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1  |  INTRODUC TION

Phylogenetic comparative methods (PCMs) are widely used to 
analyse data sets of multiple species while accounting for covari-
ance that arises from evolutionary relatedness (Felsenstein, 1985; 
Harvey & Pagel, 1991; Pagel, 1999). The goal of these methods 
is usually to test evolutionary hypotheses of trait evolution, by 
analysing evolutionary associations between different traits or 

between a trait and a selective regime (e.g. environmental vari-
ables) (Garamszegi, 2014; Martins, 2000). In such data sets, vari-
ables may often have complex relationships with each other, and 
their influence on the trait of interest can be direct or mediated 
by other variables. As macro- evolutionary processes are typically 
not amenable to experimentation, it is necessary to disentangle 
these associations statistically (Pearl, 2000; Pearl et al., 2016; 
Shipley, 1997, 2002; von Hardenberg & Gonzalez- Voyer, 2013). 
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Abstract
Phylogenetic comparative methods (PCMs) can be used to study evolutionary rela-
tionships and trade- offs among species traits. Analysts using PCM may want to (1) 
include latent variables, (2) estimate complex trait interdependencies, (3) predict 
missing trait values, (4) condition predicted traits upon phylogenetic correlations and 
(5) estimate relationships as slope parameters that can be compared with alternative 
regression methods. The Comprehensive R Archive Network (CRAN) includes well- 
documented software for phylogenetic linear models (phylolm), phylogenetic path 
analysis (phylopath), phylogenetic trait imputation (Rphylopars) and structural equa-
tion models (sem), but none of these can simultaneously accomplish all five analytical 
goals. We therefore introduce a new package phylosem for phylogenetic structural 
equation models (PSEM) and summarize features and interface. We also describe new 
analytical options, where users can specify any combination of Ornstein- Uhlenbeck, 
Pagel's- δ and Pagel's- λ transformations for species covariance. For the first time, we 
show that PSEM exactly reproduces estimates (and standard errors) for simplified 
cases that are feasible in sem, phylopath, phylolm and Rphylopars and demonstrate the 
approach by replicating a well- known case study involving trade- offs in plant energy 
budgets.
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While phylogenetic regression can test for direct associations, 
more complex relationships require the modelling of a casual 
graph using methods such as path analysis (Wright, 1934) or struc-
tural equation models (Kaplan, 2001).

PCMs involve a wide range of models and software including 
phylogenetic extensions of linear models (Tung Ho & Ané, 2014) 
and path analysis (van der Bijl, 2018; von Hardenberg & Gonzalez- 
Voyer, 2013). These methods require specifying evolutionary re-
latedness, and phylogenetic information is usefully represented 
in the R statistical environment using R- package ape (Paradis & 
Schliep, 2019). However, PCM software often requires complete 
data (i.e. all modelled variables are measured for each modelled 
taxon).

Ecologists often lack measurements for some combination of 
taxa and traits. In these cases, phylogenetic trait imputation (PTI) is 
widely used to infer missing values as well as their predictive vari-
ance (Hadfield & Nakagawa, 2010; Nakagawa & Freckleton, 2011). 
One widespread implementation is Rphylopars (Goolsby et al., 2017), 
which involves estimating a full- rank or diagonal covariance among 
traits. Alternatively, PTI can be implemented using phylogenetic 
factor analysis, which estimates a low- rank approximation to the 
full- rank covariance among traits (Hassler et al., 2022; Thorson 
et al., 2017; Tolkoff et al., 2018). Thorson et al. (2023) proposed a 
new phylogenetic structural equation model (PSEM) that merges 
structural equation models (SEM) and PCM. However, this approach 
has not been available with a simple, fast and easy- to- use package 
within the R statistical environment (R Core Team, 2021) and avail-
able via the Comprehensive R Archive Network (CRAN).

We here introduce and describe phylosem, the first general, sim-
ple and user- friendly package available on CRAN for PSEM (Thorson 
& van der Bijl, 2023). We specifically emphasize three novel contri-
butions in this article:

1. We inventory the features available in alternative packages and 
discuss how PSEM can include these in a way that existing 
packages do not;

2. We demonstrate that PSEM using phylosem is equivalent to (and 
can replicate parameter estimates and standard errors from) ex-
isting packages in simplified instances;

3. We introduce new features available in phylosem, including func-
tionality (A) to include any combination of several common trans-
formations describing species covariance, (B) to estimate the 
intercepts in a phylogenetic path analysis and (C) estimating trait 
values for ancestral nodes in a phylogenetic tree.

