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The specification of rhizoid precursor cells in the epider-
mis of Marchantia polymorpha gemmae has been shown
to involve lateral inhibition mediated by the microRNA
FRH1, which represses its activator RSL1, a rhizoid-
specific transcription factor. However, how inhibition
is conferred to adjacent cells and which is the mecha-
nism underlying the emergence of rhizoid precursors re-
main unknown. In this paper, we use mathematical and
computational modeling to show that the previously re-
ported rhizoid patterns in WT, gain-of-function and loss-
of-function mutants of FRH1 and RSLI are consistent
with lateral inhibition mediated by a mobile FRH1. Our
modeling results suggest that cells in Marchantia wild-
type gemmae reside close to a critical state, where dif-
fusion of FRH1 drives a switch of RSL1 expression that
specifies rhizoid precursors. This process involves an ini-
tially random trigger and subsequent lateral inhibition,
leading to cellular patterns consisting of small and fila-
mentous clusters of rhizoid precursors. We confirm these
predictions with new data on WT rhizoid distributions.
Our findings highlight a novel mechanism of cellular pat-
tern formation, opening new research directions for un-
derstanding cellular differentiation and tissue morpho-
genesis, with potential implications for a broad range of
biological systems.

Introduction

During organismal development, cells differentiate into dis-
tinct types to create specialized structures. This process
typically involves universal mechanisms of pattern forma-
tion that reliably specify every particular cell type, tissue,
and organ, with the precision and robustness so character-
istic of biological forms. Several mechanisms are known
to underlie cell-fate patterning, ranging from completely
cell-autonomous to those relying on intercellular commu-
nication. For instance, the differentiation of photorecep-
tor cells in the eye of Drosophila is known to involve cell-
autonomous random decisions caused by the stochastic ex-
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pression of the Spineless gene [1, 2, 3]. In the sepals of
Arabidopsis thaliana, fluctuations in the concentration of the
transcription factor ATML1 generate a random pattern of gi-
ant cells interspersed between smaller epidermal cells [4].
In contrast, spatially periodic patterns can be achieved when
there is cell-to-cell communication. For instance, cells inter-
acting via lateral inhibition — where non cell-autonomous
signals prevent adjacent cells from adopting the same fate
— leads to characteristic salt-and-pepper patterns [5]. Lat-
eral inhibition participates in many different cell specifi-
cation processes in plants and animals, and can be medi-
ated by distinct mechanisms. A paradigmatic example oc-
curs within the Notch signaling pathway [6, 7, 8], where a
transmembrane ligand (Delta) in a cell binds to the trans-
membrane receptors (Notch) of adjacent cells, triggering a
signaling cascade that regulates cell differentiation [9, 10].
Lateral inhibition can also be mediated by repressive sig-
nals moving between adjacent cells, as happens in activator-
inhibitor systems [11, 12]. If the activator is autocatalytic
and does not diffuse, activator-inhibitor systems can ex-
hibit patterns with two cell states, as occurs with the dis-
tribution of prestalk-prespore cell fates in the slime mould
Dyctiostelium discoideum [13]. In the root epidermis of
Arabidopsis, the specification of trichoblasts involves lat-
eral inhibition through the movement of the MYB protein
CAPRICE [14, 15], and competition for the hormone auxin
mediates lateral inhibition in the specification of sieve ele-
ments and gap cells within the protophloem [16].

Recent research suggests that lateral inhibition plays a role
in specifying rhizoid precursor cells in the epidermis of the
common liverwort Marchantia polymorpha [17]. M. poly-
morpha has recently emerged as an exceptional model or-
ganism for studying the adaptations that allowed plants to
transition from water to land [18, 19], thanks to its small
genome, short life cycle, and ease of crossbreeding [20, 21].
Among the most decisive of these evolutionary novelties was
the emergence of rooting systems [22, 23], which originally
consisted of simple filamentous outgrowths called rhizoids,
and were likely inherited from earlier adaptations in land
plants’ algal ancestors [24].

In the gemma epidermis of Marchantia, rhizoid precursor
cells are already specified on the first day after germina-
tion. This requires the activity of the bHLH transcription
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Figure 1: A cell-autonomous random model reproduces global, but not local properties of WT patterns. A In the null model, every cell can become
either a rhizoid precursor (green) or a epidermal cell (white) with probability p and 1 — p, respectively. B Typical patterns of rhizoid and epidermal cells
in a lattice of 15 x 15 hexagonal cells, where every cell decision is independent from the other cells, for (Left) p = 0.2 and (Right) p = 0.15. (p) and &
denote, respectively, the mean and the standard deviation of the rhizoid density computed from N = 1000 lattices. C, D Results comparing the distribution
of cluster sizes (f;, C) and the neighbor density (rn,, D) of the null model for p = 0.2 (red) and four different FRH1 loss-of-function mutants (orange; data
from [17]). E, F Same quantities as in C-D but comparing the null model for p = 0.15 (green) with Tak-1 and Tak-2 WT data [17] (blue). Points and
error bars in D and F denote, respectively, the average value and + the standard deviation of n;. The distribution of n; is not symmetric, and cannot take

lower values than those corresponding to filamentous clusters (n[”

on hexagonal lattices of size 15 x 15 cells.

factor ROOT HAIR DEFECTIVE SIX-LIKE1 (MpRSL1)
[25,26]. MpRSLI1 (from now on, RSL1) is known to induce
the activity of the microRNA FEW RHIZOIDS1 (FRH1),
which feeds back on RSLI to repress its activity [17, 27].
These interactions constitute an activator-inhibitor system,
with RSL1 acting as the activator and FRHI1 as the inhibitor.
The interplay between RSL1 and FRH1 controls the spa-
tial distribution of rhizoid precursors, which consists of iso-
lated cells and small clusters with linear or chain-like shapes
(from now on filamentous clusters), indicating the presence
of lateral inhibition preventing the formation of larger, more
compact clusters [17]. Albeit FRH1 is required to mediate
this lateral inhibition [17], the underlying molecular mecha-
nisms are unknown. It has been suggested that FRH1 itself,
by moving to adjacent cells, might be the main factor driv-
ing lateral inhibition [17, 25, 28]. The activator-inhibitor na-
ture of this system could result in a Turing instability driving
the rhizoid precursor fate; however, a detailed analysis test-
ing this hypothesis has not been performed. By combining
mathematical modeling and quantitative data analysis, we
propose that rhizoid precursor patterns do not emerge from
a Turing instability but through a diffusion-driven switch,
where the adoption of distinct cellular fates crucially de-
pends on the mobility of FRHI.

