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Abstract16

A challenge in quantitative biology is to predict output patterns of gene expression from knowledge17
of input transcription factor patterns and from the arrangement of binding sites for these18
transcription factors on regulatory DNA. We tested whether widespread thermodynamic models19
could be used to infer parameters describing simple regulatory architectures that inform20
parameter-free predictions of more complex enhancers in the context of transcriptional repression21
by Runt in the early fruit fly embryo. By modulating the number and placement of Runt binding22
sites within an enhancer, and quantifying the resulting transcriptional activity using live imaging, we23
discovered that thermodynamic models call for higher-order cooperativity between multiple24
molecular players. This higher-order cooperativity capture the combinatorial complexity underlying25
eukaryotic transcriptional regulation and cannot be determined from simpler regulatory26
architectures, highlighting the challenges in reaching a predictive understanding of transcriptional27
regulation in eukaryotes and calling for approaches that quantitatively dissect their molecular28
nature.29

30

1 Introduction31

During embryonic development, transcription factors bind stretches of regulatory DNA termed32
enhancers to dictate the spatiotemporal dynamics of gene expression patterns that will lay out33
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the future body plan of multicellular organisms [Spitz and Furlong, 2012, Small and Arnosti, 2020].34
One of the greatest challenges in quantitative developmental biology is to predict these patterns35
from knowledge of the number, placement, and affinity of transcription factor binding sites within36
enhancers. The early embryo of the fruit fly Drosophila melanogaster has become one of the main37
workhorses in this attempt to achieve a predictive understanding of cellular decision-making in38
development due to its well-characterized gene regulatory network and transcription factor binding39
motifs, and the ease with which its development can be quantified using live imaging [Garcia et al.,40
2020, Small and Arnosti, 2020, Rivera et al., 2019].41

Predictive understanding calls for the derivation of theoretical models that generate quantitative42
and experimentally testable predictions. Thermodynamic models based on equilibrium statistical43
mechanics have emerged as a widespread theoretical framework to achieve this goal [Ackers et al.,44
1982, Vilar and Leibler, 2003, Bolouri and Davidson, 2003, Bintu et al., 2005b,a, Segal et al., 2008,45
Fakhouri et al., 2010, Sayal et al., 2016, Phillips et al., 2019, Eck et al., 2020]. For instance, over46
the last decade, a dialogue between these thermodynamic models and experiments demonstrated47
the capacity to quantitatively predict bacterial transcriptional regulation from knowledge of the48
DNA regulatory architecture [He et al., 2010, Garcia and Phillips, 2011, Brewster et al., 2014, Garcia49
et al., 2012, Sepulveda et al., 2016].50

The predictive power of these models is evident when inferring model parameters from simple51
regulatory architectures [Boedicker et al., 2013a,b, Razo-Mejia et al., 2018, Phillips et al., 2019].52
Consider, for example, that RNA polymerase II (RNAP)—which we take as a proxy for the whole53
basal transcriptional machinery—binds to a promoter with a dissociation constant Kp. When54
RNAP is bound, transcription is initiated at a rate R (Fig. 1A). In the absence of any regulation, a55
thermodynamic model will only have Kp and R as its free parameters which can be experimentally56
determined by, for example, measuring mRNA distributions [Razo-Mejia et al., 2020]. Now, we57
assume that the parameters Kp and R inferred in this step do not just enable a fit to the data, but58
that their values represent physical quantities that remain unaltered as more complex regulatory59
architectures are iteratively considered. As a result, when we consider the case where a single60
repressor molecule can bind, our model calls for only two new free parameters: a dissociation61
constant for repressor to its binding motif Kr, and a negative cooperativity between repressor and62
RNAP, !rp, that makes the recruitment of RNAP less favorable when the repressor is bound to its63
binding site (Fig. 1B). Once again, after determining Kr and !rp experimentally [Phillips et al., 2019],64
we consider the case where two repressors can bind simultaneously (Fig. 1C). If the repressors65
interact with RNAP independently of each other, then our model has no remaining free parameters66
such that we will have reached complete predictive power. However, protein-protein interactions67
between repressors could exist or even higher-order interactions giving rise to a repressor-repressor-68
RNAP ternary complex might be present. The extra complexity represented by these interactions69
would require yet another round of experimentation to quantify these interactions represented by70
!rr and !rrp in Figure 1C, respectively. Even after quantifying these parameters, predictive power71
might not be reached if, after adding yet another repressor binding site, a complex between all72
three repressors and RNAP can be formed (Fig. 1D).73

While protein-protein cooperativity captured by !rr has been studied both in bacteria [Ackers74
et al., 1982, Ptashne and Gann, 2002] and eukaryotes [Giniger and Ptashne, 1988,Ma et al., 1996,75
Lebrecht et al., 2005, Parker et al., 2011, Fakhouri et al., 2010, Sayal et al., 2016], the necessity of76
accounting for the higher-order interactions such as those described in our example by the !rrp and77
!rrrp terms had only been demonstrated in archeae [Peeters et al., 2013] and bacteria [Dodd et al.,78
2004]. The need to invoke this higher-order cooperativity in eukaryotes only became apparent in79
the last few years [Estrada et al., 2016b, Park et al., 2019, Biddle et al., 2020]. These higher-order80
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Figure 1. Building up predictive models of transcriptional repression. (A) In the absence of repressor binding,gene expression can be characterized by a dissociation constant between RNAP and the promoter Kp and therate of transcription initiation when the promoter is bound by RNAP R. (B) In the presence of a single repressorbinding site, models need to account for two additional parameters describing the repressor dissociationconstant Kr and a repressor-RNAP interaction term !rp. (C) For two-repressor architectures, parametersaccounting for repressor-repressor interactions !rr and for interactions giving rise to arepressor-repressor-RNAP complex could also have to be incorporated. (D) For the case of three repressorbinding sites, additional parameters !rrr and !rrrp capturing the higher-order cooperativity between threerepressor molecules and between three Runt molecules and RNAP, respectively, could be necessary. Note thenomenclature shown below each construct, which indicates which Runt binding sites are present in eachconstruct.
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cooperativities might be necessary in order to account for the complex interactions mediated by,81
for example, the recruitment of co-repressors [Courey and Jia, 2001,Walrad et al., 2011], mediator82
complex [Park et al., 2019], or any other element of the transcriptional machinery. As a result,83
while posing a challenge to reaching a parameter-free predictive understanding of transcriptional84
regulation, higher-order cooperativity provides an avenue for quantifying the complexity of the85
molecular processes underlying eukaryotic cellular decision-making.86

In this paper, we sought to test whether an iterative and predictive approach, such as that outlined87
in Figure 1, was possible for transcriptional repression in the early embryo of the fruit fly Drosophila88
melanogaster or whether it is necessary to invoke higher-order cooperativities that challenge the89
reach of our predictive models as we add more complexity to the system. To make this possible, we90
engineered binding sites for the Runt repressor into the Bicoid-activated hunchback P2 minimal91
enhancer. We systematically varied the number and placement of Runt binding sites within this92
enhancer [Chen et al., 2012] in order to determine whether model fits to real-time transcriptional93
measurements from the enhancer constructs containing only one-Runt binding site could accurately94
predict repression in two- and three-Runt binding site constructs (Fig. 1A and B). We found that95
a thermodynamic model can recapitulate all our data. However, we also discovered that, while96
the model could describe repression by a single Runt repressor, protein-protein and higher-order97
cooperativities had to be invoked in order to quantitatively account for regulation by two or98
more repressor molecules. While these higher-order cooperativities limit the iterative bottom-up99
discourse between theory and experiment that has been successful in bacteria [Phillips et al.,100
2009], they also provide a concrete theoretical framework for quantifying the complexities behind101
eukaryotic transcriptional control, and calling for the development of new theories and experiments102
specifically conceived to uncover the the molecular underpinnings of this complexity.103

2 Results104

2.1 Predicting transcription rate using a thermodynamicmodel of Bicoid activation105
and Runt repression106

We built a predictive model of Runt repression on the Bicoid-activated hunchback P2 enhancer using107
the thermodynamic model framework [Phillips et al., 2019, Bintu et al., 2005b,a] with the goal of108
predicting the rate of transcription initiation as a function of input transcription factor concentration,109
and the number and placement of Runt repressor binding sites. Our model rests on the “occupancy110
hypothesis” that states that the rate of mRNA production, d[mRNA]∕dt, is proportional to the111
probability of the promoter being bound by RNA polymerase II (RNAP), pbound , such that112

d [mRNA]
dt

= R pbound , (1)
where R is the rate of mRNA production when the promoter is occupied by RNAP. Note that,113
throughout this study, we treat the rate of transcription initiation and the rate of RNAP loading114
interchangeably.115

To generate intuition, we start by modeling the case of hunchback P2 with one Runt binding site.116
Figure 2A illustrates the possible states the system can be found in. Each state has an associated117
statistical weight which can be calculated as prescribed by equilibrium statistical mechanics [Bintu118
et al., 2005b,a]. Here, we assume that there are six Bicoid binding sites with the same dissociation119
constant given by Kb, one Runt binding site with a dissociation constant specified by Kr, and a120
promoter with a dissociation constant for RNAP prescribed by Kp. In the absence of Runt, we121
consider four states as shown in the top two rows of Figure 2A. Here, we assume that Bicoid-Bicoid122
cooperativity is so strong that the enhancer can either be unoccupied or completely bound by Bicoid123
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molecules [Gregor et al., 2007, Park et al., 2019]. Further, we consider an interaction between124
Bicoid and RNAP given by !bp. For simplicity, we use the dimensionless parameters b = [Bicoid]∕Kb,125
r = [Runt]∕Kr and p = [RNAP ]∕Kp. These assumptions lead to a functional form reminiscent of a Hill126
function that explains the sharp step-like expression pattern along the embryo’s anterior-posterior127
axis of the hunchback gene [Gregor et al., 2007, Park et al., 2019, Driever and Nusslein-Volhard,128
1988, 1989]. A full thermodynamic model in which we do not make this assumption of high Bicoid-129
Bicoid cooperativity is discussed in detail in Section S1 and Section S2.130
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Figure 2. Thermodynamic model of transcriptional regulation by Bicoid activator and Runt repressor. (A) Statesand statistical weights for the regulation of hunchback P2 with one Runt binding site in the limit of strongBicoid-Bicoid cooperativity. Here, we use the dimensionless parameters b = [Bicoid]∕Kb, r = [Runt]∕Kr, and
p = [RNAP ]∕Kp, where Kb, Kr, and Kp are the dissociation constants of Bicoid, Runt, and RNAP, respectively. !bprepresents the cooperativity between Bicoid and RNAP, !rp captures the cooperativity between Runt and RNAP,and R represents the rate of transcription when the promoter is occupied by RNAP. The top two rowscorrespond to states where only Bicoid and RNAP act, while the bottom two rows represent repression by Runt.(B) Representative prediction of RNAP loading rate as a function of Bicoid and Runt concentrations for
!bp = 3, !rp = 0.001, p = 0.001, R = 1(AU∕min).
The molecular mechanism by which Runt downregulates transcription of its target genes remains131
unclear [Chen et al., 2012, Hang and Gergen, 2017, Koromila and Stathopoulos, 2017, 2019]. Here,132
we assume the so-called “direct repression” model [Gray et al., 1994] that posits that Runt operates133
by inhibiting RNAP binding to the promoter through a direct Runt-RNAP interaction term given by134
!rp < 1 independently of Bicoid. As a result, in the presence of Runt, we consider four additional135
states as shown in the bottom two rows of Figure 2A. Other potential mechanisms of Runt repression136
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are further discussed in Supplementary Section S5), where we also show that the choice of specific137
mechanism does not change our conclusions.138

