
























































































































































































































































6.3 Morphology of Compartment Boundaries 84

the tension of other bonds in the tissue.
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Figure 6.8: Roughness of the compartment boundary. (A) Roughness afitegior-posterior
compartment boundary for four different experiments. Therage is shown in
black. (B) Comparison of the roughness of the compartmeuanhtiary between
experiment and simulation for = 4.

We now wonder if increased tension along the compartmemdeny by a factor of four is
sufficient to generate an interface with the same morphodsgynes observed in experiments.
In Sec. 5.4, we introduced a method to quantify the roughaedshape of compartment bound-
aries. We processed four wing discs and extract the shape ahterior-posterior compartment
boundaries throughout the tissue. In Fig. 6.8 A, we show tickhvof the compartment bound-
ary normalized to the average bond lengify,(L;;), as a function of the normalized length
along the boundary,/(L;;), for each wing disc. We show the average of the normalizethwid
for these four discs in black. The morphology of the antepiosterior compartment boundary
is highly reproducible among these discs. In Fig. 6.8 B, wenstihhe roughness of the compart-
ment boundary in simulations of = 4 together with the average of the roughness of anterior-
posterior compartment boundary in tBeosophila wing disc. At small scales (the length of
few cell bonds), the roughness of the anterior-posteriongartment boundary is remarkably
similar to the roughness obtained in the simulationsXfer 4. However, for larger scales, the
anterior-posterior compartment boundary is more straigtitan the simulated one far= 4;
even it is straighter than simulationsof= 7, where the tension along the compartment bound-
ary is increased by a factor of seven. Our results, thenatelithat a four-fold increase in cell
bond tension along the compartment boundary, can largelyuat for the sorting of the cells
at the anterior-posterior compartment boundary and d@tesithe small length-scale behav-
ior. Additional mechanisms might operate to improve thaigtrtness of this boundary at large
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scales.

6.4 Cell Clones in Growing Tissues

Case | Case 111

Figure 6.9: Example of clone cells in growing networks for case | andiiicase I, clone cells
remain contiguous during growth, in contrast to clone dellsase Ill, where they
disperse and are invaded by unrelated cells.

A clone of cells is generated in biology by modifying a singédl at an early stage of devel-
opment such that it expresses a certain fluorescent mojeghile all other cells in the tissue
are not able to produce this specific molecule. These masairke not diffusible to other cells
and therefore they only transfer to daughter cells of a aalirig this molecule, through cell
division. In the wing disc it is shown that clones of cells dx disperse from each other during
proliferation [89]-[90]. T1 transition is the most impontamechanism that can disperse clone
cells. The fact that clone cells are not dispersed in the-tyiie¢ wing disc suggests that T1
transitions do not happen very frequently.

We now wonder if the parameter values that we find for case ¢.($8) can predict this
experimental observation. We also wonder if our model mtsdiisperse clones for case lll,
where the model parameters are such that the network islJignd the rate of T1 transitions
is higher compared to case |. We perform growth simulationgéses | and Il during which
we keep track of the identity of cells that originate from agfic cell in the initial hexagonal
network. We color these cells in Fig. 6.9 red. In simulatiohsase |, few T1 transitions occur
as the network grows3{ transitions perl00 cell divisions), and clones remain cohesive. In
contrast, in the case of a soft tissue (case IH)f; T1 transitions occur per00 cell divisions,
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clones are invaded by unrelated cells (see Fig. 6.9). Tlygesis that the tendency for clones
to remain contiguous during proliferation is a consequerigghysical cellular properties.