=2—2/k; shown in gray). All the results are computed from N = 1000 simulations

Results

Rhizoid specification is triggered cell-autonomously and
randomly

In the gemmae of FRH1 loss-of-function mutants (frhi'/),
both epidermal and rhizoid precursor cells can be identified
[17, 27], suggesting that the determination to develop into
either cell type can occur without FRH1. Because in these
mutants lateral inhibition is absent [17], we hypothesized
that cell-fate decisions do not require intercellular crosstalk,
and are therefore independent of adjacent cells. To test this
premise, we compared published data of fri/'°/ mutants
with a null model where every cell in a two-dimensional
hexagonal array is allowed to become either a rhizoid pre-
cursor with probability p, or an epidermal cell with proba-
bility 1 — p (Methods; Fig. 1A, B). We chose a value of p
consistent with the average density of rhizoid precursors in
fri1'°l mutants, p = (p) 22 0.2 [28]. In this case, the patterns
obtained with the null model predominantly consist of small
clusters of rhizoid precursors and less frequent, larger clus-
ters with more compact shapes (Fig. 1B, Left). These pat-
terns are consistent with those observed in frh1'°/ mutants
[17]. To quantitatively compare the phenotypes obtained us-
ing the null model with those of the mutants, we used two
statistical metrics previously employed to quantify the prop-
erties of rhizoid precursor clusters [17]: the frequency of
cluster sizes (fy; the proportion of clusters of size k among
all clusters) and the neighbor density (;; the average num-
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ber of adjacent rhizoid precursors that a rhizoid precursor in
a cluster of size k has; Methods). Our results show that the
null model with p = 0.2 reproduces the distributions of f;
and ny in fril'°f mutants (Fig. 1C, D), supporting the hy-
pothesis that rhizoid specification in frhl’°/ mutants is ran-
dom and cell-autonomous.

We next evaluated to what extent the mechanism of random,
cell-autonomous binary decisions applies to WT patterns.
To that end, we used the null model with a value of p
consistent with the rhizoid precursor density in WT pheno-
types (p = (p) =~ 0.15 [17, 28]). In this case, most rhizoid
precursors emerged either isolated or forming clusters of
few cells (Fig. 1B, Right). For this value of p, the cluster
size distribution f; is consistent with its experimental
counterpart (Fig. 1E, Supplementary Text S2.1). However,
as expected, the values of n; deviate significantly, most
noticeably for larger clusters (Fig. 1F). This discrepancy
is consistent with lateral inhibition acting on WT gemmae
to turn rhizoid precursor clusters into more filamentous
shapes [17], a feature absent in the null model. While the
density (p) and f; quantify global properties of the spatial
distribution of rhizoid precursors, n; is a measure of the
local structure of clusters. Therefore, our results indicate
that in WT gemmae, the global properties of rhizoid precur-
sor patterns are consistent with a random, cell-autonomous
binary decision, while the local structure of clusters is not.

A mechanistic model for rhizoid precursor specification
Based on the previous results, we investigated the mecha-
nistic basis of the random binary decisions underlying rhi-
zoid precursor specification. Random binary cell fates are
a well-known hallmark of bistable switches, provided suf-
ficient variability in the initial conditions or stochasticity
in the systems’ dynamics [29, 30, 31, 32, 33]. Because
RSL1 is necessary for rhizoid formation [25, 26], we hy-
pothesized that a cell-autonomous bistable switch of RSL1
activity might be involved in rhizoid specification. In WT
gemmae, this switch will be modulated by FRH1, but not
in frh1'f mutants. Mechanistically, bistable switches can
be driven by positive feedback [29, 31, 34]. Accordingly,
we assumed that RSL1 proteins (R) stimulate (directly or
through intermediaries) the transcription of its own mRNA
(m) in a positive feedback loop (Fig. 2A, Methods). Addi-
tionally, since FRH1 (F') is activated by RSL1, we assumed
that RSL1 proteins induce the transcription of FRH1. Be-
cause FRH1 presumably inhibits RSL1 via mRNA cleav-
age [27], we set FRHI to cleave RSL1 mRNA (Fig. 2A;
Methods). We expect similar outcomes regardless of how
we model this inhibition.

Using the levels of RSL1 proteins as a reporter of rhizoid
precursor fate (high R for rhizoid precursors, low R for
epidermal cells), we found that positive feedback of RSL1
can lead to bistability in the cell’s states: one with high
levels of m, R, and F (rhizoid fate), and another with low
levels (epidermal fate; Fig. S1). When the synthesis rate
of FRH1 (represented by the parameter Yy, or inhibition
strength) exceeds a certain threshold, the resulting inhibition
becomes too strong and disrupts the bistable switch. This

disruption leads to the epidermal fate becoming the only
stable state (Fig. S1A-C). FRHI1’s requirement for lateral
inhibition in WT rhizoid distributions [17] implies that it
functions in a non-cell-autonomous manner. To include
this regulation, we assumed FRH1 moves between cells
in a diffusive manner, without any preferred direction and
tending towards homogenization in the absence of reaction
terms. With all of these assumptions, the mechanistic
model constitutes an activator-inhibitor system in which the
bistable nature of the activator is modulated by a mobile
inhibitor that acts both cell-autonomously and in adjacent
cells (Fig. 2A; Methods).

The mechanistic model reproduces the experimental spa-
tial distributions of rhizoid precursors in wild-type and
in mutants

To test the validity of the mechanistic model, we studied
its behavior on a two-dimensional regular hexagonal lat-
tice, where every cell is mathematically described as a sin-
gle point in space coupled to six adjacent neighbors (Meth-
ods). To incorporate the random component in cell-fate de-
cisions, we assumed certain variability in the initial concen-
trations of RSL1 proteins. We explored different combina-
tions of parameters and initial conditions, finding that the
model could reproduce the experimental values of the den-
sity p, frequency distribution f;, and neighbor density ny of
clusters in WT gemmae (Fig. 2B-D, Table 1).

