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ABSTRACT 18 

 19 

Adipocytes contribute to metabolic disorders such as obesity, diabetes, and atherosclerosis. Prior 20 

characterizations of the transcriptional network driving adipogenesis overlook transiently acting transcription 21 

factors (TFs), genes, and regulatory elements that are essential for proper differentiation. Moreover, traditional 22 

gene regulatory networks provide neither mechanistic details about individual RE-gene relationships nor 23 

temporal information needed to define a regulatory hierarchy that prioritizes key regulatory factors. To address 24 

these shortcomings, we integrate kinetic chromatin accessibility (ATAC-seq) and nascent transcription (PRO-25 

seq) data to generate temporally resolved networks that describe TF binding events and resultant effects on 26 

target gene expression. Our data indicate which TF families cooperate with and antagonize each other to 27 
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regulate adipogenesis. Compartment modeling of RNA polymerase density quantifies how individual TFs 28 

mechanistically contribute to distinct steps in transcription. Glucocorticoid receptor activates transcription by 29 

inducing RNA polymerase pause release while SP and AP-1 factors affect RNA polymerase initiation. We 30 

identify Twist2 as a previously unappreciated effector of adipocyte differentiation. We find that TWIST2 acts as 31 

a negative regulator of 3T3-L1 and primary preadipocyte differentiation. We confirm that Twist2 knockout mice 32 

have compromised lipid storage within subcutaneous and brown adipose tissue. Previous phenotyping of 33 

Twist2 knockout mice and Setleis syndrome Twist2-/- patients noted deficiencies in subcutaneous adipose 34 

tissue. This network inference framework is a powerful and general approach for interpreting complex 35 

biological phenomena and can be applied to a wide range of cellular processes. 36 

 37 

INTRODUCTION 38 

 39 

Mature adipocytes contribute to a multitude of metabolic processes by regulating energy balance, 40 

producing hormones, and providing structural and mechanical support (Rosen and Spiegelman, 2006). 41 

Adipocyte hyperplasia downstream of increased adipogenesis is associated with pathogenesis of obesity, type 42 

2 diabetes, and cardiovascular disease (Unamuno et al. 2018; van Kruijsdijk et al. 2009). Adipogenic factors 43 

represent opportunities for intervention and possible mitigation of obesity-related sequelae (Ahmad et al. 2020; 44 

Ghaben and Scherer, 2019). Adipocyte maturation is a tightly regulated process involving many chromatin and 45 

transcriptional changes downstream of TF binding (Madsen et al. 2020; Rauch et al. 2019; Siersbæk et al. 46 

2011; Thompson et al. 2016; Tsankov et al. 2015). While prior studies have extensively characterized the TFs 47 

and gene expression changes required for adipogenesis (Lefterova and Lazar, 2009; Rosen and Spiegelman, 48 

2006; Siersbæk et al. 2012), this work relied on measurements taken hours or days apart on cells undergoing 49 

adipogenesis. Molecular events, such as TF binding, chromatin remodeling, and redistribution of RNA 50 

polymerase, occur on a time scale of seconds to minutes (Chen et al. 2014; Duarte et al. 2016; McNally et al. 51 

2000). Therefore, previous examinations of adipogenic signaling likely omitted multiple waves of signaling and 52 

potential regulatory factors that may be critical to the process. 53 

 54 
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Molecular genomics assays can query transcriptional events with extremely high temporal resolution. 55 

While each assay delivers a tremendous amount of information, each is limited in the biology that it measures. 56 

ChIP-seq directly quantifies chromatin occupancy of proteins, but the assay is dependent upon availability of 57 

antibodies and limited to a single factor at a time. ATAC-seq and DNase-seq assays quantify chromatin 58 

accessibility, which is an indirect measure of regulatory element activity (Boyle et al. 2008; Buenrostro et al. 59 

2015). Combining accessibility data with TF motif analyses can accurately infer TF binding without the need for 60 

factor and species-specific antibodies (Vierstra et al. 2020; Wu et al. 1979). Kinetic experiments can further 61 

increase the sensitivity of inferring dynamic TF binding, since changes in TF binding modulate local chromatin 62 

structure and accessibility (Guertin and Lis, 2013, 2010; Siersbæk et al. 2014, 2011). However, these assays 63 

do not directly inform on changes in transcription and RNA polymerase dynamics. While RNA-seq is a popular 64 

approach for measuring transcription, the assay relies on accumulation of mature RNA species over hours, 65 

making it inappropriate for rapid measurements. In addition, it is difficult to deconvolve mechanistic insights 66 

from RNA-seq data, which measures secondary and compensatory transcription as well as long-lived RNA 67 

species predating initial measurements. Alternatively, nascent transcription profiling with PRO-seq captures 68 

RNA polymerase density genome-wide at high spatial and temporal resolution (Kwak et al. 2013). PRO-seq, 69 

like RNA-seq, is limited in its ability to identify potential upstream regulatory elements (REs) and regulatory 70 

transcription factors. Only by combining multiple approaches can one fully capture the signaling dynamics 71 

driving transcription regulatory cascades.  72 

 73 

Differential TF activity defines cell identity and drives cellular responses to environmental stimuli by 74 

enforcing gene regulatory programs (Takahashi and Yamanaka, 2006). Sequence-specific TFs bind to 75 

conserved motifs (Ptashne, 1967) in REs within promoters and enhancers to regulate different mechanistic 76 

steps in transcription (Fuda et al. 2009). TFs recruit cofactors such as chromatin modifying enzymes and 77 

general transcription machinery to REs. TFs are generally characterized as activators or repressors based 78 

upon their interaction partners, and recent studies more specifically describe TFs based upon their molecular 79 

function and which mechanistic steps they regulate (Danko et al. 2013; Duarte et al. 2016; Hah et al. 2011; 80 

Neumayr et al. 2022; Sathyan et al. 2019; Scholes et al. 2017). In addition to chromatin opening and RNA 81 
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polymerase recruitment, many transcription steps are precisely regulated, such as RNA polymerase pausing, 82 

elongation, and termination. RNA Polymerase II (PolII) pauses ~30-50 base pairs downstream of the 83 

transcription start site (TSS) (Rasmussen and Lis, 1993; Rougvie and Lis, 1988) and the vast majority of genes 84 

exhibit promoter-proximal PolII pausing (Core et al. 2008; Muse et al. 2007; Zeitlinger et al. 2007). Further 85 

modifications to the PolII complex triggers pause release and productive elongation (Marshall and Price, 1995). 86 

Defining the steps regulated by TFs is necessary to understand how TFs coordinate with one another 87 

productively or antagonistically to regulate complex gene expression programs. 88 

 89 

Transcriptional networks consist of multiple rapid waves of signaling through time with potential 90 

regulatory feedback and signal propagation through activation and repression of regulatory factors. These 91 

complex regulatory cascades are not captured in traditional gene regulatory networks. Differentiating one wave 92 

from the next requires observations at multiple, closely spaced time points. In this study, we perform ATAC-seq 93 

and PRO-seq on 3T3-L1 cells at seven time points within the first four hours of adipogenesis. We incorporate 94 

accessibility and transcription changes into a multi-wave signaling network and identify TF families driving the 95 

regulatory cascade. 96 

 97 

RESULTS 98 

 99 

TFs from at least 14 families are associated with dynamic chromatin accessibility in 3T3-L1 100 

differentiation 101 

 102 

TFs bind promoters and enhancers to modify chromatin structure and influence transcription of nearby 103 

genes. To identify dynamic REs and potential TFs that regulate adipogenic differentiation, we induced 104 

adipogenesis in 3T3-L1 mouse preadipocytes (see Methods), harvested samples at 8 time points, and 105 

performed genome-wide chromatin accessibility assays (ATAC-seq) (Fig. 1A). Chromatin accessibility is a 106 

molecular measurement used to infer TF binding and RE activity. We identified over 230,000 accessibility 107 

peaks and found that differentiation time is the major driver of variation among the samples (Supplemental Fig. 108 
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S1A). To address whether the sequencing libraries are saturated we called peaks on subsets of the total reads 109 

and found that the number of called peaks had not reached saturation (Supplemental Fig. S1B). The fraction of 110 

reads in peaks (FRiP) varied between 0.2 and 0.3 for most of our ATAC-seq libraries (Supplemental Fig. S1C). 111 

However, we note that this score is depressed because we use our total peak set which includes dynamically 112 

accessible peaks that may not be accessible at all time points. Approximately 13% of all peaks change 113 

significantly over the time course (Supplemental Fig. S1D). We clustered dynamic peaks based on kinetic 114 

profiles (Supplemental Fig. S1E), which resulted in five general response classes (Fig. 1B). To identify 115 

candidate sequence-specific TFs that drive RE dynamics, we performed de novo motif analysis on dynamic 116 

peaks (Bailey et al. 2015). This approach yielded 14 potential TF family motifs including CEBP, TWIST, SP, 117 

KLF, AP-1, and the steroid hormone receptor motif (Fig. 1C & S1F). TF families comprise multiple proteins 118 

containing paralogous DNA-binding domains that recognize very similar sequence motifs (Fig. 1C). For 119 

example, multiple factors including androgen receptor, mineralocorticoid receptor, progesterone receptor, and 120 

glucocorticoid receptor (GR) bind to the steroid hormone receptor motif. However, GR is the only factor gene 121 

that is expressed in 3T3-L1 cells (Supplemental Fig. S1G). Therefore, we refer to the steroid hormone receptor 122 

binding consensus sequence as the GR motif. We identified AP-1, CEBP, and GR, which are known positive 123 

effectors of adipogenesis (Distel et al. 1987; Flodby et al. 1996; Freytag et al. 1994; Moitra et al. 1998; Ramji 124 

and Foka, 2002; Rubin et al. 1978; Siersbæk et al. 2011; Steger et al. 2010; Tanaka et al. 1997; Wang et al. 125 

1995; Yeh et al. 1995). Members of the KLF and SP families are known to be associated with both pro-126 

adipogenic (Birsoy et al. 2008; Inuzuka et al. 1999; Li et al. 2005; Mori et al. 2005; Pei et al. 2011) and anti-127 

adipogenic functions (Banerjee et al. 2003; Kawamura et al. 2006; Sue et al. 2008; Tang et al. 1999). The 128 