6.5 Summary

We introduced in Sec. 3.3, three cases with distinct celpetend packing geometries. These
cases correspond to different set of parameter valuesatiagcthat cell shape and packing ge-
ometry is determined by biophysical properties of cellshis chapter, we used our theoretical
results to quantify tension and perimeter contractilitgells in theDrosophila wing disc. We
compared the packing geometry of these three cases withudaified packing of the wing
disc and we found that, caseA & 0.12, T = 0.04) and case lll § = —0.85, T' = 0.1) gener-
ate similar packing geometries. However, comparing tha a@aeiability of polygon classes of
these cases with experiments, we found that only case | gisecellular morphologies sim-
ilar to the wing disc. We conclude that of these three casdyg,aase | generates similar cell
shape and packing geometries to the ones observed in thedvgingTo study how cell shape
and packing geometry are influenced by the physical paramet¢he model and find regions
of parameter values corresponding to the wing disc, we Byaieally change these parame-
ter values and performed growth simulations. For each setaafel parameters we compare
neighbor number distribution between experiment and stian and we find that for those
parameter values lie in the red region in Fig. 6.2, the pargeometry is similar in simulations
and experiment. From this analysis , we conclude that theilaliion of neighbor numbers
does depend on physical parameters, but there is an exteggled that is consistent with ex-
periments. Comparing area variability in simulations axglegiment, we find that only a subset
of parameter choices is consistent with the cell shapes atwdbrk morphologies observed in
the proliferating wing disc, which is outlined in blue in Fi§.2. Area variability constrains
parameter values corresponding to the wing disc more thigihlner number distribution.

We have performed laser-ablation experiments of cell batied to study the force bal-
ances described by our vertex model and to independentyrdete parameter values. Laser-
induced cutting of cell junctions causes the vertices &ieeiend to move apart. This results
in anisotropic displacements of vertices in the surrougdiatwork; displacements are maxi-
mal for those vertices lying along the axis of the cut bondm@aring these experiments to
simulations shows that only a small range of parametersefgoeitlined region of Fig. 6.2),
which includes those of case I, is consistent with the olexermovements. We conclude that
laser-ablation experiments constrain parameter valugesgmonding to the wing disc the most
among the other measurements. Moreover, we showed tha¢dakwnodel can well reproduce
displacements of all vertices in the tissue. We comparediggdacement field in experiment
and simulations of case | and we found that our theoreticllte match well with the exper-
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imental displacements. We also showed that simulationasafrlablation can be mimicked by
removing both the tension in the ablated boundary and thiadility of the two cells adjacent
to the cut boundary.

We introduced a mechanism in Chap. 5 to establish a compartoeeindary between two
cell populations in growing tissue, by increasing the belhd tension along the compartment
boundary. We examined this hypothesis in experiment foltiterior-posterior compartment
boundary in the wing disc using laser ablation. We perforatadtion for bonds that are shared
between two anterior cells, two posterior cells as well &libnds shared between an ante
rior and posterior cells. We found that the tension is indeedeased along the compartment
boundary. To quantify the tension along the compartmenhtary, we compared the displace-
ment field of vertices surrounding the cut bond in experinggd simulations. We found that
ablation of the compartment boundary generates more anjmoimovements compared to the
ablation of other bonds, and we found that simulations wittreased tension by a factor of
four along the compartment boundary can well reproduce is@atements observed in ex-
periment. We then compared the shape and morphology of tee@nposterior compartment
boundary with the ones generated in simulations for fold-floacrease tension along the com-
partment boundary. We found that on small scales, our moelemtes remarkably similar
morphologies to experiment, however, on larger lengthesctne anterior-posterior compart-
ment boundary is straighter than our simulations. We calecthat other mechanisms are also
involved in establishment of the compartment boundary afidence largely the overall shape
of the boundary.






7  Conclusions and Outlook

Most species develop from a fertilized egg cell and duringetiment, different organs with
variety of shape, size and functionality form. Mechanisha tontrol shape and morphology
of different organs are still not clear. For the past decduietogist identified complex networks
of signaling molecules that are involved in developmenigsies. However, the response of
cells to such a signaling network is only limited to procasseach as cell division, cell death,
cell growth, cell migration and cell shape changes. Thesshar@sms are tightly controlled by
cell mechanics and cell adhesion, which requires carefiglysdf cell mechanics in tissues.