We next tested whether the model could also explain the
experimental phenotypes of loss-of-function and gain-of-
function mutants of FRH1 and RSL1 [17, 27]. To model
these mutants, we assumed that the parameter values and
initial conditions associated with the cells remain the same
as in the WT, except for those parameters controlling
transcription rates. To model the loss of function of FRH1,
we decreased its transcription rate (from y = 0.75 to
Y= 0.25; Table 1). With this change, the mechanistic model
reproduced the density (p), the distribution of cluster sizes
fi. and the neighbor density n; of frhl'®/ mutants (Fig.
2B; Fig. 2C,D Middle panels). Similarly, we modeled the
gain of function of FRHI by increasing its transcription
rate (from y = 0.75 to y = 1.5; Table 1). Sufficiently
large transcription of FRHI1 results in patterns where all
cells become epidermal, in agreement with the reported
phenotypes of FRHIYCF (Fig. S2). We applied the same
procedure to model the gain and loss of function of RSL1.
By setting the basal production of m to zero (0 = 0; Table
1), we recovered the phenotypes of rs/1?°/ mutants, where
no rhizoids appear (Fig. S2). Conversely, by increasing the
basal production rate of RSL1 (from o = 0.4 to o = 0.45;
Table 1) we observed that the resulting patterns reproduced
the experimental statistics of (p), fi and n; of RSLIGOF
mutants (Fig. 2B; Fig. 2C,D Right panels). Hence, the
mechanistic model captures the presence of long and
compact clusters observed in RSL/®CF mutants. Notably,
despite the high activity of FRH1 in these mutants, the
resulting patterns are consistent with the absence of lateral
inhibition. Additionally, our results show that all these
mutants’ phenotypes can also be reproduced by changes of
Y, Yo or ¢ and of the initial conditions to other values (Fig.
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Figure 2: A mechanistic model for rhizoid patterns in wild-type and mutants. A Cartoon of the interactions between RSL1 and FRH1: RSL1 induces
its own production through a positive feedback loop; RSL1 activates the production of FRH1, which in turn inhibits the translation of RSL1 into proteins
by cleaving RSL1 mRNA, both cell and non-cell-autonomously. The non cell-autonomous action of FRH1 is mediated by the diffusion of FRH1 (wavy
lines). B Examples of stationary rhizoid precursor patterns for WT (Left), fril'°f (Middle) and RSLI9CF (Right), showing the activity of RSL1 (see Fig.
S2 patterns of all the variables). (p) and ¢ denote, respectively, the average and standard deviation of the rhizoid precursor density. C-D Distribution of
cluster sizes f; (C) and neighbor density n; (D) for WT (Left), fril lof (Middle) and RSL19F (Right). Experimental data from WT and mutants (color;
data taken from [17]) is compared with simulations of the mechanistic model (black). For each genotype, the values of (p), o, f; and ny in the model
have been computed from N, = 1000 simulations using lattices of size 15 x 15. Parameter values of the model and initial conditions shown in Table 1.

S3). Altogether, these results indicate that a mechanism
where RSL1 and FRHI interplay in a spatially extended
activator-inhibitor system can explain the rhizoid precursor
phenotypes observed in WT, RSLI1COF | rsi1'f | frh1'°f and
FRH1%9F mutants.

An interplay between randomness and lateral inhibition
The activator-inhibitor nature of the mechanistic model
can give rise to pattern formation via a Turing instability
(Fig.3A; Methods). This instability occurs for specific pa-
rameter values, causing small perturbations to destabilize
the homogeneous state. However, our analysis reveals that
the rhizoid precursor patterns obtained in this region are not
consistent with those seen in WT gemmae (Fig. S4). A de-
tailed analysis of the mechanistic model indicates that WT
phenotypes can only be reproduced in the parameter region
close to a saddle-node bifurcation of the single-cell system
(i.e. no diffusion), and only for specific initial conditions
(Fig. 3A,B; Fig. S4). In this region, diffusion is neces-
sary for rhizoid precursors to emerge (Fig. 3A,C). In the
absence of diffusion, no rhizoid precursor is formed, while
when FRH1 diffusion is large enough, rhizoid precursor pat-
terns arise and resemble those observed in WT gemmae (Fig.
3C, S4).

To further understand how rhizoid precursor patterns emerge
in WT phenotypes, we analyzed the stationary states of a
single-cell system and explored how these states were af-
fected when introducing FRH1-mediated diffusive coupling
between adjacent cells. Our results indicate that even when
the inhibition strength is too high for cell-autonomous rhi-
zoid specification, coupling two cells via diffusion of FRH1
can lead to one of them developing into a rhizoid precursor
(Fig. 3D, E). For this to happen, the diffusion coefficient of
FRH1 needs to surpass a certain threshold value, from which

a new asymmetric state — the two cells acquiring opposite
fates — emerges through a sharp switch (Fig. 3F). More-
over, higher diffusion enables rhizoid precursors to emerge
for higher values of the inhibition strength (compare Fig. 3E
with 3F). Our results also indicate that the larger the number
of adjacent interacting cells, the smaller the diffusion coef-
ficient needs to be for this switch to occur (compare Fig.
3C with 3F), and the larger the range of inhibition strengths
capable of sustaining diffusion-driven patterns (Fig. S5).
Overall, these findings suggest that diffusion of FRH1 gener-
ates a switch from a rhizoidless state to a pattern state where
both rhizoid precursor and epidermal cells emerge.

Hence, when FRH1 does not diffuse, RSL1 is so strongly
inhibited that the positive feedback cannot drive bistability
in cell states (rhizoid precursor/epidermal cell). In contrast,
when diffusion is present, RSL1 expression can switch to
a high level and drive rhizoid precursor specification. The
intuition behind this result is the following: when FRH1 dif-
fuses, FRH1 inhibits less locally since a fraction of FRH1
moves to an adjacent cell. This drives stronger positive feed-
back of RSL1, enabling rhizoids to appear. Altogether, these
results indicate that WT patterns emerge through a diffusion-
driven switch, making the mobility of the microRNA FRH1
essential for rhizoid precursor specification in WT gemmae.

Additionally, because of the transport of FRH1 to adjacent
cells, FRH1 diffusion also causes lateral inhibition. Accord-
ing to our analysis, a large diffusion coefficient of FRH1
can disrupt the local effect of lateral inhibition, even though
the diffusion-driven switch still operates (Fig. S6). In such
a case, rhizoid precursor patterns are similar to those ob-
tained without lateral inhibition (Fig. S6). Based on these
observations, we suggest that the range of FRH1 diffusion
in Marchantia WT gemmae is not very large.
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and epidermal cells can emerge (gray; it includes the blue and orange regions); a region of diffusion-driven linear instability (orange); a region of cell-
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a uniform distribution of random numbers between 0 and 1 of size 15 x 15. C The emergence of rhizoid precursors depends on the diffusion coefficient
D. For small values of D, rhizoid precursors cannot appear, because the only steady state of the system corresponds to the epidermal fate. For every value
of D, circles represent averages of p over N = 41 simulations in a 15 x 15 hexagonal lattice. The orange shaded area denotes + standard deviations.
The gray-shaded area encloses the range of the WT density. D-E Bifurcation diagrams showing the steady states of the £2-norm ||R|| 2 (Methods) for a
single, isolated cell (D) and for two isolated cells coupled by diffusion of FRH1 (E). Red and green circles denote saddle-node and pitchfork bifurcations,
respectively. The green-shaded area represents the region of diffusion-driven switch. The diffusion coefficient in E is D = 0.1. F Bifurcation diagram of
the £2-norm ||R||,2 as a function of the diffusion coefficient D (with y = 0.75), showing that the rhizoid precursor fate can not exist without diffusion. G
Time evolution of typical rhizoid precursor patterns. For all panels, rest of the parameters as in Table 1. Initial conditions in C and G as in Table 1.

