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Abstract

Cells can measure shallow gradients of external signals to initiate and accomplish a migra-
tion or a morphogenetic process. Recently, starting from mathematical models like the local-
excitation global-inhibition (LEGI) model and with the support of empirical evidence, it has
been proposed that cellular communication improves the measurement of an external gradi-
ent. However, the mathematical models that have been used have over-simplified geome-
tries (e.g., they are uni-dimensional) or assumptions about cellular communication, which
limit the possibility to analyze the gradient sensing ability of more complex cellular systems.
Here, we generalize the existing models to study the effects on gradient sensing of cell num-
ber, geometry and of long- versus short-range cellular communication in 2D systems repre-
senting epithelial tissues. We find that increasing the cell number can be detrimental for
gradient sensing when the communication is weak and limited to nearest neighbour cells,
while it is beneficial when there is long-range communication. We also find that, with long-
range communication, the gradient sensing ability improves for tissues with more disordered
geometries; on the other hand, an ordered structure with mostly hexagonal cells is advanta-
geous with nearest neighbour communication. Our results considerably extend the current
models of gradient sensing by epithelial tissues, making a step further toward predicting the
mechanism of communication and its putative mediator in many biological processes.

Author summary

Groups of cells collectively migrate in many biological processes, ranging from develop-
ment to cancer metastasis. The migration is often driven by the gradient of a signaling
molecule that can be shallow and noisy, raising the question of how cells can measure it
reliably. Cellular communication has recently been suggested to play a key role in gradient
sensing, and mathematical models with simplified cellular geometries have been devel-
oped to help interpret and design experiments. In this work, we generalize the existing
mathematical models to investigate how short- and long-range cellular communication
can increase gradient sensing in two-dimensional models of epithelial tissues. We analyze
various cellular geometries and tissue size, and we identify the optimal setting that
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corresponds to different types of communication. Our findings will help pinpoint the
communication mechanisms at work in a given tissue and the properties of the molecules
that mediate the communication.

1 Introduction

Collective migration of epithelial cells is central in plenty of biological processes, ranging from
development, to wound healing and cancer [1-11]. The coherent movement of cells is often
accompanied by extensive changes in cell shape and geometry, with the formation of higher-
order vertices, as in multicellular rosettes [6, 12-15]. In many cases, cells follow the gradient of
a guidance cue (e.g., chemoattractants), which induces the initiation of a migration process [4,
16]. The gradients of the chemoattractant signals are typically shallow [17], which raises the
question of how cells can detect small changes in chemical concentrations.

Based on experimental evidence, it has been proposed that cellular communication can
enhance the ability of groups of cells to measure shallow gradients [18]. The local-excitation
global-inhibition (LEGI) model [17-19] is one of the simplest models of collective gradient
sensing through intercellular communication. The LEGI model posits that a local and a global
reporter molecules are produced in response to the external signal. The local reporter remains
confined in the cell and represents a local measurement of the signal; the global reporter is
exchanged between neighbour cells, allowing the system to perform a spatial average of the sig-
nal concentration. Each cell can then estimate local deviations of the signal from the overall
spatial average by combining the information encoded in the levels of the two reporters [18].
This model has been successfully used to describe branching morphogenesis of the epithelial
tissue in mammary glands [18], and its physical limits in terms of the properties of the external
signal, the cell size and the typical length scale of cellular communication (which in turn
depends on the kinetic rates of the LEGI global reporter), have been derived [19].

The ability to measure gradients can improve even further when the local reporter is also
exchanged between neighbour cells, as shown with the regional-excitation global-inhibition
(REGI) model [19], or when the communication can involve non-nearest neighbours cells [20].

While the above mentioned studies provided experimental and theoretical foundations for
the role of cell communication in gradient sensing, they only considered 1-dimensional chains
of cells or very simplified 2-dimensional geometries (e.g., made by multiple 1-dimensional
chains, coupled in the direction transverse to the gradient [21]). However, complex and dynam-
ically changing geometries are typically found in 2-dimensional epithelial sheets during tissue
morphogenesis and organ formation. For example, during the establishment of the anterior/
posterior axis in mouse embryos, changes in cell packing occur concurrently with the migration
of the anterior visceral endoderm, a subset of cells that specifies the anterior side of the embryo.
This leads to the formation of multi-cellular rosettes, i.e., groups of five or more cells that meet
at a central point [6]. An increase in disorder of cell packing and shape is also observed in the
germband extension in Drosphila [22], in the branching morphogenesis of the developing kid-
ney [23] and in epithelial tube formation [24]. If and how these extensive rearrangements and
the generation of higher-order vertices impact gradient sensing is still unknown.

Moreover, most of the studies make the assumption of nearest neighbour communication,
which is usually achieved through juxtacrine signalling mechanisms such as via gap junctions
[18, 25]. However, long-range signalling is also widespread in epithelial tissues. In this context,
the most studied signalling molecules in epithelia are ATP [26], extracellular calcium ions [27,
28] and nitric oxide [29], which diffuse to target receptors through the extracellular space.
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Other examples include signalling through soluble ligands that bind the epidermal growth fac-
tor receptor (EGFR) in many tissues and organs [30] and the long-range communication
mediated by extracellular vesicles in retinal pigment epithelial cells [31]. Moreover, experi-
mental evidence of long-range, in some cases diffusive, communication associated to several
signalling pathways, such as Delta-Notch, Nodal and Wnt, is available at present in several spe-
cies like Drosophila, Zebrafish and several mammals or mammalian cell cultures. The diffu-
sion coefficients of the Notch ligand Delta-like 1 (DII1) have been measured in mammalian
cells in culture, both in the plasma membrane and in filopodia [32]. Nodal-Lefty signalling is
fundamental for pattern formation in a plenty of organisms; Nodal is a short-range activator
and Lefty is a long-range inhibitor. The diffusion properties of Nodal and Lefty have been
studied in Zebrafish embryogenesis [33, 34], in chick embryos [35], mice [36, 37] and a syn-
thetic mammalian reaction-diffusion pattern-forming system [38]. All these studies evidence
the capability of Lefty proteins to diffuse over long distances, compared to Nodal proteins.
Other examples of long-range communication include the extracellular dynamic of Wnt pro-
teins [39], such as Wnt8 in Xenopus embryos [40-42], which is known to be exchanged over
long distances through several mechanisms including diffusion.

Here, we investigate how the size and the geometry of a 2D system of epithelial cells affect
the gradient sensing ability. To this aim, we generalize the LEGI model and, via numerical sim-
ulations and analytical calculations, we estimate how the signal-to-noise ratio is affected by
changes in the mean polygon number, which determines the presence of higher order vertices.
In addition to the nearest neighbour communication included in the standard LEGI model,
we also consider cellular communication mediated by a global reporter that diffuses in the
intercellular space and can thus mediate a long-range communication. Our work integrates in
a single modelling framework the complex arrangement of cells in epithelial tissues and differ-
ent mechanisms of intercellular communication. By doing so, we show how the precision of
gradient sensing changes with cell rearrangements and in different regimes of the parameters
controlling the communication process, with a potential impact on the understanding of key
processes in tissue morphogenesis.

2 Materials and methods
2.1 Definition of the model

We start from the LEGI model without temporal integration [18, 21] and we consider a molec-
ular signal in a 2-dimensional space with a concentration c that varies with the position 7:

(F)=cq+g-7, (1)
where ¢ is a background concentration and the vector g indicates the direction and strength
of the gradient.

A group of N epithelial cells respond to this molecular signal by producing a global and a
local reporter molecules, in an amount that is proportional to the signal concentration. The
global reporter is exchanged between cells, while the local reporter is confined within a cell.
Hence, the geometric configuration of the N cells can only influence the dynamics of the global
reporter (see Section 2.2).

The stochastic dynamic equations in the linear response regime for the molecule numbers
of the local (1) and the global (v) reporters are [18]:

i, = Be(fy)a’ — pu, +1, (2)
N

1.}n = BC(TT,;)[IS - :uZMnn’Vn’ + én ’ (3)
n'=1
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where n =1, ..., Nis the cell index; c is the concentration of the signal; 7, is the position of the
centroid of cell n; a is the linear size of a cell; # and y are the production and degradation rates
of the reporters, respectively; 17, and &, are Langevin noise terms [18].

The matrix M = {M,,,/} includes terms related to the degradation and the exchange of the
global reporter between neighbour cells. Its elements are:

1+ Zf,:l Dot if n=rn
u

Yo' . /
- ifn#n |,
u

where y,,, is the exchange rate of the global reporter between cells # and #'. In the next sec-
tions, we will indicate the matrix of the exchange rates as I" = {y,,,,}.

In the original unidimensional formulation of the model, the exchange rate is the same for
every pair of nearest neighbour cells and the matrix M is tridiagonal, since it includes the
exchange rate of the global reporter between nearest neighbour cells in 1-dimension and its
degradation rate. In Section 2.3 we will extend its definition to nearest neighbour communica-
tion in more complex 2-dimensional systems and to communication through a reporter diffus-
ing in the intercellular space.