TWIST family of TFs have previously unappreciated roles in adipogenesis, but have been shown to be 129 

important for differentiation of other mesenchymal cell types, such as osteoblasts (Bialek et al. 2004; Yousfi et 130 

al. 2001). Members of all these factor families are expressed in 3T3-L1 cells (Supplemental Fig. S1G). 131 

 132 

TF binding or dissociation from DNA leads to enrichment of cognate motifs in dynamic peaks. The 133 

biological functions of the TFs determine whether binding or dissociation results in increased or decreased 134 

accessibility. Binding of TFs that recruit activating cofactors, such as histone acetyltransferses or remodeling 135 
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enzymes that eject nucleosomes, can increase accessibility; dissociation of these factors decreases chromatin 136 

accessibility. Likewise, binding and dissociation of factors that recruit deacetylases, repressive 137 

methyltransferases, or DNA methyltransferases can affect accessibility. We found that the majority of peaks 138 

containing CEBP, KLF, GR, or AP-1 motifs increase accessibility, while peaks containing TWIST or SP motifs 139 

decrease accessibility (Fig. 1D). We performed the reciprocal analysis and plotted the density of motif 140 

instances relative to the summits of increased, decreased, and nondynamic peak classes to confirm the 141 

classification (Fig. 1E & S1H). AP-1, GR, and CEBP motifs are strongly enriched around summits of increased 142 

peaks, while TWIST and SP motifs are enriched around summits of decreased peaks. SP and KLF families 143 

have paralogous DNA-binding domains and recognize similar motif sequences; however, we confidently 144 

associate chromatin decondensation to KLF factors and chromatin condensation to SP factors (Supplemental 145 

Fig. S1I). The SP family is composed of canonical activators (McKnight and Kingsbury, 1982), therefore SP 146 

TFs are likely dissociating from the chromatin to reduce accessibility. Although we ascribe opening and closing 147 

functions to the KLF and SP families, it is impossible to determine the relative contribution of KLF and SP 148 

factors at any individual motif. We believe that the dual enrichment of KLF motifs at both increased and 149 

decreased peak summits is due to erroneous classification of SP-bound REs as KLF-bound REs. This 150 

complication is not limited to closely related motifs, as many dynamic peaks contain multiple factor binding 151 

motifs, making it difficult to isolate the contribution of individual factors. To address this complication, we 152 

plotted the changes in accessibility at dynamic peaks that contain only a single motif (Fig. 1F). This confirmed 153 

that the majority of isolated AP-1, GR, CEBP, and KLF motif-containing peaks increase in accessibility, while 154 

TWIST and SP motif-containing peaks decrease. The biological interpretation of these results is that the 155 

adipogenic cocktail activates members of the AP-1, GR, CEBP, and KLF TF families both directly and through 156 

transcriptional activation of family member genes, leading to RE binding and chromatin decondensation. SP 157 

and TWIST motifs are associated with decreased accessibility. TFs can act as repressors by binding to 158 

chromatin and recruiting chromatin modifiers such as deacetylases. Alternatively, dissociation of an activating 159 

TF can lead to gene repression. These results confirm the importance of several TF families and suggest that 160 

previously unappreciated TF families, such as TWIST, contribute to adipogenesis. 161 

 162 
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SP, NRF, E2F6, KLF, and AP-1 factor motifs are associated with bidirectional transcription at regulatory 163 

elements 164 

 165 

Coordinate TF binding ultimately results in the recruitment of RNA polymerases and initiation of 166 

transcription. In mammals, core promoters and enhancers often lack sequence information that consistently 167 

orient initiating RNA polymerases (Core et al. 2014). Therefore we sought to identify bidirectional transcription 168 

signatures as a complement to chromatin accessibility assays to identify REs (Core et al. 2008; Danko et al. 169 

2013; Seila et al. 2008). We captured the short lived divergent transcripts found at active REs with PRO-seq in 170 

parallel with the ATAC-seq adipogenesis time points (Fig. 1A). We used discriminative regulatory-element 171 

detection (dREG) to identify peaks of bidirectional transcription from our PRO-seq data (Wang et al. 2019). We 172 

identified over 180,000 dREG peaks (Fig. 2A & B) and 18% change significantly over the time course 173 

(Supplemental Fig. S2A). ATAC-seq and PRO-seq measure distinct but related biological phenomenon, 174 

therefore they identify different but overlapping sets of REs. Approximately 22% of dynamic dREG peaks 175 

overlap with dynamic ATAC-seq peaks, compared to 20% of dynamic ATAC-seq peaks in the inverse 176 

comparison. To further analyze the two classes of REs, we separated the dynamic dREG and ATAC-seq 177 

peaks into intragenic, intergenic, and promoter regions (Fig. 2C). Both methods effectively identify REs within 178 

promoters (Supplemental Fig. S2B). We find PRO-seq more sensitively detects intragenic REs relative to the 179 

other categories, while ATAC-seq efficiently detects intergenic REs. We closely evaluated the overlap between 180 

ATAC and dREG peaks by plotting PRO-seq signal at ATAC peaks and vice versa (Supplemental Fig. S2C). 181 

We observe the distinctive bidirectional transcription signature at ATAC peaks irrespective of whether or not 182 

the ATAC peaks intersect dREG peaks. The signature is less intense at ATAC-seq peaks that do not overlap 183 

dREG peaks. Likewise, ATAC-seq signal is enriched at dREG-peaks that do not overlap ATAC-seq peaks 184 

(Supplemental Fig. S2D). Moreover, dREG peaks within intergenic, intragenic, or promoter regions that do not 185 

overlap with ATAC-seq peaks have less bidirectional transcription (Supplemental Fig. S2E). Although we find 186 

that bidirectional transcription and accessibility do not perfectly correlate, we are likely underestimating the 187 

extent of accessibility and bidirectional transcription overlap. 188 

 189 
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We sought to identify TFs that drive bidirectional transcription by further characterizing PRO-seq-190 

defined REs. We hypothesized that different sets of TF motifs are enriched within REs defined by ATAC-seq 191 

and PRO-seq. For instance, the cognate motifs of TFs that recruit initiation machinery may be preferentially 192 

enriched at dREG-defined REs. We performed de novo motif analysis on dynamic dREG peaks and found 193 

enrichment of AP-1, SP, KLF, NRF, and E2F6 motifs (Fig. 2D). Of these, only the E2F6 motif was not also 194 

enriched in ATAC-seq peaks. We plotted motif density around the summits of either dynamic ATAC or dREG 195 

peaks to further differentiate ATAC and dREG-defined REs (Fig. 2E & Supplemental Fig. S2F). Of the motifs 196 

found de novo in dREG peaks, only E2F6, NRF, and SP were more enriched in dynamic dREG versus 197 

dynamic ATAC-seq peaks. We hypothesize that these three factor families regulate bidirectional transcription 198 

in adipogenesis. The SP motif is found in over 25% of human and mouse promoters, making the SP motif the 199 

most enriched cis-regulatory element (RE) within promoters (Benner et al. 2013). To determine whether 200 

divergent transcription signatures found at SP motifs are dominated by SP factors within promoters, we plotted 201 

plus and minus strand nascent transcription at all SP motif instances (Fig. 2F top). Indeed, when SP motifs 202 

within promoters are removed from the composite input, divergent transcription peaks collapse (Fig. 2F 203 

bottom). We also observe this phenomenon with E2F6 and NRF motifs (Supplemental Fig. S2G), implying that 204 

these factors and SP preferentially regulate divergent transcription at promoters. Next, we wanted to determine 205 

whether SP, NRF, and E2F6 motifs within promoters associate with increasing or decreasing divergent 206 

transcription. We find that bidirectional transcription tends to decrease in REs with dREG-enriched motifs as 207 

opposed to those without dREG-enriched motifs (Fig. 2G). This further supports the previous conclusions that 208 

SP and NRF motifs associate with decreases in RE activity (Fig. 1E & Supplemental Fig. S1H). We find distal 209 

regulatory elements are more likely to exhibit accessibility changes while promoters are more likely to exhibit 210 

bidirectional transcription changes.  211 

 212 

Defining predicted TF binding events as trans-edges in the network 213 

 214 

We determined candidate functional TFs within the set of REs by searching for over-represented 215 

sequence motifs and determining the expression levels of TF family members. However, inferring TF binding 216 
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from accessibility, motif, and expression data at any individual site remains a challenge (Guertin et al. 2012; Li 217 

et al. 2019). In addition to chromatin accessibility, expression of the TF, and presence of the TF’s cognate 218 

motif, we leverage the change in accessibility over the time course to infer TF binding and dissociation events 219 

in adipogenesis. We term these predicted changes in TF occupancy, which are directed linkages from TFs to 220 

REs, as trans-edges in our networks. For simplicity, we refer to trans-edges as factor binding or dissociation 221 

events. 222 

 223 

We define the following rules for trans-edge inference: 1) The RE must first be defined as an ATAC-seq 224 

peak at any time point. 2) The binding motif of the upstream TF must be present in RE. 3) Chromatin 225 

accessibility must change significantly between two time points to infer binding or dissociation. 4) The direction 226 

of accessibility changes must match with the molecular function of the TF as defined in Fig. 1. 5) Members of 227 

the TF family must be expressed at the appropriate time point; for example, the TF must be expressed at the 228 

later time point for binding and the earlier time point for dissociation. 6) GR, AP-1, and CEBP are directly 229 

activated by the adipogenic cocktail, so we infer edges from expressed family members to REs from 0-20 230 

minutes. We necessitate that the nascent RNA expression of the other TFs changes significantly to infer trans 231 

edges from their genic node to an RE node. Mechanistically, TFs have short residency times on DNA and they 232 

are continually binding and dissociating from their sites in vivo (Chen et al. 2014; McNally et al. 2000). When 233 

we refer to inferred binding and dissociation within the network, we are strictly referring to overall changes in 234 

occupancy at a genomic site within the population of cells.  235 

 236 

The following examples highlight implementations of these rules. The Nr3c1 gene, which encodes GR, 237 

decreases expression immediately upon treatment (Supplemental Fig. S3A). We suggest that the rapid 238 

transcriptional repression of Nr3c1 is the reason GR-associated increases in accessibility are transient. 239 

