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introducing PCM (including Brownian motion, Ornstein-Uhlenbeck, and Pagel's kappa

the nested taxonomic random effects that are commonly used in fisheries science. |
next summarize phylogenetic structural equation models (PSEMs), which extend the
linear models that are commonly used in fisheries. Finally, | re-analyse a high-quality
database used to predict mortality rates from longevity and/or growth parameters. |
specifically propose a PSEM that reverts to a longevity-based prediction when lon-
gevity information is available but uses phylogenetic corrected growth parameters
otherwise. Using this single PSEM replaces the common practice of fitting and pre-
dicting using separate linear models depending upon what data are available for a
given species. Cross-validation suggests that the relationship between log-mortality
rate and longevity does not vary based on phylogeny, and therefore, linear models
and PSEM both explain 82% of variance when longevity is available. When longevity
is unavailable, by contrast, the linear model explains only 37% of variance while the
PSEM explains 52% of variance, where this gain occurs from conditioning predictions
on phylogenetic similarities. | therefore conclude that PCM and PSEM provide a gen-
eral and user-friendly replacement for linear models and can improve performance for

fisheries meta-analyses that are used for fisheries management applications.
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research agendas. All Ghoti contributions will be selected by the editors and peer reviewed.
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and ‘ti’ as in palatial.
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1 | INTRODUCTION

Foundational questions in fisheries science and management are
often addressed by comparing study results across species and
stocks (termed “comparative methods”). For example, the concept
of recruitment overfishing was popularized by analysing stock-re-
cruit data and comparing results across stocks (Myers, 2001; Myers
& Barrowman, 1996). This concept is then the foundation for the
widespread use of biological reference point proxies (Clark, 2002;
Mangel et al., 2013). Similarly, debates about the institutional and
policy foundations of effective fisheries management are typically
supported via comparing management outcomes across stocks
(Melnychuk et al., 2012; Worm et al., 2009). Given that we have lim-
ited data to use in comparative analyses, there is a strong rationale
for applying statistically efficient methods.

Many comparative analyses in fisheries science proceed by spec-
ifying a linear model for some response trait as a function of other
easy-to-measure predictor traits (Gislason et al., 2010; Hoenig, 1983;
Pauly, 1980). However, the residuals around this relationship are
often correlated for groups of related species, and failing to account
for this results in pseudo-replication (anti-conservative tests of
significance and confidence intervals) and reduced precision when
predicting traits for individual species. As a simple response, an an-
alyst might respond by fitting the model repeatedly for different
groups of taxa (Erickson & Nadon, 2021; Froese et al., 2014; Nadon
& Ault, 2016). Alternatively, an analyst might instead include addi-
tional random effects representing variation among orders, families,
and genera (Foss-Grant et al., 2016; Zhou et al., 2012), where this
latter approach allows inference to taxa that have not previously
been studied. | call this latter approach a “nested taxonomic model,”
and it has been used to estimate life-history parameters within cus-
tom-built models (Thorson, 2020; Zhou et al., 2012).

Despite the ubiquity of comparative analyses (including these
nested taxonomic models), fisheries science includes little cross-
over with the related field of phylogenetic comparative methods
(PCMs) that is ubiquitous within ecological theory and population
genetics (Felsenstein, 1985). For example, searching the phrase
“Phylogenetic comparative methods” using Google Scholar on 4
April 2023 returns three matches in the journal Fish and Fisheries
and one in CJFAS (the latter only in the title of a cited article). By
contrast, it returns 36 in Methods in Ecology and Evolution and 218
in Systematic Biology, and there are 96 R packages listed for PCM
in the CRAN task view. PCM was developed to account for phylo-
genetic correlations when analysing patterns across taxa and there-
fore has many similarities to comparative methods in fisheries. This
lack of exchange between PCM and fisheries comparative methods
is unfortunate because PCM has developed a wide range of useful
analytical methods, including (1) standardized software to produce,
export, and visualize evolutionary relatedness among species; (2) an-
alytical methods (and associated software) to learn about relation-
ships while controlling for relatedness; (3) a nuanced vocabulary for
discussing similarities among species, including tests for convergent
evolution (Stayton, 2015) or evolutionary innovations that allow

) = 169
g wiLEy-|

adaptive radiation (Yoder et al., 2010); and (4) methods to distinguish
between alternative evolutionary models, for example, changes in
evolutionary rate among lineages (Drummond & Suchard, 2010).