2  |  GENER ALIZING E XISTING R 
PACK AGES

Analysts conducting PCM might want the following features:

1. estimating multiple dependencies among variables using a path 
diagram;

2. predict the value of unmeasured traits or latent traits that are im-
possible to directly measure;

3. predicting missing trait values conditional upon phylogenetic 
information;

4. estimating regression coefficients as slope parameters and
5. controlling for phylogenetic correlations.

These features are available in different combinations within the 
following packages:

• Phylogenetic linear models using phylolm (Tung Ho & Ané, 2014) 
and phylogenetic generalized linear models (PGLM) using phyr 
(Ives et al., 2020; Li et al., 2020) incorporate features 4 and 5;

• Phylogenetic path analysis using phylopath (van der Bijl, 2018; von 
Hardenberg & Gonzalez- Voyer, 2013) incorporates features 1, 4 
and 5;

• Structural equation models using sem (Fox et al., 2020) incorpo-
rate features 1, 2 and 4 and

• Phylogenetic trait imputation using Rphylopars (Goolsby et 
al., 2017) incorporates features 3 and 5.

These desirable features and the capabilities of existing pack-
ages are summarized in Figure 1.

All these features are available in phylogenetic structural equa-
tion models (PSEM) using R- package FishLife (Thorson et al., 2023). 
However, FishLife includes additional features that are designed to 
fit a specific non- linear and data- integrated life- history model for 
fishes (Thorson, 2020) and therefore includes additional complexity 
in the user interface and logical code. For these reasons, FishLife is 
not available on CRAN and it does not include functionality that is 
common in widely used operational software.

F I G U R E  1  Visualizing the five desirable features for 
phylogenetic structural equation modelling (coloured ellipses and 
labelled using matching coloured boxes) and how five existing R- 
packages (grey boxes) include different combinations of these.
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Package phylosem generalizes features and estimates iden-
tical parameters, standard errors and predicted values to 
those packages. We specifically demonstrate that equivalence 
Appendices A– C:

• Appendix A shows the detailed comparison of syntax, runtime 
and parameter estimates with packages phylolm, Rphylopars, phyr, 
sem and applying a custom implementation of a phylogenetic gen-
eralized linear model using STAN (Stan Development Team, 2013) 
via package brms (Bürkner, 2017). It specifically confirms that 
runtimes are within an order of magnitude of those from these 
specialized packages with their varied estimation algorithms and 
that estimates are either identical or very similar;

• Appendix B shows a detailed comparison of phylopath and 
phylosem in terms of model selection and resulting parameter 
estimates.

• Appendix C shows that multiple transformations of the evolution-
ary covariance are identifiable. It also confirms that both phylolm 
and phylosem have an approximately linear increase in runtime 
with increasing tree size, as shown by testing across three orders 
of magnitude (i.e. trees with 10 to 10 000 tips).

These appendices are also available as R- package vignettes, 
which allows these demonstrations to be updated if the syntax 
changes for these other packages.

3  |  COVARIANCE AMONG TA X A IS NOT 
RESTRIC TED TO BROWNIAN MOTION 
MODEL

As stated, package FishLife includes some of the same functionality 
as phylosem (with drawbacks noted previously). We here emphasize 
how phylosem extends the functionality in FishLife, including:

1. estimating the intercept equivalent to a linear model, so that 
the predicted value for an unmeasured trait can be written for 
a given taxa as a closed- form expression given the calculated 
intercept for that taxon and using path coefficients as slope 
parameters;

2. options for transforming the specified tree when estimating co-
variance among taxa and

3. specifying alternative distributions for each trait measurement.

We review these in the sequence below.
Package phylosem allows the user to estimate the equivalent of 

linear model ‘intercepts’ for a fitted model, and this option was not 
available in previous PSEM software (e.g. FishLife). PSEM involves es-
timating covariance among traits � = LL

t , where the Cholesky of the 
covariance matrix is calculated as L = (I−�)

−1
S. This in turn involves 

estimating matrix �, which includes estimated path coefficients, and 
matrix S, which is the Cholesky of exogenous covariance (see Thor-
son et al., 2023 for details). Similarly, PSEM defines the correlation 

among taxa R from the user- specified tree and any estimated trans-
formation parameters (�, � and/or �), as discussed in detail below. It 
then estimates a matrix of traits B composed of traits �g,v for each 
taxon g (including tips and ancestral nodes) and trait t, where B has 
a separable covariance constructed from the Kronecker product, 
Var(B) = R⊗ �. Given traits �0 for the root of the taxonomic tree, we 
calculate intercepts as (I − �)�0, where these intercept estimates and 
resulting standard errors match those from phylolm when specifying 
a model that can be fitted by both packages.

