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the tension of other bonds in the tissue.
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Figure 6.8: Roughness of the compartment boundary. (A) Roughness of theanterior-posterior

compartment boundary for four different experiments. The average is shown in

black. (B) Comparison of the roughness of the compartment boundary between

experiment and simulation forλ = 4.

We now wonder if increased tension along the compartment boundary by a factor of four is

sufficient to generate an interface with the same morphologyas ones observed in experiments.

In Sec. 5.4, we introduced a method to quantify the roughnessand shape of compartment bound-

aries. We processed four wing discs and extract the shape of the anterior-posterior compartment

boundaries throughout the tissue. In Fig. 6.8 A, we show the width of the compartment bound-

ary normalized to the average bond length,w/〈Lij〉, as a function of the normalized length

along the boundary,L/〈Lij〉, for each wing disc. We show the average of the normalized width

for these four discs in black. The morphology of the anterior-posterior compartment boundary

is highly reproducible among these discs. In Fig. 6.8 B, we show the roughness of the compart-

ment boundary in simulations ofλ = 4 together with the average of the roughness of anterior-

posterior compartment boundary in theDrosophila wing disc. At small scales (the length of

few cell bonds), the roughness of the anterior-posterior compartment boundary is remarkably

similar to the roughness obtained in the simulations forλ = 4. However, for larger scales, the

anterior-posterior compartment boundary is more straighter than the simulated one forλ = 4;

even it is straighter than simulations ofλ = 7, where the tension along the compartment bound-

ary is increased by a factor of seven. Our results, then indicate that a four-fold increase in cell

bond tension along the compartment boundary, can largely account for the sorting of the cells

at the anterior-posterior compartment boundary and determines the small length-scale behav-

ior. Additional mechanisms might operate to improve the straightness of this boundary at large
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scales.

6.4 Cell Clones in Growing Tissues

Case I Case III

Figure 6.9: Example of clone cells in growing networks for case I and III.In case I, clone cells

remain contiguous during growth, in contrast to clone cellsin case III, where they

disperse and are invaded by unrelated cells.

A clone of cells is generated in biology by modifying a singlecell at an early stage of devel-

opment such that it expresses a certain fluorescent molecule, while all other cells in the tissue

are not able to produce this specific molecule. These molecules are not diffusible to other cells

and therefore they only transfer to daughter cells of a cell having this molecule, through cell

division. In the wing disc it is shown that clones of cells do not disperse from each other during

proliferation [89]-[90]. T1 transition is the most important mechanism that can disperse clone

cells. The fact that clone cells are not dispersed in the wild-type wing disc suggests that T1

transitions do not happen very frequently.

We now wonder if the parameter values that we find for case I (Sec. 3.3) can predict this

experimental observation. We also wonder if our model predicts disperse clones for case III,

where the model parameters are such that the network is liquid, and the rate of T1 transitions

is higher compared to case I. We perform growth simulations for cases I and III during which

we keep track of the identity of cells that originate from a specific cell in the initial hexagonal

network. We color these cells in Fig. 6.9 red. In simulationsof case I, few T1 transitions occur

as the network grows (37 transitions per100 cell divisions), and clones remain cohesive. In

contrast, in the case of a soft tissue (case III),146 T1 transitions occur per100 cell divisions,
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clones are invaded by unrelated cells (see Fig. 6.9). This suggests that the tendency for clones

to remain contiguous during proliferation is a consequenceof physical cellular properties.

6.5 Summary

We introduced in Sec. 3.3, three cases with distinct cell shape and packing geometries. These

cases correspond to different set of parameter values indicating that cell shape and packing ge-

ometry is determined by biophysical properties of cells. Inthis chapter, we used our theoretical

results to quantify tension and perimeter contractility ofcells in theDrosophila wing disc. We

compared the packing geometry of these three cases with the quantified packing of the wing

disc and we found that, case I (Λ̄ = 0.12, Γ̄ = 0.04) and case III (̄Λ = −0.85, Γ̄ = 0.1) gener-

ate similar packing geometries. However, comparing the area variability of polygon classes of

these cases with experiments, we found that only case I generates cellular morphologies sim-

ilar to the wing disc. We conclude that of these three cases, only case I generates similar cell

shape and packing geometries to the ones observed in the wingdisc. To study how cell shape

and packing geometry are influenced by the physical parameters of the model and find regions

of parameter values corresponding to the wing disc, we systematically change these parame-

ter values and performed growth simulations. For each set ofmodel parameters we compare

neighbor number distribution between experiment and simulation and we find that for those

parameter values lie in the red region in Fig. 6.2, the packing geometry is similar in simulations

and experiment. From this analysis , we conclude that the distribution of neighbor numbers

does depend on physical parameters, but there is an extendedregion that is consistent with ex-

periments. Comparing area variability in simulations and experiment, we find that only a subset

of parameter choices is consistent with the cell shapes and network morphologies observed in

the proliferating wing disc, which is outlined in blue in Fig. 6.2. Area variability constrains

parameter values corresponding to the wing disc more than neighbor number distribution.