| specifically highlight how PCM has developed procedures to
test how multiple predictor traits and environmental treatments
combine to cause changes in a given response trait (Martins, 2000).
Given that predictor traits themselves evolve endogenously from
changes in still other traits, these tests require specifying complex
associations and multi-causal linkages among traits. Some (but not
all) of these associations can be studied experimentally, so analysts
must estimate the strength of remaining mechanisms using obser-
vation data and comparative methods. PCM accomplishes this using
phylogenetic path analysis (van der Bijl, 2018; von Hardenberg &
Gonzalez-Voyer, 2013) or, more recently, using phylogenetic struc-
tural equation models (PSEMs) (Thorson et al., 2023; Thorson &
van der Bijl, 2023b). PSEM can exactly replicate results from a lin-
ear model, but also includes functionality to (1) account for missing
data; (2) make predictions that condition upon evolutionary similar-
ity; (3) represent trade-offs explicitly; (4) include dependencies on
unmeasured (latent) variables and estimate composite variables as
a weighted combination of measured traits; and (5) estimate exoge-
nous covariance among predictor traits.

In the following, | seek to demonstrate two points:

1. Phylogenetic comparative methods (PCMs) provide a flexible
and underutilized toolkit for conducting comparative analyses
in fisheries science. In particular, | highlight how alternative
evolutionary models result in substantial improvements in pre-
dictive performance for real-world analyses.

2. Phylogenetic structural equation models represent a natural solu-
tion to missing data in fisheries comparative analyses. In particu-
lar, | highlight that PSEM allows a single model to be fitted and
then used to make predictions regardless of the quantity of data

available for a given species.

To accomplish both points, | specifically highlight the predic-
tive and inferential benefits when analysing the “gold standard”
compilation of natural mortality and growth parameters for fishes
(Then et al., 2015). This database has been re-analysed previously to
demonstrate alternative estimators (Hamel & Cope, 2022), but our
study is the first to use either PCM or PSEM for its analysis.

2 | A BRIEF INTRODUCTION TO
PHYLOGENETIC COMPARATIVE METHODS

Phylogenetic comparative methods have been central to evolution-
ary and ecological studies since the 1980s (Felsenstein, 1985). To
this day, PCM remains the subject of active and ongoing research,
both in terms of improved analytical methods (von Hardenberg
& Gonzalez-Voyer, 2013), user-friendly software (Tung Ho &
Ané, 2014; van der Bijl, 2018), and concerns regarding its proper
use and interpretation (e.g., Uyeda et al., 2018). At its core, PCM
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involves specifying an additive “tree” that represents evolutionary
relatedness among taxa under study. This tree includes a set of taxa
(“tips”) and their evolutionary ancestors (“ancestral nodes”), where
each node is connected by one “edge” to its immediate ancestor. This
tree could be a case where each tip is equally distant from the “root”
common ancestor (i.e., an ultrametric phylogeny) or simply a repre-
sentation of taxonomy.

The analyst then specifies a stochastic process for how contin-
uous or discrete characters are expected to evolve along the tree,
and this combination of tree and evolutionary process (along with
any parameters in this process) allows the analyst to calculate the
expected correlation among taxa (Harmon, 2018). Including this cor-
relation is then presumed to be necessary to get reliable inference
about the association among traits, which are otherwise pseudorep-
licated (Felsenstein, 1985).

Common evolutionary processes specified during phylogenetic
PCM include the following:

1. Brownian motion (BM): This null model specifies that con-
tinuous trait Y evolves following a random walk, that is,
Yy ~ Normal(Yy,ds?), where Y, is the trait value for a taxon,
Yo is the value for its nearest ancestor, d is the branch length
connecting the node and its ancestor, and o2 is the evolutionary
rate.

2. Ornstein-Uhlenbeck (OU): Alternatively, an analyst might specify
that traits evolve around some evolutionarily optimal value u that
presumably represents a peak in expected fitness (Lande, 1976).
This alternative assumption then specifies a continuous first-
order autoregressive process, which can be reparameterized as
Yy ~ Normal(u + p4(Yo — 1), (1 = p??)0?), where p is the autocor-
relation rate.

