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Summary

� Phylogenetic comparative methods (PCMs) help researchers understand and predict trait

evolutionary relationships. While improvements to PCMs have focused on increasing model

complexity, understanding processes remains difficult due to persistent challenges in ground-

ing complex models in biological reality and synthesizing findings across multiple analyses.
� We examined the evolution of growth habit in eudicots (75% of all angiosperms) and

tested how variables such as vessel diameter, leaf phenology, and minimum temperature

influence macroevolutionary inference. We used a series of PCMs to synthesize our under-

standing of trait interrelationships, explored plausible causal relationships using phylogenetic

path analysis, and employed phylogenetic cross-validation to assess predictive performance

among taxa.
� We found that discrete coding of growth form was linked to other measured and unmea-

sured traits, and that these interrelationships can help overcome limitations arising from

incomplete data and simplistic coding of complex traits. Analysis of growth form using phylo-

genetic path analysis helps reconcile competing views of trait interrelationships from previous

studies. Furthermore, including identified covariates improves prediction of growth habit and

other traits.
� Our study shows that incorporating causal structure improves macroevolutionary inference,

identifies when analyses that omit key causal traits become unreliable, and underscores the

importance of integrating phylogenetic models with natural-history knowledge

Introduction

How do we draw meaningful inferences from phylogenetic com-
parative data? It has been well understood since Felsenstein’s
(1985) seminal paper that statistical analysis of observational data
on interspecific traits can be confounded due to unobserved fac-
tors that follow shared ancestry. While phylogenetic comparative
methods (PCMs) have developed considerably and now examine
a wide variety of macroevolutionary questions, it is widely appre-
ciated that several caveats exist in any analysis of comparative data
(and indeed, any observational dataset): correlation does not
equal causation; conclusions may be sensitive to model assump-
tions; and models are grossly simplified versions of biological rea-
lity (Freckleton, 2009; Cooper et al., 2016). While these points
are largely recognized by researchers, the goal is that these models
are nonetheless useful for elucidating meaningful information
about biological processes. However, it remains critical to ask
how far our current methods are from the known underlying

biology of a complex set of interacting traits, and how sustained
progress toward extracting meaning from the limited and finite
comparative datasets can be made.

An overarching goal of PCMs has been to understand the
tempo and mode of evolution of traits of interest and to link pat-
terns among multiple traits and environmental variables
(O’Meara, 2012). To account for the unobserved phylogenetic
confounding, a variety of trait evolution models exist for discrete
(e.g. MK model: continuous-time Markov chains with k states)
and continuous (multivariate Brownian motion and
Ornstein-Uhlenbeck models: multivariate Gaussian processes)
traits. Variations of these models allow researchers to understand
how these different traits might influence each other and are
influenced by the environment using the comparative method
(Felsenstein, 1985; O’Meara, 2012; Uyeda et al., 2018).
Although the evolutionary linear models such as phylogenetic
independent contrasts (Felsenstein, 1985) and phylogenetic gen-
eralized least squares (PGLS; Grafen, 1989) are often described
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as removing phylogenetic nonindependence by accounting for
expected phylogenetic covariance between species, these methods
are better thought of as modeling the evolution of unobserved
confounding factors (Hansen et al., 2008; Uyeda et al., 2018;
Blomberg et al., 2020). Quite understandably, researchers tradi-
tionally examine only a few factors and relationships at a time;
and therefore, accounting for these background factors with sto-
chastic modeling is a reasonable solution to the limitations of
comparative analyses. However, it also illustrates a significant
challenge: how do we build an evolutionary story for a particular
group, when each analysis ‘starts over’ from scratch? In essence,
each successive study may iteratively ‘background’ different traits
to be subsumed into the non-focal component of the model,
often Brownian motion or an alternative model for residual varia-
tion. As a result, each subsequent analysis of a clade seems to ‘for-
get’ previously learned information about the important factors
driving evolution in the group.

As an example, this manuscript examines the evolution of
plant traits, particularly growth form (plant habit and height) in
eudicot angiosperms to understand the causal processes underly-
ing these trait correlations. Using phylogenetic regression models,
Zanne et al. (2018) used data from growth habits (woody vs her-
baceous), vessel size (cross-sectional area calculated from diameter
assuming circular lumina), leaf phenologies (deciduous vs ever-
green), and environmental limits (minimum temperature and
precipitation at the range extremes) across the angiosperm phylo-
geny. They showed that conduit size varies in concert with leaf
phenology and minimum temperature, with linear and nonlinear
relationships between vessel sizes and minimum temperature lim-
its depending on whether lineages are deciduous and evergreen,
respectively. However, other studies using similar methods and
data (e.g. Olson & Rosell, 2013; Olson et al., 2014, 2018, 2021)
show that plant height is the strongest predictor of conduit dia-
meter variation across temperature gradients and argue that if
selection from freezing or drought acts against wider conduits, it
does so by reducing plant size as vessel diameter and plant height
are strongly correlated traits. Such contrasting papers might seem
to suggest opposing conclusions that nevertheless make similar
predictions. However, it is likely that specific organismal traits
and environmental variables are embedded as parts of a larger set
of interrelated variables that are causally linked to one another,
and therefore may or may not be properly considered confound-
ing variables. Understanding when background variables should
be treated as confounders in a phylogenetic analysis requires that
phylogenetic comparative analyses meaningfully confront the
theory behind causal inference (Hardenberg & Gonzalez-
Voyer, 2013; Pearl, 2014; Uyeda et al., 2018; Keele et al., 2020).

To illustrate, consider this regression model: Y = aX + bZ + b.
In standard practice, the partial regression coefficient a in the
regression model can be interpreted as the average causal effect of
X on Y after controlling for the known confounding variable Z
and can be extended to any number of confounders. This multi-
ple regression approach is commonly applied to ‘control’ for any
number of variables that are not of primary interest and, in
PGLS, are not explicitly treated, but modeled as latent variables
whose effects evolve under Brownian motion (or another model).

However, this approach is valid for only a limited set of causal
structures. Specifically, variable Z is a confounder if it is a com-
mon cause of both X and Y (i.e. X Z ? Y ), controlling for Z
renders X and Y conditionally independent unless X has a direct
effect on Y. However, if Z is the common effect of both X and Y
(i.e. X ? Z  Y ), it is known as a collider. Here, conditioning
on Z can induce spurious association between X and Y, and hence
adding such collider variables to multiple regression to ‘control’
for possible confounders can be positively misleading and intro-
duce a spurious effect of X on Y (Pearl, 2009). Other relation-
ships for variables, such as Z mediating the effect of X on Y, will
likewise invalidate the interpretation of regression coefficients as
causal effects. Indeed, only through analyzing a graph of the cau-
sal path structure, can we identify the proper way to measure the
total effect of a variable, for example, the effect of minimum tem-
perature on the vessel diameter in angiosperms. It is possible, for
example, that this effect is both indirect (mediated through the
plant’s height, Olson et al., 2018), as well as direct (not mediated
through the plant’s height). When the mediator (e.g. leaf phenol-
ogy) involves interactions with the predictor variable (Zanne
et al., 2018), the total effect is nonlinear and effects along the
direct and indirect paths are not additive. Hence, any attempt to
remove the confounding effect must consider how these variables
are connected in a logical path structure (Keele et al., 2020). Such
considerations are rarely explicitly included in comparative ana-
lyses, especially when known relationships are treated as latent
background in a phylogenetic model. While no observational
study can definitively demonstrate causation, correlations can dis-
prove many possible causal structures – providing a means for
ranking causal hypotheses by their plausibility (Shipley, 2000).
Therefore, when considering the evolution of a trait and its
underlying causes, comparative studies should be working toward
understanding this underlying causal path structure and building
upon existing knowledge when new hypotheses are tested.

