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Chapter 1

Motivation and overview

“Once again I had to put myself in a vulnerable position in order to become
stronger.”

Cedric Villani

This chapter provides a motivation of the research questions and brief overview of the key
results in this thesis. In the last section, the content of each chapter is summarized.

1.1 Physics in developmental biology - a systemic approach to
study morphogenesis

Morphogenesis, literally ”the generation of form”, is a biological process during which a fer-
tilized egg acquires its characteristic morphology and ultimately results in a living organism.
Here we consider a model organism: a common fruit fly, under the scientific name of Drosophila
melanogaster. Its development begins with a single nucleus that divides 13 times, eventually
filling the surface of the ellipsoidal embryo and forming a monolayered epithelium. Major tissue
rearrangements during gastrulation then completely reshape the embryo and from the originally
homogeneous layer of cells an organism with muscles, organs, head and tail emerges.

How does this work, how do cells know their purpose and how is their activity concerted to
robustly evolve towards a complex organism? The high reproducibility of developmental systems
suggests that some form of information must be available to orchestrate the behavior of up to
billions of cells in a directed manner.

One part of the answer is genetics, which has been extensively studied for over a century
[225]. The discovery of the interactions between genetics and biochemical signaling constitutes a
major breakthrough [239]. So-called morphogen patterning determines cell fate in a spatially and
temporally specified manner. For example the morphogen bicoid is maternally placed mRNA
at one end of the embryo. It diffuses through the system, resulting in a protein concentration
gradient along the head-tail axis of the embryo. Cells express certain proteins according to the
spatial concentration read off, which effectively breaks the head-tail symmetry of the embryo
and establishes polarity. In this way cells ’know’ if they are at the head or the tail of the
organism. Such morphogen based information is one major part of microscopic organization
during development.

However, the assumption that organization solely arises from microscopic preprogrammed
regulation has been challenged by both biologists and physicists in the latter half of the 20th
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1. Motivation and overview

century. One of the earliest examples, from the 50s, is the Turing instability in morphogenesis
[322]. A chemical reaction-diffusion system with short range activation and long range inhibition
can produce patterns that are resembling fur of animals like zebras, tigers, leopards, or the skin
of the giant pufferfish. Those patterns are an emergent phenomenon that arise by an instability
in the dynamical system from simple components and a homogeneous initial state. No gene is
encoding how the stripes of the tiger are spatially distributed.

Self-organization is a general concept in physics, involving simple components, microscopic
homogeneity or randomness, and instabilities or spontaneous symmetry breaking to yield emer-
gent phenomena. However, the situation in developmental biology is arguably much different.
Here we have information on microscopic scales, microscopic machines and preprogrammed dy-
namics. Both concepts represent extreme views from either side of a spectrum, while in reality
both play a greater or lesser role depending on the process. Understanding the interplay between
genetics and self-organization is one of the main challenges in developmental biology right now.

From an evolutionary perspective, the success of an organism in the long run is tightly
linked to the efficiency and robustness of the developmental processes. Morphogenesis has to
be resilient enough to withstand external perturbations, for instance of mechanical or genetic
kind, and has to overcome fluctuations which are dominant for small scale systems. During
morphogenesis, the main sources of noise are thermal fluctuations and a property of biological
systems that is called ’active’, which means that they constantly convert chemical energy into
directed motion and heat. This drives the system out of equilibrium and results in mechanical
fluctuations. In addition, embryo by embryo variations are also introduced by variability in the
boundary conditions, caused by heterogeneity of biological parameters such as for example egg
size.

Preprogrammed dynamics through genetic regulation provides uni-directional information,
which is therefore not flexible enough to react to external perturbations. On the other hand,
self-organization provides multi-directional information via feedback between biochemistry, ge-
ometry and, very importantly for this thesis, mechanics. Epithelial tissue dynamics is mainly
governed by a few local cellular processes, including e.g. cell junction remodeling and shape
changes among others. Those processes depend on active stresses that drive shape changes by
exerting directionally and temporally organized contractile forces. Collectively, many of these
local processes drive the rearrangement of tissues on the global scale.

Feedback between mechanics and biochemistry for the regulation of forces during morpho-
genesis is a main reason for the robustness of epithelial dynamics [226]. It has been shown that
cells can adjust their mechanical activity in response to environmental stimuli. One of countless
examples are cells in the amnioserosa, an epithelium that will be extensively studied in this
thesis, which exhibit surface area oscillations. If one cell is wounded, its neighbors react with
an arrest of the oscillations and contract in order to stabilize the tissue.

It remains elusive to this day how active cell mechanics is controlled and coordinated on the
tissue level. How can cells sense their neighbors states and react to it? How do cells coordinate?

This question is the main subject of this thesis. To this end, we assume a systemic view:
instead of focusing on a single cellular process, we take the intercellular interactions in a net-
work of cells into account and record data from dozens of embryos which enables us to study
thousands of cell interactions in an ensemble. Such a large scale approach is necessary to detect
deterministic laws despite the sample by sample variation due to extrinsic noise sources. Previ-
ous studies have mostly focused on a few examples, spatially restricted regions of interest and
processes on the cellular level.

It is not enough just to study collective dynamics of cells descriptively. We must put cell in-
teractions into context of molecular mechanisms that may mediate coordination. One hypothesis
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1.2. Thesis summary

of such a molecular coordination mechanism is that mechanosensitive ion channels are behaving
as molecular switches to transduce mechanical into chemical signals [141]. In this way, me-
chanical stimuli could directly influence biochemical regulation in neighboring cells. We already
know such a mechanism from the auditory system: cochlea hair cells, where mechanosensitive ion
channels are responsible for the transduction of mechanical vibrations into Ca2+ influx. Another
mechanism concerns the mechanical connections of cells directly by investigating proteins that
participate in the adhesion and mechanical signaling at the cell-cell junction [33]. Without those
mechanisms we expect to observe loss in efficiency of epithelial processes, higher susceptibility
to perturbations and even a failure of function if the coordination mechanism is fundamental
enough.

Setting up such a novel large scale study is a challenging task that requires new experimental,
quantitative and theoretical tools. First, we need high throughput and high accuracy methods
to automatically analyze time lapse movies of epithelial tissues. If years are spent only to
acquire the data, the project would not be feasible. Secondly, careful quantitative analysis
approaches and statistical tools have to be applied to faithfully represent the biology and to
uncover hidden laws in an ensemble of thousands of trajectories. Thirdly, while treading on
new grounds, mathematical theories are indispensable tools that enable us to think thoroughly
about the system, build expectations and formulate well defined hypothesis. Only then we can
test our hypothesis experimentally, which requires tools to probe the tissue we are investigating.
Finally, the puzzle pieces obtained from these studies have to be set together to answer our
question: how do cells coordinate?

1.2 Thesis summary

Drosophila tissue morphogenesis is driven by complex but highly robust and coordinated cell
rearrangements, shape changes and cell proliferation. Work over the past half century has es-
tablished that local physical forces are required for tissue-shaping. However, how cell mechanics
is coordinated and regulated spatio-temporally while performing collective movement is not yet
well understood.

In order to understand cell coordination during development on the systemic level, novel ex-
perimental and quantitative methods are needed. The first results in this dissertation contribute
in this regard.

A novel experimental technique, called CaLM (Calcium mediated light activation of myosin),
is proposed to induce contractions, with single cell and high temporal resolution, in vivo.
Thereby Ca2+ cages are injected into the embryo and via laser light Ca2+ is released, which in
turn activates myosin II, a main force producer in epithelial tissues. By inducing contractions
in selected target cells, the tissue is mechanically probed and reactions of neighbors can be
studied in the living embryo during development. The temporal resolution is high enough to
allow simultaneous uncaging in several cells at once and thus to study local processes that are
known to require coordination by inducing or disrupting them on the fly.

Large scale whole-tissue analysis of the data requires automated algorithms with high accu-
racy that take time-lapse movies of epithelial tissues, segment the images by separating back-
ground information from the relevant cell borders and parse data of interesting observables e.g.
cell surface area or junction lengths. We have developed such a novel data acquisition and
analysis pipeline based on deep neural networks. At the core of this architecture, generative
adversarial networks (GANs) are used to perform the segmentation. This approach outperforms
traditional rule-based algorithms significantly. Roughly speaking, the time to segment a full
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1. Motivation and overview

movie came down from weeks to days. Compared to other machine learning methods our archi-
tecture can be trained even in absence of annotated image-mask pairs, which omits the need to
create paired ground truth datasets by hand.

Equipped with these methods, the coordination of cells during Drosophila morphogenesis is
studied. We hypothesize that a possible molecular mechanism that could mediate intercellular
coordination are mechanosensitive ion channels. We study cell oscillations in the amnioserosa,
a squamous epithelium that contributes to close the back of the fly embryo in a process called
dorsal closure by generating internal forces. These forces have to be coordinated on the tissue
level to yield non-zero net forces on the edge of the tissue in direction towards the midline. Be-
fore dorsal closure, the epithelium is in a statistically stationary state which allows us to record
relatively long trajectories of cell surface oscillations and investigate their interplay.

We first develop a mathematical theory to understand how a molecular mechano-transduction
mechanism based on mechanosensitive ion channels could work. The model consists of one-
dimensional single cell units that are capable of oscillations due to cell area dependent turnover
of myosin, a compartment of force producing molecules. Cell units are arranged on a triangular
lattice coupled via direct negative mechanical interactions and the mechano-chemical coupling
mechanism. Neighboring cell contractions induce Ca2+ influx, which is coupled to the myosin
dynamics and thus may lead to synchronized contractions if the coupling is strong enough,
also depending on the parameter regime. Simulations are compared to experiments to find
optimal parameters for the model. Results indicate that mechanical interactions promote anti-
synchronized oscillations and a mechano-transduction coupling is necessary to achieve similar
synchronization as in the experiment. Simulations of the above described Ca2+ uncaging ex-
periment predict that without a strong Ca2+ coupling mechanism, neighboring cells would not
respond significantly to the contraction of a target cell.

The analysis of the experimental data reveals morphological and dynamical differences be-
tween wild type embryos and the two mutants xit and Tmc . xit mutants display a different
distribution of E-Cadherin at the adhrens junction at the cell-cell interface and therefore directly
interfere with mechanical signal transmission [355]. Tmc stands for transmembrane channel like
and is a mechanosensitive ion channel that has been shown to directly affect Ca2+ dynamics in
Drosophila [113, 180].

Both mutants affect the efficiency of the so-called ellipsoidal phase of the amnioserosa, be-
ginning shortly after germband retraction and lasting until dorsal closure onset. The ellipsoidal
phase is prolonged in the mutants and cells, in both cases, do not assume isotropic cell shapes
as wild type cells do. Using junction cut experiments it is shown that tension in the lateral
direction is increased in the mutants while wild type embryos are able to isotropically distribute
tension. In addition, Tmc cell pairs show a drastic reduction in synchronized cell area oscil-
lations as well as a different spatial organization of synchronized cell hubs. xit mutants loose
synchronization as well but retain parts of the spatial structure observed in the wild type. Only
via our large scale approach the ensemble averaged analysis was able to detect these differences,
which otherwise would have remained hidden in the sample by sample variation.

Uncaging experiments confirm the theory’s prediction that neighboring cells react to the
contraction of a target cell in wild type while in the mutants no significant simultaneous con-
traction can be detected. Challenging the tissue via wounding directly shows that Ca2+ signaling
at neighboring junctions of the wounded cell is dramatically reduced in both mutants. Together,
our results suggest that the mechanosensitive ion channel Tmc is necessary for intercellular syn-
chronization and for the maintenance of morphology. xit is required for synchronization as well
but the differences to Tmc , especially in the spatial organization of synchronized cell pairs,
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1.3. Chapter content

point to distinct mechanisms.

The role of xit is further investigated by studying T1 processes in the germband of Drosophila.
These processes are directed neighbor exchanges that are crucial for driving the convergent ex-
tension of the germband. Using Ca2+ uncaging it is shown that those processes can be induced
via simultaneous, synchronized, contraction of two neighbors. Our statistical analysis reveals
that xit affects the efficiency of T1 transitions. First, those transitions are stochastic and ex-
hibit an exponential, xit dependent, exit rate. Furthermore, it is possible that a T1 transition
is being reversed. xit mutants increase the occurrence of those reversal events. Comparing time
resolved correlation analysis from the participating cells with a theoretical model shows that the
coordination is time dependent and that cells in xit mutants loose their clear synchronization.
Therefore, xit could be necessary for mechanical signal transmission needed to coordinate cell
dynamics during topological transitions.

In this dissertation, we demonstrate dynamical intercellular synchronization in active ep-
ithelia during development. This was possible due to a systemic large scale analysis of up to
10 embryos per genotype. Molecular components, such as loss of Tmc and xit , that disrupt
synchronization also negatively impact efficiency and increase volatility, are unable to isotropi-
cally distribute forces across the tissue and display clear morphological changes. We therefore
directly confirm, for the first time, a function of mechanosensitive ion channels for mediation of
intercellular synchronization in epithelia during morphogenesis. Furthermore, it is shown that
E-Cadherin is necessary for synchronization of cells during directed local mechanical processes.
Our results indicate that regulation of active cell mechanics through feedback may be crucial
for the efficiency and robustness of developmental processes in epithelia.

This work has been done in the group of Fred Wolf at the Max Planck Institute for Dynamics
and Selforganization (MPI DS) and the Campus Institute for Dynamics of Biological Networks
(CIDBN) in Göttingen and in collaboration with the lab of Jörg Großhans at University Medicine
Göttingen and now University of Marburg. Prachi Richa, who is now Postdoc at Cambridge
University and Deqing Kong who is a Postdoc in the Großhans lab, took over the experimental
side of the work. The machine learning segmentation project was done together with Stephan
Eule at the MPI DS.

1.3 Chapter content

This thesis consists of six main chapters, as well as an introduction and conclusion chapter.
A brief description of chapter contents is given here. Chapters 3 and 4 contain published
manuscripts that are both available online. Chapters 5 and 6 are currently prepared with the
aim for publication. Chapters 7 and 8 contain prepared manuscripts that are close to submission
for peer review.

Chapter 2 serves as introduction to the topics of this thesis and lays out the biological foun-
dations needed to understand the research. Furthermore, through knowledge of the context and
state of the art of the field, motivations for the scientific questions of this thesis will become clear.

In Chapter 3, a novel experimental technique for inducing cell contractions in vivo using
Ca2+ mediated activation of myosin-II, is introduced. The Ca2+ is released, with single cell res-
olution, by photo-cleaving cage molecules that have been previously injected into the embryo.
This method can be used to study the response of tissues to the exerted contraction with high

11



1. Motivation and overview

spatial and temporal resolution.

Chapter 4 presents a novel framework for automated analysis of biomedical microscopy im-
ages of epithelial tissues. Using methods from deep learning, namely cycle-consistent generative
adversarial networks, it is shown that segmentation tasks can be performed with high accuracy,
even despite challenging source data, and greatly outperform conventional rule based methods.
An advantage of the here presented method is that the network does not have to be trained
with annotated ground truth image-mask pairs.

In Chapter 5 a mathematical theory of epithelial dynamics is developed. The model that
is presented allows to study the impact of a molecular Ca2+ coupling mechanism leading to
local synchronization of cell neighbors. We make concrete predictions, which are successfully
tested in later chapters experimentally, and show that the experimentally observed degree of
coordination within the tissue can only be achieved by a deliberate mechanism.

Chapter 6 presents quantitative findings from analysis of amnioserosa dynamics in wild
type Drosophila embryos and two mutants, Tmc and xit . This data is the first of its kind be-
cause it was build on 100% segmented movies from the amnioserosa, which was possible through
the novel segmentation pipeline presented in Chapter 4. Morphological differences, as well as
differences in cell dynamics are described for wild type embryos and xit and Tmc mutants. The
ensemble and statistical analysis approach reveals that intercellular synchronization is affected
by the mutants.

Chapter 7 investigates the function of mechanosensitive ion channels as signal transducers
and their role for nearest neighbor synchronization in the amnioserosa. Quantitative findings are
supplemented by concrete experiments which shows that Tmc mutants experience an anisotropic
force distribution across the tissue. In addition, synchronization is described quantitatively as
well as confirmed via uncaging experiments. Wounding of the tissue shows that Ca2+ signaling
is affected. This suggests a role of Tmc for intercellular coordination.

Chapter 8 investigates coordination of cell quadruplets during T1 transitions during germband
extension in Drosophila embryos. Key findings are that T1 transitions require coordination be-
tween the participating cells, and that xit affects the efficiency of transitions as well as time
dependent synchronization of participating cells.

Chapter 9 summarizes the main results and puts them into context of each other and
published literature. In addition we give an outlook on possible continuations of the research
and discuss some open questions.
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Chapter 2

Introduction

“I immediately loved working with flies. They fascinated me and followed me
around in my dreams.”

Christiane Nüsslein-Volhard

In this chapter, I lay out the biological and physical basics which are needed to understand
the investigations in all following chapters.

2.1 Open questions in morphogenesis - how do cells
coordinate?

The human body consists of 1014 individual cells [266]. In order for us to perform tasks, for
example walk, prepare dinner or read a PhD thesis, it is necessary that these cells are acting
collectively and are carefully organized during their development.

The process that ensures the emergence of such an organism from a fertilized egg is called
morphogenesis [322]. Epithelial tissues, mono-layered cell networks consisting of hundreds, up
to billions, of cells, play a central role in the morphogenesis of many species. As a characteristic
feature, epithelial cells are mechanically linked by adherens junctions, which provide a fast mode
of signaling in addition to chemical signaling [204]. Tissue deformations are controlled by the
concerted activity of many cells that internally produce active stresses, which have to be coor-
dinated on the tissue level [106, 112, 130, 164]. The robustness of developmental processes and
their resilience against external perturbations suggests that spatial and temporal information
must be available at all times to direct these forces.

“Thus, the primary role of the morphogenetic information is to orchestrate cellular mechan-
ics.” (Collinet, Lecuit 2021 [57])

The main question in this dissertation is: How do cells coordinate? How is this abstract
notion of information that orchestrates the behavior of many cells realized? What molecu-
lar components are necessary for coordination? Is coordination completely predetermined by
genetics and cells simply execute molecular programs? Or is self-organization and dynamical
regulation the key to concerted cellular activity?

Two different views have historically dominated the developmental biology field. The first
is a deterministic view of preprogrammed cells and molecular machines. In 1888 W. Roux
published a paper where he stated that after cutting a frog embryo in half at stage 4, only half
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2. Introduction

of the organism develops [282]. He concluded that cells must have a predetermined fate, and that
their behavior must be programmed, which is now known as the mosaic theory of development.

In the 20th century the discovery of genetics played a major role in supporting this view
[262, 331], especially due to the discovery of morphogens: molecules that report information in
spatially organized manner [100]. For example the morphogen gradient of the mRNA bicoid
(see section 2.3) results in the spatially dependent expression of proteins which is mediated by
its scalar concentration field [68]. This causes cells to differentiate differently according to the
local field.

There is a complex interplay of several morphogen dynamics, such that genetics distributes
information on the microscopic scales of scalar, vectorial and tensorial quality. An example for
vectorial information is planar cell polarity, which provides information e.g. for the directed
elongation of the germband in Drosophila [62].

Spatial information through biochemical signals is thought to be organized by a cascade of
morphogenes which provides increasingly refined spatial information at the different pattern-
ing stages of Drosophila development [343]. However, using mathematical concepts based on
information theory, this view has been contrasted as it could be shown that spatially precise
information about cell fate can already be reliably predicted from genetic information from the
very early stages [257, 320].

Genes and biochemistry, in this programmed view, result in deterministic protocols that
uni-directionally control cellular activity together with geometrical constraints imposed by the
shape of the environment, see Figure 2.1.

Programmed Self-organized

Biochemistry

Mechanics

Geometry

Morphogenesis

Information

Information

Biochemistry

Mechanics

Geometry

Morphogenesis

Genes

Figure 2.1: Programmed and self-organized information both organize mor-
phogenesis. The depicted principles of uni-directional information flow, to the left, and
regulation through self-organization, to the right, are extreme views. Information for the
coordination of cellular processes is provided by both programmed and self-organized
principles to a different extent, depending on the specific process. Adapted from [57].

The second view considers the interplay of mechanics, biochemistry and geometry to achieve
regulation and organization through feedback. An early example is the research of Hans Driesch
in 1891 who separated two blastomeres in sea urchin which as a result both yield a complete
organism, therefore showing that cells react to perturbations from the environment and alter
their fate accordingly [67].

Considering a second example from Drosophila development, dorsal closure (DC) is a key
process, where the dorsal side of the embryo is closed after gastrulation [37]. DC is of great
relevance for this thesis, as we are investigating the amnisoerosa, the main epithelium involved
in the process, shortly before DC onset. An orchestra of forces is providing directed stresses from
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2.1. Open questions in morphogenesis - how do cells coordinate?

multiple sources which makes the process surprisingly resilient [166]. Perturbations of genetic
or mechanical kind can be quite substantial and dorsal closure still completes. For instance the
amnioserosa can be depleted of myosin II, molecules providing contractile forces together with F-
actin (see section 2.7), and DC still manages to complete [252]. The reason for this is regulation
of multiple force components. If one force producing component is experiencing failure, the
others react and are up-regulated to still complete this essential developmental process [166].
How this coordination is achieved remains elusive to this day, but it has been shown that Ca2+

signaling is involved [141].
From a physics perspective morphogenetic information can emerge self-organized due to

non-linear interactions between simple components and instabilities in the dynamical system.
A prominent example are Turing patterns in morphogenesis [322]. An organism that utilizes
self-organization also constitutes an evolutionary advantage because information storage must
be associated with providing capacity and thus consumes energy. Self-organization therefore can
also serve as an evolutionary optimization principle, which has been demonstrated for instance
in the organization of neurons in the brain [160, 341].

However, during development both aspects of morphogenetic information are crucial. Cells
have predetermined deterministic fates, but also react to stimuli from their environment which
makes development very resilient and robust. A full picture of morphogenesis must therefore
take both viewpoints into account. Developing a better molecular understanding of cell coordi-
nation and contributing to understand the interplay of biochemistry and mechanics are two of
the main aims of this dissertation.

The mechanics of tissues for single cellular processes as well as collective cell dynamics has
been extensively studied, see e.g. [4, 84, 176, 299]. Researchers have described collective rhe-
ological, elastic and viscous properties of tissues and epithelia have been studied in context of
active matter, systems that are constantly driven out of equilibrium due to internal dissipation
of energy. Biophysical models have been devised to reproduce and understand the mechanics of
tissues, see e.g. [64, 287]. Further information can be found in section 2.15. Possible mechanisms
of intercellular coordination, however, have been less studied.

Biological dynamics is complex, meaning that global behavior is an emergent phenomenon
arising from the interplay of simple components that would not have been expected only by
studying those components individually. In addition they are noisy due to thermal fluctuations
and constant dissipation of energy. Separating intrinsic and extrinsic noise from the deterministic
dynamics is a challenging task that requires precise quantitative methods and incorporation of
stochastic thought into mathematical modeling [133, 189]. This is not only true in the self-
organization view, also programmed information has to overcome noise induced limits [319].

In order to detect the deterministic protocols, hidden within these variations, large scale
ensemble analysis, known from statistical physics, can be employed. Well defined ensembles of
certain observables can be constructed by exploiting that biology is mostly evolving towards
functionally important target states [188]. Because evolution favors energetically optimized
systems, we can assume that most processes in biology have a clearly defined function and
lead towards a specific goal. In the above noted example of dorsal closure, such a target state
would be the onset of dorsal closure or the completion when the back of the fly embryo is fully
closed. Another example for target states are the 4x vertex points of cell quadruplets during T1
transitions [172].

The basic idea is to align single realizations from several experiments to these target states.
Statistical analysis of such a well defined ensemble can then reveal subtle deterministic laws
which drive the system towards these states and would otherwise remain hidden in the sample
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by sample variation.

Large scale approaches are nowadays possible due to revolutions in the imaging and data
acquisition technology, reviewed in section 2.13. We are able to record massive amounts of data
and via novel tools, like neural networks, it has become feasible to analyze large datasets, see
section 2.14.

In this thesis we want to understand whether and how cells dynamically synchronize in
epithelial morphogenesis. Can we detect cell-cell coordination during important developmental
processes? If yes, is it possible to identify molecular mechanisms for intercellular coordination?
What is the specific function of the observed synchronization? Two specific processes during
Drosophila morphogenesis are investigated in this thesis:

In chapter 7 we hypothesize that a mechanosensitive ion channel, called Tmc , may mediate
intercellular coordination, which leads to synchronization of neighboring cell oscillations in the
amnioserosa. Ion channels, such as Tmc , may provide a molecular mechanism for coordination
by mechanotransduction of tension into chemical Ca2+ signaling.

In chapter 8 we study a prototypical process during germband elongation, called T1 pro-
cess. Cells are exchanging neighbors due to topological transitions, which ultimately drive tissue
extension. It is investigated how the coordination of participating cells drives these neighbor
exchanges.

In the remaining chapter we will introduce the model system, Drosophila, used in this thesis
to study intercellular coordination during morphogenesis. We briefly review important compo-
nents and processes of this system and afterwards introduce the data acquisition state of the
art and mathematical models.

2.2 Drosophila melanogaster as a model system

The model used in this thesis to study morphogenesis is Drosophila melanogaster, commonly
referred to as the fruit fly. It is one of the dominating model systems in developmental biology.
Other animal models used to study development have in common to be relatively simple, for
example zebrafish [115] or C.elegans [330]. Other higher organisms like mice [44] or xenopus
[337] are also studied but due its unique features Drosophila is one of the best understood
systems today [342].

Drosophila has been extensively used to study developmental processes for over a hundred
years [225] and possesses several key advantages as a model system.

On a practical level, Drosophila is a cost-efficient model as they are cheap, easy to breed,
feed and keep. Lab space and organizational effort are relatively little [26].

Because of its small size, tissue dynamics in Drosophila can be easily imaged in the living
organism using modern techniques like for example spinning disc confocal [246] or lattice light
sheet microscopy [45]. See section 2.13 for details on the microscopy methods. Spatial resolution
and recording time are of a quality to allow observations for hours with single cell resolution
[73, 148, 163, 167]. Even complete 3D recordings for several hours with single cell resolution
are possible [178, 309]. This revolution in the imaging technology makes large scale datasets
comparably easily available.

The same is true for image segmentation and data visualization. Open source tools like
Image-J [292, 293] or Fiji [291], including many community developed packages, provide digital
representation of the microscopy data and help with automated data analysis and visualization.
The large research community has a direct impact on innovation in the field.
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2.3. Morphogen patterning sets the body plan

Another aspect are the available tools to manipulate the system in vivo and make it pos-
sible to perform specific experiments. Biophysical methods are mostly used to mechanically
interfere with epithelial tissue by for example laser probing and ablation or simple mechanical
probing [150, 167, 298, 306]. In addition, pharmacological tools can be used for example via
microinjection [149].

Last but not least, the long history in Drosophila research has led to a wealth of genetic
methods. Advantageous here is the comparably compact genome, yet containing roughly 15.000
genes [166]. This includes the possibility to control and manipulate protein function and gene
expression[39, 252].

The large amount of publications on morphogenetic processes, like tissue rearrangements,
makes morphogenesis research highly accessible and thereby qualifies Drosophila an ideal model
to study development.

2.3 Morphogen patterning sets the body plan

A key principle in Drosophila development is morphogen expression. These are biochemical
signaling molecules that establish the body-plan of the fly and determine cell fate in a position
dependent manner. Alan Turing predicted a chemical basis for biological patterns already in
1952 [322]. Only decades later could this be demonstrated in a living organism.

The mRNA bicoid is a maternally placed gene at the anterior end of the fly egg. It is
translated into Bcd protein at the anterior pole, which is free to diffuse in the egg but has a half-
time of ∼30 min. The local production, differentiation and half-live establishes a concentration
gradient, which leads to position dependent transcription of different proteins. In this way
the polarity of the embryo results from a spatially specified chemical signal along the anterior-
posterior axis [239].

There is a whole cascade of morphogen patterns following bicoid downstream. For example
it activates the transcription of anterior gap genes including hunchback, orthodenticle, and
buttonhead, further leading to even-skipped which establishes the embryonal segments [100].

The A-P patterning system also plays a role during tissue rearrangements [255]. It is con-
nected to planar cell polarity during germband elongation, which sets the direction of the tissue
extending processes [351]. In general, morphogens transmit information by enhancing or in-
hibiting the transcription of certain proteins or genes.

In epithelial morphogenesis, the interplay between morphogen mediated genetic information,
self-organization and intercellular coordination remains largely unclear to this day.

2.4 Overview of Drosophila development

The expression of morphogenes contributes to define the whole life cycle of Drosophila from
egg/embryo via larval and pupal stage to the adult fly. This cycle takes about 10-12 days
(Figure 2.2). Here, I only focus on the development of the embryo starting from a fertilized egg.
The other stages are not relevant for this thesis.

The different stages of Drosophila embryogenesis are described in detail in [37]. The devel-
opmental process begins with the fertilized egg and successive cell division which slows down
at midblastula transition. At this stage the whole embryo is uniformly covered on the surface
by a mono-layer of cells and the plasma membrane between nuclei are forming. This process is
therefore also called cellularization, see Figure 2.3 (stage 1-5).

Afterwards, during a process called gastrulation, mesoderm, ectoderm and endoderm are
separating [63, 171]. Ectodermal cells are migrating towards the midline and form the germband,
which is a key study system for tissue rearrangements, see Figure 2.3 (stage 8).
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Figure 2.2: Lifecycle of Drosophila melanogaster. Scheme taken from [244].

Next, during the germband extension, the tissue is stretching in posterior direction to wrap
around the dorsal surface, Figure 2.3 (stage 9) [37]. Interestingly, this process is driven by topo-
logical transitions of cells within the tissue, leading to convergent extension in an orchestrated
manner. In Chapter 8 we investigate coordination of cells that participate in these topological
T1 transitions.

The embryo afterwards begins with segmentation, the germband retracts again and the sec-
ond important epithelial tissue for this thesis, the amnioserosa (AS), fills the gap [122, 129]. AS
cells begin to oscillate followed by dorsal closure, where the AS contracts to close the back of the
fly. We will study AS oscillations and their coordination extensively in this thesis for example
in Chapters 6 and 7. After dorsal closure embryogenesis continues, Figure 2.3 (stage 12-17).

https://www.youtube.com/watch?v=ymRYxFYLsZ4. Simi-
lar cell-shape changes drive anterior and posterior midgut
invaginations of cells fated to become the endoderm.

Following specification of the germ layers, dramatic move-
ments then reshape the body plan. Convergent extension (a
processwhereby cells narrowalong one axis and extend along
the perpendicular axis) causes cells of the prospective trunk
region (germband) to first extend toward the anterior of
the animal and later retract to the posterior. Videos showing
these movements are at https://www.youtube.com/watch?
v=FChS4KU5jDM and https://www.youtube.com/watch?
v=MefTPoeVQ3w. Several important processes begin while
the germband is in the extended position including organo-
genesis, segmentation, and neurogenesis. As the germband
retracts, epithelial tissue from the cellular blastoderm
(amnioserosal cells) spreads to cover the dorsal surface.
The lateral ectoderm from both sides of the embryo then
migrates over the top of these amnioserosal cells in a process
termed “dorsal closure.” Amnioserosal cells then degenerate
and cuticle deposition begins. Now embryogenesis is nearly
complete; the trachea fills with air, and the first muscle
twitches can be observed before the first instar larva hatches
from the eggshell (Figure 7). A useful resource illustrating
these events and the development of particular organ sys-
tems is Volker Hartenstein’s Atlas of Drosophila Development
(Hartenstein 1993), available online at http://www.sdbonline.
org/sites/fly/atlas/00atlas.htm.

Anterior/posterior patterning

While the sperm entry site determines anterior/posterior
polarity in some organisms such as C. elegans, this polarity
is already specified in fly eggs before fertilization. In D. mel-
anogaster, maternally contributed mRNAs are differentially
localized within the embryo through anchoring to the cyto-

skeleton (van Eeden and St Johnston 1999; Lasko 2012).
Translation of these mRNAs after fertilization results in pro-
tein gradients, with the highest concentration of protein be-
ing adjacent to its mRNA pool. For example, bicoid mRNA is
localized to the anterior, and analysis of bicoid mutants
revealed that it is critical for head and thorax formation
(Berleth et al. 1988; Driever and Nusslein-Volhard 1988).
In contrast, nanos localizes to the posterior and regulates
abdominal segment formation (Gavis and Lehmann 1992).
These protein gradients are then used to specify expression of
a series of zygotic genes involved in segmentation and cell
fate determination. There are three groups of segmentation
genes (gap genes, pair-rule genes, and segment polarity
genes), each of which is sequentially expressed and serves
to further specify positioning within the embryo (St Johnston
and Nusslein-Volhard 1992). Finally, after establishing iden-
tity within each segment, the homeotic selector genes (also
called HOX genes) control the specification of tissues or
organs in particular segments (Lewis 1978). The HOX genes
in flies are all related transcription factors found in two com-
plexes: the Antennapedia complex, whose five genes control
the identity of the segments anterior to the midthorax and
the Bithorax complex, whose three genes control the identity
of the segments posterior to themidthorax.When HOX genes
are mutant, a “homeotic” transformation occurs in which seg-
mental identities are misspecified, thus resulting in replace-
ment of one structure with another that is normal in form,
but inappropriately positioned. For example, legsmay develop
in place of antennae in an Antennapedia mutant, or a sec-
ond pair of wings may replace small dorsal appendages
called halteres because of Ultrabithorax abnormalities. This
work in Drosophila set the stage for our current understand-
ing that HOX genes help determine segmental patterns in a
way broadly conserved across widely diverged species; many

Figure 7 Stages of embryonic development. D. mela-
nogaster development begins in a syncytium character-
ized by nuclear divisions without cytokinesis (stage 2).
After 10 synchronized rounds of division, nuclei mi-
grate to the periphery where they become partially
encapsulated by actin-based furrow canals (stage 3/4).
True cellularization occurs in stage 5, followed by gas-
trulation (stage 8), which determines the three germ
layers. Dramatic morphogenetic movements then re-
shape the body plan as cells from the posterior migrate
toward the anterior in germband extension (stage 9)
followed by later retraction to the posterior (germband
retraction; stage 12). Epithelial cells then migrate to-
ward the dorsal midline in dorsal closure (stage 13),
and head structures begin to mature (head involution;
stage 15). Finally the larva reaches its mature state
(stage 17) and hatches from the eggshell. Images
adapted from the Atlas of Drosophila Development
(Hartenstein 1993) and used with permission. In each
panel, anterior is to the right and dorsal is up.
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Figure 2.3: Stages of Drosophila melanogaster embryogenesis. Investigations
in this thesis, focus on stages 9, 12 and 13. Scheme taken from [117].
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2.5. Germband extension

Epithelial tissue rearrangements which happen during embryogenesis are largely a conse-
quence of regulated and coordinated dynamics of groups of cells. Epithelial cells are mechanically
coupled to their neighbors and are able to react to mechanical stimuli by for example contracting,
expanding and even proliferation [15, 72, 105]. However, the mechanisms of mechano-sensing,
their coupling to other bio-chemical signaling pathways and their function remain for the most
part unknown.

It has been shown that tissue rearrangements are driven by local processes [350]. Because
these rearrangements happen in a very robust and directed manner local cell dynamics have to
be orchestrated. They are therefore well suited model systems to study intercellular coordina-
tion. In my project, I considered two prominent morphogenetic processes which are germband
extension and dorsal closure. Both involve tissue scale reshaping processes, fulfill important
functions during development and are thought to be mainly driven by local processes.

2.5 Germband extension

Germband extension takes roughly two and a half hours and during this period stretches by
a factor of 2 around the posterior end of the embryo. It is a prime example of convergent
extension, a process happening during development in many organisms, where local neighbor
exchanges drive the extension of the tissue. Because of this generality local neighbor exchanges
are thought to be one of the main tissue rearranging mechanisms [137].

Germband extension is driven by the autonomous local dynamics of single cell hubs. These
local processes are either comprised of a cell that crawls in between two neighbors or are induced
by junction shrinkage between two cells and perpendicular junction extension [297]. The second
possibility is called T1 transition, which are nontrivial topological transitions where cells change
their neighbors either in quadruplets or with rosette formation prior to junction elongation
(Figure 2.4) [62]. The collective effect of many of these neighbor exchanges effectively causes
the elongation of the whole tissue [172]. In Drosophila germband extension the main form of
neighbor exchanges are cell quadruplet T1 transitions [297]. Other effects, for example external
forces from posterior midgut invagination, can assist in the elongation but are not sufficient
[173].

Junction extension fails, when the cortical-medial actomyosin network
is damaged by UV laser dissection specifically in the D and V cells (Yu
and Fernandez-Gonzalez, 2016). These observations suggest that ten-
sion or contractility in the D or V cells is necessary for the extension
phase. A conceivable interpretation is provided by an in vitro study
that revealed that high tension on the actin filaments enhances the
binding between actin filaments and the minimal cadherin-catenin
complex (Buckley et al., 2014). In cultured cells, a mechanical tugging
force in two adjacent cells is sufficient to trigger growth of the adherens
junction (Liu et al., 2010). In a pair of suspended cells in culture, contrac-
tion of the actomyosin network is necessary for maintaining the size of
the adherens junctions and the immobilization of E-cadherin (Engl et
al., 2014). Taken together, tension or cell contraction contributes to
junction growth. For the case of a T1 transition, it remains open how
the actomyosin network contributes to the extension phase. It is likely
that actomyosin in the DV cells serves a function different than in the
AP cells, where contractility controls area changes.

Cell intercalation through rosettes involving up to 8–10 cells pre-
sents a more complex version of cell intercalation than a plain T1 tran-
sition (Fig. 3D). Rosettes are observed during germ-band extension,
especially at stage 8 (Blankenship et al., 2006; Lye and Sanson, 2011;
Vichas and Zallen, 2011; Walck-Shannon and Hardin, 2014). Similar to
the cell quadruplets engaged in a T1 transition, multiple junctions col-
lapse simultaneously along the dorsal-ventral axis and multiple 3x ver-
tices fuse to a rosette structure. Subsequently, a rosette resolves by the
formation of multiple new junctions along the anterior-posterior axis
(Fig. 3D). Similar to generic T1 transitions, the collapse of multiple dor-
sal-ventral cell junctions into a rosette requires polarized F-actin and
myosin II cable at the shrinking junctions, which depend on the activity
of polarized Rho-kinase (Blankenship et al., 2006; Fernandez-Gonzalez
et al., 2009; de Matos Simões et al., 2010). However, ablmutant embry-
os, in which Arm/β-catenin turnover is reduced at the anterior-posteri-
or cell borders, show defects of vertical junction shrinkage during
rosette formation but not for T1 transitions (Tamada et al., 2012). This

Fig. 3. Germ-band extension is driven by cell intercalation. (A) Convergence-extension of lateral epidermis during germ-band extension. (B) Forces directing the lateral epithelial tissue
deformation during germ-band extension. Tensile force from posterior midgut invagination (PMI) induces the lateral epithelial cells stretching in A-P direction transiently and tissue
convergence and extension are driven by cell intercalation. (C) The key to neighbor exchanges in germ band is junction dynamics according to a topological T1 transitions. During T1
transitions, collapse of a junction with dorsal-ventral orientation (vertical) (red) forms a 4x vertex and a new junction (blue) grows in perpendicular orientation subsequently. (D)
Multiple junctions with dorsal-ventral orientation (vertical) (red) collapse to form the rosette and it is resolved by extension of multiple new junctions (blue) in anterior-posterior
orientation. Intrinsic forces are indicated by red arrows in C and D.

16 D. Kong et al. / Mechanisms of Development 144 (2017) 11–22

Figure 2.4: Two modes of T1 transitions: Top row depicts junction collapse and
subsequent junction extension in a cell quadruplet. The bottom row shows the rosette
formation if more than four cells are involved in the transition. Scheme taken from [172].

T1 transitions seem to be a simple concept, but they show surprisingly rich and complex
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behavior. For example, the mechanisms that drive junction remodeling during collapse and
elongation are highly debated. In Chapter 8 we show that T1 transitions are stochastic processes,
which means that large scale ensemble analysis is needed to faithfully describe their dynamics,
e.g. in [188].

Oriented cell intercalation is possible on the molecular level because relevant cell compart-
ments are spatially organized in the anterior-posterior and dorsal-ventral directions. This molec-
ular organization is called planar cell polarity (PCP), which is itself connected to the morphogen
based AP patterning system [351]. Crucial for this organization are the interactions of the mor-
phogen eve and runt with the Toll receptor family. However, the full pathway that establishes
PCP and how PCP interacts in detail with cell intercalation has remained unclear [172].

2.6 Dorsal closure

Another prominent example for morphological reshaping during Drosophila development is dor-
sal closure (DC). DC is the process is the process in which the amnioserosa, a squamous epithe-
lium at the dorsal side of the embryo, closes the back of the fly by contracting and connecting
the lateral epidermis on both sides. The process has many similarities to wound healing and
is therefore often studied as a model in this context [119, 166]. DC starts 8-12 hours after
fertilization and lasts 2.5-3h (at 25◦C) [37, 166]. Kiehart divides DC into four phases: ”preclo-
sure” beginning with germband retraction, ”onset of closure” defined by collective leading edge
displacement towards the midline, ”bulk of closure” where the canthi drastically shrink and
”endgame of closure” where the dorsal hole closes and ingressing AS cells undergo apoptosis
[166], depicted in Figure 2.5. There is no consensus for the names of the phases. For example in
[147] they are called ”initiation”, ”epithelial sweeping”, ”zippering” and ”termination” phases.

Figure 2.5: Dorsal closure can be divided into 4 phases. A) preclosure. B) onset
of closure. C) bulk of closure. D) endgame of closure. There is no consensus in the
literature about exact timing and naming of the phases. Scheme taken from [147] who
adapted it from [121].

In this thesis we are interested in the phase that is leading up to the onset of dorsal closure
and happens directly after germband retraction, which is what we call ellipsoidal AS phase
because of its tissue geometry. Since the function of AS cell dynamics is closely related to dorsal
closure we will take a closer look into it in the following.

Preclosure onset is not clearly defined but begins during germband retraction. Amnioserosa
cells, which have been specified during the cellularization stage of embryogenesis, fill the gap
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2.7. How epithelial cells generate forces: apical contractions

left behind by the germband [122]. The tissue takes an ellipsoidal shape, cells become morpho-
logically isotropic and begin with oscillations [182].

The formation of the canthi is marking the onset of dorsal closure. The dorsal-most epidermal
cells surrounding the amnioserosa, the so called leading edge, is displaced towards the midline.
At the same time the purse string, an actin cable forming in the cells at the leading edge, is
maturing [123, 142, 167]. While the whole amnioserosa takes an eye shape, it is not completely
symmetric. The anterior canthi is shaped by the edges that run to a point while the posterior
end is noticeably more rounded [166].

The most important process during the bulk of the closure is zipping, where the edges from
the lateral epidermis are pulled together at the canthi, therefore shrinking the amnioserosa with
roughly constant speed [107, 254, 255]. The zipping is probably not driven, as one could expect,
by contractions of the purse string or the lateral epidermis. Forces provided from actomyosin
dynamics in the AS bulk cells contribute to dorsal closure [70, 195, 252, 305]. These cells are
continuously oscillating during the bulk of closure, even when undergoing apoptosis [150, 306].
A complex orchestra of forces and signals ensures that single cell dynamics collectively drive
closure [105].

In the endgame of closure the zipping completes the joining of both sides from the lateral
epidermis [142]. Remaining AS cells ingress and undergo apoptosis. Other residual components,
for example remnants of the purse strings, disappear as well. Afterwards, a seamless dorsal
epithelium is left and embryogenesis continues [166].

Success of dorsal closure and germband extension, and with it further development of the
embryo, depends on active stresses generated by the involved cells. In the following section I
will explain in more detail how forces can be generated and regulated in the tissue.

2.7 How epithelial cells generate forces: apical contractions

We have already established that local cell behavior can drive embryogenetic events (see section
2.4). To this end, cells have to be able to generate forces and react to the movements of their
neighbors. Apical contractility is an important mechanism how cells establish these forces [185].

Apical contractility means that most of the molecular processes that generate forces happen
at the upper part of the three dimensional cell, the side which forms the surface of the tissue
[31, 61, 155, 199, 200, 213, 286]. This fact is one of the main justifications in mathematical
modeling for describing epithelial tissues as 2-dimensional cell sheets despite their 3 dimensional
geometry. The basal part of the cell often is only dragged along by the dynamics of the surface
part.

The most important subcellular force generation mechanism is actomyosin contractility [314].
Non-muscle myosin II motors thereby form complexes with F-actin fibers building a network
across the cell. The actual forces are created due to ATP hydrolysis, which provides free energy
for conformational changes of the myosin II motors. These are equipped with several head
domains that can be attached onto the F-actin fibers (see Figure 2.6). Conformational changes,
caused by the phosphorylation of the regulatory light chain, result in myosin II motors walking
along the actin [327]. If a myosin motor is thereby connected to two actin fibers on both ends
at the same time, walking results in a force that pulls separate actin fibers together. The acto-
myosin network is connected to the junction, as we will explain later in more detail, which results
in the whole cell contraction if enough myosin is collectively activated [213].

On the tissue level, spatially organized force generation drives morphogenetic events. For
example tissue folding is associated with apical accumulation of myosin II, depending on the
distance to the ventral midline and resulting in a tissue scale myosin II gradient [127, 185].
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Figure 2.6: Actomyosin provides contractile forces during morphogenesis.
Activated myosin II minifilaments associate on F-actin and can walk along it by con-
formational changes. Energy is provided by ATP. Myosin connected to two F-actin
effectively pulls them closer due to the walking. Scheme adapted from [127]

The orchestration of many-cell force generation towards directed rearrangements remain
poorly understood. To make it possible for single cells to effectively participate in global pro-
cesses, their properties and dynamics have to be precisely altered and timed. For example,
changes in cell-cell adhesion, regulation of tension along junctions or polarized contractions
along certain junctions may play a role [61, 155, 213]. During germband extension, planar cell
polarity results in an enrichment of actomyosin along vertical junctions, which leads to tissue-
wide elongation perpendicular to this direction [86, 92, 155, 167, 236]. It is hypothesized that the
enrichment along these junction only serves as stabilization while medial myosin pulses towards
these junctions are the actual driving forces [274].

The main regulator for non-muscle myosin II is the Rho-Rok pathway which can activate
myosin to allow it to bind to actin filaments [161, 230]. As shown in Figure 2.7, in this pathway
extracellular ligands, like Fog, bind to G-protein coupled receptors whose intracellular sub-units
can then bind to DRhoGEF2, a GTP exchange factor which is located at the proximity to
the plasma membrane and has previously been shown to be a regulator of apical constriction
[15, 18, 114]. DRhoGEF2 in turn activates Rho1, which acts on actin filaments in two major
ways, among others. First, it enhances actin polymerization using the cytoskeletal regulator
diaphanous (dia) and the actin binding protein Chic [2, 227]. Second, Rho activates the Rho-
associated protein kinase Rok which phosphorylates the regulatory light chain of non-muscle
myosin. This causes a conformational change in myosin which facilitates binding to F-actin
[127, 326]. The phosphorylation of myosin and thereby myosin activity need to be precisely
coordinated in several neighboring cells to allow movement on the tissue level [29, 89].

Epithelial processes in which cells generate local forces and contribute to global deformations
are therefore excellent candidates to investigate their coordination, sensing and force transmis-
sion.
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2.8. The ellipsoidal amnioserosa and its function
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Figure 2.7: Regulation of non-muscle myosin II by the Rho-Rok pathway.
The left pathway shows the regulation of actin polymerization via Dia and Chic. Scheme
adapted from [227].

2.8 The ellipsoidal amnioserosa and its function

The amnioserosa is a squamous epithelium that plays a key role during dorsal closure. It develops
from the ∼200 dorsal-most cells during the cellularization phase of Drosophila embryogenesis
[122]. Its formation depends on the gradient expression of Decapentaplegic (dpp) and zerknüllt
(zen) [97, 251]. During DC it comprises roughly 180 cells and has an ellipsoidal shape [182].
It fills the hole left from germband retraction at the dorsal side of the embryo. Because of its
involvement in force generation during dorsal closure it is an often studied model system. After
the germband retraction cells assume an isotropic shape and begin with apical area oscillations
[306]. Studies show that at this stage, tension is isotropically distributed across the tissue [194].

There are 5 different cell types that are involved in dorsal closure and therefore also play a role
for the dynamics of the whole amnioserosa [166]: 1) The yolk that separates the amnioserosa from
the underlying embryo when the germband retracts but also forms adhesion sites via integrins.
2) The AS is completely surrounded by the lateral epidermis, which exerts external tension. 3)
Dorsal-most epidermal (DME) cells which together with 4) peripheral-most amnioserosa (PAS)
cells form the leading edge of the amnioserosa. 5) Last, there are the bulk AS cells which
comprise the largest part of the amnioserosa.

These cell types are involved in the generation of contraction forces that drive dorsal closure.
Biomechanical processes that contribute to dorsal closure are the oscillations of AS bulk cells
[306], ingression of AS bulk cells [305], tension generated from the actomyosin purse string at the
AS leading edge [142], zipping at the canthi [255] and contractile as well as elastic forces from
the lateral epidermis [167] as summarized in Figure 2.8. Efficient closure requires coordination
of these different processes, but also internal orchestration for example of the single AS cell
oscillations [30, 105, 129]. From a physical point of view a smooth contraction can only happen
if local processes are coordinated to yield a non-zero net force on outer DME cells in direction
to the midline.

Although the different contributions are not negligible and partly redundant [166], there is a
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AS cell oscillation / ingression
Adhesion Force / Zipping

Actomyosin purse strings
Epidermal tissue resistance

Figure 2.8: Major force contributions during dorsal closure. Several redundant
forces are contracting the amnioserosa during DC and close the dorsal side of the embryo.
In case of failure of a force contribution, other forces can be upregulated. Scheme adapted
from [110].

large consensus that apical constrictions and ingression of bulk AS cell comprise the main driver
for dorsal closure [31, 69, 70, 92, 142, 167, 252, 305, 306].

Mechanical properties of the tissue are governed by the actomysoin dynamics [89]. Laser
ablation experiments demonstrate that during closure a stiffening of the epithelium is occurring,
as shown by a decrease in recoil power law exponents [198]. Both junctional and medio-apical
actomyosin are contributing to the stiffening while the medial tension is roughly double the
junctional tension [200]. Forces are transmitted among cells via adhesion complexes at the
cell-cell junction, which are also crucial for the zipping process [107]. Details on the function
of adherens junctions are reviewed in section 2.10. Force transmission via adherens junctions
regulates apical contractions in the AS bulk cells by stabilizing actomyosin and E-Cadherin at
the junction and has an impact on area oscillations, closure rate and purse string formation
[155].

Cell ingression is essential for dorsal closure as well. Inhibiting the ingression process leads
to failure of closure [228, 305, 321]. In this thesis, however, since we only focus on the ellipsoidal
amnioserosa until dorsal closure onset, ingression does not play a role for us.

I already mentioned that different force contributions are redundant for successful dorsal
closure. This is demonstrated by interfering in vivo by perturbing the biomechanical process
which still results in completed closure [167, 280, 339]. Closure even completes despite crucial
genetic perturbations for example by the removal of myosin at the purse string [252] or blocking
the myosin activation of AS cell oscillations [72]. The collective dynamics of many directed
mechanisms and their interplay therefore dramatically increases the robustness and resilience of
this important morphogenetic process.

While practically all of these processes can be inhibited without disrupting closure, some
combinations are required. The components of the epithelia have to sense that other components
are not functioning and upregulate their own force to counterbalance the missing contribution.
How this coordination is working is not understood. So far there was only speculation that
mechanosensitive membrane proteins might be involved [141, 155]. In Chapters 7 and 8 we
uncover some of the molecular mechanisms involved in mechano-sensing in epithelial tissues.
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2.9 Amnioserosa cell surface oscillations

Bulk cells in the amnioserosa begin to oscillate shortly after germband retraction. In the last
section, we have emphasized the importance of those oscillations for force generation in the
amnioserosa that drive dorsal closure. How do these oscillations originate? Let us take a look.

Actomyosin driven oscillations seem to be a fundamental property because the phenomena
can be observed in many systems. Examples from other Drosophila tissue rearrangements are
from invagination, sealing, or remodeling of organ shape [28, 105]. They are more prominent
in the AS because the bulk cells are very flat. In other models this behavior appears during
convergent extension in vertebrates [304] or during compaction in the early mouse embryo [205].

Figure 2.9: Amnioserosa cells exhibit surface area oscillations. (top) live cell
imaging of surface area pulsations of an amnioserosa cell expressing GFP with segmented
image below. (bottom left) Measurement of cell surface area over time. (bottom right)
Period distribution of measured oscillations. Scheme adapted from [306].

As shown in Figure 2.9 amnioserosa cell surface areas continuously oscillate with a period
of 230± 76s [306]. Their origin probably are cycles of assembly and disassembly of actomyosin
networks. To this end cycles of phosphorylation and dephosphorylation are necessary [72, 89].
Therefore, myosin II motors localize at junctions, forming a cortical ring around the cell, and
in apico-medial regions.

It is not clear yet whether these oscillations are autonomous or arise due to interactions
with their neighbors. While some research points toward a non-autonomous mechanism [306]
other studies have pointed out the strong anti-correlation of internal actomyosin levels and cell
area, suggesting that contractions are autonomously driven [106]. For the expansion phase, if
an oscillating cell is separated from its neighbors by laser microsurgery it continues to oscillate
despite the contact loss [150]. The mechanism we uncover in Chapter 7 suggests that it may be
a combination of an autonomous internal process that is coupled to neighboring cells.

Several models about the origin of actomyosin oscillations have been suggested and there is no
consensus yet. Mathematical models have shown that in principle there is no need of a biochem-
ical upstream regulator. The oscillations arise ”self-organized” from mechano-chemical feedback
alone. In more detail, myosin contraction working against elasticity of the actin network, leads
to more recruitment of myosin to the network. This is counterbalanced by load-dependent de-
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tachment of myosin. Cycles of myosin association and dissociation then lead to oscillations [64].
Underlying chemical oscillations alone are operating on timescales that are too fast to regulate
myosin dynamics [177].

There are also models that involve regulation pathways, that can have a connection to
mechanics. For amnioserosa cell oscillations a model has been proposed that links an upstream
signaling molecule, which degrades depending on myosin, and load dependent dissociation [333].
In follicular epithelial cells it has been proposed that external tension may lead to the activation
of Rho GTPase, which via Rho-associated kinase activates myosin, leading to contractions that
oppose the external tension. This can lead to oscillations in the biochemical network because of
a delay between chemical and mechanical response [174].

All of these models, with and without regulation pathways, have yet to be validated experi-
mentally [105].

Oscillations react to the dynamics of their neighbors. Their coupling has been shown to
be distinctly either in-phase or anti-phase [306]. Direct interference, for example by UV laser
wounding, shows that oscillations around the wounded cell arrest and the tissue increases in
stiffness to support the tissue [150]. Geometrical constraints also play a role because in the am-
nioserosa the overall area is roughly preserved during this phase. A contracting cell therefore has
to be balanced by an expansion occurring somewhere in the tissue, promoting anti-phase cou-
pling between neighbors. Studies have also observed that simultaneous contractions of neighbors
are boosting the contraction efficiency of single cells [346]. Therefore promoting simultaneous
contractions can be advantageous for many epithelial processes. In summary, these indications
of coordinated neighbor dynamics imply some form of mechano-transduction at the cell-cell
interface.

2.10 Adherens junctions - signal transmitters during
morphogenesis

Any kind of dynamical regulation requires some form of feedback. A mechanism that reads out
information and acts in dependence of the output. The most essential part of any coordination
mechanism is therefore the ability to sense and process stimuli in the first place.

Epithelial cells are connected to their neighbors via transmembrane proteins in so-called
adherens junctions. Their most obvious function is the mediation of cell-cell adhesion which
gives an epithelium its structure [234]. Otherwise cells would be independently floating through
the tissue. However, mechanical signals can also be transmitted via protein complexes that
connect to the actin cytoskeleton of individual cells. An important example is E-Cadherin which
provide a mechanical link between cell neighbors [33, 204]. A third function is stability provided
by resisting mechanical pull and thus regulating tension at the junction. This is especially
important during junction remodeling processes [258].

Mechanical stimuli can even be translated into biochemical signals which is called mechan-
otransduction [43, 247]. Prominent molecular components of mechanotransduction mechanisms
are mechanosensitive ion channels, integrins, cadherins, actomyosin networks, vinculin, catenins
and many more. We only begin to understand the variety of modes of signal transduction that
cells are using and their importance for epithelial morphogenesis [112]. Other forms of cellular
sensing involve direct exchange of chemical signals through ligands or electrical stimuli as used
most prominently by neurons [266] but in this thesis I will focus on the role of mechanotrans-
duction for tissue organization.

E-Cadherin binds to the actomyosin network of the cells via adaptor proteins such as α-
catenin, β-catenin or vinculin, which together form adhesion complexes [40]. Mechanical stimuli
are received at and transmitted via these complexes. As shown in Figure 2.10, β-catenin binds
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2.10. Adherens junctions - signal transmitters during morphogenesis

to the intracellular domain of E-Cadherin and α-catenin dynamically binds to β-catenin to serve
as link to the actomyosin network. α-catenin then undergoes force dependent conformational
changes, which promotes the recruitment of vinculin, which in turn binds to F-actin. However,
α-catenin can also bind to F-actin directly. This suggests that α-catenin has an important
function for force transmission by regulating actin dynamics. Forces transmitted to F-actin
promote the recruitment of myosin II minifilaments and forces have also been shown to directly
affect actin polymerization [43, 185].

Force

actin filament

Myosin II
minifilament

E-cadherin

Vinculin

α-Catenin

β-Catenin

Force

Plasma
membrane

Figure 2.10: E-Cadherin dependent adherens junction formation. Scheme
depicts different components important for mechanical signal transmission. E-Cadherin
connects the cytoskeleton of neighboring cells. Adapted from [185].

Another possible mechanism for signal transduction capability is the clustering of E-Cadherin
in adherens junctions, which is dependent on N-glycolization. This is partly encoded by the
glucosyltransferase Xiantuan (xit ), whereas embryos that are depleted of xit show no change in
frequency of E-Cadherin but strongly affected spatial distribution, which is more uniform [355].
Those xit mutants experience impaired germband elongation, which is driven by local neighbor
transitions that probably require cell-to-cell force transmission for coordination. In Chapter 8
we further investigate this hypothesis.

Promising candidates for the conversion of mechanical stimuli into bio-chemical signals are
mechanosensitive ion channels [128, 141, 187]. Caused by tension, ion channels undergo confor-
mational changes which leads to opening of the channel allowing for example influx of extra-
cellular Ca2+ into the cell. Ca2+ can then serve as upstream regulator of actomyosin dynamics
[212, 315]. To this end ion channels have to interact with the plasma membrane to receive me-
chanical signals from actomyosin networks which are linked to the plasma membrane. The ion
channel could thereby directly react to tension tangent to the plasma membrane or alternatively
respond to conformational changes in secondary proteins (tethers) that relay received tension
[51, 353].

Mechanotransduction provides an important link between mechanical dynamics and bio-
chemical signaling pathways. It is therefore a promising candidate for a ”grand unification
theory” of chemical signaling, for example due to morphogens, and dynamical organization
guided by physical principles. This connection between chemical regulation and force-driven
self-organized embryogenesis is considered one of the most pressing frontiers in developmental
biology [60]. This work directly contributes to this question by studying the role of mechanosen-
sitive ion channels (Chapter 7) and E-Cadherin (Chapter 8) for coordination.
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2.11 Mechanosensitive ion channels

Ion channels are known to influence actomyosin dynamics through gating and subsequent Ca2+

influx [12, 55, 65]. An example is TRP ion channel activity in Drosophila photoreceptor cells,
where they dynamically reshape the actin cytoskeleton [175]. Mechanosensitive ion channels
play a role in sensory neuroscience, for example in the auditory system. Their task is mainly to
translate mechanical stimuli into electrical signals [58, 74, 128, 156, 191].

In this thesis, we are investigating the hypothesis that ion channels also play a role in
tissue dynamics. They are hypothesized to be mechano-transducers that mediate intercellular
coordination in epithelial tissues [141, 173, 212]. So far, nobody has provided a detailed study
on their role during epithelial morphogenesis.

There are several candidates for ion channels that might be involved in cell-cell coordination
during development. Three channels that deserve a closer look because of their function in
different organisms and processes are Tmc , nompC and Piezo .

Tmc (transmembrane channel-like) is an evolutionary conserved ion channel that has so
far mostly been studied in auditory sensing in cochlea hair cells [162, 168, 179, 180]. Tmc
interacts with the extracellular tip links that are thought to mediate mechanical tension, see
also Figure 2.11 [24, 181, 202]. In 2020 it has been reported that TMC1 and TMC2 indeed are
pore-forming subunits of mechanosensitive ion channels [151]. It is clear, however, that TMC1
and TMC2 are necessary for the mechanosensory currents in hair cells [249, 250]. Tmc is present
in many organisms, for example xenopus, C.elegans, Drosophila or Danio rerio [82, 113, 317].
In Drosophila there is only one Tmc gene found (CG46121). Tmc is expressed in Drosophila
sensory system and Tmc mutant larvae show locomotion defects [113, 279], indicating their
mechanosensory role.

