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Abstract
Toward a Predictive Understanding of Developmental Decision-Making
by
Jiaxi Zhao
Doctor of Philosophy in Physics
University of California, Berkeley

Professor Hernan G. Garcia, Chair

The main objective of this thesis is to advance a quantitative understanding of the devel-
opmental genetic network. Three projects are presented toward this goal. The first project
involves the quantitative dissection of transcription factor dynamics and gene regulation
focusing on optogenetics to examine and manipulate transcription factors within a multicel-
lular organism. This project provides a precise understanding of how transcription factors
regulate target gene expression.

The second project explores the concept of bistability in autoactivation network motifs,
focusing on how feedback loops contribute to binary cell fate decisions. Using a combination
of mathematical modeling and experimental validation, this work elaborates on the dynamics
governing cellular behavior and its implications for better understanding medical therapies
related to cell development.

The final project investigates the flexible design principles governing the binding-site orga-
nization within enhancers. This entails unraveling the enhancer sequence’s essential role in
gene regulation, an insight that could inform the design of synthetic regulatory sequences
for biotechnological applications and the development of novel therapeutic strategies.

In conclusion, this thesis provides insights into the developmental genetic network, con-
tributing toward predicting complex biological processes based on specific genetic network
parameters. This work may ultimately improve our understanding of organismal develop-
ment and inform therapeutic strategies for developmental disorders.
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Chapter 1

Introduction

One of the holy grails of developmental biology is to predict the ultimate fate of cells within a
multicellular organism and how these decisions dictate tissue morphology from knowledge of
the underlying gene regulatory networks. It is crucial to understand how developing embryos
generate precise spatial patterns and establish long-term developmental memory, which will
eventually dictate cell fate decisions.

Gene regulatory networks serve as our primary conceptual framework for elucidating
these processes (Figure 1.1A). It is essentially a collection of molecular interactions, showing
how genes in an organism interact with each other. Specifically, the gene regulatory net-
work catalogs the key participants, predominantly transcription factors, and maps out the
regulatory interplay between them. For example, during the process of fruit fly early devel-
opment (Figure 1.1A), a gene regulatory network can pinpoint which transcription factors
are involved, how they interact, and how these interactions sculpt the segments of fruit fly
embryos.

Ultimately, from a quantitative biology perspective, we aspire to employ gene regulatory
networks predictively [64]. Given a gene regulatory network, our aim is to foretell the
ultimate phenotype—including body patterns—under specific mutations or perturbations.
To draw an analogy, our goal is to predict the physical traits of a fruit fly, like its body plan
(Figure 1.1B) and morphological features (Figure 1.1C), such as wing and bristle shapes,
based on certain alterations in its gene regulatory network.

However, the gene regulatory networks currently utilized in biology often fall short of
accurately predicting the precise spatiotemporal dynamics that govern cell fate decisions
in embryos [64]. The dominant approach within the field is the use of expansive network
diagrams that is qualitative and lack quantitative information. The arrows that form the
connections within these diagrams primarily serve a descriptive role, delineating types of
regulation—activation or repression—but they do not contain a quantitative description,
meaning they don’t provide specific values or measurements regarding important quantitative
features, such as the sharpness of regulation and its temporal kinetics.

Moreover, complexity arises when we consider that, within the context of development,
gene regulation is mediated by regulatory sequences known as enhancers [2]. These enhancers
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Figure 1.1: Seeking a predictive understanding of developmental patterning. (A)
Gene regulatory network that drives segmentation in the fruit fly, Drosophila melanogaster.
(B) The fruit fly body plan is the direct consequence of the body segmentation process,
which is dictated by the fly regulatory network. (C) There is one-to-one correspondence
between embryo body segments and adult morphology. (Adapted from [64])
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act as nodes in the gene regulatory network and can integrate information from upstream
transcription factors through binding sites it possesses. As a result, they integrate input
from multiple transcription factors and determine whether a gene is transcribed or not [90].
This process can be quite complex, and it’s hard to capture these nuances with standard,
descriptive diagrams alone.

Finally, the structure of a gene network often deviates from a simple feedforward logic
where the consequences could be logically deducted based on the input. For example, under
this logic, if one gene activates the other gene, then when input is upregulated, it is easy
to predict that there will be a reduced expression of the output. This simple logic does not
apply to feedback loops, which many gene networks exhibit. When a network is under the
control of feedback loops, concepts such as multistability may arise [3]. Multistability refers
to a system that can exist in multiple stable states depending on initial conditions, which
adds a layer of complexity to the logic of gene networks. Understanding this multifaceted
behavior requires a mathematical approach to navigate the phase space of regulation, which
we will discuss in the following sections.

The research projects during my PhD explore different facets of the gene regulatory
network that we just elaborated on. Each project represents an effort to understand an
important feature of the regulatory network, contributing to a quantitative understanding of
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the developmental genetic network. Our ultimate goal, through this collective endeavor, is to
advance toward a predictive understanding of developmental decision-making. We strive to
move beyond simply identifying the components of these regulatory networks and towards
forecasting the outcomes of complex biological processes given a specific genetic network.
This predictive understanding could lead to significant advancements, potentially informing
therapeutic strategies for developmental disorders and improving our general knowledge of
organismal development.

1.1 Multilayered regulation of a gene regulatory
network

A developmental gene regulatory network represents the complex relationship between vast
factors involved during development. In this section, we discuss the three most important
features of this regulatory network and how we can understand them that may contribute
to a predictive understanding of the network as a whole.

1.1.1 Individual regulatory arrows as the foundational building
blocks of a gene regulatory network

Gene regulatory networks consist of individual regulatory arrows, which symbolize the in-
teractions between genes and transcription factors [3]. These arrows can portray either
activation (where a transcription factor enhances the transcription rate of a gene) or repres-
sion (where it reduces the transcription rate). These regulatory arrows, representing the
foundational connections within the network, dictate the overall topology and dynamics of
gene regulation. However, our current understanding of these regulatory arrows is often lim-
ited to a descriptive level. We know which genes are activated or repressed, but the precise,
quantitative details of these interactions remain largely elusive [64]. Particularly, we often
lack specific information about the strength of an interaction, how quickly it takes effect, or
how it changes under different cellular conditions [186]. This lack of quantitative data limits
our ability to accurately predict the outcome of changes in the network features, which is a
key goal in developmental biology.

The regulatory relationship between genes is often characterized by an input-output
function that relates the concentration of a regulatory protein (the “input”) to the rate of
transcription of the target gene (the “output”) [13]. This relationship is typically sigmoidal
or S-shaped, meaning that small changes in the input concentration have little effect on
the output when the input is low or high, but can cause substantial changes in the output
at intermediate input levels. The sharpness or steepness of this sigmoidal response can be
quantified by a parameter known as the Hill coefficient, with larger values indicating a more
switch-like response.
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Figure 1.2: The two-state model of transcriptional bursting. (A) A two-state model
of transcriptional bursting by a promoter switching between ON and OFF states. (B) Map-
ping the bursting parameters k., kog, and r to burst duration, separation, and amplitude,
respectively. (C) The action of an activator results in an increase in the average rate of
transcription initiation. (D) In the two-state model, this upregulation can be realized by
decreasing burst separation, increasing burst duration, increasing burst amplitude, or any
combination thereof. Adapted from [101].

The temporal kinetics of gene regulation refer to the timescales over which these regu-
latory interactions occur. These kinetics can have profound effects on the dynamics of the
gene regulatory network as a whole [101]. For instance, a regulatory interaction that takes
place on a timescale of seconds will have a very different impact on the network than one
that occurs over the course of an hour.

Therefore, when quantifying individual regulatory arrows in a gene network, it’s crucial
to account for both the shape of the input-output function (as characterized by the Hill
coefficient) and the temporal kinetics of the regulatory interactions. This comprehensive
approach will allow for a more accurate representation and understanding of the complex
dynamics of gene regulatory networks.

Understanding the regulatory relationships and temporal kinetics of gene expression is
critical, but it’s equally important to consider the molecular mechanisms of transcriptional
regulation when constructing mathematical models of these processes [101]. While the molec-
ular mechanisms governing activators and repressors differ significantly, a complete picture
of these mechanisms may not be necessary for quantitative descriptions of these processes.
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Instead, a mathematical model capturing the key features of eukaryotic gene expression suf-
fices, and recent research has identified a commonality among transcriptional regulations in
eukaryotes, namely transcriptional bursting.

Transcriptional bursting is a stochastic phenomenon in which gene expression occurs
in short, intense bursts rather than at a steady, constant rate [101, 165]. This leads to
significant variability or “noise” in gene expression levels across genetically identical cells
in identical environments. To describe this, a two-state model can be used, where the
promoter stochastically switches between active (ON) and inactive (OFF) states, as shown
in Figure 1.2A. The dynamics of this model can be defined by three key parameters, shown
in Figure 1.2B:

1. Burst frequency: indicating the frequency of transcription bursts; higher frequency
means more frequent active transcription.

2. Burst duration: representing the duration at which active transcription occurs.

3. Burst size: reflecting the number of mRNA molecules produced during a burst, with
larger burst sizes indicating higher mRNA production during each active phase.

Even though transcriptional bursting seems random, it’s regulated [101]. For instance,
transcriptional activation can modulate the bursting parameters to fine-tune gene expression
levels (Figure 1.2C). This modulation can alter the burst frequency, duration, and amplitude
(Figure 1.2D). By using the bursting framework, we can quantitatively describe the tran-
scriptional process, enabling the construction of more accurate mathematical models for the
regulatory arrows, the fundamental building blocks of developmental networks.

One of the primary goals of my work is to quantify the regulatory function and kinetics of
individual regulatory arrows and to apply the bursting framework to model their behavior.
This will ensure that the essential features of the network are captured while maintaining
a level of detail that accurately reflects the complex dynamics of gene expression and regu-
lation, such as stochasticity. By employing this approach, we can provide a comprehensive
and reliable representation of regulatory processes, enhancing our understanding of develop-
mental networks and enabling us to predict and manipulate their behavior more effectively.

1.1.2 Feedback motifs as enablers of complex regulatory
dynamics

Feedback motifs, in which a gene product regulates its own production, are fundamental
components of gene regulatory networks [3]. They introduce an added layer of complexity
to these networks by fostering intricate regulatory dynamics. These feedback loops may
be positive, thereby upregulating the target gene, or negative, thereby downregulating it.
Through these mechanisms, gene networks can manifest more intricate behaviors, such as
the oscillations observed in circadian rhythms or the multistable states associated with cel-
lular differentiation processes. Consequently, understanding these motifs provides valuable
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Figure 1.3: Example of the graphical analysis of stable points and temporal tra-
jectory of protein expression from an autoregulation motif with bistability. (A)
Graphical analysis of the fixed points. The system has two stable fixed points (attractors)
and one unstable fixed point. (B) Temporal trajectories with given initial protein P. Bista-
bility guarantees that starting low P < Pjpstable leads to the low attractor Psapie, ow and
starting high P > P usable leads to the high attractor Pigh.

insights into the dynamics of biological systems and establishes a foundation for predicting
how system alterations may influence its behavior.

The term ‘multistability’ refers to a system’s capacity to attain various stable states based
on its initial conditions [106]. Feedback motifs enable this phenomenon, adding another
layer of complexity to the logic underpinning gene regulatory networks. However, feedback
motifs often exhibit complex behaviors that are challenging to analyze without appropriate
analytical methods. As such, mathematical tools are frequently employed to navigate this
complexity and understand the system’s potential outcomes, also known as its phase space.

While feedback has been proposed to contribute to discrete cell fate decisions through
multistability, this is not always guaranteed [185]. The quantitative characteristics of the
feedback loop, such as the sharpness of regulation and protein half-life, significantly influence
this outcome [185]. For instance, it is posited that positive autoregulation could lead to
bistability, resulting in binary cell fates [3]. However, this is not an absolute certainty; a
distinct regulatory relationship or protein half-life could yield only monostability. Therefore,
a careful quantitative examination of these feedback motifs is crucial in accurately predicting
and understanding their influence on cell fate decisions.

To further understand the intricacies of feedback motifs and their potential effects on
cellular processes, we need to rely on mathematical models and experimental validation [3].
Mathematical models, such as ordinary differential equations (ODEs), can help to predict the
behavior of feedback motifs under various conditions. These models enable us to simulate the
dynamics of the system over time, providing an in-depth view of how changes in parameters
might affect the behavior of the network.

However, the usefulness of mathematical models depends heavily on the validity of their
underlying assumptions and the accuracy of the parameter estimates used. While many
of these parameters can be estimated from experimental data, uncertainties remain due to
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factors such as measurement error and biological variability. Therefore, predictions made
from these models must be experimentally validated to confirm their accuracy [64].

Experimental validation usually involves perturbing the system, for example, by genet-
ically altering the feedback loop and observing the resulting changes in gene expression or
cellular behavior. Techniques such as fluorescence microscopy and flow cytometry, combined
with reporters like green fluorescent protein (GFP), are often used to measure these changes.
This data then provides a means to confirm or challenge the predictions of the mathematical
model.

In the context of feedback motifs and multistability, for instance, the system can be
perturbed by altering the levels of the gene product involved in the feedback loop. If the
system displays bistability, such a perturbation could lead to a shift from one stable state to
another. Observing this behavior in a controlled experiment could provide strong evidence
supporting the role of feedback in generating multistability.

To summarize, understanding the role of feedback motifs in gene regulatory networks
requires a combination of mathematical modeling and experimental validation. By combin-
ing these approaches, we can achieve a more comprehensive understanding of the complex
dynamics that govern cellular behavior, enabling more precise predictions and offering new
avenues for therapeutic intervention in diseases where these dynamics are disrupted.

1.1.3 Enhancers as integrators of information from upstream
factors

Enhancers, defined as short DNA segments that can bind transcription factors, hold pivotal
roles in orchestrating gene expression [2]. Unconstrained by orientation, distance, or spatial
relation to their target gene, enhancers act as hubs for assimilating information from var-
ious upstream factors. They translate this multi-dimensional input into a straightforward
decision: whether or not to initiate transcription of the target gene, and if so, at what
rate. Consequently, enhancers form critical regulatory modules, enabling intricate process-
ing of upstream inputs, thereby facilitating robust developmental patterning in multicellular
organismes.

Presently, our understanding posits that enhancers harbor multiple binding sites for
various transcription factors. These transcription factors often exhibit spatially distinct
expression patterns. The interplay between enhancers and transcription factors is both
complex and dynamic; a single enhancer can bind multiple transcription factors, and their
collective action governs the eventual outcome of gene transcription. This interplay between
enhancers and transcription factors allows for fine-tuned control of gene expression, enabling
cells to respond appropriately to various internal and external cues.

The enhancer’s DNA sequence holds nearly all the information necessary for creating the
desired expression pattern. Upon introducing the enhancer into different genetic locations,
they result in identical expression patterns, suggesting that the enhancer sequence alone
can theoretically dictate the input-output relationship. Predicting this relationship from the
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enhancer sequence forms a key goal within enhancer biology. Nevertheless, this remains a
formidable task due to the combinatorial explosion problem: the potential arrangements of
binding sites within an enhancer approach infinity [90, 162]. Thus, deciphering simplified
governing rules of enhancer organization becomes imperative to circumvent this combinato-
rial complexity.

The flexibility in the organization of enhancers and how variations in the arrangement of
binding sites affect their functionality is a fascinating topic. There are two primary theories
that seek to explain this [6, 156]. The first, known as the ‘Enhanceosome’ model, stems
from research on the interferon-beta enhanceosome [127]. It proposes that an enhancer
only operates efficiently when every component is in a precise configuration. On the other
hand, the ‘Billboard’ model believes that the function of an enhancer isn’t tied to a specific
arrangement of binding sites, but rather to the mere presence of all necessary elements.

Although the enhanceosome and billboard models appear to be at odds, they might not
actually be contradictory. Instead, they could symbolize two ends of a continuum regarding
enhancer organization [156]. Some enhancers might necessitate a strict setup of transcription
factor binding sites, as the enhanceosome model suggests. In contrast, others might operate
efficiently if all essential elements are there, a notion backed by the billboard model. It’s also
possible for an enhancer’s position on this continuum to vary based on cellular circumstances
and developmental phases, introducing even more intricacy into gene expression regulation.

This flexibility and adaptability of enhancer organization could be key to the ability
of multicellular organisms to respond to changes in their environment and to the different
needs of their various cell types. It might also play a role in evolution, allowing organisms
to experiment with different configurations of enhancer elements and select the ones that
provide a survival advantage.

Understanding the rules that govern enhancer function is not only of fundamental biolog-
ical interest but also has potential applications in biotechnology and medicine. For instance,
being able to predict the output of a given enhancer from its sequence would be invaluable
in the design of synthetic gene circuits for biotechnological applications. Moreover, since
misregulation of gene expression is a common feature of many diseases, including cancer
[81], a deeper understanding of enhancer function might help in the development of novel
therapeutic strategies.

In conclusion, enhancers are a fascinating topic of research at the interface of biology,
chemistry, and physics. Their study is likely to provide new insights into the principles of
life and may have wide-ranging implications for biotechnology and medicine.

1.2 Overview of the PhD research projects

The overarching objective of my doctoral research projects is to infuse developmental biology
with the accuracy and predictability of quantitative sciences. This aim was pursued through
a three-fold approach: first, by employing live imaging, optogenetics, and theoretical mod-
eling, we were able to assign specific quantitative and molecular information to individual
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regulatory pathways [186]. Second, using the dynamical systems theory, we investigated a
positive feedback motif in development, leading us to show that bistability can facilitate
cellular memory [185]. Finally, we unraveled the surprisingly flexible design principles that
govern the binding-site organization within enhancers through synthetic reconstitution.

1.2.1 Quantitative dissection of transcription factor dynamics
and gene regulation

My initial major PhD project, documented in chapter 2, delves into the mechanisms through
which transcription factors influence gene expression in individual cells over time, eventually
driving cell-fate decisions in a quantitative manner (Figure 1.4C, 1). Despite its importance
for a predictive understanding of developmental decision-making, our knowledge of how
transcription factors regulate target gene expression has remained elusive, primarily due
to the lack of suitable tools to examine and manipulate transcription factors within their
endogenous context in multicellular organisms.

Traditional methods such as fixation and sequencing-based methods, although powerful,
fall short in investigating the rapid, single-cell temporal dynamics of transcriptional con-
trol characteristic of embryonic development [88, 53, 132, 109, 40, 174, 117, 152, 27, 131].
Therefore, we need innovative experimental methods that allow us to quantify and control
gene expression dynamics in multicellular organisms while concurrently assessing output
transcriptional activity at the single-cell level.

Optogenetics has shown promise in this regard. However, prior optogenetic methods have
primarily concentrated on modulating transcription factor activity rather than concentration,
creating a challenge in assessing active transcription factor dynamics.

To overcome this, I developed an experimental framework that combines acute optoge-
netic manipulation of transcription factor dynamics with concurrent measurement of tran-
scriptional response in a developing fruit fly embryo. Our findings demonstrate that a tran-
scriptional repressor induces abrupt, switch-like transitions into enduring repressive states,
which can be rapidly reversed within 1-2 minutes.

As we move forward, it will be essential to validate and refine our mathematical models
with experimental data from various biological contexts. Transcriptional bursting parameters
can be measured and analyzed in various biological contexts, including different cell types,
developmental stages, and environmental conditions. As our models become more precise
and robust, they will serve as powerful tools for deciphering the intricate language of gene
regulatory networks.

Our approach is a significant stride towards a more comprehensive and quantitative
understanding of gene regulatory networks. It enables us not only to dissect gene regulation
at the individual pathway level but also to connect these components, thereby offering a
holistic view of the network’s function and its role in development.
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1.2.2 Exploring bistability in autoactivation network motifs

In the second project of my doctoral studies, as presented in chapter 3, I explored the mech-
anisms through which autoactivation network motifs lead to the establishment of discrete
cellular identities (Figure 1.4C, 2). Over many years, the Waddington landscape concept
[171] has provided developmental biologists with a theoretical framework to comprehend how
cells, like balls rolling down valleys, adopt their definitive fates.

This notion, proposed by Waddington, has frequently been mathematically represented
using dynamical systems theory [171]. Within this context, a transcription activator regu-
lating its own expression through positive feedback could potentially create a bistable state.
This bistability would theoretically enable cells to adopt one of two distinct fates perma-
nently. The initial activator production is presumed to be controlled by upstream regulatory
interactions. Once this production reaches a critical threshold, it triggers the feedback loop,
thereby “locking” cells into a high expression state.

Despite the prevalence of the assumption that autoactivation could serve as the foun-
dation for this type of developmental memory, and despite the widespread occurrence of
positive feedback loops in gene regulatory networks, positive autoregulation alone doesn’t
necessarily lead to bistability. Remarkably, no empirical measurements have so far con-
firmed the bistability of any autoactivation motifs within the context of a living organism
undergoing development.

To address this knowledge gap, in this project, we merged quantitative mathematical
modeling with in vivo live imaging. This approach allowed us, to the best of our knowledge,
to be the first to quantitatively characterize positive autoregulation in single cells while they
commit to their ultimate fate within a developing animal. For our case study, we chose
the binary pattern (ON or OFF) of the fushi tarazu (ftz) gene in the fruit fly Drosophila
melanogaster.

Ftz gene expression is governed by two primary regulatory sequences: an early element,
which is responsive to upstream transcription factors and establishes its initial seven-stripe
expression pattern [45], and an autoregulatory element that responds to Ftz protein to
stimulate its own expression [138, 146, 145]. By distinguishing the initial Ftz expression from
its autoregulatory activity, we discovered that ftz autoactivation is initiated at a specific
developmental timepoint, independent of the Ftz levels driven by the early element. We
further elucidated that cells attain binary Ftz states as ftz expression swiftly transitions
from being regulated by the early element to the autoregulatory element.

1.2.3 Investigating design principles of enhancer binding-site
organization
My third project, described in chapter 4, focuses on design principles governing the binding-

site organization within developmental enhancers, which contain transcription factor binding
sites that determine when, where, and how cell fates are decided (Figure 1.4C, 3).
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To probe this question, I first tackled a long-standing challenge in the field of enhancer
biology—reconstituting functional developmental enhancers from known binding sites. I was
the first to successfully reconstitute the even-skipped (eve) stripe 2 enhancer—one of the best-
studied enhancers in developmental biology [151, 9]—a feat that multiple labs have attempted
and failed at during the past two decades. The reconstituted enhancer recaptured the iconic
stripe pattern and enabled the complete reorganization of its DNA sequence, which led to a
surprising discovery—the enhancer function may be preserved even under a complete random
reorganization of its binding sites. My work demonstrated the extraordinary flexibility of
enhancer organization, which is the crucial step toward the rational design of functional
regulatory sequences.
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Figure 1.4: Overview of my PhD works. (A) My PhD works focus on gap gene and
pair-rule gene regulation during fruit fly development. Gap genes give rise to domain-like
patterns, while pair-rule genes are expressed in seven-stripe patterns during early fruit fly de-
velopment. (B) Part of the gene regulatory network of fruit fly early development, describing
interactions between gap genes and pair-rule genes. (C) (1) Quantitative information about
dynamics, space and concentrations are crucial yet often absent in the network diagrams.
In this project, we quantified the input-output relationship and regulation kinetics to reveal
the molecular mechanism of transcriptional regulation so that quantitative information is
assigned to the network arrow. (2) Feedback network has been proposed to contribute to
developmental fates. We pursue a predictive understanding of cell fate decisions through
the dynamical systems analysis of developmental networks. (3) How flexible binding site
organization within the enhancer has been a key question in the field. We used synthetic
reconstitution and rational reorganization and discovered that enhancer organization could
be extremely flexible.
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Chapter 2

Optogenetic dissection of
transcriptional repression in a
multicellular organism

This chapter is a reproduction of reference [186]

Abstract

Transcriptional control is fundamental to cellular function. However, despite knowing that
transcription factors can repress or activate specific genes, how these functions are imple-
mented at the molecular level has remained elusive, particularly in the endogenous context of
developing animals. Here we combine optogenetics, single-cell live-imaging, and mathemati-
cal modeling to study how a zinc-finger repressor, Knirps, induces switch-like transitions into
long-lived quiescent states. Using optogenetics, we demonstrate that repression is rapidly
reversible (~1 minute) and memoryless. Furthermore, we show that the repressor acts by
decreasing the frequency of transcriptional bursts in a manner consistent with an equilib-
rium binding model. Our results provide a quantitative framework for dissecting the in vivo
biochemistry of eukaryotic transcriptional regulation.

2.1 Introduction

Throughout biology, transcription factors dictate gene expression and, ultimately, drive cell-
fate decisions that play fundamental roles in development [156], immune responses [84], and
disease [22]. Achieving a quantitative and predictive understanding of how this process un-
folds over time and space holds the potential both to shed light on the molecular mechanisms
that drive cellular decision-making and to lay the foundation for a broad array of bioengi-
neering applications, including the synthetic manipulation of developmental processes [62,
49, 64, 147, 120] and the development of therapeutics [20].
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In recent years, great progress has been made in uncovering the molecular mechanism of
transcription factor action through cell culture-based methods thanks to the emergence of
a wide array of imaging techniques that can query the inner workings of cells in real time,
often at the single molecule level (see, for example, [43, 103, 33, 14, 107, 112, 26, 25, 143]).
However, progress has been slower in multicellular organisms, where a lack of comparable
tools has limited our ability to query the dynamics of transcription factor function in their
endogenous context. Indeed, while fixation-based methods, such as immunofluorescence
staining, mRNA FISH, and various sequencing-based techniques represent powerful tools for
investigating cellular decision-making in animals [88, 53, 132, 109, 40, 174, 117, 152, 27,
131], these methods are mostly silent regarding the single-cell and single-gene dynamics of
transcriptional control.