In this thesis, we developed a framework to study cell meidsaand cell interactions in
two-dimensional tissues, so called epithelia. Epithal&lls are connected to each other via
adhesive molecules and establish a junctional adherenoriemear their apical region. In
order to describe such a network, we used a vertex model, ichvadach cell is approximated
by a polygon (vertices connected by straight bonds). Sietlesbhape relaxes much faster than
other developmental processes such as cell division andezgrangement, on time scales
shorter than cell division time scale and longer than dedlge relaxation, the junctional network
Is stable and the total force on each vertex is zero. The $onee consider here can in our
simple description be represented by an energy functiom.e@ergy function has three terms
regarding area elasticity, perimeter contractility ant-cell adhesion. We studied the ground
state properties of the model and we showed that dependinghgsical parameters of the
model, there is a phase transition from solid hexagonal ortwo soft networks, where the
ground state is degenerate.

We introduced a cell division algorithm in our vertex modesed on quasistatic changes of
cell properties. This algorithm has two main steps: (i) Avgrg phase of the dividing cell that
the preferred area of the cell is doubled in a few steps whitermzing the energy after each
increment. (ii) By the end of this growing phase, we introglacnew boundary at a random
angle passing through the cell center. Repeating this psoae can grow the tissue starting
from a small number of cells up to an arbitrary size. Cell pagkjenerated by this algorithm are
characterized according to the fraction and average aréé@fent polygon classes. We found
that depending on model parameters, distinct patternslisf emerge with different packing
geometries and morphologies. We studied phase transitorggowing networks, which are
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far from equilibrium and we found that there is a transitioonf solid to soft networks, for
which the transition line falls on the line that we found fbetground state phase transition.
During growth, local stresses are induced in the networktdweell division that result in cell
shape changes as well as junctional remodeling. We studiecdtte dynamics of junctional
remodeling in growing networks is affected by cell mecharaad we found that the rate of
junctional remodeling increases for decreasing line tamsvhile the rate of cell death increases
for increasing line tension.

We also studied the displacement field of vertices due td f[p@adurbations such as removal
of cell boundaries. We showed that this results in anisatrovement of vertices around the
removed boundary. Vertices in the direction of the cut bormd@s outward, however, vertices
perpendicular to the cut bond moves slightly inward. We istitivo scenarios for removal of
a cell boundary. In the first scenario, we only remove theitensf the boundary leaving the
two cells next to the boundary otherwise unaffected. In #eoBrd scenario, we remove both
the tension on the boundary and also the perimeter codifyacti the two cells adjacent to
the cut boundary. We found that the second scenario gesagegater anisotropy than the first
one. We also studied how mechanical parameters of the tingglg affect the displacements
due to removal of a cell boundary. We found that slight changehe parameter values of the
model generates significantly different displacementsirgiahe cut bond, which shows that
this analysis is quite sensitive to cell mechanics and ciileaion in tissues and can be used as
a probe to quantify precisely forces in the tissues.

Many developmental processes occur in absence of cellialvishat affect tissue shape
and morphology. Two examples of such processes have baiadtn this thesis: convergent-
extension and hexagonal repacking. During convergemrsxin the shape of the tissue changes
dramatically; it narrows in one direction and expands indtieer direction by a factor of about
two, which is governed internally. We studied two mechasishat can generate internal shear
in grown networks: junctional remodeling and cell divisiithout growth. The later process
is different from what described in our growth simulatiotige preferred area of the diving cell
dose not increase before division and the two daughterwéllsave half of the preferred area
of the mother cell. We found that to shear the network effetyj the junctional remodeling
should be oriented. We also found that one round of oriergéédloubling without growth gen-
erates internal shear in the tissue. During repacking,ifspadty in the Drosophila wing, the
packing geometry of the tissue changes dramatically angeheentage of hexagons increases
by a factor of two. We studied two mechanisms that can restiekagonal packing: annealing
and shear flow. Both mechanisms occur during developmereddtosophila wing. We in-
troduced annealing in the vertex model by randomly chantfiiegadhesion of cell boundaries,
while relaxing the network. This can result in fluctuatiorcefl boundaries. For those networks
with hexagonal ground state, these fluctuations are biagdkebenergy minimization toward
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the hexagonal packing. We found that the percentage of lbesazan increase to 80% during
annealing. We also introduced shear flow in the vertex mogl@hiposing shear on vertices lie
in the middle of the network, while relaxing the other vezc Shear flow also influences the
packing geometry of the network and the hexagonality irsgedo~ 70%.