3. Pagel's : An analyst might seek to determine whether the tree is
useful in representing the correlation among taxa. To do so, they
might specify that correlations arise from a mixture of a random-
walk process and an independent value for each taxon, where the
mixing rate A is estimated as parameter (Pagel, 1999). This then
results in Y; ~ Normal(Yy, Ade?) when Y is the trait value for an
ancestral node, and Y; ~ Normal(Yy, Ado? + (1 — A)dy62) for the
tips of the tree, where d, is the distance from the root to taxon
Y,. A value of 4 = 1 then collapses to the Brownian motion model,
while A = O indicates that the tree has no power to predict evolu-
tionary relatedness.

4. Pagel's k: Finally, an analyst might seek to determine whether evo-
lutionary distance is a useful predictor of relatedness. To do so,
they replace branch length d with d*, where k is an estimated non-
linearity parameter (Pagel, 1999). In the limit that x = O, then all
descendants are equally different regardless of evolutionary dis-
tance, while k = 1reverts to the corresponding model but without

Pagel'sk correction.

Additional
(Harmon, 2018; Paradis, 2012), and these reviews typically ad-

models are reviewed extensively elsewhere

vise practitioners to use model selection to select among these

options. However, previous research has shown that AIC can in-
appropriately favour complicated models, that is, phylogenetic
breakpoint models that | do not review here (Ho & Ané, 2014).
Future studies could instead use cross-validation to optimize pre-
dictive performance, although | do not do so here because | later
use a jackknife to evaluate predictive performance. Therefore, | in-
stead apply the Akaike information criterion (AIC) to select among
the 2x2x2 factorial cross that arises from estimating Pagel's4,
Pagel's k, or Ornstein-Uhlenbeck parameters relative to the null
Brownian motion model. | also note that these models are also
applicable to multi-generational evolutionary analysis using ex-
perimental and field data, sometimes called the “animal model”
(Wilson et al., 2010), and this provides another rationale for learn-

ing these methods in detail.

3 | CONTRASTING PCM AND NESTED
TAXONOMIC MODEL

By contrast, many fisheries analyses proceed instead by specifying
a linear model for some response trait as a function of other easy-
to-measure predictor traits (Gislason et al., 2010; Hoenig, 1983;
Pauly, 1980). Using the standard “formula” notation in R (Wilkinson
& Rogers, 1973), this might be specified as follows:

response ~ 1 + trait1 + trait2 + ... (1)

and this corresponds to fitting a linear model with estimated slopes:

N
Wi =Po+ X B )
=1
where y; is the predicted value for the response for sample i, g, is an
estimated intercept, x;; is predictor j (of n; predictors) for sample i, and
B;is the estimated response for each predictor. However, the residuals
around this relationship are often seen to covary by taxa. In response,
an analyst might instead apply the “nested taxonomic model” by in-
cluding additional random effects representing variation in the inter-
cept fy among orders, families, and genera (Foss-Grant et al., 2016;
Zhou et al., 2012). Using the “nlme-formula” notation (Pinheiro &
Bates, 2009), this might be specified as follows:

response ~ 1 + traitl + trait2 + ... + (1| order) + (1| family) + (1| genus)

@)

where order, family, and genus are coded as factors and (1| order) speci-
fies a model with a random intercept for every level of factor order. This

then corresponds to a linear mixed model:

n; Ny
Hi = Z BiXij + Z EkZik
=1 k=1
¢ ~ MVN(O,Z) @)

where Z is an indicator matrix (containing only 1 and Os) representing a
nested effects structure and the random effects € are estimated with
blocked covariance X.
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| call this latter approach “nested taxonomic levels.” It is closely
related to the Brownian motion model when using a tree that is
constructed from taxonomy, that is, where a Genus Y, is treated
as the ancestor of Species Y; and Y; ~ Normal(Yy,6?), such that o2
corresponds to the estimated variance for species within genus (the
(1] genus) term on the right-hand side of Equation 3). In either case,
the predicted distribution ?1 for a species with no data will have
mean equal to its nearest ancestor, that is, [E<?1> =Y. For exam-
ple, using the ultrametric phylogeny for actinopterygians (Rabosky
et al., 2018) and retaining only six species, | visualize the covariance
among taxa described using the following:

1. Phylogenetic comparative methods: The tree (and the resulting
correlation among species) resulting from Pagel'si model, when
specifying A =0.8 for illustration; or

2. Nested taxonomic levels: The tree (and resulting correlation) when
treating order, family, genus, and species as random effects with
the same variance for each hierarchical level.