To move beyond these limitations, new experimental techniques are needed that provide
the ability to quantify and manipulate input transcription factor concentrations over time
in multicellular organisms while simultaneously measuring output transcriptional activity.
Recently, we and others have developed new technologies to realize this goal through new
molecular probes that allow for the direct measurement of protein [18], and transcriptional
dynamics [63, 114] in single cells of living multicellular organisms, as well as optogenetic
techniques for the light-based modulation of nuclear protein concentration in vivo [125, 98].

Here, we combine these technologies to study causal connections between the molecular
players that underpin transcriptional control, shedding new light on the molecular basis
of transcriptional repression in a developing animal. We use this platform to answer two
key questions regarding the kinetic properties of repression. First, despite several studies
dissecting repressor action at the bulk level [177, 16, 109, 144, 75], it is not clear whether this
repression is implemented in a graded or switch-like fashion at individual gene loci over time
(Figure 2.1A, left). Second, the adoption of cellular fates—often dictated by repressors—
has been attributed to the irreversible establishment of transcriptional states [104, 159, 84].
However, it is unclear whether the action of repressors is itself reversible—such that sustained
repressor binding is required to maintain gene loci in inactive transcriptional states—or
if, instead, repression is irreversible—such that even transient exposure to high repressor
concentrations is sufficient to induce long-lived transcriptional inactivity as a result of, for
example, the accumulation of chromatin modifications. To answer these questions, in this
work, we examine how the zinc-finger repressor Knirps drives the formation of stripes 4 and
6 of the widely studied even-skipped (eve) pattern during the early development of the fruit
fly Drosophila melanogaster (Figure 2.1B) [56, 110, 11].
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Figure 2.1: Combining optogenetics and live imaging enables dissection of single-
cell repression dynamics in a developing animal. (A) Key questions regarding tran-
scriptional repression. Left: Whether single-cell repression occurs in a gradual or switch-like
fashion over time. Right: Whether repression is reversible. (B) Knirps represses even-
skipped (eve) stripes 446 transcription in the fruit fly embryo. Top: Knirps is expressed
in a bell-shaped domain during early embryogenesis. Bottom: Knirps specifies the position
and sharpness of the inner boundaries of eve stripes 4 and 6. (C) Two-color tagging permits
the simultaneous visualization of input protein concentration and output transcriptional dy-
namics in vivo. Maternally deposited EYFP molecules bind to Knirps-LlamaTag, resulting
in increased nuclear fluorescence, which provides a real-time readout of the nuclear protein
concentration. Maternally deposited MS2 coat protein (MCP) binds to MS2 stem-loops in
the nascent RNA formed by RNAP molecules elongating along the body of the eve 4+6
reporter construct leading to the accumulation of fluorescence at sites of nascent transcript
formation. LEXY tag is also fused to Knirps to allow for optogenetic manipulation of its
nuclear concentration. (continued on the next page)
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Figure 2.1: (continued) Combining optogenetics and live imaging enables dissec-
tion of single-cell repression dynamics in a developing animal. (D) Representative
frames from live-imaging data. The embryo is oriented with the anterior (head) to the left.
Green and magenta channels correspond to Knirps repressor and eve 446 transcription, re-
spectively. When Knirps concentration is low, eve stripe 4+6 is expressed in a broad domain,
which refines into two flanking stripes as Knirps concentration increases. (E) Optogenetic
control of nuclear protein export. Upon exposure to blue light, the nuclear export signal
within the LEXY domain is revealed. As a result, the fusion protein is exported from the
nucleus. (F) Fluorescence images of embryos expressing the Knirps-LEXY fusion undergo-
ing an export-recovery cycle. (G) Relative nuclear fluorescence of the repressor protein over
time (n = 55 nuclei). Half-times for export and recovery processes are estimated by fitting
the fluorescence traces with exponential functions.

2.2 Results

2.2.1 An optogenetics platform for dissecting single-cell
repression dynamics in development

To measure Knirps protein concentration dynamics, we labeled the endogenous knirps locus
with a LlamaTag, a fluorescent probe capable of reporting on protein concentration dynamics
faster than the maturation time of more common fluorescent protein fusions [18]. Further,
we quantified the target transcriptional response using a reporter construct of the eve stripe
4+6 enhancer [56], where the nascent RNA molecules are fluorescently labeled using the
MCP-MS2 system [12, 63, 114] (Figure 2.1C). The resulting nuclear fluorescence and tran-
scriptional puncta provide a direct readout of input Knirps concentration and output eve
4+6 transcription, respectively, as a function of space and time. Our data recapitulate classic
results from fixed embryos [148] in dynamical detail: gene expression begins in a domain that
spans stripes 4 through 6, subsequently refined by the appearance of the Knirps repressor in
the interstripe region.

To enable the precise temporal control of Knirps concentration, we attached the optoge-
netic LEXY domain [125] to the endogenous knirps locus in addition to the LlamaTag (Fig-
ure 2.1C). Upon exposure to blue light, the LEXY domain undergoes a conformation change
which results in the rapid export of Knirps protein from the nucleus (Figure 2.1E). Export-
recovery experiments revealed that export dynamics are fast, with a half-time <10 seconds,
while import dynamics are somewhat slower, with a half-time ~60 seconds upon removal of
illumination (Figure 2.1F and G). These time scales are much faster than typical developmen-
tal time scales [55], allowing us to disentangle rapid effects due to direct regulatory interac-
tions between Knirps and eve 4+6 from slower, indirect regulation that is mediated by other
genes in the regulatory network. We established stable breeding lines of homozygous opto-
genetic Knirps flies, demonstrating that the protein tagged with both LEXY and LlamaTag
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is homozygous viable. Furthermore, our optogenetic Knirps drives comparable levels of eve
446 than wild-type Knirps (Figure 2.5). Thus, we conclude that our optogenetics-based
approach represents an ideal platform for manipulating transcriptional systems to probe
the molecular basis of gene regulatory control without significantly affecting the broader
regulatory network and the developmental outcome this network encodes for.

2.2.2 Repressor concentration dictates transcriptional activity
through all-or-none response

To understand how Knirps repressor regulates eve 446 expression, we first analyzed the
temporal dynamics of Knirps-LlamaTag-LEXY (hereafter referred to simply as “Knirps”)
concentration and eve 4+6 expression in the absence of optogenetic perturbations. We
generated spatiotemporal maps of input repressor concentration and output transcription
by spatially aligning individual embryos according to the peak of the Knirps expression
domain along the anterior-posterior axis (Figure 2.6; Figure 2.7). These maps reveal a clear
pattern: rising repressor concentrations coincide with a sharp decline in eve 4+6 activity at
the center of the Knirps domain. Focusing on the central region of the Knirps domain (-2%
to 2% of the embryo length with respect to the center of the domain), we observe a clear
anti-correlation between Knirps concentration—which increases steadily with time—and the
mean transcription rate, which drops precipitously between 10 and 20 minutes into nuclear
cycle 14 (Figure 2.2A).

We quantified the regulatory relationship implied by these trends by calculating the
Knirps vs. eve 4+6 “input-output function”, which reports on the average transcription rate
as a function of nuclear repressor concentration (inset panel in Figure 2.2A). This revealed
a sharp decline in transcriptional activity across a narrow band of Knirps concentrations,
suggesting that eve 446 loci are highly sensitive to nuclear repressor levels. This finding
is consistent with previous observations that Knirps represses eve 4+6 [57], and with the
discovery of multiple Knirps binding sites in the eve 446 enhancer region (Figure 2.8) [32].
However, neither our endogenous measurements nor these previous studies can rule out the
possibility that other repressors might also play a role in driving the progressive repression
of eve 4+6 over the course of nuclear cycle 14. Indeed, by themselves, neither live imaging
experiments (which are constrained to observing wild-type trends) nor classical mutation-
based studies (which are subject to feedback encoded by the underlying gene regulatory
network) can rule out the presence of other inputs.

Our optogenetics approach allows us to circumvent these limitations and search for reg-
ulatory inputs that impact eve 4+6 experiments, but are not directly observed in our ex-
periments. Specifically, we used optogenetics to alter Knirps concentration dynamics over
the course of nuclear cycle 14. Shortly after the beginning of the nuclear cycle, we exposed
embryos to low and high blue light illumination, inducing moderate and strong reductions in
nuclear Knirps concentration, respectively, which resulted in distinct transcriptional trends
(Figure 2.2B; Figure 2.9). We reasoned that, because we are only altering Knirps con-
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Figure 2.2: Knirps concentration dictates sharp, switch-like repression. (A) Av-
erage Knirps concentration (green) and eve 446 transcription (magenta) over time shows
a clear anticorrelation. These dynamics are calculated by averaging the traces over a win-
dow of -2% to 2% along the anterior-posterior axis of the embryo and centered around
the peak of the Knirps pattern (see Figure 2.6). Target transcription declines sharply as
Knirps concentration increases. Inset panel shows the input-output relationship under this
no light (unperturbed) condition. (B) Optogenetics allows for titration of protein concen-
tration. Top panel shows the average Knirps concentration for three embryos, each under
different illumination intensities. Bottom panel shows the corresponding trends in the eve
446 transcription rate. The illumination started around 12 minutes into nuclear cycle 14
and continued throughout the experiment. (C) To test whether Knirps is the only repressor
whose concentration changes in the system, input-output functions under different illumi-
nation conditions can be compared. If there are multiple potentially unknown repressors
at play (e.g. the X transcription factor in the figure), then each illumination level should
lead to a different input-output function (left). However, if Knirps is the sole repressor, the
input-output functions for each condition should collapse onto a single curve (right). (con-
tinued on the next page)
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Figure 2.2: (continued) Knirps concentration dictates sharp, switch-like repres-
sion. (D) Average transcription rate as a function of Knirps concentration for each illumina-
tion condition (averaged over a window of -2% to 2% along the anterior-posterior axis). All
three conditions follow the same trend, suggesting that Knirps is the only repressor regulating
target transcription during this developmental stage. The input-output relationship is fitted
with a Hill function resulting in a Hill coefficient of 6.36 (95% CI [6.08, 6.64]). (Averaged
over n = 4 for no light, n = 4 for low intensity and n = 3 for high intensity embryos.) (E)
lustrative single-cell Knirps (green points) and transcriptional dynamics (magenta points)
show that repression is switch-like at the single-cell level. Traces are normalized by their
maximum transcription rate and smoothened using a moving average of 1 minute. (Error
bars in A, B, and D indicate the bootstrap estimate of the standard error. ¢t = 0 is defined
as the onset of transcription in nuclear cycle 14. Transcription rate reflects the measured
MS2 signal, which is an approximation of the eve mRNA production rate [63, 102, 18].)

centration dynamics, the presence of other repressors dictating eve 446 activity together
with Knirps should lead to distinct input-output curves across these different illumination
conditions (Figure 2.2C, left). Conversely, if Knirps is the sole repressor driving the repres-
sion of eve 446 over time, the transcriptional input-output function should be invariant to
perturbations of Knirps concentration dynamics (Figure 2.2C, right).

Comparing the eve 446 vs. Knirps input-output function for the unperturbed control
(inset panel of Figure 2.2A) to that of optogenetically perturbed embryos (Figure 2.2D),
we find that all three conditions collapse onto a single input-output curve, providing strong
evidence that Knirps is the sole repressor of eve 4+6. Moreover, as noted above, we find
that Knirps repression occurs in a sharp fashion: eve 446 loci transition from being mostly
active to mostly repressed within a narrow band of Knirps concentrations. To quantify this
sharp response, we fit a Hill function to the data in Figure 2.2D (gray line), which yielded a
Hill coefficient of 6.58+0.40. Notably, this is comparable to Hill coefficients estimated for the
Bicoid-dependent activation of hunchback [71, 180, 131]; another canonical example of sharp
gene regulation—in this case, of activation—during developmental patterning which relies
on the presence of multiple binding sites for the transcription factor within the enhancer.

The input-output function in Figure 2.2D summarizes the average effect of repressor
level on eve 446 expression, but it cannot alone shed light on how this effect is achieved
in individual cells. Thus, we next investigated how this sharp average decrease in gene
expression is realized at the single-cell level. We examined single-cell trajectories of Knirps
repressor and corresponding eve 4+6 transcription. This revealed that the sharp population-
level input-output function illustrated in Figure 2.2D is realized in an all-or-none fashion at
the level of individual cells (Figure 2.2E; Figure 2.10). During this process, the gradual
rise in Knirps concentration induces an abrupt, seemingly irreversible, transition from active
transcription to a long-lived (or even permanent), transcriptionally quiescent state.
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Figure 2.3: Knirps repression is rapidly reversible and memoryless. (A) Testing
the reversibility of Knirps repression using a step-like optogenetic perturbation. Upon re-
moval of Knirps repressor from the nucleus, transcriptional activity can remain repressed or
recover, depending on whether repression is irreversible or reversible. (B) Snapshots from
a movie before (top) and after (bottom) the optogenetic export of Knirps protein. Nuclei
whose transcription was originally repressed by Knirps fully reactivate after 4 minutes of
illumination. (C) Heatmap of single-cell reactivation trajectories sorted by response times.
Response time is defined as the interval between the perturbation time and when the MS2
spots reappear. (D) Average repressor concentration (green) and the fraction of actively
transcribing cells (magenta) before and after blue light illumination. We find that Knirps
repression is rapidly reversible within 4 minutes. (n = 229 nuclei from 4 embryos, averaged
over a -2% to 2% window along the anterior-posterior axis centered on the Knirps concen-
tration peak). (continued on the next page)



CHAPTER 2. OPTOGENETIC DISSECTION OF TRANSCRIPTIONAL
REPRESSION IN A MULTICELLULAR ORGANISM 21

Figure 2.3: (continued) Knirps repression is rapidly reversible and memoryless.
(E) Fast reactivation occurs with an average of 2.5 minutes. The reactivation response time
is calculated as the interval between the perturbation and when a locus is first observed to
resume transcription. (n = 139 nuclei from 4 embryos). Inset panel describes the cumulative
distribution of reactivation times. To exclude gene loci that were transiently OFF due to
transcriptional bursting or missed detections, we focused this analysis on gene loci that were
silent for at least 2 minutes before perturbation. (F) Knirps repression is memoryless. Plot
showing the reactivation response time of individual loci as a function of the time spent
in the repressed state before optogenetic reactivation. The reactivation response time is
independent of the repressed duration of the locus. (Error bars in D and F indicate the
bootstrap estimate of the standard error.)

2.2.3 Rapid export of repressor reveals fast, reversible
reactivation kinetics at the single-cell level

It has been shown that the activity of repressors can have different degrees of reversibility [14,
21]. For example, recruitment of certain chromatin modifiers may silence the locus even if the
initial transcription factor is no longer present [14]. The single-cell traces in Figure 2.2E and
Figure 2.10 appear to transition into an irreversible transcriptional quiescent state. However,
since Knirps concentration keeps increasing after eve 446 expression shuts off, it is possible
that repression is, in fact, reversible and that the observed irreversibility is due only to the
monotonic increase of the repressor concentration over time.

To probe the reversibility of Knirps-based repression, we used optogenetics to induce
rapid, step-like decreases in nuclear Knirps concentration (Figure 2.3A). Prior to the pertur-
bation, the system was allowed to proceed along its wild-type trajectory until the majority of
eve 446 loci at the center of the Knirps domain were fully repressed. Strikingly, when blue
light was applied to export Knirps, we observed a widespread, rapid reactivation of repressed
eve loci (Figure 2.3B and C). To probe the time scale of reactivation, we calculated the frac-
tion of active nuclei as a function of time since Knirps export (Figure 2.3D, Figure 2.11).
This revealed that eve loci begin to reactivate in as little as 1 minute following illumination.
We obtain a reactivation time distribution from single-cell trajectories with a mean response
time of 2.5 minutes (Figure 2.3E) and find that transcription fully recovers within 4 minutes
of Knirps export (Figure 2.3D). Thus, Knirps repression is completely reversible.

Previous studies have revealed regulatory “memory” wherein the repressive effect of cer-
tain repressors increases with longer exposure [14]. Thus, we reasoned that prolonged ex-
posure to high levels of a repressor could induce the accumulation of specific chemical or
molecular modifications that prevent activator binding and, as a result, impede reactiva-
tion at the target locus, such as histone modifications [166]. If this process is present, we
should expect gene loci that have been repressed for a longer period before optogenetically
triggering repressor export to require more time to reactivate. To test this hypothesis, we
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used the measured single-cell reactivation trajectories (Figure 2.3C) to calculate the average
reactivation time as a function of how long cells had been repressed prior to Knirps export.
Interestingly, our analysis reveals that the reactivation time has no dependence on the re-
pressed duration (Figure 2.3F). This, combined with the fact that nearly all (97%) repressed
gene loci reactivate upon Knirps export (inset panel in Figure 2.3E), argues against the
accumulation of any significant molecular memory amongst repressed gene loci within the
~10 minute time scale captured by our experiments. Instead, it points to a model where
repressor action is quickly reversible and memoryless.

2.2.4 Knirps acts by inhibiting the initiation of transcription
bursts

One of the simplest model that can capture the reversible, memoryless transitions between
active and inactive transcriptional states observed in Figure 2.3 is a two-state model, in
which the gene promoter switches stochastically between periods of transcriptional activity
(“bursts”) and periods of inactivity [187, 102, 11, 58, 17, 130, 111, 180]. Here, the gene
promoter switches between active (ON) and inactive (OFF) states with rates ko, and ko,
and initiates RNAP molecules at a rate r while in the ON state (Figure 2.4A). Consistent
with this model, our single-cell transcriptional traces show clear signatures of transcriptional
bursting (see, e.g., top two panels of Figure 2.2E; Figure 2.10), suggesting that this two-
state framework provides a viable basis for examining how Knirps regulates transcriptional
activity at eve 4+6 loci.

Within this model, the repressor can act by decreasing burst frequency (decreasing ko),
by decreasing the duration of transcriptional bursts (increasing kog), by decreasing the burst
amplitude (decreasing r), or any combination thereof as shown in Figure 2.4A. To shed light
on the molecular strategy by which Knirps represses eve 4+6, we utilized a recently-developed
computational method that utilizes compound-state Hidden Markov Models (cpHMM) to
infer promoter state dynamics and burst parameter values (kop, kof, and r) from single-cell
transcriptional traces as a function of Knirps concentration (Figure 2.4B) [102]. We used
data from all three illumination conditions (outlined in Figure 2.2B) and conducted burst
parameter inference on 15-minute-long segments of MS2 traces.

To reveal burst parameter dependence on Knirps concentration, we grouped traces based
on low ([Knirps]< 4 au) and high ([Knirps|> 6 au) Knirps concentrations (Figure 2.4B) and
conducted cpHMM inference. We find that the repressor strongly impedes locus activation,
decreasing the frequency of transcriptional bursts (ko,) from 2.3 bursts per minute down to
1.1 burst per minute between low and high Knirps concentrations (Figure 2.4C, left panel).
We also find a moderate (~ 30%) increase in the duration of transcriptional bursts between
low and high Knirps concentrations; however this change is smaller than the uncertainty in
our inference (Figure 2.4C, middle panel). Finally, we find no significant change in the burst
amplitude as a function of Knirps concentration (Figure 2.4C, right panel). Thus, burst
parameter inference indicates that Knirps represses eve 4+6 loci mainly by interfering with
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Figure 2.4: Knirps represses through instantaneous modulation of burst frequency.
(A) Cartoon illustrating the two-state model of transcriptional bursting where a promoter
can stochastically transition between active and inactive states. Knirps may regulate eve by
altering any of the three kinetic rates in the model. (B) A representative experimental trace
of Knirps protein (top) and transcription dynamics, along with the best fit (middle) and the
corresponding sequence of inferred promoter activity states (bottom) returned by cpHMM
inference. (C) Bar plots indicating cpHMM burst parameter inference results for eve 446
loci subjected to low ([Knirps|]< 4 au) and high ([Knirps|> 6 au) Knirps concentrations.
Inference reveals a two-fold decrease in the burst frequency, a moderate (30% though within
error bars) increase in burst duration, and no notable change in the burst amplitude between
low and high concentrations. (D-H) Summary of stochastic simulation methodology and
results. First, we sample real single-cell Knirps concentration trajectories from (i) the three
illumination conditions shown in Figure 2.2D and (ii) the reactivation experiments. (D)
lustrative individual (green lines) and average (green circles) nuclear Knirps concentration
trajectories as a function of time in unperturbed embryos. (continued on the next page)
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Figure 2.4: (continued) Knirps represses through instantaneous modulation of
burst frequency. (E) Individual and average nuclear Knirps concentrations before and af-
ter optogenetic export, which happens at time t = 0. (F) We take k,, to be a Hill function of
Knirps concentration, with a shape that is determined by three microscopic parameters: k2
Kp, and H (see inset panel and Equation 2.1). Given some set of microscopic parameters,
we can plug Knirps concentration trajectories from (D) and (E) into the corresponding ko
input-output function to predict transcriptional outputs. The dashed blue curve indicates
the input-output function for the burst frequency trend (ko,) corresponding to the best-
fitting set of microscopic parameters. Light blue shading indicates the standard error of the
mean of the k,, input-output trend, as estimated by MCMC inference. To test the possibility
that Knirps binding at the eve 4+6 enhancer, we fit a simple thermodynamic model to the
trend revealed by our input-output simulations. The black line shows the best-fitting curve
predicted by this molecular model. The binding model assumes 10 Knirps binding sites.
We used the input-output function in (F) to generate a population of simulated MS2 traces
that we used to predict. (G) the average fluorescence as a function of Knirps concentration
and (H) the reactivation dynamics. Dashed red line indicates the prediction of the best-
fitting model realization. Shaded red regions indicate standard deviation of the mean, as
indicated by our MCMC inference. (Error bars in C reflect the standard error of the mean,
as estimated from no fewer than 20 bootstrap burst inference replicates. The transcription
rate is calculated from the measured MS2 signal, which is an approximation of the mRNA
production rate [63, 102, 18].)

the initiation of transcriptional bursts. See Supplementary Text Section 2.7.1 and Figure 2.12
for additional cpHMM inference results.

To our knowledge, Figure 2.4C provides the first simultaneous measurement of transcrip-
tion factor concentration and burst dynamics in a living multicellular organism. However,
these results are, necessarily, a coarse-grained approximation of the true regulatory dynam-
ics. This is because our cpHMM inference has an inherently low temporal resolution, reflect-
ing averages taken across 15-minute periods of time and across large ranges of input Knirps
concentrations. However, in principle, our live imaging data—which contains high-resolution
time traces of both input repressor concentration dynamics and output transcriptions rates—
should make it possible to move beyond these coarse-grained estimates to recover the true,
instantaneous regulatory relationship between Knirps concentration and burst dynamics.

To answer these questions, we developed a novel computational method that utilizes
stochastic simulations of single-cell transcriptional trajectories to test theoretical model pre-
dictions against our experimental measurements and uncover repressor-dependent burst pa-
rameter trends (Figure 2.13; Supplementary Text Section 2.7.2). Motivated by the cpHMM
inference shown in Figure 2.4C, as well as finer-grained results shown in Figure 2.12, we
allow both the burst frequency and the burst duration (but not the burst amplitude) to vary
as a function of Knirps concentration. We assume a model in which these parameters are
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simple Hill functions of repressor concentration. For the burst frequency (ko ), this leads to
a function with the form

Kp

kon ([Knirps]) = ko, ——= ,
[Knirps]” + K4

(2.1)

where k2 sets the maximum burst frequency value, the Hill coefficient H sets the sharpness
of the response, and Kp dictates the Knirps concentration midpoint for the transcriptional
response, giving the repressor concentration where k,, drops to half its maximum value.
Together, these “microscopic” parameters define an input-output function that directly links
the burst frequency to Knirps concentration. As noted above, we also allow the burst
duration to vary as a function of Knirps concentration (see Equation 2.3 and Supplementary
Text Section 2.7.2.1 for further details). However we focus on k,, throughout the main text,
since it is the only parameter that decreases as a function of Knirps concentration (and,
thus, the only parameter that could drive eve 446 repression).

With our model defined, our procedure is as follows: we start by sampling real single-
cell Knirps concentration trajectories from (i) the three illumination conditions shown in
Figure 2.2D and (ii) the reactivation experiments shown in Figure 2.3 (Figure 2.4D and E,
respectively). Then, we plug these Knirps trajectories into the input-output functions de-
fined in Equation 2.1 (for burst frequency; see also Figure 2.4F) and Equation 2.3 (for
burst duration). Next, given a set of microscopic parameters (e.g., H, Kp, and kY for
Equation 2.1), we generate time-dependent burst parameter trends (Figure 2.13B). We then
use these trends to simulate corresponding ensembles of MS2 traces (Figure 2.13C-F; see
also Supplementary Text Section 2.7.2.1). We use these simulated MS2 traces to calculate,
first, the predicted Knirps vs. eve 446 input-output function (Figure 2.4G) and, second,
the predicted reactivation cumulative distribution function curve (Figure 2.4H). Finally, we
compare these predictions to empirical measurements of the same quantities from our live
imaging experiments (see Figure 2.2D and inset panel of Figure 2.3E). Through this process
of simulation and comparison, each set of microscopic parameters used to calculate our pre-
dictions are assigned a fit score. We then use parameter sweeps and Markov Chain Monte
Carlo (MCMC) [65, 140] to search for parameters that most successfully reproduced our live
imaging results (see Figure 2.13E-G and Sections 2.7.2.3 and 2.7.2.4).