Given these assumptions, we arrive at the microstates and corresponding statistical weights shown139
in Figure 2A. The probability of finding RNAP bound to the promoter, pbound , is calculated by dividing140
the sum of all statistical weights featuring RNAP by the sum of the weights of all possible microstates.141
The calculation of pbound combined with Equation 1 leads to the expression142

Rate = R pbound = R
p + b6 p !bp + r p !rp + b6 r p !bp !rp

1 + b6 + r + b6 r + p + b6 p !bp + r p !rp + b6 r p !bp !rp
, (2)

which makes it possible to predict the output rate of mRNA production as a function of the143
input concentrations of Bicoid and Runt (Fig. 2B). With this theoretical framework in hand, we144
experimentally tested the predictions of this model.145

2.2 Measuring transcriptional input-output to test model predictions146

The transcriptional input-output function in Figure 2B indicates that, in order to predict the rate of147
RNAP loading and to test our theoretical model, we need to first measure the concentration of the148
input Bicoid and Runt transcription factors. In order to quantify the concentration profile of Bicoid,149
we used an established eGFP-Bicoid line [Gregor et al., 2007] and measured mean Bicoid nuclear150
concentration dynamics along the anterior-posterior axis of the embryo over nuclear cycles 13151
and 14 (nc13 and nc14, respectively) as shown in Movie S1 [Eck et al., 2020]. An example snapshot152
and time trace of Bicoid nuclear concentration dynamics at 40% of the embryo length appear in153
Figure 3A and B.154

Quantification of the Runt concentration using standard fluorescent protein fusions is not possible155
due to the slow maturation times of these proteins [Bothma et al., 2018]. We therefore measured156
Runt concentration dynamics using our recently developed LlamaTags, which are devoid of such157
maturation dynamics artifacts [Bothma et al., 2018]. Specifically, we generated a new fly line158
harboring a fusion of a LlamaTag against eGFP to the endogenous runt gene using CRISPR/Cas9-159
mediated homology-directed repair (Materials and Methods; Harrison et al. [2010], Gratz et al.160
[2015]).161

Using this LlamaTag fusion, we measured the mean Runt nuclear fluorescence along the anterior-162
posterior axis of the embryo over nc13 and nc14 (Materials and Methods; Figure 3B; Movie S2).163
As expected due to the location of the runt gene on the X chromosome [Lott et al., 2011], there is164
a sex dependence in the nuclear concentration levels in nc13, with males displaying lower Runt165
levels than females; this difference is compensated by early nc14 (Fig. 3C,D). As a result, for ease of166
analysis, we focused subsequent quantitative dissection on nc14.167

We used the measured input protein concentration profiles to predict the output transcription rate.168
To make this possible, we invoked previous observations stating that the concentration dynamics of169
input transcription factors does not significantly affect the initial rate of RNAP loading [Garcia et al.,170
2013, Eck et al., 2020]. As a result, we decided to use the time-averaged concentration dynamics of171
Bicoid and Runt over a time window spanning 5 min after the 13th anaphase to 10 min after this172
anaphase (gray shaded region in Fig. 3B and D) as inputs to our model, resulting in static spatial173
concentration profiles shown in Figure 3E. We then used these time-averaged concentration profiles174
of input transcription factors to calculate the time-averaged rate of transcription initiation over the175
same time window. In the Supplementary Information Section S3 we compare this methodology176
with one that acknowledges input transcription factor concentration dynamics and show that the177
prediction stemming from both approaches leads to equivalent theoretical predictions. Notably,178
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the time-averaged rate of transcription predicted by the dynamic inputs was similar to the rate of179
transcription predicted by the static inputs.180

Along the anterior-posterior axis of the embryo, the measured Bicoid and Runt concentration181
profiles define a trajectory through the input-output function (Fig. 2B). Given a set of parameters,182
this trajectory predicts the initial rate of RNAP loading. This quantitative prediction can be directly183
compared with experimentally measured transcription initiation rates. For example, given the184
concentration profiles shown in Figure 3E, we calculate the RNAP loading rate as a function of185
the position along the embryo for different values of the Runt-RNAP interaction, captured by186
!rp (Fig. 3F). As expected, we predict that the rate of transcription decreases as !rp, describing187
Runt-RNAP cooperativity, decreases.188

Next, we sought to experimentally test these predictions by measuring the rate of RNAP loading189
using the MS2 system [Bertrand et al., 1998, Lucas et al., 2013, Garcia et al., 2013]. Here, we190
inserted 24 repeats of the MS2 loop sequence following the hunchback P2 enhancer and even-191
skipped promoter in our reporter construct, which leads to the fluorescent labeling of sites of active192
transcription in living embryos (Fig. 3G and H; Movie S3). The fluorescence intensity of each MS2193
spot is proportional to the number of actively transcribing RNAP molecules [Garcia et al., 2013].194
In order to quantify the transcriptional activity reported by MS2, we measured the mean MS2195
spot fluorescence over nuclei in a narrow spatial window (Fig. 3I [Garcia et al., 2013, Eck et al.,196
2020]. To measure the initial rate of RNAP loading, we obtained the slope of the initial rise in the197
number of actively transcribing RNAP molecules over the same time window used to average input198
transcription factor concentration (Fig. 3I, brown line). The resulting RNAP loading rate plotted199
over the anterior-posterior axis is in qualitative agreement with the classic pattern driven by the200
hunchback P2 minimal enhancer (Fig. 3J; Garcia et al. [2013], Chen et al. [2012], Park et al. [2019]).201

While we chose the initial rate of transcription as the experimental measurable to confront against202
our model predictions, the MS2 technique can also report on other dynamical features of transcrip-203
tion such as the time window over which transcription occurs and the fraction of loci that engage in204
transcription at any point over the nuclear cycle. While these two quantities have been shown to205
be relevant in shaping gene expression patterns in other regulatory contexts [Garcia et al., 2013,206
Lammers et al., 2020, Eck et al., 2020, Dufourt et al., 2018, Reimer et al., 2021], we found that the207
transcription time window was not significantly regulated in the presence of Runt. As described208
in Section S8, we did find some modulation of the fraction of transcriptionally engaged loci for a209
subset of our synthetic enhancer constructs but, as we could not detect a clear trend in how this210
fraction of active loci was modulated, we did not pursue a theoretical dissection of the control of211
this quantity by Runt.212

2.3 Enhancer sequence dictates unrepressed transcription rates by determining213
RNAP-promoter interactions214

A major assumption of our theoretical approach is that the model parameters obtained from simple215
regulatory architectures can be used as inputs for more complex constructs. For instance, we216
assume that the Runt-independent model parameters for Bicoid and RNAP action—Kb, !bp, p and R217
(Fig. 2A)—are conserved for all constructs containing Runt binding sites regardless of their number218
and placement in the enhancer. If model parameters can be shared across constructs, then our219
model should predict the same profile for the rate of transcription across all synthetic enhancer220
constructs.221

To test this assumption, wemeasured the initial rate of RNAP loading in all of our reporter constructs,222
in runt null embryos (Materials and Methods). Notably, unrepressed transcription rates varied223
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significantly across synthetic enhancers (Fig. 4A). For example, despite no Runt being present, the224
[001] construct had almost twice the unrepressed rate of [000] .225

This large construct-to-construct variability in unrepressed transcription rates likely originates from226
the Runt binding site sequences interfering with some combination of Bicoid and RNAP function.227
To uncover the mechanistic effect of these Runt binding sites sequences on unrepressed activity,228
we sought to determine which parameters in our thermodynamic model varied across constructs.229
In the absence of Runt repressor, only four states remain corresponding to the two top rows of230
Figure 2A. In this limit, the predicted rate of transcription is given by231

Rate = R
p + b6 p !bp

1 + p + b6 + b6 p !bp
, (3)

where we have invoked the same parameters as in Equation 2.232

To obtain the model parameters for each construct measured in Figure 4A, we used the Bayesian233
inference technique of Markov Chain Monte Carlo (MCMC) sampling that has been widely used for234
inferring the biophysical parameters from theoretical models (Liu et al. [2021], Razo-Mejia et al.235
[2018], Geyer and Thompson [1992]; Supplementary Section S4). A representative comparison of236
the MCMC fit to the experimental data reveals good agreement between theory and experiment237
(Fig. 4B). MCMC sampling also gives the distribution of the posterior probability for each parameter238
as well as their cross-correlation (Fig. 4C). These corner plots reveal relatively unimodal posterior239
distributions, suggesting that a unique set of parameters can explain the data.240

Note that, while the Bicoid dissociation constantKb and the Bicoid-RNAP interaction term !bp remain241
largely unchanged regardless of enhancer sequence, there is considerable variability in the inferred242
mean RNAP-dependent parameters p and R (Fig. 4D). This variability can be further quantified by243
examining the coefficient of variation,244

CV = �
�
, (4)

where � and � are the standard deviation and the mean of each parameter, respectively, calculated245
over all constructs. The coefficients of variation for the RNAP and promoter-dependent parameters246
are much higher than those for Bicoid-dependent parameters (≈ 40% versus < 10%; Fig. 4E). This247
suggests that the variability in unrepressed transcription rates due to the presence of Runt binding248
sites is due to differences in the behavior of RNAP at the promoter rather than differences in Bicoid249
binding or activation being. As a result, as we consider increasingly more complex regulatory archi-250
tectures, each construct will necessitate its own specific Bicoid- and RNAP-dependent parameters251
as inferred in Figure 4D. However, we will conserve Runt-dependent parameters as we consider252
increasingly more complex constructs featuring more Runt binding sites.253

2.4 The thermodynamic model recapitulates repression by one Runt binding site254

Next, we asked whether our model recapitulates gene expression for the hunchback P2 enhancer255
with a one-Runt binding site in the presence of Runt repressor as predicted by Equation 2. We256
posited that, since the binding site sequence remains unaltered throughout our constructs (Fig. S9),257
the value of the Runt dissociation constantKr would also remain unchanged across these enhancers258
regardless of Runt binding site position; however, we assumed that, as the distance between Runt259
and the promoter varied, so could the Runt-RNAP interaction term !rp.260

We measured the initial rate of transcription along the embryo for all our constructs containing261
one Runt binding site in the presence of Runt protein. We then used MCMC sampling to infer the262
Runt-dependent parametersKr and !rp for each of these constructs while retaining the mean values263
of Runt-independent parameters (Kb, !bp, p, andR) obtained from the experiments performed in the264
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absence of Runt (Fig. 4). The resulting MCMC fits show significant agreement with the experimental265
data (Fig. 5A), confirming that, within our model, the same dissociation constant Kr can be used266
for all Runt binding sites regardless of their position within the enhancer. Further, the corner267
plot yielded a unimodal distribution of posterior probability of the inferred parameters (Fig. 5B),268
indicating the existence of a unique set of most-likely model parameters.269

The observed trend in the Runt-RNAP interaction captured by !rp qualitatively agrees with the “direct270
repression” model. Specifically, because the model assumes that Runt interacts directly with RNAP,271
it predicts that, the farther apart Runt and the promoter are, the lower this interaction should be272
[Gray et al., 1994]. In agreement with this prediction, the mean value of !rp obtained from our fits273
changes from high repression (!rp ≈ 0.1) in the [001] construct to almost no repression (!rp ≈ 1) in274
the [100] construct as the Runt site is moved away from the promoter (Fig. 5C). Thus, the direct275
repressionmodel recapitulates repression by a single Runt molecule using the the same dissociation276
constant regardless of Runt binding site position, and displays the expected dependence of the277
Runt-RNAP interaction term on the distance between these two molecules.278

2.5 Predicting repression by two-Runt binding sites requires both Runt-Runt and279
Runt-Runt-RNAP higher-order cooperativity280

Could the parameters inferred in the preceding section be used to accurately predict repression in
the presence of two Runt binding sites? An extra Runt binding site enables new protein-protein
interactions between Runt molecules and RNAP (Fig. 6A). First, we considered individual Runt-RNAP
interaction terms, !rp1 and !rp2, whose values were already inferred from the one-Runt binding site
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constructs as !rp[001] , !rp[010] , and !rp[100] (Fig. 5D). Second, we considered protein-protein interactions(positive or negative) between two Runt molecules, !rr. Third, following recent studies of Bicoidactivation of the hunchback P2 minimal enhancer [Estrada et al., 2016a, Park et al., 2019], we also
posited the existence of simultaneous Runt-Runt-RNAP higher-order cooperativity !rrp. Given thesedifferent cooperativities, and as shown in detail in Figure S15B, the predicted rate of transcription is

Rate =R
(

p + b6 p !bp + r p (!rp1 + !rp2) + r2 p !rp1!rp2!rr!rrp + b6 r p !bp (!rp1 + !rp2)+ (5)
b6 r2 p !bp!rp1!rp2!rr!rrp

) (

1 + b6 (1 + 2r + p !bp) + 2r + p + r p (!rp1 + !rp2) + r2 (!rr

+p !rp1!rp2!rr!rrp) + b6 r p !bp (!rp1 + !rp2) + b6 r2 !rr + b6 r2 p !bp!rp1!rp2!rr!rrp
)−1 .

