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Abstract
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Knowledge of predator-prey interactions is vital in many subfields of ecology, including food
web ecology, behavioral ecology, and population ecology. Information on predator-prey
interactions is obtained from a variety of sources, including stomach contents, biochemical
tracers such as stable isotopes, fecal matter, and direct observation. These data sources are used
to infer the predator’s diet and each presents analytical and interpretation challenges. In this
dissertation, | pursue research to improve the analysis, interpretation, and application of varied
data sources to study predator-prey interactions. My first chapter develops a mixture model to
increase the accuracy and precision of diet estimates from stomach content data by addressing
several challenges inherent to most stomach content datasets. I extend this model in my second
chapter to address sample interdependence, which is a common issue due to sample collection
methods. My third chapter addresses the challenges of applying stable isotope analysis to
jellyfish due to their unique physiology and proposes a path forward to be able to use this data

source effectively. My fourth chapter predicts the effect of hypoxia, a common environmental



stressor, on energy flow from zooplankton to zooplanktivorous fish by merging multiple data
sources in a Bayesian integrated assessment. Together, my dissertation research identifies and

addresses some common challenges of analyzing predator-prey interactions.
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INTRODUCTION

Understanding predator-prey interactions is central to ecological theory and applications.
Food web ecology is concerned with patterns of predation linkages (Polis and Hurd 1996,
Marshall 2007), how strong and weak interactions structure food webs (Huxel and McCann
1998, McCann et al. 1998, Prugh 2005), and how energy moves through trophic levels.
Behavioral ecology is commonly interested in the factors influencing niche width, including
predator choice of prey type (Charnov 1976, Randall and Myers 2001, Navia et al. 2007, Catano
et al. 2014). Additionally, population ecology inherently depends on interactions between
predators and prey to understand how those affect each population (Gurney and Nisbet 1998).
The pervasive role of predator-prey interactions throughout many fields of ecology has led to the
development of a wide array of approaches for studying them.

Predator-prey interactions can be viewed through different lenses in order to focus on
different aspects of the system. Energetic food webs represent the amount of energy moving
between functional groups and are a common way to represent food webs. Their ability to predict
system-level processes makes them a useful tool in some situations (Moore and De Ruiter 2012).
They also provide some information on the importance of specific functional groups in an
ecosystem (Paine 1980).

Accordingly, a range of both analytical and statistical tools now exist to gain information
on these energetic linkages. Analytical tools, such as stable isotope analysis (Peterson 1999,
Hobson and Bond 2012), stomach content data (Hyslop 1980, Locke et al. 2012) and fatty acid
analysis (lverson 2009) have come into use at different times. Each analytical method requires

the development of unique methodology in order to apply it accurately and precisely across



taxonomic groups and ecosystems. Additionally, each method of obtaining information on
predator-prey interactions produces a different type of data that has its own set of challenges
when analyzing it. Therefore, not only are various statistical methods used for each analytical
tool, but may also vary depending on the purpose of the study. The use of effective statistical
tools can greatly increase the information we can gain from the data.

However, many of these analytical and statistical tools are increasingly being used for a
wider range of applications than for which they were initially developed. Some analytical tools,
such as stable isotope analysis, are accompanied by well-developed statistical methods that allow
for quantitative estimates (Phillips et al. 2005, Semmens et al. 2009, Ward et al. 2011), but
others, such as stomach contents, are not (Ahlbeck et al. 2012). As the need for quantitative
estimates of prey contributions to predator diets, or diet estimates, has risen this has increasingly
limited our use of stomach content data. Similarly, over the last couple of decades, ecologists
have recognized that taxonomic groups that have previously been ignored, such as jellyfish
(Richardson et al. 2009) and microbes (Legendre and Rivkin 2008, Turk et al. 2008) may play
ecologically important roles. In the case of jellyfish, this has led to a large increase in the number
of studies focused on them. As this has occurred, existing analytical tools, such as stable isotope
analysis and stomach contents have been increasingly been applied to them (Sosik and
Simenstad 2013, Nagata et al. 2015b), but not always with appropriate consideration as to the
potential differences among taxonomic groups.