In the LEGI model, the cellular response to the signal is mediated by a molecule that is acti-
vated by the local reporter and inhibited by the global reporter. Thus, in the limit of a shallow
gradient, the readout in the cell # is the difference between the numbers of the local and global
reporter molecules, A, = u,, — v,, [18]. Given the properties of the reporters, this quantity is
equivalent to the difference between the estimation of the local concentration of the signal
(provided by the local reporter) and the average concentration (provided by the global
reporter) over a spatial region whose extension depends on the range of cell communication
[18].

To take into account the noise in the production, degradation and exchange of molecules,
the average A, and the variance (5A,,)* of A, over time are computed from the steady state
equations for u, and v, [18]:

A=u —v ., (5)

n n n

(0A,) = (du,)’ + (ov,)” — 2cov(u,,v,) . (6)

n)’'n

The quantity of interest is the square root of the Signal to Noise Ratio (SNR) computed in
cell n

: (7)

A,
V/SNR, = ’ 5a

which quantifies the precision of gradient sensing achieved by cell n. To compute it, we use
Egs (5) and (6), following the derivation presented in [18].

The values of the parameters were chosen as in previous studies [18, 19, 43], and are
reported in Table 1. We assume the limit of shallow gradient so we take ¢, > al|g|.

2.1.1 Definition of the model readout. Given the signal gradient g, we estimate the SNR
in the cell that is exposed to the highest concentration of the signal (as measured in its cen-
troid). This is in line with what has been done in previous studies [18, 19, 21] and presupposes
that the cell measuring the highest signal concentration is the first responding (e.g., by starting
a migration or branching process).
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Table 1. Parameter values. ¢, is the background concentration, a is the typical linear size of a cell, § and y are the pro-
duction and degradation rates of the reporters, |g] is the slope of the gradient [18, 19, 43].

o 10 nM

a 10 um

B 1st

U 0.15"
g 0.04 nM/pym

https://doi.org/10.1371/journal.pchi.1009552.t001

To account for the different orientations of the gradient, we parametrize it with the angle 6
that the gradient forms with the x-axis (see Fig 1) and sampled 500 equally spaced values of 6
between 0 and 27. Then, for each value of 6, we compute the SNR as explained above. By
doing so, each group of cells has a set of 500 SNR values that represent how the SNR varies
over all possible orientations of the gradient.

2.2 Generation of 2-dimensional epithelial sheets

We generated cell configurations resembling 2-dimensional epithelial sheets with different
number of cells and mean polygon number by using the Python package “tyssue” (https://
github.com/DamCB/tyssue, version 0.7.1) [44] as described below.

First, we generated a 2-dimensional configuration with a given number of hexagonal cells
and a Gaussian noise on the position of the cell centroids (with zero mean and standard devia-
tion 0.5; “noise” optional parameter in the function “planar_sheet_2d” from the “tyssue” pack-
age). By definition, such a configuration has mean polygon number 6. Each cell configuration
is defined by the coordinates of the cell centroids, the set of edges forming the boundaries of
the cells and the set of vertices in which two or more edges meet. Next, we randomly collapse
edges until the target mean polygon number is reached. Using this procedure, we sample N¢
configurations with approximately equally spaced values of the mean polygon number in a

specified range. As an example, we report in Fig 2A a set of configurations with number of

g 0,

N >~

Fig 1. Computation of the SNR in a 2-dimensional LEGI model. We account for different orientations of the
gradient g by computing the SNR for 500 different values of the angle 6 € [0, 27]. For each value of 6, we estimate
V/SNR in the edge cell, namely the cell measuring the highest concentration of the signal (colored in red). In the
examples depicted here, for 6 = 6; (left) and 6 = 6, (right), the edge cells are cell 4 and cell 0, respectively.

https://doi.org/10.1371/journal.pchi.1009552.9001
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Fig 2. Generation of 2-dimensional epithelial sheets and intercellular communication modes. A: Examples of the 2D configurations of cells we generated with
increasing cell numbers (from left to right) and decreasing mean polygon number (from top to bottom). The value of the mean polygon number is reported in the bottom
left of each configuration. B: Scheme of the communication models studied in the present work: the Nearest Neighbour Exchange (NNE) model (left panel), where a global
reporter (blue circle) is exchanged between nearest neighbour cells via, e.g., gap junctions; and an Intercellular Space Diffusion (ISD) model, in which the global reporter is
secreted by cells and diffuses in the lateral intercellular space, thus allowing communication between non-nearest neighbours.

https:/doi.org/10.1371/journal.pchi.1009552.g002
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cells between 7 and 127 and mean polygon number between 5 and 6. All the configurations
used in the present study are available from the GitHub repo https://github.com/
ScialdoneLab/2DLEGI.

2.3 Two modes of communication

In this Section, we introduce the two models of intercellular communication we analyzed,
which determine the form of the matrix M introduced in Section 2.1.

2.3.1 Nearest neighbour exchange. The first model of communication is the Nearest
Neighbour Exchange (NNE), in which the global reporter is exchanged between nearest neigh-
bour cells. This is the same model considered in [18, 19, 21, 43], although they included sim-
pler system geometries. For the previously studied 1-dimensional chain of cells, the matrix M
is tridiagonal, since each cell has two nearest neighbours [18, 19]. Here M has a more complex
structure, given that it needs to take into account the different set of nearest neighbours that
each cell has in the 2D configurations. With the NNE model, the matrix of exchange rates of
the global reporter, I, can take only two values: 0 for non nearest neighbour cells and ¥, the
exchange rate between nearest neighbours that sets the communication strength. An example
of the exchange rates resulting from NNE communication in the configuration shown in
Fig 3A is displayed in Fig 3B as a weighted graph.

2.3.2 Intercellular space diffusion. Alongside the nearest neighbour communication in
the NNE model, we also analyze cell communication via a global molecular reporter that is
secreted and can diffuse in the lateral intercellular space, enabling long range communication
between non-nearest neighbour cells (see Fig 2B). Diffusion in the lateral intercellular space is
known to occur in epithelia and has been studied, for example, in cultured renal cells (Madin-
Darby canine kidney) [45, 46]. In this model of cell communication that we call Intercellular
Space Diffusion (ISD), the exchange rates ,,, between any pair of cells #n and #’ can be non-
zero and can be written as:

Vo = OCl)nn’ (8)

where « is the secretion rate of the reporter and P,,,, is the probability that a reporter secreted
by cell n is internalized by cell #'.

AN K
O AN
RCCUR LY,

5—moA— 6
0 10 20 30

Xx(um)

Fig 3. The exchange rates in two different cell communication models. A: Configuration of 7 cells with a mean polygon number equal to 5.14. B,C: The exchange rates
between the cells of panel A are shown in weighted graphs where nodes are cells and edge thickness represents the magnitude of the exchange rate. Panel B refers to the
NNE communication, where only nearest neighbours can exchange the global reporter. Panel C illustrates the exchange rates in the ISD model, where also non-nearest
neighbours (joined by dashed edges) can communicate via the global reporter. Parameter values: ¥ = 0.1 s™* for the NNE model; D = 1000.0 y?/s and &z = 1.0 s* for the
ISD model.

https://doi.org/10.1371/journal.pcbi.1009552.9g003
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The probabilities P,,,; depend on the internalization rate A, on how fast the reporter can dif-
fuse in the intercellular space and on the geometry of the epithelial tissue (see Fig 3C). To esti-
mate P,,, for a given configuration we resorted to numerical simulations. The simulations
include two main events: the diffusion of the reporter in the lateral intercellular space and its
internalization by a cell. Below is a schematic description of the simulation steps; the code,
along with a more detailed description, is available from the GitHub repo https://github.com/
ScialdoneLab/2DLEGI.

1. Sample the internalization time t;,, from P;,(t) = re M (assuming that the reporter inter-
nalization is a Poisson process);

2. Consider cell # as the cell releasing the global reporter;

3. Randomly choose an edge from the set of edges {e,, ..., ey } forming the boundary of
cell n, with a probability proportional to the edge lengths {,, ...,y };

4. Once a certain edge ey has been chosen, place the global reporter at a random position
along the edge;

5. Perform a 1-dimensional Brownian motion on the chosen edge with diffusion coefficient
D;

6. If the global reporter reaches a vertex, it can switch edge or stay on the same edge ¢, with
uniform probability. The set of possible edges is composed of those connected to the ver-
tex that has been reached;

7. When t = t;,, the cell that internalizes the reporter is sampled, with uniform probability,
among the set of cells sharing the edge on which the molecule is diffusing at time #;

8. Repeat steps 1.-7. for each cell in the configuration: n=1,2, ..., N.

For each cell in the configuration, we generate N = 5000 trajectories using the above algo-
rithm, fixing A = 1.0 s~" and taking D = 10 um®/s or D = 1000 um’/s to model slow or fast diffu-
sion (see below and [45, 46]).