Despite the complexity of this equation, note that its only free parameters are the cooperativity281
parameters !rr and !rrp. As a result, we sought to determine whether the Runt-RNAP cooperativity282
terms, !rp1 and !rp2, are sufficient to predict repression by two Runt molecules, or whether the283
cooperativities given by !rr and !rrp also need to be invoked.284

Consider the simplest case where two Runt molecules bind and interact with RNAP independently285
from each other. Here, !rr = 1, and !rrp = 1. This model has no free parameters; all parameters286
have already been determined by the inferences performed on Runt null datasets and one-Runt287
binding site constructs (Fig. 4 and Fig. 5, respectively). While there was some agreement between288
the model and the data for the [101] construct (Fig. 6B, center), significant deviations from the289
prediction occurred for the other two constructs. These deviations ranged from less repression290
than predicted for [011] (Fig. 6B, left) to more repression than predicted for [110] (Fig. 6B, right).291
Thus, this simple model of Runt independent repression is not supported by the experimental data,292
suggesting additional regulatory interactions between the Runt molecules and RNAP.293

A first alternative to the independent repressionmodel is the consideration of Runt-Runt cooperative294
interactions such as those that characterize many transcription factors [Park et al., 2019, Estrada295
et al., 2016b, He et al., 2010, Segal et al., 2008, Ptashne, 2004]. However, adding a Runt-Runt296
cooperativity term, !rr, was insufficient to account for the observed regulatory behavior (Fig. 6C;297
Fig. S13 more thoroughly analyzes this discrepancy). A second alternative consists in incorporating a298
Runt-Runt-RNAP higher-order cooperativity term, !rrp. While the best MCMC fits revealed significant299
improvements in predictive power, important deviations still existed for the [110] construct (Fig. 6D,300
right; Fig. S14 more thoroughly analyzes the MCMC inference results).301

Not surprisingly, given the agreement of the higher-order cooperativity model with the data for the302
[011] and [101] constructs (Fig. 6D, left and center), this agreement persisted when both Runt-Runt303
cooperativity and Runt-Runt-RNAP higher-order cooperativity were considered (Fig. 6E, left and304
center). However, including these two cooperativities also significantly improved the ability of model305
at explaining the [110] experimental data (Fig. 6E, right). Thus, while higher-order cooperativity is the306
main interaction necessary to quantitatively describe repression by two Runt repressors, pairwise307
cooperativity also needs to be invoked. This conclusion is supported by our MCMC sampling:308
posterior distributions for the Runt-Runt cooperativity term are not well constrained for the [011]309
or [101] constructs, whereas Runt-Runt-RNAP higher-order cooperativity is constrained very well310
across all constructs (Fig. S15D; Fig. S15 more thoroughly analyzes the MCMC inference results). As311
a result, accounting for both pairwise and higher order cooperativity is necessary for the model to312
explain the observed rate of RNAP loading of all three constructs.313

The higher-order cooperativity revealed by our analysis can lead to more or less repression than314
predicted by the independent repression model, motivating us to determine the magnitude of this315
cooperativity across constructs. To make this possible, we inferred the magnitude of the Runt-Runt316
cooperativity !rr and the Runt-Runt-RNAP higher-order cooperativity !rrp. As shown in Figure 6F,317
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Figure 6. Prediction for the transcription initiation rate of hunchback P2 with two-Runt binding sites underdifferent models of cooperativity. See caption in the next page.
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Figure 6. Prediction for the transcription initiation rate of hunchback P2 with two-Runt binding sites underdifferent models of cooperativity. (A) Direct repression model for hunchback P2 with two-Runt binding sitesfeaturing Runt-RNAP interaction terms given by !rp1 and !rp2, Runt-Runt cooperativity captured by !rr, andRunt-Runt-RNAP higher-order cooperativity accounted for by !rrp. (B) Parameter-free model prediction fortwo-Runt binding sites when the two Runt molecules bind the DNA and interact with RNAP independently ofeach other. (C,D,E) Best MCMC fits for the data for two-Runt binding site constructs for models with variouscombinations of cooperativity parameters. (C)Model incorporating Runt-Runt cooperativity. (D)Modelincorporating Runt-Runt-RNAP higher-order cooperativity. (E)Model accounting for both Runt-Runtcooperativity and Runt-Runt-RNAP higher-order cooperativity. (F) Fixed or inferred parameters !rr and !rrp forall two-Runt binding site constructs. Note that !rr is fixed to 1 for [011] and [101] constructs due to the fact thatno Runt-Runt cooperativity is necessary to quantitatively describe the expression driven by these constructs;only the [110] construct is used to infer both rr and !rrp. The horizontal line of ! = 1 denotes the case of nocooperativity other than Runt-RNAP cooperativity, !rp. (B-E, data points represent mean and standard error ofthe mean over > 3 embryos; F, data and error bars represent the mean and standard deviation of the posteriorchain, while the standard deviation for the fixed !rr is set to 0.)

depending on the spatial arrangement of Runt binding sites, the Runt-Runt-RNAP higher-order318
cooperativity term !rrp can be below or above 1. Note that, in doing these fits, we first set the319
Runt-Runt cooperativity, !rr, values for [011] and [101] to 1 because, as we had demonstrated320
in Figure 6D, only the higher-order Runt-Runt-RNAP cooperativity was necessary. Thus, different321
placements of Runt molecules on the enhancer lead to distinct higher-order interactions with322
RNAP which, in turn, can result in less or more repression than predicted by a model where Runt323
molecules act independently of each other.324

2.6 Repression by three-Runt binding sites also requires higher-order cooperativity325

Building on our success in deploying thermodynamic models to explain repression by one- and326
two-Runt binding sites, we investigated repression by three-Runt binding sites. First, we accounted327
for pairwise interactions between Runt and RNAP, which were inferred from measurements of328
the one-Runt binding site constructs (Fig. 1B), yielding !rp[001] , !rp[010] , and !rp[100] from [001], [010],329
and [100]. Second, we considered pairwise protein-protein interactions between Runt molecules330
(Fig. 1C), which were inferred from the two-Runt binding sites constructs through the parameters331
!rr[011] , !rr[101] , and !rr[110] . Finally, we incorporated Runt-Runt-RNAP higher-order cooperativity332
acquired from the two-Runt binding sites constructs (Fig. 1C) captured by !rrp[011] , !rrp[101] , and333
!rrp[110] . we tested our model predictions using a similar scheme to that described in the previous334
section: we generated a parameter-free prediction for the initial rate of transcription by using the335
inferred parameters from the one- and two-Runt binding sites constructs, including the pairwise336
and higher-order interactions described above.337

Figure 7A shows the resulting parameter-free prediction. As seen in the figure, our model could338
not qualitatively recapitulate the experimental data as it predicted too much repression. Such339
disagreement suggests that additional regulatory interactions are at play. Building on the need for340
higher-order cooperativity in the two-Runt binding site case, we propose the existence of higher341
order cooperativities necessary to describe regulation by three Runt molecules—Runt-Runt-Runt342
higher-order cooperativity, !rrr and Runt-Runt-Runt-RNAP higher-order cooperativity, !rrrp (Fig. 1D).343
The resulting expression for the predicted rate of transcription in the presence of all these sources344
of cooperativity is shown in Equation S10 in Section S2. Importantly, we did not try to find the345
optimal value for these higher-order cooprativities through fitting. Instead, our objective was to346
determine whether the addition of any of these new parameters was sufficient to explain our data.347
When including only a Runt-Runt-Runt-RNAP higher-order cooperativity parameter of !rrrp = 2300,348
our model recapitulated the experimental data (Fig. 7B). Thus, our results further support the view349
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Figure 7. Prediction for hunchback P2 with three-Runt binding sites and multiple sources of cooperativity. (A)Prediction using previously inferred Runt-RNAP, Runt-Runt, and Runt-Runt-RNAP cooperativity parameters. (B)Prediction as in (A), but incorporating an additional Runt-Runt-Runt-RNAP higher-order cooperativity parameterof !rrrp = 2300, corresponding to roughly 8 kBT of free energy. (Data points represent mean and standard errorof the mean over >3 embryos.)

in which the addition of Runt repressor binding motifs in an enhancer cannot be explained by a350
simple additive interaction between each bound repressor. Rather, their combinatorial effect must351
be taken into account.352

3 Discussion353

One of the challenges in generating predictions to probe thermodynamic models is that, often,354
these models are contrasted against experimental data from endogenous regulatory regions [Segal355
et al., 2008, Sayal et al., 2016, Park et al., 2019]. Here, the presence of multiple binding sites for356
several transcription factors—known and unknown [Vincent et al., 2016]—leads to models with357
a combinatorial explosion of free parameters. Like the proverbial elephant that can be fit with358
four parameters [Mayer et al., 2010], experiments with endogenous enhancers typically contain359
enough parameters to render it possible to explain away apparent disagreement between theory360
and experiment [Garcia et al., 2020].361

To close this gap, synthetic minimal enhancers have emerged as an attractive alternative to endoge-362
nous enhancers [Fakhouri et al., 2010, Sayal et al., 2016, Park et al., 2019, Crocker et al., 2016].363
Here, the presence of only a handful of transcription factor binding sites and the ability to systemat-364
ically control their placement and affinity dramatically reduce the number of free parameters in the365
model [Garcia et al., 2020]. Inferences performed on these synthetic constructs could then inform366
model parameters that would make it possible to quantitatively predict transcriptional output of de367
novo enhancers [Sayal et al., 2016].368

Building on these works, in the present investigation we sought to predict how the Runt repressor,369
which counteracts activation by Bicoid along the anterior-posterior axis of the early fly embryo370
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[Chen et al., 2012], dictates the output level of transcription. To dissect repression, a strong and371
detectable level of expression in the absence of the repressor was needed, prompting us to choose372
a simple system of synthetic enhancers based on the strong hunchback P2 minimal enhancer373
[Garcia et al., 2013, Chen et al., 2012]. This enhancer has been carefully dissected in terms of its374
activator Bicoid and the pioneer-like transcription factor Zelda in the early embryo [Driever and375
Nusslein-Volhard, 1988, Garcia et al., 2013, Park et al., 2019, Eck et al., 2020], making it easier to376
identify neutral sequences within the enhancer for introducing Runt binding sites [Chen et al.,377
2012]. Further, when inserted into hunchback P2, Runt binding site number determines the level of378
transcription incrementally [Chen et al., 2012]. Thus, hunchback P2 provided an ideal scaffold onto379
which to quantitatively and systematically dissect repression by Runt.380