Processes such as convergent-extension and repackingrarelled by a network of inter-
acting proteins that are involved in planar polarizatiotisgues. Planar cell polarity is a tissue-
level phenomenon that coordinates cell behavior in epéghBlanar polarity is established by a
molecular organization that includes an asymmetric distron of these proteins within cells.
The distribution of these proteins in a given cell determiokthe polarity of neighboring cells.
We developed a model to study planar cell polarity in the extndf vertex model. Our model
includes two type of molecules that interact across celhblanies and inhibit each other within
cells. We showed that starting from a random distributiotheke molecules in cells, for small
networks long-range polarity order emerges, however fgelanetworks defects of planar po-
larity appear. We found that if we grow a small polarized reythe initial polarity preserves
during growth and we can generate a network of arbitrarysite long-range order. We then
studied how these polar networks behave under shear flowoMvielfthat the polarity vector of
cells reorients, while the general global order is prestare the angle of the polarity vectors
converges to a well-defined steady state value. This beha¥mur model is similar to liquid
crystal physics We developed a general coarse-grained Ifmdiéne polarity of cells which
is governed by two mechanisms: vorticity and shear. Althowgrticity can reorient polarity
vector of cells, the shear might influence the orientatiopalérity vectors differently. We in-
troduce a phenomenological coefficient describing the lbogbetween shear and orientation
of the polarity vector of cells and give a quantification.

Finally we compare our theoretical results with the experntal ones to quantify for the
first time cell mechanics and cell adhesion in tissues sucthesving disc of the fruit fly
Drosophila. To study how cell shape and packing geometry are influengetihdo physical
parameters of the model and find regions of parameter vabressponding to the wing disc,
we systematically change these parameter values and pexdogrowth simulations. For each
set of model parameters we compare neighbor number distnbbetween experiment and
simulation and we find that for those parameter values liehenred region in Fig. 6.2, the
packing geometry is similar in simulations and experiméirom this analysis , we conclude
that the distribution of neighbor numbers does depend osipalyparameters, but there is an
extended region that is consistent with experiments. Coimparea variability in simulations
and experiment, we find that only a subset of parameter chagceonsistent with the cell
shapes and network morphologies observed in the prolifgrating disc, which is outlined in
blue in Fig. 6.2. Area variability constrains parametemesl corresponding to the wing disc
more than neighbor number distribution. We also have perorlaser-ablation experiments of
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cell boundaries to study the force balances described byestex model and to independently
determine parameter values. Comparing these experimesisulations shows that only a
small range of parameters (green outlined region of Fig. 8\ conclude that laser-ablation
experiments constrain parameter values correspondinigetaving disc the most among the
other measurements.

Using these techniques, we studied mechanisms that resdtablishment and maintenance
of compartment boundaries between two cell populationgirelbping epithelia. For the con-
dition that all cells are mechanically identical, stoci@asell division results in mixing of these
two populations. However, if the tension along the comparthiboundary increases with re-
spect to the other bonds in the tissue, cells sort out duniogytthp and a sharp interface forms.
Higher tension along the compartment boundary resultsaridhmation of a straighter bound-
ary. We examined this hypothesis in experiment for the ant@osterior compartment bound-
ary in the wing disc using laser ablation. We performed anhator bonds that are shared
between two anterior cells, two posterior cells as well aslibnds shared between an anterior
and posterior cells. We found that the tension is indeeceased by a factor of four along the
compartment boundary. We then compared the shape and nhoggtad the anterior-posterior
compartment boundary with the ones generated in simukafimnfour-fold increase tension
along the compartment boundary. We found that on small scale model generates remark-
ably similar morphologies to experiment, however, on latgegth-scales the anterior-posterior
compartment boundary is straighter than our simulations.