From the above simulations, we computed the probabilities P,/ as

p,,=N"/N, , (9)

where N(T""/> is the number of simulated trajectories in which the global reporter has been
released by cell n and internalized by cell #’. These probabilities are then used to compute the
exchange rates via Eq (8).

Fig 3C illustrates the values of the exchange rates corresponding to the configuration in Fig
3A in an ISD model, with the dashed lines indicating communication between non-nearest
neighbours.

2.3.3 Statistical analysis. Once we computed the SNR values associated with the different
configurations and communication models, we used the Wilcoxon rank sum test to assess the
presence of statistically significant differences. In each statistical test, in addition to the p-
value, we computed also the common language effect size (CLES), which is more stable than
p-values to variations in the number of sampled configurations [47].

For two sets of observations A and B, the CLES is defined as

CLES = P(A > B) + 0.5P(A = B) . (10)

We consider the outcome of the Wilcoxon rank sum test significant if the p-value is smaller
than 0.05 and the CLES is smaller than 0.4 or larger than 0.6. The Wilcoxon rank sum tests
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and CLES are calculated using the Python package “pingouin” [48] (https://pingouin-stats.
org/index.html, version 0.3.10).

3 Results
3.1 Characterization of the ISD communication model

3.1.1 Analytical estimation of the exchange rates. While we used computer simulations
to evaluate the SNR (see above), here we provide an analytical estimation of the exchange rates
of the global reporter in the ISD model, to understand how the parameters affect cellular com-
munication in this model.

Once a molecule is released on a cell boundary (i.e., an edge) in x = x, under the assump-
tion that the internalization is a Poisson process with rate A, we can write the probability that
the molecule is internalized at a time t < T as:

PO<t<1) = / e Mdt=1—e" | (11)
0

From this, using the First Passage Time Distribution for a free Brownian motion (i.e., a
Levy distribution) [49], FPT(x, s), we can obtain the probability that the molecule is internal-
ized by a cell before travelling a distance s:

P, (s) = / FPT(1;5)P(0 < t < 7)dt =
0

§2 As? (12)

o'} s - }\.T _ R
=1- —— ¢ 4Dt dt=1—e VD
/U VA4nDt3
Based on P;,(s), we can obtain an approximation for P, i.e., the probability that a global
reporter secreted by cell 7 is internalized by cell #":

P % [1- P, (2(m — 1),)] 13)

nn
m

where n and #’ are neighbours of order m (i.e., m = 1 corresponds to nearest neighbours), Ir. is
the average edge length and N,,, is the number of neighbours of cell n of order m. In this
approximate calculation, we considered that a molecule typically has to travel at least ~ 2
edges to move from a neighbour cell of order m to one of order m + 1.

In the present model, diffusion of the LEGI global reporter is restricted to the 1-dimen-
sional lateral intercellular space (LIS). However, this assumption is not as restrictive as it could
appear: in S1 Text, we extend the analytical calculations to the case in which global reporter
molecules can escape from the LIS. We show that an escape rate < 20% of the internalization
rate of the molecule has very little effect on the probability of molecular exchanges between
cells (see S1 Fig).

3.1.2 Local and global communication in ISD. Communication in the NNE model is
controlled by the exchange rate of the global reporter y, whose ratio with the degradation rate
u sets the communication strength. In the ISD model, the global reporter has a more complex
dynamics: it is secreted with a rate ¢, diffuses in the intercellular space with a diffusion coeffi-
cient D and is internalized with a rate A. These parameters determine the strength and the
range of communication.

In particular, @ mainly regulates the strength of communication, since the exchange rates y
are proportional to it (see Eq (8)). D and A instead determine how far a global reporter diffuses
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before it is internalized, and hence how far apart two cells can be to communicate, as the ana-
lytical estimations of the exchange rates showed (see above section 3.1.1). More specifically,
the calculations suggested that the communication is only “local” (i.e., mostly restricted to
nearest neighbours) if D < I2A; conversely, if D = IZ) the reporter can reach also cells beyond
nearest neighbours and a “global” communication occurs (Eq (13)). An example of the local
versus global communication regimes is shown in Fig 4A, where the normalized exchange
rates ¥ estimated by simulations are plotted. Fig 4B shows the values of the exchange rates as
predicted by the simulations and by analytical calculations (Eq (13)) in the four regimes of the
ISD model, characterized by strong/weak and local/global communication.

3.2 The precision of gradient sensing in configurations with different cell
numbers

We compared the values of v/SNR (see section 2.1.1 and Fig 1) for configurations with increas-
ing number of cells (in the range 7 < N < 217) and mean polygon number equal to 6, in the
NNE and the ISD models. The analysis was carried out on 10 independent sets of random con-
figurations to ensure the robustness of the results.

Roughly speaking, in a LEGI model, the SNR increases with the number of cells N as long
as cells on opposite edges can communicate with each other. The reason for this is that a larger
system of (communicating) cells can sample more values of concentration over larger areas
(see section 2.1). This is the case in the “strong” communication regime, both in the NNE and
the ISD model, where the v/SNR increases approximately in a linear fashion over the range of
N we explored (Fig 5C and 5D and S2A Fig). However, the situation changes in a regime of
“weak” communication: in this case, if the communication is “local”, i.e., it involves only the
nearest neighbour cells, then v/SNR reaches a maximum around N ~ 60 and then it declines,
in both the NNE and the ISD models (Fig 5A and 5B). This result is in line with what Smith
et al observed in their 2D model with a simplified geometry [21]. Indeed, with a weak-local
communication, adding more cells does not improve much the signal once the system size is
above a certain value (see S3A and S3B Fig), while the fluctuations keep increasing (see S3C
and S3D Fig), causing an overall decrease in the SNR.

In the weak-global communication regime, which is present only in the ISD model, an
intermediate situation is found: even if the communication is weak, it also involves cells
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beyond nearest neighbours. Thus, as the number of cells increases, the SNR keeps on increas-
ing even in larger systems (e.g., 60 S N < 127, see Fig 5E), but it saturates for N = 127.

These observations are robust to changes to the system geometry, as the trends of SNR as a
function of the cell number are the same with different values of the mean polygon number
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(54 Fig). Minimum and maximum values of v/SNR corresponding to panels of Fig 5, S2 and
S4 Figs are reported in S2 Table.

3.3 Differential impact of the mean polygon number on the precision of
gradient sensing

Epithelial sheets can have different geometries characterized by specific cell shapes that influ-
ence the patterns of cell-cell contacts. The mean polygon number quantifies the number of
neighbours (or sides) of a cell, and it typically varies between 5 and 6, as evidenced, for
instance, in the Drosophila wing disc [50-52] and during the migration of the anterior visceral
endoderm cells in mouse embryos [6].

In this section, we compute how gradient sensing is affected by cell shape looking at the
SNR as a function of the mean polygon number in a system with a fixed size (N = 127 cells).

In the strong-local and strong-global communication regimes (Fig 6C and 6D and S2B
Fig), the mean polygon number has little effect on the SNR in both the ISD and the NNE mod-
els, due to the very efficient exchange of the global reporter between neighbour cells. On the
other hand, in the case of weak-local communication, the SNR tends to slowly increase with
the mean polygon number, especially in the NNE model (Fig 6A and 6B). This is because, with
larger mean polygon numbers, the number of nearest neighbours increases, which is advanta-
geous when the communication is local and not very efficient.

Interestingly, in the weak-global regime of the ISD model, we found the opposite behaviour:
the SNR is higher in configurations having lower mean polygon numbers (Fig 6E). This
implies that, in this regime, configurations with higher-order vertices, characterized by the
presence of heterogeneous cell shapes and of, e.g., multicellular rosettes [6], confer a better
ability to sense shallow gradients with respect to more ordered configurations. Indeed, with
more disordered configurations and higher-order vertices, the global reporter can reach more
efficiently cells that are located at larger distances. To show this, we estimated from our simula-
tions the exchange rates y as function of the distance d between cells in the weak-global regime
of the ISD model, and we found that y(d) has a slower decay with a smaller mean polygon
number (Fig 6F), which suggests a more efficient long-range communication. This effect
could also be partly due to a reduction in the perimeters of cells with smaller polygon numbers
(S5 Fig).

The results in systems with fewer cells are consistent with those shown above, although the
trends are noisier and less clear (56 Fig). Minimum and maximum values of V/SNR corre-
sponding to panels of Fig 6, S2 and S6 Figs are reported in S4 Table.

3.4 Comparison between the NNE and ISD models

Finally, we compared the gradient sensing performance of the NNE and ISD models on the
same cell configuration.

To make this comparison, for each of the four regimes of the ISD model (with the parame-
ters selected above; see Fig 5), we computed the average exchange rate between nearest neigh-
bours y77, and in the NNE we fixed the exchange rate y,,; = 7o, The range of values obtained
for ynnE in each communication regime of the ISD model is shown in Table 2. By doing this,
in each comparison we imposed that the global reporter is exchanged at roughly the same rate
between nearest neighbours in the two models.