Comparing these two confirms that the two approaches can result
in very similar estimates of the correlation among species (Figure 1).
In particular, both methods identify a greater covariance for species
within a genus than among genera. In this case, the primary difference
between methods is that species in genera Merluccius and Lutjanus are
more closely related to one another than either is to species in genus
Engraulis, and hence, species in the former genera have some block-
wise correlation with one another when using PCM that is otherwise
missing from the “nested taxonomic levels” approach. However, as
outlined above, PCM also allows a broader set of alternative OU,
lambda, and kappa models that can be tested for a given data set.

Tree
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> utjanus griseus
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% I:Merluccius angustimanus
% -Merluccius australis
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200 100 O
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4 | LINEAR AND STRUCTURAL EQUATION
MODELS

Before proceeding further, however, | also introduce the concept
of a “structural equation model” (SEM). PCM is widely implemented
using phylogenetic linear models (PLMs), that is, using R pack-
age phylolm (Tung Ho & Ané, 2014). However, phylogenetic SEMs
(Thorson et al., 2023) were recently introduced and can fit any
model that is possible using PLMs and additional models that are
broadly useful in practice. | therefore introduce SEM and its phylo-
genetic extension and then list the practical advantages of phyloge-
netic SEM relative to PLMs.

SEM involves specifying a set of linear dependencies among vari-

ables y. In particular, it specifies the following:

y=Iy+e

e ~ MVN(O, ) (5)

where I is a matrix of path coefficients (e.g., where y,, in T'is the es-
timated linear effect of variable y, on variable y,), and MVN(0O, X) is a
zero-centred multivariate normal density function, where X is the
exogenous covariance among variables. SEM reduces to a conven-
tional linear model when T’ is composed of zeros for all rows except
that which corresponds to the “dependent” (a.k.a. “response”) variable
and when predictor variables are assumed to be measured without
error. For example, consider an analysis of the von Bertalanffy growth
rate K, asymptotic maximum length L;;, and natural mortality rate M,
y= {Iog(K),Iog(Linf),Iog(M)}. Specifying a linear model using R for-
mula log(M) ~ 1 + log(K) + log(L;,¢) could be obtained using a SEM by
specifying the following:

Correlation

E. ringens " 0.8
E. mordax “ g:i

M. australis .‘ :
“ 02

L. griseus

L. jocu

1
E. ringens . 0.8
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L. griseus
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L1 By

FIGURE 1 |lllustration of the additive tree resulting from an ultrametric phylogeny and using a Pagel'sA model (1 = 0.8) and the resulting
correlation among six taxa (top row), compared with an additive tree resulting from a nested taxonomic covariance with four levels
representing Class/Family/Genus/Species and assuming equal branch lengths at each level, and its resulting correlation matrix (bottom row).
Trees are plotted using function plot.phylo in R package ape (Paradis & Schliep, 2019).
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However, the SEM also allows a wide range of alternative relation-
ships among these variables (Mason et al., 2016; von Hardenberg
& Gonzalez-Voyer, 2013). For example, SEM allows us to specify a
recursive (“cyclical”) dependency among variables (e.g., YLk VKoM
and qume). These recursive models cannot be specified using any se-
quence of linear models. Despite this greater flexibility, SEM still can-
not identify two or more direct effects linking any two variables (e.g.,
Ykom and yp_ ) without more information (e.g., a known value for
Yk_m arising from a separate evolutionary experiment). These restric-
tions on identifiability are reviewed elsewhere (Kenny et al., 1998),
but SEM software (including for phylogenetic SEM) will also generally
indicate when a model specification is not identifiable.

Importantly, the SEM model can be used to compute the ex-
pected covariance Var(y) = (I—I‘t)flzl(l—l“)’l. Conventional SEM
then compares this estimated covariance with the sample covari-
ance from a given data set. Assuming data are normally distributed,
the sample covariance will follow a Wishart distribution, and this
likelihood can be used to identify maximum-likelihood estimates
for I and X. Alternatively, phylogenetic SEM is fitted to a matrix Y
of traits measurements y;; for each taxon i and trait j and specifies
the covariance among traits as a separable covariance, that is, the
Kronecker product of the evolutionary covariance from PCM and
the trait covariance from SEM (Thorson et al., 2023).