Our vertex model can be used as a basis for further invegtigabn how networks of sig-
naling molecules control cell mechanics and consequemidy $§hape, size and morphology of
tissues. In this thesis, we introduced a model to descriegplpolarization of tissues, how-
ever we did not discuss how these molecules that are invatvéidsue polarity control cell
mechanics or cell division. There are evidences that plapdarity proteins tightly control
tissue properties [83], such as packing geometry of tisggs cell division orientation [82],
cell migration [84] and convergent-extension [85]-[8]isIrecently proposed that cell packing
geometry influences planar cell polarity signaling andgutar cell packing results in misori-
entation of polarity [88]. The detailed mechanisms of theiseesses are poorly understood.
In future, we can use the vertex model together with our plaoéarity model to study these
mechanisms in details.

We showed theoretically and experimentally that the anitgrosterior compartment bound-
ary is under higher tension compared to the other boundartes tissue. However, our further
analysis on the morphology and shape of the compartmentdaoyrshowed that the anterior-
posterior compartment boundary in the wing disc is stragtitan the ones in simulations. This
indicates that although four-times increase in the tenalong the compartment boundary is
sufficient to generate small-length scale morphologygtlaee other mechanisms that influence
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the overall shape of the compartment boundary. These mischsuare completely unknown.
Moreover, establishment of the dorsal-ventral compartribeandary is still not clear [89]-[91].
It is worthwhile to test whether the tension along the devgailtral compartment boundary is
increased using laser ablation techniques and how thisngparable to the tension along the
anterior-posterior compartment boundary.

Finally our vertex model can be extended to study more caad developmental pro-
cesses such as “cell competition” [92]-[95]. Cell competitis a type of short-range cell-cell
interaction described iDrosophila, in which cells expressing different levels of a particular
protein are able to discriminate between their relativelewof that protein in such a way that
one of the cells disappears from the tissue, whereas the mthenly survives but also prolif-
erates to fill the space left by the disappearing cells. Tlis fivst discovered in experiments in
which the division rate of wing cells was altered by using Manmutations [92]. The Minute
mutations inDrosophila produce a dominant growth defect and result from inactigatnuta-
tions in one of many different ribosomal proteins. Cells loaggous for a Minute mutation
cannot manufacture proteins and therefore die; this is nettd cell competition, but rather
cell-autonomous apoptosis. However, cell competitiona@sur when cells heterozygaou®r
a Minute mutation, which are viable, are found next to wilgd cells. When flies contain-
ing Minute heterozygous cells together with wild-type s&lere created, Minute heterozygous
cells disappeared by apoptosis because of the presenceaifirsting wild-type cells, despite
the fact that they would have been viable on their own.

A cell is homozygous for a particular gene when identicadla# of the gene are present on both homologous

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

homologous chromosomes.






A  Conjugate Gradient Mehod

iteration i

steepest descent method, iteration i+1

conjugate gradient method, iteration i+1

Figure A.1: Simple comparison between steepest descent method andjatmgradient. In
the steepest descent method, we only move slightly in thesfgdirection of
gradient of the function in each iteration; However in c@gte gradient method
we move more efficiently in each iteration using conjugatemes.

The simplest method of minimizing a functiofix) with N independent variables (=
(x1,---,2zn)) knowing the gradient of the function is the Steepest Desoethod. In this
method, we start from an initial poind, and in each iteration, we move along the direction
—V f until we are close enough to the solution. Although the stsedescent method has
the advantage of numerical stability, but it performs mamal$ steps in going down a long,
narrow valley, even if the valley is a perfect quadratic fahat makes this method inefficient
from computational point of view. We therefore need to usesaensophisticated method such
as Conjugate Gradient method that includes two basic stbding an orthogonal vector to



96

the direction of search for minimum and then move in a dioechearly perpendicular to this
vector The conjugate gradient method is an algorithm fomiln@erical solution of particular
systems of linear equations, namely those whose matrixnarsstric and positive definite.
The conjugate gradient method is an iterative method, sanitlhe applied to sparse systems
which are too large to be handled by direct methods such &8hbkesky decomposition. Such
systems arise regularly when numerically solving partifiécential equations. The conjugate
gradient method can also be used to solve unconstrainediaption problems such as energy
minimization. This difference between steepest descettiodeand conjugate gradient method
is illustrated in Fig. A.1.