Our model also highlights the importance of initial cell-to-
cell variability in establishing WT rhizoid precursor pat-
terns. Because patterning happens through a switch, initial
cell-to-cell variability must be sufficiently high to enable the
emergence of rhizoid precursors (Fig. 3B, S4). Moreover,
the initial average levels of RSL1 must be sufficiently low
(Fig. 3B, S7). In this case, the inhibition mediated by FRH1

enables large clusters to arise and shapes them with filamen-
tous shapes. Yet, because only some cells initially aim at
reaching the rhizoid fate, the frequency of these large clus-
ters is very small, whereas that of isolated rhizoid cells is
much larger (Fig. 3G). Hence, to fully reproduce WT phe-
notypes in terms of rhizoid density, distribution of cluster
sizes, and neighbor density, the model is required to use
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random initial conditions with sufficient variability between
cells and low average RSL1.

On the basis of the models’ results in WT gemmae, we
next evaluated how the diffusion-driven switch and lateral
inhibition are modified in the gain-of-function and loss-of-
function mutants. For rsi1'°f and FRHI99F mutants, our
model predicts the absence of rhizoid precursors, because
of the lack of RSL1 in the former, and excessive inhibition
in the latter. The switch is absent in both cases, because
only the epidermal fate is stable (Fig. 3A; red and yellow
stars). In contrast, in frhl lof mutants, the positive feedback
of RSL1 is sufficiently strong to generate cell-autonomous
bistable responses (Fig. 3A; green star). In this mutant,
the combination of bistability and initial variability leads
to cell-autonomous random decisions. In RSLI®YF mu-
tants, the RSL1 positive feedback, modulated by FRH1, is
so strong that it can drive cell-autonomous bistability of epi-
dermal/rhizoid fates, regardless of FRH1 diffusion (Fig. 3A;
blue star). Thus, diffusion and thereby lateral inhibition be-
come insignificant in RSLIOF and patterning is dominated
by the cell-autonomous switch. Therefore, as in frhl lof mu-
tants, the initial variability and the switch in RSLI GOF mu-
tants determines cell fate decisions independently of other
cells.

Overall, these findings suggest that at the early stages of
WT gemmae development, some cells might have higher
values of RSL1, making them more likely to become rhi-
zoid precursors. These cells start producing FRH1, which
inhibits RSL1 cell-autonomously and in adjacent cells. This
results in the inhibition of some high-RSL1 — turning them
into epidermal cells — while others eventually differentiate
into rhizoid precursors (Fig. 3G; Supplementary Movie 1).
Taken together, the mechanistic model provides a dynamic
description of rhizoid precursor specification in both WT
and mutants.

Lateral inhibition predominantly affects large clusters

The previous results pinpoint the importance of initially vari-
ability in generating rhizoid precursor patterns in WT gem-
mae. Analysis of the mechanistic model indicates that the
initial random variability exhibited by cells confers robust-
ness to changes in the inhibition strength (compare Fig. 4A-
C to Fig. S7A-C). Furthermore, this variability reduces the
sensitivity of the global pattern properties to the diffusion
coefficient (Fig. S6). The random component of the ini-
tial conditions implies that lateral inhibition will not act uni-
formly on all cells at the outset. Specifically, because lateral
inhibition of FRH1 regulates RSL1 activity, it can only af-
fect cells that already have RSL1. This will have an impact
on the effect of the inhibition strength, and therefore on how
lateral inhibition influences the clusters of rhizoid precur-
sors. For random initial conditions consistent with WT phe-
notypes, increasing the inhibition strength causes large clus-
ters to become smaller and more filamentous, while having
a relatively minor effect on small clusters (Fig. 4A). In con-
trast, when cells start with initially high RSL1 levels and low
variability, increasing the inhibition strength does not lead
to the same changes observed under WT initial conditions.

Rather, the effect of lateral inhibition is similar regardless of
the cluster size (Fig. S7).

The differential effect of lateral inhibition on distinct clus-
ter sizes is also evidenced by comparing the neighbor den-
sity ny of the mechanistic model in the WT with that of
the null model (compare Fig. 1F with Fig. 2D). In both
cases, random initial conditions and a switch-based decision
lead to similar global properties of the pattern ((p) and f}).
Howeyver, in contrast to the null model, the lateral inhibition
present in the mechanistic model has an impact on the shape
of large clusters, turning them into more filamentous shapes.

To further quantify this differential effect of lateral inhi-
bition, we classified all possible cluster configurations for
every cluster size k in a hexagonal lattice (Fig. S8). There
are k — 1 ways of arranging cell clusters of size k based on
the neighbor density n; (Fig. S8; Methods). For instance,
there is only one type of cluster of size k = 1 (isolated
rhizoid cell), which has n; = 0, and there is only one type
of cluster of size k = 2, with n, = 1. There are two types
of clusters of size 3: filamentous (type /), with one rhizoid
precursor in contact with two rhizoid precursors, each at
one end of the filament (n} = (2+2 x 1)/3 = 4/3); or
compact (type II), with all three rhizoid precursors being
adjacent to the other two (nff =2 x3/3 =2). A similar
reasoning applies to clusters of k > 3 (Fig. S8; Methods).
For all cluster sizes, type I corresponds to filamentous
clusters. To quantify the distribution of cluster types and
their characteristics, we used the following two metrics: F," s
representing the frequency of clusters of size k and type r
among all clusters of size k; and gf‘, denoting the fraction
of rhizoid precursors with [/ adjacent rhizoid precursors
within all clusters of size k (I = 1,2,...,k—1). These
metrics are not independent from each other for sizes k < 4
(Supplementary Text S1). We computed F,k and g’l‘ for
the mechanistic model by counting all clusters within all
simulated lattices. To assess the degree of randomness and
lateral inhibition in the results of the mechanistic model, we
compared the values of ¥ and g§ with those obtained in two
limit cases: (1) the null model, i.e. a purely random model
with no lateral inhibition, and (2) when all clusters are
filamentous (type I). Because in WT gemmae large clusters
appear only occasionally, we focused our analysis on sizes
k =3,4,5. For the patterns obtained with the mechanistic
model, we found that clusters of sizes 4 and 5 become
filamentous with smaller values of the inhibition strength y
than clusters of 3, which appear with the same proportions
as in the null model (Fig. 4B, C). Taken together, our
results predict that for the initial variability expected in the
WT, the lateral inhibition involved in the diffusion-driven
switch predominantly affects large clusters, decreasing
the frequency of compact types and favouring filamentous
shapes.