Usefully, PSEM is available as a high-level and fully documented
R package phylosem that is available on CRAN (Thorson & van der
Bijl, 2023a) and has been compared extensively with alternative
PCM software (Thorson & van der Bijl, 2023b). This package re-

quires three basic inputs:

1. Structural dependencies using arrow notation: The user specifies
the structure of an SEM using the same format required by
R package sem (Fox et al., 2020). In the following, | specify
model structure using an “arrow notation” (Wright, 1921, 1934).
Using this arrow notation, the user writes a text file that uses
a one-headed arrow (e.g., X — Y) to specify a path coefficient
in T and a two-headed arrow (e.g., X < X) to specify an ex-
ogenous covariance in X;

2. Evolutionary tree: Similarly, the user specifies an evolutionary tree
using a data structure available in R package ape;

3. Trait data: Finally, the user specifies a data frame of traits for each

taxa, where missing data are indicated by an NA value.

Parameters are estimated using the R package TMB (Kristensen
et al., 2016), and output can be converted to standard formats, in-
cluding standard SEM plots using R package sem (Fox et al., 2020),
model testing using R package phylopath (van der Bijl, 2018), a
phylo4d object that merges the estimated traits and specified tree
(Bolker et al., 2015), or a standard table of coefficients and standard

errors including the intercepts at the tree root (see Figure 2 for visual
representation).

This PSEM has several advantages relative to the conventional
approach of specifying a linear model to study associations among
traits:

1. Causal map: The path diagram represented in T allows an an-
alyst to represent complicated hypotheses about evolutionary
mechanisms. For example, if ecological theory and experiments
support the claim that trait X - Y and Y - Z, and the analyst
estimates these path coefficients using PSEM, then they can
calculate the indirect of effect of X — Z via the product of
these two estimated path coefficients. This allows them to
predict how an exogenous change in one trait X can affect
multiple subsequent traits Y and Z.

2. Conditional independence: Alternatively, an analyst might specify
the path diagram for pragmatic reasons instead of using it to rep-
resent a causal map. For example, an analyst might want to pre-
dict Z using Y. However, in cases when Y is missing, they might
have an alternative predictor X, which they only want to use in the
absence of Y. This outcome can be accomplished by specifying
the path diagram X — Y and Y — Z, such that Z is independent of
X conditional upon a fixed value for Y.

3. Missing data: Finally, the PSEM provides a natural avenue to deal
with missing data in comparative studies that specify a linear re-
lationship among variables. In essence, the PSEM imputes missing
values as random effects that follow a joint distribution defined
by the PCM and SEM. This then solves two practical issues. First,
it avoids the need to specify different models for species with a
different combination of data, for example, using longevity when
available and then reverting to growth parameters otherwise to
estimate natural mortality rates (Hamel & Cope, 2022). Second,
it avoids the common practice of imputing one value and then
using the imputed value in a subsequent regression model. This
“daisy chain” of predicted values for missing data is widely used,
for example, when imputing values in FishBase (e.g., see Figure 1
of Thorson et al., 2014).

5 | CASE STUDY DEMONSTRATION:
NATURAL MORTALITY RATES

Beyond these theoretical reasons to prefer PSEM to a conventional
linear model for fisheries comparative analysis, | also study whether
there is empirical evidence regarding the performance of PSEM vs.
conventional linear models.

To assess empirical performance, | download the Then
et al. (2015) database, which contains 230 records of natural mor-
tality M, von Bertlanffy growth rate K, and asymptotic length L;., as
well as longevity t,,,. All records represent direct estimates (instead
of predictions resulting from a previous comparative analysis), such
that analysing these records will not be a circular use of life-history
theory. | also download the most completed ultrametric phylogeny
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FIGURE 2 Conceptual figure showing the inputs (left side) and outputs (right side) for a phylogenetic structural equation model used

for phylogenetic comparative analysis. Panel a shows an ultrametric phylogeny (plotted using package ape (Paradis & Schliep, 2019) and
colouring species from selected families (colour legend in panel b). Panel b shows values for natural mortality (y-axis) and asymptotic
maximum length (x-axis) from the Then et al. (2015) database. Panel c shows the specified structural model plotted using semPlot

(Epskamp, 2022), including a single one-headed arrow “logLinf — logM” and two two-headed arrows representing independent evolutionary
variance “logLinf < logLinf” and “logM < logM.” Panel d shows the estimated traits plotted using phylosignal (Keck et al., 2016) and again
labelling selected families. Panel e shows the estimated path coefficients for the specified structural model (again plotted using semPlot).