Therefore, we restrict binding edges attributed to GR to the first 40 minutes of the time course. We attribute 240 

any significant decreases in accessibility at inferred GR binding REs observed at later time points to 241 

dissociation of GR. We label these edges with a dissociation attribute. In the case of SP, we find that Sp1, Sp3, 242 

and Sp4 are all repressed early in the time course (Supplemental Fig. S3B). We hypothesize that the delayed 243 
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accessibility decrease associated with SP motifs is due to transcriptional repression and natural turnover of the 244 

SP pool, which results in overall dissociation of SP on chromatin (Fig. 1F). We restrict trans-edges for SP to 245 

the later part of the time course. Conversely, we observe Twist2 gene activation early in the time course 246 

(Supplemental Fig. S3C). Therefore, we predict that TWIST-associated repression is a result of increased 247 

TWIST binding and recruitment of negative cofactors. Twist2 expression levels have returned to baseline in 248 

mature adipocytes (Supplemental Fig. S3D), suggesting that TWIST’s effects are transient and can only be 249 

captured with an early, high-resolution time course. By focusing only on the REs that change accessibility and 250 

integrating with transcription data, we infer TF binding and dissociation events that drive adipogenesis. 251 

 252 

We integrated publicly available TF ChIP-seq datasets to assess the performance of trans-edge 253 

inference. Specifically, we incorporated ChIP-seq profiling of AP-1 (cJun and JunB), KLF (KLF4 and KLF5), 254 

CEBPβ, and GR (Siersbæk et al. 2014, 2011). All these experiments were performed in 3T3-L1 preadipocytes 255 

at 4 hours of differentiation. Furthermore, we integrated TWIST2 ChIP-seq data from myoblasts 256 

overexpressing 3x-Ty1 tagged TWIST2 protein (Li et al. 2019). Both the difference in cell type and the 257 

disruption of normal TWIST2 function due to overexpression renders this dataset a poor comparison for our 258 

system. Nevertheless, we found that 55-70% of our inferred binding events for these factors overlap called 259 

ChIP-seq peaks (Supplemental Fig. S3E). The one exception was for GR, which exhibited a much lower 260 

degree of overlap (35%). This is consistent with our network, which suggests that GR binds and dissociates 261 

rapidly from the chromatin at many sites and would not be expected to be bound at the 4 hour ChIP-seq time 262 

point. Furthermore, CEBP, GR, and KLF regulatory elements that exhibit sustained high accessibility (i.e. 263 

nonattenuated) displayed a higher degree of overlap with ChIP-seq peaks than those that did not, suggesting 264 

that our ATAC-seq dynamics captured fluctuations in factor binding. In addition, we plotted composite ChIP 265 

signal at our predicted binding sites and found a strong enrichment in signal at REs that overlap with ChIP-seq 266 

peaks (Supplemental Fig. S3F). We also observed a weaker enrichment of ChIP signal around inferred binding 267 

events that do not overlap with ChIP-seq peaks, suggesting weaker binding events at these locations were 268 

overlooked in ChIP-seq peak calling. However, it is also possible that the enrichment in ChIP-seq signal at 269 

these regions reflects underlying accessibility rather than actual factor binding. We note that ChIP assays are 270 
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limited by antibody specificity, control data sets, and peak thresholding. Regardless, these ChIP-seq data 271 

validate the predictive power of using dynamic ATAC signal and the presence of sequence motifs to infer factor 272 

binding. 273 

 274 

Proximal changes in accessibility are tightly linked to transcription 275 

 276 

Chromatin accessibility positively correlates with local gene transcription. We confirmed this assertion 277 

by quantifying transcription of genes within 10 kilobases (kb) of dynamic ATAC-seq peak sets that exclusively 278 

increase or decrease accessibility (Fig. 3A). The majority of genes (63%) with one proximal increasing ATAC-279 

seq peak are activated, likewise 68% of genes proximal to a single decreasing ATAC-seq peak are repressed. 280 

Genes near two or more increased accessibility peaks are much more likely to be associated with transcription 281 

activation, and vice versa (Fig. 3A). To further validate this association and explore the relationship between 282 

RE and target gene distance, we focused on all genes near one dynamic peak and stratified gene/peak pairs 283 

based on distance between the TSS and peak summit (Supplemental Fig. S3G-I). The closer the peak and the 284 

gene, the more likely gene transcription and peak accessibility correlate in the same direction. This result 285 

indicates that proximal REs have a greater impact on gene expression than distal elements. Moreover, we 286 

plotted change in gene transcription against distance-scaled local accessibility changes and observed the 287 

expected positive correlation between transcription and accessibility at both early and late phases of the time 288 

course (Supplemental Fig. S3J & K). These findings indicate that both accessibility dynamics and distance are 289 

important factors when considering the relationship between REs and genes.  290 

 291 

We incorporated the distance between REs and genes as well as covariation in their accessibility and 292 

transcription to infer functional links, termed cis-edges, in our networks. We define cis-edges as predicted 293 

regulatory relationships between REs and genes. For example, if GR binds a regulatory element within a 294 

gene’s promoter and induces gene activation, we draw a cis-edge between the RE and the gene. Within the 295 

network, we assign GR as an attribute to the edge. To confidently infer and annotate cis-edges, we must 296 

assess whether a class of TFs is associated with increasing or decreasing transcription. Since the distance 297 
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between a RE and a gene influences the likelihood that accessibility and transcription will covary, we classified 298 

the function of a TF class within the context of adipogenesis by determining if peaks with a cognate TF motif 299 

are closer to activated or repressed gene classes. We expected that factor families associated with decreases 300 

in accessibility, like SP, would be closer to repressed genes on average. To test this hypothesis, we first 301 

categorized genes as significantly activated, repressed, or unchanged for each pairwise comparison within the 302 

time course. For example, Klf5 (Fig. 3B left panel) is one of a subset of 4225 genes immediately activated from 303 

0 to 20 minutes (Fig. 3B right panel). Plotting the cumulative distribution function (CDF) for genes against the 304 

distance between the closest peak summit and the gene TSS shows that GR peaks tend to be closer to the 305 

4225 activated genes compared to the repressed or unchanged genes (Fig. 3C). To estimate the maximum 306 

range that a factor can act, we plotted the difference between the repressed gene class CDF against the 307 

unchanged gene class CDF against distance between gene and peak (Fig. 3C inset). We find that the 308 

difference in the CDFs plateaus at around 114 kb, meaning that inferred GR binding events accumulate at the 309 

same rate for activated and unchanged genes at distances greater than 114 kb. This distance constraint 310 

represents an empirical observation that suggests a maximum regulatory distance in this system. It is possible 311 

that we would detect a different constraint in another cellular context due to differences in genomic architecture 312 

and regulatory environment. Immediately repressed genes like Stat1 are closer to SP peaks than control gene 313 

sets (Fig. 3D & E). This analysis indicates that SP acts very proximal to its target genes, with an actionable 314 

range of less than 2 kb (Fig. 3E inset). This finding is consistent with our previous conclusions that decreased 315 

SP peaks are primarily found in promoters (Fig. 2F). Our observed maximal distances represent a 316 

hypothesized maximal actionable distance for factor activity in 3T3-L1s. However, we anticipate that optimal 317 

distance for most factors is much closer to target genes than these maxima. Therefore, we apply a closer 318 

distance threshold when inferring regulatory relationships between individual REs and genes as described in 319 

the next section. The lower thresholds increase our confidence in our predicted cis-edges. 320 

 321 

Linking REs to target genes 322 

 323 
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We incorporate these biological principles into logical rules to define cis-edge predictions within an 324 

adipogenesis network. We develop our rules to maximize confidence in our predicted regulatory interactions. 325 

First, a gene and regulatory element must be within 10 kb to infer a cis-edge. Second, RE accessibility and 326 

gene transcription must covary over the same time range. These two logical rules provisionally link REs and 327 

genes, then we employ additional rules that reflect the biology of individual TFs. For instance, the 10 kb 328 

distance metric is made more strict for factors like SP, for which the functional distance constraint as 329 

determined in Fig. 3E is less than 10 kb. Temporal rules also influence edge predictions. For instance, GR-330 

bound REs are only significantly closer to genes activated in comparison to the 0 minute time point such as the 331 

20 vs. 0 comparison (Fig. 3C), meaning that genes activated later in the time course cannot be directly 332 

activated by GR binding in the network. Therefore, as with trans-edges, we only infer cis-edges between GR-333 

bound REs and genes that change early in the time course. Incorporating these observations into our cis-edge 334 

rules we infer direct functional relationships between regulatory elements, bound TFs, and changes in target 335 

gene expression. 336 

 337 

Constrained networks identify genes regulated combinatorially or by individual TF families 338 

 339 

Quantifying nascent transcription with PRO-seq maps the position and orientation of RNA polymerase 340 

with base-pair resolution. Nascent transcriptional profiling captures engaged RNA polymerase species 341 

throughout the genome, including intragenic features such as the proximal promoter and gene body. We can 342 

infer regulatory mechanisms of gene sets by quantifying relative changes in RNA polymerase density within 343 

the pause region and gene body. For instance, if the rate of RNA polymerase pause release increases 344 

between conditions, we expect that the signal in the pause region to decrease and the gene body signal to 345 

increase. Previous studies focus on biological systems where one TF dominates the response, such as ER, 346 

HSF, and NF-kB (Danko et al. 2013; Duarte et al. 2016; Hah et al. 2011). In these systems, the composite 347 

RNA polymerase signals at activated genes highlight differences in densities between pause and gene body 348 

compartments (Danko et al. 2013; Duarte et al. 2016; Hah et al. 2011; Sathyan et al. 2019). A complication in 349 

our system is that multiple TFs cooperate to drive transcription changes, making it difficult to identify the target 350 
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steps (i.e. initiation, pause release) that TFs regulate. In order to address this complication, we identified genes 351 

that are predominantly regulated by a single TF in our network. 352 

 353 

We constructed a bipartite network inferring changes in TF binding (trans edges) that regulate 354 

downstream changes in transcription (cis edges). Genes and REs can be regulated or bound by either one or a 355 

combination of TFs. For example, we constructed a constrained network with RE and gene nodes downstream 356 

of individual TFs, including AP-1. In this network, 1224 genes are solely activated by AP-1 and 1847 genes 357 

activated by AP-1 and at least one other factor (Fig. 4A). Most REs downstream of AP-1, both individually and 358 

combinatorially bound, are not linked to any downstream genes (12608 v. 4829). This network highlights a 359 

paradigm in the transcription field that a minority of TF binding events lead to changes in gene expression 360 

