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One sentence summary: First-principles modeling demonstrates that tissue fluidity is a 

key regulator of the rate and accuracy of adhesion-based sorting.  
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Abstract:  

The organization of cells into spatial patterns is a fundamental aspect of multicellularity. One 
major mechanism underlying tissue patterning is adhesion-based cell sorting, in which a 
heterogeneous mixture of different cell types spontaneously separates into distinct domains 
based on cell type-specific differences in adhesion protein expression. While there is ample 
evidence that cells can sort by adhesive compatibility, much less is known about how the 
biomechanical properties of the tissue control the proficiency of cells to sort. Here, we identify 
tissue fluidity—the extent to which cells can move freely within a tissue—as a critical regulator 
of adhesion-based sorting. First, we develop a first-principles biophysical model integrating both 
tissue fluidity and adhesion-based sorting, and demonstrate that this model can quantitatively 
reproduce experimentally measured sorting dynamics in a fibroblast cell culture assay. We go 
on to show that altering tissue fluidity by any mechanism in the model (i.e., by varying cell 
motility, cell–cell adhesion, or tissue viscosity) leads to substantial changes in the rate or 
accuracy of sorting (or both). We further demonstrate that the balance between cell migration, 
which acts to fluidize the tissue, and homotypic cell–cell adhesion, which acts to solidify the 
tissue, sensitively tunes a fundamental trade-off between the rate and accuracy of sorting—
such that sorting can only occur when migration and adhesion are tightly coupled. To interrogate 
the consequences of this coupling requirement experimentally, we varied adhesion protein 
expression levels in the cell sorting assay, and fit the simulations to the observed sorting 
dynamics to infer the energies of migration and adhesion across experimental conditions. 
Intriguingly, our results suggest that cells may naturally scale their motility strength with their 
adhesion strength – thereby maintaining a permissive fluidity for sorting. Overall, our results 
indicate that tissue fluidity must be tightly regulated in order for sorting to occur, and that cells 
may have evolved a mechanism to naturally co-regulate their mechanical properties in order to 
maintain a patterning-competent fluidity.    
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Main text:  

Introduction:  

The precise spatial patterning of cells within tissues is essential to multicellular life. Given its 
broad importance, a general understanding of how multicellular patterns arise is foundational to 
nearly every aspect of tissue and organismal biology – including how patterns are formed in 
development, lost in diseases affecting tissue organization (e.g., cancer), regained through the 
processes of wound healing and regeneration, and engineered in the creation of synthetic 
organoid and embryoid systems. Classical views of cell type patterning (e.g., Lewis Wolpert’s 
French flag(1)) imagined cells as stationary objects whose fates are determined by an external 
signaling gradient. However, modern time-lapse imaging approaches have revealed that cells 
often undergo a significant amount of both directed and random migration within developing 
tissues(2–5), and that morphogen signaling and gene expression themselves can be noisy(2, 6–
8). Moreover, recent successes in stem cell and explant models of development have shown 
that minimal cell systems can self-organize to recapitulate many aspects of embryogenesis—
including germ layer patterning(9, 10), gastrulation(11), neural tube morphogenesis(12), 
somitogenesis(13), and head formation(9)—in the absence of the endogenous embryonic 
context. Together, these observations demonstrate a critical need for new conceptual 
frameworks to understand how tissue patterns can arise from cellular self-organization(10, 14). 

One major mechanism of cellular self-organization with important roles in development is cell 
sorting. Cell sorting is the process by which a heterogeneous mixture of different cell types 
spontaneously separates out into distinct domains, typically due to differences in physiological 
properties between the cell types. Based on our work and others, it is clear that much of 
embryonic patterning relies on cell sorting based on differences in signaling state(8) and cell 
biomechanical properties such as adhesion protein expression(8, 15–20), cortical tension(21), 
or cell shape dynamics(22).  

But while it is clear that cells can sort based on physiological properties, it remains unclear how 
cells move through the tissue, find cells of the same cell type, and then ultimately stop moving 
to lock in the sorted pattern. In other words, we have fundamentally lacked an integrative 
understanding of how cell motility and related biomechanical properties control cell sorting. 
Here, we investigate the role of tissue fluidity (the rate of cell rearrangement within a tissue) in 
adhesion-based sorting. A diverse range of tissues in a variety of contexts have been shown to 
transition between a fluid-like state, where cells can rearrange easily, and a more solid-like 
state, where cells are constrained in place(14–22). During development, transitions in tissue 
fluidity drive crucial morphogenetic events such as body axis elongation(23, 24). Changes in 
tissue fluidity have also been implicated in wound healing(25) and diseases including 
cancer(23–26) and asthma(26). However, we know little about the role of tissue fluidity in cell 
sorting.  

In this work, we develop a first-principles biophysical model to explore the interplay of tissue 
fluidity and adhesion-based sorting. After demonstrating that this model can quantitatively 
recapitulate the sorting patterns and dynamics observed in experiments, we show that (1) tissue 
fluidity is a critical regulator of adhesion-based sorting, (2) the balance of two major 
determinants of tissue fluidity—cell motility and cell–cell adhesion—finely tunes a fundamental 
trade-off between the rate and accuracy of sorting, with an intermediate fluidity being optimal for 
sorting, and (3) cells may intrinsically scale their strength of motility with their adhesion strength 
in order to robustly maintain a permissive fluidity for sorting.  
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Results: 

A minimal biophysical model of tissue fluidity and adhesion-based sorting quantitatively 

predicts sorting dynamics in an experimental cell sorting assay 

To interrogate the relationship between tissue fluidity and cell sorting, we developed a minimal 

biophysical model of a tissue (Fig. 1, see Methods). Our model adapts the Kawasaki Ising 

model, a well-established approach in statistical physics (27–30), for biological tissues. Here, 

we define tissue fluidity as the rate of cell rearrangement, such that cells are stationary in a solid 

tissue, and cell rearrangement increases with increasing tissue fluidity (Fig. 1a-c). Tissue fluidity 

in the model is set by a competition between cell–cell adhesion and cell motility (Fig. 1b). Cell–

cell adhesion resists cell rearrangement, so tissue fluidity decreases with increasing cell–cell 

adhesion strength. On the other hand, the propulsive force of cell motility provides the energy 

for the cell to overcome the adhesion forces and exchange places with their neighbor, so tissue 

fluidity increases with the strength of motility (Fig. 1c). 

More specifically, we treat cell–cell adhesion as an energy barrier (EA) needed to be overcome 

for cells to swap places, and we treat cell motility as the energy (EM) that cells exert to 

overcome this adhesion energy barrier. Assuming cell motility in the tissue is random, we model 

cell motility as an effective thermal energy (arising from an effective temperature), as previously 

(24, 31, 32). The model is agnostic to the specific molecular or cellular mechanisms underlying 

the random cell motility, but could, for example, represent the generation of actin-rich or bleb-

based protrusions (Fig. 1c) or dynamic fluctuations at cell–cell interfaces(33).  
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Borrowing from chemical kinetics, we assumed the simplest possible relationship between the 

rate of neighbor exchange (i.e., tissue fluidity, k) and the adhesion and motility energies—a 

diffusion-limited Arrhenius relationship (Fig. 1c, Methods). Just as with thermal energy in 

chemical kinetics, the motility energy appears in both the diffusion-limited neighbor exchange 

rate (k0 = EM / 3πηd3, where η is the tissue viscosity and d is the cell diameter), because it 

provides the energy for cells to move in the absence of adhesion, as well as the exponent, 

because it provides the energy to overcome cell–cell adhesion. Here, the tissue viscosity, η, 

represents the resistance of the tissue to cell flow due to effects other than adhesion (e.g., 

viscoelastic cell deformation). Hence, increasing tissue viscosity reduces tissue fluidity. 

Cell–cell adhesion strength is dependent both on each individual cell’s adhesion protein 

expression profile as well as the immediate context of its neighbors. Therefore, in our model we 

define adhesion strength, and thus tissue fluidity, separately for each individual cell at each 

moment in time (taking into account neighbor information). This cell-level view of tissue fluidity 

can account for heterogeneity in the tissue—an essential aspect of sorting—in contrast to 

commonly used bulk metrics for tissue fluidity (e.g., viscosity values derived from micropipette 

aspiration experiments on tissues). Our cell-level metric of fluidity can also be averaged across 

all cells within a tissue to arrive at a bulk measurement of tissue fluidity (Fig. 1d-f). 

We next incorporated these elements into a stochastic simulation (see Methods), where two 

different cell types with defined homotypic (same-cell-type) adhesion and cell motility are mixed. 

The model is equivalent to an Ising model with Kawasaki dynamics (27–30), implemented with a 

fixed discrete time step (see Methods). We find that this model gives rise to both tissue fluidity 

(i.e., cell rearrangements over time, Fig. 1d, top) and cell sorting (Fig. 1d, bottom) – allowing 

us to interrogate the relationship between them (Fig. 1e-f). By quantifying the degree of sorting 

and the average neighbor exchange rate over time (Fig. 1 – Supp. Fig. 1, see Methods), we 

Figure 1. A minimal dynamic model to study the interplay between tissue fluidity and adhesion-based sorting. (a) 

Schematic of the model at the cellular level. In a confluent tissue, cells rearrange by trading places with their neighbors. To 

trade places with their neighbors, cells must let go of their adhesions with their initial neighbors, migrate, and then form new 

adhesions with their new neighbors. (b) Schematic of the model’s physical interpretation of tissue fluidity. Tissue fluidity is 

defined as the neighbor exchange rate in the tissue. The adhesions between cells resist cell movement and act to reduce 

tissue fluidity. The forces of random cell migration provide the energy for cells to move and therefore increase tissue fluidity. 

Overall, it is the competition between motility and adhesion which determines the tissue fluidity. (c) Schematic of the model’s 

mathematical interpretation of tissue fluidity. The tissue fluidity, or the rate at which any cell pair swap places in the tissue, is 

determined by an Arrhenius relationship. The adhesion energy is represented as the energy barrier needed to be overcome 

to swap places. The random motility is represented as an effective temperature (more specifically, an effective thermal 

energy), which provides the energy to overcome this energy barrier. The amplitude A is defined as the fluidity of the tissue in 

the absence of adhesion, which is modeled as the diffusion-limited rate of random motility A = kBTM / γD2. A increases with the 

motility energy, kBTM, and decreases with both the coefficient of viscosity experienced by cells migrating through the tissue, γ, 

and the distance between cell centers, D, which must be traversed in order for cells to exchange places. Tissue fluidity 

decreases with the adhesion strength and increases with the motility energy. (d) Time-lapse montage of an example 

simulation initialized with two cell types randomly mixed in equal proportion, under the case of equal homotypic adhesion 

between cells of the same cell type and no heterotypic adhesion. Top: Color represents a unique identifier for each cell, 

determined by that cell’s initial position. The mixing of cells in space is indicated by the increasing rearrangement of colors 

over time. Bottom: Color represents each cell’s cell type, where sorting can be visualized by the formation of spatial domains 

of the same cell type. (e) For the simulation shown in (d), the degree of sorting is plotted as a function of time, using two 

different metrics of sorting. The left-hand y-axis represents the fraction of each cell’s four nearest neighbors that are the same 

cell type as that cell, averaged across all cells in the tissue. The right-hand axis represents the average width of domains of 

the same cell type in the tissue (see Methods). (f) The tissue fluidity (i.e., the rate of neighbor exchange averaged over the 

tissue) over time (see Methods). (g) Time-lapse montage of the experimental cell-sorting assay (top) and its associated best-

fit simulation (bottom). Top: L929 cells co-expressing either Cdh3 (P-cadherin) and EGFP (green) or Cdh1 (E-cadherin) and 

mRFP (magenta) were mixed in equal proportions and imaged by confocal time-lapse microscopy. Images represent 

maximum intensity projections. Bottom: Best-fit simulations displayed as a heat map of cell type. Best fit parameters are listed 

in the inset legend. (h-i) Mean (h) and standard deviation (i) of the same-cell-type domain size over time for the experiments 

(red dots) and for 5 replicate best-fit simulations (grey lines). 
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find that sorting initially progresses quickly while the tissue fluidity is high. However, as cells 

sort, the overall adhesion strength in the tissue increases, causing the tissue to solidify over 

time (Fig. 1f). The solidification of the tissue in turn coincides with a rapid slow-down in the 

sorting rate (Fig. 1e).  