for bony fishes currently available (Rabosky et al., 2018) and reduce
the Then et al. database to the 201 taxa that are matched in both da-
tabases. Previous analyses (Hamel & Cope, 2022; Then et al., 2015)
have suggested predicting log-mortality rate using log-longevity as
the preferred method:

IOg(M) ~1+ IOg(tmax) (7)

However, the analyses have suggested that when longevity is
unavailable a useful backup can be obtained by using growth
parameters:

log(M) ~ 1 + log(K) + log(Li) (8)

As a third alternative, | propose using a PSEM. This model is designed
to satisfy a few practical goals:

1. When information regarding longevity is available, the model
does not use information about growth parameters K and L
to inform the prediction of mortality rate M. This implies that M
is independent of K and L;,; conditional upon the value of t,,
that is, there is no arrow directly connecting growth parameters
to mortality rate.

2. Where possible, the model will estimate coefficients for log(K)
and log(L;,) affecting other parameters. This then allows us to
compare estimates of path coefficients with regression models
that commonly include log(K) and Iog(Linf) as predictor variables.

These two goals then result in the PSEM that can be written
using SEM “arrow notation” (Wright, 1921, 1934) as follows:

log(K) — log(tax)

108 (Ling) = 108 (tmax)
108 (tmay) — log(M) 9)

In a loose sense, this specification treats log(M) and Iog(tmax) as more
closely related than the other life-history parameters, and it therefore
predicts that log(M) will be more correlated with log(t,,,,) than with
the other parameters. This PSEM can be fitted either with an available
longevity measurement or not, and | separately explore performance
in these two circumstances. Future studies could explore alternative
specifications involving a larger range of variables (e.g., Griffiths &
Harrod, 2007; Thorson et al., 2023), although | restrict myself to these
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variables to facilitate comparison with other analyses of this database
(Hamel & Cope, 2022; Then et al., 2015).

5.1 | Evaluating case study performance

| first fit the PSEM (Equation 9) to all records and apply AIC to the
2x 2 x 2 factorial cross of Pagel's 4, Pagel's k, or Ornstein-Uhlenbeck
transformations. | then proceed using this AIC-selected structure for
the PSEM and compare its performance against the two linear mod-
els (Equations 7 and 8) in two scenarios (representing different types
of missing data) using a jackknife experiment. This performance

evaluation involves the following steps:

1. Replace the measurement of log(M) with NA for the 1st re-
cord, fit the longevity method (Equation 7) and the PSEM
(Equation 9) to all data, and record the predicted value for
log(M) for the 1st record for the linear model (termed “ImA”)
or the PSEM (termed “psemA”);

2. Replace the measurements of both log(M) and Iog(tmax) with NAs
for the 1st record, fit the growth-parameter method (Equation 8)
and the PSEM (Equation 9) to all data, and again record the pre-
dicted value for log(M) for the 1st record for the linear model
(termed “ImB”) or the PSEM (termed “psemB”);

3. Repeat steps 1-2 for each record of the database;

4. Compare the true but withheld value of log(M) from the original

database with the predicted value.

| then compare the bias and mean-squared error of ImA, ImB,
psemA, and psemB when averaging across all records. In particular,
| compute the percent variance explained (PVE) for each method as

follows:

Z;’;’1<Iog(ﬂ/l\i)—log(M,-))2

PVE=|1- >
Z?:i1(|°g(Mv’) _”)

x 100 % (10)

where log(M;) is the withheld value and Iog(IT/I\,-) is the estimated
value for record i; u = n‘.‘1 Z?:l Iog(M,-) is the true mean, and | have
n; = 201 records for the jackknife experiment. PVE = 0 % indicates that
a given method provides no improvement relative to using mean u as
prediction, and PVE = 100 % indicates a perfect prediction with no
residual errors. As sensitivity analysis, | also compare PSEM perfor-
mance against a reduced PSEM that estimates two path coefficients,
Iog(Linf) — log(M) and log(K) — log(M), i.e., bypasses any prediction
of log(tyx ). This sensitivity analysis then serves as bridge between

log(K)

0.41
/

log(tmax) —%2 ! log(M)

log(Linf)

FIGURE 3 lllustration of a structure equation life-history model
fitted using phylosem, specified to ensure thatlog(M) is independent
of growth parameters log(K) and Iog(Linf) conditional upon longevity
108 (tmax - This model then has the behaviour of reverting to

the longevity-based method when a longevity measurement is
available, but using life-history information when not. Plot created
using function pathDiagram in package sem (Fox et al., 2020).

the full PSEM (Equation 9) and the linear model using growth parame-
ters (Equation 8).