Here, we explore the evolution of plant growth habit by study-
ing the underlying causal structure of the evolution of this trait in
eudicots in relation to its vessel diameter, leaf phenological traits,
and environmental variables (specifically minimum temperature
of the coldest month). This manuscript is divided into three sec-
tions of methods and their corresponding results, as each of these
sections build on the previous one. We begin in Section I with
individual analyses of traits, particularly growth habit and
cross-sectional vessel diameter, which pose interrelated challenges
for the assumptions of comparative models. In this section, we
demonstrate how these violations affect trait reconstructions and
phylogenetic comparative analyses. In Section II, we then exam-
ine the interrelationships among variables using causal inference
via Phylogenetic Path Analysis. We identify the causal graph that
is consistent with the observed data and discuss its implications
for our third aim, phylogenetic prediction. In Section III, we use
hypothesized causal predictors to cross-validate our dataset and
compare it to the natural history of specific taxa for which the
prediction fails, as well as identify what variables cause mispredic-
tion of these taxa. Finally, we summarize our analyses and high-
light remaining gaps – demonstrating one way for how analyses
of plant growth form evolution can connect relevant predictors
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and prior knowledge, suggest guidance on how the impact of
other variables can be fit into future analyses, and how these
future analyses can build upon existing research to obtain a syn-
thetic understanding of macroevolutionary processes.

I. Woodiness in continuum: modeling angiosperm
wood evolution and the concept of derived
woodiness

Modeling discrete trait heterogeneity

Flowering plants (angiosperms) have evolved various life-history
strategies to adapt to the Earth’s diverse climatic conditions. Her-
baceous (i.e. nonwoody) annual plants die every year after shed-
ding their seeds to escape the harshest periods in the year as seeds
in the soil. By contrast, longer-lived perennials that possess an
active vascular cambium must withstand daily and seasonal varia-
tion in environmental conditions. One way for woody perennials
to cope with stress-induced damage is to produce a new layer of
secondary xylem (i.e. wood) and secondary phloem by the vascu-
lar cambium (Gauthey et al., 2022). Consequently, annual plants
exhaust their shoot meristems during the development of their
reproductive system, while perennials maintain their meristems
as active during consecutive growing seasons. Although all peren-
nial nonmonocot angiosperms are able to produce a negligible
amount of wood at the base of their aboveground stems, this
wood development is often so limited in many perennials that
they are considered to be herbaceous (Kidner et al., 2016).

Wood is a complex tissue consisting of multiple cell types,
including different conduits, fibers and parenchyma cells. This
diversity leads to significant variation in microscopic wood anat-
omy patterns across lineages that can be used to identify woody
plants (e.g. Gasson, 2011; Lens et al., 2020). In this study, we
acknowledge that wood can be defined through both anatomical
(see previous paragraph) and functional perspectives. From a
functional point of view, woody species have an aboveground
stem that persists over time under changing environmental con-
ditions (see Zanne et al., 2014), regardless of whether secondary
xylem is formed. Since our dataset is derived from Zanne
et al. (2014), which employs a functional interpretation, we
adopt this approach to maintain consistency with the data source.
This functional definition allows for the classification of plants,
such as palms (monocots) as woody due to their structural persis-
tence, even though they lack a vascular cambium and conse-
quently never produce wood.

Despite structural and morphological variability, macroevolu-
tionary studies often treat growth form as a single, homogeneous
trait with binary states (woody vs herbaceous). These studies typi-
cally model the evolution of these states (e.g. for ancestral state
reconstructions) using continuous-time Markov models
(O’Meara, 2012). For such morphological discrete traits,
Lewis (2001) proposed the Mk model of trait evolution, which –
like all Markov models – exhibits a memoryless property. Under
this framework, the probability of transitioning between states
(defined by a fixed instantaneous transition rate matrix) depends
solely on the current state, regardless of how long the trait has

persisted in that state. However, the remarkable diversity of wood
anatomical types and woody forms across angiosperm lineages
arises both from the legacy of their evolutionary history (Luo
et al., 2023) and ecological adaptations that drive the complexity
of xylem anatomy (163 wood anatomical traits in angiosperms
defined and illustrated in IAWA Committee, 1989). Therefore,
it is likely that woody and herbaceous clades evolve across the
angiosperm phylogeny at different transition rates (Smith &
Donoghue, 2008; Smith & Beaulieu, 2009; Beaulieu
et al., 2013), due to both intrinsic and extrinsic (ecological) fac-
tors. Additionally, closely related species in many angiosperm
families often have a different growth form suggesting many tran-
sitions toward woodiness (Zizka et al., 2022); in other lineages
the woody-herbaceous growth form differences among close rela-
tives are subtle, making it challenging to clearly score growth
form as a binary trait (Lens et al., 2012).

Recognizing the unrealistic nature of treating woodiness as a
simple binary trait in angiosperm growth habit, Beaulieu
et al. (2013; Beaulieu & O’Meara, 2014) developed a
hidden-state Markov model that captures the possibility of
underlying differences in states and their likelihood to transition
between observed states. The inclusion of additional ‘hidden
states’ in a Markov model allows for differences in transition rates
to account for some of the underlying heterogeneity in real biolo-
gical processes, such as identifying ‘fast woody’ and ‘slow woody’
clades. These terms refer to the transition rates, where taxa with
fast rates switch between trait states more frequently than those
with slow rates. While quite flexible, such models make limited
assumptions about what the hidden states actually represent.
Furthermore, hidden states may not be entirely hidden (Tara-
sov, 2019) and may instead be tightly related to observed and
measured traits in a particular dataset. In practice, hidden-state
models applied to complex characters may often be preferred
because they implicitly allow for underlying continuity in the
state space of the character. An alternative to discrete
hidden-state modeling, the threshold model from quantitative
genetics (Wright, 1934) has been adapted to macroevolution
(Felsenstein, 2005; Hadfield & Nakagawa, 2010; Revell, 2014).
It assumes an underlying quantitative latent variable known as a
liability (a continuous form of the trait often modeled to evolve
under Brownian motion along the phylogeny) that determines an
observable categorical state of a trait. Unlike the Mk model, the
threshold model predicts that lineages near the threshold will
transition frequently between discrete states, whereas lineages far
from the threshold will be largely fixed, producing fast and slow
states naturally from an underlying continuous state space.
Furthermore, the threshold model allows evolutionary covar-
iances to be estimated between the latent liability and continuous
observable traits – which in some cases, may directly measure the
liability itself (Felsenstein, 2005). Establishing such links between
different traits is especially important, as a major challenge to any
comparative analysis that synthesizes relationships across multiple
variables is the fragmentary nature of most trait databases. For
example, plant trait databases are biased in reporting conduit (in
angiosperms largely vessel) diameter for large woody plants and
omitting herbaceous ones. Here, we evaluate whether
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phylogenetic signal of herbaceous ancestry is retained in the phy-
logeny and how this may affect inferences of vessel diameter
based solely on data from woody plants.