This general slowing down of phase ordering (here, sorting) and neighbor rearrangements over 

time are well-known features of the Kawasaki Ising model. However, the classic behavior of the 

model is such that the domain size grows with time as a power law of t1/3 in the long-time 

regime(27). Interestingly, we find that sorting for biologically-relevant timescales and parameter 

choices occurs within the low-time metastable glassy regime, where growth exhibits sub-t1/3 

scaling with dynamics that are very sensitive to the motility energy (Fig. 1 – Supp. Fig. 2). 

These metastable glassy dynamics were previously observed in Kawasaki Ising models in the 

context of ferromagnets, which showed that phase separation dynamics are very temperature-

sensitive in this regime (34). Glassy dynamics have also been reported in other models of 

biological tissues (35–37). 

To determine the predictive power of our model, we turned to an experimental cell-sorting assay 

(see Methods). For these experiments, L929 fibroblast cells, which do not endogenously 

express cadherins(38), were used to generate stable lines co-expressing either Cdh1 (E-

cadherin) and mRFP or Cdh3 (P-cadherin) and EGFP. Cells from either cell line were 

trypsinized, mixed in equal proportions, pelleted onto round-bottom 384-well plates, and imaged 

via time-lapse confocal microscopy. The cells in the experimental cell-sorting assay produced 

patterns which closely resembled those of the biophysical model (Fig. 1g, top and Fig. 1d, 

bottom). To quantify sorting, we measured the average (Fig. 1h) and standard deviation (Fig. 

1i) of the same-cell-type domain widths in the experiments over time, using an identical 

analytical pipeline to that used for the simulations (Fig. 1e, Fig. 1 – Supp. Fig. 1).  

In order to determine the simulation parameters which best quantitively recapitulated the 

experimental data, we ran sorting simulations spanning a broad range of physiological 

parameters for the adhesion energy, motility energy, and tissue viscosity (see Methods). We 

then performed an automated comparison to identify the parameter set which best matched the 

experimental sorting dynamics (Fig. 1g-I, see Methods). The best-fit simulation recapitulated 

the experimentally-observed patterning in striking detail—reproducing not only the visual pattern 

(Fig. 1g) but also the mean and variance in the domain size, as well as their dynamics over time 

(Fig. 1h-i).   

The best-fit model allows us to estimate the relative values of the motility energy (EM), 

homotypic adhesion energy (EA), and viscosity (η) of the experimentally observed tissue. 

Because tissue fluidity in the model is determined by two major ratios—the diffusion limited 

neighbor exchange rate (k0 = EM / 3πηd3) and the exponent (EM / EA)—different parameter 

choices with identical ratios will yield an identical sorting behavior and so cannot be 

distinguished by the model. Therefore, given the best-fit ratios, we can predict two of the three 

parameters, after assuming a given value for the third. Assuming a tissue viscosity of 10 

Pa·s(39), the model predicts that the energy of motility is 3*105 kBT, comparable to the 

homotypic adhesion energy at a single cell–cell interface of 4*105 kBT. These estimates are 

well-within the experimentally-measured range of values in similar systems as well as back-of-

the-envelope calculations (see Methods). 
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Cell sorting is highly sensitive to tissue fluidity 

Given the success of the minimal model in recapitulating the experimental data, we next wanted 

to predict how tissue fluidity is expected to influence sorting (Fig. 2, Fig. 2 – Supp. Fig. 1). In 

the model, one can increase tissue fluidity either by increasing the energy of cell motility (Fig. 

2a,e), decreasing the homotypic adhesion energy (Fig. 2b,f) decreasing the heterotypic 

adhesion energy (Fig. 2c,g), or by decreasing the tissue viscosity (Fig. 2d,h). We therefore 

varied these parameters in the model to order to vary tissue fluidity (Fig. 2e-h) and then 

measured the effect on sorting after 48 hours (here and throughout, times stated refer to real 

time as would be measured in the laboratory, not computational time) (Fig. 2i-p). All 

mechanisms used to alter the tissue fluidity led to substantial changes in the degree of sorting 

(Fig. 2i-p), demonstrating that tissue fluidity is a critical modulator of sorting.  

 

An intermediate tissue fluidity is optimal for sorting 

Generally, increasing tissue fluidity improved sorting (Fig. 2m [panels 1-3], Fig. 2n [panels 1-

3], Fig. 2o-p) by increasing the speed at which the cells sorted (Fig. 2 – Supp. Fig. 1, see also 

Fig. 3). Intuitively, this is because increasing tissue fluidity increases the rate of cell 

rearrangements within the tissue, which increases the rate at which cells of the same cell type 

Figure 2. Tissue fluidity is a critical regulator of adhesion-based sorting. (a-d) Schematic of different mechanisms to 

increase tissue fluidity in the model. (e-p) Color represents tissue fluidity, where identical colormaps with identical color limits 

were used for (e-p). Stars in (e-h) and (i-l) represent conditions selected for display in (m-p). (e-h) Mean neighbor exchange 

rate at 50% sorted (two same cell type neighbors, two different cell type neighbors) as a function of the parameter varied. 

Choices for parameters not varied are listed in inset legend. (i-l) The degree of sorting at 48 hours (defined as the percent of 

each cell’s four nearest neighbors that are the same cell type as that cell, averaged across all cells in the tissue) is plotted as a 

function of the parameter varied. (m-p) The degree of sorting at 48 hours displayed as a heat map of the cell type. 
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can find each other. For the cases of heterotypic adhesion and tissue viscosity (Fig. 2k,l,o,p), 

increasing tissue fluidity monotonically improved sorting—such that minimizing heterotypic 

adhesion and tissue viscosity led to optimal sorting.  

However, for the case of cell motility and homotypic adhesion, an intermediate tissue fluidity 

was optimal for sorting. When plotting the degree of sorting after 48 hours as a function of the 

motility strength (Fig. 2i) there was a clear optimum level of motility. This optimum has also 

been observed in cellular Potts models of adhesion-based sorting(31). The optimum arose 

where the energy of motility was approximately equal to the cell–cell adhesion energy. Indeed, 

we also found that there was a corresponding optimal level of homotypic adhesion strength 

(Fig. 2j), approximately equal to the strength of cell motility. The source of this optimum became 

furthermore apparent when visualizing the sorting pattern and levels of cell mixing after 48 

hours of sorting (Fig. 2m,n). Sorting initially improved with increasing levels of cell motility, but 

then degraded at very high levels of motility, as the pattern became dominated by noise. Most 

strikingly, even very small (< 2-fold) changes to the strength of motility resulted in striking 

changes to the overall pattern (Fig. 2m,n).  

Overall our model suggests that to achieve optimal sorting, one should minimize tissue 

viscosity, minimize heterotypic adhesion, and maintain an intermediate level of cell motility and 

homotypic adhesion.  

 

The competition between cell motility and homotypic adhesion tunes a fundamental 

tradeoff between the sorting rate and accuracy 

To understand why there might be an optimal level of cell motility and homotypic adhesion for 

sorting, we took a closer look at the sorting dynamics (Fig. 3a). We found that at low levels of 

cell motility (e.g., blue curves) sorting was slow, and the rate of sorting increased as cell motility 

increased (from blue to red). However, at the highest levels of motility (e.g., orange and red 

curves), sorting increased until it stalled out at a steady state value. The degree of sorting at 

steady state (i.e., sorting accuracy) degraded with increasing levels of motility.  

From a biological standpoint, these results can be intuitively understood based on the idea that 

if tissue fluidity is too low (either because the adhesion strength is too high or the motility 

strength is too low), cells cannot sort because they cannot move. As tissue fluidity increases, 

sorting proceeds more quickly. However, if tissue fluidity is too high, cells are able to escape the 

sorted configuration via active motility, making the pattern noisy. Overall, this analysis suggested 

that random cell motility and homotypic adhesion, through their effects on tissue fluidity, mediate 

a trade-off between the rate and accuracy of sorting, such that an intermediate fluidity optimizes 

the balance between them. 

To more quantitatively examine the apparent trade-off between the rate of sorting and the 

accuracy of sorting at steady state, we again varied the tissue fluidity by varying the strength of 

motility, but this time we ran each simulation until it reached steady state (Fig. 3b, see 

Methods). By fitting the sorting dynamics to a standard function (Fig. 3b, Fig. 3 - Supp Fig. 1, 

see Methods), we then determined both the accuracy of sorting at steady state, as well as the 

time it took each simulation to reach steady state (Fig. 3b, see Methods). The sorting accuracy 

at steady state decayed exponentially with the strength of motility (Fig. 3c) – suggesting again 

that lower levels of motility are yield more accurate, less noisy, sorting. However, the time it took 
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to reach steady 

state expanded by 

orders of 

magnitude as the 

tissue fluidity 

decreased (Fig. 

3d-e). Even a small 

(< 20%) reduction 

of the tissue fluidity 

increased the time 

it takes to sort by 

10-fold. Our results 

suggest that the 

rate of sorting is 

incredibly sensitive 

to the tissue fluidity, 

such that if tissue 

fluidity is not very 

tightly controlled, 

the tissue will not 

be able to sort on a 

timescale 

compatible with 

other biological 

processes such as 

cell fate 

specification and 

morphogenesis 

(Fig. 3d). Putting 

these results together, we show that tissue fluidity acts as both a powerful catalyst and 

unavoidable source of noise for cell sorting (Fig. 3e-f). 

 

Tissue fluidity sacrifices the sorting accuracy by favoring entropy. 

We next wanted to investigate why increasing tissue fluidity would decrease the sorting 

accuracy at steady state (Fig. 3c). Equilibrium statistical mechanics is often used to predict the 

behavior of biological systems at steady state (i.e., at equilibrium), though historically these 

approaches have focused on systems of interacting molecules. To predict the steady state 

sorting behavior of tissues, we therefore developed a tissue-scale statistical mechanics 

framework for adhesion-based sorting, similar to a recent analysis (32). In this framework, the 

tissue can sample different possible cell arrangements (i.e., microstates) as cells move around 

within the tissue (Fig. 4a). Depending on how well-sorted these arrangements are, the 

configurations will have different adhesion energies (i.e., macrostates, Fig. 4b). The way in 

which cells transition between the different configurations (i.e., energy states) can be 

represented using a free energy landscape (Fig. 4c), and the probability of being in any given 

state is determined by the Boltzmann distribution (Fig. 4d-f). For molecular systems, thermal 

Figure 3. Tissue fluidity tunes a fundamental tradeoff between the sorting rate and 

accuracy. (a) Degree of sorting (i.e., average percent of a cell’s neighbors that are of the same 

cell type) as a function of time for simulations with variable amounts of motility energy, such that 

motility (and thus tissue fluidity) increase from blue to red. (b) Simulations were allowed to run 

until they reached steady state. At this point, the sorting vs time curve was fit to a sigmoid, 

allowing us to estimate the sorting accuracy at steady state as well as the time it took to reach 

steady state. The color of the curve indicates the choice of motility energy as shown in Fig. 2. (c) 

Sorting accuracy at steady state plotted as a function of the motility strength. The shape of the 

curve is consistent with the Boltzmann distribution shown in Fig. 3d-f. The color of each point 

indicates the choice of motility energy as shown in Fig. 2. (d) Sorting rate (defined as the inverse 

of the sorting time) at steady state plotted as a function of the motility strength. The color of each 

point indicates the choice of motility energy as shown in Fig. 2.  (e) Sorting accuracy at steady 

state plotted as a function of the sorting rate for each choice of motility energy. The color of each 

point indicates the choice of motility energy as shown in Fig. 2. (f) A schematic representing the 

major results from (a-e). The optimal tissue fluidity arises due to a trade-off between the sorting 

rate, which increases with the fluidity, and the sorting accuracy, which decreases with fluidity. 
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Figure 4. Tissue fluidity sacrifices the sorting accuracy by favoring entropy. (a) For an example tissue containing 4 cells 

of two different cell types, all possible arrangements of the 4 cells are shown. In an equilibrium statistical mechanics framework, 

each of these arrangements represents an individual microstate. 16 of these microstates are in the sorted configuration (where 

cells of the same cell type are adjacent), and 8 of these microstates are anti-sorted. (b) Because the sorted and anti-sorted 

configurations have different numbers of homotypic and heterotypic cell–cell interfaces, they each have different adhesion 

energies. In an equilibrium statistical mechanics framework, the sorted and anti-sorted configurations represent individual 

macrostates. (c) The way in which cells transition between the sorted and anti-sorted energy states can be represented as a 

free energy landscape. The sorted and anti-sorted states represent energy wells, where the adhesion energy of each state 

represents the energy barrier that must be overcome to switch between states. The motility strength provides the energy for 

cells to overcome this energy barrier. For the case shown, the homotypic energy is stronger than the heterotypic adhesion 

energy, so the sorted state lies in a deeper well. (d) For a system at thermodynamic equilibrium, the Boltzmann distribution 

describes the probability that a system will be in a given state, based on the energy of each state, the number of microstates in 

each state, and the energy available to escape any given energy state. The probability of being in the sorted state increases 

with the differential adhesion energy between the two states, and decreases with increasing motility. (e) Plotting the equation 

shown in (d): The probability of being in the sorted state as a function of the differential adhesion energy. The stronger the 

differential adhesion energy, the more likely the tissue will be in the sorted state (if homotypic adhesion is stronger) or in the in 

the anti-sorted state (if heterotypic adhesion is stronger). The smaller the differential adhesion, the more likely the system will 

rapidly switch between either state at random. (f) Plotting the equation shown in (d): The probability of being in the sorted state 

as a function of the motility energy. The stronger the motility energy, the more likely the system will rapidly switch between 

either state at random. (g) Schematic of the results shown in (e-f). A competition between differential adhesion and random 

motility determines whether the tissue will be stably in either the sorted or anti-sorted state (energy dominated) or whether the 

tissue will rapidly oscillate between states at random (entropy dominated). Although tissue fluidity is set by the competition 

between total adhesion (not differential adhesion) and motility strength, the total adhesion typically also increases with the 

differential adhesion. Therefore, tissue fluidity will typically increase from left to right. 