The results with N = 127 cells and different values of the mean polygon number are shown
in Fig 7, where on the x-axis we plotted the v/SNR for ISD and on the y-axis the v/SNR
obtained with NNE.
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In general, the SNR tends to be larger in the ISD compared to the NNE case, due to the pos-
sibility of a long-range communication in the ISD model. More specifically, when the reporter
is mostly only locally and very efficiently exchanged (strong-local regime, Fig 7B), the two
models are almost equivalent. ISD yields a greater SNR if a longer range communication is
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enabled (strong-global regime, Fig 7D), or when the communication is less efficient (weak-
local and weak-global, Fig 7A and 7C). In particular, the largest difference between the two
models is observed in the weak-global regime (Fig 7C): here the exchange rates with the near-
est neighbours are S 10" 5™, so the communication in the ISD model profits from the extent
of the diffusion of the LEGI global reporter, while the communication in the NNE model is
very inefficient. Notably, the advantage of the ISD over the NNE model is larger for smaller
mean polygon number, in the weak-local and weak-global communication regimes.
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The results for configurations with a different number of cell are shown in S7 Fig. For small
configurations the models are more similar, while the advantage of the ISD model becomes
more apparent as the number of cells increases, especially in the weak-global regime.

4 Discussion

In this paper, we have analyzed the ability to measure shallow gradients of signals by 2D epi-
thelial tissues via cellular communication. We started from a previously proposed model called
LEGI, and extended it to study complex cell geometries in 2D and by adding an alternative
mechanism enabling long-range communication, based on the diffusion of the global reporter
in the intercellular space. Then, we computed the SNR of different cell configurations varying
the model parameters and the type of communication.

We found that, with a number of cells 7 < N < 217, different behaviours of the SNR are pos-
sible depending on the type of communication. Specifically, smaller systems tend to have higher
SNR when the communication is“weak” and “local”, whereas larger systems are better when the
communication is “global” (with the ISD communication) and/or “strong” (see Fig 5).

With our model, we generated different cell geometries that are characterized by higher
order vertices associated with, e.g., multi-cellular rosettes. This allowed us to characterize how
the geometry influences the SNR with different types of communication. Interestingly, we
observed that, in the ISD model, when the reporter is exchanged with low efficiency but can
diffuse fast in the intercellular space, more irregular geometries have a higher SNR and, thus,
are more sensitive to external gradients. This result might explain the observed extensive cell
re-arrangements and the formation of multi-cellular rosettes occurring in the anterior visceral
endoderm (AVE) of the early mouse embryo concomitantly with its migration, which is essen-
tial for the definition of the anterior/posterior axis [6]. Indeed, the potential role of cellular
communication in AVE migration has been recently hypothesized [53].

The simplest version of the ISD model assumes that the diffusion of the global reporter is
confined in the LIS. There is specific evidence of processes that could confine the diffusion of
molecules in the lateral intercellular space. For example, molecules like Wnt proteins can
dynamically associate/dissociate from cell membranes and diffuse on them [54], and tight
junctions can significantly reduce the outflux of molecules with a size = 3.5 angstrom [55] (as
areference, the size of ATP is ~ 14 angstrom and Wnt proteins ~ 60-70 angstrom). How-
ever, the ISD model does not require a total confinement of the global reporter in the LIS, and
amodest “escape rate” from the LIS has little effects on the long-range communication (see
S1 Text and S1 Fig).

Our modelling framework allows to probe different scenarios of the gradient sensing pro-
cess when experimental measurements of the diffusion coefficients of candidate molecular
reporters are available [32-38, 40], or to identify the communication regime in which the bio-
logical system under consideration operates, if the rates of secretion and internalization, which
concur in controlling the reporter dynamics, are also known.

Several extensions of our model could provide further insights into the biological processes
involving gradient sensing, cellular communication and migration. A first step would consist
in the combination of our work with more complex biochemical models of cellular communi-
cation, as the one proposed for modelling EGFR signalling in Drosophila oogenesis [56].

Moreover, other ways of introducing long-range cell-cell communication are possible:
examples include the exchange of molecules through cellular protrusions, such as filopodia or
cytonemes [57, 58], or other cellular channels, such as epithelial bridges [59] and tunnelling
nanotubes [60, 61]. Our model could account for this means of intercellular communication,
replacing the diffusion in the lateral intercellular space with that through cellular protrusions.
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In this case, probing different cell configurations varying the mean polygon number would
amount to consider different distributions of the number of connections of a cell with neigh-
bours of different order. Finally, mechanical ways of obtaining long-range communication are
possible, as observed in the Drosophila ovary with the presence of mechanical feedback
through cadherins [62].

Another interesting direction is to consider both cellular communication and migration in
the same model. To this end, a Cellular Potts Model on a 2D lattice relying on the original
LEGI model with nearest neighbour communication has been proposed [43], while a recent
work focused on the role of cell-cell adhesion in the migration of 2D groups of cells [63]. Our
generalization of the LEGI model with complex 2D geometries would improve the above men-
tioned cell motility models. Several other models of collective cell migration including gradient
sensing, not relying on the LEGI paradigm, have been developed. For instance, Roy et al [64]
have analyzed the influence of connectedness and size of 2D cell clusters on the velocity of
migration, and Camley et al [65] studied the role of cell-cell variation in responding to an
external signal in collective cell migration. All these models study specific properties of groups
of cells that would be worth considering in an extension of our model to include a cell motility
mechanism.

In conclusion, here we provide a modelling framework that clarifies the role of the size and
the geometry of epithelial cells in gradient sensing, and can be easily extended to include fur-
ther molecular and geometrical details. We believe it will be particularly interesting to combine
this model with the large-scale sequencing and imaging data that are becoming available, for
example on AVE migration in mouse embryos [66-68], with the goal of identifying the under-
lying molecular mechanisms. Many algorithms, in fact, have been developed to extract from
single-cell and spatial transcriptomic datasets candidate molecules that could be mediating cel-
lular communication (e.g., [69-71]). Our model can complement these algorithms by provid-
ing a quantitative framework that can be used to further refine the lists of candidate molecules
based on their properties, the size of the system and the cell geometry. To facilitate the use of
our modelling framework by the community, we made all the code freely available on GitHub
(https://github.com/ScialdoneLab/2DLEGI).

Supporting information

S1 Text. Including global reporter escape in the ISD model.
(PDF)

S1 Fig. Cellular communication in the ISD model with a global reporter escaping LIS.
Probability of reporter internalization before travelling a distance s P, (s) (left), and probabil-
ity of exchange of the reporter between a pair of neighbouring cells of order m, P,,,,, for differ-
ent values of the escape rate v and the two values of the reporter diffusion coefficients. N,,, is
the number of neighbours of the cell releasing the global reporter. A: N,,, = 6. B: N,,, = 5. Other
parameters are indicated at the top of each panel. See S1 Text for the mathematical details.
(PDF)

S2 Fig. Results in the strong-global communication regime of the ISD model. A: Box plots
comparing the set of v/SNR values for configurations with different number of cells and mean
polygon number 6. B: Box plots comparing the set of v/SNR values for configurations with
different values of the mean polygon number and 127 cells. D = 1000.0 um®/s, & = 100.0 s
The * indicates statistically significant results (see Materials and methods for further details).
(PDF)
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S3 Fig. Mean and fluctuations of the LEGI readout variable as a function of the number of

cells. Mean (panels A-B) and variance (panels C-D) of the LEGI readout variable (Egs (5) and

(6)) in the weak-local (ISD) and weak (NNE) communication regimes, for the same configura-
tions shown in Fig 5.

(PDF)

$4 Fig. /SNR as a function of the number of cells with different values of the mean poly-
gon number. Box plots comparing the set of v/SNR values for configurations with different
number of cells, for different values of the mean polygon number (rows). The results are
obtained combining 10 sets of cell configurations. Weak-local (ISD) communication: D = 10.0
pm’ls, 0 =1.0s"". Strong-local (ISD) communication: D = 10.0 um’/s, a = 100.0 s_". Weak-
global (ISD) communication: D = 1000.0 um?*/s, a = 1.0 s~". Strong-global (ISD) communica-
tion: D = 1000.0 /,tmz/s, a =100.0 s*. Weak (NNE) communication: yyyg = 0.1 s~ Strong
(NNE) communication: yyyg = 10.0 s~'. The * indicates statistically significant results (see
Materials and methods for further details).

(PDF)

S5 Fig. Perimeter-area ratio for cell configurations with different mean polygon numbers.
Mean of the ratio between perimeter and square root of the area as a function of the mean
polygon number for the same cell configurations shown in Fig 6F, in the Weak-global (ISD)
communication regime: D = 1000.0 ym’/s,a=1.05"".