We have performed laser-ablation experiments of cell boundaries to study the force bal-

ances described by our vertex model and to independently determine parameter values. Laser-

induced cutting of cell junctions causes the vertices at either end to move apart. This results

in anisotropic displacements of vertices in the surrounding network; displacements are maxi-

mal for those vertices lying along the axis of the cut bond. Comparing these experiments to

simulations shows that only a small range of parameters (green outlined region of Fig. 6.2),

which includes those of case I, is consistent with the observed movements. We conclude that

laser-ablation experiments constrain parameter values corresponding to the wing disc the most

among the other measurements. Moreover, we showed that our vertex model can well reproduce

displacements of all vertices in the tissue. We compared thedisplacement field in experiment

and simulations of case I and we found that our theoretical results match well with the exper-
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imental displacements. We also showed that simulations of laser ablation can be mimicked by

removing both the tension in the ablated boundary and the contractility of the two cells adjacent

to the cut boundary.

We introduced a mechanism in Chap. 5 to establish a compartment boundary between two

cell populations in growing tissue, by increasing the cell-bond tension along the compartment

boundary. We examined this hypothesis in experiment for theanterior-posterior compartment

boundary in the wing disc using laser ablation. We performedablation for bonds that are shared

between two anterior cells, two posterior cells as well as the bonds shared between an ante-

rior and posterior cells. We found that the tension is indeedincreased along the compartment

boundary. To quantify the tension along the compartment boundary, we compared the displace-

ment field of vertices surrounding the cut bond in experimentand simulations. We found that

ablation of the compartment boundary generates more anisotropic movements compared to the

ablation of other bonds, and we found that simulations with increased tension by a factor of

four along the compartment boundary can well reproduce the displacements observed in ex-

periment. We then compared the shape and morphology of the anterior-posterior compartment

boundary with the ones generated in simulations for four-fold increase tension along the com-

partment boundary. We found that on small scales, our model generates remarkably similar

morphologies to experiment, however, on larger length-scales the anterior-posterior compart-

ment boundary is straighter than our simulations. We conclude that other mechanisms are also

involved in establishment of the compartment boundary and influence largely the overall shape

of the boundary.





7 Conclusions and Outlook

Most species develop from a fertilized egg cell and during development, different organs with

variety of shape, size and functionality form. Mechanisms that control shape and morphology

of different organs are still not clear. For the past decades, biologist identified complex networks

of signaling molecules that are involved in development of tissues. However, the response of

cells to such a signaling network is only limited to processes such as cell division, cell death,

cell growth, cell migration and cell shape changes. These mechanisms are tightly controlled by

cell mechanics and cell adhesion, which requires careful study of cell mechanics in tissues.

In this thesis, we developed a framework to study cell mechanics and cell interactions in

two-dimensional tissues, so called epithelia. Epithelialcells are connected to each other via

adhesive molecules and establish a junctional adheren network near their apical region. In

order to describe such a network, we used a vertex model, in which each cell is approximated

by a polygon (vertices connected by straight bonds). Since cell shape relaxes much faster than

other developmental processes such as cell division and cell rearrangement, on time scales

shorter than cell division time scale and longer than cell-shape relaxation, the junctional network

is stable and the total force on each vertex is zero. The forces we consider here can in our

simple description be represented by an energy function. Our energy function has three terms

regarding area elasticity, perimeter contractility and cell-cell adhesion. We studied the ground

state properties of the model and we showed that depending onphysical parameters of the

model, there is a phase transition from solid hexagonal network to soft networks, where the

ground state is degenerate.

We introduced a cell division algorithm in our vertex model,based on quasistatic changes of

cell properties. This algorithm has two main steps: (i) A growing phase of the dividing cell that

the preferred area of the cell is doubled in a few steps while minimizing the energy after each

increment. (ii) By the end of this growing phase, we introduce a new boundary at a random

angle passing through the cell center. Repeating this process we can grow the tissue starting

from a small number of cells up to an arbitrary size. Cell packing generated by this algorithm are

characterized according to the fraction and average area ofdifferent polygon classes. We found

that depending on model parameters, distinct patterns of cells emerge with different packing

geometries and morphologies. We studied phase transitionsfor growing networks, which are
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far from equilibrium and we found that there is a transition from solid to soft networks, for

which the transition line falls on the line that we found for the ground state phase transition.