New experimental data corroborate the predictions of
the mechanistic model

We tested the predictions of our model by growing WT gem-
mae and visualizing rhizoid precursor cells through chloro-
plast autofluorescence (Fig. 5A; Methods). The frequency
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Figure 4: Lateral inhibition predominantly affects large clusters. A Examples of stationary patterns for different values of the inhibition strength
y. Tnitial conditions (my = Fy = 0,Rg = 1.53, as in Table 1) with the same seed generating the random numbers. B Frequency of cluster types F¥ for
different values of y. The colors denote different cluster types (see Fig. S8). C Frequency of cells with / neighbors g;‘ for different values of ¥, for the
same simulations as in B. Colors denote the number of adjacent rhizoid cells (/ = 1,2,3,4). For comparison, in B, C we also show the corresponding
results for filamentous clusters (fil.) and for clusters obtained with the null model with p = 0.15. For each value of y and each model, the results in B, C
are computed with N = 1000 lattices of size 15 x 15 . D Average rhizoid density as a function of y. Points represent averages over N = 41 simulations,
and shaded region =+ their corresponding standard deviations. E Frequency distribution of cluster sizes for different values of v, and compare to the WT
of [17]. Same simulations as in B, C. In all panels, initial conditions are the same as in A.

of cluster sizes f; and neighbor density n; were compati-
ble with those previously reported [17], and were accurately
reproduced by the mechanistic model (Fig. 5B, C). We ob-
served large variability in the spatial distributions of rhizoid
precursors, a feature also reproduced by the model (Fig. SE).
Additionally, we quantified the frequency of cluster types
F¥ and the fraction of adjacent rhizoid precursors g/l‘ in all
gemmae. Clusters of size k = 3 exhibited frequencies com-
patible with the mechanistic model (Fig. SF,G). We classi-
fied clusters of size k > 4 into three groups: types I, II or
higher than II. Analogously, we classified rhizoid precursors
into those having one, two or more than two adjacent rhi-
zoid precursors. The proportions FX and gf‘ associated with
this classification were statistically compatible with those of
the mechanistic model, but not with those of the null model
(Fig. SE,G). As opposed to larger sizes, the statistics of size 3
clusters were also compatible with the null model, indicating
that lateral inhibition is much less noticeable than in larger
clusters (Fig. SF,G). Hence, our quantitative data on rhi-
zoid precursor distributions further confirm the predictions
of the mechanistic model, supporting that rhizoid precursor
patterns in WT gemmae emerge through a diffusion-driven
switch and from an initially random pre-pattern of cellular
states, where lateral inhibition influences rhizoid specifica-
tion through the mobile microRNA FRHI1.

Discussion

Patterning processes are ubiquitous during the development
of multicellular organisms. In this work, we propose that
the specification of rhizoid precursor cells in the epider-
mis of Marchantia polymorpha gemmae is controlled by
an activator-inhibitor system involving positive feedback of
RSLI1 and the mobility of the microRNA FRH1. Remark-
ably, our results indicate that the diffusion FRHI1 is crucial
for rhizoid specification in WT gemmae. In particular, diffu-
sion facilitates a switch of RSL1 activity by decreasing the
local inhibition of FRH1. In addition, the transport of FRH1
to adjacent cells confers lateral inhibition, turning rhizoid
precursor clusters into filamentous shapes. In contrast to WT
gemmae, the specification of rhizoid precursors in frh1/ef
and RSL199F are consistent with a cell-autonomous bistable
switch. In these mutants, an initial, random pre-pattern de-
termines the spatial distribution of rhizoid precursors.

The bistable switch of RSL1 activity proposed in our model
is caused by a positive feedback loop. However, no ex-
perimental evidence is currently available supporting this
specific mechanism. Even though we cannot discard other
ways of driving a bistable switch, the overall consequences
of bistability in RSL1 activity will be similar. Additionally,
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Figure 5: The results of the model are confirmed by new data on WT rhizoid distributions. A Four examples of the Marchantia WT gemmae used to
compute the measures of spatial statistics (Ngemmae = 43). B Comparison between the distribution of cluster sizes f; in WT gemmae (blue; Nyemmae = 43)
and in that obtained with simulations of the mechanistic model (black; N = 1000, parameter values and initial conditions as in Table 1). C Comparison
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and G can be found in Tables S5-S8.

even though there is no direct evidence of the intercellular
mobility of FRH1, previous studies have demonstrated the
ability of other microRNAs to act non-cell-autonomously
through intercellular movement [35, 36, 37, 38], thus sup-
porting the plausibility of our assumption regarding the role
of FRH1 mediating lateral inhibition.

Periodic spatial patterns in biological systems are commonly
assumed to occur in a self-organized manner, initiated by
the destabilization of spatially homogeneous states [10].
Paradigmatic examples of such processes are Turing patterns
in reaction-diffusion systems [39, 40] and salt-and-pepper
patterns driven by lateral inhibition mediated by cell-to-cell
contacts [9, 8]. Interestingly, our mechanistic model dis-
plays a Turing instability, supporting the recently proposed

notion that in discrete spatial lattices, a single morphogen is
sufficient to generate periodic spatial patterning [41]. How-
ever, our results indicate that the spatial distribution of rhi-
zoid precursors in WT gemmae is not consistent with a Tur-
ing instability, but it involves the interplay between initial
random conditions and local lateral inhibition.

Turing and salt-and-pepper patterns emerging from linear in-
stabilities of homogeneous states require long-range or lo-
cal lateral inhibition, respectively [42]. In both cases, loss-
of-function mutants of genes mediating these inhibitions do
not display patterned phenotypes. In Marchantia gemmae,
rhizoid precursor patterns can emerge without lateral inhi-
bition, as the phenotypes of frh1’°/ mutants demonstrate.
Moreover, those in WT gemmae differ significantly from the
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salt-and-pepper patterns observed in conventional lateral in-
hibition mechanisms. In these cases, because lateral inhibi-
tion acts on all cells via cell-to-cell contacts, the proportion
of inhibiting cells is much higher than those observed in rhi-
zoid precursor patterns. Our modeling suggests that lateral
inhibition in WT gemmae only acts in a fraction of cells and
shapes the structure of clusters, but is not required for their
emergence. Moreover, lateral inhibition is relatively weak,
enabling clusters of few rhizoid precursors to persist.

