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This paper presents important findings on how the shapes of leaves might be biased
towards simpler shapes due to biases in how variation is generated by developmental
processes rather than selection. The authors present solid evidence that combines image
analysis of a herbarium dataset and computational analysis of a model of leaf
development. The paper should be of interest to diverse researchers, ranging from plant
development to the evolution of complexity more broadly.
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Abstract

The relative influence of developmental bias and natural selection on evolutionary outcomes
remains a central, unresolved question in evolutionary biology. Here, we combine large-scale
phylogenetic trees with herbarium data to confirm that, across the evolutionary history of
angiosperms, transitions from complex to simple leaf shapes have occurred at a significantly
higher rate than the reverse. To investigate whether this directional trend reflects an underlying
developmental bias, we simulate evolutionary transitions by introducing random mutations into a
well-established computational model of leaf development. Despite excluding selection, the
transition rates produced by the model closely align with those observed in the phylogenetic data.
This agreement indicates that a strong developmental bias, reflecting the relative ease with which
gene regulatory networks generate simple over complex leaves, has played a major role in shaping
the evolution of leaf morphology. Our findings echo recent work showing that similar biases
towards simplicity influence the evolution of molecular structures, including RNA secondary
structures and protein quaternary assemblies. Together, these results suggest that a
developmental bias favouring simplicity may be a widespread and general feature of evolutionary
systems.

I. Introduction

Much of the phenotypic diversity across the tree of life can be explained by adaptation to
ecological demands via natural selection. However, this process is constrained by the mechanisms
that generate phenotypic variation, including development [1, 2], which translates genetic

information into form. While this idea is widely acknowledged in evolutionary developmental
biology [1-3], only recently have advances in methodology and our understanding of development

particularly for complex traits like morphology. Here, we test whether developmental bias can
account for macroevolutionary patterns in angiosperm leaf shape evolution.
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Angiosperm leaves are an attractive system to study developmental bias. They display vast
morphological diversity, much of which can can be effectively represented in only two spatial
dimensions due to minimal growth along the adaxial-abaxial (upper-lower surface) axis [14]. This
diversity arises from variations in growth patterns regulated by gene regulatory networks (GRNs)
that orchestrate both local and global growth dynamics during leaf development, allowing
complex forms to emerge from anisotropic expansion. These processes include deeply conserved
genes and developmental mechanisms [15]. Variation in leaf morphology is driven not so much by
changes in gene content, but rather by differences in the spatial and temporal expression of
shared developmental regulators. This helps explain why closely related species can display wide
variation in leaf shape. For instance, the genus Pelargonium includes species with unlobed, lobed,
dissected, and compound leaves [16]. Similarly, significant variation can occur within a single
organism, as seen in Morus alba (mulberry), which produces both unlobed and lobed leaves, often
with varying degrees of lobe symmetry [14, 17]. The conservation of basic growth mechanisms
also suggests that some developmental biases will be, to first order, shared across many different
angiosperm species, enabling large-scale studies of the role of development in determining

evolutionary outcomes.

At the same time, there is evidence that leaf shape can be influenced by ecological demands such

leaf shapes (76% in their sample - ta

shapes are highly asymmetric. Specifically, transitions from more complex forms - such as lobed,
dissected, or compound leaves - to simpler unlobed forms occurred far more frequently than
transitions in the opposite direction. What explains this global bias towards simpler leaves? Is it
primarily development or is it primarily adaptation?

In order to answer this question, we proceed with two parallel lines of work. In the first, we
extend the phylogenetic analysis of Geeta et al. [36] with two much larger, recent phylogenies [37,

confirm that transitions to unlobed leaves are much more likely than transitions away from
unlobed leaves.

In the second line of work, we examine the role of random mutations using a well-established
computational model of angiosperm leaf development by Runions et al. [14] (fig. 53). This model
captures key conserved developmental mechanisms thought to be broadly shared across
angiosperms (Methods section IV A), allowing us to explore the generic effects of neutral evolution
in the absence of direct selection on leaf shape. Remarkably, we find that random mutation alone
is sufficient to reproduce the relative phylogenetic rates toward unlobed leaf forms. This suggests

that developmental bias may be the first-order explanation of this macroevolutionary trend.

The basic mechanism driving this bias towards simplicity is straightforward [8]: complex leaf
shapes need more specificity in their GRNs than the simpler unlobed leaf shape [40]. As a result,

random genetic variation is more likely to produce simple shapes rather than complex ones that
need more finely tuned parameter combinations.

II. Results

A. Transition rates from simple leaves to complex leaves are
greater than vice-versa across angiosperm phylogeny

To establish whether there is a phylogenetic bias towards simple, unlobed leaves, we inferred the
rate of evolutionary transitions between different leaf shapes across angiosperm phylogeny. We
first classified 8,911 herbarium images (fig. 1a) [31] into 4 discrete categories - unlobed, lobed,

dissected and compound. We used these data, as well as another shape classification dataset from

Malone et al., 2026 eLife 15:RP110692. https://doi.org/10.7554/eLife.110692.1 2 0f 36


https://doi.org/10.7554/eLife.110692.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/evolutionary-biology

::"....‘ eLife Evolutionary Biology

species and Janssens et al. [37] species) enabling us to examine how altering the amount of species-
level diversity affects inferred transition rates. In agreement with Geeta et al. [36], we found that

strong bhias towards simple, unlobed leaves.

To infer the rate of evolution between each of these 4 categories while accounting for tree
topology, we fitted a continuous-time Markov chain (CTMC) model to the labelled trees (Methods
section IV E), using a Markov chain Monte Carlo (MCMC) approach implemented in BayesTraits
V4.1.2 [41]. In agreement with Geeta et al. [36], we detected a significantly higher rate of

transitions to the simplest shape (unlobed) compared to transitions away to more complex shapes
(figs. 1a® and 7a@).

B. A computational model of leaf development recapitulates in-vivo
experiments demonstrating developmental bias towards unlobed
leaf shape

To investigate how much of the preference for unlobed leaves can be explained by developmental
bias, we use a popular model from Runions et al. [14] that combines gene-regulatory networks and
key growth mechanisms for leaf shape (Methods section IV A). As a first validation test, we use the
model to analyse in-vivo experiments by Kierzkowski et al. [40] that identified a bias towards

simpler leaf shapes in Arabidopsis thaliana and Cardamine hirsuta.

In particular, this study found that expression of the genes SHOOTMERISTEMLESS (STM) and
REDUCED COMPLEXITY (RCO) together was necessary to generate the compound shape in C.
hirsuta and sufficient to induce compound shape in A. thaliana (fig. 2a(2). Therefore, in this

system, compound shape requires a more specific combination of gene expression than simpler
shapes (e.g. lobed, unlobed).

While the Runions et al. [14] model was not designed to model this system specifically, we tested

model parameters that control similar growth properties to the genes STM and RCO, total growth
duration and morphogen repression strength respectively (fig. 2(3). In agreement with the

experiments, we found that activating both parameters together was sufficient to lead to a
compound shape while activating each in isolation was not (figs. 2a@ and 2b ).

Having reproduced the experimental phenotypes, we next used the model to explore the STM /RCO
parameter space in more detail, systematically varying morphogen repression strength and
duration of growth within their biologically plausible ranges (fig. 2c ). We found that the
majority of this space (20 of 25 parameter combinations) was occupied by simple, unlobed shapes,
with only a small fraction representing more complex shapes (1/25 dissected, 4/25 compound - see
Methods section IV D). This agrees with Kierzkowski et al. [40] who also found that a similar fine-

tuning is required for compound leaves.

C. Mutation in a computational model of leaf development is
sufficient to reproduce phylogenetic bias towards simple leaves

The mechanism derived from the experiments on varying STM /RCO, shown in fig. 2[4, is one

specific driver of developmental bias. To investigate a wider range of possibilities, we study the
effect of random mutations for a broad set of Runions et al. [14] model parameters (table S1). We

first generated a sample of initial leaves representing a diverse morphospace (figs. S1 and 1b). We
mutated the initial sample using a random walk algorithm with two different mutational schemes,
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FIG. 1. Asummary of the methods and main results.