(PDF)

S6 Fig. v/SNR as a function of the mean polygon number for different number of cells.
Box plots comparing the set of v/SNR values for configurations with different values of

the mean polygon number, for different number of cells (rows). The results are obtained
combining 10 sets of cell configurations. Weak-local (ISD) communication: D = 10.0 ym?/s,
a=1.0s". Strong-local (ISD) communication: D = 10.0 um?/s, o= 100.0 s*. Weak-global
(ISD) communication: D = 1000.0 /,tmz/s, a=1.0s" Strong-global (ISD) communication:
D =1000.0 ymZ/s, a=100.0 s"". Weak (NNE) communication: yxyg = 0.1 s7". Strong (NNE)
communication: yyyg = 10.0 s~*. The % indicates statistically significant results (see Materials
and methods for further details).

(PDF)

S7 Fig. Comparison between the ISD and NNE models for different number of cells. Scatter
plots of the mean of the square root SNR computed on the edge cells for 10 sets of configura-
tions, for the ISD (x-axis) and NNE (y-axis) communication modes. In each plot we present
the results for different values of the mean polygon number (MPN); results for different num-
ber of cells are shown in the rows. The dashed black line indicates the bisector. Error bars are
given by the standard deviation. Weak-local communication: D = 10.0 um?*/s, = 1.0 5.
Strong-local communication: D = 10.0 um®/s, & = 100.0 s~'. Weak-global communication:

D =1000.0 um?*/s, a = 1.0 s~". Strong-global communication: D = 1000.0 um?/s, a = 100.0 s~
(PDF)

S1 Table. Statistical significance of the comparisons between V/SNR distributions for dif-
ferent number of cells. We report the values of the CLES-0.5, which vary between —0.5 and
0.5 (see Materials and methods for details), for the comparisons between the distributions of
the SNR for different number of cells, shown in Fig 5 and S4 Fig. A comparison is considered
statistically significant if the p-value from a Wilcoxon rank sum test is smaller than 0.05 and
|CLES — 0.5] > 0.1. NS indicates that the comparison is not significant, according to this criterion.
(PDF)
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$2 Table. Minimum and maximum /SNR for each value of the mean polygon number. We

report the minimum and maximum values of the average V/SNR for each value of the mean
polygon number and in each regime of the parameters controlling the communication pro-
cess. The average is computed over the sets of cell configurations for each value of the number
of cells (cf. Fig 5, S2 and S4 Figs). Note that MPN = 6 includes also configurations with 169
and 217 cells.

(PDF)

$3 Table. Statistical significance of the comparisons between /SNR distributions for dif-
ferent mean polygon number. We report the values of the CLES—0.5, which varies between
—0.5 and 0.5 (see Materials and methods for details), for the comparisons between the distribu-
tions of the SNR for different mean polygon number (MPN), shown in Fig 6. A comparison is
considered statistically significant if the p-value from a Wilcoxon rank sum test is smaller than
0.05 and |CLES - 0.5] > 0.1. NS indicates that the comparison is not significant, according to
this criterion. Communication regimes that are not shown in the table do not have statistically
significant results. The last line shows the statistical significance between the extreme values of
the mean polygon number interval used in the analysis.

(PDF)

S$4 Table. Minimum and maximum /SNR for each value of the number of cells. We report

the minimum and maximum values of the average V/SNR for each value of the number of cells
and in each regime of the parameters controlling the communication process. The average is
computed over the sets of cell configurations for each value of the mean polygon number (cf.
Fig 6, S2 and S6 Figs).

(PDF)

Author Contributions

Conceptualization: Jonathan Fiorentino, Antonio Scialdone.
Data curation: Jonathan Fiorentino.

Formal analysis: Jonathan Fiorentino.

Funding acquisition: Antonio Scialdone.

Investigation: Jonathan Fiorentino.

Methodology: Jonathan Fiorentino, Antonio Scialdone.
Project administration: Antonio Scialdone.

Resources: Jonathan Fiorentino.

Software: Jonathan Fiorentino.

Supervision: Antonio Scialdone.

Validation: Jonathan Fiorentino, Antonio Scialdone.
Visualization: Jonathan Fiorentino.

Writing - original draft: Jonathan Fiorentino, Antonio Scialdone.

Writing - review & editing: Jonathan Fiorentino, Antonio Scialdone.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009552 March 14, 2022 18/22


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1009552.s010
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1009552.s011
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1009552.s012
https://doi.org/10.1371/journal.pcbi.1009552

PLOS COMPUTATIONAL BIOLOGY The role of cell geometry and cell-cell communication in gradient sensing

References

1. Mayor R, Etienne—Manneville S. The front and rear of collective cell migration. Nat Rev Mol Cell Biol.
2016.Feb; 17(2) 97—109. https://doi.org/10.1038/nrm.2015.14 PMID: 26726037

2. HakimV, Silberzan P. Collective cell migration: a physics perspective. Rep Prog Phys. 2017.Jul; 80(7)
076601. https://doi.org/10.1088/1361-6633/aa65ef PMID: 28282028

3. Buttenschon A, Edelstein—Keshet L. Bridging from single to collective cell migration: A review of models
and links to experiments. PLoS Comput Biol. 2020.Dec; 16(12) e1008411. https://doi.org/10.1371/
journal.pcbi.1008411 PMID: 33301528

4. Prochazka J, Prochazkova M, Du W, Spoutil F, Tureckova J, Hoch R, et al. Migration of founder epithe-
lial cells drives proper molar tooth positioning and morphogenesis. Dev Cell. 2015 Dec; 35(6), 713—
724. https://doi.org/10.1016/j.devcel.2015.11.025 PMID: 26702830

5. Srinivas S, Rodriguez T, Clements M, Smith JC, Beddington RSP. Active cell migration drives the unilat-
eral movements of the anterior visceral endoderm. Development. 2004.Mar; 131(5) 1157—64. https:/
doi.org/10.1242/dev.01005 PMID: 14973277

6. Trichas G, Smith AM, White N, Wilkins V, Watanabe T, Moore A, et al. Multi-cellular rosettes in the
mouse visceral endoderm facilitate the ordered migration of anterior visceral endoderm cells. PLoS
Biol. 2012 Feb; 10(2), 1001256. https://doi.org/10.1371/journal.pbio.1001256 PMID: 22346733

7. LiL, HeY, Zhao M, Jiang J. Collective cell migration: Implications for wound healing and cancer inva-
sion. Burns Trauma. 2013; 1(1), 21-26. https://doi.org/10.4103/2321-3868.113331 PMID: 27574618

8. Molinie N, Gautreau A. Directional Collective Migration in Wound Healing Assays. Methods Mol Biol.
2018; 1749, 11-19. https://doi.org/10.1007/978-1-4939-7701-7_2 PMID: 29525986

9. Cheung KJ, Gabrielson E, Werb Z, Ewald AJ. Collective invasion in breast cancer requires a conserved
basal epithelial program. Cell. 2013 Dec 19; 155(7), 1639-51. https://doi.org/10.1016/j.cell.2013.11.
029 PMID: 24332913

10. Friedl P, Locker J, Sahai E, Segall JE. Classifying collective cancer cell invasion. Nat Cell Biol. 2012.
Aug; 14(8) 777-83. https://doi.org/10.1038/ncb2548 PMID: 22854810

11. Aceto N, Bardia A, Miyamoto DT, Donaldson MC, Wittner BS, Spencer JA, et al. Circulating tumor cell
clusters are oligoclonal precursors of breast cancer metastasis. Cell. 2014 Aug 28; 158(5), 1110-1122.
https://doi.org/10.1016/j.cell.2014.07.013 PMID: 25171411

12. Kasza KE, Zallen JA. Dynamics and regulation of contractile actin-myosin networks in morphogenesis.
Curr Opin Cell Biol. 2011.Feb; 23(1) 30-8. https://doi.org/10.1016/j.ceb.2010.10.014 PMID: 21130639

13. Harding MJ, McGraw HF, Nechiporuk A. The roles and regulation of multicellular rosette structures dur-
ing morphogenesis. Development. 2014.Jul; 141(13) 2549-58. https://doi.org/10.1242/dev.101444
PMID: 24961796

14. Blankenship JT, Backovic ST, Sanny JSP, Weitz O, Zallen JA. Multicellular rosette formation links pla-
nar cell polarity to tissue morphogenesis. Dev Cell. 2006.0ct; 11(4) 459-70. https://doi.org/10.1016/j.
devcel.2006.09.007 PMID: 17011486

15. YanlL, Bi D. Multicellular Rosettes Drive Fluid-solid Transition in Epithelial Tissues. Phys Rev X. 2019.
Feb; 9,011029.

