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A hallmark of development is the generation of spatial patterns driven by morphogen gradients and gene
regulatory networks (GRNs). Although the mechanistic basis by which GRNs orchestrate cellular responses
and tissue patterning during development is well understood, their evolutionary dynamics remain less clear.
Still, mutations in regulatory elements that govern GRN-driven patterning are a key mechanism for patterning
evolution. In this study, we use the de novo evolution of a stripe phenotype as a model framework to investigate
the evolutionary dynamics associated with the emergence of new spatial gene expression boundaries and the
adjustment of existing boundaries. To probe general principles of GRN-driven pattern evolution we introduce
a new high-throughput theoretical framework that rapidly produces a comprehensive dataset of evolutionary
trajectories. We leverage this large dataset to investigate the types of mutations that drive different phenotypic
shifts in spatial patterning. Our findings suggest that the order in which mutations in gene-gene interactions
appear and the specific combination of gene-gene interactions that mutate together determine the evolvability of
novel spatial gene expression patterns. We interpret our results in the context of epistatic effects that naturally
arise in networks of interconnected genes and show how contingencies and constraints emerge in our system.
Our results elucidate the interplay between mutation and gene network organization, revealing how historical
contingencies arise and impact the evolvability of GRNs and the predictability of their evolutionary outcomes.

DOI: 10.1103/q79n-k93j

I. INTRODUCTION

A central challenge in evolutionary developmental biology
is to elucidate how phenotypic variation arises from underly-
ing developmental mechanisms. At the core of development
lies the spatial patterning of tissues into different cell types,
driven by gene regulatory networks (GRNs) that interpret
morphogen gradients [1]. While the mechanistic basis of how
GRNs influence spatial patterning during development is well
established, the interplay of these networks with evolutionary
forces such as mutation, selection, and historical contingency
remains poorly understood. Yet several studies have revealed
the critical role of GRNs in generating morphological varia-
tion both within and across species [2–6], underscoring the
importance of investigating their evolutionary dynamics in
this developmental context.

Understanding how mutations at the sequence level im-
pact GRN function and their evolutionary dynamics is a key
milestone for the study of GRN-driven pattern evolution. The
current consensus is that GRN evolution advances through
mutations not in the regulatory genes or transcription factors
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(TFs) themselves, but in cis-regulatory elements (CREs) or
enhancers that drive TF expression levels [6–8]. In this way
pleiotropic effects associated with TF mutations are bypassed,
while mutations in regulatory regions are able to generate
variation for selection to act upon. Therefore, the ways in
which mutations in CREs reorganize gene interactions plays
a central role in understanding the evolution of GRNs and the
spatial patterns they coordinate during development.

Recent work has investigated the role of point mutations
in native CREs and the insertion of de novo CREs into a GRN
controlling the patterning of fruit fly embryos. This revealed
that the impact of mutations on the spatial pattern depends
on whether mutations affect existing CREs or introduce new
regulatory elements in the system [9]. New assays that allow
targeted genetic manipulation of GRNs in vivo can therefore
generate large datasets of mutations which link changes in
regulatory and TF sequences to phenotypic shifts [10,11]. Fur-
thermore, synthetic patterning networks offer promising tools
for investigating the mechanistic role of genes by highlighting
how the regulatory interactions give rise to novel patterns
and facilitate evolutionary exploration [12,13]. However, it is
currently unfeasible to characterize the GRN reorganization
which may result from high-throughput experimental muta-
tion assays at a scale large enough to extract general principles
of network rewiring in these systems. Furthermore, the
difficulty of imposing a selection pressure for novel patterns
in multicellular development means that the role of GRN
rewiring within an evolutionary process is challenging to

2835-8279/2025/3(3)/033023(15) 033023-1 Published by the American Physical Society

https://orcid.org/0000-0001-6158-2196
https://orcid.org/0000-0003-1174-1421
https://ror.org/04tnbqb63
https://ror.org/02jx3x895
https://ror.org/04ptp8872
https://crossmark.crossref.org/dialog/?doi=10.1103/q79n-k93j&domain=pdf&date_stamp=2025-12-15
https://doi.org/10.1103/q79n-k93j
https://creativecommons.org/licenses/by/4.0/


HARRY BOOTH AND Z. HADJIVASILIOU PRX LIFE 3, 033023 (2025)

analyze. Hence, although new experimental tools promise to
advance our understanding of the evolution of development,
the complexity of the genotype-phenotype map specified
by GRN-driven patterning coupled with the timescales over
which evolutionary change occurs, present challenges that
experimental tools alone may struggle to overcome.

A related question is the relative role of stochasticity and
constraints in determining evolutionary outcomes. Historical
contingency during evolution describes a sensitivity to past
events that are often inconsequential at the time they occur
but that nonetheless impact subsequent evolution. This sen-
sitivity becomes heightened when adaptation takes place on
“rugged” fitness landscapes [14], a property which emerges
through the complex, nonlinear nature of many biological
genotype-phenotype mappings [15]. While historical contin-
gency has been investigated using evolutionary simulations
in protein evolution [16], and in GRNs with simple evolved
functions [17], these investigations have yet to be extended to
genotype-phenotype maps defined by multicellular develop-
ment processes such as patterning. For example, although it is
known that spatial pattern accessibility is dependent on GRN
topology [13,18], we do not yet understand when constraints
imposed by existing network topology might become influ-
ential in the evolution of new developmental patterns or how
these constraints interact with mutation and the strength of
selection. For instance, neutral evolution—whereby mutations
with little or no impact on the phenotype accumulate—has
been shown to increase the accessibility of novel spatial pat-
terns [12]. Still, the ways in which neutral mutations impact
the diversification of GRN topology and spatial patterns when
placed in an evolutionary process is not yet understood.

Theoretical models of GRN-driven patterning capture
the spatiotemporal patterning dynamics observed in vari-
ous model systems, from the Drosophila embryo [19–21]
to the vertebrate neural tube [22,23]. While these models
do not explicitly track genetic information at a molecular
scale, they have provided crucial mechanistic insights into
the fundamental characteristics and emergent properties of
GRN patterning [24–26] and offer a promising and tractable
framework for exploring GRN-driven pattern evolution. Pre-
vious work integrating mechanistic GRN patterning models
into evolutionary simulations has yielded valuable insights
into the constraints and design principles that optimize spe-
cific phenotypic outcomes or “fitness” [27–30]. For example,
simulations have identified parsimonious paths in GRN space
linking Dipteran species and their homologous relationships
[31], elucidated the design principles underlying body plan
segmentation in flies [32], and explored potential routes to-
ward the de novo evolution of body segmentation [33,34].
This mechanism-centered approach highlights the central role
of gene interactions and network topology—rather than in-
dividual genes—as key drivers of evolutionary processes. A
common limitation of these approaches to date has been the
efficiency at which they can generate evolutionary trajectories.
As a result, previous studies have been limited to datasets of
evolutionary repeats that were not large enough to investigate
general principles of mutation and selection in a developmen-
tal context.