As illustrated in Figure 2.4F, we find that the best-fitting model features a sharp ko,
versus Knirps input-output function (H = 6.0540.7). We also find that k,, has a relatively
low Kp of 3.7 au + 0.13 with respect to the range of Knirps concentrations experienced by
eve 4+6 loci (see Figure 2.2B, bottom), which implies that gene loci have a low concentration
threshold for Knirps repression. As a result of this low threshold, eve 446 loci are effectively
clamped in the OFF state (ko, < 0.1 bursts per minute) once the Knirps concentration
exceeds 6 au, which happens about 12 minutes into nuclear cycle 14 for the average nucleus
at the center of the Knirps domain (Figure 2.2B, bottom). See Figure 2.14 and Supple-
mentary Text Section 2.7.2.5 for full inference results. Our findings also demonstrate that
a simple two-state model in which Knirps represses eve 4+6 by decreasing the frequency of
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transcriptional bursts is sufficient to quantitatively recapitulate both the sharp decrease in
the average transcription rate with increasing Knirps concentration (Figure 2.4G) and the
kinetics of reactivation following Knirps export (Figure 2.4H).

Our simulation results also shed further light on the dynamics of eve reactivation fol-
lowing the step-like optogenetic export of Knirps protein from the nucleus (Figure 2.3A).
From Figure 2.3E and F, we know that it takes approximately 2-4 minutes following Knirps
export for MS2 spots to reappear in our live-imaging experiments. Yet this is the time
scale for detection—for the amount of time it takes for genes to produce detectable levels
of transcription and, hence, MS2 fluorescence—and thus likely overestimates the true eve
4+6 response time. So how fast is it really? Our model, which accounts for the fluorescence
detection limit, predicts that k., recovers to half of its steady-state value within 30 seconds
of the start of the optogenetic perturbation (Figure 2.15). Furthermore, we predict that half
of all gene loci switch back into the transcriptionally active (ON) state within 102 seconds
(1.7 minutes). Thus, it takes fewer than two minutes for eve 4+6 loci to “escape” Knirps
repression and re-engage in bursty transcription.

2.3 Discussion

Taken together, our results point to a model wherein the repressor acts upon the gene locus
while it is transcriptionally inactive (OFF) to inhibit re-entry into the active (ON) state.
Consistent with this picture, we find that the functional relation between k., and Knirps
concentration inferred by MCMC inference is well explained by a simple equilibrium binding
model where the burst frequency is proportional to the number of repressor molecules bound
at the 446 enhancer (solid black curve in Figure 2.4F; see Supplementary Text Section 2.7.3
for details).

Our in wvivo dissection provides important clues toward unraveling the molecular basis
of repressor action. We show that Knirps repression is switch-like (Figure 2.2), memoryless
(Figure 2.3F), and rapidly reversible (Figure 2.3E). Another key point is that, although our
model predicts that gene loci require 1-2 minutes to reactivate and enter the ON state fol-
lowing the optogenetic export of Knirps from the nucleus (Figure 2.15), the model assumes
that the burst frequency itself responds instantaneously to changing Knirps concentration
(see Equation 2.1, blue curve in Figure 2.15). While no reaction can truly be instantaneous,
the success of this model in describing repression dynamics points to an underlying mecha-
nism controlling the burst frequency that rapidly reads and responds to changing repressor
concentrations, likely within a matter of seconds—a timescale that is consistent with the fast
binding and unbinding dynamics reported for eukaryotic transcription factors [101]. Lastly,
the success of the two-state bursting model (Figure 2.4A) at recapitulating Knirps repression
dynamics (Figure 2.4G and H) suggests that the same molecular process may be responsible
for both the short-lived OFF periods between successive transcriptional bursts (see, e.g., the
middle panel of Figure 2.4B) and the much longer-lived periods of quiescence observed in
repressed nuclei (e.g., Figure 2.3C), and that there may be no need to invoke an “extra”
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repressor-induced molecular state outside of the bursting cycle [34, 47, 108].

Previous work has established that Knirps plays a role in recruiting histone deacetylase
[161] and that Knirps repression coincides with increased histone density at target enhancers
such as the one dissected here [109]. This suggests a model in which the repressor modulates
the longevity of the OFF state by tuning the accessibility of enhancer DNA, which would
impact activator binding [109]. Tt is notable, however, that the 1-2 minute reactivation time
scales revealed (Figure 2.3; Figure 2.15) are faster than most chromatin-based mechanisms
measured in vivo so far [182, 79, 14, 21, 101]. This rapid reversibility, along with the memo-
ryless nature of Knirps repression, indicates that whatever the underlying mechanism, Knirps
binding at the locus is necessary in order to maintain the gene in a transcriptionally inactive
state at the stage of development captured by our live imaging experiments. Interestingly,
we found that the modulation of burst frequency by Knirps can be recapitulated by a simple
thermodynamic model predicting Knirps DNA occupancy (black line in Figure 2.4F; see
Supplementary Text Section 2.7.3 for further details). This suggests that the wide repertoire
of theoretical and experimental approaches developed to test these models (see, for example,
[137]) can be used to engage in a dialogue between theory and experiment aimed at dissecting
the molecular mechanism underlying the control of transcriptional bursting.

Critically, none of these molecular insights would have been possible without the ability
to measure and acutely manipulate input transcription factor concentrations in living cells.
Thus, by building on previous works using the LEXY technology in different biological
contexts [125, 98, 164, 150, 124], our work demonstrates the power of the LEXY system
for simultaneously manipulating—and measuring—nuclear protein concentrations and the
resulting output transcriptional activity. This capability can serve as a quantitative platform
for dissecting gene-regulatory logic in vivo. Moreover, the LEXY system improves upon many
previously reported methods of optogenetic control in embryos [175, 24, 142, 85, 92, 86, 119,
93, 95, 133] (see Supplementary Text Section 2.7.4 for further discussions).

Looking ahead, we anticipate that our live imaging approach, along with the quantitative
analysis framework presented in this work, will provide a useful foundation for similar in vivo
biochemical dissections of how the transcription factor-mediated control of gene expression
dictates transcriptional outcomes, opening the door to a number of exciting new questions
relating to transcriptional regulation, cell-fate decisions, and embryonic development that
span multiple scales of space and time.

2.4 Materials and Methods

2.4.1 Cloning and Transgenesis

The fly lines used in this study were generated by inserting transgenic reporters into the fly
genome or by CRISPR-Cas9 genome editing, as described below. See Table 2.1 for detailed
information on the plasmid sequences used in this study.
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2.4.1.1 Creation of tagged knirps loci using CRISPR-Cas9

To tag endogenous the knirps locus with the EGFP-LlamaTag and LEXY modules, we used
CRIPSR-mediated homology-directed repair with donor plasmids synthesized by Genscript.
gRNA was designed using target finder tool from flyCRISPR (https://flycrispr.org),
and cloned based on the protocol from [70]. A yw;nos-Cas9(II-attP40) transgenic line was
used as the genomic source for Cas9, and the embryos were injected and screened by BestGene
Inc.

2.4.1.2 Creation of eve 4+6 reporter

The eve 446 enhancer sequence is based on 800bp DNA segment described in [57]. The
eve 4+6 reporter was constructed by combining the enhancer sequence with an array of 24
MS2 stem-loops fused to the D. melanogaster yellow gene [18]. The eved+6-MS2-Yellow
construct was synthesized by Genscript and injected by BestGene Inc into D. melanogaster
embryos with a ®C31 insertion site in chromosome 2L (Bloomington stock #9723; landing
site VK00002; cytological location 28ET7).

2.4.1.3 Transgenes expressing EYFP and MCP-mCherry

The fly line maternally expressing MCP-mCherry that is attached to a nuclear localiza-
tion signal (chromosome 3) was constructed as described in [18]. The fly line maternally
expressing EYFP (chromosome 2) was constructed as previously described in [96]. To si-
multaneously image protein dynamics using LlamaTags and transcription using MCP-MS2
system, we combined the vasa-EYFP transgene with MCP-mCherry to construct a new line
(yw; vasa-EYFP; MCP-mCherry) that maternally expresses both proteins.

2.4.2 Fly lines

To measure the Knirps pattern and corresponding eve 446 transcription simultaneously,
we performed crosses to generate virgins carrying transgenes that drive maternal EYFP,
MCP-mCherry, along with LlamaTag-LEXY tagged Knirps locus (yw; vasa-EYFP; MCP-
mCherry /Knirps-LlamaTag-LEXY). These flies were then crossed with males having both
the eve 446 reporter and LlamaTag-LEXY tagged Knirps locus (yw; eved+6-MS2-Yellow;
Knirps-LlamaTag-LEXY). This resulted in embryos homozygous or heterozygous for the
tagged Knirps locus also carrying maternally deposited EYFP, MCP-mCherry, and a eve 4+6
reporter. Embryos homozygous for tagged Knirps can be differentiated from heterozygous
embryos through a comparison of their nuclear fluorescence levels as shown in Figure 2.16.
All the fly lines used in this work can be found in Table 2.2
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2.4.3 Embryo preparation and data collection

The embryos were prepared following procedures described in [63, 18, 102]. Embryos were
collected and mounted in halocarbon oil 27 between a semipermeable membrane (Lumox
film, Starstedt, Germany) and a coverslip. Confocal imaging on a Zeiss LSM 780 microscope
was performed using a Plan-Apochromat 40x/1.4NA oil immersion objective. EYFP and
MCP-mCherry were excited with laser wavelengths of 514 nm (3.05 pW laser power) and 594
nm (18.3 pW laser power), respectively. Modulation of Knirps nuclear concentration was
performed by utilizing an additional laser with a wavelength of 458nm, with laser power of
0.2 uW (low intensity in Figure 2.2) or 12.2 uW (high intensity in Figure 2.2 and Figure 2.3).
Fluorescence was detected using the Zeiss QUASAR detection unit. Image resolution was
768 x 450 pixels, with a pixel size of 0.23 pum. Sequential Z stacks separated by 0.5 um
were acquired with a time interval of 20 seconds between each frame, except for the export-
recovery experiment in Figure 2.1, in which we used 6.5 seconds.

2.4.4 Image processing

Image analysis of live embryo movies was performed based on the protocol in [63, 139],
which included nuclear segmentation, spot segmentation, and tracking. In addition, the
nuclear protein fluorescence of the Knirps repressor was calculated based on the protocol
in [96]. The nuclear fluorescence of Knirps protein was calculated based on a nuclear mask
generated from the MCP-mCherry channel. Knirps concentration for individual nuclei was
extracted based on the integrated amount from maximum projection along the z-stack. The
YFP background was calculated based on a control experiment and subsequently subtracted
from the data.

2.4.5 Predicting Knirps binding sites

To dissect Knirps binding to the eve 44-6 enhancer, we used Patser [80] with already existing
point weight matrices [52] to predict Knirps binding sites. The predicted binding sites with
scores higher than 3.5 are shown in Figure 2.8.

2.4.6 Compound-state Hidden Markov Model

To obtain the inference results shown in Figure 2.4C, transcriptional traces were divided into
15 minute-long segments. Each trace segment was then assigned to an inference group based
on the average nuclear Knirps concentration over the course of its 15-minute span. Trace
segments with an average Knirps concentration of less than or equal to 4 arbitrary fluores-
cence units (au) were assigned to the “low” group and segments with a Knirps concentration
greater than or equal to 6 au were assigned to the “high” group. Parameter estimates for
each group were estimated by taking the average across 25 separate bootstrap samples of
the “high” and “low” trace segment groups. Each bootstrap sample contained a minimum of
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6,027 and 10,000 time points for the high and low groups, respectively. Inference uncertainty
was estimated by taking the standard deviation across these bootstrap replicates. We used
a model with two burst states (OFF and ON) and an elongation time of 140 seconds (equal
to seven time steps; see [102]).
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2.5 Supplementary Figures
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Figure 2.5: even-skipped expression under homozygous optogenetic Knirps
(tagged with LEXY and LlamaTag) qualitatively recapitulates wild-type expres-
sion dynamics. (A) To understand whether and to what degree the eve expression pattern
is impacted in the homozygous optogenetics Knirps background, we imaged the dynamics
of a previously published eve-MS2-BAC reporter containing the full endogenous eve locus
[11] in the wild-type and optogenetics Knirps backgrounds. (B-C) The expression pattern
of even-skipped as reported by the fraction of detectable MS2 transcription spots is similar

under wild-type Knirps (B) and optogenetics Knirps (C) except for a weaker stripe 5. (con-
tinued on the next page)
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Figure 2.5: (continued) even-skipped expression under homozygous optogenetic
Knirps (tagged with LEXY and LlamaTag) qualitatively recapitulates wild-type
expression dynamics. (D-E) Comparison of the amount of mRNA present at 30 min-
utes into nuclear cycle 14 (as obtained by integrating the MS2 fluorescence signal) and at
40 minutes shows that stripe 5 expression is weaker under homozygous optogenetics Knirps
at 30 minutes. The integration was performed assuming a mRNA half-time of 7 min. (D)
Stripe 4 and 6 expression is slightly wider than under the wild-type condition at 30 min,
suggesting that optogenetics Knirps is a slightly weaker repressor compared to the wild-type
Knirps. (E) Stripe 5 expression continues to increase as it reaches a similar level compared
to the wild-type around 40 minutes. The anterior-posterior position is aligned based on the
center of stripe 5. The plots are normalized according to the peak of stripe 4 at 40 minutes
and smoothened using a moving window of 1.5% range along the anterior-posterior axis.
(Data from a single embryo is shown for each condition. ¢ = 0 is defined as the onset of
transcription in nuclear cycle 14.)
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Figure 2.6: Nuclei position calibration based on Knirps expression pattern. The
Knirps pattern of each individual embryo is used to align embryos along their anterior-
posterior position axis. (A) Snapshot of the Knirps pattern used to calibrate nuclei position.
(B) Extracted nuclear fluorescence is smoothed by local quadratic regression. (C) The region
with high Knirps expression (yellow region) is extracted with a single threshold. Then, a
quadratic function is fitted to the nuclei with high Knirps expression (yellow region) to
extract the center line of Knirps expression (blue line). (D) Calibrated positions relative to
the Knirps expression peak are calculated based on the distance to the extracted center line.



CHAPTER 2. OPTOGENETIC DISSECTION OF TRANSCRIPTIONAL

REPRESSION IN A MULTICELLULAR ORGANISM 34
‘ : : : : : ‘ 12
A 5t 1 B 5 5 5
1
10t O,_, 10 a
< 8% T =
S 151 3. =15t o
E c5 E 2
g 20 £, qE) 20 13
=25¢ 4 g s25t %
30t 2 30t M
<
31510 5 0 5 10 15 ° 34510 5 0 5 10 15 °
anterior-posterior position (% embryo length) anterior-posterior position (% embryo length)
(relative to the center of Knirps domain) (relative to the center of Knirps domain)

Figure 2.7: Spatiotemporal dynamics of Knirps protein and eve 446 transcrip-
tion. Nuclei were binned based on their positions relative to the center of the Knirps domain
(Figure 2.6, Materials and Methods) and their corresponding (A) Knirps protein concentra-
tion reported by LlamaTag fluorescence and (B) transcription reported by MS2 fluorescence
were quantified over time.
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Figure 2.8: Predicted Knirps binding sites in the eve 446 enhancer. (A) The eve
446 enhancer is an 800 bp segment from the endogenous eve locus. (B) Ten Knirps binding
sites are predicted within the eve 446 enhancer using PATSER [80] and Knirps position
weight matrices from [52]. Only binding motifs with PATSER scores higher than 3.5 are
shown. The bar height of each binding site is proportional to the PATSER score.
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Figure 2.9: Repressor titration results in distinct transcriptional dynamics.
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(A)

Optogenetic titration of protein concentration. Cartoon schematics for three different illumi-
nation conditions. Left: No illumination results in a negligible export of nuclear Knirps over
time (green). Middle: Low dosage of blue light induces weak export of repressor from nuclei.
Right: high intensity of blue light results in a strong export of repressor. (continued on

the next page)
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Figure 2.9: (continued) Repressor titration results in distinct transcriptional dy-
namics. (B) Single-cell traces for embryos with different Knirps export levels show distinct
transcriptional dynamics. (C) Representative single-cell transcriptional dynamics under dif-
ferent illumination conditions show distinct responses. (D) Mean protein (top) and tran-
scription rates (bottom) under different illumination conditions. Averaged over n = 4 (no
light), n = 4 (low intensity) and n = 3 (high intensity) embryos. (Error bars in D indicate
the bootstrap estimate of the standard error over multiple embryos.)
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Figure 2.10: Example single-cell traces under no illumination. Single-cell input
Knirps and output transcriptional dynamics traces show clear signs of transcriptional burst-
ing, and that repression is switch-like. Traces are normalized by their maximum transcription
rate and smoothened using a moving average of 1 minute.



CHAPTER 2. OPTOGENETIC DISSECTION OF TRANSCRIPTIONAL
REPRESSION IN A MULTICELLULAR ORGANISM 39

light OFF light ON .

9
10.9 _,
8 t B0.8
= 10.7 =
37 0.63
v 10.5 %,
£6 {0.42
c
X 10.3 &
5§ 0.2
0.15
0

10 8 6 4 2 0 2 4 6
time relative to perturbation (min)

Figure 2.11: Response to Knirps perturbations is consistent across multiple em-
bryos. Plot showing input Knirps concentration and output transcirptional activity for four
individual embryos. All embryos display similar responses to Knirps export upon light ex-
posure. Each marker shape corresponds to one embryo. (Error bars indicate the bootstrap
estimate of the standard error.)
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Figure 2.12: Full cpHMM inference results of Knirps-regulated transcriptional
bursting. (A) We find that the burst frequency (ko) decreases significantly as a function
of Knirps concentration. (B) We also find a moderate increase in burst duration (1/k.g)
with Knirps concentration, (C) while burst amplitude (r) remains approximately constant.
Lines in A, B and C indicate the best linear fit to data. Circles, diamonds, and squares
indicate data points from no light (unperturbed), low illumination, and high illumination
experiments, respectively, as described in Figure 2.2B.
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Figure 2.13: A computational framework for Knirps-dependent stochastic simula-

tions. (continued on the next page)
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Figure 2.13: (continued) A computational framework for Knirps-dependent
stochastic simulations. (A-D) Schematic showing process for simulating stochastic tran-
scription time traces. (A) We first sample an empirical time trace of Knirps concentration
from a nucleus in our live imaging dataset. (B) Next, we plug this Knirps trace into the
input-output functions for k., (Equation 2.2) and k.g¢ (Equation 2.3) to generate time-
dependent burst parameter trends. (C) We then use a discrete implementation of the
Gillespie Algorithm to simulate a stochastic time-series of promoter activity that reflects
the time-dependent parameter trends. Inset panel shows corresponding initiation rate time
series. (D) Finally, we use this promoter time series to calculate the predicted MS2 fluo-
rescence at each time point. We assume an initiation rate of 21.5 au when the promoter is
in the ON state and a basal rate of 0.6 au when the promoter is OFF. (E-G) Schematic
illustrating the parameter sweep algorithm. (E) We use a simple gridded search to sweep
a broad space of values for key parameters in Equations 2.2 and 2.3. Cartoon illustrates
case for a 2D search for k. -related parameters. In reality, we also scan the analogous kg
parameters, leading to a 4D gridded search. For each iteration of the sweep algorithm, we
select a new combination of parameters (black circle in top panel). (F) Then, we use the
process illustrated in A-D to simulate an ensemble of MS2 traces that reflect these param-
eter values. We generate one simulated MS2 trace for each experimental Knirps trace in
our dataset (G) Finally, we use these simulated traces to calculate dynamics of the fraction
of reactivated and MS2 fluorescence as a function of Knirps concentration for comparison
with our experimental results. The mean squared error is used to assess agreement between
prediction and experimental data and to identify the set of microscopic parameters that best
describes the data.
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Figure 2.14: Full MCMC results for stochastic input-output model parameters.
(A) Univariate and bivariate density plots. Vertical green lines in histograms indicate the
mean parameter value taken across the 25 best-fitting model realizations. Dashed black lines
indicate average parameter values taken across all MCMC samples; i.e. the full distribution
shown in each histogram. Shaded regions in histograms indicate 1 standard deviation above
and below the mean. (B) Inferred trends for the burst frequency (kon), (C) burst duration
(1/kog) and (D) burst amplitude (r1). kog was modeled as a Hill function of Knirps (see
Equation 2.3) and r was assumed to be invariant relative to Knirps concentration.
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Figure 2.15: Model predictions for eve4+6 reactivation dynamics following Knirps
export. Blue curve shows the predicted recovery of burst frequency (calculated from Equa-
tion 2.2) following the optogenetic perturbation of Knirps. The green curve indicates the
corresponding cumulative fraction of loci that are predicted to have reentered the ON state
as a function of time since the perturbation. Black curve is identical to the one shown in
Figure 2.4H and corresponds to the measured fraction of loci that have reentered the ON
state. We observe a lag between the cumulative fraction of ON loci and the experimentally
observed fraction because recently reactivated gene loci typically require multiple time steps
to accumulate sufficient fluorescent MS2 signal in order to be experimentally detected.
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Figure 2.16: Distinguishing homozygous from heterozygous embryos. Homozygous
embryos (n = 4) can be easily distinguished from heterozygous embryos (n = 3) by compar-

ing Knirps concentration at 30 min into ncl4.
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2.6 Supplementary Tables

Table 2.1: List of plasmids used in this study.

Name

Function

pCasper-vasaPr-EYFP

P-element insertion plasmid for vasa
promoter driven EYFP

pBPhi-eved+6-evePr-MS2-Yellow

eve 446 reporter

pHD-Kni-LlamaTag-LEXY-dsRed

Donor  plasmid  for  Knirps-
LlamaTag-LEXY CRISPR knock-in

fusion

pU6-3-gRNA-Knirps-1

guide RNA 1 for Knirps-LlamaTag-
LEXY CRISPR knock-in fusion

pUG6-3-gRNA-Knirps-2

guide RNA 2 for Knirps-LlamaTag-
LEXY CRISPR knock-in fusion

Table 2.2: List of fly lines used in this study.

Genotype Usage
yw; vasa-EYFP; + Maternally  deposit  ubiquitous
EYFP

yw; +; MCP-mCherry/TM3,Sb

Maternally deposit MCP-mCherry
protein

yw; eve4+6-evePr-MS2-Yellow; +

MS2 reporter for eve 446 enhancer

yw; +; Kni-LlamaTag-LEXY

CRISPR knock-in of LlamaTag and
LEXY at Knirps C-terminal

yw; vasa-EYFP; MCP-mCherry/TM3,Sb

Maternally deposit both ubiquitous
EYFP and MCP-mCherry proteins

yw; vasa-EYFP; Kni-LlamaTag-LEXY

Maternally  deposit  ubiquitous
EYFP, and expresses Knirps protein
labeled with LlamaTag and LEXY

Yyw; eved +6-evePr-MS2-Yellow;
LlamaTag-LEXY

Kni-

MS2 reporter for eve 446 enhancer
with endogenous knirps locus la-
beled with LlamaTag and LEXY

46
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Table 2.3: List of parameter ranges used for parameter sweeps.
inclusive ranges. Parameters with a single value appearing in the “range” column were held
fixed during the sweeps. Parameters with two values were sampled at 15 equally spaced

points bounded by the values indicated in the brackets.

Parameter Range

burst frequency Hill Coefficient (Hoy) [3.15, 12.6]

burst frequency half-maximum (Kp,,) 2.5, 10.2] (au)

max burst frequency (kD) 2.85 (events per min)
off rate Hill Coefficient (Hopr) [0, 4]

off rate half-maximum (Kp,,) 2, 6] (au)

max off rate (k%)

5.81 (events per min)

ON state initiation rate (r;)

22.76 (au per min)

OFF state initiation rate (rq)

0.6 (au per min)

Table 2.4: List of parameter priors used for MCMC sampling.

Parameter

Prior distribution

burst frequency Hill Coefficient (Hon)

N(5.7,0.8)

burst frequency half-maximum (Kp,,)

3.7,0.15) (au)

max burst frequency (kD)

N(2.84,0.17) (events per min)

off rate Hill Coefficient (Hopr)

Brackets denote

3.5,0.3) (au)
5.8,0.4) (events per min)
22.8,2.1) (au per min)

N

off rate half-maximum (Kp,,) N
max off rate (k%) N
N

initiation rate (rq)

N{
(
(3.1,0.8)
(
(
(

2.7 Supplementary Text

2.7.1 Additional cpHMM inference results

In this section, we briefly describe additional cpHMM inference results. In addition to the
binary inference results shown in Figure 2.4C that examine burst parameter values at high
and low Knirps values, we also conducted finer-grained cpHMM inference runs, in which we
queried burst parameter values across the full range of Knirps concentrations observed in
our experiments. The plots in Figure 2.12 summarize our results. As with the results in
the main text, this inference was conducted on 15-minute-long fragments of transcriptional
traces. Multiple such fragments were generated from each transcription trace by sliding a 15-
minute window along each and sampling in 1 minute increments. This produced a dataset of
transcriptional “reads” that were then grouped by average Knirps concentration. In addition,
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we grouped transcriptional reads by experiment type (as defined in Figure 2.2B and D): no
light (circles in Figure 2.12), low intensity (diamonds), and high intensity (squares).