In particular, the appropriate use of analytical and statistical tools for quantifying
predator-prey interactions allows us to better assess changes in predator-prey interactions.
Predator-prey interactions change over time and space, as they are driven by environmental

conditions (Holyoak et al. 2005), such as temperature and oxygen levels in aquatic systems



(Sandberg 1997, Higham et al. 2015). As environmental change occurs, predator-prey
interactions are then susceptible to change. The statistical and analytical tools described here can
be applied to study how these predator-prey interactions change as environmental changes occur.
Here, | focus on developing methods to study predator-prey interactions to improve our
use of existing methodological tools and apply our existing tools to study how environmental
conditions drive predator-prey interactions. My first chapter is focused on developing a novel
method to quantitatively estimate prey contributions to predator diets that addresses several
challenges that are common across many stomach datasets. Additionally, my novel estimation
method creates a likelihood-based framework for diet fraction estimates. In my second chapter, |
build on the likelihood framework I’ve created by using Bayesian estimation methods to address
sample inter-dependence in stomach data. This model extension allows the model | developed in
chapter one to be more broadly applicable. In my third chapter, I investigate the challenges of
applying stable isotope analysis to jellyfish (class: Scyphozoa) posed by their unique body
composition and physiology. | lay out the path forward to be able to accurately interpret stable
isotope ratios for this taxon. Finally, | use an integrated assessment to determine how
environmental change, such as the development of hypoxia, alters energy flow from zooplankton
to zooplanktivorous fish in Hood Canal, Washington, USA. By simultaneously measuring
individual, population, and system-level processes and their interactions, | produce a nuanced

picture of the effects of hypoxia on energy flow.



1. ANOVEL METHOD TO ESTIMATE PREY CONTRIBUTIONS TO PREDATOR

DIETS

Stomach content data are frequently used to characterize predator feeding habits, often by
describing the proportional contribution by weight or number of each prey type (diet fractions).
These data pose several statistical challenges for analysis and estimation that have hindered our
ability to create quantitative diet fraction estimates from stomach content data. To address these
challenges, we developed a novel, likelihood-based mixture model to quantitatively estimate diet
fractions. Simulation testing indicated that estimated diet fractions from the mixture model were
more precise than those estimated either from a (stomach-mass) weighted mean or the sample
mean, and were more accurate than a sample mean. Additionally, we applied the mixture model,
a weighted mean, and sample mean to stomach content data for multiple types of predators. For
three of four of these datasets, the mixture model demonstrated higher precision than and similar
accuracy to a weighted-mean, and similar precision and better accuracy than a sample mean. The
mixture model represents an important step in advancing statistical methods to address the

challenges of stomach content data.

1.1 INTRODUCTION

Ecological research fundamentally requires understanding the feeding habits of predators.
From a behavioral ecology perspective, we are commonly interested in measuring prey breadth,
and the factors influencing niche widths (Charnov 1976, Randall and Myers 2001, Navia et al.
2007, Catano et al. 2014). Data on predator feeding habits are also used to better understand top-
down and bottom-up effects in predator-prey systems, including how distinct patterns of prey use
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might govern predator-prey interaction strengths (Polis and Hurd 1996, Marshall 2007). These
data are also essential for creating food webs and understanding their structures and dynamics
(Huxel and McCann 1998, McCann et al. 1998, Prugh 2005). Finally, feeding habits information
is critical for parameterizing models to predict the outcome of predator —prey interactions
(Stewart et al. 1981, Christensen and Walters 2004, Rose et al. 2008, Fulton et al. 2011). Despite
the pervasive role of feeding habit information, there has been surprisingly little development of
methods for quantitative estimation of predator diets.