During growth, local stresses are induced in the network dueto cell division that result in cell

shape changes as well as junctional remodeling. We studied how the dynamics of junctional

remodeling in growing networks is affected by cell mechanics and we found that the rate of

junctional remodeling increases for decreasing line tension, while the rate of cell death increases

for increasing line tension.

We also studied the displacement field of vertices due to local perturbations such as removal

of cell boundaries. We showed that this results in anisotropic movement of vertices around the

removed boundary. Vertices in the direction of the cut bond moves outward, however, vertices

perpendicular to the cut bond moves slightly inward. We studied two scenarios for removal of

a cell boundary. In the first scenario, we only remove the tension of the boundary leaving the

two cells next to the boundary otherwise unaffected. In the second scenario, we remove both

the tension on the boundary and also the perimeter contractility of the two cells adjacent to

the cut boundary. We found that the second scenario generates greater anisotropy than the first

one. We also studied how mechanical parameters of the tissuemight affect the displacements

due to removal of a cell boundary. We found that slight changes in the parameter values of the

model generates significantly different displacements around the cut bond, which shows that

this analysis is quite sensitive to cell mechanics and cell adhesion in tissues and can be used as

a probe to quantify precisely forces in the tissues.

Many developmental processes occur in absence of cell division, that affect tissue shape

and morphology. Two examples of such processes have been studied in this thesis: convergent-

extension and hexagonal repacking. During convergent-extension the shape of the tissue changes

dramatically; it narrows in one direction and expands in theother direction by a factor of about

two, which is governed internally. We studied two mechanisms that can generate internal shear

in grown networks: junctional remodeling and cell divisionwithout growth. The later process

is different from what described in our growth simulations;the preferred area of the diving cell

dose not increase before division and the two daughter cellswill have half of the preferred area

of the mother cell. We found that to shear the network effectively, the junctional remodeling

should be oriented. We also found that one round of oriented cell doubling without growth gen-

erates internal shear in the tissue. During repacking, specifically in the Drosophila wing, the

packing geometry of the tissue changes dramatically and thepercentage of hexagons increases

by a factor of two. We studied two mechanisms that can result in hexagonal packing: annealing

and shear flow. Both mechanisms occur during development of theDrosophila wing. We in-

troduced annealing in the vertex model by randomly changingthe adhesion of cell boundaries,

while relaxing the network. This can result in fluctuation ofcell boundaries. For those networks

with hexagonal ground state, these fluctuations are biased by the energy minimization toward
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the hexagonal packing. We found that the percentage of hexagons can increase to∼ 80% during

annealing. We also introduced shear flow in the vertex model by imposing shear on vertices lie

in the middle of the network, while relaxing the other vertices. Shear flow also influences the

packing geometry of the network and the hexagonality increases to∼ 70%.

Processes such as convergent-extension and repacking are controlled by a network of inter-

acting proteins that are involved in planar polarization oftissues. Planar cell polarity is a tissue-

level phenomenon that coordinates cell behavior in epithelia. Planar polarity is established by a

molecular organization that includes an asymmetric distribution of these proteins within cells.

The distribution of these proteins in a given cell determines of the polarity of neighboring cells.

We developed a model to study planar cell polarity in the context of vertex model. Our model

includes two type of molecules that interact across cell boundaries and inhibit each other within

cells. We showed that starting from a random distribution ofthese molecules in cells, for small

networks long-range polarity order emerges, however for larger networks defects of planar po-

larity appear. We found that if we grow a small polarized network, the initial polarity preserves

during growth and we can generate a network of arbitrary sizewith long-range order. We then

studied how these polar networks behave under shear flow. We found that the polarity vector of

cells reorients, while the general global order is preserved and the angle of the polarity vectors

converges to a well-defined steady state value. This behavior of our model is similar to liquid

crystal physics We developed a general coarse-grained model for the polarity of cells which

is governed by two mechanisms: vorticity and shear. Although vorticity can reorient polarity

vector of cells, the shear might influence the orientation ofpolarity vectors differently. We in-

troduce a phenomenological coefficient describing the coupling between shear and orientation

of the polarity vector of cells and give a quantification.