Ancestral and phylogenetically derived woodiness

Earlier ancestral state reconstructions of the growth form trait
using parsimony suggested the presence of both ‘ancestral’ and
‘derived’ woodiness, with early angiosperms inferred to be ances-
trally woody (Zizka et al., 2022). Lineages that maintain this
woody trait without interruption throughout evolutionary his-
tory are also considered ancestrally woody (Feild et al., 2004;
Doyle, 2012). While transitions from ancestral woodiness to her-
baceousness are frequent across angiosperm lineages, the reverse
transitions, from herbaceous to derived woody forms, are less fre-
quent and are often associated with specific environmental condi-
tions on (sub)tropical islands – a phenomenon known as insular
woodiness. This evolutionary shift has occurred at least 175 times
on (sub)tropical islands, with most transitions concentrated in a
small number of plant families (Zizka et al., 2022). There are sev-
eral proposed hypotheses for woodiness evolution, including
competition for sunlight among herbaceous colonizers that settle
in open habitats on islands leading to the selection of
taller-stemmed plants (Darwin, 1859; Givnish, 1995), the
increased lifespan of plants due to the frost-free, aseasonal climate
and lack of native herbivores on the island (Carlquist, 1974), and
the adaptation of plants to drought through increased amount of
wood tissue as a means of delaying drought-induced root-to-
shoot water blockage in the plant’s vasculature (Lens et al., 2013;
Choat et al., 2018; D�oria et al., 2019). In the recent comprehen-
sive analysis of insular woody plants using the structural equation
model, Zizka et al. (2022) found that the prevalence of insular
woodiness is primarily influenced by a series of variables related
to drought, but also to reduced herbivory and longer growing
seasons (absence of frost). The classification of taxa into ancestral
and derived woodiness categories is mainly inferred through phy-
logenetic trait mapping. Furthermore, genetic studies on herbac-
eous Arabidopsis thaliana (L.) Heynh. show that a shift to
woodiness could be easily modulated by a simple genetic switch
where two genes involved in flowering time control are knocked
out resulting in considerable wood development in double
mutant types (Melzer et al., 2008). Likewise, overexpression of
the rejuvenator gene AHL15 (which is involved in the same wood
pathway downstream of SOC1 and FUL) delays the onset of the
reproductive stage and leads to a similar woody phenotype
(Rahimi et al., 2022). Thus, this labile nature of plant woodiness
is due to the variable activity of the vascular cambium under spe-
cific environmental conditions and the widely scattered distribu-
tion of woody and herbaceous lineages across the angiosperm
Tree of Life warrants further exploration of the impact of model-
ing assumptions on these interpretations of derived woodiness
(Zizka et al., 2022).

Specifically, in this section, we ask three questions: (1) given
that traits like plant growth habit are relatively labile in some
groups, how does the growth form threshold compare with Mar-
kov models in modeling woodiness evolution across

macroevolutionary scales in eudicot angiosperms? (2) Does
macroevolutionary modeling and ancestral state reconstruction of
woody and herbaceous plant evolution in angiosperms argue for
a distinct designation of derived woodiness? (3) Given biases in
the acquisition of certain traits that covary with growth habit,
such as vessel diameter, can we use model-based approaches to
impute missing values?

Methods and results: ancestral and derived woodiness
under alternative models of evolution

To infer derived woodiness based solely on phylogeny and char-
acter mapping, we used a eudicot phylogeny (extracted from the
seed plant phylogeny; Smith & Brown, 2018) as a test case.
Growth habit data (woody/herbaceous) were obtained from the
Global Woodiness Database (Cornwell et al., 2013), which
employs a functional definition of woodiness (see Supporting
Information Dataset S1 for complete data sources and standardi-
zation procedures across all analyses). Using the corHMM func-
tion from the R package corHMM (Beaulieu & O’Meara, 2016),
we generated a matrix of maximum likelihood estimates (MLE)
for transition rates between herbaceous and woody states under a
hidden rates model. This model also allowed us to infer the most
likely state at each tip. The model assumes that each of the four
possible states – slow woody, fast woody, slow herbaceous, and
fast herbaceous – had distinct transition rates across different por-
tions of the eudicot phylogeny.

Using the MLEs of transition rates and the most likely states at
the tips, we generated 100 stochastic character maps (Huelsenbeck
et al., 2003; Bollback, 2006) with the R package make.simmap
(Revell, 2012). These maps reconstructed ancestral trait states along
the branches of the phylogeny, with the root fixed as a woody
ancestor based on prior assumptions. We used these stochastic
maps to determine whether each tip taxon retained its primary state
(i.e. the ancestrally woody state) throughout its evolutionary his-
tory. Specifically, if a transition from woody at the tip to herbac-
eous along the branches was observed, followed by a reversion to
woody (i.e. Woody ? Herbaceous ? Woody), the tip was classi-
fied as having a derived woody state. We quantified the ancestral or
derived woodiness of each tip as the percentage of instances it was
classified as ancestral or derived across the 100 stochastic maps.

We also compared our simmap-based list of derived woody
taxa with the derived woody taxa on islands identified by Zizka
et al. (2022). Note, our goal was not to establish a particular
taxon as ancestrally or derived woody, as such designations are
made based on more lines of evidence than simply macroevolu-
tionary models. Rather, our goal was to evaluate to what extent
the inference of derived woodiness from macroevolutionary mod-
els is dependent on macroevolutionary assumptions about the
underlying causes of trait variation.

The apparently low prevalence of ancestrally woody states in
reconstruction (or at least, high uncertainty, Figs 1, S1) despite
widespread clades in the ‘slow woody’ category appears to result
primarily from rapid radiations of herbaceous and woody taxa
near the base of the eudicot phylogeny. Under this scenario, the
models reconstruct a fast woody ancestor for most major lineages
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of eudicots. The model predicts that ancestral ‘fast woody’ states
(or, in the threshold model, liabilities near the threshold, see the
threshold model results in the subsequent section) in these basal
lineages likely spent some time in an herbaceous state, even if
they are now classified as ‘slow woody’ or far from the threshold.
Thus, macroevolutionary modeling alone reconstructs low confi-
dence in ancestral woodiness across eudicot taxa.

The simmap results show that very few lineages (972 out of
10225 woody taxa in our dataset) retain their ancestrally woody
status with high probability (Fig. 1, also see Fig. S1). Among the
10225 woody taxa, 272 woody species overlap with the derived
woody taxa on islands identified by Zizka et al. (2022). Of these
272 shared taxa, 259 taxa show more than 90% support for derived
woodiness in our SIMMAP-based derived wood designation,
defined as fewer than 10 of 100 stochastic reconstructions inferring
ancestral woodiness. Furthermore, 180 out of 272 (66%) of the
derived woody taxa identified by Zizka et al. (2022) fall under the
‘fast woody’ category in the corHMM model. Our results indicate
that these taxa are not inferred to have maintained a persistent
woody state but instead remain in a transitional phase, character-
ized by high transition rates between herbaceous and woody states.

Methods and results: growth habit covaries with many
other traits, and they jointly carry information about the
evolutionary history across eudicot lineages

Most of the derived woody taxa (66%) designated by Zizka
et al. (2022) had fast transition rates which suggests that these

lineages are potentially near the threshold zone where the growth
habit transitions are quite labile. To explore this, we fitted the
threshold model with covariates using the efficient phylogenetic
multivariate mixed model framework implemented in a custom
version of the R package MCMCGLMM (Hadfield, 2010) referred
to as MCMCglmmRAM (Hadfield, 2015). Unlike the original
MCMCglmm (Hadfield, 2010), this implementation uses the
reduced animal model (RAM) to integrate out tip-level phyloge-
netic effects deterministically, which provides much faster and
more stable MCMC sampling for discrete traits, especially
threshold models. The MCMC algorithm approximates the dis-
tribution of the parameters (covariance matrix of continuous
traits and liabilities of the discrete traits) by sampling the joint
posterior distribution of covariances and liabilities (see Notes S1
for detailed model specifications, variance structures, and imple-
mentation code).

The MCMCglmmRAM was performed on the eudicot
phylogeny (extracted from seed plant phylogeny; Smith &
Brown, 2018). Climatic data (temperature) were obtained by
querying specimens’ georeferenced locations against WorldClim
variables (Hijmans et al., 2004). Following Zanne et al. (2018),
we specifically used BIO6 (minimum temperature of the coldest
month), taking the 2.5th percentile across georeferenced locations
for each species as the limiting value affecting plant hydraulic
conductivity.