For many species, predator feeding information is often derived from sampling stomach
contents (i.e. stomach content data). Stomach content analysis is ubiquitously used in studies of
fish diets (MacKinlay and Shearer 1996), as well as for seabirds (Montalti and Ruben Coria
1993), jellyfish (Barz and Hirche 2007, Jaspers et al. 2015), sea turtles (Colman et al. 2014,
Williams et al. 2014), and marine mammals (Fernandez et al. 2014, Matley et al. 2015). Analysis
of stomach content data collected involves two distinct components: 1) measuring total prey
amounts in the stomach (total stomach contents’ mass or number) (Elliot and Persson 1978) and
2) calculating the fraction of total prey that consists of individual prey types (diet fractions).
While there is a large body of literature examining distinct ways to analyze stomach content data,
there has been little development of formal statistical methods.

There are few commonly used mass-based analysis methods for estimating diet fractions.
One is to use the average of individual diet fractions, treating each stomach as an independent
data point (Nielsen et al. 1983, Liao et al. 2001). Alternatively, all stomachs can be pooled and
the proportion of the total summed diet mass consisting of each prey type can be calculated
(Nielsen et al. 1983). Additionally, a weighted mean (weighting individual stomach proportions

by total stomach contents’ mass) is sometimes employed, which is analogous to the pooling



method, but allows for calculation of confidence intervals (Nielsen et al. 1983).

These analyses are relatively straightforward to compute, but unfortunately don’t address
the challenging characteristics of stomach content data. One challenge of analyzing stomach
content data is that feeding rates may be related to the prey type consumed- when certain prey
items are present they may be likely to be consumed in high quantities. For example, on the
occasions that rarely available schooling prey is available, a generalist predator may consume it
at high rates. This creates covariance at the individual level between the amount a predator
consumes and the prey type eaten that is not reflective of population-level consumption (Hyslop
1980, Liao et al. 2001). Another challenge is that stomach content data are often skewed such
that a small number of samples have much higher stomach content masses than the average of all
the samples. At a population level, these rare events could comprise a high proportion of total
feeding, so are important data to include in predator diet estimates. However, rare events are
difficult to estimate precisely, and their presence in a small sample can greatly influence diet
fraction estimates (Ahlbeck et al. 2012).

Methods for stomach content data should ideally be based on an appropriate likelihood
function to estimate the prey contribution. Likelihood functions for individual sample
proportions are possible, but are generally not existent for weighted mean proportions. However,
the use of a likelihood based framework in ecology and fisheries, whether in maximum
likelihood (ML) or Bayesian models, offers several advantages (Hilborn and Mangel 1997).
Likelihood based estimation of parameters allows for formal model selection, using criteria such
as AIC (Burnham and Anderson 1998), so that distinct alternative hypotheses can be evaluated in
a statistically rigorous way. As diet estimates are used as inputs for other models (Christensen

and Walters 2004, Fulton et al. 2004, Plaganyi et al. 2014), formally selecting the best estimate



could allow for more accurate inputs to other models. A likelihood framework also allows for
merging prior information on predator diets (such as stable isotope analyses, expert judgment or
previous sampling) with stomach content data (Ainsworth et al. 2010). Finally, likelihood based
approaches can be extended to address the potential lack of independence among stomachs
collected during a single sampling event.

Here, we present a novel statistical method to quantitatively estimate prey contributions
to a predator’s diet that addresses all three challenges discussed above: 1) extreme events in
predator stomach contents’ mass (defined here as an individual stomach having a total contents
mass greater than twice the interquartile range), 2) covariance between stomach contents’ mass
and diet fraction within the data and 3) uses a maximum-likelihood framework. Then, we
demonstrate the use of the mixture model by applying it to datasets for different predators with

varying life histories.

1.2 METHODS

We begin by explaining the construction of our model to quantitatively estimate predator
diet fractions. Then we evaluate the sensitivity of our model to simplifying assumptions using
simulated data and compare its accuracy and precision to existing methods for analyzing
stomach content data. Finally, we apply our model to datasets for different predators to

determine how the methods compare in real world situations.