Figure 2.11: Tmc at inner hair cells. (left) Schematic of inner hair cell stereocilia
showing possible localization of TMC1 and 2. (right) Predicted transmembrane structure
of Tmc . Adapted from [181] and [249].

We already mentioned TRP ion channels as an example for interaction with the actin cy-
toskeleton. nompC (no mechanoreceptor potential c) belongs to this class of channels and is
activated by the tether mechanism. nompC has been shown to be essential for mechanosensory
transduction [332] Drosophila nompC mutants show several impairments, most noticeably in
hearing and locomotion but also touch sensation [50, 104, 156, 348].

As the last example there is Piezo , which is activated directly by plasmamembrane tension
[190]. Piezo is widely expressed among many organisms and cell types that have a mechanosens-
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ing function. For example, Piezo knock out mice experience loss in touch sensation and it is
associated with deficiencies in vascular remodeling [203, 271, 278]. It has also been shown that
Piezo is involved in epithelial sheet homeostasis [79]. One of the greatest advantages of Piezo is
that it has been well studied. Its structure has been resolved using cryo-electron microscopy and
it is considered evolutionary conserved [98, 289]. In Drosophila, two Piezo genes are present. It
is involved in midgut homeostasis in adult flies, which can be rescued via Ca2+ level manipula-
tion, suggesting a role in Ca2+ signaling [125].

In Chapter 7 the role of Tmc as signal transducer during morphogenesis is closely examined.
Studies regarding nompC are in preparation and currently in a preliminary state, but are not
included in this thesis.

2.12 Calcium signaling during development

Ca2+ is an important signaling molecule, that also plays a role in many morphogenetic processes.
The main focus in this thesis is on the function of Ca2+ as upstream activator of non-muscle
myosin II. However, it is not clear yet how Ca2+ can regulate actomyosin dynamics apart from
muscle cells. In mechano-transduction processes mechanical stimuli open mechano-gated ion
channels, which leads to Ca2+ influx [65, 187, 247].

The presence of Ca2+ is necessary for many processes in morphogenesis. For example for
neural tube formation in Xenopus or for epithelial cell contractility [187]. Most importantly for
this thesis, it has been shown that Ca2+ is essential for efficient dorsal closure in the amnioserosa
in Drosophila [141]. In detail, Hunter et al. [141] have shown that optochemical Ca2+ release
induces contractility in amnioserosa cells, the chelation of Ca2+ slows closure and blocking
ion channels impairs force generation and regulation. Ca2+ triggers cell contraction in other
epithelial, like the germband, as well [173]. Another example is from Drosophila oogenesis
where Ca2+ controls myosin II dependent contractions in egg chamber elongation. [126]

However, the detailed activation pathway is only known in muscle cells. Here, Ca2+ activates
a myosin light chain kinase (MLCK) which activate the regulatory light chain of myosin II motors
[224, 313]. A direct activation of myosin II also seems possible [20, 32].

An interesting process where Ca2+ dynamics plays an essential role is epithelial wounding.
There are some similarities between epithelial wounding and dorsal closure, for example both
form a purse string around the wound (the amnioserosa) and they both require the coordination
of local forces from cells in the participating tissue [119, 166]. The wounding process is associated
with drastic rise in cytosolic Ca2+ concentration in the wounded cell, but also in neighbors [9,
296]. It is hypothesized that the sudden change in epithelial tension after the wounding leads to
mechanical activation of gated ion channels to signal the wound to neighboring cells and initiate
wound closure [344].

In summary, many studies suggest a role for Ca2+ dynamics in the regulation of epithelial
forces, especially during morphogenesis. However, details regarding the connection of Ca2+

dynamics, mechanosensitive ion channels and its impact on actomyosin network dynamics remain
elusive to this day.

2.13 Live cell imaging in Drosophila

An important tool to help us understand these processes in more detail is the continuous im-
provement of imaging techniques and data analysis methods. Compared to the early days where
biologists could only study dynamics of a few cells under very controlled conditions, nowadays
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3 dimensional whole embryo in vivo recordings are possible.

To observe the dynamics of tissues one has to make cellular compartments, for example the
cell walls, visible. Continuous development and improvement of different tools have made it
possible to attach fluorescent labels to proteins, molecules as well as DNA or RNA and thereby
mark specific cell components [192, 308, 335]. When these tags are excited by the corresponding
laser light, they emit light which can be observed in a microscope and recorded with a camera.

A prime example is GFP (green fluorescent protein) which can for example be used to tag
E-Cadherin in cell junctions and thus make cell outlines visible under the microscope [144].
Other examples include GFP-moesin used to image the cytoskeleton [73] and live cell imaging
of GFP-tagged actin during drosophila development [148].

However, GFP has the important disadvantage that its fluorescence bleaches over time, which
means that the intensity of the emitted light decreases with excitation duration. Therefore, early
time-lapse recordings suffered from a low signal duration. Another problem is that the excitation
light also excites fluorophores next to, below or above regions of interest. This approach, which
is called widefield microscopy, therefore records a lot of background noise which compromises
the quality of the actual signal of interest [6, 71].
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Figure 2.12: Overview of different fluorescence microscopy techniques depict-
ing the light exposure on a Drosophila embryo. From left to right the principles
of widefield microscopy, confocal laser scanning microscopy, spinning disk microscopy
and light sheet microscopy are shown. Adapted from [71].

Innovation in the microscopy technology mitigated these problems over time [310]. Some
of the most important techniques are summarized in Figure 2.12. Instead of wide field illumi-
nation, confocal microscopes only excite fluorophores in a certain spot in the focal plain. This
is done by using a pinhole to block light that would otherwise illumine out of focus regions.
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So-called confocal laser scanning microscopes (LSM) scan the specimen and respectively excite
only the fluorophores in the current raster position. Photo-bleaching and background noise are
both mitigated, increasing spatial resolution and recording length, however especially bleaching
over longer time periods is still a problem [6, 248].

The microscopy technique that was also used in this thesis to record time-lapse movies is
called confocal spinning disc microscopy [108]. The most relevant improvement compared to
LSM is that the illumination intensity can be significantly reduced and thus control photo-
bleaching enough to yield long time-lapse movies with sufficient signal to noise ratio [71, 310].

The single pinhole of the LSM is replaced by a spinning disc with several pinholes (depending
on the design roughly a thousand) [108]. This makes it possible to illuminate several positions
at the same time, but still preserve the high spatial resolution. Because of this, the scanning
time is drastically shortened, which makes higher frame rates possible. Due to the shorter scan-
ning time, single spots can be illuminated longer with reduced intensity which overall reduces
photo-bleaching effects.

As the previous examples demonstrated, the general theme to yield high resolution and
control photo-bleaching is to specifically illuminate the regions of interest with high precision.
Another technique following this principle is using light sheets that narrowly illuminate only the
focus plane [139, 140, 301, 329]. Hereby the optical recording axis is normal to the light sheet
plane.

Since the emitted photons can only originate from the focus plane there is no need for
additional technical solutions for high precision plane focusing like the pinhole techniques from
confocal or spinning disc microscopes [71, 310]. Advantages are that the whole plane can be
recorded simultaneously and the resulting high temporal resolution can be used to illuminate
several planes of the specimen to generate 3D recordings [139, 140, 163]. Recording with two
combined perpendicular planes yields equal spatial resolution in all directions for 3D specimen.
This method is called selective plane imaging microscopy (SPIM) [139], an example of images
obtained by this method is shown in Figure 2.13.
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Figure 2.13: Selective plane imaging microscopy (SPIM) allows for recording
of developing Drosophila embryos with single cell resolution. (left) Maximum-
intensity projections of dorsal and ventral view taken from time-lapse recordings. (right)
Imaris rendition of time point t50 to visualize cell-lineage reconstruction. Green repre-
sents position of progenitor cells and the lines track the migration of the cells between
2.9h (purple) - 5.4h (yellow) after egg laying. Adapted from [8].
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Further improving on this technique is lattice light sheet microscopy which even allows super
resolution in 3D for a whole Drosophila embryo with high temporal solution and long recording
times [45]. This is possible by using interference of many single bessel-beams on a lattice to
yield a highly controllable light sheet.

This setup offers extensive advantages for developmental biologists because for the first time
it is possible to observe long term development of an embryo in 3D with single cell resolution
and high frame rate. Currently, data acquisition is the bottleneck for researchers because the
resulting large datasets need automated segmentation and analysis tools. Manual analysis is
unfeasible for these big data sets.

Large scale data investigation is one of the drivers of this thesis. Studying ensembles instead
of examples allows to infer complex stochastic models [188] and generally to apply techniques
from statistical physics and stochastic dynamics that need a high amount of data.

2.14 Segmentation: data acquisition from microscopy
recordings

Imaging technology also includes the advances in data acquisition, meaning the generation of an-
alyzable quantitative data from the raw microscopy images. The process of separating an image
into meaningful regions is called segmentation [152]. A simple example from epithelial tissues
is the segmentation into background and cell outlines. The technology in this field received
a substantial boost first through the digital revolution, accelerating data acquisition through
rule-based algorithms and making handling of larger data sets feasible. Recently, another revo-
lution happened through the advances in machine learning (ML) [302]. This thesis contributes
to this development by applying so-called generative adversarial networks to the segmentation
task, meaning that cell junctions are recognized by the artificial intelligence and separated from
the background that does not contain meaningful information. More on that can be found in
Chapter 4.

Early methods are largely rule based and for instance use filters for edge detection. An
example for this is the canny algorithm [38]. Arguably one of the most simple methods is
thresholding, where all pixels in the image that exceed a certain grayscale value are set to 1
and all below the threshold to 0. This separates the background from the features of interest,
but require microscopy images with very high signal to noise ratio and only including objects
that should be segmented [152]. Several methods can also be combined, for example a typical
prefiltering step is to set low and highpass filters to remove noise and large-scale structures not
belonging to the features of interest. Although new methods from the machine learning field are
generally outperforming rule-based methods, it can still help to pre-process images using these
methods, going for a combined approach. Rule-based methods are also still being developed,
for example [241] used a phase-congruency tensor to detect curvilinear structures in microscopy
images.

One of the most widely used rule-based segmentation tools is the watershed algorithm [338].
It is a core component of one of the most popular segmentation tools for epithelial cells, called
Tissue Analyzer [3]. The basic idea comes from geology, where watershed means the separation
between water basins. Inspired by this, the watershed algorithm virtually puts water into the
minima of the image topography set by grayscale values for example. Then the water level is
being raised. At those points where the water level is meeting water from a different basin, the
boundary is set. This procedure works very well for the segmentation of cells and has been one
of the dominant methods.
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Figure 2.14: Example of an amnioserosa recording with corresponding seg-
mented cells. The color of the cells is uniquely labeling them. The data shown here is
analyzed in chapter 6.

Machine learning tools have entered by using them as pixel by pixel classifiers. The neural
network is trained to output a probability for a pixel to belong into predetermined classes and
the pixel in the image is labeled accordingly. A prominent example is the U-Net classifier [281].
Since then, numerous network architectures for segmentation have been proposed [5, 34, 53, 85,
132, 221, 309, 312]. This includes tools that specifically specialize on the segmentation of cells
and tissues [5, 312].

It is important to note that rule-based methods are usually more computationally taxing
than machine learning, because the prediction process of neural networks is very fast (usually a
single matrix operation) [284]. Only the training procedure takes a lot of time. This is another
advantage of ML architectures. Disadvantages are the time consuming training, which often
requires powerful graphics cards that are usually not available on every computer. In addition,
until very recently they require expert knowledge in computer science [196, 324]. Only now,
developers started to provide software with graphical user interfaces (GUI) to make them more
accessible to researchers without training in coding.

The most widely used open source platform for biomedical image analysis probably is Image-
J [292, 293], and its derivative Fiji [291], which is exactly the same platform but is shipped with
more scientific packages that are typically needed. It includes a lot of community developed
tools and provides high usability because of its GUI. Another often utilized open tool is Ilastik
[307]. There are also several proprietary software solutions that include both rule-based and ma-
chine learning tools. An example for this is IMARIS (Bitplane). The community has declared
their intent to strive toward open source solutions to make them widely available [5, 34, 41, 196].

To provide some intuitive understanding of these advances it is instructional to look at the
time researchers need to spend on the acquisition of data from the raw microscopy images. 20
years ago a researchers needed years to record, segment and analyze tissue dynamics which was
often restricted to certain regions in the tissue. Later it was possible to analyze data from several
embryos in the same time [231, 316]. Now, the complete amnioserosa can be segmented and
analyzed in dozens of embryos in a matter of a month, which includes manual correction for the
few segmentation errors of the AI. At the moment researchers are working on full 3-dimensional
segmentation of all cells in the complete embryo [34]. The data is recorded via lattice light sheet
microscopy and then analyzed by machine learning algorithms. This will open a new era in
developmental biology having access to the complete dynamics of the complete embryo.
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2.15 Biophysical models of epithelial tissues

Investigations of biological systems can benefit from mathematical formalizations of biological
and physical properties in order to better understand and predict their interplay.

Modeling epithelial tissue is not a trivial task because of the biological complexity laid out
in this chapter. They consist of heterogeneous, visco-elastic, three dimensional, fluctuating
cells that may have a polarity or can be otherwise distinguished. On top of that epithelia
are, what physicists call ”active matter”, a state far from thermodynamic equilibrium [211].
Living organisms often operate far from equilibrium because molecular components constantly
dissipate energy in the form of ATP into directed motion. This continuous conversion of chemical
energy into heat, and thus into mechanical energy, leads to the system being constantly out of
equilibrium [101, 211].

Nonetheless, many mathematical models of epithelial dynamics have been attempted using
approaches ranging from discrete to continuum theories.

Large-scale continuum models do not play a huge role in this thesis. They are mainly used
to describe tissue surfaces according to internal and external stresses to describe coarse-grained
deformations and material properties such as viscosity or elasticity, or rheological properties.
The theory of active gels plays a huge role describing large scale properties of viscoelastic matter
driven out of equilibrium [176, 265]. Following classic hydrodynamic theories, forces and torques
acting on a surface are introduced and their balance equations derived. The innovation here
lies in the incorporation of active terms [46, 270] that extend previous passive theories [131].
Due to local, internally produced forces epithelial morphogenesis involves in-plane tension and
torques that arise from differential stresses, which were not included in the theory. Recently,
[287] successfully incorporated these effects in a theory of active surfaces. Other continuum
models involve for example foams [56], visco-elastic solids [207] or visco-elastic-plastic solids
[264]. A significant drawback of continuum models is that they can not describe the microscopic
properties of cell-cell interactions by construction, for example cell heterogeneity or subcellular
processes, [90] and also have trouble with some typical tissue processes like plasticity. Plasticity
here means that tissues undergoing shape changes due to stresses must not return to the refer-
ence state in the absence of these stresses [269]. On the other hand they stand on a very strong
mathematical foundation and typically involve few parameters [90].

In this thesis we focus on the dynamics of single cells and their interplay. Cell-based models
are able to describe the dynamics of tissues beginning with microscopic dynamics and then
inferring emergent tissue properties from simulations.

More simple approaches model cells as spheres or even point particles to model tumor growth
[27, 66] or as cell pairs [272], whereby interactions are modeled by distance dependent potentials.
Simulations rely on a variety of methods ranging from Langevin dynamics [94], or dissipative
particle dynamics [19] to the Metropolis algorithms [35].

Then there are vertex models, which are one of the most popular approaches to describe
epithelial dynamics. Instead of directly describing the surface area, the dynamics of the cell
vertices are modeled such that cells are comprised of the polygons spanned by the vertices and
their connections [7, 90, 91]. To this end one can write down an energy function [84, 138]

E(ri) =
∑

α

Kα

2
(Aα −A0

α)2 +
∑

(i,j)

γijLij +
∑

α

Γα
2
P 2
α (2.1)

including the vertices at positions ri, connected by line segments Lij pointing from vertex i to
vertex j, with cells α and the corresponding area Aα. The terms, from left to right, describe
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2.15. Biophysical models of epithelial tissues

the surface elasticity Kα, the line tension γij and contractility Γα of the perimeter Pα. The
equations of motion then take the following form

η
dri
dt

= − ∂

∂ri
E(ri) (2.2)

Models with varying degrees of complexity include more effects, altered energy functions or in-
clude different topologies for example instead of line segments use curvi-linear segments [237,
311]. The here presented basic model is quasi-static as it relaxes toward equilibrium junction
lengths when the energy is minimized. Due to the lack of inertial effects, the described dy-
namics will inevitably come to a halt and thus explicit time-dependence must be introduced by
including for example orientation dependent tension coefficients [275], time-dependent protocols
[81] or chemical coupling regulating force production [300]. Vertex models have been applied to
virtually every conceivable situation in epithelial morphogenesis including studies about topol-
ogy [84], growth control [138], anisotropic growth [210] or planar cell polarity [288]. There exist
extensions for the three dimensional case as well [243]. One of the greatest advantages of vertex
models is their ability to explicitly incorporate neighbor interactions and that they have phys-
ically convincing descriptions of adhesion and rearrangement processes. In turn they typically
neglect cell-matrix adhesion and their 2 dimensional nature neglects medial contractility [90].

A last class of models that play a particular role for the modeling of cell surface oscillations,
are visco-elastic models. These are based on visco-elastic contractile materials, and thus on the
Kelvin-Voigt or Maxwell dashpot model [242]. They provide 1 dimensional descriptions of the
dynamics of elements in tissues, for example actin filaments, single cell junctions or cell surface
areas. Because of their simplicity they are comparably easy to study and partially analytically
tractable [90]. It is also straight forward to couple the dynamics to other compartments, which
can for instance model regulation pathways or mechanosensitive interactions [64]. The change
in the effective coordinate is then directly modeled such as

µ
dL

dt
= T − T (m) (2.3)

where L is the length of the element, µ the damping constant, T is an external tension and
T(m) an internal tension, which depends on a second compartment, modeling the corresponding
myosin dynamics.

Several mathematical models concerning actomyosin oscillations and surface area oscilla-
tions in epithelial tissues have been proposed. Earlier models explaining myosin oscillations are
roughly 25 years old [153, 154] and are based on myosin groups that are elastically coupled to
their environment. An elastic contractile material with turnover was used to model area oscilla-
tions in the amnioserosa [64]. Here, the myosin turnover is dependent on the concentration along
the contractile element, which introduces feedback between myosin and length compartments.
The model is able to produce oscillatory behavior, resulting from a Hopf bifurcation. Before
the bifurcation the dynamics is stable. If certain parameters exceed a threshold, the dynamics
collapse because of diverging myosin concentration causing a diverging tension. Other models
of the same type can be found in [199, 294]. A second model that uses very similar basic as-
sumptions, but derives the single cell behavior from the microscopic actin filament dynamics, is
[193]. Using percolation theory, the authors arrive at the same effective dynamics as presented
in [64] for the area dynamics. In addition, they can faithfully represent the collapse phase in a
mathematically well defined manner, which is important to model cell ingression during dorsal
closure.

In Chapter 5 I also use a visco-elastic model as basis to study intercellular coordination in
the amnioserosa.
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2. Introduction

In addition, there has been a proposal for a mechano-chemical model for calcium signaling
in embryonic epithelial cells [158]. The activation dynamics of Ca2+ is thereby taken from
experimentally validated calcium dynamics. Ca2+ concentration saturates according to a hill
function and is coupled with a linear, visco-elastic representation of a cell.
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Chapter 3

CaLM: A novel optochemical tool to
induce cell contractions in vivo

“What we observe is not nature itself, but nature exposed to our method of
questioning.”

Werner Heisenberg

3.1 Content

In this chapter, it is demonstrated how Ca2+-uncaging can be employed to induce cell contrac-
tility in epithelial cells during tissue morphogenesis. Our method works with high spatial and
temporal precision, meaning that it is possible to induce contraction with single cell resolution
and with timescales of the same order as physiologically observed cell dynamics. This allows the
experimentalist to precisely control cell behavior during complex tissue dynamics in vivo. As
a side effect, the functioning of this method provides direct evidence for a role of intracellular
Ca2+ to activate non-muscle myosin II and its recruitment to the actomyosin cortex.

Versatile tools to optically control cell behavior are in high demand among researchers study-
ing tissue morphogenesis but also among cell biologists in general. Several optogenetic strategies
by activating GEF proteins acting upstream of Rho have been reported, for instance [240, 325].
Despite their great promise, optogenetic approaches based on activation of Rho signaling come
with intrinsic problems concerning the genetics, the use of visible light for activation and the
required amount/duration of light exposure. An inherent problem with Rho signaling is that
multiple targets are activated, such as Dia and actin polymerization beside myosin, as reviewed
in section 2.7.

Because our approach is based on Ca2+-uncaging, it does not rely on transgenes, uses short
pulses of UV light and is in principle applicable to many species. Cell contraction is induced by
Ca2+ bursts similar to the established applications in the field of neurobiology. The innovation of
our study lies in the transfer of a method from neurobiology to the mechanobiology of epithelial
cells.

In later chapters 7 and 8, we use this method to study coordination in epithelia. In chapter 7,
we find that the reaction of neighbors in response to the uncaging is dependent on xit and Tmc
which therefore mediate mechanical signaling. In chapter 8, simultaneous Ca2+ uncaging can be
used to induce T1 transitions and promote the formation of a new junction between two cells. A
key result is that efficiency of T1 transitions depends on the coordination of participating cells.
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3.2. In vivo optochemical control of cell contractility at singe-cell resolution

3.2 In vivo optochemical control of cell contractility at
singe-cell resolution
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In vivo optochemical control of cell contractility at
single-cell resolution
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Abstract

The spatial and temporal dynamics of cell contractility plays a key
role in tissue morphogenesis, wound healing, and cancer invasion.
Here, we report a simple optochemical method to induce cell
contractions in vivo during Drosophila morphogenesis at single-cell
resolution. We employed the photolabile Ca2+ chelator o-nitro-
phenyl EGTA to induce bursts of intracellular free Ca2+ by laser
photolysis in the epithelial tissue. Ca2+ bursts appear within
seconds and are restricted to individual target cells. Cell contrac-
tion reliably followed within a minute, causing an approximately
50% drop in the cross-sectional area. Increased Ca2+ levels are
reversible, and the target cells further participated in tissue
morphogenesis. Depending on Rho kinase (ROCK) activity but not
RhoGEF2, cell contractions are paralleled with non-muscle myosin
II accumulation in the apico-medial cortex, indicating that Ca2+

bursts trigger non-muscle myosin II activation. Our approach can
be, in principle, adapted to many experimental systems and
species, as no specific genetic elements are required.
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Introduction

Contractility underlies manifold processes in cell and tissue morpho-

genesis, including cell migration, cell shape changes, or junction

collapse [1–4]. In epithelial tissues, cell contractions impact neigh-

boring cells by exerting forces on adherens junctions. This

mechanical linkage may elicit specific responses and could thus

positively or negatively affect contractility and cytoskeletal organi-

zation in neighboring cells, i.e., mediate non-autonomous mechani-

cal behaviors [5]. Within a tissue, cellular contraction and cell–cell

interactions based on such force transduction can contribute to

emergent tissue behavior, such as the formation of folds and

furrows. The function of mutual cell–cell interactions, however, is

difficult to study by classical genetic approaches. What is needed

are methods for acute noninvasive interventions with high temporal

and spatial resolution, ideally on the scale of seconds and of single

cells.

For controlling cell contractility, optogenetic approaches have

recently been developed. Cell contractility can be inhibited by opti-

cally induced membrane recruitment of PI(4,5)P2 leading to interfer-

ence with phosphoinositol metabolism and subsequent suppression

of cortical actin polymerization [6]. Optical activation of contractil-

ity has been achieved by light-induced activation of the Rho-ROCK

(Rho kinase) pathway, which controls myosin II-based contractility

[7,8]. While functionally effective, such optogenetic methods

require multiple transgenes driving the expression of modified

proteins such as light-sensitive dimerization domains, which restrict

the application to genetically tractable organisms. In addition, chro-

mophores used in optogenetic effectors are activated by light in the

visible spectrum, which limits the choice of labels and reporters for

concurrent cell imaging.

Optochemical methods represent an alternative to genetically

encoded sensor and effector proteins [9]. Intracellular calcium ions

(Ca2+) are known to be an important regulator of contractility in

many cell types. Ca2+ plays a central role not only in muscle

contraction, but also in cultured epithelial cells [10], in amnioserosa

cells during dorsal closure [11], during neural tube closure [12,13],

and in the folding morphogenesis of the neural plate [14]. In Droso-

phila oogenesis, tissue-wide increase in intracellular Ca2+ activates

myosin II and impairs egg chamber elongation [15]. In Xenopus, a

transient increase in Ca2+ concentration induces apical constriction
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in cells of the neural tube [16]. Although the detailed mechanism of

Ca2+-induced contraction in non-muscle cells remains to be

resolved, it conceivably offers a simple and temporally precise way

to interfere with and control contractile activity. In neuroscience,

optochemical methods for the release of intracellular Ca2+ have

been well established and widely employed [17,18]. Here, we report

an optochemical method to control epithelial cell contractility via

Ca2+-mediated light activation of myosin (CaLM) on the scale of

seconds and at single-cell resolution during tissue morphogenesis in

Drosophila embryos. Optochemical control of contractility by Ca2+

uncaging has minimal spectral overlap with fluorescent protein

reporters and optogenetic activators. Our results provide evidence

for a ROCK-dependent effect of increased intracellular Ca2+ on acti-

vating non-muscle myosin II and its recruitment to the actomyosin

cortex.

Results

Uncaging induces a rapid Ca2+ burst in epithelial cells in
Drosophila embryos

Photolysis of the Ca2+ chelator o-nitrophenyl EGTA (NP-EGTA) [19]

(Fig 1A) is widely used in neurobiology for the modulation of intra-

cellular Ca2+ concentration [18,20]. Here, we employed the

membrane-permeant acetoxymethyl (AM) ester derivative, which

complexes Ca2+ once the AM moiety is cleaved off by intracellular

esterase. The o-nitrophenyl EGTA-Ca2+ complex cannot get out

again because the AM moiety has been cleaved off by intracellular

esterase. Following microinjection into staged embryos, uncaging

was induced in the focal volume with a diameter of 2–3 lm and

thus an area of 5 lm2 of a pulsed 355-nm laser beam (Fig 1B). To

allow for concomitant uncaging and imaging, we used a setup, in

which the light paths of the UV laser for uncaging and the excitation

laser for confocal imaging in the visible spectrum were controlled

independently. We conducted experiments in the lateral epidermis

of Drosophila embryos during germband extension (stage 7). The

epidermis during this stage constitutes a columnar epithelium with

a cell diameter in the range of about 8 lm and cell height of about

25 lm (Fig 2A).

We recorded changes in intracellular Ca2+ concentration induced

by uncaging using a genetically encoded Ca2+ sensor protein,

GCaMP6s. Embryos expressing a membrane-bound, myristoylated

variant of GCaMP6s [21] were injected with NP-EGTA-AM and

subjected to uncaging. We observed a transient increase in GCaMP6

fluorescence within a second specifically in cells targeted by a UV

light pulse (Fig 1C, Movie EV1). Quantification of GCaMP fluores-

cence (DF/F0) showed a fourfold increase within 2-s. Afterward,

GCaMP6s fluorescence gradually decreased to near initial levels

within a few minutes (Fig 1E). As GCaMP6s has a decay time

constant in the range of seconds, this indicates that Ca2+ clearance

and extrusion mechanisms in the epithelial cells operate on an effec-

tive time scale of minutes. We did not detect an increase in

GCaMP6s fluorescence after UV exposure in control embryos

injected with buffer only (Fig 1D and E).

The increase in the Ca2+ sensor signal was restricted to the indi-

vidual target cell (Fig 1C, Movie EV1). The Ca2+ sensor signal in

the next and next–next neighbors of the target cell was temporally

constant and comparable to control embryos (Fig 1F). In

summary, our experiments show that Ca2+ uncaging with single-

cell precision can be conducted in epithelial tissue in Drosophila

embryos. Uncaging leads to a reversible, second-scale increase in

intracellular Ca2+ concentration that is restored by cell-intrinsic

mechanisms on a minute scale. The magnitude of the Ca2+

increase was similar to what was previously reported for neuronal

cells [22].

Ca2+ bursts induce cell contraction

We next investigated the consequence of Ca2+ bursts on cell shape.

We conducted uncaging in embryos expressing E-Cad-GFP, which

labels adherens junctions near the apical surface of the epithelium

(Fig 2A). We detected a contraction of the target cell in the lateral

epidermis to about half of the apical cross-sectional area following

uncaging (Figs 2B and EV1A, Movies EV2 and EV3). Target cells in

control embryos injected with buffer remained largely unaffected

(Fig 2C). Quantification revealed a reduction by half of the cross-

sectional area within 1–2 min in the target cell but not in controls

(Figs 2D, and EV1A and B). The constriction rate reached the maxi-

mum in 0.5 min (Fig 2E). Most cells remained contracted during the

following 15 min, whereas a minority of cells reexpanded to the

original cross-sectional area (Fig 2F and G). We did not observe that

the exposure to UV laser and Ca2+ uncaging noticeably affected the

further behavior of the target cells and surrounding tissue (Fig 2F

and G). We did not observe that target cells were extruded or got

lost from epithelial tissue. This behavior indicates that the Ca2+

uncaging is compatible with ongoing tissue morphogenesis. We

conducted Ca2+ uncaging in the head and dorsal region at stage 7

embryos, where these cells do not display apical myosin and do not

display obvious changes in cross-sectional area. Cell contraction

event was detected in these cells following Ca2+ uncaging

(Fig EV1C and D).

Induced cell contraction in a squamous epithelium

Next, we applied Ca2+ uncaging to a different tissue in Drosophila

embryos. The amnioserosa represents a squamous epithelium on

the dorsal side of the embryo with cells about 15 lm in diameter

and only 3 lm in height (Fig 3A–C). As in the lateral epidermis, we

employed E-Cadherin-GFP to label the apical cell outlines (Fig 3B).

Ca2+ uncaging led to contraction of the target cells but not in the

control cells (Fig 3D, Movie EV4). The cells that are from the same

recording but not the next-neighboring of target cell were used as

control (Fig 3D). Quantification of the apical cross-sectional areas

revealed specific uncaging-induced contraction within a minute, and

the peak constriction rate was observed about 30 s after uncaging

(Fig 3E). The amnioserosa cells are naturally contracting overtime

(Fig 3F). We calculated the maximum constriction rate from 12

control cells over 5 min and detected a statistically significant dif-

ference when comparing the maxima in the constriction rates

between the target and control cells (Fig 3G). We next conducted

three uncaging experiments in amnioserosa cells with recording

over 30 min. Two cells contracted irreversibly, one cell relaxed after

10 min as in the lateral epidermis (Fig EV2B and C). We did not

observe that the exposure to UV laser and Ca2+ uncaging noticeably

affected the further behavior of the target cells and surrounding
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tissue. Furthermore, in order to rule out that UV laser induced cell

apoptosis during uncaging, we employed a reporter of apoptosis

[23,24] in the amnioserosa, where we can demonstrate the function-

ality of the reporter due to the normal presence of apoptotic cells

during dorsal closure (Fig EV2A). We detected reporter signal in

apoptotic cells but not in target cells subject to uncaging. In

summary, our experiments show that Ca2+ uncaging can be

employed as a noninvasive method to induce contractions in

selected single cells in different cell types and tissues.

We next ask whether further contraction in the target cell can be

generated by repeating the UV pulse in the same cell. We therefore

exposed a selected cell in the amnioserosa three times with a UV

pulse (0, 2.5, and 5 min). We observed the typical contraction after

the first pulse but no further obvious contractions after the second
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Figure 1. CaLM induces a rapid increase in intracellular Ca2+ concentration in epithelial cells.

A Structure of the cage NP-EGTA. UV illumination cleaves the bond in red and releases Ca2+.
B Experimental scheme for Ca2+ uncaging in Drosophila embryos. NP-EGTA, AM was injected into the staged embryos. Followed by a short incubation, a target cell

(blue) was exposed to a UV laser flash.
C, D Images from time-lapse recording of embryos (stage 7, lateral epidermis) expressing a membrane-bound Ca2+ sensor (GCaMP6-myr) and injected with (C) 2 mM

NP-EGTA, AM or (D) with buffer (control). Time in min:s.
E Normalized fluorescence intensity of GCaMP-myr in the target cell. Mean (bold line, six cells in six embryos) with standard deviation of the mean (ribbon band).
F Normalized fluorescence intensity of GCaMP sensor in target cell (red), three next neighbors (green), and three non-immediate neighbors (orange).

Data information: scale bars: 10 lm in (C, D, F).
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Figure 2. CaLM triggers apical constriction in a columnar epithelium.

A Schematic drawing and morphology of columnar epithelium in the lateral epidermis in stage 7 Drosophila embryos.
B, C Images from a time-lapse recording embryos expressing E-Cad-GFP and injected with (B) 2 mM NP-EGTA, AM or (C) buffer and exposed to the UV laser. Target cells

are labeled in blue or purple.
D Cross-sectional area of target cells over time. Cell areas were normalized to their initial size (the first frame of recording after uncaging). Mean (bold line) with

standard deviation of the mean (ribbon band). Uncaging (blue), eight cells in eight embryos. Control (purple), five cells in five embryos.
E Apical constriction rate over time in target cells in (D) (n = 8 cells in eight embryos). Mean (bold line) with standard deviation of the mean (ribbon bands).
F Images from time-lapse recording showing long-term behavior after CaLM. Target cell is marked in blue.
G Cross-sectional area of target cells over 15 min after Ca2+ uncaging. Cell contraction was reversible in two out of seven target cells (blue lines).

Data information: scale bars: 10 lm in (A, B, C, F).
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and third UV pulses (Fig EV3A and B). Next, we induced contrac-

tion by uncaging in a row of four cells in the amnioserosa

(Fig EV3C). An axial projection after 5 min shows a small groove in

the tissue. Importance of this study is that we demonstrate the

induced contraction of a row of cells. Having the method in hand to

induce cell contraction in a selected patch of cells will allow us to

test the contribution of contraction of morphogenetic movements

such as furrow formation and invagination in future experiments.
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Figure 3. CaLM triggers apical constriction in a squamous epithelium.

A–C Amnioserosa (yellow in A) represents a squamous epithelium. Confocal image of Drosophila embryo expressing E-Cadherin-GFP. Sagittal sections of amnioserosa
cells. Confocal images (B) and schematic drawing (C).

D Images from a time-lapse recording in embryos (stage 14) expressing E-Cad-GFP and injected with 1 mM NP-EGTA, AM. The target cell is highlighted in blue. The
control cell (next–next neighbor of target cells) highlighted in purple was not exposed to UV light.

E Cross-sectional area (blue) and apical constriction rate (black) of target cells normalized to initial size (the first frame of recording after uncaging). Mean (bold line)
with standard deviation of the mean (ribbon band) (n = 7 cells in seven embryos).

F Cross-sectional area traces (purple) of 12 individual control cells. Mean of apical constriction rate of control cells is indicated with black bold line (n = 12 cells in
seven embryos) with standard deviation of the mean (ribbon band).

G Boxplot shows the maximum apical constriction rate from target and control cells. Bold horizontal line, mean. Box, second and third quartile. Black horizontal dash
line with whisker, 95% bootstrap confidence intervals. ***P = 0.00004949 (two-tailed unpaired t-test).

Data information: Scale bars: 10 lm in (A, B, D).
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Role of myosin II in Ca2+-induced cell contraction

Multiple mechanisms are conceivable for Ca2+-induced cell contrac-

tion. Given their time scale in the minute range, it is unlikely that

slow transcriptional or translational processes are involved. It is also

unlikely that Ca2+ directly activates contraction similar to its role in

muscle cells due to the distinct organization of cortical actomyosin

and indicated by the substantial time lag between Ca2+ increase and

cell contraction. Ca2+ may activate myosin II, similar to what has

been reported for the Drosophila egg chamber [15]. Such a specific

myosin II activation may be mediated via Rho-ROCK signaling or

via Ca2+-dependent protein kinases or phosphatases, such as

myosin light-chain kinase (MLK) [25].

As a first step toward identifying the mechanism of Ca2+-induced

cell contraction, we imaged myosin II dynamics following uncaging

in embryos expressing E-Cad-GFP to label cell–cell contacts and

sqh-mCherry (spaghetti squash, myosin regulatory light chain). sqh-

mCherry fluorescence is a direct indicator of active myosin II mini

filaments, which are visible as clusters. Myosin II is found associ-

ated with adherens junctions (junctional pool) and at the apical

cortex (medial pool), where it is responsible for apical constriction

[26]. We focused on the medial pool of myosin II. We observed an
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Figure 4. CaLM induces myosin II.

A, B Embryos expressing Sqh-mCherry (green) and E-Cadherin-GFP (red) were injected with 2 mM NP-EGTA, AM (A) or buffer (B). Images from a time-lapse recording in
the cells of the lateral epidermis (stage 7) and exposed to the UV laser (yellow arrowheads).

C Cross-sectional area of target cells and control cells normalized to the initial area (the first frame of recording after uncaging or UV laser illumination). Mean (bold
line) with standard deviation of the mean (ribbon band) (n = 7 cells in seven embryos).

D Medio-apical Sqh-mCherry fluorescence in target (blue) and control (black) cells normalized to the initial fluorescence intensities (the first frame of recording after
uncaging or UV laser illumination). Mean (bold line) with standard deviation of the mean (ribbon band) (n = 7 cells in seven embryos), P = 0.013 at 45 s (CE50),
P = 0.011 at 90 s (two-tailed unpaired t-test).

E Scatter plot of normalized medio-apical myosin II (the first frame of recording after uncaging is normalized to 1) with normalized cross-sectional area (the first
frame of recording after uncaging is normalized to 1) in target cells. Different colors indicate the individual cells.

Data information: Scale bars: 10 lm in (A, B).
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increase in sqh-mCherry fluorescence after about 0.5–1 min specifi-

cally in target cells (Fig 4A and B). Quantification of the medial

myosin II revealed specific uncaging induced a 20% increase in

target cells within 1.5 min after uncaging (Fig 3D). However, medial

myosin II intensity dropped a bit in the control cells following UV

exposure from the embryos injected with buffer without NP-EGTA,
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AM (Fig 4C and D). The cross-sectional area of these control cells

remained largely unaffected (Fig 4C and D). To establish a link

between the increase in myosin II and the reduced cell area, we

correlated both parameters with each other (Fig 4C and E). Indeed,

we detect a strong correlation that the smaller the cell area is the

higher the myosin II activity.

Contracting cell induces cortical tension

One expects that a contracting cell applies a force on the junc-

tional complexes linking it to its neighbors within the epithelium

(Fig 5A). To assess this action, we employed a reporter for

tension across adherens junctions, based on the force-dependent

conformational state of a-Catenin [27–30]. a-Catenin exhibits a

force-dependent switch between two stable conformations. In the

closed state, a-Catenin is bound to the Cadherin complex but

does not bind to the D1 domain of Vinculin, because the central

mechanosensitive modulatory (M) domain is inaccessible. In

contrast, the central mechanosensitive modulatory (M) domain is

exposed, when a force is applied to the molecule. a-Catenin
bridges the Cadherin complex with the actin cytoskeleton and can

thus sense and transduce forces acting on the adherens junctions.

We thus introduced a GFP reporter based on the D1 domain of

Vinculin (Fig EV4A) together with E-Cadherin-tomato inserted at

the endogenous locus (Fig 5B and Movie EV5). We quantified the

dynamics of VinD1-GFP fluorescence during an uncaging experi-

ment (Fig EV4B). We detected a significant increase in the range

of 10% of reporter fluorescence at the junctions next to the

contracting target cell in the time scale of a minute. We did not

detect such an increase at distant junctions, which served as a

control in this experiment. As the time scale in response to unca-

ging by area change and VincD1 reporter fluorescence was

comparable, we quantified their relationship and found a strong

correlation between VincD1 reporter fluorescence and cell area

(Fig EV4C).

The Vinc/E-cad ratio has been reported to correlate with junc-

tional tension in Drosophila embryos [31]. We therefore quantified

the dynamics of VincD1/E-cad fluorescence ratio in the CaLM-acti-

vated contracting cells (Fig 5B–E). We detect a 25% increase in

VincD1/E-cad fluorescence ratio at the junctions next to the

contracting target cell that appeared on a time minute scale. We did

not detect such an increase at distant junctions, which served as a

control in this experiment (Fig 5C). As the time scale in response to

uncaging by area change (Fig 5D) and VincD1/E-cad fluorescence

ratio was comparable, we quantified their relationship. We plotted

the mean of Vinc/E-cad ratio against the mean of cell area from six

contracting cells and found a strong correlation between Vinc/E-cad

ratio and cell area (Fig 5E). Furthermore, we assume that the CaLM-

activated contracting cell applies a force to its neighbors within the

epithelium. Following Ca2+ uncaging, we therefore performed laser

ablation on the first neighboring junctions of the CaLM-activated

contracting cell (Fig 5F). The control ablation was performed on

randomly selected junctions from the embryos injected with buffer

(Fig 5F). We observed faster and greater recoil in Ca2+ uncaging

embryos compared within the control embryos (Fig 5F). The initial

recoil velocity within 2-s after ablation is statistically significantly

larger in Ca2+ uncaging embryos than control embryos (Fig 5G). In

summary, our experiments show that Ca2+ uncaging induces corti-

cal tension and CaLM-activated contracting cell applies a force on

the junctional complexes linking it to its neighbors within the

epithelium.

Mechanism of Ca2+-induced cell contraction

Although we have observed that medio-apical myosin II accu-

mulates in response to uncaging and that it correlates with the

degree of cell contraction (Fig 4), the mechanism of how Ca2+

induces contraction is unclear. At least two different mecha-

nisms are conceivable. Firstly, Ca2+ may activate myosin II

activity via the generic pathway involving Rho kinase and

phosphorylation of the regulatory light chain. Secondly, Ca2+

may activate the myosin light-chain kinase or directly engage at

the actomyosin filaments. We first tested whether the Ca2+-

induced contraction depended on Rho kinase by employing its

specific inhibitor Y-27632 [32]. sqh-mCherry fluorescence is

reduced obviously in Y-27632-injected embryos compared with

water-injected embryos (Fig 6A and B). Following Ca2+ unca-

ging, we did not detect any cell contraction in embryos treated

with the Rho kinase inhibitor indicating that Ca2+-induced

contraction depends on Rho kinase (Fig 6E and I, EV4D, Movie

EV7). Ca2+ uncaging was functional in these embryos (Fig 6C

and D, Movie EV6) as Ca2+ fluorescence in Y-27632-treated

embryos was comparable in timing and magnitude to wild-type

embryos (Fig 6D). The dependence on Rho kinase strongly

supports the model that the Ca2+ signal acts via myosin II

activation.

◀ Figure 5. CaLM induces cortical tension.

A Schematic drawing of force-dependent Vinculin association to adherens junctions and principle of the Vinculin reporter.
B Images from time-lapse recording of an amnioserosa cell after CaLM in embryos (stage 14) expressing E-Cad-mTomato and VinculinD1-GFP.
C Ratio of VinculinD1-GFP and E-Cadherin-mTomato fluorescence at the junctions of the target contracting cells (blue) and control cells (black) The ratio was

normalized to initial ratio (the first frame of recording after uncaging). Mean (bold line) with standard deviation of the mean (ribbon band) (n = 6 constricting cells
and nine inactive cell borders in six embryos), P = 0.033 at 60 s (CE50), P = 0.011 at 120 s (two-tailed unpaired t-test).

D Cross-sectional area in target cells normalized to initial size (the first frame of recording after uncaging). Mean (bold line) with standard deviation of the mean
(ribbon band) (n = 6 cells in six embryos).

E Scatter plot of normalized area of target cells with the mean of VinculinD1/E-Cadherin ratio at the cell junctions (n = 6 cells in six embryos).
F The schematic of amnioserosa shows the first neighbor junction of CaLM target cells (indicated by red cross). Kymographs show recoil after junction ablation. Control

ablations were conducted in the embryos injected with buffer without NP-EGTA, AM, and the junctions were selected randomly.
G Boxplot shows the initial recoil velocity after laser ablation. Bold horizontal line, mean. Box, second and third quartile. Black horizontal dash line with whisker, 95%

bootstrap confidence intervals. ***P = 0.00035151 (two-tailed unpaired t-test). Dots indicate the individual recoil velocity. Control, n = 10 junctions in four embryos.
Ca2+ uncaging, n = 7 junctions in seven embryos.

Data information: Scale bars: 10 lm in (B, F).
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Rho kinase is activated by Rho signaling. RhoGEF2 is a major

activator of Rho1 in the epidermal tissue during gastrulation, for

example. We tested the dependence of the Ca2+-induced cell

contraction on RhoGEF2 by conducting the uncaging in embryos

lacking RhoGEF2. The embryos from the female of RhoGEF2 null

mutation germline clones show multinucleated cell phenotype
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during cellularization as previous report (Fig EV4E) [33]. Quan-

tification of the area dynamics of target cells revealed a behavior

comparable in magnitude and timing to that in wild-type

embryos (Fig 6F and H, Movie EV8). Lastly, we tested whether

Rho1 was involved in mediating the Ca2+ signal to Rho kinase

by visualizing Rho1 activation with a sensor protein. The Rho

sensor was functional, since we detected activation in cells

undergoing cellularization (Fig EV4F) and cytokinesis (Fig EV4G).

In contrast, we did not detect a change in Rho sensor fluores-

cence in response to Ca2+ uncaging (Fig 6G and J, Movie EV9).

In summary, we propose a mechanism linking Ca2+ with myosin

activation via Rho kinase but independent of Rho signaling via

RhoGEF2.

Discussion

We developed and validated a new method, which we designate

CaLM to induce cell contraction in epithelial tissues with precise

temporal and spatial control. The approach applies Ca2+ unca-

ging, which has been well established in neurobiology, for exam-

ple, to epithelial cell and developmental biology. By inducing

Ca2+ bursts in single or multiple cells, CaLM enabled us to induce

contraction in selected cells to about half of the cross-sectional

area within a minute. The induced contraction did not damage

cells or perturb tissue integrity. To our best knowledge, this is the

first report for optically controlled cell contraction on the minute

scale and at single-cell resolution in vivo during epithelial tissue

morphogenesis.

CaLM is based on UV laser-induced photolysis of a Ca2+

chelator that has been widely employed [18]. The caged

compound “NP-EGTA, AM” is membrane-permeant and thus

allows convenient application on the tissue scale. The 355-nm

pulsed UV laser, which we employ in this study, is compatible

with modern objectives and can be conveniently mounted on

standard live imaging microscopes via the epiport, for example.

The dose of UV light depends on factors such as light scattering

by the tissue and thickness of the sample. The actual dose of

light at the target site can only be estimated and needs to be

carefully titrated for the specific experimental system. We

employed a genetically encoded Ca2+ sensor protein for setting

up the experimental conditions and testing the scale and time

course of the Ca2+ burst. Alternatively, Ca2+ indicator dyes may

be applied, depending on the sample. Besides the 355-nm pulsed

UV laser, we tested the suitability of a continuous wave laser at

405 nm, which is often installed at standard confocal micro-

scopes. Using point scan illumination similar to FRAP protocols,

we did not detect any increased signal of the GCaMP

reporter (Fig EV5). The inefficiency of the 405-nm laser is

consistent with the absence of significant absorbance of NP-

EGTA at wavelengths longer than 400 nm [19]. Since our focus

is to use CaLM to control contractility at single-cell resolution

during tissue morphogenesis. In order to make the approach

easy of handling, we only used 100× objective in all experi-

ments. To stimulate contractility in multiple cells simultaneously,

we applied CaLM in four amnioserosa cells (Fig EV3). Techni-

cally, CaLM should be applicable also to even more cells (e.g.,

15–20 cells). Such experimental schemes will be tested in future

investigations.

The detailed mechanism for the induced Ca2+ burst and profile

remains unclear. At this point, we do not know the origin and fate

of Ca2+ ions measured by the GCaMP sensor protein. A proportion

of the Ca2+ ions will be released from the photolyzed cage. It is

conceivable, that in addition to this, intra- or extracellular Ca2+

reservoirs are opened by Ca2+-gated Ca2+ channels, comparable to

SERCA in muscle cells [34]. As the Ca2+ levels return to low levels

within minutes after uncaging, calcium ions may be exported from

the cytoplasm to internal reservoirs such as ER or to the outside by

Ca2+ transporters.

The detailed mechanism of how Ca2+ is functionally linked to

contractile actomyosin also remains unclear, although there is no

doubt that Ca2+ is involved in regulation of contractility in many

cell types [10–14,16]. It is clear that Ca2+ does not directly act on

actomyosin similar to the contractile system involving troponin C,

given the time lag between Ca2+ burst and contractility in the range

of many seconds. The delayed response may indicate an indirect

link via a signaling cascade.

In non-muscle cells, contractility is mediated by non-muscle

myosin II, which is largely controlled by Rho-ROCK pathway [4]. In

the cells we tested, we find that Ca2+ is linked to this pathway at

the position of ROCK. CaLM induces contractility by activating the

medial pool of non-muscle myosin II, at least. Whether other pools

of myosin II, such as junctional or basal myosin, are also activated

remains unclear.

An expected consequence of a contracting cell within an epithe-

lial tissue is a mechanical pull on its neighbors, which should be

mediated by junctional complexes. This is an important issue,

because an immediate application of CaLM is in tissue

◀ Figure 6. CaLM requires ROCK but not RhoGEF2.

A, B Confocal images of embryos expressing sqh-mCherry and E-Cadherin-GFP injected with Y-27632 (ROCK inhibitor, 10 mM) or water.
C, D CaLM in embryos (stage 7, lateral epidermis) expressing a membrane-bound Ca2+ sensor (GCaMP6-myr) and injected with NP-EGTA, AM and Y-27632 as indicated.

Images from time-lapse recording. (D) Fluorescence intensity of GCaMP-myr in the target cell with (black, the same data with Fig 1E) or without (blue) Y-27632.
Mean (bold line) with standard deviation of the mean (ribbon band, six cells in six embryos).

E–G Images from time-lapse recordings following CaLM (lateral epidermis, stage 7). Target cells marked in blue. (E) Co-injection of Rho kinase inhibitor Y-27632. (F)
Embryos from RhoGEF2 germline clones. (G) Embryo expressing a Rho sensor, and white arrows indicate the target cell.

H Cross-sectional area traces of target cells normalized to initial size (the first frame of recording after uncaging) in embryos from RhoGEF2 germline clone female
following CaLM.

I Cross-sectional area of target cells normalized to initial size (the first frame of recording after uncaging) in embryos injected with 10 mM Y-27632 (n = 8 cells in
five embryos) following Ca2+ uncaging. Mean (bold line) with standard deviation of the mean (ribbon band).

J Rho sensor fluorescence in target cells (n = 6 cells in six embryos) following Ca2+ uncaging. Mean (bold line) with standard deviation of the mean (ribbon band).

Data information: Scale bars: 10 lm in (A, C, E, F, G).
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morphogenesis with one of its central questions of how the

temporal–spatial distribution of forces leads to changes in visible

morphology. We tested the potential mechanical pull of target

cells on its neighbors in two ways. Firstly, we applied a

Vinculin-derived reporter, which preferentially binds to the open

conformation of a-Catenin. a-Catenin undergoes a force-dependent

conformational change, which opens a Vinculin binding site

under mechanical pull [27–30]. Secondly, we directly assayed

junctional tension in neighboring cells by measuring the initial

recoil velocity after ablation. This experiment nicely shows the

versatility of CaLM. The pulsed UV laser is employed for two

tasks: firstly, the controlled uncaging in a single-target cell and

secondly, shortly afterward the precise ablation of a single junc-

tion, all recorded in a movie of the tissue. CaLM will be, in prin-

ciple, useful in many types of experiments concerning tissue

morphogenesis. For example, intercellular coupling between

neighboring cells poses a challenge to experimental design in

studies of tissue morphogenesis. Here, cause and consequence

cannot be easily distinguished without targeted activation of

cellular contractility and precise external control of cellular

behaviors. Thus, acute interference is mandatory for dissecting

causal functional dependencies.

Taken together, CaLM allows us to control rapid cell contrac-

tility and generates forces within the tissue during morphogenesis.

CaLM can be applied to a wide range of processes and organisms

and should greatly improve our ability to study the causality of

cell contractility in tissue mechanics and mechanotransduction

in vivo. Importantly, CaLM does not require any genetically

encoded protein and can be readily applied to any stock and

genetic background. The independence from genetic constitution

should vastly accelerate analysis and enable screening of

mechanobiological cellular pathways and components, e.g., by

comparing wide arrays of mutants to wild-type behavior. In addi-

tion, Ca2+ uncaging is likely to open applications in manifold

experimental systems with low genetic tractability. Importantly,

UV-induced Ca2+ uncaging leaves the entire visible spectrum

available for optical interfacing with florescent protein indicators

and opsin-based effectors. This in particular increases the options

for simultaneously recording of cell and tissue behavior with the

large palette of available fluorescent protein tags from CFP to

RFP.

Materials and Methods

Drosophila strains and genetics

Fly stocks were obtained from the Bloomington Drosophila Stock

Center, if not otherwise noted and genetic markers and annotations

are described in FlyBase [35]. Following transgenes were used:

UAS-GCaMP6-myr [21], E-Cadherin-GFP [36], E-Cadherin-mTomato

[36], ubiquitin-E-Cadherin-GFP, Sqh-mCherry [26,37], UAS-GC3Ai,

UAS-a-Catenin-TagRFP [23], Mat-Gal4-67,15 (D. St. Johnston,

Cambridge/UK), and amnioserosa-Gal4 (Bloomington).

The allele RhoGEF204291 [33] together with FRT2R, G13 was recom-

bined with ubiquitin-E-Cadherin-GFP. RhoGEF2 germline clones

were generated and selected with ovoD. First- and second-instar

larvae were heat-shocked twice for 60 min at 37°C.

Drosophila genotypes Figures

w; +/+; pUAS-GCaMP6-myr; Figs 1C, D, 6C, and EV5, Movies
EV1 and EV6

w; ubiquitin-E-Cadherin::GFP; +/+; Figs 2B, C, F, and EV1D, E, Movies
EV2 and EV3

w; E-Cadherin::GFP; +/+; Figs 2A, 3A–D, 5F, and EV2B, EV3,
Movie EV4 and EV7

sqhAX3; ubiquitin-E-Cadherin::GFP, Sqh::
mCherry; +/+;

Figs 4, and 6A and B

w; pUAS-VinculinD1::GFP E-Cadherin::
mTomato; +/+;

Fig 5B, Movie EV5

w; ubiquitin-E-Cadherin::GFP
RhoGEF2[04291], FRT[2R, G13]; +/+

Figs 6E and EV4E, Movie EV8

w; pUAS-a-Catenin::TagRFP; pUAS-
GC3Ai;

Fig EV2A

w; Nanos-Anillin-RBD::tdTomato; +/+; Figs 6G, and EV4F and G, Movie
EV9

Cloning

VinculinD1 domain (aa6–257) (HindIII-Xho1) and eGFP (EcoR1-

Xho1) were inserted between the EcoR1-Xho1 sites of a pUASt with

attB sequence. PCR cloning was verified by sequencing of the frag-

ments. pUASt-attB-VinculinD1-eGFP was inserted in chromosome II

and recombined with E-Cad-mTomato. Homozygous lines were

healthy and fertile.

The Rho sensor is a bicistronic cassette that contains tdTomato

fused to the Rho-binding domain (RBD) from Anillin (aa748–

1,239) followed by a P2A peptide and membrane marker, tdKa-

tushka2, fused to the CAAX box from human KRAS. The utility

of the Anillin-RBD for detecting regions of active Rho has been

validated previously [38–40]. The Rho sensor was constructed by

infusion cloning of three fragments into a Nanos cassette (Nanos

promoter/50utr and Nanos 30utr) placed within P{valium22-(1)}

tdTomato (Addgene—54653), (2) Anillin-RBD (DGRC-LD2793),

and (3) p2a-tdKatushka2-caax (Addgene—56041). P2A and CAAX

sequences were appended via primers. Transgenic lines were

created by PhiC31 integrase-mediated transgenesis provided by

BestGene at the following sites—attP2 and attP40. Homozygous

lines were healthy and fertile.

Embryo preparation and injections

Embryos were prepared as previously described [41]. Briefly,

embryos (2–2.5 h at 25°C in Figs 1, 2, 4A–E and 5, and 15–17 h at

20°C in Figs 3 and 4F–K) were collected and dechorionated with

50% bleach (hypochloride) for 90 s, dried in a desiccation chamber

for ~ 10 min, covered with halocarbon oil, and injected dorsally into

the vitelline space in the dark at room temperature (~ 22°C). After

injection, the embryos were incubated at room temperature in the

dark for about 10 min prior to uncaging.

NP-EGTA, AM (Invitrogen) was prepared in 1× injection solution

[180 mM NaCl, 10 mM HEPES, 5 mM KCl, 1 mM MgCl2 (pH 7.2)]

[11]. 2 mM NP-EGTA, AM was injected for Ca2+ uncaging in epider-

mal cells, and 1 mM NP-EGTA, AM was injected for Ca2+ uncaging

in amnioserosa cells. To inhibit Rock activity, 10 mM Y-27632

(Sigma) in water was injected.
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Ca2+ uncaging and imaging

We employed a pulsed 355-nm YAG laser (DPSL-355/14, Rapp

OptoElectonic) mounted on the epiport. We illuminated under the

“Click and Fire” Mode on the “REO-SysCon-Zen” platform (Rapp

OptoElectonic), while a movie was recorded via a spinning disk

mounted on the side port (Zeiss ObserverZ1, 100×/oil, NA1.4,

AxioCam MRm). For the images in Figs 2, 4, 5B, and EV2, EV3, the

movies were recorded with an emCCD camera (Photometrics,

Evolve 512) and the recording started about 20 s after Ca2+ unca-

ging. The intensity of the UV laser was adjusted so that no morpho-

logical changes were induced in 1× injection solution-injected

embryos. The laser was applied for 1.5 s (around 300 pulses) per

cell with 2.5% laser power (~ 0.5 mJ/cell).

The Ca2+ sensor GCaMP6-myr was maternally expressed with

Mat-Gal4-67, 15 (Figs 1 and 6C). The cross-sectional images were

recorded in GFP channel with a frame rate of 1/s. Ca2+ uncaging

was applied during recording. Control experiments were conducted

in embryos injected without NP-EGTA, AM but exposure to a similar

UV laser pulse. To test Ca2+ uncaging with a 405-nm cw laser, the

cross-sectional images were recorded in GFP channel with a frame

rate of 0.2/s from the stage 7 embryo injected with NP-EGTA, AM

and point scan illumination similar to FRAP bleaching was used for

Ca2+ uncaging (Fig EV5).

E-Cad-GFP was the membrane marker for analysis of the cell

dynamics after Ca2+ uncaging in epithelium. For the images in

Figs 2, and EV2B and EV3, after uncaging, axial stacks of 3–4

images with 0.5 lm step size were recording in the GFP channel

with frame rates of 0.2/s (Fig 2B–E) or 0.1/s (Figs 2F and G, and

EV2B and EV3) with an emCCD camera (Photometrics, Evolve 512).

The recording started about 20 s after Ca2+ uncaging. For the

images in Figs 3, 6E, F, and EV1D, E, EV3A, B, the cross-sectional

images were recorded in the GFP channel with a frame rate of 0.2/s.

Ca2+ uncaging was applied during recording.

To analyze myosin dynamics after Ca2+ uncaging (Fig 4A and

B), the GFP and mCherry channels were recorded simultaneously

with a frame rate of 0.1/s for E-Cad-GFP and Sqh-mCherry. After

uncaging, axial stacks of 3–4 images with 1 lm step size were

recorded with an emCCD camera (Photometrics, Evolve 512). The

recording started about 20 s after Ca2+ uncaging. Control experi-

ments were conducted in embryos injected without NP-EGTA, AM

but exposed with a comparable UV pulse.

VinculinD1-GFP was expressed under control of the AS-Gal4

driver in amnioserosa tissue. To analyze VinculinD1-GFP dynamics

after Ca2+ uncaging (Fig 5A–E), GFP and mTomato channels were

recorded simultaneously with a frame rate of 0.1/s with an emCCD

camera (Photometrics, Evolve 512). The apical side of the amnio-

serosa tissue was acquired with four axial sections of 0.5 lm. The

recording started about 20 s after Ca2+ uncaging.

a-Catenin-RFP and apoptosensor were expressed under control

of the driver AS-Gal4 in the amnioserosa (Fig EV3A). Stage 14

embryos were collected and injected with 1 mM NP-EGTA. The

Ca2+ uncaging was conducted in embryos expressing both a-
Catenin-RFP and apoptosensor. After uncaging, axial stacks (10

images, 1 lm step size, GFP, and RFP channels) were recorded with

a frame rate of 0.1/s on a spinning disk microscope (100×/oil,

NA1.4) with an emCCD camera (Photometrics, Evolve 512). The

recording started about 20 s after Ca2+ uncaging.