energy is what provides the energy for molecules to switch between states. However, in the 

context of a tissue, actively driven cellular movements drive cell rearrangements. Therefore, we 

replace the typical thermal energy component of the equation (kBT) with the motility energy 

(EM). Our equilibrium statistical mechanics approach predicts exactly what we observed in the 

stochastic simulations (Fig. 2, Fig. 3c), which is that increasing the differential adhesion energy 

(either by increasing the homotypic cell–cell adhesion strength or by decreasing the heterotypic 

adhesion strength) pulls cells into the most sorted arrangement (Fig. 4e), while increasing the 

strength of motility drives cells out of the sorted state until the arrangement of cells is completely 

random (i.e., entropy/noise-dominated, Fig. 4f). Overall, we find that it is the competition 

between the differential adhesion energy and the strength of motility which determines the 

accuracy of sorting at steady state (Fig. 4g). Therefore, increasing the tissue fluidity either by 
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increasing motility or decreasing homotypic cell–cell adhesion will always sacrifice sorting 

accuracy at steady state. 

Taken together, we find that the glassy dynamics of biological tissues require high effective 

temperatures (i.e., high motility), approaching the critical temperature(34), in order for phase 

separation to occur on a biologically-relevant timescale. However, as the system approaches 

the critical temperature, it quickly encounters an entropy dominated regime where random 

mixing dominates over sorting(40, 41). This puts tissues in stark contrast to many molecular 

phase separating systems such as lipids and biomolecular condensates, which do not typically 

exhibit these glassy dynamics because they are much smaller, experience lower viscous drag, 

and therefore diffuse orders of magnitude faster. Molecular systems thus sort quickly at 

temperatures well below the critical temperature, and consequently do not exhibit this trade-

off(30, 40). Overall, we find that the unique properties of biological tissues mandate that cell 

sorting sits between metastable glassy regime (a “rock”) and an entropy-dominated regime (a 

“hot place”), with an intermediate motility balancing this trade-off. 

 

Sorting requires a tight coupling between motility and adhesion  

The results thus far suggest that tissue fluidity must be tightly controlled to maintain the ability of 

cells to sort. The optimal fluidity lies where the motility energy is approximately equal to the 

adhesion energy (Fig. 2i-j, Fig. 5a). However, the coupling between the motility and adhesion 

required to carry out sorting is so tight that even a two-fold change in either parameter can 

dramatically reduce sorting (Fig. 5a), whereas back-of-the envelope calculations for the 

adhesion and motility energies suggested these values can both vary widely under different 

conditions (Fig. 5b). This raises the question of how cell sorting can be robust to fluctuations in 

adhesion protein expression given this constraint. 

To determine how sensitive sorting is to tissue fluidity, we returned to our experimental cell 

sorting assay (Fig. 1g). To vary the fluidity experimentally, we opted to change the cell–cell 

adhesion strength. In particular, we generated four L929 cell populations with high or low 

expression of either Cdh2 (N-cadherin), or Cdh3 (P-cadherin), and mixed them with cells 

expressing either high or low expression of Cdh1 (E-cadherin), respectively. As before, the 

Figure 5. Sorting requires a tight coupling between motility an adhesion. (a) The degree of sorting after 48 hours of 

sorting time is plotted as a function of the choices for motility energy and adhesion energy in the simulation. Sorting can only 

occur in a very narrow window where the adhesion and motility energies are nearly equal. (b) Schematic of the order of 

magnitude estimation for the values of the adhesion (left) and motility (right) energies. Left: The adhesion energy is defined as 

the energy required to separate two adherent cells. This energy can be estimated as the force required to separate two 

adherent cells (e.g., as measured by pipette pulling experiments) multiplied by the distance the cells must be separated by 

before the cadherin molecules are no longer in contact. Right: The motility energy is calculated as the effective diffusion 

coefficient of motility (e.g., as measured by cell tracking) multiplied by the viscous (Stokes’) drag coefficient for a cell as it 

migrates through the tissue. 
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Cdh2- and Cdh3-expressing cells also co-expressed EGFP from the same expression cassette 

separated by a P2A self-cleaving peptide linker, and the Cdh1-expressing cells co-expressed 

mRFP in an equivalent manner. The high- and low-expressing populations exhibited a roughly 

2-fold difference in average fluorescence intensity (Fig. 6 – Supp. Fig. 1) when imaged under 

the same conditions. We then performed time lapse imaging of cell sorting under these 

conditions, and quantified the sorting dynamics.  

Each of the four experimental conditions (Cdh2–EGFPhigh cells with Cdh1–mRFPhigh cells, 

Cdh2–EGFPlow cells with Cdh1–mRFPlow cells, Cdh3–EGFPhigh cells with Cdh1–mRFPhigh cells, 

and Cdh3–EGFPlow cells with Cdh1–mRFPlow cells) exhibited some amount of sorting. Within 

each combination of cadherin identities, the high-expressing combination sorted better than the 

low-expressing combination, as expected. In addition, conditions in which Cdh3- and Cdh1- 

expressing cells were mixed (Fig. 6a, red) consistently yielded a greater degree of sorting, as 

measured by average domain size, than those in which Cdh2- and Cdh1-expressing cells were 

mixed (Fig. 6a, cyan). Across all datasets, there was a general trend wherein conditions with 

higher levels of sorting tended to exhibit slightly less noisy patterns, as measured by the 

coefficient of variation (CV) of the domain size (Fig. 6b).  

For each of these conditions, we again performed automated comparisons between the sorting 

dynamics in the experiments and the simulations (Fig. 1g-i), to determine the best fit 

Figure 6. Cells exhibit strong apparent coupling of 

motility and adhesion. (a-b) The average (a) and coefficient 

of variation (b) of the domain size are plotted as a function of 

time for each of the 4 different experimental conditions. Light 

markers: Replicates. Dark Markers: Average across 4 

replicates. Sorting can only occur in a very narrow window 

where the adhesion and motility energies are nearly equal. (c) 

Representative images of each experimental cell-sorting 

assay (top) and its associated representative best-fit 

simulation (bottom) after 18 hours. Top: L929 cells co-

expressing either high or low levels of Cdh2 (N-cadherin) or 

Cdh3 (P-cadherin) and EGFP (green) were mixed in equal 

proportions with cells co-expressing either high or low levels 

of Cdh1 (E-cadherin) and mRFP (magenta) and imaged by 

confocal time-lapse microscopy. Images represent maximum 

intensity projections. Bottom: Best-fit simulations with 

displayed as a heat map of cell type. Best fit parameters are 

listed in the inset legend.  (d) The best fit simulation 

parameters for each experimental dataset are plotted on top 

of a heatmap of the average domain size for all simulation 

parameters tested. Markers with a white outline represent the 

mean across the 4 replicates for each condition. (e) The best 

fit adhesion energy is plotted as a function of the best fit 

motility energy for each experimental dataset. The narrow 

sorting window is plotted exactly as in Fig. 5a. 
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simulations parameters for each experimental condition (Fig. 6c-d). Just as for the original 

assay (Fig. 1g-i), the best-fit simulations for each experimental condition were able to 

recapitulate the experimentally-observed patterns, as well as the growth dynamics of the mean 

and standard deviation in the domain size over time (Fig. 6 – Supp. Fig. 2).  

The best fit adhesion energies roughly followed the adhesion protein expression levels as 

measured by the fluorescence intensity, such that the difference in intensity was approximately 

2-fold between low and high expressing conditions, and the difference in inferred adhesion 

energy was 1.5-fold for the conditions mixing Cdh2–EGFP cells with Cdh1–mRFP cells, and 5-

fold for the conditions mixing Cdh3–EGFP cells with Cdh1–mRFP cells. This agreement is 

reasonable given the known nonlinearity between adhesion protein expression and adhesion 

strength(42). However, we stress that this minimal tissue model is not able to account for effects 

such as differences in tissue compaction between experimental conditions, changes in adhesion 

protein expression over time, or more complex cell deformations and movements, which could 

lead to errors in estimates of the adhesion and motility energies. Further, the model assumes 

the homotypic adhesion energies of the two cell types being mixed were identical, so when two 

cell types with different homotypic adhesion energies are mixed in experiments, the best fit 

model returns a single value representing an approximate average adhesion energy in the 

tissue.  

To understand how cell motility and cell–cell adhesion might be coupled in living cells, we 

plotted the best fit adhesion energy as a function of the best fit motility energy across all 

experimental conditions (Fig. 6d-e). Surprisingly, we find that the strength of cell motility 

appears to increase proportionally with the cell–cell adhesion (Fig. 6e), precisely following a 

scaling law of 0.88. While any experimental result that yields sorting must fall within the gray 

sorting window (Fig. 6e), the precise power law scaling suggests a tight coupling between these 

two physiological parameters. These results provide one potential explanation for how sorting 

can occur despite the narrow constraints on tissue fluidity – suggesting that cells may not tune 

motility and adhesion strength independently, but rather may naturally scale their motility with 

their adhesion strength to maintain a permissible fluidity.  

 

Discussion: 

Co-evolution of tissue fluidity with patterning mechanisms 

Overall, our results suggest that (1) tissue fluidity must be tightly regulated to carry out sorting 

that is both fast and accurate, and (2) a moderate amount cell rearrangement is absolutely 

required for sorting to occur. It is interesting to contrast adhesion-based sorting to the classic 

French Flag morphogen gradient mechanism of patterning, which in its original formulation 

requires a completely solid tissue (stationary cells) to achieve optimal patterning.  

Intriguingly, levels of tissue fluidity vary drastically across species, tissues, and developmental 

time. In some organisms, such as worms, flies, frogs, and ascidians, development is fairly 

deterministic, such that there is little to no random mixing of cells during embryogenesis(43–46). 

On the other hand, random motility, active cell mixing, and scattering of clonal cell lineages have 

frequently been observed in zebrafish(47–49), chick(24, 50, 51), mouse(22, 52–56), and 

human(57) embryos.  
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It is hard to imagine how adhesion-based sorting could work in an organism with no cell mixing, 

or how a French-flag type morphogen gradient mechanism could operate in a tissue with 

extensive cell rearrangement. Together, these observations suggest that patterning mechanisms 

must have had to co-evolve with tissue fluidity to achieve optimal patterning in different 

developmental contexts. 

Molecular and cellular mechanisms regulating tissue fluidity 

Another major conclusion of our work is that living cells may intrinsically co-regulate cell motility 

and adhesion in order to maintain an optimal level of tissue fluidity. The striking power law 

scaling between these two properties in the experimental assay suggests this behavior may be 

driven by a fundamental biophysical relationship (58–60). What might be the molecular and 

cellular mechanisms which so tightly couple the strength of cell motility to the cell–cell 

adhesion? Indeed, the answer might be biophysical in nature. At the molecular level, the 

branched actin networks that drive leading edge protrusion are remarkably responsive to 

obstacles or other resistive forces (61, 62). These networks naturally increase their actin 

polymerization rate when they encounter a barrier, allowing them to increase their protrusive 

strength and push back proportionally (61, 62). It is possible that in cases of high cell–cell 

adhesion, the cytoskeleton naturally polymerizes more actin at the cell’s leading edge to 

compensate for the increased resistance to movement provided by cell–cell adhesion.  

