
3 3 49 
1 2 44 
5 2 30 
4 5 29 
2 1 18 
2 3 18 
5 5 17 
6 3 16 
5 1 13 
4 1 10 
4 2 10 
5 4 8 
1 3 7 
3 5 7 
4 4 5 
2 5 3 
3 2 3 
6 5 3 
2 4 2 
3 4 2 
1 4 1 
1 5 1 
2 6 1 
5 6 1 
6 2 1 
6 4 1 
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Table 6: Functional enrichment results for four largest DPGP expression 
clusters in A549 cells in response to the glucocorticoid dexamethasone. 

Cluster GO term GO description Enrichment 
or depletion 

FDR 

down-slow GO:0051276 chromosome organization enrich. 3.52E-09 
down-slow GO:0006950 response to stress enrich. 3.52E-09 
down-slow GO:0050896 response to stimulus enrich. 3.52E-09 
down-slow GO:0006259 DNA metabolic process enrich. 3.52E-09 
down-slow GO:0090304 nucleic acid metabolic 

process 
enrich. 3.52E-09 

down-slow GO:0007049 cell cycle enrich. 3.52E-09 
down-slow GO:0044699 single-organism process enrich. 4.20E-09 
down-slow GO:0006996 organelle organization enrich. 5.19E-09 
down-slow GO:0044763 single-organism cellular 

process 
enrich. 5.23E-09 

down-slow GO:1901360 organic cyclic compound 
metabolic process 

enrich. 4.15E-08 

down-slow GO:0046483 heterocycle metabolic 
process 

enrich. 4.15E-08 

down-slow GO:0006139 nucleobase-containing 
compound metabolic process 

enrich. 4.15E-08 

down-slow GO:0006725 cellular aromatic compound 
metabolic process 

enrich. 4.15E-08 

down-slow GO:0016043 cellular component 
organization 

enrich. 8.77E-08 

down-slow GO:0009987 cellular process enrich. 9.62E-08 
down-slow GO:0008150 biological_process enrich. 9.93E-08 
down-slow GO:0071840 cellular component 

organization or biogenesis 
enrich. 1.38E-07 

down-slow GO:0007067 mitotic nuclear division enrich. 1.45E-04 
down-slow GO:0000280 nuclear division enrich. 1.45E-04 
down-slow GO:1903047 mitotic cell cycle process enrich. 1.45E-04 
down-slow GO:0022402 cell cycle process enrich. 1.45E-04 
down-slow GO:1902589 single-organism organelle 

organization 
enrich. 1.45E-04 

down-slow GO:0048285 organelle fission enrich. 1.45E-04 
down-slow GO:0007059 chromosome segregation enrich. 4.27E-04 
down-slow GO:0044767 single-organism 

developmental process 
enrich. 9.17E-04 
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down-slow GO:0048869 cellular developmental 
process 

enrich. 1.49E-03 

down-slow GO:0065007 biological regulation enrich. 1.61E-03 
down-slow GO:0032502 developmental process enrich. 3.44E-03 
down-slow GO:0044700 single organism signaling enrich. 3.49E-03 
down-slow GO:0023052 signaling enrich. 3.49E-03 
down-slow GO:0007154 cell communication enrich. 3.49E-03 
down-slow GO:0007267 cell-cell signaling enrich. 3.49E-03 
down-slow GO:0040011 locomotion enrich. 4.38E-03 
down-slow GO:0022610 biological adhesion enrich. 4.38E-03 
down-slow GO:0007155 cell adhesion enrich. 4.38E-03 
down-slow GO:0065008 regulation of biological 

quality 
enrich. 4.38E-03 

down-slow GO:0042592 homeostatic process enrich. 4.38E-03 
down-slow GO:0030154 cell differentiation enrich. 5.09E-03 
down-slow GO:0048870 cell motility enrich. 5.09E-03 
down-slow GO:0006928 movement of cell or 

subcellular component 
enrich. 5.09E-03 

down-slow GO:0043170 macromolecule metabolic 
process 

enrich. 5.13E-03 

down-slow GO:0034645 cellular macromolecule 
biosynthetic process 

deplet. 5.13E-03 

down-slow GO:1901576 organic substance 
biosynthetic process 

deplet. 5.13E-03 

down-slow GO:0009059 macromolecule biosynthetic 
process 

deplet. 5.13E-03 

down-slow GO:0044249 cellular biosynthetic process deplet. 5.13E-03 
down-slow GO:0006412 translation deplet. 5.13E-03 
down-slow GO:0044260 cellular macromolecule 