In this work we explore the interplay among mutation,
gene network organization, and natural selection in shaping

the evolution of GRNs and developmental patterns. We use
stripe-forming networks as a framework to investigate how
new gene expression boundaries are formed and how ex-
isting gene expression boundaries diversify. We develop a
high-throughput computational framework that integrates a
mechanistic description of GRN patterning with an evolution-
ary process. By leveraging the framework’s capacity to rapidly
evolve target phenotypes, we produce an extensive dataset
of independent evolutionary trajectories. This allows us to
employ statistical tools to investigate general principles of
GRN-driven pattern evolution. The formation and adjustment
of gene expression boundaries is a hallmark of developmental
patterning and its evolution [1,35] and so this approach can
yield general insights about the evolution of development. Our
framework is easily adaptable and offers a platform to study
developmental pattern evolution, which has the potential to
link physical constraints that emerge from genetic architecture
to evolutionary change.

II. METHODS

High-throughput framework for GRN evolution

We model a minimal GRN downstream of a morphogen
and introduce mutation of the regulatory interactions between
genes [Fig. 1(a)]. Our theoretical framework includes three
key components (Fig. 1): (i) GRN-mediated spatial patterning,
(ii) mutation and fitness evaluation, and (iii) a Monte Carlo
scheme which simulates an evolutionary trajectory.

We consider a one-dimensional tissue composed of a dis-
crete number of cells, over which a morphogen gradient is
established Fig. 1(a). Each cell has an identical GRN con-
sisting of three genes {a, b, c}, with gene a activated by the
morphogen, m Figs. 1(a) and 1(b). The network is specified
by a weight matrix W whose entries wi j encode the pairwise
regulatory interactions between genes Fig. 1(b). We then as-
sume that the concentration dynamics of gene product j in cell
i ∈ {1, . . . , Ncells} satisfy

dg(i)
j

dt
= σ

⎛
⎝ ∑

k∈{a,b,c}
wk jg

(i)
k + wm jm

(i)

⎞
⎠ − γgg(i)

j , (1)

g(i)
j (0) = g0 ∀ j ∈ {a, b, c}, (2)

where σ (I ) = 1
1+exp (θ−θI ) is a sigmoidal activation function

with corresponding steepness parameter θ > 0 and γg is the
gene product degradation rate. This description of gene reg-
ulation is widely used in both theoretical and experimental
studies of spatial patterning in biological systems [21,37,38].

The evolutionary starting point in our simulations is given
by an initial weight matrix, W0, with a minimal number of
nonzero interactions [Fig. 1(c)], representing an initial state
for network evolution. Subsequent mutation adds new regula-
tory interactions between genes, or adjusts the magnitude of
existing ones. Thus, the weight matrix W represents the geno-
type in our model, and mutation acts directly on its entries to
produce a mutant GRN.

Previous work has suggested that multiplicative weight
changes most accurately represent the effect of point
mutations on binding affinities [39]. We model this as
wn+1

i j = wn
i j exp(k), where k is normally distributed with k ∼
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(a)

(b)

(c)

FIG. 1. Method summary. (a) Model of developmental patterning and target stripe. A tissue is made up of a discrete number of cells
(blue ovals), each with an identical three-node gene regulatory network (GRN). A morphogen gradient (yellow) is assumed to be at steady
state across the tissue. The target stripe profile (orange) has boundaries which define three equal size regions across the tissue. The gray and
pink circles represent the two other genes in the network. Lines in the plot are a schematic of the putative concentration at steady state for
the morphogen (yellow) and three genes shown in the diagram below (gray, orange, and pink). (b) An example GRN. The morphogen, m
(yellow) activates gene a (gray), which then regulates the output gene c (orange) directly and through an intermediary gene b (pink). The
regulatory organization is specified by a matrix W that holds the weights that define an effective strength for activation (positive weights)
and inhibition (negative weights) arrows and represents the genotype in our analysis. (c) A schematic outlining the Monte Carlo scheme for
simulating evolutionary trajectories. The resident genotype associated with the current phenotype is mutated by introducing or editing existing
interactions (weight changes). The new phenotype defines a fitness differential �F , which then determines the probability s(�F , β, Ps ) of
fixation for the mutant based on the selection strength β and population size Ps. This process then repeats until a predefined fitness threshold
is reached. The sequence of accepted mutants is collected to form an “evolutionary trajectory.” The minimal stripe topology (MST) associated
with the first stripe forming mutant WS0 and the final mutant WN are then evaluated. The MST is the topology associated with the minimal set
of regulatory interactions able to maintain a stripe phenotype. Details of parameters used in the evolutionary algorithm are provided in Ref.
[36].

N (μM , σ 2
M ) and wn

i j and wn+1
i j represent the regulatory effect

of gene i on j before and after mutation, respectively. Since
point mutations typically decrease affinity [39,40], we set
μM < 0. While point mutations can generate de novo regula-
tory interactions [41], GRN evolution is thought to occur more
efficiently through alternative mechanisms such as duplication
[42,43] or co-option [6,8]. Therefore, to enable mutations of
larger effects we also consider additive weight changes such
that wn+1

i j = wn
i j + k, where k is normally distributed with

k ∼ N (0, σ 2
A ). This allows the distribution of weight change

magnitudes |wn+1
i j − wn

i j | to be independent of the initial mag-
nitude |wn

i j |. Additive mutations enable the introduction of
novel interactions (i.e., wn

i j = 0 → wn+1
i j � 0). Furthermore,

additive mutations enable the sign of a regulatory interaction
to change from activating to inhibiting or vice versa. Finally,
to investigate the impact of mutations that change a single
versus multiple gene interactions in the network, we assume

that a single mutant may carry multiple weight changes simul-
taneously. We implement this by allowing each weight in W
to change independently with probability p. This generates a
distribution of weight changes per mutant dictated by p (Ref.
[36], Sec. 1.2.1).

Note that p could be interpreted to reflect constraints which
emerge from the architecture of CREs and TF interactions
and is hence separate from the mutation rate. For instance,
multiple weight changes could occur simultaneously when
single mutations on the same CRE affect the binding affinity
of multiple TFs, or when TFs themselves mutate. In this
way, our framework is set up to investigate how constraints
emerging from genetic architecture may impact evolutionary
trajectories and evolvability.