In any iterative minimization method, the new position ofighles at step, is updated such
that

xt =x'+ \h, (A.1)

where); is a scalar parameter amd is the position of the variables at stepThe directionh’

is the search direction towards the minimum. For the steaf@scent method this direction is
given by the negative of the gradient of the functihh= —V f(x). However, for the conjugate
gradient method, this direction is given via a simple reicurs

h'tt = —V f(x"*!) + v;h'. (A.2)

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

and Reeves [96] _ _
V).V ()

.= _ 7 A3

TN ) a3

wherex’ = (zi,--- ,z%). Later, Polak and Ribiere [97] introduced a new definitionfp
(V) = V(). V) A

h V(). f(x)

For certain type of energy functions, the Polak-Ribier@atgm is less efficient than Fletcher-
Reeves algorithm. The conjugate gradient method is vewjietdificompared to steepest descent
method, however for some type of energy functionals it somext can step so far into a very
strong repulsive energy range where the gradient on thig poalmost infinite.
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Cell Packing Geometry

Table B1. Polygon Class Distributions
Py Py P Py P; Py > Py | (n)
Case | 0.11 |11.29|32.10|28.39|16.79| 7.31 | 4.02 |5.90
Case ll 8.21 |21.63|24.39|16.18| 10.92| 6.63 | 12.05| 5.95
Case lll 0.05 | 15.73|40.62|29.20| 11.25| 2.70 | 0.45 |5.46
Wingdisc | 1.0 £ | 6.78+ | 34.614 38.284 14.284; 2.174+| 0.06+ | 5.51
0.77 | 4.18 4.06 6.29 3.36 1.76 0.24
Table B2. Area Variation
(As)/(A) | (/A [ (A)/(A) | (Aa/(A) | (An0/{A) [ (4s)/(A)
Case | 0.05 0.42 0.80 1.08 1.30 1.47
Case ll 0.03 0.20 0.65 1.21 1.73 2.06
Case lll 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 Divisions T2 Transition per 100 Divisions
Case | 37 12
Case ll 16 3
Case lll 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 tissusogarithmic plot of
the converged value of the order parameter as a functientbé threshold for the
conjugate gradient minimization method. This is plotteddifferent values of\
andl’ = 0.05.
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Figure D.1: (A and B) Tangential displacemeni of vertices relative to the average bond lengith;) as a
function of the anglé indicated in Fig. 6.5 A. Vertices at different distancesrihe ablation point
are shown in the colors used in Fig. 6.5 A. Black dots show tieeaaye displacement for vertices
at different angles, grouped in bins ©f6 radians. (A) shows tangential displacements observed

in 20 different experiments. (B) shows tangential displacemebtained in thé0 simulations of

bond removal, for which the radial displacements are shovig. 6.5 B.




E Processing Epithelial Images

Original image Removed background Blurred image

Figure E.1: Filtered epithelial images. (A) Confocal microscopy imagethe Drosophila
wing disc (provided by [3]). This is an input of the image pesing software.
(B) Processed image after removing the background fromtigenal image. (C)
Processed image after enhancing the contrast and slighinigju

In most cases epithelial images that are captured by confoicaoscopy require a series
of filtering steps before further analysis. In these imagggsically a membrane protein is
marked with florescent molecules to detect cell boundaresexample of such an image is
shown in Fig. E.1, first panel. We use MATLAB for image-pragieg and we always refer
to the related functions in MATLAB, however similar funati® exist for other programming
languages. We do not explain the details of these functidhe. first step for processing the
image is to subtract the background noise. To estimate ttleggbaund noise, we first use the
IMOPEN() function. We can then use the function IMSUBTRACL(remove the background
noise. The next step after removing the background noisessliance the contrast of the image
using the ADAPTHISTEQ() function. This function uses castrlimited adaptive histogram
equalization. It selects small regions in the image and mednéhe contrast within that region.
These small regions are then combined to each other usimgdnilinterpolation to eliminate
the artificially induced boundaries.
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One important step before extracting the junctional nettwadrcells is to slightly blur the
image. Blurring might reduce details of the image but thisrigcial for further processing
for the following reason. In the confocal images of epithletiells, we use florescent proteins
that are reach in the adheren junctional network to idetfyboundaries. These proteins are
not uniformly distributed and there are regions along celiriaries that the intensity drops
abruptly. To identify a cell in the tissue, we require to @¢tbe region that is bounded by the
boundaries of that cell. These regions of low intensity gloell boundaries can generate errors
in our cell detection algorithm and slight blurring fills #eegaps effectively. If we blur strongly,
we might destroy the image very much and one should use pbbp@ing parameters for each
image. We use the function IMFILTER() to blur the image bywwwing a Gaussian filter.