AIC identifies Pagel's 4 as parsimonious (1 = 0.93), suggesting
that evolutionary relatedness predicts 93 % of the covariance among
species, and also identifies Pagel'sk as parsimonious (x = 0.67), sug-
gesting that closely related species are more dissimilar than oth-
erwise expected under a random-walk evolutionary process. As
expected, mortality rate is essentially the reciprocal of longevity,
that is, a -1.02 slope for log-mortality and log-longevity (Figure 3).
Increasing growth rate and decreasing asymptotic length are both
associated with a decrease in longevity and a resulting increase in
mortality rate. These estimated patterns are consistent with past
analyses of this data set (Hamel & Cope, 2022; Then et al., 2015).
However, the estimated intercept of the PSEM varies across the ul-
trametric phylogeny. Specifically, the estimated intercept used when
predicting log(M) as a function of Iog(tmax) generally varies between
1 and 2.5 for all taxa, and visual inspection suggests that there is
little phylogenetic signal (Figure 4, left column). By contrast, the
estimated intercept used when predicting Iog(tmax) as a function of
log(K) and Iog(Linf) varies systematically among taxa (Figure 4, right
column). For example, family Scorpaenidae (rockfishes) generally has
a larger intercept and families Scombridae (tunas) and Gobiidae (go-
bies) have smaller intercepts than average. As a result, Scorpaenidae
typically has a higher longevity (and lower mortality rate) than oth-
erwise expected on the basis of growth parameters alone, and the
opposite holds for Scombridae and Gobiidae.

Regarding model performance, the jackknife analysis sug-
gests that a linear model using longevity (ImA in Equation 7) or
the PSEM that includes longevity for a given species (psemA)
both explain 83% of variance in the withheld value for log-mor-
tality rate (Figure 5). However, when longevity is also withheld,
the jackknife analysis suggests that the linear model using growth

parameters (ImB in Equation 8) explains 39% of variance. By

FIGURE 4 Ultrametric phylogeny (tree on left-hand side) and predicted variation in the intercept in the PSEM (Figure 3) when predicting
log(M) a function of log(ty,,,) (left grey column) or log(t,,,,) as a function of log(K) and log(L;.¢) (right grey column) for each of 201 taxa (right
column) that are matched between the Then et al. (2015) longevity database and the Rabosky et al. (2018) tree, and highlighting individual
families (Scorpaenidae: red; Scombridae: blue; Lutjanidae: green; Gobiidae: brown) to illustrate phylogenetic signal. Plot created using

function dotplot.phylo4d in R package phylosignal (Keck et al., 2016).
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contrast, the PSEM without longevity explains 53% of variance,
that is, performance that is intermediate between the linear model
with and without longevity information. Collectively, these results
suggest that there is little useful phylogenetic information in the
relationship between longevity and log-mortality (as also seen in
the estimated intercepts, which show little phylogenetic pattern).
However, the estimated intercept when using growth parame-
ters is phylogenetically conserved, and conditioning predictions
on this information allow for a substantial improvement relative
to phylogenetic unconditional prediction. The sensitivity analysis
PSEM (which bypasses longevity when using growth parameters
to predict mortality) has almost identical performance to the full
PSEM (Figure S1). This suggests that the full PSEM can be fitted
and then used to predict mortality rates with or without longevity
information, and these yield alternative “estimators” for mortal-
ity. Finally, the improved performance for PSEM relative to the
conventional linear model remains when using a tree build from
taxonomy (Figure S2), so | conclude that the residual correlations
can be represented using either phylogeny or taxonomy in this

case study.

6 | TREES FOR FISHES: REMOVING
BARRIERS TO PASSAGE

In this paper, | have briefly introduced the large field of phyloge-
netic comparative methods (PCMs), which has received surprisingly
little attention in fisheries science. | specifically contrast PCM with
the nested taxonomic models that are commonly used in fisher-
ies science, while also outlining the basic evolutionary models (OU

and Pagel's transformations) that can extend this approach. | then
introduced phylogenetic structural equation models (PSEMs) and
provided a real-world example where PSEM can improve predictive
performance relative to current practices. | now discuss some of the
outstanding obstacles to using PCM and PSEM in fisheries, high-
lighting the following: (1) lack of experience with PCM databases
and analytical software; (2) lack of access to a comprehensive evo-
lutionary tree; and (3) continued assembly of a comprehensive and
high-quality database for life-history traits. | also discuss research to
address these below.