We define a target stripe by a specific width and position
Fig. 1(a), and compute the fitness differential �F of mutants
relative to the resident phenotype Fig. 1(c). The phenotype
φ upon which selection acts is taken to be the steady-state
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expression of gene c Fig. 1(a). Fitness is evaluated in a two-
stage process employing two distinct fitness functions, FS and
FR. FS is an indicator function which recognizes the transition
to a stripe by evaluating phenotypes against a set of general
stripe criteria (see Ref. [36], Sec. 1.3). These conditions en-
sure a stripelike pattern, but they do not enforce any particular
boundary locations. FR measures the average distance of the
steady-state expression of gene c to a target stripe pattern with
specific boundaries. The target pattern is a stripe that splits
the tissue into three equally sized parts Fig. 1(a). Selection for
this phenotype can be imposed through the following fitness
functional:

FR(φ) = 3γg

L

(∫ 2L/3

L/3
φ(x)dx

− 1

2

( ∫ L/3

0
φ(x)dx +

∫ L

2L/3
φ(x)dx

))
, (3)

where L is the tissue length and γg is the gene product degra-
dation rate. The first integral rewards high expression of the
gene product in the central region of the tissue. This is then
penalized by the average expression of the gene product in the
neighboring regions. Finally, this is normalized into the range
[−1, 1] by dividing by the upper bound on the difference
between the first and second terms. The fitness differential
�F between the resident phenotype φ and mutant phenotype
φ′ is then evaluated as FS (φ′) − FS (φ) if FS (φ′) �= FS (φ)
and FR(φ′) − FR(φ) otherwise. This choice is motivated by
the fact a phenotype may display a stripelike pattern while
not necessarily having a close match in expression space to a
stripe with specific boundaries. In these instances we assume
its fitness to be higher than a phenotype with no stripelike
characteristics. This combination of selection functions is de-
signed to generate conditions that prioritizes the generation
of new gene expression boundaries before the adjustment of
existing boundary positions to a specific target pattern. As a
consequence, comparison of expression profiles to a target
pattern only takes place between phenotypes with the same
number of gene expression boundaries. While the conditions
that favor the evolution of spatial patterning are in general un-
known, our choice of fitness function captures the advantage
of increasing the number of differentiated cell types [44].

We model monomorphic evolutionary dynamics with a
sequential fixation model, by assuming that the rate at which
mutants appear is lower than the time it takes for them to
fix [45–47]. The Monte Carlo scheme for an evolutionary
trajectory is defined by the probability that a mutant fixes in a
population of size Ps:

s = 1 − exp (−2β�F ))

1 − exp (−2Psβ�F )
, (4)

where β represents the strength of selection [48]. Refer to Sec.
1 in Ref. [36] for further details on the dynamical equations,
evolutionary algorithm and parameters used.

III. RESULTS

A. Multiple GRN topologies evolve following selection
for stripe phenotype

We use the algorithm defined in the previous section to
generate ∼105 independent evolutionary trajectories from the

initial conditions to the target phenotype. We found that
88.2% of our simulations converged to the target phenotype
within 250 000 generations (Sec. 4 in Ref. [36]). We recorded
the evolutionary trajectory of accepted genotypes, (W (i)

n )Ni
n=0,

where Ni is the total number of accepted mutants leading to the
target phenotype for the ith trajectory Fig. 1(c). We defined
four key stages across simulations; the first accepted mutant
(n = 1), a period of prestripe formation for n ∈ (1, S0), stripe
inception at n = S0 and poststripe formation for n ∈ (S0, Ni].
Therefore, S0 is the mutant number for which a stripe first
manifests Fig. 2(a).

To classify the mechanistic outcomes of individual tra-
jectories, we identified the minimal subset of regulatory
interactions that maintain a basic stripe phenotype, which we
term the minimal stripe topology (MST). We determine the
MST for the evolved networks at two key time points during
evolution: the point of stripe formation, n = S0, and the point
at which the target stripe is achieved, n = Ni, and denote the
MSTs at these two time points by M (i)

S0
and M (i)

Ni
, respectively

(Fig. 1(c) and Sec. 1.6 in Ref. [36]). Using this information we
infer a distribution of unique evolutionary outcomes relating
to the core mechanisms of stripe formation Fig. 2(b). We
identified a total of 732 unique MSTs, with the eight most
frequent (MST:1-8) accounting for ∼75% of outcomes.

MST:{1, 2, 5, 6, 7} feature the well-studied feed-forward
incoherent type-2 (I2-FFL) mechanism, found in the gap gene
network responsible for embryo segmentation in fruit flies
[38,50]. MST:4 is the I3-FFL mechanism [51], which has
not been observed in natural stripe-forming regulatory net-
works but has been investigated synthetically [13]. MST:{3, 8}
feature a negative feedback loop with gene b serving as a
controller to determine different responses across inputs, a
mechanism which has been shown to enable perfect biochem-
ical adaption [52]. Therefore, the dominant MSTs that have
evolved in our simulations are linked to networks that have
been identified in developmental patterning contexts. The re-
maining MST outcomes occurred with a mean frequency of
less than 0.05%. We discuss and interpret these rare MSTs
and their relationship to MST:1-8 in the supplemental material
(Sec. 2 in Ref. [36]).

To illustrate that our MST classification captures essential
differences in transcriptional dynamics, we solved each of
the final networks to steady state and collected concentration
profiles at intermediary times [38] (see Sec. 1.7 in Ref. [36]).
These spatial snapshots of gene expression levels as steady
state is approached generate a high-dimensional “fingerprint”
for each evolved network and its dynamics (for an example see
Movie 1 [36]). A two-dimensional projection of these dynam-
ical profiles indicates that networks are in general grouped
dynamically according to their MST identity Fig. 2(c). This
suggests a correspondence between the essential gene inter-
actions for basic stripe formation and the temporal dynamics
of gene expression, driven by the complete and (often) more
complex network.

Overall, the range of stripe-forming mechanisms identi-
fied in our evolution experiments highlights the many-to-one
aspect of the genotype-to-phenotype map for stripe-forming
mechanisms as determined before [38]. A question that fol-
lows is what determines evolutionary paths towards a specific
mechanism. In what follows we investigate how the muta-
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(a)

(b)

(c)

FIG. 2. The distribution of adaptive outcomes relating to the core mechanisms of stripe formation. (a). An example evolutionary trajectory
showing topological changes in the underlying network along with the associated phenotypes. Each step indicates an accepted mutant. The
change in the network topology (genotype) is shown on top with the corresponding gene expression profile (phenotype) below. The value of
n is the index of the shown accepted mutant. The interactions which form the MST at n = S0 and n = N are highlighted and denoted as MS0

and MN , respectively. (b) The distribution of top eight MST outcomes M (i)
Ni

across evolutionary simulations. Colors correspond to the MSTs

visualized below the distribution. (c) A UMAP [49] embedding of the dynamics associated with final evolved networks W (i)
Ni

, with color coding
indicating MST classification shown in (b).

tional process interacts with GRN organization to drive and
constrain network evolution and pattern innovation.

