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Abstract:

1. As part of the efforts to understand the processes shaping natural
communities, ecologists and evolutionary biologists have increasingly been
taking a top-down approach. Accordingly, they first apply statistical
analyses to quantify the associations between and within the measured
biotic and abiotic factors and then usually design experiments to test
specific hypotheses uncovered by these analyses. In this paper, we discuss
an approach combining structural equation modeling (SEM) and model
selection methodology that we believe constitutes a satisfactory means to
address the statistical challenges that top-down approaches often entail.
2. We first introduce the combined SEM-model selection approach and
emphasize its advantages. We further provide a practical guide for
ecologists and evolutionary biologists interested in applying this combined
approach in their research and illustrate its capabilities compared to those
of univariate, traditional SEM, and stepwise SEM analyses, using data from
a natural multihost-multiparasite system.

3. The comparison among the four above approaches illustrates that the
combined approach is more sensitive and provides a more thorough
investigation of mediation effects than its alternatives.

4. By providing this systematic overview of tentative solutions to practical
challenges faced, we hope that the combined SEM-model selection
approach will become more accessible to those interested in the analysis of
complex ecological and evolutionary processes, and its use will become
uniform among such studies.
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Abstract

As part of the efforts to understand the processes shaping natural communities,
ecologists and evolutionary biologists have increasingly been taking a top-down
approach. Accordingly, they first apply statistical analyses to quantify the associations
between and within the measured biotic and abiotic factors and then usually design
experiments to test specific hypotheses uncovered by these analyses. In this paper, we
discuss an approach combining structural equation modeling (SEM) and model
selection methodology that we believe constitutes a satisfactory means to address the
statistical challenges that top-down approaches often entail.

We first introduce the combined SEM-model selection approach and emphasize its
advantages. We further provide a practical guide for ecologists and evolutionary
biologists interested in applying this combined approach in their research and
illustrate its capabilities compared to those of univariate, traditional SEM, and
stepwise SEM analyses, using data from a natural multihost-multiparasite system.
The comparison among the four above approaches illustrates that the combined
approach is more sensitive and provides a more thorough investigation of mediation
effects than its alternatives.

By providing this systematic overview of tentative solutions to practical challenges
faced, we hope that the combined SEM-model selection approach will become more
accessible to those interested in the analysis of complex ecological and evolutionary

processes, and its use will become uniform among such studies.
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Introduction

Traditionally, ecologists and evolutionary biologists have addressed the inherent complexity
of natural systems by dividing the target system into its simplest parts as a tool to achieve a
workable understanding. However, in nature, interactions between organisms, as well as
between organisms and their environment, are mostly nonlinear and interdependent, and are
highly determined by indirect effects (e.g., Pilosof ef al. 2014). To approximate the real
scenarios found in nature, in the last three decades, there has been a growing tendency to take
a top-down approach. Accordingly, researchers first get an overview by applying statistical
analyses to quantify the biological associations between and within the sampled biotic and
abiotic factors (e.g., CERoPath project; Herbreteau ef al. 2011). Then, they move to the
bottom of the mechanism by addressing specific hypotheses derived from the field patterns
(Pilosof et al. 2014).

There is no doubt that the top-down approach brings us closer to the real scenarios
found in nature than the traditional approach, by simultaneously exploring all components
rather than studying them separately and independently. This approach has enhanced our
understanding of plant community composition (e.g. Coomes & Allen 2007), population
dynamics (e.g. Belinchon et al. 2017), host-parasite interactions (Pilosof et al. 2014), and
some aspects of spatial ecology (e.g. Bunnefeld ez al. 2011). However, simultaneously
considering multiple organisms and environmental conditions is challenging, from both

empirical and statistical perspectives. In particular, the large scales and multiple dimensions
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that the top-down approach entails limit the experimental potential of the studies, making
them highly dependent on field patterns determined by statistical analyses.

Various statistical approaches can be applied to quantify the associations between
multiple biotic and abiotic factors, including (but not limited to) principal components
analysis, cluster analysis, discriminant analysis, canonical correlation, canonical
correspondence analysis, MANOVA, and structural equation modeling (SEM) (e.g., Grace
2006). The overall goal of this paper is to emphasize the advantages of an approach
combining SEM and model selection methodology, which we believe constitutes one of the
most satisfactory solutions for addressing the statistical challenges entailed by the top-down
approaches. While the combined approach is powerful in facilitating inferences regarding
multivariate associations (Johnson 2002; Cardon et al. 2011), the current lack of consistency
in its use increases the likelihood of encountering pitfalls, restricts comparability between
studies, and makes the conclusions and interpretations of each study more subjective.

