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ABSTRACT
Transcriptional regulation is a key determinant of cell differentiation during development.
Changes in where and when a gene is expressed can lead to phenotypic variation among individuals,
and ultimately to phenotypic divergence between species over evolutionary time. Spatiotemporal
patterns of gene expression are primarily controlled by enhancers, and a given developmental gene
can have multiple enhancers that direct portions of its expression in different tissues and at different
times in embryogenesis. A major open question in gene regulation is how information from across a
gene locus is combined to generate precise and robust patterns of expression. At developmental genes,
more than one enhancer is often able to concurrently activate transcription in the same cells, and
together these “shadow enhancers” drive non-additive patterns and levels of expression. How does
the promoter integrate their inputs to determine the overall output of the gene? We tackled this
question using a combination of mathematical modeling, controlled molecular biology and
quantitative imaging in Drosophila embryos and mammalian cells.
In this work, we challenged existing models of transcriptional regulation with new theory and
experiments. We built a quantitative model to explore how combinatorial control might occur through
regulators acting on different slow steps in transcription. We demonstrated that this can produce the
same “computations” as existing thermodynamic models but allows for more flexibility in when
transcription factors bind DNA and how they interact with one another. This may help explain some
puzzling observations in eukaryotic transcription, including the rate of regulatory sequence evolution
and the dynamic nature of transcription factor -DNA binding. We tested the predictions generated by
this model using highly controlled reporter experiments. Using live imaging of nascent transcription
driven by shadow enhancers and enhancer duplications in Drosophila embryos, we show support for
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competition between concurrently-active enhancers in activating transcription. However, the
“computation” performed by the promoter to combine their inputs varies in space and time, and the
relative positions of the enhancers influence this. Our results provide a nuanced view of how
regulatory information is integrated at the locus level to produce precise patterns of gene expressio
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CHAPTER I: INTRODUCTION
Developmental genes are expressed in different tissues and reused at different stages of
embryogenesis (Figure 1.1). Their complex spatiotemporal expression patterns are the result of
regulation by multiple enhancers. Transcription factors bind to enhancers relaying developmental and
environmental cues to determine whether or not a gene is expressed. By virtue of the combinations of
TFs bound, each enhancer drives a subset of the overall expression pattern in space and/or time.
Enhancers have long been studied in isolation in reporter constructs, outside their normal sequence
contexts, and are generally viewed as acting independently of other enhancers and of position relative
to their target promoter (Banerji et al., 1981; Long et al., 2016).
However, in the genome enhancers do not act in isolation. At many developmental genes
across species, expression can be controlled by two or more enhancers that drive transcription at the
same time in overlapping sets of cells (Barolo, 2011; Cannavò et al., 2016; Kvon et al., 2014). In these
cases, their activities often combine in non-additive ways, both in terms of pattern and level of
expression (Bothma et al., 2015; Dunipace et al., 2011; El-Sherif and Levine, 2016; Frankel, 2012; Perry
et al., 2011; Prazak et al., 2010). These seemingly partially-redundant enhancers, known as “shadow
enhancers” (Hong et al., 2008), are thought to ensure precise expression that is robust to perturbations
during development (Dunipace et al., 2011; Frankel et al., 2010; Osterwalder et al., 2018; Perry et al.,
2011). To predict the overall output of the genes they control, one must understand how these
enhancers work together within their native context to produce the endogenous expression pattern.
Shadow enhancers are just one example of the broader observation that the information
needed to generate an expression pattern at the correct time and place does not always live neatly in

a discrete enhancer; it can also be encoded elsewhere in the locus –– possibly in other enhancers and/or
in their relative positions to other regulatory sequences (Frankel, 2012). However, shadow enhancers
present a particularly interesting puzzle because they are concurrently active in the same cells, which
means that they impinge on the same promoter at the same time. When there are multiple regulatory
sequences that could activate the promoter at once, how is this information integrated to set the overall
level of gene expression? My thesis probed the mechanisms by which regulatory information is
combined at the locus level. For instance, do enhancers compete to contact the promoter in order to
drive transcription, or can they activate transcription simultaneously? Despite the fact that shadow
enhancers drive very similar spatiotemporal expression patterns, they can do so in response to entirely
different sets of inputs (Wunderlich et al., 2015). As a result, I was specifically interested in whether
their use of different transcriptional activators affects how shadow enhancer activities are integrated.
When we started the project, it had just become possible to observe nascent transcription in
real time in fly embryos, thus enabling insight into the dynamics of transcription during development
(Garcia et al., 2013; Lucas et al., 2013). We used this technique to address how pairs of enhancers that
use the same or different TFs work together to activate transcription. By measuring their separate and
joint activities carefully, and in a time-resolved fashion, we aimed to work backwards from the
dynamics of nascent transcription to the underlying mechanisms by which these enhancers jointly
control expression (Chapter 4). To investigate how regulatory sequences work in a broader locus
context, rather than in isolation, it is important to control for features such as the spacing between
them and their distances from the promoter. To generate ‘neutral’ spacer sequences, we developed a
tool to design DNA that is depleted of binding sites for specific TFs (Chapter 3; Estrada et al., 2016).
In order to interpret the outputs of our live imaging experiments, we needed to predict
expression under different mechanistic assumptions of enhancer function. In particular, given what is
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known about the eukaryotic transcription cycle, we were interested in examining how enhancer
activities might combine if they work on different slow biochemical steps in the process. We therefore
carried out a theoretical exploration of this for the simplified analogy of combinatorial control by two
activators (Chapter 2; Scholes et al., 2017). Our modeling produced specific predictions with which to
experimentally investigate kinetic control by activators that stimulate different steps in transcription.
To investigate how activators with different functions in transcription act in combination, we
established a controlled synthetic system in mammalian cells (Chapter 5).

Enhancers direct spatiotemporal patterns of transcription
Transcription initiates from gene promoters and is controlled in animals by various types of
cis-regulatory elements including enhancers, silencers, tethering elements and insulators (Long et al.,
2016). Among these, enhancers play a central role in determining the pattern of gene expression in
different tissues and at different times in development (Levine and Tjian, 2003). Enhancers are
typically a few hundred bases in length, and they activate transcription in distinct cell types by
binding specific combinations of transcription factors (TFs) (Spitz and Furlong, 2012).
A defining feature of enhancers is their ability to act from a distance (Long et al., 2016), thereby
allowing a gene to be controlled by numerous enhancers with differing spatiotemporal activities. As
a result, the regulatory information controlling a particular gene may be spread over hundreds of
kilobases in vertebrates and encompass other unrelated genes (Lettice et al., 2003). Data from live
imaging (Chen et al., 2017) and fixed cells (Deng et al., 2014), as well as genome capture experiments
(Ghavi-Helm et al., 2014; Montavon and Duboule, 2012), support the idea that enhancers make
physical contact –– or at least come into close proximity –– with their target promoter to activate
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Figure 1.1: Developmental genes are controlled by multiple enhancers with different
spatiotemporal activities.
Transcription is controlled by enhancers (orange rectangles), which bind combinations of transcription
factors (not shown) to activate the gene (black) in different tissues and/or at different times during
development. Examples are shown here for a gene in the Drosophila embryo. Many developmental genes
have more than one enhancer that drive overlapping patterns of expression (orange pattern); these are
known as “shadow enhancers”. Cartoon redrawn from Cannavo et al. 2016.

transcription. Interaction between enhancer and promoter appears necessary for expression, as shown
by live imaging of their relative locations in conjunction with nascent transcription (Chen et al., 2017),
and by forcing looping between a distant enhancer and promoter (Deng et al., 2014). But it is
apparently not sufficient: chromatin capture experiments, which are done in bulk on fixed cells, show
that such contacts can be established well in advance of transcriptional activation (Ghavi-Helm et al.,
2014).
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Enhancers have been treated as “modular”
Enhancers have long been viewed as acting autonomously––independent of their endogenous
sequence context––a view shaped by the technical limitations of early studies. They were initially
discovered as sequences that, when isolated, could increase the amount of transcription from a
promoter (Banerji et al., 1981). The first enhancer described, a 72 bp sequence from the SV40 animal
virus genome, was reported as being able to activate transcription from up- or downstream of the
rabbit beta-globin promoter regardless of its orientation (Banerji et al., 1981). The initial description of
enhancers as “distance and orientation independent” (Banerji et al., 1981), and the ability to isolate a
discrete and contiguous sequence that drives part of an expression pattern, underlies the pervasive
idea that enhancers are “modular” (Dynan, 1989).
If each enhancer acts as an independent module then the output of the whole gene could be
found by superimposing the patterns driven by each of its enhancers. The textbook example of a
modular gene locus is the developmental gene even-skipped, whose seven-stripe pattern in the fly
embryo prefigures the segmented body plan of the adult. Five enhancers control this pattern, each a
few hundred base-pairs in length; by virtue of the combination of bound TFs, three enhancers turn on
transcription in a single stripe and the other two drive two stripes each. The outputs of each enhancer,
assayed separately in reporter constructs, appear to “add together” to make the whole expression
pattern. Examples like this reinforce the idea that enhancers act independently –– both of one another
and of their position within the gene locus.

Locus context matters for enhancer function
However, isolated enhancers often do not faithfully reproduce the portion of the native
expression pattern that they drive –– either in terms of the spatial extent of the pattern or the level of
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expression or its timing (Barolo, 2011; Dib et al., 2011; Dunipace et al., 2011; Frankel, 2012; Staller et
al., 2015). Indeed, by comparing individual enhancer activities to endogenous patterns of gene
expression in Drosophila, Kvon et al. (2014) estimated that the activity of ~40% of enhancers may be
modulated by other sequences in their endogenous loci. This additional layer of regulatory complexity
was initially appreciated in an analysis of the endo16 gene locus in sea urchins (Yuh and Davidson,
1996). The authors demonstrated that some enhancers required other elements in the locus for their
activities, and other elements could amplify their expression (Yuh and Davidson, 1996; Yuh et al.,
1998). Other studies have corroborated this finding at numerous genes across different species
(Maekawa et al., 1989; Proudhon et al., 2016; Stine et al., 2011). In some extreme cases, it has been
impossible to isolate a discrete enhancer that drives part of the expression pattern (Davis et al., 2007),
suggesting that some enhancers are either composed of necessary but widely distributed sequences,
or that they are discrete sequences but unable to function outside of their native context.

Shadow enhancers drive non-additive expression patterns
Isolated enhancers controlling a reporter gene frequently activate ectopic expression, i.e.
expression outside the region of normal expression (Dunipace et al., 2011; El-Sherif and Levine, 2016;
Perry et al., 2011, 2012). But when working in combination with other enhancers, these same enhancers
can often accurately reproduce the borders of the gene’s endogenous pattern (Dunipace et al., 2011;
El-Sherif and Levine, 2016; Perry et al., 2011). In various examples in Drosophila and mice, the
expression pattern driven by multiple enhancers is non-additive –– that is, the combined expression
of these enhancers differs from the superimposed patterns of each enhancer tested separately (Bothma
et al., 2015; Dib et al., 2011; Prazak et al., 2010). For instance, the snail gene in Drosophila is controlled
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Figure 1.2: Shadow enhancers drive non-additive patterns and levels of expression
Expression controlled by the two shadow enhancers of the mesoderm-patterning gene snail in the
Drosophila embryo (anterior left, dorsal up). Each enhancer alone drives a similar but not identical pattern
of expression from a reporter gene (top); they also drive different levels of expression (grey shading).
When both enhancers are combined in the same construct, the resulting expression is not simply the sum
of the separate patterns. Red circles indicate an area of the embryo where one enhancer is active but the
other is not; when both enhancers are present, the inactive enhancer shuts off the activity of the active one
in a portion of the pattern. Green circles indicate an area where both enhancers are active and therefore
impinging on the same promoter in the same cells. In the case of snail, the distal enhancer drives high
expression, but when both enhancers are present, the level of expression is low and closer to that of the
proximal enhancer. Cartoon drawn from data in Dunipace et al. 2011.

by two shadow enhancers, the promoter-proximal of which in isolation drives an expanded
expression domain compared to endogenous snail (Dunipace et al., 2011; Perry et al., 2010). When both
enhancers are present, the distal one limits this ectopic expression by the proximal (Figure 1.2). This
is a repeated observation: when multiple enhancers act together, they usually do so by preventing
ectopic expression, as opposed to generating new expression domains (Long et al., 2016).
Mechanistically, this fine-tuning of expression pattern may occur through the action of long-range
repressors that, when bound to one enhancer, can inhibit the activity of another (Dunipace et al., 2011;
Perry et al., 2011). The ‘repressive’ enhancer in this case could act like an insulator to sequester the
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active enhancer away from a promoter, or it might itself form a non-productive interaction with the
promoter that prevents the other enhancer from gaining access (Hang and Gergen, 2017).
In addition to driving non-additive patterns of expression, these enhancers can also generate
non-additive levels of expression in the cells in which both are active (Bothma et al., 2015; Dunipace et
al., 2011). For instance, as measured by in situ hybridisation or live imaging of nascent transcription,
the distal enhancer of snail drives a high level of transcription but the lower-expressing proximal
enhancer damps down its activity (Dunipace et al., 2011; Figure 1.2).

It is not clear how multiple active enhancers impinge on the promoter
Enhancers contact the promoter in order to activate expression (Chen et al., 2017), and in recent
years it was shown using chromatin capture experiments that enhancers also make contact with one
another (Ghavi-Helm et al., 2014). However, we do not yet have a good sense of the temporal
dynamics of either enhancer-promoter or enhancer-enhancer interactions. For instance, we do not
know whether enhancer-promoter interactions are transient or stable, or whether physical interactions
between enhancers are a necessary feature of gene regulation. Live imaging of nascent transcription
has shown that one enhancer is able to activate simultaneous bursts of transcription from two
promoters (Fukaya et al., 2016), and a recent study, using a modified version of chromatin capture to
identify multiple long-range interactions on the same template, showed intriguingly that more than
one enhancer can contact a promoter at once (Oudelaar et al., 2018). But can a promoter can be
simultaneously activated by two enhancers?
The prevailing view of shadow enhancer function is that they compete for access to the
promoter when both are active (Bothma et al., 2015). Under this model, strongly-activated enhancers
would drive sub-additive expression, while weakly-activated enhancers are expected to work
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approximately additively because they less frequently come into competition with one another.
Enhancer competition cannot, however, explain cases in which shadow enhancers drive greater-thanadditive (synergistic) expression, as is the case for knirps in Drosophila (Bothma et al., 2015); this would
require invoking some form of cooperativity between the enhancers, or the ability for them to
simultaneously but independently activate the promoter (elaborated upon further in Chapters 2 & 4).

Shadow enhancers foster robustness to perturbations in development, with possible
evolutionary implications
Mutation of some shadow enhancers can be inconsequential for a developing organism, which
has led to the suggestion that they may be redundant (Hong et al., 2008; Osterwalder et al., 2018). But
various studies have shown that the effect of such mutations is often revealed under environmental
stress or perturbations in the levels of upstream regulators (Frankel et al., 2010; Perry et al., 2010). It
has been suggested that semi-redundancy between shadow enhancers may help to ensure robust
expression of a gene by increasing the reliability of promoter contact and activation, or by maintaining
the level of expression above a certain necessary threshold (Chopra et al., 2012; Lagha et al., 2012).
Redundant encoding of an expression pattern may allow accumulation of neutral mutations
(i.e. mutations without strong deleterious effect) that could be unmasked under stressful
environmental conditions. The resulting increase in sequence variation within a population would
provide phenotypic diversity upon which natural selection could act under a change in selective
pressures. As such, non-essential shadow enhancers may confer “evolvability” on the population as a
whole (Hong et al., 2008).
Meanwhile, if enhancers interact with one another to cooperate in generating a precise pattern
of expression, disruptions to their spacing or relative orientations could be deleterious and selected
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against. There is some evidence that this may be the case. The shadow enhancers of snail are unable
to drive expression when placed directly adjacent to one another (Dunipace et al., 2011), suggesting
their spacing is constrained and has been maintained to avoid cross-repressive interactions. Strikingly,
across millions of years of evolution in flies, the locations of enhancers involved in dorso-ventral
patterning of the embryo have been maintained in spite of substantial turnover in the regulatory
sequence itself (Cande et al., 2009).

Krüppel is an interesting case study for investigating how shadow enhancers work together
The network of genes that patterns the anterior-posterior axis of the Drosophila embryo is one
of the best studied cases in developmental gene regulation, having been studied for nearly 40 years
(Nüsslein-Volhard and Wieschaus, 1980). Our knowledge of the transcriptional regulators and their
interactions makes this an excellent system in which to ask quantitative questions about the
mechanisms of gene regulation. Moreover, Drosophila embryos are genetically tractable and ideal for
high-resolution imaging because the nuclei are arranged in a monolayer on the surface.
The zinc-finger transcriptional repressor Krüppel lies near the top of the hierarchy of TFs that pattern
the embryo’s anterior-posterior axis (Jaeger, 2010) (Figure 1.3). It is one of the gap genes, which are
expressed in wide bands in the blastoderm stage embryo and regulate downstream genes that
ultimately define the segments of the adult body plan. Krüppel expression is turned on by broadlyexpressed transcriptional activators and the borders of its pattern are determined by repression from
the neighbouring gap genes, Giant, Knirps and Hunchback (Jaeger, 2010). Its expression in the central
domain of the blastoderm embryo is controlled by two shadow enhancers, designated CD1 and CD2
(for Central Domain enhancers 1 and 2; Hoch et al., 1990) (Figure 1.4).
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Figure 1.3: Patterning the anterior-posterior axis in Drosophila embryos
(A) Gradients of maternally-deposited proteins and mRNAs give rise to broad domains of gap gene
expression in the Drosophila embryo around 1.5 hours post-fertilization. These in turn control
expression of the pair-rule transcription factors, which produce the 14-stripe pattern of segmentation
genes prior to gastrulation. Anterior is left, dorsal up. (B) Krüppel is one of four gap genes expressed in
the trunk of the embryo. (C) Parts of the expression patterns of these genes are controlled by two or
more shadow enhancers, indicated in the locus diagram by their positions as proximal or distal to the
promoter. (B,C) adapted from Perry et al. 2011.

What makes Krüppel particularly interesting is that its two enhancers produce very similar patterns of
expression in space and time but do so in response to different transcriptional activators. Work from
our lab showed that CD1 is activated by Bicoid and Zelda, while CD2 is activated by Dstat and
Hunchback (Wunderlich et al., 2015). This work led us to wonder whether the identities of the
activators matter for how the promoter integrates their inputs. Does the computation the promoter
performs, and the mechanism that underlies it, differ between enhancers that use the same versus
different activators?
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Figure 1.4: Krüppel regulation in the Drosophila blastoderm embryo
(A) Krüppel’s expression in the central domain of the blastoderm-stage embryo is controlled by two
shadow enhancers that drive similar expression patterns (B) but do so in response to different
transcriptional activators. (B) Computationally-rendered embryos showing data from quantitative in situ
hybridization stains against a lacZ reporter gene driven by each Krüppel shadow enhancer separately and
together (images courtesy of Zeba Wunderlich).

Answering this question required that we generate quantitative predictions for the outcomes
we would expect under different mechanisms of enhancer function and interaction. This led to the
theoretical work laid out in Chapter 2, which addressed the implications of activators working
combinatorially by stimulating different steps in the transcription cycle. Our modeling made clear
that the simple experiment used to study combinatorial control by activators or enhancers would not
be able to discriminate between this and other potential underlying mechanisms. This realisation
informed the design of experiments in Chapters 4 and 5, in which we investigated combinatorial
control by enhancers and activators, respectively.
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ABSTRACT
Cells decide when, where, and to what level to express their genes by “computing”
information from transcription factors (TFs) binding to regulatory DNA. How is the information
contained in multiple TF binding sites integrated to dictate the rate of transcription? The dominant
conceptual and quantitative model is that TFs combinatorially recruit one another and RNA
polymerase to the promoter by direct physical interactions. Here we develop a quantitative
framework to explore kinetic control, an alternative model in which combinatorial gene regulation
can result from TFs working on different kinetic steps of the transcription cycle. Kinetic control can
generate a wide range of analog and Boolean computations without requiring the input TFs to be
simultaneously bound to regulatory DNA. We propose experiments that will illuminate the role of
kinetic control in transcription and discuss implications for deciphering the cis-regulatory “code”.

INTRODUCTION
When transcription factors (TF) bind to regulatory DNA, information from environmental and
developmental cues is relayed into gene expression outcomes. The relationship between the
combination and concentration of input TFs and output gene expression patterns is not simple ––
many different relationships (or “computations”) exist. By working in combination, a relatively small
number of TFs can implement many distinct computations in different cell types or over
developmental time (Struhl 1991; Carey 1998; Spitz and Furlong 2012). A grand challenge is to
decipher the “cis-regulatory code” — how combinatorial gene regulation is encoded in the genome,
and how that information is integrated to determine the rate of transcription.
Quantitative models of transcription have been a key tool in the search for the cis-regulatory
code. To date, they have largely focused on how TFs physically interact with one another,
cooperatively or competitively, to recruit or repel one another and the basal transcriptional machinery
(Figure 2.1A; Bintu et al. 2005a; Veitia 2003; Gertz et al. 2009; He et al. 2010; Wang et al. 1999; Frank et
al. 2012). In turn, these recruitment models have spurred experiments that test how the arrangement
of TF binding sites in regulatory sequence dictates gene expression patterns in space and time (Smith
et al. 2013; Sharon et al. 2012; Patwardhan et al. 2012; Melnikov et al. 2012; Garcia et al. 2012; Gertz et
al. 2009).
In recruitment models, the critical event in transcription is loading and disassociation of RNA
polymerase (RNAP) onto the promoter (Figure 2.1A). These models assume that the overall rate of
transcription is dictated by this single effective rate-limiting step, while processes up- or downstream
are assumed not to contribute, for example see (Bintu et al. 2005a). Therefore, in this framework, all
TFs regulate transcription by modulating this one step, and all combinatorial
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Figure 2.1: A kinetic view of combinatorial gene regulation
Continued overleaf.

19

Figure 2.1 continued.
(A) Most quantitative models of transcriptional control assume a single slow step in transcription ––
recruitment of RNA Polymerase (RNAP) to the promoter. Recruitment is mediated by physical
interactions between transcription factors (TFs, orange and blue), DNA and RNAP itself. ω and ε denote
interactions between TFs (cooperative or competitive) in binding to DNA or recruiting RNAP,
respectively. Rate diagram on the right depicts the single slow step (bottom) while other processes occur
sufficiently fast (top) that they do not contribute to the overall rate of transcription. (B,C) Transcription in
both prokaryotes and eukaryotes is comprised of various distinct steps that are subject to regulation by
TFs. In prokaryotes, RNAP (dark grey) is recruited to the promoter through association with a sigma
factor (blue). Both recruitment of RNAP and its transition to elongation can be rate limiting (Reppas et al.
2006; Wade & Struhl 2008). In eukaryotes, TFs communicate with the promoter via co-regulatory
complexes such as Mediator (light blue), enabling formation of the preinitiation complex (PIC)
comprised of RNAP (dark grey) and general TFs (light grey). Initiation can take place once the DNA has
been unwound to form the open complex, and RNAP must subsequently escape the promoter to enter
into elongation, a process that is accompanied by phosphorylation of its C-terminal domain (black and
blue circles). In higher eukaryotes RNAP often pauses downstream of the promoter and must be actively
released into elongation through the body of the gene. Prokaryotic cycle adapted from Friedman &
Gelles (2012); eukaryotic cycle adapted from Fuda et al. (2009). (D) Combinatorial control of gene
expression could occur via kinetic control of the transcription cycle, in which TFs influence different slow
steps. The rates of steps in a hypothetical transcription cycle (left) are depicted on the rate diagram
(right). TFs could activate or repress the same or different steps in the cycle; here TF A acts on rate ,
while
acts on a later step in the cycle. (E) The average rate of transcription can be calculated from
cycles with any number and connectivity of promoter states (see Methods and Figure S2.1). (F) We focus
on a cycle comprised of irreversible stochastic transitions between promoter states. The average rate of
transcription,
, is the inverse of the total time taken to complete the cycle,
, where
represents
the time taken to complete transition i. The three promoter states represent positions in the sequence of
events necessary to produce an mRNA. These could, for instance, represent chromatin remodeling,
preinitiation complex formation and RNAP escape from pausing. In this example, mRNA is generated as
the promoter makes the final transition from state 3 to state 1, from which the cycle begins again. (G)
Rate diagram for this three-step cycle, assuming
a.u.,
and
. The mean rate of
transcription is indicated in green

.

regulation is channeled through a single process. A frequent additional assumption is that TF and
RNAP binding can be calculated at equilibrium; thus this class of models is also referred to as
“thermodynamic” (Bintu et al. 2005a,b; Sherman & Cohen 2012). At many bacterial genes, where
RNAP is in direct competition with a repressor whose binding site overlaps its own, the
approximation of a single rate-limiting step may be reasonable (Garcia & Phillips 2011; Brewster et al.
2012).
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However, the assumption that transcription is regulated by a single slow step may not be
generally appropriate (Figure 2.1B,C). This is particularly the case in eukaryotes, where the
transcription cycle is comprised of numerous distinct steps (Figure 2.1C), many of which can be ratelimiting (Fuda et al. 2009; Green 2005; Hahn 2004; Nechaev & Adelman 2011; Choubey et al. 2015).
These steps include the clearing of nucleosomes around the promoter, assembly of the preinitiation
complex, and release of paused RNAP. Analysis of transcriptional dynamics in yeast and mammalian
cells indicate that there are multiple slow biochemical reactions required to turn a gene on (Zoller et
al. 2015; Choubey et al. 2015; Suter et al. 2011; Harper et al. 2011). At the promoters studied, the rates
of these steps appear to fall within the same order of magnitude.
If two or more steps have similar rates that are slow compared to others in the transcription
cycle, then combinatorial control could occur through TFs working on different steps (Figure 2.1D),
as proposed over 20 years ago by Herschlag & Johnson (1993). Indeed, TFs are known to work on
distinct steps in transcription, acting to recruit chromatin remodelers, interact with the basal
transcriptional machinery, stimulate release of paused polymerase and modify the rate of elongation
(Blau et al. 1996; Govind et al. 2005; Danko et al. 2013; Duarte et al. 2016; Bentley & Groudine, 1986;
Yankulov et al. 1994; Stasevich et al. 2014; Brown et al. 1998; Fuda et al. 2009).
A small number of experimental studies are consistent with kinetic control of the transcription
cycle (Blau et al. 1996; Gonzalez-Couto et al. 1997; Keung et al. 2014; Blair et al. 1996, Duarte et al.
2016). For instance, Bentley and colleagues observed higher expression driven by pairs of activators
that worked on different steps, as opposed to pairs that work on the same step (Blau et al. 1996). In
synthetic enhancers, clusters of sites for different TFs drive higher levels of expression than clusters
of sites for a single TF (Smith et al. 2013). Finally, TFs with different functions can work together to
regulate the same gene. For instance, in Drosophila the heat shock response is coordinated by GAGA
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associated factor (GAF) and heat shock factor (HSF). GAF works at a step prior to promoter-proximal
RNAP pausing (likely by opening chromatin), and it is key to establishing paused RNAP at the
promoters of heat shock responsive genes. Meanwhile, HSF is essential for releasing RNAP from
pausing at many highly-activated genes, but it is not required at earlier steps in transcription (Duarte
et al. 2016). The evidence outlined above suggests that transcription from a given promoter may be
regulated at multiple points in the cycle. However, kinetic control has not yet been incorporated into
quantitative models of transcriptional regulation.
Here we present a quantitative framework to explore kinetic control –– the combinatorial
control of gene expression through regulation of different steps in the transcription cycle. We develop
a simple model and use it to show that the same wide range of logical and analog computations
previously ascribed to the recruitment model can also be implemented without requiring physical
interactions between TFs. Our results emphasize the importance of TF function beyond simple
“activation” and “repression”, as well as the role of the core promoter in interpreting the effects that
TFs can have on transcription. We highlight the need for new types of experiments to discern when
kinetic control may be used by cells to process information.