We inferred transition rates between leaf shapes in two different ways: (a) by fitting a continuous time Markov chain (CTMC)
model of trait evolution to phylogenetic trees and (b) by simulating mutation in a computational model of leaf development.
(a) (Left) A sample of images from the Naturalis Biodiversity Center [31][32-35] herbarium are manually classified as unlobed

tree are shown as arrows. Black (grey) arrows depict rates for which 0 falls outside (within) a 95% credible interval. (b) (Left)
An initial sample of 48 leaves representing a wide morphospace is generated using the Runions et al. [_1__f_1_] model (Methods
sections IV A and IV B). Leaves in this sample are mutated in parallel through a random walk algorithm, with no selection
besides rejecting parameter combinations that give physically implausible leaves (table ICZ ), generating a sequence of leaves
that evolve away from the initial leaf (Methods section IV C). (Middle) Every leaf is classified as unlobed (u), lobed (1),
dissected (d) or compound (c) using an automated morphometric approach (Methods section IV D), giving a sequence of

character states for each walk. To this trajectory, a CTMC model is fitted using MCMC (Methods section IV E). (Right) Arrows
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FIG. 2. An experimentally motivated illustration showing that simple leaves are easier to generate than

complex leaves.

(a) Leaf silhouettes of wild-type A. thaliana and three mutants, which result in lobed (+STM, +RCO) and compound shape
(+STM [+RCO) (reproduced from Kierzkowski et al. [40] with permission). Ectopic STM and RCO expression individually create a

increasing the growth repression strength of one morphogen on the margin of the leaf. Morphogen presence is represented
by the purple/blue lines outside the margin. (c) A morphospace showing the resulting shapes from different levels of the two
parameters we use to approximate STM and RCO. The range shown for morphogen repression strength is the range in which
biologically plausible shapes can be produced. The range for duration of growth is the range in which leaves can be generated
in a reasonable timeframe. In the parameter files of the Runions et al. [14] model, the parameters we refer to as morphogen

repression strength and duration of growth are given by FAIRING4 and FINALFRAME respectively.
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four shape categories (unlobed, lobed, dissected and compound) using a morphometric classifier
(fig. 62). Of the 76,800 total leaves generated per simulation, we found that the proportion of
unlobed, lobed, dissected and compound were 73.4%, 9.6%, 11.4% and 5.6% respectively for MUT2
and 76.1%, 7.2%, 11.4% and 5.4% respectively for MUTS5. This shows that our results are robust to
the two different mutational schemes. Both reflect the fact that unlobed leaves occupy a
significantly greater proportion of model parameter space that produces viable leaves than more

complex shapes do (see also Results section II D).

Regardless of the initial leaf shape, over the course of these random walks, the proportion of walks
in an unlobed state increased to an equilibrium just below 80% while most other shape categories
stabilise to a significantly lower proportion (figs. 32 and 8 2). These predictions lie within the

that mutation and development alone are, to first order, sufficient to predict the relative
frequency of different leaf shapes over evolutionary time.

To enable a more detailed comparison between simulation and phylogeny, we inferred the rates of
shape transitions from our simulations. By estimating rates for all 12 possible (non-self)
transitions, we gain deeper insight into the dynamics of shape change over time than by
examining the proportions of the four shape categories alone. To do this, we fitted the same CTMC
model used for the phylogenetic inference to the random walk data, to estimate the evolutionary
rates between shape categories in the absence of everything but mutation, using MCMC [42, 43]. In
agreement with our phylogenetic inference, we found that transitions from unlobed occurred at a
significantly lower rate than transitions to unlobed, giving a consistent net transition rate towards
unlobed (figs. 1b® and 7a(®). This robust agreement between relative rates derived
independently from simulations and phylogenies suggests that the evolutionary preference for
simple leaves observed across angiosperm phylogeny may primarily be driven by developmental
bias instead of selection.

By contrast, for transition rates between complex leaf shapes (Iobed, dissected and compound)
(figs. 1@ and 7a @) there is less agreement between both the different phylogenies, and between
the phylogenies and the simulations. These differences could be because selection has played a
more prominent role in the transitions among more complex leaf shapes than it has for transitions
from complex to simple. The model may also be less reliable at resolving relative rates of complex
leaves, for which more detail needs to be specified. Fully resolving the discrepancies for
transitions between more complex leaf shapes would require reducing the error associated with
the phylogenetic rate estimates, which in turn would necessitate significantly more leaf shape
data.

D. Complex leaves occupy less volume in parameter space and are
closer to simple leaves, but not vice versa

To further investigate the mechanisms behind the bias towards simple leaves, we explored — much
as we did for the experimentally inspired study in fig. 2c 2 - the relative volumes in parameter
space that different shapes occupy. Projecting the parameter values of all random walk outputs
into a 2D space via principle component analysis (PCA), reveals several possible factors affecting

relative rates (fig. 4 ). First, it shows that each of the four shape categories occupy a different

suggesting that the bias towards simple forms in our simulations can be partially explained
because, as argued before (fig. 22 ), more parameter combinations map to simple leaves than

complex leaves are close to simpler leaves in parameter space but not always vice versa. This
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FIG. 3. The proportions of each leaf shape over time as predicted by in-silico mutagenesis and phylogeny.
(Simulation) The solid blue line represents the mean proportion of random walk chains in each state at each time step ( +
(dashed line) and MCMC with errors inferred from MCMC posteriors via Monte-Carlo error propagation. Since step size is
arbitrary, for comparison with the phylogenetic model, we adjust the x-limits for the simulation such that the CTMC
predictions for both the simulation and phylogeny reach halfway from the initial distribution to the stationary distribution by
approximately the same distance along the axis. (Phylogeny) We predict how the proportions of each leaf shape evolve from
the same initial proportions used in the simulations, using the CTMC inferred from each phylogeny (green - Zuntini et al. [38]

genus (fig. S3@), red - Janssens et al. genus (fig. S5 )). Dashed lines represent the prediction using MLE transition rate

values. Errors for all CTMC predictions were inferred from the transition rate MCMC posteriors using Monte-Carlo error
propagation (N = 500), and represent a 95% credible interval for each time step. We show these extrapolations for a time

period equal to the approximate age of the angiosperm clade (200 Myr) [38].
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FIG. 4. Simpler leaves occupy a greater volume than complex leaves in model parameter space.
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(a) A 2D histogram of model parameter space given by the 2 principle axes from a principle components anlaysis (PCA) of a
sample of 4000 leaves from each shape category from one of the simulations (MUT2). Mean bin occupancy is calculated via a
bootstrapping approach, by sub-sampling with replacement N = 1000 leaves from each shape category for 10000 iterations.
Bins are shaded if the mean occupancy across these iterations is 20.5. This reveals that unlobed leaves occupy a larger region
of model parameter space than more complex shapes and that this larger space also contains the majority of more complex
leaves. Moreover, more complex leaves are concentrated within a much smaller area than unlobed leaves. (b) The no. PC1-
PC2 2D histogram bins occupied by each leaf shape in 10000 bootstrap samples (N = 1000) of a balanced sample of MUT2
(4000 per shape category). Bins with at least 1 leaf present are counted. This reveals that unlobed occupies by far the largest

area in this 2D projection of parameter space. We find the same is true for other PCs (fig. S16 32).
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FIG. 5. A description of the leaf model from Runions et al. [14], highlighting the three key components of

leaf development and their interactions.

(a) Model components illustrated in leaf form (inspired by Runions et al. [14] fig. 3C2). Margin in black, veins in blue, lamina
in green, convergence points in white with black outlines. (b) The three components of the model with arrows indicating
interactions that affect growth. (1) Existing morphogens and convergence points influence where new ones will form. (2)
Convergence points and morphogens influence local growth rate. (3) Convergence points induce new veins. (4) Veins
determine local growth direction. (5) Existing veins influence the growth of new veins. (c) Zoomed view of the margin,
showing how growth of the vasculature and patterning on the margin interact to produce protrusions and sinuses. Veins (in
blue) extend, pushing the margin out, however a morphogen (in orange) inhibits webbing between the veins, causing a sinus
to form. This increases the distance between the two convergence points, leading to the insertion of another convergence
point between the two that excludes the morphogen from its vicinity. Existing vasculature connects to the convergence point
and specifies a new axis of growth. (d) Different growth stages of a model leaf. The dark blue morphogen inhibits webbing

and convergence point formation, the light blue morphogen delineates the petiole. The value of t denotes the iteration of the

simulation.
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FIG. 6. A summary of the morphometric classifier.