We start by introducing the rationale of the SEM and model selection approaches
separately and then of the integration between the two; we next discuss the advantages of the
combined approach over more traditional methods. We then introduce step-by-step guidelines
for practitioners in ecology and evolutionary biology who wish to apply the combined
approach to their data (Fig. 1). We finally use data from a multihost-multiparasite system to
illustrate the application and the added insights gained from the combined approach when
studying complex ecological communities. By providing this systematic overview of possible
solutions to practical challenges faced, we hope that the combined SEM-model selection
approach will become more accessible to those interested in the analysis of complex

ecological and evolutionary processes and its use will become uniform among such studies.

The combined SEM-model selection approach
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SEM is a broad family of multivariate statistical techniques that use two or more statistical
dependencies, subject to causal interpretation, to model simultaneously influences and
responses (Grace 2006). In contrast to traditional univariate generalized linear model (GLM)
analyses (e.g., Fig. 2A), SEM distinguishes between direct and indirect effects and may
include multiple response variables and the associations between them (Grace 2006; Hoyle
2012). In addition, it is very flexible under a wide range of conditions—incorporating
unobservable data, as well as handling data with missing cells, a diverse array of residual
distributions, and different data designs (e.g., hierarchical models and repeated measures
design). Its intuitive connection to the way we conceive our study systems makes it a useful
technique for ecologists and evolutionary biologists (Grace 2006; Fan et al. 2016). The SEM
family includes path analysis, confirmatory and exploratory factor analysis, partial least
squares path modeling, and latent growth modeling, but from all the family members, path
analysis constitutes, by far, the most popular and accessible technique used by ecologists
(Kline 2016).

Traditionally in SEM, model fit, importance of paths, and hence statistical inference
are based on statistics (e.g. ¥2, RMSEA, Z; Grace 2006; Fan ef al. 2016), which can be further
used for a comparison between competing nested models, in a process analogous to backward
elimination in univariate models (stepwise SEM; e.g., Bentler & Bonett 1980). However,
while the traditional and stepwise SEM approaches are straightforward and simple (e.g., Fig.
2B), they suffer from a dependency of result interpretations on an artificial probability
threshold (usually p < 0.05) and are highly dependent on the level of model complexity (i.e.,
the number of parameters and the number and complexity of interactions) and on the sample
size (Bentler & Bonett 1980; Hu & Bentler 1999). The outcome of such fit-dependent

comparisons is a single model, which depends on the sequence of parameter or path deletion



Page 7 of 28

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

Methods in Ecology and Evolution

and ignores model uncertainty (Bentler & Bonett 1980; Hu & Bentler 1999; Whittingham et
al. 2000) .

To overcome these drawbacks, SEM models can be complemented by a model
selection approach (Burnham & Anderson 2002). In this approach, the researcher develops an
a priori set of hypotheses (represented as alternative models) and quantifies the databased
evidence for and the ranking of each hypothesis. The models that minimize the loss of
information about the full reality, as reflected in a lower Akaike information criteria (AIC)
index or any other information theory indices (e.g., cAIC, BIC, DIC), receive the highest
ranks (Burnham & Anderson 2002). The information theory indices rank the models by
balancing between fit and precision, considering model complexity, and avoiding the use of
artificial thresholds. In some cases, the data are best explained by a single model, and results
can be inferred solely from it. In other cases, information should be inferred from the set of
models that best fit the data, and the results are interpreted in light of the relative likelihood
of each model, given the data and the set of models (relative weight wi; Johnson & Omland
2004).

These advantages make the combined SEM-model selection approach a powerful way
to evaluate alternative causal hypotheses regarding complex interactions between variables.
As such, this approach has been deployed across several ecological and evolutionary fields to
investigate the relative importance of different mechanisms in shaping natural communities
and to generate testable hypotheses about: 1) species interactions, 2) species abundances, 3)
species dependencies on abiotic factors, 4) the way that the relative role of these determinants
change over time and space, and 5) the relative roles that species play in the community (e.g.,

Johnson 2002; Cardon et al. 2011; Lootvoet et al. 2013; Jing et al. 2015).