Another possibility is that cells migrate more efficiently in the context of higher cell–cell 

adhesion. While perhaps counter-intuitive, cells in a confluent tissue are essentially crawling on 

each other, and so therefore may have more traction (i.e., push off of each other with less 

slipping) in the context of high cell–cell adhesion -- in the same way it would be easier to 

shimmy up a sticky chimney than a slippery one. This plays out at the molecular level in that 

higher cell–cell adhesion could more solidly couple the F-actin cytoskeleton to the cell’s 

extracellular environment, such that there is less slipping (i.e., retrograde flow) of actin filaments 

and therefore more efficient protrusion.   

On the other hand, the feedback could occur at the level of signaling or gene expression. β-

catenin, a protein which physically links cadherins to the actin cytoskeleton, also acts as a 

transcription co-regulator upstream of motility-related genes. It is possible that increases in 

adhesion molecule expression lead to an increase in motility via its modulation of β-catenin 

transcription factor activity. Additionally, cadherins are capable of remodeling the actin 

cytoskeleton and vice versa(63). This coupling of actin organization and cadherin clustering and 

turnover dynamics could also be responsible for the robust scaling.  

Model adaptability: Exploring the role of tissue fluidity across diverse patterning 

mechanisms 

Many different kinds of models have been developed to investigate tissue fluidity and/or cell 

sorting(64), including lattice models(32, 65, 66), finite-element models(67, 68), cellular Potts 

models(21, 31, 69–71), vertex models(25, 26, 35, 72–78), and active foam models(23, 33). The 

main advantage of our lattice modeling approach is its conceptual simplicity and computational 

speed, allowing us to rapidly and efficiently fit the model to experimental data across large 

parameter sets. Moving forward, it will be interesting to explore these same concepts in models 

of tissue fluidity with sub-cellular resolution (e.g., cellular Potts, vertex, and active-foam models), 

which are able to directly incorporate dynamics in cell shape and cell–cell interactions. While 

our model considers the roles of cell motility, cell–cell adhesion, and tissue viscosity in tuning 
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tissue fluidity, these other models excitingly provide additional means by which to tune tissue 

fluidity, for example by altering the stiffness of the cell cortex(72), or fluctuations in contractility 

along cell–cell interfaces(33). It will be fascinating to see how these other fundamental 

biophysical properties can be tuned to optimize tissue patterning. 

In at least two other models, motility was also treated as an effective temperature(31, 32). 

Agreeing with our findings, cellular Potts modeling has also demonstrated that there is an 

optimal level of motility for sorting(31). However, the authors of this previous work attributed the 

optimum to sorting being slower at both high and low levels of motility, with sorting being fastest 

at an intermediate motility: “Cell motilities above or below the optimum sort more slowly”(31). In 

contrast, our work shows that in fact the sorting rate monotonically increases with the level of 

cell motility, and the poor sorting at high levels of motility arises from poor sorting accuracy at 

steady state (rather than a slow-down in the sorting rate). Indeed, our finding agrees with recent 

theoretical and experimental work suggesting that cell motility drives structural heterogeneity in 

tissue patterning(32).  

Our work shows that tissue fluidity is an important factor in controlling adhesion-based sorting, 

and is likely to be important for other patterning mechanisms as well. A major advantage of our 

minimal modeling approach is that it can easily be integrated with different types of biochemical 

signaling (e.g., morphogen gradient signaling, Notch-Delta signaling), to explore how they 

interplay with tissue fluidity to control cell patterning. Given the sensitive way in which adhesion-

based sorting responds to tissue fluidity, it seems likely that the optimal tissue fluidity will vary 

for different patterning mechanisms. In addition, it is often the case in embryonic development 

that multiple different mechanisms act in synchrony to pattern tissues. Our modeling approach 

provides a path forward towards understanding how tissue fluidity controls patterning across 

these diverse developmental contexts.  

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 3, 2025. ; https://doi.org/10.1101/2025.03.01.640992doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.01.640992
http://creativecommons.org/licenses/by-nc/4.0/


Garner et al., 2025   15 

Methods: 

Model description: 

All modeling and model analysis were performed in MATLAB. 

Cell and tissue geometry – Tissues were modeled as a square grid of cells. The grid represents 

a confluent tissue (i.e., no holes), wherein cells can only move within the tissue by swapping 

places with one another (i.e., neighbor exchange). By default, the model included a 50x50-cell 

grid with periodic boundary conditions, where neighbors were defined as any two cells sharing 

faces (but not corners, i.e., 4-pixel connectivity). Because the tissue is assumed to be confluent, 

the distance between cell centers, d, is assumed to be twice the cell radius r. such that d=2r. By 

default, a cell radius r=7µm was used, which was chosen to be roughly comparable to the cell 

radius in the experiments (data not shown). 

Motility energy – The strength of motility for any individual cell was modeled as an effective 

thermal energy, EM. By default, all cells were assumed to have the same motility strength, and 

the motility strength was assumed to be constant in time.  

To get an order of magnitude estimate of the motility energy, we assumed the random motility of 

cells within a tissue can be modeled as Stokes-Einstein diffusion at low Reynolds number (Fig. 

5b), such that the diffusion coefficient D=EM/γ is equal to the motility energy EM divided by the 

viscous drag coefficient γ (see below). To estimate the diffusion coefficient for random migration, 

we looked at observed rates of cell migration in tissues. The fastest migrating cells in the body, 

such as neutrophils, can migrate their body length (~10 µm) in one minute (79), giving a 

maximum diffusion coefficient of 100 um2/min. The lower bound of the diffusion coefficient is of 

course 0, however a reasonable cut-off for the slowest movement that would be considered 

migration for the purposes of sorting would be to move the same distance (10 µm) in one day, or 

~0.1 um2/min. Plugging these minimum and maximum estimations for the cell diffusivity as well 

as the tissue viscosity (see below) into the equation EM=Dγ, we arrive at an estimate of the 

motility energy EM between 102-108 kBT. 

Adhesion energy – At each time step, each cell–cell interface of all possible neighbor pairs was 

assigned an adhesion energy, EI, based on whether the two cells were the same cell type 

(homotypic) or different cell types (heterotypic). The homotypic and heterotypic adhesion 

energies, Ehomo and Ehet, were assumed to be constant in time. By default, heterotypic adhesion 

energy was 0. The total adhesion energy holding each cell in place, ET = NhomoEhomo + NhetEhet, 

was defined as the sum of the adhesion energies across all of the cell’s interfaces with its 

neighbors. To determine the neighbor exchange rate for a neighbor pair, the sum of the total 

adhesion energy experienced by both cells in the pair, EA= ET
1+ET

2, was used.  

To get an order of magnitude estimate of the adhesion energy, we took two separate 

approaches. First, we reasoned that the adhesion energy at a single interface between two cells 

Ehomo/het = Fsds should be equal to the force required to separate the cells, Fs, multiplied by the 

distance at which the force must be applied until the cells come apart, ds. Therefore, we took 

experimental dual pipette measurements of the force required to separate two cells in a cell 

doublet pair, which is typically ~ 100-103 nN(15, 80), and multiplied these estimates by the 

typical overlap distance between cadherin molecules interacting in trans, which is a few 

nanometers (81), giving an estimate of the adhesion energy Ehomo/het between 103-106 kBT.   
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As an alternative estimate of the adhesion energy, we reasoned that the adhesion energy at a 

given cell–cell interface Ehomo/het = EBNB should be the energy of any given cadherin bond, EB, 

multiplied by the number of cadherin bonds at a typical cell–cell interface, NB. Based on 

measurements from analytical ultracentrifugation and surface plasmon resonance (82) as well 

as force pulling experiments (83), the energy of a typical single cadherin binding interaction is  

on the order of ~10 kBT. Based on super-resolution imaging of E-cadherin in cells, the number 

of cadherin molecules at a single cell–cell interface NB is on the order of 103-106. Combining 

these estimates, we arrive at an estimate of the adhesion energy Ehomo/het between 104-107 kBT.   

Viscous drag – The viscous drag on the cell was assumed to be Stokes’ drag, such that the 
viscous drag γ = 6πηR, is determined by the tissue viscosity, η, and the cell radius, R. The 
viscosity of water sets a lower bound for the tissue viscosity at 10-3 Pa s, or 10-6 pN ms nm-2. In 
the early zebrafish embryo, the viscosity of the blastoderm was measured to be on the order of 
100-103 Pa s depending on the stage of development (39), so a reasonable viscosity η could 
vary anywhere within the range of 10-3 to 103 Pa s.  

Neighbor exchange rate – At each time step, the rate of neighbor exchange, k, was calculated 

for all possible neighbor pairs, based on the total adhesion of each cell with its neighbors, EA, 

the cell motility, EM, the viscous drag on the cell, γ, and the distance between cell centers, d, – 

following the Arrhenius relationship k = k0 exp(-EA/EM), with a prefactor k0 = EM
 / γd2 (Fig. 1c).   

Neighbor exchange probability – At each time step, the probability of neighbor exchange, p, was 

calculated for all possible neighbor pairs, assuming that neighbor exchange is governed by 

Poisson statistics. The probability of neighbor exchange p = k*dt was thus defined as the rate of 

neighbor exchange rate multiplied by the duration of the time step. 

Neighbor exchange implementation – At each time step, a random number generator assigned 

each cell pair a random number from 0 to 1. If the randomly assigned number was less than the 

probability of a neighbor exchange, p, the neighbors were swapped. If not, the cells remained in 

their initial positions. 

Time steps – At each time step, the duration of the time step was set sufficiently small that a 

single cell was never selected to swap with more than one neighbor within the time step. This 

time step duration was set automatically based on the highest neighbor exchange rate in the 

tissue at that time step. An additional check was performed at each iteration to ensure that a 

single cell never swaps with more than one neighbor in any given time step. In the case that a 

single cell was chosen to swap with more than one neighbor, then the time interval was dropped 

by a factor of two and all calculations for that time step were repeated.  

Simulation duration – For simulations run for a fixed amount of time, the simulation continued 

until the last set time point was recorded. For simulations run to steady state, see below. 

 

Domain size scaling: 

Classic Kawasaki Ising behavior is characterized by a power law scaling of the domain size with 
t1/3. We therefore analyzed the scaling of the domain size with time in our model (DT local, Fig. 1 
– Supp. Fig. 2a-e), and found that sorting exhibited sub- t1/3 growth dynamics. To understand 
this behavior, we generated two other versions of the Ising Kawasaki model using Monte Carlo 
simulations implemented via a Metropolis algorithm. In one version, only nearest neighbors 
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could swap within a given Monte Carlo step (MC local, Fig. 1 – Supp. Fig. 2e), representing 
intermediate-time behavior wherein cells can exchange places with their neighbors sufficiently 
quickly to find the lowest energy configuration within a time step. In the other version, any two 
cells on the grid could swap (MC global, Fig. 1 – Supp. Fig. 2e), representing long-time behavior 
wherein cells can diffuse across the grid sufficiently quickly to sample large displacements 
within a time step. Only the Monte Carlo implementation where any cells on the grid can swap 
exhibited the t1/3 power law scaling (MC global, Fig. 1 – Supp. Fig. 2e). The divergence from the 
t1/3 power law scaling in the other two models, which are expected to more accurately resolve 
behavior at shorter timescales, demonstrates that sorting of cells within tissues on biologically-
relevant timescales occurs well within the short-time glassy regime(34), long before the system 
reaches the t1/3 scaling regime. 

Each of the models exhibited different dependences on the motility energy. At high 
temperatures, all three model implementations converge (Fig. 1 – Supp. Fig. 2f). This 
convergence is expected given that the system is well-mixed within this regime, thus satisfying 
the well-mixed assumption of the Monte Carlo model. It also provides confidence in the 
accuracy of the discrete time implementation. Therefore, our fixed time step implementation 
converges with the Monte Carlo models in the high temperature regime where the models are 
expected to be equivalent, and provides a more accurate representation at low temperatures 
where the assumptions of the Monte Carlo modeling approach are no longer valid.  

 

Fitting the sorting rate and accuracy in simulations run to steady state: 

For each simulation run to steady state (Fig. 3, Fig. 3 - Supp Fig. 1), the degree of sorting 

(average fraction of each cell’s neighbors that are the same cell type, which ranges from 0.5 to 

1 for cases where homotypic interactions are preferred) was recorded at regular intervals. The 

recording intervals were uniformly spaced on a log scale. Every 300 timepoints, a check was 

automatically performed to determine whether the simulation had reached steady state. 