We find that the inference results are consistent with the trends indicated in Figure 2.4C.
We once again see that the burst frequency decreases with increasing Knirps concentration,
though it is notable that the increased dynamic range of our inference reveals a more dra-
matic dependency, with burst frequency (ko) dropping by a factor of 6 across the range
of concentrations examined (Figure 2.12A). Additionally, we see that the burst duration
(1/kog) increases with increasing Knirps and that burst amplitude () remains roughly con-
stant (Figure 2.12B and C). We note that, on its own, the Knirps-dependent increase in
burst duration would actually lead to activation. Thus, although the burst duration exhibits
Knirps-dependence, the burst frequency is the only parameter that is modulated in a manner
consistent with the reduction in transcription as a result of repressor action.

However, while these findings paint a more detailed picture of how Knirps regulates
transcriptional dynamics than the binary results presented in the main text, their resolution
is nonetheless still limited by the fact that we must use 15-minute fragments for cpHMM
inference. As a result, this approach is not suitable for recovering the true, instantaneous
input-output functions that dictate how Knirps dictates burst parameter values. To make
progress toward this goal, we developed a simulation-based computational framework for
input-output function inference. We provide further details on this approach in the following
sections.

2.7.2 Stochastic input-output simulations

Here we provide further details regarding the implementation of the simulation-based com-
putational method that was utilized to produce the results featured in Figure 2.4F-H of
the main text. Our aims in developing this method were two-fold: first, we sought to use
our live imaging data to uncover burst parameter input-output functions and, second, we
sought to assess whether a simple two-state model of transcriptional control based on our
inference results in Figure 2.4C is sufficient to explain both the sharp input-output function
(Figure 2.2D) and rapid reactivation dynamics (Figure 2.3D-E) revealed by our experiments.

2.7.2.1 Model specification

Our coarse-grained cpHMM burst inference results indicate that both burst frequency (kop)
and burst duration (1/k.g) vary as functions of Knirps concentration (Figure 2.4C). Ac-
cordingly, we employed a modeling framework in which both of these parameters vary as a
function of Knirps concentration. Specifically, we model k,, and kqg as simple Hill functions
of nuclear Knirps concentration (see inset panel of Figure 2.4F), such that:

H()TL

Eon([Knirps]) = k2 Don , 2.2
(Kips)) = Ky et 22)
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and
£§Off
Fosr([Knirps]) = g (2.3)

[Knirps]H"f f 4 Kg:; Jf ‘

where k2 and k% set the upper limits for on and off rates, respectively; where the Hill
coefficient H,, and H,¢; set the sharpness of each parameter’s response to increasing Knirps
concentration; and where Kp, , and Kp, . dictate the half-max points for the k., and kqg
input-output curves. Finally, we assume that the burst amplitude, r, takes on a fixed value
that does not vary as a function of Knirps concentration.

2.7.2.2 Stochastic simulations

We can use Equations 2.2 and 2.3 to generate simulated fluorescent traces with burst dy-
namics that vary as a function of nuclear Knirps concentration. To do this, we first sample
real single-cell Knirps concentrations from (i) the three illumination conditions shown in
Figure 2.2B and (ii) the reactivation experiments shown in Figure 2.3B-D (see also Fig-
ure 2.4D and E), and use these to generate time-dependent burst parameter trends. Fig-
ure 2.13A shows an illustrative time trace of Knirps concentration and panel Figure 2.13B
shows the corresponding k,, (blue curve) and k.g (red curve) trends generated by plugging
that trace into Equations 2.2 and 2.3. Note that the burst duration can be obtained simply
by taking the inverse of the k.g trend. These burst parameter trends are used to simulate an
ON/OFF promoter trajectory (Figure 2.13C), which, in turn, is used to generate a predicted
MS2 trace (Figure 2.13D) with Knirps-dependent burst dynamics.

To simulate promoter trajectories with concentration-dependent burst parameters, we
used a discrete implementation of the widely used Gillespie Algorithm [66], in which the
promoter state is sampled with a time resolution of 1 second. We provide a brief overview
of the approach here, and direct readers to the Github repository accompanying this work
for further details regarding the algorithm’s implementation. Consider the time-varying
burst parameter trends shown in Figure 2.13B, along with the simulated ON/OFF promoter
trajectory in Figure 2.13C. At 11 minutes, we see that the promoter switches into the OFF
state. In a standard Gillespie simulation with constant burst parameters, we would obtain
the time until the next transition, 7opp, by drawing a random sample from an exponential
distribution with rate parameter A = k,,, such that

Torr ~ Exp(Kon)- (2.4)

At time 11 + 7opp, the promoter would then transition out of the OFF state and into the
ON state.

Our case is more complicated, however, since k,, may change over time as the nuclear
Knirps concentration changes. One simple way to capture this time-dependence is to adopt
a discrete approach to promoter state simulations. In this approach, we designate some finite
simulation time resolution, At¢. Starting again at ¢ = 11 minutes (with the promoter in the
OFF state), the algorithm proceeds as follows:


https://github.com/jiaxi1102/OptogeneticDissection.git
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1. Use Equation 2.2 to calculate ko, based off of the current Knirps concentration

2. Sample an expected jump time 7

if promoter is OFF, sample 7 from an exponential distribution with rate parameter
kOH

else, sample 7 from an exponential distribution with rate parameter kg

3. Compare 7 to At
if 7 > At: the promoter state remains unchanged

else, if 7 < At: change the promoter state (OFF to ON in our case)
4. Increment the time variable such that ¢ = 11 + At, and return to (1).

To understand why see this discrete rejection procedure for sampling the jump time 7 is
valid, consider the probability that the promoter remains in the OFF state for longer than
n time steps (P(topr > nAt)). If we were sampling 7opr directly from the exponential
distribution—as is the case for the standard Gillespie Algorithm—the probability of this
outcome would be given by:

P(TOFF > nAt) = einkonAt. (25)

In our discrete rejection-based approach, the probability that 7opr > nAt is given by the
joint probability that independently sampled values of 7, drawn at each iteration, are less
than the sampling time resolution At. The fact that each sample is independent means that
the joint probability takes the form of a product:

Psamp(TOFF > nAt) = P<7_OFF > At)tl X P(TOFF > At)tz X ... P(TQFF > At)tn' (26)

Simplifying, we see that the discretely sampled probability exactly equals the true probability

Pdiscrete(TOFF > TLAt) = [P(TOFF > At)tl}n = B_nkonAt. (27)

The main advantage of our discrete approach relative to the standard Gillespie Algorithm is
that we are able to change the rate parameter (ko, or ko) at each sampling step to reflect
changing Knirps concentrations. This leads to sampled jump time distributions of the form:

Psarnp(TOFF > nAt) — e_kon([KniTps]to) X e—kon([Kn’iTpS]tl) X e—kOH([Knirps}tn) (28)
that reflect the effects of dynamic transcription factor concentrations.

Thus, by following our discrete sampling procedure, we obtain a discrete time trace
of promoter activity, p(t), that reflects time-dependent changes to the transition rates ko,
and kg due to changes in Knirps concentration. We set At = 1 second, such that the
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resolution of our discrete sampling is significantly faster than the promoter burst dynamics
being simulated (defined by ko, and kog; see Figure 2.4C). By enforcing this separation of
timescales, we ensure that our discretely sampled time trace is a good approximation of a
continuous Knirps-dependent trajectory.

Unlike ko, and k.g, we assume that the initiation rates, ro and r;, which encode the
rate of Pol II initiation in the OFF and ON states, respectively, are Knirps-independent.
Note that, for simplicity, we refer to r; simply as “r” in the main text, and do not discuss
results for ry since 1o &~ 0. Thus, to obtain a predicted time series of initiation rates, r from
promoter states p, we simply, set » = ry for all time points when the promoter is OFF and
r = ry for all time points when the promoter is ON (see inset panel of Figure 2.13C). Finally,
we obtain a predicted MS2 trace shown in Figure 2.13D by convolving r with the kernel xys2
Figure 2.13D, inset) , which has the effect of taking a moving sum of past initiation rates over
a time window defined by the time required for which nascent polymerase molecules remain
on the gene body (set to 140 seconds throughout this work). This procedure also accounts
for the finite amount of time needed for newly initiated Pol II molecules to transcribe the
MS2 cassette and become fluorescent. We direct readers to Appendix D of [102] for further
details.

2.7.2.3 Parameter sweeps

We used parameter sweeps to systematically test model performance across a broad range
of plausible parameter values. As illustrated in Figure 2.13E, we performed a gridded sweep
across 15 different values for Kp, and H,, from Equation 2.2. In addition we sampled
15 values each for Kp, , and H,py (not pictured) from Equation 2.3, making for a total of
15 = 60625 distinct parameter combinations. The remaining parameters, namely £k, k%,
ro, and r; were held fixed at their average values as calculated from the Knirps-dependent
inference results shown in Figure 2.12A-C. Table 2.3 specifies the values and value ranges
used for this procedure.

For each combination of parameter values, the procedure outlined in Figure 2.13A-D was
used to generate ensembles of simulated fluorescent traces with realistic Knirps-dependent
burst parameters using real experimental measurements of Knirps concentration over time
(Figure 2.13F). We could then use these trace ensembles to calculate predictions for the
fluorescence vs. [Knirps] input-output function and reactivation cumulative distribution
function (CDF, Figure 2.13G). By comparing our model predictions to our experimental
results (Figure 2.13G), it was possible to assess whether a given set of model parameters was
sufficient to recapitulate these key features of Knirps repression.

We used the mean-squared error to assess model fits to the input-output function and
reactivation CDF. In each case, deviations were normalized by the mean of the experimental
curve to ensure comparable scaling between the fluorescence input-output errors (which are
natively in arbitrary units) and CDF errors (which are probabilities). For the fluorescent
input-output function (Figure 2.4G) this gives
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52— o Z (fk — fk) (2.9)
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where Ny is the number of Knirps concentration bins for which the average was calculated,
ity is the average fluorescence of the experimental curve in Figure 2.4G taken across all Ny,
points, and where f; and fk are the observed and predicted fluorescent values for Knirps
concentration group k. Similarly, for the reactivation CDF we have

52 — 1 i(pt—ﬁtf (2.10)
N, ’ '

Hp

where N, is the number of time points post-reactivation that were considered, p, is the

average probability taken across the CDF in Figure 2.4H, and where p; and p; are the

observed and predicted fraction of reactivated nuclei at time point ¢ post Knirps export.
We defined the total error in model fit as the weighted sum of §2 and 62, such that

ra’

52 = (wio(;zzo + wrafsfa)(Nk + Nt)7 (2.11)

where the sum (N, + N;) up-weights 62 according to the total number of data points con-
sidered, and where w;, and w,, are weight parameters that tune the relative impact of 62
and §2, to the total loss, 62. These weights can be adjusted to navigate tradeoffs between
the minimization of input-output and reactivation CDF fitting loss. In our case, we find
that values of w;, = 1/4 and w,, = 3/4 lead to the best visual alignment between model
predictions and experimental observations.

2.7.2.4 Estimating uncertainty bounds with MCMC

The parameter sweep procedure outlined above produced a 6% estimate for each of the 60625
parameter combinations considered. In principle, the model realization corresponding to the
lowest 62 could be selected to obtain an approximate point estimate for the optimal Kp, ,
Hon, Kp,,;, and H,sy values; however the parameter sweep results are not alone sufficient
to obtain uncertainty bounds, nor do they provide insights into the remaining parameters
not included in the sweep. To obtain this information, we employed Markov Chain Monte
Carlo (MCMC) to sample the posterior distributions of our model parameters, conditional
on our experimental data. MCMC is a widely used class of algorithms that are capable of
efficiently sampling high-dimensional probability distributions [65].

As a first step in this process, we utilize information from the parameter sweeps to obtain
parameter priors that are used to initialize and constrain MCMC sampling. To do this, we
generate a weight vector, w, comprised of terms with the form

w; = e %, (2.12)
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where 67 is the total loss from Equation 2.11 for the sth set of parameter values. If we assume
that model errors are approximately Gaussian-distributed, then each w; can be interpreted
as an unnormalized probability that is proportional to the likelihood of the data a (the
input-output and reactivation curves) conditional on the ith parameter set 6;:

w; x P(x]6;). (2.13)

Moreover, from Bayes’ Theorem we have that

w; < P(x|0;)P(0;) = P(0;|x)P(x). (2.14)

From here, we see that if we take a uniform prior across all 8; values (such that P(6;) is a
constant), then the weight w; will be proportional to the likelihood of each set of parameter
values, conditional on the experimental data:

w; x P(0;|x). (2.15)

Motivated by this observation, we resampled the parameter values, 8, surveyed in the
parameter sweep according to the weight vector w. This leads to a new set of parameter
values, 8", where the frequency of a given parameter vector, 6;, is proportional to its likeli-
hood. As a result, the best-fitting parameter sets will appear more frequently in 8*, and the
worst-fitting are unlikely to appear at all. We calculate prior distributions for Kp_, , Hop,
Kbp,;;, and Hypp (assumed to be Gaussian) by taking the mean and standard deviation of
each parameters values across 8*. The prior distributions for k2, k%, and r; were initialized
using the Knirps-dependent cpHMM inference results shown in Figure 2.12A-C. Specifically,
the mean and standard deviation for k2, and k% were estimated using the mean and stan-
dard deviations of the intercepts of the linear fits shown in Figure 2.12A and B, which we
reasoned should provide reasonable estimates for the upper limit of each parameter. Given
the lack of strong Knirps-dependence in the burst amplitude, the mean and standard de-
viation for the r; prior were calculated by taking the mean and standard deviation of all
cpHMM results shown in Figure 2.12C. The initiation rate when the system is in the OFF
state, 1o, was not subject to MCMC sampling, and was held fixed at its mean value from
cpHMM inference. See Table 2.4 for the precise values used for each parameter prior.

With our prior distributions established, we conducted MCMC sampling to obtain es-
timates for the posterior distribution of each parameter. We conducted 24 independent
MCMC simulations, each of which was run for 2500 total steps. We used standard Metropo-
lis Hastings [123] updates during sampling. The procedure for each step was as follows:

1. At the tth step in the simulation, a new proposal for the parameter vector, 8;, was gen-
erated by sampling from a multivariate normal distribution centered at the parameter
values from the previous step, such that

6] ~ N (61, 5). (2.16)
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The covariance matrix, 3, dictates how large or small the randomly proposed jumps
tend to be relative to the previous parameter values. We assumed 3 to be a diagonal
matrix and set each component, o;, to be equal to 15% of the standard deviation of
the corresponding parameter’s prior distribution.

2. Next, we used the proposed parameters, 8, to simulate populations of MS2 traces
and calculate predictions for the fluorescence vs. Knirps curve (Figure 2.4G) and
reactivation CDF (Figure 2.4H) as outlined in the preceding sections.

3. We then calculated the total likelihood of the new parameters, defined as

P(6)|z) = P(x|6))P(6)). (2.17)

Here the first term on the right-hand-side is as defined in Equations 2.12 and 2.13, and
functions to penalize proposals that produce curves that deviate too far from exper-
imental measurements. The second component is the prior probability, and has the
effect of penalizing proposals that deviate too far from our priors regarding parameter
values.

4. Finally, we perform the standard Metropolis-Hastings move [123, 140]. We calculate a
probability, p, that takes the form

Poz) 1}, (2.18)

P(Ot_1|a:)7
where P(6;_1|x) is the likelihood of the previous set of parameter values. Next we

draw a random number, z, from the uniform distribution (z ~ U[0,1]). If p > z:
Gt = 02 Otherwise: 075 = Ot_l.

p = min{

2.7.2.5 Additional MCMC results

Figure 2.14 contains bivariate density plots and univariate histograms illustrating the re-
sults of MCMC sampling for each of the seven parameters examined. The results for the
burst frequency (ko,) are as quoted in the main text. We find that, like k,,, kog has a
negative dependence on (H,sr = 3.2 £ 0.65). This translates to a burst duration that is
predicted to increase as a function of increasing Knirps concentration (Figure 2.14C). On
its own, this trend would increase eve 4+6 activity; however, this effect is dominated by the
stronger Knirps-dependent decrease in k,,, leading to a strong overall repressive effect (see
Figure 2.4G). Additionally, our sampling returns a burst amplitude (r1) value of 21.6 +1.9
au,/min.
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2.7.3 Implementation of the thermodynamic binding model

Here we provide a brief description of the theoretical underpinnings of the binding model
that was used to generate the solid black curve in Figure 2.4F. The core assumption of this
model is that k., is proportional to the number of Knirps molecules bound to the locus, such
that

0 iy
kon = k0n<1 - N>’ (2.19)
where £, is the maximum burst frequency value (set to the 2.8 min~! value returned by
MCMC inference), ny, is the number of Knirps molecules bound, and N is the total number
of binding sites along the enhancer. Using PATSER scores for the eve 446 enhancer, we
assess that there are 10 Knirps binding sites along the enhancer, such that N = 10 (see
Figure 2.8). Thus, in this model k., = 0 when N sites are bound and k,, = kgn when 0 sites
are bound.

Knirps-dependence enters into Equation 2.19 through ny, which should vary as a function
of Knirps concentration. Note that, for ease of notation, we denote Knirps concentration by
[R] (as opposed to [Knirps|) throughout this appendix. To model ny, we adopt the simple
equilibrium chain model developed in [101]. Briefly, this model assumes that all binding sites
are identical, such that there are only N + 1 distinct binding states in which the enhancer
can exist, ranging from 0 sites bound to all N sites bound. In this model, the Knirps
concentration will induce a probability distribution over the set of possible binding states.
Each state’s probability is given by

W ()™ (K2) ™™

s [R)) = Z , (220)

where Kp is the dissociation constant for Knirps binding to specific sites at the locus.
We assume that any pair of Knirps molecules can interact with a cooperativity factor w.

. . —1 . . . .
Given ny, bound Knirps molecules, there are %b) such pairwise interactions and, hence, a

.. . . ny(np—1) .
cooperativity contribution of w™" 2z . Further, W (np) accounts for the number of different

microscopic binding configurations that correspond to each macroscopic binding state (i.e.,
in how many different configurations can n, Knirps molecules be bound?):

N!
(N — nb)!nb! ’
Lastly, we note that the denominator Z in Equation 2.20 is a normalizing factor equal to the
sum of all N + 1 numerators. We direct the reader to Appendix C.3 of [101] for a detailed
derivation of Equation 2.20.
We then use this expression for p(n;) to calculate the average expected number of bound
Knirps molecules as a function of nuclear Knirps concentration, such that

W (ny) = (2.21)
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N
(ny([R))) = > p(n; [R])ns. (2.22)
ny=0
Finally, we plug Equation 2.22 into Equation 2.19 for the experimentally observed range of
Knirps concentrations to produce a predicted burst frequency vs. Knirps input-output curve
like the one shown in Figure 2.4F.

Using this approach, we conduct nonlinear least squares fitting to identify the values
of w and Kp that best fit the blue k., trend in Figure 2.4F that was returned by our
MCMC inference. Our fit indicates that Kp and w values of 70.8 au and 1.9, respectively,
produce the optimal fit. We find that the k,, trend generated by these parameter values
(black in Figure 2.4F) is in close agreement with our MCMC inference result (blue curve),
demonstrating that simple equilibrium binding could explain Knirps regulation of the burst
frequency.

2.7.4 Comparison to other optogenetic approaches developed for
multicellular organisms

In this work, we build on previous works using the LEXY technology [125, 98, 164, 150, 124]
and demonstrate the power of the LEXY system for modulating protein dynamics inside
developing embryos. The LEXY tag-based method addresses several key limitations faced
by many previously reported methods.

First, some optogenetic tools are designed for specific signaling pathways [175, 86, 92,
93, 95, 133], and receptor [142] targets, and as a result, are not readily generalizable. In
contrast, LEXY can be directly attached to any protein (though issues of genetic rescue [150]
and its modulation strength [98] remain).

Second, many optogenetic tags do not act through concentration modulation, which
makes it difficult to draw quantitative conclusions from the results. For example, the blue
light-induced dimerization of Arabidopsis cryptochrome 2 (CRY2) controls downstream tran-
scription by disrupting the function of the tagged protein through multimerization without
affecting its concentration [24, 85, 119]. On the other hand, LEXY controls transcriptional
activity through direct modulation of the protein concentration within the nucleus, allowing
for easy quantification and straightforward interpretation.
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Chapter 3

A bistable autoregulatory module in
the developing embryo commits cells
to binary expression fates

This chapter is a reproduction of reference [185]

Abstract

Bistable autoactivation has been proposed as a mechanism for cells to adopt binary fates
during embryonic development. However, it is unclear whether the autoactivating modules
found within developmental gene regulatory networks are bistable, unless their parameters
are quantitatively determined. Here, we combine in wvivo live imaging with mathematical
modeling to dissect the binary cell fate dynamics of the fruit fly pair-rule gene fushi tarazu
(ftz), which is regulated by two known enhancers: the early (non-autoregulating) element and
the autoregulatory element. Live imaging of transcription and protein concentration in the
blastoderm revealed that binary Ftz fates are achieved as Ftz expression rapidly transitions
from being dictated by the early element to the autoregulatory element. Moreover, we
discovered that Ftz concentration alone is insufficient to activate the autoregulatory element,
and that this element only becomes responsive to Ftz at a prescribed developmental time.
Based on these observations, we developed a dynamical systems model and quantitated
its kinetic parameters directly from experimental measurements. Our model demonstrated
that the ftz autoregulatory module is indeed bistable and that the early element transiently
establishes the content of the binary cell fate decision to which the autoregulatory module
then commits. Further in silico analysis revealed that the autoregulatory element locks the
Ftz fate quickly, within 35 min of exposure to the transient signal of the early element.
Overall, our work confirms the widely held hypothesis that autoregulation can establish
developmental fates through bistability and, most importantly, provides a framework for the
quantitative dissection of cellular decision-making.
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3.1 Introduction

One of the central questions in developmental biology concerns how cells precisely and ir-
reversibly adopt distinct cellular fates. It has been argued that cells assume their unique
gene expression profiles through a sequence of decisions among branching paths [183, 153],
famously encapsulated by “Waddington’s landscape” of peaks and valleys delineating the
possible trajectories that a cell can follow [171]. Genetic networks that lock a cell into one of
these trajectories may be thought of as “memory modules” that guide cells through valleys
in the landscape to their ultimate fates. In the simplest case, where a decision is made
between two alternative developmental fates, the memory module is binary and referred to
as a switch. The state of the switch is set by the action of transient upstream regulatory
signals.

Several genetic motifs, including autoactivation and mutual repression, are capable of
maintaining binary cell fates [4, 134]. However, the mere presence of these motifs is insuffi-
cient to guarantee that a network can remember its expression state once upstream regulators
have degraded. The ability to lock onto high or low expression levels results from bistability
(see “A primer on bistability” in Materials and Methods), a systems-level property that
depends upon the quantitative details of the kinetics of the involved chemical reactions [54,
5, 69].

Though bistability is widely invoked to explain cell fate decisions [134], relatively little
quantitative data exist to confirm bistability in gene expression modules within developing
embryos. Previous studies in cell culture and fixed embryos have provided evidence for
bistability in hematopoietic differentiation [105, 99], the Shh network [100], the vertebrate
hindbrain [19], between the BMP and FGF morphogens [158], and within the Notch-Delta
signaling system [157]. Quantitative evidence for multistability in fruit fly embryos has also
been derived from fitting the parameters of high-dimensional network models to fixed tissue
measurements [44, 89, 113, 116, 129, 167]. While these models are capable of reproducing the
observed phenomenology, there is no guarantee that the optimal set of inferred parameter
values reflects actual biophysical quantities [73, 37, 168, 178]. Thus, it is important to verify
that the conclusions drawn from computational modeling and in wvitro experiments apply
to developmental systems in vivo in the context of models that quantitatively capture the
molecular interactions that underlie cellular decision-making. To the best of our knowledge,
evidence for the bistability of a genetic module based on these molecular interactions in an
intact multicellular organism has not yet been demonstrated.

The early development of the fruit fly Drosophila melanogaster is an ideal model system
for studying binary cell fate determination, due to the presence of pair-rule genes such as
fushi tarazu that form discrete stripes at the cellular blastoderm stage prior to gastrulation
(2.5 — 3.5 hours after fertilization; [126, 74, 172, 176, 83]). The expression of ftz is regulated
by two main enhancers: the early, or zebra, element and the autoregulatory element (Fig-
ure 3.1A; Figure 3.8; [82]). The early element responds to upstream transcription factors
such as the gap genes to establish the initial expression pattern of seven stripes [45]. This
element is functionally distinct from the autoregulatory element, which contains multiple
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Figure 3.1: The bistability of the autoregulatory module can determine cell fate.
(A) The autoregulatory architecture consists of an early element to which upstream factors
bind to transiently upregulate gene expression of an activator, and an autoregulatory element
to which the activator binds to, under certain circumstances, promote its own expression even
once the upstream factors have degraded. (B) The total activator concentration (green) is
a sum of the protein produced by the early (blue) and autoregulatory (red) modules. If the
autoregulatory module is bistable, it possesses binary memory that permits transiently high
concentrations of early protein to be locked into permanent high expression levels (high cell
fate) as shown in Case 1. If, in contrast, the autoregulatory module is monostable, then
it may transiently boost protein levels from the early module, but over time all cells will
ultimately revert to the same low fate as depicted in Case 2.
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Ftz binding sites that allow Ftz to activate its own expression (Figure 3.8; [138, 146, 145]).
This autoactivation network motif is theoretically capable of exhibiting bistability and has
therefore been hypothesized to act as a binary memory module [4, 179].