Previous studies using synthetic enhancers relied on measurements of input transcription factor381
patterns using fluorescence immunostaining, and of cytoplasmic mRNA patterns using fluores-382
cence in situ hybridization (FISH) or single-molecule FISH. These fixed-tissue techniques have key383
differences from the live-imaging approach adopted here. First, given the dynamical nature of384
development, it is necessary to know when data were acquired. Doing so with high temporal385
resolution using FISH is challenging, although it can be accomplished to some degree by synchro-386
nizing embryo deposition before fixation [Park et al., 2019]. Second, while most transcription387
factors directly dictate the rate of RNAP loading, and hence the rate of mRNA production [Spitz388
and Furlong, 2012, Garcia et al., 2013, Eck et al., 2020], typical FISH measurements report on the389
accumulated mRNA in the cytoplasm, which is a convolution of all processes of the transcription390
cycle—initiation, elongation, and termination [Liu et al., 2021, Alberts, 2015]—as well as mRNA391
nuclear export dynamics, diffusion, and degradation. These processes could be modulated in space392
and time, potentially confounding measurements. Here, we overcame these challenges by using393
the MS2 technique to precisely time our embryos and acquire the rate of transcription initiation.394

Interestingly, our initial dissection of constructs containing various combinations of Runt binding395
sites, but in the absence of Runt protein, revealed that unrepressed gene expression levels de-396
pend strongly on the number and placement of the binding sites within the enhancer (Fig. 4A).397
These results challenge previous assumptions that unregulated gene expression levels would stay398
unchanged as enhancer architecture is modulated [Sayal et al., 2016, Fakhouri et al., 2010, Barr399
et al., 2017], but they are in accordance with observations in bacterial systems [Garcia et al., 2012].400
As a result, our measurements call for accounting for unregulated levels in future quantitative401
dissections of eukaryotic enhancers, or to study relative magnitudes such as the fold-change in402
gene expression that has driven the dissection of bacterial transcriptional regulation [Phillips et al.,403
2019].404

Once we accounted for this difference in unrepressed gene expression levels, we determined that405
the repression profiles obtained for constructs bearing one-Runt binding site could be described by406
a simple thermodynamic model (Fig. 2). Specifically, we showed that the same dissociation constant407
described Runt binding regardless of the position of its binding site along the enhancer (Fig. 5A).408
Further, the Runt-RNAP interaction terms describing repressor action decreased as the binding site409
was placed farther from the promoter (Fig. 5C), qualitatively consistent with a “direct repression”410
model in which Runt needs to physically contact RNAP in order to realize its function [Jaynes and411
O’Farrell, 1991, Gray et al., 1994, Hewitt et al., 1999].412

Although our model recapitulated repression by a one-Runt binding site, the inferred parameters413
were insufficient to quantitatively predict repression by two-Runt binding sites (Fig. S6B). These414
results suggest that multiple repressors do not act independently of each other. Instead, new415
parameters describing both Runt-Runt cooperativity and Runt-Runt-RNAP higher-order cooperativity416
had to be incorporated into our models to quantitatively describe Runt action in these constructs417
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(Fig. S6C-E).418

While we have long known about protein-protein cooperative interactions [Ackers et al., 1982], in419
the last few years it has become clear that higher-order cooperativity can also be at play in eukaryotic420
systems [Estrada et al., 2016a, Park et al., 2019, Biddle et al., 2020] as well as in bacteria [Dodd421
et al., 2004] and archaea [Peeters et al., 2013]. The existence of this higher-order cooperativity422
suggests that, to predict gene expression from DNA sequence, it might be necessary to build423
an understanding of the many simultaneous interactions that precede transcriptional initiation.424
Our discovery of higher-order cooperativity in the action of multiple Runt molecules opens up425
new avenues to uncover the molecular nature of this phenomenon. For example, following an426
approach developed in [Park et al., 2019], it could be possible to determine whether and how427
these cooperativity parameters are modulated upon perturbation of molecular players such as the428
Groucho or CtBP co-repressors, Big-brother, a co-factor facilitating the Runt binding to DNA, and429
components of the mediator complex [Park et al., 2019, Courey and Jia, 2001,Walrad et al., 2011].430
Indeed, [Park et al., 2019] recently showed that co-activators and mediator units are involved in431
dictating the magnitude of similar higher-order cooperativity terms in activation by Bicoid. Thus,432
our thermodynamic models provide a lens through which to dissect the molecular underpinnings433
of Runt interactions with itself and with the transcriptional machinery.434

Notably, the need to invoke cooperative interactions as more Runt binding sites are being added435
opposes our goal of predicting complex regulatory architectures from experiments with simpler436
architectures without the need to invoke new parameters. However, it will be interesting to437
determine whether more parameters need to be invoked as the number of Runt binding sites438
increases beyond three, or whether the parameters already inferred are sufficient to endow our439
models with parameter-free predictive power.440

Importantly, while our model adopted a “direct repression” view of the mechanism of Runt action,441
other mechanisms of repression such as “quenching” could also describe the data. While all such442
models call for higher-order cooperativity to describe the data (Supplementary Section S5), our443
data cannot differentiate among those models. Thus, we did not attempt to distinguish different444
molecular mechanisms of Runt transcriptional repression.445

Finally, even though the work presented here has relied exclusively on thermodynamic models,446
it is important to note that a much more general approach based on non-equilibrium models447
could also be appropriate for describing our data. Indeed, an increasing body of work over the last448
few years has provided evidence for the necessity of invoking these more complex models in the449
context of transcriptional regulation in eukaryotes [Estrada et al., 2016a, Li et al., 2018, Park et al.,450
2019, Eck et al., 2020]. In future work, it will be interesting to determine whether, when our data is451
viewed through the lens of these non-equilibrium models, invoking higher-order cooperativity is452
still necessary or whether, instead, simple pairwise protein-protein interactions suffice to reach an453
agreement between theory and experiment.454

Overall, the work presented here establishes a framework for systematically and quantitatively455
studying repression in the early fly embryo. As showcased here, synthetic enhancers based on the456
hunchback P2 minimal enhancer constitute an ideal scaffold for the study of other repressors in457
early fly embryos. For example, we envision that this approach could be used to dissect repression458
by other transcription factors such as Capicua or Krüppel [Löhr et al., 2009, Sauer and Jackle,459
1991, Papagianni et al., 2018, Chen et al., 2012], and to probe observations of multiple repressors460
working together to oppose activation by Bicoid in establishing gene expression patterns along461
the anterior-posterior axis [Chen et al., 2012, Briscoe and Small, 2015]. We anticipate that a similar462
approach could be used to dissect repression along the dorso-ventral axis of the embryo, by463
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for example, adding repressor binding sites to well-established reporter constructs that are only464
regulated by the Dorsal activator [Jiang and Levine, 1993]. Critically, we need to understand not465
only how one species of repressor works in concert with an activator, but also how multiple species466
of repressors work together as a system. The approach presented here provides a way forward467
for predictively understanding the complex gene regulatory network that shapes gene expression468
patterns in the early fly embryo.469

4 Materials and Methods470

4.1 Generation of synthetic enhancers with MS2 reporters471

The synthetic enhancer constructs used in this study are based off of Chen et al. [2012]. In summary,472
the hunchback P2 enhancer was used as a scaffold to introduce Runt binding sites at different473
positions that are thought to be neutral (i.e. these Runt binding sites do not interfere with any474
other obvious binding sites for other transcription factors in the early Drosophila embryos as shown475
in Fig. S9). For the three positions chosen to introduce Runt binding sites in Chen et al. [2012],476
the Gene Synthesis service from Genscript was used to generate synthetic enhancers with all477
possible configurations of zero-, one-, two-, and three-Runt binding sites in hunchback P2 as shown478
in Figure 1A. The enhancer sequences were placed into the original plasmid pIB backbone [Chen479
et al., 2012] using the Gene Fragment Synthesis service in Genscript, followed by the even-skipped480
promoter, and 24 repeats of MS2v5 loops [Wu et al., 2015], the lacZ coding sequence, and the �-481
Tubulin 3’UTR sequence [Chen et al., 2012]. These plasmids were injected into the 38F1 landing site482
using the RMCE method [Bateman et al., 2006] by BestGene Inc. Flies were screened by selecting483
for white eye color and made homozygous. The orientation of the insertion was determined by484
genomic PCR to ensure a consistent orientation across all of our constructs. Specifically, we used485
two sets of primers that each amplified one of these two possible orientations: “Upward”, where486
the forward primer binds to a genomic location outside of 38F1 (TTCTAGTTCCAGTGAAATCCAAGCA)487
and the reverse primer binds to a location in our reporter transgene (ACGCCAGGGTTTTCCCAG),488
and “Downward”, where the forward primer remains the same as the “Upward” set and the reverse489
primer binds to a location in our reporter transgene (CTCTGTTCTCGCTATTATTCCAACC) when the490
insertion is the opposite orientation to the “Upward” orientation. As a result, only amplicons from491
either one of the orientations of insertion in the 38F1 landing site can be obtained. We chose the492
“Downward” orientation for all our constructs.493

4.2 CRISPR-Cas9 knock-in of the green LlamaTag in the endogenous runt locus494

We used CRISPR-Cas9 mediated Homology Directed Repair (HDR) to insert the LlamaTag against495
eGFP into the N-terminal of the runt endogenous locus [Bothma et al., 2018, Gratz et al., 2015].496
The donor plasmid was constructed by stitching individual fragments—PCR amplified left/right497
homology arms from the endogenous runt locus roughly 1 kb in length each, LlamaTag, and pHD-498
scarless vector—using Gibson assembly [Gratz et al., 2015]. The PAM sites in the donor plasmid499
were mutated such that the Cas9 only cleaved the endogenous loci, not the donor plasmid, without500
changing the amino acid sequence of the Runt protein. The final donor plasmid contained the501
3xP3-dsRed marker such that dsRed is expressed in the fly eye and ocelli for screening. Positive502
transformant flies were screened using a fluorescence dissection scope and set up for single fly503
crosses to establish individual lines that were then verified with PCR amplification and Sanger504
sequencing (UC Berkeley Sequencing Facility). Importantly, this llamaTag-runt allele rescues devel-505
opment to adulthood as a homozygous. Thus we concluded that the LlamaTag-Runt allele can be506
used to monitor the behavior of endogenous Runt protein.507
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4.3 Fly strains508

Transcription from the synthetic enhancer reporter constructs was measured by using embryos509
from crossing yw;his2av-mRFP1;MCP-eGFP(2) females and yw;synthetic enhancer-MS2v5-lacZ;+males510
as described in [Garcia et al., 2013, Eck et al., 2020, Lammers et al., 2020].511

eGFP-Bicoid measurements were performed using the fly line from [Gregor et al., 2007]. The512
LlamaTag-Runt measurements were done using the fly line LlamaTag-Runt; +; vasa-eGFP, His2Av-iRFP513
illustrated in Table 2. Briefly, eGFP was supplied by a vasamaternal driver. Females carrying both514
the LlamaTag-Runt and the vasa-driven eGFP were crossed with males carrying the LlamaTag-Runt,515
the progeny from this cross were imaged and then recovered to determine the embryo’s sex516
using PCR. PCR was run with three sets of primers: Y chr1 (Forward: CGATCCAGCCCAATCTCTCATAT-517
CACTA, Reverse: ATCGTCGGTAATGTGTCCTCCGTAATTT), Y chr2 (Forward: AACGTAACCTAGTCGGATTG-518
CAAATGGT, Reverse: GAGGCGTACAATTTCCTTTCTCATGTCA), and Auto1 (Forward: GATTCGATGCA-519
CACTCACATTCTTCTCC , Reverse: GCTCAGCGCGAAACTAACATGAAAAACT). Two of primer sets (Y chr1520
and Y chr2) bind to the Y chromosome while the other one (Auto1) binds to the autosome and521
constitutes a positive control [Lott et al., 2011].522