RESULTS
Calculating the rate of transcription from a cycle
For complex transcription cycles containing reversible transitions between promoter steps or
internal loops (Figure 2.1E, lower panels), we can calculate the mean transcription rate using a matrix
formalism akin to that introduced in previous work (Figure S2.1 and Methods; Sanchez & Kondev
2008; Sanchez et al. 2011; Sanchez et al. 2013) inspired by earlier master equation-based models of a
two-state promoter (Peccoud & Ycart 1995; Kepler & Elston 2001). In addition, for cycles without

22

internal loops, the transcription rate can be calculated using a shorthand closed-form expression
(Figure S2.1 and Methods). When a transcription cycle is comprised of irreversible transitions between
promoter states in series, the average rate of transcription, kTXN , is the inverse of the total time taken
to complete the cycle (Figure 2.1F,G).
We focus subsequent analyses on the simplest combinatorially regulated cycle, one comprised
of two slow and irreversible transitions between promoter states, whose rates are controlled by two
TFs (Figure 2.2B). Note this does not make any assumptions about the total number of steps in a
transcription cycle; rather, we only assume that two of these are slow compared to all other processes
required to make an mRNA molecule. Simple models like this one allow us to gain intuition and
illustrate our findings using simple mathematics; however, our framework can be applied to cycles of
arbitrary complexity (Methods).

Combinatorial control by transcription factors
To address how multiple TFs work together on a cycle, we first define how one or more TFs
alter a single kinetic rate in our model. Consider a forward transition between two states: in the
absence of TFs, this transition occurs with a basal rate, k,

k
state 1 ⎯ ⎯
→ state 2 .
Activators A and B each accelerate the basal rate by a factor Δk A and Δk B , respectively, such that
this rate in the presence of A is k(A) = k + Δk A , and in the presence of B it is k(B) = k + Δk B . We
assume throughout that A and B act independently of one another to accelerate the reaction in
parallel, via different and non-interacting mechanisms. As a result, the factors by which they each
enhance rate k sum together, such that Δk AB = Δk A + Δk B . Thus, when both A and B are present,
the rate of transition between states 1 and 2 is k(A, B) = k + Δk AB . By defining for convenience
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a=

Δk A
k

and b =

Δk B
k

, where for activators a, b ≥ 0 , we can rewrite the above equations as

k(A) = (1+ a)k , and k(B) = (1+ b)k , respectively, and the effect that both activators together have on
rate k as k(A, B) = (1+ a + b)k .
Since many TFs actually work on multiple steps in transcription (reviewed in Fuda et al. 2009),
we also incorporate this possibility in our model. We describe the effect of TF A on all transitions in
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an N-step cycle as the vector a = (a1 a2 a3 ... aN ) . In the context of a two-state cycle (Figure 2.2B), the
average rate of transcription in the absence of regulators is

kTXN (0) =

k1 k2
.
k1 + k2

(Equation 2.1)

In the presence of activators A or B individually, and where ai , bi ≥ 0 , the average rate of
transcription is

kTXN (A) =

kTXN (B) =

(a1 +1)k1 (a2 +1)k2
(a1 +1)k1 + (a2 +1)k2
(b1 +1)k1 (b2 +1)k2
(b1 +1)k1 + (b2 +1)k2

, and

(Equation 2.2)

, respectively.

(Equation 2.3)

When both activators are present, the transcription rate from this cycle is

kTXN (A, B) =

(a1 + b1 +1)k1 (a2 + b2 +1)k2
(a1 + b1 +1)k1 + (a2 + b2 +1)k2

.

(Equation 2.4)

Throughout this paper, we largely focus on activation, but we refer to repressors in the context of the
Boolean computations in Figure 2. Repressors could accelerate the rate of a reverse reaction, or they
could reduce the rate of a forward reaction. Here we assume that they reduce the forward rate by
antagonizing recruitment of positive regulators. We represent the effect of a repressor, R , on a

24

forward rate, k , as k(R) =

k
1+ r

; as such, when r > 0 , the rate k decreases (this enables us to use the

same parameter range as for activators). In this case, when multiple repressors act independently, they
will additively increase the free energy of transition between states; since the free energies are in the
exponent, their combined effect on the rate of the transition is multiplicative (Methods).
How TFs bind to DNA is included implicitly in our model; the parameters that describe the
effect of TFs on a given rate ( ai and bi ) are mean field approximations that correspond to the product
of the enhancement in the rate of activation when the TF is bound and its probability of being bound.
Designating a single parameter that describes a TF’s efficacy by bundling together its binding and
effect on a rate simplifies our model considerably, while still allowing us to reveal the logic of kinetic
control. Cooperative and competitive interactions between TFs can readily be incorporated into the
model by introducing additional parameters. However, this is not our focus for this analysis; rather,
we focus on what can be achieved by independently acting TFs that control kinetic steps in the
transcription cycle.

Logical computations can be achieved by controlling the transcription cycle
With the above framework in hand, we now turn to the question of combinatorial control of
the transcription cycle. Boolean (or logical) computations are commonly used to represent gene
regulatory circuits in development and synthetic biology because they produce sharp, on/off decisions
(Greber & Fussenegger 2007; Davidson 2011). Given the importance of these binary computations at
the systems level, it is key to understand how they may be executed by the cell. Seminal work by Hwa
and colleagues found that Boolean logic gates for gene regulation can be implemented by
combinatorial recruitment of RNAP (Buchler et al. 2003). They demonstrated that all of the elemental
two-input logic gates (e.g. AND, OR, NAND, NOR, EQ, and XOR) can in principle be built using
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cooperative pairwise physical interactions between proteins. Here we explore whether logic gates can
also be built by regulating the transcription cycle, without requiring any physical interactions between
TFs.
To investigate alternative ways of generating two-input logic gates, we focused on a cycle with
two slow steps (Figure 2.2B), where the transitions are controlled by two input regulators. We
calculated the rate of transcription for this cycle in the presence and absence of two TFs, A and B: when
neither TF is present, kTXN (0) , using Equation 2.1; when either TF A or B is present alone, kTXN (A) and

kTXN (B) , using Equations 2.2 and 2.3, or when both are together kTXN (A, B) , using Equation 2.4. To
generate the two-input logic gates in Figure 2.3, we selected basal rates for the two transitions (

k1 and k2 ) between 1 and 10,000 arbitrary units (Methods), set the TF strength of action on a given step
( a1 , a2 , b1 , b2 ) to 0, 100 or 1000 arbitrary units and specified whether the TFs work as activators or
repressors of a rate, or both. In selecting these parameter ranges we considered that the bacterial
activator NtrC has a 300-fold effect on a given step in a transcription cycle where the rates of
transitions between promoter states varied over five orders of magnitude (Friedman & Gelles, 2012;
Figure S2.2).
Our analysis demonstrates that the six two-input logic gates previously shown to be
achievable by recruitment (Buchler et al., 2003) can also be achieved kinetically (Figure 2.2, Figure
S2.2). For the AND and OR gates, both TFs work as activators (Figure 2.2C,D). For example, generating
the AND gate requires that the two steps in the cycle be of roughly equal rate and that each is
controlled by a different activator. When either A or B is present on its own, the overall rate of
transcription is still limited by the other, non-stimulated rate. Implementing the EQ and XOR gates
require each TF to activate one step while repressing the other (Figure 2.2E,F, and Methods).
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Figure 2.2: Logical computations can be generated through kinetic control and TFs
can act sequentially to produce them
Continued overleaf.
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Figure 2.2 continued.
(A) Examples of 2-input Boolean computations. The input TFs

are either present (+) or absent

(–) and the output is ON/OFF. (B) We consider a simple two-step transcription cycle in which the
irreversible rates are characterized by the rate constants
and . A molecule of mRNA is produced
during the transition from state 2 back to state 1.

is the mean rate of transcription in the absence of

activators. (C-F) Combinatorial control of a two-step transcription cycle by two TFs can produce all of the
two-input Boolean computations. Plots show expression driven by each TF acting individually and in
combination (-/-, +/-, -/+, +/+) in green, normalized to the maximum expression in each plot such that 0
represents expression being “OFF” and 1 is “ON” (right-hand axis). Overlaid are the rates of
and
used in the calculations (grey horizontal bars, left-hand axis) and the magnitude of effect of the TFs
(arrows; see Methods for parameter values). Arrows indicate activation, blunted arrows repression. (G)
Toy model of a temporally-encoded AND gate. Transcription from this four-step irreversible cycle
requires activators A and B to accelerate rates
and
, respectively. An mRNA is produced during the
fourth transition, in which the promoter returns to state 1. The intervening steps,

, occur at a

constant rate that is slow compared to the activated rates of the first and last steps. (H) Activators A and B
move in and out of the nucleus to regulate transcription (top). Bursts of nuclear localization are modeled
as step functions separated by time . These step functions are described by duration
, and
amplitude

(the activated rates of,

and

, respectively).

, and

, such

that cells in state 1 and state 4, respectively, complete the subsequent transition within the short time that
the TF is localized to the nucleus. (I) The fraction of cells in a population that respond to the temporally
encoded AND gate by producing at least one molecule of mRNA
, increases to 1 as the time
between the bursts of activator localization (
(H).

) increases, when A enters the nucleus first as depicted in

This dual activation-inhibition effect might occur if while accelerating one rate, a TF sterically hinders
another process in the transcription cycle from taking place. Taken together, these results show that
logical computations can be carried out through regulation of the transcription cycle by independently
acting TFs, without requiring cooperativity between them.

Combinatorial control of the transcription cycle allows logical computations using
out-of-sync nuclear localization events
Because TFs do not need to physically interact to generate logic gates, we reasoned that they
may not even need to be present at the promoter at the same time. In eukaryotes, this could occur if
TFs are present in the nucleus at different times. Indeed, TFs can regulate genes by transient bursts of
nuclear localization in response to external signals (Cai et al. 2008; Hao & O’Shea 2012; Liu et al. 2015).
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Moreover, the timing of colocalization bursts by different regulators may be a means to
combinatorially control transcription (Lin et al. 2015; AkhavanAghdam et al. 2016). Under the
recruitment model, combinatorially acting TFs must be colocalized to the nucleus at the same time in
order to co-recruit one another and/or the transcriptional machinery. In contrast, kinetic control could
enable combinatorial gene regulation in eukaryotes even when the bursts of TF nuclear localization
are out-of-sync.
To illustrate this, we consider a toy model of an AND gate in which two TFs regulate a
transcription cycle consisting of four slow steps (Figure 2.2G). TF A accelerates the first step (e.g.
eviction of a nucleosome), while TF B accelerates the last step (e.g. release of paused RNAP). Two
intermediate steps proceed slowly compared to the activated rates of steps 1 and 4, but are unaffected
by TFs A or B (k2 = k3 ≡ k) . We calculate the average fraction of cells in a population that complete
the cycle to produce at least one molecule of mRNA ( frespond , i.e. the fraction that “respond” to the
AND gate). The TFs translocate to the nucleus to accelerate their respective steps. For simplicity, we
model their movement in and out of the nucleus as step functions, although nuclear localization bursts
may have different and complex shapes (Cai et al. 2008). These step functions are of large amplitude
( K A and K B , representing the TF-activated rates of k1 and k4 , respectively; Figure 2.2H) and short
duration ( TA , TB ); we assume that K ATA , K BTB ≫ 1 , such that their respective transitions are
completed within the brief interval that the TF is in the nucleus. Qualitatively, our conclusions do not
depend on these simplifying assumptions, but they allow us to readily determine the fraction of cells
that respond to this time-encoded AND gate as a function of the time between the two signals, τ .
Doing so gives a measure of the discriminatory power of the regulatory circuit, i.e. how far apart in
time two signals must be to perform a downstream computation effectively. frespond (τ) is the average
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fraction of cells in the population that is in state 4 at the time that TF B enters the nucleus (Methods),
and the solution to this is

frespond (τ ) ≈ 1− e−k τ − k τ e−k τ ,

(Equation 2.5)

plotted in Figure 2.2I. In this example, the cell will not respond to simultaneous nuclear localization
events; only when the nuclear bursts of A and B are shifted apart by a time greater than τ critical =

1
2k

(i.e. if τ is greater than the time it takes to complete the two non-regulated steps) can cells in the
population generate an mRNA and thereby produce an AND gate. Meanwhile, if the order of the two
signals is reversed, and B moved into the nucleus before A does, then there is no transcriptional
response. This example illustrates how kinetic control provides a mechanism by which cells could to
add a temporal component to their combinatorial control of transcription. In other words, if
transcription is regulated at two or more points in the cycle, this could enable signals to be integrated
over time. The timing of TF action does not need to be related to nuclear localization but could, for
instance, represent activation of TFs by post-translational modification.

Activators working independently on a two-step cycle generate a wide range of
predicted expression
Expression driven by two or more activators is often compared to the sum of each working
alone (i.e. to additivity), and greater- or less-than-additive expression is frequently interpreted as
evidence of cooperative or competitive interactions between them. However, as we show below, the
independent action of TFs does not necessarily result in additive output. To interpret experimental
data mechanistically, we therefore need to rigorously define a null hypothesis against which to
compare them. Our null hypothesis is that TFs act independently of one another in stimulating
transcription. If expression deviates from that predicted by independently acting TFs, then it suggests
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some sort of functional interaction between the TFs that has yet to be elucidated –– i.e. ‘synergy’,
which refers to positive or negative cooperativity (Salvador 2000).
To predict the consequences of our null hypothesis, we need to calculate the full range of
expression levels that can be achieved when activators work independently of one another in either
one-step or multi-step models of transcription cycles. When activators work independently of one
another under the one step recruitment model, their joint effect on the fold change in the rate of
transcription is multiplicative (Veitia 2003; Bintu et al. 2005b; Herschlag & Johnson 1993). This has
been derived previously (Bintu et al. 2005b; Methods); we refer to it as the “multiplicative” case. If
instead the activators work by catalyzing the rate of the single slow reaction through independent
routes, the factors by which they enhance the rate sum together (see above and Methods); we call this
the “additive” case. We demonstrate these two situations numerically by randomizing the relevant
parameters in the equation for kTXN under the recruitment model, and under the kinetic model for a
cycle with a single slow step (Figure 2.3A,B; parameter ranges in Methods). As expected, the
recruitment model produces expression that perfectly aligns with the “multiplicative” case
(expression does not deviate from x = 1; Figure 2.3A); likewise, the single-rate kinetic model produces
expression that perfectly aligns with the “additive” case (expression does not deviate from y = 1;
Figure 2.3B). We present all subsequent results by plotting their deviation from these “multiplicative”
and “additive” cases.
We can now explore the range of expression levels that can be produced by two TFs regulating
a two-step cycle by independently accelerating the same step (Figure 2.3C), different steps (Figure
2.3D) or both accelerating both steps (Figure 2.3E). We performed 100,000 randomizations of the basal
rates (k1 , k2 ) and the strength of each activators’ effects (a1 , a2 , b1 , b2 ) and calculated the rate of
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Figure 2.3: Activators working
independently on a two-step
transcription cycle generate a
wide range of predicted
expression
Continued overleaf.
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Figure 2.3 continued.
(A, B) Numerical demonstration of multiplicative and additive effects under the recruitment and kinetic
models, respectively. Results of 100,000 iterations with randomized parameters are plotted in terms of
their deviation from the computations possible when two activators work independently on a cycle with
only one slow step (“multiplicative” case, and “additive” case). (A) Equation from Bintu et al. 2005a (for
derivation and parameter ranges sampled see STAR Methods);
and
are dissociation constants for
activators of concentrations

and

TF and RNAP. Interaction terms

;

represent the strength of interaction between each
are held constant at 1. (B) Basal rate k was varied between 1–

1000 while activator strengths, a and b, were randomized between 0–100. (C-E) If there are two slow rates
in the transcription cycle then there are three ways in which the TFs can act on them in combination. In
all cases rates
were varied between 1–1000. (C) Both activators accelerate the same rate
;
randomized between 0-100. Transcription rate is largely sub-additive due to the limiting effect
of

; it tends to additivity when

. (D) Activators work exclusively on different steps.

randomized between 0-100. Overall transcription rate is always greater-than-multiplicative. (E) Both
activators work on both steps. Transcription rate spans from sub-additive through greater-thanmultiplicative. The results in panels (C) and (D) represent the limits of (E) in which
and
, respectively. In E we show the full range of outcomes by overlaying plots (C) and (D), and
filling in the rest with 100,000 iterations in which activator strengths,
between 0-100 and the basal rates

, were varied

were randomized between 1–1000.

transcription in the presence and absence of each activator, alone and together, using the equations
shown in Figure 2.3C-E. The results are plotted as described above.
When both TFs work on the same step, the expected distribution is largely sub-additive
(Figure 2.3C). The overall transcription rate tends to additivity when the non-regulated step is much
faster than the regulated one, such that it has essentially no limiting effect on the rate of transcription.
When two TFs work exclusively on different steps, the distribution of rates is always greater-thanmultiplicative (Figure 2.3D). Finally, if both TFs can accelerate both steps, transcription can span from
sub-additive through greater-than-additive to greater-than-multiplicative (Figure 2.3E). Note that all
outcomes from Figure 2.3C and 2.3D can be found in Figure 2.3E.
These results show that even in the simplest model of kinetic control, where activators work
independently of one another, there is a wide range of predicted expression depending on the
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mechanistic assumptions made. While greater- or less-than-additive expression is often reported as
evidence of interactions between regulators, our results demonstrate that this need not be the case.

Experimental predictions arising from a model of kinetic control
Kinetic control of the transcription cycle has not been systematically explored. There is ample
evidence that TFs work on different steps in transcription, but are multiple steps actually rate limiting
at most promoters? Is their regulation by different TFs used as a means of combinatorial control? If
so, are there particular cellular conditions under which kinetic control might be particularly useful or
detrimental for cells? Answering these questions will require both dissecting the rates of steps in the
transcription cycle at different promoters and characterizing the functional roles of TFs in activating
transcription. Below we describe two aspects of transcriptional regulation that might be illuminated
through a kinetic lens. Ultimately, we would like to be able to measure the constituent rates of
processes in the transcription cycle in real time and in single cells. The experimental technology to do
so is becoming increasingly widespread and should enable direct testing of the predictions made by
a kinetic model (Stasevich et al. 2014; Tantale et al. 2016; Schwalb et al. 2016; Friedman & Gelles 2012).

Distinguishing functional classes of TFs
TFs regulate many of the steps in the transcription cycle. But for the majority of TFs, little is
known about their mechanisms of action. Recent work identified functional classes of TFs based on
their abilities to activate transcription in different enhancer contexts (Stampfel et al. 2015). We suggest
that kinetic control also provides a means of functionally classifying TFs. Multimerizing binding sites
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Figure 2.4: Predictions arising from kinetic control of the transcription cycle
(A) Different roles of TFs in stimulating steps in the transcription cycle may be distinguished by assessing
the effect of different TFs on a promoter that is functionally saturated––i.e. at the point at which
expression has plateaued. Adding a binding site for a second TF that works on the same step in the cycle
as the first (B, orange) will not increase expression, while one that works on a different slow step will do
so, if that step is now limiting (C, red). Predicted expression levels are calculated for a two-state promoter,
with rates
and activator strengths
. (B) Investigating the role
of the core promoter in transcriptional control. Multimerizing binding sites for an activator (blue), that
works on one step in a two-step cycle, produces different expression outputs depending on the relative
rates of the two steps
at different promoters (ii). Predicted expression is shown in (iii)
calculated for a two-state promoter with rates
strength

as shown in the rates plots (ii), and activator

.
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for an activator eventually saturates transcription (Sharon et al. 2012; Smith et al. 2013). If there is only
one slow step in transcription (as assumed by recruitment models), this expression level reflects the
maximum rate of transcription possible from the promoter in question and no addition of binding
sites for any number of TFs will increase the level of expression above this point. However, if there
are multiple slow steps, saturating expression may reflect having reached the limiting influence of a
different rate. Therefore, while adding a TF that is functionally redundant with the first (i.e. one that
acts on the same step) will have no further effect on transcription, adding one that works on a different
slow step will boost transcription (Figure 2.4Aii).
To illustrate this behavior, we give a hypothetical example in which a transcription cycle with
two slow steps is controlled by three activators (Figure 2.4A). Activator A accelerates the rate of the
first step, k1 ; as more binding sites for A are added to the promoter, we assume that each has the
same magnitude of effect and that they act independently on the promoter, such that their effects on
this rate sum together (see Results). For example, the overall transcription rate from a promoter with
six binding sites for A is calculated as

kTXN (A6 ) =

(1+ 6a1 )k1 k2
(1+ 6a1 )k1 + k2

.

(Equation 2.6)

If we assume that the basal rates of each step are k1 = 1 and k2 = 10 , and that a1 (the factor by which

A accelerates k1 ) is a1 = 10 , then when we add six binding sites for A to the promoter, the overall
rate of expression saturates because k2 becomes rate-limiting). Adding a site for B ( b1 = 2 ) does not
further increase the transcription rate because this TF also acts on rate k1 . But adding a site for
activator C (c2 = 2) boosts expression considerably, since C works on the now-limiting k2 . Limited
experiments of a type similar to this have been carried out (Blau et al. 1996), but such experiments also
readily adapt to high-throughput screening for functional classes of TFs wherein each TF of interest
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could be tested against a large panel of different TFs. In this type of experiment, TFs that do not boost
expression would be considered in the same functional class.

Investigating activator-promoter interactions
The maximum level of expression from a given core promoter varies depending on the
activator driving it, as does the number of multimerized activator binding sites it takes to saturate
expression (e.g. Sharon et al. 2012). The same is true for the converse experiment, in which the same
activator is used to drive expression from different core promoters (Sharon et al. 2012; Blazeck et al.
2012). The kinetic model that we have discussed might provide a quantitative means of interpreting
such behavior. Consider a transcription cycle with two slow irreversible steps (Figure 2.4Bi). Four
hypothetical core promoters differ in their basal rates, k1 and k2 , as shown on the rate diagrams in
Figure 2.4Bii. Using these basal rates, and assuming again that a1 = 10 and works as described for the
previous example, we can plot the overall transcription rate from each promoter driven by activator
A binding between 1-4 sites (as in example above; Figure 2.4Biii). In response to the same activator,
the predicted expression driven by these different hypothetical promoters saturates at different levels
and increases with different slopes as binding sites are added. This demonstrates that if there are
multiple slow steps in the transcription cycle and these differ in relative rates between promoter then
you could expect the kind of heterogeneity in promoter responses to an activator that is seen in
experiments (Sharon et al. 2012; Blazeck et al. 2012).
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DISCUSSION
Here we present a quantitative framework for reasoning about combinatorial kinetic control
of the transcription cycle. We demonstrate that the kinetics of transcription and the ability of TFs to
work on distinct biochemical steps can also be leveraged to compute gene expression from TF binding
to regulatory DNA. We assumed no cooperativity or competition between TFs, and we simplified the
mechanisms by which TFs bind and unbind to DNA and interact with transcriptional machinery.
However, our model can readily incorporate more mechanistic descriptions of the association and
dissociation of TFs from the promoter and their cooperative and competitive interactions (as has been
the focus of recruitment models). Our framework thus can extend the recruitment models to consider
the dynamics of the transcription process and the biochemical realities of eukaryotic transcription.
Our work motivates new types of experiments to test whether kinetic control occurs and, if so, how
pervasive or useful it is for cellular information processing (Figure 2.4). In the following sections, we
discuss some implications of kinetic control of the transcription cycle.

A cis-regulatory “code” at the level of TF function?
The holy grail of deciphering regulatory DNA is uncovering a cis-regulatory “code” that
would allow us to predict gene expression driven by regulatory sequence. In efforts to do this, the
emphasis has been on the number, affinity and arrangement of TF binding sites in enhancers
(reviewed in Weingarten-Gabbay & Segal 2014). This emphasis is reasonable if combinatorial control
of transcription is channeled through regulation of a single slow step in the transcription cycle.
However, while binding site arrangement does play an important role in cooperative DNA binding
(Thanos & Maniatis 1995; Adams & Workman 1995), a general code at the level of TF binding sites has
remained elusive (Weingarten-Gabbay & Segal 2014). We have shown here that kinetic control of the
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transcription cycle alone can produce complex computations. From this kinetic perspective, it may
matter less how TF binding sites are arranged and more how TFs function when bound to regulatory
DNA. Our model indicates that it should be possible to experimentally classify activators by function
(Figure 2.4A).
Core promoter sequence affects the ability of activators or enhancers to activate transcription
(Ohler & Wassarman 2010; Lubliner et al. 2015; Butler & Kadonaga 2001), but this is not incorporated
into quantitative models of transcriptional control. In a kinetic framework, the core promoter plays a
key role, since TF function is necessarily interpreted through the rate-limiting steps of the promoter.
We anticipate that reaction rates differ between core promoters according to the existence and
arrangement of core elements such as the TATA box, DPE, and Inr, and that this could explain
quantitative differences in how TFs combinatorially regulate different promoters. In more extreme
cases, a promoter could determine whether an activator can affect a rate at all, i.e. whether the two are
‘biochemically compatible’ (van Arensbergen et al. 2014). Our model provides a quantitative
framework that could be used to interpret differences in expression from activator-promoter pairs
(Figure 2.4B).

Combinatorial control of gene expression by multiple enhancers
We have explored how multiple TFs might together control the transcription cycle, but an
analogous problem exists at the level of the gene locus in animals, where multiple enhancers can
control transcription concurrently. Enhancers are DNA sequences comprised of clusters of binding
sites for different TFs that activate expression of a gene, and by virtue of the TFs that they bind, they
may act on different steps in transcription (Beagrie & Pombo 2016). At developmental genes, it is
common for a promoter to be activated by more than one enhancer in the same cells at the same time
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(Cannavò et al. 2016). These “shadow” enhancers individually generate similar patterns of expression,
but their combined expression levels are unpredictable (Bothma et al. 2015; Dunipace et al. 2011). We
have shown previously that individual shadow enhancers can respond to different activators (Staller
et al. 2015; Wunderlich et al. 2015). This suggests that shadow enhancers might work on different steps
in transcription, in which case the kinetic model that we propose here could help to predict their
combined activity.

Control of the transcription cycle may enable evolutionary plasticity
Comparative studies have repeatedly shown that regulatory DNA evolves rapidly while
maintaining its function (Tsong et al. 2006; Arnold et al. 2014; Hare et al. 2008; Wunderlich et al. 2012,
2015). Here we demonstrated that complex combinatorial control of transcription can occur without
any interactions between TFs. We speculate that this type of mechanism might relieve spatial
constraints on the arrangement of TF binding sites on DNA, enabling a more flexible organization of
regulatory sequence.