In our model, the rhizoid precursor patterns of WT gemmae
can only be reproduced in the parameter region close to the
critical line separating cell-autonomous monostability and
bistability. Although pattern formation requires non-zero
diffusion — as in conventional reaction-diffusion systems
— here it does so not through a linear instability of a homo-
geneous state but through a sharp switch, with a saddle-node
bifurcation separating spatially homogeneous from spatially
inhomogeneous ones. This diffusion-driven switch consti-
tutes a novel mechanism for pattern formation in biological
systems and can generate both random and periodic patterns
depending on the initial states of the cells. Interestingly, cel-
lular specification through a diffusion-driven switch can oc-
cur locally. This contrasts with cellular patterning driven by
linear instabilities of homogeneous states, where cell speci-
fication occurs progressively through the propagation of dif-
ferentiation fronts. Therefore, our results suggest that rhi-
zoid precursors can become specified at different times dur-
ing gemmae development, a process that might be especially
relevant in regions of high proliferative activity, allowing the
continuous generation of rhizoids during tissue growth.

The switch-like nature of rhizoid precursor specification
suggests that pattern formation requires an initial pre-pattern
of activity. This is most evident in fr71'°/ and RSL1%°F mu-
tants, where rhizoid precursors emerge cell-autonomously
and randomly. Our results support that a random pre-pattern
is necessary for initiating rhizoid specification in WT gem-
mae. Therefore, the final proportion of rhizoid precursors
will be determined by the interplay between this initial pre-
pattern and the lateral inhibition conferred by the diffusion
of FRH1. Again, this contrasts with conventional pattern
formation, where a self-organized mechanism — and not
initial conditions — controls the proportion of cellular fates.
Additionally, our analysis shows that initial variability in
cellular states provides robustness to changes in the inhibi-
tion strength of FRH1. Our findings add to the growing body
of knowledge on the prevalence of pre-patterning in biolog-
ical systems, underscoring its relevance in pattern initiation
and suggesting a role to enhance robustness [41].

Because the diffusion-driven switch can only occur close to
a region of bistability, the underlying patterns are examples
of spatially localized states — stable spatial structures em-
bedded in a background of a different state [43, 44, 45]. Lo-
calized states appear in the so-called snaking region of the
stability diagram — referring to the multiplicity of possible
localized structures whose states can snake between differ-
ent spatial configurations [46]. In the mechanistic model,
the specification of rhizoid precursors in WT gemmae oc-
curs in this region (Fig. 3A; gray region), where snaking

phenomena of localized patterns can be observed for differ-
ent parameter values (Fig. S5).

The proximity of WT patterns to a saddle-node bifurcation
also suggests that rhizoid precursors reside close to a critical
state. Criticality has long been proposed to endow biologi-
cal systems with valuable features, including a balance be-
tween robustness against external perturbations and flexibil-
ity to adapt to changing environments, and granting optimal
computational capabilities [47, 48]. In our model, critical-
ity manifests in the long transients in the cell-autonomous
dynamics before reaching the steady state (Fig. S1D, E).
These dynamical ghosts [34] — referencing the steady-state
remnant the system explores before collapsing to the true
stable state — have been proposed to confer cells’ dynamic
memory capabilities, enabling the processing and integra-
tion of time-varying signals [49]. Whether rhizoid precur-
sors exploit this dynamic memory remains to be assessed,
especially in light of the random nature of rhizoid specifica-
tion.

Are the mechanisms of rhizoid specification conserved
across early-diverging land plants? Do other closely re-
lated liverworts such as Conocephalum conicum or Bla-
sia pusilla display similar rhizoid distributions? Rhizoid
formation remains a poorly understood process, but the
recently-disclosed mechanisms underlying their develop-
ment in Marchantia pave the way to a hopefully burgeon-
ing field, of which the combination of theory and experi-
ment will be essential. Further investigation with new model
organisms, phylogenetic reconstructions of early land plant
lineages, and a theoretical understanding of the signaling
pathways underlying their characteristic traits will shed light
on the evolutionary significance of land colonization, and the
molecular and physical processes that made such a remark-
able transition possible.

We hypothesize that diffusion-driven switches underlie pat-
terning processes not only in Marchantia but across a wide
range of organisms, opening up new avenues for research in
developmental and synthetic biology. Our findings highlight
yet again the proclivity of living systems to operate close to a
critical regime, prompting further investigation into how or-
ganisms utilize these states for adaptability, robustness, and
survival.

Methods

Null model

To test how rhizoid precursors are distributed in Marchantia
gemmae, we first use a null model where the specification is
cell-autonomous, i.e. every cell performs a binary decision
to randomly choose between becoming a rhizoid precursor
or an epidermal cell. Accordingly, we model cell-fate
decisions as Bernouilli trials, characterized by a single
parameter, p, defined as the probability to become a rhizoid
precursor (Fig. 1A). Conversely, g = 1 — p represents the
probability to become an epidermal cell. Importantly, this
model implies that all cells decide independently from the
other cells. The null model is similar to previous model
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of rhizoid patterning in wild-type gemmae [17]. However,
in contrast to that proposal, the null model differs in that
cell decisions are independent of the states of any other
cell, and does not include any intercellular interactions: no
lateral inhibition nor any other rule that constraints where
rhizoids can emerge based on where other rhizoids are
placed. By fixing the size of the lattice (15 x 15 cells) the
statistics of the null model — including f; and n; — are
fully determined by the value of the single, free parameter
p. For each lattice, the rhizoid density, p, is defined as
the fraction of cells that become rhizoid precursors. The
total number of rhizoid precursors in a particular lattice
follows a Binomial distribution of 15 x 15 trials, each with
probability p. The mean rhizoid density, (p), is computed
by averaging the values of p over the total number lattices,
i.e. Nslim ):?2"’1” pi, where the index i labels each
simulation and Ny;,;, is the total number of simulations. In
the limit of an infinite lattice, this density satisfies po
For smaller lattices, the density will only be similar to p,
with deviations caused by the inherent fluctuations derived
from random binary choices in a finite lattice.