Conduit size was expressed as mean vessel diameters. For
woody taxa, vessel diameter data were obtained from the Angios-
perm Global Vessel Anatomy Database (Zanne et al., 2010), and

CorHMM slow-woody
CorHMM fast-woody

0

0.25

0.5

0.75

1

Fig. 1 Distribution of corHMM slow-woody (gray) and fast-woody (orange) lineages (inner ring), and the SIMMAP reconstruction of ancestral (and
derived) woodiness (outer ring) across the eudicot phylogeny including only woody species. The probability of ancestral woodiness was inferred through
100 stochastic character maps as the percentage of maps (out of 100 maps) each woody lineage maintained its woody state throughout the history of
lineage (i.e. from root to the tip) under Mk2 states (herbaceous, woody) model.
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for herbaceous taxa, from The Xylem Database (Schweingruber
& Landolt, 2005). Leaf phenology data (deciduous, evergreen,
variable) were obtained from Zanne et al. (2018), originally
sourced from the Global Leaf Phenology Database (Wright
et al., 2014). Growth habit (woody/herbaceous) data were
obtained from the Global Woodiness Database (Cornwell
et al., 2013). Vegetative plant height (maximum vegetative
height) data were obtained from the TRY Plant Trait Database –
Trait ID 3106 (plant height vegetative; Kattge et al., 2011;
https://www.try-db.org, accessed March 2019). All variables –
vessel diameter, minimum temperature, and plant height – were
log-transformed for analysis (see Dataset S1 for data sources and
filtering details for all trait data).

Mapping threshold liabilities of woody taxa with their prob-
ability of being derived woody (i.e. 1 minus the probability of
ancestral woodiness) revealed strong correlations (Fig. 2). Taxa
with high probability of derived woodiness lie near the threshold
based on posterior distributions of liabilities. Next, we converted
the covariances of a set of traits and environmental variables –
growth habit, plant height, vessel diameter, minimum tempera-
ture, and leaf phenology – estimated under a phylogenetic mixed
effects model for threshold traits, into pairwise correlations (pos-
terior distributions shown in Fig. 3). All variables, except vessel
diameter and plant height with leaf phenology, were significantly
correlated, with posterior distributions bounded away from zero.

We estimated vessel size optima (vessel diameter) for herbac-
eous and woody regimes by allowing adaptive shifts under a
multi-optima Ornstein–Uhlenbeck (OU) model of trait evolu-
tion. We used the same eudicot simmap phylogenies, with woody
(slow and fast) and herbaceous regimes ‘painted’ as fixed loca-
tions of shifts on the internal branches of the phylogeny. For the
purpose of imputation, we removed all herbaceous tips from the
simmap phylogeny (e.g. Fig. 4a) and treated their vessel diameter
data as missing, retaining only woody taxa and their

corresponding vessel diameter for analysis. Using these painted
regimes with woodiness-only data, we estimated vessel size
optima for both herbaceous (absent in the tips) and woody
regimes (present in the tips with their vessel sizes) under Bayesian
rjMCMC multi-optima OU process using the R package bayou
(Uyeda & Harmon, 2014) and summarized these optima over
100 stochastic maps (see Fig. S2 for detailed workflow). The
aggregate mean vessel size (cross-sectional diameter in mm)
optima for corHMM designated regimes, herbaceous (fast and
slow herbaceous combined), fast woody, and slow woody growth
habits estimated by BAYOU (using from 100 stochastic maps)
are 0.048 (95% credible interval 0.03–0.07), 0.066 (95% cred-
ible interval 0.03–0.12), and 0.07 (95% credible interval
0.069–0.08), respectively. Despite the dataset having no observa-
tions of vessel sizes in herbaceous plants, we reconstructed a vessel
size distribution for herbaceous plants from the model that was
near identical to its true distribution from literature-reported
values (Fig. 4b), suggesting that the covarying traits of vessel size
and plant growth habits can be used to estimate missing value
trait (e.g. herbaceous vessel size) using the model-based trait
imputation process. Particularly, information on unobserved ves-
sel sizes can be leveraged from recent derived woody plants,
which maintain signal of trait values in the herbaceous state.

Summary: growth habit is a complex trait

In this subsection, we present three key findings from our analysis
of eudicot growth habit: (1) single trait reconstructions using
phylogenetic comparative methods fail to validate designations of
ancestral woodiness (Fig. 1); (2) a threshold model best captures
the data by modeling growth habit as a latent continuum, sup-
ported by strong correlations between threshold liabilities and
derived woodiness probabilities (Fig. 2) and significant pairwise
trait covariances (Fig. 3); and (3) these trait interrelationships can

r  = −0.83
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Fig. 2 Scatter plot showing the relationship between
each woody taxon’s probability of derived
woodiness (inferred under a Mk model) and its
average threshold liability. Taxa closer to the
threshold zone (i.e. threshold liability near 0) exhibit
a higher probability of being derived woody. The
fitted dotted regression line indicates a strong
negative association between the two variables
(r = �0.83). Probabilities were estimated from 100
stochastic character maps as the proportion of maps
in which a lineage did not remain woody throughout
its evolutionary history (root to tip).
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aid in trait prediction of missing data, even when data are heavily
biased in their collection, such as the case of vessel diameter that
is predominantly reported for woody plants (Fig. 4).

More specifically, our analysis further demonstrates that phylo-
genetic comparative data alone cannot validate the existence of
ancestrally woody states, defined as woody lineages that have

always remained woody during evolutionary history of angios-
perms. Although the idea of derived woodiness originated with
Darwin and Wallace (Darwin, 1859; Wallace, 1878) and was ela-
borated by Carlquist’s (1974, 2009, 2012) observation on many
(sub-tropical) islands, these results were later supported in studies
across plant groups using phylogenetic analysis through trait

(a) (b)

Fig. 4 Imputation of missing vessel diameter data for herbaceous lineages using a multi-optima Ornstein–Uhlenbeck (OU) model. (a) Example SIMMAP
reconstruction (one of 100) showing internal branches colored by regime: slow woody (gray), fast woody (orange), and herbaceous (green). For the
purpose of imputation, we dropped all herbaceous tips and treated their vessel diameter as missing. Only vessel diameters for woody species were
retained. (b) Under a Bayesian rjMCMC multi-optima OU process (implemented in BAYOU), we used the woody-only data (vessel sizes) alongside the
painted regimes to estimate vessel size (diameter) optima for both herbaceous and woody regimes. The box plots compare predicted optimal vessel sizes
for missing herbaceous taxa (inferred from the woody data and regime assignments) against their true observed values. Estimates shown here are
summarized across 100 stochastic maps. Boxplots show the median (horizontal line), the 25th–75th percentiles (box), whiskers extending to 1.59 the
interquartile range, and outliers as points.
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Fig. 3 Testing correlations among
different variables affecting plant
growth habit, height, and conduit size.
Each colored density curve represents
the posterior distribution of the
correlation coefficient for a pair of
variables (growth habit, log-plant
height, log-cross-sectional vessel
diameter, log-minimum temperature,
and leaf phenology), estimated using
MCMCglmmRAM. Correlations were
obtained by converting the posterior
covariance matrices from the
phylogenetic mixed-effect models into
pairwise correlation coefficients.
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mapping (e.g. B€ohle et al., 1996; Givnish, 1998; Kim
et al., 2004; Lee et al., 2005; Lens et al., 2012, 2013; Neupane
et al., 2017; Frankiewicz et al., 2020; Zizka et al., 2022). These
phylogenetic trait-mapping studies were initially based on the
parsimony method, which minimizes the number of steps, and
therefore often implied no more than a single change per branch.
Later work increasingly adopted stochastic models (maximum
likelihood, Bayesian) that allowed multiple transitions along a
branch and provided probabilistic ancestral-state estimates. Using
these phylogenetic methods, many clades that we found to be
derived woody have been considered ancestrally woody since the
origin of angiosperms.