B. New gene expression boundaries require multiple weight
changes per mutant

To understand how mutation interacts with GRN organi-
zation and selection for novel patterns, we asked whether
specific types of mutations were typically associated with
the formation of new gene expression boundaries or the ad-
justment of existing ones. To this end, we characterized the
phenotypic transition associated with each accepted mutant.

We reasoned that there are three “routes” to a stripe pat-
tern Fig. 3(a). Starting from the shallow proximal boundary
associated with the initial genotype, evolution can first es-
tablish a sharp proximal boundary followed by a sharp distal
boundary through sequential mutants, do this in reverse, or
establish both proximal and distal boundaries simultaneously

[colored arrows in Fig. 3(a)]. In between establishing new
boundaries, mutation and selection can continue to alter the
phenotype, e.g., by adjusting the location or amplitude of
existing boundaries [self-loops in Fig. 3(a)]. Finally, mu-
tants can be phenotypically neutral, creating no phenotypic
changes and no fitness change compared to the resident
phenotype.

We found that 98.8% of trajectories introduced the proxi-
mal boundary first followed by the distal boundary [Fig. 3(b)].
The large majority of these establish a sharp proximal bound-
ary with the first accepted mutant (n = 1), followed by
adjustment of the newly formed proximal boundary to align
it with that of the target stripe (1 < n < S0), as illustrated
in Fig. 2(a). The distal boundary is established at n = S0,
with its location then similarly adjusted to match the target
pattern during n > S0. The prominence of this phenotypic
path is consistent with the initial network topology, in which
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FIG. 3. Key components of stripe evolution. (a) Phenotypic transitions during evolution. The initial phenotype is that of a shallow proximal
boundary (bottom left). The first accepted mutant at n = 1 may lead to a sharp proximal boundary (top left, pink arrow), a stripe (top right,
purple arrow), a sharp distal boundary (bottom right, brown arrow) or adjust the existing phenotype without introducing new boundaries
(self-arrow). Arrows between these states indicate the acceptance of a mutant driving the respective phenotypic changes. Self-arrows indicate
accepted mutants that adjust the respective phenotype without adding or removing boundaries. Arrows for transitions that lead to stripe
inception are marked by n = S0. (b) Percentage of accepted mutants in different evolutionary periods associated with specific phenotype
transitions. Colors correspond to arrows in (a). The black bar for 1 < n < S0 corresponds to neutral mutants that do not induce a phenotypic
shift or fitness change. (c) Median wait times associated with accepted mutants in each evolutionary period (dots). Range bars represent
the 25th to 75th percentiles of the wait time distribution. (d) Classification of the weight change (w.c.) types carried by accepted mutants in
different evolutionary periods as follows: introduction of a new weight (purple) and adjustment of existing weight while preserving sign (green)
adjustment of existing weight with sign change (yellow). Solid bars indicate the probability of mutants carrying at least one weight change of
the type corresponding to the color. (e) The distribution of accepted weight change magnitudes expressed relative to the maximum regulatory
effect, defined as |wn+1

i j | − |wn
i j |/|wmax|, associated with mutants in different evolutionary periods. Color indicates weight change category as in

(d). (f) Percentage of accepted mutants carrying one to four weight changes, across different evolutionary periods. Crosses indicate likelihood
according to null sampling distribution (preselection), and bars indicate postselection percentages. For each mutant carrying multiple weight
changes we evaluate the minimum number of weight changes, k, required to produce the observed fitness gain. This information is visualized
in the heatmap, which presents the distribution of required weight changes k against the original number carried by the mutants. Yellow along
diagonal entries indicates that all weight changes are necessary for the fitness gain.

the morphogen inhibits output gene c (orange) through the
intermediary gene a (gray) [Fig. 1(c)]. This initial constraint
means that creating the proximal boundary simply requires
increasing positive feedback on gene c. Accordingly, ∼96%
of accepted mutations at n = 1 introduce a self-activation
interaction on the output gene c (orange). The wait times
associated with the acceptance of mutants in each evolution-
ary period indicate that the proximal boundary is typically
established quickly [Fig. 3(c)]. In contrast, establishing the
distal boundary at n = S0 takes orders of magnitude longer
[Fig. 3(c)].

Therefore despite the degeneracy in the genotype that
underlies stripe formation identified in the previous sec-
tion, phenotypic trajectories are highly stereotyped. These
phenotypic trajectories reflect the accessibility of new gene
expression boundaries imposed by gene interactions already
present in the system at the onset of selection for a stripelike
pattern. Consistently, altering the initial network configura-
tion impacts the typical sequence of phenotypic transitions
(Fig. S1 in Ref. [36]).

To understand what type of network changes typically pro-
duced each phenotypic transition, we characterized the types
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of weight changes carried by mutants accepted within each
evolutionary stage [Fig. 3(d)]. Mutants accepted in periods
1 < n < S0 and n > S0 primarily carry adjustments to existing
weights, and weight changes during these periods are typi-
cally of small magnitude [Figs. 3(d) and 3(e)]. These periods
are associated with the movement of existing boundaries,
indicating that the refinement of existing gene expression
boundaries can be achieved through small adjustments to an
existing network. In contrast, formation of new boundaries
at n = 1 and n = S0 typically required the addition of novel
regulatory interactions [i.e., new edges in the GRN; Fig. 3(d)]
and was often associated with weight changes of larger mag-
nitude [Fig. 3(e)]. Additionally, distal boundary formation
was associated with a change in sign of an existing regula-
tory interaction, from inhibition to activation or vice versa
[Fig. 3(d)]. Therefore our model suggests that generating
novel gene expression boundaries typically requires more ex-
tensive network reorganization than the adjustment of existing
boundaries.

To investigate whether the number of weight changes in
individual mutants impacts fitness, we next characterized the
number of weight changes per accepted mutant in each evo-
lutionary period [Fig. 3(f)]. Preselection, the probability of a
single weight change, p, specifies a null distribution for the
number of weight changes per mutant (crosses, Fig. 3(f)(i); for
derivation see Sec. 1.2.1 in Ref. [36]). Postselection this null
distribution may be “rebalanced”, representing the number
of weight changes carried by accepted mutants, and may be
suggestive of a selective bias towards more or fewer weight
changes [bars, Fig. 3(f)(i)].