(a) Example lobed leaf. (b) Silhouette with local maxima in orange, minima in blue and reference point in green. (c) Graph of
distances of each contour point to the reference point. Local maxima shown in orange, minima in blue.
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provides another mechanism making transitions from complex leaves to simple easier than the
reverse. We also observe this same pattern for PC3-PC4 (fig. S16b @) and PC5-PC6 (fig. S16c 7).

Finally, the parameter space of unlobed leaves appears to be much more connected than the space
of more complex leaves. Constructing a nearest neighbour graph (no. neighbours = 6) from the
PC1-PC2 parameter space reveals that unlobed separates into far fewer connected components (3)
than lobed (131), dissected (96) and compound (235) (fig. 9%). This may further contribute to the

bias in transition rates towards unlobed, as less connected spaces would be more frequently exited
by random walks than more connected spaces.

Our results show that the finding from experiments [40] and manual parameter searches (fig.

disparity, in addition to other properties including the degree of overlap between shape categories
and the connectedness, may account for much of the bias towards unlobed we see in our
simulations,

III. Discussion

We set out to test the hypothesis that mutation alone was sufficient to produce the higher
transition rates towards simple leaves compared to complex leaves observed in angiosperm
phylogeny [36]. By performing in-silico mutagenesis, we found that non-adaptive processes alone
produce greater transition rates to simple unlobed leaves than to complex leaf shapes such as
lobed or compound (figs. 1b & and 32 ). We also reproduced the observation from angiosperm
phylogeny that unlobed leaves have evolved at a faster rate from complex leaves than vice versa
[36], using larger and more recent trees [37, 38] and new classification data (figs. 1a( and 3 ().

Together, this suggests that a developmental bias towards simple, unlobed leaves can explain this
macroevolutionary pattern in flowering plants.

Our finding is consistent with the growing body of evidence that developmental bias can play a
significant role in evolutionary outcomes for morphological traits [4-1 The particular bias towards
simplicity is consistent with recent work arguing for a generic bias towards descriptional
simplicity in genotype-phenotype maps [8]. Johnston et al. [8] provided examples of this bias
strongly affecting RNA secondary structure, where simpler structures are much more likely to be
observed in nature than complex ones (see also [44]) and for self-assembling protein quaternary
structure, where this bias helps explain the prevalence of highly symmetric forms in the protein
data bank (PDB). Furthermore, this bias has been predicted to hold more widely for input-output
maps [45]. This generic argument implies that the simplicity bias observed in molecular
phenotypes may extend to the level of macroscopic phenotypes, which we show here for leaf
shape, but also potentially to a much wider set of morphological phenotypes. More specifically, our
results suggest that this bias toward simplicity may hold generically when development uses
conserved mechanisms and GRNs where complex phenotypes need tighter parameter

specification than simpler phenotypes.

Our study also opens up a number of future directions for studying the evolution of leaf shape.
First, it would be valuable to repeat similar simulations in alternative models of leaf development
this one, as it captures key conserved elements of angiosperm leaf development while generating a
large morphospace, but, if the same bias towards simplicity was observed in other models, this
would provide further evidence that it is a general property of leaf development. Second, it would
be illuminating to conduct similar in-silico mutagenesis, but classify the resulting leaves using a
continuous classification system instead of discrete categories. For example directly measuring
more subtle biases between different leaf forms to be identified. Third, when inferring transition
rates from phylogeny, we were limited by the availability of herbarium data, the resolution of
phylogenetic trees and the rate at which herbarium leaves could be manually classified. To more
accurately resolve transition rates between more complex shape categories, it would be useful to
repeat this study with larger phylogenies. This would likely require an automated method for
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herbarium shape classification. Finally, the methodology presented in this study — combining
phylogenetic analysis with evolutionary and developmental computational models - could be used
to study the evolution of other traits where a reliable developmental model exists, and
phylogenetic data is available (e.g.[5]). This would greatly expand our understanding of how well
development can predict trait evolution across phylogeny.

IV. Methods

A. Simulating leaf development

We use a well-established model by Runions et al. [14] to approximate the developmental
programme underpinning angiosperm leaf shapes. In this model, leaves are represented in 2D as
three components (figs. 5a? and 5b @). First, an open tree structure with growing edges to which
new edges are added, representing the vasculature. Second, a polygon with morphogen presence
or absence at each vertex that deforms according to the growing vasculature and instructs the
initiation of new veins, representing the margin. Third, a passive triangular mesh representing the

lamina that fills the space inside the margin.

Many similar models capture a narrow range of shape diversity—for example, variation within A.
leaf shapes within a single parameter space. This enables the inference of transition rates between
highly divergent shapes such as unlobed and compound. However, it also introduces challenges as
the genetic basis of leaf shape differs among lineages and remains poorly resolved for many non-
model species. To address this, the Runions et al. [14] model is formulated at the level of
developmental mechanism rather than specific genes. It is important to understand therefore, that
this model is limited in what it can tell us about leaf development and evolution at the level of
specific genes. Growth in the Runions et al. [14] framework is a product of two key developmental
mechanisms. The first is morphogen patterning on the leaf margin. The margin—the tissue at the
adaxial-abaxial boundary— has long been recognised as a critical site for patterning during leaf

development. For example, auxin patterns marginal outgrowths in Solanum [49], A. thaliana [46]

also localise to the margin and determine whether these auxin-driven outgrowths form serrations,
lobes or leaflets. The closely related CUC3 and NO APICAL MERISTEM (NAM) genes localise to
leaflet primordia boundaries, and their down-regulation reduces serration and lobing in diverse
lineages, namely Aquilegia caerulea, Pisum sativum, Cardamine hirsuta, Solanum lycopersicum and
Solanum tuberosum [51]. Although the role of auxin in patterning protrusions is highly conserved,
many other developmental regulators are not conserved across phylogeny. For example, RCO is
only present in the Bras-sicaceae family [52] and therefore plays no role in determining leaf shape
in other compound lineages such as Solanum. Furthermore, there are likely many other genes
regulating leaf shape in non-model species that are currently unknown. The model accounts for
this variation and uncertainty by not assuming a conserved identity for the morphogens. The
number of morphogens present can vary as well as their effect on growth according to their
associated parameter values. What is assumed to be conserved is the broader principle that

growth-modifying morphogens form patterns along the margin.

The second key mechanism that the model incorporates is the alignment of local growth direction
with veins. This is consistent with the telome theory [53], according to which leaves first evolved
by the webbing of tissue between shoots, as well as a number of lines of empirical evidence. At the
tissue level, deeply dissected leaves (e.g. Pelargonium carnosum) necessarily align growth
directions with main veins and variegated leaves also show growth orientations that track major
veins [14]. At the molecular level, auxin has been shown to pattern veins [54, 55] as well as
marginal outgrowths [46, 49, 50] in model species, consistent with the model assumption that vein

growth drives margin growth. In the Runions et al. [14] model, consistent with observed patterns

and special points on the margin known as “convergence points”. New convergence points form
between old convergence points depending on the distance between old points and the effect of
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primordium emergence in the shoot apical meristem, where new primordia emerge in the largest
space between existing primordia. Some properties of veins are not captured by the model,
specifically closed reticulate and parallel vein architectures. This is partly because there is some
uncertainty surrounding the mechanisms by which these architectures form [55, 58], but we
acknowledge this as a limitation of the model.

More broadly, much of our understanding of leaf development derives from a small number of
model species. These have revealed some conserved genes and mechanisms [59], but many details

B. Generating the initial sample

Since a range of different forms are contained within each shape category, we began our
simulations from leaves drawn from an initial sample representing a wide variety of
morphologies (16 unlobed, 8 lobed, 11 dissected, 13 compound) (figs. S1 and 1b). This sample was
generated using a variety of methods. Some were taken from Runions et al. [14], others were

generated by tuning parameters by hand and some were taken from the output of random walks
on leaves from Runions et al. [14].