Outlook
Given the overwhelming evidence for action of TFs on multiple distinct, slow steps in
transcription, it is time to incorporate these observations into models of combinatorial gene regulation.
Viewing transcriptional regulation through a kinetic lens may help to unify and explain multiple
experimental realities, such as complex transcription cycles, fast TF binding, and flexible regulatory
evolution. In the long term, elucidating TF function beyond simple ‘activation’ or ‘repression’ may
finally reveal a tractable cis-regulatory “code”.
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METHODS
Calculating the mean rate of transcription from a cycle
Cycles with irreversible transitions
For a transcription cycle comprised of irreversible transitions between promoter states in
series, kTXN is simply the inverse of the total time taken to complete the cycle. Consider a cycle with
three promoter states connected by irreversible transitions (see also Figure S2.1A).

state 1

k

k23

k31

12
⎯⎯
→ state 2 ⎯⎯→ state 3 ⎯⎯→ state 1 + mRNA

(Equation 2.7)

Two of these are inactive, in that they do not produce mRNA (state 1 and state 2). The final state is
active: a molecule of mRNA is generated in the transition from state 3 back to state 1. The state of the
promoter represents its position in the sequence of events that must occur for any molecule of DNA
to be produced. These might, for example, be formation of the pre-initiation complex, recruitment of
polymerase and polymerase escape from pausing, each of which can be slow and regulated in
Eukaryotes (Fuda et al. 2009). The model is agnostic to the identities of these states; what matters for
the overall rate of transcription is the relative rates of the transitions between them. In general, we
make no assumptions about how many steps exist overall in a transcription cycle. Rather, we assume
that a given number of steps (three in this case) are slow compared to the rest of the processes required
to produce an mRNA molecule; we then assume that all other rates are sufficiently fast that they have
no effect on the overall rate of transcription from the cycle.
In our example here, the promoter switches from state 1 → 2 with rate k12 , and from state
2 → 3 with rate k23 . A single molecule of mRNA is produced during the final transition back from
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state 3 to state 1, at rate k31 . On average, the average time taken to complete the cycle starting from
state 1 is

TTXN = t12 + t 23 + t 31 ,
where t12 =

1
k12

, t 23 =

kTXN =

and t 31 =

1
k23

1
t12 + t 23 + t 31

(Equation 2.8)
1
k31

. The average rate of transcription from the cycle is then

.

(Equation 2.9)

This can be generalized for a cycle with N states as

kTXN =

1
TTXN

=

1

=

N

∑t
i=1

ij

1

(Equation 2.10)

N

1
∑k
i=1
ij

where t ij is the time taken to transition from state ! to the subsequent state, ", and kij is the
corresponding reaction rate.

Cycles with reversible transitions: a shorthand approach
In reality, many steps in transcription are reversible. For example, phosphorylation of proteins
is countered by dephosphorylation. This makes calculating the overall transcription rate slightly more
complex; we can no longer simply sum the times taken to make the forward transitions through the
cycle to calculate the time taken to make an mRNA molecule. In the next section, we describe the
formal master equation-based method that can be used to calculate the mean rate of transcription from
a cycle of any degree of complexity. But here we first we describe a shorthand approach to calculating

kTXN that we have found helpful because it enables one to calculate the transcription rate by hand; this
method works for cycles that contain reversible reactions but no internal loops (Figure S2.1B). Let’s
first of all consider this simple reaction scheme:
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state 1

k

k

12
23
!!!
↽
!!⇀
! state 2 ⎯⎯→ state 3

k21

(Equation 2.11)

In order to get from state 1 to the final state, state 3, this promoter begins in state 1 and first of all
transitions to state 2 which takes time t 12 =

1
k12

. Once it is in state 2, the promoter has two choices: it

can transition forwards irreversibly to the final state (state 3), which takes time t 23 =

1
k23

; or it can

bounce backwards from state 2 to state 1, which it does with rate k21 . If the promoter reverts back to
state 1, the forward transition from state 1 → 2 must now be repeated. On average, therefore, the first
step (from state 1 → 2 ) has to be repeated more than once before the promoter eventually transitions
forwards irreversibly to state 3. This means that in order to calculate the overall time taken to get from
state 1 → 3 we cannot simply sum together t12 and t 23 as we did previously for the irreversible cycle.
The average total time that it takes to complete the first step ( T12 ), given that the transition
must be repeated n times as a result of the promoter reverting backwards from state 2 → 1 , is

T12 = t12 + t12 n
= t12 (1 + n)

(Equation 2.12)

.

To calculate the mean number of times that step 1 has to be repeated before the promoter
transitions on to the next state (we denote this using the bracket notation for the moments of a
distribution, where the mean of n would be n ) we first remember that the probability that the
promoter will transition forward (from state 2 → 3 ):

p fwd = p =

k23
k23 + k21

.

(Equation 2.13)

The probability that the promoter transitions back from state 2 → 1 is then prev = 1 − p .
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In order to calculate the mean number of times that the promoter will bounce backwards from state 2
to state 1 before irreversibly transitioning to state 3, we need to list the probabilities that it will do so
once, twice, three times, etc. These probabilities will then be weighted and summed to calculate n. For
instance, the probability that the promoter will not bounce back at all would be simply given by the
probability that, once the promoter reaches state 2, it will move forward to state 3, i.e. p fwd = p . Now,
the probability that instead of doing this, the promoter bounces back once (and only once), is equal to
the product of the probability of bouncing back the first time ( prev = 1 − p) and the probability of
moving forward the second time ( p) . The probability that the promoter will bounce back twice before
moving forward is equal to the product of the probabilities that it will bounce back the first time

(1 − p) bounce back again the second time (1 − p) , and finally move forward the third time ( p ), i.e.
p(1 − p)2 . We can similarly calculate the probabilities that the promoter bounces back any number of
times, as shown in Table 2.1.
Table 2.1: Probability of promoter progression

Probability of
going forwards
from

Number of repeat
transitions from
state 1 → 2

state 2 → 3

0
0

p

3

( )
2
p (1 − p )
3
p (1 − p )

…

…

p 1− p

1
2

p (1 − p )

n
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n

The mean number of times that the promoter bounces back from state 2 to state 1 is therefore:
∞

n = ∑ n ⋅ p ( p − 1) .

(Equation 2.14)

n

0

A series expansion of this equation, gives

n =

1
p

−1 .

(Equation 2.15)

We can now substitute the right-hand side of Equation 2.15 into the equation for T12 (Equation 2.12):

⎛
⎝

1

T12 = t12 ⎜ 1 +

p

⎞
⎠

− 1⎟
(Equation 2.16)

⎛ 1⎞
= t12 ⎜ ⎟
⎝ p⎠
Since p =

k23
k23 + k21
1
p

,

=

k23 + k21
k23

= 1+

k21
k23

,

(Equation 2.17)

which means that we can write

⎛
⎝

T12 = t12 ⎜ 1 +
Defining R2 =

k21
k23

k21 ⎞

k23 ⎟⎠

.

(Equation 2.18)

, such that $% represents the average number of ‘rejections’ of the promoter

from state 2 (i.e. the average total number of attempts, n , is equal to 1 + the total number of failed
attempts, or the ‘rejections’), this equation can be rewritten as

T12 = t12 (1 + R2 ) .

(Equation 2.19)

Now let’s consider the more complex reaction scheme:
t12
t23
t34
t41
!!!
⇀
!!!
!!!
state 1 ↽
!!
! state 2 ↽
!!⇀
! state 3 ↽
!!⇀
! state 4 ⎯⎯→ state 1 + mRNA ,
t21

t32

t43
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(Equation 2.20)

in which there are now two additional reverse reactions downstream of state 2. Now, every time that
the promoter bounces back from state 3 → 2, it will also be sent back to state 2 → 1 some number of
times that is set by R2 =

k21
k23

.

Therefore, the number of times in total that the promoter bounces backwards from state 2 →
1 is dependent on both the number of rejections from state 2

(R )
2

and those from states 3 and 4

downstream ( R3 , R4 ; there is no reverse reaction from state 1 to state 4, so this does not contribute to
the number of times that step 1 must be attempted before the cycle is completed). We therefore
introduce L j to represent the total number of times that the promoter switches back from state j to
state i. This means that we can re-write the total time it takes to complete the first step in the cycle, T12
Equation 2.19 as

T12 = t12 + t12 L2 ,

(Equation 2.21)

where L2 is equal to

L2 = R2 (1 + L3 ) .

(Equation 2.22)

In turn, L3 is the total number of times that the promoter switches backwards from state 3, which is
dependent on both the rejections from state 3 ( R3 ) and those from the downstream state, state 4:

L3 = R3 (1 + L4 ) .

(Equation 2.23)

Because the reaction between state 4 → 1 is irreversible, in this case L4 = R4 . If we substitute the
equations for L3 and L4 into Equation 2.22 then

L2 = R2 (1 + R3 (1 + R4 ))

(Equation 2.24)

L2 = R2 + R2 R3 + R2 R3 R4
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If we then expand Equation 21, the equation for the total time taken complete between state 1 and
state 2 ( T12 ), given that there are multiple reversible reactions downstream of this transition, we can
see that

T12 = t12 + t12 R2 + t12 R2 R3 + t12 R2 R3 R4

(Equation 2.25)

T12 = t12 (1 + R2 + R2 R3 + R2 R3 R4 ) .
In the same manner,

T23 = t 23 (1 + R3 R4 ) ,

T34 = t 34 (1 + R4 ) , and

(Equation 2.26)

T41 = t 41 .
The total time taken to complete the entire reaction is then

TTXN = T12 + T23 + T34 + T41 .

(Equation 2.27)

Taking the terms T12 , T23 T34 and T41 , which together sum to TTXN , you can see that they are actually
comprised of ten terms that are summed together:

TTXN = t12 + t12 R2 + t12 R2 R3 + t12 R2 R3 R4 + t 23 + t 23 R3 + t 23 R3 R4 + t 34 + t 34 R4 + t 41 .

(Equation 2.28)

We can therefore view these as ten ‘effective times’ taken to complete ten irreversible steps in series,
where numerals I-X represent ten ‘effective states’ and k I − X the rates of the irreversible transitions
between them
state I

kI

kII

kIII

kIV

kV

kVI

⎯⎯→ state VIII ⎯⎯⎯
→ state IX ⎯⎯→ state X ⎯⎯
→

state I + mRNA .

⎯⎯
→ state II ⎯⎯→ state III ⎯⎯→ state IV ⎯⎯→ state V ⎯⎯
→ state VI ⎯⎯→
state VII

kVII

kVIII

kIX

kX

(Equation 2.29)

Some of these are real reactions (those that are described by t12 , t 23 t 34 and t 41 in Equation 2.28 above),
while the rest are ‘pseudo’ steps. Together we term the rates making up Equation 2.29 ‘effective rates’,
because they do not necessarily correspond to actual biochemical reactions. But once we have these
‘effective rates’ and their corresponding ‘effective times’ for completion, we can once again readily
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calculate the mean overall rate of transcription as the inverse of the average total time to complete the
cycle. This can be generalized. The total time taken to complete a closed-loop cycle with reversible
and irreversible transitions between N promoter states is written in compact form as

⎛
= ∑ t m ⎜ 1+
⎝
N

TTXN

m=1

N

⎞

s

∑ ∏ R ⎟⎠
j

,

(Equation 2.30)

s=m+1 j=m+1

where R j is the number of rejections from state j, t m is the time taken to carry out the forward
transition m once, and s and j are indices.

Complex transcription cycles
Due to the stochastic nature of transcription, the instantaneous rate of initiation will fluctuate
over time, even under a constant environment. To calculate the moments of the distributions of
transcription rates within a single cell over time (which, by assuming ergodicity, also reflect the
moments of the distribution of initiation rates within a population of genetically homogeneous cells
exposed to the same environment), we use a matrix formalism akin to that which we introduced in
previous work (Sanchez & Kondev 2008; Sanchez et al. 2011; Sanchez et al. 2013; Figure S2.1C). We
refer the reader to these publications but provide a recap here.
We begin by explaining the master equation that describes the time evolution of the
probability p ( m ) of having m mRNAs in a given cell and do so first for the simplest scenario: the
limit in which the promoter effectively exists in a single state from which mRNA is produced
stochastically at a given rate. This limit is inhabited when all but one transition between promoter
states in the transcription cycle occur extremely fast, such that the single slow transition alone
determines the rate at which mRNA is produced. In this situation, the master equation takes the form:
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d
p ( m) = − (r + γm) p ( m) + rp ( m −1) + γ ( m +1) p ( m +1) ,
dt

(Equation 2.31)

where r is the rate at which mRNA is generated and γ is the rate of mRNA degradation, which we
assume is constant per unit mRNA. p ( m ) describes the fraction of the total population of cells that
contains exactly m mRNAs.
To see how p ( m ) changes over time, we need to account for all the ways in which the number
of cells that contain m mRNAs can increase or decrease. Within a small time-window (t, t + δ t) the
fraction of cells with & mRNAs can increase as a result of new transcription in cells that contain m − 1
mRNAs: rδ t p(m − 1) . They can also increase through degradation of an mRNA in cells containing

m + 1 mRNAs: γ δ t (m + 1) p(m + 1) . In the latter case, the probability that a given cell will lose an
mRNA is ' multiplied by the number of mRNA molecules that exist in that cell: '() * & + 1 . The
fraction of cells in the population that will lose mRNA is equal to the per-cell probability that it will
happen multiplied by the number of cells that contain m + 1 mRNAs: γ δ t (m + 1) p(m + 1) . These two
ways of increasing the fraction of cells with m mRNAs together make up the right-hand two terms of
equation (25). In the same way, there are two routes by which the fraction of cells with m mRNAs can
decrease over a short time period (t, t + δ t) : cells containing m mRNAs could lose one by degradation,

γ δ t m p(m) ; these cells could also transcribe a new mRNA, r δ t p(m) . Together these form the lefthand term on the right-hand side of the master Equation 2.31.
When multiple transitions between promoter states in the transcription cycle can occur with
somewhat similar rates the master equation becomes more complex than for a promoter that only has
one (effective) state. In this case, we need to add the state of the promoter ( s ) as an additional
stochastic variable and write the master equation as a system of coupled equations for the joint
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probabilities of a cell existing in state s with m mRNAs. This task is simplified by representing the
system of equations in vector notation (Sanchez et al. 2013, Sanchez et al. 2012).
To illustrate this, let’s consider a promoter that can exist in three states, 1, 2 and 3:
k12

k22

k21

32

k

31
⎯⎯
⎯⎯
→ state 2 ←
⎯⎯
⎯⎯
→ state 3 ⎯⎯
state 1 ←
→ state 1 + mRNA .
k

(Equation 2.32)

The model now contains two stochastic variables: the number of mRNA molecules in the cell (m) ,
and the state of the promoter ( s ). Since there are three states, the master equation is now written as a
system of three coupled equations that describe the probabilities of a cell being in promoter state 1, 2
or 3 while having m mRNA molecules, p(1, m), p(2, m) and p(3, m) , respectively:

d
dt
d
dt
d
dt

p(1, m) = − k12 p(1, m)− γm p(1, m)− k31 p(3, m −1) + γ(m +1) p(1, m +1) + k21 p(2, m)
p(2, m) = − k21 p(2, m)− k23 p(2, m)− γm p(2, m) + γ(m +1) p(2, m +1) + k12 p(1, m) + k32 p(3, m)
p(3, m) = − k32 p(3, m)− k31 p(3, m)− γm p(3, m) + γ(m +1) p(3, m +1) + k23 p(2, m) .
(Equation 2.33)

We define the transition rate matrix,

⎛ −k12
! =⎜ k
K
⎜ 12
⎜⎝ 0

k21

k31

−k21 − k23

k32

k23

−k31 − k32

⎞
⎟
⎟ ,
⎟⎠

(Equation 2.34)

! ⋅ p(m) = 0 with the normalization condition that p(1, m) + p(2, m) + p(3, m) = 1 .
and then solve for K
The solution for the mean rate of transcription has been shown multiple times elsewhere, so the reader
is referred to Sanchez et al. (2008, 2011).
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Combinatorial activation and repression of steps in a cycle
Activators could work on a step in transcription either by accelerating a reaction or by
stabilizing a protein complex (see below). Meanwhile, repressors could work by inhibiting a basal
rate, blocking the function of an activator, or increasing the rate of a reverse reaction. The important
practical distinction between mechanisms is in how activities of two TFs combine when they work on
the same step.

Activators in our model work by catalyzing a reaction
Consider a forward (or an ‘effective’ forward) transition between two states, characterized by
rate k :

k
state 1 ⎯⎯
→ state 2 .

(Equation 2.35)

We assume that this reaction can occur at a low basal rate, k , in the absence of activators. For example,
the kinase P-TEFb might encounter a paused polymerase and phosphorylate it; in our model, this
occurs stochastically at a low rate, but having an activator present increases the chances of it
happening. Activator A accelerates rate k such that

k(A) = k + Δk A ,

(Equation 2.36)

where Δk A represents the rate enhancement due to activator A . Likewise, activator B accelerates k such
that when B is present the rate of this transition is

k(B) = k + Δk B .

(Equation 2.37)

When both A and B are present, they accelerate the basal rate by a factor Δk AB , as so:

k(A, B) = k + Δk AB .

(Equation 2.38)

We assume that A and B act independently of one another to accelerate the rate in parallel,
through different and non-interacting mechanisms. This might be the case if, for instance, each
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phosphorylates a different residue on RNAP and does not interfere with the activity of the other. As
a result, the factors by which they each enhance rate k add together, such that

Δk AB = Δk A + Δk B .
By defining for convenience a =

Δk A

(Equation 2.39)
and b =

k

Δk B
k

, where for activators a, b ≥ 0 , we can rewrite the above

equations as

k(A) = (1+ a)k, and

(Equation 2.40)

k(B) = (1+ b)k, respectively,
such that the effect of both activators together on rate k is

k(A, B) = (1+ a + b)k .

(Equation 2.41)

In the context of a transcription cycle, we assume that an activator can work on more than one
of the rates, as is true of many TFs (e.g. yeast activator Gcn4, which contacts four coregulator
complexes, each of which affect chromatin remodeling, assembly of the preinitiation complex and
elongation to different extents (Govind et al. 2005)). We describe the effect of activator A on all
transitions in an N-step cycle by the vector a = ( a1

a2 ... aN ) . Now consider the two-state

cycle,
k

k

1
2
state 1 ⎯⎯
→ state 2 ⎯⎯
→ state 1 + mRNA

(Equation 2.42)

The average rate of transcription from this cycle in the absence of activators is

kTXN (0) =

1
(t1 + t 2 )

=

!

1

⎛1 1⎞
⎜⎝ k + k ⎟⎠
1
2

When A is present, and defining a = ( a1

kTXN (A) =

=

k1 ⋅ k2
k1 + k2

(Equation 2.43)

a2 ) , where ai ≥ 0 , the rate of transcription is

(a1 + 1)k1 ⋅ (a2 + 1)k2
(a1 + 1)k1 + (a2 + 1)k2

;

(Equation 2.44)
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!

likewise, and defining b = ( b1

kTXN (B) =

b2 ) ,

(b1 +1)k1 ⋅(b2 +1)k2
(b1 +1)k1 + (b2 +1)k2

.

(Equation 2.45)

In the presence of both activators A and B, the average rate of transcription from this cycle is

kTXN (A, B) =

(a1 + b1 +1)k1 ⋅(a2 + b2 +1)k2
(a1 + b1 +1)k1 + (a2 + b2 +1)k2

.

(Equation 2.46)

Since we focus in this paper on the role of the transcription cycle in combinatorial control of
gene expression, we purposefully simplify the mechanisms by which TFs bind, unbind and interact
with the transcriptional machinery. The effect of a TF on a rate is a mean field approximation
corresponding to the product of the rate of activation when the TF is bound and the probability that
it is indeed bound. The probability of a TF being bound to the DNA is a function of its concentration,
binding affinity and mode of binding (independent, cooperative, etc.). In practice, activation by a TF
is a single molecule stochastic process and so our approach is only an approximation that may very
well not capture the actual biophysics in many cases. However, while these details are important on
a case-by-case basis, their abstraction into a single effective parameter is what allowed us to examine
the transcription cycle in isolation.

Activators can work by stabilizing a protein complex
Under the recruitment model, activators recruit RNAP to the promoter by lowering the free
energy of the bound RNAP state. Bintu et al. (2005a) laid out the derivation for two activators working
independently on the same promoter, but we summarize it here (referring to Figure 2.3A, main text).
The rate limiting step in this model is the recruitment of RNAP because kOFF (the rate at which RNAP
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falls off the promoter) is extremely fast, such that it tends to dissociate before having the chance to
enter into transcription. Activators work by reducing this off rate.
Activators

and

A

K A = e− ΔG and K B = e− ΔG
A

B

B

have

affinities

described

by

the

dissociation

constants

, where ΔGA and ΔGB represent the binding free energies for the two

activators. We consider activators A and B to be present at concentrations [A] and [B]. When bound
at the same time, both activators can stabilize one other by reducing their dissociation constants by a
factor ω = e

− ΔG AB

. A and B can also lower the free energy of the bound RNAP state by ΔGAP and ΔGBP

, respectively. They thus decrease the dissociation constant of RNAP by magnitudes

fA = e− ΔG and fB = e− ΔG . If the two TFs contact the RNAP independently from each other, the net
AP

BP

reduction in free energy of the bound RNAP will be the sum of the reductions caused by each TF. If
they do not act independently, the extent of the deviation is described by a parameter ε = e
that fAB = e

− ΔG ABP

= e− ( ΔG

A +ΔG B +g AB

)

− g AB

, such

= fA ⋅ fB ⋅ ε . If we set ε to 1 (no cooperativity between TFs in recruiting

RNAP), we can see that the effect of both decreasing dissociation rate of RNAP is the product of their
individual effects: fAB = fA ⋅ fB (see Figure 2.4A main text).
When only the binding site for A is present (and defining for convenience the unit-less
parameter α =

[A]
KA

), the fold-change activation takes the form

QA =

(1 + α f )
A

(1 + α )

Likewise, and defining β =

[B]
KB

.

(Equation 2.47)

, the fold-change activation when only the binding site for B is present

is
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QB =

(1 + β f )
B

(1 + β )

.

(Equation 2.48)

The fold-change when both binding sites are present is

QAB =

(1 + α

fA + β fB + α β fA fB ω ε )

(1 + α + β + α β ω )

(Equation 2.49)

Therefore the fold change in gene expression when both activators are present and function
independently of one another (i.e. when ω = ε = 1) is multiplicative.
Repressors could act by accelerating the rate of a reverse reaction, or by reducing the rate of a
forward by increasing the energy of the unstable intermediate (i.e. raising the energy of the “activation
barrier”). We assume in Figure 2.2 that they work via the latter mechanism, in which case the effect of
two repressors on the same rate combine multiplicatively as discussed above for activators –– i.e. since
the free energies are in the exponent, the combined effect of the repressors on the rate of the transition is
multiplicative.

Generating 2-input logic gates
To explore whether two-input logic gates could be generated by control of the transcription
cycle alone, we focused on a cycle with two states (Figure 2.2B),
k

k

1
2
state 1 ⎯⎯
→ state 2 ⎯⎯
→ state 1 + mRNA

(Equation 2.50)

The transitions between states 1 and 2 could either be irreversible reactions or ‘effective’ reactions that
may be composed of reverse rates (see above).
There are many potential ways in which the logic gates in Figure 2.2 and Figure S2.2 might be
achieved mechanistically. We give examples for each of six two-input gates in which we assumed the
following scenarios and used the parameters listed in the table below. For the AND gate: each TF
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independently catalyzes a different rate. In the case of the OR gate: either TF can independently
catalyze the slower rate, therefore their effects on this rate add together. To generate the NOR gate:
each TF acts as a repressor on a different rate; here the repressors act by slowing the basal rates in the
transcription cycle. For the NAND gate: both TFs can independently repress the faster of the two rates.
We assume for the NAND and XOR gates that repressors act by increasing the free energy of transition
required to complete a step. Therefore, when they work independently on the same step, their
combined effects on this rate of this step are multiplicative (see above). EQ gate: we assume that each
TF activates one rate and represses the other. This could be explained by the TF occluding recruitment
of a key enzyme necessary for step 2 while it is contacting the promoter to increase the rate of step 1.
For the XOR gate: both TFs increase the slower rate while decreasing the faster rate. When both are
present, their combined repressive effects are multiplicative. The equations and parameters used to
generate logic gates in Figure 2.2 are presented in Table 2.2 (overleaf).

Combinatorial regulation of transcription by bursts of nuclear localization
Kinetic control of the transcription cycle can in theory enable a promoter to make logical computations
without the input TFs being present or active at the same time (main text, Figure 2.2). Many TFs can
regulate gene expression by transient bursts of localization to the nucleus (Cai et al. 2008; Liu et al.
2015). This might present a situation in which TFs regulating a gene localize to the nucleus at different
times but can still work combinatorially to control transcription. In other words, if transcription needs
to be regulated at two or more different points in the cycle then it could enable signals from different
TFs to be integrated over time. We model transcription control by two TFs, which transiently and
asynchronously localize to the nucleus in order to control different steps in a transcription cycle.
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Table 2.2: Equations and parameters used to generate logic gates in Figure 2.2

kTXN (A, B) =

Gate

AND

(a

(a

1

+ 1) k1 ( b2 + 1) k2

1

+ 1) k1 + ( b2 + 1) k2

( a + b1 + 1) k k
( a + b1 + 1) k + k
1

OR

1

1

2

1

2

NOR

k1
k2
( a1 + 1) (b2 + 1)
k1
k2
+
( a1 + 1) (b2 + 1) 2

NAND

k2
( a2 b2 + 1)
k2
k1 +
( a2 b2 + 1)
k1

EQ

( a1 + 1) k1 (b2 + 1) k2
(b1 + 1) ( a2 + 1)
( a1 + 1) k1 + (b2 + 1) k2
(b1 + 1) ( a2 + 1)

XOR

k2
( a2 b2 + 1)
k2
( a1 + b1 + 1) k1 +
( a2 b2 + 1)

(a

1

+ b1 + 1) k1
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kj

a j , bj

k1 = 1

a1 = b2 = 100

k2 = 1

a2 = b1 = 0

k1 = 1

a1 = b1 = 1000

k2 = 100

a2 = b2 = 0

k1 = 100

a1 = b2 = 100

k2 = 100

a2 = b1 = 0

k1 = 10

a1 = b1 = 0

k2 = 10, 000

a2 = b2 = 100

k1 = 100

a1 = b1 = 100

k2 = 100

a2 = b2 = 100

k1 = 1

a1 = b1 = 100

k2 = 10, 000

a2 = b2 = 100

Let’s consider in some more detail the toy model described in the main text (Figure 2.2G-I). To
recap, this cycle has four slow steps controlled by two activators. We assume, for the sake of simplicity,
that the promoter stops once it has made the fourth transition that produces a molecule of mRNA
(rather than cycling back to state 1 and starting over). Two activators work on this four-step cycle.
Activator A accelerates step 1 (e.g. nucleosome eviction). Steps 2 and 3 (e.g. assembly of the
preinitiation complex, polymerase escape from the promoter) proceed slowly, but are unaffected by
A or B. Activator B accelerates the final step (e.g. release of paused polymerase). We assume that, in
the absence of their respective activators, rates k1 and k4 are 0. For simplicity and analytical
tractability, we model the movement of A and B in and out of the nucleus as step functions separated
by the time interval τ (Figure 2.2H; as compared to the complex wave functions for nuclear
localization that could exist in reality). The step function is described by duration TA , TB , and height

K A , K B for activators A and B respectively. K A , K B represent the activated rates k1 and k4 when their
respective activators are present in the nucleus. We assume that K ATA , K BTB ≫ 1 , such that their
respective steps can be completed within the duration of the nuclear localization of each TF. For
example, given that TF A acts by accelerating rate k1 , when TF A is in the nucleus then all cells that
exist in state 1 will transition to state 2. The time interval of the nuclear localization bursts, TA and TB
, are sufficiently short that we can assume all other conditions remain constant during them. The
intermediate two steps, k2 and k3 remain constant throughout, and slow in comparison to the two
activated rates. Qualitatively, these assumptions do not change our conclusions, but they make the
math simpler.
We want to determine the fraction of cells that complete the cycle to produce a single mRNA
molecule, given a time delay, τ , between the bursts of TF nuclear localization. The fraction of cells in
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state j is S j . At time t = 0 , the fraction of cells in state 1 is S1 = 1 , and S2 = S3 = S4 = 0 . As time
progresses, the fraction of cells in each state changes according to the rates of the transitions between
them, as described below. At any given time-point, the fraction of cells that have completed the cycle,
i.e. the fraction that has responded to the combinatorial action of the two TFs is

frespond = 1 − (S1 + S2 + S3 + S4 ) .