Finally we compare our theoretical results with the experimental ones to quantify for the

first time cell mechanics and cell adhesion in tissues such asthe wing disc of the fruit fly

Drosophila. To study how cell shape and packing geometry are influenced by the physical

parameters of the model and find regions of parameter values corresponding to the wing disc,

we systematically change these parameter values and performed growth simulations. For each

set of model parameters we compare neighbor number distribution between experiment and

simulation and we find that for those parameter values lie in the red region in Fig. 6.2, the

packing geometry is similar in simulations and experiment.From this analysis , we conclude

that the distribution of neighbor numbers does depend on physical parameters, but there is an

extended region that is consistent with experiments. Comparing area variability in simulations

and experiment, we find that only a subset of parameter choices is consistent with the cell

shapes and network morphologies observed in the proliferating wing disc, which is outlined in

blue in Fig. 6.2. Area variability constrains parameter values corresponding to the wing disc

more than neighbor number distribution. We also have performed laser-ablation experiments of



92

cell boundaries to study the force balances described by ourvertex model and to independently

determine parameter values. Comparing these experiments to simulations shows that only a

small range of parameters (green outlined region of Fig. 6.2). We conclude that laser-ablation

experiments constrain parameter values corresponding to the wing disc the most among the

other measurements.

Using these techniques, we studied mechanisms that result in establishment and maintenance

of compartment boundaries between two cell populations in developing epithelia. For the con-

dition that all cells are mechanically identical, stochastic cell division results in mixing of these

two populations. However, if the tension along the compartment boundary increases with re-

spect to the other bonds in the tissue, cells sort out during growth and a sharp interface forms.

Higher tension along the compartment boundary results in the formation of a straighter bound-

ary. We examined this hypothesis in experiment for the anterior-posterior compartment bound-

ary in the wing disc using laser ablation. We performed ablation for bonds that are shared

between two anterior cells, two posterior cells as well as the bonds shared between an anterior

and posterior cells. We found that the tension is indeed increased by a factor of four along the

compartment boundary. We then compared the shape and morphology of the anterior-posterior

compartment boundary with the ones generated in simulations for four-fold increase tension

along the compartment boundary. We found that on small scales, our model generates remark-

ably similar morphologies to experiment, however, on larger length-scales the anterior-posterior

compartment boundary is straighter than our simulations.

Our vertex model can be used as a basis for further investigations on how networks of sig-

naling molecules control cell mechanics and consequently final shape, size and morphology of

tissues. In this thesis, we introduced a model to describe planar polarization of tissues, how-

ever we did not discuss how these molecules that are involvedin tissue polarity control cell

mechanics or cell division. There are evidences that planarpolarity proteins tightly control

tissue properties [83], such as packing geometry of tissues[81], cell division orientation [82],

cell migration [84] and convergent-extension [85]-[87]. It is recently proposed that cell packing

geometry influences planar cell polarity signaling and irregular cell packing results in misori-

entation of polarity [88]. The detailed mechanisms of theseprocesses are poorly understood.

In future, we can use the vertex model together with our planar polarity model to study these

mechanisms in details.

We showed theoretically and experimentally that the anterior-posterior compartment bound-

ary is under higher tension compared to the other boundariesin the tissue. However, our further

analysis on the morphology and shape of the compartment boundary, showed that the anterior-

posterior compartment boundary in the wing disc is straighter than the ones in simulations. This

indicates that although four-times increase in the tensionalong the compartment boundary is

sufficient to generate small-length scale morphology, there are other mechanisms that influence
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the overall shape of the compartment boundary. These mechanisms are completely unknown.

Moreover, establishment of the dorsal-ventral compartment boundary is still not clear [89]-[91].

It is worthwhile to test whether the tension along the dorsal-ventral compartment boundary is

increased using laser ablation techniques and how this is comparable to the tension along the

anterior-posterior compartment boundary.

Finally our vertex model can be extended to study more complicated developmental pro-

cesses such as “cell competition” [92]-[95]. Cell competition is a type of short-range cell-cell

interaction described inDrosophila, in which cells expressing different levels of a particular

protein are able to discriminate between their relative levels of that protein in such a way that

one of the cells disappears from the tissue, whereas the other not only survives but also prolif-

erates to fill the space left by the disappearing cells. This was first discovered in experiments in

which the division rate of wing cells was altered by using Minute mutations [92]. The Minute

mutations inDrosophila produce a dominant growth defect and result from inactivating muta-

tions in one of many different ribosomal proteins. Cells homozygous1 for a Minute mutation

cannot manufacture proteins and therefore die; this is not due to cell competition, but rather

cell-autonomous apoptosis. However, cell competition canoccur when cells heterozygous2 for

a Minute mutation, which are viable, are found next to wild-type cells. When flies contain-

ing Minute heterozygous cells together with wild-type cells were created, Minute heterozygous

cells disappeared by apoptosis because of the presence of surrounding wild-type cells, despite

the fact that they would have been viable on their own.