C. In-silico mutagenesis

To simulate mutation to our sample, we used a constrained random walk algorithm. The algorithm
samples the parameter space of biologically plausible leaf shapes surrounding the starting leaf by
making a small change to one of the parameters, checking the validity of the resultant leaf (table

chose this approach over other methods, such as uniform sampling or latin hypercube sampling,
as the biologically relevant ranges of each parameter were unknown. Random walks have been
shown to cause some biases towards high-robustness regions of parameter space in discrete
parameter spaces represented as networks [60], which in this case would result in the under-
representation of invalid leaves. We have no reason to assume that this would systematically bias
the rates between valid leaves but this cannot be fully excluded. For each of the 48 leaves in our
initial sample (fig. S12), we ran 5 random walks for 320 steps, generating a total of 5 x 48 x 320 =
76, 800 per simulation. We allow 100/122 model parameters to vary throughout the simulations
(table S1). Not all parameters are included, as some are not relevant to leaf shape (e.g. control how

the image is rendered).

To test the robustness of our results, we repeated the simulation with 2 different mutational
schemes. MUT2 (alg. 1 @) iterates through the parameters in a random order, and attempts to
change the parameter by a value selected at random from an array of numbers randomly
generated at 3 different orders of magnitude. MUTS5 (alg. S2) is the same as MUT2 except the value

each parameter is multiplied by 10% of the range of that parameter within the initial leaves (fig.
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Check Condition

Weight dif-|The difference in leaf area either side of the

ference midvein must not exceed 6% of the total leaf
area.

Leaf width |Final leaf must be wider than 110% of the
width of the leaf at the first iteration of the
growth simulation.

Veins  out-|Less than 3.7% of the total vein area can be
side lamina |non-overlapping with the lamina.

Veins width | The maximum width of the vasculature must
be greater than 5% of the total image width.
Veins area |The proportion of total leaf area that is occu-
pied by veins must be greater than 5%.
Overlapping | The proportion of the lamina (interior area of

margin the leaf) that is occupied by leaf margin must
be less than 0.1%.

Error or|Simulation exits unexpectedly or lasts longer

timeout than 160 seconds.

TABLE I. Random walk constraints.

The only type of selection we apply during the walk is stabilising selection for physically plausible leaves. See fit
examples of rejected leaves. Weight difference (fig. S2a ) ensures that the midvein and petiole are roughly in |

combinations result in the simulation exiting unexpectedly or taking a very long time to complete, posing an additional
constraint.
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Algorithm 1.
Random Walk MUT2

0 < initial parameter values
for step < 0 to NyazrGenerated — 1 do
for attempt < 0 to Nyuzattemprts — 1 do
@'+ 60 // Copy parameters for this step
mutation < random draw from {
uniform[0.1, 1),
uniform(1, 10),
uniform|10, 100)
t
sign < random choice from {—1,1}
i < random draw from {0, ...,length(@) — 1}
Q'ﬁ]%—-Qﬁ]—k(rnutatﬁn1><sign) // Mutate
Run simulation with 6’
if leaf passes sanity checks then
0«0 // Save new parameters

break

D. Shape classification

To sort the leaves into each of the four shape categories (unlobed, lobed, dissected, compound), we
developed a computer-vision program (fig. 6 2), to reduce error from subjectivity. It finds the

coordinates of key landmarks in the leaf image, extracts morphometric measurements and assigns
a category based on threshold values of these measurements (eq. (1) ). These morphometric

algorithm.

First, the main visual features are extracted from the leaf image, including silhouette, margin,
lamina and veins. The coordinates of each pixel along the edge of the silhouette (the contour) are
extracted. A reference point is defined in the centre of the mid-vein at the point where it first

distance array that pass a certain prominence threshold are determined using find_peaks from the
scipy.signal package with distance=10 and prominence=25. These pertinent extrema represent
estimates for the coordinates of the tips and sinuses of any protrusions in the leaf margin (fig.

serrations are excluded.

From the coordinates of the local minima, maxima and the reference point, we calculate a number
of morphometric measurements which are then used to classify the leaf. 3 measurements are
used: ¢, the total no. pertinent local maxima and minima; a, the average angle bound by each local
maxima and its two adjacent minima; and w, the average horizontal distance between each pair of
local minima, closest to the midvein, that share the same vertical coordinate (measured in pixels).
The definitions for each of the shape categories are as follows:
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(e>5Na<8)V
(e > 5 Aw < 25 pixels )
€ >5 A a < 30° = Dissected (d), 1)
€>5Aa<60°= Lobed (1),
€ <5Va>60°= Unlobed (u).

} = Compound (c),

Any leaf that fails to satisfy any of these conditions is labelled as “unclassified”, however
there were no unclassified leaves in both the MUT2 and MUTS5 simulations.

Leaf shape is a continuous trait, thus the boundaries between discrete categories, such as those in
eq. (1) 3, are arbitrary. This makes it difficult to assess the accuracy of the classifier algorithm.
Nevertheless, we wanted to have some measure of how close it matches classification by eye.
Therefore, we manually classified 200 leaves randomly selected from one of the simulations, with
an equal number from the output of each initial leaf. 78.5% of the manually ascribed labels
matched those assigned by the classifier. For comparison, we fit a machine learning algorithm
(Histogram-based Gradient Boosting Regression Tree from the scikit-learn python package) to a
sample of 500 manually labelled leaves, sampled in the same way as the set of 200. The algorithm
was trained on the distance of 200 equally spaced points along the leaf contour to the reference
point for each leaf (fig. 6c 7). When used to predict shape for the same sample for 200 leaves used
for the classical classifier, it returned an accuracy of 73.0%. We then repeated the machine
learning approach using morphometric data rather than contour data, which returned an
accuracy of 79.5%. This suggests that the threshold classifier is a good enough match with
subjective shape classification compared to other classification methods. It also demonstrates that
the morphometrics used to construct the original classifier are useful features when classifying
shape as unlobed, lobed, dissected or compound. The two machine-learning methods agreed on
77.0% of the labels.

E. Inferring evolutionary rates from random walk data

To test the model for bias in leaf shape transition rates upon mutation, we ran 5 random walks on
each of the 48 initial leaves, for 320 steps, generating a total of 76,800 leaves for both MUT2 and
MUTS5. Using the classifier (fig. 6 @), we assigned each leaf the category unlobed, lobed, dissected

continuous-time Markov chain (CTMC) to the labelled walks.

This model is defined by a matrix of transition rates Q between each state - unlobed (u), lobed (1),
dissected (d) and compound (c)

Q=
> be{ldc) —qub Qui Qud Que
Qiu Zﬂe{u,d,c} —qi9 qid dic )
Qdu qa D be{utcr —9d0 dde
qeu qcl qed Zae{u’zyd} —qch

- where the diagonal elements must be equal to the negative sum of all other elements in the
same row [39].

The model assumes that at any given instant, over a continuous time interval, the system is in one
of these four states. The probability p(i, j, t) of transitioning between state i and j, depends only on
the current state, the transition rate matrix Q and the time t until the end of the transition. The
matrix of all possible transition probabilities P (t) relates to Q and t like so [39, 42]

P(t) = exp(Qt). 3)

Therefore, the probability of a transition from state i to j over time t is
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p(i, j, t) = exp(Qt) ;. (€Y

The probability of a set of observed walks {x = Xy, Xq, ..., X}, where each walk contains a
sequence of labelled steps x,,, ={ X,,0, X1, ---» Xyt iven a particular set of rate parameters Q

is

W N-1

P(l' ‘ Q) = H H p(anyxw(wrl)at)a 5)

w=0 n=0

where w and n are walk and step index respectively. We assume t = 1 for every step, as over
the course of the entire random walk, the average step size in parameter space will be
approximately constant.

Rates were inferred from the random walk simulation data by finding the maximum of this
function, using MCMC with the emcee package for python [61]. We ran 24 chains for 5,000 steps
with uniform priors between 0 and 0.1 for all transition rates. Chains were thinned by removing
all but every 10th step (figs. S9 and S10) and the first 2,500 were discarded to obtain the posterior
distribution. We took the mean of the posterior for each transition as the estimate for each

transition rate in fig. 1. As an additional check, we also inferred the rates via maximum

Because the inferred rates depend on the unit of time, we needed to normalise the transition rates
to compare with the rates inferred from phylogeny. We did this for each mutational scheme by
dividing by the mean of all transition rate estimates ¢;. We define a normalised rate as

A qij
= Wﬂ
1
N= = Gij- 6)
i,je{lu,ll,d,c}

i#]

F. Inferring evolutionary rates from phylogeny

Although Geeta et al. [36] had already inferred rates between these 4 categories with a phylogeny

each species.