metabolic process 
enrich. 5.13E-03 

down-slow GO:0003008 system process enrich. 5.33E-03 
down-slow GO:0044707 single-multicellular 

organism process 
enrich. 5.33E-03 

down-slow GO:0032501 multicellular organismal 
process 

enrich. 5.33E-03 

down-slow GO:0050877 neurological system process enrich. 6.17E-03 
down-slow GO:0071704 organic substance metabolic 

process 
enrich. 6.99E-03 

down-slow GO:0044238 primary metabolic process enrich. 6.99E-03 
down-slow GO:0034641 cellular nitrogen compound enrich. 9.40E-03 
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metabolic process 
down-slow GO:0006461 protein complex assembly enrich. 9.59E-03 
down-slow GO:0071822 protein complex subunit 

organization 
enrich. 9.59E-03 

down-slow GO:0006807 nitrogen compound 
metabolic process 

enrich. 1.14E-02 

down-slow GO:0051301 cell division enrich. 1.28E-02 
down-slow GO:0016070 RNA metabolic process deplet. 1.57E-02 
down-slow GO:0002376 immune system process enrich. 1.99E-02 
down-slow GO:0048856 anatomical structure 

development 
enrich. 2.03E-02 

down-slow GO:0055085 transmembrane transport enrich. 2.09E-02 
down-slow GO:0007165 signal transduction enrich. 2.15E-02 
down-slow GO:0050789 regulation of biological 

process 
enrich. 2.15E-02 

down-slow GO:0050794 regulation of cellular process enrich. 2.15E-02 
down-slow GO:0008104 protein localization deplet. 2.37E-02 
down-slow GO:0006605 protein targeting deplet. 2.37E-02 
down-slow GO:0045184 establishment of protein 

localization 
deplet. 2.37E-02 

down-slow GO:0006886 intracellular protein 
transport 

deplet. 2.37E-02 

down-slow GO:0033036 macromolecule localization deplet. 2.37E-02 
down-slow GO:0071702 organic substance transport deplet. 2.37E-02 
down-slow GO:0015031 protein transport deplet. 2.37E-02 
down-slow GO:0000902 cell morphogenesis enrich. 2.37E-02 
down-slow GO:0009653 anatomical structure 

morphogenesis 
enrich. 2.37E-02 

down-slow GO:0032989 cellular component 
morphogenesis 

enrich. 2.37E-02 

down-slow GO:0008152 metabolic process enrich. 3.06E-02 
down-slow GO:0044237 cellular metabolic process enrich. 3.47E-02 
down-slow GO:0022607 cellular component assembly enrich. 3.59E-02 
down-slow GO:0065003 macromolecular complex 

assembly 
enrich. 3.59E-02 

down-slow GO:0043933 macromolecular complex 
subunit organization 

enrich. 3.59E-02 

up-slow GO:0065007 biological regulation enrich. 1.74E-08 
up-slow GO:0046483 heterocycle metabolic 

process 
deplet. 1.74E-08 
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up-slow GO:1901360 organic cyclic compound 
metabolic process 

deplet. 1.74E-08 

up-slow GO:0006139 nucleobase-containing 
compound metabolic process 

deplet. 1.74E-08 

up-slow GO:0006725 cellular aromatic compound 
metabolic process 

deplet. 1.74E-08 

up-slow GO:0007165 signal transduction enrich. 2.82E-08 
up-slow GO:0050789 regulation of biological 

process 
enrich. 2.82E-08 

up-slow GO:0050794 regulation of cellular process enrich. 2.82E-08 
up-slow GO:0090304 nucleic acid metabolic 

process 
deplet. 8.89E-08 

up-slow GO:0043062 extracellular structure 
organization 

enrich. 2.15E-07 

up-slow GO:0030198 extracellular matrix 
organization 

enrich. 2.15E-07 

up-slow GO:0048856 anatomical structure 
development 

enrich. 2.53E-05 

up-slow GO:0022610 biological adhesion enrich. 2.85E-05 
up-slow GO:0007155 cell adhesion enrich. 2.85E-05 
up-slow GO:0006259 DNA metabolic process deplet. 6.83E-05 
up-slow GO:0034641 cellular nitrogen compound 