To generate the embryos that are zygotic null for the runt allele, we used a fly cross scheme consist-523
ing of two crosses. In the first generation, we crossed LlamaTag-Runt;+;+males with run3/FM6;+;MCP-524
eGFP(4F),his2av-mRFP1 females. run3 is the null allele for runt, missing around 5 kb including the525
coding sequence of the runt locus [Gergen and Butler, 1988, Chen et al., 2012]. The MCP-eGFP(4F)526
transgene expresses approximately twice the amount of MCP protein than the MCP-eGFP(2) [Garcia527
et al., 2013, Eck et al., 2020] and thus results in similar levels of MCP to those of MCP-eGFP(2) in the528
trans-heterozygotes. The female progeny from this cross, LlamaTag-Runt/run3;+;MCP-eGFP(4F),his2av-529
mRFP1/+ was then crossed with males whose genotype was LlamaTag-Runt/Y;synthetic enhancer-530
MS2v5-lacZ;+ to produce the embryos that we used for live imaging. The resulting embryos carried531
maternally supplied MCP-eGFP and His-RFP for visualization of nascent transcripts and nuclei. The532
X chromosome contained LlamaTag-Runt allele or run3 null allele. We could differentiate between533
these two genotypes because, when the embryo had the Runt allele, a stripe pattern would appear534
in late nc14. We imaged all embryos until late nc14 to make sure that we were capturing the nulls.535

4.4 Sample preparation and data collection536

Sample preparation was done following the protocols described in Garcia et al. [2013]. Briefly,537
embryos were collected, dechorionated with bleach for 1-2 minutes, and then mounted between a538
semipermeable membrane (Lumox film, Starstedt, Germany) and a coverslip while embedded in539
Halocarbon 27 oil (Sigma-Aldrich). Live imaging was performed using a Leica SP8 scanning confocal540
microscope, a White Light Laser and HyD dectectors (Leica Microsystems, Biberach, Germany).541
Imaging settings for the MS2 experiments with the presence of MCP-eGFP and Histone-RFP were542
the same as in Eck et al. [2020] except that we used 1024x245 (pixels) format to image a wider field543
of view along the anterior-posterior axis. The settings for the eGFP-Bicoid measurements were the544
same as described in Eck et al. [2020].545

The settings for the eGFP:LlamaTag-Runt measurements were similar to that of eGFP-Bicoid except546
for the following. To increase our imaging throughput, we utilized the “Mark and Position” func-547
tionality in the LASX software (Leica SP8) to image 5-6 embryos simultaneously. To account for the548
decreased time resolution, we lowered the z-stack size from 10 �m to 2.5 �m, keeping the 0.5 �m549
z-step. By doing this, we could maintain 1 minute frame rate for each imaged embryo. Additionally,550
these flies expressed Histone-iRFP, instead of Histone-RFP as in Eck et al. [2020], so that we used a551
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670 nm laser at 40 �W (measured at a 10x objective) for excitation of the histone channel, and the552
HyD detector was set to a 680 nm-800 nm spectral window.553

4.5 Image Analysis554

Images were analyzed using custom-written software (MATLAB, mRNA Dynamics Github repository)555
following the protocol in Garcia et al. [2013] and Eck et al. [2020]. Briefly, this procedure involved556
segmentation and tracking of nuclei and transcription spots. First, segmentation and tracking of557
individual nuclei were done using the histone channel as a nuclear mask. Second, segmentation of558
each transcription spot was done based on its fluorescence intensity and existence over multiple559
z-stacks. The intensity of each MCP-GFP transcriptional spot was calculated by integrating pixel560
intensity values in a small window around the spot and subtracting the background fluorescence561
measured outside of the active transcriptional locus. When there was no detectable transcriptional562
activity, we assigned NaN values for the intensity. The tracking of transcriptional spots was done by563
using the nuclear tracking and proximity of transcriptional spots between consecutive time points.564
The nuclear protein fluorescence intensities from the eGFP-Bicoid and LlamaTag-Runt fly lines,565
which we use as a proxy for the protein nuclear concentration, were calculated as follows. Using the566
nuclear mask generated from the histone channel, we performed the same nuclear segmentation567
and tracking as described above for the MS2 spots. Then,for every z-section, we extracted the568
integrated fluorescence over a 2�m diameter circle on the xy-plane centered on each nucleus. For569
each nucleus, the recorded fluorescence corresponded to the z-position where the fluorescence570
was maximal. This resulted in an average nuclear concentration as a function of time for each571
single nucleus. These concentrations from individual nuclei were then averaged over a narrow572
spatial window (2.5% of the embryo length) to generate the spatially averaged protein concentration573
reported in the main text. For the eGFP:LlamaTag-Runt datasets, we had to subtract the background574
eGFP fluorescence due to the presence of an unbound eGFP population [Bothma et al., 2018]. We575
used the same protocol described in Bothma et al. [2018] and in the Supplementary Section S7 to576
extract this background.577

4.6 Bayesian inference procedure: Markov Chain Monte Carlo sampling578

Parameter inference was done using the Markov Chain Monte Carlo (MCMC) method. We used579
a well-established package MCMCstat that uses an adaptive MCMC algorithm [Haario et al., 2006,580
2001]. A detailed description on how we performed the MCMC parameter inference, for example581
setting the priors and bounds for parameters, is illustrated in Supplementary Section S4.582
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4.7 Biological Materials583

Plasmids
Name (hyperlinked to Benchling) Function
pIB-hbP2-evePr-MS2v5-LacZ-Tub3UTR [000]-MS2v5 reporter construct
pIB-hbP2+r1-far-evePr-MS2v5-LacZ-Tub3UTR [100]-MS2v5 reporter construct
pIB-hbP2+r1-mid-evePr-MS2v5-LacZ-Tub3UTR [010]-MS2v5 reporter construct
pIB-hbP2+r1-close-evePr-MS2v5-LacZ-Tub3UTR [001]-MS2v5 reporter construct
pIB-hbP2+r2-2+3-evePr-MS2v5-LacZ-Tub3UTR [011]-MS2v5 reporter construct
pIB-hbP2+r2-1+3-evePr-MS2v5-LacZ-Tub3UTR [101]-MS2v5 reporter construct
pIB-hbP2+r2-1+2-evePr-MS2v5-LacZ-Tub3UTR [110]-MS2v5 reporter construct
pIB-hbP2+r3-evePr-MS2v5-LacZ-Tub3UTR [111]-MS2v5 reporter construct
pHD-scarless-LlamaTag-Runt Donor plasmid for LlamaTag-Runt

CRISPR knock-in fusion for the N-
terminal

pU6:3-gRNA(Runt-N-2) gRNA plasmid for LlamaTag-Runt
CRISPR knock-in fusion for the N-
terminal

pCasper-vasa-eGFP vasamaternal driver for ubiquitous
eGFP expression in the early embryo

Table 1. List of plasmids used to create the transgenic fly lines used in this study.
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Fly lines
Genotype Use
LlamaTag-Runt; +; vasa-eGFP, His2Av-iRFP Visualize LlamaTagged Runt pro-

tein and label nuclei
LlamaTag-Runt; +; MCP-eGFP(4F), His2Av-iRFP Visualize LlamaTagged Runt pro-

tein, nascent transcripts and la-
bel nuclei

run3/FM6; +; + Visualize LlamaTagged Runt pro-
tein, nascent transcripts and la-
bel nuclei

yw; His2Av-mRFP; MCP-eGFP Females to label nascent RNA
and nuclei

yw; [000]-MS2v5 ; + Males carrying the MS2 reporter
transgene

yw; [100]-MS2v5 ; + Males carrying the MS2 reporter
transgene

yw; [010]-MS2v5 ; + Males carrying the MS2 reporter
transgene

yw; [001]-MS2v5 ; + Males carrying the MS2 reporter
transgene

yw; [011]-MS2v5 ; + Males carrying the MS2 reporter
transgene

yw; [101]-MS2v5 ; + Males carrying the MS2 reporter
transgene

yw; [110]-MS2v5 ; + Males carrying the MS2 reporter
transgene

yw; [111]-MS2v5 ; + Males carrying the MS2 reporter
transgene

Table 2. List of fly lines used in this study and their experimental usage
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S1 Derivation of the general thermodynamic model for the hunchback P2593
enhancer594

In this section, we rederive the thermodynamic model presented in the main text, now without595
the assumption of strong Bicoid-Bicoid cooperativity. The equilibrium thermodynamic modeling596
framework that we used in this paper is described in more detail in Bintu et al. [2005b,a].597

We start by modeling the case of hunchback P2 without any Runt binding sites, which is believed598
to have at least six Bicoid binding sites [Park et al., 2019, Driever et al., 1989]. As shown by599
the states and weights presented in Figure S1A, in our thermodynamic model, we assume that600
the six Bicoid binding sites have the same dissociation constant given by Kb, and we posit that601
RNAP-promoter binding is governed by a dissociation constant given by Kp. We also assume602
pairwise cooperativity between Bicoid molecules given by !b, and cooperativity between each603
Bicoid molecule and RNAP given by !bp. For simplicity, we will use the dimensionless parameters604
b = [Bicoid]∕Kb and p = [RNAP ]∕Kp, where [Bicoid], and [RNAP ] are the concentrations of Bicoid605
and RNAP, respectively, and Kb and Kp are their corresponding dissociation constants.606

We factor the total partition function into two categories: Zb corresponding to states that only have607
Bicoid bound, and Zbp describing states with both Bicoid and RNAP bound. Then then calculate608
each component separately. The sum of microstates for Zb is609

Zb = 1 + 6b + 15b2!b +⋯ + b6!5b = 1 +
6
∑

i=1

(

6
i

)

bi!i−1b . (S1)
Using the binomial theorem, we can simplify Equation S1 leading to610

Zb = 1 +
6
∑

i=1

(

6
i

)

bi!i−1b = 1 + 1
!b

[

(1 + b !b)6 − 1
]

. (S2)
Using the same logic, we obtain Zbp such that611

Zbp =

(

p + p
6
∑

i=1

(

6
i

)

bi!i−1b !ibp

)

= p +
p
!b

[

(1 + b !b !bp)6 − 1
]

. (S3)
Using these two partition functions, we then calculate the probability of the promoter being bound612
by RNAP, pbound as613

Pbound =
Zbp

Zb +Zbp
=

p + p
!b

[

(1 + b !b !bp)6 − 1
]

1 + 1
!b

[

(1 + b !b)6 − 1
]

+ p + p
!b

[

(1 + b !b !bp)6 − 1
]
. (S4)
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Following recent work [Gregor et al., 2007, Park et al., 2019], we now assume that the Bicoid-Bicoid614
pairwise cooperativity is very strong (!b ≫ 1). We can then simplify Equation S4 to obtain615

Pbound =
p + p b6 !5b !

6
bp

1 + p + b6 !5b + p b6 !
5
b !