(Equation 2.51)

!##"##$
cells still remaining
in the cycle

Since we made the assumption that a burst of activator into the nucleus causes all cells in the
prior state to transition to the next one, frespond is equal to the fraction of cells in state 4 (S4 ) . This is
because all cells that that are in state 4 at the time that activator B enters the nucleus will complete the
cycle:

frespond = S4 .

(Equation 2.52)

All promoters start off in state 1. Activator A enters nucleus at t=0. In the short time interval (t, t + Δt)
, all cells in state 1 transition to state 2 since K ATA ≫ 1 :

d
dt

⎪⎧ −K A S1 (t) t < t + Δt
.
⎪⎪
0
t
>
t
+
Δt
⎩

S1 (t) = −k1S1 (t) = ⎪
⎨

(Equation 2.53)

So now, at approximately t=0, all cells are in state 2. The fraction of cells in state 2 decreases with time:

d
dt

S2 (t ) = −k2 S2 (t )

,

(Equation 2.54)

−k t

S2 (t ) = e

assuming that k2 = k3 = k . The fraction of cells in state 3 depends on the transition rate of cells from
state 2 and the subsequent transition out of state 3 into state 4:

d
dt

S3 (t) = k2 S2 (t)− k3S3 (t)
−k t

S3 (t) = e

(Equation 2.55)

kt
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The fraction of cells in state 4 increases accordingly:

d
dt

S4 (t ) = k3S3 (t )
−k t

S4 (t ) = e

(Equation 2.56)
−k t

(−1+ e

− k t)

By expanding this, and referring to Equation 2.52, we can write it as

frespond = S4 (t) = 1− e−k t − e−k t k t ,

(Equation 2.57)

which is Equation 2.6 in the main text, plotted in Figure 2.2I.

Plotting combinatorial gene regulatory outcomes in Figure 2.3
Our goal is to compare the full range of gene expression outcomes that can be achieved when
two TFs work independently on a cycle with two slow steps to that which can be seen when there is
only a single slow step. We calculated the mean rate of transcription driven by each activator
individually and together (kTXN (A), kTXN (B), kTXN (A, B)) for different mechanistic scenarios of how TFs
act on a cycle (Figure 2.3A-E), and normalized these to the basal rate of transcription in each case when
there are no TFs present. For each mechanistic scenario of how the TFs impinge on the given rates, we
calculated the output 100,000 times using randomized parameters for the basal rates of each step and
the strength of the two activators in accelerating them (parameter values below).
In order to compare the outcomes of different scenarios for TFs acting independently on a
two-step cycle, we plot the deviation from a multiplicative fold change (corresponding to the
expectation of the recruitment model of a cycle with one slow step) and an additive enhancement of
the rate (corresponding to the expectation of the kinetic model of a cycle with one slow step). The fold
change in transcription driven by a TF is the mean level of expression when the TF is present divided
by that when it is absent:
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kTXN (TF)

QTF =

kTXN (0)

.

(Equation 2.58)

As described above (Combinatorial Activation and Repression of Steps in a Cycle), under the
recruitment model two activators working independently additively reduce the free energy of RNAP
binding to the promoter and hence have a multiplicative effect on the fold change in gene expression.
We plot deviation from this “multiplicative” case on the x-axis in Figure 2.3:

x=

QAB
QA × QB

,

(Equation 2.59)

i.e. the fold change in gene expression due to both TFs acting together divided by the product of each
acting alone.
Under the kinetic model, the factors by which each TF enhances rate k sum together:

Δk AB = Δk A + Δk B (see Combinatorial Activation and Repression of Steps in a Cycle). When there is
only a single slow rate in the cycle, this is equivalent to saying that their effects on the overall rate of
transcription are additive:

kTXN (A, B) = kTXN (A) + kTXN (B)

(Equation 2.60)

We plot deviation from this “additive” case on the y-axis:

y=

kTXN (A, B) − kTXN (0)
(kTXN (A) − kTXN (0)) + (kTXN (B) − kTXN (0))

;

(Equation 2.61)

where each term is normalized by subtracting the basal rate of transcription, kTXN (0) , for each
iteration. If expression is exactly multiplicative it will fall on x=1, while if it is exactly additive it will
fall on y=1. We used the following parameter ranges to calculate the gene expression output in each
scenario in Figure 2.3:

61

Figure 2.3A: K A and K B are the dissociation constants for TFs A or B, while [A] and [B] are

α=
their respective concentrations; we randomized

[ A]
KA

and β =

[ B]
KB

between 0.01–100. fA and fB

represent the strength of interaction between each TF and the RNA polymerase; these were
randomized between 1–100. ω and ε represent interactions between TFs in binding DNA or recruiting
polymerase, respectively; these were held at ω = ε = 1 (no interaction).

Figure 2.3B: activator strengths,

a=

Δk A
k

and b =

Δk B
k

were randomized between 0–100, while

the basal rate of the single step, k, was varied between 1–1000.
Figure 2.3C-E: Activator strengths for A and B working on each of the two rates,

a1 , a2 , b1 and b2 , were varied between 0-100. An activator has no effect on a rate when its strength is
equal to 0. Therefore, in Figure 2.3C, a2 = b2 = 0 , and in D a2 = b1 = 0 . Basal rates, k1 and k2 were
randomized between 1–1000.
Figure 2.3E: The results in panels C and D represent the limits of E in which a2 = b2 = 0 and

a2 = b1 = 0 , respectively. In E we show the full range of outcomes by overlaying plots C and D and
filling in the rest with 100,000 iterations in which activator strengths, a1 , a2 , b1 and b2 , were varied
between 0-100 and the basal rates k1 and k2 were randomized between 1–1000.
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ABSTRACT
DNA-binding proteins control many fundamental biological processes such as transcription,
recombination and replication. A major goal is to decipher the role that DNA sequence plays in
orchestrating the binding and activity of such regulatory proteins. To address this goal, it is useful to
rationally design DNA sequences with desired numbers, affinities and arrangements of protein
binding sites. However, removing binding sites from DNA is computationally non-trivial since one
risks creating new sites in the process of deleting or moving others. Here we present an online binding

site removal tool, SiteOut, that enables users to design arbitrary DNA sequences that entirely lack
binding sites for factors of interest. SiteOut can also be used to delete sites from a specific sequence,
or to introduce site-free spacers between functional sequences without creating new sites at the
junctions. In combination with commercial DNA synthesis services, SiteOut provides a powerful and
flexible platform for synthetic projects that interrogate regulatory DNA. Here we describe the
algorithm and illustrate the ways in which SiteOut can be used; it is publicly available at
https://depace. med.harvard.edu/siteout/.

INTRODUCTION
Many essential biological processes depend on sequence-specific DNA-binding proteins. For
example, during transcription, gene expression is controlled by transcription factors (TFs) that bind
regulatory sequences such as enhancers and promoters (Spitz and Furlong 2012). The role of
individual TF binding sites in endogenous regulatory sequences, as well as their spacing and
organization, is not well understood (Weingarten-Gabbay and Segal 2014). A natural experiment to
test the function of these DNA sequence features is to alter the number and arrangement of TF binding
sites. Since transcription factor binding sites in eukaryotes are short and degenerate (the same protein
may bind to multiple motifs; Spitz and Furlong 2012), they are easily created and therefore it is
challenging to add, delete or move sites in a sequence without inadvertently affecting others. The
activity of individual TF binding sites has been tested in background sequence from orthogonal
sources (e.g. bacterial and phage DNA used in Drosophila Akbari et al. 2008; Calhoun, Stathopoulos,
and Levine 2002) or synthetic random sequences (Erceg et al. 2014; Swanson, Evans, and Barolo 2010).
However, it is virtually impossible to find orthogonal or random sequences that entirely lack binding
sites for proteins of interest (Figure 3.1). In specific instances the spacer sequence used can be shown
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to have no effect on expression levels (Wunderlich et al. 2015). However, to rationally design and build
complex sequences, it is useful to be able to control binding site content directly. Manipulating short
degenerate sequences is a general problem, common to studying DNA binding proteins.
Because it is now possible to synthesize arbitrary DNA sequences at relatively low cost, we
can easily make rationally designed DNA sequences to test specific hypotheses; the challenge is in
designing sequence that contains few or no binding sites for proteins of interest. We have developed
a tool called SiteOut to address this problem. SiteOut uses a Monte Carlo algorithm to iteratively
remove all sites for proteins of interest from arbitrary sequence without generating new ones in the
process. We provide examples to illustrate how SiteOut can be used to design synthetic enhancers and
whole gene loci, and discuss the value of synthetic experiments for studying processes regulated by
DNA-binding proteins more generally.

MATERIALS AND METHODS
SiteOut begins with an initial sequence as defined by the user: a random sequence generated
by SiteOut (Random Sequence), a sequence given by the user (Refine a sequence) or a combination of
functional sequences and random spacers (Spacer Designer) (Figure 3.2A and 3.2B). The user specifies
the GC content of the desired output sequence (GC content influences nucleosome positioning; Tillo
and Hughes 2009) and the sites to be removed in the form of either specific sequences or frequency
matrices, which are converted to Position Weight Matrices by the program (PWMs; Stormo et al. 1982).
In the latter case, PATSER (stormo.wustl.edu) is used to identify functional sites using a threshold pvalue given by the user. SiteOut then removes binding sites iteratively using a Monte Carlo algorithm.
This algorithm proves to be fast and reliable compared to other methods: a direct and deterministic
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search towards sequences that always lower the number of binding sites ends up stuck in local minima
where not all sites are removed, while a genetic
SiteOut: An Online Tool to Design Binding Site-Free DNA Sequences

Fig 1. SiteOut efficiently removes binding sites from a spacer between annotated enhancers. Predicted binding sites for 11 transcription factors
regulating expression of the gene Krüppel (Kr) in Drosophila melanogaster plotted across a 2kb region of its regulatory region. Nucleotide coordinates for the
proximal and distal enhancers are respectively 2R:25224832..25226417 and 2R:25224052..25225758. Bar heights represent binding affinities. In the
endogenous sequence between the two marked enhancers (labeled ‘spacer’) there are 131 binding sites for the transcription factors of interest. Sequences
from orthogonal sources such as phage lambda have been used as “non-functional” spacers in many studies, but lambda DNA still contains many
transcription factor binding sites. A computationaly generated random sequence with the same GC content as D.melanogaster intergenic sequence also
contains a large number of binding sites. SiteOut creates a synthetic spacer that contains no binding sites, while keeping the flanking enhancers intact and
Figure
3.1: SiteOut efficiently removes binding sites from a spacer between annotated enhancers.
the GC content constant.

Predicted
binding sites for 11 transcription factors regulating expression of the gene Krüppel (Kr) in
doi:10.1371/journal.pone.0151740.g001
Drosophila melanogaster plotted across a 2kb region of its regulatory region. Nucleotide coordinates for
smaller the possible sequence space of the solution and the longer the run time (Fig 2E). Thus
the proximal and distal enhancers
are
respectively
2R:25224832..25226417
and 2R:25224052..25225758.
users
need
to carefully consider
the length of the input sequence,
how many motifs must be
removed, and
for binding
site recognition
(lowering
threshold
will enhancers
identify
Bar heights represent binding affinities.
In the
thethreshold
endogenous
sequence
between
the the
two
marked
more
sites).
Finally,
if
the
output
sequence
is
highly
constrained,
the
algorithm
is
likely
to gen(labeled ‘spacer’) there are 131 binding sites for the transcription factors of interest. Sequences from
erate repetitive sequences, which are challenging to synthesize and clone. This is not a limitaorthogonal sources such as phage lambda have been used as “non-functional” spacers in many studies,
tion of SiteOut, but a byproduct of how easily binding sites are created and the small set of
but lambda DNA still contains many
transcription
factor are
binding
A with
computationaly
generated
solutions
when many constraints
applied.sites.
Working
these trade-offs, we
have successSiteOutas
to D.melanogaster
remove sites for 140 different
yeast TFs
and obtained
random sequence with the samefully
GCused
content
intergenic
sequence
alsoa synthesizable
contains abindlarge
site-freea1 synthetic
kb sequence.spacer that contains no binding sites, while keeping
number of binding sites. SiteOuting
creates
To allow users to add additional features to the algorithm’s screening process, we provide
the flanking enhancers intact and the GC content constant.
the source code on the website, which can be downloaded and modified at will. For instance,
the acceptance probability (Pa) could be altered to include terms that take into account not
only the number of binding sites in the sequence, but also their affinities or the number/length
of repeats in the sequence. As an example, Pa could be modified to include contributions from
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algorithm proves to be much slower (it has to work with multiple sequences) and ends up creating
highly repetitive sequences. In each iteration, binding sites are identified and a random nucleotide in
each site is mutated according to the nucleotide probability distribution given by the user-specified
GC content (Figure 3.2C). An acceptance probability, Pa, is computed to decide whether the mutated
sequence is passed to the next iteration step. Mutations that decrease the total number of binding sites
in the new sequence have a higher acceptance probability (Equation 1: Nold and Nnew represent the
number of binding sites in the old and new sequences respectively). The algorithm stops once no
binding sites are found, or when the sequence converges to a number of binding sites below which no
fewer can be achieved within 100 iterations, which proves to be enough to avoid local minima. When
the Spacer Designer option is used, the algorithm searches for sites that are within or overlap with the
spacers and removes them by mutating only nucleotides from the spacer regions, keeping the
functional sequences intact (Figure 3.2D).
*. =

0 1234 51678
9:0 1234 51678

Equation 3.1

There are multiple trade-offs to consider when deploying SiteOut. First, SiteOut does not
converge to a unique solution. For the same parameters, the algorithm will give a different solution
every time. Therefore, we advise that users perform multiple runs and choose the output that is most
suitable for them. Second, the larger the number of binding sites to remove, the smaller the possible
sequence space of the solution and the longer the run time (Figure 3.2E). Thus, users need to carefully
consider the length of the input sequence, how many motifs must be removed, and the threshold for
binding site recognition (lowering the threshold will identify more sites). Finally, if the output
sequence is highly constrained, the algorithm is likely to generate repetitive sequences, which are
challenging to synthesize and clone. This is not a limitation of SiteOut, but a byproduct of
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Fig 2. Overview of the SiteOut algorithm. (A) Schematic of the Monte Carlo algorithm. The non-deterministic nature of the process that drives the search
towards sequences with fewer sites allows greater exploration of sequence space in order to overcome local minima in the number of binding sites (N). (B)
Flowchart of the Monte Carlo algorithm highlighting the sequence acceptance/rejection process. Sm stands for a sequence in step m (m = i, i + 1, . . .), Nold
and Nnew for the number of binding sites in the original and mutated sequence, respectively, and Pa for the acceptance probability. (C) An example of binding
site identification and deletion. Initially, two sites are identified (red and green), and are removed by mutating two random nucleotides (pink). This creates a
new site (blue),
reduces the total
of sites in thealgorithm.
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Tool description and examples
SiteOut presents the user with three main functionalities that confer enough flexibility to

design and
a variety
DNA sequences
(see the Userwhen
Manualmany
on the constraints
website):
how easily binding sites are created
theofsmall
set of solutions
are applied.
1. Design from scratch: make a random binding site-free sequence of arbitrary length.
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have
successfully
SiteOut
to remove
sites sites.
for 140 different
Refine
a sequence:
provide aused
sequence
and remove
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yeast TFs and obtained a synthesizable
1 kb between
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spacers ofscreening
the desired lengths
(these
canprovide
be from a few
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algorithm’s
process,
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Here we
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how to use the tooland
with four
examples at
fromwill.
transcription:
source code on the website, which
can
be downloaded
modified
For instance, the

acceptance probability, Pa,

• Designing a synthetic enhancer: Testing if a set of experimentally-identified or computationally-predicted
sites is sufficient
to drivetake
a specific
expression
pattern
is chalcould
be altered binding
to include
terms that
intogene
account
not
only
the
lenging. The Spacer Designer can be used to do this by designing site-free sequences between
known binding sites (Fig 3A).

number of binding sites in the sequence, but also their affinities or the number/length of repeats in the
sequence.
As an example, Pa could
be17,modified
to include contributions from average binding site
PLOS ONE | DOI:10.1371/journal.pone.0151740
March
2016
4/7
affinity and sequence repeats as follows

74
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Equation 3.2

where N, A and R state respectively for number of binding sites, average affinity of the sites in the
sequence and number of repeats in the old and new sequences. λ1, λ2 and λ3 give weights to the
contribution of each term, depending on which of the three features one wants to prioritize in the
removal process, and they should satisfy λ1 + λ2 + λ3 = 1.

TOOL DESCRIPTION AND EXAMPLES
SiteOut presents the user with three main functionalities that confer enough flexibility to design a
variety of DNA sequences (see the User Manual on the SiteOut website). It also provides the user with
artisanal cat cartoons to entertain them while they wait for their results (Appendix B, Figure S3.1). The
3 main functionalities are:
1. Design from scratch: make a random binding site-free sequence of arbitrary length.
2. Refine a sequence: provide a sequence and remove specified binding sites.
3. Design spacers in between functional sequences: add spacers between sequences without creating
binding sites at the junctions between the spacers and flanking functional sequences. Given a
set of functional sequences that will remain untouched, SiteOut links them together using
binding site-free spacers of the desired lengths (these can be from a few nucleotides to many
kilobases long).
Below we illustrate how to use the tool with four examples from transcription:
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Designing a synthetic enhancer
Testing if a set of experimentally-identified or computationally-predicted binding sites is sufficient to
drive a specific gene expression pattern is challenging. The Spacer Designer can be used to do this by
designing site-free sequences between known binding sites (Figure 3.3A).

Designing a synthetic gene locus
The activity of regulatory elements in a gene locus can be assayed in isolation from their endogenous
sequence surroundings by using the Spacer Designer to generate site-free sequences between them.
The algorithm avoids generating any of the specified binding sites at the junction between functional
sequence and spacer (Figure 3.3B).

Removing binding sites in a hierarchical order
There may be situations in which the number of binding sites to be removed is so high that no zerobinding site solution exists. In this case, one may want to prioritize the removal of some binding sites
over others. This can be done by running SiteOut several times, removing one type of binding site at
a time, in order of increasing importance (Figure 3.3C).

Generating large sequences by merging smaller ones
When designing very long binding site-free sequences it is convenient to parallelize the job to save
time and avoid hitting the 12-hour maximum run time set on the Harvard Medical School computing
cluster. For example, if designing a 10 kb sequence it is much faster to submit five jobs using the
Random Sequence option, each designing a different 2 kb piece. These five sequences can be connected
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together and the resulting sequence refined using the Refine a Sequence option, which will remove
any sites that formed at the junctions between them (Figure 3.3D).

Figure 3.3: Examples of ways in which SiteOut can be applied.
(A) Designing a synthetic enhancer. Binding motifs 1 and 2 are alternated forming a specific pattern to
create a synthetic enhancer (bottom). The design.txt file shown in grey is the input given to SiteOut in
this case. (B) Designing a synthetic gene locus. Three enhancers (top) are linked by 250 and 150 bp
binding site-free sequences, and the whole construct is delimited by 300 and 200 bp site-free sequences.
The design.txt file shown with grey background is the input given to SiteOut in the Spacer Designer
option. (C) Removing binding sites in a hierarchical order if it is necessary to prioritize removal of
particular sites. In this example we want to remove all red sites, most of the green and as many as
possible of the blue. To do so, run SiteOut removing each binding site type one at a time, in reverse order
of priority. In each step, the removal process may create new sites of a different type, but the most
relevant ones are deleted in the subsequent steps. (D) Generating large binding site-free sequences by
merging smaller ones. A 10 kb sequence (bottom) can be generated by merging 2 kb pieces made in
parallel (top) and refining the resulting sequence (middle) to remove binding sites (black vertical bars)
created at the junctions.
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DISCUSSION
Synthetic approaches to dissecting the activity of DNA-binding proteins are more tractable
than ever, given the diminishing price of synthesizing DNA sequence (Kosuri and Church 2014). This
opens up wide-ranging opportunities to test specific hypotheses about how the identity, number and
arrangement of protein binding sites in regulatory DNA enable precise control over biological
processes. For example, models of gene regulation rely on computationally-predicted transcription
factor binding sites, but these sites may not faithfully reflect in vivo protein binding (Zhou et al. 2015;
Slattery et al. 2014; Gordân et al. 2013) and binding sites outside predicted enhancers can be essential
for transcriptional regulation (Crocker et al. 2015). It is therefore valuable to explicitly test the
importance of binding site content, as opposed to other sequence features of DNA such as its
mechanical properties, shape, chromatin structure or the spacing between regulatory elements. As we
better understand how DNA sequence maps to in vivo binding site occupancy and protein function,
additional features can be controlled for in later versions of SiteOut. While we have focused on
transcription to illustrate the use of SiteOut, the ability to design carefully controlled binding site-free
sequence will be useful for investigating many other process controlled by sequence-specific DNAbinding proteins. For instance, DNA replication in bacteria is controlled by a host of factors that
recognize specific sites in the origin and regulate DnaA recruitment to binding that differ in affinity,
spacing and orientation across species. It is unclear how differences in the structure of the replication
origin map onto species-specific features of DnaA oligomerization and its control by other regulatory
proteins (Wolański et al. 2014), but this question is ripe for the types of synthetic experiments
discussed here.
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INTRODUCTION
Developmental genes are controlled by many enhancers, some of which can drive expression
of the gene at the same time in the same cells (Dukler et al., 2016; Dunipace et al., 2011; Frankel et al.,
2010; Hay et al., 2016; Hoch et al., 1991; Hong et al., 2008; Osterwalder et al., 2018; Perry et al., 2011;
Prazak et al., 2010). If enhancers work independently of one another, their overall transcriptional
output could be predicted by superimposing their activities. But “shadow” enhancers, which drive
overlapping spatiotemporal expression of the same gene, produce nonadditive patterns and levels of
expression that cannot be predicted from their separate activites (Bothma et al., 2015; Dunipace et al.,
2011; Prazak et al., 2010). Shadow enhancers are pervasive in development (Cannavò et al., 2016; Kvon
et al., 2014), where they are thought to improve the precision and robustness of expression (Barolo,
2011; Frankel, 2012). We do not understand how a single promoter “computes” the inputs of two or
more simultaneously-active enhancers to determine the level and timing of gene expression.
How can we gain mechanistic insight into this computation, and the mechanisms by which
enhancers functionally interact within a gene locus? Enhancers are known to contact the promoter to

activate transcription, often from many kilobases distance (Spitz, 2016), and recent live imaging
experiments show that transcription of a gene only occurs when the promoter and its distant enhancer
are in close physical proximity (Chen et al. 2017). Enhancers also make contact with one another, as
demonstrated by chromatin capture experiments (Ghavi-Helm et al., 2014), and such data also shows
that more than one enhancer is able to physically contact the promoter at a time (Oudelaar et al., 2018).
While we know that a single enhancer can activate two promoters at a time (Fukaya et al., 2016), it is
as yet unclear whether the reverse is true: can more than one enhancer can simultaneously activate a
given promoter? To assess this, it would be ideal to have time-resolved spatial measurements of
enhancer-promoter contact and the associated transcription initiation events. While such
measurements are starting to be made using live imaging at synthetic loci (Chen et al.), we are
currently limited in these experiments by the number of fluorophores that can be simultaneously
imaged (and hence the number of enhancers we can track at once) and by spatial resolution of
fluorophores.
In the absence of direct high-resolution imaging of contacts between multiple enhancers and
the promoter, another route to understanding how a promoter “computes” information from multiple
active enhancers is to quantify the computation itself by measuring expression from an enhancer pair
and comparing it to that driven by each enhancer separately. There is a long history of this approach
(Dunipace et al., 2011; Prazak et al., 2010), but live imaging of nascent transcription has made it
quantitative, enabling much more precise comparison of expression levels and dynamics (Bothma et
al., 2015). In Drosophila embryos, where much of this work has been carried out, development is rapid
and expression changes quickly in space and time. It’s therefore key to have high spatial and temporal
resolution in order to faithfully compare expression driven by either enhancer alone and together.

82

The mechanism of enhancer function proposed on the basis of live imaging data is that they
activate the promoter one at a time (Bothma et al., 2015). If the enhancers only contact the promoter
infrequently then they are unlikely to get in one another’s way and their combined expression is
expected to be additive. On the other hand, enhancers that frequently activate the promoter will
compete for access and together drive expression that is less than additive. This idea was formalised
in a simple model by Bothma et al. (2015), who examined nascent transcription from three shadow
enhancer pairs and the individual enhancers. They showed that, where enhancers drive weak
expression, their combined effects tend to be additive –– as would be predicted if low expression was
the result of infrequent contact with the promoter. Meanwhile strongly-expressing enhancers generate
less-than-additive expression, consistent with their contacting the promoter frequently and thus
competing for access to it (Bothma et al., 2015). Frequency of contact with the promoter determines
the degree of competition between enhancers. However, since it’s not yet possible to measure contact
directly in gene loci with closely-spaced enhancers, the strength of expression from each enhancer is
used as a proxy for their contact frequency (Bothma et al., 2015).
Here, we quantitatively and systematically characterize the computation performed by
shadow enhancers and duplicated enhancers of the Krüppel gene in Drosophila embryos and analyze
this data in the context of the competition model. Krüppel is particularly suited to test this idea because
its central domain of expression is driven by two shadow enhancers, one of which drives weak
expression and the other strong. Duplicating weak and strong enhancers is the minimal perturbation
with which to test whether expression level, as a proxy for enhancer-promoter contact frequency, is
what primarily impacts the computation made by simultaneously-active enhancers. Since distance
between enhancer and promoter influences expression dynamics (Fukaya et al., 2016), we compare
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expression driven by Krüppel’s pair of shadow enhancers or duplications of each, to expression driven
by the appropriate distance-controlled single enhancer constructs.
While we find support for the competition model, we show that there is spatial and temporal
variation in the computation performed by the Krüppel promoter when two enhancers are active in
the same cells, and this computation is not simply a function of expression level. By switching the
order of the shadow enhancers, we also demonstrate that information not contained within the
enhancers, but rather in their relative positions to one another in the locus, influences the computation
they perform. Our results reinforce the need to consider how regulatory information is integrated at
the level of the gene locus to generate precise patterns of gene expression.