Package phylosem defines the correlation among taxa R implic-
itly by specifying a series of conditional distributions for traits �g for 
taxon g given traits �pg for ancestral node pg separated by distance 
dg in the user- specified tree. We define the following conditional 
distribution:

where � is the average trait value, � is the additional variance for tips of 
the specified tree, hg is the height of each tip and 0 for ancestral nodes 
and �g is the correlation between two taxa. We first outline how to 
specify an Ornstein- Uhlenbeck model for correlation �g:

where �g scales the conditional variance based on evolutionary dis-
tance dg:

and � transforms the branch length. This model is completed by speci-
fying a distribution for the root of the tree:

where 1
2�

 is the limit of �g as dg approaches infinity under the Ornstein- 
Uhlenbeck model. This expression allows the user to estimate param-
eters that transform the correlation R among taxa in the specified tree. 
Potential parameters include

1. Ornstein- Uhlenbeck �: The user can estimate a first- order au-
toregressive process to represent covariance among taxa by 
estimating �, which has support 𝛼 > 0. We specifically use the 
Ornstein- Uhlenbeck parameterization (Tung Ho & Ané, 2014), 
so that the estimated parameter � is comparable to that from 
other software while specifying the stationary distribution for 
the probability distribution at the root. Alternatively, the user 
can simplify the model a priori by specifying a random walk 
process (i.e. eliminate �). This involves eliminating the conditional 
distribution for the root, specifying � = 0, and replacing �g = 1 
and �g = d�

g
, which is (in a loose sense) the limit of �g and �g 

as � approaches zero from above. The software specifically 
estimates log(�) as parameter, and the user can back- calculate 
� which is then restricted to its natural support;

�g ∼ MVN
(

� + �g (�pg − �),
(

��g + (1 − λ)hg
)

�
)

,

�g = e−�d
�
g ,

�g =
1

2�

(

1 − e−2�d
�
g

)

,

�0 ∼ MVN

(

�,
1

2�
�

)

,
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2. Pagel's- �: Similarly, the user can specify a component of covariance 
that is independent for each tip of the specified tree (Pagel, 1999), 
where � is the proportion explained by phylogeny and 1 − � is the 
proportion that is independent for each tip. Alternatively, the user 
can simplify the model by fixing � = 1 a priori such that the tips 
have no additional variance relative to ancestral nodes. Parameter 
� has support 0 < 𝜆 < 1 and the software specifically estimates 
logit(�). The user can again back- calculate � which is restricted to 
its natural support;

3. Pagel's- �: Finally, the user can estimate a non- linear transforma-
tion � of the edge length between any two nodes of the specified 
tree. Alternatively, the user can simplify the model by specifying 
� = 1 a priori to eliminate this transformation. Parameter � has 
support 𝜅 > 0 and the software specifically estimates log(�) such 
that � is restricted to its natural support.

In each case, phylosem calculates standard errors for log(�), 
logit(�) and/or log(�) via the inverse- Hessian matrix of the marginal 
log- likelihood. However, the software also calculates standard er-
rors for derived values (�, � and/or �) via a generalization of the delta 
method (Kass & Steffey, 1989). For some data sets, the estimated 
parameter may approach positive or negative infinity, corresponding 
to the derived parameter approaching a natural bound in its sup-
port (e.g. logit(𝜆) ≫ 5 corresponding to � → 1). In these cases, the 
Hessian of the marginal log- likelihood will not be invertible. In these 
cases, the user should then reduce the model as appropriate (e.g. 
when logit(𝜆) ≫ 5, by turning off the Pagel's � transformation such 
that � = 1).

Package phylosem allows the user to estimate these transforma-
tions individually or in any combination and estimates the values of 
�, � and/or � at the same time as other model parameters. These 
transformations define the correlation among taxa R, and this same 
correlation operates for each modelled variable (i.e. each column of 
trait- matrix B). Future research could extend phylosem to allow sepa-
rate transformations (i.e. separate estimates of �, � and/or �) for each 
trait. However, this would result in a non- separable covariance and 
therefore requires developing statistical methods beyond those of 
Thorson et al. (2023). We emphasize that phylosem estimates traits 
�g for each taxon g, where these taxa are represented using a user- 
specified tree. We envision that tips will often represent species but 
users could instead specify a tree where tips are populations or even 
individuals, for example, estimating a Pagel's � to estimate the pro-
portion of variance explained by individuals within a population.