Guidelines for the combined SEM-model selection approach
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Below we offer guidelines for the combined SEM-model selection approach (Fig. 1a). Our
guidelines are not meant to be exhaustive since many of the concepts are common to all
univariate GLM and multivariate methods (e.g., Zuur et al. 2009) or are general to either
SEM (Grace 2006; Hoyle 2012) or model selection approaches (Burnham & Anderson 2002).
Moreover, often the analyses depend on the nature of the data and on the specific study
objectives. Rather, we focus on the major steps that are especially important for the combined
approach to hopefully avoid pitfalls.

1) Formulating the research goal and hypotheses

The formulation of the research goal and hypotheses is a crucial step in the combined
approach, as it will determine the construction of the saturated models and model set (steps
2-3 in Fig. 1). For example, the simplification approach, estimation method, and set of
competing models in a study that is driven by a solid hypothesis often will be different from
those in a study driven by field observations with no a priori hypotheses.

2) Constructing the saturated SEM/s

a) Simplification
After formulating the research goal, it is recommended to construct a saturated or several
saturated models (in the case of multiple alternative hypotheses, each refers to a different
SEM; Cohen, Einav & Hawlena 2015). Each saturated model defines the range of possible
variables and paths between them, constituting the foundations of the set of competing
models (step 3). To this end, the choice of the variables and paths to be included therein will
greatly affect the inference step (step 4). SEM models may include a combination of multiple
dependent variables, mediators, which act as dependent in one equation and independent in
others, and independent variables. In some cases, the interactions between variables is also
important (e.g., Flatau et al. in press) and could be handled, using composites or multigroup

approaches (Grace 2006). There is no doubt that including all measured variables and
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possible paths may bring us closer to real natural scenarios. However, when we are dealing
with complex systems, such a detailed approach may be translated into millions of competing
models, leading to overfitting and spurious findings (Burnham & Anderson 2002).

To simplify the task in a biologically sound way, we offer three, non-mutually
exclusive approaches, depending on the goal of the study, the theoretical background, and
existing knowledge. First, the desired goal is always to construct one or several alternative
hypotheses; each represents a complete SEM. These hypotheses are often based on a theory
or on previous findings (Cardon ef al. 2011; Lootvoet et al. 2013). For example, Cohen,
Einav and Hawlena (2015) made comparisons between and within three sets of models, each
led by a saturated SEM that describes an alternative hypothesis (e.g., interactions in the
community are directly determined by parasite A, by parasite B, or are mediated by the host’s
response) and is followed by its nested derivative models (Cohen, Einav & Hawlena 2015).
However, since usually no such a priori hypotheses exist, prior knowledge on the
relationships between at least some of the variables can instead be incorporated to construct
the saturated model (Palomares et al. 1998; Johnson 2002, and Step 2a in the case study). To
complement the latter approach or in cases with no prior knowledge, the potential causal
relationships between some of the variables can be statistically defined. Here too, we
recommend using statistical tools from the model selection approach (Messika et al. 2017).
For example, one can search for the most important factors that best explain the variability in
each of the dependent and mediator variables by assessing the sum of w; over all the models
in which the variable of interest appears, given that the number of models that contain each
variable is balanced (relative importance; Johnson & Omland 2004). Commonly, variables
with a relative importance greater than 70% are considered important and should thus be

included in the saturated model (Wagner, Harmon & Seehausen 2014).
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A parallel reduction in the number of dependent variables can be done statistically by
either replacing multiple dependent variables with a principal component (e.g. Mommer ef al.
2006), using unobservable variables, or by formulating an equation that incorporates multiple
dependent variables (e.g., the integrated index of female flea reproductive success; Fig. 1B).

b) Biological meaning
Regardless of the approach one chooses, all paths should have a biological sense. Thus, a
priori analyses or knowledge of at least some of the causal relations between the variables
under study are crucial in constructing a manageable saturated path model.

c) Statistical considerations
Dealing with missing data, multicollinearity, the assumption of parametric tests, and sample
size constraints are common concerns in most GLM analyses. However, they are critical in
the combined approach since they determine the estimation method (section 2e).
Recommendations on the requirements and calculations of the minimum sample size in SEM
analyses are found elsewhere (e.g. Fan et al. 2016; Kline 2016). For the model selection
(steps 3—4 in Fig. 1), the sample size will often determine the choice of information theory
indices. For example, the use of AIC is only recommended when n/p > 40 (where 7 is the
sample size and p is the number of parameters), and below this value, it is recommended to
use its corrected version, AICc (Johnson & Omland 2004). Thus, users of the combined
approach should confirm that their sample size meets the requirements of both approaches,
and if not, they should enlarge the sampling or reduce the number of parameters in question.