6
bp

. (S5)

If we now define a new binding constant for Bicoid, K ′
b = Kb ∗ (

1
!b
)
5
6 , such that b′ = b ! 5

6
b , and a new616

cooperativity term between Bicoid and RNAP given by !′bp = !6bp, we can then rewrite Equation S5 as617

Pbound =
p + b′6 p !′bp

1 + p + b′6 + b′6 p !′bp
, (S6)

which is the expression we use throughout the main text. Thus, strong pairwise cooperativity618
between Bicoid molecules leads to a functional form where only the state with all Bicoid molecules619
bound remain (six in this case). This strong cooperativity can explain the sharp step-like expression620
pattern along the embryo’s anterior-posterior axis of the hunchback gene (Fig. 3J; Gregor et al.621
[2007], Park et al. [2019], Driever and Nusslein-Volhard [1988, 1989]).622
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Figure S1. General thermodynamic model for a hunchback P2 enhancer with six Bicoid binding sites. (A) States,weights, and degeneracy considered for our thermodynamic model. (B) Simpler form of the thermodynamicmodel in the limit of !b ≫ 1.
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S2 Derivation of the general and simpler thermodynamic model for the623
hunchback P2 enhancer with one Runt binding site624

Having derived the equation for the strong cooperative binding of Bicoid to the wild-type hunchback625
P2 enhancer, we will now extend that model to the case of hunchback P2 with one Runt binding site.626
The corresponding states and weights of our full model are shown in Figure S2A.627

Using a similar logic for calculating the partition functions as described in the previous section, we628
can compute the probability of the promoter being bound by RNAP as629

pbound =

Bicoid and RNAP
⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞
(

p + p
6
∑

i=1

(

6
i

)

bi!i−1b !ibp

)

+

Bicoid, Runt, and RNAP
⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞
(

r p !rp + r p !rp
6
∑

i=1

(

6
i

)

bi!i−1b !ibp

)

(

1 +
6
∑

i=1

(

6
i

)

bi!i−1b

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟Bicoid only
+

(

p + p
6
∑

i=1

(

6
i

)

bi!i−1b !ibp

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟Bicoid and RNAP
+

(

r + r
6
∑

i=1

(

6
i

)

bi!i−1b

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟Bicoid and Runt
+

(

rp!rp + rp!rp
6
∑

i=1

(

6
i

)

bi!i−1b !ibp

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟Bicoid, Runt, and RNAP

,

(S7)
where, in addition to the parameters defined in the above section for the wild-type hunchback630
P2 case in the absence of Runt, we have added two parameters: the dissociation constant for631
Runt given by Kr, and a Runt-RNAP interaction term (an anti-cooperativity), !rp. Using the binomial632
theorem as in Equation S2, we can simplify Equation S7 to obtain633

pbound = p+ p
!b
[(1+b!b!bp)6−1]+rp!rp+ rp!rp

!b
[(1+b!b!bp)6)−1]

1+ 1
!b
[(1+b!b)6−1]+p+ p

!b
[(1+b!b!bp)6−1]+r+ r

!b
[(1+b!b)6−1]+rp!rp+ rp!rp

!b
[(1+b!b!bp)6−1]

.

(S8)
We now again assume that Bicoid-Bicoid cooperativity is very strong such that !b ≫ 1. Then, we can634
combine Equation S8 with Equation 1 to obtain635

Rate = R pbound = R
p + b′6 p !bp + r p !rp + b′6 r p !′bp !rp

1 + b′6 + r + b′6 r + p + b′6 p !′bp + r p !rp + b′6 r p !
′
bp !rp

, (S9)
where the new parameters, b′ and !′bp are defined in the same way as in Equation S6. The effectivestates and weights remaining after taking this limit are shown in Figure S2B. Similarly, we can
derive expressions for pbound in the presence of two and three Runt binding sites, and in the strongBicoid-Bicoid cooperativity limit in order to obtain the predictions used throughout this text. We
show this expression for two Runt binding sites in Equation 5. Further, for the case of repression by
three Runt binding sites, the rate of transcription is given by
Rate =R

(

p + b6 p !bp + r p (!rp1 + !rp2 + !rp3) + b6 r p !bp (!rp1 + !rp2 + !rp3)+

r2 p (!rp1!rp2!rr1!rrp1 + !rp2!rp3!rr2!rrp2 + !rp3!rp1!rr3!rrp3)+

r3 p !rp1!rp2!rp3!rr1!rr2!rr3!rrp1!rrp2!rrp3!rrr!rrrp+

b6 r2 p !bp(!rp1!rp2!rr1!rrp1 + !rp2!rp3!rr2!rrp2 + !rp3!rp1!rr3!rrp3)+

b6 r3 p !bp!rp1!rp2!rp3!rr1!rr2!rr3!rrp1!rrp2!rrp3!rrr!rrrp
) (S10)

(

1 + b6 (1 + 3r + p !bp) + 3r + p + r p (!rp1 + !rp2 + !rp3)+

r2 p (!rp1!rp2!rr1!rrp1 + !rp2!rp3!rr2!rrp2!rp3!rp1!rr3!rrp3) + b6 r2 (!rr1 + !rr2 + !rr3)+

b6 r3 !rr1!rr2!rr3!rrr + r2 (!rr1 + !rr2 + !rr3) + r3 !rr1!rr2!rr3+

r3 p !rp1!rp2!rp3!rr1!rr2!rr3!rrp1!rrp2!rrp3!rrr!rrrp+

b6 r p !bp (!rp1 + !rp2 + !rp3) + b6 r2 p !bp(!rp1!rp2!rr1!rrp1 + !rp2!rp3!rr2!rrp2 + !rp3!rp1!rr3!rrp3)+

b6 r3 p !bp!rp1!rp2!rp3!rr1!rr2!rr3!rrp1!rrp2!rrp3!rrr!rrrp
)−1 ,
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where the parameters are defined as in Figure 1 and Section 2.6.636

S3 Comparing using static versus dynamic transcription factor concentra-637
tions as model inputs638

In this section, we tested whether using static, time-averaged transcription factor concentration639
profiles yielded comparable theoretical predictions than when instead acknowledging the fact that640
input transcription factor concentration changes over time. Briefly, we compared the predicted rate641
of transcription calculated in two ways: (1) time-averaging the instantaneous rate from the dynamic642
transcription factor concentration profiles over a specified time window (from 5 to 10 minutes from643
the 13th anaphase) and (2) using static input transcription factors already time-averaged over the644
same time window.645

As a concrete example, we focused on the hunchback P2 enhancer with one Runt binding site. We646
calculated the predicted rate of transcription using the thermodynamic model given by Equation 2.647
First, we performed this calculation using the dynamic concentration profiles of Bicoid and Runt648
shown in Figure 3B and D, respectively. Briefly, the terns b and r in Equation 2 now become functions649
of time such that650

Rate(t) = R
p + b6(t) p !bp + r(t) p !rp + b6(t) r(t) p !bp !rp

1 + b6(t) + r(t) + b6(t) r(t) + p + b6(t) p !bp + r(t) p !rp + b6(t) r(t) p !bp !rp
, (S11)

where b(t) = [Bicoid](t)∕Kb and r(t) = [Runt](t)∕Kr. We choose a set of reasonable values for the651
model parameters to illustrate the calculation of Rate(t) at 30% of the embryo length. The resulting652
dynamic rate of transcription profile is shown in Figure S3A (blue curve). We then use this profile to653
calculate the time-averaged rate of transcription over the time window of 5 to 10 minutes from the654
13th anaphase, resulting in the green area shown in Figure S3A.655

The predicted average rate of RNAP loading given dynamic input transcription factors can be656
compared to the predicted rate of RNAP loading given the average input concentrations that we used657
throughout the main text (Fig. 3E). Specifically, we plug the static concentration profiles of Bicoid658
and Runt shown in Figure 3E into Equation 2 to obtain the red area shown in Figure S3A. As shown659
in the figure, the predicted rate of transcription obtained by these two analysis methodologies are660
equivalent within error.661

Finally, we performed this comparison between different approaches to calcualte the rate of662
transcription as a function of position along the embryo (from 20% to 70% of the embryo length). As663
shown in Figure S3B, the resulting spatial profiles are comparable within error. Thus, we have shown664
that our approach of using time-averaged, static transcription factor concentrations as inputs to our665
model yield quantitatively equivalent result as accounting for the dynamic concentration profiles of666
these transcription factors.667

S4 Markov Chain Monte Carlo inference protocol668

Markov Chain Monte Carlo (MCMC) sampling is a widely used technique for robust parameter669
estimation using Bayesian statistics [Geyer and Thompson, 1992, Sivia and Skilling, 2006]. We used670
the MATLAB package MCMCstat, an adaptive MCMC technique, which we could directly implement671
downstream of our data analysis pipeline [Haario et al., 2006, 2001]. Detailed instructions on how672
to implement the MCMCstat package can be found in https://mjlaine.github.io/mcmcstat/.673

MCMC allows for an estimation of the set of parameter values of a model that best explain the674
experimental data along with their associated errors. In this work, we used MCMC to infer the set675
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Figure S2. General thermodynamic model for an enhancer with six-Bicoid binding sites and one Runt bindingsite. (A) Statistical weights and degeneracy of each state the system can be found in. (B) Simpler form of themodel from (A) in the limit of strong Bicoid-Bicoid cooperativity.
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Figure S3. Comparison of the predicted rate of transcription using dynamic and time-averaged transcriptionfactor concentration profiles as inputs. (A) Instantaneous predicted rate of transcription calculated usingdynamic transcription factor concentration profiles at each time point (blue) and resulting averaged rate oftranscription averaged over the time window of 5-10 minutes from the 13th anaphase (green) compared to thepredicted rate of transcription obtained using the static transcription factor concentrations of Bicoid and Runtshown in Figure 3E (red). (Illustrative predictions calculated at 30% of the embryo length using Kb = 30(AU ),
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of best fit values of the parameters in our thermodynamic models given the observed profile of the676
rate of transcription initiation along the anterior-posterior axis of the embryo.677

MCMC calculates a Bayesian posterior probability distribution of each free parameter given the678
data by stochastically sampling different parameter values. For a given set of observations D and a679
model with parameters �, the posterior probability distribution of a particular set of values is given680
by Bayes’ theorem681

p(�|D)
⏟⏟⏟posterior

∝ p(D|�)
⏟⏟⏟likelihood

p(�)
⏟⏟⏟prior

. (S12)

The prior function represents the a priori assumption about the probability distribution of parameter682
values �. Here, we assumed a uniform prior distribution for all parameters to reflect our ignorance683
about the model parameters within the following intervals:684

• Kb: [0, 100] AU685
• !bp: [0, 200]686
• p: [0, 1]687
• R: [0, 400] AU/min688
• Kr: [0, 100] AU689
• !rp: [0, 1.2]690
• !rr: [0, 100]691
• !rrp: [0, 100]692

These intervals were justified using the following arguments.693

First, because we observed a gradual modulation of the rate of transcription by both Bicoid and694
Runt in the middle region of the embryo we reasoned that the binding sites for these transcription695
factors were not saturated. As a result, we posited that the real dissociation constant should696
be between the minimum and maximum measured values of Bicoid and Runt (Fig. S10). Our697
measurements of Bicoid and Runt concentration yield fluorescence values over the 0-100 AU range698
for the embryo region that we used for contrasting our model and experimental data (20-50% of the699
embryo length), such that the dissociation constants (Kb and Kr) should not exceed the maximum700
value of the Bicoid or Runt concentration.701

Second, !bp represents the cooperativity between Bicoid complex and RNAP. In the statistical702
mechanics framework, this cooperativity can be expressed using the interaction energy between703
Bicoid and RNAP, Δ�bp, such that !bp = exp(−�Δ�bp), where � = 1

kB T
, kB is the Boltzmann constant704

and T is the temperature. There is not much known about in vivo interaction energies between705
Bicoid and RNAP complex, thus we tried several different bounds until we found a narrow enough706
parameter bound with unimodal distribution of the posterior chain. As we could see from the707
corner plots in Figure 4C, there is a positive correlation between Kb and !bp. Thus, we constrained708
the !bp intervals by finding an interval that gives both well-constrained Kb and !bp (Fig. 4C).709

Third, R represents the rate of RNAP loading when the promoter is occupied, thus it is constrained710
by the maximum observed rate of RNAP loading (Fig. S10).711

Fourth, p = [RNAP ]∕Kp) represents the concentration of RNAP divided by its dissociation constant.712
Recall that the predicted rate of transcription from hunchback P2 in the limit where the Bicoid713
concentration reaches zero is given by714

Rate([Bicoid]→ 0) = R
p

1 + p
. (S13)