Estimating these three parameters in any combination allows 
users to explore a 2 × 2 × 2 factorial cross of either estimating 
�, � and �, or fixing � → 0, � = 1 and � = 1 a priori. This results in 
eight possible forms for covariance among taxa for a given user- 
specified tree, and the user can use the Akaike Information Criterion 
(Akaike, 1974) to select among these. Other software with similar 
features typically allows the user to specify only one of these trans-
formations at a time, for example, as done in phylolm::phylolm, Rphy-
lopars::phylopars or geiger::fitContinuous (Pennell et al., 2014). As one 
exception, caper::pgls (Orme et al., 2018) does allow simultaneously 

estimating � and � but does not allow estimating these simultane-
ously with Ornstein- Uhlenbeck � as phylosem allows. These options 
are illustrated further in Appendix A, where we include examples 
illustrating that estimated values for �, � and � (approximately) match 
those arising from comparable software.

Given that previous software has not allowed these transforma-
tions to be specified simultaneously, readers may wonder whether 
the corresponding parameters are jointly identifiable. To address 
this question, we first note that if a model is not identifiable, then it 
will not be estimable for any data set (Jacquez & Greif, 1985). There-
fore (by the law of contraposition), if a model is estimable for any sin-
gle data set, then it must be identifiable. We therefore use the ‘rhino’ 
data set from phylopath to show that all three transformations are 
estimable for these data (see Appendix C). We therefore conclude 
that these three transformations are jointly identifiable, although 
they may not be estimable for other data sets. By default, ‘phylosem’ 
calculates the Hessian of all fixed and random effects and will throw 
an error message when this Hessian is not positive definite. This has 
been recommended as a default check for estimability in other mod-
els fitted using automatic differentiation (Hunter & Caswell, 2009).

As the simultaneous estimation of these transformations has not 
been explored so far, the utility and interpretation of this approach 
is not well understood. Nevertheless, we suspect that estimating 
multiple transformations will be helpful for some real- world analy-
ses and therefore offer it as an option. For example, the Pagel's- � 
transformation allows analysts to determine whether a specified 
tree is strongly predictive of (� → 1) or unrelated to (� → 0) trait co-
variance and might be useful as a statistical measurement of phylo-
genetic associations (e.g. Freckleton et al., 2002). By contrast, the 
Ornstein- Uhlenbeck � measures whether evolutionary drift is coun-
terbalanced by stabilizing selection towards some fitness optimum 
(Lande, 1976) and might be useful as an ecological measurement of 
stabilizing selection. We envision that researchers might want to 
test both statistical and ecological hypotheses for a given system, 
and this can be accomplished by estimating both � and/or � and eval-
uating model fit for the resulting 2 × 2 cross of models. However, we 
also cannot find any simulation or case- study experiments testing 
whether estimating multiple transformations is likely to improve or 
degrade estimation performance in real- world contexts. We there-
fore encourage analysts to evaluate performance on a case- by- case 
basis using a self-  and cross- test simulation experiment, that is, fit 
real- world data using alternative combinations of transformations, 
simulate new data conditional on estimated parameters, then refit 
each simulated data set using the same combination of transforma-
tions and finally, measure average performance for each combina-
tion of simulated and estimated transformations. Future research 
could perhaps use a minimax framework to identify whether some 
combination of transformations is robust to model misspecification 
and therefore likely to perform well on average (e.g. similar to Thor-
son et al., 2021). We hope that simplified software such as phylosem 
will enable such an experiment.

Finally, package phylosem fits latent trait �g,v to any available 
measurement, while also allowing missing values that are inputted as 
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NAs. The user can specify different distributions for available data, 
similar to previous generalized linear models used for PCM (Hadfield 
& Nakagawa, 2010). Options include

1. No measurement error: The user can specify that any specified 
trait is measured without error, where this corresponds to 
default behaviour in phylolm;

2. Normal measurement error: The user can specify that a given trait 
measurement follows a normal distribution with mean �g,v and an 
estimated variance for measurement errors;

3. Bernoulli errors: The user can specify a binary (0 or 1) measure-
ment for a given trait and specify that the measurement follows a 
Bernoulli distribution with probability �g,v = logit−1

(

�g,v
)

;
4. Poisson errors: Finally, the user can specify a non- negative inte-

ger measurement and specify that the measurement follows a 
Poisson distribution with intensity �g,v = e�g,v .

The user can specify a separate distribution for each individual 
trait measurement. In Appendix A, we compare results when spec-
ifying Poisson errors using simulated data between phylosem, phyr 
and a custom implementation using brms. We also compare results 
when specifying Bernoulli errors using simulated data between phy-
losem and phyr. Estimates and standard errors are similar (but not 
quite identical) in these tested cases. We therefore recommend that 
future research provide a systematic cross- test for phylogenetic 
generalized linear models (PGLMs) using different software imple-
mentations. Future releases of phylosem could presumably add addi-
tional link functions and distributions (e.g. allowing users to specify 
a known variance for some observations).