The Rho sensor was recorded in the GFP channel with a frame

rate of 0.2/s (Fig 6G and J). Ca2+ uncaging was applied during

recording. In Fig EV4F, axial stacks of 11 images with 0.5 lm step

size were recording from an embryo undergoing cellularization with

an emCCD camera (Photometrics, Evolve 512). In Fig EV4G, the

cross-sectional images were recorded in the GFP channel with a

frame rate of 0.2/s from a stage 8 embryo with an emCCD camera

(Photometrics, Evolve 512).

In Fig 5A and B, embryos expressing sqh-mCherry and E-Cad-

GFP were injected with water or 10 mM Y-27632, GFP, and mCherry

channels were recorded simultaneously on a spinning disk micro-

scope (Zeiss, 100×/oil, NA1.4) with an emCCD camera (Photomet-

rics, Evolve 512). The apical planes of the embryo with four axial

sections of 0.5 lm were acquired.

Histology

Embryos were fixed, stained, and mounted as previously

described [42]. Antibodies against the following antigens were

used: Dlg (mouse, 0.4 lg/ml) [43], Arm (mouse M7A1, 0.4 lg/
ml) [44], and Slam (rabbit, 1:5,000) [45]. Secondary antibodies

were labeled with Alexa dyes (Invitrogen, 0.4 lg/ml). GFP

booster labeled with ATTO488 (ChromoTek, 1:500) was used for

E-Cad-GFP.

Laser ablation

Stage 14 embryos expressing E-Cad-GFP were injected with 1 mM

NP-EGTA, AM. Cross-sectional images were recorded in the GFP

channel with a frame rate of 1/s from amnioserosa on a spinning

disk microscope (100×/oil, NA1.4) with a CCD camera. Ca2+ unca-

ging was applied during recording. After the target cell started to

contract, the 1st neighboring junction was ablated with the 10% of

laser power, and 200 ms (around 40 pulses) exposure time during

the recording mode (100× oil, NA 1.4) (Fig 5F). The control ablation

was performed in the embryos injected with buffer without NP-

EGTA, AM but exposed to the uncaging laser pulse. The junctions

were selected randomly for ablation. The recoil velocity was calcu-

lated from the displacement of both ends of ablated junctions during

the first 2 s.

Image processing and analysis

The fluorescence intensity of GCaMP6-myr (Figs 1 and 6D) was

measured manually with ImageJ/Fiji [46]. The integrated density

(a.u.) was measured along the cell membrane and divided by the

cell membrane length (lm) to get the mean fluorescence intensity It.

The background Ib was determined from the integrated density

(a.u.), which was measured from the cytoplasm and divided by the

measurement length (lm). The normalized GCaMP6-myr intensity

fold increase was calculated as follows:

F=F0 ¼ ðIt � IbÞ=ðI�1 � I�1bÞ

where It is the mean intensity at time t, Ib is the mean intensity of

the background at time t, I�1 is the mean intensity at 1-s before UV

illumination, and I�1b is the mean intensity of the background at

1 s before UV illumination.
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To analyze cell dynamics after Ca2+ uncaging, image stacks were

projected by the “Max Intensity” option. The projected and cross-

sectional images were segmented and tracked with “Tissue

Analyzer” [47] in ImageJ/Fiji. Cell area measurements were carried

out with ImageJ/Fiji. In Movie EV3, the Z-projected images were

stabilized with “Image Stabilizer” [48].

To analyze myosin dynamics after Ca2+ uncaging (Fig 4), the

image stacks from sqh-mCherry embryos were projected with the

“Max Intensity” option. Mean medio-apical Sqh-mCherry fluores-

cence intensity was measured manually with ImageJ and normal-

ized with the initial fluorescence (t = 0).

To analyze Rho sensor dynamics, the fluorescence intensity of

Rho sensor (Fig 6J) was measured manually with ImageJ/Fiji. The

integrated intensity (a.u.) was measured along the cell membrane

and divided by the cell membrane length (lm) to get the mean fluo-

rescence intensity It. The background Ibt represents the averaged flu-

orescence intensity (a.u.) within the cytoplasm. The normalized

Rho sensor intensity was calculated as follows: I = It/Ibt.

The ratio of VincuinD1-GFP/E-cadherin-mTomato (Fig 5C) was

generated by plugin “Ratio plus” in ImageJ/Fiji. The fluorescence

intensity was measured along cell junctions and normalized to the

initial fluorescence (t = 0). To analyze VinculinD1 and E-Cadherin

dynamics, the fluorescence intensity of VinculinD1-GFP (in

Fig EV4B) at cell junctions was measured manually with ImageJ/

Fiji. The fluorescence intensity was measured along cell junctions

and normalized to the initial fluorescence (t = 0).

Expanded View for this article is available online.
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Figure EV1. Cell contraction following CaLM in epithelium.

A, B Cross-sectional cell areas of individual target cells (dashed lines) following a UV laser pulse. (A) Embryos injected with 2 mM NP-EGTA, AM (n = 8 cells in eight
embryos). (B) Embryos injected with buffer (n = 5 cells in five embryos). Mean (bold line) with standard deviation of the mean (ribbon).

C Schematic drawing of an embryo shows the head and dorsal region where CaLM was performed.
D, E Images from a time-lapse recording embryos expressing E-Cad-GFP and injected with 2 mM NP-EGTA, AM following with Ca2+ uncaging in head (B) or dorsal (C)

region. Target cells are labeled in blue.

Data information: Scale bars: 10 lm in (D, E).

◀ Figure EV2. CaLM does not induce apoptosis.

A Images from embryos express a-Catenin-RFP and apoptosensor. Two blue dotted boxes indicate the apoptotic cells. A yellow dotted box indicates the selected cell
where CaLM was performed in the same embryos.

B Images of amnioserosa cells from two time-lapse recordings in embryos (stage 14) expressing E-Cad-GFP and injected with 1 mM NP-EGTA, AM followed by UV
illumination showing long-term behavior after uncaging. The target cells for CaLM are highlighted in magenta.

C Cross-sectional area of target cells over 30 min after Ca2+ uncaging. Cell contraction in 1 out of 3 target cells was reversible in 10 min.

Data information: Scale bars: 10 lm in (A, B).
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Figure EV3. Cell contraction following CaLM in amnioserosa.

A Images of amnioserosa from time-lapse recording in embryos (stage 14) expressing E-Cad-GFP and injected with 1 mM NP-EGTA, AM following with three times UV
illumination (0, 2.5 and 5 min). Target cell is highlighted in blue.

B Cross-sectional cell areas of four individual target amnioserosa cells from the embryos injected with 1 mM NP-EGTA, AM following three times UV laser pulses. Cell
area was normalized with the initial size (the first frame of recording after 1st UV illumination). The time points of UV laser pulses are indicated.

C CaLM triggers multiple cell constriction simultaneously in amnioserosa. Images of amnioserosa from a time-lapse recording in embryos (stage 14) expressing E-Cad-
GFP and injected with 1 mM NP-EGTA, AM following with UV illumination. The target cells are highlighted in blue. An orthogonal view shows an invagination (yellow
dash line) is induced by Ca2+ uncaging triggered contraction. The red dash line indicates the region of orthogonal view.

Data information: Scale bars: 10 lm in (A, C).
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▸Figure EV4. VinculinD1 reporter, Rock inhibitor, RhoGEF2 mutant, and Rho sensor.

A Scheme of the domain structure of Vinculin. Numbers indicate position of amino acid residues. Transgenic construct with the D1 domain (blue) fused to GFP and
expressed under GAL4/UAS control.

B VinculinD1-GFP fluorescence on cell junctions of target and control cells (n = 6 target cells and 6 control cell borders). Mean (bold line) with standard deviation of
the mean (ribbon band).

C Scatter plot of normalized cross-sectional area with normalized VinculinD1-GFP intensity in target cells.
D The Rock inhibitor inhibits Ca2+-induced constriction. Cross-sectional areas of eight individual target cells following CaLM in Y-27632 co-injected embryos.
E A confocal cross-sectional image from a RhoGEF2 germline clone embryo expressing E-Cadherin-GFP shows the characteristic phenotype of multinucleated cells

during cellularization. The red asterisks indicate multinucleated cells.
F Axial image stack of an embryo during cellularization showing the functionality of the Rho sensor.
G Images from time-lapse recording of an embryos expressing the Rho sensor. Cells in cytokinesis. Stage 8. Lateral epidermis.

Data information: Scale bar: 10 lm in (B, E, F, G).
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pre-illumination 0 s 30 s20 s10 s

illumination with 405 nm laser

Figure EV5. No increased signal of the GCaMP reporter after illumination by 405-nm laser in single individual cells.
Images from time-lapse recording of embryos (stage 7, lateral epidermis) expressing a membrane-bound Ca2+ sensor (GCaMP6-myr) and injected with 2 mM NP-EGTA, AM.
Target cells were exposed to a 405-nm cw laser.

Data information: Scale bars: 10 lm.
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Chapter 4

Automated biomedical image
processing using deep neural networks

“A method is more important than a discovery, since the right method will lead to
new and even more important discoveries.”

Lev Landau

4.1 Content

Biomedical image processing nowadays is one of the bottlenecks for data generation in biology
and medical research. In this regard, it has replaced technological limitations in the microscopy
field which are able to provide 3D time-lapse movies of Drosophila embryos with single cell
resolution. For such huge datasets manual data acquisition is not feasible. Therefore there is a
great need for automated tools that accurately and efficiently perform segmentation and analysis
tasks.

I contribute to this field by applying deep learning methods, concretely generative adversarial
networks, to the segmentation of epithelial tissues. Our method can be trained even in absence
of labeled ground truth training data, which constitutes an important bottleneck in the training
of neural networks.

The deep learning method is embedded in an automated segmentation pipeline, which also
allows to manually correct segmentation errors. Data from the segmented tissue is parsed
to SQL tables and the data is further analyzed by custom Python scripts. In principle, this
technique is able to perform segmentation in real time and could therefore be applied in real time
experimental setups to analyze data on the fly or automate secondary experimental procedures.

The innovation of this study lies in the transfer of deep neural network methods to the
biomedical image processing field. The possibility to use unpaired training data makes this
method widely applicable and easier to generalize compared to direct competitors that mainly
use supervised discriminative architectures, which require paired ground truth training data.
For the actual task at hand, the segmentation of epithelial cell borders, there is no significant
difference in segmentation accuracy between our method and a standard classification network,
the U-Net [281], that requires paired training data and has been designed for the purpose of
biomedical image segmentation.
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4. Automated biomedical image processing using deep neural networks

Basics of biomedical image segmentation have been reviewed in the introduction section 2.14.
The results of this chapter are applied in chapters 6 and 7 to segment and analyze recordings
of epithelial tissue.

4.2 Deep learning in a nutshell

This section is contains a brief overview of deep learning core concepts. The interested reader
may find more information in the literature, for example in the fantastic ”Deep learning book”
by Goodfellow, Bengio and Courville [143].

Deep learning takes inspiration from biological neuronal dynamics. Single units, the neurons,
are receiving input from one or many sources, do a computation and produce an output which
is submitted to neurons in the next layer. Figure 4.1 illustrates the concept.

f(x)
x1
x2

xn

...

w1

w2

wn

y

Figure 4.1: Scheme of neuron computation principle. Inputs are weighted and
summed to yield an outcome y. Usually, regularization functions are additionally applied
e.g. to confine the output to positive values.

The inputs xi of each neuron are weighted according to weights wi and usually summed up.
In order to produce an output y of the same order as other neurons in the previous layer, a
regularization is used, which is also called activation function, inspired by neuroscience. Often
utilized examples are sigmoid, or ReLU (rectified linear) functions. Using a sigmoid activation,
the output y would then be

y =
1

1 + e−z
(4.1)

z =
N∑

i=1

wi xi (4.2)

where N is the total number of inputs to the neuron.
Single units are then combined into a network, where the presence of more than one hidden

layer defines the term ”deep” neural networks. Generalizing this idea of an isolated neuron, and
considering the jth neuron in the kth layer of a graph, we obtain

y
(k)
j = f

(∑

(i,j)

w
(k)
ij x

(k)
ij + b

(k)
j

)
(4.3)

whereas y
(k)
j denotes the output and i is the index of a neuron in the (k − 1)th layer. The sum

runs over all tuples (i, j). b
(k)
j is a bias, however since it is only additive, it is also possible to

extend each layer by a single bias neuron which summarizes all individual biases.

Free parameters in this network are the weights w
(k)
ij and the bias b

(k)
j . During learning,

these parameters are optimized.

The great advantage of deep learning, and machine learning in general, is that no specific
algorithm has to be programmed but instead the network is able to ”learn” a certain task.
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4.2. Deep learning in a nutshell

Figure 4.2: Scheme of multilayered network. Single units of the network, called
neurons, are connected in between layers by weights vnm and wkn. Each layer can have
a different amount of neurons. Figure taken from [145].

Learning means that the free parameters of the networks, mainly the weights, are adjusted such
that a specific output is yielded. To this end a cost, or objective function, has to be defined.
A simple example would be a binary classifier. The output of the network is a number 0 or 1,
for example the task could be to detect whether a human is in an image or not. The image is
fed into the network and an output is produced. If there is no human in the picture but the
network had 1 as output, all the weights are adjusted. This is done via backpropagation.

A simple error function would be

E =
1

2

∑

n

(Tn − yn)2 (4.4)

where Tn denotes the nth sample from the training set, which is compared with the output y
of the network.

To figure out in which direction the weights have to be changed to minimize the error, the
gradient of the error has to be calculated.

∂E

∂wi
=
∑

n

∂E

∂yn
∂yn

∂wi
(4.5)

According to the gradient the weights at each layer can be adjusted step by step, which is called
backpropagation. If the gradient can be calculated analytically the numerical costs of training
for neural networks is quite low because they can be reduced to simple matrix operations. This
allows the construction of networks with millions of weights that can be adjusted during training.

There are many possible optimization procedures for the learning. Among the most popular
are stochastic gradient descent [283] and ADAM [170]. For different types of networks different
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4. Automated biomedical image processing using deep neural networks

Figure 4.3: Demonstration of style transfer. Left is the original image and to the
right it is in painting style generated by a deep neural network. The inset shows the
original painting where the style was taken from. Scheme adapted from [96].

optimization protocols may be advantageous. For example in the case of generative adversarial
networks (GAN) consensus optimization has be demonstrated to have robust convergence for
multimodal problems where other algorithms may fail [222].

4.3 Idea: style transfer instead of classification

Segmentation is the task to separate an image into distinct labels for features of interest. The
aim of this chapter is to create a segmentation pipeline for the automated segmentation of
epithelial tissues. Therefore, the background information has to be separated from the labels of
cell borders. If the cell borders are clearly segmented, other quantities, for example cell area,
can be computed easily.

If deep learning methods are used for segmentation, people often refer to classification algo-
rithms [281]. The output is a feature map of the different labels, for example a binary image
which include the label 1 at the pixels of the borders and 0 for background. This approach
works well but often has to be trained with corresponding ground truth data.

An alternative to classification can be the use of so-called style transfer. It has been shown
that deep neural networks can separate the image information from the style information. If
this is possible, then the network can take the image information and apply a different style.
For example Figure 4.3 shows an image of several houses which are translated into the style of
several artists [96].

The segmentation of an image can also be understood in terms of style transfer. The seg-
mentation style is the label corresponding to the objects in the original image. In the following
sections I lay out the approach we used, which is based on cycle-consistent generative adversarial
networks.

4.4 Generative adversarial networks

A generative adversarial network (GAN) [102] is a deep learning architecture designed to esti-
mate generative models, a class of models that estimates the probability distribution p(x) from
available data x. Many generative models, like variational autoencoders [220], are explicit den-
sity models, which means that they use maximum likelihood estimation via an explicit definition
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4.4. Generative adversarial networks

of the density function and hence require some form of, possibly uninformative, prior knowledge.
GANs on the other hand belong to the class of implicit density models [103]. The GAN principle
is shown in Figure 4.4.

real data x
summer landscapes (yosemite)

D

G

generated (fake) image
G(z) = x'generator

discriminator

real or fake
D(x) ∈ [0,1]

noise input
z

Figure 4.4: GAN principle: Two neural networks are set up in a minimax
game against each other. The generator tries to create faithful samples that could
come from the training data distribution. The discriminator is learning to find out if an
image comes from the real data set or is a fake that was generated. Now the generator
tries to fool the discriminator into believing that the generated images are real, while
the generator is trying to detect the fakes.

The innovation lies in the way the objective function is formulated as a minimax game
between two networks. The first network, called generator G, estimates the probability distri-
bution from the data and the second network, the discriminator D, is learning to estimate the
probability that a sample is coming from the training data rather than G. These networks are
setup in an adversarial game. Hereby the generator tries to fool the discriminator into believing
that its generated fake sample comes from the training data. The discriminator is optimized
to recognize real samples from training data and fake samples from the generator. In a game
theoretic sense, the game is designed such that in the Nash equilibrium [233], the generator
recovers the probability distribution of the training data.

GANs are among the most popular deep learning architectures and many variants exist.
They are thought to produce highly believable samples of very complex probability distribu-
tions, for example human faces. Compared to other popular generative models, like variational
autoencoders, samples look generally more believable but the drawback is that GANs are theo-
retically less understood and have problems with mode collapse and overfitting. In addition, it
is not clear how learning can be interpreted.

The objective function (cost function) of GANs reads

min
G

max
D

V (D,G) = Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))] (4.6)
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4. Automated biomedical image processing using deep neural networks

Here, x is coming from the training data and z is a latent random vector with distribution pz(z).
D(x) is the probability that the sample comes from the training data, hence D : x→ [0, 1].

If G is fixed, the optimal discriminator is given by

D∗G(x) =
pdata(x)

pdata(x) + pg(x)
(4.7)

which can be seen by maximizing (4.6). First we write out the expectation and use the generator
distribution pg(x) explicitly.

V (D,G) =

∫

x
pdata(x) logD(x)dx+

∫

z
pz(z) log(1−D(g(z)))dz (4.8)

=

∫

x
pdata(x) logD(x) + pg(x) log(1−D(x))dx (4.9)

Then the function

f(y) = a log(y) + b log(1− y) (4.10)

has its maximum in [0, 1] at a
a+b 2 [102].

It can be seen that the objective function of GANs is connected to maximizing the log-
likelihood. Therefore we rewrite the minimax game, using the optimal discriminator D∗G(x) for
fixed G

C(G) = max
D

V (D,G) (4.11)

= Ex∼pdata [logD∗G(x)] + Ez∼pz [log(1−D∗G(G(z)))] (4.12)

= Ex∼pdata [logD∗G(x)] + Ex∼pg [log(1−D∗G(x))] (4.13)

= Ex∼pdata

[
log

pdata(x)
1
2(pdata(x) + pg(x))

]
+ Ex∼pg

[
log

pdata(x)
1
2(pdata(x) + pg(x))

]
− 2 log 2 (4.14)

= KL(pdata||
pdata + pg

2
) +KL(pg||

pdata + pg
2

)− 2 log 2 (4.15)

= 2JS(pdata||pg)− 2 log 2 (4.16)

where the Kullback-Leibler divergence and Jensen-Shannon divergence are defined as follows

KL(p||q) =

∫
p(x) log

p(x)

q(x)
dx (4.17)

JS(p||q) =
1

2
KL(p||p+ q

2
) +

1

2
KL(q||p+ q

2
) (4.18)

which are distance metrics between the distributions p(x) and q(x). They are not well-defined
metrics in the mathematical sense. For example the KL-divergence is not symmetric.

Because the Jensen-Shannon divergence is zero when both distributions are equal and it
can never be negative, this is proof that the global minimum of C(G) is − log 4 and that this
minimum is reached if pg = pdata. Therefore we have shown that the GAN objective formula-
tion as minimax game yields that the generator distribution recovers the data distribution after
optimization [102].

A problem of the original GAN objective is that the gradient for the generator cost vanishes,
or is at least not sufficient, if the discriminator is ”too good” and rejects samples with high
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confidence. This means that log(1−D(G(z))) saturates when D → 0. To mitigate this problem
in such a non-saturating game setting the objective function can be altered slightly. The cost
for the generator is hereby replaced by

J (G) = Ez∼pz(z)[− logD(G(z))] (4.19)

= Ex∼pg [− logD(x)] (4.20)

which provides larger gradients, especially early in learning, but still leads to the same fixed
points of the dynamics [111].

Drawbacks of this version are that there is no theoretical justification for the loss, only fol-
lowing heuristics. In addition, gradients are much lower if the generator is learning faster than
the generator and D → 0. The game however, is not zero-sum anymore and can not by described
be a single value function [103].

Many models are applying the maximum likelihood principle, which minimizes the KL-
divergence between the data and the model.

Θ∗ = arg min
Θ

KL(pdata(x) || pmodel(x; Θ)) (4.21)

To be able to also perform maximum likelihood optimization on GANs, it is possible to approx-
imate (4.21) with a GAN objective. Under the assumption that the discriminator is optimal the
following cost function for the generator is used.

J (G) = Ez∼pz(z)[− exp
(
σ−1(D(G(z)))

)
] (4.22)

= Ez∼pz(z)[−D(G(z))/(1−D(G(z)))] (4.23)

σ is the logistic sigmoid function [111].

Figure 4.5 shows a comparison of the three different optimization procedures. It can be
seen that the non-saturating game provides a larger gradient for very optimized discriminator.
Both minimax and maximum likelihood game have problems providing a significant gradient in
this regime. On the other hand the maximum likelihood gradient is pretty much dominated by
the right end of the curve. This results in over-representation of a relatively small number of
samples during batch training [103].

Convergence of GAN training is a difficult problem. Theoretically it is less understood than
other networks, like variational autoencoders, that have a clearer mathematical structure. GANs
suffer more from problems with mode collapse or overfitting than other architectures. The paper
of Mescheder et al. gives a good overview on related problems and attempts a basic theoretical
solution of the optimization procedure [222].

GANs are among the most popular deep learning techniques. Thousands of extensions of
the framework exist, but the unifying principle always remains the two player minimax game
between generator and discriminator. Among the most known architectures are InfoGAN [49],
conditionalGAN [223], CycleGAN [357], f-GAN [238], WassersteinGAN [11], DCGAN [268],
StyleGAN [159], pixelRNN [245] and DiscoGAN [169]. Almost every day there are more GAN
architectures becoming available.

4.5 Conditional GAN

If the generative model should be constrained or produce output according to external infor-
mation we need a model that can be conditioned to some data y, which can in practice be
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4. Automated biomedical image processing using deep neural networks

Figure 4.5: Comparison of cost functions for the generator plotted over dis-
criminator output. Compared are the vanilla GAN objective (4.6), the non-saturating
game (4.19) and the maximum-likelihood game (4.21). Scheme taken from [103].

anything, for example class labels or images. Conditional GANs (cGAN) are providing this
extension [223]. The objective function of GANs (4.6) is extended as follows.

min
G

max
D

V (D,G) = Ex∼pdata(x)[logD(x|y)] + Ez∼pz(z)[log(1−D(G(z|y)))] (4.24)

In practice, the auxiliary data y can be easily fed into G and D as an additional input layer.

An important special case is the architecture called pix2pix [146], which is shown schemat-
ically in Figure 4.6. Instead of using noise as latent vector z with prior distribution pz(z) as
input, pix2pix learns a mapping from an input image x to an output image G(x). Examples
are ranging from mappings from horses to zebras, winter landscapes to summer landscapes or
grayscale to colored images. This process is called image to image translation.

The loss function for pix2pix is hereby slightly altered, compared to (4.24). It is comprised
of two losses: an adversarial loss LcGAN and a L1 loss LL1. The adversarial loss reads

min
G

max
D
LcGAN (D,G) = Ex,y[logD(x, y)] + Ex,z[log(1−D(x,G(x, z)))] (4.25)

Here, x denotes an observed image, z a latent random vector and y an output image such that
the mapping G : {x, z} → y is learned.

The adversarial loss is augmented by an additional term comprised of a L1 norm

LL1(G) = Ex,y,z[||y −G(x, z)||1] (4.26)

This is mainly an empirical result, that GANs can benefit from a second, more traditional, loss
function to improve convergence. Therefore, in addition to the task that the generator must
produce faithful samples to fool the discriminator network, it should also produce samples that
are close to the ground truth in an L1 distance sense. Traditionally a L2 distance is used for
this [253], but in case of generated images, the L1 distance introduces less blurring [146].

The final objective function then reads

G∗ = arg min
G

max
D

= LcGAN (D,G) + λLL1(G) (4.27)

where λ is a free parameter. It weights the contributions of adversarial loss and L1 loss.

68



4.6. Cycle GAN

noise input z

D
discriminator

real or fake
D(x,y) ∈ [0,1]

real data x
summer landscapes (yosemite)

real data y
winter landscapes (yosemite)

paired
training

data

G
generator

input image x

generated (fake) image
G(x,z) = y'

Figure 4.6: Principle of pix2pix, a conditional GAN that performs image
to image translation tasks. The example here is to take a summer landscape and
translate it into a winter landscape. The GAN principle stays the same, but in addition
the generator gets an image as input. The discriminator also has knowledge of both
the original image x and the result from domain y, thus in each case being handed two
images: a summer image and its actual winter version, or a summer image and a fake
winter version of it. This is why the translation can only be learned via paired ground
truth training data.

Without noise the mapping would be deterministic and it has been shown that the networks
learn to ignore noise if provided as input [216]. The noise therefore is put in as dropouts in
several layers. However, even then the resulting volatility of the output is low, which points to
a narrow learned probability distribution.

4.6 Cycle GAN

One of the main problems for cGANs in image to image translation tasks is that paired training
data has to be available. The discriminator needs to ”see” the output of the generator and
the target ground truth to compare them. This problem has been mitigated in cycle-consistent
GANs (CycleGAN), which work with unpaired training data [357]. The great advantage is that
images can be translated into domains where only samples from the respective domain are avail-
able, but no corresponding ground truth to an input image. An example is the translation from
a photograph into the style of a famous artist, like Van Gogh. For paired training, an army of
artists would have to create corresponding pictures in the style of said artist. CycleGAN instead
is trained by presenting several images of Van Gogh and the network is able to separate the
image information from the style information and create a mapping from one style to the other
[357].
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4. Automated biomedical image processing using deep neural networks

To this end, a cGAN architecture is combined with a second backward cGAN into a loop
such that the image from the backward cycle can be compared with the original input image.
The objective function then is extended by this cycle-consistency loss. This is depicted in Figure
4.7. Without cycle-consistency loss the generator would only learn to create samples from the
respective domains X or Y , but the generated images do not have to fit the input image. This
restraint is only imposed by the additional loss function which therefore enables image to image
translation capability without paired training data.

DY

DX

discriminator

discriminator

G
generator

F

input image x

generated (fake) image
G(x) = y'

generated (fake) image
F(y') = x'

generator

cycle-consistency loss
F(G(x)) = x

real data x
summer landscapes (yosemite)

real data y
winter landscapes (yosemite)

unpaired training datareal or fake
DX(x) ∈ [0,1]

real or fake
DY(y) ∈ [0,1]

Figure 4.7: Cycle GAN principle: two generators and discriminators learn
the mapping from domain X to domain Y and back. Only depicts one loop
for simplicity. Each generator does the mapping in one direction and plays against a
respective discriminator. To obtain the conditional translation from one image to the
other, a cycle-consistency loss is introduced which punishes deviations of the original
input image from the result after one cycle. Otherwise the generator would just learn to
create any example from the target domain, but not to fit the conditional information
into the output. This trick makes it possible to train the networks without paired ground
truth data. The full scheme, including backward cycle, is also depicted in Section 4.9,
Figure 2.
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4.7. U-Net

The objective function in the CycleGAN architecture consists of adversarial loss in forward
direction, another adversarial loss in backward direction and the cycle-consistency loss. The
adversarial loss is

LGAN (G,DY , X, Y ) = Ey∼pdata(y)[logDY (y)] + Ex∼pdata(x)[log(1−DY (G(x)))] (4.28)

For the cycle-consistency loss the L1 norm is used

Lcyc(G,F ) = Ex∼pdata(x)[||F (G(X))− x||1] + Ey∼pdata(y)[||G(F (Y ))− y||1] (4.29)

This is combined to the full objective function as follows

L(G,F,DX , DY ) = LGAN (G,DY , X, Y ) + LGAN (F,DX , Y,X) + λLcyc(G,F ) (4.30)

λ is a free parameter to weight both objectives against each other. The optimizing procedure
yields

G∗, F ∗ = arg min
G,F

max
DX ,DY

L(G,F,DX , DY ) (4.31)

This procedure can be related to autoencoder architecture because mathematically the objective
is similar to learning two autoencoders together [134]. NamelyG◦F : X → X and F ◦G : Y → Y .
There exists a unification of GANs and variational autoencoders, which is called adversarial
variational Bayes [222].

In the end, this procedure thus yields two generating functions, one for each direction. In the
example from Figure 4.7, one generator translates summer images to winter images and the other
winter images to summer images. We use the cycleGAN architecture to create segmentation
labels for microscopy images of epithelial cells. The first domain are the microscopy images and
the second domain the segmentation, consisting of a binary image of white cell junctions and
black background. Later, only the translation from microscopy data to segmentation is needed.

4.7 U-Net

For the comparison of cycleGAN performance with other state of the art deep learning segmen-
tation methods we now introduce the U-Net as one of the most widely used DL segmentation
architectures, specifically designed for biomedical images [281]. It takes an image as input and
classifies each pixel according to labels that have been predetermined by ground truth. As an
example, for the segmentation of epithelial cells there is one label for the cell border and one
label for the background. After the U-Net segmentation all noise is removed from the original
microscopy image and cells are easily identified and tracked.

The name comes from the u-shape of its architecture, consisting of a contracting path and
an expanding path, which are interconnected via skip-connections, see Figure 4.8. The general
idea is to learn the global features in the contracting path and then re-introduce local features
in the expansion procedure. This way, the classifier can take global information into account
but still basis its decision on local information.

In more detail the contracting path consists of convolutional layers and max-pooling oper-
ations. In the expanding path the pooling operation is suspended for an up-convolution. The
resulting feature map output is compared to a ground truth and weights are adjusted according
to the difference, therefore the U-Net is a supervised architecture and needs paired training
data.
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4. Automated biomedical image processing using deep neural networks

Figure 4.8: Scheme of U-Net architectures. The U-Net consists of a contracting
path and an expanding path. Layers are connected via skip connections that can be
realized in different ways, as shown in (a), (b), (c). Scheme taken from [135].

Before the loss is computed, a softmax regularization is used to set the probability of the
feature channel with the highest activation near 1 and all other features near 0. The softmax
function is

pk(x) =
exp(ak(x))

∑K
k′=1 exp(ak′(x))

(4.32)

ak(x) is the activation of feature k for pixel x, K denotes the number of feature channels, and
pk(x) is the approximated maximum function.

The objective function then is the pixelwise cross entropy of the regularized featuremap
compared with the ground truth

E =
∑

x∈Ω

ω(x) pl(x)(x) (4.33)

with l : Ω → {1, ...K} being the ground truth label for each pixel x. Therefore the deviation
of pl(x)(x) from 1 is penalized. ω(x) denotes a weight matrix, that can shift the importance
of different pixels. This can be useful if for example one label is very dominant which would
without weighting result in optimization for this one label while the others are neglected. The
weight map is precomputed from the ground truth images [281].

Nowadays, improved architectures U-net 2 [356] and U-Net 3 [135] are available, which
expand on the idea by using more layers between skip connection or feeding multiple contracting
layers via skip-connection into expanding layers (Figure 4.8). Both approaches have been shown
to further improve the segmentation accuracy.

4.8 Performance metrics for tissue segmentation

In this chapter we use several measures to quantify segmentation algorithm performance. A
principle problem here is that for proper evaluation, the segmentation has to be compared to a
ground truth, which is almost always based on manual segmentation where labels are created
by a human. It is possible to test segmentation methods on artificial data, where exact labels
are available but the ultimate test is real data. In case of biomedical image segmentation these
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4.8. Performance metrics for tissue segmentation

are microscopy images where the final ground truth labels can only be manually created. This
bounds accuracy measures by human precision.

Our application are cells in epithelial tissues. We want to separate background informa-
tion and other unwanted features from the cell walls, which we can then use to calculate all
other quantities of interest, for example cell area using Leibniz’ rule, cell anisotropies and more.
Ultimately, we need fully segmented tissue, which we can reach via manual correction of the
computer generated segmentation. To this end the segmentation from the algorithm must be as
good as possible.

One of the simpler measures we use is related to counting the assigning errors and successes.
There are different classes: true positives (TP) are correctly identified objects, false positives
(FP) are identified objects that are not in the ground truth and false negatives (FN) are missing
objects in the segmentation map. Note that these only denote the whole object and does not
measure how well the segmentation fits in a pixelwise manner. An object is classified as true
positive if there is a > 50% pixelwise overlap of the ground truth object with the segmentation
object.

Just displaying the counts gives some information about the success of the segmentation,
but these can be combined in high level metrics. First, there are precision and recall, which are
defined as [261]

precision =
TP

TP + FP
(4.34)

recall =
TP

TP + FN
(4.35)

Thereby the precision gives the ratio of true positives and all positives. If the method segments
all objects from the ground truth but also creates many artificial objects this is punished by the
measure. The recall measures how many objects of the total number of available objects in the
ground truth were segmented.

From precision and recall one can define a combined metric, called F1 score [290], which is
defined as the harmonic mean between precision and recall

F1 = 2
precision · recall

precision + recall
=

TP

TP + 1
2(FP + FN)

(4.36)

The F1 score produces a number between 0 and 1, whereas 1 can only be reached with perfect
segmentation accuracy.

As we have already stated, a TP is assigned by > 50% pixelwise overlap of ground truth and
segmentation object. The sole counts of TP, FP and FN is therefore not enough to determine
the full accuracy. In addition, we use the pixelwise dice coefficient which measures how much
overlap two objects in the ground truth and the segmentation output have.

Mathematically, the dice coefficient is actually the same as the F1 coefficient. The difference
here is that we apply the measure to pixels in one object.

dice(AiG, A
i
S) = 2

|AiG ∩AiS |
AiG +AiS

(4.37)

where AiG = #px ∈ ith object. G denotes ground truth and S segmentation. To assign the index
i to the same object in ground truth and segmentation, the > 50% overlap rule is used, thus
there can be no conflict in assigning more than one segmentation object to one ground truth
object. To have a clear notation in later chapters we will always refer to the dice coefficient when
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4. Automated biomedical image processing using deep neural networks

we mean to evaluate pixelwise overlap and to the F1 score if we want to measure the fraction
of successfully segmented objects.

There are several ways to compute an ensemble value for the dice coefficient. We simply
average the single dice coefficients and weigh them according to the number of pixels in the
object. This gives a consistent overall dice value for all objects. The dice coefficient also
outputs a number between 0 and 1. Figure 4.9 shows an example of the principles F1 and dice
score are based on.

ground truth segmentation F1

TP

FP

FN

TP
TP

segmentation dice

S

G

S∩G

Figure 4.9: F1 score and dice score are used to evaluate segmentation ac-
curacy. To the left is the ground truth segmentation. In the middle it is evaluated
which cells have been identified and have been correctly labeled true positive (TP), a
cell was additionally segmented that is not in the ground truth and therefore labeled
false positive (FP), and finally a missing cell that is labeled false negative (FN). To the
right the overlap of ground truth and segmentation object is shown. The higher the
overlap, the higher the dice score.

Consider a movie: A time-ordered set of images, to each of which the segmentation procedure
is applied individually. It is possible that an object (e.g. a cell) is correctly identified in one
frame, but not in the consecutive one. Thus, a natural measure for segmentation consistency
of a movie is that a cell is tracked throughout the entire movie. The number of successfully
tracked cells over time is therefore used as a last metric.

More generally applicable and metrics, such as [218, 336], are available in literature. Since
we have a specific application in mind, however, their advantages are not of interest here, and it
is actually more advantageous to use metrics well-suited specifically for our needs. Our dataset
is well defined and we have clear criteria what the segmentation must do in order for us to
explore the biological research questions in later chapters. In particular, we care for as many
true positives as possible to keep the manual correction to a minimum. These TPs should
have a high pixelwise overlap with the ground truth, which is quantified by the dice coefficient.
Furthermore, we want consistent segmentation over many frames as our data consists of time-
lapse microscopy movies. This is quantified by the number of successfully tracked cells.
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Abstract

A central problem in biomedical imaging is the automated segmentation of images
for further quantitative analysis. Recently, fully convolutional neural networks,
such as the U-Net, were applied successfully in a variety of segmentation tasks. A
downside of this approach is the requirement for a large amount of well-prepared
training samples, consisting of image - ground truth mask pairs. Since training
data must be created by hand for each experiment, this task can be very costly
and time-consuming. Here, we present a segmentation method based on cycle
consistent generative adversarial networks, which can be trained even in absence
of prepared image - mask pairs. We show that it successfully performs image
segmentation tasks on samples with substantial defects and even generalizes well
to different tissue types.

1 Introduction

Mechanically active tissues, force generating and proliferating cell groups, and topological tissue
rearrangement play a critical role for a wide range of biomedical research challenges. Analyzing
such dynamical tissues is of central importance to advancing regenerative medicine and stem cell
technologies, to understand cancer progression and treatment and for fundamental research into
organogenesis and embryo development. Over the past decade, the rapid advancement of photonic
imaging technologies has made it relatively easy to collect time lapse imaging data sets of massive size,
recording tissue dynamics and rearrangement in vivo over extended periods of time. A prominent
bottleneck in the computational analysis of such large-scale imaging datasets is the automated
segmentation of cell shapes to quantify tissue topology, geometry and dynamics. Especially the
segmentation of images with lower quality remains challenging.

Recently, deep convolutional neural networks were applied successfully in a vast variety of visual
recognition tasks, including automatic biomedical image segmentation. In general, their performance
is equal or superior to sophisticated rule-based methods [1], [2]. One drawback of these models,
however, is the necessity to prepare a well-suited dataset on which the network can be trained.
Generating hand-labeled datasets of image - ground truth mask pairs is time-consuming and thus
represents an expensive bottleneck. Due to this training bottleneck many practitioners still use
rule-based methods instead of machine learning techniques. Moreover, even if extensive training
data is available, the performance of these systems degrades significantly when they are applied to
test data that differ from the training data, for example, due to variations in experimental protocols.
Furthermore, pixel by pixel classifiers based on deep convolutional architectures can perform poorly
on image data with substantial defects that have been labeled incompletely due to bleaching and label
failure.

Here, we focus on the segmentation of epithelial tissue from Drosophila Melanogaster embryos (see
figure 1). Drosophila is a common model system due to its simplicity, availability of well explored
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Figure 1: Segmentation of Amnioserosa tissue from Drosophila embryos. For further quantitative
analysis a skeletonized version of the microscopy image has to be created such that it contains only
cell outlines in a binary representation. From this segmented image, quantities like cell area or cell
junction length can be easily extracted.

genetic tools, economic advantages and short life cycles [3]. Furthermore, the size of the organism
allows recording of cell tissue in the living, developing embryo. Research in morphogenesis often
relies on observations in this model system and in particular the analysis of dynamic processes during
morphogenetic phases, like gastrulation, can give important insights about embryonic development
[4]. As these processes typically are highly active and involve remodeling and reshaping of cell
tissues, a well functioning data acquisition pipeline is crucial to obtain good statistics for quantifying
complex dynamics such as coordinated cell oscillations [5], [6], [7]. Generating segmentations of cell
tissues in sufficient quantities for such studies is very time-consuming and, depending on the scope of
the project, can take months. Therefore, it is highly desirable to automate the segmentation process.

We propose to employ an automated segmentation pipeline based on cycle-consistent generative
adversarial networks (Cycle-GANs [8]). The advantage of this approach is that Cycle-GANs can be
trained even in absence of prepared image - mask pairs. We show that this model performs competi-
tively on standard segmentation tasks even when trained on just a few target samples. In addition, our
model generalizes well to test data differing from the training data and successfully performs image
segmentation tasks on samples with substantial defects. We test this framework on Amnioserosa, an
oval shaped tissue that appears at the end of gastrulation in Drosophila morphogenesis.

This paper is structured in the following way: first we briefly review some state of the art methods for
cell segmentation, then we introduce our approach based on generative adversarial networks, and
finally compare and evaluate the accuracy obtained by our Cycle-GAN approach, a fully convolutional
neural network approach (U-Net) and the Tissue Analyzer software, which is commonly used in the
field.

2 State of the Art Cell Segmentation

We first briefly introduce two state of the art methods, which are commonly used in image segmenta-
tion tasks of cell tissues. These methods will then serve as benchmarks for our approach.

2.1 Rule-based Methods

To extract cell features from microscopy recordings, practitioners typically employ segmentation
methods based on the watershed algorithm, which is e.g. implemented as a plugin in ImageJ as
the Tissue Analyzer [9]. In this plugin, the user can vary the parameters of the algorithm to meet
differences in the recording e.g. due to contrast, cell type or bleaching. In addition, segmentation
errors can be corrected by redrawing cell contacts by hand, deleting wrongly assigned cell contacts
or completely segment the image by hand. If the recording quality is not sufficient for accurate
watershed based contour detection, correcting the image by hand can take up to several days for a
single movie of 150 frames. The main disadvantage of this method is therefore the time-consuming
manual correction of low-quality cell tissue recordings that do not allow for an accurate watershed
segmentation. Thanks to the many useful tools for analysis or visualization implemented in the Tissue
Analyzer, it is a very popular segmentation program for cell tissues in biology, e.g. [10], [11], [12].
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2.2 Machine Learning

Machine learning and in particular deep learning approaches are applied in a variety of visual
recognition tasks. Especially for biomedical image segmentation they have been shown to be very
successful in terms of accuracy and robustness, e.g. [13], [14], [15], [16], [17]. By now there are many
competing architectures that yield fast performance and high accuracy. One widely used example is
the U-Net, which employs a fully convolutional network architecture with pixel by pixel classification,
see [18] for more information. Pixel by pixel classification networks take global information into
account but final classification decisions are made based on local information. Therefore, when
looking at cell segmentation tasks, errors may happen if recordings are distorted by bleaching effects
or gaps in cell contours due to discontinuous labeling. In this study, we take a different approach
using so-called generative networks, which will be described in the following section.

3 Methods

3.1 Generative Networks

In contrast to pixel by pixel classifiers, generative networks learn general global features of a certain
class of images, encoded as a very high dimensional probability distribution [19]. Drawing one
sample from this learned distribution corresponds to the creation of a specific image. Since we do
not just want to generate a realistically looking segmentation but transform a microscopy recording
into its corresponding segmentation (image to image translation) it is necessary to condition the
output image on an input. After the network has learned how segmentation images are generated
from input images, the network can take a microscopy image as input and generate the corresponding
segmentation. The idea of this approach is that the quality of microscopy recordings affects contour
detection to a lesser extent since the general shape of target images is already known. Furthermore,
we utilize the Cycle-GAN framework as it allows for unpaired training and thus does not require
the preparation of dedicated image - ground truth training pairs. Details of these frameworks are
described in the following section.

3.2 Generative Adversarial Networks

Generative Adversarial Networks [20] (GANs) have proven to be one of the most successful methods
in image generation and image manipulation tasks [19]. Originally solely developed for image
generation, GANs have recently also been applied to conditional image processing like pix2pix [21],
text2image [22], image impainting [23], movies [24] or 3D data analysis [25].

The idea behind GANs is the cunning training procedure, incorporating a so-called adversarial loss,
meaning that two networks are set up in a game against each other. The first network, called generator,
is trying to generate realistic images to fool a second network, called discriminator, which tries to
distinguish between real and fake images. This can mathematically be formulated as a minimax game,
given the adversarial loss

J (D)
(
θD, θG

)
= −1

2
Ex∼pdata logD(x)− 1

2
Ezlog(1−D(G(z))) (1)

J (G)
(
θD, θG

)
= −J (D) (2)

with J (D) and J (G) denoting the respective cost functions of discriminator and generator, whereas
θD and θG represent the parameters of both networks to be optimized. Hereby, D : x → [0, 1]
represents the discriminator network, mapping from an image to the probability of this image being
real and G : z → x the generator network, whereas z is a latent random variable and x ∼ pdata a
sample from the target distribution. Both networks minimize their respective cost function during
training. Therefore, the Nash-equilibrium of this game is reached when the discriminator can not
decide anymore if the generated image is real or fake, D(G(z)) = 0.5. It can be shown that in this
case the probability distribution of the training data is fully recovered [20].

The key aspect is that training happens in a semi-supervised manner, meaning that the discriminator
part of the architecture is presented with examples from the generator and the real world and is
afterwards informed about its decision being right or wrong. Note that up to this point image to
image translation has not entered yet, the generator converts random input into target images, and
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Figure 2: Simplified Cycle-GAN framework. By incorporating a second generator that translates
from the segmentation to the microscopy image domain and a cycle-consistent loss that punishes
deviations of this outcome from the original microscopy image, the need of dedicated image-ground
truth training pairs can be omitted.

thus can create images that look like segmentation images but it can not create the corresponding
segmentation to a specific tissue recording.

Isola et al. have extended this principle into a unifying framework for image to image translation
tasks called conditional generative adversarial networks (cGANs) [21]. Hereby, the generator gets an
image as input instead of random variables. Furthermore, decisions of the discriminator now also take
the input image into account D(G(image)|image). At this point, we still need microscopy recording
- ground truth segmentation pairs to train the network since the discriminator must be aware of both
the correct input and output images. If we omit the necessity of presenting the discriminator with the
correct corresponding segmentation it will declare any faithful looking image as being correct. Then
it is not guaranteed that the generator learns to create fitting segmentations, it will most likely just
convert the input image into random segmentations that look faithful but do not fit the input.

3.3 Cycle-GAN

To lift the necessity of microscopy recording - ground truth segmentation pairs in biomedical image
processing, we use the Cycle-GAN architecture introduced by Zhu et al. [8]. A simplified sketch of
the Cycle-GAN framework is shown in figure 2.

The idea behind Cycle-GAN is to enforce a relationship between input domain and target domain
by introducing a second generator F that translates the generated image of the first generator G
back into the input domain. Original input image and the target image of the second generator are
then compared for similarity. This cycle-consistency loss ensures that the target image of the first
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Figure 3: Two movies of Amnioserosa tissue are prepared to test the segmentation accuracy of
Cycle-GAN, U-Net and Tissue Analyzer. A) Movie of high quality: cell outlines are clearly visible.
B) Movie of low quality: low contrast makes junctions hard to infer.

generator fits to the specific input whereas the adversarial loss ensures that the generator hits the
target distribution in the first place.

For the purpose of simplicity we are content with giving an intuitive explanation of the Cycle-GAN
framework and refer the interested reader to the literature for a rigorous explanation and further
details [8].

We mainly use the original architecture introduced by Zhu et al. with minor changes. For the specific
task of image segmentation of epithelial tissues a generator with six Resnet blocks proved to be most
successful. We also used a U-Net architecture for the generator with seven down- and upsampling
layers, which however showed a slightly worse performance. Although images and and segmentation
are grey-scale, we found that the results significantly improved when three colour channels were
used. For implementation details we refer to the original paper of Zhu et al. [8].

3.4 Training Procedure

The training set for the Cycle-GAN framework consisted of 112 unpaired images of Amnioserosa
tissue and ground truth segmentation images, respectively, which were downscaled to a size of
256 x 256 pixels. The images were randomly drawn from a pool of ten, roughly 150 frames long
Amnioserosa movies. For evaluation purposes two movies were excluded from the training data: one
movie of rather high quality with good contrast and high signal to noise ratio and a second movie
with low contrast and discontinuously labeled cell contacts, see figure 3. The low quality movie
was picked specifically as a challenging example where watershed might come to its limitations.
Depending on the specific setup of the network the training took between 2 - 6 hours on a Titan
Xp GPU based on the PyTorch implementation and the hyper-parameters proposed by Zhu et al [8].
After the training, generation of new segmentation images is done at roughly 30fps.

3.5 Evaluation

Two test sets of Amnioserosa movies were used to compare the performance of three segmentation
methods: Tissue Analyzer, U-Net and Cycle-GAN approach.

For the Tissue Analyzer, we choose parameter settings that yield the best possible watershed seg-
mentation. There is no hand correction applied, such that the resulting segmentation will reflect the
accuracy of a state of the art watershed algorithm.

For all three methods, the output is a skeletonized version of the input microscopy recording, meaning
that the output is a greyscale image with white cell contours and black background. Each method is
compared with manually prepared ground truth segmentation images. A fundamental limit to the
accuracy tests is therefore the human manual segmentation accuracy.

Segmentation accuracy is measured by the number of correctly identified cells in each frame. Each
segmented cell is classified into one of three classes: true positives, cells that are correctly segmented,
and false positives, cells that have been segmented although there is no corresponding cell in the
ground truth. This can happen if the segmentation method infers additional cell contours for example
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high quality movie low quality movie

Figure 4: Segmentation accuracy of Cyle-GAN, U-Net and Tissue Analyzer tested with Amnioserosa
tissue. Both machine learning methods outperform the rule-based method (without manual correction),
whereas Cycle-GAN and U-Net approach achieve comparable accuracy. In the challenging low quality
movie case it can be seen that the watershed algorithm reaches its limits, while Cylce-GAN and
U-Net correctly detect most of the cells.

due to noise or other objects in the recording that are no cell contacts. In addition, cells that appear in
the ground truth but not in the segmentation are counted as false negatives.

The comparison between ground truth images and segmentation images of the three methods happens
on a pixel by pixel basis. We identify all pixels belonging to a cell in the ground truth and check if
these pixels correspond to cells in the output segmentation. Whenever we have an overlap of more
than 50% with the ground truth, a cell in the output segmentation is identified as a true positive.

4 Results

For the evaluation, we compare the performances of Cycle-GAN, Tissue Analyzer and U-Net.
While results show that both machine learning approaches outperform the rule-based approach, it is
noteworthy that the accuracy of the Cycle-GAN is at least comparable to the U-Net, which has to
be trained on image-mask pairs (figure 4). Even in the challenging case of the lower quality movie,
most of the cells are successfully recovered by both machine learning techniques while the watershed
method shows a significantly higher failure rate.

From this example we can conclude that the Cycle-GAN framework performs competitively well
when compared to the U-Net. It also shows that the Cycle-GAN framework achieves higher accuracies
compared to the watershed algorithm.

4.1 Domain adaptation

To show the domain adaptation capabilities of the Cycle-GAN framework, we have tested its segmen-
tation performance on different tissue types that are qualitatively different from the tissue on which
the network was trained, see figure 5. One of these tissues is a TMC mutant, an ion channel knockout,
that shows larger cells and often displays yolk granules in the focus plane, which makes segmentation
with traditional methods very challenging. The second tissue is called xit, presenting elongated cells
with wavy cell borders. As a last example, we take tissue from the germband, another tissue type
that is playing an important role during gastrulation in Drosophila embryos. This tissue is heavily
remodeled during the process and therefore more dynamic than Amnioserosa.

We can see that the overall performance is still very good, but at the same time limitations of this
method become clear. In the case of the TMC mutant, it is impressive how accurate the segmentation
is despite the original image being highly distorted by yolk granules that moved into focus. There are
however a number of wrongly assigned cell contacts where the network identified the outline of a
yolk granule as cell outline. The Xit mutant is accurately segmented as well, but the network fails to
show accuracy on small scale details of the cell junctions, in particular the wavyness of some cell
borders is lost. This effect is due to the training on Amnioserosa wild type tissue where cell contacts
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Figure 5: Further examples of Cycle-GAN segmentation in different tissues, trained on the same
Amnioserosa data. This comparison shows how well the Cycle-GAN approach is able to generalize
from a specific type of training data to similar but qualitatively different tissues. A) TMC Amnioserosa
mutant: cells are bigger and yolk granules have wandered into focus which makes segmentation
very challenging. B) Xit Amnioserosa mutant: shows a different phenotype with longer stretched
cells and wavy borders. C) Epithelial tissue from the germband in Drosophila during gastrulation:
continuously reshaping tissue type that consists of smaller cells.

are exclusively smooth and thus while being able to identify the overall cell shapes the microscopic
structure is lost. Interestingly, in the third case of germband tissue we obtain very high accuracy
without visible errors. The main difference to the Amnioserosa tissue is that cells are much smaller
and more dynamic in time, whereas the overall shape of the cells is similar.

These examples show that the Cycle-GAN framework is very robust and shows high performance on
the specific tasks it was trained for. It can however not adapt to identify qualitatively different shapes
as seen in the case of wavy cell borders. On the other hand, if the general shape of cells is similar to
the training data, like in the TMC case, then high accuracy can be achieved despite distortion of the
image by yolk granules.

5 Conclusions

In this paper we showed that the problem of ground truth creation for training of deep convolutional
networks can be circumvented using a Cycle-GAN framework. Our results indicate comparable
performance to other deep learning methods and advantages over traditional rule-based methods. In
addition, Cycle-GANs shows high potential on cell tissues that differ from the training set.

Future work has to explore generalization to different segmentation tasks as this study is limited to
the segmentation of epithelial cell tissue.
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4. Automated biomedical image processing using deep neural networks

4.10 Additional results

Evaluation procedure

We evaluate the success of the machine learning segmentation according to 3 datasets. The first
dataset is consisting of randomly selected images from a variety of movies of amnioserosa tissue.
These movies were recorded using a 40x magnification, using a spinning disc microscope with
CCD. The time resolution is 10s/frame. The spatial resolution is 0.3333·0.3333·1µm3 = 1voxel.

In addition, we selected two full movies of oscillating amnioserosa cells, one with very high
quality, already yielding good watershed segmentation accuracy, and one example of lower qual-
ity due to low signal to noise and background signal from the yolk. Figure 4.10 shows example
frames from the test movies.

Figure 4.10: Recording quality affects segmentation accuracy. Shown are two
example frames from movies used for segmentation evaluation. To the left an example
with higher quality is shown that displays clearly visible fluorescent label at the cell
borders. To the right the label has lower signal to noise ratio, therefore many cells are
not as visible. Microscopy images recorded by Prachi Richa.

Using these three datasets we compute true positive, false positive and false negative rates.
The F1 score and the pixelwise dice coefficient are calculated as well. To compare architectures
we trained cycleGAN, pix2pix and U-Net architectures. Hereby pix2pix and U-Net are super-
vised, while cycleGAN is shown unpaired training data. The ground truth for evaluation and
training using the Tissue Analyzer [3]. was manually created. For comparison, we also show
results from the watershed based Tissue Analyzer.

The training is described in section 4.9. In addition, we tried a variety of architectures. For
the cycleGAN we compared ResNet [124] and U-Net architectures for the generator. In case
of the ResNet the number in the key denotes the number of blocks, for example CG Res6 is a
cycleGAN architecture with ResNet generator that has 6 blocks. The principle here is that the
higher number (ResNet9, Unet256) has basically a bigger receptive field and is able to process
larger images at once without cropping. This means that a ResNet9 may learn the relationship
between features in the image that are larger apart compared to a ResNet6. The same principle
applies to U-Net generators that are tried in the versions 128 and 256, which makes it possible
to feed a 128x128px image directly into the U-Net without cropping. The hyperparameters were
taken from the optimized versions available on Github by their authors and we did not alter
these. However, since at least the U-Net greatly benefits by augmentation, we used a heavily
augmented dataset with scaling, shearing, noise and rotation operations. The parameters of
the Tissue Analyzer were carefully tested to find the most optimal parameters possible for the
watershed. Because we generated the ground with the Tissue Analyzer, there is some experience
with this.
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4.10. Additional results

Results

We made the general observation that cells in the epithelium that are correctly identified as true
positive, usually also have excellent pixelwise overlap with the ground truth. If the networks
place a label to denote a cell border, its accuracy is empirically higher than human precision
on average. This is because the network identifies features according to which it places the
label, while humans might lack concentration over a 3 hour long manual correction session and
generally have small deviations due to suboptimal hand-mouse coordination skills.

In figure 4.11 the results for the random test set is shown.

Figure 4.11: Deep learning networks outperform rule-based algorithms in
randomly selected microscopy images. Evaluation data was excluded from training
data. On the left side TP, FP, and FN are displayed for a number of architectures. The
prefix CG is the cycleGAN, p2p stands for pix2pix, Unet is the U-Net architecture and
TA is the Tissue Analyzer, which uses watershed based segmentation. To the right there
are the corresponding F1 and dice metrics.

The data shows generally high performance across the deep learning frameworks, while the
watershed method falls short. This is confirmed by both looking at the total number of successes
and errors, as well as the coarse grained F1 score. The pixelwise dice coefficient certifies similar
accuracy as the F1 score, which confirms our impression that networks place the label of the cell
borders very accurately. In the random data set microscopy images of relatively high quality
were overrepresented, which explains some of the similarities with the high quality movie set
shown in Figure 4.12. For this dataset the results are even better than for the random set and
very high scores are achieved. The watershed technique still underperforms by only finding two
thirds of the cells in the tissue.

The results for the last dataset, the movie with low signal quality, is shown in Figure 4.13.

Here, the differences become more pronounced. The Tissue Analyzer, based on watershed,
is greatly outperformed by the deep learning solutions. It almost only segments a fourth of
the cells in the ground truth. There are also greater differences in the deep learning methods
compared to the other datasets. CycleGAN with ResNet9 generator, pix2pix400 and the U-Net
show very good performance with relatively low need for manual correction, depending on the
required final accuracy. The architectures with the U-Net generator are less successful than with
ResNet architectures.

Across all datasets it can be said that the cycleGAN performs with at least comparable
accuracy then the supervised pix2pix and U-Net architectures, despite unpaired training. The
watershed method is generally outperformed. For the higher quality samples, simpler architec-
tures seem to perform better, namely CG Res6 and CG U128. This can probably be explained
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Figure 4.12: Deep learning networks outperform rule-based algorithms in
high quality movies. Evaluation data was excluded from training data. On the left
side TP, FP, and FN are displayed for a number of architectures. The prefix CG is
the cycleGAN, p2p stands for pix2pix, Unet is the U-Net architecture and TA is the
Tissue Analyzer, which uses watershed based segmentation. To the right there are the
corresponding F1 and dice metrics.

Figure 4.13: Deep learning networks considerably outperform rule-based
algorithms in low quality movies. Evaluation data was excluded from training
data. On the left side TP, FP, and FN are displayed for a number of architectures. The
prefix CG is the cycleGAN, p2p stands for pix2pix, Unet is the U-Net architecture and
TA is the Tissue Analyzer, which uses watershed based segmentation. To the right there
are the corresponding F1 and dice metrics.
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by the narrower receptive field of these generators. If local structures are clearly identifiable, it
is better to emphasize local information in the decision making process. If the quality is worse,
however, it might be advantageous to take global information into account.

On the movie datasets we also tested the tracking capabilities, which is an important metric
for the analysis of time lapse movies. Since all used segmentation methods perform frame by
frame, consistency across the whole movie is key. All frames in the movie were segmented and
afterwards tracked via a subroutine in the Tissue Analyzer. The method was set to dynamic
tissue. If a cell is substantially different at the next frame, for example a frequently occurring
error is to place an additional cell border in the cell, then the cell is not tracked anymore but
instead a new label is created. Interrupted cell tracking therefore is a measure for the consistency
of the segmentation. If the same cells in each frame are always correctly recognized the track
will persist across the movie. In Figure 4.14, we compare the best performing cycleGAN with
the watershed algorithm form the Tissue Analyzer.

Tissue Analyzer

Cycle GAN

high quality movie low quality movie

Tissue Analyzer

Cycle GAN

Figure 4.14: CycleGAN segmentation allows to track cells over the course
of whole movie. The graph shows how many cells from the first frame still can be
tracked in subsequent frames. To the left data from a movie of high quality and signal
to noise ratio is shown. To the right data from a movie of low quality is shown.

It can be seen that in both cases, the cycleGAN segmentation performs very consistently,
only losing a few cells during the tracking. The Tissue Analyzer, on the other hand, already
begins with fewer segmented cells, but also does not find the segmented cells again in the con-
secutive frame. This shows, that the cycleGAN can perform consistently on a whole movie, even
without additional temporal losses that exist in TecoGAN [52] or vid2vid [334] architectures.

Therefore it is now possible to segment large datasets, as we have used in this dissertation,
e.g. in chapters 6 and 7. With the here presented method it was possible to segment the data
within weeks, including all manual corrections to achieve 100% accuracy which would have been
unfeasible before.

4.11 Data acquisition and analysis pipeline

In order to analyze an ensemble of epithelial cells from Drosophila embryos a fully automated
data acquisition pipeline is built upon the deep learning segmentation framework. In practice,
several steps may need manual supervision or correction to achieve the desired outcome.
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Pipeline

The pipeline was conceived with the goal in mind to allow integration into other existing work-
flows. In the community there a strong bias to use FIJI [291] as the platform to process mi-
croscopy data. For segmentation, tracking and rudimentary data parsing there is the Tissue
Analyzer [3]. Tools like this should remain usable, which is why the pipeline is build in a mod-
ularized way such that single processing steps can be substituted. The processing stages in the
pipeline are

1. preprocessing

2. segmentation

3. cell detection and tracking

4. data parsing

Afterwards the data is analyzed using custom written software in Python. Especially the seg-
mentation and tracking step can be supplemented with manual corrections.

preprocessing segmentation manual correction data parsing

Figure 4.15: Data acquisition pipeline consisting of preprocessing, segmenta-
tion, manual correction and data parsing. In the first step microscopy image stacks
are projected and images are put into correct format. The neural network produces a
prediction map for the segmentation label. Using the Tissue Analyzer cell labels are
created and errors are manually corrected. Finally the data is parsed from the finalized
segmentation.