To determine whether the simulation had reached steady state, the sorting vs time curve was fit 

to an asymmetric Hill function (Fig. 3b): S(t) = 0.5+(a-0.5)/(1+((b/t)^c))^d, where S(t) is the 

degree of sorting as a function of the time, t. The four best fit parameters are a, the degree of 

sorting at steady state (i.e., sorting accuracy), b, the characteristic time scale, c is the Hill 

coefficient (steepness), and d, the asymmetry of the curve. From this best fit curve, the sorting 

time was defined as the time, tSS, when the predicted degree of sorting was within 0.001 of the 

sorting accuracy at steady state a (i.e., when |S(t)-a|<0.001).  

If two conditions were met, then the simulation was considered to have reached steady state 

and was terminated. If the conditions were not met, the target total simulation time was 

increased by a factor of 2, and the check was performed after another 300 timepoints. The 

conditions were that (1) the simulation time had to be larger than the predicted time to reach 

steady state tSS, and (2) the time-averaged, cell-averaged degree of sorting over the last 21 

timepoints had to be at least one standard deviation from the predicted sorting accuracy at 

steady state. 

Once the simulation had reached steady state, the sorting vs time curve was once again fit to 

the asymmetric Hill function, where the sorting accuracy at steady state was defined as the best 

fit parameter a (Fig. 3b,c,e), and the time to reach steady state was defined as tSS (Fig. 3b,d,e). 
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Pre-processing of the simulation data for domain size calculations: 

Cell type classification – The simulations generated cell type classifications by default (a 2D grid 

of cells where each pixel represents one cell, and where cells of cell type #1 were labeled with a 

1 and cells of cell type #2 were labeled with a 2).  

Up-sampling to experimental resolution – In the simulations, each pixel represents one cell. In 

the experiments, a single cell contained many pixels. In order to run the domain size 

calculations identically on the simulations as for the experimental data, we up-sampled the cell 

type classification grid for each simulation to the experimental spatial resolution using the 

imresize() function. 

 

Experimental cell sorting assays: 

Cell lines and culture – Cell lines were cultured at 37 °C with 5% CO2. HEK293T (ATCC; CRL-

3216) cells were cultured in DMEM (ATCC) supplemented with 9% fetal bovine serum (FBS; 

ATCC; 30-2020), Penicillin-Streptomycin (Pen-Strep; ATCC; 30-2300) at a final concentration of 

90 I.U./mL penicillin and 90 µg/mL streptomycin, and 1.8 mM L-Glutamine. The FBS solution 

was heat-inactivated before use by incubating it at 56 °C in a water bath for 30 minutes prior to 

addition to the media. L929 (ATCC; CCL-1) cells were cultured in EMEM (ATCC; 30-2003) 

supplemented with 9% horse serum (Thermo Fisher Scientific; 16050122) and Pen-Strep 

(ATCC; 30-2300) at a final concentration of 90 I.U./mL penicillin and 90 µg/mL streptomycin. For 

routine passaging of both cell lines, cells were washed with Dulbecco's Phosphate Buffered 

Saline (D-PBS; ATCC; 30-2200), incubated with 20 µL/cm2 Trypsin-EDTA solution (ATCC; 30-

2101) for 5 minutes at 37 °C, and resuspended by addition of 4-fold excess (volume-wise) 

complete media. Cells were passaged at a ratio of 1:10 every 3–4 days, using T-75 flasks 

(Corning; 353136) for both HEK293T and unmodified L929 lines, and six-well plates (Corning; 

3516) for Cdh-expressing L929 lines, whose generation is described below. 

Generation of Cdh-P2A-FP–containing lentiviral transfer vectors – All cloning steps were 

performed by Gibson Assembly using the NEBuilder® HiFi DNA Assembly Master Mix (NEB; 

E2621L). First, the pLJM1–EGFP lentiviral transfer vector (Addgene; plasmid #19319) was 

corrected by adding a stop codon (TAA) downstream of the EGFP ORF, thereby preventing the 

erroneous inclusion of 39 additional back-bone derived codons in our expression constructs. 

This resultant plasmid (pLJM-EGFP_v2) was then used to generate a pLJM1-mRFP plasmid by 

replacing the EGFP coding sequence (CDS) with the mRFP CDS, obtained by PCR-

amplification from the pcDNA-mRFP plasmid (Addgene; plasmid #13032). Finally, each of 

pLJM1-mRFP and pLJM1-EGFP_v2 plasmids was used to generate the pLJM1-Cdh1-P2A-

EGFP and the pLJM1-Cdh3-P2A-mRFP plasmids by replacing the start codon of each of the 

fluorescent proteins with the stop codon–removed CDS of either mouse Cdh1 or Cdh2, followed 

by the P2A self-cleaving peptide sequence (N-GSGATNFSLLKQAGDVEENPGPGSG-C). The 

Cdh1 CDS and the Cdh2 CDS were each PCR-amplified from the pBATEM2 (BCCM 

consortium; LMBP 3585) and pBact-Pcad (BCCM consortium; LMBP 2766) plasmids, 

respectively. 

Generation of Cdh-expressing L929 cell lines – Cdh1–P2A–mRFP- and Cdh3–P2A–EGFP -

expressing L929 cell lines were generated by lentiviral transduction, using a protocol adapted 

from (Kleaveland et al., 2018[https://doi.org/10.1016/j.cell.2018.05.022]). Lentiviral particles 
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were produced by reverse-transfection of HEK293T cells, which was performed as follows: 

0.938 µg of the psPAX2 packaging vector (Addgene; plasmid #12260), 0.469 µg of the pMD2.G 

envelope vector (Addgene; plasmid #12259), and 1.41 µg of one of the two a pLJM1-derived 

transfer vector described in the previous section were mixed with 5.5 µL of P3000 (L3000015) in 

50 µL of Opti-MEM (Thermo Fisher Scientific; 31985062), and then combined with 8.25 mL of 

Lipofectamine 3000 (Thermo Fisher Scientific; L3000015) in 50 µL of Opti-MEM, according to 

the manufacturer’s instructions. Each plasmid–Lipofectamine 3000 solution was then added to a 

separate well within a 6-well plate, after which 1.5 million HEK29T cells in 2 mL of complete 

media were added to each well and the plate was incubated at 37 °C and 5% CO2 for 48 hours. 

Viral particles were collected by removing the media from the transfected HEK293T cells, and 

twice centrifuging at 500 G for 10 min at 25 °C to pellet debris. Infection of L929 cells was 

performed by adding 250 µL of the cleared viral supernatant to L929 cells that had been plated 

24 h earlier in a 12-well plate at a density of 1 million cells in 750 µL of complete media per well, 

followed by addition of polybrene (Millipore Sigma; TR-1003-G) to a final concentration of 8 

µg/mL. Plates were then centrifuged at 1,200 G for 90 minutes at 25 °C, and then incubated at 

37 °C and 5% CO2 for 48 hours. 

Stably transduced L929 cells were then selected by culturing the cells for 1 week with complete 

media containing 4.3 µg/mL Puromycin (Thermo Fisher Scientific; A1113803). Low- and high-

expression populations were sorted from each of the two stable lines using the BD FACSAria II 

flow cytometer (BD Biosciences), selecting the 5–20th percentile of the fluorescence distribution 

to be the low-expression population, and the 80–95th percentile to be the high-expression 

population. 

Note: Given that (1) the Cdh2- and Cdh3-expressing cell lines exhibited overall similar levels of 

fluorescence (Fig. 6 – Supp. Fig. 1) and therefore also presumably expressed similar levels of 

cadherin, and (2) Cdh2 and Cdh3 have comparable homophilic binding affinities and 

comparable heterophilic binding affinities to Cdh1 in vitro(84), it was perhaps surprising that 

conditions in which Cdh3- and Cdh1- expressing cells were mixed sorted consistently better 

than conditions in which Cdh2- and Cdh1-expressing cells were mixed (Fig. 6a).These results 

suggest that Cdh3 and Cdh2 may be regulated differently in L929 cells in terms of their turnover 

rates, clustering dynamics, or their anchoring to the actin cytoskeleton(85). Recent work in cells 

has shown that the binding affinity of the extracellular domains of cell adhesion molecules is 

less important for defining the adhesive specificity between cells than is the intracellular 

domain(85). 

Cell-sorting assay – Cell-sorting assays were performed by first mixing either Cdh1-P2A-

mRFPhigh L929 cells with Cdh2-P2A-EGFPhigh cells or Cdh1-P2A-mRFPlow L929 cells with Cdh2-

P2A-EGFPlow cells at a 1:1 ratio, and adding 80,000 cells of this mixture to a well of a 384-well 

round-bottom ultra-low-attachment spheroid microplate (Corning; 4516) in 100 µL of complete 

media. After loading all intended samples into the microplate, the plate was centrifuged at 150 G 

for 10 minutes at 25 °C. The positions of the wells used within the microplate chosen to be 

located as close to the center of the microplate as possible, so that this centrifuging step would 

pellet the cells close to the center of each of the round-bottom wells. After pelleting, the cells 

were maintained at 37 °C and 5% CO2 using a microscope stage–top incubator (Tokai Hit). 

Microscopy – Time-lapse images of each assay were acquired using an inverted Nikon A1R 

point-scanning confocal microscope and NIS-Elements AR 4.51 (Nikon) software, concurrently 
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illuminating the samples with 488 nm and 561 nm lasers to image the EGFP and mRFP signal, 

respectively. Emitted light was collected with a 10× Plan Apo DIC N1 objective (Nikon; numerical 

aperture = 0.45; working distance = 4000 µm) and two photomultiplier (PMT) detectors at 

1024×1024 xy pixels. Volumetric images 1270×1270×200 µm (xyz) in size with 1.24×1.24×10 

µm/pixel (xyz) spatial resolution were collected every 30 minutes for 24 hours. 

 

Pre-processing of the experimental data for domain size calculations: 

All image analysis was performed in MATLAB.  

Max intensity z-projections (MIP) – Raw 3D+time images were loaded using bioformats tools, 

and maximum intensity Z-projections on the were performed on each 3D image volume using 

the max() function.  

Cell type classification – The raw max intensity z-projections were converted to double precision 

using MATLAB’s im2double() function. The channels were then histogram matched to enforce 

comparable distributions of pixel intensity values using the imhistmach() function, so that one 

channel would not be favored over the other during cell type classification. The images were 

then segmented by thresholding using a user-defined threshold that was specific to each 

dataset (typically between 0.002 and 0.0035) using the imbinarize() function. Holes in the 

segmented images that were smaller than one cell area (40 pixels) were filled using the 

bwareaopen() function. After this, each pixel was classified. Pixels that were segmented in only 

one channel were assigned the cell type representing that channel (i.e., given a value of either 1 

or 2, representing the GFP or RFP channel, respectively). For pixels that were segmented in 

both channels, the pixel was assigned to the channel with the higher histogram-matched pixel 

intensity. Pixels that were not segmented in either channel were given an arbitrary alternative 

value of 1.5. This process resulted in a classified image the same size as the original image, 

where each pixel was assigned a value of 1 (cell type #1), 2 (cell type #2), or 1.5 (no cell).  

 

Experimental fluorescence intensity calculations: 

For fluorescence intensity calculations (Fig. 6 - Supp. Fig. 1), the median pixel value was 

averaged across all pixels in the raw MIP image for the first timepoint and calculated for each 

channel using the median() function.  

 

Sorting quantification: 

(Simulations only) Percent same cell type neighbor calculations – For each cell, the number of 

neighbors of the same cell type was counted, divided by the total number of neighbors, and then 

multiplied by 100 in order to calculate the percent of same-cell-type neighbors. This percent of 

same cell type neighbors was than averaged across all cells in the tissue to calculate the 

degree of sorting. Neighbors were defined as any two cells sharing faces (but not corners, i.e., 

4-pixel connectivity).  

Domain size calculations (overview) – Domain size calculations were performed by image 

skeletonization, a common procedure that finds the “backbones” that run along the centers of 
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connected domains within a segmented image. Once the skeleton of the cell type domains was 

extracted, the domain size was calculated as twice the closest distance from each point along 

the skeleton to the edge of the domain (Fig. 1 – Supp. Fig. 1). Domain size calculations were 

performed separately for each cell type.  