To see how the rates are affected by looking at the species level vs the genus level, we generated 2
trees for each original tree, one with species at the tips and one with all but one tip per genera
removed. For the species level trees, we took the intersect between the filtered herbarium data
and the full trees. If more than 3,100 tips remained, we sampled at random 3,100 tips, to allow for
manual classification within reasonable time limits. This gave a combined set 5,552 leaf images to
classify for both species trees. Notably, the intersect between the herbarium data and the Zuntini
et al. [38] species tree gave 3057 taxa. Since this was less than 3,100, no further sub-sampling was
required, and so unlike all the other trees in this analysis, the Zuntini et al. [38] species tree
represents the raw intersect between the original tree and the herbarium. For this phylogeny, our
genus tree and our species tree should both have similar levels of reliability. For the Janssens et al.
[37] phylogeny, we trust the genus level tree more than the species level tree, because the overlap

with the herbarium data was not as good at the species level. For example, taxa were more heavily
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Moreover, we sub-sampled down to 3,100 taxa from 16,436 in the raw intersect to make manual
classification feasible - something not required for the other trees.

For the genus level trees, we further sub-sampled the angiosperm filtered herbarium data to 200
records per family, or the maximum if fewer than 200 records were present. The purpose of this
step was to sample more evenly over phylogeny, accounting for potential biases in the herbarium.
We then took the intersect between genera in this sample and each of our phylogenies and
selected at random one species from within each genus that was present in the herbarium to use
as the label. This gave a combined set of 3,359 leaf images to classify for both genus trees.

These images were then used to classify each species as one of the 4 categories (unlobed, lobed,
dissected or compound) or ambiguous. This was done by eye, relying on a sample of model leaves
and their morphometric classifier output for reference (figs. S1 and 1b). After classification, all
species labelled as ambiguous were removed, leaving an unambiguously labelled phylogeny (table
112 and figs. S3 to S7).

We used 3 different phylogenies from the literature to infer the evolutionary rates. First, to
compare our predictions directly to the Geeta et al. [36] study we used their phylogeny. Second, we

representing 8,399 genera, 426 families and all orders of flowering plants (available in
Supplementary material 5 of Janssens et al. [37]). Finally, we used a recent phylogeny by Zuntini et

using 353 nuclear genes and calibrated with 200 fossil records (available at
https://zenodo.org/records/10778207 &% we used 4-young-tree-smoothing-10-pruned-for-
diversification-analyses). We show results from the Geeta et al. [36] phylogeny, labelled with their

1,010,000 iterations with a sample period of 1000 and removed the first 10000 iterations to obtain
posterior distributions. We used a uniform prior between 0 and 0.1 for the Zuntini et al. [38] trees

normalise the rates to allow for comparison. We did this using the same method as for the
simulations (eq. (6) @): by dividing each transition rate estimate by the mean transition rate

estimate for each tree.
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Tree Unlobed (u) | Lobed (1) |Dissected (d)|Compound (c) 1d Ic ldc  |No. tips
Geota ef al. [30] 128 (76.3%) | 38 (6.8%) | 17 (3.0%) | 68 (12.1%) |7 (L.2%)|1 (0.2%)]2 (0.4%)| 561
Zuntini el al. [38] species |2445 (86.0%)|102 (3.6%)| 83 (2.9%) | 212 (7.5%) = - - 2842
Zuntini ef al. [38] genus 1910 (88.3%)| 82 (3.8%) | 47 (2.2%) | 123 (5.7%) - - = 2162
Janssens et al. [37] species|2606 (87.2%)[125 (4.2%)| 99 (3.3%) 160 (5.4%) - - - 2990
Janssens et al. [37] genus [2178 (88.6%)| 97 (3.9%) | 55 (2.2%) 128 (5.2%) - - - 2458

TABLE II. The number of taxa in each shape category for each labelled tree used in our inference.

Columns with multiple shape categories (e.g. Id) represent taxa which could fit into any of the listed categories.
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V. Extended data
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FIG. 7.Further details of transition rates from phylogenies and simulations. (a) Net normalsied transition
rates between the 4 leaf shape categories, inferred from both simulation and phylogeny. (Top row) Arrow
thickness and direction represents the mean net normalised transition rate between each pair of leaf shape
categories. Black arrows represent transitions where the 0 does not fall within an equal-tailed 95% credible
interval for the net normalised posterior, and grey where it does. (Bottom row) Posterior distributions for the net
normalised rate of all transitions. Solid bars indicate the mean. The net rate is calculated by subtracting the
transition given by the dashed arrow from the transition given by the solid arrow in the x-axis labels. (b)
Normalised transition rates between different leaf shapes, inferred from both in-silico mutagenesis (left of dashed
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line) and phylogeny (right of dashed line). Each subplot represents a different transition, from the shape shown
on the vertical figure axis to the shape shown on the horizontal figure axis. These rates were normalised by
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FIG. 8. Comparing in-silico mutagenesis and phylogeny for the probability of each shape transition over
time, separated out by starting shape.

The column header gives the initial shape and the line colour gives the final shape. (Top row) The dashed line represents the
proportion of walks from each unique initial leaf (fi ), averaged over all initial leaves in each state. The error bands
represents + 1.96x standard error for this average. The solid lines represents the CTMC model fit (MLE) to the output of the
random walks. The vertical, grey, dashed line represents the estimated simulation step that is equivalent to t = 200 Myr for
the phylogeny CTMC. This is calculated as described in fi %, and is also the simulation x-limit in fi % . We show all 320
simulation steps here for a more detailed summary of the simulation trajectories. (Bottom row) The predicted transition
probabllltles given by the CTMC model fit to the Iabelled Zuntini et al. [38] genus tree (flg S3 IL) The solid line represents the
D Note
the good qualitative agreement between the dynamics between the phylogenles and the simulations, espeaally or the (blue)
data related to transitions to/from unlobed leaves.
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FIG. 9. The nearest neighbour graph of parameter PCA space for each shape category highlights how the
unlobed space is the most connected, followed by dissected, lobed and then compound.

Complex leaves subdivide into many more connected components than unlobed. The number of nearest neighbours used is
6. Colours highlight different connected components, however, since the number of unique colours is only 10, this under
represents the true number of connected components for lobed, dissected and compound. Thus, the colours here are
intended only as a visual guide.

PC2 (8.35%)

Unlobed (N = 4000)

Lobed (N =4000)

e
Y ; ;
s o

No. components =131

T

No. components =3
T

Dissected (N = 4000)

Compound (N = 4000)

o
Fa)
o 3
- %. \:} k" Jﬁlw}-ﬁ
[ s = ("’%L
{ ’ X f s T -
No. components =96 No. components =235
=5 0 5 =5 0 5

PC1 (12.04%)

Evolutionary Biology

Malone et al., 2026 eLife 15:RP110692. https://doi.org/10.7554/eLife.110692.1

22 of 36


https://doi.org/10.7554/eLife.110692.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/evolutionary-biology

::,‘/.:‘ eLife Evolutionary Biology

Data availability

The code for the analyses presented in this paper is openly accessible at
https://github.com/malonej501/leaf-shape-evolution .
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Summary

The authors aim to understand, in the context of leaf shape, how the constraints imposed by
development inform evolution. Leaf shape is a good place to study the influence of
development on evolution because it is a trait that exhibits a lot of diversity, and the
developmental mechanisms that give rise to leaf shapes are apparently rather conserved
across angiosperms.

As part of the motivation for their work, the authors cite a previous study (Geeta et al), which
found that in angiosperm phylogenies, transitions from complex to simple leaf shapes occur
through evolution more often than transitions in the opposite direction. Is this due to
developmental constraints or adaptation?

The authors undertake two parallel lines of work:

(1) Extending the study of Geeta et al with more data, consisting of both phylogenies and a
shape classification dataset. The conclusion from this line of inquiry is that transitions from
lobed to unlobed leaves are more common than transitions away from unlobed leaves.

(2) The authors conduct evolution simulations in a computational model of leaf development.
Here, they look at {\it neutral} mutations and whether simply neutral evolution is sufficient
to drive the observed trend.