RESULTS
To investigate the computations performed by combinations of two enhancers, we generated
a comprehensive set of MS2 reporter constructs containing one or two copies of the blastoderm
enhancers of Krüppel (Figure 4.1A). Krüppel’s enhancers, CD1 and CD2 (Hoch et al., 1990), lie within 4
kb upstream of the promoter and drive spatio-temporally overlapping patterns of expression in the
developing embryo (El-Sherif and Levine, 2016; Hoch et al., 1990; Perry et al., 2011) (Figure 4.1B). Since
the distance between enhancer and promoter affects expression levels (Fukaya et al., 2016), we made
control constructs to measure expression from each enhancer in single copy at the alternate location
(i.e. CD1 at the proximal position, and CD2 at the distal position, denoted CD1* and CD2*,
respectively; Figure 4.1C). We followed the sequence definitions for the Kr enhancers established by
Perry et al (2011), which were based on Krüppel regulator binding in ChIP-chip assays. In order to
maintain the distances between regulatory elements and to ensure that we did not accidentally
introduce binding sites for regulators of Krüppel, we replaced each enhancer in the single-enhancer
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Figure 4.1: Constructs for live imaging of nascent transcription
(A) Krüppel (Kr) locus showing the two blastoderm enhancers, CD1 (orange) and CD2 (blue). The Kr
reporter used here drives expression of an MS2 cassette followed by a LacZ reporter gene and alphatubulin 3’UTR, under the control of the endogenous Kr promoter and 5’UTR. (B) The blastoderm
enhancers of Kr drive overlapping expression patterns in the central region of the embryo during nuclear
cycle 14 (nc14). Computational renderings of in situ hybridisation data showing the expression pattern
driven by each Kruppel enhancer separately and together in nc14. Images courtesy of Zeba Wunderlich.
(C) Reporter constructs used to investigate the behavior of enhancer duplications. * indicates an enhancer
is at its non-endogenous location relative to the promoter. Dotted lines represent sequences depleted for
binding sites of transcription factors active in patterning the blastoderm embryo. These sequences were
used to maintain the endogenous spacing of the enhancers and promoter in the reporter constructs. (D)
Live imaging in embryos using MS2 system. A sequence encoding 24x MS2 repeats was incorporated into
the 5’ of the reporter gene. When it is transcribed, the sequence forms RNA stem loops that are bound by
a constitutively expressed MCP-GFP fusion protein. As a train of polymerases transcribe through the
reporter, GFP builds up at the locus and nascent transcripts become visible. Once a transcript dissociates
from the gene and diffuses away it is no longer discernible. (E) Krüppel shadow enhancers drive differing
levels and dynamics of expression in nuclear cycle 14 (CD1, orange; CD2, blue; CD1-CD2, grey). Plot
shows mean fluorescence per active nucleus in a single anterior-posterior bin covering between 50-52.5 %
embryo length (EL). Error bars are standard error of the mean of multiple embryos. CD1, n = 5 embryos;
CD2, n = 6; CD1-CD2, n = 6. Data points are 20 secs apart.
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constructs with an equivalent length of synthetic neutral sequence depleted of binding sites for
transcription factors patterning the blastoderm embryo (Estrada et al., 2016) (Methods;
Supplementary Table 4.1).
To enable live imaging of nascent transcription in embryos, each construct drives expression
of an MS2 reporter cassette (Garcia et al., 2013; Lucas et al., 2013) under control of the endogenous
Krüppel promoter and 5’UTR (Figure 4.1D; Methods). We crossed virgin females constitutively
expressing an MCP-GFP fusion protein (Garcia et al., 2013) to males carrying each of our reporter
constructs. MCP-GFP, which is maternally and constitutively expressed from the nos promoter, binds
to stem loops of the MS2 reporter mRNA as it is transcribed. We imaged embryos from each singleenhancer and two-enhancer construct at 20 second time intervals over the course of the hour prior to
gastrulation (nuclear cycle 14 (nc14); Methods). To quantitatively compare expression between
constructs we averaged fluorescence across nuclei in anterior-posterior bins of 2.5% embryo length
(Figure S4.1) at each time point and report standard error of the mean over multiple embryos for each
construct. In the absence of either enhancer, the reporter gene under the control of the Krüppel
promoter and upstream non-enhancer DNA does not drive any expression in the trunk (data not
shown).

Single copies of enhancers drive expression influenced by position relative to promoter
Krüppel expression driven by both shadow enhancers (the CD1-CD2 construct) rises rapidly
during nc14 to a peak at ~18 minutes from the start of the cycle, before declining again (Figure 4.1E).
The level of expression is set primarily by CD1, while CD2 turns on slightly later and more gradually
to a lower peak level (Figure 4.1E). CD2 drives a narrower pattern of expression (Figure 4.2G) and
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Figure 4.2: Single copies of enhancers drive expression influenced by position
relative to the promoter.
Continued overleaf.
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Figure 4.2 continued.
(A) Comparing mean expression over time in nuclear cycle 14 (nc14) driven by the CD1 enhancer at its
endogenous position (CD1, orange) and at the promoter (CD1*, light orange). Shown is mean
fluorescence per active nucleus (a.u.) within bins in the anterior, middle and posterior of the expression
pattern. Each bin is 2.5% embryo length (EL) in width. Error bars show the standard error of the mean
and data points are 20 secs apart. CD1, n = 3 embryos; CD1* n = 6. (B) Fraction of total nuclei in the
indicated anterior-posterior bin that are actively driving transcription, over time in nc14. Nuclei are
counted as ‘on’ if there is a detectable spot of MS2 fluorescence. Total number of nuclei in a given bin in
nc14 is ~30. Error bars show the standard error of the mean across multiple embryos. (C) Evolution of the
expression pattern driven by CD1 (left) and CD1* (right) in the first 16 mins of nc14. Line traces show the
mean fluorescence in active nuclei across the pattern and are ~100 secs apart. (D) Initial transcription rate
across the patterns driven by CD1 and CD1*, estimated by finding the maximum derivative of the initial
rise in fluorescence for each transcriptionally active nucleus; data points show mean across all active
nuclei across a number of embryos for each anterior-posterior bin, +/- standard error. (E) Mean
fluorescence per active nucleus (a.u.) driven by the CD2 enhancer at its endogenous position (blue) and
upstream of the promoter (CD2*, light blue) across nc14. CD2, n = 6 embryos; CD2* n = 4. (F) Fraction
active nuclei driven by CD2 and CD2* over time in nc14. (G) Evolution of the expression pattern driven
by CD2 (left) and CD2* (right) over the first 35 mins of nc14. The window of time shown is longer than in
the equivalent plots in (C) because the CD2 enhancer takes longer to start driving expression and to reach
its peak level. (H) Initial transcription rate across the expression patterns driven by CD2 and CD2* (see
D).

represses the activity of the distal CD1 enhancer in the posterior of the pattern (El-Sherif & Levine
2016). The overall expression level controlled by each enhancer is set by a combination of the mean
expression per nucleus that is actively transcribing (Figure 4.2A,E) and the fraction of nuclei that are
active (Figure 4.2B,F), both of which are lower at the borders of the pattern. We note that the relative
levels of expression driven by CD1 differs between our results and a previous study (El-Sherif et al.,
2016), which we suspect is due to differences in the sequence definitions of the enhancers between our
two studies (see Discussion and Figure S4.3).
Both Krüppel shadow enhancers drive higher expression from the promoter-proximal position,
consistent with previous studies showing that expression declines with distance of an enhancer from
the promoter (Fukaya et al., 2016). Moving CD1 to the promoter slightly increases the level of
expression that it drives in the posterior of the Kr pattern (Figure 4.2A,C). However, moving CD1
closer to the promoter causes expression in the anterior of the pattern to be sharply reduced relative
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to its endogenous position ~2.8 kb upstream (Figure 4.2A,C,D). When the promoter-proximal CD2 is
moved away from the promoter, expression comes on later and at a lower rate (Figure 4.2E,F,H), and
plateaus around 23 minutes into the cycle at a consistently lower level across the pattern (Figure
4.2E,G). Unlike expression from CD1, expression driven by CD2 reaches a plateau in level that is
maintained across the rest of the cycle.
In order to determine the calculation carried out by two copies of an enhancer –– i.e. what
expression the two drive together as a function of their separate activities –– we needed to accurately
measure their separate activities by measuring expression from each enhancer at the proximal and at
the distal positions. With these quantitative expression measurements in hand, we can now ask how
their expression combines in the duplicated enhancer constructs.

Krüppel enhancer duplications and shadow enhancer pair drive largely
sub-additive expression
We compared expression from each duplication and the shadow enhancer pair to the projected
sum of the expression driven by the appropriate single distance-controlled enhancers. The results are
broadly consistent with the predictions for how two competing enhancers are expected to act in
combination: expression is additive or subadditive across most of the expression pattern during nc14
(Figure 4.3A-C).
How does the relationship to additivity in each case change with expression level? This is
easier to assess by plotting expression driven by the pairs of enhancers directly against the sum of that
driven by their constituent single enhancers (Figure 4.3D). Comparing these three two-enhancer
constructs at the same positions in the embryo reveals that they follow a strikingly consistent
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Figure 3: Duplications and shadow enhancers of Krüppel drive largely subadditive expression.
Continued overleaf.
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Figure 4.3, continued.
(A) Mean expression over time in nuclear cycle 14 (nc14) driven by the duplicated CD1 construct
(orange) compared to the sum of expression driven by each distance-controlled individual copy of CD1
(pink). Mean fluorescence per active nucleus +/- standard error at approximately the center of the
expression pattern. CD1, n = 3 embryos; CD1*, n = 6; CD1-CD1*, n = 3.
(B) Comparison of expression from the duplicated CD2 construct (blue) compared to the sum of
expression from CD2* and CD2 alone (pink). CD2, n = 6 embryos; CD2*, n = 4; CD2*-CD2, n = 5.
(C) Comparison of expression from the shadow enhancer pair (grey) to the projected sum of expression
driven by CD1 and CD2 (pink). CD1, n = 3 embryos; CD2, n = 6; CD1-CD2, n = 6;
(D) In the center of the expression pattern, these two-enhancer constructs (CD1 duplication, CD2
duplication and the shadow enhancer pair) follow the same relationship to additivity over a wide range
of expression levels. Comparison of expression driven by each two-enhancer construct to the sum of
expression driven by the constituent enhancers (‘A’ and ‘B’) for all time points in the first 20 mins of
nc14. Shown is the mean fluorescence per active nucleus, +/- standard error, from two anterior-posterior
bins around the middle of the expression patterns. The standard error on the x-axis is the summed error
in the fluorescence driven by each constituent enhancer. Pink line indicates additivity.

trajectory with respect to the sum of their single enhancers in the anterior half of the pattern, and they
do so over a wide range of expression levels (this pattern holds over ~10% embryo length in the
anterior-middle of the pattern). We plot data in the center of the pattern from the first 20 minutes of
nc14 when expression is increasing. During this time, expression level is an accurate approximation
of the rate of transcription (the change in expression over time), while later in the cycle expression
level convolutes the processes of polymerase loading and transcript termination. As predicted by the
competition model (Bothma et al., 2015), when the constituent enhancers drive more expression, their
combined level becomes increasingly subadditive (Figure 4.3D).

Computation by the promoter varies over the anterior-posterior axis
The expression in the middle of the pattern controlled by each pair of enhancers follows a
trajectory consistent with the competition model (Figure 4.3). However, this trend breaks down at the
borders of the expression domain (Figure 4.4). In Figure 4.4 we compare the computation performed
by the pairs of enhancers at the anterior and posterior borders of their respective expression patterns.
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Figure 4.4: Computations carried out by two enhancers vary over the anterior-posterior axis
(A-C) Mean fluorescence per active nucleus driven by each two-enhancer construct is compared to the
sum of the constituent enhancers’ expression at the anterior (grey) and posterior (black) borders of the
pattern. Each datapoint is a different time point (spaced 20 secs apart) in the first 20 minutes of nuclear
cycle 14. Pink line indicates additivity. Patterns share a similar anterior border but extend posteriorly to
different extents, which is reflected in the different posterior bins shown in (A-C). (A) The CD1
duplication drives sub-additive expression in the anterior of the pattern (grey) but expression is
approximately additive in the posterior (black). For a given summed level of expression on the x-axis,
different expression outcomes are produced depending on the anterior-posterior position; dotted
lines/arrows show an example at CD1+CD1* = 2000 a.u. (B) The relationship between expression from
the CD2 duplication and additivity does not differ appreciably at different anterior-posterior positions.
(C) Expression driven by the shadow enhancer pair is subadditive across the embryo. But as for the
CD1 duplication, the same summed expression level on the x-axis yields different outputs in different
parts of the expression pattern.

For a given level of summed level driven by the individual enhancers in each case, the actual
level of expression they drive together depends on the position along the anterior-posterior axis of the
embryo. Take for example the CD1 duplication: at 2000 a.u. of summed expression (CD1 + CD1*), it is
possible to get either 1000 or 2300 a.u. of expression from the two enhancers working in combination
(CD1-CD1*) at the anterior and the posterior boundaries of the pattern, respectively (dotted arrows,
Figure 4.4A). This does not appear to be the case however for the CD2 duplication (Figure 4.4B).
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The pair of shadow enhancers also perform different computations in the anterior versus the
posterior to generate their combined expression pattern (Figure 4.4C). Individually, each enhancer
drives patterns of different width, presumably as a result of differing sensitivities to the transcriptional
repressors of Krüppel, although this has not been shown directly. Together, the pair drives expression
that is close to additive in the anterior of the pattern (light grey data, Figure 4.4C), but much less than
additive expression in the posterior (dark grey, Figure 4.4C; see also Figure 4.5A). This reflects a
documented interaction between the two enhancers, in which CD2 dominantly represses expression
from CD1 in the posterior part of the pattern (El-Sherif and Levine, 2016).

Repression of CD1 by CD2 does not require CD2 to be adjacent to the promoter
The Krüppel CD2 enhancer refines the pattern of Kr expression by inhibiting the activity of the
CD1 enhancer in the posterior of the expression pattern (Figure 4.5A; El-Sherif et al. 2016). Given its
position adjacent to the promoter, we hypothesised that CD2 might act by blocking CD1 from gaining
access to the promoter, or by sequestering it away from the promoter. We therefore switched the
positions of the two enhancers to test whether CD2’s repressive activity relies on either its promoterproximal location or its positioning between CD1 and the promoter. We found that the CD2 enhancer
is equally as effective at preventing activation by CD1 in the posterior of the Kr expression pattern
from 2.4 kb upstream of the promoter as it is next to it (Figure 4.5B-C).

Regulatory sequence arrangement affects how expression from simultaneously-active
enhancers is combined
Since we have the individual enhancer controls in each position relative to the promoter, we
can ask whether the shadow enhancers perform the same computation in the switched positions
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Figure 4.5: Regulatory sequence arrangement influences how the promoter combines inputs
from two enhancers.
(A) When both shadow enhancers drive expression together (grey), CD2 (blue), represses the activity of
CD1 (orange) in the posterior of the Kr pattern (shown is the anterior-posterior bin at 62.5% embryo
length (EL)). (B) When the enhancers’ positions are switched such that CD2 lies 2.6kb upstream of the
promoter, the expression level driven by CD2*-CD1* (green) is lower than that from CD1* alone (pale
orange). This indicates that, although there is not detectable expression from CD2* at this position, it is
having a repressive influence on CD1*’s activity. (C) The repressive influence of CD2* on CD1* is
reflected in the position of the posterior expression boundary of the CD2*-CD1* construct, which closely
follows that of the wildtype CD1-CD2 construct. For method of boundary definition, see Figure S4.1. (D)
The two shadow enhancer constructs, CD1-CD2 and CD2*-CD1, contain the same regulatory DNA but
carry out different computations. Comparison of expression driven by the shadow enhancers in each
arrangement to the sum of their constituent distance-controlled single enhancers.
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as they do in their wildtype locations. The regulatory information in these two constructs is identical
(although see Figure S4.4). Therefore, if how they combine is a matter of the combined strength of
expression driven by each enhancer then we would expect them together to perform the same
computation, regardless of their relative locations on the DNA. The computation performed – the level
of expression driven by both enhancers together as a function of their distance-controlled individual
enhancers – diverges between the CD1-CD2 and CD2*-CD1* constructs in both the anterior and
posterior of the pattern (Figure 4.5D). For example, in the switched positions, the CD2* and CD1*
enhancers together drive greater than additive expression in the anterior throughout nc14 (Figure
4.5D). In this region of the pattern, the CD1* enhancer on its own drives lower expression than in its
endogenous position, as does CD2* compared to CD2. However, both together combine in a greaterthan-additive manner to drive around the same level of expression as the CD1-CD2 wildtype
construct. This implies that information encoded in the organisation of the locus, as a whole,
influences not only expression from each enhancer alone, but also the way in which the two enhancers
work together to determine the overall level of expression.

DISCUSSION
We quantified nascent transcription in developing Drosophila embryos to study how one
promoter combines information from multiple active enhancers. Duplicating strongly-expressing and
weakly-expressing shadow enhancers of the Krüppel gene enabled us to test the idea that enhancers
compete for access to the promoter. It also allowed us to investigate whether there are differences in
how a promoter “computes” inputs from enhancers that are bound by the same or different
combinations of transcription factors.
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Our data are broadly consistent with the competition model
Expression driven by two Krüppel enhancers, as a function of their separate activities, is
broadly consistent with a model in which enhancers activate the promoter one at a time and can
therefore end up competing to do so (Bothma et al., 2015). Each of the four pairs of Krüppel enhancers
we examined drive increasingly subadditive expression at higher levels of transcription, which
supports the competition model. Indeed, in the center of the Krüppel expression pattern, the two
duplicated enhancer constructs and the shadow enhancer pair strikingly follow the same trend with
respect to additivity over a wide range of expression levels (Figure 4.3D). However, this trend is not
universal: as we discuss below, we also found that there was spatial and temporal variation in how
the activities of two enhancers combine that is not simply a function of expression level.

Limitations
There are caveats in two of the constructs we imaged, which are described in Figure S4.4. First,
the CD1 duplication may contain four additional MS2 loops, which would lead us to overestimate the
level of expression it drives. Second, in the construct containing the shadow enhancers in switched
positions, the CD2 enhancer is located at 2.4kb from the promoter, rather than at 2.8kb from the
promoter as it is in the CD2*-only construct. In both instances, we have applied conservative
corrections and shown that they do not change our conclusions (Figure S4.4).

Computations change over space and time, regardless of expression level
For a given level of summed expression from two separate enhancers, their combined
expression can be subadditive, additive, or even greater-than-additive, depending on the position in
the embryo (Figure 4.4, Figure 4.5D). This effect is particularly apparent at the borders of the
expression pattern. This observation contradicts the idea that expression level driven by individual
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enhancers is a good proxy for the frequency of their interaction with the promoter, and as such, that
it can be broadly used to predict the overall expression from two concurrently-active enhancers.
The Krüppel pattern in nuclear cycle 14 is dynamic, reflecting the changing spatial patterns of
its input transcription factors over time (Jaeger, 2010). The repressors that set its anterior and posterior
boundaries (Giant, Knirps and Hunchback; (Jaeger, 2010) exist in gradients over the anterior-posterior
axis, as do at least two of its activators (Bicoid and Hunchback). That the combination of two
enhancers’ inputs differ over space, independent of expression level, likely reflects the unique
combinations of TFs bound at each in different anterior-posterior positions in the pattern.
We do not yet know how these TFs influence the rates that set the frequency, duration and
size of transcriptional bursts. But how the enhancers’ activities combine will be determined by these
underlying rates. Under the competition model, for instance, a similar level of combined expression
could be achieved either by infrequent contact between enhancer and promoter (kon/koff <<1) coupled
with a high rate of transcription initiation from the active promoter state (r); or by frequent contact
between enhancer and promoter (kon/koff >1) but a lower transcription initiation rate. These
mechanisms will produce combined expression from two enhancers that is additive and sub-additive,
respectively.
Bothma and colleagues suggested that the enhancers that they studied alter the frequency of
promoter activation (Bothma et al., 2015), which is supported by studies in Drosophila (Fukaya et al.,
2016; Xu et al., 2015). We cannot resolve individual bursts of transcription in our data because they
are so frequent, but a recent study moved the Kr CD2 enhancer far away from the promoter such that
individual bursts could be resolved (Fukaya et al., 2016). The authors saw that the frequency of bursts
driven by the CD2 enhancer varies over the anterior-posterior axis, being significantly lower in the
posterior of the pattern where expression from this construct is low. However, they also report that
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differences in burst amplitude between enhancers do to some extent contribute to the overall
expression output, suggesting that enhancers may modulate more than one bursting parameter.

Distance from the promoter affects expression, notably at the pattern borders
Constructs with each enhancer in the non-native position showed that position with respect
to the promoter quantitatively influences the level, timing and the pattern of expression (Figure 2).
This behaviour contrasts with the classical definition of enhancers as position- and orientationindependent (Banerji et al., 1981).
We observed that the effect of moving each enhancer was non-uniform over the pattern,
particularly in the case of the CD1 enhancer (Figure 4.2A-C). When CD1 is moved next to the promoter
from its normal distal position, the expression increases in the posterior of the pattern but is
significantly depressed in the anterior. This means that the CD1 enhancer, when it is adjacent to the
promoter, is more sensitive to the repressors that set the anterior border, Giant and Hunchback. It may
be that moving the CD1 enhancer to the promoter brings Giant or Hunchback binding sites within
range of directly repressing the promoter (see predicted binding sites for TFs in Figure S4.5).

Regulatory sequence arrangement affects the computation made by promoter
The two constructs containing the shadow enhancers in their endogenous and switched
positions contain the exact same regulatory sequences, but the promoter computes these inputs
differently (Figure 4.5D; see also Figure S4.4). In comparing expression driven by the two enhancers
together to the sum of their separate activities, we have controlled for the differences in levels that
arise from moving each enhancer to the other position. This means that there is information encoded
not only in the enhancers themselves, but in their organisation within the locus, that affects how their
expression is combined.
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Repression between enhancers occurs regardless of their order
Despite this difference in the computations performed by the shadow enhancer pair in
switched arrangements, we found that repression of CD1 by CD2 in the posterior of the expression
pattern was maintained. It is common for shadow enhancers together to produce non-additive spatial
patterns that cannot be predicted from the autonomous effects of the individual enhancers (Dunipace
et al., 2011; Perry et al., 2011; Prazak et al., 2010). In these cases, an enhancer that is inactive in the cells
in question can prevent an active enhancer from driving transcription.
When both shadow enhancers are present, the posterior border falls closer to that driven by
CD2 alone (data not shown). We hypothesised that this repression might be mediated by Knirps,
which overlaps the Krüppel expression pattern and helps set its posterior boundary (Gaul and Jäckle,
1987; Harding and Levine, 1988). Giant is also involved in positioning this boundary (Eldon and
Pirrotta, 1991; Kraut and Levine, 1991; Nibu et al., 2001), but since Giant also sets the anterior border
(which is shared between the two enhancers), Knirps seems a reasonable candidate to explain the
difference in their posterior borders. However, both Knirps and Giant are short-range repressors
(Arnosti et al., 1996; Strunk et al., 2001), which act over distances of less than ~100bp either to quench
the activity of nearby activators or to inhibit other enhancers by directly repressing the promoter from
within this range (Arnosti et al., 1996; Hewitt et al., 1999). We were therefore surprised that repression
of CD1 by CD2 was able to occur just as effectively when CD2 is positioned 2.4 kb upstream of the
promoter (Figure 4.5B-C).
This result may indicate either that there is an unknown long-range repressor responsible for
this repression between the Krüppel enhancers, or that Knirps can act over a long range, as well as a
short range, to alter the activity of other enhancers.
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Difference from El-Sherif et al (2016) data is likely explained by differences
in enhancer definitions
Our data differ slightly from a previously-published study of the Kruppel shadow enhancers
(El-Sherif and Levine, 2016). Specifically, the behaviour of their CD1-only construct differs from ours,
while the relative levels and dynamics of expression from the CD1-CD2 and CD2-only constructs look
roughly equivalent. The constructs in that study differed in various respects to ours (see Figure S4.3
and further discussion in Chapter 6): they defined the sequences of the enhancers differently; used the
minimal core Kruppel promoter rather than including the promoter-proximal sequence; and their
CD1 construct was not distance-controlled. When we compared the predicted binding sites in the CD1
and CD2 enhancers as they defined them, we noticed that their CD1 construct alone does not contain
a consensus motif for Zelda adjacent to the promoter. Zelda is an activator of the CD1 enhancer
(Wunderlich et al., 2015) and this site appears likely to be bound in vivo, since its predicted location
coincides with a strong ChIP-seq peak (Harrison et al., 2011 and KB, unpublished data). We suspect
that this accounts for the difference in level driven by their CD1 enhancer and ours. Either way, this
discrepancy demonstrates the importance of carefully controlling the sequence content and
preserving the endogenous spacing of regulatory elements when making quantitative measurements.

We find no evidence for kinetic control by shadow enhancers
Our initial motivation for these experiments was to investigate whether enhancers that are
activated by different TFs preferentially work on different steps in the transcription process. Krüppel’s
two blastoderm enhancers respond to different activators: CD1 is sensitive to Bicoid and Zelda, while
CD2 is activated by Dstat and Hunchback (Wunderlich et al., 2015). It is not known if, in the case of
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Krüppel and possibly other shadow enhancers, this has any functional effect on how the information
from the two enhancers is combined when they are active at the same time in the same cells.
We hypothesised that Krüppel’s shadow enhancers preferentially activate different slow steps
in transcription from the Krüppel promoter. If this were the case, then based on previous theoretical
work (Herschlag and Johnson, 1993; Scholes et al., 2017), we predicted that together the shadow
enhancers would drive synergistic expression, but that expression from duplications of either one
would be sub-additive. Our results do not support this hypothesis: expression from all four
combinations of enhancers was largely sub-additive and we saw no trend towards shadow enhancers
driving expression that was closer to additivity than the duplications. Enhancers bind many
regulators and it is entirely possible that a principle which may apply between individual TFs does
not scale up to enhancers.
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METHODS
Cloning and transgenesis
We constructed a reporter gene in the pBOY vector backbone, into which we cloned the
Krüppel (Kr) regulatory sequence out to ~4.5 kb upstream of the transcription start site. The reporter
consisted of the D.melanogaster Kr core promoter and its surrounding sequence from the 3’ end of the
proximal enhancer to the beginning of the second exon of Kr; a 1.5 kb cassette encoding 24 MS2 stem
loops (from Addgene 31865, pCR4-24XMS2SL-stable plasmid); 3 kb of the lacZ gene; and the alphatubulin 3’ UTR. We commercially synthesised the 4.5 kb of Kruppel regulatory sequence that contains
the proximal and distal blastoderm enhancers (using GenScript’s gene synthesis service) in order to
insert unique restriction sites flanking each enhancer, enabling us to replace each sequence in a
modular fashion. We then ligation-cloned this sequence into our pBOY construct, directly upstream
of the Kr promoter. For subsequent manipulations of the two Krüppel enhancers, we used the sequence
definitions from Perry et al. (2011). The sequences and genome coordinates for the Krüppel enhancers
are listed in the Supplementary Materials (Appendix D).
In order to maintain the endogenous spacing between enhancers and promoter in the singleenhancer constructs we replaced each with an equivalent length of non-regulatory sequence. We
computationally designed these sequences to be depleted of binding sites for transcription factors
active in patterning the blastoderm embryo, sites for architectural binding proteins, and core promoter
sequences (Supplementary Table 1). To do so we used the online binding site removal tool, SiteOut
(Estrada et al., 2016), beginning with a randomly-generated sequence of the appropriate GC content
for Drosophila intergenic DNA (40.6%). SiteOut locates binding sites on the basis of their Position
Weight Matrices using PATSER (stormo.wustl.edu) and a p-value threshold that we set at 0.003. It
then removes sites iteratively using a Monte Carlo algorithm. We commercially synthesised a length
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of binding site-depleted sequence, and from it PCR-amplified unique sections of the appropriate
lengths to replace the distal and proximal enhancers (1.1 kb and 1.6 kb, respectively; see
Supplementary Information and (Perry et al., 2011)). These we cloned into our reporter plasmid in
place of the enhancers using isothermal assembly (Gibson et al., 2009), which leaves scarless junctions.
We sequence-verified the enhancers and promoter of all reporter constructs prior to injection and
checked the length of the MS2 cassette by restriction digest. After the constructs were successfully
integrated into the fly genome, we prepared genomic DNA, PCR-amplified the transgene and
repeated this sequencing and restriction digest.
The pBOY backbone contains an attB site for phiC31-mediated site-specific recombination
(Fish et al., 2007) and a mini-white gene for transformant selection. For each construct, BestGene Inc.
(Chino Hills, CA) injected midi-prepped DNA into 200 embryos of Bloomington Stock BL8622, which
contains the attP2 landing site on chromosome 3L (Markstein et al., 2008). All constructs are integrated
into this same attP2 landing site.