However, using models that capture more of the heterogeneity
underlying growth habit by allowing clades specific rates of state
changes (corHMM, or the threshold model) and the possibility
of states changes along branches, we found that the phylogenetic
evidence alone using traditional trait mapping is not sufficient in
confirming whether a plant species is ancestrally woody (Fig. 1).
Widespread ancestral woodiness may certainly occur in eudicots
(and it is often based on more than phylogenetic evidence), but
phylogenetic evidence alone provides equivocal support for a vast
majority of eudicots. For example, Klime�s et al. (2022) estimated
that only 9% of Lamiidae species retain primary woodiness, com-
pared to much higher proportions in Fabidae (71%) and Malvi-
dae (78%), highlighting how unevenly ancestral woodiness is
distributed across major eudicot clades. This equivocal support in
our analyses emerges from the observation that the base of the
eudicot radiation has a number of short branches from which
numerous clades radiate (see Zuntini et al., 2024) with a large
diversity of growth habit that remain relatively static thereafter.
In other words, several major clades branch off at the base of the
phylogeny that are either ancestrally woody or herbaceous. To
generate such clades, the model confidently reconstructs the
ancestral branches of these groups to be ‘fast woody’, so that both
herbaceous and woody lineages can descend from them. How-
ever, if these lineages indeed were ‘fast woody’, then the probabil-
ity that they briefly transitioned to ‘fast herbaceous’ is high. This
scenario corresponds well with the concept of a threshold model,
in which lineages near the threshold transition at high rates, but
that as a lineage maintains a woody state, it drifts further and
further from the threshold (Fig. 2).

Auxiliary traits associated with ancestral woodiness may pro-
vide independent evidence that these lineages maintained woodi-
ness throughout their evolutionary history. However,
incorporating rate heterogeneity into comparative methods
revealed that absent this evidence, many of the woody states in
comparative analyses are likely representative of the underlying
continuous nature of the woody–herbaceous continuum with
thresholds in state change. These results highlight the need for
caution when interpreting results based solely on parsimony
reconstructions of complex traits.

Revealing the underlying heterogeneity of rates in growth habit
has the additional effect of revealing a path toward clarifying its
history – many familiar traits are informative about where a plant
lies on the continuum of herbaceous to woody. Macroevolution-
ary studies on plant growth habit evolution do show that the

switch from herbaceous to woody can occur in a range of envir-
onmental conditions such as in arid areas of Canary Islands (e.g.
Lens et al., 2013; D�oria et al., 2018), southern Africa (Frankie-
wicz et al., 2021) and other insular environments with moderate
climate of oceanic island or island-like tropical mainland moun-
tains (Neupane et al., 2017; N€urk et al., 2019; Zizka
et al., 2022). Indeed, our threshold models reveal widespread sig-
nificant covariances between habit and leaf phenology, stem
length, environmental temperature and cross-sectional vessel dia-
meter (Fig. 3). Considering that plant height is a strong covariate
of woodiness, it becomes clear why our reconstructions failed to
recover ancestral woodiness, since the models treated woodiness
as a binary trait and ignored its correlation with height. Further-
more, it suggests that ancestral state reconstructions and the infer-
ences that depend on them can benefit from the inclusion of
additional covariates underlying discretely coded characters.

Previous work (e.g. Westoby et al., 2002; D�ıaz et al., 2016)
supports the strong correlations among plant functional traits.
However, to build a cohesive understanding of how these factors
are interrelated, simply demonstrating correlations is not suffi-
cient. Does a phylogenetic regression of growth habit against a
given predictor require that all other significantly correlated vari-
ables be included as covariates? To understand the possible causal
structures underlying these relationships, we turn toward phylo-
genetic path analysis (Hardenberg & Gonzalez-Voyer, 2013) in
the next section as a guide for determining which variables are
confounders, mediators, or colliders (see Introduction for
detailed explanations of these concepts) and how such questions
can be pursued in individual analyses, despite these complexities.

II. Causal modeling: phylogenetic path analysis of
temperature effects on growth form, leaf phenology,
and vessel size

Our previous section highlights the need to make sense of a com-
plex set of interrelated intrinsic and extrinsic traits when most
pairwise comparisons have significant correlations. The outstand-
ing questions are how to make sense of such a wide array of corre-
lated traits to understand cause, effect and make
predictions? How do we interpret results from standard compara-
tive methods (Markov, BM, etc.) of individual trait analyses
when the real underlying processes are a complex interrelated
web of cause and effect? Here we revisit Olson et al. (2018), who
found maximum plant height to be the main predictor of vessel
diameter across temperature gradients and Zanne et al. (2018),
who linked conduit size to leaf phenology and minimum tem-
perature. Using causal-inference and phylogenetic path analysis
(Hardenberg & Gonzalez-Voyer, 2013), we integrate these per-
spectives into a more holistic evolutionary framework of
growth-habit and conduit diameter evolution.

Methods and results: phylogenetic path analysis

We tested for direct and indirect effects of an environmental vari-
able (minimum temperature) on plant traits (cross-sectional con-
duit diameter, plant height, leaf phenology, woodiness) and
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among plant traits using confirmatory path analysis. Phylogenetic
path analysis (Hardenberg & Gonzalez-Voyer, 2013) allows
inference of plausible underlying causal structures of these vari-
ables by the method of d-separation. In this approach, all pairs of
variables that are predicted to be conditionally independent
(called the d-separated variables) in the causal model (depicted as
Directed Acyclic Graph or DAG) are listed. These d-separation
statements are translated to statistical linear models (also account-
ing for phylogenetic non-independence using phylogenetic least
squares) and tested for the statistical independence conditioning
on other variables included in the causal path (the causal parents).
The model fit for the particular causal model was evaluated by
combining P-values of individual d-separation statements using
Fischer’s C statistic (Shipley, 2000). The phylogenetic path ana-
lysis was performed using the R package PHYLOPATH (van der
Bijl, 2018) using the eudicot phylogeny extracted from the seed
plant phylogeny from Smith & Brown (2018).

First, we combined the variables included in models in Olson
et al. (2018) and Zanne et al. (2018) and tested their relation-
ships in our causal path model. We also added an interaction
term between minimum temperature and leaf phenology in the
causal path structure as it was shown by Zanne et al. (2018) that
conduit size-minimum temperature relationships varied between
deciduous (linear relationship) and evergreen species (sigmoidal
relationship). A total of 607 plausible path models were com-
pared. Of the 607 path models that were tested to infer the causal
structure among log-cross-sectional conduit diameter,
log-minimum temperature, log-plant height, leaf phenology, and
interaction variable (log-minimum temperature 9 leaf phenol-
ogy), five models were favored (Fig. S3) based on CICc criteria
(C-statistic information criterion corrected for small sample sizes)
with Δ CICc values < 2. Minimum temperature had a direct
positive effect on cross-sectional conduit diameter and plant
height (Figs 5, S3). However, the causal direction between
cross-sectional conduit diameter and plant height was unresolved:
three models favor a direct effect of height on cross-sectional con-
duit diameter and two models favor the reverse. In all five mod-
els, evergreens had higher minimum temperature than deciduous

and when phenology had direct causal path on the conduit size
and plant height, evergreens favored smaller conduit size and
plant height vs deciduous (Fig. 5). Further, there was also a sig-
nificant interaction effect of minimum temperature and phenol-
ogy on height (model 309, model 325, model 60) or on conduit
size and height both (model 52, model 301). The significant
positive interaction between minimum temperature and ever-
green phenology indicates that minimum temperature has a
stronger effect on height or conduit size in evergreen species than
in deciduous species.

Second, we expanded the model to include the plant growth
habit (woodiness) as a trait that could be influenced by other vari-
ables (minimum temperature, plant height, leaf phenology, and
cross-sectional conduit diameter). The growth habit was treated
as a continuous trait in the form of posterior tip liabilities of
plant growth habit obtained using MCMCglmmRAM under a
simple model with no covariance with other traits (i.e. random
effects only). The phylogenetic path analysis was performed over
all posterior tip liabilities (1800 samples) and the results were
averaged over the best selected models (with Δ CICc values < 2)
for each sample of posterior tip liabilities. Two types of path
structures (i.e. variables combinations) were explored: (1) four
variables path models with the selected variables except for leaf
phenology (138 possible path models); and (2) five variables path
models (7338 possible path models) including leaf phenology
(categorical). In both averaged models (Fig. S4A,B), as expected
plant growth habit exhibited as a threshold property where plant
height and growth habit threshold liabilities were strongly linked
but their causal direction was unresolved. Also, we found that
plant growth habit was influenced by conduit size and to some
extent by minimum temperature (Fig. S4A).