Domain size calculations (detailed) – For each cell type, a binary image was generated that was 

given a value of 1 for every pixel classified as that cell type, and all other pixels were set to 0 

(Fig. 1 – Supp. Fig. 1a). In this binary image, holes smaller than the average cell area were 

filled using the bwareaopen() function, and closed objects smaller than the average cell area 

were removed using the bwareafilt() function (Fig. 1 – Supp. Fig. 1b). The boundaries of each 

object in the binary image were then smoothed over a distance of one cell diameter using the 

conv2 function and then thresholded to create a binary image again (Fig. 1 – Supp. Fig. 1b).     

From this processed binary image, the skeleton along each cell type domain was extracted 

using the bwskel() function, and the distance of each point along the skeleton to the nearest 

edge of the domain was calculated using the bwdist() function. Wide domains contain more 

pixels than narrow domains, but are counted equally by skeleton-based calculations. To ensure 

each pixel in the image was represented equally, we then weighted the domain size at each 

point along the skeleton by the number of pixels in that domain.  

The analyses described so far worked well for relatively elongated, thin domains, but failed for 

thick domains with many small holes (small being relative to the domain size). To remove holes 

smaller than the domain size, the entire process was repeated, this time filling holes and 

smoothing each object not by the average cell diameter, but by the average domain size of that 

binary object.  

Finally, the analyses up to this point failed for domains with circular or square-shaped domains, 

as these objects do not have well-defined skeletons. Therefore, a final check was performed on 

each object, such that for objects with a minor axis length/major axis length > 0.85 and a solidity 

> 0.9, the domain size was instead calculated as the major axis length and weighted by the total 

number of pixels in that object. 

 

Neighbor exchange rate calculations: 

For the neighbor exchange rate calculations (Fig.1f) – first, a list of the identities of each 

neighbor for each cell for each timepoint was generated. Neighbors were defined as all cells 

within one cell diameter of that cell (all neighbors that share a face, but not those that share 

corners). Once the neighbors were identified, the algorithm counted (for each cell) how many 

old neighbors were lost, and how many new neighbors were gained between timepoints. The 

total number of neighbors exchanged in each timepoint was equal to the sum of the number of 

neighbors lost plus the number of neighbors gained.  

To calculate a neighbor exchange rate, the a cumulative sum was performed on the number of 

neighbors exchanged over time, in order to calculate the cumulative number of neighbors 

exchanged since the first timepoint (a much smoother metric than raw number of neighbors 

exchanged per timepoint). The cumulative number of neighbors exchanged was then averaged 

across all cells to calculate the mean cumulative number of neighbors exchanged.  Finally, a 

moving linear regression (using a 15-timepoint window) was performed on the mean number of 
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cumulative number of neighbors exchanged vs time curve. From this moving linear regression, 

the instantaneous neighbor exchange rate within the tissue over time (Fig. 1f) was determined 

as the instantaneous slope of the curve at each timepoint.  

 

Unsupervised best fitting of the simulations to the experimental data 

Parameter scan of simulations – As discussed earlier in the text, because tissue fluidity in the 

model is determined by two major ratios—the diffusion limited neighbor exchange rate (k0 = EM / 

3πηd3) and the exponent (EM / EA)—different parameter choices with identical ratios will yield an 

identical sorting behavior. Therefore, we performed a parameter scan on these two ratios in the 

model. 

As a simplifying assumption to limit the number of parameters being fit to the model, the 

heterotypic adhesion (Ehet) was assumed to be zero, and the homotypic adhesion (Ehomo) was 

assumed to be equal between the two cell types being mixed, and the motility energy (EM) was 

assumed to be equal between the two cell types being mixed. As a consequence of the 

heterotypic adhesion (Ehet) being zero, the total adhesion energy (EA) is entirely determined by 

the homotypic adhesion energy (Ehomo). 

This leaves only three major parameters that could be varied: The homotypic adhesion energy 

(Ehomo), the motility energy (EM), and the tissue viscosity (η). Because different parameter 

choices with identical ratios will yield an identical sorting behavior, we therefore varied the two 

simplified ratios: The ratio of the motility energy to the homotypic adhesion energy (EM / Ehomo), 

and the ratio of the homotypic adhesion energy to the tissue viscosity (Ehomo / η).  

The unitless ratio of the exponent (EM / Ehomo) varied between 0.25 and 1.5 in 0.05 intervals. The 

ratio of the homotypic adhesion energy to the tissue viscosity (Ehomo / η) varied from 103 - 107 

kBT / Pa s. Assuming a tissue viscosity of η = 10 Pa s, this means that the homotypic energy 

ranged from 104 - 108 kBT.  

For each set of parameters, simulations were run for 48 hours, and the mean and standard 

deviation of domain size was calculated for each timepoint in the simulations. 5 simulation 

replicates were performed for each choice of parameters 

Automated best fitting of simulations to the experimental data – 

Each experimental dataset was compared to all simulations run in the parameter scan. Because 

the experiments exhibited a lag phase in which very little sorting (as measured by the domain 

size) occurred during the first 2 hours, hours 0-18 of the simulations were fit to hours 2-20 of the 

experiments. For each comparison, we calculated the residuals (difference) between the 

simulated and experimentally measured domain size, as well as the residuals (difference) 

between the simulated and experimentally measured standard deviation in the domain size for 

each timepoint. Smaller residuals correspond to a better fit of the simulation to the experimental 

data. We then averaged these residuals across all 5 replicates for a given parameter set. To 

account for the fact that simulations with larger domain sizes will naturally exhibit larger 

fluctuations in the domain size, we then normalized the replicate-averaged residuals in the 

domain size to the mean domain size across all replicates for each timepoint, and similarly 

normalized the replicate-averaged residuals of the standard deviation of the domain size to the 

replicate-averaged standard deviation in the domain size. We then summed these normalized 
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residuals across time to represent the total error for that simulated parameter set. We then 

found the simulation parameter which had the lowest summed total error in the mean and 

standard deviation in the domain size. 

Note: While the parameter scan and fitting algorithm in its current form provides good 

quantitative fits to the experimental data (Fig. 6 – Supp Fig. 2), it is important to note that the 

assumption of the heterotypic binding energies being zero and the homotypic adhesion being 

equal between the two cell types is not strictly consistent with the literature. In fact, it has been 

shown in vitro (with supporting evidence from cell sorting assays) that the extracellular binding 

domains of Cdh1 bind more strongly in heterotypic interactions with either Cdh2 or Cdh3 than in 

homophilic interactions with itself, such that the binding interaction strengths are ordered as 

[Cdh2-Cdh2 and Cdh3-Cdh3] > [Cdh2-Cdh1 and Cdh3-Cdh1] > [Cdh1-Cdh1] (84). Future 

iterations using more information about the sorting pattern than just the domain size (e.g., 

relative domain sizes between the cell types, the overall spatial localization of different cell types 

within the tissue) could be adapted to more fully estimate the differential homotypic and 

heterotypic binding affinities between the cell types.  
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Table S1. Physical parameters. Parameters listed are the default used for the simulations. 

Notation Meaning Default Value Typical Range Source 

kB Boltzmann constant 0.0138 pN nm K-1 – – 

T Temperature 310.15 K (37 °C) 25-40 °C – 

r Cell radius  7,000 nm – – 

d 
Distance between cell 
centers 

2*r = 14,000 nm 
(confluent) 

– 
– 

ηw Viscosity of water 
10-6 pN ms nm-2 

 (10-3 Pa s) 
– 

– 

η Viscosity of tissue 
10-2 pN ms nm-2  

(10 Pa s) 

10-6-100 pN ms nm-2 

(10-3-103 Pa s) 
(39) 

Ehomo 
Homotypic adhesion 
energy (per cell pair) 

108 kBT 0-108 kBT  

Ehet 
Heterotypic adhesion 
energy (per cell pair) 

0 0-108 kBT  

EM 
Effective migratory 
temperature of cell 

108 kBT pN nm  

Nhomo 
Number of homotypic 
neighbors for a given 
cell 

- 0-4 neighbors – 

Nhet 
Number of heterotypic 
neighbors for a given 
cell 

– 0-4 neighbors – 

 

Table S1. Derived parameters. Parameters listed are the default used for the simulations. 

Notation Meaning Value Units Source 

kBT Thermal energy kBT pN nm – 

γ Viscous drag on a cell 6πηR pN ms nm-1 
Stokes’ 
drag 

ET 
Total adhesion energy 
for a given cell 

NhomoEhomo + 
NhetEhet 

pN nm  

EA 
Total adhesion energy 
for a given neighbor pair 

ET
1+ET

2   

k0 

Neighbor exchange rate 
(for each individual 
neighbor pair) in the 
absence of adhesion 

EM
 / γd2 ms-1 

Diffusion-
limited 

k 
Neighbor exchange rate 
(for each individual 
neighbor pair)  

k0 exp(EA/EM) ms-1 
Diffusion-
limited 

 

 

  

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 3, 2025. ; https://doi.org/10.1101/2025.03.01.640992doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.01.640992
http://creativecommons.org/licenses/by-nc/4.0/


Garner et al., 2025   25 

References: 

1.  L. Wolpert, Positional information and the spatial pattern of cellular differentiation. Journal 
of Theoretical Biology 25, 1–47 (1969). 

2.  F. Xiong, A. R. Tentner, P. Huang, A. Gelas, K. R. Mosaliganti, L. Souhait, N. Rannou, I. A. 
Swinburne, N. D. Obholzer, P. D. Cowgill, A. F. Schier, S. G. Megason, Specified neural 
progenitors sort to form sharp domains after noisy Shh signaling. Cell 153, 550–561 
(2013). 

3.  S. Woo, M. P. Housley, O. D. Weiner, D. Y. R. Stainier, Nodal signaling regulates 
endodermal cell motility and actin dynamics via Rac1 and Prex1. J Cell Biol 198, 941–952 
(2012). 

4.  J. Stock, T. Kazmar, F. Schlumm, E. Hannezo, A. Pauli, A self-generated Toddler gradient 
guides mesodermal cell migration. Science Advances 8, eadd2488 (2022). 

5.  A. Pauli, M. L. Norris, E. Valen, G.-L. Chew, J. A. Gagnon, S. Zimmerman, A. Mitchell, J. 
Ma, J. Dubrulle, D. Reyon, S. Q. Tsai, J. K. Joung, A. Saghatelian, A. F. Schier, Toddler: An 
Embryonic Signal That Promotes Cell Movement via Apelin Receptors. Science 343, 
1248636 (2014). 

6.  Y. Akieda, S. Ogamino, H. Furuie, S. Ishitani, R. Akiyoshi, J. Nogami, T. Masuda, N. 
Shimizu, Y. Ohkawa, T. Ishitani, Cell competition corrects noisy Wnt morphogen gradients 
to achieve robust patterning in the zebrafish embryo. Nat Commun 10, 4710 (2019). 

7.  F. Xiong, A. R. Tentner, S. Nandagopal, T. W. Hiscock, P. Huang, S. G. Megason, 
Heterogeneity of Sonic Hedgehog response dynamics and fate specification in single 
neural progenitors. bioRxiv, doi: 10.1101/412858 (2018). 

8.  H. M. McNamara, S. C. Solley, B. Adamson, M. M. Chan, J. E. Toettcher, Recording 
morphogen signals reveals origins of gastruloid symmetry breaking. bioRxiv, doi: 
10.1101/2023.06.02.543474 (2023). 

9.  T. Cheng, Y.-Y. Xing, C. Liu, Y.-F. Li, Y. Huang, X. Liu, Y.-J. Zhang, G.-Q. Zhao, Y. Dong, X.-
X. Fu, Y.-M. Tian, L.-P. Shu, S. G. Megason, P.-F. Xu, Nodal coordinates the anterior-
posterior patterning of germ layers and induces head formation in zebrafish explants. Cell 
Reports 42, 112351 (2023). 

10.  M. N. Shahbazi, E. D. Siggia, M. Zernicka-Goetz, Self-organization of stem cells into 
embryos: A window on early mammalian development. Science 364, 948–951 (2019). 

11.  G. Amadei, K. Y. C. Lau, J. De Jonghe, C. W. Gantner, B. Sozen, C. Chan, M. Zhu, C. 
Kyprianou, F. Hollfelder, M. Zernicka-Goetz, Inducible Stem-Cell-Derived Embryos Capture 
Mouse Morphogenetic Events In Vitro. Dev Cell 56, 366-382.e9 (2021). 

12.  E. Karzbrun, A. H. Khankhel, H. C. Megale, S. M. K. Glasauer, Y. Wyle, G. Britton, A. 
Warmflash, K. S. Kosik, E. D. Siggia, B. I. Shraiman, S. J. Streichan, Human neural tube 
morphogenesis in vitro by geometric constraints. Nature 599, 268–272 (2021). 