1A cell is homozygous for a particular gene when identical alleles of the gene are present on both homologous

chromosomes.
2A cell is heterozygous for a particular gene when two different alleles occupy the gene’s position on the

homologous chromosomes.





A Conjugate Gradient Mehod

iteration i

conjugate gradient method, iteration i+1

steepest descent method, iteration i+1

Figure A.1: Simple comparison between steepest descent method and conjugate gradient. In

the steepest descent method, we only move slightly in the opposite direction of

gradient of the function in each iteration; However in conjugate gradient method

we move more efficiently in each iteration using conjugate vectors.

The simplest method of minimizing a functionf(x) with N independent variables (x =

(x1, · · · , xN )) knowing the gradient of the function is the Steepest Descent method. In this

method, we start from an initial pointx0 and in each iteration, we move along the direction

−∇f until we are close enough to the solution. Although the steepest descent method has

the advantage of numerical stability, but it performs many small steps in going down a long,

narrow valley, even if the valley is a perfect quadratic formthat makes this method inefficient

from computational point of view. We therefore need to use a more sophisticated method such

as Conjugate Gradient method that includes two basic steps:adding an orthogonal vector to
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the direction of search for minimum and then move in a direction nearly perpendicular to this

vector The conjugate gradient method is an algorithm for thenumerical solution of particular

systems of linear equations, namely those whose matrix is symmetric and positive definite.

The conjugate gradient method is an iterative method, so it can be applied to sparse systems

which are too large to be handled by direct methods such as theCholesky decomposition. Such

systems arise regularly when numerically solving partial differential equations. The conjugate

gradient method can also be used to solve unconstrained optimization problems such as energy

minimization. This difference between steepest descent method and conjugate gradient method

is illustrated in Fig. A.1.

In any iterative minimization method, the new position of variables at stepi, is updated such

that

xi+1 = xi + λih
i, (A.1)

whereλi is a scalar parameter andxi is the position of the variables at stepi. The directionhi

is the search direction towards the minimum. For the steepest descent method this direction is

given by the negative of the gradient of the function,hi = −∇f(x). However, for the conjugate

gradient method, this direction is given via a simple recursion

hi+1 = −∇f(xi+1) + γih
i. (A.2)

There are two slightly different ways of definition ofγi; the first definition was given by Fletcher

and Reeves [96]

γi =
∇f(xi+1).∇f(xi+1)

∇f(xi).∇f(xi)
, (A.3)

wherexi = (xi
0, · · · , xi

N). Later, Polak and Ribiere [97] introduced a new definition for γi

γi =
(∇f(xi+1) −∇f(xi)).∇f(xi+1)

∇f(xi).∇f(xi)
. (A.4)

For certain type of energy functions, the Polak-Ribiere algorithm is less efficient than Fletcher-

Reeves algorithm. The conjugate gradient method is very efficient compared to steepest descent

method, however for some type of energy functionals it sometimes can step so far into a very

strong repulsive energy range where the gradient on this point is almost infinite.



B Cell Packing Geometry

Table B1. Polygon Class Distributions

P3 P4 P5 P6 P7 P8 > P8 〈n〉
Case I 0.11 11.29 32.10 28.39 16.79 7.31 4.02 5.90

Case II 8.21 21.63 24.39 16.18 10.92 6.63 12.05 5.95

Case III 0.05 15.73 40.62 29.20 11.25 2.70 0.45 5.46

Wing disc 1.0 ±
0.77

6.78±
4.18

34.61±
4.06

38.28±
6.29

14.28±
3.36

2.17±
1.76

0.06±
0.24

5.51

Table B2. Area Variation

〈A3〉/〈A〉 〈A4〉/〈A〉 〈A5〉/〈A〉 〈A6〉/〈A〉 〈A7〉/〈A〉 〈A8〉/〈A〉
Case I 0.05 0.42 0.80 1.08 1.30 1.47

Case II 0.03 0.20 0.65 1.21 1.73 2.06

Case III 1.0 1.0 1.0 1.0 1.0 1.0

Wing disc 0.42 ± 0.14 0.56 ± 0.02 0.82 ± 0.01 1.08 ± 0.01 1.36 ± 0.02 1.52 ± 0.05

Table B3. Number of T1 and T2 Transitions

T1 Transition per 100 DivisionsT2 Transition per 100 Divisions

Case I 37 12

Case II 16 3

Case III 146 0



C Numerical Analysis of Phase
Transitions in Tissue Growth
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Figure C.1: Numerical analysis of phase transitions for growing tissues. Logarithmic plot of

the converged value of the order parameter as a function ofǫ, the threshold for the

conjugate gradient minimization method. This is plotted for different values of̄Λ

andΓ̄ = 0.05.