(Spradling et al. 1975; Westwood et al. 1991). We constructed similar networks for GR (Fig. 4B), SP (Fig. 4C), 361 

CEBP (Supplemental Fig. S4A), KLF (Supplemental Fig. S4B), and TWIST (Supplemental Fig. S4C). These 362 

networks illustrate the interconnectivity of gene regulation, while simultaneously identifying genes that are 363 

predominantly regulated by individual factors. 364 

 365 

To extract mechanistic information from genes regulated by only one TF, we plotted composite RNA 366 

polymerase density from our PRO-seq data around pause peak summits at different time points for the isolated 367 

genes (Fig. 4D, E, F & Supplemental Fig. S4D, E, F). The resulting traces show the characteristic pause peak 368 

centered around 0 followed by release of the RNA polymerase into the gene body. Examining RNA 369 

polymerase density traces of genes only activated by AP-1 at 60 and 40 minutes show an increase in density 370 

in the pause region, suggesting increased RNA polymerase recruitment to AP-1-activated genes (Fig. 4D). 371 

These time points were chosen because AP-1 peaks are closest to genes activated between 60 and 40 372 

minutes, suggesting that AP-1 exerts the most transcriptional control during this time range. At first glance we 373 

see a similar result for GR when comparing traces from 0 and 20 minutes (Fig. 4E). However the situation 374 

becomes more complex when considering the ratio of pause density to gene body density, or pause index (PI). 375 

The PI for genes regulated solely by AP-1 increases on average from 40 minutes to 60 minutes (Fig. 4D inset). 376 

Conversely, the PI for 71% of genes regulated solely by GR decreases on average between 0 and 20 minutes. 377 
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This suggests that GR primarily activates transcription by inducing pause release (Fig. 4E inset). The affected 378 

step is unique to the factor, as isolated AP-1 genes don’t exhibit the decrease in pause index from 0 to 20 379 

minutes observed with isolated GR genes (Supplemental Fig. S4G inset). Isolated GR genes show increases 380 

in pause index later in the time course, likely due to GR dissociation from the genome after the early phase of 381 

the time course and an associated decrease in pause release rate (Supplemental Fig. S4H). As for repressed 382 

genes, we find a decrease in pause peak and gene body intensity in predicted SP and TWIST target genes 383 

(Fig. 4F & Supplemental Fig. S4F). We find that SP target genes demonstrate a more symmetrical distribution 384 

of pause indices (Fig. 4F inset). While it is likely that these factors affect PolII recruitment, we sought to 385 

develop a more rigorous approach to determine how changes in initiation and pause release rates can account 386 

for observed changes in PolII density. 387 

 388 

Modeling changes in regulatory transcription steps 389 

 390 

We developed a mathematical model to further characterize how TFs target specific steps in the 391 

transcription cycle. Our model breaks up the gene unit into two compartments: a pause region and gene body 392 

region. PRO-seq directly measures RNA polymerase density within these regions for each gene. We define a 393 

series of differential equations to model polymerase density as measured by PRO-seq within the two 394 

compartments (Fig. 5A). We establish rate constants representing different transcriptional steps, namely RNA 395 

polymerase recruitment / transcription initiation (kinit), premature termination (kpre), pause release (krel), and 396 

elongation (kelong) The values of the rate constants determine the predicted density within the two 397 

compartments. We vary the rate constants for kinit, kpre, and krel over two orders of magnitude and vary kelong 398 

rate from 600 to 6000 bases per minute to determine the effect on pause and gene body density and how the 399 

model compares to observed changes. We make the assumption that kelong remains constant between time 400 

points. Since krel and kinit are opposing rates in the model, we cannot distinguish an increase in one rate from a 401 

decrease in another. To simplify the model, we keep kpre constant between time points. We determine how 402 

changes in kinit combined with krel changes can account for the average density changes for the 174 isolated 403 

GR-regulated genes from Fig. 4E. A wide range of rate parameters can describe the initial pause and gene 404 

 Cold Spring Harbor Laboratory Press on June 23, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


 

 

body densities, but regardless of the initial rates, a narrow fold-change in these rates can account for the 405 

observed changes between time points (Fig. 5B). We find that a ~1.07-fold increase in recruitment / initiation 406 

and a ~1.50-fold increase in pause release explain the changes in compartment occupancy between 0 and 20 407 

minutes (Fig. 5B left). We calculated the absolute rate of initiation and residency time of PolII in the pause 408 

region based on the models and plotted a simulated PolII profile (Fig. 5C). For this simulation, we chose the 409 

parameter set with an elongation rate closest to the established consensus rate of approximately 2500 bases 410 

per minute (Ardehali and Lis, 2009; Jonkers and Lis, 2015). Estimated pause residency time drops from 29 411 

seconds to 19 seconds between 0 and 20 minutes as a result of the rate constant changes. Taking a similar 412 

approach, an ~0.78-fold decrease in recruitment / initiation rate with a ~0.94-fold change in pause release rate 413 

produces observed changes in PolII occupancy between 60 and 120 minutes for the 1127 isolated SP genes 414 

(Fig. 5B middle). This corresponds to an initiation / recruitment rate reduction from 15.1 to 11.9 polymerase 415 

molecules per minute (Fig. 5D). If SP factors normally stimulate initiation, then mass action would explain 416 

dissociation of SP factors upon transcriptional repression of SP genes. Previous studies link SP1 to 417 

transcriptional initiation through interaction with the TFIID general TF (Gill et al. 1994). The observed changes 418 

in RNA polymerase composite profiles between 40 and 60 minutes at AP-1 target genes are explained by 1.27 419 

to 1.39-fold increases in initiation rate and 0.85 to 0.93-fold decreases in pause release rate (Fig. 5B right). 420 

These relative changes in kinit and krel for AP-1 targets do result in gene activation, but it was unexpected that 421 

the profiles are explained by a decrease in krel. Since composite profiles represent the average of all included 422 

genes, it is possible that the composite represents a diverse set of genes that are regulated by different AP-1 423 

family members. We speculate that we could gain a more clear insight if we were able to deconstruct the AP-1 424 

targets and identify gene targets of specific AP-1 factors. The above analyses indicate that we can deconvolve 425 

complex transcriptional networks to identify gene targets of individual TFs and determine which steps in the 426 

transcription cycle each TF preferentially regulates.  427 

 428 

We applied this model and approach to a separate PRO-seq dataset of the C7 B cell line treated with 429 

dexamethasone to determine whether GR regulates pause release within a different system in which GR is 430 

specifically activated. We identified 70 genes activated by dexamethasone treatment. The pause index of 80% 431 
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of these genes decrease between 0 and 60 minutes (Supplemental Fig. S5A). Compartment modeling of these 432 

genes showed that a ~1.33-fold increase in pause release rate explained the observed changes in PolII 433 

density at the activated genes (Supplemental Fig. S5B & C). These validation results support the role of GR 434 

regulating pause release and highlight the power of predicting the molecular function of transcription factors 435 

within complicated regulatory cascade networks generated from kinetic PRO and ATAC data. 436 

 437 

TFs cooperate to bind REs and activate gene expression 438 

 439 

AP-1, CEBP, GR, and KLF bind REs either individually or in combination in order to activate 440 

expression. We classify REs based on the combination of factors that bind and drive accessibility changes. 441 

Likewise, we classify genes based on which TFs are immediately upstream in the network. Genes activated by 442 

the same combination of factors can be downstream of different classes of REs. We use genes activated by all 443 

4 of AP-1, CEBP, GR, and KLF to illustrate potential regulatory scenarios. These genes may be downstream of 444 

a single RE that binds all factors (Fig. 6A orange). Alternatively, the gene may be downstream of a pair of REs 445 

each binding 2 factors (Fig. 6A purple), 3 and 1 (Fig. 6A blue), or more complicated regulatory schemes (Fig. 446 

6A green). All 15 possible classes of REs contribute to activation of the 82 genes downstream of AP-1, CEBP, 447 

GR, and KLF (Fig. 6B & S6A). The largest population of RE classes is isolated AP-1 peaks with 8794, while 448 

peaks bound by all activating factors is the smallest category with 74. The distribution of gene classes 449 

generally mirrors the distribution of RE classes, with isolated AP-1 genes being the largest class. As discussed 450 

above, all factors activate more genes in combination than in isolation. There are comparatively few 451 

combinatorially-regulated genes without AP-1 contribution (1924 with AP-1 v. 149 without). This finding, along 452 

with the high number of genes regulated by AP-1, underscores the importance of the AP-1 family in the 453 

network. While the bulk of negatively regulated genes are downstream of either SP or TWIST, approximately 454 

20% are affected by both TWIST-mediated repression and SP-mediated attenuation (Supplemental Fig. S6B).  455 

 456 

We did not observe a significant relationship between magnitude of RE accessibility change and 457 

number of regulatory factors (Supplemental Fig. S6C). We found that the relative change in transcription 458 
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positively correlates with the number of immediate upstream activators in the network (Supplemental Fig. 459 

S6D). Normalizing transcriptional change by local accessibility change eliminates the observed correlation 460 

between transcription and number of regulatory factors (Supplemental Fig. S6E). We confirmed this 461 

observation by plotting transcription of all predicted target genes against total local accessibility stratified by the 462 

number of regulatory factors and peaks (Supplemental Fig. S7). We find that more local regulatory peaks, 463 

which corresponds to greater total local accessibility, correlates with a greater magnitude of transcription. 464 

However, the number of regulatory factors largely does not affect transcription. Therefore, we find that 465 

transcription is positively correlated with total local accessibility change, regardless of the number of factors 466 

effecting that change. We conclude that if a gene is regulated in the network, the magnitude of expression 467 

change is independent from the number of upstream TFs. 468 

 469 

Since the degree of activation and repression are unrelated to the number of upstream factors, we 470 

asked if having multiple TFs upstream in the network influences whether a gene is dynamic. To determine 471 

whether two TFs cooperate with one another we considered genes close to dynamic peaks with either a single 472 