This rate of transcription at the posterior region, where Bicoid reaches zero, is much lower than715
that at the anterior region where Bicoid saturates given by R (Fig. S10). As a result, we can write the716

29 of 55

.CC-BY 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 29, 2021. ; https://doi.org/10.1101/2021.07.28.454075doi: bioRxiv preprint 

https://doi.org/10.1101/2021.07.28.454075
http://creativecommons.org/licenses/by/4.0/


bioRχiv preprint

inequality717
R

p
1 + p

≪ R. (S14)
such that718

p
1 + p

≪ 1, (S15)
which holds if p ≪ 1.719

Finally, we did not have good estimates for the intervals of either Runt-Runt cooperativity, !rr, or720
higher-order cooperativity, !rrp. Thus, we initially started with an interval of [0, 100], of the same721
order as the interval we used !bp. We then explored whether this parameter bound was sufficient722
to give us constrained values of !rr and !rrp. As we showed in Figure S15D, this interval gives723
reasonably constrained values of !rr and !rrp. As shown in Figure 6 and Figure S15, we posit that724
the !rr parameter is not well-constrained not because of its width of the interval, but because it725
is not as essential for the model fit to the data as it is to include !rrp into the model. Overall, our726
MCMC inference results as well as the corner plots shown demonstrate that our parameter intervals727
chosen were reasonable.728

S5 Comparison of different modes of repression729

Transcriptional repressors have been classified into two broad categories: short-range and long-730
range, depending on the genomic length scale that they act on [Courey and Jia, 2001, Li and Gilmour,731
2011]. Long-range repression is realized by the recruitment of chromatin modifiers. In contrast,732
short-range repressors act within 100-150 bp by interacting with nearby transcription factors or733
with the promoter [Li and Gilmour, 2011]. Traditionally, the molecular mechanism of short-range734
repressors, such as Runt, have been further classified into three categories: “direct repression”,735
“competition”, and “quenching” [Gray et al., 1994, Jaynes and O’Farrell, 1991, Arnosti et al., 1996,736
Kulkarni and Arnosti, 2005]. In “direct repression”, the repressor inhibits the binding of RNAP to737
the promoter (Fig. S4A). “Competition” denotes a repressor that competes with an activator for738
the same DNA binding location (Fig. S4B). This molecular mechanisms has been proposed for the739
action of Giant and Krüppel repressors on the even-skipped stripe 2 enhancer, where some activator740
and repressor binding sites partially overlap [Small et al., 1992]. Lastly, “quenching” corresponds to741
the case where the repressor and activator do not interact with each other directly. Instead, the742
repressor inhibits the activators’ action of recruiting the RNAP (Fig. S4C).743

Despite several classic studies of the molecular mechanism of repressors in the early fly embryo744
[Gray et al., 1994, Ip et al., 1992, Bothma et al., 2011, Jaynes and O’Farrell, 1991], the mechanisms745
of many repressors remain unknown. Note that, even for the same repressor, the mode of746
repression might not be the same depending on, for example, its sequence context [Koromila747
and Stathopoulos, 2019, Hang and Gergen, 2017]. For example, it has been proposed that Runt748
repressor acts with different mechanisms in different regulatory elements of the sloppy-paired749
gene [Hang and Gergen, 2017]. In this section, we derive a thermodynamic model from each mode750
of repression and compare their explanatory power in the context of our data stemming from751
the hunchback P2 enhancer containing one Runt binding site. Note that, in the main text, we752
already developed a thermodynamic model for the “direct repression” scenario (Section S2). As a753
result, in this section, we focus on deriving the thermodynamic models for the “competition” and754
“quenching” scenarios, but repeat the result of the derivation for the “direct repression” here for755
ease comparison between different models.756
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Figure S4. Thermodynamic models for different modes of repression. States and statistical weightscorresponding to the hunchback P2 enhancer with one Runt binding site for the (A) direct repression, (B)competition, and (C) quenching mechanisms.
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S5.1 Derivation of models for each scenario of repression for hunchback P2 with757
one Runt binding site758

S5.1.1 Modeling repression for hunchback P2 with one Runt binding site: direct repression759

For completeness, we repeat the expression for the direct repression scenario as shown in Sec-760
tion S2 and Figure S4A. The probability of finding RNAP bound to the promoter, pbound , is calculated761
by dividing the sum of all statistical weights featuring RNAP by the sum of the weights of all possible762
microstates. The calculation of pbound , combined with Equation 1, leads to the expression763

Rate = R pbound = R
p + b6 p !bp + r p !rp + b6 r p !bp !rp

1 + b6 + r + b6 r + p + b6 p !bp + r p !rp + b6 r p !bp !rp
, (S16)

where the parameters are as defined in Figure 2.764

S5.1.2 Modeling repression for hunchback P2 with one Runt binding site: competition765

In the competition scenario, Runt binding makes Bicoid binding less likely. This mechanism can be766
captured by an interaction term between Bicoid and Runt given by !br. Building on our assumption767
of strong Bicoid-Bicoid cooperativity, we posit that Runt disfavors the state with six bound Bicoid768
molecules. We can enumerate the states and weights from Fig. S4B to calculate the Rate (∝ pbound ) ,769
which leads to770

Rate = R
p + b6 p !bp + r p + b6 r p !bp !br

1 + p + b6 + r + b6 r !br + b6 p !bp + r p + b6 r p !bp !br
. (S17)

S5.1.3 Modeling repression for hunchback P2 with one Runt binding site: quenching771

In the quenching scenario, Runt reduces the magnitude of the cooperativity between the Bicoid772
complex and RNAP by a factor !brp. We can enumerate the states and weights from Fig. S4C, leading773
to a rate of transcription given by774

Rate = R
p + b6 p !bp + r p + b6 r p !bp !brp

1 + p + b6 + r + b6 r + b6 p !bp + r p + b6 r p !bp !brp
. (S18)

With these expressions for each repression mechanism in hand, we can now compare how each775
model fares against our experimental data.776

S5.2 Comparing the threemodels of repressionwith the one-Runt binding site data777

We used the MCMC sampling to fit each model to our experimentally measured initial rate of778
transcription over the anterior-posterior axis of the embryo. As shown in Figure S5A, B, and C, we779
see that all three models can explain the [100] and [010] construct data relatively well. However,780
the competition model resulted in a qualitatively poor fit to the [001] construct as shown by the781
lack of saturation in the most anterior region of the embryo (Fig. S5C, ii). The direct repression and782
quenching models showed equally good fits to the data stemming from this construct.783

S5.3 Predicting two-Runt binding sites data for each mode of repression784

We further tested these different models of repression by using the parameters inferred from785
the one-Runt binding site constructs to predict the rate of initiation for the two-Runt binding sites786
constructs. As reasoned in the main text, we began by assuming that the two Runt molecules act787
independently of each other such that there are no interactions between Runt molecules. Figure S6788
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Figure S5. MCMC fitting to the hunchback P2 with one Runt binding site constructs using different models ofrepression. (A,B,C)MCMC fits for three modes of repression, (i) direct repression, (ii) competition, and (iii)quenching, for our three one-Runt site constructs, (A) [100], (B) [101], and (C) [001]. (D) Corner plots resulteingfrom MCMC inference on the three one-Runt site constructs for each model. (E) Inferred parameters fromMCMC fitting. (A,B, and C, error bars represent standard error of the mean over ≥ 3 embryos; E, error barsrepresent standard deviation of the posterior chain.)
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shows this parameter-free prediction for our two-Runt binding sites constructs for all three modes789
of repression. As shown in the figure, none of the models can explain the data, suggesting the need790
to invoke additional interactions between the molecular players of our model.791

Next, we considered whether Runt-Runt pairwise or higher-order cooperativities had to be invoked792
in order to explain the two-Runt binding sites data for both the competition and quenching mecha-793
nisms. For the competition model, we considered Runt-Runt cooperativity, !rr, and Runt-Runt-Bicoid794
higher-order cooperativity, !brr in addition to the Runt-Bicoid interaction term !br. In the quenching795
scenario, we accounted for Runt-Runt cooperativity, !rr, and Runt-Runt-Bicoid-RNAP higher-order796
cooperativity, !brrp. For both the competition (Fig. S7) and quenching (Fig. S8) mechanisms, we797
observed a qualitatively similar trend to that observed for direct repression (Fig. 6). Specifically,798
as shown in Figures S7C and S8C, considering pairwise cooperativity did not significantly improve799
the MCMC fits to the data for either model considered. Further, considering only the higher-order800
cooperativity also did not improve the fits for both competition and quenching mechanisms as801
shown in Figure S7D and Figure S8D. Invoking both Runt-Runt cooperativity and higher-order coop-802
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erativity improved the fits qualitatively for both competition and quenching mechanisms as shown803
in Figure S7E and Figure S8E.804

While the quenching model showed almost equally good MCMC fits to the data as the direct805
repression model, the competition model showed qualitatively poor fits in any combination of806
cooperativities. In particular, there was a significant mismatch in the most anterior region of the807
embryo, where Bicoid is thought to saturate hunchback expression. While we do not view these fits808
as conclusive evidence to support one mechanism over the other, an exercise that would require a809
new round of experimentation, we conclude that higher-order cooperativity is required to explain810
the data from the two-Runt binding sites constructs regardless of the choice of mechanism of Runt.811

S6 Design of synthetic enhancer constructs based on the hunchback P2 en-812
hancer813

The Runt binding sites were introduced into the hunchback P2 minimal enhancers at the positions814
determined by Chen et al. [2012]. To make this possible, the authors chose positions containing815
presumed neutral DNA sequences, meaning that these DNA locations did not contain obvious816
motifs for Bicoid or Zelda, the major input transcription factors that regulate this enhancer. Then,817
these DNA sequences were mutated to turn them into Runt binding sites.818

To ensure that this process did not perturb the binding sites for Bicoid and Zelda we resorted to819
the Advanced PATSER entry form [Hertz et al., 1990, Hertz and Stormo, 1999] which identifies the820
location of transcription factor binding sites from a sequence of DNA based on position weight821
matrices. We used position weight matrices for Bicoid and Zelda from Park et al. [2019]. PATSER822
was run with the settings described in Eck et al. [2020] for both the hunchback P2 enhancer and the823
hunchback P2 enchancer with three Runt binding sites (from Chen et al. [2012]) for Bicoid and Zelda,824
respectively. The result of this analysis for these two constructs is shown for each transcription825
factor in Figure S9A. Here, we took a the PATSER score cutoff—for considering a given sequence826
to be a binding site—of 3 as in Eck et al. [2020]. We observed that the recognized binding motifs827
for both Bicoid and Zelda were identical between the two constructs, meaning that we did not828
add additional Bicoid or Zelda binding sites by introducing the Runt motifs. The resulting synthetic829
enhancer with three Runt binding sites with mapped binding sites for Bicoid, Zelda (Fig. S9A), and830
Runt [Chen et al., 2012] is shown in Figure S9B as a reference. The position of the Runt binding831
sites are noted from their distance from the promoter (which is marked as 0).832

S7 Quantifying the nuclear concentration of LlamaTag-Runt833

The major caveat in the eGFP:LlamaTag-Runt fluorescence measurements is that the raw nuclear834
fluorescence that we measured consists of two populations: eGFP bound to the LlamaTag-Runt,835
and free, unbound eGFP. Thus, in order to measure nuclear Runt concentration, we need to factor836
out the contribution from free eGFP to the overall fluorescence.837

We followed the procedure described in Bothma et al. [2018] which consists of using cytoplasmic838
fluorescence to calculate the free nuclear eGFP under two assumptions. First, we posit that most839
of the transcription factors reside in the nucleus such that the cytoplasmic fluorescence mostly840
reports on free cytoplasmic eGFP. Second, we assume that the nucleus-to-cytoplasm ratio of free841
eGFP is kept constant at a measured chemical equilibrium of KG = GFPC∕GFPN = 0.8, where GFPC842
and GFPN are the eGFP fluorescence in nuclei and cytoplasm in the absence of LlamaTag [Bothma843
et al., 2018].844
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Figure S7. Prediction for hunchback P2 transcription initiation rate with two-Runt binding sites under thecompetition scenario for different combinations of cooperativities. See caption in the next page.
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Figure S7. Prediction for hunchback P2 transcription initiation rate with two-Runt binding sites under thecompetition scenario for different combinations of cooperativities. (A) Schematic of cooperativity termsconsidered: Runt-Runt cooperativity given by !rr and Runt-Runt-Bicoid complex higher-order cooperativitycaptured by !brr, in addition to the competition terms !br1 and !br2. (B) Zero-parameter prediction using theinferred parameters from zero- and one-Runt binding site constructs. (C,D,E) Best MCMC fits for our threetwo-Runt binding sites constructs considering (C) Runt-Runt cooperativity, (D) Runt-Runt-Bicoid complexhigher-order cooperativity, and (E) both Runt-Runt cooperativity and Runt-Runt-Bicoid complex higher-ordercooperativity. (B,C,D, and E, error bars represent standard error of the mean over ≥ 3 embryos.)