p) =

Mechanistic model

To model the dynamics of the RSL1-FRHI1 system, we con-
sider a regular hexagonal lattice where cells are labeled with
the indices i, j, and assign the variables m;;, R;;, and Fj; to
every cell. These variables represent the concentrations of
RSL1 mRNA, RSLI1 protein, and FRH1 microRNA, respec-
tively. We model the rate of change of these concentrations
with the following set of differential equations:

dm;; i
a0t e ey = dnmij (D)
dtlj =Bm;; —dgR;; 2
dFij Z’F 2
ar :?’o-Hfm —drF;j+DV°F; 3

where V? denotes a discrete Laplacian operator in a hexag-
onal lattice, i.e. V2F;j = Fiyy j1 + Fy1 j+ F jo1 + F jp1 +
Fi_1,j+Fi_1, j+1—6F;;. Inthis system, transcription of RSL1
mRNA happens with a constant rate ¢ but is promoted by
RSL1 proteins with maximum strength o, activation thresh-
old kg, and cooperativity exponent ng. The degradation of
RSL1 mRNA involves two contributions, one dependent on
the FRH1 microRNA (cleaving) with rate k., and another
representing constant degradation of the mRNA by other
means, with rate d,,,. The proteins RSL1 are translated from
the mRNA at a constant rate 8 and are linearly degraded
with rate dg. Transcription of FRH1 occurs with a basal
rate Jp and can be enhanced by the binding of RSL1 pro-
teins to the FRH1 promoter, with a maximum rate ¥, acti-
vation threshold k¢, and cooperativity exponent nr. Finally,
FRHI1 can be linearly degraded with a constant rate dr, and
can move from cell to cell with diffusion coefficient D. The
strength of lateral inhibition performed by FRH1 depends
on the cleavage rate k. and on Y. In the main text, we re-
fer to higher values of y as stronger inhibition. Parameter
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values for WT, frh]lof , FRHICOF  ps1]1GOF and RSL1GOF
genotypes are shown in Table 1.

Studying the solutions of the system in the stationary state
(i.e. all time derivatives set to zero) reveals that at the
single-cell level — when D = 0 — the system can display
bistability thanks to the self-activating nature of RSLI.
While the low-RSLI state is always stable, linear stability
analysis reveals that the high-RSL1 state can lose stability in
the presence of diffusion (Fig. 3A). Additionally, nonlinear
inhomogeneous states exist close to the bistable region,
which are not predicted by linear stability analysis (Fig. 3A;
Fig. SSE).

Lattice

To emulate the tissue layout of Marchantia gemmae, we
performed all simulations on regular hexagonal lattices of
size N, x Ny = 15 x 15, each hexagon representing a cell.
This is consistent with the average number of cells enclosing
the regions where rhizoid precursors appear [17, 28]. In the
null model, no boundary conditions are provided because
there are no cell interactions.

Numerical simulations of the model

We solved the system of coupled differential equations (1-3)
using the Runge-Kutta 4 method with a time step df = 0.1.
All the cluster statistics have been performed in the steady
state, taken as the time 7y = 1000. We implemented re-
flecting boundary conditions, so that cells at the bound-
aries of the lattice only interact with their neighbors. For
each variable (x = (m, R, F)), initial conditions were drawn
from a uniform distribution of random numbers fulfilling
x(r = 0) = xo%[0,1]15x15, Where xo = (mo,Ro, Fo), and
% 10,1]15x15 denotes a uniform distribution of 15 x 15 (lat-
tice size) random numbers between 0 and 1. We found
that by setting my = Fp = 0 and only considering variabil-
ity in RSL1 (Ry = 1.53) was sufficient. The same variabil-
ity was used to model loss-of-function and gain-of-function
mutants. For simulations where all cells start in the ho-
mogeneous state associated with the rhizoid precursor fate,
we use a uniform distribution of random numbers of the
form x(t = 0) = x;,(1 +V%[—1,1]15x15), where here x;, are
the values corresponding to the high-R homogeneous state.
These initial conditions represent perturbations around this
state with a variability parameter V. For simulations in the
Turing region, V = 0.001 (Fig. S4B). Similar initial con-
ditions were used when all cells started as rhizoid precur-
sors but outside the Turing region (Fig. S4D.E). In this case,
however, the values of x;, do not correspond to a stable ho-
mogeneous steady state, because out of this region the only
stable homogeneous state is the one corresponding to all
cells being epidermal. Therefore, in this region the density
of the steady-state patterns will depend on the specific value
of V.

The characteristic time 7, associated with a ghost state (Fig.
S1D) is defined as the time it takes for the system to reach
the low-R steady state. To compute 7., we start the system
with initial conditions close to the proximal high-R steady
state ((my, Ry, Fy) =~ (1.29,1.29,0.2); parameters as in Table
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1) and let the system evolve until it reaches the true, low-R
steady state ((my,R;, F) =~ (0.38,0.38,0.1)). This has been
performed for different values of the difference ¢ = y— v,
where 7. ~ 0.665 is the bifurcation point. The characteristic
times follow a power-law scaling of the form 7, ~ (j)ﬁ,
where the scaling exponent is § = —1/2 (Fig. S1E).

Bifurcations and linear instabilities

The steady states of the mechanistic model and their stability
have been computed via numerical continuation of saddle-
node bifurcations with the Python package PyDSTool [50].
The cell-autonomous system displays bistability for cer-
tain parameter values (Fig. S1B,C; Fig. 3A, blue region).
This bistable region emerges form a saddle-node bifurca-
tion, where a pair of stable-unstable states are created in a
discontinuous manner (Fig. S1B; red circles: saddle-node
bifurcations). When coupled by the diffusion of FRH1, only
the high-R steady state can become unstable through a lin-
ear instability (Fig. 3A; orange region). This can be shown
by linear stability analysis of the system (Eqgs. 1-3) [9, 51]
(Supplementary Information). To quantify bistability and
the emergence of inhomogeneous states, we use the /2-norm
of the variable R. In a hexagonal lattice, this quantity is de-

fined as:
1/2
Il = )

where N, and Ny denote the total number of cells in each lat-
tice direction. Intuitively, the />-norm quantifies the global
state of the pattern (similar to the pattern density), and can
be thought of as a measure of the energy associated with the
spatial distribution of rhizoid precursors. In Fig. 3D-F we
show this quantity as a function of y and D. In Fig. S5B-D,
[|R||s2 is shown for different number of cells. In both figures,
saddle-node bifurcations are denoted with red circles, and
green circles represent pitchfork bifurcations near the saddle
nodes, which connect different stability branches through a
series of ladders of asymmetric solutions (not shown) [52].
Thus, ||R||,2 provides a quantitative measure of the overall
structure of the patterns, that can be used to characterize and
make comparisons between them. The gray area shown in
Fig. 3A encloses the region where ||R||,2 > 0, that is, where
patterns are possible. For every pair (¥, ), this region is
computed by solving the system with high variability in
initial conditions, R(t = 0) = Ro(1+ V% [—1,1]15x15) (with
my = Fy = 0 and V = 0.5), and by imposing the restric-
tion ||R||,2 > 0. Outside this region, no patterns are possible.

Ny Ny

1
LYR
iJ

NN, &

“4)

Characterization of rhizoid precursor clusters

A cluster of size k corresponds to any spatial configuration of
k rhizoid precursors that form a connected shape (i.e. every
rhizoid precursor is adjacent to one or more rhizoid precur-
sors) surrounded by epidermal cells. For instance, a cluster
of size k = 1 is an isolated rhizoid precursor surrounded by
epidermal cells. A cluster of size k = 2 consists of only two
adjacent rhizoid cells completely surrounded by epidermal
cells (Fig. S8). We only consider open clusters, i.e. those
that do not form a closed loop.