Summary: path analyses unite findings

The results from the path analyses are consistent with both the
findings of Olson et al. (2018) and Zanne et al. (2018) and sug-
gest that both studies examined a subset of the underlying causal
structure relating phenology, vessel diameter, and height. The

(a) (b)

Fig. 5 Phylogenetic path analysis results depicting
causal relationships among plant traits (log-cross-
sectional vessel diameter, log-plant height, and leaf
phenology), an environmental variable (log-
minimum temperature), and their interaction (log-
minimum temperature9 phenology). Arrows
represent significant causal links; line width indicates
the magnitude of the standardized regression
coefficient, and color denotes the direction of the
relationship (blue, positive; red, negative). (a) One
of the best-fitting causal models (model 309) based
on CICc criteria. (b) The averaged path model across
the five best-fitting models (ΔCICc < 2).
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best-fitting single model measured a direct effect of plant height
on vessel cross-sectional diameter (Olson et al., 2018), along with
direct effects of temperature and leaf phenology (Zanne
et al., 2018), while model-averaged paths showed stronger effects
of vessel cross-sectional diameter on height. Furthermore, the
interaction of phenology and temperature observed to affect ves-
sel cross-sectional diameter in Zanne et al. (2018) appears
mediated through vessel diameter’s correlation with height.

While we attempted to include growth habit in the analyses
using posterior probabilities of liabilities from the threshold
model, these discrete traits did not have enough information to
strongly support alternative causal relationships, although the
best fitting models included direct effects of height (Fig. S4). In
fact, all variables except leaf phenology appeared to impact
growth habit across the best and averaged models. In the next sec-
tion, we examine how inclusion of these variables impacts predic-
tion and misprediction of growth habit across taxa.

III. Phylogenetic prediction using cross-validation

The causal graphs obtained through phylogenetic path analysis
highlight one approach for making sense of the widespread corre-
lations among plant traits and environmental variables and allow-
ing piecewise study of trait evolution at the comparative scale.
While the use of discrete traits and/or liabilities are limited in
their abilities to distinguish among causal hypotheses for growth
habit, we sought to determine how inclusion of variables
impacted the predictability of growth habit across our dataset
using phylogenetic cross-validation.

Methods and results: identifying mispredicted species
across models

To evaluate whether including covariates improves prediction of
growth habit, we compared two types of models: (1) a simple
Markov model (Mk, Lewis, 2001) for discrete traits with homo-
genous transition rates for the entire phylogeny lacking any cov-
arying traits and variables; and (2) a multivariate phylogenetic
threshold model framework. We then compared cross-validation
accuracy before (Mk model) and after (multivariate threshold
model) the inclusion of covariates associated with growth habit
from our causal modeling framework. To test the predictive abil-
ity of plant growth habit under both a fixed rates
continuous-time Markov Model (‘Mk model’) and a multivariate
threshold model, we iteratively cross-validated each tip in our
phylogenetic dataset (5190 species) by replacing its known value
of growth habit with a null value. We then predicted its state
under both types of models and compared this prediction against
its known state.

For Mk model predictions, we used hsp_mk_model function
of the R package Castor (Louca & Doebeli, 2018). This package
allows for missing tip states to be reconstructed using the maxi-
mum likelihood approach. For the threshold model, we used the
R package MCMCGLMMRAM (Hadfield, 2015), where the pre-
dicted growth habit of missing state is calculated as the percen-
tage of imputed posterior tip liabilities above (woody) or below

(herbaceous) the threshold value. The liabilities were obtained
under a multivariate phylogenetic mixed-effects model. Initially,
we included only growth habit as a single variable, subsequently
including different sets of covariates in the causal path (minimum
temperature, height, leaf phenology, and vessel diameter; see
Fig. S4). We also tested minimum annual precipitation (BIO14;
log-transformed after adding Euler’s constant to accommodate
zeros) as an additional covariate, using 2.5th percentile values
across georeferenced localities from WorldClim (Hijmans
et al., 2004), following Zanne et al. (2018) (see Dataset S1).
However, precipitation did not have a significant effect in our
predictions.

The performance of the Mk model and the threshold model
were comparable, with c. 95% correct predictions of tip states.
The threshold model slightly outperformed the Mk model (Mk
mispredictions = 258 of the 4132 tips in the phylogeny; thresh-
old mispredictions = 244 of 4132). There was a total of 307 mis-
predictions of habit state across both models, with 195
mispredictions shared by both models. We rigorously evaluated
whether these mispredictions were indeed mispredictions rather
than miscodings of the habit data by manually reevaluating each
species. We found that 35 of the taxa (of the original 244 mispre-
dicted habit trait states under threshold model) had erroneous
assignment of their growth habit in the original trait data. While
not the focus of our study, this indicates that phylogenetic
cross-validation can help detect the incorrect coding of compara-
tive data.

Methods and results: predictive modeling and
cross-validation

To understand the effect of covariates in trait prediction (vessel
size, plant height, minimum temperature, leaf phenology,
Fig. S4) in explaining growth habit for ‘challenging taxa’, we
focused our prediction on the 307 mispredicted taxa using
cross-validation with the threshold model by estimating tip
liabilities under various multivariate scenarios using
MCMCglmmRAM. We chose to keep the 35 miscoded taxa in
this set under the assumption that these taxa may be challen-
ging to code as a binary trait. The set of models used to obtain
the tip liabilities were:
� Null model: no causal effect of other variables on tip liabilities
(phylogenetically covarying random effects only)
� Model 2: liabilities covarying with plant height only
� Model 3: liabilities covarying with vessel diameter only
� Model 4: liabilities covarying with vessel diameter and plant
height.
� Model 5: liabilities covarying with vessel diameter, plant
height, and minimum temperature.

While other combinations of models are possible, we limited
the number of models to those that appeared to have support
under the causal path analyses of Section II. To assess the perfor-
mance of each model in predicting the plant habit, we compared
the distribution of posterior probabilities of the actual states of
the 307 test taxa across models 1–5 (Fig. 6). Additionally, we
randomly chose multiple sets of 307 taxa regardless of whether
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they were correctly predicted in the original analyses and repeated
the cross-validation analysis to generate a comparison distribu-
tion of posterior probabilities to determine how the inclusion of
covariates impacted overall trait reconstruction across all taxa
(Fig. S5).

Comparisons show that the predictability of the threshold
model improves substantially as we add covariates. We found
that including covarying factors (Models 2–5) increased the
probability of support for either woody or herbaceous predictions
compared to the Null model (Figs 6, S5). Random subsets were
overall predicted with extremely high accuracy as expected given
the conserved nature of growth habit. In particular, adding height
increased prediction habit state certainty for random subsets by
increasing the proportion of taxa with posterior probabilities = 1
(Fig. S5), while the combined effect of height, vessel diameter,
and minimum temperature have the highest prediction accuracy
across both mispredicted and random subsets (Figs 6, S5).

We further inspected the 35 erroneous assignments and 209
correct assignments of their growth habits under models 1–5 and
assessed how our predictions were influenced by the set of covary-
ing factors (determined by the causal link) included in the predic-
tion model. We particularly focused on taxa where the results
were altered by the inclusion/exclusion of predictors in the
model. Most of these mispredictions occurred in plants that lie in
the boundary zone between herbaceous and woody states, which
are often characterized as suffrutescent herbs, subshrubs, and per-
ennials, and some of which are characterized as derived woody.