For n = 1 and n = S0 we noted a bias for more weight
changes in accepted mutants in the postselection distribution
compared to the null distribution. The probability that a stripe-
forming mutant carries only a single weight change is ∼3%,
compared to the null expectation of ∼60% [Fig. 3(f)(i)]. A
similar bias, albeit less pronounced, is observed for n = 1
[Fig. 3(f)(i)]. Conversely, the number of weight changes car-
ried by mutants in periods 1 < n < S0 and n > S0 follow the
null distribution. Taken together, these results suggest that
the generation of new gene expression boundaries requires
interactions between multiple genes in the network to change
simultaneously. Inversely, adjustment of existing boundaries
is more readily achieved through single weight changes.

To investigate whether our results depend on how rarely
two weight changes appear together, we repeated our analy-
sis for smaller values of p, reducing the frequency at which
multiple weight changes appear in the same mutant. No-
tably, the postselection distribution of weight changes per
mutant across the different evolutionary periods was invari-
ant for smaller p, but the wait times for stripe inception
increased as expected given the increasing rarity of the
multiple mutation for smaller p (Figs. S2(a) and S2(b) in
Ref. [36]). This finding suggests that the capacity to generate
multiple weight changes at once may impact the evolvability
of GRNs and the spatial patterns they regulate during devel-
opment.

For each mutant carrying multiple weight changes we ad-
ditionally evaluated the minimum number of weight changes
that were strictly necessary to achieve the observed fitness
gain [Fig. 3(f)(ii)]. This evaluation reveals (1) when multiple

weight changes were strictly necessary for the original fitness
gain and (2) when weight changes interact with one another
to impact the phenotype. Many of the initial mutants (n = 1)
carrying multiple weight changes achieve the associated fit-
ness gain using only a single weight change [Fig. 3(f)(ii)].
This is puzzling as the postselection distribution of the number
of weight changes per accepted mutant suggests a selective
advantage for multiple weight changes. We reasoned that this
selective advantage for multiple weight changes at n = 1 can
be understood in the context of the minimality of the network
at this stage of evolution. Because few interactions are initially
present, new interactions are more likely to have no regulatory
effect on the output gene and hence be phenotypically neutral.
Introducing more weight changes merely increases the likeli-
hood that an interaction between genes with a positive fitness
effect is introduced (Fig. S3 in Ref. [36]).

Inversely, at n = S0, the increasing number of weight
changes carried by accepted mutants is necessary for the as-
sociated fitness advantage [Fig. 3(f)(ii)]. Given that multiple
weight changes per mutant is a necessary feature for the evo-
lution of new gene expression boundaries in our model, we
sought to mechanistically understand how these interactions
worked in combination to facilitate evolutionary trajectories.
To this end, we investigated the quantitative effects of indi-
vidual versus combined weight changes on fitness. Epistatic
effects naturally arise within gene regulatory networks, since
by definition multiple genes interact to activate or inhibit
other nodes in the network [53,54]. Therefore, placing our
analysis in the context of epispastic interactions is a promising
framework for our analysis.

C. Epistatic effects explain the need for multiple weight-changes

A broad definition of epistasis implies nonadditive fitness
effects between individual mutations [55]. Epistasis in our
model emerges when the sum of the fitness changes asso-
ciated with individual weight changes does not equal the
fitness change induced by the combined weight change mu-
tant. Epistatic effects can be classified into different types.
In a 2-weight mutant which is adaptive (i.e., �F > 0), sign
epistasis refers to a situation where at least one of the changes
is deleterious in absence of the other. When both changes
are deleterious individually this is known as reciprocal sign
epistasis (RSE). Magnitude epistasis refers to the case where
both individual changes are adaptive but together produce a
fitness effect which differs from the sum of their individual
contributions and can be positive or negative [55] (for quanti-
tative definitions see Sec. 1.8.2 in Ref. [36]).

To understand if and how epistatic effects impact the selec-
tive bias towards more than one weight change per mutant,
we focused on mutants carrying two weight changes and
characterized their epistasis type across the four key evolu-
tionary periods we have identified. First, we noted that the
frequency at which two-weight mutants exhibited epistasis
increased as evolution progressed Fig. 4(a). This is an intuitive
result, as the addition of more interactions in a network creates
dependencies between its connected components. Second, the
point of stripe inception was strongly correlated with elevated
sign and reciprocal sign epistasis, with the vast majority of
two-weight mutants at this point in evolution showing some
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FIG. 4. Epistatic effects in 2-weight mutants. (a) The distribution of epistatic effect classifications, as defined in the main text and with
color coding specified in legend, measured across 2-weight mutants in four different evolutionary stages. (b) An example of an mutant at the
point of stripe inception, n = S0, with high prevalence of RSE. (c) An example of an S0 mutant with high prevalence of sign epistasis. In both
panels (b) and (c): (i) The boxed GRN visualization shows the weight changes carried by an example 2-weight mutant and does not show
the remainder of the existing network (ii) the top two most frequent network structures prior to mutation (iii) the distribution of measured
epistatic effects for this S0 mutant across our evolutionary simulations. (d) The heatmap shows the frequency of fitness effects associated with
each individual accepted weight change for the two mutants in panels (b)(i) and (c)(i). Individual weight changes are classified as adaptive
(+), neutral, or deleterious (–). For example, instances where F (wi j ) and F (wkl ) are deleterious would represent a 2-weight mutant with
RSE. (e) Example calculation of weight change correlation. We calculated the weight changes (�wt

kl , �wt
i j ) induced by accepted 2-weight

mutants, where �wt
kl = wt

kl − wt−1
kl . We then measured the correlation ρ after grouping (�wt

kl , �wt
i j ) by unique weight identity, MST, and

epistasis type. (f) The distribution of spearman correlation magnitudes measured between pairwise weights, calculated from all 2-weight
mutants conditioned on epistasis type.

form of sign epistasis Fig. 4(a). In the case of reciprocal
sign epistasis, adaptive two-weight mutations are unlikely to
fix through sequential mutations, as both of these mutants
are deleterious individually. Similarly, sign epistasis means
that only one of these two-weight mutations have positive
fitness. Therefore, these forms of sign epistasis restrict single
weight mutants, explaining the strong requirement for multi-
ple weight changes observed at S0 in our simulations.