TF motif or both TF motifs. We determine if the fraction of dynamic and nondynamic genes proximal to a TF is 473 

influenced by the presence of another TF. We define TF-proximal genes as genes that are close to dynamic 474 

ATAC peaks containing the TF motif. We find that there is no difference between the fraction of GR-proximal 475 

activated genes in the absence of AP-1. However, there is an increase in the fraction of activated genes 476 

proximal to GR in the presence of AP-1 (Fig. 6C). The reciprocal analysis shows that AP-1 is a more effective 477 

activator in the presence of GR (Fig. 6D). These results support the model that AP-1 and GR coordinate with 478 

one another to increase the likelihood of gene activation. The repressive factors TWIST and SP do not seem to 479 

work together in this way. The fraction of repressed genes proximal to TWIST increases regardless of the 480 

presence of SP (Fig. 6E). This suggests that TWIST functions largely independently of SP, supporting our 481 

hypothesis that the two TFs result in gene repression through unrelated mechanisms (Supplemental Fig. S3B 482 

& C). We find a lower proportion of repressed genes proximal to SP motifs both in the presence and absence 483 

of TWIST (Fig. 6F). We speculate that these genes tolerate dissociation of SP and maintain their expression 484 

levels despite local decreases in chromatin accessibility. In support of this explanation, we find higher basal 485 
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transcription and lower magnitude of repression in genes proximal to SP, suggesting these genes are more 486 

actively transcribed before loss of SP (Supplemental Fig. S6F & G). These results highlight the complexity of 487 

gene regulatory control and how kinetic networks reveal coordinate and independent relationships between 488 

transcription factors.  489 

 490 

Multi-wave networks incorporate molecular dynamics and kinetic information 491 

 492 

We further interrogate the adipogenesis gene regulatory network by leveraging temporal information to 493 

infer multiple waves of accessibility and transcriptional changes throughout the time course. The importance of 494 

TFs can be inferred by the number of predicted direct target genes (Fig. 6) or the total number of connected 495 

downstream genes. The latter is captured by temporal multi-wave network depictions. We assembled a 496 

representative multi-wave deep network (Fig. 7A). The differentiation cocktail induces AP-1 and GR binding to 497 

thousands of REs to activate thousands of genes; binding at 4 of these REs results in activation of the Twist2 498 

gene (Fig. 7A & B). The resulting TWIST2 protein returns to the nucleus and binds hundreds of REs and 499 

represses its target genes. Among the hundreds of repressed TWIST2 target genes are the late (40+ minutes) 500 

acting factors Sp1 and Sp3 (Fig. 7C). The decreased occupancy of SP transcription factors from the genome 501 

leads to decreases in RE accessibility and attenuation of gene expression. Our network suggests that SP1/3 502 

dissociation and TWIST2 binding leads to repression of Srf (Fig. 7D). We hypothesize that if we were to extend 503 

the time course, we would identify the SRF binding motif in REs decreasing in accessibility beyond 4 hours as 504 

result of attenuated transcription.  505 

 506 

Many genes activated in the early phase of the time course are repressed later on, either through active 507 

repression or factor dissociation. We detect these negative feedback loops for each activating TF 508 

(Supplemental Fig. S8A). About 63% of AP-1, 74% of CEBP, and 80% of GR cis-edges are transient. Only 509 

27% of KLF cis-edges are attenuated, suggesting that KLF-mediated activation is less transient and less 510 

dependent on the extracellular stimuli found in the adipogenic cocktail. Similarly, a minority of TWIST cis-edges 511 

and no SP cis-edges are attenuated, indicating that SP and TWIST factors mediate sustained repression. A 512 
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much smaller proportion of trans-edges are attenuated, implying that accessibility changes downstream of 513 

factor binding and dissociation are more stable (Supplemental Fig. S8B) than changes in nascent transcription. 514 

 515 

We find that regulatory potential for each TF varies greatly throughout the time course. AP-1, CEBP, 516 

and GR activate the most genes during the initial phase of the time course, indicating that these TFs 517 

precipitate the initial wave of signaling during the first 20 minutes. Transcriptional activation of TWIST and KLF 518 

family genes by the initial factors leads to the next wave of signaling after 20 minutes (Fig. 7B and 519 

Supplemental Fig. S8C). We begin to detect changes in accessibility at KLF- and TWIST-bound REs as early 520 

as 20 minutes (Supplemental Fig. S8D), however these presumptive binding events do not manifest as 521 

detectable changes in nascent transcription until 40 minutes (Fig. 7E). Although we had originally expected 522 

changes in accessibility and transcription to be observed concomitantly, these data show that we have the 523 

sensitivity to detect changes in RE accessibility before changes in transcription.  524 

 525 

In addition to the TFs whose activity is stimulated by the adipogenesis cocktail, we identify transcriptionally 526 

regulated TF genes that are highly connected nodes within the network. The Twist2 gene is the most highly 527 

connected node and directly affects accessibility and transcription of thousands of downstream nodes by 528 

binding REs and repressing proximal genes (Fig. 7F). TWIST2 acts through intermediate factors, such as SP, 529 

AP-1, GR, to repress thousands of additional genes. In the case of SP, TWIST2 mediated repression of Sp1 530 

and Sp3, results in SP dissociation and activation attenuation of downstream genes. TWIST2-mediated 531 

repression of AP-1 factors causes AP-1 dissociation and attenuation of AP-1-mediated activation. The 532 

cumulative result from both direct TWIST2 action and indirect dissociation / attenuation of TWIST2-targeted TF 533 

families affects accessibility at 12662 REs and 4574 genes. We believe that TWIST2 may have been 534 

overlooked as an important adipogenic TF because Twist2 is only transiently activated (Supplemental Fig. 535 

S3C), but this kinetic network implicates TWIST2 as a critical intermediary in the adipogenesis cascade. 536 

 537 

TWIST2 represses predicted target genes 538 

 539 
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We tested whether inferred TWIST2-repressed target genes from the network increase expression upon 540 

Twist2 depletion. We used two different shRNA sequences (v1 & v2) to knockdown Twist2 and harvested RNA 541 

for RNA-seq at 0, 1, 2, and 4 hours after switching cells into differentiation media. We observed a ~50%-75% 542 

reduction of Twist2 expression prior to differentiation (Fig. 8A & Supplemental Fig. S9A). Unlike PRO-seq, 543 

RNA-seq requires mature mRNA accumulation above baseline signal to detect activation and RNA 544 

degradation to detect repression. Therefore many observed transcriptional changes at nascent RNA level take 545 

much longer to be detected at the mature RNA level. To this point, we find 32094 total genes expressed in the 546 

control RNA-seq data set compared to 13122 in the PRO-seq data set. This suggests that of all the genes 547 

detected by RNA-seq, only ~40% are actively transcribed. Furthermore, we identify 285 dynamic genes over 548 

the first hour of differentiation by RNA-seq versus 9201 by PRO-seq, underscoring the sensitivity of PRO-seq 549 

for detecting transcription changes over short time intervals. For RNA-seq analysis we only focused on the 520 550 

predicted TWIST2 targets that are significantly repressed in both the PRO-seq and RNA-seq time courses. The 551 

other 547 predicted TWIST2 target genes from the network are not detected as repressed by conventional 552 

RNA-seq, so we would have no power to detect derepression upon Twist2 depletion. Approximately 66% of the 553 

examined genes were expressed at higher levels at baseline in the Twist2 knockdown as compared to the 554 

control, supporting our hypothesis that TWIST2 directly represses the majority of our predicted targets (Fig. 8B 555 

& Supplemental Fig. S9B). This result is likely an underestimate of the specificity of our network, because the 556 

cells can compensate for chronic RNAi-mediated depletion of Twist2. 557 

 558 

We then measured the effect of chronic Twist2 depletion on differentiation-induced transcription. Twist2 559 

was activated in both the control and the knockdown samples, supporting our PRO-seq results (Fig. 8A & 560 

Supplemental Fig. S3C). Twist2 was more strongly activated in the knockdown sample than in the control 561 

(~3.1-fold to ~2-fold). This is likely because the RNAi machinery cannot keep up with the dynamic 562 

accumulation of Twist2 transcripts in the hours following treatment with the differentiation cocktail. Since we 563 

inferred that TWIST2 represses target genes in this system, then we would expect a greater degree of 564 

repression over the time course in the knockdown samples due to the relatively greater accumulation of 565 

TWIST2 protein. This analysis more directly tests the accuracy of predicting TWIST2-target genes compared to 566 
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chronic knockdown. We find that ~75% of the predicted targets are repressed to a greater magnitude in the 567 

shTwist2 samples compared to the control knockdown (Fig. 8C). We observe supporting results with a second, 568 

less effective knockdown (Supplemental Fig. S9C). The above findings support the conclusions from the 569 

network and indicate that TWIST2 is a transcriptional repressor of predicted target genes in 3T3-L1 570 

differentiation. 571 

 572 

TWIST2 influences differentiation of 3T3-L1s and primary preadipocytes 573 

 574 

To test TWIST2’s effect on differentiation of preadipocytes, we depleted TWIST2, induced 575 

differentiation of 3T3-L1s, and measured lipid uptake after 6 days of differentiation. We stained differentiated 576 

adipocytes with Oil Red O and measured absorbance at 540nm to quantify lipid uptake. Lipid accumulation is a 577 

cellular phenotype that acts as a proxy measurement for adipogenesis. Lipid uptake increased with shTwist2 578 

treatment compared to shControl within each experiment, suggesting that TWIST2 expression negatively 579 

regulates differentiation in the 3T3-L1 system (Fig. 8D). As an orthogonal approach, we designed and 580 

transduced a tetracycline-inducible 3xFLAG-tagged human Twist2 construct into 3T3-L1 cells (Supplemental 581 

Fig. S9D). After 6 days of differentiation, 3T3-L1s overexpressing Twist2 exhibited decreased Oil Red O 582 

staining (Fig. 8E & Supplemental Fig. S9E), supporting our previous finding that TWIST2 expression reduces 583 

3T3-L1 differentiation. 584 

 585 

Next, we extracted preadipocytes from inguinal white adipose tissue (WAT) of 3 day old Twist2+/- pups. 586 