Live imaging: embryo preparation and data acquisition
Virgin females of the line yw; Histone-RFP;MCP-NoNLS-GFP (Garcia et al., 2013) were
crossed to males bearing each transgenic reporter constructs. At two hours after egg deposition,
embryos were dechorionated in freshly-made 50% bleach for 1 minute and then mounted in
halocarbon 27 oil between a semi-permeable membrane (Biofoile, In Vitro Systems and Services) and
a coverslip (No. 1.5, 18 x 18 mm).
Live imaging was carried out using a Yokagawa spinning disk confocal on an inverted Nikon
Ti Spinning Disk fluorescence microscope with a Hamamatsu ORCA-R2 cooled CCD camera and a
piezo-electric stage. All movies were taken using a 60x 1.4 NA oil immersion objective; low
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magnification images used to register the movie on the anterior-posterior axis of the embryo were
taken with a 20x air immersion objective. Data were taken using MetaMorph image acquisition
software. To enable quantitative comparison of expression levels between embryos we set the laser
power to 900 uW +/- X uW by measuring and adjusting the power on the 20x air objective prior to
each imaging session. The pixel size was 212 nm and the imaging region 512 x 675 pixels; a 10 um zstack of 21 images spaced 0.5 um apart was taken every 20 seconds. The MCP-GFP and Histone-RFP
were excited with lasers of wavelengths 488 nm and 561 nm, respectively. Flatfield images were taken
under identical imaging conditions to those described above, using a concentrated dye slide. At 60x
magnification a single movie cannot cover the full Kruppel pattern over the whole of nuclear cycle 14.
Supplementary Figure S4.2 shows the imaging coverage for all constructs, which is at least 3x deep
over the entire Kr pattern. We imaged embryos from varying start times to include nc12 and 13, but
report only data from nc14 here, for which we had the maximum coverage.

Analysis of live imaging data
The data were analysed as described in Garcia et al 2013; the matlab scripts are available on
github at https://gitbub/GarciaLab/mRNADynamics. The histone-RFP image stacks were maximum
projected at each time point, and the nuclei segmented using an object recognition approach that uses
the Laplacian of Gaussian filter kernel. MCP-GFP images were corrected for uneven laser illumination
by subtracting the camera offset (a flat value of 200 added to every pixel) and then dividing by a offsetsubtracted, normalised flatfield image. Spots of transcription were located in each z-slice of each time
point using a difference of Gaussians filter and associated in z to a given particle, or focus, of
transcription. Each particle was then associated with its closest respective nucleus; in cases where
more than one particle was detected in the vicinity of a nucleus, the brightest particle alone was kept.
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A 2D Gaussian was fitted to the brightest z-spot in each particle to determine the offset, which was
used as an estimate of the local background fluorescence. The fluorescence of a particle was calculated
by integrating the fluorescence over a fixed area of 9 pixels diameter centered on the 2D gaussian in
the brightest z-slice and subtracting the estimated local background. This background fluorescence
estimate dominates the imaging error (Garcia et al., 2013). Spots for which there is no peak in
fluorescence in the z-axis in a given time point (i.e. where part of the spot was cut off) were discarded.
A single 20x image of each embryo was generated by automatically stitching together two 512
x 675 pixel images (pixel size 600 nm) of the anterior and posterior of the embryo in Matlab. The
anterior, posterior, dorsal and ventral poles of the embryo were manually assigned and the full
embryo image used to obtain align the 60x imaging region by cross-correlation using the histone-RFP
channel. Each particle of fluorescence was then assigned its anterior-posterior and dorso-ventral
coordinates and parsed into anterior-posterior bins of 2.5% embryo length.
The borders of the Kruppel expression pattern were calculated by fitting a Gaussian to the
expression pattern (the mean fluorescence in ‘on’ nuclei) for a given construct at each time point
(Figure S4.1E). The anterior (posterior) border was determined to be the position of the Gaussian’s
peak minus (plus) the half width of the Gaussian at half max (HWHM).
The initial transcription rate was calculated for individual particle traces by finding the
maximum derivative of the time series prior to the initial peak in its expression (Figure S4.1D). The
mean transcription rate for a construct was determined by averaging that for all the particles in a given
anterior-posterior bin across all embryos of that construct.
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INTRODUCTION
Gene expression is controlled by transcription factors (TFs) that work in combination to
execute a wide range of regulatory “computations”. For decades, the dominant conceptual and
quantitative model has been that TFs combinatorially recruit RNA polymerase (RNAP) to the
promoter through direct physical interactions with one another (Bintu et al. 2005; Gertz, Siggia, and
Cohen 2009; Veitia 2003; He et al. 2010; Ptashne and Gann 1997). This type of model is based on
thermodynamics, and the implicit assumption is that there is only a single effective rate limiting step
in transcription, set by the free energy of RNAP binding the promoter. Activators thus work by
stabilizing RNAP binding and reducing its off-rate, as described in Chapter 2.
When two or more activators work in combination to drive transcription, there are two ways
that they can produce synergistic expression under the thermodynamic model described above. They
can bind cooperatively to the DNA, either through direct protein-protein interactions or indirectly, by
cooperating to expel a nucleosome. They could also synergise by simultaneously contacting different

sites on the basal transcriptional machinery. Each activator works by reducing the free energy of the
RNAP-bound state (Bintu et al. 2005). If they work independently of one another (that is, they don’t
cooperate or compete in contacting the transcriptional machinery), their combined effect on
transcription will be multiplicative (Veitia 2003) (see Chapter 2 Methods). This second mechanism was
demonstrated by experiments performed under saturating conditions of activator, such that
synergism could not be explained by cooperative DNA binding (Joung, Koepp, and Hochschild 1994;
Joung, Le, and Hochschild 1993). However, there is another way that synergy could arise that cannot
be reconciled with the thermodynamic model: TFs could work synergistically if they activate
sequential slow steps in transcription (Herschlag and Johnson 1993).
The biochemical complexity of transcription regulation is a key challenge for the
thermodynamic model. Transcription is comprised of multiple sequential steps, from chromatin
remodeling to release of paused polymerase into productive elongation through the gene. Many of
these steps can be slow and subject to regulation (Fuda, Ardehali, and Lis 2009) (Figure 5.1A). In
Chapter 2 we described a mathematical model that we built to explore expression outcomes in cases
where TFs work on different slow steps in transcription, a process termed “kinetic control” (Figure
5.1B) (Scholes, DePace, and Sánchez 2017). Kinetic control of transcription has been appreciated for
decades as another mechanism by which TFs could work together to drive synergistic expression
(Herschlag and Johnson 1993). Our theoretical study demonstrated that kinetic control can generate
the same wide range of computations by TFs as have been ascribed to the thermodynamic model,
including sub-additive, additive and synergistic expression. This presents a problem, in that the
experiment used to investigate combinatorial control – measuring expression from two activators
together as a function of their separate activities – cannot distinguish between synergy that arises from
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the TFs simultaneously contacting the basal transcriptional machinery and that arising from TFs
working on sequential slow steps in the process.
Our modeling work suggested an experiment to address this problem. Adding activator
binding sites to a promoter eventually saturates transcription (Sharon et al. 2012; Smith et al. 2013; van
Dijk et al. 2017). If there is only one step in transcription, as assumed by the recruitment model, then
this presumably reflects the maximum expression rate possible from the promoter in question.
However, if there are multiple slow steps in the process, this plateau in expression may simply reflect
having reached the limiting influence of the next-slowest rate. This means that adding an activator
that is functionally equivalent to the first - i.e. works on the same step in transcription - will have no
further effect on the level of expression. But adding an activator that works on the rate that is now the
limiting one will boost transcription synergistically (Figure 5.1D). An implication of this would be the
ability for one TF to substitute for another that acts on the same step – i.e. functional redundancy
between groups of TFs.
There is some limited support for this idea in the literature, and a variant of this experiment
has been carried out previously. Earlier studies paired activators with the same or different known
functions in transcription and demonstrated that pairs working on the same step (for instance,
assembly of the preinitiation complex) drive little expression, but those working on different steps
(e.g. preinitiation complex assembly versus elongation) worked synergistically together (Blau et al.
1996; Keung et al. 2014; Blair, Fridell, and Cullen 1996). In another study, synthetic enhancers
comprised of heterotypic TF binding sites drove more expression than those made up of homotypic
sites (Smith et al. 2013). Moreover, a high throughput analysis of TF behaviour in a variety of different
sequence contexts found that TFs clustered into groups that behaved in similar ways in the same
context and could substitute for one another’s activity (Stampfel et al. 2015).
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Figure 5.1: Kinetic control of transcription
(A) The transcription cycle in eukaryotes comprises numerous distinct biochemical steps, most of which
are regulated by different TFs. (B) Kinetic control could result from two activators working on different
steps of the the transcription cycle (left) if both of these rates are slow. (C,D) The model predicts that if
expression is first saturated with a TF that acts on one of two slow steps (blue) then adding another TF
that works on the same step (yellow) will not increase expression any further, but a TF working on the
other slow step (red) will boost expression.

However, in these cases it is difficult to rule out the possibility that the TFs synergise by
simultaneously contacting the basal transcriptional machinery. Making sure that expression driven
by the first TF is saturated, as we propose, before looking for synergy from a TF with a different
function in transcription, is an important control, and one that has not previously been done. Another
difficulty in interpreting previous experiments on kinetic synergy between activators is that the
studies were carried out in different systems using different promoters, different numbers and spacing
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of binding sites, different activators, cell types and assays. Given that the biochemical activity of so
many TFs is unknown and may be context dependent, it is important to test their activities alone and
in combination under controlled conditions. Moreover, establishing a modular platform with which
to do this will enable us to extend our analysis to many different pairs of TFs; we are particularly
interested in testing TFs that activate genes together endogenously, as opposed to the set of wellstudied TFs used in the above experiments, which are drawn from totally different systems.
The experiment suggested by our modeling work requires us to recruit transcription factors
in specific numbers and combinations to particular sites in a promoter, and then measure the resulting
expression quantitatively. The technology to do so in a controlled manner has recently become
available with new advances in protein engineering (Khalil et al. 2012) and DNA design (Estrada et
al. 2016) and synthesis. We used custom zinc fingers to recruit activation domains in specific numbers
to precisely defined positions upstream of a reporter gene. Our results provide some limited support
for synergy arising from TFs acting on different steps in transcription. The modular platform we
describe will allow future screening of many pairs TFs in a systematic and controlled way, with the
ultimate goal of reaching a functional and predictive classification for TFs.

RESULTS
A controlled system for investigating combinatorial gene regulation in
mammalian cells
To test whether combinations of TFs work on different steps in the transcription cycle, we
must recruit specific combinations of TFs to a synthetic promoter and measure the resulting changes
in gene expression. To achieve this, we used synTFs (Khalil et al. 2012); these consist of an activation
domain fused by a flexible linker sequence to an engineered zinc-finger binding domain that
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specifically recognizes a binding site in the synthetic promoter that is orthogonal to the mammalian
genome (Figure 5.2A). In order to recruit combinations of TFs, we designed TF fusions with two
different zinc-finger binding domains and measured expression driven by either ZF-A or ZF-B fused
to VP16 at a synthetic promoter containing a single binding site for either ZF-A or ZF-B. The synTFs
are specific for their cognate site and drive very similar expression levels from a single binding site,
suggesting that their affinity is similar (Figure 5.2B).
We created synthetic arrays of synTF binding sites upstream of a promoter driving expression
of GFP (Figure 5.2C). We chose to use the minimal cytomegalovirus (minCMV) promoter for these
experiments because it drove a leaky basal expression level (which is useful for calculating fold change
in expression), and it transcribed more in response to VP16 and VP64 activators than did either the
minimal thymidine kinase (minTK) promoter or the hsp70 promoter (data not shown), and was used
in a yeast study that found synergy between chromatin regulators (Keung et al. 2014).
The synTF binding sites in our arrays are separated by 14bp of sequence that was
computationally designed to be devoid of binding sites for representative transcription factors from
the major mammalian TF families (Estrada et al. 2016) (see Methods). These arrays contain runs of
between 1 and 9 ZF-A binding sites and an additional single binding site for ZF-B located either
proximal or distal to the target promoter. This allows us to determine the number of binding sites
required to saturate expression driven by a single TF and measure the impact on expression after
adding a synTF thought to work on the same or different step of transcription. To ensure that the
cellular concentration of synTF was not limiting, we compared GFP expression driven by each synTF
to cells transfected with twice as much synTF plasmid (Figure 5.2D). We did not observe any instance
where increasing the synTF DNA increased the amount of expression, suggesting that synTF
concentration is not limiting at arrays containing 10 zinc-finger binding sites.
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Figure 5.2: A synthetic biology platform for precisely dissecting transcriptional regulation
(A) Synthetic transcription factors (synTFs) are custom designed zinc finger (ZF) binding domains
fused to an activation domain (AD). They bind DNA sequences orthogonal to the mammalian genome
with high specificity. (B) We fused two ZF binding domains (ZF-A and ZF-B) to the VP16 activation
domain and transfected them into HEK293T cells where they bind with high specificity to their cognate
sequences, which we placed upstream of the minimal CMV promoter driving expression of a GFP
reporter. Experiments carried out in triplicate; error bars are standard deviation of the mean. (C) We
designed arrays of ZF binding sites for the two zinc fingers in (B) to enable recruitment of different TFs
in combination to defined locations upstream of a reporter. The arrays are depleted of binding sites for
endogenous transcription factors using SiteOut. In one set of arrays a single site for ZF-B is placed in
the position proximal to the promoter; in the other set, it is placed at the distal-most position. (D)
Doubling the amount of transfected ZF-activator plasmid does not increase expression of the GFP
reporter. The level of transcription driven by different synTFs from an array of 10 ZF-A binding sites is
equivalent when double the concentration of ZF-A-synTF plasmid is transfected. Experiment carried
out in triplicate. (E,F) Data from (B) and (D), respectively, plotted in terms of GFP fluorescence
(arbitrary units) rather than fold-change GFP, to demonstrate the magnitude of the expression
response to activators in real terms.
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Characterizing a panel of mammalian synTFs
In order to carry out proof-of-concept experiments, we picked an initial group of TFs from the
literature that have been shown to work on different steps in transcription. Classifying TF function
biochemically is labour intensive and there are few transcriptional activators whose direct targets and
precise mechanism of stimulating transcription are well-known (Fishburn, Mohibullah, and Hahn
2005). The limited functional characterization of TFs has yielded a small number of examples that are
known to affect chromatin remodeling, transcription initiation and transcriptional elongation, drawn
from different systems. We selected three TFs that work in initiation, i.e. recruitment of the basal
transcriptional machinery, and three that work downstream of this step, to enable elongation of
RNAP. We will refer to these as “initiation-” and “elongation factors”, although it is unlikely that any
classification of TF function is this simple.
The three “initiation” factors we chose interact with general transcription factors in the
preinitiation complex: SP1 (Emili, Greenblatt, and Ingles 1994; Gill et al. 1994), VP16 (Lin et al. 1991)
and HSF1 (Brown et al. 1998). Two of these, VP16 and HSF1, can also increase the release of RNAP
from the promoter into productive elongation (Yankulov et al. 1994; Blau et al. 1996), but both have
mutant forms (designated VP16m and HSF1m here) that have been demonstrated to be elongationdeficient (Brown et al. 1998) and we included these mutants in our study.
We chose three “elongation factors” that act downstream of initiation by recruiting the kinase
P-TEFb, which stimulates the release of RNAP from promoter-proximal pausing into productive
elongation: cMyc (Eberhardy and Farnham 2002), BRD4 (Itzen et al. 2014) and HIV Tat (Barboric and
Peterlin 2005). Tat normally binds to the transactivation response element in the the 5’ of viral
transcripts, but it can activate transcription when recruited to DNA upstream of the promoter
(Berkhout et al. 1990; Southgate and Green 1991).

117

Our first step was to determine the number of binding sites required to saturate expression
driven by each TF in our assay. We initially transfected a single initiation factor with a synthetic array
containing between 1-5 binding sites and measured the level of GFP expression using FACS. GFP
expression level varied widely by synTF (Figure 5.3B). The fold change in GFP expression, over that
from the reporter in the absence of activators, ranged from approximately 5-fold (for SP1) to 175-fold
(for VP16). Expression driven by initiation factors was not saturated at five sites and so we extended
the number of binding sites in a separate experiment out to 9 sites (Figure 5.3B, data not shown). We
found that the elongation factors we selected drove much lower expression than the initiation factors
(a maximum of 6-fold increase). Neither elongation nor initiation factors actually reached a true
plateau in expression, which decreased slightly after 7 binding sites. We expand upon this issue in the
Discussion.

Some clarifying notes on the following experiments
The experiments presented here are a pilot and there are some contradictions in the data and
sub-optimal experimental conditions that will need to be ironed out in future iterations. For the sake
of clarity, we outline these here before proceeding; they are elaborated upon further in the Discussion
section.
The expression plateaued for each TF by ~7 binding sites (Figure 5.3B,C and data not shown).
However, for circumstantial reasons, in the following experiments in which we paired initiation and
elongation factors, we used promoters containing either 9 sites (Figure 5.4A-D) or 4 sites (Figure 5.4EH). We found that the fold-change in expression driven by different activators changed from
experiment to experiment but did not get the chance to investigate this issue. For example, in the data
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Figure 5.3: Expression saturates at
around 7 binding sites
(A) Fold change expression driven
from a single site bound by VP16
synTF decreases as the site is moved
away from the promoter.
(B) As increasing numbers of
binding sites are added to the
promoter, expression begins to
saturate. For these TFs we only have
data out to five binding sites taken in
one experiment; the inset shows a
separate experiment with 4-9 binding
sites. Expression peaks by around 7
sites and declines somewhat
thereafter.
(C) “Elongation factors” (cMyc,
BRD4, Tat) drive lower fold change
in expression than do the “initiation
factors” but expression also plateaus
by around 7 sites.

presented in Figure 5.4, the elongation factors (bound to a single site in the promoter or to 10 sites)
repress expression below the leaky baseline expression in the absence of activators; meanwhile, in
Figure 5.3 we show that these same TFs activate expression between 1.5 to 6-fold over baseline. While
this is clearly a problem, in Figure 5.4 we only compare data and draw conclusions from experiments
carried out in the same batch.
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Initiation factors boost expression above the saturation level driven by
elongation factors
Having demonstrated that transcription does not increase beyond 7 binding sites (Figure 5.3),
we then asked whether TFs with different biochemical functions in transcription could boost
expression above this level (Figure 5.4). We first drove expression from an array of 10 binding sites,
transfecting an elongation factor fused to the ZF-A and to the ZF-B binding domains (Figure 5.4A,
top). The fold change in expression driven by this construct is shown in the first bar (light grey) of
Figures 5.4B-D for BRD4, Tat and cMyc, respectively. Note that the plots show log2(fold-change GFP),
such that an increase in expression above the baseline expression from the relevant reporter construct
in the absence of any activator is above the line at 0, and repression drops below that line.
When the elongation factor BRD4 can bind to 10 sites in the reporter construct, it represses
expression (Figure 5.4B). Meanwhile, the initiation factor SP1 binding to a single site next to the
promoter does not really activate or repress GFP expression (Figure 5.4B). But when we pair BRD4
and SP1, they drive synergistic (greater-than-additive) expression: together, they are capable of
driving approximately a 2-fold increase in expression (1-fold on this log2 scale; Figure 5.4B). We see
this same pattern for BRD4 paired with VP16m or HSF1m, and for each of the other elongation factor–
initiation factor pairs that we tested (Figure 5.4B-D).

Elongation factors reduce expression from an array of sites bound by an
initiation factor
The above results aligned with our prediction in a promising way. If elongation factors and
initiation factors work synergistically by virtue of acting on different slow steps in transcription, we
would expect that the reciprocal experiment to produce the same result. That is, we should also see
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Figure 5.4: Adding initiation factors to an array of binding sites for elongation factors
drives synergistic expression.
Continued overleaf.
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Figure 5.4 continued
(A) We measured the fold change in expression (over the basal expression from the promoter in the
absence of activators) driven by an array of ten sites bound by three different elongation factors (B: BRD4;
C: Tat; and D: cMyc). We compared this to the fold change in expression driven by each initiation factor
bound to a single site next to the promoter, and to the initiation factors and elongation factors in
combination. (B-D) Expression driven from an array containing 10 binding sites for ZF-A is shown in the
first column of each plot in light grey for each of the three “elongation factors”. That driven from the
same array by “initiation factors” fused to ZF-B (i.e. 1 binding site) is shown in orange (not visible for
those cases in which expression neither increases or decreases over the no-activator condition); the
outcome of having both factors present is shown again in dark grey. Plots show log (fold-change GFP);
All conditions were assayed in triplicate with the error bars showing the standard error of the mean. (EH) We then carried out the reciprocal experiment and found that adding elongation factors to an array of
binding sites of initiation factors represses expression. (F-H) The first bar of each plot (orange) shows
expression driven by the relevant initiation factor (B: HSF1m; C and D: VP16m) bound to 5 binding sites
upstream of the promoter. The light grey bars show expression driven by each elongation factor bound to
a single site next to the promoter. The dark grey bars then show the combined action of initiation and
elongation factors. In (D), the ZF-B site is at the distal position rather than the proximal.
2

synergistic expression when first saturating expression with initiation factors and then adding
elongation factors. However, we did not observe this.
In this experiment, for circumstantial reasons, we used an array of 5 total binding sites (4x ZFA + 1x ZF-B; Figure 5.4E). The initiation factors HSF1m and VP16m activate expression when they can
bind to all 5 sites (Figure 5.4F-H). The elongation factors, bar Tat, repressed expression when bound
to a single site. When we paired initiation and elongation factors, we found that, far from boosting the
expression driven above that driven by the initiation factors, BRD4, cMyc and Tat all substantially
decreased it (compare dark grey bars to orange in Figure 5.4F-H). The reduction in expression is more
severe when BRD4 or cMyc is paired with VP16m than when they are paired with HSF1m (compare
Figure 5.4G to 5.4F). Positioning the ZF-B site distal to the promoter, rather than proximal, reduces
the repressive effect of cMyc and BRD4 (compare Figure 5.4H to 5.4G).
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DISCUSSION
Our experiments were designed to test whether synergistic expression arises from pairing TFs
that work on different steps in transcription. It differs from previous experiments in a similar vein
(Blau et al., 1996) by first saturating expression from the promoter using multiple binding sites for a
TF that performs one function in transcription, before adding another TF with the same or a different
function. By saturating expression, the goal is to control which step in transcription is rate limiting.
Our assumption was that when expression plateaus after adding an increasing number of binding
sites, the biochemical step in transcription on which that TF works has been sufficiently accelerated
and is no longer rate-limiting. TFs that work on the next slowest step should boost expression, while
TFs that continue to accelerate the first step should not.
We saw some limited support for this hypothesis. When we saturated expression driven by
TFs working on elongation and added an initiation factor in the promoter-proximal position we saw
a synergistic boost in expression (Figure 5.4B-D). However, contrary to our expectations, we did not
observe this result in the reciprocal combination: first saturating an initiation factor and adding an
elongation factor does not increase expression, but rather dramatically decreases it (Figure 5.4F-H).
Below we discuss possible explanations for these observations, and the next set of experiments
that we would do to clarify and follow up on our results.

Experiment 1: Try different promoters
Our results are likely to have been very much dependent on the initial decisions that we made
about the TFs and promoter to use. For this experiment, it was critical that we use a promoter that was
regulated at initiation and elongation, since we chose TFs that have been shown in previous work to
act on these steps.
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We selected the minCMV promoter because it has a wide dynamic range of response, and a
low basal level of expression, which is useful for calculating fold-change. It had also been previously
used in experiments in yeast that showed synergy between by chromatin regulators that worked on
different steps in transcription (Keung et al. 2014). However, that study was performed in yeast, which
is not thought to have regulated release from promoter-proximal RNAP pausing, and the magnitude
of synergy was small. In the course of our experiment, work from another lab showed that minimised
promoters tend be rate-limited at only at a single step (Zoller et al. 2015). Moreover, a recent study
emphasised the importance of the core promoter in transcriptional regulation, highlighting the more
active than permissive role that promoters play in controlling gene expression (Hendy et al. 2017).
Our choice of this minimal promoter likely limited our ability to detect synergistic expression from
synTF combinations that work on two steps, if the promoter is only limited at one. It will be important
going forward to find an appropriate promoter for the experiment by measuring ourselves the
dynamics of the transcription cycle at a series of promoters, in the cell type in which we are working
(see Chapter 6).

Experiment 2: Try different activators and biochemically validate the activity
of those we use
We selected activators from the literature for which there was evidence that they worked on
assembly of the preinitiation complex or the release of RNAP from the promoter into elongation.
However, TFs tend to have multiple functional domains and can work on multiple steps in the
transcription process (Govind et al. 2005), which would make the results of this experiment hard to
interpret. Since we could find few well-studied activators that work just on initiation, we tried to
artificially create the situation by using mutant versions of the VP16 and HSF1 activators that work
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on both steps but were previously shown to be defective at elongation (Brown et al. 1998; Blau et al.
1996). However, we did not functionally validate their activities ourselves. It is quite likely that
activators function somewhat differently in different cellular contexts and at different promoters,
given the availability of co-regulators, general transcription factors and the makeup of the core
promoter sequence (Stampfel et al., 2015). We can tackle this initially by measuring the distribution of
RNA polymerase across the promoter in the presence and absence of the transcription factor
(described further in Chapter 6).
Ultimately, we would like to pair TFs that co-occur in the same system and, ideally, activate
the same endogenous promoter. Going forwards we will focus on fly rather than mammalian cell
culture and investigate TFs from the system in which the lab does most experimental work. This will
allow us to take advantage of a large group of Drosophila TFs that have been classified into functional
groups on the basis on their activities in different enhancer contexts (Stampfel et al. 2015).

Experiment 3: Titrate TFs to confirm saturation
The prediction upon which our experiment is based depends on first saturating expression
with a TF that works on one step in transcription. Our assumption is that saturated expression means
that the rate of that step has increased to the point at which this is no longer the rate-limiting process.
At this point, only a TF that works on another, now-limiting, step will be able to further boost
expression. In our initial experiments, intended to determine the number of binding sites required for
each of the TFs in our study to saturate transcription, we found that expression rose up to about 7
sites, but decreased slightly thereafter rather than plateauing (Figure 5.3C).
This was unexpected to us but is consistent with a recent study showing that maximum
promoter activity is determined not by the number of binding sites but by the TF concentration (van
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Dijk et al. 2017). As we did, they found that adding additional binding sites often reduces expression.
Their findings support a model in which binding sites compete with one another when the TF
concentration is limiting.
We therefore need to do a proper titration of TF concentration ourselves. We explored this
briefly by doubling the concentration of synTF transfected and did not see any change in expression
from a 10-site array (see Figure 5.2D). However, a 2-fold increase in TF concentration may have been
insufficient to notice any difference in expression. In the future, it will be important to integrate the
synTFs into the genome and put them under the control of a drug-inducible promoter, such that
cellular synTF concentration can be titrated in a reproducible manner to investigate this effect.
Integrating both the reporter and combinations of synTFs into the same cell line is a substantial
amount of work and so this is only really realistic once we have decided on a limited set of TFs and a
suitable promoter. A pair of Drosophila TFs that endogenously control the same gene at different slow
steps in the transcription cycle was recently described (Duarte et al. 2016); these provide a suitable test
case to try in our assay.