metabolic process 
deplet. 8.71E-05 

up-slow GO:0006807 nitrogen compound 
metabolic process 

deplet. 1.99E-04 

up-slow GO:0032502 developmental process enrich. 2.24E-04 
up-slow GO:0065008 regulation of biological 

quality 
enrich. 2.41E-04 

up-slow GO:0042592 homeostatic process enrich. 2.41E-04 
up-slow GO:0006950 response to stress enrich. 9.20E-04 
up-slow GO:0050896 response to stimulus enrich. 9.20E-04 
up-slow GO:0043170 macromolecule metabolic 

process 
deplet. 9.46E-04 

up-slow GO:0008150 biological_process enrich. 1.10E-03 
up-slow GO:0034330 cell junction organization enrich. 1.11E-03 
up-slow GO:0044260 cellular macromolecule 

metabolic process 
deplet. 1.18E-03 

up-slow GO:0048646 anatomical structure 
formation involved in 

morphogenesis 

enrich. 1.28E-03 
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up-slow GO:0040011 locomotion enrich. 1.39E-03 
up-slow GO:0016070 RNA metabolic process deplet. 1.59E-03 
up-slow GO:0048870 cell motility enrich. 1.75E-03 
up-slow GO:0006928 movement of cell or 

subcellular component 
enrich. 1.75E-03 

up-slow GO:0006091 generation of precursor 
metabolites and energy 

enrich. 3.86E-03 

up-slow GO:0007067 mitotic nuclear division deplet. 3.86E-03 
up-slow GO:0000280 nuclear division deplet. 3.86E-03 
up-slow GO:1903047 mitotic cell cycle process deplet. 3.86E-03 
up-slow GO:0022402 cell cycle process deplet. 3.86E-03 
up-slow GO:1902589 single-organism organelle 

organization 
deplet. 3.86E-03 

up-slow GO:0048285 organelle fission deplet. 3.86E-03 
up-slow GO:0044699 single-organism process enrich. 5.80E-03 
up-slow GO:0051276 chromosome organization deplet. 5.90E-03 
up-slow GO:0016071 mRNA metabolic process deplet. 7.05E-03 
up-slow GO:0006396 RNA processing deplet. 7.05E-03 
up-slow GO:0006397 mRNA processing deplet. 7.05E-03 
up-slow GO:0006629 lipid metabolic process enrich. 7.05E-03 
up-slow GO:0044237 cellular metabolic process deplet. 9.95E-03 
up-slow GO:0007049 cell cycle deplet. 1.40E-02 
up-slow GO:0000003 reproduction enrich. 2.76E-02 
up-slow GO:1901361 organic cyclic compound 

catabolic process 
deplet. 3.09E-02 

up-slow GO:0019439 aromatic compound 
catabolic process 

deplet. 3.09E-02 

up-slow GO:1901575 organic substance catabolic 
process 

deplet. 3.09E-02 

up-slow GO:0034655 nucleobase-containing 
compound catabolic process 

deplet. 3.09E-02 

up-slow GO:0044270 cellular nitrogen compound 
catabolic process 

deplet. 3.09E-02 

up-slow GO:0046700 heterocycle catabolic process deplet. 3.09E-02 
up-slow GO:0048869 cellular developmental 

process 
enrich. 3.72E-02 

up-slow GO:0044281 small molecule metabolic 
process 

enrich. 3.74E-02 

up-slow GO:0022618 ribonucleoprotein complex 
assembly 

deplet. 4.16E-02 
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up-slow GO:0034622 cellular macromolecular 
complex assembly 

deplet. 4.16E-02 

up-slow GO:0071826 ribonucleoprotein complex 
subunit organization 

deplet. 4.16E-02 

up-slow GO:0044763 single-organism cellular 
process 

enrich. 4.16E-02 

up-slow GO:0044710 single-organism metabolic 
process 

enrich. 4.44E-02 

up-slow GO:0030154 cell differentiation enrich. 4.65E-02 
up-fast GO:0032502 developmental process enrich. 2.86E-02 
up-fast GO:0007165 signal transduction enrich. 3.56E-02 
up-fast GO:0050789 regulation of biological 

process 
enrich. 3.56E-02 

up-fast GO:0050794 regulation of cellular process enrich. 3.56E-02 
down-fast GO:0048646 anatomical structure 