16. Malet-Engra G, Yu W, Oldani A, Rey-Barroso J, Gov NS, Scita G, et al. Collective cell motility promotes
chemotactic prowess and resistance to chemorepulsion. Curr Biol. 2015 Jan; 25(2), 242—250. https://
doi.org/10.1016/j.cub.2014.11.030 PMID: 25578904

17. Levchenko A, Iglesias PA. Models of eukaryotic gradient sensing: application to chemotaxis of amoe-
bae and neutrophils. Biophys J. 2002.Jan; 82(1) 50—63. https://doi.org/10.1016/S0006-3495(02)
75373-3 PMID: 11751295

18. Ellison D, Mugler A, Brennan MD, Lee SH, Huebner RJ, Shamir ER, et al. Cell-cell communication
enhances the capacity of cell ensembles to sense shallow gradients during morphogenesis. Proc Natl
Acad SciU S A. 2016 Jan; 113(6), E679—E688. https://doi.org/10.1073/pnas. 1516503113 PMID:
26792522

19. Mugler A, Levchenko A, Nemenman I. Limits to the precision of gradient sensing with spatial communi-
cation and temporal integration. Proc Natl Acad Sci U S A. 2016.Jan; 113(6) E689-E695. https://doi.
org/10.1073/pnas.1509597112 PMID: 26792517

20. Foster D, Frost-LaPlante B, Victor C, Restrepo JM. Gradient sensing via cell communication. Phys Rev
E. 2021.Feb; 103(2) 022405. https://doi.org/10.1103/PhysRevE.103.022405 PMID: 33735979

21. Smith T, Fancher S, Levchenko A, Nemenman |, Mugler A. Role of spatial averaging in multicellular gra-
dient sensing. Phys Biol. 2016.May; 13(3), 035004. https://doi.org/10.1088/1478-3975/13/3/035004
PMID: 27203129

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009552 March 14, 2022 19/22


https://doi.org/10.1038/nrm.2015.14
http://www.ncbi.nlm.nih.gov/pubmed/26726037
https://doi.org/10.1088/1361-6633/aa65ef
http://www.ncbi.nlm.nih.gov/pubmed/28282028
https://doi.org/10.1371/journal.pcbi.1008411
https://doi.org/10.1371/journal.pcbi.1008411
http://www.ncbi.nlm.nih.gov/pubmed/33301528
https://doi.org/10.1016/j.devcel.2015.11.025
http://www.ncbi.nlm.nih.gov/pubmed/26702830
https://doi.org/10.1242/dev.01005
https://doi.org/10.1242/dev.01005
http://www.ncbi.nlm.nih.gov/pubmed/14973277
https://doi.org/10.1371/journal.pbio.1001256
http://www.ncbi.nlm.nih.gov/pubmed/22346733
https://doi.org/10.4103/2321-3868.113331
http://www.ncbi.nlm.nih.gov/pubmed/27574618
https://doi.org/10.1007/978-1-4939-7701-7_2
http://www.ncbi.nlm.nih.gov/pubmed/29525986
https://doi.org/10.1016/j.cell.2013.11.029
https://doi.org/10.1016/j.cell.2013.11.029
http://www.ncbi.nlm.nih.gov/pubmed/24332913
https://doi.org/10.1038/ncb2548
http://www.ncbi.nlm.nih.gov/pubmed/22854810
https://doi.org/10.1016/j.cell.2014.07.013
http://www.ncbi.nlm.nih.gov/pubmed/25171411
https://doi.org/10.1016/j.ceb.2010.10.014
http://www.ncbi.nlm.nih.gov/pubmed/21130639
https://doi.org/10.1242/dev.101444
http://www.ncbi.nlm.nih.gov/pubmed/24961796
https://doi.org/10.1016/j.devcel.2006.09.007
https://doi.org/10.1016/j.devcel.2006.09.007
http://www.ncbi.nlm.nih.gov/pubmed/17011486
https://doi.org/10.1016/j.cub.2014.11.030
https://doi.org/10.1016/j.cub.2014.11.030
http://www.ncbi.nlm.nih.gov/pubmed/25578904
https://doi.org/10.1016/S0006-3495(02)75373-3
https://doi.org/10.1016/S0006-3495(02)75373-3
http://www.ncbi.nlm.nih.gov/pubmed/11751295
https://doi.org/10.1073/pnas.1516503113
http://www.ncbi.nlm.nih.gov/pubmed/26792522
https://doi.org/10.1073/pnas.1509597112
https://doi.org/10.1073/pnas.1509597112
http://www.ncbi.nlm.nih.gov/pubmed/26792517
https://doi.org/10.1103/PhysRevE.103.022405
http://www.ncbi.nlm.nih.gov/pubmed/33735979
https://doi.org/10.1088/1478-3975/13/3/035004
http://www.ncbi.nlm.nih.gov/pubmed/27203129
https://doi.org/10.1371/journal.pcbi.1009552

PLOS COMPUTATIONAL BIOLOGY The role of cell geometry and cell-cell communication in gradient sensing

22, Zallen JA, Zallen R. Cell-pattern disordering during convergent extension in Drosophila. Journal of
Physics: Condensed Matter. 2004. 16.44, S5073.

23. Costantini F, Kopan R. Patterning a complex organ: branching morphogenesis and nephron segmenta-
tion in kidney development. Dev Cell. 2010.May 18; 18(5), 698—712. https://doi.org/10.1016/j.devcel.
2010.04.008 PMID: 20493806

24. Miller RK, McCrea PD. Wnt to Build a Tube: Contributions of Wnt signaling to epithelial tubulogenesis.
Dev Dyn. 2010.Jan; 239(1) 77-93. https://doi.org/10.1002/dvdy.22059 PMID: 19681164

25. Goodenough DA, Paul DL. Gap junctions. Cold Spring Harb Perspect Biol. 2009.Jul; 1(1) a002576.
https://doi.org/10.1101/cshperspect.a002576 PMID: 20066080

26. Schwiebert EM, Zsembery A. Extracellular ATP as a signaling molecule for epithelial cells. Biochim Bio-
phys Acta. 2003.Sep 2; 1615(1-2), 7-32. https://doi.org/10.1016/S0005-2736(03)00210-4 PMID:
12948585

27. Brown EM, MacLeod RJ. Extracellular calcium sensing and extracellular calcium signaling. Physiol
Rev. 2001.Jan; 81(1), 239-297. https://doi.org/10.1152/physrev.2001.81.1.239 PMID: 11152759

28. Hofer AM, Gerbino A, Caroppo R, Curci S. The extracellular calcium-sensing receptor and cell-cell sig-
naling in epithelia. Cell Calcium. 2004.Mar; 35(3), 297—-306. https://doi.org/10.1016/j.ceca.2003.10.021
PMID: 15200154

29. Bove PF, van der Vliet A. Nitric oxide and reactive nitrogen species in airway epithelial signaling and
inflammation. Free Radic Biol Med. 2006.Aug 15; 41(4), 515-27. https://doi.org/10.1016/j.
freeradbiomed.2006.05.011 PMID: 16863984

30. Singh AB, Harris RC. Autocrine, paracrine and juxtacrine signaling by EGFR ligands. Cell Signal. 2005.
Oct; 17(10) 1183-93. https://doi.org/10.1016/j.cellsig.2005.03.026 PMID: 15982853

31. Shah N, Ishii M, Brandon B, Ablonczy Z, Cai J, Liu Y, et al. Extracellular vesicle-mediated long-range
communication in stressed retinal pigment epithelial cell monolayers. Biochim Biophys Acta Mol Basis
Dis. 2018 Aug; 1864(8), 2610-2622. https://doi.org/10.1016/j.bbadis.2018.04.016 PMID: 29684588

32. Khaitl, OrsherY, Golan O, Binshtok U, Gordon-Bar N, Amir-Zilberstein L, et al. Quantitative analysis of
Delta-like 1 membrane dynamics elucidates the role of contact geometry on Notch signaling. Cell Rep.
2016 Jan; 14(2), 225-383. https://doi.org/10.1016/j.celrep.2015.12.040 PMID: 26748704

33. Mililler P, Rogers KW, Jordan BM, Lee JS, Robson D, Ramanathan S, et al. Differential diffusivity of
Nodal and Lefty underlies a reaction-diffusion patterning system. Science, 2012 May 11; 336 (6082),
721-4. https://doi.org/10.1126/science.1221920 PMID: 22499809

34. WangY, Wang X, Wohland T, Sampath K. Extracellular interactions and ligand degradation shape the
nodal morphogen gradient. Elife. 2016.Apr 21; 5:€13879. https://doi.org/10.7554/eLife.13879 PMID:
27101364

35. Sakuma R, Ohnishi Y1, Meno C, Fuijii H, Juan H, Takeuchi J, et al. Inhibition of Nodal signalling by Lefty
mediated through interaction with common receptors and efficient diffusion. Genes Cells. 2002 Apr; 7
(4), 401-12. https://doi.org/10.1046/].1365-2443.2002.00528.x PMID: 11952836