To understand the mechanistic origin of these epistatic ef-
fects, first note that stripe formation in our evolved networks is
achieved largely through incoherent feed-forward or negative
feedback loops Fig. 2(b). Accordingly, at n = S0 nearly all
(99.6%) trajectories carried at least one weight change in the
regulatory pathway that connects the gene that is activated by
the morphogen (gray) to the stripe forming gene (orange) via
interactions with the third gene in the network (pink) (Fig.
S4 in Ref. [36]). These connections are necessary to form a

variant of feed-forward or feedback loop and hence to define
the distal boundary.

To investigate why the evolution of these feedback loops
comes hand-in-hand with epistatic effects, we examined the
most frequent 2-weight mutants that led to stripe inceptions
at n = S0 (Fig. S5(a) in Ref. [36]). Our data indicate that
reciprocal sign epistasis frequently arises at n = S0 since gene
b (pink) has an existing role in regulating the stripe forming
gene c (orange) prior to stripe formation, either directly or
through another gene (e.g., Fig. 4(b) and Fig. S6(a) in Ref.
[36]). Therefore, any alteration of gene b activity must be
appropriately compensated by the second mutation, else its
individual effect is often deleterious. Sign epistasis at this
point emerges when one of the two weight changes is neutral
and the other is deleterious when introduced individually.
To explain this observation, note that the construction of a
feed-forward/feedback loop requires the inclusion of gene b
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(pink). However, frequently just prior to stripe inception at
n = S0 − 1 gene b has no existing regulatory effect on the phe-
notype (e.g., Fig. 4(c) and Fig. S6(b) in Ref. [36]). Therefore,
any new regulatory interaction which alters gene b without
additionally introducing an interaction between gene b and the
stripe forming gene c (orange) will be neutral.

It follows that an increased capacity for accepting neu-
tral mutants may allow trajectories to bypass the constraints
imposed by sign epistasis. To test this idea, we increased
the likelihood of accepting neutral mutants and restricted the
mutational process to generate only single weight changes
per mutant. Under these conditions, new gene expression
boundaries at n = 1 and n = S0 were frequently established
via the sequential fixation of a single weight change at a time
(Figs. S7 and S8 in Ref. [36]). So while a selective advantage
exists for mutants which induce multiple regulatory changes
simultaneously, neutral mutations and drift contributes to the
evolution of new gene expression boundaries. In this way our
findings suggest a means through which neutral drift can con-
tribute to the evolvability and diversification of GRN-driven
patterning.

The overall increase of epistasis as evolution progressed in
our model is not surprising, since stripe-forming mechanisms
encompass connected, nonlinear regulatory interactions. Ac-
cordingly, the correct function of feed forward mechanisms
requires interactions between multiple genes to be tuned with
respect to each other [56,57]. We reasoned that this type of
dependency between genes is likely to induce specific corre-
lations in the underlying regulatory weight changes postselec-
tion. To test if this was true in our model, we calculated the
weight changes (�wt

kl ,�wt
i j ) induced by accepted 2-weight

mutants, where �wt
kl = wt

kl − wt−1
kl . We then measured the

correlation ρ after grouping (�wt
kl ,�wt

i j ) by unique weight
identity, MST, and epistasis type Fig. 4(e). As predicted, the
correlations between weight changes postselection are higher
in the presence of epistasis and maximal in mutants that ex-
hibit RSE [Fig. 4(f)]. Furthermore, we found that RSE was
particularly enriched when considering weight changes within
the MST subnetwork (Fig. S9 in Ref. [36]). Therefore the min-
imal set of regulatory weights which support stripe formation
induce the strongest pairwise correlations in their evolutionary
trajectories, and these correlations manifest through strong
epistatic effects. Together these results indicate that epistatic
effects explain the selective bias towards multiple weight
changes per mutant observed in the previous section.

D. Constraints and predictability during GRN evolution

Epistasis has been linked to the classic question of histor-
ical contingency [58], in which early chance mutations can
restrict evolutionary paths [16,56,59,60], committing evolu-
tion to particular yet highly contingent outcomes. Given the
prevalence of epistasis in our evolutionary trajectories, we
wondered to what extent future evolutionary paths become
contingent upon the weight changes accepted in earlier steps.
Our framework generates a large number of evolutionary
trajectories at high efficiency. Thus, we can obtain datasets
that are sufficiently large to investigate the predictability of
evolution using statistical methods. Using our large dataset of

trajectories, we aimed to identify mutations that hold a pivotal
role in influencing evolutionary outcomes.

We built a predictive model of MST outcome given the
regulatory interactions present at any point in an evolution-
ary trajectory. Given an evolutionary trajectory which has
not yet achieved a stripe, our model aims to predict a set
of probabilities representing the likelihood of each possi-
ble mechanistic outcome becoming associated with the final
evolved stripe. In other words, given some partial trajec-
tory of genotype evolution T (i)

k = (W (i)
0 ,W (i)

1 ,W (i)
2 , . . . ,W (i)

k )
with k < S(i)

0 , we want to predict a set of probabilities
q(i)(k) = [q(i)

1 (k), q(i)
2 (k), . . . , q(i)

NT
(k)], where NT is the num-

ber of MSTs identified. Here q(i)
j (k) = P (M (i)

S0
= j|T (i)

k ) is the
probability that the MST associated with the stripe forming
mutant at n = S0 is the jth MST, given that we have observed
the trajectory up to the kth mutant. This is a probabilistic
classification task, where the history of the evolutionary pro-
cess up until the prediction point constitutes the explanatory
features, and the initial MST at n = S0 represents the “class
outcome.” We can then use the trained classifier to yield prob-
abilities for the different MST outcomes given the evolved
network at any point in a trajectory. Note that the classifier
predicts the MST driving stripe inception which can be several
accepted mutants ahead of the present genotype. For the pur-
pose of training a probabilistic classifier we limited ourselves
to the top 4 MST’s [∼65% of trajectories; Fig. 2(b)], with an
additional “Other” category representing the remaining MST
examples. Further details of the training procedure can be
found in Sec. 1.9 in Ref. [36].

An example trajectory and its associated predictions is
shown in Fig. 5(a). This trajectory consisted of four accepted
mutants before stripe inception at n = S0 = 4. The initial
prediction q(i)(0) simply reflects the proportion of each MST
observed in the train-set—the null prediction learned by the
model in absence of any information on the further evolu-
tion of the network. Following the first accepted mutant a
new prediction, q(i)(1), indicates that the network changes
have increased the likelihood that MST:1 will be adopted at
the point of stripe formation. Following the second accepted
mutant MST:4 becomes the most likely outcome and forms a
correct prediction which persists until S0. We describe a mu-
tant which changes the MST outcome prediction as branching
(see Sec. 1.9 in Ref. [36]). Therefore in the above example, the
second mutant was branching. In this way our model suggests
that a single mutant can drastically change the likely evolved
stripe-forming mechanism. These types of mutants repre-
sent the incorporation of new regulatory interactions which
change the likely path of evolution. Therefore, this quantita-
tive framework identifies network changes that drive specific
mechanistic outcomes automatically and at a large scale.