The conclusion of the second part of the work is that the driver of the evolution toward
simple leaf shape is entropy: there are more ways to make unlobed leaves than to make lobed
leaves (at least in terms of gene regulation parameters that will produce the two leaf types).
The argument is that random gene regulatory networks are more likely to produce unlobed
leaves than lobed leaves; therefore, neutral evolution drives this trend.

Data Analysis

Roughly $9000$ images of leaves were classified into 4 categories: unlobed, lobed, dissected,
and compound. These labels were applied to the tips of 5 phylogenetic trees of angiosperms
(3 resolved at the genus level and 2 at the species level). By fitting a continuous-time Markov
chain to the labelled trees, the authors claim that there is a significantly higher rate of
transition to the unlobed leaf shape compared to transitions to more complex shapes.
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Simulation

First, the authors validate a computational model (Runions et al) for leaf growth on an
experimental dataset. By changing parameters in the model, they can recapitulate the
morphological changes in the shapes of Arabidopsis leaves engendered by expression of two
particular genes.

Then the authors run an evolutionary model (without selection, just random mutations) on
top of the computational leaf development model. As the random walk in parameter space
reaches a stationary distribution, they look at both the proportions of the leaf categories in
the steady state as well as the transition rates between different categories. The result is that
transitions to unlobed leaves are more common than from unlobed leaves.

General Comments

The authors use angiosperm phylogenies from other works as the basis for the data analysis
part of their work. Given the centrality of these phylogenies for their conclusions, more
information is needed about how these phylogenies were constructed and what they mean.
What is the timescale that they span? What method is used to infer them? What regions of
DNA were sequenced in order to build the phylogenies? Also, maybe some more discussion of
angiosperm evolution (e.g., when was the most recent common ancestor of all angiosperms?)
would help put the study in context.

We also need a more in-depth discussion of the computational model. What are all the $>100%
parameters doing, and what informs the seemingly strange mutational model that changes
parameters by 3 orders of magnitude?

I am confused about how the rates of transitions were inferred from the phylogeny. Here, one
has a phylogeny inferred by some method (which needs to be described in more detail), and
just the leaves are labelled. It is stated in the methods that BayesTraits was used to infer the
transition rates. I realize this method is probably documented elsewhere, but a bit of a
summary of how it works and how to interpret its results would (1) make the paper more
self-contained and (2) if the algorithm is credible, make the results firmer.

I am a bit skeptical of the authors' interpretation of the biological trend (of complex to simple
leaf shapes) as being driven by neutral evolution. Why does one expect that the mutations
generated by the random walk models described in the work are in fact neutral mutations?

- If the entropy of simple leaf shapes is higher than that of complex leaf shapes, why did we
have complex leaves at all? I suspect the authors might argue that this is due to selection. In
that case, what allows these complex shapes to become simpler? Wouldn't they be losing the
selective advantage that drove them to be more complex in the first place? Or maybe the idea
is that the rates are inferred assuming some steady state that generates the phylogeny? I did
not understand this point.

Are the rates of transitions between leaf types inferred for the phylogeny assuming that the
phylogeny is generated by the steady state of some Markov process? (I think the answer is no:
in that case, how does one explain the initial condition?) If I take the mutation model
(random walk) seriously, then shouldn't I expect that this steady state obeys detailed balance?
In that case I should have $p_ir_{i\to j} = p_j r_{j\to i}$ for each of the occupancies $\{ p_i\}$
and transition rates $r_{i\to j}$ for the shape categories. How close are the rates inferred
from the phylogenies to obeying detailed balance? Presumably, the Markov chain fitted to the
simulation data obeys detailed balance because the mutation model itself does?

I find it hard to take the discussion of development seriously without some consideration of
mechanics. Presumably, the mechanics are hidden in the computational leaf development
model, but this model is not discussed in enough detail for the reader to know. It seems to me
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that the interesting question is: what are the {\it mechanical} constraints on development that
drive the apparent trend in evolution towards simpler leaf shapes? Maybe it is something
about the type of differential growth needed to make complex leaf shapes less robust to
mutation. But in this case, I would assume that selection plays a role in the complexity of
shape. In any case, a better understanding (or explanation) of the computational model is
needed to make this interpretation.

Some discussion of timescales is needed, especially when invoking neutral evolutionary
arguments. If a neutral mutation occurs, its time to fix in a population of size $N§ is $\sim N§$
generations. What are the relevant angiosperm population sizes and the number of
mutations that separate branches on the tree? Are timescales remotely consistent with e.g.,
the age of angiosperms on Earth?

https://doi.org/10.7554/eLife.110692.1.sa2

Reviewer #2 (Public review):

Strengths:

The paper's underlying question is interesting, extending the authors' prior work on RNA
along similar conceptual lines. The paper combines both image analysis of leaves and a
computational analysis of a simple model of leaf development.

Weaknesses:

The entire paper is based on the Runion model. More intuition about the Runion model
would be useful for a broader readership that cares about the evolutionary aspect of this, but
may not know the developmental model in question. Obviously, this is prior well-established
work, but 2 - 3 sentences highlighting the key structural aspects of such a model would be
great. Currently, that intuition is found implicitly in a sentence on page 2 ("complex leaf
shapes need more specificity in their GRNs than their simpler unlobed leaf shape"), but the
reader is left wondering - is the Runion model a detailed mechanistic one with multiple
interacting genes/proteins? If so, how many? Or is it just 2 - 3 genes but with complexity
entirely in how long they are each expressed/when they are turned off, etc.

The Runions model has nearly 100 free parameters. Random walks in 100-dimensional spaces
have generic properties like a tendency to move toward regions of larger volume that have
nothing to do with leaf biology. How do you disentangle the geometry of high-dimensional
random walks from genuinely biological developmental bias? Would a toy model with 100
parameters and arbitrary phenotype categories also show "bias toward simplicity" if "simple"
phenotypes occupy more volume?

The discussion of Figure 4 (PCA of parameter space) uses "area" loosely when what's actually
being measured is bin count in a 2D projection of a high-dimensional space. I would think
that, in general, PCA projections can be misleading about volume in the full parameter space,
but I can't tell if that's an issue in this case. Some comments/thoughts here would be useful.

The classifier validation section is in the Methods section, but it seems critical to the whole
story. The < 80% agreement with manual classification could propagate to the rest of the
estimates in the paper. Again, some comments/thoughts here would be useful.

The authors should explain Mut2 and Mut5 in the main paper with a sentence or two, at least
schematically, because how you mutate is obviously very relevant to interpreting a paper
about biases in variation.

The two mutational schemes use additive perturbations to individual parameters. Real
mutations presumably affect regulatory networks in more structured ways (e.g., changing
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binding affinities that affect multiple parameters simultaneously). How sensitive are the
results to the assumption of independent single-parameter mutations?

The connectedness argument is made using a 2D PCA projection. Is there a way to check this
statement in the full parameter space or perhaps in higher-dimensional projections to test the
robustness of this result? Connected components can merge/split under different projections.

https://doi.org/10.7554/eLife.110692.1.sa1

Author response:
Reviewer #1 (Public review):
Summary:

The authors aim to understand, in the context of leaf shape, how the constraints imposed
by development inform evolution. Leaf shape is a good place to study the influence of
development on evolution because it is a trait that exhibits a lot of diversity, and the
developmental mechanisms that give rise to leaf shapes are apparently rather conserved
across angiosperms.

As part of the motivation for their work, the authors cite a previous study (Geeta et al),
which found that in angiosperm phylogenies, transitions from complex to simple leaf
shapes occur through evolution more often than transitions in the opposite direction. Is
this due to developmental constraints or adaptation?

The authors undertake two parallel lines of work:

(1) Extending the study of Geeta et al with more data, consisting of both phylogenies and
a shape classification dataset. The conclusion from this line of inquiry is that transitions
from lobed to unlobed leaves are more common than transitions away from unlobed
leaves.

(2) The authors conduct evolution simulations in a computational model of leaf
development. Here, they look at {\it neutral} mutations and whether simply neutral
evolution is sufficient to drive the observed trend.

The conclusion of the second part of the work is that the driver of the evolution toward
simple leaf shape is entropy: there are more ways to make unlobed leaves than to make
lobed leaves (at least in terms of gene regulation parameters that will produce the two
leaf types). The argument is that random gene regulatory networks are more likely to
produce unlobed leaves than lobed leaves; therefore, neutral evolution drives this trend.