Whether a cell possesses a memory module determines whether observed states of gene
expression are transient in the absence of continued external signaling, or whether these
states can be locked into permanent cell fates that can be maintained without further in-
tervention. Specifically, if the autoregulatory module is bistable, then it maintains high ftz
expression driven by the transient presence of upstream factors (Figure 3.1B, case 1), even
once those factors degrade (or until further regulatory mechanisms intervene). If, instead,
the autoregulatory element is monostable, then the observed separation of Ftz concentration
into high and low levels persists only as long as upstream factors are present to regulate
expression. In their absence, Ftz expression would revert to a single fate for all cells (Figure
3.1B, case 2). It is important to note, however, that in this case, the transiently high or low
trajectory of Ftz concentration could still be instructive for regulating downstream genes.

Here, we characterize the ftz autoregulatory module in vivo through quantitative real-
time measurements in living fruit fly embryos. Focusing on stripe 4 expression, we observe
that Ftz expression separates into discrete high and low levels at the blastoderm stage
during the 20 min prior to gastrulation, concurrent with a transition in regulatory control
from the early to the autoregulatory element. We discover that autoregulation is triggered
at a specific time point in development—presumably through the action of “timer genes”
[29, 31, 30]—rather than through a readout of Ftz concentration alone. Based on these
observations, we develop a dynamical systems model and quantitate its parameters from
simultaneous real-time measurements of ftz transcription and Ftz protein dynamics in single
cells of living embryos. Our model predicts binary Ftz expression levels at gastrulation with
high accuracy and demonstrates that, indeed, the ftz autoregulatory module is bistable. We
conclude that the ftz autoregulatory element acts as a memory module to commit cells to
binary fates that are otherwise transiently defined by the early element, thereby validating
a long-standing hypothesis in developmental and systems biology that bistability underlies
cell fate determination. Simulations further make it possible to quantitatively define a devel-
opmental commitment window, which shows that the autoregulatory module requires about
half an hour to establish a memory of the transient signal from the early module. Thus,
our work provides a framework for the dissection of other regulatory modules in the gene
regulatory networks that dictate development based on this interplay between dynamical
systems models and real-time experiments.
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Figure 3.2: Binary cell states are rapidly established prior to gastrulation. (A) A
fusion of endogenous Ftz to a LlamaTag makes it possible to visualize the highly dynamic
Ftz protein pattern in the early fly embryo. Once Ftz protein is translated in the cyto-
plasm, LlamaTag binds to maternally deposited EGFP and is transported into the nucleus,
increasing nuclear fluorescence to produce a direct readout of Ftz protein concentration. (B)
Snapshots from a movie capturing Ftz protein concentration dynamics. The anterior side
of the embryo is oriented towards the left, and the time is given relative to gastrulation.
(C) Ftz expression along the anterior boundary of stripe 4 shows a discrete transition be-
tween distinct cell states. (D) Histograms of single-nucleus fluorescence values at different
developmental time points show that a single threshold can be used to classify cells into
high Ftz and low Ftz cell states at gastrulation. (E) Single-cell trajectories of nuclei at the
anterior boundaries of Ftz stripe 4. Green and red lines are averages for nuclei determined
to ultimately have high and low Ftz levels at gastrulation, respectively, as defined in (D).
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3.2 Results

3.2.1 Binary Ftz expression states are established in early
development

To understand the role of autoactivation in deciding Ftz expression levels, we first visualized
Ftz protein dynamics over time. We used CRISPR-mediated recombination [70] to fuse a
LlamaTag, a fluorescent probe that reports on the fast protein dynamics that characterize
early embryonic development, to the C-terminus of the endogenous Ftz (Figure 3.2A; [18]).
An examination of the fluorescently labeled Ftz in the early embryo shows that, around
15 min before gastrulation, Ftz is expressed in a seven-stripe pattern with clear, smooth
boundaries (Figure 3.2B, left). This expression pattern refines over the following 15 min into
sharp stripe boundaries by the start of gastrulation (Figure 3.2B, right). The result shows
that cells express either high or low levels of Ftz, as pictured in Figure 3.2C for the anterior
boundary of stripe 4, consistent with results from previous studies [148, 28, 18]. Note that,
throughout this work, we focus on the anterior boundary of stripe 4 because it is the only Ftz
stripe that has been demonstrated to be driven exclusively by the early and autoregulatory
elements and not by other enhancers in the gene’s vicinity (Figure 3.8; [148]).

Our live imaging measurements allowed us to quantitatively examine the dynamics with
which binary cell states are established by calculating the Ftz protein distribution in indi-
vidual nuclei at different time points in development (Figure 3.2D). Our analysis revealed
that the expression level is initially unimodal across all cells (Figure 3.2D, top and E) and
then evolves into a bimodal distribution within 15 min (Figure 3.2D, bottom and E). Con-
sistent with our qualitative observations in Figure 3.2B and C, cells at these later times can
be quantitatively classified into distinct “high-Ftz” and “low-Ftz” cell states using a single
threshold chosen by a visual inspection of the distribution (Figure 3.2D, bottom and E),
which indicates that binary cell states are already established prior to the onset of gastrula-
tion. Moreover, though the two cell states are clearly distinguishable from each other, there
is significant cell-to-cell variability within the high-Ftz state (Figure 3.2D, bottom and E).

Previous studies have established that autoregulation plays a key role during ftz ex-
pression: a lack of the ftz autoregulatory element or mutated Ftz binding sites within the
element results in the loss of Ftz expression at later developmental stages [82, 146]. However,
it is unclear at what developmental time ftz autoregulation is initiated in response to the
Ftz expression stemming from the early element. Specifically, is the autoregulatory element
active before stripes of Ftz expression emerge, or is autoregulation invoked after the early
element has already established this pattern? To distinguish between these two scenarios, we
decoupled the transcriptional dynamics driven by the early and autoregulatory elements by
creating two separate reporter constructs, each containing only the early or autoregulatory
elements followed by MS2 stem-loops that enable the direct visualization of transcriptional
dynamics (Figure 3.3A; Figure 3.8; [63, 114]). All constructs were inserted in the same
genomic location.

We observed that the early element already drives a relatively constant gene expression
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level around 20 min prior to gastrulation (Figure 3.3B and C). Then, at 15 min before
gastrulation, its transcriptional activity decreases significantly, resulting in a 60% reduction
within the next 20 min of development (Figure 3.3B and C). Conversely, autoregulation is
initiated 20 min prior to gastrulation, with its activity increasing until gastrulation starts
(Figure 3.3C). This transition between the early and autoregulatory elements occurs while
binary cell states are being established (Figure 3.2).

3.2.2 ftz autoactivation is triggered at a specific developmental
time

Previous studies have established that ftz is autoactivated through a specialized enhancer
referred to as the autoregulatory element [82, 138, 146, 145]. The autoregulatory element
cannot drive transcription in the absence of Ftz, but it is unclear whether the mere presence
of high Ftz concentrations is sufficient to initiate autoactivation, or whether other factors
must also be present to trigger the observed transition in ftz expression between the early
and autoregulatory elements (Figure 3.3C).

To further investigate the nature of the regulatory transition that initiates autoactiva-
tion, we quantified the gene regulatory function of the ftz autoregulatory element at distinct
developmental times. The gene regulatory function—also called the input-output function—
describes the relationship between Ftz protein concentration and the rate of ftz transcription
driven by the autoregulatory element. Since Ftz is autoactivating, we expect the gene regu-
latory function to be S-shaped (i.e., sigmoidal, see Figure 3.4E, inset), with no transcription
in the absence of Ftz, a steep increase in transcription as Ftz levels approach a “threshold”
level, and maximal transcription for high concentrations of Ftz. If Ftz is the only factor
that regulates transcription levels from the autoregulatory element, then the gene regulatory
function should remain unchanged even as the concentrations of other regulatory factors
evolve over time; that is, a fixed concentration of Ftz should correspond to the same tran-
scription rate regardless of the time of measurement. Alternatively, if other time-varying
factors also contribute to ftz expression from the autoregulatory element, then we expect
the gene regulatory function to change over time such that the same level of Ftz will drive
different levels of transcription depending on developmental time.

We measured the gene regulatory function of the autoregulatory element at different
time points by constructing an experimental system that permits simultaneous monitoring
of input Ftz concentration and corresponding output transcriptional dynamics driven by
the autoregulatory element. We used tagged endogenous Ftz as the input and introduced
a transgenic reporter with MS2 loops under the control of the ftz autoregulatory element
as the output (Figure 3.4A). To prevent the reporter from expressing unlabelled Ftz, which
could feed back into the autoregulatory element and interfere with the measurement of the
gene regulatory function, we created a new autoregulatory construct by combining the ftz
autoregulatory element with the coding region of the yellow gene. Control experiments
confirmed that the autoregulatory constructs used in Figure 3.3 and Figure 3.4 show the
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Figure 3.3: A sequential transition in Ftz regulation from the early to the au-
toregulatory element occurs while discrete cell states are established. (A) Imaging
transcriptional dynamics of the early and autoregulatory elements using the MS2 system.
Maternally deposited MS2 coat protein (MCP) fused to mCherry binds to MS2 stem-loops in
the nascent RNA of the reporter construct. (B) Snapshots of sites of nascent transcript for-
mation labeled by MS2 from reporters of the early and autoregulatory elements at different
time points. Transcription from the early element significantly decreases, and transcription
from the autoregulatory element increases shortly before gastrulation. (C) Quantification of
the transcriptional activity reported by the MS2 fluorescence from the early (N = 3 embryos)
and autoregulatory (N = 6 embryos) elements as a function of time confirms that, within
20 min, ftz gene expression transitions from originating mainly from the early element to
being dominated by the autoregulatory element. MS2 traces are smoothed using a moving
average of 5 min. The transcription rate is calculated from the measured MS2 signal, which
is an approximation of the mRNA production rate [63, 102, 18]. (Shaded region indicates
standard errors over multiple embryos.) See also Figure 3.8.
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Figure 3.4: Two-color live imaging reveals that ftz autoregulation is initiated at
a specific developmental time. (A) Two-color tagging permits in vivo simultaneously
visualizes input Ftz concentration using LlamaTag and output autoregulatory transcrip-
tional dynamics using a reporter carrying the MS2 system. (B) Representative frames from
live-imaging data. Green and magenta channels correspond to Ftz concentration and tran-
scriptional output from the ftz autoregulatory element, respectively. Outlines indicate cells
expressing high (light gray) or low (dark gray) levels of Ftz protein. (C) Illustrative single-
cell trace of Ftz and autoregulatory activity. Green and magenta lines correspond to the
Ftz protein and transcriptional activity of the autoregulatory element, respectively. Both
protein and MS2 traces are smoothened using a moving average of 1 min. (D) Experimen-
tally measured gene regulatory function of the ftz autoregulatory element between -10 min
to -5 min relative to gastrulation. Grey points correspond to simultaneous measurements
of Ftz and MS2 fluorescence at individual time points from single-cell traces at the anterior
boundary of stripe 4 (/N = 211 nuclei). These points were grouped into quantiles, and a Hill
function (red line) was fit to the quantile means. (continued on the next page)
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Figure 3.4: (continued) Two-color live imaging reveals that ftz autoregulation is
initiated at a specific developmental time. (E) The autoregulatory input-output func-
tion evolves over time, as the ftz autoregulatory element transitions from an unresponsive
to a responsive state within 15 min, indicating that Ftz autoregulation is initiated through
a developmental time-based mechanism. The transcription rate is calculated from the mea-
sured MS2 signal, which is an approximation of the mRNA production rate [63, 102, 18].
(Error bars shown indicate standard errors. All data are from N = 7 embryos.) See also
Figure 3.9.

same temporal dynamics prior to gastrulation (Figure 3.9). Live imaging of the anterior
boundary of Ftz stripe 4 showed that, initially, around 25 min prior to gastrulation, both
Ftz expression and the autoregulatory response were relatively low, and later increased as
development progressed (Figure 3.4B). Just before gastrulation, the Ftz protein pattern
refined into a discrete boundary, with the ftz autoregulatory response clearly following the
stripe boundary (Figure 3.4B).

To calculate the regulatory function, we restricted our analysis to the cells at the anterior
boundary of stripe 4 as a means to minimize the influence of other position-dependent tran-
scription factors that might also contribute to ftz autoactivation [145]. We first extracted
two rows (high and low) of boundary cells. Then, we separated the input Ftz concentration
and output transcription from the autoregulatory element in the data corresponding to each
individual cell (Figure 3.4C) into ten quantiles and fit a Hill function to the quantile averages
to get the gene regulatory function of ftz autoregulation within a defined temporal range
(for example, -10 min to -5 min for Figure 3.4D). Our analysis revealed a sharp regulatory
relationship between Ftz concentration and autoregulatory response shortly before gastrula-
tion, with a Hill coefficient of 3.340.8 (Figure 3.4D). Such Hill coefficient is comparable to
those estimated in the context of autoactivation in vertebrate hindbrain development [19] as
well as those observed in simpler regulatory motifs that do not feature feedback [72].

We repeated the process described above at multiple developmental times to measure the
temporal dynamics of the regulatory function for ftz autoactivation. The results, shown in
Figure 3.4E, revealed that the regulatory function is clearly distinct at different time points.
Around -25 min to -20 min, the ftz autoregulatory element drives almost no transcription
regardless of Ftz concentration, as can be appreciated by the fact that the gene regulatory
function is almost flat near 0 during this time interval (Figure 3.4E, red line). However,
within 15 min, Ftz levels above a threshold of about 1 au are sufficient to drive Ftz tran-
scription from the autoregulatory element, with higher input Ftz concentrations resulting
in progressively higher transcription rates at later times (Figure 3.4E, green line). The fact
that Ftz levels above a threshold result in high transcription rates at gastrulation but pro-
duce no transcription -20 min earlier is a clear indicator that the autoregulatory element is
not always equally responsive to input Ftz. Instead, its capacity to drive ftz expression is
enabled at a specific developmental time, presumably by upstream transcription factors.
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3.2.3 Dynamical systems modeling of ftz regulation

The fact that Ftz can exhibit a high state at one point in time does not imply that this
high state will persist in the absence of upstream regulation (Figure 3.1B). Determining
whether the autoregulatory module is bistable requires turning the schematic in Figure 3.1A
(including both early and autoregulatory elements) into an explicit dynamical systems model
with empirically determined parameter values.

We begin by mathematically describing the expression dynamics driven by the ftz early
enhancer. We assume that upstream regulators binding to the early enhancer dictate the
transcription rate r(t) (Figure 3.5A). Our measurements (Figure 3.3C; Figure 3.51 and J;
Materials and Methods “Early element transcriptional activity decay rate 3”) revealed that,
after the onset time for the autoregulatory enhancer t,, = —20 min (Figure 3.4E), r(¢)
follows an approximately exponential decay with a decay constant 1/5. This allows us to
represent 7(t), the mRNA Rq,(t), and protein P, (t) produced from the early module as

(dr
- — t
= ()
dRearly o
T - T(t) - fYRRearly(t)
. T t > ton, (3.1)
synthesis  degradation
dPear
sz = Q‘Rearly(tz_ ’JPPearly(tZ )
syngflesis degraéation

\

where « is the translation rate and g, vp are the mRNA and protein degradation rates,
respectively. Regardless of the choice of parameter values or initial conditions, all three quan-
tities 7(t), Reariy(t), and Peqy(t) converge to 0 as t goes to infinity (Materials and Methods
“Modeling - Early element”), indicating that the early module is monostable and signaling
from upstream factors is transient. Since embryos at this stage in ncl4 are still undergoing
cellularization and cell membranes have not fully formed, we assume that diffusion of mRNA
and protein is negligible [89, 118, 167].

As shown in Figure 3.4E, after the onset time t,,, the autoregulatory element becomes
responsive to Ftz. Building on the simple model introduced in Materials and Methods “A
primer on bistability”, we describe the mRNA (Rju.(t)) and protein (Pat(t)) dynamics
dictated by this element as

( synthesis degradation
dR ate - N % -~
dltt = Cf(Pearly (t) + Plate (t)) - ’YRRlate(t)
i CE>t (3.2)
da : == aRlate(t) - P)/Pljlate(t)
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. synthesis degradation
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Figure 3.5: (continued) Quantifying dynamical systems model parameters reveals
that ftz autoregulation is bistable. (A) The early element drives ftz transcription at
a rate r(t) that drops exponentially over time with rate 5, producing early mRNA Ry, (%)
that is translated at rate o into Ftz protein P4y (t). (B) The autoregulatory element drives
Ftz expression starting at time ¢,, with a rate determined by the gene regulatory function
f(P), where P is the total Ftz produced from both the early and autoregulatory modules,
P.oriy + Piate. (C) The model can be used to predict traces for the mRNA and protein
concentrations over time based on initial transcription rates and molecular concentrations
at t,,. We use the term “state” to refer to the whether Ftz expression is high or low
at gastrulation, and “fate” with regard to the total Ftz concentration at long time scales
(t = 00). (D-H) Estimating the translation rate a. (D) We used the Ftz-MS2-LlamaTag
transgenic construct for estimating the translation rate a (E) Illustrative example of a single-
cell raw MS2 trace that reports on the instantaneous ftz transcription rate. MS2 traces are
smoothed using a moving average of 1 min. F'tz traces are smoothened using a moving average
of 5 min. (F) We integrate the MS2 traces to estimate the mRNA dynamics in individual
nuclei. (G) For a given value of the translation rate «, and known degradation rates vz and
vp [51, 18], we integrate the estimated mRNA dynamics to predict Ftz dynamics in individual
nuclei. We then choose the value of o that leads to the best agreement between our prediction
(gold line) and experiment (purple line). Gray lines show suboptimal fits. (H) Histogram
distribution of best-fitted « values for individual cells within two embryos. (I-J) Inferring
the decay rate of the early element transcription rate §. (I) The early element regulates
the transcription rate r(t). (J) The exponential fit of early element transcription (n = 2
embryos). Gray dots represent the averaged early element transcription rate at individual
time points from a single embryo. Red and blue lines are the exponential fits that are used
to estimate the early element decay rate 8. (K) Given the measured model parameters, our
model shows that the autoregulatory module is bistable. A phase portrait (as described in
Box 1) illustrates that the autoregulatory module represented by Equation 3.2 is bistable
in the absence of early protein. This implies that the autoregulatory enhancer is capable of
maintaining high or low levels of Ftz indefinitely. The transcription rate is calculated from
the measured MS2 signal, which is an approximation of the mRNA production rate [63, 102,
18]. The numerical values of experimentally measured parameters are reported in Table 3.1.
See also Figure 3.10 and Figure 3.11.

Here, f(P) is the gene regulatory function describing the output rate of mRNA production as
a function of the total input Ftz concentration (the sum of the protein produced by the early
and autoregulatory elements) as measured for the transgene in Figure 3.5B. Because f(P)
was measured for a transgene and not for the endogenous autoregulatory element, we also
assume a scaling factor ¢. As indicated in Equation 3.2, we assume that the autoregulatory
element is only active for t > t,,. Our model produced nearly identical results whether we
assumed that this transition to full responsiveness occurred instantaneously at time t,, as
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shown here, or whether we assumed a gradual increase in responsiveness over time (Materials
and Methods “Simulations - Best predicted nuclei).
Given quantitative parameter values and initial conditions (r(¢,,), Rearty(ton), and Peariy (ton)),

the full model for ftz regulation described by Equation 3.1 and Equation 3.2 can be used

to simulate the trajectory of total Ftz concentration in a nucleus over time. Specifically, we
calculate Ftz expression levels (low or high) at gastrulation as well as at long times (i.e.,

t — o0). We will refer to the predicted stable concentration of Ftz at long times as the
ultimate fate of the cell, as distinct from the (possibly transient) binary expression state at
gastrulation (Figure 3.5C).

3.2.4 Quantifying model parameters shows that the
autoregulatory module is bistable

The first step toward testing our model is to obtain numerical values for the parameters. The
mRNA and protein decay rates yg and yp were drawn from existing measurements in the
literature [51, 18]. The gene regulatory function f(P) was already measured as described
in the previous section (Figure 3.4D). The remaining free parameters (5, «, and ¢) were
directly measured through a set of independent experiments.

First, we determined the decay rate (8 for transcription from the early element by fitting
an exponential function to the average transcription dynamics of the early element construct
within individual embryos (Figure 3.5 and J). Averaging the resulting decay rates per em-
bryo resulted in 8 = 0.048£0.0021 1/min. Second, we measured the translation rate « using
a reporter transgene that combined MS2 and LlamaTag such that ftz transcription rate and
Ftz concentration could be simultaneously measured (Figure 3.5D). We estimated R(t), the
total amount of mRNA produced by individual nuclei up until time ¢, by integrating the
MS2 fluorescence over time (Figure 3.5E and F; [63]). Next, we integrated R(t) for different
values of the translation rate « to estimate protein dynamics P(t) (Figure 3.5G). We calcu-
lated the best-fitted a for each nucleus and averaged them for each embryo (Figure 3.5H).
Averaging « over two embryos yielded o = 0.082 £ 0.004 protein/(mRNA-min) (Table 3.1).

Using these parameters, together with the inferred scaling factor ¢ (Figure 3.10; see Ma-
terial and Methods “Modeling - Intersection test for bistability” for details), we analyzed
the autoregulatory module and determined that it is indeed bistable once upstream reg-
ulatory factors have degraded and the early element ceases to contribute to transcription
(Peariy = 0). As illustrated by the phase portrait in Figure 3.5K (and introduced in Mate-
rials and Methods “A primer on bistability”), the nullclines intersect at three points that
define two attractors separated by an unstable steady state. Thus, our model indicates that
the ftz autoregulatory module is capable of maintaining high or low levels of ftz expression
indefinitely, and hence that there are two fates for Ftz on long time scales. Which fate a
cell ultimately adopts will therefore depend on the protein initially produced by the early
module.
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3.2.5 Ftz expression state is instructed by the early element
rather than by the autoregulatory element

Our model does not only predict that the Ftz autoregulatory module acts as a bistable
switch. Because no free parameters remain, given initial conditions to the system, the model
can also predict how Ftz concentration changes over time. Therefore, a critical test for the
accuracy of the model is whether it can predict Ftz expression state at gastrulation.

To predict Ftz dynamics, we measured the initial transcription rate (r(t,,) = r_s0),
mRNA level (Reqriy(ton) = R_20), and protein level (Pegy(ton) = P-g0) from the early
module at the onset time t,,, = —20 min (Figure 3.6A) in embryos expressing endogenous Ftz
labeled with LlamaTag (Figure 3.2A, Materials and Methods “Extracting initial conditions”).
Since, prior to onset, the autoregulatory element has not yet produced any mRNA or protein,
knowing these three initial conditions is sufficient to calculate the trajectory for total Ftz
concentration Protai(t) = Peariy(t) 4+ Plate(t) within the corresponding nucleus using our model
(Figure 3.6B).

For each simulated trajectory, we determined binary F'tz expression state at gastrulation
based on whether total F'tz concentration exceeded the threshold empirically determined in
Figure 3.2D, as shown in Figure 3.6B. Comparing our predictions and experimental mea-
surements revealed that our model predicts binary Ftz expression state at gastrulation with
an accuracy of 86.4% (102 of 118 nuclei) across N = 3 embryos (Figure 3.6C). The majority
of classification errors were derived from a single embryo, with stochastic simulations sug-
gesting the remainder may be attributed to noisy gene expression dynamics (Materials and
Methods “Stochastic simulations”, Figure 3.13). Thus, our model appears to capture the
essential deterministic components of Ftz dynamics.

While it is clear that the autoregulatory element establishes developmental memory of
Ftz expression over long time scales, our simulations show that a stripe pattern is already
evident at gastrulation from the contribution of the early protein alone, ignoring the au-
toregulatory contribution (Figure 3.6D). Indeed, predictions of Ftz state at gastrulation
based on thresholding the early protein concentration alone were 84.7% accurate (100 of 118
nuclei)—only 1.7% less accurate than when the autoregulatory contribution is also taken
into account (Figure 3.6C). Thus, it appears that the anterior boundary of stripe 4 at gas-
trulation is predominantly defined by the regulatory activity of upstream factors binding the
early element independent of autoregulatory activity. This result supports the conclusion
that the autoregulatory module primarily serves to commit cells to fates predetermined by
the early element.