The frequency of clusters of size k, f, is defined as the total
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number of clusters of size k (Cy) divided by the total number
of clusters, obtained for all lattices:

_ G
Y. G

For each individual lattice, the ratio between the number of
clusters of size k and the total number of clusters in that lat-
tice can also be computed (Fig. 5E). The quantity f; gives
information about the global spatial organization of the pat-
tern, but it does not inform about the local structure of clus-
ters. For instance, one can imagine a lattice consisting exclu-
sively of filamentous clusters, and another with all clusters
being compact, but both of them with the same frequency of
cluster sizes. Therefore, we used other metrics to character-
ize the local structure of clusters.

fr )

The neighbor density of clusters of size k, ny, is defined as
the average proportion of adjacent rhizoid precursors that a
rhizoid precursor has within a cluster of size k. Clusters of
size k can be subdivided into k — 1 different types, each de-
fined by their value of ny (ny) or, equivalently, by the total
number of surrounding epidermal cells (Fig. S8). If r de-
notes the cluster type (r =1,11,... ,k—1), then a closed-form
expression for 7 can be obtained for k < 6:

2r—4
k

r

nk:2+

, (k<6,r<5) (6)
For every size k, the filamentous type (r = I) has the smallest
possible value of n;, namely ni =2 —2/k. The most com-
pact types (r = k — 1) have the largest possible value of ny,
which for k < 6 takes the form n,rfk_l =4 —6/k. To obtain
the mean neighbor density (n;) and the standard deviation
for every size k, we use all the values of n; obtained for each
cluster from the total number of simulated lattices.

We denote as F¥ the proportion of clusters of size k and type
r among all clusters of size k (from all simulated lattices).
These proportions must sum up to one, and therefore the
identity Z’,‘_l FF =1 holds. The quantity gf‘ is the fraction of
rhizoid cells within all clusters of size k (from all simulated
lattices) that have [ rhizoid precursor neighbors. The index [
runs from 0 to k— 1 (for k =1, 311:0 = 0). As before, these
fractions sump up 1, ):f’l gfc =1.

The mean value of n; depends on the proportion of clus-
ters of each type, and therefore satisfies the relationships
(ng) =X, Ffnl; (ng) = X} Igk, where summations run over
all possible types and all possible number of rhizoid precur-
sor neighbors, respectively. For k < 3 the value of (n;) de-
termines Frk and gﬁ‘, but this is not the case for k > 4. Hence,
the metrics (ny), F¥, and g¥ provide complementary infor-
mation on the local structure of clusters. For clusters of size
k=1 and k = 2, (n;) and FF provide trivial information,
as there is only one type of cluster. In contrast, for sizes
k > 2 their values provide information on the mechanism
driving rhizoid precursor specification, because the propor-
tion of appearance of each cluster type will depend on the
specific molecular mechanism at play. In Figs. 4,5 and Figs.
S6,S7, these metrics are computed for the null model and for
the mechanistic model for different parameter values and ini-
tial conditions. For the null model, these metrics can also be


https://doi.org/10.1101/2023.04.04.535528
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.04.04.535528; this version posted April 6, 2023. The copyright holder for this preprint
(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 available under a CC-BY 4.0 International license.

Parameter | Description Value (a.u.)
o7} Basal RSL1 transcription rate 0.4
0.45 in RSL199F; 0 in rsi1'o/

a Maximum regulated RSL1 transcription rate 2

kg Threshold of RSL1 self-activation 1.2

ng Cooperativity exponent of RSL1 self-activation 4

ke Cleavage rate of RSL1 mRNA by FRH1 1
d, RSL1 mRNA degradation 1

B Translation rate of RSL1 mRNA into protein 1

dg RSLI protein degradation 0.1

Y Basal FRHI transcription rate 0.1

Y Maximum regulated FRH1 transcription rate 0.75

(inhibition strength) 0.25 in frh1'°f; 1.5 in FRH199F

kr Threshold of FRHI1 activation by RSL1 2

ng Cooperativity exponent of FRH1 activation by RSL1 4

dr FRH1 degradation 1

D Diffusion coefficient of FRH1 0.1

Table 1: Parameters of the mechanistic model, their description and their default (WT) values (adimensional units). Parameter values used for the mutants
are also specified. Default initial conditions are random x(r = 0) = X% [0, 1]15x15 with Xxg = (mp = 0,Rg = 1.53,Fp = 0).

computed analytically for k < 4 (Supplementary Text). Fig.
4 and Figs. S6,S7 also include these metrics when all clus-
ters are filamentous (denoted as fil.). In this case, Frk= ;=1
and Frk> ; = 0 for any k, because all clusters are of the same
type, and gf_; =2/k and g¥_, = 1—2/k because all cells ex-
cept the two at the borders (k — 2 cells in a cluster of k cells)
have two adjacent rhizoid precursors, while the two cells at

the borders have only one adjacent rhizoid precursor.

In Fig. SFG, the exact (two-sided) Fisher-test has been
used to assess the statistical significance between the
experimental results and the mechanistic and null models.
To compute the statistical significance between the results
of the mechanistic and null models, we used the Pearson
x2-test. The corresponding contingency tables can be found
in the Supplementary Information (Tables S5-S8). All
statistical tests have been computed with the R software.

Numerical methods for cluster characterization

To compute the statistics of rhizoid precursors clusters,
we combined custom-made software with the function
scipy.ndimage.measurements.label from the Python
library SciPy [53]. This function finds connected compo-
nents of multi-dimensional arrays. In our case, we first
identify the rhizoid precursors as the cells with R;; > 1.
This threshold acts as an input for the label function to
find connected components of rhizoid precursors. Each
of these connected components constitutes a cluster, from
which further information (f, ng, Frk, gf‘) can be retrieved
using custom-made methods.

Experimental procedures

Propidium iodide (PI) staining to visualize cell walls was
performed by incubating gemmae with 5 pg/ml PI for 10
minutes. Gemmae were subsequently washed twice with
water and mounted on slides with heated 0.% agar solution.
Imaging was performed after excitation by a Kr/Ar 488
nm laser using a FV 1000 confocal microscope (Olympus,
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Tokyo, Japan). PI and chlorophyll were detected with a
band-pass 570-650 nm, and 650-750 nm filters, respectively.
We counted all rhizoid precursor clusters, identifying their
size and type, across all gemmae and computed the metrics
fi» i, FF and gF (without explicitly considering to which
gemma each cluster belongs to).
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