We induced differentiation in the primary preadipocytes and found that preadipocytes derived from 587 

heterozygous mice differentiated to a greater extent than those derived from wild type mice (Fig. 8F & 588 

Supplemental Fig. S9F). The 3T3-L1 and primary cultured preadipocyte results indicate that TWIST2 opposes 589 

induced differentiation in both in vitro and ex vivo contexts. 590 

 591 

We found that Twist2+/- mice have a deficiency of dermal and subcutaneous white adipose tissue in the 592 

skin (Fig. 8G). Twist2-/- mice have fewer and smaller fat droplets within interscapular brown adipose tissue 593 
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(BAT) deposits (Fig. 8H). Other groups have reported loss of subcutaneous fat and a paucity of fat storage in 594 

Twist2-/- mice (Kim et al. 2022; Šošić et al. 2003; Tukel et al. 2010). We postulate that TWIST2 acts as a 595 

‘brake’ on adipogenesis, preventing cell exhaustion and apoptosis during the differentiation process. Regulated 596 

braking of adipogenesis may be necessary to allow supportive adipose tissues to sufficiently develop in the 597 

mouse. Isolated preadipocytes may be able to overcome the additional stress in vitro, but not within their native 598 

tissue context. 599 

 600 

DISCUSSION 601 

 602 

Kinetic accessibility and nascent transcriptional profiling of developmental cascades can identify key 603 

regulatory nodes that may be transiently active, but are nonetheless necessary for proper cellular 604 

differentiation. We present an extremely rapid and precise capture of chromatin and transcription changes 605 

induced by an adipogenic cocktail. These changes represent the first few waves of differentiation signaling and 606 

precipitate the cellular transition process. RE accessibility and gene transcription change within minutes of 607 

initiating adipogenesis. By focusing only on dynamically accessible REs, we can infer TF binding and 608 

dissociation events that drive adipogenesis without performing hundreds of genomic ChIP experiments. We 609 

find a multitude of enriched TF family motifs, many of which have been previously associated with adipogenic 610 

REs including AP-1, GR, KLF, and CEBP (Siersbæk et al. 2014). We do not identify PPARG, the master 611 

regulator of adipogenesis (Lefterova et al. 2014; Rosen et al. 2002), as a driver of adipogenic signaling. This 612 

agrees with previous conclusions that PPARG does not influence adipogenesis until several days into the 613 

process (Nielsen et al. 2008). Stable PPARG activity is indispensable for adipogenesis and maintaining 614 

adipocyte identity, but other factors may be critically important and overlooked because their role is transient.  615 

 616 

Our method implicates TWIST2 as a novel contributor to adipogenesis. The TWIST subfamily of bHLH 617 

TFs homo- and heterodimerize with other bHLH proteins to affect gene expression. Although TWIST family 618 

factors all recognize the same DNA motif, different members can act as either activators or repressors. TWIST 619 

proteins can repress transcription by non-productive dimerization with TWIST family activators, competing with 620 

 Cold Spring Harbor Laboratory Press on June 23, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


 

 

TWIST family activators for DNA motifs, or by recruiting chromatin condensers like HDACs to the genome  621 

(Bialek et al. 2004; Gong and Li, 2002; Hamamori et al. 1999; Hayashi et al. 2007; Koh et al. 2009; Lee et al. 622 

2003; Šošić et al. 2003). Previous studies have implicated TWIST2's role in targeting corepressors (Fu et al. 623 

2011; Kim et al. 2022). While multiple mechanisms may be at play in our system, we hypothesize that our 624 

observed repressive effects are downstream of increased TWIST2 binding. TWIST1 and TWIST2 negatively 625 

regulate multiple developmental pathways including myogenesis, osteogenesis, and myeloid differentiation 626 

(Bialek et al. 2004; Gong and Li, 2002; Hebrok et al. 1994; Murray et al. 1992; Sharabi et al. 2008; Spicer et al. 627 

1996). The role of the TWIST TF family in adipogenesis is less clear. While TWIST1 and TWIST2 are known 628 

regulators of mature adipose tissue homeostasis, TWIST1 does not affect adipogenesis (Dobrian, 2012; Lee et 629 

al. 2003; Pan et al. 2009). Homozygous Twist2 mutations cause Setleis syndrome, a disease characterized by 630 

facial lesions lacking subcutaneous fat (Tukel et al. 2010). Twist2 knockout mice develop such lesions and lack 631 

lipid droplets within the liver and brown fat tissue (Fig. 8G & H) (Šošić et al. 2003; Tukel et al. 2010). Our in 632 

vitro and ex vivo data indicate that TWIST2 acts as a negative regulator of adipogenesis. TWIST2's immediate 633 

activation in 3T3-L1 differentiation therefore indicates a negative feedback mechanism to slow differentiation. 634 

The TWIST family is a key regulator of the epithelial-mesenchymal transition, further supporting our 635 

observation that TWIST2 prevents 3T3-L1 differentiation (Yang et al. 2004). The loss of this negative feedback 636 

may result in cell death, leading to the absence of adipose tissue observed in vivo. Even with a well-studied 637 

system such as adipogenesis, these methods were able to identify Twist2 as a novel regulator of the 638 

differentiation cascade. 639 

 640 

Our networks define gene sets that are predominantly regulated by a single TF. We can track changes 641 

in RNA polymerse density within the gene sets to identify the target regulatory steps of individual TFs. 642 

Stimulated pause release is an established cause of early gene activation in adipogenesis  (Wang et al. 2021). 643 

We find that GR is largely responsible for the observed increase in pause release. GR is a well-established 644 

activator of gene expression (Vockley et al. 2016), often in combination with AP-1 (Biddie et al. 2011). Other 645 

activating factors, including AP-1, increase RNA polymerase recruitment to the gene. By acting on separate 646 

steps, GR and AP-1 provide non-redundant stimuli to target genes. We find GR and AP-1 are conditionally 647 
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dependent upon one another in their potential to activate local genes. A recent study suggests that both AP-1 648 

and CEBP act as pioneer factors that prime the genome for GR-induced transcription activation (Wissink et al. 649 

2019). We find all three of these factor families activate the initial wave of transcription changes, both in 650 

combination and in isolation.  651 

 652 

We confidently differentiate primary, secondary, and tertiary transcriptional changes by examining 653 

multiple, closely spaced time points upon induced adipogenesis. ATAC-seq, ChIP-seq, or chromatin 654 

conformation assays alone can only suggest functional relationships between REs and genes (Lieberman-655 

Aiden et al. 2009; Ren et al. 2000). Similarly PRO-seq and RNA-seq return transcription changes with little 656 

information regarding upstream regulation. We define individual regulatory relationships more directly by 657 

focusing only on the ATAC peaks and genes that are proximal and covary in their dynamics (i.e. significantly 658 

change over in the same direction the time course). Our bipartite directed graph networks are unique in the 659 

gene regulation field because each edge represents a functional interaction as opposed to an abstract 660 

relationship between linked nodes. Trans edges represent binding of TF proteins to cognate DNA elements 661 

and cis-edges describe regulatory interactions between REs and target genes. These networks can define 662 

gene sets that are predominantly regulated by a single TF and identify the target regulatory steps of the TF. 663 

Highly connected nodes in the network are candidate key regulatory hubs in the differentiation cascade. 664 

Moreover, these networks ascribe time attributes to each edge, so subgraphs that respect the flow of time are 665 

easily extracted from the larger graph. This integrative genomics approach to network construction can be 666 

applied to a multitude of cellular responses and transitions to uncover novel biology and new hypotheses.  667 

 668 

METHODS 669 

 670 

3T3-L1 culture and differentiation 671 

 672 

3T3-L1 cells were provided by Thurl Harris. 3T3-L1 cells were cultured in high glucose DMEM (Gibco) 673 

supplemented with 10% newborn calf serum, 1% fetal bovine serum (FBS), 100 U/mL Penicillin G, and 100 674 
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µg/mL streptomycin. We induced adipogenesis ~3 days after cells reached confluency by switching cells into 675 

high glucose DMEM supplemented with 0.25 µM Dexamethasone, 0.5 mM 3-isobutyl-1-methylxanthine, 2.5 676 

units/mL insulin, 10% FBS, 100 U/mL Penicillin G, and 100 µg/mL streptomycin (Bernlohr et al. 1984; Green 677 

and Kehinde, 1974). We collected enough cells at the indicated time points for three replicates of ATAC-seq 678 

and PRO-seq.  679 

 680 

ATAC-seq library preparation 681 

 682 

We prepared ATAC-seq libraries as previously described (Corces et al. 2017). We trypsinized and 683 

collected cells in serum-free growth media. We counted ~5 � 104 cells per replicate and transferred them to 684 

1.5 mL tubes. We centrifuged cells at 500 � g for 5 minutes at 4°C and resuspended the pellet in 50 µL cold 685 

lysis buffer (10mM Tris-HCl, 10mM NaCl, 3mM MgCl2, 0.1% NP-40, 0.1% Tween-20, 0.01% Digitonin, 686 

adjusted to pH 7.4) and incubated on ice for 3 minutes. We washed the samples with 1 mL cold wash buffer 687 

(10mM Tris-HCl, 10mM NaCl, 3mM MgCl2, 0.1% Tween-20). We centrifuged at 500 � g for 10 minutes at 4°C 688 

and resuspended cells in the transposition reaction mix (25 µL 2X TD buffer (Illumina), 2.5 µL TDE1 Tn5 689 

transposase (Illumina), 16.5 µL PBS, 0.5 µL 1% Digitonin, 0.5 µL 10% Tween-20, 5 µL nuclease-free water) 690 

and incubated at 37°C for 30 minutes. We extracted DNA with the MinElute kit (Qiagen). We attached 691 

sequencing adapters to the transposed DNA fragments using the Nextera XT Index Kit (Illumina) and amplified 692 

libraries with 6 cycles of PCR. We performed PEG-mediated size fractionation (Lis, 1980) on our libraries by 693 

mixing SPRIselect beads (Beckman) with our sample at a 0.55:1 ratio, then placing the reaction vessels on a 694 

magnetic stand. We transferred the right side selected sample to a new reaction vessel and added more beads 695 

for a final ratio of 1.8:1. We eluted the final size-selected sample into nuclease-free water.  696 

 697 

ATAC-seq analyses 698 

 699 

We aligned reads to the mm10 mouse genome assembly with Bowtie 2, sorted output BAM files with 700 