The first stage is preparing the raw images for further processing. This includes the conver-
sion of the file format, rescaling the image and saving the images in the correct folders for the
segmentation.

The segmentation takes the preprocessed images and creates prediction maps of the images.
The pixels of the cell border and the background are labeled.

After segmentation watershed is used to obtain skeletonized versions of the cell borders that
have only 1 pixel width. Beforehand a Gaussian filter is used on the prediction map, which can
help to close small gaps in the labeled cell borders. The Tissue Analyzer then creates cell labels
and tracks cells across the whole movie. In this step, we can use the existing UI of the Tissue
Analyzer to manually correct the remaining segmentation errors.

To parse the data, the Tissue Miner [221] is used, which uses the segmentation data created
by the tissue analyzer and calculates cell area, anisotropy and more. The data is saved in
SQL tables. From there, the data can be further processed in Python or any other evaluation
software.
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4.12 Summary

In this chapter, we built a data acquisition pipeline based on generative adversarial networks.
The networks can be trained even in absence of paired ground truth training data and show
similar performance in comparison to the U-Net. Rule-based methods are significantly outper-
formed.

We use this pipeline to generate data from time-lapse movies of the amnioserosa in Drosophila.
An example for such a segmentation is shown in Figure 4.16.

original segmentation

Figure 4.16: Segmentation example of Drosophila amnioserosa tissue from
Tmc mutant using cycleGAN. (left) Maximum projection of a frame from the orig-
inal timelapse movie. (right) The completed segmentation. Colors of each cell uniquely
labels them.

Such a time-lapse movie typically consists of several hundred frames that all have to be
segmented. Because our research requires complete segmentation of the whole tissue manual
correction is needed to correct the errors of the neural network prediction. The time needed for
the correction depends on the number of frames but also on the quality of the original image.
For movies with very high signal to noise ratio, the network prediction is already close to 100%
and almost needs no correction. In those cases several full movies can now be segmented in a
day. Previously this would have been a task lasting several weeks, despite the good quality of the
source material. However, especially autofluorescence of secondary features, like the underlying
yolk, can increase the time to perform the manual correction because cell borders are hardly
visible even for human eyes. In those cases the processing can take a day or even several days.
Via rule-based methods the manual correction would have taken several weeks.

We have preliminary data suggesting that some further improvements of the accuracy can
be achieved if another loss is added to punish temporal deviations of the segmentation when
comparing frames. Unpaired temporally consistent GANs already exist [52] and have shown to
improve the accuracy for video to video translation tasks.

The methods described in this chapter are directly applied in chapters 6 and 7.
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Chapter 5

Mathematical modeling of epithelial
cell dynamics

“Never make a calculation until you know the answer. ”

J. A. Wheeler

5.1 Content

In this chapter, a mathematical theory for the dynamics of amnioserosa tissue is constructed.
The model consists of single one dimensional cell units operating on a hexagonal lattice. Cell
units are capable of area oscillations and are coupled to their neighbors via mechanical and
chemical interactions. The approach is to utilize a simple model to study how emergent tissue
scale coordination, which is observed in experiments (see Chapter 6), can arise from local cell
dynamics and coupling.

A scheme of the most important model parts is shown in Figure 5.1. Each cell is following
the model introduced by Dierkes et al. [64], consisting of dynamical equations for the cell
surface area and its actomyosin dynamics. In their model, the cell area is described by a one
dimensional effective coordinate coupled to an underlying chemical reservoir of force producing
molecules (myosin). Due to interactions of area dynamics and myosin turnover, the system
yields area oscillations, resulting from a Hopf-bifurcation in the dynamical system for critical
parameter values.

We devise extensions to this model: adding Gaussian noise to the cell area dynamics, solving
the dynamics of N cell units on a 2-dimensional hexagonal lattice with ellipsoidal topology and
adding interactions between neighboring cells.

The first of these interactions introduces a negative coupling between two cells to model
mechanical interactions. If a cell expands, its neighbors have to decrease in area to give way
to the expansion of their neighbor due to geometrical constraints. The whole tissue has an
ellipsoidal topology, resembling the amnioserosa shape, surrounded by border cells with high
stiffness which are preserving the total area of the tissue.

For the second interaction, we introduce another dynamical compartment which is modeling
Ca2+ dynamics. Due to contraction in a neighbor cell, tension is exerted at the cell-cell border
between two cells. The pulling of the neighbor cell opens an ion channel which leads to Ca2+

increases in the cell that is subject to the tension. Myosin dynamics is coupled to the Ca2+

compartment, leading to an increase of the myosin concentration, which in turn induces area
contraction. This mechanism provides a positive coupling between contracting neighboring cells.
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Figure 5.1: Basic principle of the model of intercellular coordination cre-
ated in this chapter. Each cell has a surface area that is modeled as one dimensional
contractile element which is coupled to actomyosin dynamics. Actomyosin dynamics is
governed by the force producing compartment myosin and its association and dissoci-
ation rates. The interplay between area dynamics and myosin turnover gives rise to
oscillations in a certain parameter regime. Neighboring cells are mechanically coupled
to each other. The innovation lies in the mechano-chemical coupling of neighboring
cells. Contractions from one cell result in mechanical activation of Ca2+ dynamics,
which serves as upstream regulator of myosin. Ca2+ mediated, myosin induced, area
contraction leads to synchronization of neighboring area dynamics. Epithelial cells are
also subject to the three dimensional geometry of the embryo and may be coupled to
underlying substrates, which is explicitly modeled as additional friction.

We show that this Ca2+ coupling mechanism leads to synchronization of the oscillations
between neighboring cells. We perform simulations for a case of only two coupled cells as well
as for the full 2D tissue.

In order to compare the model to the experiments, the distribution of correlation coefficients
is calculated from several simulation runs of the full 2D simulation. The Jensen-divergence
serves as distance metric between model outcome and experiment. We fixed all parameters
except for the coupling strength J and the fraction of coupled neighbors, which is expressed by
the occupation probability p. J determines the strength of the mechano-transduction coupling,
effectively determining how strongly the Ca2+ inflow is in response to the mechanical stimulus,
and p the heterogeneity of cell junctions by adding the Ca2+ coupling only to random junctions
with uniformly distributed probability p.

Simulations are compared to wild type amnioserosa tissue and a mutant called Tmc , which is
a ion channel knockout. The sloppiness of the model in the occupation probability parameter is
greater compared to the real Tmc distribution, which means that more parameter combination
can produce close matches to the experiment, while in WT optimal parameters are clearly biased
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toward a homogeneous distribution of channels and a fixed coupling strength. This suggests that
a distribution of correlation coefficients which is skewed towards anticorrelated values, like in
Tmc , is much easier to obtain. In contrast, the parameter landscape for WT is unimodal and
has a sharp peak. Therefore, a distinct mechanism is necessary to find the comparably high
synchronization we see in the wild type. Antisynchronized cell oscillations are the natural state
of mechanically coupled oscillators which explains why Tmc mutants reduce overall coordination
if it simply switches off the coupling mechanism.

Using these parameters, we conduct simulations where Ca2+ is suddenly increased in a
random cell that does not lie at the border of the tissue. We find that with stronger coupling,
the neighbors of this cell are following the contraction induced by the increase in Ca2+ and
decrease in area as well. In case of weak coupling, neighboring cells react to the contraction
of their neighbor by expanding. This prediction of the model is experimentally tested, and
confirmed, in chapter 7.

5.2 Viscoelastic models

The aim in this chapter is to model a biological system simplified as coupled oscillators. Ep-
ithelial tissue is falling into the category of soft matter where some of the basic assumptions
from solid matter physics can not be applied. Most importantly, tissue and cell dynamics is
dissipative and shows time dependent strain response when stress is exerted: a phenomenon
commonly referred to as viscoelasticity. Other types of models that are not used here have been
discussed in section 2.15.

Elastic materials deform when subjected to stresses and return to the reference configuration
in absence of said stress. Viscous materials resist deformations linearly with time if stresses are
applied. Viscoelastic material have both properties, thus resulting in time dependent strain in
response to applied stresses. The most important distinction is that for elastic materials the
stress-strain curve is the same for forward and backward process, showing no hysteresis, and
that the stress does not depend on strain history, only on the momentary configuration [17].

The basis of the eventual tissue model is a linear viscoelastic model. By linear we mean
that the strain tensor is linearly related to the stress tensor. In addition, linear combinations
of stresses must result in the same strain response as if those contributions would be applied
separately and afterwards linear combinations of the strain are formed [17].

The canonical equations of elastic and viscous materials are Hooke’s law

σ(t) = Eε(t) (5.1)

for instance modeling a spring, and Stokes’ law

σ(t) = η
dε(t)

dt
(5.2)

which describes the dynamics of a dashpod and models dissipation. The symbols denote the
stress σ(t), the strain ε(t) with the elastic modulus E and the viscosity η.

These basic elements can be combined in different ways which yields the basic viscoelastic
models, depicted in Figure 5.2. The Maxwell body [242] has a serial connection between spring
and dashpod yielding

dε(t)

dt
= η−1 σ(t) + E−1 dσ(t)

dt
(5.3)
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Connecting the elements in parallel results in the Kelvin-Voigt (KV) model [242], which will be
used in later sections

σ(t) = Eε(t) + η
dε(t)

dt
(5.4)

Both can be solved analytically [90]. The KV model is widely used to model polymers and also
actin dynamics which is important for this study. Many studies have been able to accurately
predict actin dynamics using a KV type model [64, 193]. Further extensions can be applied for
instance by including plasticity [358] (not returning to the reference configuration) or nonlinear
terms [17]. However, we will only use the basic linear viscoelastic version.

ηE
η

E

Maxwell Kelvin-Voigt

t0 t1 t0 t1t

t t

t

σ0

σ σ

σ0

εε

σ0/E

σ0/E

Figure 5.2: Viscoelastic models consist of the two elements spring and dis-
sipative dashpot. The here depicted Maxwell and Kelvin-Voigt models are the most
simple ways to connect both elements to yield a linear viscoelastic element. (top) Con-
figuration of spring and dashpod. (middle) Response curve when element is subjected
to tension. (bottom) Tension that is applied to the element.

5.3 Single cell model and the linear chain

As basis for the full tissue model we are first discussing how to model a single cell unit from
mechanical and chemical principles. The resulting system of differential equations combines
viscoelastic dynamics with a coupling to a reservoir of force producing molecules.

Contributions

Section 5.3 is reviewing results of Dierkes et al. [64] and Lo et al. [193]. Symbols may
have been changed to keep the notation consistent throughout the thesis. Compared
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to the original publications this text puts a different focus on certain subjects with
the aim to lay the ground work for subsequent sections. To this end, additional
calculations and discussions have been added that do not have to reflect opinions of
the original authors.

Viscoelastic material with turnover

In order to mathematically describe cell oscillations in Drosophila, Dierkes et al. [64] have
applied the Kelvin-Voigt model with an added active force-generating compartment. The model
consists of a spring with parallel dashpod and a dynamical compartment with feedback between
the size of the element and a contracting force. Figure 5.3 shows a basic scheme of this model.

μ

K

T(m) Te

length

Te

Figure 5.3: Dierkes’ viscoelastic contractile material with turnover. Similar to
the Kelvin-Voigt model we have a parallel configuration of spring and dashpod, yielding
a viscoelastic material. In addition, myosin turnover is added, which produces tension
exerted on the contractile element T (m). In the steady state, this tension is balanced
by an external tension Te.

The dynamical system reads

µ
dl

dt
= Te − T (m)−K(l) (5.5)

dm

dt
= − 1

τm
(m−m0)− m

l

dl

dt
(5.6)

Here, l denotes the length of the contractile element, m the myosin concentration, µ the damping
coefficient and τm the timescale of myosin turnover.

Equation (5.5) is a direct application of a Kelvin-Voigt model with an additional force term
T (m) which we call the myosin induced tension. K(l) describes the Hooke spring response and
Te denotes the equilibrium tension at (m0, l0).

T (m) = T (m0) + t1(m−m0) (5.7)

K(l) = K(l0) + k1(l − l0) + k3(l − l0)3 (5.8)

Te = T (m0) +K(l0) (5.9)

The myosin tension causes a linear contraction of the element. The spring response is expanded
until third order because we want the system to exhibit oscillations and the nonlinearity drives
the system into a Hopf-bifurcation for critical values of k3. The second order term must be
omitted to keep the solution antisymmetric.
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For the myosin dynamics, two effects are considered: (i) conservation of mass and (ii) turnover
according to constant rate dynamics. Considering the density of myosin ρ along the contractile
element of length l we begin by writing down the continuity equation

∂t ρ+ ∂x(ρvx) = kon − koffρ (5.10)

Here, x denotes the length and vx the velocity of element length change. Now, we integrate
both sides

∫ x=l

x=0
∂t ρ+ ∂x(ρvx) dx =

∫ x=l

x=0
kon − koffρdx (5.11)

which yields

∂t

∫ x=l

x=0
ρdx+

∫ x=l

x=0
∂x(ρvx) dx = konl − koff

∫ x=l

x=0
ρdx (5.12)

Dividing by l on both sides and identifying the integral over ρ with the myosin concentration
m = 1

l

∫ x=l
x=0 ρdx yields

dm

dt
= kon − koffm−

m

l

dl

dt
(5.13)

Assuming that the rates are constant and follow the timescale τm we can write kon = m0/τm
and koff = 1/τm which results in equation (5.6).

The equations for the 1-dimensional contractile element can be extended to a 1-dimensional
area description

µ̃
dA

dt
= Te − T (m)− K̃(A) (5.14)

dm

dt
= − 1

τm
(m−m0)− m

A

dA

dt
(5.15)

To this end, equations (5.5) and (5.6) can simply be multiplied with a fixed width l0.

µ̃l0
dl

dt
= Te − T (m)− K̃(l l0) (5.16)

dm

dt
= − 1

τm
(m−m0)− l0

l0

m

l

dl

dt
(5.17)

We will use this 1-dimensional description of the cell area dynamics in the following sections.
Whether such an effective description is valid is discussed later in this section.

Linear stability

The viscoelastic contractile model with turnover, as described in this section, is able to produce
oscillations due to a Hopf bifurcation in the dynamical system. A full discussion on linear stabil-
ity of this model can be found in [64] and [193]. We here only state the result for the oscillatory
transition.

Linearization of the dynamical system yields two eigenvalues r ± iω, with

r =
t̄1τ̄m − 1− τ̄m

2τ̄m
(5.18)

ω =

√
4τ̄m − (1 + τ̄m − t̄1τ̄m)2

2τ̄m
(5.19)
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where τ̄m = τmk1
µ and t̄1 = t1m0

k1A0
. The Hopf bifurcation transition is therefore at t̄1 = 1 + 1

τ̄m
. At

that point the angular frequency is given by ω = 1√
τ̄m

.

Further investigation shows that the transition is supercritical for

3
k3l

2
0

k1

(
µ

τmk1
+ 1

)
> 2

(
µ

τmk1

)2

+ 6
µ

τmk1
+ 4 (5.20)

In this case, the amplitude of the oscillation is mainly determined by the parameter k3. Figure
5.4 shows a phase diagram for this system.

Figure 5.4: Effective myosin induced contractile tension and effective internal
friction determine the emergence of oscillations. Shown is the phase diagram
for the elastic contractile material with turnover. The notation in this section slightly
deviates from the notation used as the x and y label. In particular it is τ = τm and
c0 = m0. The diagram shows that the oscillatory transition due to the Hopf bifurcation
is controlled by the effective myosin strength on the y axis and the effective internal
damping on the x axis. Figure taken from [64].

Oscillations arise because of the interplay of myosin turnover and contractile element size.
Consider an element in equilibrium for both l and m. Now we perturb the system by pulling and
thus increasing its size. the myosin concentration drops because the number of molecules stays
the same, which results in myosin association. The tension exerted by the myosin increases until
the equilibrium concentration m0 is reached. Meanwhile the myosin tension and the elastic re-
sponse of the spring have begun to counteract the imposed elongation and the element contracts.
Because of the myosin turnover timescale and the nonlinear damping there is no instantaneous
reaction and the concentration overshoots before myosin dissociates when its concentration is
above the equilibrium. This causes the element to contract further than it would have because
of the increased myosin. A backward cycle begins which follows exactly the same reasoning only
in the other direction.

Crucial for the stability of the oscillation is the correct ratio of myosin produced force t1 and
spring elasticity k1 on the one hand, and the ratio of internal damping µ and myosin turnover
rate τm on the other. Damping and turnover timescale cause a delay in the myosin association
and dissociation which accelerates the contractile element just enough in the opposite direction,
which causes the cycle. However this only works if the strength of the myosin is high enough in
comparison to the elastic constant of the spring. Internal damping dissipates energy from the
system and thus requires more energy/myosin tension to keep the limit cycle going.
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The phase diagram in addition shows that another possible solution of the system is to run
into a fixed point, and therefore display stable dynamics for subcritical parameter values. For
higher effective myosin strength t̄1 the system displays a collapse phase which means that the
myosin compartment is diverging, driving the contractile element to shrink to zero. This happens
when the myosin turnover rate, determined by τm, can not keep up with the shrinking element.
The concentration rises faster than the off rates can dissociate myosin from the element, thus
leading to diverging tension.

The authors argue that this collapse solution of the model could reflect the ingression and
following apoptosis of amnioserosa cells during dorsal closure. Cells have to make room when
the amnioserosa is contracting to close the dorsal side of the fly embryo therefore decrease to
zero. This interpretation is debated [193]. Authors in [193] point out that, at the diverging
critical point, the numerical stability of the simulation can no longer be trusted. They have
devised an alternative description that includes ingression without singularities in the solution.

Later, we will extend the model of Dierkes et al. to investigate intercellular synchronization.
To this end, parameter regions are chosen that show oscillatory behavior and the collapse is not
of interest. The singularity, causing the diverging solution, therefore plays no role for us. In
addition, for those parameters the revised model of Lo et al. [193] is mathematically equivalent
to the model of Dierkes et al.

Validity of effective low dimensional representation

Whether we are permitted to use a low dimensional effective description of cell area dynamics
is not immediately clear. A real biological cell in a tissue is a three dimensional object and can
generally not be considered a one dimensional viscoelastic element. The cellular compartments
are soft, usually subject to anisotropic tension and can react with local plastic deformations of
the cytoskeleton instead of global oscillations.

Nonetheless, fitting the effective viscoelastic model to data shows good agreement [64] and
makes it clear that, depending on task and scientific question behind the modeling, such an
effective description can be successful despite the above-mentioned drawbacks. The most im-
portant argument why this works is that the actomyosin dynamics causing cellular deformations
is mostly happening at the apical surface of the cell. A two dimensional cross-sectional de-
scription of cell area dynamics is thus actually not far from the true dynamics because the rest
of the three dimensional cell is simply following the dynamics of the apical part. Even more
convincingly, in the case of the amnioserosa, we are presented with a squamous epithelium that
is very flat. In comparison to the germband where cells have an average depth of 15-20µm,
amnioserosa cells only have a depth of 4-5µm while having an average area of 180µm2.

Secondly, it has to be taken into consideration that the actomyosin dynamics is local and
comprised of the dynamics of many actin filaments, interacting with myosin II. It is therefore not
clear whether an effective one-dimensional description of the whole area must faithfully represent
the actual microscopic dynamics. Local processes might give rise to anisotropic dynamics within
a single cell.

Instead of making the top down assumption that we can describe cell area dynamics by an
effective reaction coordinate, Lo et al. [193] have developed a unified biophysical mechanism for
cell-shape oscillations by beginning with the modeling from the dynamics of single actomyosin
contractile elements. The full discussion will not be repeated here and the interested reader is
referred to the study.

In a nutshell, Lo et al. treat single actin filaments as viscoelastic elements, described by
the same visco-elastic equations as the ones of Dierkes et al. Using percolation theory they
derive the full area dynamics as emerging effect from the microscopic acto-myosin dynamics. In
addition, the microscopic treatment shows that it is necessary to incorporate a duty ratio into
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the equations that describes the time a myosin II motor is bound to an actin filament during
the mechanoenzymatic cycle. The force that myosin can exert locally onto the crosslinked
actomyosin network depends on the duty ratio and the number of myosin heads that can bind
to actin.

Via nondimensionalization and linear stability analysis Lo et al. show that they arrive at
the same effective description as Dierkes et al. only deviating by the additional terms for the
duty ratio. The duty ratio makes it possible to faithfully describe the ingression of cells, which
were given in the Dierkes model only via numerically instable solutions due to a singularity. For
the oscillation solution their equations are mathematically equivalent.

The consistency between the models of Dierkes et al. and Lo et al. for the oscillatory dynam-
ics shows that an effective one dimensional description can suffice for a simple representation of
amnioserosa bulk cell dynamics. The trajectories fit to experimental data [64] and the effective
mathematical form emerges from detailed modeling of microscopic dynamics.

Viscoelastic chain model

We start by considering a linear chain of viscoelastic springs of total length L and want to derive
an equation of motion for the nth border between two springs. A scheme of the linear chain is
depicted in Figure 5.5

kext

λ

μ

t1

x0 x1 xn-1 xnl0, m0 l1, m1 ln-1, mn-1

Figure 5.5: Chain of viscoelastic contractile elements with turnover. Each
element length li is determined by the positions of the borders xi and xi+1 and the myosin
concentration on the element is mi. Spring, dashpod and myosin turnover determine
the stress that is exerted on each border. The chain is connected to walls via external
springs kext. Each border is subjected to an additional substrate friction λ.

If the position of a cell border is denoted by x, its equation of motion, according to Newton’s
law, reads

M
d2x

dt2
= −λdx

dt
+
∑

i

Fi (5.21)

where Fi denotes forces acting on that border, M is the mass and λ a friction coefficient. As a
first approximation we consider the overdamped regime which means that we can neglect inertial
forces, which reduces the equation to

λ
dx

dt
=
∑

i

Fi (5.22)

The sum of the forces on the right hand side consists of the forces from the springs on either end.
Here the equation for the force results from the assumption that that viscoelastic springs follow

101



5. Mathematical modeling of epithelial cell dynamics

a Kelvin-Voigt model as described in section 5.2. In the KV-model the spring is in parallel with
a dashpod which results in following balance

σ = Eε+ η
dε

dt
(5.23)

where σ denotes the stress, ε the strain, E the elastic modulus and η the damping. Each position
in the linear chain is connected to 2 viscoelastic elements acting in opposite directions. For the
nth border we therefore obtain

λ
dxn
dt

= fn − fn−1 (5.24)

fn = T (mn) +K(ln) + µ
dln
dt

(5.25)

using Dierkes extension with the myosin compartment for the myosin induced tension T (m) as
additional force contribution. T (m) and K(ln) assume the same form as in equations (5.7) and
(5.8), where the length of a contractile element is defined as

ln = xn+1 − xn (5.26)

The myosin dynamics then follows the known equation (5.6). The linear chain can be realized
with periodic boundary conditions. Otherwise, the boundary is included via external springs
with spring constant kext as depicted in Figure 5.5.

5.4 Special case: 2 cells

In order to investigate how our extensions, which will be introduced in later sections, alter the
basic behavior of the model we will run simulations of only two cells that interact with each
other. Figure 5.6 shows the basic structure of the 2 cell model.

kext

λ

μ

t1

k1, k3

x0 x1 x2

A1 A2

Figure 5.6: Scheme of the two cell system. In addition to the known interactions
from the basic model [64], we will later add mechano-chemical coupling between the two
cells and stochasticity.

From the equations for the linear chain (5.24) and (5.25) we deduce the following system for

102



5.5. The tissue model

a chain of two elements

λ
dx0

dt
= T (m1) +K(A1)− kext(x0 − x0

0) + µ
d(x1 − 2x0)

dt
(5.27)

λ
dx1

dt
= T (m2) +K(A2)− T (m1)−K(A1) + µ

d(x2 − 2x1 + x0)

dt
(5.28)

λ
dx2

dt
= −T (m2)−K(A1)− kext(x2 − x0

2) + µ
d(−2x2 + x1)

dt
(5.29)

(5.30)

Myosin dynamics is omitted here since it is independent of the topology of the model and always
follows equation (5.6). We see that we can write this system in terms of a mass-matrix on the
left hand side and the sum of forces on the right hand side since x appears only linearly on both
sides

M~̇x = ~F (~x) (5.31)

where

M =



λ+ 2µ −µ 0
−µ λ+ 2µ −µ
0 −µ λ+ 2µ


 (5.32)

and

~F (~x) =




T (m1) +K(A1)− kext(x0 − x0
0)

T (m2) +K(A2)− T (m1)−K(A1)
−T (m2)−K(A1)− kext(x2 − x0

2)


 (5.33)

In the following sections we extend this to arbitrary length and number of elements as well as
different topologies like the hexagonal lattice.

5.5 The tissue model

The amnioserosa epithelium will be modeled as single cell units which follow the dynamics
described in the previous sections and are arranged on a triangular lattice. We are not modeling
the hexagonal configuration with tight packing where all vertices are moving freely. Rather
the model is comprised of one dimensional limit-cycle oscillators on a grid, with connections
determined by an interaction matrix. To understand how the mechanical interactions are realized
on the lattice it is instructive to take a look at the linear chain first and develop an understanding
from there.

From border to length dynamics

We take another look at the linear chain and ask the question how the dynamics of the length
of the contractile elements is determined by the dynamics of the borders. Borders (of 0 width)
experience dissipation mediated by the friction coefficient λ and at the ends of the chain are
springs with external spring constant kext that are connected to non-moving walls, which is
displayed in Figure 5.5.

We start with the force balance for the nth position of a cell border as described in section
5.3.

λ
dxn
dt

= fn − fn−1 (5.34)

fn = T (mn) +K(ln) + µ
dln
dt

(5.35)
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To obtain the dynamical equation for change of length, it has to be expressed in terms of the
position of its borders. Then (5.35) is inserted

λ
dln
dt

= λ
dxn+1

dt
− λdxn

dt
= fn+1 − fn − fn + fn−1 (5.36)

= −2fn + fn+1 + fn−1 (5.37)

= −2

[
T (mn) +K(ln) + µ

dln
dt

]
(5.38)

+ T (mn+1) +K(ln+1) + µ
dln+1

dt

+ T (mn−1) +K(ln−1) + µ
dln−1

dt

It follows that
(
λ

2
+ µ

)
dln
dt

= −T (mn)−K(ln) (5.39)

+
1

2

[
T (mn+1) +K(ln+1) + µ

dln+1

dt
+ T (mn−1) +K(ln−1) + µ

dln−1

dt

]

= −T (mn)−K(ln) +
1

2
[fn+1 + fn−1] (5.40)

Therefore the change in length of one contractile element is given by the difference of internal
forces, trying to contract the cell, and external forces from its neighbors which try to extend it.
Sorting all derivatives to the left hand side yields

(
λ

2
+ µ

)
dln
dt
− µ

2

dln+1

dt
− µ

2

dln−1

dt
= −T (mn)−K(ln) (5.41)

+
1

2
[T (mn+1) +K(ln+1) + T (mn−1) +K(ln−1)]

Which shows that we can write the ODE system (for the l-dynamics) in matrix notation

M
~̇
l = −~F +W ~F (5.42)

hereby M denotes the mass matrix

M =




. . .
...

λ/2 + µ −µ/2 0
−µ/2 λ/2 + µ −µ/2

0 −µ/2 λ/2 + µ
...

. . .




(5.43)

~F denotes the vector of internal stresses and W is the interaction matrix

~F =




...
T (mn−1) +K(ln−1)
T (mn) +K(ln)

T (mn+1) +K(ln+1)
...



, W =




. . .
...

0 1/2 0
1/2 0 1/2
0 1/2 0

...
. . .




(5.44)
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Therefore with Q = W − I, where I is the identity, and assuming that M is invertible we find

M
~̇
l = −~F +W ~F (5.45)

⇔ ~̇
l = M−1Q~F (5.46)

⇔ ~̇
l = P ~F (5.47)

whereas M−1Q = P .

We have seen that in the linear chain the length dynamics can be constructed from the
dynamics of the borders. As could be expected, the change in length of one element is given by
the linear combination of external forces of direct neighbors and internal forces. The substrate
friction λ enters on the diagonal of the mass matrix, which disrupts the symmetry between the
internal damping µ on the off diagonal elements with the diagonal element.

Below, this result is used as analogue, where we take linear combinations of external forces
to define the mechanical nearest neighbor interactions of limit cycle oscillators on a triangular
lattice with substrate friction.

Hexagonal configuration

For simulating amnioserosa cell oscillations the hexagonal configuration is of special interest
because it is the closest regular lattice representation, in the Bravais sense, of the actual neighbor
distribution in a tissue. We show the neighbor distribution from data of epithelial packing in
several organisms [99] and own data from the bulk amnioserosa cells in Figure 5.7.
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Figure 5.7: Hexagonal packing is the most frequent configuration among
epithelial model systems. (left) Histograms of epithelial cell packing from different
organisms. Yellow bars are results from vertex model simulations. The histogram is
taken from [99]. (right) Measured neighbor distribution from amnioserosa wild type
data. The dataset is discussed in chapter 6.

Both distributions show that hexagonal packing is the most frequent one, but configurations
with five neighbors appear often as well. Other packings appear less frequently. Additional
data from the literature determines that a Gaussian distribution of cell neighbor count around
6 neighbors is the prototypical configuration also in wingdisc cells in Drosophila and underpins
it with theoretical calculations [84].
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Triangular lattice

A hexagonal packing of cells mathematically corresponds to a triangular lattice. Single cell units
are operating on the grid points, each following the above described dynamics of Dierkes’ model
[64]. We explicitly chose not to pursue a vertex representation of the amnioserosa dynamics,
which would be another popular choice for a biophysical model, see section 2.15 for more de-
tails. Our modeling philosophy is to construct a model with the least complexity as possible to
investigate a concrete research question: We want to understand how a mechano-transduction
coupling would lead to intercellular synchronization in a hexagonal configuration. To this end,
a model of limit-cycle oscillators coupled via nearest neighbor interactions already shows rich
dynamics which can be compared to experimental data. The additional complexity of a vertex
model can only be justified if we want to answer questions that can not be investigated in the
lattice model. However, the model could be extended to a vertex model in the future to in-
vestigate for instance the influence of finer grained neighbor distribution which can be directly
implemented in a vertex model.

Biologically, interactions between cells are mechanical and are transmitted via the adherens
junctions connecting the cytoskeleton of two cells. Our interaction matrix therefore also only
concerns nearest neighbors. We have shown in section 5.3 that a switch in notation to the area
A instead of contractile element length l is straight forward and from now on use the cell area
A as variable.

The above noted principle of the linear chain is now used to motivate how the mechanical
nearest neighbor interactions are constructed. Because external forces that pull on a cell are
the same forces that act internally, the total force acting on a cell unit is comprised of linear
combinations of that internal force. In a hexagonal cell arrangement, cells have six neighbors.
Thus, instead of two, there are now six interactions that determine the area change of a cell.
Interactions still have to be negative because of geometrical constraints. An increasing area
exerts a force which pushes on its neighbors.

It is convenient to introduce two indices j, k ∈ N denoting the lattice sites. The base vectors
are given by

~e1 =
1

2

(−1√
3

)
, ~e2 =

1

2

(
1√
3

)
(5.48)

Then each lattice site is determined via ~Rn = j~e1 + k~e2 where n is the cell label and a bijective
map exists such that n→ (j, k). The cell area dynamics at each lattice site is conceptually given
by the internal dynamics and external interactions with the neighboring sites.

dAj,k
dt

= fint(Aj,k) + fext(Aj+1,k) + fext(Aj−1,k) (5.49)

+ fext(Aj,k+1) + fext(Aj,k−1) + fext(Aj−1,k+1) + fext(Aj+1,k−1)

As in preceding sections, the stress each site exerts is given by an extended Kelvin-Voigt model,
which reads

σj,k = µ
dAj,k

dt
+ T (mj,k) +K(Aj,k) (5.50)

In the linear chain, we saw that this stress is distributed equally across the neighbors. We
approximate the actual stress distribution by using the assumption of isotropic force distribution
and to simplify the mechanical interactions.
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Using indexing via n for simplicity, the resulting equation governing a single cell unit now
reads

(
λ

N
+ µ

)
dA(n)

dt
= −T (m(n))−K(A(n)) +

1

N

∑

neighbors

fext(A
(i)) , i ∈ [1, N ] (5.51)

WithN , the number of direct neighbors and fext(Ai) the stress exerted by neighbor i. We assume
that internal forces are isotropically affecting all six neighbors. In addition, the substrate friction
λ would also be affected by the number of neighbors but this is only a technicality and N can be
absorbed into the parameter λ̃ = λ/N if the neighbor distribution is constant. That neighboring
force contributions can be averaged assumes isotropic interactions.

Our approach is an approximation since each external force results in an isotropic response
of a cell. Therefore in the exact two dimensional representation, the tiling in the plane is not
complete. The exact tiling can only be solved using a description of the vertices, which requires
a different model that focuses on the energetics of the vertices instead of the cell-cell borders.
In the linear chain, this approach is exact, as we have shown that the dynamics of contractile
elements arises directly from the border dynamics using simple algebra. From the linear chain
we also know that the substrate friction, which dissipates energy when a border is moving,
simply enters on the diagonal of the mass matrix for the dynamics of the contractile elements.

Boundary and topology

Since the amnioserosa features an ellipsoidal shape we also employ such a topology. Fully
unconstrained cell units are arranged on a hexagonal lattice and are surrounded with border
cells. We choose an ellipse with ratio of the half axes a/b = 1/2 such that we have roughly 150
cells in the tissue (approximate cell count from the experiments) and find the optimal number
such that the a/b ratio is fulfilled.

We choose border cells to exhibit a different dynamics, realized as simple relaxators consisting
only of contractile elements with spring constants kext. They are only mechanically coupled to
the cells from the tissue and are perturbed by the direct neighbor forces.

(
λ

N
+ µ

)
dAboundary

dt
= −Kext(Aboundary) +

1

N

∑

neighbors

fi , i ∈ [1, N ] (5.52)

Kext(Aboundary) = kext(Aboundary −A0) (5.53)

There is no myosin compartment. By making kext larger we can tune the tissue dynamics
between a freely oscillating tissue and a tissue where the overall area must be preserved. In
the simulations we fix kext to an intermediate value constraining the tissue dynamics but not
making it too rigid. This resembles the amnioserosa dynamics from the experiments as we
observe displacement of the leading edge of the tissue. The amnioserosa is more constrained
towards later stages shortly before the onset of dorsal closure when the actin cable around it
has fully formed.

5.6 Mechano-chemical interactions and noise

In the amnioserosa of Drosophila we observe synchronization of neighboring cell oscillations
in wild type embryos. Mutants that are depleted of Tmc , a mechanosensitive ion channel,
show a drastic loss in the number of synchronized cell pairs and different spatial organization.
To investigate the possible effects of a microscopic mechano-transduction coupling mechanism,
based on Ca2+ dynamics, we devise extensions to the model discussed above. To this end, a
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third compartment for calcium dynamics is added. In addition, a noise term, and therefore
stochasticity, is added to the dynamical system. Experimental trajectories are stochastic and
fluctuate around the average deterministic behavior. Investigations of synchronization must
take these fluctuations into account because noise has a decorrelating effect against which any
coupling mechanism must compete.

Conceptual model

The equations that govern the dynamics of a single cell unit are realized by a system of three
coupled differential equations for the cell area A, the myosin concentration m and amount of
Ca2+-ions c. We consider a single cell here, using a placeholder external tension Te instead
of neighbor tension and also only considering a single placeholder cell neighbor n for the Ca2+

coupling. Terms that denote extensions of Dierkes’ model are colored. The system of differential
equations reads

µ
dA

dt
= Te − T (m)−K(A) + ξ(t)

dm

dt
= − 1

τm
(m−m0)− m

A

dA

dt
+ α

c

A
(5.54)

dc

dt
= J Θ(Ȧ(n)) Θ(Ȧ(n) + Ȧ)− c/τc

With the abbreviations:

T (m) = T (m0) + t1(m−m0) (5.55)

K(A) = K(A0) + k1(A−A0) + k3(A−A0)3 (5.56)

Te = T (m0) +K(A0) (5.57)

Θ(x) =
1

1 + exp(βx)
, β � 1 (5.58)

where T (m) is the myosin induced contractile force, Te the equilibrium tension and K(A) the
intrinsic spring force, which have the same form compared to Dierkes’ model. The noise ξ(t) is
a Gaussian random force with

〈ξ(t)〉 = 0 (5.59)

〈ξ(t)ξ(t′)〉 = 2D δ(t− t′) (5.60)

Θ(x) is a Fermi function which is being used as activation function to keep the expression analytic
and also enable smooth activation characteristics. Thereby the activation of Ca2+ reads

dc

dt
= J Θ(Ȧ(n)) Θ(Ȧ(n) + Ȧ)− c/τc (5.61)

The second term is a decay of the number of Ca2+ molecules characterized by the time constant
τc. The first term determines the influx of Ca2+ into the cell according to the coupling strength
parameter J . The higher J the more Ca2+ increases if tension is exerted on the cell.

Determining the tension on the cell is done via the activation functions Θ(x). For the opening
of an ion channel, due to mechanical force, a non-zero net force has to be applied to the junction
between the two cells. To keep the notation simple we choose the area derivative as argument
and not the actual tension. This is equivalent because the sum of all forces acting on a cell
determines its area change. The first Fermi-function is causing an activation if the neighbor cell
Θ(Ȧ(n)) decreases in area, thus exerting tension. It determines the direction of the coupling,
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which is only activated if the stress is exerted from the neighbor. Otherwise cells would increase
their Ca2+ concentration each time they contract. The second Fermi function Θ(Ȧ(n) + Ȧ) only
yields an activation if the area of the actual cell is not increasing more than the neighbor is
decreasing. If the area increases with the same rate as the neighbor shrinks no net force will be
applied at the junction and therefore no ion channel will open.

Two-dimensional model on triangular lattice

For a full model of the amnioserosa dynamics in 2D we compute the dynamics of single cell units
on a triangular lattice. Compared to (5.54), we replace the external tension Te with mechanical
interactions between neighboring cells, which also includes the friction term, counteracting the
movement of single cell units across an underlying substrate. See Figure 5.1 for a graphical
representation. The full equations in the 2D case now read

(
λ

N
+ µ

)
dA(i)

dt
= F (internal) + F (external) + F (noise) (5.62)

= −T (m(i))−K(A(i))

− 1

N

N∑

n=1

[
µ

dA(n)

dt
+ T (m(n)) +K(A(n))− ξ(n)

]
(5.63)

+ ξ(i)

dm(i)

dt
= − 1

τm
(m(i) −m0)− m(i)

A(i)

dA(i)

dt
+ α

c(i)

A(i)
(5.64)

dc(i)

dt
=

N∑

n=1

[
J (n) Θ(Ȧ(n)) Θ(Ȧ(n) + Ȧ(i))

]
− 1

τc
c(i) (5.65)

The index i denotes cells on the lattice sites, n runs over the N neighbors (N=6 for hexagonal
configuration). Myosin and Ca2+ dynamics remain mostly unchanged except for summing all
contributions from neighboring cells to obtain the total calcium influx.

External mechanical forces F (external) are comprised of the total internal force acting inside
neighboring cells. We simplify by assuming that the force is distributed isotropically among
all 6 neighboring cells and thus the external force component acting on cell i from cell j is

F
(internal)
ji /6 in case of a hexagonal lattice.

The substrate friction λ is causes dissipation as cells move across a substrate. Biologically,
this is motivated by the amnioserosa lying above the yolk of the developing embryo. It remains
unclear how the tissue exactly connects to the underlying substrate and how this connection
influences the cell dynamics. During the ellipsoidal amnioserosa phase connections adhesion to
the substrate can be mediated via integrin complexes. This adhesion might play a role during
dorsal closure [166, 232, 276].

Origin of fluctuations and where to put the noise term

Why did we choose the area equation as the appropriate place to add noise to the system? After
all, it could also be the myosin molecules that show substantial volatility and therefore introduce
noise to the system.

The first answer is that noise in experimental data is always comprised of two contributions:
measurement noise and intrinsic noise

ξ(t) = ξmeasurement + ξintrinsic (5.66)
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The measurement noise can only be found in the area time series since this is the only observable
we have in our experiments. But this is no argument from a theoretical point of view.

To investigate what would happen if noise was introduced into the myosin compartment we
do a quick back of the envelope calculation. We assume that the number of myosin molecules is
constant on short timescales (conservation of mass was one basic assumption in the derivation
of the model).

dNm

dt
= 0 → d(mA)

dt
= 0 (5.67)

Then it follows

d(mA)

dt
= Aṁ+mȦ = 0 (5.68)

⇔ Ȧ =
ṁ

m
A (5.69)

Now let us imagine we introduced noise to the myosin turnover dynamics

ṁ = kon − koffm+ ξ(t) (5.70)

Inserting this into equation (5.69) for the area yields

Ȧ =
kon
m
A− koffA+

ξ(t)

m
A (5.71)

What is important here is that we obtain multiplicative noise in the last term of the area
dynamics. Multiplicative noise introduces correlations in the noise we should be able detect
in the experiments. It is a known result from statistical physics that separation of timescales
leads to multiplicative noise if there is not one single effective reaction coordinate [21]. In
broader terms this is also understood within the Mori-Zwanzig projection formalism of statistical
mechanics [359]. In the appendix, section 5.12, we present data from experiments showing that
there are no correlations in the area trajectories.

5.7 Implementation

Parameters

To nondimensionalize the system (5.54), we introduce the following dimensionless parameters:

τ̄m =
τmk1

µ
(5.72)

t̄1 =
t1m0

k1A0
(5.73)

k̄3 =
k3l

2
0

k1
(5.74)

λ̄ =
λ

µ
(5.75)

J̄ = J α τc (5.76)

k̄ext = kext (5.77)

D̄ = D (5.78)
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The dynamics therefore depends on 7 free parameters and the dimensionless time t̄ = k1t
µ . We

always choose k̄3 such that the Hopf bifurcation is supercritical to yield limit cycle dynamics at
the transition.

Basic dynamics of the single cell units is then determined by the effective contractile myosin
strength t̄1 and the effective internal friction 1/τ̄m. Compare the phase diagram in Figure 5.4.
The interplay of myosin strength and friction determines if the system can oscillate. If the
friction is too strong, energy is dissipated too quickly and the system will approach the fixed
point. In a balanced state between the two, the system can oscillate, but if the myosin strength
is too high in comparison to the friction, the system is being driven into collapse as the energy
can not be dissipated and tension diverges. k̄3 determines the amplitude of the oscillations.

k̄ext is kept fixed at an intermediate value for the here described analysis. It introduces
global coupling by providing a geometrical constraint to the area dynamics. λ̄ promotes local
interactions. For higher values of λ̄ more energy will be dissipated at the borders between the
cells. Therefore tension can not travel without limit through the whole network. In case of no
friction, the effect of one cell contraction could be instantaneously affect the whole network.
Both k̄ext and λ̄ are therefore important for the global coupling of the system and determine
strength of geometrical constraint and propagation of stress.

Ca2+ coupling strength J̄ determines how strongly the amount of Ca2+ increases in response
to mechanical stimuli and how much additional myosin is recruited. It therefore provides a
mechanical coupling between the dynamics of the neighbors and the internal contractile forces.
We will see that increasing this parameter leads to synchronization of area oscillations because
a cell contraction induces contractile forces in the neighbors. The noise strength D̄ determines
the fluctuations in the area variable. It decorrelates the system and constantly perturbs it.

In addition, another parameter p is introduced, which denotes the occupation probability
of the ion channels. In simple words, it specifies the fraction of cell pairs that are coupled by
the Ca2+ mechanism. p is drawn from a uniform distribution on [0, 1], 0 meaning that no pairs
exhibit Ca2+ coupling and 1 that all pairs have the mechanism. This is done to investigate the
influence of heterogeneous spatial coupling in the tissue.

In total we thus have 8 parameters determining the behavior of the system. However,
for the investigation we focus only on 5, while the others remain fixed: effective contractile
myosin strength t̄1 and the effective internal friction 1/τ̄m determine the phase transition towards
oscillations and J̄ and p determine the Ca2+ coupling, and therefore synchronization, last is the
noise strength D̄.

Below we use the original parameter values, not the nondimensionalized version. We keep
parameters fixed except for t1, µ, J , p and D. In the next section we mention prototypical
parameter values.

Simulations

The model is implemented and optimized in Julia (v1.4.0). A single simulation of the 2D model
with 150 cells (450 coupled DEs + noise) completes in 2-3 minutes on a single core of a 8
year old laptop with an Intel i5 2.50 GHz processor. For parameter searches, nested sampling
and repeated simulations the code is parallelized. For 800 full length realizations, parallelized
on a 20 core Intel E5-2670 v2 2.50 GHz node, it takes 6-12 hours depending on the parameter
regime. For more unstable parameter combinations, the adaptive solver takes smaller timesteps
to maintain convergence.

Integration of the system of stochastic differential equations is done via the Julia package
”DifferentialEquations.jl” [267]. As solver for the SDEs, the high order adaptive algorithm
”SKenCarp” [273] is used, which is optimized for stiff stochastic problems. A set of other
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solvers, for instance an implicit Euler-Mayurama method, have been used to compare different
solvers, but SkenCarp showed empirically the best performance and stability.

If not specified differently, parameter values are fixed at certain typical values k3 = 6, k1 = 1,
τm = 1, τc = 1, A0 = 1, m0 = 1, kext = 0.001, D = 0.001, λ = 0.5. The internal damping
constant µ and myosin strength t1 are used to tune the system towards oscillating/stable regimes.
Coupling strength J and occupation probability p influence the synchronization, but usually
p = 1 is fixed.

Initial conditions are equilibrium values (A(i)(0) = 1, c(i)(0) = 0, ∀i) with small randomized
deviations for the myosin concentration m of the order 10−4 to get the system out of the initial
fixed point. Border cells are starting in the equilibrium point A(border)(0) = 1. Before the
collection of data for later analysis is started, simulation runs are given sufficient time to let
transients induced by the initial conditions decay.

5.8 Simulations of 2 coupled cells

We perform simulations of two cells to investigate effects of the extensions, namely the Ca2+

coupling mechanism and the noise which were both not present in previous studies. The basic
setup was described in section 5.4.

Basic model behavior

First, let us see whether we can find the same phases, namely stable fixed point, limit cycle and
collapse despite the noise, which should be the case. Coupling between the 2 cells is turned off
for the time being, i.e. J = 0. Figure 5.8 shows example trajectories.

Figure 5.8: Three phases of dynamical behavior, stable dynamics, limit cycle
and collapse, were reproduced in the two cell system. Examples for each phase
are shown from left to right. The trajectories are beginning at the initial condition
denoted by the orange dot. In addition to Dierkes’ model noise is applied. The left
panel shows stable dynamics, the middle displays a limit cycle and to the right the
dynamics is going into collapse. Noise is causing fluctuations around the stable fixed
point and the stable orbit of the limit cycle.

The myosin concentration is plotted against the area. All three phases, dynamics running
into 1) a fixed point, 2) stable limit cycle, and 3) collapse dynamics can be reproduced. In the
here shown example we tuned the myosin strength t1 and kept other parameters fixed. Only
different initial conditions were chosen such that the behavior is representative.

Figure 5.4 showed the original phase diagram of the Dierkes model. From that it is clear
that increasing the myosin strength t1 drives the system from stable phase into oscillations into
collapse. The same seems to be possible for our model, which is intuitively clear because the
underlying deterministic dynamics has not changed. Noise is consistently perturbing the system,
such that the resulting trajectories fluctuate around stable fixed point and stable orbit, which
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shows that the orbit and fixed point are indeed stable as otherwise the system would eventually
diverge.

Below, a more detailed investigation of the phases is undertaken. But first we want to get
an intuition about the second important addition to the model: the Ca2+ coupling. Figure 5.9
displays two example trajectories, one for synchronized and one for anti-synchronized oscillations
depending on the coupling strength J .

Figure 5.9: Coupling strength J determines if cell neighbors show anti-
synchronized or synchronized oscillations. Solid lines are the areas of the two
cells. The two types of dashed lines denote myosin and Ca2+ compartments respec-
tively. Myosin shows anticorrelated dynamics with the area. Ca2+ is usually zero and
activated by the mechano-chemical coupling. To the left, no coupling is present and the
two cells behave anti-synchronized which is due to the geometrical constraints of the two
cell chain. To the right, cell areas oscillate in synchrony.

Parameters were chosen such that cells exhibit oscillations. The dynamics of the myosin
concentration is anticorrelated with the area, which could already be seen in Figure 5.9 because
of the limit cycle. Ca2+ is obviously zero for the system without coupling where neighboring
cell area trajectories are anti-synchronized. This is due to the global coupling introduced by the
external border springs kext. One cell growing, while the other is shrinking is thus following the
geometrical constraints in the chain. The substrate friction λ is enhancing this anti-synchronized
behavior because it disrupts the instantaneous whole system coupling. This does not matter in
the two cell model, but for long linear chains and the lattice model λ results in perturbations
traveling to their neighbors first and influencing them the most. Without any dissipation the
whole system can be described by a single mode, because all perturbations are instantaneously
distributed along all elements of the chain. An example would be to induce a contraction ∆Ai in
a cell i of a chain containing 50 elements. Without friction all other cells would increase by the
amount ∆A/49. With friction the neighbors will increase the most, next-neighbors substantially
less and so on.

If the coupling strength is high enough, the neighboring cell oscillations synchronize. Later,
we show that there must not always be a synchronized phase for certain parameters because the
simulation is directly driven into collapse from the anti-synchronized state. By construction,
Ca2+ increases when the cells contract and then decay when the cells increase. Myosin dynamics
is still anticorrelated to the area dynamics, as expected, since it is the main pacemaker of the
oscillations. Due to Ca2+ mediated additional recruitment of myosin, the average tension is
increased which decreases the equilibrium area. Compare the anti-synchronized trajectories
where A fluctuates around A0 = 1. Interestingly, in the experiment we observe smaller cell
areas in the wild type bulk cells compared to an ion channel knock out mutant, called Tmc (see
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Figure 6.5). Wild type cells are also showing a higher degree of synchronization (e.g. Figure
6.26).

Coupling strength J is working against the external springs kext, the substrate friction λ
and the noise D which all counteract synchronization. This makes it clear that a distinct
mechanism is necessary for synchronized oscillations. Naturally, anti-synchronized neighbor
oscillations is the energetically favorable state of the system. This is important from the view
of biology because the organism has to gain something from investing that energy. Otherwise
such mechanisms would not have survived evolution if the same organism could be developed
with less energy spending. If a mutant embryo is depleted of mechanosensitive ion channels, like
in the Tmc mutant, which comprises the hypothesized microscopic synchronization mechanism,
the degree of synchronization is expected to drop.

Phase diagrams

To determine the degree of synchronization between the two cells correlation coefficients between
the area trajectories are calculated from the simulation. In order to classify system behavior,
parameter combinations with positive correlation coefficients are labeled ”synchronized” and pa-
rameter combinations with negative correlation coefficients are labeled ”anti-synchronized”. In
addition, parameter regions without oscillations are assigned the labels ”stable” and ”collapse”.
Examples for coupling strengths J = 0 and J = 0.01 are shown in Figure 5.10. Noise is turned
off, i.e. D = 0. The original phase diagram of the Dierkes model, for comparison, was shown in
Figure 5.4.

A
0

collapse stable anti-synchronized
oscillation

synchronized
oscillation

A
0 J=0.01J=0

Figure 5.10: Ca2+ coupling is required to allow synchronized oscillations.
Phase diagrams for coupling strength J = 0 (left) and J = 0.01 (right) indicate that
synchronized oscillations only appear when Ca2+ coupling is turned on. Both conditions
produce stable and collapsing cells as well as anti-synchronized oscillation.

It can be seen that the case without Ca2+ coupling reproduces the phase diagram of the
Dierkes model. A band of parameters which show oscillations is visible. In addition, we find
parameter regions where the cell dynamics collapses due to diverging myosin concentration
along the cells and stable regions where cell areas approach a fixed point. Slight deviations stem
from the fact that here the two cell system with substrate friction is shown, whereas Dierkes
plotted the single cell phase diagram. This deviation is for instance responsible for the narrowing
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5.8. Simulations of 2 coupled cells

oscillating region for µ→ 0. Small deviations at the border of phase regions are due to computer
precision in the simulation.

When Ca2+ coupling is turned on, a fourth phase with synchronized oscillations appears.
The phase of anti-synchronized oscillations does not vanish, it is still present, except for very
high coupling strength where the system goes from synchronized oscillations directly to collapse.
A side effect of the Ca2+ coupling is that the parameter region that is displaying oscillations of
any kind is greatly extended.

Noise adds another layer of complexity to the model. Since noise has a decorrelating effect,
the coupling strength J has to be increased for the model to display synchronized oscillations.
We now take a look at the exact correlation coefficient for the same set of parameters, which
yields a finer grained picture how noise influences the dynamics. Results are shown in Figure
5.11.
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Figure 5.11: Noise strength affects cross-correlation coefficient of the two
cell system. White regions in the top-left half are collapsed realizations. To the left,
the noise strength D = 10−4 is higher compared to the right panel with D = 10−5.
Higher noise decorrelates the system, leading to smaller positive correlation coefficients.
In addition, the parameter region displaying synchronized oscillations is decreased.

White parameter combinations in the top part of the phase plot are collapsed. This does
not include white regions between blue and red, where the average correlation coefficient is truly
zero. There are still oscillating regions, like before, that are either oscillating synchronized or
anti-synchronized. The correlation coefficient shows that there is now a continuous transition
between sync and anti-sync region where correlation coefficients turn from negative to zero to
positive. In addition, the stable region now also displays anti-synchronization. In this case,
however, there is only constant relaxation towards equilibrium after perturbations from the
noise. No microscopic pacemaker is producing stable limit cycles.

The left panel is showing greater noise strength D compared to the right panel. For smaller
noise strength, correlated parameter combinations are more dominant and coefficients assume
higher values in the middle of the synchronized region. The transition from anti-synchronized to
synchronized becomes narrower. For smaller values of µ there is a persistent anti-synchronized
region. Simulation trials show that by increasing J , the correlated red region grows bigger,
overtaking anti-synchrony first for higher values of µ. The anti-synchronized region for small µ
is the last to vanish but ultimately does so for high enough J .
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Noise vs. coupling strength

To further investigate how noise strength and coupling strength are interacting we compute
phase diagrams for fixed values of myosin strength t1 and internal damping µ. D and J are
varied. Those results are shown in Figure 5.12.
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Figure 5.12: Balance between noise D and coupling strength J affects syn-
chronization. The color denotes the cross-correlation coefficient between the cell areas
in the two cell model. White regions for larger J are collapsed realizations. Noise de-
creases the degree of synchronization that is possible. The top left panel shows that
for certain parameter combinations increasing the coupling J directly leads to collapse
instead of synchronization. For intermediate oscillatory parameter combinations, shown
in the bottom two panels, there is a tradeoff between noise and coupling.

The first diagram shows parameters t1 = 1.5 and µ = 0.125. In the original phase diagram
we are in an anti-synchronized region near the collapse transition. The large white regions
are all collapsed data points, therefore increasing the coupling strength drives the system into
collapse without even going into synchronized behavior. Again, white values between red and
blue regions are true average correlation coefficients around zero. This shows that for certain
parameters there must not be a synchronization at all.

The next parameter combination is t1 = 1.5 and µ = 1, which, in the original phase diagram,
lies in the stable region at the border between stable phase and oscillatory phase. For most
parameter combinations there is a strong synchronization of area dynamics. No parameter
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combinations lead to collapse for the shown parameters, but eventually will if J is increased
further. Increasing the noise strength D leads to anti-synchronization if the coupling strength
is small enough. This region would normally not display any oscillation and would be stable.
The fact that noise can not lead to anti-synchronization if J is high enough, also shows that the
new oscillation phase is very stable since otherwise anti-synchronized oscillations are the norm.

The last two combinations t1 = 1.7, µ = 0.5 and t1 = 2.5, µ = 1.5 both are in the original
oscillation phase, one for intermediate values of µ and the second for high values. White regions
for higher values of J again signify collapsed simulations. Qualitatively, both combinations show
similar behavior. However for higher noise strength t1 and higher damping µ more parameter
combinations drive the system into collapse. There is a balance between the noise strength on
the one hand and the coupling on the other. Increasing the coupling results in a continuous
transition toward synchronization. Noise has the opposite effect and promotes anti-synchronized
oscillations.

Both noise strength and high coupling strength can induce collapse in the simulations for cer-
tain parameter values. Higher coupling strength results in stronger recruitment of myosin, which
effectively drives the system across the critical point between collapse and oscillation phase. The
noise increases the volatility of the system and increases the probability that a collapse occurs
simply by chance. Either through area fluctuations themselves or by temporarily driving the
myosin concentration above a critical threshold, which then leads to diverging tension.

Because of the tradeoff between coupling and noise it is made clear that synchronization
studies should take noise into account. Otherwise synchronization can be achieved more easily
than would be expected in a noisy environment such as active biological matter.

5.9 Simulations of tissue model

Being equipped with a general understanding of the novel interactions, we can now investigate
the model on the hexagonal lattice. Section 5.6 introduced the basic concepts. Simulations are
conducted by starting from equilibrium areas for all cells and drawing random myosin concen-
tration from a Gaussian distribution with mean 1 and standard deviation 10−5, which drives
the system out of the fixed point even without noise. Before any analysis is done, the simulation
is running long enough to let transients decay. A realization of the cells on a hexagonal grid is
shown in Figure 5.13

Figure 5.13: Example snapshot of tissue simulation. Cells are depicted as
hexagons. Their size and color indicates the current area. Border cells are not shown
but are located around the outer layer of cells.
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Basic behavior

In the tissue model nothing with the basic equations of the model changed, only the topological
configuration is different. Therefore the system still displays stable dynamics, oscillations and
collapse. We show examples of the phases for an example cell from the hexagonal lattice in
Figure 5.14.
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Figure 5.14: Three phases of dynamical behavior, stable dynamics, limit
cycle and collapse, were reproduced in the lattice system. Examples for each
phase are shown from left to right. The left panel shows stable dynamics, the middle
displays a limit cycle and to the right the dynamics is going into collapse. The stable
case exhibits fluctuations around the fixed point because the trajectory circles a few
times around it, but eventually reaches it and remains there.

To visualize that nearest neighbor coupling still introduces synchronization, we color each cell
unit by its current phase. Phases are determined by looking at the zero-crossings of smoothed
area trajectories oscillating around an equilibrium area. Between zero crossings the phase is
linearly interpolated. This method is one of the most stable phase retraction methods in the
presence of noise and can even outperform methods like the Hilbert transform [93]. Significant
improvement can only be achieved with more complicated stochastic models, inferring the phase
from probability distributions of positions from the stochastic orbit of the limit cycle [318]. This
is unnecessary for our needs. Figure 5.15 shows snapshots of the phases of the tissue model for
different degrees of coupling strength J .

As can be seen, cells synchronize locally since they assume the same phase of the oscillation.
In the presence of noise, cells still synchronize but they do not have to be perfectly in phase for
all times.

The exact pattern is dependent on the parameter realization, including λ and kext, as well
as the shape of the ellipse. A full discussion will be provided in a paper that is currently
in preparation. Here, we focus on the degree of overall synchronization, not the local spatial
structure, in order to compare results from simulations to experimental data. In chapter 7
those results play into the investigation of intercellular synchronization in the amnioserosa of
Drosophila.

5.10 Model vs Experiment

In chapter 6, we analyze data from in vivo recordings of the amnioserosa cell oscillations. This
data is supplemented with further experiments and fully discussed in chapter 7, where we find
that the mechanosensitive ion channel Tmc is necessary for synchronization of neighboring cells.
Here we compare the model to this data, perform parameter estimation and conduct simulations
that can be compared to the experimental data.
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Figure 5.15: Increasing coupling strength promotes the synchronization of
neighboring cells in the tissue model. No noise is present in the snapshot from the
simulation presented here. The right panel explains the colorcode, which denotes the
phase of the oscillation.

We compare the simulations of the model with experimental data by utilizing the distri-
bution of correlation coefficients between neighboring cells as metric for the overall degree of
synchronization. This distribution characterizes the to us interesting parts of the tissue dynam-
ics, it is simple enough to retain generality and we have access to it in both experimental data
and simulations. In the experiment we have ∼ 10 realizations and also use the same number
in the simulation. A full discussion on the experimental data is provided in Chapter 6. For
this section it is only important to know that we are interested in the comparison of wild type
embryos with a Tmc mutant, a mechanosensitive ion channel knockout, which impairs the Ca2+

dynamics in the amnioserosa.

Since we compare distributions, a cross entropy measure is chosen to evaluate the model
likelihood. In particular we use the Jensen-Shannon divergence, a symmetric version of the
Kullback-Leibler distance, between the in vivo and in silico distributions.