13.  Y. Miao, Y. Djeffal, A. De Simone, K. Zhu, J. G. Lee, Z. Lu, A. Silberfeld, J. Rao, O. A. 
Tarazona, A. Mongera, P. Rigoni, M. Diaz-Cuadros, L. M. S. Song, S. Di Talia, O. Pourquié, 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 3, 2025. ; https://doi.org/10.1101/2025.03.01.640992doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.01.640992
http://creativecommons.org/licenses/by-nc/4.0/


Garner et al., 2025   26 

Reconstruction and deconstruction of human somitogenesis in vitro. Nature 614, 500–508 
(2023). 

14.  F. Schweisguth, F. Corson, Self-Organization in Pattern Formation. Developmental Cell 49, 
659–677 (2019). 

15.  T. Y.-C. Tsai, M. Sikora, P. Xia, T. Colak-Champollion, H. Knaut, C.-P. Heisenberg, S. G. 
Megason, An adhesion code ensures robust pattern formation during tissue 
morphogenesis. Science 370, 113–116 (2020). 

16.  T. Y.-C. Tsai, R. M. Garner, S. G. Megason, Adhesion-Based Self-Organization in Tissue 
Patterning. Annu. Rev. Cell Dev. Biol. 38, 349–374 (2022). 

17.  J. M. Halbleib, W. J. Nelson, Cadherins in development: cell adhesion, sorting, and tissue 
morphogenesis. Genes Dev. 20, 3199–3214 (2006). 

18.  J.-L. Maître, H. Berthoumieux, S. F. G. Krens, G. Salbreux, F. Jülicher, E. Paluch, C.-P. 
Heisenberg, Adhesion Functions in Cell Sorting by Mechanically Coupling the Cortices of 
Adhering Cells. Science 338, 253–256 (2012). 

19.  M. S. Steinberg, Differential adhesion in morphogenesis: a modern view. Current Opinion 
in Genetics & Development 17, 281–286 (2007). 

20.  R. A. Foty, M. S. Steinberg, The differential adhesion hypothesis: a direct evaluation. 
Developmental Biology 278, 255–263 (2005). 

21.  M. Krieg, Y. Arboleda-Estudillo, P.-H. Puech, J. Käfer, F. Graner, D. J. Müller, C.-P. 
Heisenberg, Tensile forces govern germ-layer organization in zebrafish. Nat Cell Biol 10, 
429–436 (2008). 

22.  A. Yanagida, E. Corujo-Simon, C. K. Revell, P. Sahu, G. G. Stirparo, I. M. Aspalter, A. K. 
Winkel, R. Peters, H. De Belly, D. A. D. Cassani, S. Achouri, R. Blumenfeld, K. Franze, E. 
Hannezo, E. K. Paluch, J. Nichols, K. J. Chalut, Cell surface fluctuations regulate early 
embryonic lineage sorting. Cell 185, 777-793.e20 (2022). 

23.  A. Mongera, P. Rowghanian, H. J. Gustafson, E. Shelton, D. A. Kealhofer, E. K. Carn, F. 
Serwane, A. A. Lucio, J. Giammona, O. Campàs, A fluid-to-solid jamming transition 
underlies vertebrate body axis elongation. Nature 561, 401–405 (2018). 

24.  B. Bénazéraf, P. Francois, R. E. Baker, N. Denans, C. D. Little, O. Pourquié, A random cell 
motility gradient downstream of FGF controls elongation of an amniote embryo. Nature 
466, 248–252 (2010). 

25.  R. J. Tetley, M. F. Staddon, D. Heller, A. Hoppe, S. Banerjee, Y. Mao, Tissue fluidity 
promotes epithelial wound healing. Nat. Phys. 15, 1195–1203 (2019). 

26.  J.-A. Park, J. H. Kim, D. Bi, J. A. Mitchel, N. T. Qazvini, K. Tantisira, C. Y. Park, M. McGill, 
S.-H. Kim, B. Gweon, J. Notbohm, R. Steward Jr, S. Burger, S. H. Randell, A. T. Kho, D. T. 
Tambe, C. Hardin, S. A. Shore, E. Israel, D. A. Weitz, D. J. Tschumperlin, E. P. Henske, S. 
T. Weiss, M. L. Manning, J. P. Butler, J. M. Drazen, J. J. Fredberg, Unjamming and cell 
shape in the asthmatic airway epithelium. Nature Mater 14, 1040–1048 (2015). 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 3, 2025. ; https://doi.org/10.1101/2025.03.01.640992doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.01.640992
http://creativecommons.org/licenses/by-nc/4.0/


Garner et al., 2025   27 

27.  A. J. Bray, Theory of phase-ordering kinetics. Advances in Physics 51, 481–587 (2002). 

28.  K. Kawasaki, Diffusion Constants near the Critical Point for Time-Dependent Ising Models. 
I. Phys. Rev. 145, 224–230 (1966). 

29.  K. Kawasaki, Diffusion Constants near the Critical Point for Time-Dependent Ising Models. 
II. Phys. Rev. 148, 375–381 (1966). 

30.  J. F. Marko, G. T. Barkema, Phase ordering in the Ising model with conserved spin. Phys. 
Rev. E 52, 2522–2534 (1995). 

31.  Y. Zhang, G. L. Thomas, M. Swat, A. Shirinifard, J. A. Glazier, Computer Simulations of 
Cell Sorting Due to Differential Adhesion. PLoS ONE 6, e24999 (2011). 

32.  V. Srivastava, J. L. Hu, J. C. Garbe, B. Veytsman, S. F. Shalabi, D. Yllanes, M. Thomson, 
M. A. LaBarge, G. Huber, Z. J. Gartner, Configurational entropy is an intrinsic driver of 
tissue structural heterogeneity. bioRxiv [Preprint] (2023). 
https://doi.org/10.1101/2023.07.01.546933. 

33.  S. Kim, M. Pochitaloff, G. A. Stooke-Vaughan, O. Campàs, Embryonic tissues as active 
foams. Nat. Phys. 17, 859–866 (2021). 

34.  F. Krząkała, Glassy Properties of the Kawasaki Dynamics of Two-Dimensional 
Ferromagnets. Phys. Rev. Lett. 94, 077204 (2005). 

35.  D. Bi, X. Yang, M. C. Marchetti, M. L. Manning, Motility-Driven Glass and Jamming 
Transitions in Biological Tissues. Phys. Rev. X 6, 021011 (2016). 

36.  E.-M. Schötz, M. Lanio, J. A. Talbot, M. L. Manning, Glassy dynamics in three-dimensional 
embryonic tissues. Journal of The Royal Society Interface 10, 20130726 (2013). 

37.  D. M. Sussman, M. Paoluzzi, M. Cristina Marchetti, M. Lisa Manning, Anomalous glassy 
dynamics in simple models of dense biological tissue. EPL 121, 36001 (2018). 

38.  D. Duguay, R. A. Foty, M. S. Steinberg, Cadherin-mediated cell adhesion and tissue 
segregation: qualitative and quantitative determinants. Developmental Biology 253, 309–
323 (2003). 

39.  N. I. Petridou, B. Corominas-Murtra, C.-P. Heisenberg, E. Hannezo, Rigidity percolation 
uncovers a structural basis for embryonic tissue phase transitions. Cell 184, 1914-
1928.e19 (2021). 

40.  A. R. Honerkamp-Smith, P. Cicuta, M. D. Collins, S. L. Veatch, M. den Nijs, M. Schick, S. 
L. Keller, Line Tensions, Correlation Lengths, and Critical Exponents in Lipid Membranes 
Near Critical Points. Biophysical Journal 95, 236–246 (2008). 

41.  T. J. Longo, N. A. Shumovskyi, B. Uralcan, S. V. Buldyrev, M. A. Anisimov, P. G. 
Debenedetti, Formation of dissipative structures in microscopic models of mixtures with 
species interconversion. Proceedings of the National Academy of Sciences 120, 
e2215012120 (2023). 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 3, 2025. ; https://doi.org/10.1101/2025.03.01.640992doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.01.640992
http://creativecommons.org/licenses/by-nc/4.0/


Garner et al., 2025   28 

42.  B. Honig, L. Shapiro, Adhesion protein structure, molecular affinities, and principles of cell-
cell recognition. Cell 181, 520–535 (2020). 

43.  J. E. Sulston, E. Schierenberg, J. G. White, J. N. Thomson, The embryonic cell lineage of 
the nematode Caenorhabditis elegans. Developmental Biology 100, 64–119 (1983). 

44.  P. Lemaire, Unfolding a chordate developmental program, one cell at a time: Invariant cell 
lineages, short-range inductions and evolutionary plasticity in ascidians. Developmental 
Biology 332, 48–60 (2009). 

45.  S. A. Moody, Lineage Tracing and Fate Mapping in Xenopus Embryos. Cold Spring Harb 
Protoc 2018, pdb.prot097253 (2018). 

46.  V. Hartenstein, J. A. Campos-Ortega, Fate-mapping in wild-type Drosophila melanogaster. 
Wilhelm Roux’ Archiv 194, 181–195 (1985). 

47.  K. A. Helde, E. T. Wilson, C. J. Cretekos, D. J. Grunwald, Contribution of Early Cells to the 
Fate Map of the Zebrafish Gastrula. Science 265, 517–520 (1994). 

48.  P. J. Keller, A. D. Schmidt, J. Wittbrodt, E. H. K. Stelzer, Reconstruction of Zebrafish Early 
Embryonic Development by Scanned Light Sheet Microscopy. Science 322, 1065–1069 
(2008). 

49.  F. Xiong, N. D. Obholzer, R. R. Noche, S. G. Megason, Multibow: Digital Spectral Barcodes 
for Cell Tracing. PLoS ONE 10, e0127822 (2015). 

50.  O. Voiculescu, F. Bertocchini, L. Wolpert, R. E. Keller, C. D. Stern, The amniote primitive 
streak is defined by epithelial cell intercalation before gastrulation. Nature 449, 1049–1052 
(2007). 

51.  C. Guillot, Y. Djeffal, A. Michaut, B. Rabe, O. Pourquié, Dynamics of primitive streak 
regression controls the fate of neuromesodermal progenitors in the chicken embryo. eLife 
10, e64819 (2021). 

52.  H. Bolton, S. J. L. Graham, N. Van der Aa, P. Kumar, K. Theunis, E. Fernandez Gallardo, T. 
Voet, M. Zernicka-Goetz, Mouse model of chromosome mosaicism reveals lineage-specific 
depletion of aneuploid cells and normal developmental potential. Nat Commun 7, 11165 
(2016). 

53.  M. Welling, M. A. Mohr, A. Ponti, L. Rullan Sabater, A. Boni, Y. K. Kawamura, P. Liberali, A. 
H. Peters, P. Pelczar, P. Pantazis, Primed Track, high-fidelity lineage tracing in mouse pre-
implantation embryos using primed conversion of photoconvertible proteins. eLife 8, 
e44491 (2019). 

54.  F. M. Davis, B. Lloyd-Lewis, O. B. Harris, S. Kozar, D. J. Winton, L. Muresan, C. J. Watson, 
Single-cell lineage tracing in the mammary gland reveals stochastic clonal dispersion of 
stem/progenitor cell progeny. Nat Commun 7, 13053 (2016). 

55.  K. McDole, L. Guignard, F. Amat, A. Berger, G. Malandain, L. A. Royer, S. C. Turaga, K. 
Branson, P. J. Keller, In Toto Imaging and Reconstruction of Post-Implantation Mouse 
Development at the Single-Cell Level. Cell 175, 859-876.e33 (2018). 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 3, 2025. ; https://doi.org/10.1101/2025.03.01.640992doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.01.640992
http://creativecommons.org/licenses/by-nc/4.0/


Garner et al., 2025   29 

56.  F. H. Biase, Q. Wu, R. Calandrelli, M. Rivas-Astroza, S. Zhou, Z. Chen, S. Zhong, 
Rainbow-Seq: Combining Cell Lineage Tracing with Single-Cell RNA Sequencing in 
Preimplantation Embryos. iScience 7, 16–29 (2018). 

57.  S. Junyent, M. Meglicki, R. Vetter, R. Mandelbaum, C. King, E. M. Patel, L. Iwamoto-Stohl, 
C. Reynell, D.-Y. Chen, P. Rubino, N. Arrach, R. J. Paulson, D. Iber, M. Zernicka-Goetz, 
The first two blastomeres contribute unequally to the human embryo. Cell 187, 2838-
2854.e17 (2024). 