To extract the junctional network of cells from these filttienages, we assign to those
pixels with intensity higher than a threshold, a value of,ared to the others a value of zero.
This threshold is different for each image. After removihgge objects in the image that
are smaller than a certain size, which correspond to vesederying florescent molecules in
tissues, we segment the image into cells. The goal of segitn@mis to simplify and change
the representation of an image into something that is mo@nimgful and easier to analyze.
For this reason we use a “watershed” algorithm, which is amgenprocessing segmentation
algorithm that splits an image into areas based on the tggabthe image. In this algorithm,
we first identify the enclosed region of each cell and labeirtll1, 2,3, - - - , N¢), whereN¢ is
the total number of cells in the image. We then increase b af these regions, analogous to
filling them with water, until two neighboring cells meet abarder of one pixel width. These
borders are then labeled “zero”, and are taken as the juradtieetwork of cells. In Fig. E.2 A,
we show the watershed segmentation of the epithelial imagersin Fig. E.1, in which each
cell is colored differently.

Extracting the junctional network of cells, we can deterertine position of vertices in these
networks. We define a vertex as the center 8f>a 3 pixel box that contains more than two
different cell labels. If the box has three different cebidés, the corresponding vertex is three-
fold and if it contains four different labels, the vertex @uf-fold. Note that we replace two
three-fold vertices that are closer than 20% of the averagel bkength by a four-fold vertex.
We show in Fig. E.2 B the junctional network of cells as greeed, representing three-fold and
four-fold vertices by red and blue dots, respectively. Kmmnthe position of vertices, we can
determine the number of vertices of each cell and quantéypticking geometry of cells in the
images. In Fig. E.2 C, we show the packing geometry of celthénprocessed image, where
each cell is colored according to its neighbor number (theramde is indicated in Fig. E.2 C).
Note that cells on the border of the image are not countechioptirpose of statistics, and are
colored in black irrespective of their neighbor number.

We can also quantify area, perimeter and elongation of ¢etlshe processed watershed
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Figure E.2: Processed epithelial images. (A) Watershed segmentdtibie processed image.
Each cell is colored differently. (B) The junctional netiasf cells and vertices
determined from the watershed segmented image. Threeafadour-fold ver-
tices are shown by red and blue dots, respectively. (C) Rgakometry of cells
in the processed image. Each cell is colored according toeikghbor number.
(D) Quantified cell elongation in the processed image. Thagdtion of cells is
shown by red lines passing through the cell center. The lheagt direction of
lines correspond to the magnitude and axis of cell elongataspectively.
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image. Cell area and cell perimeter are simply the numbeixefgenclosed by cell boundaries
and the number of boundary pixels of that cell, respectivehowing the position of boundary
pixels of a cell, we can quantify cell elongation calculgtantraceless, symmetric stretch tensor
of cell « as

Sy 5§
S = S I E.l
whereSy and S are defined as
. 1
ST = T Zcos 20,
1
S5 =1 > " sin 26;. (E.2)

The sum in Eq. E.2 is over all pixels of cellandé is the angle of pixel with respect to the:
axis. A, is the total number of pixels in cell. The eigenvalue and eigenvector of the stretch
tensor gives us the magnitude and axis of the stretch of theespectively. In Fig. E.2 D, we
show cell stretch as a red bar passing through the cell center
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