The Kullback-Leibler distance is defined as

DKL(p(simulation)||q(experiment)) =
∑

i

p(xi) log
p(xi)

q(xi)
(5.79)

The Kullback-Leibler divergence is minimized by the maximum likelihood estimate which can
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be swiftly calculated

θ̂ = arg max
θ

N∏

i=1

p(xi|θ) (5.80)

= arg max
θ

N∑

i=1

log p(xi|θ) (5.81)

= arg max
θ

1

N

N∑

i=1

log p(xi|θ)−
1

N

N∑

i=1

log p(xi|θ0) (5.82)

= arg max
θ

1

N

N∑

i=1

log
p(xi|θ)
p(xi|θ0)

(5.83)

→
N→∞

arg min
θ

∫
log

p(x|θ0)

p(x|θ) p(x|θ0)dx (5.84)

This is intuitively clear because minimizing the distance between the ’real’ distribution with
correct parameters θ0 and the model distribution with parameters θ ultimately leads to the
closest representation of the data that is possible for a given model.

Then we obtain the Jensen divergence in the following way

DJS(p||q) =
1

2
DKL(p||M) +

1

2
DKL(q||M) (5.85)

with

M =
1

2
(p(simulation) + q(experiment)) (5.86)

The Jensen divergence is a similar distance metric with the advantage to yield symmetric dis-
tances while the Kullback-Leibler divergence is dependent on the order of model and simulation
distribution.

Parameter optimization is performed utilizing nested sampling [303], which is a sampling
algorithm to optimize the likelihood. The likelihood function is chosen to be the Jensen diver-
gence. Nested sampling was originally developed to efficiently estimate the evidence, but it has
also proven to be an excellent algorithm to estimate the likelihood. In short, nested sampling
draws uniformly distributed samples from the likelihood and then consecutively replaces the
point with the lowest likelihood value by sampling a new one. The parameter space in each step
is constrained via multi-ellipsoidal fits to the existing points. In Julia, we use a multiellipsoidal
implementation using the package NestedSamplers.jl, which is an implementation of MultiNest
[87].

This approach yielded optimal parameters as t1 = 1.9, µ = 1.2, k3 = 6 D = 0.001, λ = 0.7,
kext = 0.001, J = 0.015, p = 1. Using these parameters, we now take a closer look at the
likelihood for the model by varying the coupling strength J and occupation probability p. The
occupation probability is a number drawn from a uniform distribution between 0 and 1, which
gives the fraction of cell pairs that are coupled by the mechano-transduction mechanism. For
p = 0.5 half of the cell pairs are coupled on average. Results are shown in Figure 5.16 .

First we see that the average correlation coefficient is decreasing when either J or p are
decreasing as expected. It makes sense that the average degree of synchronization is determined
by both the coupling strength and the number of pairs that exhibit the coupling mechanism.
However the width of the distribution, quantified by the standard deviation of the correlation
distribution, depends on the combination of coupling strength and occupation probability. The
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Figure 5.16: Parameter optimization for coupling strength J and occupation
probability p leads to an unimodal likelihood for WT and sloppy parameter
geometry for Tmc . In the top left and right, the mean and standard deviation of
the correlation coefficient distribution is depicted. Green and blue dots mark the best
matching parameter combinations for wild type and Tmc experimental data respectively.
In the bottom row, the distance from the model to the experiment is displayed by giving
the Jensen divergence value for each parameter combination.
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distribution becomes wider for higher coupling values. The reason is that the coupling encourages
synchronized oscillations while geometrical constraints still have to be obeyed, which is more
difficult the higher the coupling. For the occupation probability the dependency on the width is
U-shaped, having smaller values for very low or very high occupation probability and assuming
the highest values for intermediate values around p = 0.5. The volatility is lowest when either
all cells are coupled or none. For intermediate values there is the most room for sample by
sample variation.

The second row in the figure depicts the Jensen distance between experimental distribution
and simulation outcome. For wild type a clear unimodal peak is visible, meaning that a clear
parameter combination exists for which the simulation is closest to the experiment. In the
case of Tmc many of the parameter combinations, that produce skewed distributions towards
negative correlations, are equally likely as they have similar distance. The parameter space
in the Tmc case is therefore much more sloppy, indicating that more parameters can assume
similar behavior as the experiment. As we have stated before, anti-synchronized oscillations are
easier to achieve for the system, it is thus not surprising that more realizations lead to a good
outcome.

For the best matching parameters we compute ”correlation maps”, which are studied in
section 6.7. In brief, they show the positionally and embryo by embryo averaged correlation.
Red colors indicate positive correlation while blue colors indicate negative correlations. Each cell
pair is mapped to a position that is the middle between the center of both cells. The correlation
coefficient value at that position is spatially and ensemble-wise averaged using kernel density
estimation. In Figure 5.17 we show the experimentally achieved correlation maps from wild type
and Tmc mutants alongside the best matching simulation.

Figure 5.17: Average correlation but not spatial organization is reproduced
in the tissue model simulations for WT. In case of Tmc the correlation maps
from simulation and experiment are statistically indistinguishable. The correlation maps
were computed using the positional information of the correlation coefficients, pooled
together from all embryos/simulation runs, and averaging them spatially using kernel
density estimation with a Gaussian filter kernel.

Colorwise, simulation and experiment look similar, but there is a spatial organization in
the wild type data that is not captured by the simulation. We only optimized the simulation
compared to the full distribution of correlation coefficients which does not contain information
about spatial order. Ellipsoidal topology alone does not seem to be enough to induce spatial
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order, however this has to be investigated in greater detail. This result invites speculations about
a morphogen controlled patterning system in the amnioserosa, similar to planar cell polarity
in the germband. It could be that bulk cells preferentially are equipped with a microscopic
coupling mechanism, while cells at the canthi do not express the mechanism or at least less.
Spatial patterning might play into the maintenance of topology or might be required for force
generation during dorsal closure. However, importantly the difference for Tmc mutant and
simulation is very close. This suggests that there is not spatial distribution in the arrangement
of coupled vs uncoupled cell pairs since it is enough to optimize the model according to the full
distribution to achieve similar results.

Calcium uncaging

In chapter 3, we have introduced a novel experimental technique to induce cell contractions
in vivo by optochemical uncaging of Ca2+ , which mediates the activation of myosin. In the
simulation we can replicate this experiment by increasing the amount of Ca2+ in a cell within
the tissue (see Figure 5.18).

n

nn

n

n n

Figure 5.18: Scheme of Ca2+ uncaging simulation. Choosing a random cell within
the tissue, the amount of Ca2+ is considerably increased. Neighbor contraction response
is monitored. The target cell and its neighbors are not positioned at the border of the
tissue.

We are interested how the neighbors of this target cell are reacting. If cells are utilizing a
mechanosensitive coupling mechanism, the neighbors should also decrease, or at least react to
the contraction of the neighbor. Without a coupling mechanism we expect that the neighbors
will increase their area since the geometrical constraints favor anti-synchronized dynamics.

Simulations are performed for the optimal parameters, only tuning J , and repeated 50 times.
After transients have decayed, a random cell within the tissue is selected such that all six
neighbors do not lie directly at the border. Then the Ca2+ compartment is instantaneously
increased by twice the maximum value the cell exhibited during the time of simulation, and the
resulting relative area change of the neighbors is measured. When the target cell has reached
the minimum of the contraction, neighbor areas right before the uncaging event are compared
with the momentary area. The contraction is defined as the negative relative area change.

Contr :=
An(tuc)−An(tuc + ttarget at min)

An(tuc)
(5.87)

Results are depicted in Figure 5.19.
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Figure 5.19: Simulations predict that significant neighbor contractions in re-
sponse to Ca2+ release in a target cell requires strong a coupling mechanism.
On the left an example snapshot from an uncaging simulation is shown. Color and size of
the hexagons is according to the area. While the target cell is noticeably contracting, we
evaluate the behavior of the neighbors. To the right the results of the relative neighbor
contraction for different coupling strength is displayed. The contraction of the neigh-
bors is shown as the negative relative area change compared to the time right before the
uncaging event. Values for the coupling strength are J = 0, J = 0.015, J = 0.07.

As we can see, neighbors contract together with the contracting target cell if the coupling
strength is high enough. Noticeably the width of the distribution increases with higher coupling
strength as well. This effect is due to the geometrical constraints in the hexagonal packing.
While neighboring cells follow the dynamics of the target cell, one or two cells are increasing in
area to preserve the mechanical constraints on the lattice.

This shows that we expect neighbor dynamics to react to an uncaging experiment by con-
tracting as well if a coupling mechanism is present. It is noteworthy that the high average
contraction of the neighbors could only be achieved with very high coupling strength, already
close to the collapse of the system, and therefore higher than optimal parameters compared to
the experiment. We compare this model prediction to the experiment in chapter 7 (Figure 5)
where we find average neighbor contraction in wild type cells of roughly 0.2, like in the strong
case here. This might indicate that for the in vivo situation, there is an additional mecha-
nisms at play that regulates neighbor dynamics in case of strong perturbations of the tissue, like
uncaging induced contraction. Similar responses have been observed for wounding of the tissue
where neighboring cells react drastically in order to stabilize the tissue [105]. In this case Tmc
still plays as role, as we show in chapter 7 (Figure 5), but it might trigger secondary processes
to elicit stronger responses and not be the only mechanism at play.
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5.11 Summary

We have introduced extensions to an existing viscoelastic model for cell surface are oscilla-
tions. Single cell units have been integrated on a hexagonal lattice configuration with ellipsoidal
topology surrounded by a stiff border cells. This system is able to faithfully reproduce known
results.

Neighboring cells synchronize their dynamics in dependence of the strength of mechano-
transduction coupling. This was shown in a two cell model, realized as linear chain, and the full
two dimensional triangular lattice configuration.

Optimal parameters in comparison to experimental data were determined, showing that
wild type like behavior can is achieved with an unimodal peak in the likelihood for optimal
parameters. Tmc like solutions were easier to obtain, as was shown by the parameter space
geometry which is more sloppy than for wild type. This is consistent with the observation that
anti-synchronized oscillations are the natural state of neighboring oscillators with mechanical
interactions.

Using these parameters we have conducted Ca2+ uncaging simulations to study the direct
neighbor response to the contraction of a target cell. We find that neighbors react by contraction
if the mechano-chemical coupling between cells is high. For lower coupling strength, neighbors
do not contract as strongly and without coupling neighbors areas increase.

Together, the results are indicating that Tmc might provide a distinct mechanism for the
coordination between neighboring cells during Drosophila development. These results are com-
bined with analysis of experimental data and additional experiments in Chapter 7. We find that
Tmc is a necessary component for the synchronization of cell dynamics in the amnioserosa
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5.12 Appendix

Increment covariance of area trajectories

For fluctuations of cell junctions in the germband it has been tested, and confirmed, that noise is
additive [188]. Because cell area fluctuations are equivalent to junction fluctuations by Leibniz’
rule, this already gives some hints that additive noise is the way to go.

To test this with our real data from amnioserosa cells we follow the same procedure described
in [188] and check the increment covariance. The procedure is mainly used in single particle
tracking [22] and exploits that the increment autocovariance matrix gives an estimate of the noise
strength and the measurement error for a simple diffusion process and for Langevin dynamics
to first order.

Cov =





D∆τ − 2σ2
meas for j = k

−(σ2
meas)max(j,k), for j = k ± 1 +O(∆τσ2

meas,∆τ
2, σ2

meas)

0, otherwise

(5.88)

It is assumed that the measurement error follows a Gaussian distribution with 0 mean and
variance σ2

meas.

Since our timeseries exhibit oscillations, and thus are periodic, we employ filtering to remove
the oscillation trend before the analysis using a Savitzky-Golay filter [263] with 5 timesteps
windowlength (≈ 3 min) and a polynomial of third order. Filtering should be coarse enough
to leave fluctuations intact but capture the global oscillatory trend. Subtracting the filtered
signal from the original yields timeseries without oscillation. The resulting approximation of the
fluctuations around the deterministic mean are used to calculate the increment autocovariance
shown in Figure 5.20.

original timeseries detrended with SavGol filter

Figure 5.20: No long range correlations in experimental increment autoco-
variance. Average increment autocovariance of original area timeseries (left) and of
deviations from filtered area timeseries (right). Regarding the original timeseries data,
no longer ranged correlations are visible except for the expected correlation due to the
periodicity of the area oscillation (roughly at 5min). In addition, the peaks are too
large to reflect random fluctuations. Therefore, we remove the oscillation trend by fil-
tering the timeseries using a Savitzky-Golay filter. For the filtered timeseries data, there
are no long range correlations visible. From this autocovariance we can also estimate
measurement noise and intrinsic noise strength.
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The analysis was done with surface area timeseries of wild type amnioserosa cells, a dataset
that is further described in chapter 6. For original timeseries data, including oscillations, we can
already suspect that there are no longer ranged correlations except for the periodicity, having a
mean period of roughly 5 min. But the magnitude of the autocovariance is way too high to be
noise and reflects the variance imposed by the oscillations. The data from the filtered timeseries
shows that the trend was successfully removed and the magnitude is much smaller. There are
no long range correlations visible.

This observation makes it very likely that the origin of the noise stems from thermal fluc-
tuations, fluctuations of the actomyosin network, the network of cells in the tissue or from
movement of the rest of the embryo which directly translates into area fluctuations. We are
not claiming that myosin or calcium dynamics are not noisy as well but we have obtained good
indications that the separation of timescales is large enough such that these do not matter for
the fluctuations of the cell surface area.

Extended parameters for model comparison

In the main section we showed a smaller window of parameters to focus on the most optimal
parameter regions. Here, a broader range of parameters is shown in Figure 5.21

A novelty is the plot that displays collapse probability. Since we repeated simulations 10
times we obtain the frequency of successful simulation runs without collapse. Because our
system is stochastic, there is a transition region between parameter combinations that always
oscillate or are stable and regions which always collapse. In the deterministic case, the border
between collapse and oscillations would be sharp between frequencies 0 and 1. In the other
phase diagrams we have blacked out parameter combinations for a collapse probability > 0.3.

Otherwise, the figure does not contain new information, but they show that the system
behavior consistently continues as expected for the extended parameter window.
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Figure 5.21: Extended parameter window for simulation comparison with
the experiment. Expanded parameters are consistent with the smaller fraction we
showed before. In the top right the collapse probability is displayed which shows the
fraction of collapsed simulation runs.
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Chapter 6

Quantitative analysis of ellipsoidal
amnioserosa dynamics

“Statistical laws are not necessarily used as a result of our ignorance. Statistical
laws can reflect how things really are. There are matters that can only be treated
statistically.”

James Clerk Maxwell

6.1 Content

In this section I quantitatively describe the amnioserosa of Drosophila during the ellipsoidal
stage before dorsal closure onset. First, the experimental details and properties of the dataset
will be described followed by an analysis of single cell and whole tissue dynamics.

Through the advances in image processing techniques (see chapter 4) it is now possible to
record, segment and track cells in epithelial tissues with very high accuracy. I here describe a
unique dataset consisting of fully segmented amnioserosa time lapse movies of roughly 10 wild
type embryos and a similar number for two mutants Tmc and xit . For the first time we have
access to 1-2 hour long trajectories of thousands of cells in the amnioserosa for the complete
tissue. Previous studies only focused on smaller regions of interest and few examples.

Of special interest is the analysis of cell oscillations and cell-cell coordination. Subtle dif-
ferences between wild type embryos and xit and Tmc mutants can be resolved using our large
scale analysis approach. Synchronization is quantified by the cross-covariance of cell pairs over
the whole ellipsoidal phase.

Tmc mutants show a substantial loss of synchronization with their direct neighbors. In
addition, the spatial order of synchronous and anti-synchronous regions in the amnioserosa is
clearly distinct compared to wild type embryos. xit mutants experience loss of synchronization
to a lesser extend. Interestingly, the spatial order of correlations is closer to wild type.

Local false discovery rate (FDR) analysis is used to dissect the ensemble of correlations into
statistically significant and insignificant correlations. The FDR subsample confirms the result
of the global analysis, showing that the detected distribution and spatial organization of wild
type embryos is consistent.

Furthermore, observables like cell area or cell anisotropy are described and morphological
differences between wild type and the mutants become clear. In general, wild type embryos
show less embryo by embryo variation and shorter completion time of the ellipsoidal phase,
which indicates higher efficiency in comparison to the mutant embryos. In addition, WT cells
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6. Quantitative analysis of ellipsoidal amnioserosa dynamics

have more isotropic shapes. Considering different spatial regions in the amnioserosa, the anal-
ysis reveals that in particular peripheral cells show distinct features from bulk cells, but also
anterior/posterior cells from middle cells.

Results in this chapter have been obtained using the segmentation method described in chap-
ter 4. Key results from this chapter are also presented in chapter 7 where they are combined
with results from chapter 5 and additional experiments to understand the roles of Tmc and xit
for intercellular coordination.

The experimental data used in this chapter has been recorded by Prachi Richa from the lab
of Jörg Großhans, Department of Developmental Biochemistry, University Medicine Göttingen
(now University of Marburg (JG) and Cambridge University (PR)).

6.2 Dataset description

The here used dataset consists of time-lapse movies of the amnioserosa pre dorsal closure. For
wild type 8 embryos are incorporated into the dataset and respectively 7 embryos for xit and Tmc
, which are mutants that affect E-Cadherin glycolization in the case of xit and a mechanosensitive
ion channel in the case of Tmc .

Movies have been recorded using a Zeiss Observer.Z1, CSU-X1 spinning disc microscope
with the objective Plan-Apochromat (25X, NA 0.5oil, mutli-immersion, DIC), recorded via a
emCCD evolve 512. The temporal resolution is 35s/frame and spatial resolution is 0.5333 ·
0.5333 · 1µm/voxel. Embryos were recorded in a room with 22◦C [279].

A second dataset exists with higher spatial and temporal resolution using a 40x objective
with 10s/frame recording time. This dataset is not considered for data analysis. However,
higher resolution example trajectories from this dataset might be shown, or results may be
double checked. It only shows a part of the full amnioserosa and the total recording time is not
long enough for full evaluation.

If not declared otherwise, the data that is shown or analyzed will come from the dataset
that shows the full amnioserosa for the whole ellipsoidal phase.

Spatial normalization

In this study, different experimental realizations of the same system are compared with each
other. One important question is how to align these datasets. In case of spatial alignment the
solution is quite simple. The coordinates along the axial direction are normalized such that the
position of the anterior most cell has value 0 and the posterior most cell position has value 1. In
the same way coordinates in the lateral direction are also normalized between 0 and 1, whereas
the bottom most cell position has value 0.

Time course alignment

Another alignment question poses itself when the temporal development of some process is
investigated. This question is not trivial because, as we will see in later sections, there is
significant temporal variance across the experiments, especially in case of the mutants.
One example is that the manually determined ellipsoidal phase has different durations, as can
be seen in Figure 6.3. Since it is interesting and important to investigate how tissue properties
evolve over time these datasets have to be aligned to yield a valid time resolved ensemble
description.
There are several options how such an alignment can be achieved: (i) alignment to the beginning
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of the ellipsoidal phase, (ii) alignment to the end (dorsal closure onset), (iii) aligning the whole
time course and interpolating such that all time series are of the same length. Options (iii) and
(i) are excluded because (iii) would strongly alter the possibly nonlinear temporal structure of
the data and for (i) we actually do not have an exact objective criterion for the onset. Therefore
alignment to dorsal closure is left. The greatest advantage here is that we have a relatively
clear alignment point. Since dorsal closure onset is associated with the beginning of the zipping
process, which roughly begins when both canthi are fully formed, we have an objective criterion
for this alignment point which is depicted in Figure 6.1.

t=0t=-58min

Figure 6.1: Alignment of different experiments by visually determining the
time of dorsal closure onset. When the canthi at the anterior end of the tissue has
formed the zipping process is initiated or shortly after. This is a singular event with
clearly determinable occurrence which can be used as alignment point. We call this
alignment point dorsal closure onset, although this terminology is not a consensus in the
literature because it is not clear when exactly dorsal closure is initiated.

It has to be said that also this criterion is not fully exact. The zipping does not have to
start immediately after canthi formation and also the exact point when the canthi is formed has
some ambiguity to it. The visual cue is only accurate ±5min, which is estimated by manually
looking over the movies. In addition, the onset of dorsal closure is not very well defined by itself.
Scientifically it is important in this section that we have a clear alignment point and that this
point does not yet fall into dorsal closure. During dorsal closure different biological processes
are at work that would interfere with the statistical stationarity condition we require to analyze
timeseries.
There is also the option that a quantitative measure exists, an order parameter like in a phase
transition, that abruptly changes at dorsal closure onset and therefore signifies the time point.
Such a parameter could not be found during ellipsoidal phase. While there are changes in the
dynamics during ellipsoidal phase they are happening continuously and too slowly such that a
clear onset point could not be determined quantitatively.

Regions of interest

One question to be investigated is whether all cells within the amnioserosa are completely
homogeneous as a population or whether there are spatial differences. The topology of the
tissue or anisotropic external forces exerted form the lateral epidermis could result in differences
for certain static parameters like cell area or anisotropy as well as dynamical differences. In later
sections there will be mainly two types of division of the tissue, which can be seen in Figure 6.2.

First, a distinction is being made between peripheral and interior (or bulk) cells. The
behavior of the peripheral cells is biologically different, as described in the introduction, and in
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25% 25%50%

outer vs inner cells left vs middle vs right cells

Figure 6.2: Regions of interest within the amnioserosa used in later quan-
tifications. Amnioserosa bulk cells express different proteins than the peripheral most
cells, which for example play a role for purse string formation. Cells at the canthi are
considered separately from middle cells.

addition the formation of the actin cable around the amnioserosa might cause differences in cell
behavior. Secondly, it will be distinguished between anterior, middle and posterior regions. The
middle part of the amnioserosa has to counteract the forces from the lateral epidermis the most.
Furthermore, the concave topology of the cells near the canthi might provide more stability and
thus show different dynamics.
Anterior, posterior and middle cells are defined by the 25% quartiles of the normalized cell
positions.

6.3 Basic properties of the amnioserosa

Here, the basic properties of the amnioserosa are presented. First the focus is on static properties
and statistics, then the dynamics will be discussed afterwards.
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Figure 6.3: Loss of Tmc and xit disturbs basic properties of amnioserosa cells
in the ellipsoidal phase. Single dots represent a single experiment / embryo. The
left panel and the one next to it show the length and width of the tissue in agreement
with values from the literature [167, 260, 285, 321]. The number of cells matches the
literature as well [97, 107, 122, 260]. As stated in the introduction, the definition of
the ellipsoidal phase is not unique, therefore there are no values we can compare the
duration to.

Figure 6.3 displays amnioserosa width, length, cell count and duration of the ellipsoidal
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6.3. Basic properties of the amnioserosa

phase. While the wild type values match the literature [97, 107, 122, 167, 260, 285, 321],
already some differences can be seen in the mutants. Tmc and xit seem to be in reasonable
agreement with wild type for the dimensions, however Tmc is roughly 10 microns shorter on
average. This difference is the width of a typical cell. It can also be seen that xit and Tmc have
fewer cells and the duration of the ellipsoidal phase is longer. It has to be noted here however,
that the duration is determined manually by visual inspection of the movies. Dorsal closure
onset is defined as the time when the canthi at the anterior end is fully formed. The beginning
of the ellipsoidal phase starts when the germband has retracted.

Cell area

Amnioserosa bulk cells display oscillatory behavior. Before this dynamics is investigated more
closely, the average properties like the average cell area and their distribution are of interest
as well. Areas are computed by counting the pixels per cell, or alternatively via Leibniz’ rule
during junction labeling. An example of the segmented cells, where they have been color coded
by area, is shown in Figure 6.4.
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Figure 6.4: Example of area quantification from a wild type embryo. Each
cell is colored according to its area.

Figure 6.5 displays histograms for the cell area pooled from all embryos. Comparison of the
average area shows only slight differences between the mutants but using the regions of interest
and looking at the temporal development reveals distinct phenotypes.

For the temporal development, a histogram for the cell area at four different time points is
shown. First at the beginning of the respective movie, which still is situated in the germband
retraction phase, second at the initiation of the ellipsoidal phase, then in the middle of the
ellipsoidal phase and finally at dorsal closure onset. The measured cell area for WT is in
agreement with published data [107, 260, 306]. For Tmc and WT there are no clear differences
between the distributions. xit on the other hand clearly experiences a shift of the distribution
towards smaller areas.

While the overall average histogram did not reveal significant differences between areas of
the mutants, when we look only at the middle cells and the bulk cells the distributions are
different. Compared to xit and Tmc the WT distribution is significantly shifted toward smaller
areas and xit even has some bigger cells in those regions than Tmc . The distributions in the pe-
ripheral region and the anterior/posterior canthi are not significantly different from each other.
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Figure 6.5: Tmc and xit mutant cell area is increased in bulk cells and for
middle cells. Histograms show amnioserosa cell area. Top left shows the average
cell area throughout the ellipsoidal amnioserosa phase of WT, Tmc and xit embryos.
The remaining three panels on the top half show the temporal development of the area
distribution without spatial restrictions for WT, Tmc and xit respectively. In the bottom
panel, the two graphs on the left are displaying the area distribution in the middle
part (top) and the inside part (bottom) as defined in Figure 6.2. In comparison, the
histograms on the right display the distribution in the complementary region with respect
to the left side. The distribution of anterior cells is not significantly different from the
distribution of posterior cells.
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Those regions contain more cells because they are smaller which makes the histograms smoother.

Total area is computed by summing the individual cell areas per frame. Time courses of
total and average area change is computed frame by frame and then aligned to dorsal closure
at t = 0. Figure 6.6 displays the corresponding data.
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Figure 6.6: Amnioserosa area decreases during ellipsoidal stage. Time courses
of complete amnioserosa area and average cell area for WT, Tmc and xit respectively.
The thick gray curve is the ensemble average and the region around it is the standard
error of the mean. All time courses have been aligned to the onset of dorsal closure.
Especially interesting is the consistency of average cell area in the wild type case. The
mutants show much higher variance and especially xit displays notable trends.

For all mutants the total area decreases continuously over the ellipsoidal phase. The slope,
however, is noticeably increased for xit while for Tmc and WT there is an acceleration when
dorsal closure onset is approaching. In terms of absolute size, the amnioserosa has the largest
total area for WT. xit in addition, displays a large volatility across experimental realizations.

The average cell area time course curiously is roughly constant for Tmc and WT. Therefore
some cells have to increase in area while others shrink. Only in case of xit there is a consistent
decrease in average area as well. Both mutants display a noticeably higher variance in embryo
by embryo than WT, which is very consistent.

Cell anisotropy

Another morphological feature that emphasizes the differences between the examined mutant
phenotypes is the cell anisotropy, which quantifies its elongation. Anisotropy and cell angle are
computed per cell using a nematic order parameter [221], which is described in more detail in
section 6.9.

Before the ellipsoidal phase, the germband is retracting and cells in all embryos are very
elongated. Over time cells in WT embryos assume a more isotropic shape while this effect is
less pronounced in the mutants. Figure 6.7 displays an example of segmented amnioserosa with
color coded cells, according to their anisotropy.

135



6. Quantitative analysis of ellipsoidal amnioserosa dynamics

a
n
is

o
tr

o
p

y

0.0

0.8t=-60min t=-5min

a
v
e
ra

g
e
 a

n
is

o
tr

o
p

y

a
v
e
ra

g
e
 a

n
is

o
tr

o
p

y

a
v
e
ra

g
e
 a

n
is

o
tr

o
p

y

time (min) (aligned to DC)time (min) (aligned to DC)time (min) (aligned to DC)

Figure 6.7: Anisotropy decreases after germband retraction until dorsal clo-
sure onset. The top row displays a segmented wild type example with anisotropy
values being color coded. Higher values reflect more pronounced elongation. Below, one
example for each mutant for the whole time course is displayed, including datapoints
before the ellipsoidal phase. The examples show average anisotropy across all cells from
the tissue with bootstrapped 95% confidence region.

An example from a single embryo for each investigated line shows the average anisotropy
over time, aligned to dorsal closure. It can be seen that for WT the average anisotropy decreases
and then roughly stays stationary until the onset of dorsal closure. The examples from xit and
Tmc show similar behavior.

In Figure 6.8, histograms of cell anisotropies are displayed. Similar to the area quantification,
we look at snapshots from different times and different regions of interest.

The average anisotropy for the full ellipsoidal phase shows a difference for xit , but Tmc and
WT have similar distributions. The snapshot histograms for different times, however, reveal
some greater differences. While WT amnioserosa cells clearly develop towards more isotropic
cell shapes, the mutants display this effect to a lesser extend.

In addition, for the regions of interest, the middle cells and the bulk cells, anisotropy is
higher in xit and Tmc whereas xit cells show overall highest elongation, Tmc in the middle and
WT having the most isotropic cell shapes. This difference is lost when comparing the peripheral
cells and the anterior/posterior cells.

The time course shown in Figure 6.9 was determined the same way as for the area. Addi-
tionally, the average angle is displayed, which is the angle between the axial direction and the
director of the cell. See Figure 6.28 in section 6.9 for more details. For the angle calculation no
difference is being made between cells that point towards the anterior or the posterior end such
that the angle takes a value between 0 and 90 degrees.

For WT the average anisotropy during ellipsoidal phase stays fairly constant. For Tmc it
decreases with a constant slope, whereas at the beginning it assumes a clearly higher value and
arrives at a similar level as WT at the onset of dorsal closure. xit shows higher variance across
embryos and much larger values. The average anisotropy also decreases until dorsal closure
onset.

The average cell angle shows similar behavior as the anisotropy. Cells in xit are mostly
elongated in the lateral direction. For WT and Tmc this is more mixed, which is the reason
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Figure 6.8: Bulk and middle cells in Tmc and xit mutants have a higher
anisotropy than wild type cells. Histograms show amnioserosa cell anisotropy. Top
left shows the average anisotropy throughout the ellipsoidal amnioserosa phase of WT,
Tmc and xit embryos. The remaining three panels on the top half show the temporal
development of the anisotropy distribution without spatial restrictions for WT, Tmc
and xit respectively. In the bottom panel, the two graphs on the left are displaying
the anisotropy distribution in the middle part (top) and the inside part (bottom). In
comparison, the histograms on the right display the distribution in the complementary
region with respect to the left side. The distribution of anterior cells is not significantly
different from the distribution of posterior cells.
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Figure 6.9: Cell shapes in xit and Tmc are more elongated, show more
variance and decrease over time while wild type anisotropy is stable. First
row shows the average anisotropy and the second row the average cell angle over time
for WT, Tmc and xit respectively. The thick gray curve is the ensemble average and the
region around it is the standard error of the mean. All time courses have been aligned
to the onset of dorsal closure. The wild type averages and again is way more consistent
than the mutants. The trend in the mutants towards higher anisotropy and laterally
oriented cells is also clearly visible.

lower values are displayed. The embryo-to-embryo variance is noticeably higher in the mutants
compared to WT.

The analysis of area and anisotropy therefore reveals differences in the phenotypes between
WT, xit and Tmc . Especially the temporal development is different as well as the morphology
in the middle part of the amnioserosa, and the bulk part.

6.4 Single cell trajectories

Cells in the amnioserosa are exhibiting area oscillations. In this section we are exploring the
basic dynamical features of these cells to get an idea what kinds of behavior the dataset is
showing.

Figure 6.10 shows some typical examples of cellular dynamics. Areas are fluctuating around
an average value A0 but as we see in those examples the average is not always remaining constant,
but can show drifts that both increase and decrease as well as show mixed behavior of stable
fluctuations and drift.

We selected the examples in Figure 6.10 manually by visually inspecting hundreds of exam-
ples and determining that most trajectories fall into three classes: (i) stable oscillations around
a fixed average area, (ii) cells that show a constant increase or decrease in the average area and
(iii) cells that display mixed behavior showing both stable and drifting behavior or alternatively
exhibit a change in the drift.

In order to come from this qualitative assessment to a quantitative one the drift is determined
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Figure 6.10: In the ellipsoidal phase amnioserosa cells oscillate while main-
taining a stable average area, increasing or decreasing their average area or
they show a mixed behavior. Examples of single cell area trajectories from WT
(blue), Tmc (green) and xit (red) are shown. In the first column, cells exhibit stable
oscillations around an equilibrium area. In the second column cells display a constant
systematic drift while retaining oscillations. In the third column, cells exhibit mixed
behavior, for example stable in the first half and then shrink in the second half like in
the xit case.

by piecewise linear fits to the original time series. This will later be used to detrend timeseries
in the dataset and analyze oscillation in the amnioserosa. To determine how many pieces should
be used (e.g. how many changes in the trajectories will need to be considered) the Bayesian
information criterion (BIC) is used, which is explained in more detail in section 6.9. Our
algorithm automatically finds the best breaking points between the linear segments.

Because of the qualitative assessment we known that some trajectories change their behavior
from for example growing to shrinking (compare Figure 6.10). This can not be investigated if
only a single segment is fitted which is why we choose to have at least two piecewise linear seg-
ments. The analysis of BIC values shows that adding more than two segments is not improving
the overall model goodness. Therefore we will determine trends via piecewise linear fits with 2
segments, but variable breakpoint.

The full dataset is now being analyzed by fitting two piecewise linear segments to the area
trajectories. The optimal breakpoint between the segments is determined by choosing the point
with the highest overall likelihood of the fit. Figure 6.11 shows the slopes of the segments,
the time of the breakpoint and the relative change in area between the beginning and end of
the segment. The relative area change serves as a more intuitive measure to understand how
strongly average cell areas grow or shrink.

The distribution of slopes reveals a tendency of slightly decreasing cell areas. This tendency
is increased in the second linear segment which can be explained by the preparation of the
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6. Quantitative analysis of ellipsoidal amnioserosa dynamics

Figure 6.11: In the ellipsoidal phase most amnioserosa cells stay within ±20%
of their starting area but slightly decrease their average area with the break-
point at around half time of the observation. The distributions of the drift on the
left show that the drift is relatively slow and roughly centered around zero while having a
bias towards negative slopes. In the middle the distributions of the relative area change
also shows a tendency towards negative changes since both have more probability mass
in the left half. The time of the optimal breakpoint is concentrated around 0.5 but with
a very broad distribution. Note that values above 1 and below 0 do not exist. The
displayed probability mass in those regions is due to the fit of the distribution.

tissue for the dorsal closure. As we will see later in this section the overall area is also slightly
decreasing because the tissue is contracting at the canthi since this is necessary for initiation of
the zipping process that guides dorsal closure. As the distribution of the relative area change
shows, most of the cells are staying within ±20% of their starting area.

The distribution for the time of the breakpoint is very broad but shows a peak around 0.5.
In addition, there is a skew towards smaller values for the first linear segment meaning that the
first segment tends to be smaller. This also hints towards the preparation for the dorsal closure
that more cells are decreasing in area in the second segment and may have been stationary in
the first.

Classes and spatial distribution

The next question is whether the behavior of cells is dependent upon their spatial arrangement
or position in the tissue. To this end, cells are being classified as follows: A cell that exhibits
increasing or decreasing drift in both linear segments is classified as increasing or decreasing.
Cells that do not drift in both segments are classified stable. If one of the segments is either
decreasing or increasing and one is stable then the whole trajectory is classified as increasing or
decreasing. If one of the segments shows increasing drift and the other decreasing then this is
classified as mixed.

Each class is assigned a color as can be seen in Figure 6.12 and the position of the cell
in the tissue is normalized between 0 and 1 for both x and y coordinates. Hereby the left-
most/lowermost cell position is defined as 0 and the rightmost/uppermost cell position as 1. In
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6.4. Single cell trajectories

Figure 6.12: Cells which decrease in area are located towards the canthi in
wild type and Tmc while in xit the overall tissue seems to be decreasing in
area. Illustration shows spatial arrangement of area drift classes in wild type, Tmc and
xit .

this manner datapoints from all embryos can be gathered and via kernel density estimation [14]
an average spatial map of these classes can be computed. This map is projected over a ’typical’
amnioserosa sketch to visualize the positions.

The spatially resolved classes show that decreasing area mainly happen at the canthi of
the amnioserosa. After germband retraction at the posterior end of the tissue, the cells are
constricting to prepare for dorsal closure. A crucial process is the zipping at the canthi [166].
To this end, the parts from the lateral epidermis at the canthi have to be conjoined. In contrast,
xit seems to promote shrinking cells all over the amnioserosa. This is also consistent with the
constant decrease in total tissue area over the whole ellipsoidal phase.

Area variance

Before we take a close look at the oscillations and their properties, the investigation of the
variance of the detrended time series already gives some information about their behavior.

In Figure 6.13, we show the variance and the coefficient of variation compared for all em-
bryos. Displayed is the total variation over the whole ellipsoidal phase time period, computed
individually for each cell in each embryo.
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Figure 6.13: Cell area variance decreases over time. Variance and coefficient
of variation are displayed in the left and middle panel. To the right, the coefficient of
variation is plotted by time resolved windowing (window length 15 min) and aligned to
the onset of dorsal closure at t = 0.
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The variance is slightly enhanced in the mutants but not much. The distribution is very
broad, which stems from the distribution of cell areas in the first place. Therefore the coefficient
of variation gives a better representation of how strongly areas are fluctuating around their
equilibrium area.

Indeed the distributions become narrower, pointing to fluctuations around 10-15% of equi-
librium area. We see a slight increase for the mutants. A possible explanation for the slightly
higher variation could be the different number of cells in the tissue. In wild type we have more
cells on average, see Figure 6.3, therefore individual cell oscillations are more restricted by the
packing if the total AS area is roughly preserved.

In addition, Figure 6.13 displays the time-resolved coefficient of variation across all embryos,
which is aligned to the onset of dorsal closure. We computed the coefficient of variation in sliding
windows of 15 min length. It is compelling, that the variations decrease as time approaches dorsal
closure onset. This is consistent with the literature, which states that the tissue is stiffening
before DC [166], therefore decreasing oscillation amplitudes.

6.5 Area oscillations

Amnioserosa cells undergo oscillations of cell surface area. Their dynamics tell us much about
the mechanics of the tissue during the ellipsoidal phase. In addition, the synchronization of
those oscillations is of particular interest in the next section.

For the description of the area oscillations we use autocorrelation function and Fourier spec-
trum analysis. Original cell area timeseries data is extended by zeropadding to avoid periodic
boundary artifacts and help with the visualization by interpolation of the spectrum. As a side
effect, the discrete Fourier transform becomes numerically much faster if the length of the signal
is a power of 2 L = 2N , with N ∈ N. We can use the zeropadding to exactly yield such a number
of steps in the timeseries.

Autocovariance functions

Some example autocovariance functions from cell area timeseries are displayed in Figure 6.14.
Timeseries have been detrended with the piecewise linear segment method.

We empirically find a wide range of oscillation types. However, oscillations are generally
very coherent and stable over a long period of time. On the other hand we also find cells that do
not exhibit oscillations but rather fluctuate around a mean. In addition, observations show cells
that are composed of several harmonics, shorter smaller scale oscillations and longer oscillations
with usually higher amplitude. The middle wild type autocovariance example in Figure 6.14
would be an example for such behavior.

Theoretical autocovariance functions are fitted to the timeseries data. The theoretical model
consists of a delta function at t = 0, an exponential decay and cosine function multiplied with
exponentials. The delta peak is denoting noise in the timeseries, the exponential decay reflects
decay in the correlation and cosine function is modeling the oscillation. This reads

f(t) = a δ(t) + b1 exp(−t/b2) +
N∑

i=i

ci cos(ωit) exp(−t/τi) (6.1)

We define 4 model classes. The first class is the model without the sum, so only deltapeak
and exponential. Then we consecutively add cosine terms up to N = 3. Using the Bayesian
information criterion (see 6.9) as evaluation which model fits the data best, we can classify
each realization of the autocovariance. In Figure 6.15 the average autocovariance from all area
trajectories is shown alongside the distribution of model classes.
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6.5. Area oscillations

Figure 6.14: Different classes of oscillations, quantified via autocovariance
functions, can be found in the amnioserosa ellipsoidal phase. Examples of
autocovariance functions from WT (blue), Tmc (green) and xit (red) cell area timeseries
are shown. Error regions show that for larger lags fewer datapoints are available, which
increases the uncertainty. For wild type and mutants a wide range of oscillation kinds can
be found. The examples here include very stable and robust oscillations, oscillations that
include lower harmonics, but also irregularly oscillating cells and different frequencies.

xitTmc

WT

Figure 6.15: Cell area oscillations are faster in xit and Tmc mutants (left)
Averaged autocovariance over all area trajectories of wild type and mutants. (right)
Distribution of autocovariance classes. In wild type seems uniform the most but class 2
has most cases which could point towards slightly more coherent oscillations compared
to the mutants. For xit and Tmc class 4 has most cases which is including the most
secondary oscillations.
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6. Quantitative analysis of ellipsoidal amnioserosa dynamics

First it has to be noted that the fit of the theoretical model to the data sometimes did not
converge. In most such cases autocovariance functions were classified into the first class, which
is only the delta peak and an exponential decay. Therefore most of those cases are not smooth
exponential decays but rather irregularly fluctuating cases that do not show high goodness of
fit in the other classes as well. Similarly, manual evaluation of fits showed that for the highest
model order class 4 many cases were irregular enough to benefit from the additional parameters
of the higher model order. They were classified in 4 because of dominating slower oscillations.
Classes 2 and 3 show the behavior we were mostly expecting beforehand by having one or two
oscillations, in case of class 3 usually one faster oscillation and one slower.

In comparison to the mutants, wild type embryos have more cells that are having only one
dominant oscillation and are falling into class 2. All three have many cases in class 4 which is
probably due to one or two dominant oscillatory modes and irregularities or trends that have
not been removed by the piecewise linear fits. Below we make a Fourier spectrum analysis which
sometimes finds long scale remaining trends, that are not linear.

Im summary, the class analysis shows that over 75% of area trajectories in the amnioserosa
are best represented with oscillatory autocorrelation functions for both mutants and wild type
embryos. Only roughly a quarter is too irregular or displays too weak oscillations and thus is
classified with only an exponential decay in the autocovariance. Of the oscillatory cases two
third, namely classes 2 and 3, show highest likelihood for one or two dominant oscillations.
Roughly a third in all cases exhibits additional irregularities or additional harmonics such that
the bestfit autocovariance has three oscillatory components.

Fourier analysis and periodicity

For further investigation of cell area oscillation, power spectra are computed to determine main
oscillation periods. To this end we compare several methods, see Figure 6.16.

In particular discrete Fourier transformation [10], Welch’s method [219], multitaper method
[16] and wavelets [256] are used to generate a power spectrum from the timeseries data. Ze-
ropadding is chosen such that the timeseries has a length of 2N to improve computation time.

A fundamental problem with power spectrum computation is that the Fourier transform is
defined as the integral from −∞ to ∞ of the signal. Our timeseries are of course finite, which
is equivalent to an infinite timeseries that has been multiplied with a box function. The Fourier
algorithm can not discriminate this and therefore harmonics of the boxfunction appear in the
signal. In addition, noise in the timeseries can also affect resolution of the spectrum.

To mitigate these problems, window functions are used, for example a Gaussian, that is
multiplied with the signal. The Fourier spectrum is computed for each window, sliding over the
timeseries. The resulting spectrum is the average of those windows. This procedure is called
Welch’s method. It is less sensitive to noise, and the particular choice of the window function
also reduces artificial harmonics. This comes at the cost of resolution because the single windows
are shorter than the overall signal.

Welch’s method is particularly dependent on the choice of the window function and has
limitations because the windows reduce signal length. Instead of using a single window function,
the multitaper technique uses a set of different window functions over the complete signal and
does the average over those. So instead of computing an ensemble average, like in Welch’s
method, multitaper creates independent samples from the whole signal and averages those. The
different ’tapers’ are orthogonal to each other such that averaging indeed yields independent
estimates of the spectrum.

A third method is continuous wavelet transform. The signal is projected on a family of
frequency bands represented by the wavelet. Because the projection of the signal depends only
on the length of the wavelet, which is quite small, this procedure yields high temporal preci-
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6.5. Area oscillations

Figure 6.16: Comparison of methods to generate the Fourier spectrum. The
first panel in the top left displays the autocovariance of an example timeseries. To the
right the discrete Fourier transform (numpy implementation) is shown. In the bottom
row, three methods are compared: (left) Welch’s method, using a Hanning window,
which empirically gave the best results among roughly 10 different tested windows,
(middle) multitaper method and (right) wavelet spectrum using a Morlet. It can be seen
that all methods reliably find the oscillation frequency at 0.33/min, which corresponds to
a period of 3 min. We use the wavelet transform in the following because we have good
prior knowledge of the oscillations and it can also provide time resolved information,
while the other methods are global.

sion. The disadvantage is that prior knowledge of the frequencies of interest is needed. Fourier
transform can be viewed as a special case of wavelet transform with the wavelet e−ikt, differ-
ence mainly being that for wavelet transforms, wavelets are used that are localized in time and
frequency. We here used the Morlet wavelet.

As can be seen in Figure 6.16, all methods reliably find the correct dominant frequency of
the signal at f = 0.33/ min. Welch’s method and wavelet have comparably lower resolution. In
particular the wavelet is not able to detect higher frequency components due to the frequency
localization. We will use the wavelet transform for further investigations, because it is the
most reliable method if prior knowledge of the oscillation characteristics exist. This is the case
here from extensive empirical understanding of the author and also description of amnioserosa
oscillations in the literature. In addition, we can exploit the temporal resolution of wavelet
transform.

Figure 6.17 shows the wavelet analysis for an example trajectory from a wild type am-
nioserosa cell. Thereby a realization was picked that still includes a drift, or lower harmonic
oscillation, which has not been removed by the piecewise linear detrending procedure. Next to
the timeseries, the wavelet spectrum is displayed and time-averaged and scale-averaged power
spectra.

Significance has been computed by comparing the spectrum with an estimate of the under-
lying noise spectrum which was generated via Monte-Carlo subsampling. If a peak in the power
spectrum is significantly above the estimated noise level it is significant. The noise distribution
thereby is cut off at the 95% quantile.
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6. Quantitative analysis of ellipsoidal amnioserosa dynamics

Figure 6.17: Oscillation analysis using Morlet wavelets reveals that oscilla-
tion periods can change over time. (top) Example timeseries where the piecewise
linear detrend did not remove lower harmonic oscillations and the oscillation is irregu-
lar. (middle) The wavelet spectrum. Color denotes the power, significant regions are
surrounded by a black contour. (right) Global power spectrum with 95% significance
denoted by the dashed line. (bottom) Time-resolved power, which was averaged from
periods between 1-10 min. This example shows that wavelet analysis is able to resolve
changes in oscillation behavior over time. In the first part of the timeseries the oscilla-
tion has a period around 1.5 min, while it changes to ∼ 3 min after 20 min. It also picks
up the lower harmonic with a period of 8 min in the first half and there also is a trend
with a period of 32 min.
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6.5. Area oscillations

In Figure 6.17 significant regions are indicated via a dashed line in the global spectrum and
solid black lines in the wavelet spectrum. To determine oscillation periods we compute the
global spectrum and take the maximum peak frequency above the significance level as estimate
for the average oscillation period.

The spectrum is able to detect higher and lower harmonics in addition to the average fre-
quency. In the example, the first half is comprised of a lower harmonic with a period of roughly
8 min and a higher harmonic with a period of roughly 2 min. Only in the second half an oscil-
lation of about 3-4 min becomes dominant. Thus there is some variability in the oscillations of
this cell. In addition, the global trend of the timeseries is picked up by a peak in the spectrum
at > 32 min. The ability to resolve all the details is the great advantage of wavelet transform
and the reason we chose this procedure.

The scale averaged power gives some information about the strength of the oscillations over
time. From the variance analysis in the previous section (see Figure 6.13) we expect that os-
cillations amplitudes go down on average. The spectrum, in this case, confirms this but also
shows a second explanation. While the variance certainly goes down in the second half, which
is reflected in the scale-averaged spectrum, it also becomes more regular. We have to be careful
here because it can not easily be distinguished whether oscillation amplitudes decrease or they
simply become more regular while the tissue approaches the onset of dorsal closure. Heuristic
analysis of data, however, has shown that amplitudes really go down in most cases.

Equipped with the wavelet transform, we can now determine the average periods of am-
nioserosa cell area oscillations. We use the method described above and results are shown in
Figure 6.18.

xit

WT
Tmc

Figure 6.18: Cells in Tmc and xit oscillate faster than in wild type. Histograms
of oscillation periods for WT, Tmc and xit are shown. Values were determined via
wavelet transform.

The histogram of oscillation periods shows that xit noticeably oscillates with a faster pace
than in Tmc and WT. Periods of Tmc and WT are only marginally different, but they are
slightly faster in Tmc .

Faster oscillations can be due to several differences between the mutants and wild type.
First, the elastic properties of the tissue might be different. It is known that the amnioserosa
is stiffening when dorsal closure approaches [198]. Another possibility is anisotropic tension.
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6. Quantitative analysis of ellipsoidal amnioserosa dynamics

In chapter 7 we show that in the lateral direction junction exhibit higher recoil velocity after
junction cuts. Higher tension could therefore influence the oscillations. A third possibility are
different chemical properties of the pacemaker, namely the actomyosin dynamics. If xit and
Tmc alter the regulation of myosin this could affect actomyosin oscillations as well which would
be observed as differences in area oscillation periods.

Knowing the wavelet power spectrum for each cell in the amnisoerosa enables us to average
them and obtain embryowise averaged powerspectra. An example for a wild type embryo is
depicted in Figure 6.19.
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Figure 6.19: Wavelet analysis confirms that power decreases over time. (left)
Example of embryo-averaged wavelet spectrum. (right) Scale-averaged power aligned
with respect to dorsal closure onset at t = 0. The scale averaged power is averaged across
all embryos decreases during ellipsoidal phase, which is consistent with the decreasing
variance (Figure 6.13).

From the averaging per embryo, we compute the scale-averaged power and obtain time
courses for the average oscillation strength. Those are aligned to dorsal closure onset and
averaged over the whole ensemble of embryos. Results are also shown in Figure 6.19. The scale
average power decreases over the course of the ellipsoidal amnioserosa phase until dorsal closure
onset. This is consistent with the decreasing coefficient of variation, observed a few sections
ago and summarized in Figure 6.13. The decrease in power seems to accelerate shortly before
dorsal closure, but this is partly due to the end of the timeseries and the zeropadding. To better
understand the transition to dorsal closure we would have to take data from at least 10 min into
dorsal closure into account.

6.6 Synchronization of cell-cell area dynamics

The main question of this thesis is how processes are locally coordinated during morphogenesis.
To determine intercellular coordination we use pairwise cross-correlation analysis. Figure 6.20
shows the frequency difference between the cell pairs and the distribution of the lag of extremum
of the cross-correlation function.

Both wild type and Tmc cell pairs have more similar frequencies compared to randomly se-
lected cell pairs from the whole tissue. xit has significantly larger differences for the frequencies.
This is already some form of synchronization. Neighboring pairs have more similar frequencies
compared to random pairs. The distribution of lags of the extremum of the cross-correlation
function is centered around zero, which shows that most cases are either in synchrony with
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Figure 6.20: Neighboring cells have similar frequencies and mainly are either
synchronized or anti-synchronized. (left) Cumulative distribution of frequency dif-
ferences for neighboring cell oscillations. Cells that are neighbored therefore have more
similar frequencies compared to random pairs from the same tissue. (right) Distribution
of lags from the extremum of the cross-correlation function. Lags are normalized between
-0.5 and +0.5 according to the frequency of the oscillation of the cells. A sharp peak is
centered around lag zero, which means that most of the cell pairs are either in sync or
anti-sync with each other and there is no delay in the oscillations of the timeseries. The
distribution falls off for larger lags.

the neighbor cell or anti-synchrony. The lags have been normalized according to the frequency
of the participating cells. Therefore the lag distribution goes to zero when lag -0.5 or +0.5 is
approached.

As could be seen in the last section, single cell oscillations can be irregular and change
their behavior over time. Our approach is therefore a large scale ensemble method. Correlation
coefficients are computed over the whole time course of the ellipsoidal amnioserosa phase for
an ensemble of embryos. Across the full distribution, statistical methods are used to determine
significance of those correlations. We then analyze their ratio and spatial distribution.

The large scale approach allows to detect systematic differences across mutants despite ir-
regularities. Correlation coefficients are the most simple measure for the synchronization of two
signals. Higher order methods involve additional assumptions or prior knowledge.

In addition, we directly compare the ensembles of cell coupling in spatially resolved manner
via computing the average correlation in a normalized region of the amnioserosa using Gaussian
density kernel estimation. Together, the ensemble average spatial correlation and the statistically
significant couplings allow detailed comparison of the mutants.

Statistical analysis

To determine the statistically significantly coupled cell pairs we use two methods: 1) Bayesian
large scale testing [78], in particular local false discovery rate analysis [76, 77], and 2) circular
block bootstrapping [183]. Methods and results are depicted in Figure 6.21.

For false discovery rate (FDR) analysis, first z values for each correlation coefficient are
computed by comparing the value with an empirical null distribution. This empirical null was
computed via random cross-embryo subsampling, which means that two area trajectories from
different embryos where correlated. Because cells from different embryos can not be interde-
pendent the distribution of correlation coefficients from this data gives a probability for the
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Figure 6.21: Determining the significance of cell-cell coupling via local false
discovery rate analysis and the circular block bootstrap yields similar results.
(top left) Distribution of z values from cross-correlations in WT. Local FDR determines
the null distribution from the data directly, which is the blue curve. The green curve
is the fitted mixture density. Deviations show unexpected events. Purple bars indicate
significant values. (bottom left) Correlation coefficients for WT plotted over normalized
axial direction. The insignificant cases are plotted in gray and the significant in color.
(top right) Visualization of the circular block bootstrap. Blocks with fixed size are ran-
domly sampled from the time series, which are conjoined to yield a bootstrap sample
of a timeseries. Significance is determined by comparing the bootstrap confidence inter-
val with an empirical null distribution. (bottom right) Correlation coefficients, similar
as (bottom left). Both methods yield qualitatively similar results, but there are local
differences.

150



6.6. Synchronization of cell-cell area dynamics

real correlation appearing randomly. This is also called a p value. The corresponding z value
statistics is what is used for local FDR.

Local FDR does not rely on theoretical null distribution instead it is estimated directly from
the data, in this case we chose 1/4 of the data, the middle quartile around z = 0. Justification
comes from the fact that a large part of large scale test statistics are insignificant anyway and
therefore coincide with a random density. But the method is also able to infer the proportion
of the null.

The empirical null is then compared to the mixed density which consists of all values, in-
cluding the unexpected, and therefore significant, cases. It is simply fitted via a higher order
polynomial. Local FDR is called this way because the method is able to decide locally via
Bayesian inference to reject a z value or not. This yields a powerfully significance estimation,
not depending on theoretical null assumptions and deciding case by case instead of simply
putting a p value threshold for example.

We are able to control the false discovery rate with this method and set it to 0.1, therefore
10% of the significant cases are expected to be false discoveries. This corresponds, for Gaussian
statistics, to a p value threshold of 0.05. To compute local false discovery rates we use the R
implementation locfdr.

Because determining the significance of correlation coefficients is crucial for later analysis,
we compute it via a second method called circular block bootstrapping [183].

Correlations are supposed to detect temporal interdependencies between two signals. There-
fore one can not simply bootstrap samples from data that includes correlations, since the samples
are not independent anymore. To circumvent this, blocks are chosen from the signals such that
the blocks can be assumed to be independent. Determining the block size is the crucial step
which has thus been extensively studied. We refer the interested reader to the literature and
here just state that we used the method devised by Politis and White [259].

From sampling random blocks from the combined timeseries of both cell areas (if a block
selects a time window for one cell area trajectory, exactly the same window is chosen for the
second), a bootstrap sample is computed 2000 times. The resulting distribution is used to cal-
culate 95% confidence intervals. The circular block bootstrap hereby assumes period boundary
conditions for the timeseries.

Comparing the results for the statistically significant vs insignificant correlation coefficients
from both methods, it can be seen in Figure 6.21 that both yield qualitatively similar results.
Locally, however there are differences in the selection of the significant cases. Small deviations are
expected because we have used two completely different methods having fundamentally different
approaches. Local FDR estimates significance from the distribution of correlation coefficients
itself, while circular block bootstrapping determines the significance from the timeseries case by
case. That we have achieved such similar results indicates that we can be relatively confident
to really have selected correct significantly coupled pairs.

Correlation analysis results

Using the methods for determining statistical significance we can now compare the results for
the different mutants. See Figure 6.22.

It can be seen that the total density of correlation coefficients is roughly Gaussian with 0
mean for xit and WT. The distribution for Tmc is skewed towards negative values. This can
also be seen by visual inspection of the data points in the Tmc graph. Visually, WT has most
positive significant correlations while Tmc has the least. The exact values are summarized in
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6. Quantitative analysis of ellipsoidal amnioserosa dynamics

WT

Tmc xit

Figure 6.22: Distribution of correlation coefficients is shifted towards nega-
tive values in Tmc compared to xit and wild type. Histogram for all correlation
coefficients are shown in the top left panel. The other graphs indicate are the significant
positive and negative correlations and in gray the statistically insignificant correlation
coefficients plotted over normalized axial position. For both mutants significant corre-
lations are reduced compared to WT.

the following table.

correlation analysis

type positive negative stat. insig. pos. / neg. sig./insig.

WT 795 805 5774 0.99 0.27
Tmc 254 809 3570 0.31 0.29
xit 324 541 3849 0.59 0.31

The ratio of significant to insignificant values is roughly the same for all embryos. However,
the ratio comparing significant positive correlations and significant negative ones is dramatically
different for WT and the two mutants. In WT the ratio of positive/negative values is almost
1:1. xit experience a drop in positive correlations by 40% and Tmc even 70% compared to wild
type. These ratios are also visualized in Figure 6.23.

The loss of significant positive cell couplings indicates a function for Tmc for intercellular
coordination. Not only are the significant couplings different, but the whole distribution is shifted
towards negative correlations as well, while in xit this is still intact compared to WT. However,
xit also experiences loss of coupling to a lesser extend. Since xit affects E-Cadherin complexes at
adherens junctions directly, this suggests a function for E-Cadherin as signal transducer. This
results is one of the first direct indications that ion channels mediate intercellular coordination
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WT

Tmc
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Figure 6.23: Tmc and xit show a loss of synchronized oscillations compared to
wild type. In WT, the ratio of statistically significant positive and negative correlation
coefficients is almost 1 to 1, whereas in Tmc it is 1:3. Therefore anti-synchronized cell
pairs are over-represented in the mutants.

in the amnioserosa during morphogenesis.

6.7 Spatial analysis of synchronization

In the last section it was established that there is a loss of positive cell coupling in the mutants
compared to WT. Now the spatial distributions of cell coupling is investigated.

To this end, data of the positions of cell pairs in the amnioserosa is normalized. The position
of a cell pair is defined as the average position of the center of mass from both cells. Across the
tissue it is then assigned a value between 0 and 1 for axial and lateral direction respectively.
Thereby 0 is the leftmost/bottommost cell position and 1 the rightmost/topmost cell position.
In this way, positions from different embryos can be pooled together and compared across WT,
Tmc and xit .

Spatial distribution of significant cell couplings

Using the significant cell couplings from last section, their position is plotted on a prototypical
amnioserosa image after position normalization. This is depicted in Figure 6.24. In addition,
the density profile of negative and positive significant correlation coefficients is plotted against
the normalized axial direction.

First, it is again noticeable that in Tmc and xit there are less positive values compared to
WT. In addition, a difference in spatial distribution can be seen. Negative values in wild type
and xit are concentrated at the canthi of the tissue. In between the distribution is more sparse.
In contrast, positive values are more homogeneously distributed. Density profiles confirm this
impression, showing a bimodal negative curve and roughly homogeneous positive curve. WT
is the only case across mutants where a higher density of positive correlations is present in the
middle part of the tissue. For xit and Tmc there is consistently a higher density of significant
negative cell couplings.

Tmc shows a different distribution compared to the other two. Significant negative cell pairs
are mainly concentrated towards the anterior end of the amnioserosa. In addition, the difference
in the amount of negative vs. positive cell coupling is apparent both visually and in the density

153



6. Quantitative analysis of ellipsoidal amnioserosa dynamics

Figure 6.24: Spatial distribution of significant positive and negative correla-
tions is altered in Tmc . Significant correlations are plotted on a prototypical image
from the amnioserosa according to their normalized positions. Negative coupling in top
row, positive in the middle. The bottom row shows normalized density profile along the
axial direction, which compares the negative and positive profile directly. Error regions
are bootstrapped 95% confidence intervals over the embryos. Only in WT there is a
surplus in positive density in the middle part of the tissue. In Tmc and xit it is consis-
tently below the negative profile. In addition, Tmc does not show the bimodal behavior
of WT and xit where the negative correlations seem to mostly prevalent at the canthi.
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profile.

Visual impression are additionally tested using anisotropy metrics on the spatial distribution
of negative and positive couplings respectively. First, a nematic anisotropy is computed and
secondly the radius of gyration of the point cloud. Both methods are explained in section 6.9.
Results are shown in Figure 6.25.

negative positive positivenegative
radius of gyrationnematic anisotropy

WT Tmc xit

Figure 6.25: Distribution of negative significant correlations is anisotropic
in wild type and xit but not in Tmc . The spatial distribution of significant
correlations is measured via nematic anisotropy and radius of gyration. Both measures
confirm numerically what can already be seen in Figure 6.24, that the distribution in
Tmc is less anisotropic and more concentrated toward one end of the tissue.