58.  I. A. Hatton, A. P. Dobson, D. Storch, E. D. Galbraith, M. Loreau, Linking scaling laws 
across eukaryotes. Proceedings of the National Academy of Sciences 116, 21616–21622 
(2019). 

59.  F. L. H. Brown, Elastic Modeling of Biomembranes and Lipid Bilayers. Annu. Rev. Phys. 
Chem. 59, 685–712 (2008). 

60.  A. J. Spence, Scaling in biology. Current Biology 19, R57–R61 (2009). 

61.  S. H. Parekh, O. Chaudhuri, J. A. Theriot, D. A. Fletcher, Loading history determines the 
velocity of actin-network growth. Nat Cell Biol 7, 1219–1223 (2005). 

62.  T.-D. Li, P. Bieling, J. Weichsel, R. D. Mullins, D. A. Fletcher, The molecular mechanism of 
load adaptation by branched actin networks. eLife 11, e73145 (2022). 

63.  R. M. Mège, N. Ishiyama, Integration of Cadherin Adhesion and Cytoskeleton at Adherens 
Junctions. Cold Spring Harb Perspect Biol 9, a028738 (2017). 

64.  G. W. Brodland, Computational modeling of cell sorting, tissue engulfment, and related 
phenomena: A review. Applied Mechanics Reviews 57, 47–76 (2004). 

65.  R. Gordon, N. S. Goel, M. S. Steinberg, L. L. Wiseman, A rheological mechanism sufficient 
to explain the kinetics of cell sorting. Journal of Theoretical Biology 37, 43–73 (1972). 

66.  N. Goel, R. D. Campbell, R. Gordon, R. Rosen, H. Martinez, M. Yčas, Self-sorting of 
isotropic cells. Journal of Theoretical Biology 28, 423–468 (1970). 

67.  G. W. Brodland, The Differential Interfacial Tension Hypothesis (DITH): A Comprehensive 
Theory for the Self-Rearrangement of Embryonic Cells and Tissues. Journal of 
Biomechanical Engineering 124, 188–197 (2002). 

68.  H. H. Chen, G. W. Brodland, Cell-Level Finite Element Studies of Viscous Cells in Planar 
Aggregates. Journal of Biomechanical Engineering 122, 394–401 (2000). 

69.  J. A. Glazier, F. Graner, Simulation of the differential adhesion driven rearrangement of 
biological cells. Phys. Rev. E 47, 2128–2154 (1993). 

70.  F. Graner, J. A. Glazier, Simulation of biological cell sorting using a two-dimensional 
extended Potts model. Phys. Rev. Lett. 69, 2013–2016 (1992). 

71.  M. H. Swat, G. L. Thomas, J. M. Belmonte, A. Shirinifard, D. Hmeljak, J. A. Glazier, 
“Chapter 13 - Multi-Scale Modeling of Tissues Using CompuCell3D” in Methods in Cell 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 3, 2025. ; https://doi.org/10.1101/2025.03.01.640992doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.01.640992
http://creativecommons.org/licenses/by-nc/4.0/


Garner et al., 2025   30 

Biology, A. R. Asthagiri, A. P. Arkin, Eds. (Academic Press, 2012; 
https://www.sciencedirect.com/science/article/pii/B9780123884039000138)vol. 110 of 
Computational Methods in Cell Biology, pp. 325–366. 

72.  D. Bi, J. H. Lopez, J. M. Schwarz, M. L. Manning, A density-independent rigidity transition 
in biological tissues. Nature Phys 11, 1074–1079 (2015). 

73.  S. Pawlizak, A. W. Fritsch, S. Grosser, D. Ahrens, T. Thalheim, S. Riedel, T. R. Kießling, L. 
Oswald, M. Zink, M. L. Manning, J. A. Käs, Testing the differential adhesion hypothesis 
across the epithelial−mesenchymal transition. New J. Phys. 17, 083049 (2015). 

74.  S. Grosser, J. Lippoldt, L. Oswald, M. Merkel, D. M. Sussman, F. Renner, P. Gottheil, E. W. 
Morawetz, T. Fuhs, X. Xie, S. Pawlizak, A. W. Fritsch, B. Wolf, L.-C. Horn, S. Briest, B. 
Aktas, M. L. Manning, J. A. Käs, Cell and Nucleus Shape as an Indicator of Tissue Fluidity 
in Carcinoma. Phys. Rev. X 11, 011033 (2021). 

75.  D. Bi, J. H. Lopez, J. M. Schwarz, M. L. Manning, Energy barriers and cell migration in 
densely packed tissues. Soft Matter 10, 1885–1890 (2014). 

76.  H. Honda, Description of cellular patterns by Dirichlet domains: The two-dimensional case. 
Journal of Theoretical Biology 72, 523–543 (1978). 

77.  H. Honda, M. Tanemura, T. Nagai, A three-dimensional vertex dynamics cell model of 
space-filling polyhedra simulating cell behavior in a cell aggregate. Journal of Theoretical 
Biology 226, 439–453 (2004). 

78.  D. Sulsky, S. Childress, J. K. Percus, A model of cell sorting. Journal of Theoretical Biology 
106, 275–301 (1984). 

79.  P. Lam, R. S. Fischer, W. D. Shin, C. M. Waterman, A. Huttenlocher, “Spinning Disk 
Confocal Imaging of Neutrophil Migration in Zebrafish” in Neutrophil Methods and 
Protocols, M. T. Quinn, F. R. DeLeo, Eds. (Humana Press, Totowa, NJ, 2014; 
https://doi.org/10.1007/978-1-62703-845-4_14), pp. 219–233. 

80.  Y.-S. Chu, W. A. Thomas, O. Eder, F. Pincet, E. Perez, J. P. Thiery, S. Dufour, Force 
measurements in E-cadherin–mediated cell doublets reveal rapid adhesion strengthened 
by actin cytoskeleton remodeling through Rac and Cdc42. Journal of Cell Biology 167, 
1183–1194 (2004). 

81.  Y. Wu, X. Jin, O. Harrison, L. Shapiro, B. H. Honig, A. Ben-Shaul, Cooperativity between 
trans and cis interactions in cadherin-mediated junction formation. Proceedings of the 
National Academy of Sciences 107, 17592–17597 (2010). 

82.  P. Katsamba, K. Carroll, G. Ahlsen, F. Bahna, J. Vendome, S. Posy, M. Rajebhosale, S. 
Price, T. M. Jessell, A. Ben-Shaul, L. Shapiro, B. H. Honig, Linking molecular affinity and 
cellular specificity in cadherin-mediated adhesion. Proceedings of the National Academy of 
Sciences 106, 11594–11599 (2009). 

83.  A. K. Prakasam, V. Maruthamuthu, D. E. Leckband, Similarities between heterophilic and 
homophilic cadherin adhesion. Proc. Natl. Acad. Sci. U.S.A. 103, 15434–15439 (2006). 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 3, 2025. ; https://doi.org/10.1101/2025.03.01.640992doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.01.640992
http://creativecommons.org/licenses/by-nc/4.0/


Garner et al., 2025   31 

84.  J. Vendome, K. Felsovalyi, H. Song, Z. Yang, X. Jin, J. Brasch, O. J. Harrison, G. Ahlsen, 
F. Bahna, A. Kaczynska, P. S. Katsamba, D. Edmond, W. L. Hubbell, L. Shapiro, B. Honig, 
Structural and energetic determinants of adhesive binding specificity in type I cadherins. 
Proceedings of the National Academy of Sciences 111, E4175–E4184 (2014). 

85.  A. J. Stevens, A. R. Harris, J. Gerdts, K. H. Kim, C. Trentesaux, J. T. Ramirez, W. L. 
McKeithan, F. Fattahi, O. D. Klein, D. A. Fletcher, W. A. Lim, Programming multicellular 
assembly with synthetic cell adhesion molecules. Nature 614, 144–152 (2023). 

 

  

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 3, 2025. ; https://doi.org/10.1101/2025.03.01.640992doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.01.640992
http://creativecommons.org/licenses/by-nc/4.0/


Garner et al., 2025   32 

Supplementary Figures 

Figure 1 – Supplemental Figure 1. Domain size calculations. (a-f) Overview of the steps of the domain size calculation. See 

Methods for a detailed description of each panel.  
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Figure 1 – Supplemental Figure 2. Domain size calculations. (a-d) Overview of the steps of the domain size calculations for 

the purpose of comparing simulation methods. From the cell type matrix (a), the 2D spatial autocorrelation was computed (b), 

and then the Fourier transform of the autocorrelation function was determined to calculate the structure factor (c), which was 

then radially averaged (d). The domain size was then calculated as the mean structure factor weighted wavenumber. (e) 

Comparison of the three simulation methods, showing that simulations allowing only nearest neighbor exchange (MC Local and 

DT local) exhibit sub-t1/3 scaling, capturing the short-time glassy behavior of the system. (f) Comparison of the three simulation 

methods in the high motility regime, showing that all simulation methods converge and saturate at domain sizes much smaller 

than the grid size. (g) Comparison of simulations with a grid size of 50 and 150 cells, showing that growth saturation at domain 

sizes much smaller than the grid size is not due to finite size effects. 
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Figure 2 – Supplemental Figure 1. The sorting rate increases with increasing tissue fluidity. (a-d) Degree of sorting (i.e., 

average percent of a cell’s neighbors that are of the same cell type) plotted as a function of time for the exact same simulations 

presented in Fig. 2m-p, with increasing tissue fluidity from blue to red. Tissue fluidity was increased either by (a) increasing 

motility energy, (b) decreasing homotypic adhesion, (c) decreasing heterotypic adhesion, or (d) decreasing tissue viscosity. The 

colormap is identical to that in Fig. 2. In all cases the rate of sorting increases (i.e., the steepness of the curve increases and/or 

the curve shifts to the left, such that curves with higher tissue fluidity reach the same degree of sorting at earlier timepoints than 

curves with lower tissue fluidity). 
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Figure 3 – Supplemental Figure 1. Best fit curve for each simulation. (a) Simulations shown in in Fig. 3b-e were allowed to 

run until they reached steady state. At this point, the sorting vs time curve (colored circles) was fit to an asymmetric Hill function 

(black dotted line). The color of the curve indicates the choice of motility energy, using an identical colormap as in Fig. 3b-e. 

Note the differences in scale along the x-axis. 
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Figure 6 – Supplemental Figure 1. Median fluorescence intensity for each cell type in each experimental condition. (a) 

L929 cells co-expressing either high or low levels of Cdh2 (N-cadherin) or Cdh3 (P-cadherin) and EGFP (green) were mixed in 

equal proportions with cells co-expressing either high or low levels of Cdh1 (E-cadherin) and mRFP (magenta) and imaged by 

confocal time-lapse microscopy. From the maximum intensity projection of the first timepoint for each condition, the median 

fluorescence intensity across the entire image was calculated for both the EGFP (open circles) and mRFP (closed circles) 

channels. The color indicates the experimental condition, and the two cell populations mixed in a single condition are grouped 

together along the x-axis. The x-label indicates which cell population corresponds to each channel within a given condition. The 

markers indicate different experimental replicates of a given condition. There were four replicates in each condition. 
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Figure 6 – Supplemental Figure 2. Examples of best fit for each experimental condition. (a,d,h,j) Time-lapse montage of 

the experimental cell-sorting assay (top) and its associated best-fit simulation (bottom). Top: L929 cells co-expressing either 

high or low levels of Cdh2 (N-cadherin) or Cdh3 (P-cadherin) and EGFP (green) were mixed in equal proportions with cells co-

expressing either high or low levels of Cdh1 (E-cadherin) and mRFP (magenta) and imaged by confocal time-lapse microscopy. 

Images represent maximum intensity projections. Bottom: Best-fit simulations with displayed as a heat map of cell type. Best fit 

parameters are listed in the inset legend. (b,c,e,f,h,i,k,l) Mean (b,e,h,k) and standard deviation (c,f,i,l) of the same-cell-type 

domain size over time for the experiments (red dots) and for 5 replicate best-fit simulations (grey lines). (a-c) Cdh2–EGFPhigh 

cells mixed with Cdh1–mRFPhigh cells, (d-f) Cdh2–EGFPlow cells mixed with Cdh1–mRFPlow cells, (g-i) Cdh3–EGFPhigh cells 

mixed with Cdh1-mRFPhigh cells, (j-l) Cdh3–EGFPlow cells mixed with Cdh1–mRFPlow cells 
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