1.2.1 Model Development



Diet fraction, defined as the mean proportional contribution of a single prey type, i, to a
predator’s diet, Cj (Table Al.1), is equal to the ratio of the expected mass of prey type i in the

stomachs, E[M], divided by the expected total mass of the stomachs’ contents, E[Ms],

E[M;]
E[Mg]

[1] E[G] =

The desired properties of an estimator for E[Ci] are that it, and its confidence intervals, are
bound between 0 and 1, inclusively, and that it is based on a likelihood function to permit model
selection and maximum likelihood estimation. There are two existing distinct frameworks, the
mean and weighted mean, to estimate E[Ci]. Using the mean proportion of prey type i in
individual stomachs implies that given stomachs from N individual consumers, each with prey

content mass Mi;; and total stomach content mass Msj, where 1 < j <N, E[Ci] = mean(pi) =

M. .
ZIJ'V=1_U,
NMS’. In contrast, using the weighted mean or pooling all stomachs is equivalent to estimating
. _ Z}il M;j .
E[Ci] = weighted mean (pi, Mi) = TR If Mij and Ms;j are independent, these two sample-
j=1"sj

based methods will, on average, produce equivalent estimates.

Likelihood Estimation

To create a likelihood based framework that will ensure the estimator is bound between 0
and 1, we model M; as the product of the total stomach contents’ mass (Ms) and the mean
fraction of diet that consists of prey type i (Pi), where both stomach mass and stomach diet
fraction are now random variables, described by probability density functions f(Ms) and g(P;),
respectively. However, to account for the fact that P; and Ms may not be independent, we allow
g(Pi) to also be a function of stomach content mass, g(Pi,Ms), so the mean of g(P;) depends on

Ms. Thus, in our framework, the numerator of equation 1 is the integration over P; and Ms:



fol f]];i g(P;, M{)P;M.f (M,)dM, dP;. The denominator is obtained by integrating over Ms in the

typical way, producing:

fol f]l;.?" 9(Py,Mg)PMsf (Ms) dMs dP;
2 E[C;] = —
[ ] [ l] f]R;!' Mg f(Ms) dMs

)

In the simple case where g(Pi,Ms) is independent of Ms, this simplifies to C; = f01 P; g(P;) dP;,
which is simply the expectation of P;. When g(Pi, Ms) depends on Ms, the integral in the
numerator of equation 2 has no analytical solution except when g(Pi, Ms) is linear in Ms.
However, this case is generally not practical because P; must be bound between 0 and 1, and
typical methods to achieve this constraint, such as piecewise linear models, would not produce
an analytical solution.

Additionally, there is a second calculation problem when using equation 2. This equation
requires a probability density function that allows for a greater than zero density when Pi equals
0 or 1, but has zero density when P; is less than 0 or greater than 1. No continuous probability
density function has this property. One solution for a likelihood function is to create a mixture
model and introduce two new variables. The first, @, is an indicator variable to represent the
presence of prey type i in a stomach and is described by r4, the probability of presence.
Correspondingly, stomachs not containing the prey type i are denoted by —&. The second
random variable, @p=1, indicates the stomach consisted entirely of prey type i given it contained
prey type i with the probability of this event denoted by re,-,.

Although including mixture models at first appears to complicate the analytical
formulation, it provides an opportunity to account for potential covariance between Pi and Ms.
Namely, we make two assumptions regarding how stomach mass is related to stomach contents.