36. Nakamura T, Mine N, Nakaguchi E, Mochizuki A, Yamamoto M, Yashiro K, et al. Generation of robust
left-right asymmetry in the mouse embryo requires a self-enhancement and lateral-inhibition system.
Dev Cell. 2006 Oct; 11(4), 495-504. https://doi.org/10.1016/j.devcel.2006.08.002 PMID: 17011489

37. Meno C, TakeuchiJ, Sakuma R, Koshiba-Takeuchi K, Ohishi S, Saijoh Y, et al. Diffusion of nodal sig-
naling activity in the absence of the feedback inhibitor Lefty2. Dev Cell. 2001 Jul; 1(1), 127-38. https:/
doi.org/10.1016/S1534-5807(01)00006-5 PMID: 11703930

38. Sekine R, Shibata T, Ebisuya M. Synthetic mammalian pattern formation driven by differential diffusivity
of Nodal and Lefty. Nat Commun. 2018.Dec 21; 9(1), 5456. https://doi.org/10.1038/s41467-018-
07847-x

39. MiiY, Taira M. Secreted Wnt “inhibitors” are not just inhibitors: Regulation of extracellular Wnt by
secreted Frizzled-related proteins. Dev Growth Differ. 2011.0ct; 53(8) 911-23. https://doi.org/10.1111/
j.1440-169X.2011.01299.x PMID: 21995331

40. Mii Y, Nakazato K, Pack CG, lkeda T, Sako Y, Mochizuki A, et al. Quantitative analyses reveal extracel-
lular dynamics of Wnt ligands in Xenopus embryos. Elife. 2021 Apr 27; 10, €55108. https://doi.org/10.
7554/eLife.55108 PMID: 33904408

41. MiiY, Taira M. Secreted Frizzled-related proteins enhance the diffusion of Wnt ligands and expand their
signalling range. Development. 2009.Dec; 136(24) 4083-8. https://doi.org/10.1242/dev.032524 PMID:
19906850

42. MiiY, Yamamoto T, Takada R, Mizumoto S, Matsuyama M, Yamada S, et al. Roles of two types of
heparan sulfate clusters in Wnt distribution and signaling in Xenopus. Nat Commun. 2017 Dec 7; 8(1),
1973. https://doi.org/10.1038/s41467-017-02076-0 PMID: 29215008

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009552 March 14, 2022 20/22


https://doi.org/10.1016/j.devcel.2010.04.008
https://doi.org/10.1016/j.devcel.2010.04.008
http://www.ncbi.nlm.nih.gov/pubmed/20493806
https://doi.org/10.1002/dvdy.22059
http://www.ncbi.nlm.nih.gov/pubmed/19681164
https://doi.org/10.1101/cshperspect.a002576
http://www.ncbi.nlm.nih.gov/pubmed/20066080
https://doi.org/10.1016/S0005-2736(03)00210-4
http://www.ncbi.nlm.nih.gov/pubmed/12948585
https://doi.org/10.1152/physrev.2001.81.1.239
http://www.ncbi.nlm.nih.gov/pubmed/11152759
https://doi.org/10.1016/j.ceca.2003.10.021
http://www.ncbi.nlm.nih.gov/pubmed/15200154
https://doi.org/10.1016/j.freeradbiomed.2006.05.011
https://doi.org/10.1016/j.freeradbiomed.2006.05.011
http://www.ncbi.nlm.nih.gov/pubmed/16863984
https://doi.org/10.1016/j.cellsig.2005.03.026
http://www.ncbi.nlm.nih.gov/pubmed/15982853
https://doi.org/10.1016/j.bbadis.2018.04.016
http://www.ncbi.nlm.nih.gov/pubmed/29684588
https://doi.org/10.1016/j.celrep.2015.12.040
http://www.ncbi.nlm.nih.gov/pubmed/26748704
https://doi.org/10.1126/science.1221920
http://www.ncbi.nlm.nih.gov/pubmed/22499809
https://doi.org/10.7554/eLife.13879
http://www.ncbi.nlm.nih.gov/pubmed/27101364
https://doi.org/10.1046/j.1365-2443.2002.00528.x
http://www.ncbi.nlm.nih.gov/pubmed/11952836
https://doi.org/10.1016/j.devcel.2006.08.002
http://www.ncbi.nlm.nih.gov/pubmed/17011489
https://doi.org/10.1016/S1534-5807(01)00006-5
https://doi.org/10.1016/S1534-5807(01)00006-5
http://www.ncbi.nlm.nih.gov/pubmed/11703930
https://doi.org/10.1038/s41467-018-07847-x
https://doi.org/10.1038/s41467-018-07847-x
https://doi.org/10.1111/j.1440-169X.2011.01299.x
https://doi.org/10.1111/j.1440-169X.2011.01299.x
http://www.ncbi.nlm.nih.gov/pubmed/21995331
https://doi.org/10.7554/eLife.55108
https://doi.org/10.7554/eLife.55108
http://www.ncbi.nlm.nih.gov/pubmed/33904408
https://doi.org/10.1242/dev.032524
http://www.ncbi.nlm.nih.gov/pubmed/19906850
https://doi.org/10.1038/s41467-017-02076-0
http://www.ncbi.nlm.nih.gov/pubmed/29215008
https://doi.org/10.1371/journal.pcbi.1009552

PLOS COMPUTATIONAL BIOLOGY The role of cell geometry and cell-cell communication in gradient sensing

43. Varennes J, Han B, Mugler A. Collective chemotaxis through noisy multicellular gradient sensing. Bio-
phys J. 2016.Aug; 111(3) 640-649. https://doi.org/10.1016/j.bpj.2016.06.040 PMID: 27508447

44. Monier B, Gettings M, Gay G, Mangeat T, Schott S, Guarner A, et al. Apico-basal forces exerted by apo-
ptotic cells drive epithelium folding. Nature. 2015 Feb 12; 518 (7538), 245-8. https://doi.org/10.1038/
nature14152 PMID: 25607361

45. Xia P, Bungay PM, Gibson CC, Kovbasnjuk ON, Spring KR. Diffusion coefficients in the lateral intercel-
lular spaces of Madin-Darby canine kidney cell epithelium determined with caged compounds. Biophys
J. 1998.Jun; 74(6) 3302—12. https://doi.org/10.1016/S0006-3495(98)78037-3 PMID: 9635784

46. Harris PJ, Chatton JY, Tran PH, Bungay PM, Spring KR. pH, morphology, and diffusion in lateral inter-
cellular spaces of epithelial cell monolayers. Am J Physiol. 1994.Jan; 266(1 Pt 1), C73-80. https://doi.
org/10.1152/ajpcell. 1994.266.1.C73 PMID: 8304432

47. Ellis PD. The essential guide to effect sizes: Statistical power, meta-analysis, and the interpretation of
research results. Cambridge university press, 2010.

48. Vallat R. Pingouin: statistics in Python. Journal of Open Source Software. 2018.Nov; 3(31) 1026.
https://doi.org/10.21105/joss.01026

49. Redner S. A guide to first-passage processes. Cambridge university press 2001.

50. Gibson WT, Veldhuis JH, Rubinstein B, Cartwright HN, Perrimon N, Brodland GW, et al. Control of the
mitotic cleavage plane by local epithelial topology. Cell. 2011 Feb 4; 144(3), 427-38. https://doi.org/10.
1016/j.cell.2010.12.035 PMID: 21295702

51. Farhadifar R, Réper JC, Aigouy B, Eaton S, Jllicher F. The influence of cell mechanics, cell-cell interac-
tions, and proliferation on epithelial packing. Curr Biol. 2007.Dec 18; 17(24), 2095—-104. https://doi.org/
10.1016/j.cub.2007.11.049 PMID: 18082406

52. Aegerter-Wilmsen T, Smith AC, Christen AJ, Aegerter CM, Hafen E, Basler K. Exploring the effects of
mechanical feedback on epithelial topology. Development. 2010.Feb; 137(3) 499-506. https://doi.org/
10.1242/dev.041731 PMID: 20081194

53. Antonica F, Orietti LC, Mort RL, Zernicka-Goetz M. Concerted cell divisions in embryonic visceral endo-
derm guide anterior visceral endoderm migration. Dev Biol. 2019.Jun 15; 450(2), 132—140. https://doi.
org/10.1016/j.ydbio.2019.03.016 PMID: 30940540

54. Lippert A, Janeczek AA, Firstenberg A, Ponjavic A, Moerner WE, Nusse R, et al. Single-Molecule
Imaging of Wnt3A Protein Diffusion on Living Cell Membranes. Biophys J. 2017 Dec 19; 113(12),
2762-2767. https://doi.org/10.1016/j.bpj.2017.08.060 PMID: 29262368

55. Weber CR. Dynamic properties of the tight junction barrier. Ann N'Y Acad Sci. 2012.Jun; 1257, 77-84.
https://doi.org/10.1111/j.1749-6632.2012.06528.x PMID: 22671592