Data Analysis

Roughly $9000% images of leaves were classified into 4 categories: unlobed, lobed,
dissected, and compound. These labels were applied to the tips of 5 phylogenetic trees of
angiosperms (3 resolved at the genus level and 2 at the species level). By fitting a
continuous-time Markov chain to the labelled trees, the authors claim that there is a
significantly higher rate of transition to the unlobed leaf shape compared to transitions
to more complex shapes.

Simulation

First, the authors validate a computational model (Runions et al) for leaf growth on an
experimental dataset. By changing parameters in the model, they can recapitulate the
morphological changes in the shapes of Arabidopsis leaves engendered by expression of
two particular genes.
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Then the authors run an evolutionary model (without selection, just random mutations)
on top of the computational leaf development model. As the random walk in parameter
space reaches a stationary distribution, they look at both the proportions of the leaf
categories in the steady state as well as the transition rates between different categories.
The result is that transitions to unlobed leaves are more common than from unlobed
leaves.

We thank the reviewer for the helpful and clear summary of our work.
General Comments

The authors use angiosperm phylogenies from other works as the basis for the data
analysis part of their work. Given the centrality of these phylogenies for their conclusions,
more information is needed about how these phylogenies were constructed and what
they mean. What is the timescale that they span? What method is used to infer them?
What regions of DNA were sequenced in order to build the phylogenies? Also, maybe
some more discussion of angiosperm evolution (e.g., when was the most recent common
ancestor of all angiosperms?) would help put the study in context.

We also need a more in-depth discussion of the computational model. What are all the
$>100% parameters doing, and what informs the seemingly strange mutational model
that changes parameters by 3 orders of magnitude?

I am confused about how the rates of transitions were inferred from the phylogeny.
Here, one has a phylogeny inferred by some method (which needs to be described in
more detail), and just the leaves are labelled. It is stated in the methods that BayesTraits
was used to infer the transition rates. I realize this method is probably documented
elsewhere, but a bit of a summary of how it works and how to interpret its results would
(1) make the paper more selfcontained and (2) if the algorithm is credible, make the
results firmer.

We thank the referee for the suggestion to make the paper more accessible. The tool we use to
infer transition rates from the phylogenies, BayesTraits, is standard in the field. However, the
referee is right that for an interdisciplinary journal, it may be helpful to more fully flesh out
how these methods work. To that end, we have added an additional section "Phylogenetic
rate inference" in the supplementary information that includes a longer description of how
BayesTraits works, and how we used it to infer transition rates from phylogenies.

All trees are shown in the supplementary information section "Phylogenetic trees" with scale-
bars showing the amount of time or genetic change that the trees span. For a broader
discussion of angiosperm evolution, there is supplementary information section "The
adaptive significance of leaf shape review".

Regarding the more in-depth discussion of the computational model, we have added
supplementary information section S1 "Leaf model details" to give a more detailed
description of the leaf model.

I am a bit skeptical of the authors' interpretation of the biological trend (of complex to
simple leaf shapes) as being driven by neutral evolution. Why does one expect that the
mutations generated by the random walk models described in the work are in fact
neutral mutations?

A random walk is a well-established way of modelling the dynamics of neutral evolution in
the monomorphic regime, where the population has a narrow diversity of different
genotypes. In the higher mutation rate polymorphic regime, where the diversity of genotypes
in the population is larger, we also expect that a random walk should still recapitulate the
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correct average transition rates. The purpose of the simulations is not to model every aspect
of population genetics, but to ask whether developmental bias alone is sufficient to generate
the observed directional asymmetry. By assigning equal fitness to all viable leaves, we isolate
the contribution of development from that of selection. The agreement with the phylogenetic
transition rates therefore demonstrates sufficiency rather than exclusivity: selection may also
contribute, but it is not required to explain the observed bias We discuss the evidence for the
role adaptation in leaf shape further in supplementary information section "The adaptive
significance of leaf shape review".

If the entropy of simple leaf shapes is higher than that of complex leaf shapes, why did
we have complex leaves at all? I suspect the authors might argue that this is due to
selection. In that case, what allows these complex shapes to become simpler? Wouldn't
they be losing the selective advantage that drove them to be more complex in the first
place? Or maybe the idea is that the rates are inferred assuming some steady state that
generates the phylogeny? I did not understand this point.

The entropy language is a useful framing. Within that framework, one can view our study as
showing that the entropy (defined here as the logarithm of the volume of parameter space
mapping to a phenotype) of simple leaf shapes is higher than that of complex leaf shapes. If
this entropy were to be ignored, then all states would be equally likely in our simulations,
where we do not take fitness differences into account. What we show is that the differences
in entropy -- related to differences in volumes of the parameter space that map to different
phenotypes -- also affects the rates. The inferred transition rates for both simulation and
phylogeny from unlobed to more complex shapes are lower than vice versa but not zero.
Therefore, complex leaf shapes arise stochastically through mutation and in this model
would eventually reach a steady state proportion, even in the absence of selection.

Are the rates of transitions between leaf types inferred for the phylogeny assuming that
the phylogeny is generated by the steady state of some Markov process? (I think the
answer is no: in that case, how does one explain the initial condition?)

The tool we use to infer transition rates from phylogenies—BayesTraits—allows the initial
state at the root of the tree to vary during the numerical optimisation (Pagel, 1994).
Therefore, it is not assumed that the initial state is generated by the steady state of the
Markov process.

If I take the mutation model (random walk) seriously, then shouldn't I expect that this
steady state obeys detailed balance? In that case I should have $p_i r_{i\to j} = p_j r_{j\to
i}$ for each of the occupancies $\{ p_i\}$ and transition rates $r_{i\to j}$ for the shape
categories. How close are the rates inferred from the phylogenies to obeying detailed
balance? Presumably, the Markov chain fitted to the simulation data obeys detailed
balance because the mutation model itself does?

BayesTraits allows off-diagonal transition rates of the rate matrix to vary freely during
numerical optimisation (Pagel, 1994). Therefore, there is no requirement for the detailed
balance to hold for the inferred rate matrix. For our simulations, the mutations are
symmetric at the parameter level, therefore at this level, the process would be expected to
obey the detailed balance.

Ifind it hard to take the discussion of development seriously without some consideration
of mechanics. Presumably, the mechanics are hidden in the computational leaf
development model, but this model is not discussed in enough detail for the reader to
know. It seems to me that the interesting question is: what are the {\it mechanical}
constraints on development that drive the apparent trend in evolution towards simpler
leaf shapes? Maybe it is something about the type of differential growth needed to make
complex leaf shapes less robust to mutation. But in this case, I would assume that
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selection plays a role in the complexity of shape. In any case, a better understanding (or
explanation) of the computational model is needed to make this interpretation.

We thank the referee for the suggestion to make the paper more accessible. We have added a
more detailed and pedagogical description of the model from (Runions, Tsiantis and
Prusinkiewicz, 2017) in the supplementary information section S1 "Leaf model details". We
also note that Fig. 5 in the methods that gives an overview of how the model works, including
some mechanical aspects of development and growth.

More generally, mechanics is one component of the developmental map that determines
which parameter combinations produce viable leaf morphologies. Our analysis concerns the
geometry of this complete developmental map, irrespective of whether its constraints arise
from gene regulation, tissue mechanics, or their interaction.

On the interesting question of what is causal, perhaps the example in figure 2 is helpful. We
focus on two parameters, a morphogen repression strength, and a duration of growth. A key
physical process here is called webbing, where cellular growth fills in the gaps between
branching veins. This process flattens the leaf structure and creates a continuous, solid leaf
blade (lamina). Strong webbing, characterized by a significant resistance to stretching and
bending, results in a smoother margin (Runions, Tsiantis and Prusinkiewicz, 2017). The
morphogen repression strength affects the physical parameters that determine how strong
the webbing is. The duration of growth determines how long the leaf has to grow. Varying
these two parameters varies the physical processes that determine leaf shape. The mechanics
of growth operate downstream of these parameters that we vary in our evolutionary
simulations according to the details of the leaf developmental model.

Some discussion of timescales is needed, especially when invoking neutral evolutionary
arguments. If a neutral mutation occurs, its time to fix in a population of size $N$ is
$\sim N$ generations. What are the relevant angiosperm population sizes and the
number of mutations that separate branches on the tree? Are timescales remotely
consistent with e.g., the age of angiosperms on Earth?