formation involved in 
morphogenesis 

enrich. 1.05E-08 

down-fast GO:0032502 developmental process enrich. 1.04E-07 
down-fast GO:0040007 growth enrich. 4.21E-06 
down-fast GO:0048856 anatomical structure 

development 
enrich. 4.56E-06 

down-fast GO:0008283 cell proliferation enrich. 1.59E-04 
down-fast GO:0044700 single organism signaling enrich. 2.30E-04 
down-fast GO:0023052 signaling enrich. 2.30E-04 
down-fast GO:0007154 cell communication enrich. 2.30E-04 
down-fast GO:0007267 cell-cell signaling enrich. 2.30E-04 
down-fast GO:0065007 biological regulation enrich. 3.96E-04 
down-fast GO:0044767 single-organism 

developmental process 
enrich. 3.96E-04 

down-fast GO:0007165 signal transduction enrich. 3.96E-04 
down-fast GO:0050789 regulation of biological 

process 
enrich. 3.96E-04 

down-fast GO:0050794 regulation of cellular process enrich. 3.96E-04 
down-fast GO:0021700 developmental maturation enrich. 6.97E-04 
down-fast GO:0022610 biological adhesion enrich. 8.91E-04 
down-fast GO:0007155 cell adhesion enrich. 8.91E-04 
down-fast GO:0065008 regulation of biological 

quality 
enrich. 1.30E-03 

down-fast GO:0042592 homeostatic process enrich. 1.30E-03 
down-fast GO:0030154 cell differentiation enrich. 1.97E-03 
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down-fast GO:0048869 cellular developmental 
process 

enrich. 3.15E-03 

down-fast GO:0046483 heterocycle metabolic 
process 

deplet. 1.31E-02 

down-fast GO:0006139 nucleobase-containing 
compound metabolic process 

deplet. 1.31E-02 

down-fast GO:0006725 cellular aromatic compound 
metabolic process 

deplet. 1.31E-02 

down-fast GO:1901360 organic cyclic compound 
metabolic process 

deplet. 1.31E-02 

down-fast GO:0090304 nucleic acid metabolic 
process 

deplet. 1.65E-02 

down-fast GO:0006950 response to stress enrich. 2.17E-02 
down-fast GO:0050896 response to stimulus enrich. 2.17E-02 
down-fast GO:0009790 embryo development enrich. 2.21E-02 
down-fast GO:0000902 cell morphogenesis enrich. 3.09E-02 
down-fast GO:0009653 anatomical structure 

morphogenesis 
enrich. 3.09E-02 

down-fast GO:0032989 cellular component 
morphogenesis 

enrich. 3.09E-02 
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Table 7: ENCODE ChIP-seq data sets used in the analysis of GC-responsive 
clusters. 

Name Type* Dex or 
control** 

wgEncodeHaibTfbsA549Atf3V0422111Etoh02 TF control 
wgEncodeHaibTfbsA549Bcl3V0422111Etoh02 TF control 
wgEncodeHaibTfbsA549Cebpbsc150V0422111 TF control 

wgEncodeHaibTfbsA549Creb1sc240Pcr1xEtoh02 TF control 
wgEncodeHaibTfbsA549Creb1sc240V0416102Etoh02 TF control 

wgEncodeHaibTfbsA549Ctcfsc5916Pcr1xEtoh02 TF control 
wgEncodeHaibTfbsA549E2f6V0422111 TF control 

wgEncodeHaibTfbsA549Elf1V0422111Etoh02 TF control 
wgEncodeHaibTfbsA549Ets1V0422111Etoh02 TF control 
wgEncodeHaibTfbsA549Fosl2V0422111Etoh02 TF control 
wgEncodeHaibTfbsA549Foxa1V0416102Etoh02 TF control 
wgEncodeHaibTfbsA549Foxa2V0416102Etoh02 TF control 
wgEncodeHaibTfbsA549GabpV0422111Etoh02 TF control 

wgEncodeHaibTfbsA549Gata3V0422111 TF control 
wgEncodeHaibTfbsA549JundV0416102Etoh02 TF control 

wgEncodeHaibTfbsA549MaxV0422111 TF control 
wgEncodeHaibTfbsA549NrsfV0422111Etoh02 TF control 
wgEncodeHaibTfbsA549P300V0422111Etoh02 TF control 

wgEncodeHaibTfbsA549Pbx3V0422111 TF control 
wgEncodeHaibTfbsA549Rad21V0422111 TF control 