For the positive coupling positions, both the anisotropy and radius gyration do not show big
differences between the mutants. Both values are lower than the negative positions, indicating a
more homogeneously distributed spatial order. In case of the negative positions there are larger
differences between Tmc on the one hand and xit and WT on the other. Because of the bi-
modal spatial distribution, in xit and WT there are higher values indicating an imbalance in the
spatial order. In Tmc this drops dramatically showing that the positions are more concentrated.

Therefore, Tmc not only displays a loss in coordination but also has a very different spatial
order compared to xit and WT. Spatially organized cell coordination could be important for the
maintenance of isotropic tension within the tissue or be a crucial component later during dorsal
closure.

Correlation maps

In addition to looking at the significant correlations, our large scale data approach enables to
detect subtle differences by ensemble averaging. Thus all cell-cell correlations are now taken
into account and spatial order is analyzed. Positions are again normalized across all embryos.

Using a Gaussian convolution kernel, correlation values are spatially averaged. To this end
an algorithm is used that can interpolate missing NaN values faithfully [13]. The same approach
is usually applied in astrophysics [14]. Results for the averaged spatial distribution of correlation
values, which we call correlation maps, can be found in Figure 6.26.

In addition to the averaging, randomized maps are generated via random permutations of
the positions. This creates an empirical null distribution of randomized correlation maps. Figure
6.26 shows one sample for WT, Tmc and xit .
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6. Quantitative analysis of ellipsoidal amnioserosa dynamics

Figure 6.26: Positive correlations for wild type cell pairs are lost in Tmc and
xit mutants and Tmc additionally displays a different spatial organization.
First row is the original data, computed with kernel density estimation from all cell
couplings. Next row is a random sample generated by position permutation. Last row
is bootstrap evaluated significant regions

Using bootstrapping over the different embryos, significant regions can be determined in the
correlation maps. The bootstrapping is done over the embryos and not positions because there
may be spatial correlations in the data. Therefore, bootstrapping over embryos is the safer
option. The Bootstrap distribution is used to generate pixelwise confidence intervals that are
compared to empirical null distributions. For empirical nulls correlations are drawn from the
empirical null of last section, where random cell pairs from different embryos were correlated. In
this way significant regions are determined. The interpretation is that those regions would ap-
pear only with small probability if correlations are randomly drawn at exactly the same positions.

By visual inspection of the color it becomes immediately clear that there are more positive
correlations in the WT data. Tmc looses almost all of the red regions and xit is in between the
two others having less pronounced red but also blue regions.

In addition, it appears that there is a spatial organization in wild type. The red regions
almost form a ring like structure while the ends are more colored in blue. In xit the ends are
also dominantly blue which fits to the results of the spatial distribution of only the significant
values. The comparison to the randomized maps, with shuffled positions, makes it clearer that
for WT the red regions are stronger localized than expected if correlations would be randomly
distributed. In Tmc a spatial structure is not to be seen apart from more blue regions to the
left of the tissue, which again fits to the distribution of the significant couplings.

Significant regions confirm some of these impressions by selecting the blue regions at the
canthi for WT and some of the ringlike organized red regions. For xit , also the blue regions
at the canthi seem to be significant. For Tmc almost all regions are significant, which shows
that the whole shift of the correlation coefficient distribution towards negative values is stronger
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than expected by a Gaussian distribution around zero.

Numerical evaluation of spatial structure is done using the variogram method, which is often
used in geology [206], see also 6.9. Variograms are analytically equivalent to spatial correlation
functions but are numerically more robust and easier to implement.

Fitting a theoretical model to the variogram data yields estimates for the length scales of
the correlation maps. We used a Gaussian model, which outperformed exponential, spherical
and polynomial models in terms of the Goodness of fit. Results are displayed in Figure 6.27.

(px)

Data

Tmc

Figure 6.27: Variogram analysis reveals missing structure in correlation
maps. (left) Example fit of the empirical variogram, denoted by the orange curve,
to the bestfit Gaussian model, shown in blue. (right) Length scales from the variogram
fits compared to randomized fields. Shuffling of the correlations has no impact on the
Tmc length scale, which indicates no structure, while xit and WT loose structure when
correlations are permuted.

The fitted length scales are an estimate for the structure size in the correlation maps. We
compare length scales to maps with random permutations of the correlation coefficients. Calcu-
lations for the random maps is repeated 100 times, which yields bootstrapped 95% confidence
intervals for the random timescales.

For WT and xit there is a significant drop of the length scale which indicates structure.
While in WT it is visually obvious, especially for the red regions, in xit the blue regions at the
canthi contribute to the structure in the correlation map even if it is not that obvious visually.
Tmc shows no statistically detectable difference between original length scale and randomized
length scales. This indicates that there is no spatial organization of the cell couplings in Tmc
. Both original and randomized length scales are larger compared to the randomized length
scales in xit and WT. This is due to the skewed distributions of correlation coefficients towards
negative values, producing a higher probability for locally similar correlation values.

The spatial analysis of the cell-cell correlations shows that not only do WT cells have overall
higher coordination, but in Tmc mutants there is a loss in spatial structure as well. How
the spatial organization is created remains unclear however. A conceivable option could be a
morphogen related organization, like planar cell polarity in the germband. Bulk cells in the
amnioserosa have been shown to express different genes than peripheral cells. This could also
affect the spatial distribution of a molecular coupling mechanism.
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6. Quantitative analysis of ellipsoidal amnioserosa dynamics

6.8 Summary and additional discussion

In summary, both Tmc and xit mutants display changes in basic amnioserosa properties, mor-
phology, cell oscillation and cell-cell coordination. Both Tmc and xit mutants have fewer am-
nioserosa cells, these cells are bigger, their size is more variable and have a higher anisotropy
than in WT.

WT and mutant amnioserosa cells oscillate and their amplitude decays over time, which is
consistent with a stiffening of the tissue approaching dorsal closure onset [166, 198]. xit and
Tmc both show increased average oscillation frequency. This could be caused by differences in
stiffness of the tissue. Using laser ablation experiments, described in chapter 7, we find higher
tension on junctions in the lateral direction for both mutants. Increased tension could result
in faster oscillations. Alternatively, the dynamics of a molecular pacemaker, for example the
underlying actomyosin dynamics, could be changed. While we have no reason to assume that
the on/off rate dynamics is altered, Tmc and xit are both affecting Ca2+ signaling, as shown in
chapter 7, which could interfere by regulation of myosin II. The mathematical model, presented
in chapter 5, also shows that a Ca2+ coupling could in principle change amplitude and frequency
of the oscillations.

We find that in wild type embryos cell pairs are synchronized and positive and negative
significant correlations are distributed with the ratio 1:1. In contrast, Tmc mutant amnioserosa
cells loose significant positive cell couplings and in addition display altered spatial distribution
of correlations. xit mutants similarly show a loss of significantly synchronized cell pairs, but to
a lesser degree, and they retain some of the spatial ordering found in wild type, since negatively
correlated cell pairs seem to gather preferentially at the canthi of the tissue.

This suggests a role for both Tmc and xit for intercellular coordination. In case of Tmc this
indicates a role of mechanosensitive ion channels for coordination during Drosophila morpho-
genesis. It has already been hypothesized that such ion channels are involved in this process
[128, 141]. xit affects the distribution of E-Cadherin at the adherens junction [355] which could
also affect the transduction of mechanical stimuli across neighboring cells. A role for E-Cadherin
in mechanotransduction in epithelia has previously been proposed [33, 112]. We continue the
investigation of Tmc in chapter 7 and xit in chapter 8 and study their role in greater detail.

The whole amnioserosa tissue is decreasing slightly over the course of ellipsoidal AS phase,
but for xit mutants a different spatial arrangement of cell area drifts is displayed. For wild
type embryos, mainly cells at the posterior end are contracting while bulk cells are slightly
increasing in area. For xit mutants overall cells are decreasing in area and there is no spatial
ordering. During dorsal closure, an important process is the zipping at the canthi where part
of the epidermal most cells are connected on both sides [69, 92, 142, 167]. Cells in wild type
embryos could thus prepare the tissue for the zipping by contraction and facilitate it.

xit and Tmc mutants are not able to assume isotropic cell shapes during the ellipsoidal AS
phase. Using junction cut experiments, described in chapter 7, we find that tension is anisotrop-
ically distributed across the tissue for both mutants. The tension decreases substantially if the
lateral epidermis is completely separated from the amnioserosa before the junction cut. There-
fore tension coming from the epidermal cells could cause the elongated cell shapes and increased
junction tension in the mutants. Tmc and xit therefore could also have a function for efficiently
assuming, and maintaining, isotropic cell shapes as well as isotropically distributing tension.

In general, both mutants show higher variance in most observables. This result alone already
shows that coordination of processes could be affected. Presumably one of the key reasons for
coordination via transmission and feedback of mechanical stimuli is to increase the robustness
of developmental processes by collectively counteracting external perturbations [166]. Another
aspect could be the efficiency of developmental processes. It can be seen that wild type observ-
ables show less variance across most observables and they also have shorter ellipsoidal stages.
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After germband retraction, the amnioserosa sets the stage for dorsal closure [166], the purse
string formation is happening [142, 167], but also tension is isotropically distributed and the
stiffness increases [198]. Tmc and xit therefore are probably contributing to efficiently prepare
the tissue for dorsal closure. Since the epithelium during dorsal is still the same, while some
additional processes like zipping and cell ingression are at work, they could have an impact on
dorsal closure as well.
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6. Quantitative analysis of ellipsoidal amnioserosa dynamics

6.9 Appendix: Methods

Some of the quantitative methods used in the main text are described here.

Cross-correlation

Correlations are one of the primary tools to understand if and how dynamics of neighboring are
coupled. Therefore, we briefly state some basics here, and refer for further information to the
literature, for example in [25] chapter A.2.

The cross-correlation function is defined as

(f ? g)(τ) =

∫ ∞

−∞
f(t) g(t+ τ) dt (6.2)

for two continuous time dependent functions f(t) and g(t). f(t) denotes the complex conjugate.

The empirical cross-correlation function for two discrete timeseries Xt, Yt is given by

CovXY (τ) = E((Xt − µX)(Yt+τ − µY )) (6.3)

with µ, the average of X or Y respectively. As estimator for the expectation the arithmetic
mean is used, following the law of large numbers.

The correlation coefficient is defined as the covariance at timelag τ = 0, normalized by the
standard deviation σX , σY of both timeseries.

CorrCoeffXY =
CovXY (0)

σXσY
(6.4)

Nematic anisotropy

In our experiments we are interested in how ’stretched’ a cell appears and thus we need some
quantitative measure to characterize this property. The elongation of an object can be described
with a nematic order parameter. We use the same method presented in [221], which has been
used to study the elongation of wingdisc cells in Drosophila. The basic principle is depicted in
Figure 6.28.
The nematic tensor is defined as follows

(
εxx εxy
εxy −εxx

)
(6.5)

whereby we have

εxx =
1

Ac

∫
cos(2φ) dA (6.6)

εxy =
1

Ac

∫
sin(2φ) dA (6.7)

Here the integral goes over the whole object (all pixels of a cell) and Ac is the total area of
this cell. The angle φ is defined by the angle between the vectors pointing from the center of
mass to the position of the cell part |rc − r| and the axial vector defined by the abscissa of the
coordinate system.

rc =
1

Ac

∫
rdA (6.8)
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anterior-posterior
axis

rc r

rcr-

Figure 6.28: A nematic order parameter to characterize cell elongation. The
left scheme is displaying an example cell and the vectors pointing to the center of mass
and a pixel contained by the cell. The right panel shows how an ellipse would look like
for certain values of the nematic elongation.

What we call anisotropy most of the time in this thesis is actually the magnitude of the elongation
defined as

ε =
√
ε2xx + ε2xy (6.9)

The orientation angle ϕ of the object can be computed by

cos(2ϕ) =
εxx
ε

(6.10)

sin(2ϕ) =
εxy
ε

(6.11)

Note that the magnitude of the elongation is slightly unintuitive because it is a nonlinear measure
in the sense that a twofold stretch of an object does not yield a two fold in the anisotropy measure.

Radius of gyration

Under the assumption that a body consists of n particles of equal mass m the radius of gyration
of such a rotating body is defined as

R2
g =

1

n

n∑

i=1

r2
i (6.12)

whereby the rn are vectors pointing to the position of the particle perpendicular from the axis
of rotation of the body. Therefore the radius of gyration is actually nothing else but the root
mean square distance of these particles from the axis of rotation.

The intuition is that if the body has a completely even distribution of particles around the
axis R2

g would be zero. If it is nonzero R2
g points to the position of a body that has the same

moment of inertia I if the whole body mass would be concentrated in this point.

We can thus use this concept as another measure of anisotropy with the following alteration.
Instead of an axis of rotation we take the mean position as reference point and hence

R2
g =

1

n

n∑

i=1

(〈r〉 − ri)2 (6.13)
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6. Quantitative analysis of ellipsoidal amnioserosa dynamics

Variogram

A method that is frequently used in geoscience to quantify spatial correlation is the variogram
[36, 215] e.g. applied in [47]. the variogram is defined as

2γ(s1, s2) = var (Z(s1)− Z(s2)) = E
[
((Z(s1)− µ(s1))− (Z(s2)− µ(s2)))2

]
(6.14)

s1, s2 are locations of points in a random field having the value Z. It is related to the spatial
correlation function by

2γ(s1, s2) = Cov(s1, s1) + Cov(s2, s2)− 2Cov(s1, s2) (6.15)

To estimate the variogram from data we use the estimator

γ̂(h) =
1

2N(h)

N(h)∑

i=1

[z(xi)− z(xi + h)]2 (6.16)

N(h) is the number of elements that are separated by distance h. z(xi) denotes the value of
the random field at position xi. N(h) is determined by binning the data in a range around the
actual distance |xi − xj | = [h− ε, h+ ε].

Theoretical models are fitted to the variogram, which estimates structural parameters of the
underlying random field. For example, in the main text we used a Gaussian model of the form

γ(h) = c0 + c1(1− e−h2/d2) (6.17)

c0 estimates noise strength of the random field, c1 is called ”Sill” but essentially estimates
the variance of the structured parts and d is the typical length scale of the structure. Other
models, like exponential or polynomial can be used but the Gaussian model was showing the
best Goodness of fit for our data.

Statistical methods - the Bootstrap

In general we refer the interested reader to the literature if the used statistical method is unclear.
All methods used in this thesis are nicely described in the book ”Computer Age Statistical
Inference” by Efron and Hastie [78]. This includes methods like the false discovery rate analysis.
However one method we use very frequently is the bootstrap which is therefore briefly explained
here.

Bootstrapping is a statistical method of estimating confidence intervals via repeated sam-
pling from data [75]. A bootstrap sample is generated by randomly drawing from the original
distribution the same number of elements with replacement. A simple example would be if
the original data is D = {1, 4, 7, 9}, then a bootstrap sample could be D̂ = {1, 7, 7, 4}. From
repeatedly generated bootstrap samples, a bootstrap distribution of some estimator is created
by computing the estimator for each sample and combining them in a distribution. For instance
the mean of each sample could be computed and the distribution contains all means of the
bootstrap samples. The region containing 95% of the estimators, by putting the thresholds at
2.5% and 97.5% of the sorted distribution of estimators, gives an estimate for the confidence
interval of the estimator of interest. This is called the percentile method and constitutes the
simplest version of generating confidence intervals from the bootstrap distribution. We usually
use bias-corrected and accelerated confidence intervals. This method accounts for possible bias
and changing variance of the dataset [78]. There is no disadvantage in using this method, which
is slightly more complex and involves jackknife estimation from the data, because in the limit of
unbiased estimators, the percentile method is recovered. This is usually the case for Gaussian
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distributions. The bootstrap method only relies on the condition that the original data is repre-
sentative in the sense that the estimator of interest is faithfully represented by the data. Other
methods, like the computation of p values, always assume an underlying model, for example
a Gaussian. Bootstrapping, however, is model free and can produce for example asymmetric
bounds by construction.

Bayesian information criterion

The Bayesian information criterion is a method to compare how well different models fit to data.
In general the model with more parameters is able to outperform models with fewer parameters,
therefore the BIC punishes the number of parameters as well as deviations of the model to the
data. It reads

k ln(n)− 2 ln(L) (6.18)

where L is the optimized likelihood, n the length of the data and k the number of parame-
ters. The likelihood is the probability of the observed datapoints given a certain model M and
parameters θ, L = p(x|M, θ). Models are preferred that yield smaller BIC values.

As likelihood function we usually choose the following empirical likelihood if not specified
otherwise.

L =

(
1

2πσ2
res

)n/2
exp

(
− 1

2

(xres − µres)2

σ2
res

)
(6.19)

xres are the residuals between the model and the original data. µres and σres are the respective
mean and standard deviation of those residuals.
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Chapter 7

Intercellular coordination is mediated
by ion channels

“The life contest is primarily a competition for available energy.”

Ludwig Boltzmann

7.1 Content

The amnioserosa of Drosophila is a squamous epithelium that has an essential role during dorsal
closure (DC). Dorsal closure is an important model system for epithelial morphogenesis and
wound healing. It closes the dorsal back of the fly embryo at the end of gastrulation. Am-
nioserosa bulk cell dynamics plays an important role for force generation during dorsal closure
which has to be coordinated to yield non-zero net force on the peripheral cells in direction of
the midline. We investigate amnioserosa cell behavior and intercellular coordination shortly
before DC, where the tissue assumes an ellipsoidal geometry and bulk cells exhibit statistically
stationary oscillations.

In this study, we show that Tmc, a mechanosensitive ion channel known for its mechan-
otransduction function in the auditory sensory organ, has a function for synchronization of
neighboring cell oscillations in the amnioserosa. Large scale whole tissue analysis reveals that
nearest neighbor coupling is dramatically reduced in Tmc mutants which, in addition, display a
different spatial order of pairwise-coupled cell hubs. Optically induced cell contraction leads to
contraction in neighbors of the target cell only in WT embryos. This effect is inhibited in Tmc
mutants. These findings suggest that Tmc is necessary for the synchronization of amnioserosa
cell activity. In addition, Tmc contributes to the maintenance of isotropic force distribution and
tissue morphology.

Many experimental studies rely on spatio-temporally restricted analysis due to the lack of
fully automated data acquisition techniques. Using our deep learning segmentation pipeline,
based on cycle-consistent generative adversarial networks, it was possible to acquire a dataset
consisting of an ensemble of fully segmented amnioserosa tissues, see chapter 4.

Using this dataset it is shown that Tmc has an impact on the amnioserosa morphology
during ellipsoidal phase, which is shortly before dorsal closure onset. Cells in WT tissue become
more isotropic after germband retraction, which is reduced in Tmc . A possible explanation is
an anisotropic force distribution across the tissue, resulting from tension exerted by the lateral
epidermis.
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7. Intercellular coordination is mediated by ion channels

Laser cutting experiments reveal that, indeed, there is a tension increase across cell junctions
in the lateral direction for Tmc and xit but not in axial direction when comparing the tension to
WT embryos. Separating the whole epidermis from the amnioserosa shows a significant drop in
junction tension, showing that Tmc and xit are reducing the ability to isotropically distribute
forces coming from the lateral epidermis.

Cross-correlation analysis of neighboring cell pairs indicates that cell-cell coupling is signifi-
cantly reduced in both mutants. in Tmc , the proportion of synchronized to anti-synchronized
pairs with significant coupling is reduced by the factor of 2. In addition, the spatial organiza-
tion of synchronized and anti-synchronized hubs is different for Tmc compared to xit and WT.
Tmc therefore not only affects the synchronization of neighboring cell oscillations but also their
spatial order.

Modeling intercellular coordination with single cell units on a 2-dimensional hexagonal grid
shows that topology alone can not induce the degree of synchronization observed in wild type,
see chapter 5. Coordinated behavior is exhibited when a distinct coupling mechanism is switched
on, which consists of mechanosensitive activation of Ca2+ , which in turn leads to intercellular
synchronization. Comparison of simulation results and experiment reveals that Tmc might affect
the homogeneous distribution of ion channels in the epithelium. Inducing Ca2+ increase in a
target cell shows that with activated Ca2+ coupling, neighboring cells follow the contraction.

This mechanism is tested in vivo using UV induced uncaging of Ca2+ in single cells during
the ellipsoidal phase in the amnioserosa, see chapter 3. Neighboring cells react to the contrac-
tion of the target cell by contracting as well. Tmc and xit neighbors show no significant response.

In summary, our results indicate a novel function for Tmc for linking mechanical activity
with biochemical signaling during morphogenesis in the amnioserosa. Local coordination might
help cells to collectively resist external forces and even comprise a driver of tissue rearrangements.

Results in this chapter have been obtained by applying results from chapters 3 and 4. Fur-
thermore, there is overlap with results of chapters 5 and 6. The manuscript would usually
contain a theory supplement that explains the model, however chapter 5 is more detailed and
contains all the information of the SI, therefore the SI was omitted here.
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7.2 Synchronization of epithelial cells by mechanosensitive
Tmc channels

This chapter includes a draft of a manuscript, intended for later publication in a scientific
journal.
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Jörg Großhans and Fred Wolf conceived the study. Prachi Richa and Deqing Kong planed and
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and simulations. Materials and expertise about the Tmc mutant allele was provided by Martin
Göpfert. PR, MH, FW and JG analyzed the results. All authors wrote, revised or commented
on the manuscript.
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Cells sense mechanical signals using force-gated ion channels to detect touch, sound, and 16 

noxious mechanical stimuli1-3. In developing tissues, internally generated forces and stresses 17 

are the signals that travel fastest, and force-gated ion channels can transduce them into 18 

intracellular responses virtually instantaneously and with exquisite sensitivity4. Here, we show 19 

that mechanosensitive Tmc channels synchronize contractile cell oscillations in a force-20 

generating epithelium during Drosophila morphogenesis. Tmc-dependent synchronisation is 21 

required for establishing an isotropic tissue morphology and isotropic force balance and 22 

mediates the emergence of a ring-like array of synchronously contracting cells. We present a 23 

data-driven model for cell synchronisation by Tmc-mediated Ca2+ signals and confirm the 24 

presence and Tmc-dependence of Ca2+ signals in vivo.  Force-gated ion channels in this 25 

morphogenetically active epithelium thus function to transduce internally generated forces into 26 

intracellular Ca2+ signals that synchronise cell behaviour. Our results suggest that the 27 

evolution of mechanotransduction in metazoans has tailored force-gated ion channels dually 28 

for detecting environmental and morphogenetic force. 29 

Animal morphogenesis is a complex process that critically depends on individual cells in the 30 

developing embryo initiating specific behaviours at the right time and place5. In an embryo, cells 31 

undergo an orderly progression through a hierarchy of cell-fate and cell-type decisions that can be 32 

used as a meter of developmental time. Some cells move within the embryo and may thus use 33 

positional information to tell time. In addition, cells in developing tissues have various molecular 34 

clocks such as circadian and segmentation clocks6. All these molecular time keeping mechanisms, 35 

however, are probably not sufficiently precise to orchestrate cellular activity with minute-by-minute 36 

precision. On such fast timescales, cells may determine the appropriate timing for their actions by 37 

dynamical mechanisms of ‘online’ information exchange and coordination with neighbouring cells. 38 

Actively generated mechanical forces and stresses are necessary to drive morphogenetic 39 

transformations and, within an embryo, forces and stresses are the type of signal that travels fastest7-40 
9. To transduce such mechanical signals into biochemical response variables, force-gated ion 41 

channels are among the fastest and temporally most precise molecular devices2,3. Intriguingly, recent 42 

evidence indicates that force-gated ion channels previously primarily associated with mechano-43 

sensory transduction are expressed in developing tissues10-14. We now found that Tmc, a 44 

mechanosensory transduction channel component implicated in vertebrate hearing15, Drosophila 45 

proprioception and food texture sensing16, and C. elegans touch sensation17, is expressed in epithelia 46 

of Drosophila embryos. To assess whether Tmc is involved in the spatio-temporal orchestration of 47 
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cell behaviour, we examined the impact of a Tmc loss-of-function mutation on the amnioserosa (AS) 48 

dynome, the complete record of morphodynamic activity of AS cells, focusing on the precise timing 49 

of mechanical cell activities.  50 

Tmc is expressed and mediates a Ca2+ response in the AS.  51 

We focused on the amnioserosa (AS), a squamous epithelium, which is mechanically highly active 52 

and exquisitely accessible for comprehensive in vivo imaging and optophysiological and mechanical 53 

perturbation. From germband retraction (GBR) until the onset of dorsal closure, AS cells change 54 

from a highly elongated to isotropic shape, while the AS tissue acquires an elliptical shape (Fig. 1a, 55 

g)18,19. In this study, we define the elliptical AS stage as the period between the end of the GBR and 56 

the onset of dorsal closure at t=0.  57 

Tmc proteins are highly conserved mechanosensitive ion channel subunits20,21. Drosophila Tmc is 58 

expressed and functions in sensory neurons during larval and adult stages16,22. Tmc is also expressed 59 

in embryonic epithelial cells (Fig. 1b). We detected Tmc expression in the lateral and apical plasma 60 

membrane of amnioserosa cells but not Tmc deficiency mutants16 demonstrating staining specificity. 61 

Most Tmc mutant embryos were viable, although about 1/6 of the embryos failed to hatch with a 62 

variety of cuticle defects, including exoskeletal holes. For comparison we included xit mutants in our 63 

analysis. xit encodes a glucosyltransferase enzyme involved in N-glycosylation. xit was previously 64 

reported to be involved in E-Cadherin (E-Cad) glycosylation, localisation and functions23. 65 

Ca2+ is the prime candidate for linking mechanical and biochemical signalling. Ca2+ has been 66 

implicated in activation of actomyosin contractility in epithelial cells in vertebrates and 67 

invertebrates24-27, and we employed a genetically encoded membrane-bound sensor, myristoylated-68 

GCaMP6s28, to monitor Ca2+ signals in the cells. As the weak Ca2+ signal in the undisturbed tissue 69 

showed neither a specific pattern nor correlated with mechanical cell behaviour (Extended Data Fig. 70 

1a, b), we turned to a wounding assay (Fig. 1c). Following ablation of a single cell by a UV laser, 71 

Ca2+ concentration strongly increased in the damaged cell and, importantly, also in the neighbours, 72 

indicating a mechano-dependent response29-31. We recorded the time course of Ca2+ levels 73 

specifically in the neighbours (Fig. 1d, Supplementary Video 1). The Ca2+ signal increased almost 74 

two-fold immediately upon wounding and slowly returned to low levels within several minutes (Fig. 75 

1e, f and Extended Data Fig. 1c, Supplementary Video 1). Strikingly, the Ca2+ traces remained low 76 

in Tmc and xit mutants (Fig. 1e, f and Extended Data Fig. 1c, Supplementary Video 1), implicating 77 

the respective proteins in tissue-scale and fast mechanosensing. Being a mechanotransduction 78 

channel component in neurosensory cells, Tmc contributes to Ca2+ influx in the epithelial AS, 79 

effectively sensing force changes within the tissue. 80 

Dynome analysis reveals a function of Tmc for isotropic cell morphology. 81 

Based on time lapse recordings of embryos with GFP-labelled cell junctions (E-Cad-GFP) and 82 

automated image segmentation, we established the dynome of the AS, i. e. the complete record of 83 

morphodynamic activity of every AS cell ≈180 per embryo (Extended Data Fig. 2a) over a period of 84 

one hour (Extended Data Fig. 3a, Supplementary Video 2). To assess whether Tmc is involved in the 85 

spatio-temporal orchestration of AS cell behaviour, we examined the impact of a Tmc mutation on 86 

the AS dynome. Based on at least 8 embryos each genotype, we compared the AS dynomes of wild 87 

type, Tmc and xit embryos (Extended Data Fig. 3a). The AS tissue acquired its typical elliptical 88 

shape, and GBR proceeded comparably to wild type (Extended Data Fig. 3). The total cell count per 89 

embryo was slightly reduced in both Tmc and xit mutants from about 190 to 150 (Extended Data Fig. 90 

2a). The distribution and mean cross sectional area per cell was slightly more variant in mutants than 91 

wild type (Extended Data Fig. 2b). The junctions appeared undulated in Tmc and xit mutants 92 

(Extended Data Fig. 2d), and the dominant periods of cell oscillations were faster in xit and Tmc than 93 

in wild type (Extended Data Fig. 2c, e). Importantly, cell shape analysis revealed a difference in 94 
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establishing isotropic morphology in Tmc and xit mutants during the elliptical stage (Fig. 1g-k, 95 

Extended Data Fig. 3). Given the distinct behaviour of the peripheral cells at the interface of the 96 

lateral epidermis and AS, we omitted them from the analysis (Fig. 1h). We quantified the cell shape 97 

by an anisotropy parameter, which is 0 for a circular cell and 1 for a line shape (Fig. 1j-k). The 98 

distribution of cell anisotropies shifted towards lower values from the end of germband retraction to 99 

onset of dorsal closure (Fig. 1k, Extended Data Fig. 3b-e). In the mutants, the left-shift of cell 100 

anisotropies was less pronounced than in wild type and cell anisotropy was generally higher (Fig. 1k, 101 

Extended Data Fig. 3b-e). Thus, our data reveals a role of Tmc and xit in establishing isotropic cell 102 

shapes within the AS tissue.  103 

Sync and anti-sync oscillations in the AS 104 

Our dynome data sets contain also the spatial relationships between the cells. To assess coordination 105 

between cells, we systematically calculated correlations of area trajectories of all pairs of direct 106 

neighbours (≈500 pairs per embryo, at least 8 embryos per genotype) (Fig. 2a, b and Supplementary 107 

Video 4, 5). In the case of independent oscillations, periods of positive and negative correlation will 108 

be balanced, yielding an averaged correlation close to zero. Cell pairs with stable coupling, either in 109 

synchronized (sync) or anti-synchronized (anti-sync) will be identified by a positive or negative 110 

correlation, respectively (Fig. 2a–c), if the cross-correlation function peaks at zero time lag. 111 

Irrespective of genotypes, we found this condition fulfilled (Extended data Fig. 4a, c, d). We 112 

obtained a symmetrical distribution of correlation coefficients (Fig. 2c) which were significantly 113 

different from zero for about one third of the pairs, both in wild type and in mutants (Extended Data 114 

Fig. 4b). 115 

The symmetrical distribution of correlation coefficients in the wild type (sync/anti-sync = 0.99) was 116 

shifted towards more negative coefficients in the mutants (Tmc sync/anti-sync =0.31, xit sync/anti-117 

sync =0.59) indicating a gain of anti-sync pairs on the expense of sync pairs (Fig. 2c, d and Extended 118 

Data Fig. 4b). The proportion of significant coupling pairs remained about the same (Fig. 2c, d and 119 

Extended Data Fig. 4b). Our correlation analysis revealed a loss of sync pairs in the mutants, 120 

suggesting that Tmc and xit promote synchronous oscillation between adjacent cells. 121 

Distinct spatial distribution of coupling types within the AS tissue 122 

Next, we analysed the spatial distribution of the sync and anti-sync pairs. We assigned each junction 123 

a colour code corresponding to its correlation coefficient, with sync pairs in red and anti-sync pairs 124 

in blue (Fig. 2e). We generated correlation maps for each genotype by averaging over multiple 125 

embryos. Strikingly we obtained distinct patterns for wild type and mutants, indicating a stereotypic 126 

distribution of coupling pairs (Fig. 2f). In wild type, sync pairs accumulate in a ring-like distribution, 127 

which was lost in both mutants and after scrambling the positions of the pairs. The correlation map 128 

of Tmc mutants strikingly revealed the loss of sync pairs and gain of anti-sync pairs. The map for xit 129 

also shows a reduced number of sync pairs. This spatial organization would not be obvious if only 130 

the dynamics of a single embryo were considered (Supplementary Video 3). Using large-scale 131 

ensemble analysis, however, it was possible to reveal phenotypes that would otherwise have 132 

remained hidden in the embryo-by-embryo variation. 133 

To assess the significance of the observed pattern, we calculated a pixel-wise confidence interval for 134 

the correlation maps, using bootstrap subsampling over different embryos. This revealed that the 135 

ring-like positive pattern in WT embryos as well as the overrepresentation of anti-sync pairs in Tmc 136 

mutants were indeed statistically significant (Extended Data Fig. 4e). In addition, we confirmed the 137 

spatial coupling configuration by considering only statistically significantly coupled pairs via local 138 

false discovery rate subsampling32 (Fig. 2f). For wild type embryos, the observed spatial pattern 139 

reveals an obvious excess of positively correlated pairs while the negatively correlated pairs 140 

assemble preferentially at the canthi. To further assess and visualise the spatial pattern, we projected 141 
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the two-dimensional data onto the anterior-posterior axis (Fig. 2g). Two peaks of anti-sync pairs 142 

marked the poles of the elliptical AS, whereas sync pairs are more abundant in the medial part.  In 143 

Tmc mutants, the anti-sync pairs were dominant throughout. In xit embryos the distribution of the 144 

anti-sync and sync pairs was comparable to wild type, except for a lower abundance of sync pairs. 145 

In summary the ensemble analysis of wild type and mutant phenotypes revealed a specific pattern of 146 

stable sync and anti-sync coupling pairs whose abundance and distribution depended on Tmc and xit, 147 

with both genes synchronizing oscillations between neighbours.  148 

Mechano-transduction coupling in a lattice model of limit cycle oscillators leads to 149 

synchronisation.  150 

To assess whether coupling by a mechano-sensitive ion channel can explain the observed pattern of 151 

sync and anti-sync oscillations, we designed a computational model scaled to the amnioserosa. We 152 

mathematically modelled the dynamics of AS tissue using a two-dimensional sheet of single cell 153 

units with hexagonal packing. Cell units are capable of area oscillations, following Dierkes’ model 154 

(Fig. 3a)33, and are coupled to their neighbours via mechanical interactions and Ca2+ signals 155 

triggered by mechano-transduction. We further extended Dierkes’ model by adding stochasticity via 156 

Gaussian noise to the cell area dynamics and solved the dynamics on a two-dimensional triangular 157 

lattice with elliptical topology and an additional mechano-chemical coupling between neighbouring 158 

cells. We introduced Ca2+ coupling in the following way: If one cell exerts a force on its neighbour, 159 

the concentration of Ca2+ will increase in the neighbouring cell. Ca2+ then activates myosin, 160 

triggering an increase in the active myosin concentration and, thus, inducing area contraction (Fig. 161 

3a).  162 

Simulations showed that this mechanotransduction mechanism can lead to the synchronisation of 163 

neighbouring cell area oscillations (Fig. 3b, c, Extended data Fig. 5a, Supplementary Video 6), 164 

which is visible as a new state in the phase diagram (Fig. 3b). We estimated the model parameters 165 

via data-driven inference. To this end, we systematically compared experimental and simulated data 166 

via nested sampling34-36, using the Jensen-Shannon divergence between the distributions of 167 

correlation coefficients as a distance metric (Fig. 3d). For wild type all junctions are predicted to 168 

contain the Ca2+ coupling mechanism (Fig. 3d and Extended Data Fig. 5). For Tmc mutants, we 169 

inferred that lower synchronization results from a decreased coupling constant, which corresponds to 170 

less activation of non-muscle MyoII by the coupling mechanism, and from a sparsified distribution 171 

of channels. Decreasing the coupling constant or removing channels from junctions generally 172 

resulted in anti-synchronized oscillations (Fig. 3d and Extended Data Fig. 5). 173 

Since the AS is constrained by the lateral epidermis, its total area is roughly preserved during the 174 

elliptical stage. Therefore, mechanical interactions naturally promote anti-synchronised cell 175 

oscillations. A specialized mechanism, such as mechanotransduction coupling by Tmc channels, is 176 

thus necessary to obtain synchronised cell oscillations. 177 

Response to mechanical pulling by optically triggered contraction is lost in Tmc and xit 178 

mutants. 179 

If Tmc and xit indeed promote synchronized contractions, cells will respond to a mechanical stimulus 180 

of a neighbour cell. We tested this hypothesis both computationally and experimentally (Fig. 4). In 181 

our simulations, we triggered contraction of a single cell by up to 40%, which is slightly above the 182 

amplitude of regular oscillations (10–20%) (Fig. 4a, Extended Data Fig. 6a). In case of strong 183 

coupling, neighbouring cells contracted by 10–20%. No contraction or  even slight expansion was 184 

seen with low or without coupling (Fig. 4a). Thus, our computational model predicts synchronized 185 

cell contractions in case of triggered contraction. To test this prediction experimentally, we 186 

optochemically triggered contraction by Ca2+ uncaging in a single cell24 and recorded the area 187 

trajectories before and after uncaging (Fig. 4b, Extended Data Fig. 6a and Supplementary Video 7). 188 
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After the target cell contracted by up to 40%, neighbours followed suit and contracted by an average 189 

of 10–20% in wild type, but not in Tmc or xit mutants (Fig. 4b, Extended Data Fig. 6a, b and 190 

Supplementary Video 7). These results confirm predictions of the computational model and 191 

demonstrate that Tmc and xit contribute to a coupling mechanism that enables synchronized 192 

contractions. 193 

Synchronized cell oscillations distribute tissue-scale tensions.  194 

We next assessed whether Tmc-mediated synchronization plays a role in establishing isotropic cell 195 

shapes. The lateral epidermis pulls on the AS and may be responsible for the laterally stretched cell 196 

shapes during the elliptical stage37-40. We therefore incorporated an external pulling force in our 197 

model perpendicular to the long axis of the ellipse (Fig. 5a). Our simulations with WT-like 198 

synchronization revealed high tension at edge cells and uniformly low tension at central cells (Fig 5a 199 

and Extended Data Fig. 7). In contrast, simulations without synchronization predicted high tension at 200 

all cells throughout the tissue (Fig 5a and Extended Data Fig. 7). Therefore, simulations predicted a 201 

qualitative difference in the distribution of tension in the tissue: isotropic in wild type and anisotropic 202 

in mutants lacking synchronization. 203 

We experimentally assayed tension at junctions by UV laser ablation comparing axial junctions 204 

(along the anterior-posterior axis) and lateral junctions perpendicular to the embryonic axis (Fig. 5b, 205 

c and Extended Data Fig. 8a, b). Initial recoil velocities after ablation are considered to be 206 

proportional to the tension at the junction38. For Tmc and xit mutants, tension at lateral junctions was 207 

significantly higher compared to axial junctions. In contrast, no difference could be detected among 208 

junctions in WT embryos (Fig. 5d, e and Extended Data Fig. 8c). These measurements indicate that 209 

Tmc and xit are necessary to distribute tension isotropically on the tissue scale. On the same data, we 210 

applied a viscoelastic model to estimate time scales of velocity decay, which can serve as a proxy of 211 

local viscoelasticity41. We did not detect any significant difference in the velocity decay between 212 

axial and lateral junctions in wild type and Tmc mutants (Extended Data Fig. 8d). Junction tension 213 

may be due to intrinsic forces generated within a given cell or to extrinsic pulling from the 214 

neighbouring cells or tissue42,40,43. To distinguish intrinsic and extrinsic contributions to junction 215 

tension, we physically separated part of the AS tissue from the lateral epidermis by a UV laser 216 

induced tissue-cut and probed membrane tension immediately afterwards (Fig. 5b, c). Initial recoil 217 

velocities were strongly reduced to less than 1 µm/s and equalised in both wild type and mutants 218 

(Fig. 5d, e and Extended Data Fig. 8c). Our measurements indicate that a large portion of the 219 

observed junction tension is due to extrinsic, tissue scale forces likely due to the lateral epidermis.  220 

Taking together computational modelling and experiment, our data link Tmc and xit-mediated cell 221 

synchronization, uniform distribution of tissue scale mechanical tensions and establishment of 222 

isotropic cell shapes (Fig. 5f). 223 

Discussion 224 

Previously, Tmc has been implicated in neurosensory transduction mechanisms. Our findings now 225 

demonstrate that Tmc also controls epithelial morphodynamics, raising the question of its original 226 

function. In fact, force sensing is a near universal capability of cells that predates the evolution of 227 

multicellularity and animal life and Tmc itself is of ancient origin, appearing near the base of 228 

eukaryotes15,21,44-47. Consistent with an early function in membrane-based force transduction, Tmc 229 

orthologs are present in plant and fungal lineages that lack rigid cell walls. Tmc underwent a first 230 

gene duplication in choanoflagellates, our closest non-animal relatives, and in eumetazoan then 231 

multiplied into a superfamily of membrane proteins, at least some of them being mechano-232 

transduction channel components21. Our data indicate that force transduction in morphogenesis can 233 

confer a substantial evolutionary benefit. While Drosophila embryos and larvae can develop without 234 

Tmc, the duration of the unproductive elliptical AS stage is substantially prolonged in Tmc embryos, 235 
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increasing the total metabolic cost of embryonic development. In addition, in a substantial fraction 236 

(10%) of embryos the mutation is lethal demonstrating that the reduction in robustness directly 237 

impairs the number of viable offspring. Thus, although causing a mild phenotype, Tmc loss-of-238 

function is clearly associated with a substantial fitness cost. Force-gated ion channels presumably 239 

provide a very fast and temporally most precise modality of developmental mechano-240 

transduction14,48. We therefore expect force-gated ion channels to be involved in a multitude of 241 

morphogenetic processes. Dissecting the morphogenetic function of force-gated ion channels on an 242 

equal footing with their function in hearing and touch should uncover an integrated picture of the 243 

mechanism and evolution of animal mechanosensation.  244 

Methods 245 

Fly strains and genetics. Drosophila stocks and crosses were raised and maintained at 25°C unless 246 

stated otherwise. We employed following stocks: E-Cad-GFP49, w1118; +/+; TmcGal4 20 and w1118; 247 

P{UAS-Tmc.Z}16,22, w; +/+ ;UASt-GCaMP6s-myr28, w xitX-330 f Frt [9-2, 18E] Flp122{ry+} /FM7c, 248 

y wa sn B;+/+;+/0+23. xit germline clones were generated and selected with ovoD Frt18E. Larvae were 249 

heat-shocked twice on following days for 30 min at 37°C23. The following transgenes are from the 250 

Bloomington Drosophila Stock Centre50 and a Flybase Symbol51 for each transgene is provided here. 251 

AS-Gal4 (Bloomington number 3734, Flybase Symbol, Dmel\P{GawB}c381). 252 

Immunohistochemistry. Embryos were stained using previously established standard protocols52. 253 

Embryos were fixed in 4% formaldehyde for 20 min and were hand-devitalised. For the blocking 254 

step, embryos were incubated in 5% BSA + 0.1% Triton X-100 for 1 h at room temperature. The 255 

following primary antibodies were used: rabbit anti-Tmc (1:5000), Phalloidin (1:1000) 256 

(ThermoFisher), and Dapi (1:250) (ThermoFisher). Alexa-conjugated secondary antibodies (Life 257 

Technologies Carlsbad, USA) were used at a 1:500 dilution. AS tissue in fixed embryos was imaged 258 

using a Confocal Microscope LSM 780 (Zeiss AxioObserver.Z1) with x40/1.2 NA, water C-259 

Apochromat objective. Images were acquired using ZEN software and processed using 260 

Fiji/ImageJ53. Z-stacks of the AS cells were acquired at the apical, apical-lateral, and basal levels and 261 

were z-projected using Fiji plug-in. 262 

Live imaging. Embryos for live imaging were prepared as previously described24. In briefly, 0–4 h 263 

embryos were collected on apple juice agar plates at room temperature and aged overnight at 18°C 264 

until stage 11–12. Following dechorionation with 50% bleach (hypochlorite) for 2 min, washing and 265 

desiccation for 3–5 min, embryos were oriented with the dorsal side facing the coverslip. Embryos 266 

were covered in a drop of halocarbon oil prior. Time-lapse recordings were taken on an inverted 267 

spinning-disk confocal microscope (Zeiss) with emCCD camera (Photometrics, Evolve 512). 268 

Dynamic cell-behaviour of complete AS tissue was recorded starting from the end of germband 269 

retraction to the initiation of dorsal-closure (~25–30 min for wild-type and Tmc embryos and 60–90 270 

min for xit embryos). For oscillatory dynamics, time-lapse was recorded with a frame-rate of 35 s 271 

with multiple axial stacks, using a Zeiss, 25x/0.8 NA oil Plan-Apochromat objective. 272 

Laser ablation and Ca2+ response assay after wounding. Junctional laser ablation and target cell 273 

wounding were done using UV laser (DPSL355/14, 355 nm pulsed YAG laser, 70 μJ/pulse) targeted 274 

at the single-cell resolution from an epiport of the microscope and was controlled by an independent 275 

scanning head. The UV laser was illuminated under the ‘Click and Fire’ Mode on the ‘REO394 276 

SysCon-Zen’ platform (Rapp OptoElectronic). The UV laser was targeted at the plane of adherens 277 

junction (or at the centre of the target cell for Ca2+ response assay after wounding), at a single-cell 278 

resolution with 2% of laser power. The exposure time was kept at 1500 ms (around 300 pulses). 279 

Images were recorded with the frame-rate of 0.3 s on an inverted spinning disc microscope (Zeiss, 280 

40x/1.3 NA oil Plan-Apochromat objective) with AxioCam MRm CCD camera. 281 

Calcium uncaging. Calcium uncaging were performed as previously described24. In briefly, stage 11 282 

embryos expressing E-Cad-GFP were injected with 1 mM NP-EGTA, AM in injection solution 283 

(180 mM NaCl, 10 mM HEPES [pH 7.2], 5 mM KCl, 1 mM MgCl2) in the peri-vitelline space. After 284 

injection, the embryos were incubated at room temperature in the dark around 10 min. Ca2+ 
uncaging 285 
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was performed at a single cell resolution in amnioserosa tissue during the recording using a 286 

continuous wave diode laser with 375 nm wavelength and 70 mW power DL-375/70 (Rapp 287 

OptoElectronic). This laser is controlled with an independent scan module (Rapp UGA-42 Caliburn) 288 

and linked to the microscope via the epiport. Images were recorded with the frame-rate of 1 s, via a 289 

spinning disk mounted on the side port (Zeiss ObserverZ1, x100/1.4 NA oil, AxioCam MRm). 10% 290 

of laser power, and 200 ms exposure time during the recording mode was used to perform uncaging. 291 

Staging. Movies were aligned to the end of germband retraction and onset of dorsal closure as 292 

identified by fusion of leading edges at the anterior front of the embryo54.   293 

Segmentation and large-scale analysis of complete amnioserosa tissue. Maximal intensity 294 

projection from original z-stacks were used to yield a 2D representation of the AS. To acquire 295 

analyzable data, we used a custom designed image segmentation pipeline. The core element of this 296 

pipeline is the machine learning based skeletonising of the tissue, using so called cycle consistent 297 

generative adversarial networks (CycleGAN)55. These networks achieve a very high precision of 298 

over 95% segmentation accuracy without additional filtering of the original recordings. We manually 299 

corrected the predicted segmentation using the Tissue Analyser56 to achieve a complete segmentation 300 

of the AS. A second person controlled the finalised segmentation again. Parsing the data was done 301 

via  TissueMiner57, as well as custom written software in python.  302 

Image analysis and quantification.  303 

Cell anisotropy. Anisotropy or cell-elongation was quantified using a nematic tensor characterising 304 

the magnitude of the elongation57. Anisotropy in the AS cells was computed independent of lateral 305 

and axial axis orientation of the cells with respect to the anterior–posterior axis of the embryo. 306 

Initial recoil velocity. Initial recoil velocity was calculated from the first 5 s of the displacement 307 

trajectory following the UV laser ablation. Displacement of the adjacent 3x vertices of the ablated 308 

junction were followed over time by using MTrackJ plugin58 in Image J. The strain trajectories were 309 

fitted to a model for a viscoelastic element (d=v/k * [1-exp(-k*t)]). Here, v represents the recoil 310 

velocity and k is the time-scale.  311 

Oscillation and cross-correlation analysis. Oscillatory cell dynamics was analysed during the 312 

elliptical phase of AS. Time series for the cell area have been detrended using piecewise linear fits to 313 

each respective trajectory. The period of oscillation in AS cells were directly estimated from a 314 

wavelet transformation on the cell area trajectory over time. Intercellular synchronisation of the AS 315 

cell-pairs was analysed using cross-correlation between detrended cell area trajectories.   Statistical 316 

significance of the correlation coefficients has been tested using large scale false discovery rate 317 

analysis.  318 

Spatial distribution of coupling types. To calculate the correlation maps cell-pair positions were 319 

normalised with respect to the anterior/posterior and dorsal/ventral ends of the tissue for each 320 

embryo respectively. These were approximated by taking the position of the anterior-most/posterior-321 

most/... cell positions as end of the tissue. Using a 2D Gaussian filter kernel, correlation coefficient 322 

values from all embryos were convolved according to their positions which yields a spatial 323 

representation of average correlation coefficient values across the whole ensemble of embryos. 324 

Hereby, all values were taken into account.  In addition to the correlation maps, we generated 325 

subsamples of coupling pairs which were selected according to their local false discovery rate32, 326 

which indicates the statistical significance of the synchronisation. These values are visualised by 327 

plotting them according to their normalised position as described above.  328 

Ca2+ response assay. Normalised GCaMP6-myr intensity fold increase was measured at the 329 

junctions of all directly-linked neighbours to the target cell. Mean fluorescence intensity (I) was 330 

normalised to the fluorescence intensity of the background/control junctions 3–4 cells away from the 331 

target cell (I0). Mean fluorescence intensity was measured by manually selecting ROIs every 10 s for 332 

up to 300 s using Fiji (I/I0). Correction for bleaching was done by detrending. 333 

Statistics. Large scale false discovery rate analysis: The analysis of many repeated trials has the 334 

drawback that the probability of finding a significant result is proportional to the number of trials. 335 
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We utilised local false discovery rates (local FDR), a Bayesian method that makes it possible to 336 

assign a false discovery rate to every test statistic (hence local) and therefore accounts for the many 337 

trials problem. It does not rely on a theoretical null distribution but instead infers it directly from the 338 

data and also works on non-gaussian statistics. Confidence intervals: If not stated otherwise, error 339 

regions have been determined by calculating 95% bias-corrected and accelerated bootstrap 340 

confidence intervals with 5000 samples. Statistical tests: If not stated otherwise, the p values for 341 

estimators have been calculated from one- or two-sided t-tests. The p values to compare distributions 342 

were calculated using Kolmogorov-Smirnov tests. 343 

 344 

References 345 

1 Delmas, P. & Coste, B. Mechano-Gated Ion Channels in Sensory Systems. Cell 155, 278-346 

284, doi:https://doi.org/10.1016/j.cell.2013.09.026 (2013). 347 

2 Douguet, D. & Honoré, E. Mammalian Mechanoelectrical Transduction: Structure and 348 

Function of Force-Gated Ion Channels. Cell 179, 340-354, doi:10.1016/j.cell.2019.08.049 349 

(2019). 350 

3 Kefauver, J. M., Ward, A. B. & Patapoutian, A. Discoveries in structure and physiology of 351 

mechanically activated ion channels. Nature 587, 567-576, doi:10.1038/s41586-020-2933-1 352 

(2020). 353 

4 Jin, P., Jan, L. Y. & Jan, Y. N. Mechanosensitive Ion Channels: Structural Features Relevant 354 

to Mechanotransduction Mechanisms. Annu Rev Neurosci 43, 207-229, doi:10.1146/annurev-355 

neuro-070918-050509 (2020). 356 

5 Collinet, C. & Lecuit, T. Programmed and self-organized flow of information during 357 

morphogenesis. Nat Rev Mol Cell Biol 22, 245-265, doi:10.1038/s41580-020-00318-6 358 

(2021). 359 

6 Goldbeter, A. Biological rhythms: clocks for all times. Curr Biol 18, R751-r753, 360 

doi:10.1016/j.cub.2008.06.044 (2008). 361 

7 Heisenberg, C. P. & Bellaïche, Y. Forces in tissue morphogenesis and patterning. Cell 153, 362 

948-962, doi:10.1016/j.cell.2013.05.008 (2013). 363 

8 Lecuit, T., Lenne, P. F. & Munro, E. Force generation, transmission, and integration during 364 

cell and tissue morphogenesis. Annu Rev Cell Dev Biol 27, 157-184, doi:10.1146/annurev-365 

cellbio-100109-104027 (2011). 366 

9 Agarwal, P. & Zaidel-Bar, R. Mechanosensing in embryogenesis. Current Opinion in Cell 367 

Biology 68, 1-9, doi:https://doi.org/10.1016/j.ceb.2020.08.007 (2021). 368 

10 Ranade, S. S. et al. Piezo1, a mechanically activated ion channel, is required for vascular 369 

development in mice. Proceedings of the National Academy of Sciences 111, 10347-10352, 370 

doi:10.1073/pnas.1409233111 (2014). 371 

11 He, M. et al. Cytoplasmic Cl−  couples membrane remodeling to epithelial morphogenesis. 372 

Proceedings of the National Academy of Sciences 114, E11161-E11169, 373 

doi:10.1073/pnas.1714448115 (2017). 374 

12 Nonomura, K. et al. Mechanically activated ion channel PIEZO1 is required for lymphatic 375 

valve formation. Proc Natl Acad Sci U S A 115, 12817-12822, doi:10.1073/pnas.1817070115 376 

(2018). 377 

13 George, L. F. et al. Ion Channel Contributions to Wing Development in Drosophila 378 

melanogaster. G3 Genes|Genomes|Genetics 9, 999-1008, doi:10.1534/g3.119.400028 (2019). 379 

14 Roy Choudhury, A., Großhans, J. & Kong, D. Ion Channels in Epithelial Dynamics and 380 

Morphogenesis. Cells 10, doi:10.3390/cells10092280 (2021). 381 

15 Marcovich, I. & Holt, J. R. Evolution and function of Tmc genes in mammalian hearing. 382 

Current Opinion in Physiology 18, 11-19, doi:https://doi.org/10.1016/j.cophys.2020.06.011 383 

(2020). 384 



9 

 

16 Guo, Y. et al. Transmembrane channel-like (tmc) gene regulates Drosophila larval 385 

locomotion. Proc Natl Acad Sci U S A 113, 7243-7248, doi:10.1073/pnas.1606537113 386 

(2016). 387 

17 Yue, X., Sheng, Y., Kang, L. & Xiao, R. Distinct functions of TMC channels: a comparative 388 

overview. Cell Mol Life Sci 76, 4221-4232, doi:10.1007/s00018-019-03214-1 (2019). 389 

18 Sokolow, A., Toyama, Y., Kiehart, Daniel P. & Edwards, Glenn S. Cell Ingression and 390 

Apical Shape Oscillations during Dorsal Closure in Drosophila. Biophysical Journal 102, 391 

969-979, doi:https://doi.org/10.1016/j.bpj.2012.01.027 (2012). 392 

19 Pasakarnis, L., Frei, E., Caussinus, E., Affolter, M. & Brunner, D. Amnioserosa cell 393 

constriction but not epidermal actin cable tension autonomously drives dorsal closure. Nat 394 

Cell Biol 18, 1161-1172, doi:10.1038/ncb3420 (2016). 395 

20 Chatzigeorgiou, M., Bang, S., Hwang, S. W. & Schafer, W. R. tmc-1 encodes a sodium-396 

sensitive channel required for salt chemosensation in C. elegans. Nature 494, 95-99, 397 

doi:10.1038/nature11845 (2013). 398 

21 Jia, Y. et al. TMC1 and TMC2 Proteins Are Pore-Forming Subunits of Mechanosensitive Ion 399 

Channels. Neuron 105, 310-321.e313, doi:10.1016/j.neuron.2019.10.017 (2020). 400 

22 Zhang, Y. V., Aikin, T. J., Li, Z. & Montell, C. The Basis of Food Texture Sensation in 401 

Drosophila. Neuron 91, 863-877, doi:https://doi.org/10.1016/j.neuron.2016.07.013 (2016). 402 

23 Zhang, Y. et al. The glucosyltransferase Xiantuan of the endoplasmic reticulum specifically 403 

affects E-Cadherin expression and is required for gastrulation movements in Drosophila. Dev 404 

Biol 390, 208-220, doi:10.1016/j.ydbio.2014.03.007 (2014). 405 

24 Kong, D. et al. In vivo optochemical control of cell contractility at single-cell resolution. 406 

EMBO Rep 20, e47755, doi:10.15252/embr.201947755 (2019). 407 

25 He, L., Wang, X., Tang, H. L. & Montell, D. J. Tissue elongation requires oscillating 408 

contractions of a basal actomyosin network. Nat Cell Biol 12, 1133-1142, 409 

doi:10.1038/ncb2124 (2010). 410 

26 Christodoulou, N. & Skourides, P. A. Cell-Autonomous Ca(2+) Flashes Elicit Pulsed 411 

Contractions of an Apical Actin Network to Drive Apical Constriction during Neural Tube 412 

Closure. Cell Rep 13, 2189-2202, doi:10.1016/j.celrep.2015.11.017 (2015). 413 

27 Kaneuchi, T. et al. Calcium waves occur as Drosophila oocytes activate. Proceedings of the 414 

National Academy of Sciences 112, 791-796, doi:10.1073/pnas.1420589112 (2015). 415 

28 Chen, T. W. et al. Ultrasensitive fluorescent proteins for imaging neuronal activity. Nature 416 

499, 295-300, doi:10.1038/nature12354 (2013). 417 

29 Xu, S. & Chisholm, A. D. A Gαq-Ca²⁺ signaling pathway promotes actin-mediated epidermal 418 

wound closure in C. elegans. Curr Biol 21, 1960-1967, doi:10.1016/j.cub.2011.10.050 419 

(2011). 420 

30 Razzell, W., Evans, I. R., Martin, P. & Wood, W. Calcium flashes orchestrate the wound 421 

inflammatory response through DUOX activation and hydrogen peroxide release. Curr Biol 422 

23, 424-429, doi:10.1016/j.cub.2013.01.058 (2013). 423 

31 Shannon, E. K. et al. Multiple Mechanisms Drive Calcium Signal Dynamics around Laser-424 

Induced Epithelial Wounds. Biophysical Journal 113, 1623-1635, 425 

doi:https://doi.org/10.1016/j.bpj.2017.07.022 (2017). 426 

32 Efron, B. Correlation and Large-Scale Simultaneous Significance Testing. Journal of the 427 

American Statistical Association 102, 93-103 (2007). 428 

33 Dierkes, K., Sumi, A., Solon, J. & Salbreux, G. Spontaneous Oscillations of Elastic 429 

Contractile Materials with Turnover. Physical Review Letters 113, 148102, 430 

doi:10.1103/PhysRevLett.113.148102 (2014). 431 

34 Skilling, J. Nested sampling for general Bayesian computation. Bayesian Analysis 1, 833-432 

859, 827 (2006). 433 



10 

 

35 Feroz, F., Hobson, M. P. & Bridges, M. MultiNest: an efficient and robust Bayesian 434 

inference tool for cosmology and particle physics. Monthly Notices of the Royal Astronomical 435 

Society 398, 1601-1614, doi:10.1111/j.1365-2966.2009.14548.x (2009). 436 

36 Handley, W. J., Hobson, M. P. & Lasenby, A. N. polychord: nested sampling for cosmology. 437 

Monthly Notices of the Royal Astronomical Society: Letters 450, L61-L65, 438 

doi:10.1093/mnrasl/slv047 (2015). 439 

37 Solon, J., Kaya-Copur, A., Colombelli, J. & Brunner, D. Pulsed forces timed by a ratchet-like 440 

mechanism drive directed tissue movement during dorsal closure. Cell 137, 1331-1342, 441 

doi:10.1016/j.cell.2009.03.050 (2009). 442 

38 Hutson, M. S. et al. Forces for morphogenesis investigated with laser microsurgery and 443 

quantitative modeling. Science 300, 145-149, doi:10.1126/science.1079552 (2003). 444 

39 Kiehart, D. P., Galbraith, C. G., Edwards, K. A., Rickoll, W. L. & Montague, R. A. Multiple 445 

forces contribute to cell sheet morphogenesis for dorsal closure in Drosophila. J Cell Biol 446 

149, 471-490, doi:10.1083/jcb.149.2.471 (2000). 447 

40 Lv, Z., Zhang, N., Zhang, X., Großhans, J. & Kong, D. The Lateral Epidermis Actively 448 

Counteracts Pulling by the Amnioserosa During Dorsal Closure. Front Cell Dev Biol 10, 449 

865397, doi:10.3389/fcell.2022.865397 (2022). 450 

41 Fernandez-Gonzalez, R., Simoes Sde, M., Röper, J. C., Eaton, S. & Zallen, J. A. Myosin II 451 

dynamics are regulated by tension in intercalating cells. Dev Cell 17, 736-743, 452 

doi:10.1016/j.devcel.2009.09.003 (2009). 453 

42 Paluch, E. & Heisenberg, C. P. Biology and physics of cell shape changes in development. 454 

Curr Biol 19, R790-799, doi:10.1016/j.cub.2009.07.029 (2009). 455 

43 Kong, D. & Großhans, J. Planar Cell Polarity and E-Cadherin in Tissue-Scale Shape Changes 456 

in Drosophila Embryos. Front Cell Dev Biol 8, 619958, doi:10.3389/fcell.2020.619958 457 

(2020). 458 

44 Kurima, K., Yang, Y., Sorber, K. & Griffith, A. J. Characterization of the transmembrane 459 

channel-like (TMC) gene family: functional clues from hearing loss and epidermodysplasia 460 

verruciformis. Genomics 82, 300-308, doi:10.1016/s0888-7543(03)00154-x (2003). 461 