As shown in Bothma et al. [2018], the nuclear concentration of the GFP-tagged transcription factor,845
GFP − TFN , is given by846

GFP − TFN = F luoN −
F luoC
KG

, (S19)
where F luoN and F luoC are the eGFP fluorescence in nuclei and cytoplasm, respectively, that847
we measured in the embryos with both eGFP and LlamaTagged Runt. The resulting nuclear848
concentration of LlamaTag-Runt is shown in Figure 3B.849

S8 Quantitative interpretation of MS2 signals850

The MS2 signal reports on three features of transcriptional dynamics: 1) the initial RNAP loading851
rate, 2) the duration of transcription, and 3) the fraction of loci that engage in transcription at any852
time point in the nuclear cycle. In this section, we will explain in further detail how we extract these853
features from the MS2 signal over nuclear cycle 14.854

S8.1 Extracting the initial RNAP loading rate855

The initial rate of RNAP loading corresponds the average transcription rate observed after transcrip-856
tional onset and until the MS2 signal reaches its peak value during nuclear cycle 14. In order to857
measure this rate, we followed the protocol described in Garcia et al. [2013]. Briefly, as shown in858
Figure S10A, we fitted a line to the MS2 time trace (averaged over nuclei within a spatial window of859
2.5% of the embryo length) within the time window of 5 to 10 minutes after the 13th anaphase. The860
slope of this line reported on the initial rate of RNAP loading (Fig. 3G). The spatial profiles of this861
initial rate of RNAP loading across all our synthetic enhancer constructs and genotypes are shown862
in Figure S10B.863

S8.2 Extracting the duration of transcription864

In the main text, we focused on the theoretical prediction of the initial rate of transcription. However,865
the length of the time window over which transcription occurs [Lammers et al., 2020] is another866
regulatory knob that, in principle, Runt could modulate to dictate gene expression patterns. We867
sought to determine the duration of time over which transcription occurs to assess whether Runt868
affects not only the initial rate of transcription, but also the time window over which transcription869
could initiate. To quantify the effective duration of transcription initiation, we resorted to the870
analysis methodology developed in Garcia et al. [2013]. Briefly, we parametrized the MS2 signal871
decay regime—after transcription reaches its peak and becomes slower than the unloading rate872
[Garcia et al., 2013]—as an exponential decay (Fig. S11A). Thus, we can describe the MS2 spot873
fluorescence trace in the decay regime as874

F luo(t) = F luomaxe−(t−Tpeak)∕� , (S20)
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Figure S8. Prediction for hunchback P2 transcription initiation rate with two-Runt binding sites under thequenching mechanism for different combinations of cooperativities. See caption in the next page.
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Figure S8. Prediction for hunchback P2 transcription initiation rate with two-Runt binding sites under thequenching mechanism for different combinations of cooperativities. (A) Schematics of additionalcooperativities considered: Runt-Runt cooperativity !rr and Runt-Runt-Bicoid-RNAP complex higher-ordercooperativity !brrp. (B) Zero-parameter prediction using the inferred parameters from one-Runt binding siteconstructs. (C,D,E) Best MCMC fits for our three two-Runt binding sites constructs considering (C) Runt-Runtcooperativity, (D) Runt-Runt-Bicoid-RNAP higher-order cooperativity, and (E) both Runt-Runt cooperativity andRunt-Runt-Bicoid-RNAP higher-order cooperativity. (B,C,D, and E, error bars represent standard error of themean over ≥ 3 embryos.)
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where Tpeak represents the time point where the MS2 spot fluorescence reaches its peaks, and � is875
the decay time.876

Given the sometimes noisy MS2 traces (data not shown), we fitted an exponential curve to the more877
robust integral of the MS2 spot fluorescence over time from Tpeak to the end of nuclear cycle 14 as878
shown in Figure S11B. This quantity is proportional to the amount of mRNA produced between the879
integration bounds [Garcia et al., 2013]. The resulting accumulated mRNA time trace is then fitted880
to the integrated form of Equation S20, which is given by881

mRNA (t) = mRNAmax(1 − e(t−Tpeak)∕� ), (S21)
where mRNAmax is the accumulated mRNA at the end of nuclear cycle 14.882

The resulting profiles of the duration of transcription along the embryo for our all synthetic enhancer883
constructs are illustrated in Figure S11C in the presence and absence of Runt protein. As shown in884
the figure, this duration time is not significantly modulated by Runt repressor.885

S8.3 Calculation of the fraction of competent nuclei886

Another quantity that could be modulated by Runt repressor is the fraction of loci that ever engage887
in transcription during a given nuclear cycle, which we termed as the “fraction of competent loci”.888
As demonstrated by Garcia et al. [2013], Dufourt et al. [2018], Lammers et al. [2020] and Eck et al.889
[2020], this fraction of transcriptionally competent loci is modulated along the anterior-posterior890
axis, presumably due to the action of transcription factor gradients.891

To show a concrete example of how this quantity is calculated, we take data from one construct892
([000]) showing the MS2 spot fluorescence time traces from individual loci of transcription as shown893
in Figure S12A. Here, columns represent time points during nuclear cycle 14, and rows represent894
individual transcriptional loci. As shown in the figure, roughly 80% of the loci, labeled as “competent895
loci”, show active transcription during nuclear cycle 14. However, the remaining 20% of the loci never896
engage in transcription, which we termed as “incompetent loci”. Because these two populations897
exhibit wildly different behaviors, we define the fraction of competent loci as898

fraction of competent loci = number of competent locinumber of total loci . (S22)
Thus, in this example in Figure S12A, the fraction of competent loci is approximately 0.8.899

Figure S12B shows the measured fraction of active loci for all synthetic enhancer constructs in900
the presence and absence of Runt repressor. As seen in the figure, although this quantity can901
be modulated by the presence of Runt repressor, this is not always the case (e.g., [010] and [11]).902
Moreover, we could not find a trend for how the fraction of competent loci is modulated by different903
combinations of Runt binding sites. For example, the [100] construct alone did show a change in904
the fraction of active loci in the presence of Runt, whereas the [010] construct did not. When these905
two binding sites were combined as the [110], there was no significant modulation of the fraction906
of competent loci when adding Runt repressor. In another example, the [001] construct showed907
a mild modulation of the fraction of competent loci. However, when this Runt binding site was908
combined with the [010], which did not show any modulation, the [011] construct showed a much909
bigger modulation of the fraction of competent loci than the [001]. Thus, the [010] Runt binding910
site could drive more or less modulation of the fraction of competent loci when combined with911
different Runt binding sites in a context-dependent manner. As a result of our failure to uncover912
an apparent trend in terms of which regulatory architectures lead to a stronger modulation of the913
fraction of active loci, we did not attempt to theoretically explain the regulation of this fraction of914
active loci in this study.915
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Figure S11. Durationof transcription over nc14. See Caption in the next page.
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Figure S11. Duration of transcription over nc14. (A) An example MS2 time trace in nuclear cycle 14. The decayregime is defined from the peak of the signal to the end of the measurement. TON is defined by the x-interceptof the slope of the fitted line. Toff is determined by the decay time in the exponential function. The gray shadedregion from TON to TOFF is defined as the transcriptional time window. (B) The decay time can be extractedfrom the accummulated mRNA signal obtained by integrating the MS2 fluorescence. Here, decay time is definedas the time it takes to reach (1-1/e) of that maximum accumulated mRNA. (C) Transcriptional time window alongthe anterior-posterior axis for each construct with and without Runt protein. (A, error bars represent standarderror of the mean over the spatial averaging corresponding to roughly ten nuclei; C, error bars representstandard error of the mean over ≥ 3 embryos.)
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Figure S12. Fraction of competent loci in nuclear cycle 14 across the anterior-posterior axis for differentconstructs in the presence and absence of Runt protein. See caption in the next page.
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Figure S12. Fraction of competent loci in nuclear cycle 14 along the anterior-posterior axis for each syntheticenhancer construct in the presence and absence of Runt protein. (A) Heatmap showing the transcriptionalsignal from the hunchback P2 enhancer for individual nuclei (rows) demonstrating that there are twopopulations of loci: transcriptionally active and inactive loci. (B) Fraction of transcriptionally active loci along theembryo for each construct for wild-type and runt null backgrounds. (B, error bars represent standard error ofthe mean over ≥ 3 embryos.)
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Figure S13. Invoking Runt-Runt cooperativity in the thermodynamic model is not sufficient to explain theexperimental data from hunchback P2 with two Runt binding sites. (A)Model schematics where we add a new
!rr parameter representing Runt-Runt cooperativity. (B) Corresponding states and weights for hunchback P2with two Runt binding sites in the presence of Runt-Runt cooperativity. (C) Prediction of the initial rate of RNAPloading profiles over a range of Runt-Runt cooperativity strength, !rr = [10−6, 1024], for all constructs of
hunchback P2 with 2 Runt binding sites with different configurations. (Left) [011], (Center) [101], (Right) [110]. (C,error bars represent standard error of the mean over ≥ 3 embryos)
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Figure S15. Invoking Runt-Runt cooperativity and higher-order cooperativity can explain the experimental datafrom hunchback P2 with two Runt binding sites. (A) Schematic showing Runt-Runt cooperativity andhigher-order cooperativity. (B) States and weights for hunchback P2 with two Runt binding sites with Runt-Runtcooperativity and higher-order cooperativity. (C) Corner plots associated with the MCMC inference performedon two-Runt binding sites data from the best MCMC fit shown in Figure 6E. While !rr is not very wellconstrained, !ℎo shows a unique optimal value.

49 of 55

.CC-BY 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted July 29, 2021. ; https://doi.org/10.1101/2021.07.28.454075doi: bioRxiv preprint 

https://doi.org/10.1101/2021.07.28.454075
http://creativecommons.org/licenses/by/4.0/


bioRχiv preprint

S10 Supplementary videos917

For better quality of visualization, we recommend downloading these videos.918

S1. Video S1. eGFP-Bicoid confocal movie. Confocal microscopy movie taken on a developing fly919
embryo (eGFP-Bicoid; His2Av-mRFP; +) during nuclear cycle 13 and 14.920

S2. Video S2. eGFP:LlamaTag-Runt confocal movie. Confocal microscopy movie taken on a921
developing fly embryo (eGFP-Bicoid; His2Av-mRFP; +) during nuclear cycle 13 and 14.922

S3. Video S3. [001]-MS2V5:MCP-GFP (+Runt) confocal movie. Confocal microscopy movie taken923
on a developing fly embryo (yw; His2Av-mRFP; MCP-eGFP) for the [001] construct with MS2924
reporter during nuclear cycle 13 and 14.925
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