Violations of multicollinearity (the inclusion of highly correlated independent
variables, i.e., correlation coefficient, [v| > 0.6), which can produce spurious results, are
common in SEM models since they include both independent and mediator variables that can
potentially correlate (Grewal, Cote & Baumgartner 2004). To overcome this problem, it is

possible to create a principal component variable from the set of correlated variables (e.g.
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Cardon et al. 2011), replace correlated variables with unobservable variables, or use specific
estimation methods that are more robust to deal with multicollinearity (e.g., Consistent Partial
Least Squares; Vinzi et al. 2010). Similarly, missing data may greatly constrain the combined
approach since often the same variables are simultaneously used for multiple paths and since
it is only possible to compare models that have the same matrix. The problem can be solved
by using a proper estimator (e.g., full information maximum likelihood; Hoyle 2012) or by
removing the problematic variables.

Results may also be sensitive to violation in the parametric test’s assumptions. In
SEM, different mediator and dependent variables may have distinct distributions, and
therefore, multivariate normality needs to be achieved. Various analytical methods have been
developed to check for multivariate normality, depending on factors such as sample size,
skewness, and kurtosis (e.g., Mardia’s, Henze-Zirkler’s and Royston’s tests; Farrell, Salibian-
Barrera & Naczk 2007). A common factor violating the multivariate normality assumption is
the presence of outliers in either the univariate or multivariate dimensions, which can be
detected by a variety of techniques (e.g., Cook’s and Mahalanobis’ distances). When the
removal of outliers does not satisfy the multivariate normality assumption, SEM can be
adjusted to simultaneously fit a variety of residual distributions, including Poisson and
binomial, for count and binary data, respectively (Grace 2006; Hoyle 2012; Kline 2016).
Alternatively, normalizing transformations can be used (Hoyle 2012). In cases of high
overdispersion, inference can be improved by applying Quasi-AIC (qAIC) as the information
theory index (Johnson & Omland 2004).

d) Considerations of the nature and structure of the data

The choice of a proper estimator (step “e”) depends not only on the above statistical
considerations but also on the nature and structure of the data. One should define, in advance,

which of the variables are categorical, ordinal, or continuous. Moreover, in many cases, the
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inclusion of unobservable variables could be helpful even in the absence of collinearity or
demand for simplification (Grace 2006; Hoyle 2012). These variables, which are abstract and
are only inferred from the observed variables, may be particularly valuable in the study of
complex natural systems, in which concepts are frequently multifaceted and interactions are
nonlinear (e.g., fitness-correlative traits and variables related to ecological niches, climate
change, or ecosystem structure and function; Grace & Bollen 2008). Unobservable variables
include latent and composite variables. Both are similar in their uses, but the latter variables
assume no error variance among the indicators; thus, while the latent factor is extracted from
the set of indicators, the composite variable is an exact linear combination of the indicator
variables based on given weights (Grace & Bollen 2008; Fan ef al. 2016). Recent
developments in statistical packages also now allow the integration into SEM of other data
types, representing basic ecosystem and evolutionary processes and dynamics, including
hierarchical linear modeling, time series, repeated measure analyses, and feedback loops
(e.g., Meredith & Tisak 1990; Grace 2006).

e) Choosing an estimation method
The choice of a proper estimation method depends on the statistical properties, nature, and
structure of the data (see above), and on the user’s software (reviewed in Hoyle 2012;
Narayanan 2012). Two families of estimation methods prevail in SEM: the maximum
likelihood (ML) and the least squares (LS). For the combined approach, the former family is
often used since the calculation of information theory indices has been commonly computed
from ML (but see alternatives for least squares methods and for PLS; Yamaoka, Nakagawa &
Uno 1978; Vinzi et al. 2010).

3) Identifying the best models and quantifying their fit to the data

a) Constructing the set of competing models

11



Page 13 of 28

262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278
279
280
281
282
283
284

285

Methods in Ecology and Evolution

As soon as we have a saturated model or models, it is recommended to generate a set of
models nested in the saturated ones that will constitute the set of competing models. The
main constraint in this step is that all competing models should have the same log likelihood
and hence the same metric of the information theory index. This means that a variable that is
used as a mediator or as a dependent variable in one model cannot be used as an independent
variable in another model (e.g., the fixed association between community composition and
host density in the case study; Fig. 2C). However, in most cases, even after accounting for the
above constraint and while keeping only paths that are biologically meaningful, there are
more models left than the data could reasonably support. Thus, here again, the challenge is to
minimize the number of competing models. As in the previous step (2a), the choice of
competing models can be based on theoretical background, prior experiences, or logical
arguments—choosing to emphasize each time different parts of the saturated model/s. When
there is no a priori knowledge, “backward elimination” can be helpful, relying on the relative
importance weight or effect size of paths (see the case study).