Package phylosem is capable of fitting non- Gaussian distributions 
and missing values because it approximates the high- dimensional 
integral across random states �g,v for all taxa and traits while cal-
culating the marginal likelihood of parameters, where this marginal 
likelihood is then optimized within an R session. Package phylosem 
specifically uses the Laplace approximation while automatically 
detecting sparsity, available using Template Model Builder (Kris-
tensen, 2014). It then applies a generalization of the delta method 
(Tierney et al., 1989) to calculate the standard errors for predicted 
states �g,v. The computational methods are explained in detail in 
Thorson et al. (2023), and phylosem provides a simplified and gener-
alized interface for this functionality.

4  |  C A SE STUDY DEMONSTR ATION: 
MODEL SELEC TION FOR LE AF ENERGY 
BUDGETS

To demonstrate the importance of combining these features, we 
reanalyse a data set that has been used to test the leaf economics 
spectrum hypothesis. Shipley et al. (2006) compared two models, 
estimating: (#1) the impact of leaf photosynthetic rate on leaf lifes-
pan or (#2) a latent variable explaining the associations between leaf 

photosynthetic rate, leaf lifespan and other traits. Their analysis ap-
plied structural equation modelling (SEM) without phylogenetic cor-
rection and supported model #2. Subsequently, Mason et al. (2016) 
used Rphylopars to impute missing trait values and then applied 
SEM using these two models to the estimated trait covariance. This 
re- analysis supported model #1. However, their two- stage analytical 
approach did not report the parsimony of these alternative models 
using the Akaike Information Criterion (AIC), perhaps because the 
two- stage approach does not propagate the precision of imputed 
values when computing an AIC value. By contrast, joint analysis 

F I G U R E  2  Comparison of path diagrams estimated using 
phylogenetic structural equation models (PSEM) and visualized 
using R- package semPlot (Epskamp, 2022) using two relationships 
hypothesized by Shipley et al. (2006) among four measured leaf 
traits (Amass, photosynthetic rate; LL, leaf lifespan; LMA, leaf mass 
per area; Nmass, leaf nitrogen content) and one latent variable (LV) 
and subsequently analysed by Mason et al. (2016). We show results 
using the full ‘GLOPNET’ database from Mason et al. (2016). Path 
diagrams show variance/covariance parameters (double- headed 
arrows) as well as path coefficients (single- headed arrows) and 
listing the ΔAIC on the left- hand side of each panel.
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using phylosem involves fitting both models while simultaneously 
imputing missing trait values, which allows us to calculate a single 
likelihood (and resulting AIC value) for each model.

We jointly impute missing values and fit a structural equation 
model using phylosem while specifying a Brownian motion model 
and assuming that measurements are without error. Joint analysis 
using phylosem confirms that model #1 is much more parsimoni-
ous (∆AIC = 40.4, see Figure 2), in support of Mason et al. (2016). 
We note, however, that marginal AIC (as used here) will sometimes 
select a model with greater complexity than the alternative condi-
tional AIC (Greven & Kneib, 2010), and that this behaviour has been 
observed in previous PCM studies (Ho & Ané, 2014). We therefore 
recommend experimental evidence in support of hypothesized 
evolutionary trade- offs, for example, from long- term evolutionary 
experiments.

5  |  DISCUSSION

Package phylosem is designed to be the first user- friendly implemen-
tation of PSEM. It accomplishes this by including a minimum of new 
logical code, such that developers and users can readily inspect all 
user- interface and logical code. It is designed with options to coerce 
the fitted output to object classes used by package sem, phylopath 
and phylobase (Bolker et al., 2015). These common packages can 
then be used to plot estimates of path coefficients, estimated traits, 
the estimated structural equation model and to compute direct and 

indirect effects. It uses the same interface as phylopath to allow 
users to automatically compare parsimony across a specified set of 
model structures (Table 1).

We believe that PTI will be improved by using SEM for several 
reasons:

1. improved parsimony (and decreased predictive error) when 
replacing an unstructured covariance among traits with eco-
logically meaningful trait associations and

2. increased scope of model use, for example, when fitting a model 
to a large number of traits such that an unstructured covariance 
among traits would become infeasible to estimate.

Similarly, we believe that PCMs will be improved by simultane-
ously implementing PTI because data from taxa with some but not 
all trait data can still be fitted, and the sampling fraction of the tips 
can be increased. Finally, PSEM improves upon existing phylogenetic 
path analysis by allowing inclusion of latent variables and exogenous 
covariance.
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