56. Pribyl M, Muratov CB, Shvartsman SY. Discrete Models of Autocrine Cell Communication in Epithelial
Layers. Biophys J. 2003.Jun; 84(6) 3624-3635. https://doi.org/10.1016/S0006-3495(03)75093-0
PMID: 12770871

57. Stapornwongkul KS, Vincent JP. Generation of extracellular morphogen gradients: the case for diffu-
sion. Nat Rev Genet. 2021.Jun; 22(6)393—411. https://doi.org/10.1038/s41576-021-00342-y PMID:
33767424

58. Yamashita YM, Inaba M, Buszczak M. Specialized intercellular communications via cytonemes and
nanotubes. Annu Rev Cell Dev Biol. 2018.0ct 6; 34, 59-84. https://doi.org/10.1146/annurev-cellbio-
100617-062932 PMID: 30074816

59. ZaniBG, Edelman ER. Cellular bridges: Routes for intercellular communication and cell migration.
Commun Integr Biol. 2010.May-Jun; 3(3), 215-220. https://doi.org/10.4161/cib.3.3.11659 PMID:
20714396

60. MarzolL, Gousset K, Zurzolo C. Multifaceted roles of tunneling nanotubes in intercellular communica-
tion. Front Physiol. 2012; 3, 72. https://doi.org/10.3389/fphys.2012.00072 PMID: 22514537

61. Ariazi J, Benowitz A, De Biasi V, Den Boer ML, Cherqui S, Cui H, et al. Tunneling nanotubes and gap
junctions-their role in long-range intercellular communication during development, health, and disease
conditions. Front Mol Neurosci. 2017 Oct 17; 10, 333. https://doi.org/10.3389/fnmol.2017.00333 PMID:
29089870

62. CaiD, Chen SC, Prasad M, He L, Wang X, Choesmel-Cadamuro V, et al. Mechanical feedback through
E-cadherin promotes direction sensing during collective cell migration. Cell. 2014 May 22; 157(5),
1146-59. https://doi.org/10.1016/j.cell.2014.03.045 PMID: 24855950

63. Camley BA, Zimmermann J, Levine H, Rappel WJ. Collective Signal Processing in Cluster Chemotaxis:
Roles of Adaptation, Amplification, and Co-attraction in Collective Guidance. PLoS Comput Biol. 2016.
Jul; 12(7) e1005008. https://doi.org/10.1371/journal.pcbi.1005008 PMID: 27367541

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009552 March 14, 2022 21/22


https://doi.org/10.1016/j.bpj.2016.06.040
http://www.ncbi.nlm.nih.gov/pubmed/27508447
https://doi.org/10.1038/nature14152
https://doi.org/10.1038/nature14152
http://www.ncbi.nlm.nih.gov/pubmed/25607361
https://doi.org/10.1016/S0006-3495(98)78037-3
http://www.ncbi.nlm.nih.gov/pubmed/9635784
https://doi.org/10.1152/ajpcell.1994.266.1.C73
https://doi.org/10.1152/ajpcell.1994.266.1.C73
http://www.ncbi.nlm.nih.gov/pubmed/8304432
https://doi.org/10.21105/joss.01026
https://doi.org/10.1016/j.cell.2010.12.035
https://doi.org/10.1016/j.cell.2010.12.035
http://www.ncbi.nlm.nih.gov/pubmed/21295702
https://doi.org/10.1016/j.cub.2007.11.049
https://doi.org/10.1016/j.cub.2007.11.049
http://www.ncbi.nlm.nih.gov/pubmed/18082406
https://doi.org/10.1242/dev.041731
https://doi.org/10.1242/dev.041731
http://www.ncbi.nlm.nih.gov/pubmed/20081194
https://doi.org/10.1016/j.ydbio.2019.03.016
https://doi.org/10.1016/j.ydbio.2019.03.016
http://www.ncbi.nlm.nih.gov/pubmed/30940540
https://doi.org/10.1016/j.bpj.2017.08.060
http://www.ncbi.nlm.nih.gov/pubmed/29262368
https://doi.org/10.1111/j.1749-6632.2012.06528.x
http://www.ncbi.nlm.nih.gov/pubmed/22671592
https://doi.org/10.1016/S0006-3495(03)75093-0
http://www.ncbi.nlm.nih.gov/pubmed/12770871
https://doi.org/10.1038/s41576-021-00342-y
http://www.ncbi.nlm.nih.gov/pubmed/33767424
https://doi.org/10.1146/annurev-cellbio-100617-062932
https://doi.org/10.1146/annurev-cellbio-100617-062932
http://www.ncbi.nlm.nih.gov/pubmed/30074816
https://doi.org/10.4161/cib.3.3.11659
http://www.ncbi.nlm.nih.gov/pubmed/20714396
https://doi.org/10.3389/fphys.2012.00072
http://www.ncbi.nlm.nih.gov/pubmed/22514537
https://doi.org/10.3389/fnmol.2017.00333
http://www.ncbi.nlm.nih.gov/pubmed/29089870
https://doi.org/10.1016/j.cell.2014.03.045
http://www.ncbi.nlm.nih.gov/pubmed/24855950
https://doi.org/10.1371/journal.pcbi.1005008
http://www.ncbi.nlm.nih.gov/pubmed/27367541
https://doi.org/10.1371/journal.pcbi.1009552

PLOS COMPUTATIONAL BIOLOGY

The role of cell geometry and cell-cell communication in gradient sensing

64.

65.

66.

67.

68.

69.

70.

71.

Roy U, Mugler A. Intermediate adhesion maximizes migration velocity of multicellular gradient sensing.
Phys Rev E. 2021.Mar; 103(3) 032410. https://doi.org/10.1103/PhysRevE.103.032410 PMID:
33862697

Camley BA, Rappel WJ. Cell-to-cell variation sets a tissue-rheology-dependent bound on collective gra-
dient sensing. Proc Natl Acad Sci U S A. 2017.Nov; 114(47) E10074-E10082. https://doi.org/10.1073/
pnas.1712309114 PMID: 29114053

Nowotschin S, Setty M, Kuo YY, Liu V, Garg V, Sharma R, et al. The emergent landscape of the mouse
gut endoderm at single-cell resolution. Nature. 2019 May; 569 (7756), 361-367. https://doi.org/10.
1038/541586-019-1127-1 PMID: 30959515

Thowfeequ S, Fiorentino J, Hu D, Solovey M, Ruane S, Whitehead M, et al. Characterisation of the tran-
scriptional dynamics underpinning the function, fate, and migration of the mouse Anterior Visceral
Endoderm. bioRxiv 2021.06.25.449902; https://doi.org/10.1101/2021.06.25.449902.

Stower MJ, Srinivas S. Advances in live imaging early mouse development: exploring the researcher’s
interdisciplinary toolkit. Development. 2021.Sep; 148(18) dev199433. https://doi.org/10.1242/dev.
199433 PMID: 34897401

Efremova M, Vento-Tormo M, Teichmann SA, Vento-Tormo R. CellPhoneDB: inferring cell-cell commu-
nication from combined expression of multi-subunit ligand-receptor complexes. Nat Protoc. 2020.Apr;
15(4) 1484-1506. https://doi.org/10.1038/s41596-020-0292-x PMID: 32103204

Solovey M, Scialdone A. COMUNET: a tool to explore and visualize intercellular communication. Bioin-
formatics. 2020.Aug 1; 36(15), 4296—4300. https://doi.org/10.1093/bioinformatics/btaa482 PMID:
32399572

Armingol E, Officer A, Harismendy O, Lewis NE. Deciphering cell-cell interactions and communication
from gene expression. Nat Rev Genet. 2021.Feb; 22(2) 71-88. https://doi.org/10.1038/s41576-020-
00292-x PMID: 33168968

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009552 March 14, 2022 22/22


https://doi.org/10.1103/PhysRevE.103.032410
http://www.ncbi.nlm.nih.gov/pubmed/33862697
https://doi.org/10.1073/pnas.1712309114
https://doi.org/10.1073/pnas.1712309114
http://www.ncbi.nlm.nih.gov/pubmed/29114053
https://doi.org/10.1038/s41586-019-1127-1
https://doi.org/10.1038/s41586-019-1127-1
http://www.ncbi.nlm.nih.gov/pubmed/30959515
https://doi.org/10.1101/2021.06.25.449902
https://doi.org/10.1242/dev.199433
https://doi.org/10.1242/dev.199433
http://www.ncbi.nlm.nih.gov/pubmed/34897401
https://doi.org/10.1038/s41596-020-0292-x
http://www.ncbi.nlm.nih.gov/pubmed/32103204
https://doi.org/10.1093/bioinformatics/btaa482
http://www.ncbi.nlm.nih.gov/pubmed/32399572
https://doi.org/10.1038/s41576-020-00292-x
https://doi.org/10.1038/s41576-020-00292-x
http://www.ncbi.nlm.nih.gov/pubmed/33168968
https://doi.org/10.1371/journal.pcbi.1009552