b) Comparing the models in a set and assessing the fit of the best ones
Once a set of candidate models is specified, they can be compared based on model selection
criteria. The choice of the information theory index depends on the sample size, residual
distribution, user’s software, and whether the approach is Bayesian or not, as discussed in
recent reviews (Burnham & Anderson 2002; Johnson & Omland 2004). The calculated index
is then used to rank the competing models and to weigh the relative support for each one
(Johnson & Omland 2004). The likelihood of each model is quantified by its w;, which is
calculated as the differences in the information theory index scores between each model and
the best model (i.e., the model with the lowest information theory index score), normalized

across the set of candidate models to sum to 1 and thus interpreted as a probability. Often

12
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there is no single model overwhelmingly supported by the data (w; < 0.9), and thus inference
is based on a group of the best models (Johnson & Omland 2004).

The models identified as best have a relatively higher fit compared to the other
candidate models in the set. Yet, for the inference (step 4), it is important to check whether
they sufficiently fit to the data (Hu & Bentler 1999). The choice of the goodness-of-fit test
(e.g., Chi-square, RMSEA, CFI, and SRMR) depends on the sample size, residual
distribution, number of parameters, and whether there are missing data (Hu & Bentler 1999;
Hoyle 2012; Fan et al. 2016).

4) Multimodel inference

From the identification of the best models, one can already infer which hypotheses to reject
or accept. To complement the inference process, it is recommended to also quantitatively
compare the likelihood of each of the best models by either w;, evidence ratio (ER), or model
likelihood (L) values (Burnham, Anderson & Huyvaert 2011). To assess the strength and
importance of specific paths of interest, researchers often examine whether their coefficients
are significantly different from zero (Fig. 2B). However, since it is recommended not to mix
hypothesis-driven with model selection approaches (Burnham, Anderson & Huyvaert 2011),
we propose here to extend the relative importance approach by Burnham and Anderson
(2002), namely to search for the most important paths (relative importance greater than 70%)
by assessing the sum of the w;s over all the models in which the path of interest appears. The
challenge of such an approach is to achieve a balance in the number of models that contain
each path. Regardless of the method of quantifying the path importance, it is recommended to
report standardized or unstandardized path coefficients, when the interest is either in
comparing paths or in predicting relationships, respectively (see discussion in Grace 2006).
These could be done by using a weighted average of parameter estimates either over the

model set or just over the best models (Johnson & Omland 2004). Finally, the influence of

13
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one variable on another can be decomposed into direct, indirect (calculated as the product of
the effect of the independent variable on the mediator/s and of the mediator/s on the
dependent variable), and total (the sum of the direct and indirect effects) effects (Grace
2006). The decomposition to direct and indirect effects may be especially important in
quantifying cascading effects (Grace 2009). We suggest here again following the relative
importance approach by assessing the sum of w; over all the models in which the type of
effect (direct or indirect) appears and presenting their weighted, averaged coefficients (see

the case study).

A case study: factors determining the reproductive success of arthropod vectors
Below we illustrate our proposed step-by-step guidelines for the combined approach with our
recently published analysis on the factors determining the reproductive success of arthropod
vectors (Fig. 1B; Messika et al. 2017). We then assess the usefulness of the combined
approach analysis in the exploration of complex ecological communities by comparing the
results and insights gained through this approach with those gained through reanalysis of the
data using a univariate approach, a traditional SEM, and a stepwise SEM (Fig. 2). In this
study, we trapped, marked, and characterized rodents in their natural environment, including
sites differing in their proportions of the most dominant rodent species (Gerbillus andersoni
and Gerbillus pyramidum) and their total rodent density. We then sampled their fleas and
ticks, randomly collected one female flea from each host, and assessed its current
reproductive success and infection status by vector-borne bacteria (Bartonella and
Mycoplasma) under laboratory conditions. The analyses were performed with the software
Mplus 7 (Muthén & Muthén 2012) but could be run by any alternative software.

a. Step-by-step analysis using the SEM-model selection combined approach

Step 1: Formulating the research goal and hypotheses

14
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The main goal of the research was to reveal the most likely pathways connecting a suite of
interrelated factors, ranging from female flea endosymbionts to the community structure of
the rodent hosts, and to flea reproductive success. We tested four non-mutually exclusive
hypotheses:

HI (microscale): we expected to find neutral or positive associations between infection by
vector-borne bacteria and female flea reproductive success.