wgEncodeHaibTfbsA549Sin3ak20V0422111Etoh02 TF control 
wgEncodeHaibTfbsA549Six5V0422111Etoh02 TF control 
wgEncodeHaibTfbsA549Sp1V0422111Etoh02 TF control 
wgEncodeHaibTfbsA549Taf1V0422111Etoh02 TF control 
wgEncodeHaibTfbsA549Tcf12V0422111Etoh02 TF control 

wgEncodeHaibTfbsA549Tead4sc101184V0422111 TF control 
wgEncodeHaibTfbsA549Usf1Pcr1xEtoh02 TF control 

wgEncodeHaibTfbsA549Usf1V0422111Etoh02 TF control 
wgEncodeHaibTfbsA549Yy1cV0422111Etoh02 TF control 

wgEncodeHaibTfbsA549Zbtb33V0422111Etoh02 TF control 
wgEncodeBroadHistoneA549H2azEtoh02 histone control 

wgEncodeBroadHistoneA549H3k04me1Etoh02 histone control 
wgEncodeBroadHistoneA549H3k04me2Etoh02 histone control 
wgEncodeBroadHistoneA549H3k04me3Etoh02 histone control 
wgEncodeBroadHistoneA549H3k09acEtoh02 histone control 
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wgEncodeBroadHistoneA549H3k09me3Etoh02 histone control 
wgEncodeBroadHistoneA549H3k27acEtoh02 histone control 

wgEncodeBroadHistoneA549H3k27me3Etoh02 histone control 
wgEncodeBroadHistoneA549H3k36me3Etoh02 histone control 
wgEncodeBroadHistoneA549H3k79me2Etoh02 histone control 
wgEncodeBroadHistoneA549H4k20me1Etoh02 histone control 

wgEncodeHaibTfbsA549Creb1sc240V0416102Dex100nm TF dex 
wgEncodeHaibTfbsA549Ctcfsc5916Pcr1xDex100nm TF dex 
wgEncodeHaibTfbsA549Foxa1V0416102Dex100nm TF dex 

wgEncodeHaibTfbsA549GrPcr2xDex100nm TF dex 
wgEncodeHaibTfbsA549Usf1Pcr1xDex100nm TF dex 

 
* TF = transcription factor, available here: 
http://hgdownload.cse.ucsc.edu/goldenpath/hg19/encodeDCC/wgEncodeHaibTfbs 
 
** Control includes both paired vehicle controls with respect to the dex treatment, 2% 
EtOH by volume ("Etoh02") and untreated controls 
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Table 8: Principal components analysis loadings by feature for PC1 and PC2 
for ChIP-seq TF binding and histone modifications in A549 cells in control 

conditions. 

Feature PC1 loading PC2 loading 
ATF3 EtOH 1Kb 8.83E-02 1.33E-01 
BCL3 EtOH 1Kb 9.36E-02 1.31E-01 

CEBPB 1Kb 7.86E-02 1.11E-01 
CREB1 (PCR 1x) EtOH 1Kb 6.82E-02 1.24E-01 

CREB1 EtOH 1Kb 5.97E-02 1.31E-01 
CTCF EtOH 1Kb 4.50E-02 9.07E-02 

E2F6 1Kb 5.91E-02 1.28E-01 
ELF1 EtOH 1Kb 6.74E-02 1.35E-01 
ETS1 EtOH 1Kb 7.75E-02 1.40E-01 

FOSL2 EtOH 1Kb 9.43E-02 1.38E-01 
FOXA1 EtOH 1Kb 7.95E-02 1.14E-01 
FOXA2 EtOH 1Kb 7.09E-02 1.25E-01 
GABP EtOH 1Kb 4.08E-02 1.12E-01 