3.2.6 Ultimate Ftz fate is robustly specified in half an hour

Although the autoregulatory element becomes active 20 min before gastrulation, our model
suggests that Ftz expression state at gastrulation is nevertheless primarily determined by
the early element. It is therefore conceivable that some cells transiently express high Ftz
at gastrulation without committing to stably expressing high F'tz in the long term. To ex-
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Figure 3.6: Model reveals that the early element alone is sufficient to accurately
predict binary Ftz expression states at gastrulation. (A) The mRNA production rate
r_o9, mMRNA concentration R_og, and protein concentration P_o from the early element are
measured at 20 min before gastrulation for each nucleus (filled circle). These measurements
are used to set the initial conditions for simulations of Ftz concentration at all times after
ton in each individual cell. Circle color corresponds to the measured total Ftz concentration
at gastrulation. (B) Measured (dark green) vs. simulated (light green) total Ftz for three
representative cells corresponding to the circled points in panel A. We can classify a nucleus as
in the high Ftz state (ON) or the low Ftz state (OFF) at gastrulation (¢ = 0 min) depending
on whether the total Ftz levels are above or below the empirically identified threshold (gray
dashed line) (Figure 3.2D). Predicted simulated traces are also shown for early (blue) and
late (red) Ftz contributions. Note that, for cell 2, the blue and green curves substantially
overlap. (continued on the next page)
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Figure 3.6: (continued) Model reveals that the early element alone is sufficient to
accurately predict binary Ftz expression states at gastrulation. (C) Measured frac-
tion of cells in the ON or OFF expression state at gastrulation (left) compared to predictions
based on thresholding total Ftz (center) or early Ftz alone (right). Predictions using total
Ftz concentration or Ftz produced by the early element lead to similar accuracy in compar-
ison to empirical results (total Ftz: 102 of 118 nuclei; early Ftz: 100 of 118 nuclei). (D)
Results from a representative embryo show that the experimentally measured stripe pattern
(left) is recapitulated by simulation (middle). A stripe pattern is still evident at gastrulation
even from the predicted early Ftz concentration alone (right). Nuclear intensities at all time
points are normalized to the predicted steady-state high Ftz concentration. Red triangles
denote nuclei predicted to be ON that were OFF (downward) and nuclei predicted to be
OFF that were empirically ON (upward). Parameters for all simulations were experimen-
tally measured as reported in the main text; numerical values are reported in Table 3.1. See
also Figure 3.12 and Figure 3.13. )

plore this possibility, we compared the binary classification of nuclei at gastrulation with the
final high or low expression fate predicted by the model at long time scales. Specifically,
we analyzed a subset of nuclei, which we call the “best predicted nuclei”, whose quanti-
tative expression levels—including their expression state at gastrulation—were successfully
predicted using our model (Figure 3.6C and D; Materials and Methods “Simulations - Best
predicted nuclei). We found that 93.7% (74 of 79 nuclei) were predicted to maintain their
binary state at gastrulation and adopt the corresponding Ftz expression fate in steady state
(e.g., cell 3 in Figure 3.7A). The remaining 6.3% of nuclei (5 of 79), despite having a high
Ftz expression state at gastrulation, were predicted to drop to a low Ftz fate (e.g., cell 2 in
Figure 3.7A). No nuclei classified as low Ftz at gastrulation were predicted to express high
Ftz after gastrulation. Thus, in principle, the autoregulatory element ensures that the vast
majority of cells adopt a fate matching the transient state at gastrulation (Figure 3.7B).

What are the features of the transient early Ftz dynamics that determine whether the
autoregulatory module commits to a high or low fate? We can address this question by
looking at the relationship between the initial conditions, which dictate the dynamics of the
early module, and the fate predicted by the model. Specifically, because increasing any one of
the three initial conditions can only increase Ftz concentration at subsequent points in time,
the regions of parameter space (r_s9, R_29, P_o9) resulting in high fates are separated from
the region of parameters resulting in low fates by a surface called the switching separatrix
[155], so named because if the initial conditions of a cell are above the surface, then the
bistable autoregulatory module will switch on.

Figure 3.7C illustrates the initial conditions for all nuclei at the anterior of stripe 4 along-
side the switching separatrix (green surface). The separatrix indicates that a combination of
all three initial conditions define F'tz fate. Particularly noteworthy is that the initial amount
of early protein P_9y is not the strongest predictor of fate. Cells with comparable levels
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Figure 3.7: In silico analysis reveals the window of commitment of cells to Ftz
fate. (A) Simulated Ftz concentration over long time scales (total: light green, early: blue,
late: red) for the same cells shown in Figure 3.6B (circled again here in panel C). Empirical
measurements until gastrulation are plotted in dark green for comparison. (B) Bar charts
for the best predicted subset of nuclei (N = 79; see Materials and Methods “Simulations -
Best predicted nuclei”) show that most analyzed cells are predicted to adopt an ultimate fate
(right) that matches the measured binary Ftz expression state at gastrulation (left). (C)
The switching separatrix (green surface) separates nuclei predicted to adopt the high Ftz
fate (green circles above the surface) from those predicted to adopt the low Ftz fate (black
circles below the surface) given their initial conditions. Top and bottom subpanels show
the same plot from two different viewing angles. See also Figure 3.12. (D-E) Schematic
illustrating (D) t,,, the time the autoregulatory element becomes responsive, and (E) t,;/,
the time the early element ceases production. We define t,;; such that r(t > t,57) = 0,
where r(t) is the mRNA production rate of the early element. Before ¢, 7(t) follows the
usual exponential decay observed experimentally with rate 57! = 21 min. The commitment
window Z,¢5 — to, is the timespan during which both upstream factors and autoactivation
dictate Ftz expression, and serves as an estimate for how long the autoregulatory module
has to establish a memory of the signal from the early module. (continued on the next

page)
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Figure 3.7: (continued) In silico analysis reveals the window of commitment of
cells to Ftz fate. (F) Simulated Ftz concentrations resulting from the timing pictured in C
and D. (G) Contour plot showing what percentage of the subset of analyzed nuclei (N = 21;
Materials and Methods “Simulations - Best predicted nuclei”) that reach the high Ftz fate
under wild-type conditions still reach that fate as the commitment window ¢, —1%,, is varied
and t,, is delayed relative to the measured -20 min (see text). (H) Simulated single-nucleus
traces of total Ftz for varying values of t,, with initial conditions held constant at r_5y = 1.8
a.u., R_oy = 1.1 a.u.,, P9y = 2.6 a.u. The simulations show that the commitment window
can cause the transient dynamics to vary quite dramatically. Dashed lines denote the #,¢¢
(gold) and t,, (gray) values used for each plot. The parameters are as in Table 3.1. See also
Figure 3.12, Figure 3.13 and Figure 3.14.

of P_5, even at the highest concentrations we measured, are partitioned between ON and
OFF fates by the values of r_5p and R_5 (Figure 3.7C). Thus, the autoregulatory element
does not simply perform an instantaneous readout of Ftz concentration at the time of onset
to determine cell fate. Rather, a combination of high initial transcription r_, and high
initial mRNA R_sy—which together lead to a bump in Ftz concentration after the onset of
autoregulation—seems to be essential for adopting the high fate.

Given this observation, we asked how long it takes for the autoregulatory element to
establish developmental memory of Ftz levels. We posit that this timespan corresponds to
the classical notion of a commitment window, defined as the period of time during which a
cell integrates information from external factors to decide its fate [42, 122]. Tt can be difficult
to access temporal features of development such as the commitment window in vivo, in part
due to the technical challenge of measuring and systematically manipulating input signals
while simultaneously monitoring the resulting gene expression programs in individual cells
within intact tissues or organisms [10, 91].

Our mathematical model provided us with a unique opportunity to examine the commit-
ment window by altering the timing of developmental events in silico. Because the low Ftz
fate at steady state is the default expression state—the autoregulatory module will always
produce zero protein in the absence of a transient signal from the early module—the com-
mitment window primarily determines whether the cell has enough time to detect if transient
Ftz concentrations are high and, if so, to adopt a trajectory destined for a high steady-state
expression fate. Thus, we analyzed only the subset of the best predicted nuclei that were
predicted to adopt the high fate according to the switching separatrix analysis (N = 21;
Figure 3.7C, green surface).

We define the commitment window as t,rf — ton, Where t,, indicates the start of au-
toregulatory responsiveness (Figure 3.7D) and ¢,y is the time when the early element ceases
transcription (Figure 3.7E). The commitment window represents the total amount of time
during which both the early and autoregulatory modules dictate ftz expression, and serves as
an estimate for how long the autoregulatory module has to establish a memory of transient
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Ftz state.

To determine how long of a commitment window allows cells to convert transiently high
Ftz concentrations into permanently high Ftz fates, we asked whether our analyzed subset
of nuclei still reached the high fate as we systematically varied the commitment window.
We solved the dynamical system from Equation 3.2 and Equation 3.1 with commitment
windows of increasing length and recorded which nuclei reached the high Ftz fate. Our
results are reported in Figure 3.7F in terms of the fraction of nuclei within the subset that
adopted the high Ftz fate for each timing condition. For example, assuming t,, < —13
min, a commitment window of 34 min results in 95% of nuclei achieving high steady-state
Ftz levels (Figure 3.7F). Our results reveal that there is a gradual dropoff in the fraction of
cells that do not commit to the high fate as the commitment window is shortened or t,, is
delayed. This suggests that slight temporal perturbations during development are unlikely
to cause catastrophic patterning failures in which all cells suddenly adopt the low Ftz fate.
Rather, we expect small changes in timing to affect the fates of only a small percentage of
cells.

Our analysis of the commitment window suggests that about half an hour suffices for the
vast majority of high-fated cells to stably commit to that fate (see also Materials and Methods
“Modeling - Convergence rate estimates and basin of attraction”). Proper fate specification,
however, does not guarantee similarity in the temporal trajectories of Ftz concentration,
as evidenced by the wide range of dynamics observed in simulated traces for varying t,,
and t,7; with the same initial conditions for the early module (Figure 3.7G; Figure 3.12).
Thus, if the transient Ftz trajectory, not just its ultimate fate, is instructive for downstream
genes, then the need for proper regulation of these genes may place stricter constraints on
the relative timing of the early and autoregulatory elements than those that are imposed by
the specification of Ftz fate alone.

3.3 Discussion

For decades, developmental biologists have used the concept of Waddington’s landscape to
conceptualize cellular decision-making. Under this framework, cells roll down valleys in a
predetermined landscape to adopt their ultimate fates. This framework has been repeatedly
mathematicized using dynamical systems theory [173, 61, 87, 35, 141]. Many of these studies
have hypothesized that autoactivation [38] helps establish and maintain binary cell fates
through bistability [183, 153], which can be thought of as introducing forks in Waddington’s
landscape. Though experiments in cell culture and fixed tissue have provided evidence for the
bistability of various autoregulatory modules found within gene regulatory networks, until
now, these results have not been confirmed by direct examination of dynamics in intact,
living embryos.

In this work, we utilized live imaging to quantitatively characterize the dynamics of the
fruit fly ftz regulatory system in vivo. We elucidated tight temporal coordination between
the two enhancer elements that regulate ftz expression (Figure 3.3) and combined dynamical
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systems modeling with biophysical measurements to show that the bistability of the autoreg-
ulatory module can maintain otherwise transient expression levels driven by upstream factors
(Figure 3.7). Based on the prevalence of autoregulatory motifs in nature [3, 134], we specu-
late that the approach employed by the Ftz system to decide cell fate is not limited to fruit
flies, but might also be widely adopted during development in other organisms.

One of our central discoveries is that ftz autoregulation is triggered at a specific develop-
mental time rather than being triggered when Ftz reaches a certain threshold concentration.
Recent work has suggested candidates for “timer genes” that are expressed at distinct de-
velopmental time points and appear to facilitate the expression of other genes [115, 29, 31,
154, 30]. We speculate that timer genes might also bind the ftz autoregulatory element to
trigger its responsiveness to Ftz.

We relied on quantitative modeling with no free parameters to provide strong evidence
demonstrating that the Ftz autoregulatory module is bistable. Dynamical systems models
such as the one employed here are advantageous for this approach since the parameters are
biophysically interpretable, which is not true in, for example, more coarse-grained Boolean
models of genetic networks [8]. Although the model in the main text is deterministic, in
preliminary work we also considered a stochastic chemical reaction network simulated by
the Gillespie algorithm, as well as a stochastic differential equation model (Materials and
Methods “Simulations - Stochastic simulations”). Aside from introducing noise to Ftz ex-
pression levels, and in contrast to other patterning networks where noise appears crucially to
drive fate determination [184, 128], these models did not exhibit any unique behaviors that
better accounted for our experimental observations compared to the deterministic model.

The results presented in this work were derived from experiments paired with mathe-
matical analysis of our theoretical model. The conclusions could be further supported—or
challenged—Dby experiments where Ftz initial conditions are altered through, for example,
heat shock or optogenetic approaches. Future research on Ftz autoregulation would also
benefit from technological advancements that extend quantitative live imaging capabilities
beyond gastrulation in order to monitor Ftz concentrations over extended timescales, from
the onset of autoregulation to the final adoption of cellular fate.

A basic assumption of the approach employed here is that the behavior of the whole
network can be predicted from the behavior of the parts (modules) in isolation [78, 15, 46].
In our model, we divided the early and late populations of Ftz into two separate modules. The
early module produces the early protein (P.,,,), which acts as an input to the autoregulatory
module responsible for producing the late protein (Pju.). Positive feedback arises because
Py also activates its own expression (Figure 3.5 and Figure 3.11). This is not the only
way to define the module; for example, if we knew which regulatory factors rendered the
autoregulatory element responsive, then we could include those as inputs instead of describing
their activity implicitly through the parameter t,,,. Similarly, if we knew the dynamics of the
upstream regulatory factors for the early element, we could replace (3, the phenomenological
temporal decay in the early transcription rate, with a mathematical expression relating the
concentrations of these regulatory factor inputs to the early Ftz transcription rate.

Our representation of the autoregulatory module can predict the fate of ftz expression
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from arbitrary trajectories of early Ftz. As a result, we can predict the effect of modifica-
tions to upstream signaling on the resulting gene expression patterns. This allows us to ask
what forms of input are appropriate to achieve particular patterning outcomes. Such ability
to reverse engineer the process of cellular decision-making could facilitate designing pertur-
bations to manipulate the system, identifying constraints placed on upstream modules by
the needs of downstream modules, and analyzing whether biologically evolved signals match
those that are mathematically “optimal” for such needs as patterning speed [136] or infor-
mation transmission [163]. Different methods of generating predictions may be appropriate
depending on the types of inputs under consideration. In this paper, the fact that increasing
any one of the parameters that define the early Ftz input (r_s9, R_29, P_2) increases total
Ftz concentration at all points in time (a property known as monotonicity; [5, 155]) made it
possible to analyze our model using a switching separatrix. However, this may not be true
for other regulatory systems, as in the case where a gene within a module represses its own
production.

Throughout developmental biology, the concept of a commitment window has been re-
peatedly utilized to describe the amount of time cells need to be exposed to upstream signals
in order to decide their developmental fates [42, 122]. Our quantitative dynamical systems
model enabled us to conduct a detailed examination of this commitment window, and to
identify what fraction of cells adopt certain fates as developmental timing is varied. From
an engineering perspective, we may consider a gene expression pattern as an objective that
must be achieved with a prescribed level of precision (i.e., as a design specification), and
work backwards to see what inputs satisfy this requirement. Our approach complements
existing work on precision that emphasizes how tightly protein concentrations are controlled
[72] and how accurately cells can locate their position by reading out concentrations of up-
stream factors [48, 135]. In particular, the latter approaches indicate what level of precision
is actually achieved by a patterning network, while our framing focuses rather on what range
of parameters allow a system to attain a predefined level of precision. A combination of the
two perspectives could help elucidate what biophysical and evolutionary factors influence
stochastic variation in phenotypes, including how precise expression patterns must actually
be to produce functional, healthy organisms.

In summary, by turning widespread schematic models of autoactivation modules into pre-
cise mathematical statements and experimentally testing the resulting predictions, we have
provided support for a widely held hypothesis about how developmental fates are established
in embryos. In the future, combining quantitative measurements with precise spatiotemporal
perturbations [68] and synthetic reconstitution methods [121] promises to enable yet another
iteration of the dialogue between theory and experiment that constitutes the basis of our
work, ultimately leading to a predictive understanding of function in developmental networks
and the myriad forms and fates to which they give rise.
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3.4 Materials and Methods

3.4.1 Fly strains/Genotypes
3.4.1.1 Creation of tagged fushi tarazu (ftz) gene using CRISPR-Cas9

Ftz-EGFP-LlamaTag fusion design is based on previously published transgenic line [18].
To tag endogenous ftz locus with EGFP-LlamaTag, we used CRISPR-mediated homology-
directed repair with donor plasmid synthesized by Genscript. gRNA was designed using
the target finder tool from flyCRISPR (https://flycrispr.org), and cloned based on the
protocol from [70]. yw;nos-Cas9(II-attP40) transgenic line was used as the genomic source
for Cas9 and the embryos were injected and screened by BestGene Inc.

3.4.1.2 Creation of ftz early and autoregulatory element reporter

The ftz autoregulatory element sequence was based on the 4.4kb DNA segment described
in [83]. The ftz early and autoregulatory element reporters driven by the ftz promoter
were constructed by combining the respective enhancer sequence with an array of 24 MS2
stem loops inserted into the ftz coding sequence D. melanogaster yellow gene [18]. The ftz
autoregulatory element reporter driven by the eve promoter was constructed by combining
the enhancer sequence with an array of 24 MS2 stem loops inserted into the D. melanogaster
yellow gene [18]. The constructs were synthesized by Genscript and injected by BestGene
Inc into D. melanogaster embryos with a $C31 insertion site in chromosome 3 (Bloomington
stock #9750; landing site VK00033; cytological location 65B2).

3.4.1.3 Transgenes expressing EGFP and MCP-mCherry

The fly line maternally expressing MCP-mCherry (chromosome 3) was constructed as de-
scribed in [18]. The fly line maternally expressing vasa-EGFP (chromosome 2) was con-
structed as described in [97]. To simultaneously image protein dynamics using LlamaTags
and transcription using MCP-MS2 system, we combined the vasa-EGFP transgene with
MCP-mCherry to construct a new line (yw;vasa-EGFP;MCP-mCherry) that maternally ex-
presses both proteins.

3.4.2 Fly lines

To measure Ftz transcription and protein levels simultaneously, we performed crosses to
generate virgins carrying transgenes that drive maternal EGFP, MCP-mCherry, the Lla-

maTagged Ftz locus along with ftz autoregulatory element reporter
. vasa-EGFP . MCP-mCherry . )
(yw; (vO ' FrzAuto-MS2-Yellow, T tz—LlamaTag)' These flies were then crossed with

males having both the ftz autoregulatory element reporter and the LlamaTagged Ftz locus
(yw; +; FtzAuto-MS2-Yellow, Ftz-LlamaTag). This resulted in the embryo carrying mater-
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nally deposited EGFP, MCP-mCherry, and two copies of the LlamaTagged Ftz locus and ftz
autoregulatory element reporter.

3.4.3 Method Detalils
3.4.3.1 A primer on bistability

We model ftz regulation as a dynamical system represented by ordinary differential equations.
Typically, in such models, the rate of change in mRNA and protein concentrations is given
by a combination of their synthesis and degradation rates. For example, a model of the ftz
autoregulatory module in isolation (ignoring regulation by the early element) describes the
rate of change in ftz mRNA concentration R and protein concentration P as

dR
i f(P) = rR

: 3.3)
dP (
E = OCR—’}/PP

In the first equation, f(P) is the gene regulatory (or input-output) function that describes
how input Ftz concentration controls the rate of ftz transcription, and g is the fiz mRNA
degradation rate. Since Ftz promotes its own production, f(P) increases with P. In the
second equation, « is the translation rate and vp corresponds to the Ftz protein degradation
rate.

We can represent this dynamical system using a phase portrait, which is a two-dimensional
plot that shows how the trajectory of mRNA and protein concentrations evolves over time.
Specifically, the phase portrait has the mRNA and protein concentrations on its axes. At
each point in the phase portrait we plug the corresponding mRNA and protein concentra-
tions into Equation 3.3 in order to calculate %{ and %. The values of these derivatives
determine how quickly and in which direction the mRNA and protein concentrations will
change over a small time period. This direction is encoded in the phase portrait by drawing
an arrow. By following arrows throughout the phase portrait, we can qualitatively predict
where the trajectory will travel. Hence, given initial concentrations of mRNA and protein,

we can predict an entire trajectory by following the arrows.
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Phase portraits for the isolated autoregulatory module described by Equation 3.3 show how
mRNA and protein concentrations change over time. Sample trajectories (red) starting at
different points follow the gray arrows encoding % and % to converge toward attractors (solid
gray circles) and away from unstable steady states (open gray circle). The numerical values of the
model parameters determine whether the module is monostable (left and right) or bistable
(center), as visualized by the change in the number of intersections of the nullclines (dotted black
lines). Parameters for all plots are given in Table 3.1 except for ¢ = 0.3 on the left and ¢ = 0.65,
n = 0.7 on the right, which were chosen for the purpose of illustrating monostability.

We can draw a line on the phase portrait to indicate all points where the mRNA does not
change concentration during a small time period (i.e., the arrows are vertical at these points).
This line is defined by %‘3 = 0 and is called a nullcline. We can similarly identify a nullcline
for protein concentration, defined by dd—lz = 0 and along which all arrows point horizontally.
Trajectories become “stuck” where both ”(li—lf = 0 and %’ = 0, since concentrations do not
change for either molecular species. Such points are called steady states and are found at the
intersections of the nullclines. Crucially, the shapes of the nullclines depend on the shape
of f as well as the quantitative values of the translation and decay rates, implying that the
number of steady states also depends on these parameters.

All trajectories eventually converge to one or more steady states called attractors, so
named because they “attract” trajectories toward them. Attractors are stable, meaning
that if concentrations are perturbed slightly away from the attractor, they will return to the
attractor. Alternatively, a steady state can be unstable, such that, after a small perturbation,
the chemical concentrations evolve away from that steady state; in this case the state is not
an attractor because trajectories in the vicinity tend to leave rather than approach it. The
stability and number of steady states also depend on the system’s quantitative parameter
values.

For models of the kind we consider here, there are either 1 or 3 steady states, such
that the autoregulatory module is either monostable, meaning it possesses one attractor
and possibly one unstable steady state, or bistable, meaning it possesses two attractors and
one unstable steady state between these attractors. In the monostable case, all trajectories
eventually reach the same attractor, whereas in the bistable case, the attractor reached by
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a given trajectory depends on the initial concentrations of mRNA and protein.

In Section 3.2.3 of the main text, we discuss how to model ftz regulation by a combination
of the early and autoregulatory elements, as it occurs in the wild-type embryo. The early
element eventually stops driving ftz transcription, at which point we can use Equation 3.3 to
describe the evolution of the Ftz mRNA and protein concentrations starting from the values
they assumed at the time the early element shut down. Thus, if the autoregulatory module is
bistable, then contributions from the early element will determine whether the steady-state
Ftz concentration in a given nucleus (trajectory) is high or low, while if the autoregulatory
module is monostable, then the steady-state Ftz concentration will always converge toward
the same point regardless of the transient activity owing to the early element. Throughout
the text, we will refer to the steady-state Ftz concentration that is reached by a trajectory
as the Ftz fate, to distinguish it from the instantaneous state of its concentration at any
given point in time.

3.4.3.2 Embryo preparation and data collection

The embryos were prepared following procedures described in [63, 18, 102]. Embryos were
collected and mounted in halocarbon oil 27 between a semipermeable membrane (Lumox
film, Starstedt, Germany) and a coverslip. Confocal imaging on a Zeiss LSM 780 microscope
was performed using a Plan-Apochromat 40x /1.4NA oil immersion objective. EGFP and
MCP-mCherry were excited with laser wavelengths of 488 nm (25.0 W laser power) and
594 nm (15.0 uW laser power), respectively. Fluorescence was detected using the Zeiss
QUASAR detection unit. Image resolution was 512 x 512 pixels, with pixel size of 0.231
pm. Sequential z-stacks separated by 0.5 pm were acquired. Specimens were imaged from
mid nuclear cycle 14 until the start of gastrulation.

3.4.3.3 Modeling

Autoregulatory element We use Reqy(f) to describe the concentration of ftz mRNA
transcribed from the early element, which is translated into protein P, (t). We define
Riate(t) as the ftz mRNA transcribed from the autoregulatory element and translated into
protein Pjq(t). The total Ftz in the cell at time ¢ is given by Piotai(t) = Peariy(t) + Plate(1).
The dynamical equations describing the temporal evolution of mRNA and protein are

dR ate r
2 = ef (t, Purar(t)) = Yr Riare(t)
autoregulatory element: : (3.4)
dPlate
dt - aRlate(t) - ’YPPlate (t)

where vz and vp are the decay rates of mRNA and protein respectively, « is the translation
rate, and c is a scaling factor equivalent to the ratio of maximum production rate from
the endogenous locus vs. the transgene (where f is measured). Note that f(¢,-), the gene
regulatory function for the autoregulatory element, is time dependent. Unless otherwise
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stated, we will assume

07 t <ton,
f6. Py = {f(PL E> (3:5)
where pr
F(P) = h +1 (3.6)

is the sigmoid describing the autoregulatory relationship at maximum amplitude. Using the
definition of P (t) we will then write Equation 3.4 as

dRyqte
# = Cf(Pearly(t) + Plate(t» - ’YRRlate(t)
autoregulatory element: yt > ton.  (3.7)
dBate
dt = aRlate(t) - fYPPlate(t)

Thus, Peay(t) acts as the sole time-varying input to the autoregulatory element. Since
autoregulation does not begin until time ¢,,, the initial conditions for Equation 3.7 are fixed
at Rlate(ton) =0 and Plate(ton) =0.

Early element From our empirical measurements, we observed that the production rate
r(t) of early ftz mRNA is well approximated by an exponential decay (Figure 3.51 and J),
allowing us to model Reqiy(t) and P.qpy(t) through the dynamical system

( dr

a —pr(t)
dRear
le = T‘(t) - /yRRearly(t) . (38)
dPear
L le - Q/Rearly (t) - ’yPPearly(t)

As before, « is the translation rate and vz and vp are the decay rates of mRNA and protein.
Because Equation 3.8 is linear, it can be equivalently written as

a7t b
W a0 |20 = AR, (3.9)
dt
0 a =P
where
r(t)
Z(t) = |Reariy(t) | - (3.10)
Pearly<t>
The analytical solution is then given by
f(t) = 016)\115,[—)’1 + CQGAQtQTQ + 036/\3t173, (311)
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where A1, A2, A3 are the eigenvalues of A corresponding to eigenvectors v7, U, U3 respectively.
In particular,

0 0
Z(t) = ’YRl_B cre P+ L | e+ | 0] cze 77! (3.12)
('YR*L;;E“/P*B) YP—YR 1
where
(ton) o «
1 = T<ton>7 Co = <Rearl (ton) - ) , C3 = Pearl (ton)_ Co— C1.
Y YR — B Y v =8 (v —=B)(vp —B)
(3.13)

Thus, the input P.,,(t) to the autoregulatory element is completely characterized by three
parameters (r(ton), Rearty(ton); Pearty(ton)) corresponding to the initial conditions for Equa-
tion 3.8. Since every term in the solution is multiplied by an exponential that decays in
time, all state variables will tend to 0 as ¢ goes to infinity.