H?2 (vector scale): we expected a positive association between female flea reproductive
success and their body mass and a negative association with their level of fluctuating
asymmetry.

H3 (host scale): we expected that female flea reproductive success would be (1) greater on G.
pyramidum and on male hosts; (2) positively associated with host body condition; and (3)
negatively associated with the flea and tick burden on the host.

H4 (macroscale): we expected that female flea reproductive success would be negatively
associated with host community diversity, but positively associated with total host
density.

The four hypotheses were formulated based on well-supported theories in evolutionary

biology (Ewald 1983), general ecology (Meller 1997), and the ecology of host-parasite

interactions (Krasnov, Khokhlova & Shenbrot 2002; Seppélé ef al. 2008) and were
complemented by published data on the studied organisms (references and more details in

Messika et al. 2017).

Step 2: Constructing the saturated SEM/s

Our data set included 14 potentially independent or mediator variables and 10 dependent
variables, all associated with current female reproductive success (Messika et al. 2017).
Therefore, with no a priori analyses and knowledge, we would have had to deal with more

than a million competing SEMs, considering all possible relations between and within

15



Page 17 of 28

361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383

384

Methods in Ecology and Evolution

mediators and dependent variables . To simplify the task in a biologically sound way, we
constructed our saturated SEM through a combination of three approaches. The associations
between host community diversity, total host density, and the flea probability to encounter
one or another host species were predicted based on extensive knowledge of the system’s
natural history (e.g. Rosenzweig, Abramsky & Brand 1984). In addition, to filter out
presumably less important variables, we relied on a relative importance analysis by univariate
GLMs and selected the most influential factors (relative importance weight > 0.7) that best
explained the variability in female reproductive success (Table 2 in Messika et al. 2017).
Finally, following previous studies (e.g., Herreras et al. 2007), we created an index that
mathematically integrates the various components of female reproductive success . We could
have alternatively created a latent variable of female reproductive success with the specific
measured variables (e.g., offspring mass, number of offspring, and offspring sex ratio) as
indicators. However, in our case, this would have required significantly reducing the sample
size to adjust for the females who either had no offspring (i.e., no data for the sex ratio or
offspring body mass) or had only a single offspring (i.e., no reliable data for sex ratio).

As a result, our saturated SEM model included three independent categorical
variables, four mediators (three continuous and one categorical), one continuous dependent
variable, and a total of 22 links between these variables (Fig. 1S in Messika ez al. 2017).
These sum-up to a total of 30 free parameters and 141 observations with no missing data,
with nearly five observations per free parameter. In addition, there was no indication for
multicollinearity (|| < 0.3 for all paired correlations) or outliers, and no deviation from
multivariate normality. Despite the adherence of our data to the parameter test assumptions,
to be most conservative, we used robust maximum likelihood as the estimator.

Step 3: Identifying the best models and gquantifying their fit to the data
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We created a set of competing models, all nested in the saturated model, considering that the
mediators and dependent variables are fixed and the independent variables and paths are
changeable. The set of alternative models was created by omitting in order the weakest paths
according to their effect size. The process was done manually to create a new combination of
paths and to allow a continuous check that the models and all paths included have ecological
sense and, in particular, do not contradict any of our four hypotheses (H1-H4). This approach
resulted in 42 competing models (Table S1 in Messika et al. 2017). w;s of the competing
models revealed that four SEMs have good support from and fit to the data (w;> 10%; Zw; =
66%; CF1 > 0.9 and RMSEA 90% CI: 0.000-0.025 for all four models; Fig. 2C).

Step 4: Multimodel inference

The combined SEM-model selection approach provided support for our overall hypothesis
that a suite of interrelated factors, ranging from micro to macroscales, is linked with female
flea reproductive success. The four best models indicated positive associations between the
index of flea reproductive success and (1) its infection by Mycoplasma bacteria (H1,
microscale), (2) its body mass (H2, vector scale), (3) the size of the host species (H3, host
scale), and (4) the total host density (H4, macroscale) (Fig. 2C). Direct, indirect and total
effects of each predictor on the female flea reproductive success were calculated, using the
model-averaged standardized path coefficients. Two factors at different scales—the total host
density (H4, macroscale) and host species (H3, host scale) —showed the strongest total
effects (Table 1). Moreover, this analysis highlights host community diversity as an important
predictor, indirectly affecting flea reproductive success (Table 1).

b. A comparison between the results and insights gained by the combined

approach with those gained by alternative statistical approaches

We compared the results obtained by the SEM-model selection combined approach to those

obtained by the univariate approach, the traditional SEM, and the stepwise SEM. The
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univariate approach included a set of seven independent GLM models, correlating between
the seven independent variables (three of which are designated as “mediators” in the other
approaches) and the integrated index of reproductive success (Fig. 2A). The best model
according to the traditional SEM analysis was based on the significant pathways in the
saturated model, whereas in the backward SEM analysis, weak paths were omitted using a
backward elimination process supported by Chi-square tests until no further variables could
be deleted without a statistically significant loss of fit (Fig. 2B).