D Displacements Upon Laser
Ablation
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Figure D.1: (A and B) Tangential displacementsDθ of vertices relative to the average bond length〈Lij〉 as a

function of the angleθ indicated in Fig. 6.5 A. Vertices at different distances from the ablation point

are shown in the colors used in Fig. 6.5 A. Black dots show the average displacement for vertices

at different angles, grouped in bins ofπ/6 radians. (A) shows tangential displacements observed

in 20 different experiments. (B) shows tangential displacements obtained in the50 simulations of

bond removal, for which the radial displacements are shown in Fig. 6.5 B.



E Processing Epithelial Images

Original image Removed background Blurred image

A CB

Figure E.1: Filtered epithelial images. (A) Confocal microscopy imageof the Drosophila

wing disc (provided by [3]). This is an input of the image processing software.

(B) Processed image after removing the background from the original image. (C)

Processed image after enhancing the contrast and slight blurring.

In most cases epithelial images that are captured by confocal microscopy require a series

of filtering steps before further analysis. In these images,typically a membrane protein is

marked with florescent molecules to detect cell boundaries.An example of such an image is

shown in Fig. E.1, first panel. We use MATLAB for image-processing and we always refer

to the related functions in MATLAB, however similar functions exist for other programming

languages. We do not explain the details of these functions.The first step for processing the

image is to subtract the background noise. To estimate the background noise, we first use the

IMOPEN() function. We can then use the function IMSUBTRACT() to remove the background

noise. The next step after removing the background noise is to enhance the contrast of the image

using the ADAPTHISTEQ() function. This function uses contrast-limited adaptive histogram

equalization. It selects small regions in the image and enhance the contrast within that region.

These small regions are then combined to each other using bilinear interpolation to eliminate

the artificially induced boundaries.
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One important step before extracting the junctional network of cells is to slightly blur the

image. Blurring might reduce details of the image but this iscrucial for further processing

for the following reason. In the confocal images of epithelial cells, we use florescent proteins

that are reach in the adheren junctional network to identifycell boundaries. These proteins are

not uniformly distributed and there are regions along cell boundaries that the intensity drops

abruptly. To identify a cell in the tissue, we require to detect the region that is bounded by the

boundaries of that cell. These regions of low intensity along cell boundaries can generate errors

in our cell detection algorithm and slight blurring fills these gaps effectively. If we blur strongly,

we might destroy the image very much and one should use properblurring parameters for each

image. We use the function IMFILTER() to blur the image by convolving a Gaussian filter.

To extract the junctional network of cells from these filtered images, we assign to those

pixels with intensity higher than a threshold, a value of one, and to the others a value of zero.

This threshold is different for each image. After removing those objects in the image that

are smaller than a certain size, which correspond to vesicles carrying florescent molecules in

tissues, we segment the image into cells. The goal of segmentation is to simplify and change

the representation of an image into something that is more meaningful and easier to analyze.

For this reason we use a “watershed” algorithm, which is an image processing segmentation

algorithm that splits an image into areas based on the topology of the image. In this algorithm,

we first identify the enclosed region of each cell and label them(1, 2, 3, · · · , NC), whereNC is

the total number of cells in the image. We then increase the area of these regions, analogous to

filling them with water, until two neighboring cells meet at aborder of one pixel width. These

borders are then labeled “zero”, and are taken as the junctional network of cells. In Fig. E.2 A,

we show the watershed segmentation of the epithelial image shown in Fig. E.1, in which each

cell is colored differently.

Extracting the junctional network of cells, we can determine the position of vertices in these

networks. We define a vertex as the center of a3 × 3 pixel box that contains more than two

different cell labels. If the box has three different cell labels, the corresponding vertex is three-

fold and if it contains four different labels, the vertex is four-fold. Note that we replace two

three-fold vertices that are closer than 20% of the average bond length by a four-fold vertex.

We show in Fig. E.2 B the junctional network of cells as green lines, representing three-fold and

four-fold vertices by red and blue dots, respectively. Knowing the position of vertices, we can

determine the number of vertices of each cell and quantify the packing geometry of cells in the

images. In Fig. E.2 C, we show the packing geometry of cells inthe processed image, where

each cell is colored according to its neighbor number (the color code is indicated in Fig. E.2 C).