GATA3 1Kb 9.00E-02 1.11E-01 
JUND EtOH 1Kb 8.81E-02 1.22E-01 

MAX 1Kb 6.78E-02 1.46E-01 
NRSF EtOH 1Kb 8.65E-02 1.46E-01 
P300 EtOH 1Kb 1.00E-01 1.42E-01 

PBX3 1Kb 8.29E-02 9.71E-02 
RAD21 1Kb 7.48E-02 9.67E-02 

SIN3AK20 EtOH 1Kb 9.36E-02 1.54E-01 
SIX5 EtOH 1Kb 6.78E-02 1.26E-01 
SP1 EtOH 1Kb 2.67E-02 1.37E-02 

TAF1 EtOH 1Kb 5.17E-02 1.63E-01 
TCF12 EtOH 1Kb 9.02E-02 1.49E-01 

TEAD4 1Kb 7.96E-02 1.04E-01 
USF1 (PCR 1x) EtOH 1Kb 5.38E-02 1.14E-01 

USF1 EtOH 1Kb 6.65E-02 1.21E-01 
YY1 EtOH 1Kb 5.74E-02 1.42E-01 

ZBTB33 EtOH 1Kb 6.73E-02 1.30E-01 
ATF3 EtOH 1 to 5Kb 1.17E-01 -2.06E-02 
BCL3 EtOH 1 to 5Kb 1.19E-01 -2.49E-02 

CEBPB 1 to 5Kb 1.04E-01 -1.69E-02 
CREB1 (PCR 1x) EtOH 1 to 5Kb 9.71E-02 -1.66E-02 

CREB1 EtOH 1 to 5Kb 1.00E-01 -2.99E-02 
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CTCF EtOH 1 to 5Kb 7.78E-02 -2.46E-03 
E2F6 1 to 5Kb 9.65E-02 -2.94E-02 

ELF1 EtOH 1 to 5Kb 1.19E-01 -8.91E-03 
ETS1 EtOH 1 to 5Kb 1.15E-01 -1.93E-02 

FOSL2 EtOH 1 to 5Kb 1.18E-01 -1.88E-02 
FOXA1 EtOH 1 to 5Kb 1.04E-01 -1.51E-02 
FOXA2 EtOH 1 to 5Kb 1.01E-01 -5.43E-02 
GABP EtOH 1 to 5Kb 9.73E-02 -5.58E-03 

GATA3 1 to 5Kb 1.08E-01 -3.64E-02 
JUND EtOH 1 to 5Kb 1.07E-01 -4.51E-02 

MAX 1 to 5Kb 1.06E-01 -2.87E-02 
NRSF EtOH 1 to 5Kb 1.16E-01 -3.26E-02 
P300 EtOH 1 to 5Kb 1.27E-01 -2.64E-02 

PBX3 1 to 5Kb 9.96E-02 -3.89E-02 
RAD21 1 to 5Kb 9.42E-02 -3.04E-02 

SIN3AK20 EtOH 1 to 5Kb 1.20E-01 -1.82E-02 
SIX5 EtOH 1 to 5Kb 1.14E-01 -1.33E-02 
SP1 EtOH 1 to 5Kb 3.73E-02 -4.88E-02 

TAF1 EtOH 1 to 5Kb 7.21E-02 5.45E-02 
TCF12 EtOH 1 to 5Kb 1.21E-01 -3.41E-02 

TEAD4 1 to 5Kb 9.95E-02 -3.37E-02 
USF1 (PCR 1x) EtOH 1 to 5Kb 1.00E-01 -1.63E-03 

USF1 EtOH 1 to 5Kb 1.14E-01 -1.88E-02 
YY1 EtOH 1 to 5Kb 1.04E-01 -3.37E-02 

ZBTB33 EtOH 1 to 5Kb 1.10E-01 -2.03E-02 
ATF3 EtOH 5 to 20Kb 1.10E-01 -8.61E-02 
BCL3 EtOH 5 to 20Kb 1.12E-01 -8.76E-02 

CEBPB 5 to 20Kb 9.23E-02 -7.49E-02 
CREB1 (PCR 1x) EtOH 5 to 20Kb 8.95E-02 -5.92E-02 

CREB1 EtOH 5 to 20Kb 9.27E-02 -7.97E-02 
CTCF EtOH 5 to 20Kb 7.98E-02 -5.62E-02 

E2F6 5 to 20Kb 8.54E-02 -8.02E-02 
ELF1 EtOH 5 to 20Kb 1.10E-01 -7.71E-02 
ETS1 EtOH 5 to 20Kb 1.09E-01 -8.31E-02 

FOSL2 EtOH 5 to 20Kb 1.14E-01 -1.03E-01 
FOXA1 EtOH 5 to 20Kb 1.00E-01 -8.74E-02 
FOXA2 EtOH 5 to 20Kb 1.02E-01 -1.21E-01 
GABP EtOH 5 to 20Kb 9.17E-02 -7.29E-02 