The most likely pathways that were suggested to connect the tested factors and female
reproductive success according to the four alternative approaches are illustrated in Fig. 2. For
our particular case study, the traditional and the stepwise SEM approaches generated
identical results except for the association between the vector’s asymmetry and body mass,
which was only included in the backward SEM (Fig. 2B). As seen, all four approaches
detected the direct associations between (i) total host density, (ii) host species, and (iii)
female mass and the integrated index of reproductive success (thin arrows in Fig. 2). In
addition, the three SEM-related analyses supported a mediation role for the (i) host species
and (i) female mass (grey bold arrows in Figs. 2B—C).

Considering the differences between the four approaches, our example highlights a
possible limitation of the combined approach, namely, its requirement to retain the same
mediators and dependent variables in all competing models. In our case study, for example,
in order to keep the total host density as a mediator, we were forced to retain the path
between host community diversity and total host density in all competing models despite its
low standardized coefficient value. In this particular case, the host community diversity-total
density association is supported by previous studies (e.g. Rosenzweig, Abramsky & Brand

1984), but in other cases, such constraints may limit the predictive power of the models.
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On the other hand, our comparison suggests that the combined approach is more
sensitive to the weaker (yet possibly important) associations than the three alternative
approaches. First, the combined approach supports the direct effects of female asymmetry
and Mycoplasma infection status on the integrated index of reproductive success (black bold
arrows in Fig. 2C). Importantly, the positive association between female infection status and
the integrated index of reproductive success was included in three out of the four most
supportive models (Fig. 1D in Messika et al. 2017). In addition, it was highly important (path
relative importance = 58%) and is crucial for both our understanding of flea-host interactions
and for flea control programs; thus, it needs to be experimentally verified. Second, the
combined approach highlighted mediation effects that were overlooked by the other two
SEM-related approaches. These include the indirect effects of the host’s species and female
flea asymmetry, through effects on the female flea mass, on the integrated index of
reproductive success (black bold arrows in Fig. 2C). Notably, the relative importance of
female asymmetry’s indirect effect through its mass was greater (65%) than its direct effect
(26%) on the integrated index of reproductive success.

Revealing these additional mediation effects are of special interest to our study goal
since they connect factors that represent the hypotheses at different scales and can be crucial
when making management decisions (Messika et al. 2017). In particular, the understanding
that the effects of host community diversity—one of the most important predictors of the
bacterial communities in hosts (Gavish ef al. 2014; Kedem et al. 2014)—on flea reproductive
success is mediated both by changes in total host density and flea mass would not have been

revealed by the alternative approaches (Fig. 2).
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578  Tables and Figures

579  Table 1. Summary of weighted model-averaged standardized path coefficients for the direct,
580 sum of all indirect effects, and total effects of each predictor variable on the integrated index
581  of female reproductive success. Standardized path coefficients were weighted by the weight

582  (wj) of the best models.

Direct | Indirect | Total
Community diversity 0.02 0.06 0.06
Rodent host density 0.2 0.05 0.2
Rodent host species 0.2 0.004 0.2
Rodent host sex 0.02 0.05 0.05
Female flea mass 0.2 0.0 0.2
Female flea FA -0.01 0.0 -0.01
Mycoplasma infection status 0.1 0.0 0.1
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A B

We focused on 8 of the 24 measured variables based on previous knowledge
and their relative importance, and by creating an index, integrating the
various correlatives of reproductive success

a) Simplification

All paths are consistent with the natural history of rodents and fleas and
consider the four hypotheses

b) Biological meaning

~Five cases per free parameter; no outliers, missing data, or collinearity;
multivariate normality