SAMtools, and converted files to bigWig format with seqOutBias (Langmead and Salzberg, 2012; Li et al. 701 
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2009; Martins et al. 2018). We called accessibility peaks with MACS2 (Gaspar, 2018; Zhang et al. 2008). We 702 

sorted reads into peaks using the bigWig R package and identified differentially accessible REs with DESeq2 703 

(Love et al. 2014; Martins, n.d.). We cluster dynamic peaks into response groups using DEGreport (Pantano, 704 

n.d.). We performed de novo motif extraction on dynamic REs with MEME (e-value cutoff of 0.01) and used 705 

TOMTOM (e-value cutoff of 0.05) to match motifs to the HOMER, JASPAR, and UniPROBE TF binding motif 706 

databases (Bailey et al. 2015; Heinz et al. 2010; Khan et al. 2018). We use FIMO to identify genome-wide 707 

motif occurrences (Cuellar-Partida et al. 2012). We generated DNA sequence logos with ceqLogo (Bailey et al. 708 

2015). We use the bigWig package to assess motif enrichment around ATAC-seq peak summits (Martins, 709 

n.d.). 710 

 711 

PRO-seq library preparation 712 

 713 

We performed cell permeabilization as previously described (Mahat et al. 2016). We trypsinized and 714 

collected cells in 10 mL ice cold PBS followed by washing in 5 mL buffer W (10 mM Tris-HCl pH 7.5, 10 mM 715 

KCl, 150 mM sucrose, 5 mM MgCl2, 0.5 mM CaCl2, 0.5 mM DTT, 0.004 U/mL SUPERaseIN RNase inhibitor 716 

(Invitrogen), protease inhibitors (cOmplete, Roche)). We permeabilized cells by incubating with buffer P (10 717 

mM Tris-HCl pH 7.5, KCl 10 mM, 250 mM sucrose, 5 mM MgCl2, 1 mM EGTA, 0.05% Tween-20, 0.1% NP-40, 718 

0.5 mM DTT, 0.004 units/mL SUPERaseIN RNase inhibitor (Invitrogen), protease inhibitors (cOmplete, 719 

Roche)) for 3 minutes. We washed cells with 10 mL buffer W before transferring into 1.5 mL tubes using wide 720 

bore pipette tips. Finally, we resuspended cells in 500 µL buffer F (50 mM Tris-HCl pH 8, 5 mM MgCl2, 0.1 mM 721 

EDTA, 50% Glycerol and 0.5 mM DTT). After counting nuclei, we separated cells into 50 µL aliquots with ~3-5 722 

� 105 cells each. We snap froze our aliquots in liquid nitrogen and stored them at -80°C. We prepared PRO-723 

seq libraries as previously described (Sathyan et al. 2019). We included a random eight base unique molecular 724 

identifier (UMI) at the 5′ end of the adapter ligated to the 3′ end of the nascent RNA. We did not perform any 725 

size selection in an attempt to not bias our libraries against short nascent RNAs. Raw PRO-seq sequencing 726 

files and processed bigWig files are available from GEO accession record GSE133147. 727 

 728 
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PRO-seq analyses 729 

 730 

First we used cutadapt to remove adapters from our reads (Martin, 2011). We used fqdedup and the 3′ 731 

UMIs to deduplicate our libraries (Martins and Guertin, n.d.). Next we removed UMIs and converted reads to 732 

their reverse complement with the FASTX-Toolkit (Gordon, n.d.). As with the ATAC-seq samples, we used 733 

Bowtie 2, SAMtools, and seqOutBias to align, sort, and convert reads to bigWig files respectively (Langmead 734 

and Salzberg, 2012; Li et al. 2009; Martins et al. 2018). We used primaryTranscriptAnnotation to adjust gene 735 

annotations based on our PRO-seq data (Anderson et al. 2020). We queried the bigWig files within the 736 

adjusted genomic coordinates with the bigWig R package and UCSC Genome Browser Utilities (Kent et al. 737 

2010; Martins, n.d.). We identified differentially expressed genes with DESeq2 (Love et al. 2014). We used 738 

dREG to define peaks of bidirectional transcription from our bigWig files (Wang et al. 2019). As with the ATAC-739 

seq samples, we identified overrepresented motifs in dREG-defined REs with MEME and TOMTOM (Bailey et 740 

al. 2015). We evaluate motif enrichment around peak summits and polymerase density in the gene body and 741 

pause region with the bigWig package (Martins, n.d.). We define the summit of the pause peak for genes by 742 

first identifying the point of maximum density within 1 kb of the TSS. We define the pause region as the 50 bp 743 

window around the summit. 744 

 745 

Network construction 746 

 747 

The bipartite directional networks with gene and RE nodes were inferred using a data-driven rules-748 

based approach. The first rule to infer trans-edges from TF families to individual REs is that the RE must 749 

contain the cognate motif for the TF family. The second is that the peak must be dynamically accessible over 750 

some part of the time course. The third is that at least one gene encoding a member of the TF family must be 751 

expressed and activated (or in the case of SP, repressed) over the same time range. We restrict trans-edges 752 

attributed to GR to the first 40 minutes of the time course for reasons discussed in the text. Similarly, we do not 753 

draw edges from SP before 40 minutes. Next, we drew cis-edges between REs and proximal genes based on 754 

a different rule set. First, REs need to be within 10 kb of gene bodies as defined by primary transcript 755 
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annotation of our PRO-seq data. We used BEDTools to find gene-RE pairs that satisfied this rule (Quinlan and 756 

Hall, 2010). Next, the peak and the gene need to covary in accessibility and transcription during the same time 757 

range. For example, a gene must be activated at the same time as its local RE is increasing in accessibility. 758 

We refined the distance requirements by incorporating constraints from our CDF analysis. For each activating 759 

factor (AP-1, CEBP, GR, KLF) we find a set of pairwise comparisons within the time course for which factor 760 

REs are significantly closer to activated than nondynamic genes. We find a similar set of comparisons for 761 

repressive factors (SP, TWIST). For a gene to be linked to a factor RE with a cis-edge, we require that the 762 

gene must be dynamic in at least one of the comparisons identified by the CDF analysis for that factor. In 763 

addition, our CDF analysis also identifies the maximum distance between a factor RE and a regulated gene for 764 

each comparison. The RE and the gene's TSS must be within the relevant distance threshold defined by the 765 

CDF. 766 

 767 

DATA ACCESS 768 

All raw and processed sequencing data generated in this study have been submitted to the NCBI Gene 769 

Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/) under accession numbers GSE150492 (3T3-L1 770 

ATAC-seq), GSE219041 (C7 cells + dexamethasone PRO-seq), and GSE219051 (shTwist2 3T3-L1 RNA-seq). 771 

A supplemental code document contains all code used for data analysis and can also be found at 772 

https://github.com/guertinlab/adipogenesis. 773 
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Fig. 1 - CEBP, TWIST, SP, KLF, GR, and AP-1 TF families drive either increased or decreased chromatin 085 

accessibility in adipogenesis: A) Preadipocyte fibroblast 3T3-L1 cells were treated with an adipogenesis 086 

cocktail and harvested at the indicated time points for ATAC-seq and PRO-seq experiments. B) Temporal 087 

classification of ATAC-seq peaks revealed five major dynamic classes. Each dynamic ATAC peak is a red or 088 

blue trace with the number of peaks in the class indicated in the lower right; the x-axis represents time and the 089 

y-axis indicates normalized accessibility. C) De novo motif analysis identified the top six DNA motifs enriched 090 

within dynamic peaks. The individual TFs listed in the wedge below the DNA sequence logo recognize the 091 

respective DNA motifs. The heatmap quantifies the local protein sequence alignment of the DNA binding-092 

domains for the genes, as determined by the Smith-Waterman algorithm (Farrar, 2006). D) Dynamic ATAC-seq 093 

peaks are classified by the presence of each DNA motif. The red bars represent the number of dynamic ATAC-094 

seq peaks within the Immediate Increase, Transient Increase, and Gradual Increase categories; the blue bars 095 

correspond to the Transient Decrease and Gradual Decrease classes. E) Red, blue, and grey traces are 096 

composite motif densities relative to ATAC peak summits for the increased, decreased, and nondynamic peak 097 

classes. The y-axis quantifies the density of the indicated position-specific weight matrix and each motif 098 

instance is weighted by its conformity to a composite motif. F) Dynamic traces of peaks that exclusively contain 099 

the specified motif indicate that CEBP, GR, and AP-1 associate with increasing accessibility; SP and TWIST 100 

associate with decreasing accessibility. Peak traces are colored as in panel (B). These conclusions are 101 

consistent with the reciprocal analysis from panel (E).  102 
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Fig. 2 - SP, NRF, and E2F6 TF families drive bidirectional transcription dynamics at regulatory regions 103 

within gene bodies and promoters: A) The heatmap illustrates over 200,000 putative REs with a 104 

bidirectional transcription signature. B) Both dREG and ATAC-seq identify a RE within the promoter of Cops8. 105 