For most taxa, unsurprisingly, plant height had the largest
effect (Model 2) on plant growth habit predictions. For example,
height greatly improved prediction for Lepechinia calycina
(Benth.) Epling (Fig. 7a), an evergreen perennial shrub found in
the rocky slopes in California that has an extremely low probabil-
ity of being woody under both null threshold (0.22) and Mk
(0.03) models, but switches to being predicted to be woody when

Fig. 6 Distribution of log-transformed proportions of posterior tip liabilities (x-axis) correctly matching the actual growth habit (herbaceous vs woody) for
307 taxa (initially misclassified and treated as missing) across five threshold models estimated using MCMCglmmRAM. Each bar (y-axis) represents the
frequency of species with a given log-transformed proportion of correct liabilities. Species in categories farther to the right indicate higher proportions of
posterior tip liabilities correctly predicting their actual state, with 100% (i.e. 1 or 0 on the log scale) appearing at the extreme right. Models showing more
bars shifted toward the right indicate better overall prediction accuracy of growth habits. The inset pie charts and summary statistics illustrate the overall
prediction accuracy for each model.
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height (0.68) and other covariates are included in the threshold
model. Similarly, for some taxa that are particularly adapted to
arid climates, including temperature in the predictive model
altered results drastically. Artemisia monosperma Delile (Fig. 7b)
is a dominant perennial shrub of Arabian deserts that was origin-
ally coded as woody. The models that exclude temperature,
including the MK model, predict it to be herbaceous with high

certainty (> 0.80), implying that including minimum tempera-
ture reverses this prediction to the correct state.

Similarly, woody plants that are small trees/large shrubs (e.g.
Calotropis procera (Aiton) W.T.Aiton, Euphorbia dendroides L.,
Nicotiana glauca Graham; Fig. 7c–e) showed substantial model
prediction improvement when minimum temperature was
included in the model (Model 5). Likewise, some herbaceous taxa

(a)

(e) (f) (g) (h)

(b) (c) (d)

�

����

Fig. 7 Examples of mispredicted taxa and their estimated probabilities of woodiness estimated under the MK and different threshold models estimated
using MCMCglmmRAM. Probabilities of woodiness were calculated as the percentage of posterior tip liabilities exceeding the threshold value. The
threshold models include: (1) null (no covarying traits); (2) habit � cross-sectional vessel diameter (VD); (3) habit � stem length/plant height (SL); (4)
habit � VD + SL; (5) habit � VD + SL + minimum temperature (TMP). Panels (a–f) show cases where prediction accuracy improved after including
covarying traits; (g) illustrates a case where covarying traits helped detect an incorrectly assigned habit; and (h) shows a case where including covarying
traits reduced prediction accuracy. Photo use permissions: (a) Lepechinia calycina, photo by Bill Hubick https://www.inaturalist.org/observations/
53324917) used with permission; (b) Artemisia monosperma, photo by Dr Avinoam Danin (https://flora.org.il/en/plants/artmon/) used with permission;
(c) Calotropis procera, photo by A. Savin (Free Art License, Wikimedia Commons, https://es.wikipedia.org/wiki/Calotropis_procera#/media/Archivo:ET_
Afar_asv2018-01_img87_Abala_surroundings.jpg); (d) Euphorbia dendroides, photo by Anne-H�el�ene Paradis (https://www.inaturalist.org/observations/
108786878) used with permission; (e) Nicotiana glauca, photo by Forest & Kim Starr (Starr Environmental, licensed under Creative Commons Attribution
(CC BY) http://www.starrenvironmental.com/images/image/?q=24526521762); (f) Cornus canadensis by M. Costea and G. Costea (http://phytoimages.
siu.edu/imgs/Cusman1/r/Cornaceae_Cornus_canadensis_75731.html) used with permission; (g)Osteocarpum acropterum by Kym Nicolson (https://
www.inaturalist.org/observations/61635424) used with permission; (h) Lupinus latifolius by Jean Pawek (https://calphotos.berkeley.edu/cgi/img_query?
seq_num=385101&one=T) used with permission.
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originally predicted to be woody had improved prediction of cor-
rect growth habit states when covariates were included. The her-
baceous species, Cornus canadensis L., a north Eurasian-North
American member of a genus that otherwise contains trees and
large shrubs, was predicted by the Mk model and the univariate
threshold model to be woody (> 0.96). However, inclusion of
plant height drops these probabilities considerably, and support
for the majority of the posterior probability becomes herbaceous
once temperature was included (Fig. 7f).

Ambiguity in character coding resulting in erroneous trait
assignments in our original dataset was also apparent across the
35 miscoded taxa. For example, the perennial herb Osteocarpum
acropterum (F.Muell. & Tate) Volkens, a succulent of c. 20 cm
high, grows in saline areas in temperate Australia. It was origin-
ally coded as woody in our database. However, when height was
included in the prediction, support for woodiness decreased,
favoring the herbaceous state. Without height, the threshold
model results were comparable to the Mk model predictions
(Fig. 7g). Similarly, the New Zealand natives Muehlenbeckia aus-
tralis (G.Forst.) Meisn. and Muehlenbeckia complexa (A.Cunn.)
Meisn. are robust vines with the main stem up to 10 cm in dia-
meter. These perennial woody climbers were coded as herbaceous
and predicted to be herbaceous under the MK and threshold
models when height was not included (Null model).

However, for a few taxa, inclusion of covariates actually
decreased support for predictions of the true growth habit (con-
trary to the pattern seen overall, see Figs 6, S5). For example,
including height reversed the predictions for 10 species: Thymus
mongolicus (Ronniger) Ronniger, Artemisia maritima L., Cepha-
laralia cephalobotrys (F.Muell.) Harms, Batis maritima L., Anaba-
sis salsa (Ledeb.) Benth. ex Volkens, Euphorbia hierosolymitana
Boiss, Chenopodium album L., Artemisia japonica Thunb., and
Lupinus latifolius Lindl. ex J.Agardh (Fig. 7h).

Summary: phylogenetic prediction improves by inclusion of
causal paths

Overall, we found that height and minimum temperature
improve the prediction of growth habit in the mispredicted taxa,
the vast majority of which appear on the ‘threshold’ between
woody and herbaceous. These taxa represent many cases of
derived woodiness, or recent transitions to herbaceousness. Man-
ual coding of these taxa by experts can be challenging (Lens
et al., 2012), let alone by phylogenetic comparative modeling. In
our case, it was also challenging to unambiguously identify the
causal structure of growth form evolution, owing to it being a
discrete trait with limited signal to evaluate conditional indepen-
dence.

Interestingly, consistent with the results of the phylogenetic
path analyses in Section II (Fig. S4), we found improved predic-
tion with the inclusion of covariates, particularly height and
minimum temperature. Cross-validation is particularly useful in
identifying the ‘tipping point’ variables that underly improved
predictive power as well as demonstrating exceptional cases where
their inclusion runs counter to expectations. For example, we
show exemplar taxa with improved assignation to the correct

plant habit state (herbaceous, Fig. 7a–e; woody, Fig. 7f,g) when
height and minimum temperature are added to the underlying
path causal model. Taxa for whom predictive power decreases
from true values have particularly odd values in our dataset. For
example, Lupinus latifolius is typically a medium-sized perennial
herb, but in our dataset carries a particularly large value for
height, of c. 3 m. While this is potentially possible for large herbs
(e.g. giant hogweed, Heracleum mantegazzianum Sommier &
Levier), if accurate, it likely represents an extreme maximum in
ideal conditions that is not typical for all the populations in the
species. Examination of biological exemplars can potentially
identify what is missing from the model as well – highlighting
taxa with natural history features that potentially elucidate miss-
ing components of the model.