Intersection test for bistability Here, we describe how to use an intersection test to
identify steady states such as those introduced in Materials and Methods: “A primer on
bistability” for our model of the autoregulatory module. To reiterate, our dynamical system
Equation 3.7 is described by

AR ate
# = Cf(Pearly<t) + Plate(t)) - ’VRRlate<t)
autoregulatory element: , > ton. (3.14)
d-Plate
dt = aRlate<t> - fYPPlate(t)

Steady states are system states at infinite time. Since we know that P4, (t) goes to 0
at long times, the steady states for Equation 3.7 are equivalent to the steady states of

dRjate
dltt = cf(Bate(t)) - VRRlate(t)
autoregulatory element: , (3.15)
dPl(zte
dt = CVRlate(t) - ’YPPlate(t)

which has no time-varying parameters and can therefore be analyzed for steady states by
standard methods.

By definition, at steady state the derivative of the different molecules species with respect
to time equals zero, allowing us to write

0=cf(P,.)— YRR
autoregulatory element: f(* ate) Wi fate (3.16)
0= aRlate - ’YPPlate
where (R}, P},.) is a steady state. Then, we rearrange the bottom equation to get
Rlate = ;Platw (317)
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which we plug into the top equation to get

* YRVP
0= Cf(Plate) - p Plate' (318)
From here, we rearrange terms to recover

VP Pge = — f(Ple)- (3.19)
YR

Hence, the intersections of a line of slope yp with the right-hand side give the steady-state
late protein concentrations P}, , from which we can recover Rj, through Equation 3.17.

These intersections can be estimated graphically or through computational methods.

Convergence rate estimates and basin of attraction In this section, we show our
calculation for the local convergence rate to the high Ftz steady state. The convergence
rate is an estimate for how quickly a cell approaches the high fate, expressed as the time
constant for an exponential decay of the distance between a trajectory and the steady state
in the phase space. This section assumes familiarity with linear stability analysis, which is
introduced in most nonlinear systems textbooks such as the classic [160].

Assume we combine Equation 3.7 and Equation 3.8 to obtain the full model

(dr
— = —Br(t
& et
dRear
le = T’(t) - IYRRearly(t)
K (3.20)
i = cfo(Puor(t)) = Y Riure(t)
dP;,
| Dot — ar(t) + R(1) 2 Puslt)
where Pit(t) = Pogriy(t) + Plate(t) and we have used the assumption that
f(t, P) = fo(P) (3.21)
for ¢t > 0.
The Jacobian of this system about a steady state (7, R}, Ry, Pior) 18
-8 0 0 0
e (3.22)
0 @ « —Yp

Since J is a lower triangular block matrix, its eigenvalues are the eigenvalues of the diagonal
blocks. The upper left block has eigenvalues

A =—0, ha=—7r (3.23)
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and the lower block has eigenvalues

—(yp +R) + \/(VP +9r)" = 4 (vryp — acf'(PY))

. : 7 (3.24)
N (yp +vR) — \/(7p + %;)2 — 4 (e — O‘Cf/(P*»' (3.25)

If acf'(P*) > ~r7yp, the eigenvalue A, is positive, hence the system is bistable and the
identified steady state is the unstable middle point. Otherwise the real parts of all eigenvalues
are negative and the steady state is (marginally) stable.

Locally to a stable steady state (for which aef’(P*) < vygr7yp), the convergence rate & is
determined by the slowest of the decay rates along the eigenvectors, i.e.,

§ = min {b, Yrs | R [A4] } (3.26)
where
RN | < w (3.27)

The bound is determined by the point at which the imaginary components of A\, A\_ become
nonzero. Thus, if vp < g, then 'EFE [A4] | < YR, which means that the local convergence rate

will be slower than the mRNA decay rate.
The (nonnormalized) eigenvectors associated with each eigenvalue are

—15 (acf'(P*) = (B —p)(B —1r)) 0
N a(B—r) (acf'(P*) — (B —p)(B—"r)) R -1
v = _ (ef1(PY) » V2 = 1|
B£7R O
- 0 _ ] .
0 ;
Vy = é (”YP"’ _('YP""“/R)""\/('YP‘F'YRQ)Q_4(7R7P—acf,(P*))> = é(VP + /\+) )
- 0 - ] . )
0
0
_’_ frnd _ _ 2_ —acf! * == . 2
v é(’YP—i— (vP+7R) \/(’YP+7R2) 4(yryp—acf’(P ))) é(’YP—i-)\_) (3 8)
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As expected, locally the convergence rate associated with Ay = —vg (decay rate of mRNA)
has no component in the “protein direction” (i.e., [0 0 0 1]-vy = 0), so if we are only interested
in the local convergence rate of protein concentration we may ignore A\, and instead take

£ = min {b, R[]

} . (3.29)

For the parameters measured in our system, we estimate convergence to the low steady
state at the same rate as protein decay and to the high steady state at a rate of approximately
33.6 min, on par with the timescale over which the early element must remain active in order
for fate to be appropriately specified.

3.4.3.4 Parameter estimation

Regulatory function f(P) of the ftz autoregulatory element We calculated the
regulatory function (f(P)) of the ftz autoregulatory element (shown in Figure 3.4D) for
the anterior boundary of stripe 4. To make this possible, we identified the boundary in a
manually selected image frame prior to gastrulation by extracting two adjacent columns of
cells, each corresponding to high or low Ftz concentration. For each cell, we obtained the
MS2 signal, which is a proxy for the instantaneous rate of transcription [63, 17, 102], and the
Ftz fluorescence for each time point. Next, we binned data points within a specific temporal
window into ten quantiles. We averaged the MS2 and Ftz signals belonging to the same
quantile, then fit a Hill function to the resulting values to obtain the regulatory function of
the ftz autoregulatory element within that time window. We repeated the process in four
temporal windows (-20 to -15, -15 to -10, -10 to -5, and -5 to 0 min) to obtain the trend
shown in Figure 3.4E).

Translation rate a To calculate the translation rate, we simultaneously imaged the ftz
transcription rate and the resulting Ftz concentration in a Ftz-MS2-LlamaTag construct
(Figure 3.5D). We focused on nuclei lacking initial Ftz transcription, meaning that for these
nuclei, no MS2 spots were detected prior to the experiment’s initiation. For these nuclei, we
measured the MS2 signal (see Figure 3.5E for a sample trace), which is an approximation
of the ftz mRNA production rate [63, 102, 18], and integrated this signal in order to obtain
the total amount of mRNA produced (see Figure 3.5F; [63]). This integration was done by
solving the differential equation for the mRNA R(t) given by

% =r(t) — vyrR(t), (3.30)
where 7(t) is the transcription rate (i.e., the mRNA production rate reported by MS2 fluo-
rescence), and v7£=0.099 1/min (see Table 3.1). An example of a resulting prediction for the
amount of mRNA as a function of time is shown in Figure 3.5F.

Next, we performed a parameter sweep for the translation rate a and, for each value of
a, we integrated R(t) to predict the protein dynamics P(t) using the following equation.
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% = aR(t) — vpP(t). (3.31)

Examples of these predicted protein dynamics traces for different values of o are shown as
black lines in Figure 3.5G.

The translation rate that results in the best fit (Figure 3.5G, yellow line) is recorded
for each nucleus. We then calculated o values for each embryo by averaging best-fitted «
for each single cell (Figure 3.5H). These values are averaged across N = 129 cells (embryo
1) and N = 119 cells (embryo 2), respectively. Then we averaged the resulting value of «
between two embryos, giving us a = 0.082+0.004 protein AU /(mRNA AU min) (see Table
3.1), which is used in our dynamical systems model in the main text.

It is important to note that the correlation between these mRNA dynamics and the
protein dynamics, as determined by the translation rate, is independent of which enhancer
element drove mRNA expression initially. Furthermore, to calculate a, we utilized a con-
struct that includes both the early and autoregulatory elements rather than focusing solely
on the autoregulatory element.

Early element transcriptional activity decay rate § To determine the decay rate 3
for mRNA production from the early element, we utilized fluorescence measurements of the
early element MS2 reporter construct (Figure 3.51). For each embryo, an exponential fit was
applied to its average trajectory (Figure 3.5J). Subsequently, we calculated the mean decay
rate across all embryos (see Table 3.1, N = 2 embryos) for incorporation into the dynamical
systems model.

Scaling factor ¢ We estimated c¢, the ratio of maximum production rate from the endoge-
nous locus vs. the transgene, by approximating the solution to the dynamical system in
Equation 3.7 between two time points for which we have empirical data. In particular, we
began from the experimental observation that f (t, P) plateaus shortly before gastrulation
for nuclei with total Ftz levels above about P7¢sh = 1.5 x 105 a.u. Therefore, for nuclei that
satisfy Pay(t) > PPesh during this time (Figure 3.10A), we can approximate the nonlinear
system for the autoregulatory element by the following linear system

U cp(Pret) — 1R ()
da , (3.32)
i aR(t) — vpP(t)

where f(PUresh) is now a constant. This system of equations has an analytical solution given

R(t) = eR(O)e w4 LI () ooty
B Qa o B Cf(PthTesh) B (333)
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Rearranging these expressions gives
B P B —ypty TP TR _ —vpt
SalTs Ty T —— <(R(t) R(0)e7) — (P(t) — P(0)e" )) . (3.34)
Note that here t = 0 is assigned to the beginning of the time window over which the

simulation is performed.

We calculated the solution to Equation 3.34 for the individual boundary nuclei in the
same embryos as used to fit the gene regulatory function (Figure 3.4D). We restricted our
estimations to the 3 min before gastrulation based on personal observations that the pre-
diction accuracy of the simulation of this linearized system tended to fall after ~3 min. We
derived the initial conditions (R(0), P(0)) from estimates of the late protein obtained by
subtracting simulated early protein from the total protein trace (where the autoregulatory
element was assumed to begin contributing at -20 min before gastrulation). We estimated
¢ in a windowed approach whereby, for each nucleus, we simulated only over one empirical
sample interval (10 s) for all intervals from 3 min before gastrulation (Figure 3.10B). We
pooled all samples for individual time windows across all nuclei (Figure 3.10C and D) and
averaged them to give a final estimate of ¢ & 0.45+0.02 across the 3 min before gastrulation
(where the error range is the standard error).

3.4.3.5 Simulations

Extracting initial conditions Initial conditions for all nuclei were drawn from measure-
ments of the endogenous Ftz protein tagged with LlamaTag. In particular, we assumed the
autoregulatory element was unresponsive before t,,, (corroborated by simultaneous measure-
ment of MS2 for the late element transgene in these constructs), such that all protein and
mRNA up until 20 min before gastrulation was contributed by the early element. Therefore,
our measurements until gastrulation give us the trace Peqy(t) for t < t,y,.

Protein traces were smoothed before use and provided P_5y directly. The early mRNA
concentration R, (t) was calculated from the third equation in Equation 3.1 by plugging
in measurements from the smoothed trace to

dPeCLT
Rart0) = (52 40P 0), (3.35)

from which R_sy could be extracted. The early transcription rate r(¢) was then estimated
from the derivative of the estimated mRNA trace Reqy(t) evaluated at ¢t = —20.

Best predicted nuclei In order to be assured of the accuracy of our conclusions con-
cerning the dynamics of the commitment process, in Figure 3.7 we decided to restrict our
analysis to sets of nuclei whose simulated trajectories well matched the empirical traces.
From our dataset, we identified such “best predicted” nuclei based on the cumulative error
between a measured trajectory {(R;, P;)} at discrete time points ¢ and a simulated trajectory

{(Rt, Pt)} at the same time points as
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=S\ (h— R)2+ (B — P2 (3.36)

From a histogram of the errors (Figure 3.14A), which was roughly bimodal, we identified a
threshold of 7 x 107 to identify the 79 best predicted nuclei out of 118 nuclei total. Some
sample traces from these best predicted nuclei are shown in Figure 3.14B while traces for
nuclei with high cumulative error are shown in Figure 3.14C.

We also calculated the cumulative error when simulations were conducted for a gradual
increase in autoregulatory responsiveness described by

ft,P) = (1 — e St f(P)) | t > t,, (3.37)

where f(P) is as defined in Equation 3.6 and £ = 0.14 1/min corresponds to a half-life of 5 min
(from the observation that the autoregulatory element transitions from unresponsive to fully
responsive over 10 min; see Figure 3.4E). The resulting sample traces are shown in Figure
3.14B-C. Compared to the case where we assume that the autoregulatory element becomes
active instantaneously at t,, (Figure 3.14A), there was a slight shift in the distribution
toward lower error (88 best predicted with the same cutoff as before in Figure 3.14A), but
the binary classification accuracy at gastrulation was the same. Therefore we opted to use
F(P) rather than f(¢, P) for the main analysis.

Whole-embryo simulations We were curious about how accurately our model, which
is based on measurements at the anterior boundary of stripe 4, would predict Ftz state
for all nuclei spanning stripes 3, 4 and 5 measured during our experiments. Assuming all
nuclei follow the same dynamics as given in Equation 3.1 and Equation 3.7, we repeated the
analysis from Figure 3.6 to predict Ftz concentration at gastrulation. We achieved a binary
classification accuracy of (74.6%, or 763 of 1036 nuclei). Interestingly, this is worse than
the accuracy achieved from thresholding early protein alone (84.3%, or 873 of 1036 nuclei),
which is itself comparably accurate to the predictions for the anterior boundary of stripe 4
(with or without the autoregulatory contribution). The bulk of classification errors for the
whole-embryo simulations, whether from thresholding full simulations or thresholding early
protein alone, were false positives at the posterior boundaries of stripes, as in the example
plotted in Figure 3.12B. This indicates that something differs in the regulation of Ftz at the
anterior boundaries of stripes as compared to the posterior boundaries. For example, it has
been noted that the posterior, but not the anterior, boundaries of Ftz stripes are repressed
by sloppy paired (slp) [28].

Delaying the onset of responsiveness of the autoregulatory element From a math-
ematical standpoint, we can treat a delay in ¢,, as a change in the starting time of the simu-
lation, which introduces a corresponding change to the initial conditions (7(te,), Rearty(ton),
P.oriy(ton)) of the early module. In this way, the time at which the trajectory of the early
module (7(t), Rearty(t), Peariy(t)) crosses the switching separatrix is the latest time at which
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the autoregulatory element can become responsive and still commit a cell to the appropriate
(high) fate (Figure 3.12C). This follows from three conditions: (1) the early element is time
invariant, (2) the early element is independent of the autoregulatory module (the same is
not true for the autoregulatory module, which takes the output of the early module as its
input), and (3) Ftz fate corresponds to the Ftz concentration state at infinite time. (1) and
(2) ensure that, even if we delay the autoregulatory element, we can continue to use Equation
3.1 to simulate early protein by just changing the initial conditions, while (3) ensures that
the delayed start of the autoregulatory element will not change the location of the switching
surface (which is relative to steady state, not to a transient state of the trajectory at a fixed
point in time). Intriguingly, the trajectories of early protein run parallel to the separatrix
before converging to cross it in a restricted region of parameter space (Figure 3.12C).

In Figure 3.7 we analyze the commitment window by varying ?,;s at the same time as
ton. In Figure 3.12D we report full results for simultaneous variation in t,, and t,5¢. The
strictness with which cell fate must be specified determines the variation in timing that can
be tolerated. For example, if the early element ceases production at or after gastrulation
(tofs > 0), the autoregulatory element can delay responsiveness until -15 min and still guide
at least 75% of cells to the appropriate fate. If the early element does not cease production
until 20 min, then the autoregulatory element may turn on just after -6 min and still direct
75% of cells to the correct fate. From these results, we see that almost no cells commit to
the high fate when ¢,, > t,7¢. For this reason, in the main text we always set tor5 > top.

Stochastic simulations Stochasticity in gene expression during embryonic development
can compromise or improve system function depending on the context [184, 128]. We sought
to investigate whether stochasticity in gene expression (1) was sufficient to explain the pre-
diction error rates of our deterministic models, and (2) could drive stochastic switching
at appreciable rates. We examined these questions using stochastic differential equations
(SDEs), assuming that the noise in our data arises solely from stochastic dynamics within
the cells rather than from measurement noise. Generally, we expect this method to overes-
timate the error.

In a stochastic differential equation model, changes in the amount of late RNA dRju.
and total protein dP,,, over a time interval dt are given by

dPiotal(t) = (@ Rior(t) — P Protar () dt + o p(Protar(t))dW, (3.38)

{deate(t> = (Cf(Ptotal(t)) - ’YRRlate(t)) dt + UR(Rlate(t))dW
where dWW is Gaussian with mean 0 and variance dt [67]. The terms og(Rjae) and op(Paze)
scale the variance of the noise from one time increment to the next.

For this analysis, we used our experimental setup featuring endogenous Ftz-LlamaTag
driving an autoregulatory element transgene tagged with MS2 as introduced in Figure 3.4.
Because, over a small time interval where mRNA degradation is negligible, the MS2 signal
reports on the rate of mRNA production, this signal gave us direct access to dRjq.(t;) at
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discrete time points ¢;. As a result, we can use this measure of dRju.(t) to estimate for the
late mRNA Ry (t) by integrating the MS2 signal following

Rlate (tz) - Rlate(ti—l) + deate(ti)(ti - ti—l) (339)

under the assumption that Rjue(ton) = 0 (meaning that the autoregulatory element only
becomes responsive at time %,,). Since we also have direct measurements of P,y (t), this
allows us to rearrange Equation 3.38 so as to estimate the noise contribution o g( Ry (t))dW
from

JR(Rlate<t>)dW = deate(t) - (Cf(Ptatal(t)) - ’YRRlate(t)) dt. (340)

If we further assume that Reqy(t) is noiseless and therefore given by the deterministic
solution in Equation 3.12, we can estimate the total mMRNA as Ryo01(t) = Rearty(t) + Riate(t)-
Then, since we have simultaneous measurements of total Ftz P, we can also rearrange
the lower equation in Equation 3.38 to estimate op(Pioq(t))dW from

UP(Ptotal(t)>dW = deotal(t) — (aRtotal(t) - fYPPtotal(t» dt. (341)

We can perform the above analysis on individual measured traces to produce a large
number of sample points of og(Riuse)dW and o p(Pipia)dW. With these data we will aim to
estimate ox(R) and op(P). We assume the noise characteristics are time invariant, which
allows us to pool all samples at all time points and bin them by the corresponding R or
P11 For example, for protein, we treat each protein concentration bin k as a population of
samples of op(PF, )dW where PF, . is the mean of the samples in bin k (Figure 3.13A). Since
we assume dIV is normally distributed with variance dt, we divide all sample values by v/dt
and fit a normal distribution to the resulting distribution within each protein concentration
bin (Figure 3.13B). We found that the variances op(P)? are quite well approximated by a
linear relation op(P)* = aP + b (Figure 3.13C, right). The mRNA variance was estimated
similarly and also found to fit a linear relation (Figure 3.13C, left). Noise was estimated
from all available trajectories, regardless of whether they were part of the stripe 4 anterior
boundary.

Having estimated the noise, we investigated whether stochasticity could explain the error
rate in our predictions of Ftz expression state at gastrulation. We simulated N, = 100
experiments, each consisting of N, = 118 nuclei evenly split between those deterministically
predicted to be on and those deterministically predicted to be off. Specifically, we found the
convex hull defined by the experimentally measured initial conditions for nuclei at the stripe 4
anterior boundary, and drew random initial conditions for the stochastically simulated nuclei
from a uniform distribution within this hull. We assigned to each simulated experiment N%
points below the blue surface in Figure 3.7C and N% above the surface without replacement
(i.e., every nucleus in every simulated experiment has a unique set of initial conditions).
Individual stochastic trajectories were generated using the Euler-Maruyama method, with
the modification that protein and mRNA concentrations were forcibly lower bounded at 0
(i.e., random fluctuations that would bring concentrations to negative values were capped
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to instead bring the concentration to zero). Trajectories were simulated for 20 min until
gastrulation and thresholded with the same value as for our deterministic simulations (Figure
3.13D).

From our N;,, = 100 simulated experiments, we calculated a distribution of error rates
given by

total false positives + total false nefi-’iabtiVeS7 (3.42)

total number nuclei
where we compare the predicted outcomes from deterministic simulations to the “ground
truth” of the stochastic simulations.

In Figure 3.13E we plot the cumulative distribution of error rates for our simulations
(black), broken down into false negatives (red) and false positives (green). The dashed
vertical lines indicate the experimentally measured error rates with the same color code.
Where the vertical lines intersect the corresponding cumulative distributions indicates the
probability of measuring an error rate up to that rate. If the system is really described by
the stochastic dynamics we have inferred, then the most likely error rates are those that
intersect the curves where their slope is highest.

We found that the empirical error rate across 3 embryos was roughly twice that of the most
likely error rates from our stochastic simulations corresponding to the middle of calculated
cumulative distribution functions (Figure 3.13E, top), with the majority of errors being false
negatives. We knew from observation that one embryo had a large number of false negative
predictions, and, interestingly, if we exclude this embryo from analysis, then the empirical
error rate aligns well with what the stochastic model predicts to be most likely (Figure 3.13E,
bottom). This result suggests that many of our prediction errors can likely be attributed to
stochastic fluctuations.

Having determined that the error of the model in predicting Ftz expression state at gas-
trulation is comparable to the error expected when considering gene expression stochasticity,
we next turned to the question of whether gene expression stochasticity is expected to play
a large role in the long-term Ftz fate of cells in which the early element is no longer active.
We ran N = 100 simulations beginning from the high steady state and calculated the dis-
tribution of first-passage times to particular protein values (Figure 3.13F, left) or to within
some Euclidean distance of the opposite steady state (Figure 3.13F, right). These measures
give an approximation of the switching rate depending upon how stringently one defines a
threshold for switching.

Both trends indicate that switching from high to low occurs at a much faster rate than
low to high, with conservative rates of stochastic switching between the high and low Ftz
fates of around 2 hr and between low and high fates of approximately 3 hr. For comparison
of timescales, Ftz stripes are no longer experimentally detected before the end of germband
extension [74, 23], which occurs approximately 1.5 hours after gastrulation [149]. Thus, we
find no strong evidence that stochastic switching should contribute significantly to Ftz stripe
patterning.



CHAPTER 3. A BISTABLE AUTOREGULATORY MODULE IN THE DEVELOPING
EMBRYO COMMITS CELLS TO BINARY EXPRESSION FATES 94

3.4.4 Quantification and statistical analysis
3.4.4.1 Image processing

Image analysis of live embryo videos was performed based on the protocol in [63, 1], which
included nuclear segmentation, spot segmentation, and tracking. In addition, the nuclear
fluorescence of Ftz was calculated based on a nuclear mask generated from the MCP-mCherry
channel. Ftz concentration for individual nuclei was extracted based on the integrated
amount from maximum projection along the z-stack. The GFP background was calculated
based on a control experiment and subsequently subtracted from the data.