Most obviously, PCM and PSEM require that the analyst spec-
ifies an evolutionary tree that represents relatedness, which is
then used to estimate trait covariance. The Rabosky et al. (2018)
tree for ray-finned fishes is available using R package “fishtree.” It
contains a phylogeny for 11,638 fishes based on direct (genetic)
information or a modelled phylogeny for 31,516 fishes that is re-
constructed using taxonomic information. The Stein et al. (2018)
tree for Chondrichthyes includes a further 1192 fishes. Merging
the Stein and modelled-Rabosky trees then represents approxi-
mately 96% of the >34,000 described fishes. However, there are
logistical challenges in matching these trees against other fishery
data sets, given inconsistent conventions for referencing species.
For example, of the 386 species represented in the RAM Legacy
Stock Assessment Database v4.495 (https://zenodo.org/record/
4824192), accessing the Excel version and downloading the
Taxonomy tab (Ricard et al., 2012), 301 are matched within the
merged tree (i.e., 78%). As alternative, it is possible to use taxon-
omy to construct a tree and then proceed with PCM as per usual,
and this ensures that the coverage is complete for any described
species. However, this does not propagate information about
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evolutionary relatedness when defining the correlation among
taxa (see Figure 1). | therefore recommend adding a WoRMS
identifier for all species listed in major fisheries data sets (e.g.,
the RAM Legacy Database) to facilitate merges with evolutionary
trees. However, in some cases the additional information from a
phylogeny might not improve performance relative to using tax-
onomy as a proxy to build a tree. For example, in our application
the taxonomic and phylogenetic trees result in similar PCM per-
formance (i.e., comparing Figure 5 and Figure S2).

Another impediment to increased use of PCM software is the
lack of familiarity with major packages either for data access, visu-
alization, or analysis. These tools have been extensively reviewed
elsewhere (Harmon, 2018), so | focus here on outlining how a fish-
eries scientist could begin. | specifically recommend that fisheries
scientists conducting research in comparative methods become fa-
miliar with the R package ape (Paradis & Schliep, 2019) or any later
replacement, which includes functions to read, write, prune, merge,
and plot trees, as well as converting taxonomy to a tree. | also rec-
ommend that fisheries scientists receive training in basic phyloge-
netic generalized linear models (PGLMs) using R package phylolm
(Tung Ho & Ané, 2014) or any later replacement. Although | have
emphasized PSEM in this study, | recommend further research to
compare PSEM and simpler PGLMs for common types of fisheries
meta-analysis.

Finally, | note that fisheries agencies, professional societies, and
researchers must continue to invest in compiling comprehensive
data for life-history, reproductive, metabolic, trophic, morphomet-
ric, and behavioural traits. FishBase was an early leader in com-
piling life-history information across all ecological taxa. However,
researchers for other taxa have embarked on ambitious and ongoing
efforts to compile ever-larger trait databases. Meanwhile, there are
many databases of fish traits that are not available in FishBase or any

other unified trait database as of April 2023, for example:

1. Species temperature index (STI) representing observed ther-
mal preferences derived from habitat utilization (Burrows
et al., 2019);

2. Experimental measurements of thermal tolerances for egg, larvae,
juvenile, adult, and spawning stages of fishes (Dahlke et al., 2020);

3. Resting and active metabolic rates and resulting resting oxygen
demand (Deutsch et al., 2020);

4. Morphometric information regarding body shape from museum
records (Price et al., 2019);

5. Fisheries management reference points and proxies obtained
from stock assessments (Ricard et al., 2012; Zhou et al., 2012).

| therefore recommend ongoing investment by the research
community to ensure that these data are cross-linked (e.g., using
taxonomic IDs from WoRMS) and easily available for researchers. |
anticipate that consolidated research will continue to identify strong
correlations among these traits (Thorson et al., 2023; Winemiller
et al., 2015), allowing phylogenetic trait imputation to predict their
values for use in fisheries research and management worldwide.
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