Synthesis and discussion

In this manuscript, our primary goal was to demonstrate how
phylogenetic comparative methods can be used to build a grow-
ing understanding of interrelated trait relationships. In general,
the main justification for using phylogenetic comparative meth-
ods is that there are phylogenetic effects in the residual variation
(Revell, 2010). Such variation can potentially lead to confound-
ing estimation of the relationships among focal variables, as well
illustrated by Felsenstein’s famed worst-case scenario (Felsen-
stein, 1985). It is common for different comparative studies to
focus on different sets of focal variables, while sequentially rele-
gating other factors – even those previously established to be
important and potentially causal – to mere nuisance or back-
ground variation modeled under evolutionary processes such as
Brownian Motion (Grafen, 1989). However, this practice can
lead to analytical amnesia that is antithetical to the goal of build-
ing a comprehensive understanding of the biology underlying
macroevolutionary patterns. Too often we find that large macroe-
volutionary datasets have many sets of traits with strong correla-
tions. Thus, the challenge of macroevolutionary analyses is not
simply finding significant relationships (e.g. Fig. 3), but in inter-
preting the complex web of interrelationships among variables.
The real task lies in making sense of these correlations and link-
ing them to underlying biological processes. Importantly, such
interrelationships can also be leveraged to reconstruct unobserved
variables.

In particular, little guidance has been established in the field
for when a significantly covarying variable should be excluded
from a comparative analysis (Farallo et al., 2020; Keele
et al., 2020). Inappropriate inclusion of variables can create
overly complex models, introduce uncertainty due to partial or
incomplete data, and worst of all, potentially create bias or spur-
ious correlations by improperly classifying variables as confound-
ing. Here we argue that phylogenetic path analysis and the logic
of causal inference is particularly valuable for guiding researchers
toward meaningful macroevolutionary inferences while building
a comprehensive understanding about the relationships among
variables (Hardenberg & Gonzalez-Voyer, 2013). Establishing
plausible Directed Acyclic Graphs (DAGs) of trait relationships
can facilitate piece-wise study of trait relationships. The strength
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of this approach is because path analyses can identify when sev-
eral variables exist along the same common causal path. Conse-
quently, potentially alternative causal explanations for
macroevolutionary patterns can be identified as pieces of the full
DAG – such as we identified for the results of Zanne
et al. (2018) and Olson et al. (2018), which are both consistent as
partial descriptors of Fig. 5. Such causal DAGs can facilitate the
identification of variables that are confounders (influence both
predictor and outcome, creating spurious associations), colliders
(are influenced by both the predictor and outcome, introducing
bias if controlled for), and mediating variables (lie on the causal
pathway between predictor and outcome) along the causal path
of interest – all of which will impact how additional variables are
treated in regression analyses to estimate the causal effect of inter-
est (Pearl, 2009; Shipley, 2016; Keele et al., 2020).

As an example, the previously identified relationships
between vessel diameter and climate (Zanne et al., 2018) could
result simply as a by-product of temperature effects on plant
height since vessel diameter is known to covary with plant
height (Olson et al., 2018). However, our phylogenetic path
analysis identified a direct effect of low temperature on cross-
sectional vessel area independent of its effect on plant height,
as mediated with its interaction with leaf phenology (evergreen
vs deciduous) and temperature. This explains well the findings
of Zanne et al. (2018), which showed an overall negative rela-
tionship between minimum temperature at the extremes of a
species’ range with cross-sectional vessel area – an effect likely
driven primarily by the covariance of vessel diameter and
height, as in Olson et al. (2018). However, the difference in
the shape of the relationship (sigmoidal vs linear) between
evergreen and deciduous woody plants, respectively, indicates
that temperature has effects on cross-sectional vessel area inde-
pendent of its effect on height. One simplifying assumption in
these previous studies was that all lineages remained entirely
woody throughout their evolutionary history – an assumption
that is known to be violated (Zanne et al., 2018). Traits such
as cross-sectional vessel area can be biased in their collection;
vessel size is of great interest for the physiological properties of
woody species, but has received far less interest in herbaceous
plants, meaning there is a paucity of vessel diameter data in
herbs. Such biases are common and can often limit compre-
hensive and realistic phylogenetic comparative methods. Never-
theless, comparative methods can potentially overcome these
challenges by integrating knowledge of interacting traits within
the causal model framework.

Another plant trait that is a good example showcasing a com-
mon problem in phylogenetic comparative methods is growth
habit. This trait is often discretely coded (e.g. woody or herbac-
eous), but the underlying biological reality is one of a complex,
polygenic trait with continuous variation. How should we model
such traits in a comparative framework? One option is to model
this unseen variation as a hidden-state model in software such as
corrHMM and HiSSE (Beaulieu et al., 2013; Beaulieu &
O’Meara, 2016). These tools are essential components of the
comparative toolkit. However, as pointed out by Tarasov (2019,
see the ‘Two-Scientist Paradox’) – hidden states are often not

particularly hidden. Indeed, trees are generally well-known to be
tall plants. Therefore, the likelihood of transitions from woody to
herbaceous plants are going to be impacted by this quite visible
trait. While such facts are obvious, the distance between this rea-
lity and standard Mk models, or even hidden state models,
becomes strikingly apparent.

Clearly, inclusion of covariates improves trait prediction for
plant growth habit, and the phylogenetic distribution of dis-
crete characters can facilitate the joint reconstruction of growth
habit, plant height, vessel diameter, and minimum temperature
(Figs 4, 6). Likewise, while we show improved cross-validation
at the tips, similar performance should be expected for internal
nodes in the phylogeny. Almost all phylogenetic comparative
models account for node-based estimates of ancestral states,
explicitly or implicitly – for example, integrating over uncer-
tainty in the ancestral states of the residual variation in the
case of PGLS with Brownian Motion to estimate the regression
coefficients of variables. While PGLS assumes phylogenetically
covarying residuals, it is an inappropriate model when extrinsic
factors influence a trait with adaptation. Instead, such relation-
ships must account also for the ancestral states of the predictor
and response, and model the lag time between variables (Han-
sen, 2008; Uyeda et al., 2018). Thus, it becomes important to
distinguish between efforts to make predictions (e.g. accurately
infer ancestral states) and efforts to measure hypothesized cau-
sal effects in phylogenetic comparative analyses. For one, the
introduction of covariates can potentially greatly improve infer-
ence of past ancestral states and subsequently inform and
reduce the uncertainty of the phylogenetic model. However,
only confounding variables should be included in phylogenetic
regression models intended to estimate causal effects from
regression coefficients (Keele et al., 2020). There are currently
limited methods available for integrating a fully phylogenetic
framework with the phylogeny being part of the DAG (Uyeda
et al., 2018).

While such methods are poorly developed, we think that
progress can be made by separating out the goals of trait recon-
struction, reducing the uncertainty of ancestral states, and
establishing estimates of causal effects. We have shown, for
example, how treating growth habit as a threshold trait and
combining it with covariates can impact the inference of woo-
diness at the base of the eudicot phylogeny (Figs 6, S5) and
incorporating this additional information can potentially elimi-
nate uncertainty for estimation of the causal effects of, for
example, climate on growth habit. While accounting for these
covariances with multivariate responses can be challenging,
reconstruction of the independent variable from a set of covary-
ing traits is more straightforward. For example, the common
task of visualizing evolutionary regimes (‘regime painting’) can
be facilitated by jointly modeling plant height, vessel diameter,
and growth habit using a multivariate threshold model. Sto-
chastic mapping of the underlying liability can then be painted
on the phylogeny with uncertainty and used as a subsequent
cause of evolution in other traits. Ideally, such analyses could
be conducted as a joint inference (H€ohna et al., 2016, 2017;
Landis et al., 2018).
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Conclusion

The distance between ‘out-of-the-box’ methods in the standard
comparative toolkit, and the biological reality of traits is often
immense and can limit inferences in the face of large multi-trait
datasets. In particular, the solution appears not to be more com-
plex models, but more careful thought about the biology and the
interrelationships among traits, as well as understanding the nat-
ure of cause and effect in the system. Here we elaborate on one
approach to synthesize and build understanding of plant growth
habit evolution and its underlying causes, better connecting the
traits to their biological underpinnings. We highlight future
directions for phylogenetic comparative methods and the need to
provide guidance and resources for making sense of macroevolu-
tionary patterns.
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