45 Pan, B. et al. TMC1 and TMC2 are components of the mechanotransduction channel in hair 462 

cells of the mammalian inner ear. Neuron 79, 504-515, doi:10.1016/j.neuron.2013.06.019 463 

(2013). 464 

46 Ballesteros, A., Fenollar-Ferrer, C. & Swartz, K. J. Structural relationship between the 465 

putative hair cell mechanotransduction channel TMC1 and TMEM16 proteins. Elife 7, 466 

doi:10.7554/eLife.38433 (2018). 467 

47 Erives, A. & Fritzsch, B. A Screen for Gene Paralogies Delineating Evolutionary Branching 468 

Order of Early Metazoa. G3 (Bethesda) 10, 811-826, doi:10.1534/g3.119.400951 (2020). 469 

48 Hehlert, P., Zhang, W. & Göpfert, M. C. Drosophila Mechanosensory Transduction. Trends 470 

in Neurosciences 44, 323-335, doi:https://doi.org/10.1016/j.tins.2020.11.001 (2021). 471 

49 Huang, J., Zhou, W., Dong, W., Watson, A. M. & Hong, Y. From the Cover: Directed, 472 

efficient, and versatile modifications of the Drosophila genome by genomic engineering. 473 

Proc Natl Acad Sci U S A 106, 8284-8289, doi:10.1073/pnas.0900641106 (2009). 474 

50 Whitworth, C. in The Biological Resources of Model Organisms   (ed Robert L. Jarret and  475 

Kevin McCluskey) Ch. Chapter  8, 145–162 (CRC Press, Taylor & Francis Group, 2019). 476 

51 Thurmond, J. et al. FlyBase 2.0: the next generation. Nucleic Acids Res 47, D759-d765, 477 

doi:10.1093/nar/gky1003 (2019). 478 

52 Grosshans, J. et al. RhoGEF2 and the formin Dia control the formation of the furrow canal by 479 

directed actin assembly during Drosophila cellularisation. Development 132, 1009-1020, 480 

doi:10.1242/dev.01669 (2005). 481 

53 Schindelin, J. et al. Fiji: an open-source platform for biological-image analysis. Nat Methods 482 

9, 676-682, doi:10.1038/nmeth.2019 (2012). 483 



11 

 

54 Kiehart, D. P., Crawford, J. M., Aristotelous, A., Venakides, S. & Edwards, G. S. Cell Sheet 484 

Morphogenesis: Dorsal Closure in Drosophila melanogaster as a Model System. Annu Rev 485 

Cell Dev Biol 33, 169-202, doi:10.1146/annurev-cellbio-111315-125357 (2017). 486 

55 Häring, M., Großhans, J., Wolf, F. & Eule, S. Automated Segmentation of Epithelial Tissue 487 

Using Cycle-Consistent Generative Adversarial Networks. bioRxiv, 311373, 488 

doi:10.1101/311373 (2018). 489 

56 Aigouy, B., Umetsu, D. & Eaton, S. Segmentation and Quantitative Analysis of Epithelial 490 

Tissues. Methods Mol Biol 1478, 227-239, doi:10.1007/978-1-4939-6371-3_13 (2016). 491 

57 Etournay, R. et al. TissueMiner: A multiscale analysis toolkit to quantify how cellular 492 

processes create tissue dynamics. eLife 5, e14334, doi:10.7554/eLife.14334 (2016). 493 

58 Meijering, E., Dzyubachyk, O. & Smal, I. Methods for cell and particle tracking. Methods 494 

Enzymol 504, 183-200, doi:10.1016/b978-0-12-391857-4.00009-4 (2012). 495 

 496 

Acknowledgements 497 

We are grateful to Christine Rostosky for help with the manual correction of the segmentation. 498 

Stocks obtained from the Bloomington Drosophila Stock Centre (NIH P40OD018537) were used in 499 

this study. This work was in part supported by and the Deutsche Forschungsgemeinschaft (DFG 500 

FOR1756, GR1945/8-2, GR1945/10-1/2, WO/1 , SFB 889, A1 and C8), equipment grant 501 

INST1525/16-1 FUGG), and the Cluster of Excellence Multiscale Bioimaging (MBExC). 502 

 503 

Author contributions 504 

J.G. and F.W. conceived the study. P.R. and D.K. planed and conducted experimental strategies and 505 

assays. M.H. performed segmentation and quantifications. M.H. conceived the mathematical model 506 

with F.W. and M.H. performed analysis and simulations. P.R., M.H., F.W. and J.G. analysed the 507 

results. Materials and expertise about the Tmc mutant allele was provided by M. G.. All authors 508 

wrote, revised or commented on the manuscript. 509 

 510 

Conflict of interest 511 

The authors declare that they have no conflict of interest. 512 

 513 

Materials & Correspondence 514 

Jörg Großhans (grosshan@uni-marburg.de) 515 

Fred Wolf (fred.wolf@ds.mpg.de)  516 



12 

 

Fig. 1 Tmc promotes isotropic cell morphology of the amnioserosa. a, Morphology of AS tissue 517 

(green) changes during germband retraction and elliptical stage. b, Staining and scheme of 518 

hypothesized mechanism of Tmc in amnioserosa cells. Fixed wild type and Tmc embryos (stage 13, 519 

elliptical stage) stained for DNA (blue) and Tmc (green). Scale bar 10 µm. c, Experimental scheme 520 

of the Ca2+ response assay. Fluorescence of membrane bound Ca2+ sensor (myr-GCaMP6s) was 521 

measured at the junctions between the next neighbours (rectangle in green) before and following 522 

ablation of the target cell (grey). Next to it, image from time lapse recordings of the Ca2+ sensor 30 s 523 

after wounding. Mean intensity was measured at all neighbour cell junctions (green) adjacent to the 524 

wounded cell (target-cell in grey). d, Time-lapse imaging of neighbour cell dependent Ca2+ response 525 

10 s before and 30 s after wound induction in the marked target cell in embryos of indicated 526 

genotypes. e, Time course of normalized fluorescence of Ca2+ sensor with mean (solid line) and 95% 527 

bootstrapped confidence interval (band). Wounding at t=0. N=10 embryos per genotype. f, 528 

Normalized fluorescence of Ca2+ sensor 30 s after wounding. Statistical significance by student T 529 

test. P values (WT vs Tmc) = 3.3×10-5; (WT vs xit) = 3.6×10-7. Scale bars 10 µm. g, Anisotropy 530 

colour coded according to scale in panel j during GBR and elliptical AS stage. Scale bar 50 µm. h, 531 

Morphodynamics analysis included the central cells (yellow) but not the peripheral cells at the 532 

boundary to the epidermis (blue). i, Representative AS tissue from time-lapse recording of 533 

WT, Tmc, and xit embryos during the elliptical AS stage. Cells coloured coded as in g. j, Colour 534 

coding for cell anisotropy. k, Cumulative distributions of cell anisotropy in WT, xit and Tmc during 535 

germband retraction and elliptical stages.  536 



13 

 

Fig. 2 Synchronization of cell oscillations is impaired in Tmc and xit mutants. a, Cell pairs with 537 

synchronous (red-red) and anti-synchronous (red-blue) oscillation in cell area. Images from time-538 

lapse recordings. Scale bars 10 µm. b, Area trajectories of sync and anti-sync cell pairs in (a). c, 539 

Cumulative distribution of correlation coefficients of all cell pairs computed over the complete 540 

elliptical stage. d, Proportion of sync and anti-sync cell pairs among cell pairs with statistically 541 

significant coupling. Wild type, 8 embryos 7370 pairs with 795 sync, 801 anti-sync significant 542 

coupling, Tmc, 7 embryos, 4633 pairs with 254 sync, 809 anti-sync significant coupling, xit, 7 543 

embryos with 4714 pairs with 324 sync, 541 anti-sync significant coupling. e, AS tissue with colour 544 

coded junctions according to the average correlation coefficient. f, Maps with all correlation 545 

coefficients averaged over each respective genotype. Colour coding represents average correlation. 546 

To assess the specificity of the pattern, coefficients were averaged after scrambling the positions. A 547 

sample is shown in the second row. A subsample of pairs was selected via controlling the local false 548 

discovery rate (FDR subsample). Those pairs were plotted on a normalized AS separately for sync 549 

and anti-sync pairs. g, Spatial density profile of FDR subsampled pairs. Confidence bands were 550 

computed via bootstrapping over embryos.  551 



14 

 

Fig. 3 Ca2+ coupling leads to intercellular synchronization in a biophysical model. a, 552 

Schematical depiction of coupling mechanism based on mechanosensitive ion channels. Mechanical 553 

tension at the cell-cell interface results in ion channel activation and influx of Ca2+ which leads to 554 

activation of myosin. Cell units experience friction due to the motion of the cells over a substrate. 555 

The model for a single cell unit consists of dynamical equations for the cell area, myosin 556 

concentration and Ca2+. b, Phase diagram for two coupled cells. The phase diagram without coupling 557 

reproduces shows that the system undergoes a Hopf bifurcation when critical parameter values are 558 

exceeded, leading to area oscillations. In addition, the phase diagram features a collapse and a stable 559 

phase without oscillations. When Ca2+ coupling is included, a new dynamical phase appears in which 560 

both cells oscillate in synchrony. Without the coupling mechanism, neighbours oscillate in anti-sync. 561 

c, Snapshots of model simulations with roughly 150 cells and hexagonal packing. The colour code 562 

indicates the phase of each oscillator. Similar to (b), Ca2+ coupling induces synchronization of 563 

neighbouring oscillators, whereas cell pairs remain unsynchronized without coupling. d, Results of 564 

simulations with varying coupling strength and fraction of coupled cells. For fraction of coupled 565 

cells = 1, every cell pair in the tissue is coupled. Simulations are repeated 20 times for each 566 

parameter combination and the average mean and standard deviation of the correlation coefficient 567 

distribution were plotted. Parameters were optimized for matching the experimental distribution of 568 

correlation coefficients. Samples of correlation maps for best matching parameters are shown.   569 
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Fig. 4 Mechanically triggered neighbour response depends on Tmc mediated coupling. a, 570 

Neighbour cell contraction from 50 simulations for varying coupling strength J (7.0, 1.5, 0.0). In the 571 

simulation, a random cell was triggered to contract and the response of the neighbours was recorded. 572 

b, Experimental scheme for triggered contraction of the target cell (red) by Ca2+ uncaging. Area 573 

trajectories for the next neighbours (blue) were recorded. Experimentally measured area changes in 574 

next neighbours in wild type, Tmc and xit mutants. P values were calculated via Mann-Whitney-575 

Wilcoxon test, ***: 1.0e-04 < p <= 1.0e-03. WT-Tmc p= 1.3e-04, WT-xit p= 4.9e-04. NWT=48, 576 

NTmc=28, Nxit=34.   577 
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Fig. 5:  Prediction and experimental detection of isotropic force distribution by Tmc-mediated 578 

coupling. a, In simulations, external tension was applied perpendicular to the AS in order to mimic 579 

pulling by the lateral epidermis, as depicted in (f). The strength of the external tension is indicated by 580 

the shading of the grey ellipse. Next to it, cells are coloured according to the averaged tension they 581 

experienced in simulations after application an external force to the AS. b, In experiments, junction 582 

tension was assayed by UV laser cuts and recoil was measured at junctions of axial or lateral 583 

orientation. The impact of tissue scale tension was assessed by junction ablation following a cut 584 

separating AS and epidermis. c, Exemplary images from cutting experiments. Scale bars, 10 μm. d, 585 

Representative displacement curves following junction cuts. e, Initial recoil velocities. Each laser cut 586 

experiment was performed in a single embryo. n=10 embryos for each genotype and condition. 587 

Statistical significance by Student’s T-test. **p<0.05, ***p<0.0001. f, Model for force balance 588 

between the lateral epidermis (blue arrow) and AS (red arrow). Pulling force is uniformly spread in 589 

wild type leading to an isotropic junction tension in the AS. Force spreading is uneven in Tmc and xit 590 

mutants leading to higher tension in lateral than in axial junctions.  591 
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Extended Data Fig. 1 Ca2+ response assay. a, Image from living embryo expressing the Ca2+ 592 

sensor (GCaMP6s). Scale bar 10 µm. b, Fluorescence trace of Ca2+ sensor without wounding 593 

indicating the degree of bleaching of the sensor. c, Individual traces of normalized Ca2+ sensor 594 

fluorescence at junctions of neighbours in wounding experiments. Laser induced wounding at T=0.   595 
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Extended Data Fig. 2 Parameters of cellular morphology and dynamics during the elliptical 596 

stage. a, Cell numbers of the AS. b, Distribution of apical cross-section area. c, Distributions of cell 597 

oscillation periods determined via wavelet transform. d, Representative live images of AS cells in 598 

embryos expressing E-Cad-GFP. Junction straightness parameters calculated as indicated in the 599 

scheme and shown by boxplots. Statistical significance by Student’s t test. n=135 junctions for each 600 

genotype. Scale bar 10 µm. e, Autocorrelation functions of the area trajectories. Average with 601 

confidence band. Numbers indicate the major periods of the oscillations.  602 
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Extended Data Fig. 3 Cell shape changes during germband retraction and elliptical stage. a, 603 

Images from time lapse recordings of wild type, Tmc and xit mutants. Dorsal view, axial projections. 604 

Junction labelled by E-Cad-GFP. A few cells are outlined in red. b, Cumulative distributions of cell 605 

anisotropy separately for all values and peripheral cells during indicated stages. c, Distribution of 606 

cell shapes with an anisotropy larger than 0.3 indicated by boxplots in wild-type, Tmc, 607 

and xit embryos. Statistical significance: p-value (WT vs Tmc) = 5.4×10-2 and p-value (WT vs xit) 608 
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= 8.3×10-8; two-sided Mann–Whitney test. WT, n=8 embryos, 436 cells; Tmc, n=7 embryos, 317 609 

cells; xit, n=7 embryos, 238 cells. d, Time course for the average orientation of AS cells for each 610 

embryo. Mean and standard deviation averaged over embryos are indicated by grey line and band. 611 

Angle is normalized between axial axis and lateral axis. Dots indicate average values during 612 

germband retraction. e, Time course of the average shape anisotropy for each embryo. Mean and 613 

standard deviation averaged over embryos are indicated by grey line and band. Dots indicate average 614 

values during germband retraction.  615 
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Extended Data Fig. 4 Synchronization and subsampling analysis. a, Exemplary cross-covariance 616 

of a synchronised cell pair (red) and an anti-synchronised cell pair (blue). Time lag for both coupling 617 

types marked with an arrow. b, Numbers of cell pairs for correlation analysis from the complete data 618 

set. Neutral cases have a local false discovery rate>0.1. c, Difference in oscillation frequency in cell 619 

pairs shown by cumulative distribution. d, Time lag of the extremum in the cross-correlation 620 

functions between neighbouring cells. Distribution plotted as histogram. e, Significant regions of the 621 

correlation maps determined via bootstrapping over the embryos.  622 
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Extended Data Fig. 5 Quantification of similarity between simulations and experiment. a, Same 623 

plots as in main Fig. 3d, here with extended parameter range for coupling strength J. Blacked regions 624 

are collapsed simulations in more than 30% of simulations. In addition, the collapse probability is 625 

shown. b, Distance between model and experiment quantified by the Jensen divergence between the 626 

distribution of correlation coefficients. c, Same as (b) but showing relevant parameter region and 627 

additional contour lines for clarity. Blue and green dots mark maximum a posteriori estimates of 628 

model parameters obtained by nested sampling.  629 
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Extended Data Fig. 6. Response of neighbours to triggered contraction of target cell. a, Area 630 

trajectories of target cells (red) and next neighbours (blue) after triggered contraction in the target 631 

cell by Ca2+ uncaging at T=0. Solid lines indicate average, bands the 95% bootstrap confidence 632 

interval. b, Area difference of target cell and neighbours between time of uncaging and 6 min 633 

thereafter.  634 
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Extended Data Fig. 7 Simulation of tissue-scale tension distribution in response to epidermal 635 

pulling force. a, External tension was applied perpendicular to the AS in order to mimic pulling by 636 

the lateral epidermis as described in Fig 5a. Below: similar scheme like in Fig 5a but for Tmc like 637 

parameters, showing tension in individual cells. b, Tension changes in cells in AS simulation. First, 638 

the simulation ran long enough to equilibrate without external force, then external force was applied 639 

and simulation ran again until equilibration. Colours denote the change in tension before and after 640 

applying the external force.  641 
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Extended Data Fig. 8 Experimental measurement of junction tension by junction 642 

microdissection. a, b, Kymographs of representative experiments with junctions in lateral (a) or 643 

axial (b) orientations. Arrow head in red points to position of laser application. Displacement d is the 644 

change in the distance between the adjacent 3x vertices indicated by dashed line in yellow. c, 645 

Individual displacement traces. d, Time scales calculated by fitting of a viscoelastic element to the 646 

displacement traces. Statistical significance by Student’s t-test **p<0.01, ***p<0.0001.  647 
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Supplementary information 648 

This file contains the details of the modelling of amnioserosa dynamics. 649 

 650 

Supplementary Videos 651 

Video 1. Ca2+ response assay after wounding. Time-lapse recordings of amnioserosa cells at 652 

elliptical stage from the wild type (top panel), Tmc (middle panel), and xit (bottom panel) embryos 653 

expressing a membrane-bound, myristoylated variant of GCaMP6s. A wound was induced in the 654 

centre cells as in Fig. 1d by a 355 nm UV laser during recording. 655 

Video 2. Overlay of original and segmented images of the amnioserosa in time-lapse recordings 656 

from germband retraction until dorsal closure in wild type (top panel) and Tmc (bottom panel) 657 

embryos expressing E-Cad-GFP. Scale bar 50 µm. The colour code represents the size of the cells 658 

from large, yellow to small, blue. 659 

Video 3. Time lapse recording of WT and Tmc amnioserosa at elliptical phase. Cells are coloured 660 

according to the phase of the oscillation, each colour uniquely representing a phase angle between 0 661 

and 2pi. The phase has been extracted from the original cell area time series using a Hilbert 662 

transform. 663 

Video 4. Cell pairs with synchronous oscillation in the cell area. Time-lapse recording of 664 

amnioserosa cells (top panel) at elliptical stage in wild type embryos expressing E-Cad-GFP. Cell 665 

area trajectories of cross-sections over time from the synchronous cell pairs (bottom panel). The blue 666 

and yellow curves are the cell cross-sectional area of the blue and yellow cells on the top panel. 667 

Video 5. Cell pairs with anti-synchronous oscillation in the cell area. Time-lapse recording of 668 

amnioserosa cells (top panel) at elliptical stage in wild type embryos expressing E-Cad-GFP. Cell 669 

area trajectories of cross-sections over time from the synchronous cell pairs (bottom panel). The blue 670 

and yellow curves are the cell cross-sectional area of the blue and yellow cells on the top panel. 671 

Video 6. Model simulations with roughly 150 cells in a hexagonal packing. The colour code 672 

represents the phase of each oscillator. Intermediate Ca2+ coupling (middle panel), or strong Ca2+ 673 

coupling (bottom panel) induces spatial synchronization of neighbouring oscillators. In top panel, 674 

cell pairs remain unsynchronized without any coupling. 675 

Video 7. Neighbouring cells respond to optochemically induced rapid cell contraction. Time lapse 676 

recordings of amnioserosa cells at elliptical phase from the wild type (top panel) and Tmc (bottom 677 

panel) embryos expressing E-Cad-GFP. Rapid cell contraction in the centre cell (indicated with red 678 

dot) was induced optochemically via Ca2+ during recoding as in Fig. 4b. The colour code represents 679 

the size of the cells from large, yellow to small, blue.  680 

 681 

Code availability 682 

The custom codes used to process images analyse data, and run simulations are available upon 683 

reasonable request. 684 



Chapter 8

Synchronization of cell quadruplets
drive efficient T1 transitions

“One is not struck by the truth until prompted quite accidentally by some external
event.”

Kazuo Ishiguro

8.1 Content

Epithelial morphogenesis is driven by active local processes which have to be orchestrated to
yield global robust tissue rearrangements. One of these processes are T1 transitions, which are
local neighbor exchanges that collectively drive germband convergent extension during gastru-
lation.

In this study, we show that cell quadruplet synchronization drives efficient cell intercalation.
The identified coordination mechanism is dependent on xit, a mutant that affects E-Cadherin
glycolization in adherens junctions, which suggests an essential function for E-Cadherin as
mechanosensitive signal transducer to orchestrate directed neighbor exchanges. Experimen-
tal findings were possible due to automated large-scale data acquisition and analysis of >1000
T1 transitions. Results from experiments are supplemented by a mathematical study.

Analysis of morphogenetic tissue rearrangements has largely relied on the analysis of single
cell behavior so far. We developed large-scale experimental and analytical methods to gain the
statistical power needed to interpret T1 dynamics as a directed stochastic process. In addition,
we applied Ca2+ uncaging as an optochemical tool to induce cell contractions and directly
interfere with neighbor exchanges. We can induce the formation of new cell contacts in vivo
by triggering contraction in the participating anterior and posterior cells. This cell contact
formation is dependent on xit.

We further investigate the cell junction formation using our large in vivo data set and
find that the formation of a new junction is exhibiting a stochastic attempt phase, which is
flanked by contact collapse before the transition and junction elongation afterwards. Attempt
phase durations vary widely, but are consistent with a constant probability of extension phase
initiation. The transit time of the attempt is significantly shorter in wild type compared to xit
mutants.

For consistent interpretation of the experimental findings it was crucial to develop a math-
ematical theory of the stochastic coordination and its topological constraints. It is shown that
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correlation coefficients are bounded because of conservation constraints, which are stronger in
hexagonal topologies compared to square packing. Simulations of T1 transitions predict time-
dependent intercellular correlations even for constant intercellular coupling. A strong enhance-
ment of simultaneous contraction probability can be achieved by constriction of A-P cells during
the attempt phase.

Ensemble analysis of the experimental data shows the existence of phase-dependent and
maintained differential contraction of quadruplet cells entering the attempt phase. Hereby, xit
quadruplet cells fail to maintain differential contraction states. Correlation analysis of contrac-
tions reveals stage-dependent cell-by-cell coordination in WT but not in xit. Hereby, average
WT correlations are negative and near the theoretical limit for short-range correlations whereas
xit shows a strong influence of mean correlations which are specifically enhanced during T1
transitions.

Time resolved phase-dependent correlation analysis reveals that coordinated contractions
are reduced and phase-insensitive both in xit and with E-Cadherin knock-down respectively.
Irrespective of the specific genotype, successful cell contact extension are always triggered by
a peak in the anti-correlation of next neighbor cells (AP and DV). The coordinated cell area
fluctuations indicate a time-dependent switching of intracellular coupling.

In this chapter we present first direct evidence that contractions of cells during T1 transitions
are coordinated and that this coordination is mediated by xit. Cells are linked via E-Cadherin
complexes at the cell-cell junction that also have mechanosensory function. xit mutants show loss
of efficiency and are unable to regulate coordination in a time dependent manner. E-Cadherin
therefore constitutes an essential component for a molecular coordination mechanism regulating
active stresses during morphogenesis.

The Ca2+ uncaging method CaLM, developed in chapter 3, is applied in this investigation.
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8.2 Cell quadruplets synchronize on the fly to drive efficient
cell intercalation

This chapter includes a draft of a manuscript, intended for later publication in a scientific
journal.

Original contribution

Jörg Großhans and Fred Wolf conceived the study. Deqing Kong conducted the experiments.
Lars Reichel and Matthias Häring performed the quantitative analysis. Lars Reichel imple-
mented the data acquisition pipeline. Stephan Eule and FW developed the analytical theory of
intercellular coordination with input from MH and Jacob Metzger. JM performed numerical
simulations. DK, MH, FW and JG analyzed the results. DK, MH, FW and JG wrote the
manuscript with comments from all authors.

Deqing Kong and Matthias Häring contributed equally.

References

References are included in the manuscript.

197





Cell quadruplets synchronize on the fly to drive efficient cell intercalation 1 
 2 
Deqing Kong1, 7, Matthias Häring2–5, 7, Lars Reichl2, Jakob Metzger6, Stefan Eule2, Fred Wolf2–5, 8 *, 3 
Jörg Großhans1, 4, 8 * 4 
 5 
1 Department of Biology, Philipps University, Karl-von-Frisch-Str. 8, 35043 Marburg, Germany 6 
2 Max Planck Institute for Dynamics and Self-Organization, Am Faßberg 17, 37077 Göttingen, 7 
Germany 8 
3 Institute for Dynamics of Complex Systems, Georg August University, Friedrich Hund Pl. 1, 9 
37077 Göttingen, Germany 10 
4 Göttingen Campus Institute for Dynamics of Biological Networks, Georg August University, 11 
Hermann Rein Str. 3, 37075 Göttingen, Germany 12 
5 Max Planck Institute for Experimental Medicine, Hermann Rein St. 3, 37075 Göttingen, Germany 13 
6 Max Delbrück Center for Molecular Medicine in the Helmholtz Association (MDC), Berlin 14 
Institute for Medical Systems Biology (BIMSB), Hannoversche Str. 28, 10115 Berlin, Germany 15 
7 These authors contributed equally: Deqing Kong, Matthias Häring 16 
8 These authors supervised the project: Fred Wolf, Jörg Großhans 17 
 18 
Summary 19 
Synchronized contractility enhances the effective force1 within tissues and might be critical for 20 
the effectiveness and economic deployment of cellular force generators in animal 21 
morphogenesis2–4. In dynamic tissues of developing embryos, however, no global synchronizing 22 
signal exists and cell contacts that may support local synchronization are continuously lost, 23 
formed, and remodelled; existing perhaps too fleetingly to mediate synchronizing interactions. 24 
Here we demonstrate that exactly in the act of breaking and making new contacts, cell 25 
quadruplets in Drosophila embryos synchronize their contractile activity to enhance the speed 26 
and efficiency of embryo axis elongation. We show that synchronized contraction and 27 
expansion of cells within cell quadruplets is an actively coordinated process, which initiates 28 
successful cell contact elongation and strongly increases the success rate of stochastic 29 
elongation attempts. Using a novel theory of stochastic epithelial cell synchronization, large-30 
scale analysis and computational modelling we uncover that cell quadruplets activate fast and 31 
specific signal transduction pathways in a precisely timed manner to achieve synchronization 32 
only when needed. Thus, epithelial cells actively synchronize their contractile activity on the 33 
fly, acting as a smart collective in morphogenetic force generation.   34 

On all levels of biological organization, from animal groups (1) to organs (2) and tissues (3), 35 
synchronization of single cell activities can enhance the efficiency of biological function. 36 
Prominently, in systems of excitable cells, such as muscles or neural circuits, synchronized action 37 
across groups of cells enables the generation of forces (4) and information streams (5) that individual 38 
cells could not achieve.  39 

In animal embryos, many morphogenetic transformations are driven by populations of force 40 
generating epithelial cells (6,7,8), which - in contrast to e.g. myocytes with their ordered 41 
arrangement of contractile fibres - are not designed for maximal force generation (9). 42 
Synchronization of individual cells may thus substantially expand the dynamic range of 43 
morphogenetic forces. Given the softness of embryonic tissue components (10) mild levels of 44 
synchronization may already be of substantial impact. We thus examined the occurrence, strength, 45 
type, and impact of morphodynamic synchronization in a prototypical example of embryonic tissue 46 
remodelling, i.e. germband extension driven by cell intercalation and T1-type neighbour exchanges 47 
in cell quadruplets in Drosophila embryos.   48 



Pulsed contractions have been implicated in intercalation (11) but their coordination and relative 49 
timing has not been investigated (Fig. 1a). We thus interrogated intercalation dynamics by 50 
optochemically induced synchronization of cell contractions (12) and harvested large samples of T1 51 
transitions by live-imaging to examine intrinsically generated patterns of cell synchronization.   52 

Intercellular synchronization promotes new junction formation.  53 

We optochemically induced contraction in one or two cells within quadruplets undergoing 54 
intercalation at the 4x vertex stage by Ca2+ uncaging21 (Fig. 1b–d, Extended Data Fig. 1, Video1–4). 55 
Comparisons of area trajectories and junction dynamics showed that induced contraction in A and P 56 
cells did not interfere with the resolution of the 4x vertices and formation of a new junction18,19.  57 
First, we tested the impact of synchronous cell contractions of 4x vertex resolution by inducing 58 
contraction in opposing cell pairs. 4x vertices were resolved only when the contraction was 59 
synchronously induced in opposing cell pairs (A+P or D+V) (Fig. 1c, Extended Data Fig. 1a–c, 60 
Video 2) but not when we induced contraction of the second cell with a delay (Fig. 1c, Extended 61 
Data Fig. 1a–c, Video 3). Consistent with a synchronicity condition, induced contraction in only one 62 
of the two new neighbours (D, V) often arrested 4x vertex resolution (Fig. 1c, Extended Data Fig. 63 
1a–c, Video 4). Our data thus demonstrate that 4x vertex resolution and subsequent neighbour 64 
exchange in cell quadruplets can be promoted by synchronous cell contractions in opposing cell 65 
pairs. Simultaneous to the contraction of old neighbours, new neighbours must not contract (Fig. 1c, 66 
Extended Data Fig. 1a–c, Video 4), suggesting a need for coordination between contracting old 67 
neighbours and not-contracting new neighbours. 68 

xiantuan (xit) is required for germband extension22 which encodes a glucosyl-transferase in the N-69 
glycosylation pathway leading to hypo-N-glycosylation of E-Cadherin (E-Cad) and possibly other 70 
membrane proteins22. We induced contraction in one or two cells of T1 quadruplets and tested the 71 
resolution of 4x vertices in xit embryos. In contrast to wild type, we found that neither synchronous 72 
nor single induced cell contractions promoted junction formation and 4x vertex resolution (Fig. 1d, 73 
Extended Data Fig. 1d–f). Despite the successfully induced contraction in the AP neighbour cells, no 74 
new junction was established between the DV cells. Thus, the induction of a force dipole by 75 
simultaneous contraction of opposing cells per se is not sufficient to drive new junction formation. 76 
Among the conceivable functions compromised in xit embryos is coordination by signal transduction 77 
between cells in the quadruplet. 78 

To assess such coordination mechanisms, we used two more assays. Firstly, next neighbours 79 
responded to induced contraction of a target cell by increased fluctuations (area variance) in wild 80 
type but not xit embryos (Fig. 1e, Extended Data Fig. 2a). Further distant cells in the same tissue 81 
served as control. The increased area variance points to an active response, which is not simply due 82 
to area conservation, since we did not detect a similar response in xit mutant embryos (Fig. 1e, 83 
Extended Data Fig. 2a, b). Secondly, we recorded cell oscillations in the amnioserosa as a sensitive 84 
readout of cell behaviour23,24. As previously reported, cell oscillations were dampened after junction 85 
cut or cell ablation in the neighbourhood23,24. As expected we observed a drop in area variance from 86 
250 to 50 µm4 in wild type (Fig. 1f, Extended Data Fig. 2c, Video 5). In contrast, oscillations 87 
persisted in xit embryos, as indicated by a weak drop in area variance from about 200 to 150 µm4 88 
(Fig. 1f, Extended Data Fig. 2c, Video 5). Xit is thus required for morphodynamic neighbour cell 89 
responses. 90 

In summary, the above observations show that AP cell synchronization is a strong but strictly xit-91 
dependent driver for the completion of intercalation by new junction formation. It is unclear, 92 
however, whether and when synchronization is in fact deployed during the physiological 93 
intercalation. 94 

Stochastic resolution of 4x vertices 95 



To address this question, we next examined the kinetics of germband extension and neighbour 96 
exchange in large ensembles of WT and xit embryos. Germband extension has been associated with 97 
a solid-fluid transition, which can be assessed by simple geometric parameters. Since germband 98 
extension is impaired in xit embryos, we first assessed whether this fluidization transition was 99 
affected. Surprisingly, we found that germband tissue appears as fluidized in xit as in WT (Extended 100 
Data Fig. 3).  101 

We next assessed the detailed kinetics of neighbour exchanges and junctions dynamics. For this we 102 
specifically harvested hundreds of quadruplets in T1 transitions (Extended Data Fig. 4) from wild 103 
type (N=630) and xit mutant embryos (N=981). We found a striking diversity in the behaviour of 104 
quadruplets (Fig. 2a, b and Video 6). Beside textbook-like T1 transitions with prompt resolution of 105 
the 4x vertex by junction elongation, many T1 transitions exhibited meta-stable 4x vertices, which 106 
resolved only after several minutes in some cases. The meta-stable cases exhibited fluctuations with 107 
short junctions temporarily forming in both directions (Fig. 2a, b, and Extended Data Fig. 5a). We 108 
also observed non-productive cases when the 4x vertex resolved in the reverse direction (Fig. 2a, 109 
Video 6).  110 

For quantification of the dynamics, we defined two points of reference: the time of the first as well as 111 
the last 4x vertex (Fig. 2a, b). The „attempt“ phase is defined as the period between the first and last 112 
4x vertex, following the collapse phase and preceding the elongation phase (Fig. 2b). The trace 113 
during the attempt phase is plotted twice, following the first 4x and prior to the last 4x vertex. We 114 
then analysed junction dynamics in detail (Fig. 2c, Extended Data Fig. 5d, e). The kinetics of 115 
collapse, as well as elongation, were comparable in shape and extent between wild type and xit 116 
embryos. Junctions collapsed with a speed of about 1 µm / min and elongated comparably in forward 117 
and reverse cases. The length of the other four junctions within the quadruplet did change much less 118 
in both wild type and xit embryos (Extended Data Fig. 5e). During the attempt phase, the 4x vertex 119 
transiently resolved with junction lengths fluctuating up to ≈1 µm (Fig. 2c, Extended Data Fig. 5d). 120 

We calculated the exit rates from attempt phase by fitting an exponential distribution to the 121 
histogram of attempt durations. The distributions for wild type and xit both collapse by rescaling, 122 
which indicates that both follow the same process but with different rates. The attempt phases in xit 123 
mutants are longer, with an average attempt length of 4.6 min, than in wild type, where the attempt 124 
phase takes 2.8 min on average (Fig. 2d, e, Extended Data Fig. 5f). The transition from attempt to 125 
elongation phase is therefore consistent with a stochastic process with a constant rate of completion 126 
(Fig. 2e, Extended Data Fig. 5f). The proportion of reversed vertex resolutions, which completes the 127 
attempt with a junction between A and P cells, was also higher in xit than in wild type (27% in xit 128 
versus 12% in wild type embryos, see Fig. 2e). In contrast, collapse and elongation proceed with 129 
similar speed for both genotypes. Thus, the xit mutant specifically affected exit rates of the attempt 130 
phase and proportion of successful junction elongation events. We therefore hypothesized that there 131 
is a xit-dependent and phase-specific synchronization mechanisms that promotes a fast initiation of 132 
junction elongation. 133 

Modelling collective cell area fluctuations in dynamic epithelia 134 

Any pattern of synchronized contractions, whether spontaneous or induced by physiological 135 
interactions will be superimposed on a background of other cell shape fluctuations. In addition, the 136 
potentially fleeting nature of synchronization and the ongoing topological remodelling of 137 
intercalating cell quadruplets enhances the complexity of measuring and detecting intercellular 138 
synchronization. We thus first used mathematical models to examine the expected magnitude of 139 
statistical correlations between cells, to assess whether changing topology by itself may induce 140 
phase-specific synchronization and to explore how the frequency of synchronized AP contractions 141 
could be physiologically controlled.  142 



We modelled fluctuations in cell cross-sectional area as a multivariate statistical process (Fig. 3a). 143 
Assuming fluctuations of different cells to be statistically similar, we allowed for distinct statistical 144 
dependencies between cells that could range from anti-correlation, such that contraction of one cell is 145 
systematically associated with the expansion of another, to statistical independence to positive 146 
correlations, indicating synchronization of contractions in different cells. As a readout of between-147 
cell coordination, we analysed correlations between arbitrary cell pairs in an extended epithelium 148 
and nearest-neighbour and next-nearest-neighbour correlations between pairs of cells in quadruplets. 149 

In principle, correlation coefficients between pairs of dynamical variables can assume any value 150 
between –1 (complete anti-correlation) and 1 (total synchrony). In stochastic systems with many 151 
dynamical elements and spatial organization, however, correlation coefficients are additionally 152 
constrained by collective effects and self-consistency requirements. Next-nearest-neighbour 153 
correlations, for instance, must be consistent with nearest-neighbour correlations and even nearest-154 
neighbour correlations cannot assume arbitrary values if a cell has multiple neighbours. With total 155 
area conservation, we find that the law of total variance implies average pairwise correlations to be 156 
negative and very small (Fig. 3b). If correlation coefficients are negligible beyond local m-cell 157 
clusters, the average correlation coefficient cannot be more negative than –(m–1)-1. With substantial 158 
correlations confined to nearest neighbours the magnitude of correlations, 0.16, is thus predicted to 159 
be small in a generic or hexagonal epithelium (m = 6). If correlations in fact are of such low 160 
magnitude, low noise measurements and large ensembles of observations are strictly required to 161 
detect and characterize coordinated behaviour (Extended Data Fig. 6).  162 

Topologically induced and specific patterns of synchronization  163 

In local groups of cells, such as an intercalating quadruplet, total area is not a strictly conserved 164 
quantity. We thus next examined bounds on nearest- and next-nearest-neighbour correlations in the 165 
main topologies (hexagonal and square) through which intercalation progresses. We find that in both 166 
topologies admissible correlations are substantially constrained by the requirement that the 167 
covariance matrix is positive definite. Reflecting geometric frustration at threefold vertices, 168 
hexagonal epithelia are more strongly constrained than square topologies (Fig. 3c). Assuming a 169 
single dominant timescale for the relaxation of cross-sectional area fluctuations and uniform next-170 
neighbour physiological coupling, in a model of interacting cells, we find next-nearest-neighbour 171 
correlations to be generally positive (Fig. 3d). Except for very weak coupling, correlations generally 172 
differ between topologies for identical coupling strengths. 173 

As intercalation involves a transition from hexagonal to square to hexagonal topology, AP pairs turn 174 
from nearest-neighbour into next-nearest neighbour. A transition from AP anti-correlation to AP 175 
synchronization with the onset of the attempt phase is expected to happen for topological reasons 176 
(Fig. 3e). For a weak overall magnitude of correlations, the resulting rise in the rate of simultaneous 177 
contractions is relatively modest. It can, however, be boosted by phase-dependent additional 178 
couplings or synchronized contraction during the attempt phase overall (Fig. 3f). 179 

xit- and phase-dependent synchronization in T1 quadruplets  180 

Having considered constraints imposed by topology, we analysed the recorded area dynamics of 181 
quadruplets in detail. Averaged area trajectories of old (A, P) and new (D, V) neighbours strikingly 182 
diverged (Fig. 4a, Extended Data Fig. 7a). While new neighbours expanded during the last two 183 
minutes of the collapse phase, old neighbours maintained their size. A small but pronounced dip was 184 
observed for old neighbours at the time of the first 4x vertex. During attempt phase, the difference 185 
between old and new neighbours persisted. Area trajectories were more similar in xit embryos, 186 
especially during attempt phase (Fig. 4a). At the onset of elongation phase, old neighbours 187 
contracted by about 2.5%, while new neighbours further expanded. A contraction of old neighbours 188 
is also seen in xit embryos albeit less pronounced. We detected similar relationships for the cell 189 



perimeters (Extended Data Fig. 7b). The less pronounced changes in the averaged area in xit 190 
embryos (about 5% versus 10% in wild type during collapse phase) may be due to weaker cell 191 
activity in xit embryos or to a less synchronized individual behaviour. We quantified the total area 192 
changes by the auto-covariance of the quadruplets (Extended Data Fig. 7c). Our data point to a loss 193 
of synchronization in xit embryos, as we detected a comparable degree of cellular activities in wild 194 
type and xit embryos. The auto-covariance was even slightly higher in xit embryos than in wild type. 195 
Our data is consistent with the notion, that coordination is impaired between the four cells of a 196 
quadruplet in xit embryos. In summary, we provided support for the coordination hypothesis. The 197 
analysis of average area dynamics revealed stereotypic patterns with divergent areas of old and new 198 
neighbours as the most prominent feature. The difference between wild type and xit embryos 199 
indicates that xit promotes and maintains a divergence of area trajectories during collapse and 200 
attempt phase despite a similar degree of area fluctuations.  201 

Having analysed averaged trajectories, we systematically compared the four individual area 202 
trajectories within quadruplets to each other. We calculated cross-covariance functions of area 203 
changes for all six pairwise combinations (Fig. 4b, Extended Data Fig. 7d). AP and DV pairs 204 
represent next-nearest neighbours, at least for some part of the T1 transition, whereas the other pairs 205 
represent next neighbours for the complete T1 transition. We found negative correlations in four 206 
pairs and positive correlations in two pairs during collapse, attempt and extension phases (Fig. 4b, c 207 
and Extended Data Fig. 7d). We also detected a positive correlation of the DV pair during the 208 
collapse phase, when they were not in contact with each other. This may be due to coupling of two 209 
anti-correlated neighbours (DA and AV). The new junction during the elongation phase did not show 210 
any significant coupling behaviour between the D and V cells, indicating an insensitivity of this new 211 
junction. For all six pairs, the peaks of the cross-covariance were at =0 , indicating that cells are 212 
linked without a measurable time lag. These features were less pronounced in xit than in wild type 213 
embryos (Extended Data Fig. 7d). This analysis suggests that cell junctions mediate anti-correlated 214 
behaviour except for a T1 specific behaviour of the collapsing AP and newly forming DV junctions. 215 

We averaged area correlations of negatively coupled maintained neighbour pairs over three minutes 216 
after the first 4x in comparison to random cell pairs (Extended Data Fig. 7d). We obtained a 217 
correlation of c1(t) = –0.14, which was significantly higher than in xit embryos –0.06 and in random 218 
cell pairs –0.04 (Fig. 4d). In contrast to correlations between area changes, a stronger correlation was 219 
detected between changes in the area and junction length, which was not xit-dependent, however, 220 
and may be due to geometrical constraints (Extended Data Fig. 7e). In summary, our correlation 221 
analysis within individual quadruplets identified a T1 specific and xit-dependent coordination 222 
between area fluctuations. 223 

Next, we separately averaged maintained neighbours and opposite pairs and applied time-resolved 224 
ensemble statistics by correlating the ensembles of trajectories of old and new neighbours (Fig. 4e, 225 
f). The resulting correlation maps uncovered negative correlations along the diagonal for the 226 
maintained pairs (Fig. 4f). This indicates that the strongest correlations of area changes are observed 227 
without a time lag. Conversely, positive correlations were detected for the AP and DV pairs 228 
elongation phases. The degree of both positive and negative correlation was xit dependent since they 229 
were both strongly reduced in xit embryos (Fig. 4f).  230 

We further analysed the weak negative correlation in area fluctuations within random cell pairs. This 231 
correlation may be a simple consequence of area preservation or reflect an active response to a 232 
contracting neighbour. According to the first option, we would expect no dependence on the junction 233 
orientation of the neighbours. Plotting the correlation of area fluctuations against the junction angle 234 
revealed a dependence on orientation (Extended Data Fig. 7f). Random cell pairs with an AP 235 
junction anti-correlate stronger than duplets with a DV junction. Such a bias was not detected in xit 236 
embryos. Similarly, correlations at AP and DV junctions were not different in eve RNAi embryos, 237 



which are largely devoid of planar polarization 11,25,26. This finding indicates that also in random cell 238 
duplets a xit-dependent mechanism exists that coordinates area fluctuations in a manner dependent 239 
on planar polarity.  240 

Phase-dependent coordination depends on E-Cad and dynamically switching intercellular 241 
coupling 242 

To uncover stage-specific coordination behaviour, we extracted time courses of area cross-243 
correlation with a lag time  = 0 (Fig 5a, the diagonals of correlation maps in Fig. 4f). The 244 
correlation traces clearly diverged between maintained and opposite pairs. During collapse phase, 245 
correlation of maintained next neighbour pairs showed a significant valley by the end of junction 246 
collapse (t=0, first 4x). During attempt phase the negative correlation of the maintained pairs was 247 
almost lost, while the positive correlation of the opposite pairs persisted. During elongation, the 248 
positive correlation of next-nearest neighbours decreased, while the correlation of maintained next 249 
neighbour pairs had a significant valley at the last 4x with c1 ≈ –0.15. In xit embryos, both correlation 250 
traces remained flat and close to zero except for a statistically significant valley (c1 ≈ –0.1) at the 251 
onset of elongation. This valley indicates that opposing area changes (contraction versus relaxation) 252 
initiate elongation also in xit mutants. Our data suggest that xit-dependent mechanisms mediate 253 
stage-dependent coordinated area changes in T1 quadruplets, divergent changes in maintained next 254 
neighbour pairs and synchronized area changes in opposite pairs. 255 

We also calculated correlation functions for perimeters (sum of junction lengths) and for the 256 
junctions next to collapsing (AP) and elongating (DV) (Extended Data Fig. 8). We found xit-257 
dependent traces with peaks and corresponding valleys for both positively and negatively coupled 258 
pairs, respectively for correlations with cell perimeters (Extended Data Fig. 8a). In contrast, the 259 
correlations of junction lengths are similar for both wild type and xit mutants (Extended Data Fig. 260 
8b).  261 

The molecular nature of xit-dependent coordination is unknown. We have previously identified E-262 
Cad as a target of xit, since E-Cad is hypo-N-glycosylated and less restricted to the subapical domain 263 
in xit mutants22. E-Cad has previously been shown to be involved in cell intercalation17,22. As a 264 
complete loss would impair oogenesis29 and result in a mesenchymal tissue30, we partially depleted 265 
E-Cad by injection of dsRNA17,22. In E-Cad RNAi embryos, we detected impaired coordination 266 
within T1 quadruplets reminiscent to xit (Fig. 5b, Extended Data Fig. 9). The probability distribution 267 
of attempt phase duration fell between the distributions of wild type and xit with a clear fraction of 268 
T1 transitions with long attempt phases (Extended Data Fig. 5c, 9a). Similar to xit, we found a high 269 
proportion (28%) of reversed T1 transitions. Although the averaged areas of old and new neighbours 270 
diverged (Extended data Fig. 9b), the correlations were strongly reduced similar to xit embryos (Fig. 271 
5a).  272 

We aimed to computationally simulate phase dependent switching of cell coupling by tuning the 273 
coupling constant. We achieved phase dependent correlations of the participating cells only with 274 
phase-specific coupling between the cell pairs (Fig. 5b, c). A topology-only simulation with constant 275 
coupling generated a flat trace comparable to the xit and E-Cad RNAi data except for the peak at the 276 
onset of elongation phase. Therefore, a mere change in topology from hexagonal to square to 277 
hexagonal topology is not sufficient to explain the phase-dependent coordination of cell pairs during 278 
T1 transition. This shows that xit and E-Cad promote phase-specific cell coupling. 279 

Discussion 280 

Our study uncovers an unanticipated degree of flexibility and context-dependence in the active 281 
mechanical behaviour of early ectodermal cells. The T1 attempt phase represents an important 282 
bottleneck in the dynamics of intercalation. Nearly all quadruplets are unable to directly progress 283 
through the 4x vertex state, although it is topologically unstable, and the germband epithelium in a 284 



fluidized state. The metastable dynamics during the attempt phase thus suggests the existence of an 285 
additional barrier that needs to be overcome to initiate productive contact elongation. Quadruplet 286 
morphodynamic synchronization is specifically activated when this barrier needs to be overcome  287 
and strongly accelerates the initiation of productive contact elongation. From a theoretical 288 
perspective, this strategic, rapid and transient deployment of synchronization mechanisms precludes 289 
the application of most computational methods for the analysis of synchronization such as phase-290 
response curves, stroboscopic maps or cyclo-stationary statistics. The stage resolved, non-stationary 291 
ensemble analysis introduced here, should thus provide a versatile framework to quantify and dissect 292 
transient synchronization mechanisms in a morphodynamic systems in general. 293 

Most studies so far focused on how myosin contractility contributes to cell intercalation. The planar 294 
polarised junctional myosin with pulsatile medial myosin flow along the AP axis is crucial for 295 
junction collapse. Pulsed contractions of medial myosin in A and P cells contribute to the growth of 296 
new junctions. Our experiments demonstrate that merely contractions in A and/or P cells are 297 
insufficient for quadruplets through the 4x vertex state. Rather they are most effective if the 298 
contractions are synchronized. The loss of synchronisation and impaired intercalation in xit mutants 299 
likely result from a specific loss of signalling functions mediated by adherens junctions. Notably, xit 300 
also disrupts ion-channel mediated synchronisation in the amnioserosa. Morphodynamic 301 
synchronisation may thus more generally serve as a sensitive and specific readout of E-Cad's 302 
signalling functions. Germband extension is associated with a transition to more fluid-like tissue 303 
behaviour emerging from the cell contractility and oriented stress release along tissue extension 304 
direction via posterior midgut invagination. Our results show that fluid is only necessary but not 305 
sufficient to determine the speed. We propose that phase-dependent synchronisation is an essential 306 
element in satisfying rapid morphogenetic events. 307 

Most embryos must complete morphogenesis on a fixed, maternally provided energy budget. 308 
Cellular physiology spends this energy budget essentially at a constant rate. Thus, in morphogenesis, 309 
speed equals energy efficiency. As embryonic cells harbour a diversity of mechano-transduction 310 
mechanisms and apparently are capable of deploying them rapidly and flexibly to coordinate, we 311 
expect that developmental systems may generally be under selective pressure to recruit 312 
synchronisation mechanisms to increase the efficiency and speed of morphogenetic transformations. 313 
 314 
Methods 315 
Fly stocks and genetics. Genetic markers and annotations are described in Flybase40. Drosophila 316 
melanogaster stocks were obtained from the Bloomington stock centre41, if not otherwise noted in 317 
Supplementary Table 1. Flies were crossed at 25°C. Experiments were performed at room 318 
temperature (~22°C). xit germline clones were generated with a cross of the chromosome xit FrtX [9-319 
2] hs-Flp[122] with ovo[D2] FrtX [9-2] and 2X40 min, 37°C heat shocks of larvae(24–72h). 320 
RNAi interference. Double-stranded RNAs (dsRNAs) for the shotgun (shg) and even skipped (eve) 321 
was transcribed from PCR-generated templates containing T7 promoters on both ends. The dsRNA 322 
template was amplified by the following primer pairs which were preceded by a T7 promoter 323 
sequence (5’-taatacgactcactataggg-3’): shg (5’-gagtctctttgataatggcgagc-3’, 5’-ggtttccatcgttctggtgaatc-324 
3’) 17; eve (5’-ctcgagctgtgaccgccg-3’, 5’- tttgtacaatctttgggg-3’)42. 0–30 min embryos were collected 325 
at 25°C and dechorionated, dried in a desiccation chamber for ~8 min, covered with halocarbon oil 326 
and injected dorsally with dsRNA (c≈3.5 µg/µl) at room temperature (22°C). After injection, the 327 
embryos were aged in a wet chamber for two hours at 25°C. After that, imaging was carried out at 328 
room temperature (22°C). 329 
Live imaging. Embryos were mounted as previously described43. Briefly, 2.5–3.5 hours’ embryos 330 
carried multiple copies of GFP markers (2xresilleGFP, 2xspiderGFP, in case of xit embryos: 331 
2xresilleGFP, 1xspiderGFP) were dechorionated with 50% hypochloride bleach for 90 s, aligned on 332 
a piece of apple-juice agar, transferred to a coated coverslip and covered with halocarbon oil. Time-333 



lapse image series were recorded with an inverted spinning disc microscope (40x/oil NA 1.3 or 334 
63x/oil NA 1.4, 5 s/frame) with 108x108 µm of the field of view at the lateral range, cephalic furrow 335 
as the reference point. As these markers are expressed along the lateral membrane, the projected 336 
images contained the averaged position of cell junctions along the apical 5–6 µm. 337 
Laser ablation. E-Cad-GFP or the germline clone of xit; E-Cad-GFP flies were used to collect 0–2 h 338 
embryos, and the embryos were aged for 15 h at 20°C to yield populations of dorsal closure staged 339 
embryos. Dechorionated embryos were aligned on agar block and transferred to a cover slide and 340 
dried in a desiccation chamber for 2 min, covered with halocarbon oil. The UV laser (DPSL355/14, 341 
355 nm, 70 µJ/pulse, Rapp Optoelectronic) was introduced from the epi-port of the microscope and 342 
was controlled by an independent scanning head (Rapp Optoelectronic)21,44. An ablation was carried 343 
out at the plane of adherence junction with the 10% of laser power, and the exposure time was 200 344 
milliseconds (around 40 pulses) during recording mode on an inverted spinning disc microscope 345 
(Zeiss, 40x/oil, NA1.3) with a CCD camera (Zeiss). After cutting around 30 image stacks with 1 μm 346 
Z-interval were recording by a spinning disc microscope (Zeiss, 100x/oil, NA1.4) with an emCCD 347 
camera (Photometrics, Evolve 512). The recording started in 1 min after the ablation was done. The 348 
image stacks were processed with ImageJ/Fiji45  by Z-Projection with “Max Intensity” projection. 349 
Ca2+ uncaging. Uncaging was conducted as previously described21. Briefly, NP-EGTA, AM (2 mM, 350 
Invitrogen, in 180 mM NaCl, 10 mM Hepes [pH 7.2], 5 mM KCl, 1 mM MgCl2)

46 was injected into 351 
embryos in late cellularization about 10–20 min prior to the uncaging experiment and kept in the 352 
dark at 25°C. Ca2+ was released by a 355 nm pulsed YAG laser (DPSL-355/14, Rapp OptoElectonic) 353 
under the ‘Click and Fire’ Mode, while a movie was recorded on a spinning disc microscope (Zeiss, 354 
100x/oil, NA1.4). The intensity of the uncaging laser was adjusted so that no morphological changes 355 
were induced in 1x injection solution injected embryos. The laser was exposed 1500 milliseconds 356 
(around 300 pulses) per cell with 2.5% laser power (~0.5 mJ/cell). The release of Ca2+ was 357 
controlled with a GCaMP6 sensor protein47.   358 
Cell junction dynamics in cell quadruplets following Ca2+ uncaging. E-Cad-GFP embryos were 359 
performed with Ca2+ uncaging at the 4X vertices stage, afterwards, 3-4 image stacks with 0.5 μm z-360 
interval were recording by an inverted spinning disc microscope (Zeiss, 100x/oil, NA 1.4, 10 361 
s/frame) with an emCCD camera (Photometrics, Evolve 512). The recording started in 0.5 min after 362 
Ca2+ uncaging was done. The image stacks were processed with ImageJ/Fiji by Z-Projection with 363 
“Max Intensity” projection type. Embryos from the xit; E-Cad-GFP germline clone females were 364 
performed with Ca2+ uncaging at the 4X vertices stage while the images were recording by an 365 
inverted spinning disc microscope (Zeiss, 100x/oil, NA1.4, 5 s/frame) with a section at cell 366 
junctions. Cell junctions were measured manually with ImageJ/Fiji. 367 
Individual cell area tracking. Images from the Ca2+ uncaging and laser ablation experiments were 368 
segmented with “Tissue Analyzer”48 in ImageJ/Fiji, cell area measurements were carried out with 369 
ImageJ/Fiji. E-Cad-GFP embryos and embryos from the xit; E-Cad-GFP germ line clone females 370 
were performed with Ca2+ uncaging at single cell while the images were recorded by an inverted 371 
spinning disc microscope (Zeiss, 100X/oil, NA 1.4, 5 s/frame) with a section at cell junctions. 372 
Area variance analysis. Images from the Ca2+ uncaging and laser ablation experiments were 373 
segmented and manual corrected and the cell areas were measured with Embryo Development 374 
Geometry Explorer (EDGE)49. E-Cad-GFP embryos and embryos from the xit; E-Cad-GFP germ line 375 
clone females were performed with Ca2+ uncaging at single cell while the images were recorded by 376 
an inverted spinning disc microscope (Zeiss, 100x/oil, NA 1.4, 5 s/frame) with a section at cell 377 
junctions. Control cells for Ca2+ uncaging experiments were at least 5 cells away from the target cell 378 
in the same embryos being recording. Control cells for laser ablation experiments were from the 379 
embryos without laser ablation. Box plot with mean (red horizontal line) and second and third 380 
quartile. Black horizontal dash line with whisker, 95% bootstrap confidence intervals. 381 
 382 
Quantitative analysis of cell intercalation. 383 



Segmentation of GFP images. Time-lapse images were processed using the Embryo Development 384 
Geometry Explorer (EDGE)49  (http://code.google.com/p/embryo-development-geometry-explorer) 385 
and ilastik . Using EDGE, a bandpass filter with typical values  0.1 μm (low pass) and 12 μm (high 386 
pass) was applied. Using ilastik, the discrimination between border and background was obtained. In 387 
a second step, the prediction maps from ilastik were further processed using particular routines of 388 
EDGE that we customized to our needs. Our data acquisition pipeline is fully automated and without 389 
manual correction. Instead several custom error correction routines were applied and afterwards still 390 
faulty data was disregarded. Identified polygons were tracked over time. Polygons in adjacent 391 
images were associated if their centroids differed by less than 4.5 μm and their fractional overlap 392 
was larger than 60%, and each polygon contained the centroid of the other. If this criterion failed, up 393 
to four subsequent images were examined. Vertices closer than a threshold distance of 0.2 μm were 394 
merged into a single vertex. Polygons with area less than 5 μm2 were removed from the automated 395 
segmentation. For some of the analysis we needed the full information of all cells in the tissue. In 396 
those cases, we used a custom written automated segmentation pipeline based on deep neural 397 
networks and corrected segmentation errors manually using the Tissue Analyzer. 398 
4x vertex life time. The 4x vertex lifetime of a given transition was defined as the shortest time 399 
interval in which 4x vertices were identified for the corresponding four cells. From the obtained set 400 
of polygons we identified the 4x vertices as the set of vertices that were part of four different edges. 401 
In addition, we considered a 4x vertex to be present at timestep t if there is a DV (AP) border with 402 
length above threshold at timestep t − 1 while there is an AP (DV) border with length above 403 
threshold at timestep t (since a 4x vertex must have existed between these times). We defined the 404 
time t = 0 by the first occurrence of a 4x vertex in a transition. Time series of the constricting DV 405 
edge lengths, the extending AP edge lengths, and the involved cells areas were calculated based on 406 
the identified polygons. 407 
Correlation of cells area to border length. The time series of cells area A and the new border 408 
length L were analysed starting from the onset of junction expansion and ending at the saturation of 409 
the new border length. For mutants and embryos with tissue cut, cases with extended life time of 4x 410 
vertices were selected. Time series were smoothed using a Gaussian filter kernel with width σt = 15 411 
s. For the smoothed time series we calculated the approximate temporal derivatives   For 412 
each transition i we calculated the cross-covariance  413 

 414 
and the auto-covariance 415 

 416 
at time lag τ and the correlation coefficient   where  417 

 418 
denotes the standard deviation of   denotes the mean over the time interval, and Nt is 419 
the number of timesteps. We averaged the cross-covariance and auto-covariance over the number of 420 
T1 transitions NT1  421 

 422 



 423 
In order to obtain the cross-covariance peak position we fitted a parabola to ΦAL(τ) in the time 424 
interval τ = [−0.25, 0.25] min. Confidence intervals of the peak position were calculated by 425 
bootstrapping over the set of T1 transitions.  426 
  427 
Fluidization analysis 428 
We used a method presented in Wang X., et al., PNAS, (2020) to explore solid-like and fluid-like 429 
states of the germband in both WT and xit embryos. Fluidization of the tissue can be assessed via the 430 
geometrical quantifiers P and Q. The cell shape index reads P = p/sqrt(A), where p is the perimeter 431 
of the cell polygon and A the cell polygon area. Using the average vertex coordination number z, the 432 
corrected cell shape index is obtained by P_corr = P - (z-3)/B, where B=3.85. Averaging over all 433 
cells per frame yields the data used in the Extended Fig. 3. Cell shape alignment Q is computed 434 
using the triangle method described in Merkel M, et al., Phys Rev E, (2017). The prediction of the solid-435 
like to fluid-like transition is P_crit = 3.818 + 4bQ^2. Further details can be found in Wang X., et al., 436 
PNAS, (2020). We processed the data from time-lapse movies via custom written python software. 437 
For the extraction of Q we are gratefully acknowledging code published in 438 
https://github.com/mmerkel/triangles-segga, which was extended to fit into our analysis pipeline. 439 
 440 
Stochastic models for the inter-cellular coordination of contractile activity. We used the theory 441 
of stochastic dynamics to model the coordinated contractile activity of epithelial cells and assess 442 
signatures of mechano-transduction-mediated and mechanical interactions in intracellular 443 
correlations of contractile behaviour. Details of models and calculations are presented in Appendix 1. 444 
In brief, the contractile activity of every cell was described by a dynamical variable representing the 445 
cell’s cross-sectional area  446 

 447 
decomposed into average area plus dynamical fluctuations. The dynamics of individual cells was 448 
modelled as a stochastic process influence by interactions with neighbouring cells.  449 
 450 
To assess general bounds on and the expected magnitude of inter-cellular correlations we determined 451 
a universal bound on mean intercellular correlations implied by the law of total variance  452 