Neutral processes have a well-established role in key aspects of angiosperm evolution, for
example genome complexity (Lynch and Conery, 2003). This would suggest that the relevant
time scales and generation times are not completely prohibitive of neutral processes also
playing a role in the evolution of angiosperm leaf shape. Effective population sizes in plants
are highly variable but estimates span 1023-1076. Assuming diploidy (and therefore average
fixation time of 4Ne) and generation times of 1-10 years, this gives fixation timescales of 10/3-
1077 years. This is within the timescales of the trees we analyse, which span >150 million
years.

Reviewer #2 (Public review):
Strengths:

The paper's underlying question is interesting, extending the authors' prior work on RNA
along similar conceptual lines. The paper combines both image analysis of leaves and a
computational analysis of a simple model of leaf development.

Weaknesses:

The entire paper is based on the Runion model. More intuition about the Runion model
would be useful for a broader readership that cares about the evolutionary aspect of
this, but may not know the developmental model in question. Obviously, this is prior well-
established work, but 2 - 3 sentences highlighting the key structural aspects of such a
model would be great. Currently, that intuition is found implicitly in a sentence on page 2
("complex leaf shapes need more specificity in their GRNs than their simpler unlobed leaf
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shape"), but the reader is left wondering - is the Runion model a detailed mechanistic one
with multiple interacting genes/proteins? If so, how many? Or is it just 2 - 3 genes but
with complexity entirely in how long they are each expressed/when they are turned off,
etc.

We thank the referee for the suggestion to make the paper more useful for a broader
readership. To that end, we have added a more detailed description of the (Runions, Tsiantis
and Prusinkiewicz, 2017) model in supplementary information section S1 "Leaf model
details".

The Runions model has nearly 100 free parameters. Random walks in 100dimensional
spaces have generic properties like a tendency to move toward regions of larger volume
that have nothing to do with leaf biology. How do you disentangle the geometry of high-
dimensional random walks from genuinely biological developmental bias? Would a toy
model with 100 parameters and arbitrary phenotype categories also show "bias toward
simplicity" if "simple" phenotypes occupy more volume?

Our argument is largely independent of the number of parameters. While it is true that most
of the volume is near the surface in a high-dimensional space, our argument is about the
relative volumes of the sets of parameters that map to each of the four phenotypes, an
entropic argument if you wish. The basic intuition is that a simple phenotype needs fewer
parameters to be fine-tuned, and so a larger volume of parameter space will map to a simpler
phenotype.

The question about a toy-model with arbitrary phenotypes is helpful, because it allows us to
clarify that what we are illustrating here with the biologically realistic example of leaf shapes
is a much more generic principle. We can say with confidence that if the toy-model generates
a many to one set of outputs (phenotypes) through an algorithmic process whose description
length does not grow faster than logarithmically with the size of the genotype space, then it
should produce a bias towards simplicity regardless of the number of dimensions, see for
example Johnston et al. (2022) and Dingle, Camargo and Louis (2018) for a longer discussion
of this more general point which is based on arguments from algorithmic information theory
(AIT). We don’t use that framing in the current paper because the basic intuition for GRNs
that more complex phenotypes need more parameters fine-tuned, and so have relatively
smaller volumes, is more straightforward to understand that the more abstract AIT
arguments. Our general prediction that this principle should hold more widely for GRNs can
be made both by the more formal AIT route, or via the more heuristic fine-tuned parameter
route.

The discussion of Figure 4 (PCA of parameter space) uses "area" loosely when what's
actually being measured is bin count in a 2D projection of a highdimensional space. I
would think that, in general, PCA projections can be misleading about volume in the full
parameter space, but I can't tell if that's an issue in this case. Some comments/thoughts
here would be useful.

The quantitative estimate of phenotype frequencies is computed directly in the full
parameter space and does not depend on PCA. Ie. We estimate that the total volume of viable
leaves maps to simple unlobed leaves about 80% of the time. However, the volume is
extremely high-dimensional, and so hard to visualise. PCA is used solely to provide an
interpretable visualization of this otherwise high-dimensional structure. The PCA plots in Fig
4 and Fig S16 are there to be illustrative, not quantitative. Because the volume differences are
large, we do not think that the projections of the main PCA components would be misleading
on at least the ordering of the sizes of the parameter space components that map to each leaf
shape. We provided a similar analysis for other projections -- PC1-PC6 (supplementary
information section "PCA occupancy for higher dimensions"), finding the same trend. To
make this point clearer, we have now changed the sentence in the Fig. 4 caption slightly “This
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(reveals that --> illustrates how) unlobed leaves occupy a larger region of model parameter
space than more complex shapes and that this larger space also contains the majority of more
complex leaves.”

The classifier validation section is in the Methods section, but it seems critical to the
whole story. The < 80% agreement with manual classification could propagate to the rest
of the estimates in the paper. Again, some comments/thoughts here would be useful.

We have repeated the analysis of the agreement between by-eye and automatic
morphometric classification. Generating a confusion matrix for the two classification
methods shows that the agreement is high for unlobed, dissected and compound, with the
main source of disagreement being leaves that were classified as lobed by-eye being classified
as either unlobed or dissected by the automatic-morphometric method. The proportion of by-
eye lobed leaves classified by the automatic morphometric method as either unlobed (27%)
or dissected (23%) is relatively balanced, which we think will help cancel out some error as
well. Moreover, we find that the agreement between the automatic-morphometric method
and by-eye classification increases to 90.0% when using the categories unlobed and all other
categories grouped into one. This is the most important classification for our finding that
development and phylogeny are both biased towards unlobed.

The authors should explain Mut2 and Mut5 in the main paper with a sentence or two, at
least schematically, because how you mutate is obviously very relevant to interpreting a
paper about biases in variation.

In the results section we have added a sentence for more detail on the random walk.

"[We mutated the initial sample using a random walk algorithm with two different
mutational schemes, MUT2 (alg. 1) and MUTS5 (alg. S2).] These algorithms work by iterating
through model parameters one by one and perturbing the value by a small amount. We then
[automatically classified the resulting shapes...]"

Moreover, in methods section C there is already a more detailed description of both
algorithms.

“MUT?2 (alg. 1) iterates through the parameters in a random order, and attempts to change the
parameter by a value selected at random from an array of numbers randomly generated at 3
different orders of magnitude. MUTS5 (alg. S2) is the same as MUT2 except the value each
parameter is multiplied by 10% of the range of that parameter within the initial leaves (fig.
S1). The aim here was to provide some way of accounting for the biologically relevant
sampling range. "

Moreover, the MUT2 algorithm is described in pseudocode in Algorithm 1 in the main text,
and the pseudocode for MUTS5 is in supplementary information section S1 C, as algorithm S2.

The two mutational schemes use additive perturbations to individual parameters. Real
mutations presumably affect requlatory networks in more structured ways (e.g.,
changing binding affinities that affect multiple parameters simultaneously). How
sensitive are the results to the assumption of independent single-parameter mutations?

The referee raises an interesting and well-known issue concerning this widely studied class
of GRN models. Without a detailed understanding of how individual genetic mutations map
onto model parameters, it is difficult to determine with confidence whether a mutation
would produce correlated changes in certain sets of parameters. Our main argument,
however, is that the primary source of the observed bias is geometric: the volume of
parameter space (or equivalently, the entropy) corresponding to simple leaf morphologies is
substantially larger than that corresponding to complex morphologies. As long as mutations
explore parameter space approximately symmetrically, even if they involve correlated
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changes in multiple parameters, larger phenotype regions will tend to be encountered more
frequently and retained for longer than smaller regions. We therefore expect the observed
bias to be robust to many alternative mutation models, although quantifying this robustness
is an interesting direction for future work.

The connectedness argument is made using a 2D PCA projection. Is there a way to check
this statement in the full parameter space or perhaps in higher dimensional projections
to test the robustness of this result? Connected components can merge/split under
different projections.

Constructing the nearest neighbour graph for the full dimensional data results in the
following no. connected components: unlobed-146, lobed-274, dissected-255, compound-315.
This follows the same pattern identified for the PC1-PC2 projection, that unlobed splits into
fewer connected components than other leaf shape categories.
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