3.4.4.2 Numerical analysis and simulations

Numerical analysis and simulations were carried out using custom scripts in MATLAB
(2017b). The switching separatrix was estimated using a modification of the algorithm
in [155], which employs a combination of bisection and random sampling to estimate the
upper and lower bounds of the separatrix surface. Stochastic differential equations were
simulated using the Euler-Maruyama method.
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3.5 Supplementary Figures
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Figure 3.8: Ftz regulatory region and binding sites. (A) Schematic of the ftz locus with
known regulatory regions. The regions included in both the early element and autoregulatory
element reporters used in this study are highlighted, in addition to the region that can rescue
the ftz-null mutant [83]. (B) Predicted Ftz binding sites in the ftz early and autoregulatory
elements. The ftz early and autoregulatory elements are 1046 bp and 2571 bp segments
from the endogenous ftz locus, respectively. Multiple Ftz binding sites are predicted to be
found within the ftz early and autoregulatory enhancer by PATSER [80] using multiple Ftz
position weight matrices (PWMs) from [52]. However, the Ftz binding sites in the early
element appear not to be functional [83, 45, 138]. Only binding motifs with PATSER scores
higher than 9.0 are shown.
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Figure 3.9: Comparison of temporal dynamics between autoregulatory element
constructs driven by the ftz and eve promoters. (A-B) Schematics of constructs
with ftz driven by the autoregulatory element and the (A) ftz or (B) eve promoters. (C)
Both ftz promoter (N = 6 embryos) and eve promoter (N = 7 embryos) constructs show the
same transcriptional initiation dynamics prior to gastrulation. Data are normalized based on
the transcription rate at ¢t = —2 min. The transcription rate is calculated from the measured
MS2 signal, which is an approximation of the mRNA production rate [63, 102, 18].
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Figure 3.10: Procedure for estimating c, the ratio of the maximum mRNA pro-
duction rate from the endogenous to the transgene. (A) We use a subset of samples
for which the gene regulatory function is approximately saturated across the entire 3 min
before gastrulation. Red, the gene regulatory function. Gray dots are individual time points
from individual nuclei during the 3 min before gastrulation. Dark gray dots belong to nuclei
for which P (t) > PU%es? for all times between -3 and 0 min relative to gastrulation. Light
gray dots correspond to nuclei that did not match this criterion. (B) Top, estimated late
mRNA traces and bottom, estimated late protein traces for four sample nuclei drawn from
the subset identified in (A). Gray dashed lines indicate one sample interval from ¢’ to ¢’ + A
used to estimate ¢ (see Materials and Methods). (C) Gray, estimates of ¢ for each interval
pictured in (B) and each nucleus identified in (A). Red, the mean at each time point across
all nuclei. Note that most variation is between nuclei rather than across time points. (D)
Histogram of ¢ for all time intervals across all nuclei, mean 0.45, standard error 0.02.
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Figure 3.11: Two ways to visualize a genetic network as an interconnection of
modules. (A) Schematic of Ftz regulation in which populations of Ftz protein are differ-
entially labeled based on whether they are generated by regulation from the early element
(Peariy(t)) or from the autoregulatory element (Pjq(t)). The two populations are summed
to generate the total Ftz concentration that binds the autoregulatory element. (B) The Ftz
regulatory system can be visualized as a block diagram to highlight how a modular network
decomposition might be inspired by similar breakdowns of electrical circuits and other engi-
neering control systems [36]. Here, unspecified upstream factors regulate the early element
module, which produces output Peqy(t). This, in turn, acts as the input to the autoregula-
tory module, which has been schematized as a latch with a clock signal (clk) to show that the
element only becomes responsive at a particular time. The output P (t) can be summed
with P.,,(t) to recover total Ftz concentration. Relative to the more traditional schematic
in (A), this representation includes dynamic signals (Peqriy(t) and Pi(t)), a timing element
that triggers autoregulatory responsiveness, and a clear separation of inputs and outputs
from each module.
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Figure 3.12: Detailed deterministic simulation results. (A) The switching separatrix
(green surface; repeated from Figure 7) compared to an analogous surface for binary Ftz
state at gastrulation (blue surface), which separates nuclei that are high at gastrulation
(above surface) from those that are low at gastrulation (below surface). All analyzed nuclei
whose binary state at gastrulation was accurately predicted are plotted as colored circles.
Remaining nuclei are plotted as red triangles, upward-facing if predicted OFF at gastrulation
but measured ON, vice versa for downward-facing. Insets show two thin-width slices through
the surfaces at fixed initial protein levels P_oy between (i) 0.3-0.4 a.u. and (ii) 0.6-0.7 a.u.
(B) Whole-embryo simulation for the same embryo as pictured in Figure 6D. Pixel intensities
are normalized to the steady-state high Ftz level. (continued on the next page)
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Figure 3.12: (continued) Detailed deterministic simulation results. (C) Dashed gray
lines denote trajectories (7(t), Reariy(t), Peariy (t)) corresponding to individual high-fated nuclei
(N = 21, same as analyzed in Figure 7). Circles denote initial conditions at time -20 min
colored based on the amount of time until the corresponding trajectory crosses the switching
separatrix, with darker colors indicating longer times. This crossing time corresponds to the
longest acceptable delay in the onset of autoregulatory responsiveness without changing the
fate of the cell. (D) Left, heat map showing the fraction of cells predicted to adopt the
high Ftz fate for different combinations of ¢,, and ?,ss. Right, examples of simulated F'tz
traces for a single nucleus with the timing conditions corresponding to the red marks on the
heatmap.
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Figure 3.13: Detailed stochastic simulation results. (A-C) Procedure for estimating
mRNA and protein expression noise following the method described in Materials and Meth-
ods “Stochastic simulations”. We centered the samples from each bin at the corresponding
PE. . to generate the pictured histograms. (D) Top, late mRNA and bottom, total protein
traces simulated for individual nuclei obeying the stochastic dynamics in Equation 38. Gray
dashed line in the bottom plot is the threshold to be classified as high Ftz at gastrulation.
(E) Solid lines, cumulative distribution functions for error rates in the prediction of results
for N = 100 simulated stochastic experiments (using the stochastic differential equation in
Equation 38), when using a deterministic simulation to make the predictions. Dotted verti-
cal lines correspond to empirical error rates for three embryos with N,,. = 118 nuclei (left)
across 3 embryos, or excluding one embryo that had a high number of deterministic false
negatives for N,,. = 78 nuclei (right) across 2 embryos. (continued on the next page)
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Figure 3.13: (continued) Detailed stochastic simulation results. (F) Left, time to
first passage of a stochastic trace starting from the high (black) or low (red) fate to a given
protein value. Right, time to first passage of a stochastic trajectory with a given Euclidean
distance from the opposite steady state. In both plots, red denotes simulations beginning in
the low Ftz state and black denotes simulations beginning in the high Ftz state.
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Figure 3.14: Classifying nuclei by the cumulative error in model prediction. Left
column, simulations conducted assuming that the autoregulatory element becomes instan-
taneously responsive, as in Equation 6 and the main text. Right, simulations conducted
assuming a gradual increase in responsiveness of the autoregulatory element, following the
dynamics in Equation 37. (A) Histogram of cumulative errors for N = 118 nuclei. (B)
Sample traces of best predicted nuclei. In each plot, the blue curve is the measured trace
and the black line is the corresponding predicted trace. The dashed gray line is the threshold
for classifying a nucleus as “on” at gastrulation. (C) As for (B), but for nuclei that did not

qualify to be best predicted.
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3.6 Supplemental Table
Parameter Description Source Value Units
Q@ translation rate | this work 0.082 £+ 0.004 protein AU
/(mRNA AU
- min)
TR mRNA half-life | [51] 7 min
YR mRNA  decay lf—s 0.0990 1/min
rate
Tp protein half-life | [18] 7.9 min
Vp protein  decay lf—; 0.0877 1/min
rate
f(P) autoactivation this work % mRNA
gene regulatory AU/(protein
function AU)
a maximum tran- | this work 5.555e5x 10° mRNA
scription rate AU/(protein
AU)
K - this work 1.216x10° protein AU
n Hill coefficient this work 3.264 -
c ratio of tran- | this work 0.45 £+ 0.02 -
scription  rate
endogenous  to
transgene
g decay rate of | this work 0.0479 4+ 0.0021 | 1/min
early mRNA
production

Table 3.1: Quantitative parameters used throughout this work.
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Chapter 4

Enhancer design principles revealed
by binding-site reorganization and
modular dissection

4.1 Introduction

Enhancers are stretches of non-coding regulatory DNA sequence that transcription factors,
such as activators and repressors, can bind to regulate when, and where a gene is expressed.
These regulatory elements are essential during embryonic development [60], and their misreg-
ulation has been implicated in various diseases [90]. Yet, despite the ability to find enhancers
and identify most of their transcription factor binding sites with relative ease, we are still
incapable of predicting—Ilet alone synthesizing—enhancer function from knowledge of the
number, placement, and affinity of binding sites within them.

A significant challenge in synthesizing functional enhancers from scratch lies in deter-
mining the essential and complete sites that are essential for the enhancer function [169,
90]. Given that past attempts to create enhancers based solely on known binding sites have
proven unsuccessful [169], it is clear that our understanding of the information within en-
hancers is still incomplete. Recent high-throughput mutation studies indicate that almost all
alterations on a developmental enhancer have resulted in changes in gene expression patterns
[59]. This suggests that these enhancers carry dense regulatory information, complicating
our understanding [59]. To successfully construct a functional enhancer from scratch, it
is crucial that we identify all the essential elements that can reproduce the activities of
endogenous enhancers.

In addition to identifying necessary binding sites, understanding the organizational flex-
ibility of enhancers is also crucial for successful enhancer synthesis. This pertains to how
binding sites must be arranged to create a functional enhancer and to what extent their
arrangement can be modified without affecting function. Two models, the “Enhanceosome
model” and the “Billboard model”, attempt to answer this [6, 156]. The enhanceosome
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model, drawn from interferon-beta enhanceosome studies, suggests that an enhancer only
operates when all factors are in a specific DNA arrangement [127]. Conversely, the billboard
model posits that enhancer function does not necessitate a particular DNA arrangement—
the presence of all essential factors is sufficient. If the enhanceosome model proves accurate,
additional mapping between binding site arrangement and functionality will be required.
However, if the billboard model is correct, the synthesis process could be significantly sim-
plified as it allows more flexible configurations.

A study involving evolutionary comparisons of enhancers from multiple closely related
species reveals that various enhancer sequences can yield very similar expression patterns [76]
and gives credit to the billboard model. Yet, there remains controversy over whether these
sequences maintain a conserved global organization of transcriptional information [76, 77,
39]. Thus, to fully explore this concept and gain a deeper understanding of the constraints
of enhancer organization, a systematic reorganization of enhancer sequences—particularly
those not represented in evolutionary trajectories—is indispensable.

To address these outstanding questions and challenges in the field of enhancer biology, we
focused on the 497-bp minimal segment of the eve stripe 2 enhancer, known for generating
a standard stripe pattern in the anterior region of the Drosophila embryo [7, 9]. Previous
attempts to recreate this enhancer using only known binding sites were unsuccessful [169].
However, incorporating a few newly identified binding sites allowed us to reconstruct the
enhancer successfully. The reconstructed enhancer yielded a stripe pattern similar to its
wild-type counterpart, indicating that known binding sites alone can be sufficient to generate
the eve stripe 2 pattern.

We then examined the flexibility of enhancer organization by randomly reorganizing
the enhancer sequence. Past studies have attempted the reorganization of binding sites
within developmental enhancers; however, the result can be difficult to interpret due to
the possibility of introducing new variables [162]. Using our reconstituted enhancer avoids
introducing these complication factors. Intriguingly, we found that even a completely random
rearrangement often did not disrupt the enhancer’s stripe pattern. This finding strongly
supports the “Billboard model”, which posits that alterations in the binding site arrangement
do not disrupt the enhancer’s stripe pattern.

Finally, we attempted to further minimize the eve stripe 2 enhancer. We showed that the
tandemization of merely a third of the enhancer sequence was adequate to generate a stripe
pattern, showing that the complete stripe enhancer logic was contained within this local
module. In other words, we succeeded in synthesizing a further “minimal” stripe enhancer.

Our findings have provided critical advancements in understanding and synthetically re-
producing enhancer function, specifically within the context of the eve stripe 2 enhancer. By
demonstrating that known binding sites alone can generate this enhancer pattern, validating
the “billboard model”, and distilling the enhancer logic to a minimal sequence module, our
study navigates significant hurdles in enhancer biology. This not only deepens our grasp
of the organizing principles underlying enhancer function but also paves the way for the
rational design of regulatory sequences.
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4.2 Results

4.2.1 Successful reconstitution of even-skipped (eve) stripe 2
enhancer

To assert our understanding of a developmental enhancer and be able to synthetically pro-
duce one, it is imperative to establish confidence in its core regulatory logic, which includes
the identification of the key binding sites within the enhancer, and of the identities of tran-
scription factors that bind those sites and contribute to its expression pattern. The ultimate
test of this understanding is our ability to reconstitute the enhancers’ critical functional
features based solely on known binding sites [169]. Interestingly, even for arguably one of
the most understood enhancers in all of biology—the even-skipped (eve) stripe 2 enhancer
[151, 9]—this feat of reconstituting a gene expression pattern from its known binding sites
is yet to be accomplished [169].

To test this, we focused on one of the best-studied developmental enhancers in biology—
the even-skipped (eve) stripe 2 enhancer [9] —and asked whether the known binding sites
for the enhancer are sufficient for generating its characteristic stripe pattern. Fwve stripe
2 enhancer is known to be activated by several activators (including Bicoid, Hunchback,
Caudal, and Zelda), as well as repressors (including Giant, Kriipple, and Sloppy paired)
(Figure 4.1A). Bicoid and Hunchback, transcription factors primarily expressed in the em-
bryo’s anterior region, are posited to be the primary activators for eve stripe 2, with Caudal
and Zelda also playing a significant role [170]. Zelda, a uniformly expressed activator, is
hypothesized to facilitate chromatin opening [169]. Contrastingly, repression from the an-
terior and posterior sides is driven by Giant and Kriipple, respectively, which results in the
formation of a stripe pattern in the area in between.

To validate our understanding of the eve stripe 2 enhancer, we engineered a synthetic
version, preserving the known binding sites of the key activators (Figure 4.1B). Previous
research has indicated that flanking sequences directly affect the binding of Bicoid [131,
181].Consequently, we included an additional eight base pairs of flanking sequences around
the Bicoid and Caudal binding sites. We substituted the remaining sequence with neutral
sequences created via SiteOut [52]. These computationally generated sequences are deprived
of binding sites for transcription factors in the early embryo. Alongside the version replaced
with neutral sequences, we also generated a shorter variant of the enhancer, removing all
sequences except the binding sites (341 bp in total length).

To confirm that the reconstituted and shorter versions of the ewve stripe 2 enhancer
successfully recapitulate key endogenous features, we analyzed the temporal and spatial dy-
namics of stripe expression patterns. We created transgenic fly lines with an MS2 reporter
(63, 114] directly linked to the enhancer of interest (Figure 4.1C). Upon transcription, the
MS2 reporter forms a hairpin-like structure, leading to the binding of maternally deposited
MCP-GFP proteins and creating a spot directly indicative of transcriptional activity (Fig-
ure 4.1C) [63, 114]. This process allows for the direct quantification of the essential temporal
and spatial features of the enhancer elements.
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Figure 4.1: Reconstituted eve stripe 2 enhancer recapitulates endogenous stripe
features. (A) Regulation of even-skipped stripe 2. The stripe is activated by transcriptional
factors, including Bicoid (Bed), Hunchback (Hb), Caudal (Cad, not shown) ubiquitous factor
Zelda (Z1d, not shown), while repressed by Giant (Gt), and Krupple (Kr). (B) Sequence
comparison between wildtype, reconstituted and shorter versions of the eve stripe 2 enhancer.
(C) Design of the enhancer reporter construct. Enhancer is attached to basil eve promoter
that is followed by 24x MS2 loops and a segment of the yellow gene. (continued on the

next page)
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Figure 4.1: (continued) Reconstituted eve stripe 2 enhancer recapitulates en-
dogenous stripe features. (D) Example snapshots of wildtype, reconstituted and shorter
versions of eve stripe 2 enhancers. Maternally deposited MS2 coat protein (MCP) binds to
MS2 stem-loops in the nascent RNA formed by RNAP molecules elongating along the body
of the reporter construct, leading to the accumulation of fluorescence at sites of nascent
transcript formation. Nuclei are labeled in red using Histone-RFP fusion protein. (E) Raw
distribution and corresponding Gaussian fits of snapshots. (F) Stripe amplitude, center and
width were computed by fitting a Gaussian distribution to the stripe pattern and are com-
pared between multiple constructs. (G) Quantitative comparison between wildtype (n = 4
embryos), reconstituted (n = 5 embryos), and shorter (n = 4 embryos) versions show that
they give rise to almost identical stripe patterns but with distinct expression strength.

Intriguingly, both the reconstituted enhancer and its shortened version exhibited stripe
patterns echoing the endogenous eve stripe 2 (Figure 4.1D and E). To quantify and compare
these patterns, they can be fit to a Gaussian function to extract quantitative parameters, in-
cluding the stripe amplitude, stripe center, and stripe width (Figure 4.1F). The stripe center
and width were consistent with those of the endogenous pattern (Figure 4.1G), suggesting
that we have successfully reconstituted the eve stripe 2 pattern. However, the amplitude
presented a discrepancy, with both the reconstituted and shortened versions demonstrating
a lesser degree of expression (Figure 4.1F). This is possibly due to the removal of some weak
binding sites within the enhancer.

4.2.2 Systematic reorganization retains enhancer logic

Our successful reconstitution of the eve stripe 2 expression pattern led us to identify a
minimal set of transcription factors capable of capturing its key regulatory logic. In other
words, we have obtained the minimal set of binding sites that are required for the synthesis
of a functional enhancer.

Utilizing the reconstituted enhancer, we then tackled a key question regarding develop-
mental enhancers — their organizational flexibility and appropriate functional units. By
comparing eve stripe 2 enhancer sequences from species with large evolutionary distances,
past evolutionary studies observed that regulatory sequences whose binding sites have been
rearranged could result in similar pattern [77]. Although the sequence is completely reorga-
nized, there are still some conserved small modules of 10-50bp that can be discovered through
careful sequence alignments [76, 39, 77]. While the existence of these conserved modules is
by no means a definite proof of modularity, it nevertheless suggests a relatively flexible or-
ganization of the enhancers and posits these small modules as the basic units for enhancer
function and evolution. Understanding the organizational flexibility of the enhancer with ra-
tional perturbation of the reconstituted enhancer, thus acts as complementary to the related
evolutionary studies.
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Figure 4.2: Enhancer reorganization retains expression pattern. (A) Sequence com-
parison between reconstituted and reorganized versions of the eve stripe 2 enhancer. (B)
Example snapshots of reorganized versions of eve stripe 2 enhancers. (C) Raw distribution
and corresponding Gaussian fits of snapshots. (D) Comparison of stripe amplitude, stripe
center, and stripe center for wildtype (n = 4 embryos), reconstituted (n = 5 embryos), as
well as reorganized versions 1 (n = 3 embryos), 2 (n = 3 embryos) and 3 (n = 3 embryos).
After random permutation, stripe center and stripe width remain unchanged, while stripe
amplitude changes significantly.
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To study the organizational flexibility of the enhancer and its basic functional units, we
asked whether the organization is constrained at the scale of small modules (10-50bp). Some
of them are conserved across distant species, making them ideal candidates for the basic or-
ganization units [76, 39, 77]. To do so, we redistributed the binding sites inside the enhancer
into 9 large functional modules based on their separation by neutral sequences (Figure 4.2A).
Each module can be regarded as an independent functional unit. Then, we generated four
randomly permuted versions of the enhancer to understand the influence of this reorga-
nization on the enhancer function (Figure 4.2A). The enhanceosome model predicts this
perturbation to be disruptive, while the billboard model allows for such a reorganization
with minimal influence on the function. Surprisingly, such a drastic reorganization only re-
sulted in a minor influence on its pattern (Figure 4.2B). The stripe pattern is retained, as
the stripe position and width remain the same. However, the stripe amplitude was modu-
lated, with two of them becoming stronger, while the other one became weaker. This is in
direct contradiction to the enhanceosome model while in line with the billboard model if we
consider these modules as basic organizational units.

This stunning result suggests that the interactions most important to the enhancers
are local interactions rather than global ones. These smaller modules can be considered
basic organizational units, and they do not follow the enhanceosome model, while their
behavior is more similar to the billboard model except for its influence on amplitude. The
consistent stripe pattern suggests that repression activity remains consistent throughout the
reorganization. However, strong variations in the amplitude imply a larger influence on the
activation activity.

4.2.3 Further minimization of eve stripe 2 enhancer

While we have demonstrated a flexible enhancer organization, it remains uncertain if every
module is essential for the enhancer’s function. In other words, not all modules might
be required to ensure the correct expression pattern. Within the eve stripe 2 enhancer,
certain modules house both activator and repressor binding sites. Should these modules
independently produce a stripe pattern, this would suggest the potential for an even more
minimized enhancer.

To further simplify the stripe enhancer, we segmented the eve stripe 2 enhancer into
three approximately equal lengths: modules 1-4, 5-6, and 7-9. Notably, only the third
segment (modules 7-9) encompasses all activators (e.g., Bicoid, Hunchback, and Caudal)
and repressors (e.g., Giant, Krupple, and Sloppy-paired), marking it as the most viable
candidate for creating a minimal stripe enhancer.

Subsequently, we tandemized the third segment, assessing its expression pattern (see
Figure 4.3A). We developed two versions with two or four tandem repeats. To ensure suffi-
cient activation, we introduced three additional Zelda binding sites to the constructs. Given
that Zelda is uniformly expressed throughout the embryo [94, 50], it’s unlikely to alter the
expression pattern.
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Figure 4.3: Attempt to construct a further minimized stripe enhancer from a
segment of eve stripe 2 enhancer. (A-C) Designs of the tandamized version of a segment
from the eve stripe 2 enhancer (A), snapshots of its expression (B) and quantified expression
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the mutated versions (D), snapshots of its expression (E), and quantified expression pattern

(F).
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Remarkably, the tandemization of the third segment elicited a clear stripe pattern at the
position similar to the endogenous stripe (Figure 4.3B and C) while broader in its expression
range. This discovery implies the feasibility of crafting a further minimized enhancer that
manifests in a stripe pattern using merely a third of the endogenous eve stripe 2 enhancer,
which is 174 bp in length.

This result raises the subsequent question: can this enhancer be further minimized? To
address this, we partitioned the segment into three submodules based on the reconstituted
version, interspersed by neutral sequences. Then, we made versions in which each module was
substituted with a neutral sequence (Figure 4.3D). We measured their respective expression
patterns in live embryos. The results revealed that further sequence removal disrupts the
stripe pattern significantly (Figure 4.3E and F).

Specifically, when module 7 was deleted, there was not only a decline in expression but
also significant derepression at the embryo’s anterior side. This suggests the elimination of a
critical repressor binding site. This observation is consistent with the absence of the Sloppy-
paired (Slp) binding site, believed to be instrumental in ensuring repression at the embryo’s
anterior end. Further, removing both modules 8 and 9 resulted in a marked decrease in
expression, indicating a potential disruption in the activation mechanism.

Collectively, our findings underscore that each segment is pivotal in preserving the ex-
pression pattern’s integrity. The disruption of even a single submodule introduces noticeable
irregularities in the stripe pattern. This emphasizes the notion that the complexities of these
modules and their interplay are finely tuned and balanced.

4.3 Discussion

Our work suggests that we now possess the capability to reconstitute the pattern of eve stripe
2 enhancer using solely binding sites. This breakthrough underscores our comprehensive
grasp of its regulatory contributors and is a testament to the advancements in the field.

Historically, the endeavor to understand the organization of binding sites has been full
of challenges. This is predominantly due to the inherent complexity of most developmental
enhancers. While some studies have attempted to reveal them [162], their efforts have often
been limited by several factors [90]. One of the primary constraints has been the intrinsic
difficulty in reorganizing binding sites within endogenous contexts without inadvertently
altering or eliminating other functional sites. Such a limitation, coupled with the absence of
a comprehensive understanding of the full set of binding sites vital for a functional enhancer,
has made the interpretation of results difficult. Furthermore, most of the experiments were
conducted in the context of single cells, which amplifies the complexity, making it challenging
to discern the broader implications in an actual developmental system.

In contrast, our research stands as a significant stride forward, representing the most
profound reorganization effort undertaken on a complex developmental enhancer. The fact
that we’ve been able to retain a majority of its regulatory logic, even after such an extensive
reorganization, is truly remarkable.
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In the realm of transcription factors, our findings are illuminating. The reconstructed
enhancer we’ve presented mirrors the hallmark characteristics of the classical eve stripe 2
expression. This resemblance has profound implications, shedding light on the minimal set of
factors essential for a functional enhancer. Our research pinpoints a unique combination of
activators—Bicoid, Hunchback, Caudal, and Zelda—as foundational components for broad
activation, which then sets the stage for further refinements by repressors. This synergy of
transcriptional activators, in tandem with the pioneering factor Zelda, likely underpins the
robust expression pattern sculpted across the embryo’s anterior-posterior axis.

However, still, there are several problems inherent to the study. Although we have re-
constituted the eve stripe 2 pattern, there are still differences in the amplitude between the
reconstituted and endogenous enhancers. This is likely due to the omission of weaker activa-
tor binding sites while deciding on the sequence to keep. Previous research has underscored
the significance of weak activator sites to the functionality of developmental enhancers [41,
59]. Another inherent challenge is the vast combinatorial landscape of possible permutations,
making it virtually impossible to explore all conceivable module rearrangements, especially
within the context of a developing embryo.

In future works, functional validation will be pivotal. Using CRISPR at the endogenous
locus will determine whether it can rescue endogenous expression. Moreover, there’s poten-
tial to extend the focus to other enhancers. Reconstitution with other intricate enhancers,
particularly those rooted in evolutionary conservation, may lead to further refinement and
minimization of regulatory sequences.

With the minimized version of the eve enhancer available, a more direct dissection and
interpretation become feasible. This presents an opportunity for detailed sequence-level
analysis. Future investigations could address how various factors converge to produce such
robust expression. Understanding the significance of overlapping binding sites, the dynamics
of binding site turnover, and the mechanisms behind synergistic activation will be paramount.

Incorporating a tandemized module based on the reconstituted enhancer will establish
a minimal system that mirrors the intricacy of an endogenous enhancer. This system is
optimally positioned to address fundamental questions about transcriptional regulation.

4.4 Methods and Materials

4.4.1 Cloning and Transgenesis

The newly constructed fly lines used in this study were generated by combining enhancer
sequence with an array of 24 MS2 stem loops fused to the D. melanogaster yellow gene [18].
The enhancer segment was synthesized by Genscript and injected by BestGene Inc into D.
melanogaster embryos with a ®C31 insertion site in chromosome 3 (landing site VK00033).
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4.4.2 Fly strains

To image the transcriptional dynamics of synthetic variants of eve stripe 2 enhancer, we
crossed the male flies carrying transgenic construct with female flies, which were previously
reported [63], that maternally express both MCP-GFP and His-RFP into the embryo.

4.4.3 Embryo preparation and data collection

The embryos were prepared following procedures described in [63, 18, 102]. Embryos were
collected and mounted in halocarbon oil 27 between a semipermeable membrane (Lumox
film, Starstedt, Germany) and a coverslip. Confocal imaging on a Zeiss LSM 780 microscope
was performed using a Plan-Apochromat 40 x /1.4NA oil immersion objective. MCP-GFP
and His-RFP were excited with laser wavelengths of 488 nm and 564 nm, respectively.
Fluorescence was detected using the Zeiss QUASAR detection unit. Image resolution was
624 x 624 pixels, with a pixel size of 170 nm. Specimens were imaged for a minimum of 40
minutes into nuclear cleavage cycle 14.
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