In general, we were able to predict final MST outcome
prior to S0, with a good out-of-sample predictive performance
given relatively few network modifications (Fig. 5(b) and Fig.
M1 in Ref. [36]). Interestingly, the predictive performance
of the model deteriorated significantly when only topologi-
cal information was considered by the classifier [Fig. 5(b)(i)
versus 5(b)(ii)], indicating that network topology alone is not
sufficient for determining the likely path of evolution and that
the magnitude of the interactions between genes matter.
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FIG. 5. Predictability of stripe evolution. (a) An example trajectory and the MST prediction probabilities for intermediate mutants. Colors
(red, blue, green, and purple) represent MST labels and correspond to color coding used in Fig. 2, with gray representing the “other” MST
category. A sequence of network configurations corresponding to fixed mutants in an example trajectory i is shown, with the MST realized at
S0 shown highlighted in purple, corresponding to MST:4. For each network W (i)

k in the ith trajectory we produce a probabilistic MST prediction
q(i)(k) using a trained XGBoost classifier. Here q(i)(k) = [q(i)

1 (k), q(i)
2 (k), q(i)

3 (k), q(i)
4 (k), q(i)

other(k)] where q(i)
j (k) is the probability that the jth

MST is realized at S0 given the kth mutant. Colored bars indicate the individual MST prediction probabilities q(i)
j . Black line indicates entropy

associated with the prediction probabilities q(i)(k). (b) The recall for each MST outcome evaluated on out-of sample networks at different
stages of evolution, evaluated using the complete predictive model (i) and the topology only predictive model (ii). Networks were first binned
according to the number of weight edits they had accumulated as a percentage of the total accumulated at S0. The bins were chosen so that the
number of networks in each bin was approximately equal. Next, the recall for each MST outcome was evaluated for the networks in each bin.
Recall is the percentage of correct predictions for the outcome. A prediction is deemed correct if it matches the MST outcome and furthermore
and persists from the point of prediction to S0; for more details see Ref. [36]. (c) Two-dimensional fitness landscapes associated with pairwise
weight changes carried by the (n = 1) mutant (i) with the associated MST predictions (ii). Pink and cyan arrows indicate weight changes
associated with selected branching mutations. Bar charts (iii) and (iv) represent the MST outcome distributions associated with pink and
cyan branching mutations. Filled bars indicate the distribution induced by the branching mutations, whereas nonfilled bars represent the null
distribution (P (M (i)

S0
= j|W0)). Scatter crosses indicate probability of each MST outcome given by predictive model for the branching mutants.

(d) Histogram showing the distribution of prediction attribution ratios 	carrier/	hitchhiker associated with mutants carrying hitchhiking weight
changes. Red dashed line indicates equal attribution between hitchhiking and carrier weight changes. The schematic shows that hitchhiking
weight changes (b → B) are those which are deleterious individually but adaptive when fix with a carrier mutation (a → A).
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We quantified how the statistical entropy, H (·), associated
with the predicted probabilities q(i)(k) changes as mutants fix
Fig. 5(a). Interpreting the entropy as a measure of uncertainty
inherent to the MST outcome, this example highlights the
intuitive notion that uncertainty decreases as evolution pro-
gresses. We found this to be a general principle, with mutants
and their corresponding network changes most often decreas-
ing uncertainty in eventual MST outcome (Figs. S10(a) and
S10(b) in Ref. [36]). This is in agreement with previous
work showing that the space of possible evolutionary paths
that a trait can take tends to narrow during its evolutionary
history [61,62]. While similar theoretical results have been
established for evolution on abstract fitness landscapes [63],
our analysis shows how the fitness landscapes associated with
patterning GRNs constrain evolutionary paths.

We then wondered whether we could steer evolution to-
wards a particular MST outcome by “engineering” the initial
mutant. We used the predictive model to identify initial
(n = 1) mutants that were branching towards a specific MST
outcome and identified the branching mutant producing the
largest negative entropy change, implying a highly certain
mechanistic prediction. To aid tractability, we focused on mu-
tants carrying 2-weight changes relative to the initial network.
The mutants found through this procedure for MST:2 and
MST:3 both induce the same change in fitness and hence
have an equal probability of fixation [Fig. 5(c)(i)]. Although
these mutants induce the same topological change, differences
in the weight values result in alternative mechanistic predic-
tions [Fig. 5(c)(ii)]. We then imposed the identified mutations
at n = 1 and simulated 5000 independent trajectories from
these new initial conditions. In both instances evolution was
steered towards the predicted mechanism [Figs. 5(c)(iii) and
5(c)(iv)]. Similar results were observed for mutations pre-
dicted to steer evolution towards other MSTs (Fig. S11 in
Ref. [36]). These findings suggest that regulatory interactions
incorporated early in network evolution can significantly bias
evolution towards a specific mechanistic outcome.

Recall that multiple weight changes were often selected
for together at the first accepted mutant (n = 1), not all
of which were strictly necessary [Fig. 3(f)]. Each adaptive
weight change at n = 1 therefore likely fixed with a non-
adaptive weight change, reminiscent of genetic hitchhiking
whereby neutral or slightly deleterious mutations appear to-
gether with a beneficial mutation and increase in frequency
as a result [64]. For each weight change we produce a
prediction attribution, 	, which quantifies to what extent
an individual weight change shifts the prediction for the
MST outcome of evolution (see Sec. 1.9.5 in Ref. [36]
for details). To then identify the relative importance of the
hitchhiking versus adaptive weight change in each mutant,
we calculate the ratio 	carrier/	hitchhike. In the majority of
cases, the hitchhiking weight change is far more instrumen-
tal in determining the mechanistic outcome than the weight
change associated with the carrier Fig. 5(e). This suggests
that regulatory networks can accumulate mutations which
are selectively neutral but nonetheless significantly alter the
course of subsequent evolution. A similar conclusion has
been reached experimentally in a transcription network that
controls the response to mating pheromone in yeast [65],
where the gain of a neutral regulatory interaction permitted

changes in the overlapping circuit responsible for pheromone
induction.

IV. DISCUSSION

In this work we have placed GRNs in an evolutionary
context to investigate how gene network organization, mu-
tation and natural selection together determine evolutionary
outcomes. Changes at the regulatory level is a fundamental av-
enue through which developmental patterns diversify during
evolution [2–8]. Although our analysis focuses on evolving
stripes, forming and adjusting gene expression boundaries is
fundamental to developmental patterning and its evolution.
Therefore, our findings and conceptual framework offer gen-
eral insights towards a mechanistic understanding of how
developmental regulatory networks emerge and diversify.