GATA3 5 to 20Kb 9.76E-02 -9.33E-02 
JUND EtOH 5 to 20Kb 9.86E-02 -9.53E-02 
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MAX 5 to 20Kb 9.38E-02 -1.01E-01 
NRSF EtOH 5 to 20Kb 1.05E-01 -9.71E-02 
P300 EtOH 5 to 20Kb 1.23E-01 -1.06E-01 

PBX3 5 to 20Kb 8.82E-02 -7.77E-02 
RAD21 5 to 20Kb 8.32E-02 -7.99E-02 

SIN3AK20 EtOH 5 to 20Kb 1.09E-01 -9.03E-02 
SIX5 EtOH 5 to 20Kb 1.09E-01 -8.08E-02 
SP1 EtOH 5 to 20Kb 4.98E-02 -6.50E-02 

TAF1 EtOH 5 to 20Kb 6.42E-02 1.21E-02 
TCF12 EtOH 5 to 20Kb 1.14E-01 -1.12E-01 

TEAD4 5 to 20Kb 8.84E-02 -7.91E-02 
USF1 (PCR 1x) EtOH 5 to 20Kb 9.16E-02 -5.77E-02 

USF1 EtOH 5 to 20Kb 1.09E-01 -8.29E-02 
YY1 EtOH 5 to 20Kb 9.77E-02 -9.81E-02 

ZBTB33 EtOH 5 to 20Kb 1.02E-01 -8.10E-02 
H2A.Z EtOH 1Kb 1.27E-02 1.53E-01 

H3K4me1 EtOH 1Kb 4.01E-02 -7.07E-02 
H3K4me2 EtOH 1Kb 5.29E-02 1.36E-01 
H3K4me3 EtOH 1Kb 5.29E-02 1.71E-01 
H3K9ac EtOH 1Kb 6.59E-02 1.77E-01 

H3K9me3 EtOH 1Kb 4.10E-02 1.52E-02 
H3K27ac EtOH 1Kb 8.47E-02 1.83E-01 

H3K27me3 EtOH 1Kb -8.60E-04 -5.06E-02 
H3K36me3 EtOH 1Kb 7.02E-02 1.13E-03 
H3K79me2 EtOH 1Kb 8.80E-02 1.28E-01 
H4K20me1 EtOH 1Kb 6.66E-02 -3.96E-02 
H2A.Z EtOH 1 to 5Kb 6.22E-02 7.70E-03 

H3K4me1 EtOH 1 to 5Kb 1.11E-01 1.07E-02 
H3K4me2 EtOH 1 to 5Kb 1.05E-01 8.29E-02 
H3K4me3 EtOH 1 to 5Kb 1.03E-01 8.69E-02 
H3K9ac EtOH 1 to 5Kb 1.07E-01 6.53E-02 

H3K9me3 EtOH 1 to 5Kb 5.28E-02 1.34E-03 
H3K27ac EtOH 1 to 5Kb 1.16E-01 2.42E-02 

H3K27me3 EtOH 1 to 5Kb 8.24E-03 -5.49E-02 
H3K36me3 EtOH 1 to 5Kb 9.55E-02 4.20E-02 
H3K79me2 EtOH 1 to 5Kb 9.93E-02 1.27E-01 
H4K20me1 EtOH 1 to 5Kb 8.06E-02 -1.25E-02 

H2A.Z EtOH 5 to 20Kb 6.74E-02 -9.47E-02 
H3K4me1 EtOH 5 to 20Kb 1.15E-01 -9.69E-02 
H3K4me2 EtOH 5 to 20Kb 9.81E-02 -1.10E-01 
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H3K4me3 EtOH 5 to 20Kb 8.52E-02 -1.00E-01 
H3K9ac EtOH 5 to 20Kb 9.29E-02 -1.09E-01 

H3K9me3 EtOH 5 to 20Kb 5.21E-02 -1.81E-02 
H3K27ac EtOH 5 to 20Kb 1.06E-01 -1.24E-01 

H3K27me3 EtOH 5 to 20Kb 7.13E-03 -4.45E-02 
H3K36me3 EtOH 5 to 20Kb 9.06E-02 2.06E-02 
H3K79me2 EtOH 5 to 20Kb 9.26E-02 2.86E-02 
H4K20me1 EtOH 5 to 20Kb 8.08E-02 -2.69E-02 

basal expression 5.51E-02 9.01E-02 
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