Technical issues to address
All of our experiments were carried out in technical replicate and the error in these
measurements is small. However, we have limited biological replicates, and they not reproduce well.
In experiments carried out on different days, the fold change in expression driven by the synTFs was
not consistent, nor was the rank order of synTFs driving lowest to highest expression. We have been
careful here to compare and draw conclusions only from data that were collected in the same
experiment but going forward we will need to both quantify and understand the biological variation
in our data.
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The experiments reported here were done using transfected plasmids rather than integrated
DNA. However, in the analysis we gate the cells by expression of a transfection marker on the reporter
plasmid and so differences in transfection efficiency are unlikely to have caused the variation between
experiments. One possibility is that activator concentrations do not remain at a steady state level over
the time period of the experiment, and this might influence the fold change in GFP expression that
they drive. It will be essential going forwards to measure synTF concentration at the population level
by Western blotting to the HA and MYC tags on the synTFs when plates are harvested for
Fluorescence-Activated Cell Sorting. We will additionally want to ensure that the synTFs are properly
folded and functioning in our experiments and do a time-course Western blot to check expression
levels over the course of the experiment.

Outlook
Our preliminary results present some promising avenues for exploration in the future and
reinforce the importance of a well-controlled and systematic method to assay TF function and
combinatorial control. These experiments demonstrated that we need much more information about
how TFs and promoters work in order to rigorously test our prediction and ultimately understand
how combinatorial control is executed at endogenous promoters. Combinatorial control of
transcription by different activators is a well-worn problem that we are addressing in a rigorously
controlled and quantitative way. In Chapter 6 we outline experiments to (a) identify promoters with
more than one slow step in transcription, and (b) functionally investigate the roles of TFs both in our
synthetic assay and at endogenous genes. Our hope is that revisiting such experiments with new
theory and this modular synthetic system will enable us to class TFs by their function and bring us
closer to the elusive “cis-regulatory code” of combinatorial gene regulation.
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METHODS
Synthetic Array Design
Arrays of 1-10 synTF binding sites were cloned upstream of a minimal cytomegalovirus
(minCMV) promoter driving expression of EGFP with a rabbit globin 3’UTR. This plasmid also
contains a mCherry marker to select for transfected cells during FACS. Two different zinc finger synTF
domains were used in this study, zinc finger A (labelled ‘116’ in our vector maps) recognizes a 20bp
sequence

(gGTCGTTGCGGTAGTCGAAg)

and

zinc

finger

B

(labelled

‘127’)

recognizes

(cGGCGTAGCCGATGTCGCGc). These 20bp recognition sites were separated by 14 base pair spacer
sequences

that

were

computationally

designed

using

the

SiteOut

tool

(http://depace.med.harvard.edu/siteout) to not contain binding sites for 42 mammalian transcription
factors. We selected these TFs based on motif data, pwm availability, and chose at least 1
representative member of 11 major classes of mammalian TFs from the JASPAR database
(Supplementary Table 5.1, Appendix D; http://jaspar.genereg.net/). SiteOut was run using the
standard parameters for spacer design, including a background GC content of 40.6% and a p-value
cutoff of 0.003. To measure activation from a single binding site at various distances from the
promoter, the yeast upstream activating sequence (UAS) was substituted for 20bp zinc-finger binding
sequence to control for the effect of distance from the promoter.
SynTF design
SynTF proteins containing an activation domain of interest fused to a N-terminal zinc-finger
binding domain with a GGGGS flexible linker were driven under a ubiquitin promoter and contain a
5’ sv40 nuclear localization sequence, C-terminal HA or MYC tag and rabbit globin polyA 3’UTR. ZFA and ZF-B were selected after bioinformatically screening synTF target sequences against the
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mammalian genome (MP, submitted manuscript). The sequences used to generate the synTF fusions
are listed in Supplementary Information (Appendix D).
Transfection and cell culture
HEK293T cells were cultured under standard conditions in DMEM + 1% penicillin
streptomycin with 10% FBS and amino acids. Cells were seeded in 48-well plates (55,000 cells/well in
250uL DMEM+10% FBS without antibiotics) and transfected using polyethyenimine (PEI) NaCl and
NaCL + 280ng total DNA (70 ng each synTF plasmid, synthetic array plasmid and transfection
marker). If fewer than four plasmids were transfected, salmon sperm DNA or empty synTF plasmid
not containing an activation domain was added to ensure all wells were transfected with the same
amount of total DNA. Media was replaced after 4 hours. All wells were transfected in triplicate and
grown for 2 days before harvesting for FACS.
Flow cytometry and data analysis
For each experiment, cells were harvested and run on a BD LSRFortessa equipped with a High
Throughput Sampler (BD Biosciences). A minimum of 10,000 events were collected for each well and
were gated by forward and side scatter, as described previously (Keung et al. 2014). Geometric means
of the fluorescence distributions were calculated in FlowJo and fold-change GFP expression was
calculated from the fluorescence ratio of values from the reporter alone to the reporter transfected
with synTF combinations. Data were plotted using Prism GraphPad software.

129

REFERENCES
Barboric, Matjaz, and B. Matija Peterlin. 2005. “A New Paradigm in Eukaryotic Biology: HIV Tat and
the Control of Transcriptional Elongation.” PLoS Biology 3 (2): e76.
Berkhout, B., A. Gatignol, A. B. Rabson, and K. T. Jeang. 1990. “TAR-Independent Activation of the
HIV-1 LTR: Evidence That Tat Requires Specific Regions of the Promoter.” Cell 62 (4): 757–
67.
Bintu, Lacramioara, Nicolas E. Buchler, Hernan G. Garcia, Ulrich Gerland, Terence Hwa, Jané
Kondev, and Rob Phillips. 2005. “Transcriptional Regulation by the Numbers: Models.”
Current Opinion in Genetics & Development 15 (2). Elsevier Ltd: 116–24.
Blair, W. S., R. A. Fridell, and B. R. Cullen. 1996. “Synergistic Enhancement of Both Initiation and
Elongation by Acidic Transcription Activation Domains.” The EMBO Journal 15 (7). Nature
Publishing Group: 1658–65.
Blau, J., H. Xiao, S. McCracken, P. O’Hare, J. Greenblatt, and D. Bentley. 1996. “Three Functional
Classes of Transcriptional Activation Domain.” Molecular and Cellular Biology 16 (5): 2044–55.
Brown, S. A., C. S. Weirich, E. M. Newton, and R. E. Kingston. 1998. “Transcriptional Activation
Domains Stimulate Initiation and Elongation at Different Times and via Different Residues.”
The EMBO Journal 17 (11): 3146–54.
Dijk, David van, Eilon Sharon, Maya Lotan-Pompan, Adina Weinberger, Eran Segal, and Lucas B.
Carey. 2017. “Large-Scale Mapping of Gene Regulatory Logic Reveals Context-Dependent
Repression by Transcriptional Activators.” Genome Research 27 (1): 87–94.
Duarte, Fabiana M., Nicholas J. Fuda, Dig B. Mahat, Leighton J. Core, Michael J. Guertin, and John T.
Lis. 2016. “Transcription Factors GAF and HSF Act at Distinct Regulatory Steps to Modulate
Stress-Induced Gene Activation.” Genes & Development, August.
https://doi.org/10.1101/gad.284430.116.
Eberhardy, Scott R., and Peggy J. Farnham. 2002. “Myc Recruits P-TEFb to Mediate the Final Step in
the Transcriptional Activation of the Cad Promoter.” The Journal of Biological Chemistry 277
(42): 40156–62.
Emili, A., J. Greenblatt, and C. J. Ingles. 1994. “Species-Specific Interaction of the Glutamine-Rich
Activation Domains of Sp1 with the TATA Box-Binding Protein.” Molecular and Cellular
Biology 14 (3): 1582–93.
Estrada, Javier, Teresa Ruiz-Herrero, Clarissa Scholes, Zeba Wunderlich, and Angela H. DePace.
2016. “SiteOut: An Online Tool to Design Binding Site-Free DNA Sequences.” PLoS One.
https://doi.org/10.1371/journal.pone.0151740.

130

Fishburn, James, Neeman Mohibullah, and Steven Hahn. 2005. “Function of a Eukaryotic
Transcription Activator during the Transcription Cycle.” Molecular Cell 18 (3). Elsevier Inc.:
369–78.
Fuda, Nicholas J., M. Behfar Ardehali, and John T. Lis. 2009. “Defining Mechanisms That Regulate
RNA Polymerase II Transcription in Vivo.” Nature 461 (7261). Nature Publishing Group:
186–92.
Gertz, Jason, Eric D. Siggia, and Barak A. Cohen. 2009. “Analysis of Combinatorial Cis-Regulation in
Synthetic and Genomic Promoters.” Nature 457 (7226). Nature Publishing Group: 215–18.
Gill, Grace, Erica Pascal, Zian H. Tseng, and Robert Tjian. 1994. “A Glutamine-Rich Hydrophobic
Patch in Transcription Factor Sp1 Contacts the dTAFII110 Component of the Drosophila
TFIID Complex and Mediates Transcriptional Activation.” Proceedings of the National
Academy of Sciences 91 (1). National Acad Sciences: 192–96.
Govind, Chhabi K., Sungpil Yoon, Hongfang Qiu, Sudha Govind, and Alan G. Hinnebusch. 2005.
“Simultaneous Recruitment of Coactivators by Gcn4p Stimulates Multiple Steps of
Transcription in Vivo.” Molecular and Cellular Biology 25 (13): 5626–38.
Hendy, Oliver, John Campbell Jr, Jocelyn D. Weissman, Daniel R. Larson, and Dinah S. Singer. 2017.
“Differential Context-Specific Impact of Individual Core Promoter Elements on
Transcriptional Dynamics.” Molecular Biology of the Cell 28 (23): 3360–70.
Herschlag, D., and F. B. Johnson. 1993. “Synergism in Transcriptional Activation: A Kinetic View.”
Genes & Development 7 (2): 173–79.
He, Xin, Md Abul Hassan Samee, Charles Blatti, and Saurabh Sinha. 2010. “Thermodynamics-Based
Models of Transcriptional Regulation by Enhancers: The Roles of Synergistic Activation,
Cooperative Binding and Short-Range Repression.” Edited by Uwe Ohler. PLoS
Computational Biology 6 (9): e1000935.
Itzen, Friederike, Ann Katrin Greifenberg, Christian A. Bösken, and Matthias Geyer. 2014. “Brd4
Activates P-TEFb for RNA Polymerase II CTD Phosphorylation.” Nucleic Acids Research 42
(12): 7577–90.
Joung, J. K., D. M. Koepp, and A. Hochschild. 1994. “Synergistic Activation of Transcription by
Bacteriophage Lambda cI Protein and E. Coli cAMP Receptor Protein.” Science 265 (5180):
1863–66.
Joung, J. K., L. U. Le, and A. Hochschild. 1993. “Synergistic Activation of Transcription by
Escherichia Coli cAMP Receptor Protein.” Proceedings of the National Academy of Sciences of the
United States of America 90 (7): 3083–87.

131

Keung, Albert J., Caleb J. Bashor, Szilvia Kiriakov, James J. Collins, and Ahmad S. Khalil. 2014.
“Using Targeted Chromatin Regulators to Engineer Combinatorial and Spatial
Transcriptional Regulation.” Cell 158 (1). Elsevier Inc.: 110–20.
Khalil, Ahmad S., Timothy K. Lu, Caleb J. Bashor, Cherie L. Ramirez, Nora C. Pyenson, J. Keith
Joung, and James J. Collins. 2012. “A Synthetic Biology Framework for Programming
Eukaryotic Transcription Functions.” Cell 150 (3). Elsevier Inc.: 647–58.
Lin, Y. S., I. Ha, E. Maldonado, D. Reinberg, and M. R. Green. 1991. “Binding of General
Transcription Factor TFIIB to an Acidic Activating Region.” Nature 353 (6344): 569–71.
Ptashne, M., and A. Gann. 1997. “Transcriptional Activation by Recruitment.” Nature 386 (6625).
Nature Publishing Group: 569–77.
Scholes, Clarissa, Angela H. DePace, and Álvaro Sánchez. 2017. “Combinatorial Gene Regulation
through Kinetic Control of the Transcription Cycle.” Cell Systems 4 (1): 97–108.e9.
Sharon, Eilon, Yael Kalma, Ayala Sharp, Tali Raveh-Sadka, Michal Levo, Danny Zeevi, Leeat Keren,
Zohar Yakhini, Adina Weinberger, and Eran Segal. 2012. “Inferring Gene Regulatory Logic
from High-Throughput Measurements of Thousands of Systematically Designed
Promoters.” Nature Biotechnology 30 (6). Nature Publishing Group: 521–30.
Smith, Robin P., Leila Taher, Rupali P. Patwardhan, Mee J. Kim, Fumitaka Inoue, Jay Shendure, Ivan
Ovcharenko, and Nadav Ahituv. 2013. “Massively Parallel Decoding of Mammalian
Regulatory Sequences Supports a Flexible Organizational Model.” Nature Genetics 45 (9):
1021–28.
Southgate, C. D., and M. R. Green. 1991. “The HIV-1 Tat Protein Activates Transcription from an
Upstream DNA-Binding Site: Implications for Tat Function.” Genes & Development 5 (12B):
2496–2507.
Stampfel, Gerald, Tomáš Kazmar, Olga Frank, Sebastian Wienerroither, Franziska Reiter, and
Alexander Stark. 2015. “Transcriptional Regulators Form Diverse Groups with ContextDependent Regulatory Functions.” Nature, November. Nature Publishing Group.
https://doi.org/10.1038/nature15545.
Veitia, Reiner A. 2003. “A Sigmoidal Transcriptional Response: Cooperativity, Synergy and Dosage
Effects.” Biological Reviews of the Cambridge Philosophical Society 78 (1): 149–70.
Yankulov, K., J. Blau, T. Purton, S. Roberts, and D. L. Bentley. 1994. “Transcriptional Elongation by
RNA Polymerase II Is Stimulated by Transactivators.” Cell 77 (5). Elsevier Inc.: 749–59.
Zoller, Benjamin, Damien Nicolas, Nacho Molina, and Felix Naef. 2015. “Structure of Silent
Transcription Intervals and Noise Characteristics of Mammalian Genes.” Molecular Systems
Biology 11 (7): 823.

132

CHAPTER 6: DISCUSSION

Overview
In this thesis, we investigated how regulatory information that is distributed between different
enhancers is combined to produce an endogenous gene expression pattern. In Chapter 2, we modeled
how combinatorial control could arise through activators working on different steps in the
transcription process. The underlying mechanism by which TFs or enhancers act in concert matters
because it has implications for evolutionary flexibility of regulatory sequence. We found that
experiments used to investigate regulation by multiple activators or enhancers cannot discriminate
between regulation of one or more than one slow step in transcription. This theoretical work informed
subsequent experiments Chapters 4 and 5. In Chapter 4, we found no evidence that Krüppel’s
enhancers act on different steps in transcription. Our results are consistent with enhancers competing
for access to their shared promoter, but also reveal that the way in which their inputs are combined
changes over space and time and is affected by their relative positions. In Chapter 5, we used a
controlled synthetic system to test a prediction of our modeling, and report preliminary evidence for
synergistic activation by TFs with different biochemical functions. Here, I describe some specific
experimental directions arising from this work.

Does kinetic control occur between transcriptional activators?
Our theoretical and experimental work showed us that kinetic control, if it occurs, is difficult
to demonstrate conclusively; figuring out whether cells employ this regulatory mechanism
endogenously is yet a further challenge. Since both promoters and activators have context-dependent
activities (Stampfel et al., 2015; Zabidi et al., 2015; Juven-Gerschon et al., 2008), effectively testing the
kinetic control model requires a set of activators and promoters whose functions we have validated
in our own experimental system. Below I outline strategies to do this, designed in collaboration with
Kelly Biette.

Characterising promoter function by number of slow steps
The first goal is to find promoters with more than one slow step so that we can test how
promoter-specific transcription cycles respond to activation by a set of TFs. The rates in the
transcription cycle are likely set by the promoter, which in eukaryotes is made up of combinations of
core motifs that direct recruitment of the basal transcriptional machinery (Ohler and Wassarman,
2010). It would be ideal to directly measure the rates in the transcription cycle so that we could
determine which are regulated in different contexts. This is possible in bacterial cells (Friedman and
Gelles, 2012), but is not yet tractable in animals, where the transcription cycle is more complex.
However, we can infer whether there is one or more than one slow step in transcription by
looking at the variability in mRNA transcripts compared to the mean (the Fano factor; Choubey et al.,
2015) under control of different promoters using the MS2 system (Figure 6.1; Garcia et al., 2013). If
there is only a single slow step in transcription, mRNAs across a population of cells will be Poissondistributed, but with more than one slow step, the Fano factor decreases. It is important to look at
nascent mRNA rather than cytoplasmic because the signal of multiple slow steps can be obscured by
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other sources of noise by the time the mRNA reaches the cytoplasm (Choubey et al., 2015). These
experiments can identify a set of promoters at which transcription is governed by at least two slow
steps (although not the identity of the steps), which we can use to test combinations of activators for
their ability to synergise.

Figure 6.1: Identifying promoters with more than one slow step using live imaging of
nascent transcription.
(A) MS2 imaging of nascent transcription. Stem loops incorporated into the 5’ (MS2) and 3’ (PP7) ends of
a reporter gene are bound by fluorescent fusion proteins, creating a spot of fluorescent when transcribed.
(B) Hypothetical data from live imaging in a single cell over time. We will measure the size and
frequency of transcription bursts (gray lines) and extract the mean and variance. (C) We hypothesize that
promoters with different combinations of motifs (blue and yellow) differ the rates in their transcription
cycles. We will calculate the Fano factor (ratio of variance to mean) for each promoter from MS2 traces.

Identifying TFs with distinct functional roles in activating the transcription cycle
There has been limited functional characterisation of TFs and this has yielded a small number
of examples that are known to work on chromatin remodeling, initiation and/or elongation, drawn
from across various systems. It would be ideal to have multiple TFs that work on each of these broad
steps but that come from the same organism. Ultimately, the goal is to find endogenous pairs of TFs
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that work together to activate a gene and do so by working on different steps (such as GAF and HSF1
in at heatshock-regulated genes in Drosophila; Duarte et al., 2016). This would enable us to ask
whether modulating the rates of more than one step at a single promoter is a means of combinatorial
control that is actually used by cells to regulate gene expression.
One strategy to identify TFs that work on initiation or elongation is to perturb their levels and
then measure the distribution of RNAP across genes. Reduced RNAP in the gene body following
RNAi indicates that elongation (or steps prior) are regulated by that TF, while reduction over the
promoter indicates that initiation (or steps prior) are affected by this perturbation (Larschan et al.,
2011). Figure 6.2 illustrates an experiment designed to measure the effect of knocking down TFs

Figure 6.2: Investigate TF function at
endogenous loci and synthetic arrays with
NET-seq.
(A) We will integrate a reporter driven by an
array of 5 synTF binding sites upstream of the
hsp70 promoter into mammalian 293T and
Drosophila S2 cells. We will then compare
NET-seq profiles (Churchman & Weissman,
2011) in two conditions: “wildtype”, where the
endogenous TF functions at its target
promoters and transfected synTF is recruited
to the synthetic array; and “RNAi”, where the
endogenous TF is depleted using RNAi and no
synTF is transfected. (B) To interpret the NETseq data we will split target genes into three
regions (A, B, C) and define initiation factors as
TFs where the overall number of reads
decreases and the ratio of B/A increases
towards 1 after RNAi. We will define
elongation factors as TFs where the reads in
region C decrease after RNAi or the ratio of
A/B increases, indicating more paused RNAP.
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with RNAi at both an integrated reporter containing synTF binding sites and across the genome at
endogenous genes. This provides an interesting point of comparison because at the integrated reporter
the TF will be acting alone on a promoter that may not be its normal target; at endogenous genes it
will be binding with other regulators at different distances from the promoter. Both would be
informative: the former is a very controlled environment and easier to interpret, but the latter might
reveal behaviour that we would not otherwise see in a simpler reporter context.

Testing kinetic control using TF competition for a single binding site
Synergy emerges under the thermodynamic model from either cooperative DNA binding or
simultaneous contact between two activators and the basal transcriptional machinery. Both of these
require that the activators be simultaneously present on the DNA. The most direct way to demonstrate
that synergy can arise from control of sequential slow steps is to show that it can occur when the TFs
are not present at the promoter at the same time. It is now possible to optogenetically control the
localisation of a protein to the cytoplasm or nucleus in a reversible and rapid manner (Jacques Bothma,
personal communication). This makes it feasible to ask whether TFs can act synergistically when they
are present in the nucleus at different times.
There is also a simpler way to ask the same question: can TFs synergistically activate
transcription when they are bound to the DNA at different times? We can achieve this by recruiting
both TFs to the same single site next to the promoter, such that only one can bind the DNA at once,
and measure expression from each alone and both together. This neat experiment was suggested to
us by Mike Springer and is currently being done by Kelly Biette.

The experimental platform that we have set up is modular and flexible and therefore can be
used to ask a host of questions about activator and promoter function. The zinc-finger binding sites
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allow one to recruit any TFs in specific combinations to the promoter, and the ability to synthesise
DNA at low cost makes it possible to design arrays of sites to test the effects of, for instance, array
distance from the promoter, spacing of TF binding sites, split arrays of sites, and so on.

Does binding site-depleted sequence act ‘neutrally’?
Our goal in generating binding site-depleted sequence (Chapter 3) was to reduce TF binding
outside sequences of interest in order to more easily pinpoint the causes of quantitative changes in
gene expression. Controlling the content of DNA between sequences of interest enables one to isolate
the aspects of gene regulation that are intrinsic to a given sequence from those that depend on its
context, such as the distance between regulatory elements, local DNA shape or nucleosome
positioning.

Validating binding site-depleted spacers in reporter constructs
No DNA sequence can be described as a completely ‘neutral’ context in which to test the
function of regulatory sequences, but we can assess whether it is operationally affecting expression.
The lowest bar for it to pass is that it does not drive expression by itself when placed upstream of a
functional promoter driving a reporter gene (Figure 6.3). But it is also important that it doesn’t
influence the activity of nearby regulatory sequences. This is obviously impossible to prove
exhaustively for any given sequence but can be done to a first pass by placing enhancers in different
‘neutral’ sequences to make sure that they drive quantitatively the same expression. To test this, in
collaboration with Kelly Biette and Olivia Foster I have made three versions of the 5’ half of the evenskipped locus in which the enhancers were embedded in different binding site-depleted sequences
(Figure 6.4). We used the D.pseudoobscura enhancers with their endogenous spacing and integrated
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Figure 6.3: Binding site-depleted sequence
does not drive expression in embryos
(A) 6kb of sequence depleted for binding sites
of TFs that pattern the anterior-posterior axis
of Drosophila embryos was cloned upstream of
a LacZ reporter under control of the Krüppel
promoter. As measured by in situ
hybridisation against lacZ mRNA, this
sequence drives no expression in the central
region of the embryo where Krüppel is
normally expressed. Shown are lateral line
traces showing expression across 15 embryos
(position of line trace shown in (B)). Note that
expression in the poles of the embryo (0-20%
and 80-100% embryo length) is a costain
against another gene, huckebein, used to
normalise fluorescence between embryos. (B)
Maximum projection image of in situ against
wildtype Krüppel mRNA showing its
expression in the center of the embryo and the
position (white line) of the line traces in (A).

them into a landing site in the D.melanogaster genome; this allows one to uniquely map reads to the
transgene in genomic assays.
Since removing binding sites from DNA could have unintended consequences, it is important
to assess the behaviour of binding site-depleted sequences at the level of the chromatin template.
Ideally, we would test their accessibility using ATAC-seq, TF binding using ChIP-seq, and the 3D
organisation of chromatin using chromatin capture techniques. The latter has recently become feasible
over the short genomic length-scales we are interested in (Davies et al., 2016; Hsieh et al., 2015).
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Figure 6.4: Constructs to examine expression effect of different ‘neutral’ sequences
on enhancer function
(A) Schematic of reporters bearing the D.pseudoobscura (D.pse) enhancers driving even-skipped stripes 2+7
and 3+7 in their endogenous background sequence (top), and the same enhancers in a neutral sequence
background (bottom). (B) Locations of predicted binding sites for transcriptional regulators of evenskipped and insulator binding proteins in the endogenous D.pse regulatory sequence. We used SiteOut to
remove binding sites for these factors from the intervening sequence while maintaining the GC content at
that typical for Drosophila intergenic DNA. Figure courtesy of Olivia Foster.

How do shadow enhancers prevent ectopic expression?
Investigating repression by Krüppel’s CD2 enhancer
CD2 represses activation by CD1 in the posterior of the Krüppel expression pattern (El-Sherif
and Levine, 2016) and we showed that this is independent of the CD2’s proximity to the promoter
(Chapter 4). Krüppel’s posterior boundary is set by the short-range repressors Giant and Knirps
(Capovilla et al., 1992; Gaul and Jäckle, 1987; Harding and Levine, 1988; Jaeger, 2010). Knirps is a good
candidate for mediating the difference in their posterior boundaries because Giant also sets the
anterior boundary, which is shared by both enhancers. Encouragingly, CD2 harbors three strong
predicted Knirps binding sites (Figure S4.6A). While Knirps has been shown to mediate repression
between enhancers, it reportedly does so at short range by acting directly on the promoter from <100
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bp distance (Arnosti et al., 1996). Even when CD2 is at its endogenous promoter-proximal position,
the predicted Knirps binding sites are hundreds of bases from the transcription start site, putting them
out of range of this mechanism. Does Knirps actually mediate CD2’s repression of CD1 and, if so,
how?
The way to test the sensitivity of each enhancer to Knirps is to cross the reporter lines
containing the single Kr enhancers to a fly line that mis-expresses Knirps in the ventral part of the
embryo (by placing it under the control of the snail or the sog promoter; (Clyde et al., 2003)). The
expected expression in embryos of this cross, if just the CD2 enhancer is sensitive to repression by
Knirps, is shown in Figure 6.5. If Knirps is sufficient for repression of CD1 by CD2 then we would
expect repression across the Krüppel pattern when Knirps is misexpressed. We would expect the same
result when the enhancer order is switched, on the basis of our results showing that the repression in

Figure 6.5: Predictions for the effects of Knirps mis-expression on Krüppel
enhancer reporters
Cartoon showing expression driven by the shadow enhancers of Krüppel (green) separately and
together in wildtype embryos (top row) and embryos that have Knirps ectopically expressed in a
ventral stripe under the control of the snail promoter (bottom row). Embryos are viewed from their
ventral side, and anterior is to the left. If CD2 is sensitive to Knirps but CD1 is not, then we would
expect expression of the Krüppel reporter gene to retreat from the area of ventral Knirps expression. If
Knirps mediates the repression of CD1 by CD2 then we would expect to see this retreat also in
embryos bearing CD1-CD2 or CD2*-CD1* reporters.
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the posterior of the pattern is independent of their relative positions. The follow up experiment would
be to mutate predicted Knirps binding sites in the two Krüppel enhancers to determine whether this
effect is direct or indirect. If this experiment showed that Knirps does mediate repression between the
two enhancers, it would indicate that the same repressor is able to function at long- and short-range,
perhaps as a result of the cofactors it can recruit in different sequence contexts.

Do promoters influence how enhancers’ activities combine?
Accounting for differences between studies of Krüppel’s enhancers
The studies of Krüppel’s shadow enhancers to date produce some conflicting results, but these
may provide some interesting insights into how regulatory information is integrated across a gene
locus. First, previous work reported different relative levels of expression from the two enhancers
(Chapter 4, Discussion). Second, past studies have differed in whether they saw dominant repression
between these enhancers. I briefly summarise the discrepancies below and outline hypotheses that
might explain them.
In our experiments, the CD1 enhancer drives much higher expression than CD2 (Figure 4.1E).
In contrast, two previous studies found them to drive similar levels (El-Sherif and Levine, 2016;
Wunderlich et al., 2015). Wunderlich et al. used in situ hybridisation against a lacZ reporter driven by
the eve promoter and pooled embryos in early nc14. Since this experiment was carried out using fixed
embryos, it is possible that the assay and differences in embryo age account for this.
El-Sherif & Levine (2016) also report that the two enhancers drive similar peak levels of
expression. However, there are major differences between the constructs used in this study and ours,
which we think are responsible for the discrepancy in our results. Briefly, they used different enhancer
sequence definitions; did not control for the distance between their CD1 enhancer and the promoter;
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and used the Krüppel core promoter without the promoter-proximal sequence included in our
constructs. A trivial explanation for the discrepancy between our results and those from El-Sherif &
Levine is that we analysed the data differently. We can rule this out by imaging their constructs
(courtesy of Mike Levine) and analyzing the data using our pipeline.