The intragenic RE is only identified by its bidirectional PRO-seq signature while the upstream intergenic RE is 106 

only identified by ATAC-seq. C) Dynamic ATAC-seq and dREG-defined REs largely overlap in promoter 107 

regions. Intragenic regions are defined based on primary transcript annotation of PRO-seq data, promoters are 108 

between 150 bp upstream and 50 bp downstrean of TSSs, and intergenic regions are the remainder of the 109 

genome. D) Dynamic ATAC-seq peaks are enriched for a more diverse set of TF motifs than dynamic dREG 110 

peaks. E) Motif density distinguishes TFs associated with dynamic bidirectional transcription from those 111 

associated with dynamic accessibility. For example, TWIST and GR motifs are enriched within dynamic ATAC-112 

seq peaks but are rarely found within dynamic dREG peaks. F) SP is only associated with bidirectional 113 

transcription at promoters and not distal REs. The top plot shows the average normalized PRO-seq signal for 114 

plus and minus strands around all 1,135,731 SP motif instances while the bottom plot displays all SP motifs 115 

excluding those in promoters (1,118,185). The distinct dual peak profile of bidirectional transcription collapses 116 

when only considering SP motifs outside promoters. G) Dynamic bidirectional transcription peaks found in 117 

promoters are stratified by the presence or absence of TF motifs. The left plot quantifies the total number of 118 

peaks and the right plot scales to the proportion of peaks in each category. The x-axis factor motif categories 119 

are defined by the presence or absence of ATAC-associated factors (AP-1, CEBP, GR, KLF, and TWIST) and 120 

dREG-associated factors (SP, E2F6, and NRF). dREG-associated factor motifs are enriched in peaks that 121 

decrease bidirectional transcription, suggesting a link between SP, NRF, and E2F6 factors and an early and 122 

pervasive decrease in promoter initiation at their target genes.  123 
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Fig. 3 - Chromatin accessibility, transcription dynamics, and proximity guide inference of cis-edges 124 

between REs and target genes: A) Change in gene expression correlates with local accessibility change over 125 

the first hour. Each data point represents a gene within 10 kb of either only increased (red) or decreased (blue) 126 

peaks. The y-axis indicates the number of increased or decreased accessibility peaks near the gene and the x-127 

axis represents the normalized change in gene transcription over the first hour. B) Klf5 (left) is part of a cluster 128 

of 1717 immediately and transiently activated genes (gray traces on the right). C) Cumulative distribution plots 129 

showing distance between GR-bound REs and genes either activated (red), repressed (blue), or unchanged 130 

(grey) over the first hour of the time course. The left-shift of the red curve suggests that ATAC-seq peaks with 131 

GR motifs are closer to the 20 vs. 0 min activated gene class. The inset plot reports the difference in 132 

cumulative distribution between the activated and unchanged gene classes as distance from the TSS 133 

increases. The leveling off of the traces at 114 kb from the TSSs suggests that GR-mediated transcription 134 

activation requires GR to bind within 100 kb of the TSS. D) Stat1 (left) is part of a cluster of repressed genes 135 

(gray traces on the right). E) ATAC-seq peaks with SP motifs are closer to the 60 vs. 120 min repressed gene 136 

class. Traces converge 1,900 bases from the start sites, suggesting that the functional distance of SP-137 

mediated gene repression is within 2 kb of TSSs. 138 

139 
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Fig. 4 - Constrained networks downstream of AP-1, GR, and SP identify genes regulated by individual 140 

factors: Simplified networks highlight the number of REs and genes that are combinatorially or individually 141 

regulated by (A) AP-1, (B) GR, and (C) SP. Factors bind / dissociate from REs (purple circles) and regulate 142 

genes (blue squares). Colored arrows and numbers indicate the contribution of non-lead factors to RE activity. 143 

Combinatorially regulated REs are bound by the lead TF and either one or more of the other TFs. Composite 144 

PRO-seq signal is plotted relative to the promoter-proximal pause peak of (D) 1224 genes solely regulated by 145 

AP-1, (E) 174 genes regulated by GR, and (F) 1127 genes regulated by SP. Inset violin plots illustrate the 146 

change in pause index for the gene set for the indicated time points. Each data point is a gene and all genes 147 

were input from the composite. 148 

149 
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Fig. 5 - TFs induce changes to transcriptional rate constants: A) The compartment model of transcription 150 

contains rate constants for RNA Polymerase II (PolII) initiation / recruitment, premature termination, pause 151 

release, and elongation. Polymerase occupancy in the pause or gene body compartment is measured directly 152 

from PRO-seq. Differential equations relate rate constants to the rate of change of polymerase density in the 153 

compartments. B) We use the compartment model to estimate how rate constants change between 0 and 20 154 

minutes for the 174 genes regulated solely by GR (left), 60 and 120 minutes for the 1127 genes regulated by 155 

SP (middle), and 40 and 60 minutes for the 1224 genes regulated by AP-1 (right). For each estimation, we hold 156 

kpre and kelong constant and calculate values of kinit and krel that fit the observed occupancy in the pause and 157 

body regions. C-D) We simulated composite profiles for a set of parameters from (B left) and (B middle). 158 

159 
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Fig. 6 - TFs bind REs and activate genes individually and combinatorially: A) Schematics and modular 160 

networks illustrate 4 variations in AP-1, CEBP, GR, and KLF binding patterns that can lead to activation of 161 

gene targets: all 4 factors bind to a single RE (orange), 2 REs each bound by 2 factors (purple), 3 factors bind 162 

one RE and 1 factor binds another (blue), and a more complex combination with redundant factor contributions 163 

at multiple REs (green). B) A wide network depicts cooperation between TFs. Top squares indicate GR, AP-1, 164 

CEBP, and KLF TF families. Second row circles represent 15 classes of REs each bound by a different 165 

combinations of factors. Third row squares represent 15 classes of genes each regulated by a different 166 

combination of factors. There are multiple potential combinations of REs that can produce the same gene 167 

class, as illustrated in (A). The middle square representing the 82 genes activated by all 4 factors is an 168 

example of variable regulatory combinations. Colored arrows and numbers correspond to RE combinations as 169 

depicted in (A). C) Genes were sorted into categories based on proximity to AP-1 motifs, proximity to GR 170 

motifs, and activation status. We calculated 95% confidence intervals for odds ratios based on contingency 171 

tables consisting of genes stratified by their proximity to inferred AP-1 and GR regulatory elements and by 172 

whether the genes were dynamic. The confidence interval for genes that are not proximal to inferred AP-1 173 

regulatory elements is 0.97 to 1.49. The confidence interval for genes that are proximal to inferred AP-1 174 

regulatory elements is 2.3 to 2.89. The increase in odds ratio prediction suggests that activated genes proximal 175 

to AP-1 are significantly more likely to be proximal to GR than non activated genes. D) The confidence interval 176 

for genes not proximal to GR is 0.96 to 1.27. The confidence interval for genes proximal to GR is 1.94 to 2.87. 177 

Again, the increase indicates that AP-1 and GR factors coordinate to activate transcription. E) The fraction of 178 

repressed genes proximal to TWIST increases regardless of the presence of SP with odds ratio confidence 179 

intervals of 2.2-3.07 and 2.21-2.79 when not proximal and proximal to SP peaks respectively. F) We find a 180 

lower proportion of repressed genes proximal to SP motifs both in the presence and absence of TWIST. The 181 

odds ratio confidence intervals do not change with the presence of TWIST, going from 0.71-0.89 to 0.64-0.9 182 

when in proximity to predicted TWIST REs.  183 
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Fig. 7 - Variations in TF gene expression lead to downstream changes in accessibility and 184 

transcription: A) A deep network highlights temporal components of the regulatory cascade. Node and edge 185 

characteristics are illustrated as in Fig. 4. In addition, we added time interval attributes to respective edges to 186 

indicate when REs and genes are changing. B-D) UCSC Genome Browser shots indicate accessibility and 187 

peaks (top three tracks) as well as nascent transcription (next two tracks) dynamics between the indicated time 188 

points. E) Wedged bar plots quantify the regulatory kinetics across the time course for indicated factors. The x-189 

axis intervals represent the time range in which the indicated number (y-axis) of genes are regulated 190 

(connected in the network) by the specified factor. Wedges between bars indicate carryover elements from 191 

previous time interval and the outer "wings" represent elements that are not included in the previous time 192 

interval. The top shaded blue wedges represent genes regulated by multiple factors; bottom wedges represent 193 

genes that are solely regulated by the indicated factor. F) A Twist2-centric network illustrates the high 194 

connectivity and influence of Twist2.  195 
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Fig. 8 - TWIST2 represses target genes and inhibits adipogenesis: A) Twist2 expression as measured by 196 

RNA-seq at indicated time points following differentiation initiation. shTwist2.v1 is a single shRNA construct 197 

while shTwist2.v2 is a combination of shRNAs targeting Twist2. B) Expression of predicted TWIST2 target 198 

genes that are repressed in the RNA-seq time course before addition of the adipogenic cocktail. Y-values 199 

indicate fold change of gene expression in Twist2 knockdown versus control. X-values indicate basal 200 

expression of each gene. The majority of genes are expressed to a higher degree in the knockdown samples, 201 

suggesting that loss of basal TWIST2 leads to derepression of target genes. C) Each data point represents 202 

one of the 520 predicted TWIST2 target genes that are repressed in the RNA-seq time course. We identified 203 

the time point comparison for which each gene exhibits the greatest degree of repression. X-values represent 204 

fold change for the relevant comparison in the shTwist2 samples and Y-values represent fold change for the 205 

same comparison in the shControl samples. Predicted TWIST2 target genes largely exhibit a greater degree of 206 

repression in the shTwist2 samples due to a relatively greater magnitude of Twist2 activation. D) shControl or 207 

shTwist2 3T3-L1s were stained with Oil Red O after 6 days of differentiation. Absorbance at 540nm represents 208 

total lipid uptake of the cell population. Lines connect control and experimental samples from the same 209 

experimental replicate. Inset plot displays the difference in absorbance between the indicated shRNA 210 

treatment and the control knockdown for each replicate. TWIST2 depletion causes an increase in fat uptake, 211 

implicating the TF as a negative regulator of differentiation. E) 3T3-L1s overexpressing either LacZ or TWIST2 212 

were stained with Oil Red O after 6 days of differentiation. TWIST2 overexpression causes a decrease in fat 213 

uptake, supporting the conclusion that TWIST2 is a negative regulator of adipogenesis. Lines and inset plot are 214 

used as in (D). F) Primary WAT preadipocytes harvested from P3 mice were induced to differentiate for 6 days 215 

and stained with Oil Red O. We pooled preadipocytes from animals with the same genotype. Wild type and 216 

heterozygous samples consist of preadipocytes pooled from 2 and 6 animals respectively. The pooled samples 217 

were plated in triplicate for the experiment. Preadipocytes harvested from Twist2+/- pups exhibit increased Oil 218 

Red O staining compared to those harvested from wild type mice. G) Hematoxylin and eosin staining of skin 219 

shows collapse of dermal (purple bars) and subcutaneous WAT (orange bar) in P3 Twist2+/- mice compared to 220 

wild type. Scale bars indicate 200 µm. H) Hematoxylin and eosin staining of interscapular brown fat shows 221 
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reduced fat droplets (large white/light colored circles) in P14 Twist2-/- mice compared to wild type. Images 222 

taken at either 40� (top) or 63� (bottom) magnification. 223 
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