SEM

c) Statistical considerations

d) Considerations of the nature and Variables include three categorical independent variables, one categorical and three
continuous mediators, and a continuous dependent variable. There are no

structure of the data unobservable variables or hierarchical or repeated measures structure

e) Choice of an estimation method Robust maximum likelihood estimation

The set of competing models was created by dropping in order their
weakest paths according to their effect size while keeping the bioclogical logic

f) Constructing the set of competing
models and considering the four hypotheses

g) Cornparing the models in a set and Four best models with #; > 10%; Z»i = 66% (T'able S1 in Messika et al,,
: 2017); all have a decent fit to the data (CFI > 0.9 and RMSE.A 90% CI:
assessing the fit of the best ones 0.000.0.025)

583  Figure 1. Recommended steps in the combined SEM-model selection approach (A) as

<
=
o
o
o
o)
7
)
=
=

584  exemplified by our flea-rodent case study (B). SEM steps (a—¢) are modified from Figure 1 in
585  Grace et al. (2012).
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Figure 2. Results of four alternative statistical approaches used to explore the effects of a set
of interrelated factors on flea reproductive success. Arrows represent directional relationships
between variables. (A) Univariate GLMs, only significant paths are included. (B) A
traditional SEM, in which only significant paths construct the best SEM and a backward
SEM. The two approaches generated identical results in our case study, except for the
association between the vector’s asymmetry and its body mass, which was only included in
the backward SEM (dashed arrow). (C) A combined SEM-model selection approach, in
which paths are present only if they are constrained in all competing models (i.e., community
diversity on host density) or appear in at least one of the best models (wi > 10%), and
standardized path coefficients are averaged among the best models. Thin arrows represent
paths that are highlighted as important by all approaches; bold grey arrows represent paths
that are highlighted as important in all three SEM-based approaches, and bold black arrows
represent paths exclusively detected by the combined approach. Numbers near arrows

indicate standardized path coefficient values.
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Dear Professor Freckleton,

We hereby submit the manuscript “The combined structural equation modeling-model selection approach:
a user guide for ecologists and evolutionary biologists” by Garrido and Hawlena to be considered for
publication as a review in Methods in Ecology and Evolution.

The motivation to compile this review and supplement it with a practical guide was the direct result of our
research group’s cumulative frustration over the past seven years caused by spending a remarkable amount
of time in figuring out the correct ways to combine the structural equation modeling (SEM) and the model
selection approaches (e.g. Cohen, Einav & Hawlena 2015; Garrido ez al. 2016; Messika e# al. 2017; Flatau ef
al. in press). Specifically, while we became aware of the power and potential of the combined approach for
exploring ecological and evolutionary hypotheses, we realized that it requires an overwhelming process of
decision-making and entails pitfalls that can lead to incorrect biological conclusions. This is partly because
both the model selection and the SEM approaches originated in different disciplines and only gradually, and
independently, became popular among ecologists and evolutionary biologists. Accordingly, the relevant
literature is difficult to follow and complicates the integration of the two approaches for the end-users, so
that neither approach, either separately or in combination, is routinely used in the fields of Ecology or
Evolution. Furthermore, among those papers that used the combined approach, we found some
inconsistencies, and it was challenging for us to locate a statistician who is not only an expert in both fields
but can also communicate with ecologists and evolutionary biologists.

To maximize the uptake of the combined SEM-model selection approach by the ecological and
evolutionary biologist communities and disseminate its use among practitioners, we have demonstrated its
use with our data on a multihost-multiparasite system. While the results of part of these analyses were
recently published (Messika ¢7 a/. 2017), here we use the rodent-flea data for a different propose, namely to
illustrate, step-by-step, the rationale in the decision-making process. This background information does not
appear in the Messika et al. paper. To further illustrate the potential breadth of data interference, we added
several analyses that are absent in the Messika et al. paper (e.g., the decomposition of paths into direct,
indirect, and total effects and the quantification of their relative weight and importance). Finally, to
illustrate the added insights gained from the combined approach, we reanalyzed the data, using a univariate
approach, a traditional SEM, and a stepwise SEM.

Our review provides a single source that summarizes tentative solutions to practical challenges faced and, as
such, will make the combined SEM-model selection approach more accessible to those interested in the
analysis of complex ecological and evolutionary processes. This is especially important in the current era
when there is a tendency to shift the focus from the study of specific isolated components in a system to
the way that these components integrate, and will hopefully guide the investigation of questions that were
not previously tractable for a broad range of ecologists and evolutionary biologists.

Sincerely, Hadas Hawlena 2/ ¢2)

Midreshet Ben-Gurion 84990 ISRAEL
Telephone: +972 (0)8 659-6775° Email: hadashaw@bgu.ac.il
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