Hypothesis 1: a single Zelda site is responsible
El-Sherif et al.’s definition of the CD2 enhancer extended 30 bp more towards the promoter
than ours, which is enough to include in it a consensus site for Zelda (an activator of CD1). This Zelda
site exists in all of our constructs and theirs, bar their lowly-expressing CD1 construct. We can test this
by mutating the Zelda site in our CD1-only construct and looking for a decrease in expression.
If this Zelda site is responsible, it would be a really interesting example of the effect that a
single binding site can have––even when it’s at a distance of >2 kb from the enhancer whose activity
it is affecting. This would motivate greater focus on the role of the proximal promoter in enhancer
function. Our data come to very different conclusions about how the two enhancers’ activities are
combined by the promoter: El-Sherif et al.’s data shows highly synergistic expression from CD1-CD2
in the early part of nc14, whereas we do not find that the shadow enhancers ever drive synergistic
expression. For this to be the result of a single site would be remarkable.

Hypothesis 2: the core promoter matters for enhancer function
One difference between the studies of Krüppel shadow enhancers to date is that they have all
used different promoters: a stretch of the endogenous Kr promoter (Hoch et al., 1990); the minimal eve
promoter (Perry et al., 2011; Wunderlich et al., 2015); the core Kr promoter (~100 bp) (El-Sherif and
Levine, 2016); and the full Kr promoter and promoter-proximal sequence (from the CD2 enhancer to
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the second exon; this study). It is possible that specific sequences in the promoter or its proximal
sequence are required to produce the correct level and pattern of Krüppel expression.
There is some precedence for the effect of the promoter on enhancer function and non-additive
interactions between enhancers. For instance, Perry et al. (2011) were not able to see the usual
dominant repression of the CD1 enhancer by CD2 in the posterior of the Kr pattern using in situ
hybridisation against lacZ from the minimal eve promoter. They hypothesised that the identity of the
promoter might be responsible for this (Perry et al., 2011). We used the same enhancer sequence
definitions as this study but saw a clear narrowing of the pattern driven by an MS2-lacZ reporter under
control of an extended piece of Krüppel promoter sequence, which lends weight to the authors’
interpretation. Other studies have seen an interaction between enhancers only when using their
endogenous promoter, rather than the SV40 promoter (Maekawa et al., 1989; Yuh et al., 1996).
The initial set of experiments to assess the effect of the promoter on Krüppel enhancer function
would be to switch out the extended promoter that we have in our constructs for the minimal Krüppel
and eve promoters used in previous studies. Given the pervasive idea in the field of enhancer biology
that the promoter is merely permissive, and the general use of a small number of minimal promoters
in enhancer-reporter studies, it would be very interesting if the promoter does influence how
enhancers function together in their endogenous context. Krüppel would make for a good case study
in which to study this effect quantitatively.

Behaviour of hunchback shadow enhancers and duplications
When we made the set of Krüppel shadow enhancer and duplication constructs, we made a
matching set for another gap gene, hunchback, whose two enhancers drive expression in the anterior
of the blastoderm embryo. Our motivation in doing so was that both hunchback enhancers are thought
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to drive expression in response to the same activator, Bicoid (Jaeger, 2010). This makes it a point of
contrast to Krüppel, where the CD1 and CD2 enhancers are activated by different TFs (Wunderlich et
al., 2015). If responding to different TFs affects how two enhancers’ activities are combined by the
promoter, as we hypothesised, then we predicted that the shadow enhancers of hunchback would
combine in a similar way to duplications of either enhancer.
While our Krüppel data do not support this hypothesis, it would nonetheless be interesting to
image the set of hunchback enhancer constructs. The behaviour of hunchback shadow enhancers has
already been studied using MS2 (Bothma et al., 2015), but that study was limited to looking at
expression prior to nc14 because their constructs also contained the hunchback stripe enhancer.
Moreover, their constructs were integrated in different landing sites, which makes it impossible to
draw conclusions about the computation performed by the promoter because of potential position
effects on the levels of expression driven by each enhancer.
To determine whether the two enhancers are in fact responsive only to Bicoid, I have carried
out RNAi experiments in the background of each single-enhancer constructin which I knocked down
expression of five TFs that work as activators in the early embryo: Bicoid, Zelda, Hunchback, Caudal
and Dstat. The embryos are collected and await in situ stains against lacZ reporter mRNA.
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APPENDIX A:
Supplementary Material for Chapter 2
Supplementary Figures

Figure S2.1 Calculating the mean rate of transcription from a cycle
Related to Figure 2.2. Continued overleaf.

Figure S2.1 continued.
(A) Calculating the mean rate of transcription from a cycle with irreversible steps. In this example the
promoter transitions stochastically between states that are connected by irreversible rates. These states
represent positions in the sequence of events required to produce an mRNA. mRNA is generated as the
promoter makes the final transition from state 3 to state 1, from which the cycle begins once more. The
mean transcription rate is the inverse of the sum of times taken to complete each step. On the right we
show an example rate diagram for this cycle in which we assume k1 = 10, k2 = 100, and k3 = 12 arbitrary

units. The overall rate of transcription for this example is indicated in green (kTXN = 5.2). (B) The mean rate
of transcription from a closed-loop cycle with reversible transitions between promoter states can be
calculated using a shorthand method. The cycle on the left, in which the transitions between state 1 → 2
and state 2 → 3 are reversible, is equivalent to the one on the right, which is comprised of six ‘effective’
forward rates (see Chapter 2 Methods for a detailed derivation). The average rate of transcription is
calculated as above, by summing the ‘effective times’ of these six forward transitions (asterisks indicate
that these are effective times and rates). In the rates diagram on the right we plot the ‘effective rates’ and
the overall transcription rate from this cycle, assuming that k12 = 10, k21 = 5, k23 = 12, k32 = 20, and k31 = 100. In
this case kTXN = 3.8. (C) The mean rate of transcription can be calculated for a cycle of any degree of
complexity (i.e. any number and connectivity of promoter states) using a matrix formalism introduced in
previous work (Sanchez et al. 2008, 2011). The matrix Kˆ describes the stochastic rates of transition
mod

between all promoter states, with the final row set to 1. Vector r contains the rates at which mRNA is
produced from each promoter state.
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Figure S2. Logic gates can be generated through kinetic control of the transcription cycle.
Related to Figure 2.3.
(A,B) Combinatorial control of a two-step transcription cycle by two TFs can produce all of the twoinput Boolean computations. Here we show how TFs A and B could generate the NOR and NAND
gates by inhibiting one or both rates in the transcription cycle (blunted arrows). Plots show the
expression driven by each TF acting individually and in combination (-/-, +/-, -/+, +/+) in green,
normalized to the maximum expression in each plot such that 0 represents expression being “OFF”
and 1 is “ON” (right-hand axis). Overlaid are the rates of and used in the calculations (grey horizontal
bars, left-hand axis) and the magnitude of effect of the TFs (arrows; see Chapter 2 Methods for
parameter values).
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Figure S2.3. Calculating effective rates from a closed-loop transcription cycle with reversible
and irreversible rates.
Related to Chapter 2 Methods.
(A) Transcription cycle at the glnALG operon in the prokaryote S. typhimurium, adapted from
Friedman & Gelles (2012). State 1 is the unbound promoter; states 2 and 3 are different closed
complexes; state 4 is the open complex, from which mRNA is produced when RNAP transitions into
productive elongation. The forwards and reverse rates connecting the four states were measured using
multiwavelength single-molecule fluorescence colocalization spectroscopy (Friedman & Gelles 2012).
k34(A) indicates the rate of the transition from state 3 to state 4 in the presence of the activator, NtrC,
and ATP. The rate of RNAP association with the promoter was determined to be 2.1 × 107 M-1 s-1 ; we
assumed that RNAP exists at ~1µM in the cell, giving a rate of rate of 21 s-1, which we use in these
calculations. In the absence of the bacterial activator, k34 < 6 × 10-6 s-1; this rate increases 300-fold to 1.93 ×
10-3 s-1 when the activator NtrC is added, alongside ATP.(B) The cycle containing reversible transitions
(A) can be converted into a cycle that has a greater number of forward transitions only in series (colorcoded here by the promoter state transition from which they derive). kI to kX represent the rates of these
‘effective steps’ (see Chapter 2 Methods). (C) The ‘effective rates’ in this example are plotted in the
absence and presence of the activator NtrC and ATP, color-coded as in (B). In the absence of activator
the transcription rate is 5.5 x 10-6 s-1; meanwhile, in the presence of activator the rate is calculated at
0.0017 s-1. The authors measured the overall initiation rate as 0.0012 +/- 0.0001 s-1 in the presence of the
NtrC activator (Figure 4 of Friedman & Gelles, 2012).
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Figure S3.1: SiteOut removes binding motifs from DNA sequences
Cat cartoons are key to keeping users engaged while they wait the few minutes it takes their
results to be generated.

APPENDIX C:
Supplementary Material for Chapter 4
Sequences and genomic coordinates of Krüppel enhancers
CD1 enhancer
Location: 2R:25222619..25223777 (release 6 coordinates); 2R:21110142..21111300 (release 5)
Cite: Hoch M, Schoder C, Seifert E, Jackle H. "cis-acting control elements for Kruppel expression in
the Drosophila embryo." The EMBO journal 9.8 (Aug 1990): 2587-95.
Size: 1159
GGATCCTAAGTTAACTATAATCCAGGCTTAATCACTGGATCAATA
ACTAAGTAGCATTTTCCGGGATGGAAATATGAAGTTACCTGCATA
TGCCTACCGATCCTGAAAACTGCTTTAACTTAATCGACATGCATG
ATCATAAAAAGCAATTTGCTACAATTTATATTTTTTTGCTTTTCC
TTCTTTTAAGCATCTGGGATCTGGATCAGAAAAGAAAAAGTGTAA
CGCCTACCTTCAGAAACGGATTAAATTTTTTCAGACAAATAATCC
AGCCTTAAGCATGGTGATTAAGCTTGATCCCCTACCAAGGGGCGT
AATATTGACGGATTTTCCTTAAATCCCTCTGTTAATCTCCGGCTT
AGAGCGCGACGCGTTTTTTCGCGACTCCGCCTGCATTGTTTTTTT
TTTCAGTTTCTTCAATTCGCAAGAAGGCAGGCCTATGGACCGAAT
GAGGATCATAATTATGGAATTCCTAAATAAACTAAGAAGGGCAGT
CGGCATAGTATTGATCTACCTGTAAGCGTGGGTTCTATCTTTGCC
CCTCGCATTCGAGACTCTCTAGTCACAGGTAGACCAGCCTTGAGT
TCGTCGGCAATTAAGAAGTCAAATTTCTCTTAAAAACAACAAAAA
ATGTCAAAGTAAAAACAATGCAAAAAATATGTGTAACTGAACTAA
ATCCGGCTTAGGATTCTTGCGTCATAAACATGACTAGGGAGCCAT
TAAAATTTGATAATTTGCATGTCACTTGTGCACCGTAAACGAAGC
CAACACATCGGCTGAAACCCAGCGTCATTTATGCTATGCTATCTC
ACTCTTTTGCATAATTTTTTTAAATTATTGACTTGTCTTTTTTAC
GAATGCAAAGGAAGTACTTGTGTACTTCCGTTTTTCAAAGTCCGA
TTTTATTATCTACCTGCAATTTATAATGACAACCAAGTTTTTAAC
ATTCCAAAACGTGGTTTTTTGAGTTCAATAAGCTTCATTTTTTAA
AGGCTCTTTTCGAACCACATTAACATTTGCGGTTACGTTTTTGTA
GAAATTTTCCATAGCTGCATAAAGGTACAAGTTTCATTTATTTGA
TGGGAAAATGAATTAGAGACCAGCACGATCTTTAACAGAAACAAA
AAGGCGTGGATATTGTTATATGTACAAAAACAAC

CD2 enhancer
Location: 2R:25224832..25226417 (release 6 coordinates); 2R:21112355..21113940 (release 5)
Cite: Perry MW, Boettiger AN, Levine M. "Multiple enhancers ensure precision of gap geneexpression patterns in the Drosophila embryo." Proceedings of the National Academy of Sciences of
the United States of America 108.33 (Aug 2011): 13570-5.
Size: 1586
GTAAGTTCCCATATTTCGGACCTTATCAGCGGCCTCGACCATACG
CACTTTACACGCACTTCTGCCCCATTCACTCGGAAATCTTTAGTT
CGCTTTGCCAATCAAAATCTAGTCTATTTTTCTTTTACTCGCTTT
GATACTATTCTAGTTTAGTGATTGCCGACAAAGTCATTAACGATA
AGGCCCGGATCTTATTAAAATCTGTTGAGCTTAAGTGGATCTTTC
AATATCAAGCCTCTGCTTATCACGCAAACAACCAAAAAAAATTTC
TGACTAATCGCCGAAACATAGGAATCGTATGAAGATTTTCTAAAA
CCGGTCAGCTCAGCCCGAAATTTAAGAATTTCTTATCAATAGGGT
CAGTTTTAAGCGCTTTGCTTGCATATTATTTAATGCCTTCTGCGA
ATTTTGTTTTGGTGAAAAACTTTCTATGAAGTCGAACATTCGATG
ACAAAACCATTATAATTTTACGTAACATTATGCAGAGCAAGGATA
TTTGTGTGCCTTTCTGCTTTTGTTTGGTTTCACTTTCTTAAAATC
CACGGTAGTTCAAATTTACCACCCGGTGAGCTCTGAGCGTCCTTG
GCCTACCTACAAAACCAAAAATACCGATTTTCAACATAAATTTAA
CATAGCATGTCCTTGCCATAAAAATCTACATAAAACCATTTAAAA
GTCAATCCGCAAAAGTCACAGAAAACGTCTATACAAGCAAGAAAA
TTTCAACGATGCAGCTCTCTTACAATTTTTTATTATATTTCCTTT
CTACCTGAATCCGTTTTTTACTAGTTCCTTTTTACGATTTCTTTT
TTAGACGTGTGCCAATAATTAGTTGTCCATTAAACTGAACTTCCA
CGTCTTTGAGACTTTGCTCAACAGGCTACAAGGAAGACAAAAAAC
TCACTCAGTATAGCTGGTAAAAAACCGTCGACCTTCTTTCTTACT
TTCTGCACTCCTTAAGCCGATGTTTTGTTTACTTCCTGTTTACTC
GTACAGCGCACGCTTGAAATTCAACCCCGTCCGTGACATCTCTTT
TCATGAATTTTGGCTCTTTTGCTCTCGCTGTTTCATTTTCGCCCT
GTTCTCCATTGGCGTTCATCCCCCTTAGACACATTAGTTATTTTC
TATAGCTCAAATGTAAAAAGGGGAAATGACAAAGGCACATCTGAG
TGAGTTTTTGTTGTGCGTCCCTTACTAACTCTAAAAACTTCTACG
TGATCTTTATGTGGTGTAATATTCCTGCAAGTGCAGTTTTTATGA
AGGCTCTAAAAAACACAAGCGGAAGTGGTCATAAGCATTAAAAAA
TGTCCTTTAACGGTCAACACATAGTTCTGATTTTTTATGTTTTAT
TACTGACTAGAAACGTAAAGGTCATAAAACCCTCTACTCAGCGAA
GATAATTCGCATCGACAACCTATGTTAAAAAACCACATCGTCCAT
ATTTGACTCTAACTGACTATATATCTTTTGCATTGAAAGGAACCT
CTAGCTGTCTCATTCGCACCAATTTGCATATGAAAAATTAGCACT
TTTAGGTATAAAAAGGAATCGATGAAATCAACTCACTCAACTCAG
CGAAGTACCCA
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Supplementary Table 4.1: Protein binding sites and core promoter elements removed from
binding site-depleted sequence
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Supplementary Figures

Figure S4.1: Imaging and analysis methodology
Related to Figure 4.2
(A) Manual definition of the anterior and posterior poles of the embryo using a 20x magnification image
stack at the midsaggital plane. Anterior and Posterior are labeled 0 and 100% embryo length,
respectively. (B) A surface image stack shows the region of imaging as a bleached area (the histone-RFP
labeling the nuclei is a poor fluorophore; the MCP-GFP does not bleach this rapidly). (C) A magnified
image of the region of interest, taken at 60x magnification, shows the nuclei (labeled with histone-RFP).
A single anterior-posterior bin of 2.5% embryo length is highlighted. (D) The initial rate of transcription
was calculated by taking the maximum derivative of the onset slope from each nucleus that was actively
transcribing in cycle 14 in a given AP bin across all embryos for a construct. Two example time traces
from nuclei in the bin at 50% embryo length for the shadow enhancer construct are shown. (E) The
expression borders (e.g. Figure 4.5C) were defined by fitting a gaussian to the mean fluorescence trace
(across multiple embryos for a given construct) at each time point and finding the positions on the
anterior-posterior axis of gaussian at its half maximum fluorescence.
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Figure S4.2: Imaging coverage
Related to Figure 4.2
Total integrated fluorescence for the first 50 minutes of nuclear cycle 14 for each construct in this study.
Each line trace represents a different embryo. Each plot is annotated with the total number of embryos
imaged, although this is not the coverage across the entire anterior-posterior axis.
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Figure S4.3: Comparison of constructs from this study and El-Sherif & Levine 2016
Top: El-Sherif & Levine defined the CD1 (red) and CD2 (pink) enhancers differently to ours
(bottom in dark blue and light blue, respectively). Their constructs drive an MS2-yellow reporter
gene under control of the Krüppel core promoter (labeled ‘pr’). In order to try to explain why their
CD1 enhancer drives less expression than ours, relative the CD1-CD2 and the CD2 constructs, we
have shaded grey regions behind constructs represent the sequences that are shared between all
the constructs from their study and ours except their CD1 construct. This includes two stretches of
sequences that are 700 bp and 30 bp in length. The 30 bp sequence contains a consensus motif for
Zelda, which is an activator of CD1 and is bound in vivo (ChIP data not shown). Bottom: We used
the full endogenous Krüppel promoter and promoter-proximal sequences driving an MS2-lacZ
reporter. White boxes represent endogenous Krüppel sequence outside of the enhancers; pale grey
dotted boxes represent ‘neutral’ spacer sequences in our constructs.
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Figure S4.4: Caveats for constructs CD1-CD1* and CD2*-CD1*
(A) It is possible for repetitive sequences to lose or gain repeats. This appears to have happened for the
CD1 duplication construct, whose MS2 sequence is 200bp longer than it should be, which would equate
to an additional four stem loops. If all stem loops are fully bound by MCP-GFP, we would expect the
level of fluorescence produced by this construct to be 1.167x greater (56 rather than 48 MCP-GFP
molecules per mRNA) than if it had the correct number of loops. To check that this would not affect our
conclusions, we compare the initial rate of transcription from the CD1 duplication to the sum of that
from each separate distance-controlled copy of CD1. The orange data points use the uncorrected
fluorescence data for the CD1 duplication; the brown data points apply a correction by multiplying the
CD1 duplication fluorescence by 0.857 (= 48/56 GFP molecules). The point that we make with this data
in Figure 4.4 still stands: at different places on the anterior-posterior axis the activities of the two
enhancers combine differently (dotted lines provide an example). (B) In the construct containing the
shadow enhancers in their switched positions (CD2*-CD1*), the CD2* enhancer is 400 bp closer to the
promoter than in its equivalent single-enhancer construct (i.e. at 2.4 kb from the promoter, not 2.8kb).
To see whether this affects our conclusions we replotted the data in B (left) comparing expression from
CD2*-CD1* to 2x expression from CD2 in its promoter-proximal position (B, right). The computation
made by the shadow enhancers over the first 20 mins of nc14 is shown in grey, and the shadows in their
switched positions in green. The behavior of two looks more similar with this conservative correction,
but they still differ somewhat in their relation to additivity.
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Figure S4.5: Predicted sites for repressors of Krüppel
Predicted binding sites for the repressors Giant, Hunchback and Knirps in the Krüppel CD1 and CD2
shadow enhancers. Height of bars is an indication of the binding site affinity. Sites predicted on the basis
of published position weight matrices using PATSER (stormo.wustl.edu) and displayed using InSite
(www.cs.utah.edu/~miriah/insite/download/).
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APPENDIX D:
Supplementary Material for Chapter 5
Sequences of activation domains used in synTFs
SP1. Residues 263 – 499.
AACATCACCTTGCTACCTGTCAACAGCGTTTCTGCAGCTACCTTGACTCCCAGCTCTCAGGCAGTC
ACGATCAGCAGCTCTGGGTCCCAGGAGAGTGGCTCACAGCCTGTCACCTCAGGGACTACCATCA
GTTCTGCCAGCTTGGTATCATCACAAGCCAGTTCCAGCTCCTTTTTCACCAATGCCAATAGCTACT
CAACTACTACTACCACCAGCAACATGGGAATTATGAACTTTACTACCAGTGGATCATCAGGGAC
CAACTCTCAAGGCCAGACACCCCAGAGGGTCAGTGGGCTACAGGGGTCTGATGCTCTGAACATC
CAGCAAAACCAGACATCTGGAGGCTCATTGCAAGCAGGCCAGCAAAAAGAAGGAGAGCAAAA
CCAGCAGACACAGCAGCAACAAATTCTTATCCAGCCTCAGCTAGTTCAAGGGGGACAGGCCCTC
CAGGCCCTCCAAGCAGCACCATTGTCAGGGCAGACCTTTACAACTCAAGCCATCTCCCAGGAAA
CCCTCCAGAACCTCCAGCTTCAGGCTGTTCCAAACTCTGGTCCCATCATCATCCGGACACCAACA
GTGGGGCCCAATGGACAGGTCAGTTGGCAGACTCTACAGCTGCAGAACCTCCAAGTTCAGAACC
CACAAGCCCAAACAATCACCTTAGCCCCAATGCAGGGTGTTTCCTTGGGGCAGACCAGCAGCAG
CAAC
VP16. Residues 410-490.
CTGTCGACGGCTCCACCAACTGATGTTTCATTGGGTGATGAATTGCATTTGGATGGAGAAGATGT
TGCTATGGCTCATGCTGATGCATTAGATGATTTCGATTTAGACATGTTGGGAGATGGTGATTCTCC
AGGTCCAGGTTTCACTCCACATGATTCTGCTCCTTACGGTGCATTGGATATGGCTGATTTTGAATT
CGAACAAATGTTCACTGATGCTTTAGGAATTGATGAATATGGTGGTTAA
VP16m (SW6 mutant of VP16; modified with reference to Blau et al., 1996)
CTGTCGACGGCTCCACCAACTGATGTTTCATTGGGTGATGAATTGCATTTGGATGGAGAAGATGT
TGCTATGGCTCATGCTGATGCATTAGATGATcccGATTTAGACATGTTGGGAGATGGTGATTCTCCA
GGTCCAGGTTTCACTCCACATGATTCTGCTCCTTACGGTGCATTGGATATGGCTGATgccGAAgccGA
ACAAATGgccACTGATGCTTTAGGAATTGATGAATATGGTGGTTAA
HSF1. Residues 370-529.
CCTGAAAAGTGCCTCAGCGTAGCCTGCCTGGACAAGAATGAGCTCAGTGACCACTTGGATGCTA
TGGACTCCAACCTGGATAACCTGCAGACCATGCTGAGCAGCCACGGCTTCAGCGTGGACACCAG
TGCCCTGCTGGACCTGTTCAGCCCCTCGGTGACCGTGCCCGACATGAGCCTGCCTGACCTTGACA
GCAGCCTGGCCAGTATCCAAGAGCTCCTGTCTCCCCAGGAGCCCCCCAGGCCTCCCGAGGCAGA
GAACAGCAGCCCGGATTCAGGGAAGCAGCTGGTGCACTACACAGCGCAGCCGCTGTTCCTGCTG
GACCCCGGCTCCGTGGACACCGGGAGCAACGACCTGCCGGTGCTGTTTGAGCTGGGAGAGGGCT
CCTACTTCTCCGAAGGGGACGGCTTCGCCGAGGACCCCACCATCTCCCTGCTGACAGGCTCGGAG
CCTCCCAAAGCCAAGGACCCCACTGTCTCCTAG

HSF1m (modified based on Corey, Kingston et al. 2003)

CCTGAAAAGTGCCTCAGCGTAGCCTGCCTGGACAAGAATGAGCTCAGTGACCACTTGGATGCTA
TGGACTCCAACCTGGATAACCTGCAGACCATGCTGAGCAGCCACGGCTTCAGCGTGGACACCAG
TGCCCTGCTGGACCTGgccAGCCCCTCGGTGACCGTGCCCGACATGAGCCTGCCTGACCTTGACAG
CAGCCTGGCCAGTATCCAAGAGCTCCTGTCTCCCCAGGAGCCCCCCAGGCCTCCCGAGGCAGAG
AACAGCAGCCCGGATTCAGGGAAGCAGCTGGTGCACTACACAGCGCAGCCGCTGTTCCTGCTGG
ACCCCGGCTCCGTGGACACCGGGAGCAACGACCTGCCGGTGCTGgccGAGCTGGGAGAGGGCTCC
TACgccTCCGAAGGGGACGGCTTCGCCGAGGACCCCACCATCTCCCTGCTGACAGGCTCGGAGCC
TCCCAAAGCCAAGGACCCCACTGTCTCCTAG

cMyc. Residues 1-70
ATGGATTTTTTTCGGGTAGTGGAAAACCAGCAGCCTCCCGCGACGATGCCCCTCAACGTTAGCTT
CACCAACAGGAACTATGACCTCGACTACGACTCGGTGCAGCCGTATTTCTACTGCGACGAGGAG
GAGAACTTCTACCAGCAGCAGCAGCAGAGCGAGCTGCAGCCCCCGGCGCCCAGCGAGGATATC
TGGAAGAAATTCGAGCTG
BRD4. Residues 1308-1362
CCACAGGCCCAGAGCTCCCAGCCCCAGTCCATGCTGGACCAGCAGAGGGAGTTGGCCCGGAAG
CGGGAGCAGGAGCGAAGACGCCGGGAAGCCATGGCAGCTACCATTGACATGAATTTCCAGAGT
GATCTATTGTCAATATTTGAAGAAAATCTTTTCTGA
Tat. Residues 1-48
ATGGAACCGGTGGACCCACGGCTGGAGCCCTGGAAGCATCCGGGGTCCCAGCCTAAAACAGCCT
GTACGAACTGCTATTGTAAGAAGTGCTGTTTTCACTGTCAAGTATGTTTCATTACAAAAGCATTGG
GTATTTCTTACGGC
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APPENDIX E:
Yearly Planning Meetings: Individualized
Development Plans Aren’t Just More Paperwork
Ben J. Vincent, Clarissa Scholes, Max V. Staller, Zeba Wunderlich, Javier
Estrada, Meghan Bragdon, Francheska Lopez Rivera, Kelly M. Biette, and
Angela H. DePace
This paper was written with equal contribution from all the authors and published in 2015. It discusses
the value of yearly meetings between mentor and trainee to celebrate achievements, establish shared
goals and deliver feedback. Yearly planning meetings have played a key role in my own development
as a scientist, as have the many discussions in lab about mentorship and communication in general.
It is reprinted here from Vincent, B.J. et al., (2015), Mol Cell 58, 718-721 with permission from Elsevier
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