Note that cells on the border of the image are not counted for the purpose of statistics, and are

colored in black irrespective of their neighbor number.

We can also quantify area, perimeter and elongation of cellsfor the processed watershed
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Figure E.2: Processed epithelial images. (A) Watershed segmentation of the processed image.

Each cell is colored differently. (B) The junctional network of cells and vertices

determined from the watershed segmented image. Three-foldand four-fold ver-

tices are shown by red and blue dots, respectively. (C) Packing geometry of cells

in the processed image. Each cell is colored according to itsneighbor number.

(D) Quantified cell elongation in the processed image. The elongation of cells is

shown by red lines passing through the cell center. The length and direction of

lines correspond to the magnitude and axis of cell elongation, respectively.
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image. Cell area and cell perimeter are simply the number of pixels enclosed by cell boundaries

and the number of boundary pixels of that cell, respectively. Knowing the position of boundary

pixels of a cell, we can quantify cell elongation calculating a traceless, symmetric stretch tensor

of cell α as

Sα
γη =

(

Sα
1 Sα

2

Sα
2 −Sα

1

)

, (E.1)

whereSα
1 andSα

2 are defined as

Sα
1 =

1

Aα

∑

i

cos 2θi

Sα
2 =

1

Aα

∑

i

sin 2θi. (E.2)

The sum in Eq. E.2 is over all pixels of cellα andθ is the angle of pixeli with respect to thex

axis. Aα is the total number of pixels in cellα. The eigenvalue and eigenvector of the stretch

tensor gives us the magnitude and axis of the stretch of the cell, respectively. In Fig. E.2 D, we

show cell stretch as a red bar passing through the cell center.



List of Figures

1.1 Examples of the epithelial junctional network . . . . . . . .. . . . . . . . . . 7

1.2 Distribution of different classes of polygons in different species . . . . . . . . . 10

1.3 Features of planar polarity in epithelia . . . . . . . . . . . . .. . . . . . . . . 13

1.4 Schematic of planar cell polarity proteins . . . . . . . . . . .. . . . . . . . . 14

1.5 Early embryonic development inDrosophila . . . . . . . . . . . . . . . . . . 16

1.6 Drosophila imaginal discs . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

1.7 Drosophila wing development . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.1 Examples of the apical junctional network in the wing disc . . . . . . . . . . . 21