. 453 
Assuming that correlations beyond next neighbours are negligible the average size of next neighbour 454 
correlations is bounded by 455 

  456 
where K denotes the number of next-neighbours (coordination number). 457 
If the total area of the tissue is conserved  458 

 459 
the above bounds become equalities. 460 
 461 
To assess how distinct epithelial topologies may impact inter-cellular correlations, we inferred 462 
general bounds on the maximal strength of inter-cellular correlations between next- and next-nearest-463 
neighbours from the property that covariance matrices  are positive-definite in general. For square 464 
lattices of cell we obtain 465 



 466 
were c1 and c2 denote next- and next-nearest-neighbour correlations. For hexagonal lattices we 467 
obtain a set of 5 linear and 2 non-linear bounds that together define the range of admissible inter-468 
cellular correlations (see Appendix 1). 469 
 470 
We assessed how changing the coupling strength of intercellular coordination mechanisms impacts 471 
on the magnitude of intercellular coordination we assumed that the dynamics of fluctuations in 472 
contractile state are captured by a system of first order linear stochastic differential equations 473 

  474 
that define a multidimensional Ornstein Uhlenbeck process. With time-dependent interaction 475 
strength Wm,n (t) this framework allows to model both the effect of changing topology as well as the 476 
transient activation of stage-specific interactions. Assuming a fixed topology of the epithelium  477 

 478 
for a square lattice and  479 

 480 
for a hexagonal lattice, we obtained all correlation functions in the model analytically via the spectral 481 
decomposition of the model’s lattice Green’s function. Formulas for dependence of correlations and 482 
correlation functions on the inter-cellular coupling constant J are given in Appendix 1. 483 
Numerical simulations. The large number of equations to be simulated require an efficient and 484 
reliable implementation. We use a highly efficient strong stochastic Runge-Kutta method of order 485 
1.050 which provides fast and accurate simulations of the of the set of coupled stochastic differential 486 
equations above. The core of the code is written in C++, which is wrapped by a thin python layer for 487 
ease of use. The implementation can easily handle on the order of 100 coupled SDEs on a normal 488 
desktop computer. Square and hexagonal as well as the combined lattice, are implemented, as are 489 
periodic and non-periodic boundary conditions. The explicit time dependent factors α(t) and κ(t) can 490 
be naturally included in the stochastic Runge-Kutta scheme. Simulations are then performed with 491 
parameters as described in the main text, with lattices of size 10 by 10 and a step size of ∆t = 0.01. 492 
Both increasing the lattice and reducing the step size did not significantly affect the results. For big 493 
enough lattices such as the ones used here, the effect of the boundary conditions (periodic vs. non-494 
periodic) was found to be negligible. As a check, we first simulated the hexagonal and squared 495 
lattices, for which we have calculated the analytical solutions above, and found perfect agreement. 496 
We then proceeded to simulate the case of time-dependent transitions that captures important 497 
features of the experimentally observed dynamics. For this, we let the system equilibrate from t = −3 498 
to t = 0, and then simulated a contraction, intermediate and expanding phase as follows. At four 499 
different times ti = {2.5,3,7,8}, the couplings between different neighbours are updated according to 500 
the values J1 = {−0.2,−0.01,−0.2,−0.01} and J2 = {0.2,0.2,0.15,0.01} from their initial values of J1 = 501 
−0.1 and J2 = 0.1. 502 
The simulated equation is given by 503 
 x˙m,n(t) = −βxm,n + J1(t)(xm+1,n + xm−1,n + xm,n+1 + xm,n−1) 504 
 + J2(t)J(xm−1,n+1 + xm+1,n−1) + ηm,n(t)      (1) 505 



with β = 1. For the case of an additional shift in the mean of the cell area, we add a sigmoid to the 506 
cell area described by 507 

where ν = 1 for DV and ν = −1 for AP cells, k=1, t0 = 3 and η is the magnitude of the sigmoid. 508 
 509 
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Fig. 1 Intercellular synchronization promotes formation of cell contacts. a, Autonomous or 664 
coordinated cellular contractility resolves a 4x vertex in an epithelial cell. Old neighbours (A, P, 665 
green), new neighbours (D, V, red). b, Optically triggered contractility in selected individual cells by 666 
Ca2+ uncaging. EGTA-nitrophenol, cage. c, d, Triggered cell contraction during neighbour 667 
exchanges in wild type (c) and xit (d) embryos. Triggered contractions in single and pairwise 668 
(synchronous, asynchronous, 3 min time lag) cells of a quadruplet. Red dots indicate the target cells.  669 
Blue dot indicates second laser pulse delayed by 3 min in purple cell. Arrow in red points to 670 
elongating junction. The number of cases with an elongating junction is indicated by success rate. e,  671 
Response of next neighbours (yellow) to cell with triggered contractility (blue) in wild type and xit 672 
embryos. f, Response of next neighbours (yellow) to junction ablation (blue) in the amnioserosa of 673 
wild type and xit embryos. e, f, Area variance of next neighbours and further distant control cells. 674 
The p values were estimated by a two-sided t-test. Number of cells: (e), control 28, neighbour 24 675 
from 3 wild type embryos and control 20, neighbour 15 from 3 xit embryos; (f) control 100, 676 
neighbour 106 from 15 wild type embryos and control 100, neighbour 75 from 15 xit embryos. Cell 677 
junctions in embryos labelled with E-Cadherin-GFP. Scale bars: 10 µm.  678 



Fig.2 T1 transitions exhibit an attempt phase with a stochastic and xit-dependent exit. a, 679 
Varying path of T1 transitions. Images from time-lapse recordings of wild type embryos expressing 680 
GFP tagged membrane proteins. Old and new neighbours are marked in blue and yellow, 681 
respectively. The new junction is marked by a circle in red. Time in min:s. Scale bar 10 µm. b, 682 
Temporal alignment of three exemplary T1 transitions to the time of the first and last 4x vertex. 683 
Definition of collapse, attempt and elongation phases. Junction length during collapse and extension 684 
phase are plotted on the same axis. c, Averaged junction length (solid) with shaded confidence 685 
intervals in wild type (red) and xit (blue) embryos for forward and reversal cases. d, Two examples 686 
of fluctuating areas of indicated cells during attempt phase. e, Cumulative distribution of attempt 687 
phase duration of successful T1 transitions in wild type (black) and xit (red) embryos . Solid lines are 688 
the data, and dotted lines are the fitted exponentials (λWT = 0.360 min-1, R2

WT = 0.992; λxit = 0.217 689 
min-1, R2

xit = 0.999; Δλ ~ 1e-4). Distributions collapse when we rescale the abscissa with the fitted 690 
exponential rate, which is displayed as log-linear plot in the inset. Pie graphs show the proportion of 691 
reversal cases.  692 



Fig. 3 Theory of the stochastic coordination and its topological constraints in dynamic 693 
epithelia. a, Quadruplet with old neighbours (green) and new neighbours (red) with corresponding 694 
traces of area fluctuations. Indicated are the next-neighbour correlation c1(t) and next-next neighbour 695 
correlation c2(t). b, Mechanical interactions in epithelia can be constraint to direct neighbours or be 696 
longer ranged. These scenarios have a direct impact on the expected average correlation. c, 697 
Correlations have model-independent bounds due to area conservation. Possible correlation values 698 
are indicated by the coloured regions. White regions are inaccessible. Bounds depend on the specific 699 
topology, here square and hexagonal packing. d, Comparison of average correlation in square and 700 
hexagonal packing for varying neighbour coupling strength J. e, Stochastic simulations of T1 701 
transitions by changing from hexagonal to square packing and back with a constant coupling 702 
strength. Changes in the correlations are only due to changes in the topology. f,  To mimick the 703 
attempt phase, area contractions are induced using a simple sigmoid function. Phased contraction of 704 
A-P cells results in a strong enhancement of the simultaneous contraction probability. Increasing the 705 
stochasticity by upregulating the noise level () mitigates this effect.  706 



Fig.4 xit-dependent coordination of T1 quadruplets during the attempt phase. a, Averaged 707 
cross-sectional areas with shaded confidence intervals of cells in quadruplets. b, Classification of the 708 
six pairwise combinations into two groups. c, Time resolved ensemble statistics during the 709 
intercalation process normalized to the first and last 4x vertex. Schematic drawing of area trajectories 710 
of old (green) and new (red) neighbours. d, Correlation coefficients of area fluctuations of next 711 
neighbour pairs in quadruplets and random cell duplets in wild type (c1 = –0.1388, c1(random) = –712 
0.0358) and xit (c1 = –0.0591, c1(random) = –0.0133) embryos averaged over three minutes after the 713 
first 4x vertex. The error bars indicate 95% confidence intervals. Sample sizes for random cell pairs 714 
from wild type and xit embryos are 21271 and 9227 respectively. The p values were estimated by a 715 
two-sided t-test. e, Cross-covariance of area fluctuations of two cell pairs (AP, AD) within a 716 
quadruplet during the three phases of intercalation. Average with shaded confidence intervals. f, 717 
Correlation maps for wild type and xit embryos averaged over the two classes of cell pairs. Degree of 718 
correlation is colour coded from blue (anti-correlation) to red (correlation).   719 



Fig.5 Phase-dependent coordination depends on E-Cad and dynamically switching 720 
intercellular coupling. a, Time-resolved correlation of area fluctuations with shaded confidence 721 
intervals calculated separately for the two groups of cell pairs in wild type, xit, and E-Cad RNAi 722 
embryos (diagonal from the correlation maps in Fig. 4f). b, Time-resolved correlation of area 723 
fluctuations from simulations with phase-dependent coupling and constant cell coupling (topology 724 
only). Protocol for phase dependent coupling constants is shown in the middle panel. c, Schematic 725 
drawing of intercalation with or without phase-dependent coupling.  726 



Extended Data Fig. 1 Triggered cell contraction during neighbour exchanges in wild type and 727 
xit embryos. a, d, Triggered cell contraction during neighbour exchanges in wild type (a) and xit (d) 728 
embryos. Single and pairwise (synchronous, asynchronous, 3 min time lag) contractions by Ca2+ 729 
uncaging in cell quadruplets. The target cells are indicated with blue and purple. Arrow in red points 730 
to extending junction. The number of cases with extending junction is indicated. Cell junctions in 731 
embryos labelled with E-Cadherin-GFP. Scale bars: 10 µm. b, e, Cell junction lengths during 732 
neighbour exchanges in dorsal-ventral orientation (AP junction) with a positive value, and anterior-733 
posterior orientation (DV junction) with a negative value. Mean (bold line) with a standard deviation 734 
of the mean (ribbon band). Dotted lines indicate representative traces of length of cell junctions in 735 
dorsal-ventral orientation (AP junction) positive value, and anterior-posterior orientation (DV 736 
junction) negative value during neighbour exchanges. (b) wild type, (e) xit. d, Cell area changes (red 737 
and black) over time in cell quadruplets following Ca2+ uncaging in wild type (c) and xit (f) embryos. 738 
Mean (bold line) with standard deviation of the mean (ribbon band).  739 



Extended Data Fig. 2 Neighbour cell response to local mechanical stimulation is xit-dependent. 740 
a, Triggered cell contraction via Ca2+ uncaging. Area dynamics following Ca2+ uncaging in wild type 741 
and xit embryos. Target cells (blue), next neighbours (yellow). The standard deviation of the mean is 742 
marked by the shaded area. b, Representative traces of cell area. c, Response of next neighbours 743 
(yellow) to junction ablation (blue) in the amnioserosa of wild type and xit embryos. The 744 
amnioserosa is characterized by regular cell oscillations. Area traces were from next neighbours 745 
(yellow).  746 



Extended Data Fig. 3 Geometrical indicators of fluidization show that both wild type and xit 747 
tissue are fluid-like during germband extension. a, Phase diagram of tissue states using cell shape 748 
alignment Q and the corrected average cell shape index P as geometrical quantifiers. Each dot 749 
represents a single frame from a single embryo of germband time-lapse recordings. Black curve is 750 
the theoretical parameter free prediction of solid-like (below the curve) to fluid-like (above the 751 
curve) transition derived by Wang et al., PNAS, (2020). b, Snapshots from time-lapse recordings 752 
during germband extension as examples for the tissue states shown in (a).  753 



Extended Data Fig. 4 Workflow of automated image analysis and computational extraction of 754 
T1 transitions. Genotypes and the number of quadruplets are indicated.  755 



Extended Data Fig. 5 Junction dynamics during T1 transitions in wild type and mutants. A–c, 756 
Examples of a metastable 4x vertex. Images from a time-lapse recording of wild type (a), xit (b) and 757 
E-cadherin RNAi (c) embryos expressing GFP tagged membrane marker. Circles in red mark the 758 
dynamical 4x vertex. d, Traces of randomly chosen quadruplets (10 per genotype). Colour coding 759 
according to the orientation of the junction (blue, AP junction, red, DV junction). e, Averaged 760 
junction lengths with a shaded confidence interval of the six different junctions within a quadruplet. 761 
f, Normalized histograms of attempt phase duration wild type (black) and xit (red) embryos. Solid 762 
lines are the data and dotted lines are the fitted exponentials (λWT = 0.36 min-1, R2

WT = 0.97, λxit = 763 
0.21 min-1, R2

xit = 0.98). Distributions collapse when we rescale the abscissa with the fitted 764 
exponential rate, which is displayed in the inset.   765 



Extended Data Fig. 6 Stochastic simulations of T1 transitions. Stochastic simulations of T1 766 
transitions with increasing sample size and changing topology (from hexagonal to square and back). 767 
Changes in the correlations are only due to changes in the topology.  768 



Extended Data Fig. 7 Area fluctuations, perimeter dynamics and pair-wise correlations during 769 
T1 transitions. a, Exemplary time course of junction length and cell areas from a wild type embryo. 770 
b, Averaged perimeter dynamics with a shaded confidence interval of the four cells during T1 771 
transitions in wild type and xit mutants. c, Auto-covariance with shaded confidence intervals for the 772 
cell area in quadruplets. d, Cross-correlation of area fluctuations for all six pair-wise combinations 773 
within quadruplets in wild type and xit embryos separately for collapse, attempt and extension phase. 774 
Averaged correlation with shaded confidence intervals over three minutes. e, Averaged correlation 775 



coefficient for area fluctuations versus length of the new junction in wild type and xit embryos 776 
averaged over three minutes after the first 4x vertex. p values were estimated by Mann-Whitney-777 
Wilcoxon two-sided test. f, Dependence of area correlations (mean) in random cell duplets on 778 
junction orientation in wild type (N=21272), xit (N=9227) and eve (N=4681). Error bars indicate 779 
95% bootstrap confidence intervals. The p values are estimated by a two-sided t-test.   780 



Extended Data Fig. 8 Time-resolved correlations of perimeters and junction lengths. a, Time 781 
course of averaged perimeter correlations in the indicated pairs of cells. b, Time course of correlation 782 
between indicated junction lengths.  783 



Extended Data Fig. 9 Phase-dependent coordination depends on E-Cad. a, Distribution of 784 
attempt phase durations in embryos depleted of E-Cad by RNAi injection. Pie graphs show the 785 
proportion of reversal cases. b, Dynamics of the averaged cross sectional areas in quadruplets in 786 
embryos depleted of E-Cad.  787 



Supplementary information 788 
This file contains the details of the theory of the stochastic coordination and its topological 789 
constraints in dynamic epithelia. 790 
 791 
Supplementary Table 1: Fly stocks 792 

Name Genotype Source 

117GFP w; Resille-GFP; +/+; +/+ 
P{PTT-un}CG8668[1117-2] better 

Morin 2001, Blankenship et al., 

2006 13   
E-Cad-GFP w; DE-Cadherin-GFP[k-in]; +/+; +/+ Huang et al., 2009 51 

mat67, 15 
w; tub-Gal4-VP16{w+} [67]; tub-Gal4-VP16{w+} [15]; 

+/+ 
St. Johnston /Cambridge 

ovo18 
ovo[D2] v [24] FrtX [9-2] 

{w+}/C (1) D X, y, w, f; +/+; +/+; +/+ 
 Chou and Perrimon, 1992 52 

GFP-Spider w; +/+; GFP95-1 (GFP-Spider) {w+};  +/+ 
Spider-GFP (P{PTT-GB}gish, 

Bloomington #59025 Blankenship 

et al., 2006 13  

GCaMP6m w [1118]; +/+;UASp-GCaMP6-myr; +/+ Chen et al., 2013 47   

xit 
w xit[X-330] f Frt [9-2, 18E] Flp122{ry+} /FM7c, y 

w[a] sn B; +/+; +/+; +/+ 
Vogt et al., 2006 53 and Zhang et 

al., 2014 22 

4XGFP w; GFP-Resille{w+}; GFP-Spider{w+}; +/+ generated in this study 

xit; 4XGFP 
w xit[X-330] f Frt [9-2, 18E] Flp122{ry+} /FM7c; GFP-

Resille (117GFP); Spider-GFP; +/+ 
generated in this study 

ovo18X; 117GFP 
ovo[D2] v [24] FrtX [9-2] {w+} / C (1) DX, y, w, f; 

GFP-Resille (117GFP); +/+; +/+ 
generated in this study 

xit; E-Cad-GFP 
w xit[X-330] f Frt [9-2, 18E] Flp122{ry+} /FM7c; DE-

Cadherin-GFP[k-in]; +/+; +/+ 
generated in this study 

ovo18X; E-Cad-

GFP 

ovo[D2] v [24] FrtX [9-2] {w+} / C (1) DX, y, w, f; DE-

Cadherin-GFP[k-in]; +/+; +/+ 
generated in this study 

 793 
Supplementary Videos 794 
Video1. Embryo expressing a GFP tagged membrane protein and loaded with caged Ca2+. Scale bar 795 
10 µm.  796 
Video 2–4. Embryos expressing E-Cadherin-GFP and loaded with a caged Ca2+. Specified cells of a 797 
quadruplet engaged in a T1 transition were targeted for uncaging as indicated with a red dot. 798 
Video 2. D and V cells contraction synchronously. 799 
Video 3. D and V cells contraction asynchronously with a time lag of 3 min.  800 
Video 4. D cell contraction. 801 
Video 5. Time-lapse recordings of amnioserosa in wild type and xit embryos expressing E-Cadherin-802 
GFP. xit genotype: zygotically heterozygous embryos from females with xit germline clones. 803 
Junction ablation was induced with a pulsed UV laser. Target cells are labelled in yellow, immediate 804 
neighbours in blue. Scale bar 10 µm. 805 
Video 6. Time-lapse recordings of cells during germband extension in wild type embryos expressing 806 



a GFP-tagged membrane protein. The 4x vertex is resolved promptly (top panel), meta-stable 807 
(middle panel) or in reversed direction (bottom panel).  808 
 809 
Data availability 810 
 811 
The original image data will be made available prior to publication in a public repository of 812 
the Göttingen eResearch alliance (https://data.goettingen-research-online.de/) as specified in 813 
the following.  814 
 815 
Raw Data. Raw data from the germband experiments is provided as two-dimensional z-projected 816 
”.tiff” images, containing gray values of cell junction label intensity. 817 
The paths to the raw data are 818 
”./rawdata/genotype/embryo”  819 
for example 820 
”./rawdata/WildType/Embryo_0045” 821 
The naming convention for respective frames of a movie is given by 822 
”Embryo_embryonumber_z01_tframenumber.tif”  823 
for example 824 
”Embryo_0045_z01_t008.tif” 825 
Each ”./rawdata/mutant” directory contains a .pdf file, specifying exact genotype and recording date 826 
for each embryo. Furthermore, the accompanying .xlsx file contains information regarding imaging 827 
techniques and recording parameters, for example time interval between consecutive frames, 828 
microscope objective or exposure time. 829 
Time Series Data. We also provide time series data for several dynamical variables that are 830 
involved in the T1 transition. This data was extracted from the raw data via our acquisition pipeline 831 
as described by the methods section of the paper. 832 
All data is stored in ”.dat” matlab files. For each mutant there exist the following files 833 
”MvalsT2All.dat” 834 
”MvalsT3All.dat” 835 
”MvalsT4All.dat” 836 
and accompanying files ”I2.dat”, ”I3.dat”, ”I4.dat”. 837 
”MvalsAll” contains the raw time series (no further filtering) and ”I” contains the time vector. T2, 838 
T3 and T4 specify the time interval: 839 
• T2/I2 is aligned to the first 4x 840 
• T3/I3 is aligned to the last 4x 841 
• T4/I4 is only the time interval between the first and the last 4x 842 
All of these variables have the following structure: MvalsT2All{u}(t) where u is the variable, v is the 843 
number of the variable (number of the T1 transition), and t is the time. 844 
• u=1,...,7 are the length of the borders that are involved in the T1 transition 845 
• u=8,...,15 are areas of the 4 cells and compound areas 846 
• u=16-19 contain cell perimeters 847 
• u=20-23 contain cell anisotropies 848 
• u=24 is the angle of the AP border 849 
 In detail, the variables are 850 
u name description unit 
1 L DV length of edge separating cells D and V µm 
2 L AP length of edge separating cells A and P µm 
3 L- L DV - L AP µm 
4 L AD length of edge separating cells A and D µm 
5 L PD length of edge separating cells P and D µm 
6 L AV length of edge separating cells A and V µm 



7 L PV length of edge separating cells P and V µm 
8 Area A area of cell A µm2 
9 Area P area of cell P µm2 
10 Area D area of cell D µm2 
11 Area V area of cell V µm2 
12 Area Old Area A + Area P µm2 
13 Area New Area D + Area V µm2 
14 Area Sum Area Old + Area New µm2 
15 Area Diff Area Old - Area New µm2 
16 Perimeter A perimeter of cell A µm 
17 Perimeter P perimeter of cell P µm 
18 Perimeter D perimeter of cell D µm 
19 Perimeter V perimeter of cell V µm 
20 Anisotropy A anisotropy of cell A ∈ [0,1] 
21 Anisotropy P anisotropy of cell P ∈ [0,1] 
22 Anisotropy D anisotropy of cell D ∈ [0,1] 
23 Anisotropy V anisotropy of cell V ∈ [0,1] 
24 Angle angle of L AP edge ∈ [0,1] 
25 

... 

36 

 empty  

I2/3/4 t time vector frames 
A (anterior), P (posterior), D (dorsal), V (ventral) denote the cells that participate in the T1 851 
transition. The angle of the AP border contains values between 0 and 1, where 0 is a horizontal edge 852 
and 1 denotes vertical edges. 853 
Usually the data file only contains 24 cells but in some cases there may also be cells 25-36. These 854 
are a remainder from a different study and do not contain any data. 855 
The time vector only has alignment purposes and its unit is given in frames. The usual timestep is 5s, 856 
therefore I*.dat has to be divided by 12 to obtain the time in minutes. The actual timestep is always 857 
given in the datasheet (*.xlsx) with the original raw movies. 858 
Note that the time series all have the same length. A time series was filled with NaNs if it was 859 
shorter than the specified time interval. Evaluations of the data must therefore take NaN values into 860 
account and require some care when dealing with cross-correlations for example. 861 
 862 
Code availability 863 
The custom codes used to process images analyse data, and run simulations are available upon 864 
reasonable request. 865 



Theory supplement - Epithelial Cell Coordination Dynamics

I. INTRODUCTION

We consider the dynamics of a tissue consisting of N
cells. Each cell is described by its cross sectional area
am(t) where the index m labels the cell and t is the
time. We are interested in the intercellular correlations
Ci,j(t, t

′) = 〈ai(t)aj(t′)〉 in the tissue and focus mainly on
the behavior of nearest neighbor and next-nearest neigh-
bor correlations. In the following we

1. derive general, model-independent bounds for the
correlation function Ci,j(t, t

′), in particular for
hexagonal and quadratic arrangements of cells

2. quantify Ci,j(t, t
′) in a linearized model for the dy-

namics of the corss sectional areas in a hexagonal
and quadratic arrangement of cells.

3. quantify the influence of a time-dependent topology
on the correlation function that the mimics the re-
arrangement of cells during the T1 transition

II. MODEL INDEPENDENT BOUNDS FOR
THE CORRELATION FUNCTION

Complex systems far from equilibrium such as the dy-
namics of coupled epithelial cells are notoriously difficult
to describe analytically due to their inherent randomness
and non-linearity. An interesting idea is to approach the
problem analytically is to drop the demand to get exact
results in the form of equations and consider universal
inequalities instead. For example, irrespective of the spe-
cific dynamics, the normalized covariance matrix of the
cross sectional areas must always be positive semidefinite
with non-negative eigenvalues. Inequalities of this kind
can be used to find universal bounds for covariances, cor-
relations, etc. . Such bounds are are extremely useful for
at least two reasons: i.) They can be used to asses the
typical range of observed values of a complex system;
and ii.) they can be used to reject models if they lead
to observations that are outside of the allowed range of
values.

In the following we derive bounds for the average and
the maximal anti-correlation between the cell’s cross sec-
tional area for different cell arrangements. These bounds
are independent of the specific model and follow from the
general properties of the covariance matrix. If we assume
that the cell areas fluctuate around a typical mean value
ā, we can write ai(t) = āi + xi(t), where xi(t) describes
the fluctuations around the average.

A very general lower bound for the average anti-
correlation between all cells follows from the non-
negativity of the variance of the sum of all cell-size fluc-

tuations, i.e.

〈(∑

m

xm(t)

)2〉
=
∑

m

〈x2m(t)〉+2
∑

n>m

〈xm(t)xn(t)〉 ≥ 0

(1)
For a tissue consisting of N identical cells with 〈x2m(t)〉 =
σ2, it follows that

2

N

∑

n>m

〈xm(t)an(t)〉
σ2

≥ −1 . (2)

Hence, the average cross correlation defined by

〈xm(t)xn(t)〉 =
2

N(N − 1)

∑

n>m

〈xm(t)xn(t)〉
σ2

(3)

has a lower bound that increases with the lattice size

〈xm(t)xn(t)〉 ≥ − 1

N − 1
(4)

In particular, we see that for all to all coupled cells where
all correlations coincide with 〈xm(t)xn(t)〉 = cσ2 that
c ≥ 1

N−1 .
Assuming that correlations between cells that are not

nearest neighbours are vanishingly small we obtain from

Eq.(2) for the average nearest neighbor correlation c̄
(K)
1

in a tissue with coordination number K

c̄
(K)
1 ≥ − 1

Kσ2
(5)

and in particular for a hexagonal lattice c̄
(hex)
1 ≥ − 1

6σ2

and a square lattice c̄
(sq)
1 ≥ − 1

4σ2 . Given that the vari-
ability of the nearest neighbor correlations is not too
hight, these values provide good estimates for the typ-
ical size correlations in such cell arrangements.

Note that if the tissue size is constant,

i.e.
〈

(
∑
m xm(t))

2
〉

= 0 the equality holds strictly

in all of the above equations.
Such bounds can be refined if more information about

the system is included into the formulation of the in-
equalities, for example by making assumption about the
structure of the tissue. In the following, we consider
isotropic tissues that are arranged in form of a hexagonal
and square lattice. Let us start with a four cells arranged
in a square lattice. Denoting the nearest neighbor corre-
lations c1 and the next-nearest neighbor correlations c2
the covariance matrix of the four cells is of Toeplitz type
and proportional to

Csq =




1 c1 c2 c1
c1 1 c1 c2
c2 c1 1 c1
c1 c2 c1 1


 , (6)



2

Since the eigenvalues λi of a covariance matrix represent
the variance along the respective eigenvector directions
they have to be non-negative. This condition leads to a
set of inequalities

λ1,2 = 1− c2 ≥ 0 λ3 = 1− 2c1 + c2 ≥ 0 λ4 = 1 + 2c1 + c2 ≥ 0 ,
(7)

which can be straightforwardly reduced to the condition

−1 ≤ −1 + c2
2
≤ c1 ≤

1 + c2
2
≤ 1 (8)

Thus the region of possible (c1, c2) value pairs is confined,
e.g. for next nearest neighbors to be perfectly correlated
(c2 = 1), nearest neighbors need to be either perfectly
correlated (c1=1) or perfectly anti-correlated (c1 = −1),
see Fig.1. But notice that no single value of c1 or c2 is
forbidden.

-1.0 -0.5 0.0 0.5 1.0

-1.0

-0.5

0.0

0.5

1.0

c2

c 1

FIG. 1. Allowed range of (c1, c2) value pairs in the square
lattice

This changes when we look at the correlations of three
neighboring cells in a hexagonal lattice. Due to isotropy
the cross-correlations between these cells have to be iden-
tical c1 and the normalized covariance matrix Ctri of
these three cells reads

Ctri =




1 c1 c1
c1 1 c1
c1 c1 1


 . (9)

Since the eigenvalues of a covariance matrix represent the
variance along the respective eigenvector directions they
have to be non-negative. This condition leads to a set of
inequalities

λ1 = 1 + 2c1 ≥ 0 (10)

λ2,3 = 1− c1 ≥ 0 , (11)

which can be simplified to

−1/2 ≤ c1 ≤ 1 . (12)

That means, while neighboring cells in a hexagonal
lattice can be perfectly correlated their maximal anti-
correlation is bounded by − 1

2 . This can be intuitively un-
derstood; if cells A and B were perfectly anti-correlated,

cell C cannot be perfectly anti-correlated to both, A and
B. A similar phenomenon is well-known in statistical
physics, where spin systems show a similar type of ge-
ometric frustration on anti-ferromagnetic triangular spin
lattices. Here, the geometry induced frustration leads to
a highly degenerate ground state with non-zero entropy
since not all spins can perfectly anti-align.

The above idea can be extended to a patch of cells
that consists of a center cell and its six neighboring cells
in a hexagonal lattice. Denoting c1, c2 and c3 the differ-
ent possible correlations, see Fig.2, the covariance matrix
reads

c1
c2

c3

FIG. 2. The possible correlations in the hexagonal arrange-
ment of seven cels with one center cell. c1 denotes the nearest
neighbor correlations, whereas c2 and c3 denote the two dif-
ferent types of next-nearest neighbor correlations.

Chex =




1 c1 c1 c1 c1 c1 c1
c1 1 c1 c2 c3 c2 c1
c1 c1 1 c1 c2 c3 c2
c1 c2 c1 1 c1 c2 c3
c1 c3 c2 c1 1 c1 c2
c1 c2 c3 c2 c1 1 c1
c1 c1 c2 c3 c2 c1 1



. (13)

Here, the first row accounts for the correlations of cen-
ter cell and the second to last row account for the correla-
tions of surrounding cells. While the center cells has only
direct neighbors, each surrounding cell has three direct
neighbors with correlation c1, two next nearest neighbors
with correlation c2 and one next nearest neighbor with
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correlation c3, see Fig.2. The Eigenvalues of Chex are

λ1 =1 + c1 − c2 − c3 (14)

λ2 =1 + c1 − c2 − c3 (15)

λ3 =1− 2c1 + 2c2 − c3 (16)

λ4 =1− c1 − c2 + c3 (17)

λ5 =1− c1 − c2 + c3 (18)

λ6 =
1

2

(
2 + c1 + 2c2 + c3 (19)

−
√

28c21 + 8c1d+ 4c1c3 + 4c22 + 4c2c3 + c23

)

λ7 =
1

2

(
2 + c1 + 2c2 + c3 (20)

+
√

28c21 + 8c1d+ 4c1c3 + 4c22 + 4c2c3 + c23

)

The condition λi ≥ 0 for i = 1, ..., 7 restricts the values
for (c1, c2, c3). The allowed range of correlation combina-
tions in (c1, c2, c3)-space is depicted in Fig.3 In particular

FIG. 3. Allowed range of (c1, c2, c3) values for the hexagonal
arrangement of seven cells.

the allowed range of (c1, c2) values is of interest (Why??),
see Figure 2B in the main paper and the projection in
Fig.3

III. CORRELATION FUNCTIONS IN A
LINEAR MODEL

After these general considerations on bounds for the
anti-correlation, we now proceed to discuss a concrete
model that describes the time-evolution of cell-sizes
a(t) = ā + x(t) in the tissue. Assuming that the tis-
sue has an extension of N×N cells, we analyze a general
linear model defined by

ẋm(t) =

N2∑

n=1

Wm,n(t)xn(t) + ηm(t) , (21)

where ηm(t) is an additive Gaussian white noise that cap-
tures the random size fluctuations with 〈ηm(t)〉 = 0 and
〈ηm(t)ηn(t′)〉 = qm,nδ(t− t′). An essential feature of this
tissue model is that Eq.(21) is linear and that the fluc-
tuations are additive. For a time-independent coupling
matrix Wm,n(t) ≡ Wm,n the solution of the noise-less
equation can be written as

xm(t) =
∑

n

Gm,n(t)xn(0) , (22)

where the Green’s function has to solve

Ġm,n(t) =
∑

j

Wm,jGj,n(t) (23)

with the initial condition Gm,n(0) = δm,n. The mean
and the variance can be obtained in terms of the Green’s
function according to

〈xm(t)〉 =
∑

n

Gm,n(t)xn(0) (24)

σm,n(t) = 〈[xm(t)− 〈xm(t)〉][xn(t)− 〈xn(t)〉]〉 (25)

=
∑

i,j

qi,j

∫ t

0

Gm,i(τ)Gn,j(τ) dτ (26)

If the coupling is symmetric a complete bi-orthogonal set
of the coupling matrix exists, and the spectral decompo-
sition of Wm,k reads

Wn,m =
N2∑

k=1

γ(k)u(k)m v(k)n , (27)

where γ(k) are the N2 eigenvalues and u and v denote
the right- and left-eigenvectors of the coupling matrix,
respectively. Using the spectral decomposition, we can
solve Eq.23

Gm,n(t) =
∑

k

eγ(k)tu(k)m v(k)n (28)

We see that the system is stable if all eigenvalues are
negative. Then the system reaches a stationary state
after time T where T � −γ−1max with γmax being the
largest eigenvalue of the Wm,n. In the stationary state,
i.e. for t > T , we obviously have

〈xm(t)〉(s) = 0 (29)

σ(s)
m,n(t) = 〈xm(t)xn(t)〉 (30)

and the time-covariance function can be obtained as

〈xm(t+ τ)xn(t)〉(s) =
∑

j

Gm,j(τ)σ
(s)
j,n(t) (31)

Thus, from Eqs.(27), (28) and (31), we can obtain any
time-covariance function for the model Eq.(21).

Before we present the explicit solutions for the
quadratic and hexagonal lattice, let us first discuss as a
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pedagogical example, how the solution of a linear chain
of length N with constant nearest neighbor couplings, in-
dependent Gaussian noises and periodic boundary con-
dition can be obtained. The equation of motion for this
model reads

ẋn(t) = −βxn + J(xn+1 + xn−1) + ηn(t) , (32)

where ηn(t) is a Gaussian white noise with zero mean
〈ηn(t)〉 = 0 and variance 〈ηn(t)ηm(t′)〉 = qδn,mδ(t − t′)
and xn+N = xn. Using the recipe introduced above
we can calculate the left and right-eigenvectors of the
coupling matrix. Noting that the coupling matrix is

circulant the eigenvectors read u
(k)
m = exp[m 2πik

N ] and

v
(k)
n = exp[−n 2πik

N ] and the eigenvalues are given by

γ(k) = −β + Ju
(k)
1 + Ju

(k)
N−1 = −β + J

(
e

2iπk
N + e−

2iπk
N

)

= −β + 2J cos

(
2πk

N

)
(33)

The system is stable for −β2 ≤ J ≤ β
2 .The solution of

the inhomogeneous system given by Eq.(32) accordingly
reads

xn(t) =
N∑

k=1

x̂k(0)en
2iπk
N e−[β−2J cos( 2πk

N )]t

+

∫ t

0

N∑

k=1

en
2iπk
N e−[β−2J cos( 2πk

N )](t−t′)η̂k(t′)dt′ ,

(34)

where x̂k(0) =
∑N
n=1 e

−k 2πin
N xn(0) and η̂k(t′) =∑N

n=1 e
−k 2πin

N ηn(t′) can be interpreted as the Fourier-
coefficients of the initial condition and the Gaussian
white noise respectively. Note, that 〈η̂k(t)η̂k′(t

′)〉 =
qδk,k′δ(t − t′). The correlation function 〈xn(t1)xm(t2)〉
is given by

〈xn(t1)xm(t2)〉 =
N∑

k=1

x̂2k(0)e(n−m) 2iπk
N γ(k)(t1+t2)

+q

∫ min(t1,t2)

0

dt′
N∑

k=1

e(n−m) 2iπk
N eγ(k)(t1+t2−2t

′)

=
N∑

k=1

x̂2k(0)e(n−m) 2iπk
N +γ(k)(t1+t2)

+q
N∑

k=1

e(n−m) 2iπk
N
−1

2γ(k)

(
eγ(k)|t1−t2| − eγ(k)(t1+t2)

)
(35)

In the stationary state, i.e. where both t1 and t2 are
much larger than |γ(k)|−1 = |(−β+2|J |)|−1, one obtains

〈xn(t1)xm(t2)〉s =

N−1∑

k=0

e(n−m) 2iπk
N
−q

2γ(k)
eγ(k)|t1−t2| .

(36)

For two-dimensional cell arrangements it is convenient
to label the cell with two indices (m,n). In the square
lattice each cell has four neighbors and the cell at (m,n)
at (m+ 1, n), (m− 1, n), (m,n+ 1), (m,n− 1). For con-
stant and isotropic nearest neighbor couplings, Eq.(21)
simplifies significantly. Assuming again periodic bound-
ary conditions and that the diagonal elements of the cou-
pling matrix are constant −β one obtains for the square
lattice

ẋm,n(t) =− βxm,n + ηm,n(t) (37)

J (xm+1,n + xm−1,n + xm,n+1 + xm,n−1) .

Following the same logic as for the one-dimensional prob-
lem, we first obtain the eigenvalues of the coupling matrix

γsq(kx, ky) = −β + J
(
e

2iπkx
N + e−

2iπkx
N + e

2iπky
N + e−

2iπky
N

)

= −β + 2J

[
cos

(
2πkx
N

)
+ cos

(
2πky
N

)]
. (38)

The system is now stable for −β4 ≤ J ≤ β
4 . The homo-

geneous solution of Eq.(37) reads

xhm,n(t) =
N−1∑

kx=0

N−1∑

ky=0

em
2iπkx
N +n

2iπky
N eγsq(kx,ky)tx̂kx,ky (0) ,

(39)
where x̂kx,ky (0) can again be interpreted as the Fourier
coefficients of the initial conditions and the covariance
function in the stationary state is given by

〈xm,n(t1)xj,l(t2)〉(sq)s =

N∑

kx=1

N∑

ky=1

e(m−j)
2iπkx
N e(n−l)

2iπky
N

−q
2γsq(kx, ky)

eγsq(kx,ky)|t1−t2| .

(40)

For the the hexagonal cell arrangement the situation is
slightly more difficult. Let us consider a cell at a position
R. In a hexagonal arrangement this cell has six neigh-
boring sites at R+a1, R−a1, R+a2, R−a2, R+a1−a2
and R−a1+a2, with a1 = (− 1

2 ,
√
3
2 )T and a2 = ( 1

2 ,
√
3
2 )T .

Each cell location can be written as R = ma1 + na2 and
we can label each cell by xm,n. The equation of motion
of our tissue model then reads

ẋm,n(t) =− βxm,n + ηm,n(t)

+ J
(
xm+1,n + xm−1,n + xm,n+1

+ xm,n−1 + xm−1,n+1 + xm+1,n−1
)
. (41)

The eigenvalues are given by

γhex(k1, k2) = −β + 2J

[
cos
(2πk1
N

)

+ cos
(2πk2
N

)
+ cos

(2π(k1 − k2
N

)]
, (42)
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implying that the system is stable for −β3 < J < β
6 . The

geometry of the hexagonal coupling thus introduces non-
symmetric bounds for the allowed range of coupling val-
ues, allowing for larger absolute values for anti-coupling
between cells. Repeating the same steps as before, we
arrive at the stationary state covariance function

〈xm,n(t1)xj,l(t2)〉(hex)s =

N∑

k1=1

N∑

k2=1

e(m−j)
2iπk1
N e(n−l)

2iπk2
N

−q
2γ(k1, k2)

eγhex(k1,k2)|t1−t2| .(43)

To model the T1-transition we need to introduce time-
dependent coupling strength. Consider the following
equation

ẋm,n(t) = −βxm,n
+ J(xm+1,n + xm−1,n + xm,n+1 + xm,n−1)

+ α(t)J(xm−1,n+1 + xm+1,n−1)

+ κ(t)J(xm+1,n+1 + xm−1,n−1)

+ ηm,n(t) (44)

For α(t) = 1 and κ(t) = 0 this equation reduces to
Eq.(41) while for α(t) = 0 and κ(t) = 0 it describes
the dynamics on the quadratic lattice. Thus for α(t) =
L(t)/L0, where L(t) is the length of the constricting
boundary, and κ(t) = 0 it describes the constriction
phase of the T1-transition. For κ(t) = D(t)/D0, where
D(t) is the length of the newly established boundary,
and α(t) = 0 it describes the expansion phase of the T1-
transition. Note that due to the transition the topology
of the periodic boundaries changes, making their inter-
pretation difficult. Furthermore, due to the introduction
of a time-dependent coupling it is no longer possible to
find an analytical solution of Eq.(44). We thus need to
study Eq.(44) numerically.

IV. NUMERICAL SIMULATIONS

The large number of equations to be simulated require
an efficient and reliable implementation. We use a highly
efficient strong stochastic Runge-Kutta method or order

1.0 17 which provides fast and accurate simulations of
the set of coupled stochastic differential equations . The
core of the code is written in C++, which is wrapped by
a thin python layer for ease of use. The implementation
can easily handle on the order of 100 coupled SDEs on a
normal desktop computer. Square and hexagonal as well
as the combined lattice, are implemented, as are periodic
and non-periodic boundary conditions. The explicit time
dependent factors α(t) and κ(t) can be naturally included
in the stochastic Runge-Kutta scheme. Simulations are
then performed with parameters as described in the main
text, with lattices of size 10 by 10 and a step size of
∆t = 0.01. Both increasing the lattice and reducing the
step size did not significantly affect the results. For big
enough lattices such as the ones used here, the effect of
the boundary conditions (periodic vs. non-periodic) was
found to be negligible. As a check, we first simulated
the hexagonal and squared lattices, for which we have
calculated the analytical solutions above, and found per-
fect agreement. We then proceeded to simulate the case
of time-dependent transitions that captures important
features of the experimentally observed dynamics. For
this, we let the system equilibrate from t = 3 to t = 0,
and then simulated a contraction, intermediate and ex-
panding phase as follows. At four different times ti =
{2.5,3,7,8}, the couplings between different neighbors are
updated according to the values J1 = {0.2,0.01,0.2,0.01}
and J2 = {0.2,0.2,0.15,0.01} from their initial values of
J1 = 0.1 and J2 = 0.1.

The simulated equation is given by

ẋm,n(t) = −βxm,n
+ J1(t)(xm+1,n + xm−1,n + xm,n+1 + xm,n−1)

+ J2(t)(xm−1,n+1 + xm+1,n−1)

+ ηm,n(t) (45)

with β = 1.
For the case of an additional shift in the mean of the

cell area, we add a sigmoid to the cell area described by

ā(t) =
νη

1 + e−k(t−t0)
(46)

where ν = 1 for DV and ν = 1 for AP cells, k=1, t0 = 3
and η is the magnitude of the sigmoid.



Chapter 9

Conclusions

In this thesis, the coordination of epithelial cells during Drosophila embryo development was
investigated. I contributed to the field by developing novel experimental and quantitative meth-
ods, performing quantitative large scale analysis of epithelial tissue dynamics, mathematical
modeling of intercellular coordination and combining all of these aspects to investigate concrete
biological questions during Drosophila development.

9.1 Main results

Epithelial cells can receive and respond to mechanical stimuli transmitted at the cell-cell junc-
tion. This has been shown by others before, for instance by mechanically or genetically per-
turbing the system, and therefore by experimental intervention [33, 43, 204, 247]. However, for
the first time, it was possible to find quantitative evidence of intercellular coordination during
morphogenesis by means of large-scale data analysis in living embryos. Investigating the re-
sulting ensemble, subtle phenotypical differences between wild type and mutant embryos could
be resolved that would otherwise not have been detected by inspection of a few examples or
single embryos or by focusing only on certain parts of a tissue. To this end, data from several
experimental trials have to be aligned to biologically well defined target states. Examples are
dorsal closure onset at the end of gastrulation or the 4x vertex points of T1 processes. Because
biological processes have a function the alignment procedure to these functionally important
target states allows us to study the average dynamics that drives the system towards these
states by means of statistical ensemble analysis. Deterministic signals and cues can be sepa-
rated from noise that would normally hide the important dynamics. Gaining better quantitative
understanding about such processes allows the inference of qualitative underlying principles from
the data and ultimately helps us understand how biology achieves such a fascinating thing as
developing a new organism.

Tmc is necessary for synchronization of cell oscillations

We have gathered evidence that the ion channel Tmc has a function for synchronization of cell
oscillations in the amnioserosa, a squamous epithelium at the dorsal side of the embryo, which
is involved in dorsal closure. It is one of the first studies that directly shows the importance of
a mechanosensitive mechanism for intercellular coordination from the analysis of an ensemble
of embryos.

Synchronization was directly measured via cross-correlation analysis of neighboring cells
from data of fully segmented amnioserosa tissue during the ellipsoidal phase, which is beginning
after germband retraction and lasts until dorsal closure onset. Using a mathematical model,
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introduced in chapter 5, we have shown that a mechanosensitive coupling mechanism, like Tmc
, indeed leads to synchronization of local cell dynamics. Simulations were conducted to perturb
single cells in the tissue by inducing contractions and revealing that neighboring dynamics is
dependent on the strength of the modeled coupling mechanism. Experimentally, we tested
this by induced cell contractions in a target cell (using the method from chapter 3) and found
that neighbors of that cell do not contract in Tmc mutants while wild type cells contract
simultaneously with the target, which confirms the simulation result. From the literature it is
already known that loss of Tmc causes a decrease in the Ca2+ response of peripheral sensory
neurons upon bending of larvae [113]. To directly show that Tmc has an effect on the Ca2+

dynamics in the amnioserosa as well, the tissue has been challenged via wounding experiments.
Here we could show that the resulting Ca2+ signal at neighboring junctions was significantly
lower for Tmc mutants, which therefore presents direct evidence that Tmc has an effect on Ca2+

signaling in the amnioserosa.
In addition, Tmc mutants show morphological differences to the wild type, which was pre-

sented in chapter 6. AS bulk cells assume isotropic shapes to a significantly lesser degree
compared to wild type embryos. The elongated cell shapes are pointing preferentially in the
lateral direction, which could be caused by anisotropic tension. Using laser ablation experiments
we estimated tension at axial and lateral junction via observations of the recoil velocity. Lateral
junctions in Tmc mutants showed a significantly higher tension compared to axial junction,
while wild type embryos display no difference and therefore isotropically distributed tension in
the epithelium. Separating the lateral epidermis from the amnioserosa shortly before junction
ablation shows a dramatic decrease in recoil velocity, indicating that the tension is due to forces
from the epidermal cells.

The fact that Tmc affects both synchronization of local cell dynamics and force distribution
in the tissue hints towards a function of intercellular synchronization for orchestrating internal
cellular forces on the tissue level. It is well known that dorsal closure is a complex orchestra
of forces, originating from several different sources, which operate together to shrink the am-
nioserosa towards the midline and close the back of the fly, e.g. reviewed in [123, 166]. While
certainly different processes are at work during closure than in the ellipsoidal phase, which pre-
cedes it, the stage for dorsal closure is already being set from germband retraction onwards.
This includes isotropic distribution of tension, stiffening of the tissue and the formation of the
actin purse string around the amnioserosa. During dorsal closure, several redundant processes
contribute the force to shrink the tissue [72, 92, 142, 166, 321], however one of the main force
contributions is coming from the amnioserosa bulk cells [166]. Since Tmc impairs isotropic force
distribution during ellipsoidal phase, it is conceivable that it also assists in the coordination of
forces during dorsal closure.

While the focus here was on Tmc we also investigated data from xit which is affecting the
distribution of E-Cadherin at the adherens junction [355]. Some similarities of both mutants
are mainly for the morphological differences to wild type which also for xit include anisotropic
tension and elongated cell shape, even displaying a stronger phenotype in this regard. Mechani-
cal stimuli are transmitted at the adherens junction, where E-Cadherin essentially connects the
cytoskeleton of two neighboring cells as described in the introduction section 2.10. xit affects
the E-Cadherin clustering at the junction, therefore direct interference with the signal transmit-
ting capability at the adherens junction also results in the described phenotypical differences.
Interestingly, while we observe a drop in overall synchronization in xit it is not so strong as
for Tmc and in addition the spatial arrangement of cell couplings is preserved. This points
toward distinct mechanisms of Tmc and xit . It is still conceivable that Tmc is colocalized with
E-Cadherin and both are part of the same molecular mechano-transduction mechanism at the
cell-cell junction, but the distinct results indicate that there are other processes for which both
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components are important.

E-Cadherin affects efficiency of T1 transitions

E-Cadherin is also the focus of investigation in the next study where we looked at T1 transitions
in the germband. Using optochemical uncaging we succeed in the initiation of a T1 process and
triggering the formation of a new junction by simultaneously contracting the participating cells
in a directed manner. This indicates that synchronization of the participating cells could enhance
the efficiency of T1 transitions and lead to new junction formation.

This is further studied in an ensemble of >1000 T1 processes where we indeed find that
synchronization of the participating cells enhances T1 rate and that xit is necessary for the
coordination of participating cells. T1 processes do not always result in neighbor exchange and
formation of a new junction. Data analysis shows that the process is stochastic and exhibits an
exponential exit rate for the formation of a junction between the new neighbors. There is a non-
vanishing probability for the reverse transition, resulting in failure for novel junction formation.
Both, the exit rate and the fraction of reverse transitions are dependent on xit whereas xit
mutant embryos display smaller rates and a higher reverse probability.

In wild type embryos, the synchronization of the participating cells is significantly higher
than in the mutants. Therefore the efficiency of the T1 process could be directly related to the
coordination capability of the cells.

A mathematical theory supplements the findings by showing that the degree of synchroniza-
tion is very high compared to the theoretical limit that was calculated for hexagonal packing.
In addition, comparison of simulation and experiment shows that a time-dependent protocol is
necessary to achieve the observed phase-dependent correlation between the cells.

As already mentioned, xit affects the E-Cadherin distribution at the adherens junction which
suggests a role for E-Cadherin as signal transducer for the coordination of the participating cells.
xit is necessary for the efficiency of T1 processes. As others have shown, speed of a T1 process
has direct implications for the rheological features of the tissue. According to vertex simulations
done in [81], slow T1 transitions result in elastic properties, while the plasticity needed for the
germband to elongate can only be achieved with sufficiently high transition rate of the T1. It
is fitting that germband elongation is impaired in xit , taking longer and displaying a higher
failure rate.

According to this result, E-Cadherin mediated coordination of active stresses during T1
processes might be one of the main components needed for successful convergent extension of
epithelial tissues. Our findings constitute compelling evidence for how mechanical regulation on
the fly drives morphogenesis.

Quantitative analysis of amnioserosa

While the main aim of the thesis was to investigate the above noted biological questions, as a
”side effect” the large scale analysis of the amnioserosa provides a unique dataset that allows to
accurately quantify the ellipsoidal phase before dorsal closure onset. Most of the research field is
more concerned with dorsal closure itself, while the phase preceding it is less studied. This phase,
which we termed the ellipsoidal phase, due to its geometry, denotes the time when germband is
almost retracted and before the zipping at the canthi of the amnioserosa begins. Cells and tissue
are preparing for dorsal closure, for instance the purse string formation is happening [166].

We quantified static and kinematic properties of the amnioserosa and its cells and made
a comparison between xit and Tmc mutants and the wild type. Most striking morphological
differences are the elongated cells in xit and Tmc mutants which we quantified in terms of a
nematic order parameter. The direction of elongation is mostly towards the lateral epidermis,
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which suggests anisotropic tension due to forces from the epidermal cells. This was confirmed
by laser ablation experiments analyzed in chapter 7.

In general, it is remarkable that the variance of nearly all observables is higher in the mutants.
Wild type embryos are significantly more robust and display less sample by sample variation.
This points toward essential function of xit and Tmc for the maintenance of robustness during
epithelial morphogenesis. As also shown in the above noted studies we suspect that xit and
Tmc are mediating intercellular coordination. A loss of those molecular components would lead
to less coordination and therefore higher variation and less robustness.

Synchronization was studied in large scale ensemble analysis of neighboring cell oscillations.
First, we have quantified the oscillations themselves, determining mean periods and their time
dependent behavior. Probably due to ongoing stiffening in the amnioserosa in preparation for
dorsal closure, the amplitudes of those oscillations decrease. Some embryos also display a shift
towards faster oscillations on average.

Using cross-correlation analysis, neighboring cell area synchronization is quantified. Large
scale statistical testing reveals differences of composition and spatial order of significantly cou-
pled cell pairs. This result is confirmed by spatial ensemble analysis of the complete correlation
coefficient distribution. In chapter 7 we have discussed implications and a possible molecular
mechanism that could cause the observed results.

Mathematical model of intercellular coordination

We have modeled epithelial tissue dynamics via a cell-based hexagonal lattice model. The aim of
this model is to investigate the impact of a mechanotransduction coupling mechanism between
the contraction of neighboring cells and the regulation of Ca2+ which in turn upregulates tension
via myosin II [212, 315]. It is shown that such a mechanism indeed leads to synchronization
between neighboring cells. The mathematical theory makes it clear that anti-synchronized
behavior is favorable due to geometric constraints of the cell packing and dissipation of energy
at the cell borders.

Comparison of model and experiment was done via optimizing the Jensen divergence between
the distribution of correlation coefficients of the cell pairs. For Tmc a much broader parameter
range is able to produce similar results as found in the experiment. In particular the model
suggests that both a loss in coupling strength and a loss in the frequency of cell pairs that are
equipped with the coupling mechanism can lead to the shift towards anti-synchronized neighbor
dynamics.

To test how neighbors react to the contraction of a target cell we increase Ca2+ in a random
cell. If the coupling strength is high enough, neighbors do contract as well. The needed coupling
is higher than the determined optimal parameter in comparison to the experiment. It might
be the case that in such extreme cases, such as the Ca2+ uncaging and sudden contraction, a
secondary cell machinery is triggered in response. This would explain the high coupling strength.
Similar effects are known from wound healing where in response to laser wounding high amounts
of Ca2+ are recruited and the neighboring cells react with oscillation arrest and contraction to
stabilize the tissue [9, 296].

Novel methods for investigation of Drosophila morphogenesis

Our approach was to study tissue dynamics systemically by observing thousands of trajectories
from several embryos. This became feasible by the development of a segmentation pipeline that
utilizes deep neural networks, in particular generative adversarial networks. Our method greatly
outperforms traditional rule based methods and enables full segmentation of amnioserosa tissue
even despite challenging artifacts due to noise or autofluorescence of secondary structures.
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In comparison to other deep learning architectures, our method can be trained even in
absence of image-mask ground truth data and still provides similar accuracy. GANs can show
better performance in the inference of hardly visible features.

Neural networks are embedded in a semi-automated segmentation pipeline that allows man-
ual correction. If 100% segmentation accuracy is not needed, the pipeline can be operated in
fully automated fashion. Segmentation errors are often repeated in specific region of the tissue,
for example for very small cells, or due to secondary structures. This leads to the expectation
that long, error free, trajectories can still be recorded even without manual correction. The
modularized structure of the pipeline makes it easy to replace single components if new tech-
nology becomes available. In addition, integration into existing frameworks is simple.

We transferred knowledge from the neuroscience field by exploiting the Ca2+ mediated acti-
vation of myosin to induce cell contraction in vivo. Ca2+ is released optochemically by microin-
jection of Ca2+ cages into the living embryo and using a laser to cleave away the bond, which
releases Ca2+ into the cell. The method is able to induce contraction with single cell resolution
and temporally on dynamically relevant timescales.

The functionality of this methods demonstrates that Ca2+ is able to regulate myosin II dy-
namics during Drosophila morphogenesis. It was applied in studies in chapter 8 in the germband
and chapter 7 in the amnioserosa. The above noted coupling mechanism utilizing mechanosensi-
tive ion channels for the regulation of Ca2+ could therefore microscopically work as hypothesized.
In addition, the results indicate that Ca2+ release could trigger secondary recruitment of Ca2+

via opening of membrane channels and leading to influx of extracellular Ca2+ or similarly Ca2+

from the ER.

9.2 Outlook

One of the main questions that arise from our studies is how Tmc is microscopically involved
in the mechanotransduction machinery of the cells. Is it colocalized with E-Cadherin at the
adherens junctions? How does the recruitment of Ca2+ happen? For instance it could be that
Tmc triggers the opening of further Ca2+ ion channels which lead to an influx of Ca2+ from the
extracellular region. Alternatively Ca2+ could also come from the endoplasmatic reticulum. It
is difficult to image Ca2+ dynamics directly in the amnioserosa, at least with high enough signal
to noise ratio which is able to resolve the spatio-temporal dynamics on relevant scales, which
would tremendously help to uncover the actual microscopic dynamics.

To link coordination of local cell hubs with force transmission on the tissue level more
quantitative analysis is necessary that investigates how the dynamics of the whole amnioserosa
plays into coordination. Furthermore, the role of bulk cell oscillations has been subject to
many speculations. A dominant hypothesis is that they achieve ratchet-like shrinking of the
amnioserosa by subsequently decreasing the area and stiffening of the surround purse string,
which is augmented by the zipping process. Evidence for those interactions might be found in
the data of the ellipsoidal phase.

To further investigate ion channel function during development studies are planned and al-
ready underway that investigate other channels, namely nompC and piezo, in the amnioserosa
in a similar way as we have investigated Tmc mutants. Understanding the different impact of
distinct channels will help to uncover the full coordination pathway and discriminate between
different functions of the channels.

Our mathematical model should be further investigated in particular to understand the im-
pact of local coordination on the morphology and force distribution within the tissue. This can
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be achieved by finding the morphology that exerts a constant force on the boundary cells. For
different coupling strengths distinct geometrical shapes of the whole tissue should be favorable.

Segmentation using deep learning has already become state of the art during the time this
thesis has been worked on. However, the application of GANs is still underutilized for the
segmentation of biomedical images where classifiers, like the U-Net are more common. We have
preliminary data showing further improvement of segmentation accuracy by incorporation of
temporal consistency in the learning objective of the networks. This means, that because we
record movies, subsequent frames also contain information about the current one, leading to
higher accuracy if this information is incorporated. This is especially true for the amnioserosa
where a cell typically stays at roughly the same position throughout the recording.

In addition, neural networks could be used for segmentation in a real-time microscopy setup.
Once the networks are trained the inference of features from the image is very fast. This allows
to analyze data during the experiment and give the experimentalists cues to further investigate
interesting cells or automatically trigger experimental procedures, e.g. automated laser ablation
at an exact time point and position.
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[120] M Häring et al. “Automated Segmentation of Epithelial Tissue Using Cycle-Consistent
Generative Adversarial Networks”. In: bioRxiv (2018).

[121] V Hartenstein. Atlas of Drosophila development. Vol. 328. Cold Spring Harbor Laboratory
Press, 1993.

[122] V Hartenstein, GM Technau, and JA Campos-Ortega. “Fate-mapping in wild-type Drosophila
melanogaster”. In: Wilhelm Roux’s Archives of Developmental Biology 194 (1985).

[123] P Hayes and J Solon. “Drosophila dorsal closure: An orchestra of forces to zip shut the
embryo”. In: Mechanisms of Development (2017).

[124] K He et al. “Deep Residual Learning for Image Recognition”. In: arXiv e-prints (2015),
arXiv:1512.03385. arXiv: 1512.03385 [cs.CV].

[125] L He et al. “Mechanical regulation of stem-cell differentiation by the stretch-activated
Piezo channel”. In: Nature 555 (2018).

[126] L He et al. “Tissue elongation requires oscillating contractions of a basal actomyosin
network”. In: Nature Cell Biology 12 (2010).

[127] NC Heer et al. “Actomyosin-based tissue folding requires a multicellular myosin gradient”.
In: Development (Cambridge, England) 144 (2017), pp. 1876–1886.
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[282] W Roux. “Beiträge zur Entwickelungsmechanik des Embryo - Ueber die künstliche Her-
vorbringung halber Embryonen durch Zerstörung einer der beiden ersten Furchungskugeln,
sowie über die Nachentwickelung (Postgeneration) der fehlenden Körperhälfte”. In: Archiv
für Pathologische Anatomie und Physiologie und für Klinische Medicin 114 (1888).

[283] S Ruder. “An overview of gradient descent optimization algorithms”. In: arXiv e-prints
(2016), arXiv:1609.04747. arXiv: 1609.04747 [cs.LG].

[284] SK Sadanandan et al. “Automated Training of Deep Convolutional Neural Networks for
Cell Segmentation”. In: Scientific Reports (2017), pp. 1–7.

[285] L Saias et al. “Decrease in Cell Volume Generates Contractile Forces Driving Dorsal
Closure”. In: Developmental Cell (2015).

[286] G Salbreux, G Charras, and E Paluch. “Actin cortex mechanics and cellular morphogen-
esis”. In: Trends in Cell Biology 22 (2012).
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