By framing the evolution of a stripe in gene expression
levels as successively establishing and adjusting sharp gene
expression boundaries, we identified network modifications
commonly linked with specific phenotypic innovations. Our
findings suggest that adjustments of existing boundaries typi-
cally occur through smaller changes in the strength of existing
gene interactions. Inversely, novel boundaries are achieved
through mutations that impact multiple gene interactions and
have a larger effect on network organization. These findings
are consistent with recent mutagenic studies in Drosophila
embryos [9] where point mutations on native enhancers rarely
resulted in expression outside of the native pattern, whereas
inserting de novo enhancer elements often drove novel pat-
terns. Our model offers a mechanistic theoretical framework
to interpret these experimental observations. Point mutations
in binding sites or TF coding regions typically induce smaller
changes in transcription rates [41,66], whereas larger changes
can arise through whole enhancer duplication [67]. Alterna-
tively, a novel enhancer element may induce a new regulatory
interaction into the network [68]. Therefore, although we do
not explicitly model gene regulation at the sequence level,
our model is able to capture key aspects of GRN response to
mutation and corresponding phenotypic shifts.

The capacity to generate changes in multiple gene inter-
actions within the same mutant was crucial to forming and
adjusting gene expression boundaries in our model. In our
analysis, we have interpreted this observation in the context
of functional epistasis, that is known to characterize pat-
terning GRNs [13,69]. Accordingly, epistatic effects were
prominent throughout evolutionary simulations. Specifically,
sign and reciprocal sign epistasis, whereby two changes in
gene interactions are adaptive only when they appear in the
same mutant, were key to the formation of new gene expres-
sion boundaries and boundary adjustment at later stages of
evolution when the core network becomes established. The
ubiquitous presence of these epistatic effects across more than
105 independent evolution trajectories indicates that they are
likely a general property of GRN-driven pattern evolution.
Given this prevalence of epistasis in our analysis, we speculate
on its possible implications for the evolvability of GRN-driven
patterning mechanisms.

A pervasiveness of sign and reciprocal sign epistasis during
GRN evolution implies that the capacity to generate adap-
tive mutants depends on the likelihood of generating single
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mutants where multiple gene interactions change. Therefore
the evolvability of GRN-driven patterning, broadly defined as
the ease with which new phenotypes are accessed, depends on
the genetic constraints which determine how likely multiple
gene interactions are to change together in single mutants.
Indeed convergence rates in our simulations correlated with
the likelihood of generating multiple weight changes at once.
A key question then becomes the following: How does the
molecular basis of transcription and regulation interact with
mutation to rewire regulatory networks?

Experimental work has characterized the evolutionary po-
tential of mutations at the TF level for network rewiring [70]
and the role of enhancers in introducing novel genes into a
regulatory network [68]. In our model, specific combinations
of gene interactions were selected for together and in a highly
correlated manner. Could genetic architecture itself facilitate
the correlations that are necessary to resolve these constraints
and hence facilitate the evolution of patterning GRNs? For
example, theoretical work in a class of genetic algorithms
suggests that correlations in system parameters may enable
mutations to align optimally with the contours of a fitness
landscape, resulting in faster convergence towards fitness op-
tima [71]. In a regulatory network, these type of correlated
changes could arise through mutations in enhancer binding
sites with cooperative or competitive effects or when binding
sites of independent TFs are in proximity of one another
[72,73]. Our work provides grounds for studying these ef-
fects and their potential role in the evolution of patterning
mechanisms. Advances in synthetic biology are beginning to
shed light on how fragments on individual enhancers drive
TF expression by engineering synthetic CREs and screening
for their function [74]. This approach could be combined
with our framework in the future to elucidate how the logical
rules that underlie enhancer signaling impact GRN-driven
spatial pattern evolution. Furthermore, insights from theoret-
ical frameworks that study regulatory evolution by modeling
mutation at the sequence level [75] could be incorporated in
our framework to explore their consequences for patterning
evolution.

We showed that in principle neutral drift could bypass
certain epistatic constraints by allowing the accumulation of
multiple weight changes in the same individual sequentially.
Therefore in spite of the strong preference for multiple weight
changes, we saw successful stripe evolution using only sin-
gle weight changes given an increased propensity for neutral
weight changes to fix. In this way, our work provides a mech-
anistic argument for the importance of neutral adaption in
the evolution of regulatory networks [76]. The epistatic ef-
fects identified in the evolution of stripe forming mechanisms
imply that the ability for neutral adaption to circumnavigate
epistatic constraints could be a general property of evolution
on patterning fitness landscapes. This may arise due to the
inherent degeneracy in network topology for GRN-mediated
patterning, whereby multiple network topologies can drive the

same spatial pattern [38] and the presence of so-called neutral
networks, which have been shown using synthetic networks
to enable new phenotypes to be accessed through mechanisms
such as drift [12].

The dependence of phenotypic accessibility on GRN
topology and the mutational process alludes to historical
contingency as an important aspect of GRN evolution, so
that network changes accumulated early may influence sub-
sequent evolution [13,18]. We have built on this idea by
investigating how the evolution of specific stripe forming
mechanisms becomes contingent upon early network organi-
zation. By developing a predictive framework we identified
“branching mutations” early in evolution, which we were able
to show significantly altered the likely mechanistic outcome.
This suggests that degeneracy in patterning mechanisms, in
combination with the constraints imposed by the existing net-
work on subsequent mutations drives historical contingency.
By employing machine learning techniques in combination
with a large dataset of evolutionary trajectories we present
a novel method to investigate the importance of historical
contingency, echoing existing probabilistic characterizations
of historical contingency [77]. In particular we demonstrated
how explainability techniques [78] offer a principled way to
identify the specific motifs which introduce constraints in a
network evolution setting. Furthermore, the identification of
branching mutations using our framework could guide syn-
thetic GRN evolution assays in the future.

In conclusion, we have developed a high-throughput and
tractable computational approach for GRN-driven devel-
opmental patterning that we have used to probe general
principles of the evolution of development. Our framework
can be adapted in the future to integrate new information
from synthetic engineering assays [74] and simulations at the
sequence level [75] that probe the constraints that regulatory
architecture introduces to the evolution of GRN-driven de-
velopmental patterning. In addition, the framework we have
developed can be adapted to investigate other phenotypic
transitions or more complex networks. In this way we hope
that our findings will stimulate further research, driving ad-
vancements in our understanding of developmental pattern
evolution.
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