2.2 Schematic of the vertex model. . . . . . . . . . . . . . . . . . . . . . .. . . 22

2.3 Ground-State phase diagram of the vertex model. . . . . . . .. . . . . . . . . 24

2.4 Shear deformation and isotropic expansion of a hexagonal unit box . . . . . . . 26

3.1 Development of theDrosophila wing disc. . . . . . . . . . . . . . . . . . . . . 29

3.2 Schematic of topological rearrangements in vertex model . . . . . . . . . . . . 31

3.3 Evolution of topology and morphology of a growing tissue. . . . . . . . . . . 32

3.4 Examples of different tissue morphologies . . . . . . . . . . .. . . . . . . . . 34

3.5 Phase transitions for growing tissues . . . . . . . . . . . . . . .. . . . . . . . 36

3.6 Dynamics of topological rearrangements . . . . . . . . . . . . .. . . . . . . . 39

3.7 Effect of cell mechanics on the rate of topological rearrangements . . . . . . . 40

3.8 Laser ablation in two different scenarios . . . . . . . . . . . .. . . . . . . . . 41

4.1 Convergent-extension inDrosophila embryo . . . . . . . . . . . . . . . . . . . 46

4.2 Convergent-extension induced by polarized T1 transitions . . . . . . . . . . . . 48

4.3 Shear flow induced by cell division without growth . . . . . .. . . . . . . . . 50

4.4 Annealing of a grown tissue . . . . . . . . . . . . . . . . . . . . . . . . .. . 51

4.5 Shear flow in the vertex model . . . . . . . . . . . . . . . . . . . . . . . .. . 54

4.6 Planar cell polarity in the vertex model . . . . . . . . . . . . . .. . . . . . . . 55

4.7 Defects in planar cell polarity . . . . . . . . . . . . . . . . . . . . .. . . . . . 58



List of Figures 105

4.8 Emergence of large-scale planar polarity . . . . . . . . . . . .. . . . . . . . . 59

4.9 Polarity reorientation due to shear flow . . . . . . . . . . . . . .. . . . . . . . 60

5.1 Anterior-Posterior compartment boundary in the wing disc . . . . . . . . . . . 65

5.2 Two-population tissue growth . . . . . . . . . . . . . . . . . . . . . .. . . . . 66

5.3 Differential adhesion in two-population tissue growth. . . . . . . . . . . . . . 67

5.4 Compartment boundaries in growing tissues . . . . . . . . . . .. . . . . . . . 69

5.5 Roughness of the compartment boundaries . . . . . . . . . . . . .. . . . . . . 70

6.1 Comparison of cell packing between theory and experimental measurement in

the wing disc . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

6.2 Parameter regions matching observed tissue properties. . . . . . . . . . . . . 76

6.3 Laser ablation of cell boundaries in the wing disc . . . . . .. . . . . . . . . . 77

6.4 Comparison of anisotropic displacements due to laser ablation in experiment

and theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

6.5 Displacement of vertices due to ablation of cell boundaries in the wing disc . . 80

6.6 Anisotropic displacements upon laser ablation for the compartment boundary . 81

6.7 Radial displacement of vertices surrounding the ablated boundary . . . . . . . 83

6.8 Roughness of the anterior-posterior compartment boundary . . . . . . . . . . . 84

6.9 Example of clone cells in growing networks . . . . . . . . . . . .. . . . . . . 85

A.1 Schematic of conjugate gradient minimization algorithm . . . . . . . . . . . . 95

C.1 Numerical analysis of phase transitions for growing tissues . . . . . . . . . . . 98

D.1 Tangential displacement of vertices due to ablation of cell boundaries in the

wing disc . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

E.1 Filtering of epithelial images . . . . . . . . . . . . . . . . . . . . .. . . . . . 100

E.2 Example of processed epithelial images . . . . . . . . . . . . . .. . . . . . . 102



Bibliography

[1] Hayashi, T. and Carthew, R.W. Surface mechanics mediatepattern formation in the de-

veloping retina.Nature, 431, 647-652 (2004).

[2] Goodyear, R. and Richardson, G. Pattern formation in thebasilar papilla: evidence for

cell rearrangement.J. Neurosci., 17, 6289-6301 (1997).

[3] With the kind permission of Suzanne Eaton lab, Max PlanckInstitute of Molecular Cell

Biology and Genetics, Dresden, Germany.

[4] Wolpert, L. Positional information and the spatial pattern of cellular differentiation.J.

Theor. Biol. 25, 1 (1969).

[5] Chuai, M., Zeng, W., Yang, X., Boychenko, V., Glazier, J.A., and Weijer, C.J. Cell move-

ment during chick primitive streak formation.Dev. Biol. 296, 137-149 (2006).

[6] Cui, C., Yang, X., Chuai, M., Glazier, J.A., and Weijer, C.J. Analysis of tissue flow

patterns during primitive streak formation in the chick embryo. Dev. Biol. 284, 37-47

(2005).

[7] Bertet, C., Sulak, L., and Lecuit, T. Myosin-dependent junction remodeling controls

planar cell intercalation and axis elongation.Nature 429, 667-671 (2004).

[8] Blankenship, J.T., Backovic, S.T., Sanny, J.S., Weitz,O., and Zallen, J.A. Multicellular

rosette formation links planar cell polarity to tissue morphogenesis.Dev. Cell 11, 459-

470 (2006).

[9] Fristrom, D. The mechanism of evagination of imaginal discs of Drosophila

melanogaster. III. Evidence for cell rearrangement.Dev. Biol. 54, 163-171 (1976).

[10] Koppen, M., Fernandez, B.G., Carvalho, L., Jacinto, A., and Heisenberg, C.P. Coordi-

nated cell-shape changes control epithelial movement in zebrafish andDrosophila. De-

velopment 133, 2671-2681 (2006).



Bibliography 107

[11] Lecuit, T. and Lenne, P.-F Cell surface mechanics and the control of cell shape, tissue

patterns and morphologies.Nature Rev. Mol. Cell Biol. 8, 633-644 (2007).

[12] Graner, F., and Glazier, J.A. Simulation of biologicalcell sorting using a two-dimensional

exended Potts model.Phys. Rev. Lett. 69, 2013-2016 (1992).

[13] Mombach, J., de Almeida, R., and Iglesias, J. Mitosis and growth in biological tissues.

Phys. Rev. E 48, 598-602 (1993).

[14] Hufnagel, L., Teleman, A.A., Rouault, H., Cohen, S.M.,and Shraiman, B.I. On the mech-

anism of wing size determination in fly development.Proc. Natl. Acad. Sci. USA 104,

3835-3840 (2007).
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