One, we assume that the probability density function for Ms differs between stomachs that
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contain prey type i and those that do not. Two, we assume there is no additional covariance
between P; and Msamong stomachs that contain the prey (Figure 1.1). Under these assumptions,
the model simplifies greatly, such that the numerator of equation 2 becomes:

[3] E[M;] = (ch(l - rd>pi=1)E(Pi|(p' 1- ‘pp=1) + Td>7'q>pi=1)E(Ms|‘p)

And the denominator of equation 2 can be expressed as:

[4] E[Ms] = 1oE(Ms|®P) + (1 — 10)E(Ms|1 — @)

Then, the full expectation is

(T¢(1—T¢pi=1)E(Pi|(p, 1-— (ppi=1)+ T¢T‘¢pi=1)E(MS|CD)
reE(Mg|P)+(1-7r4)E(Mg|1-) )

[5] E[G] =
Another advantage of this mixture formulation is it consists of distinct parameters that can be
estimated separately from the data using maximum likelihood estimation (MLE). Here, the
probability of prey type i occurring is estimated using a Bernoulli probability density function, @&
~ Ber(re) (Table 1.1), where @ indicates the presence of prey type i. Similarly, the probability of
only prey type i occurring given that prey type i has occurred is also estimated from a Bernoulli
density function, @pi=1 ~ Ber(rapi-1), where @pi=1 indicates only the presence of prey type i given
prey type i has occurred. A common choice for estimating proportional data is a beta
distribution, so we model g(Pi) as a beta distribution, Pi~ Beta(a1, a2). The mean diet fraction
can be written as the mean of the beta distribution with parameters a1 and a2, a1/(o1 + a2). The
probability densities of the total stomach contents masses for those containing prey type i,
f(Ms|®), and those not containing prey type i, f(Ms|—~®), could be modeled using any non-
negative continuous distribution. Because of its flexibility, we used a gamma distribution, so
Ms|®@ ~ Gamma(ke, 1/0s), With E[Ms] = keOe and Ms|—~® ~ Gamma(ka, 1/62), SO E[Msa] = kaBa.

The gamma distribution’s thick tails, as compared to other common choices (normal, lognormal),
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allow us to model the stomach data while including the stomachs with extreme content masses in
the distribution’s long tails.

Using these probability density functions, the total likelihood function for the model we
present here is expressed as three components: diet fractions equal to 0, diet fractions between 0

and 1, and diet fractions for single-prey stomachs:

( 1 kq—1 —? _

riepera Py’ € f0x (1=Te). piy =0
a
pij ar=1c, o \%2~1
1 ke—1 5 pij (1 pl])
=[] {———pF® e o %1, x T _. * 0<p;; <1.
[6] L =11 (k)0 ® Pij @ " Tep=1 Beta(ay,a;) Pij
Dij

1 k¢—1 . —

L reaygre P € 70 % 1o * Top=1, Pij = 1
@

(Note that we follow standard statistical notation by using upper case variables to indicate

random variables and lower case letters to indicate outcomes, i.e. data.)

Parameterization

For the purpose of parameter estimation and calculating error, we reparameterized the
model so that the main parameter of interest, E[Ci] = ¢,, was a leading parameter. That is, rather
than estimate the eight components of the model independently, and use those to generate ¢, as a
derived parameter, we rearranged the model form so that ¢, was being estimated simultaneously
with the remaining parameters. This allowed us to estimate the variance — covariance matrix of ¢,
and other parameters of interest. Asymptotic error for the parameters was calculated using the
inverted hessian matrix. Specifically, we rearranged the equation such that Ms|—® was

calculated as a derived parameter,

Mg|®] 1o (E[Pi]+ ToTop=1—E[C;]-E[P{]T¢Top=1)
E[Ci](1-To) '

[7] E[M,|-@] = =
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Additionally, the gamma and beta likelihood functions each require estimation of two parameters
that together give the mean and variance of the distribution. To aid model interpretation, we
directly estimated the mean and variance for these distributions (i.e., E[Pi], Var[Pi]), rather than
the distribution parameters (i.e., a1, a2), as the mean and variance have clear biological meanings

in this context.

1.2.2 MODEL TESTING

We tested the mixture model via simulation analysis. Specifically, we generated data with
particular properties and a known diet fraction from an operating model (with a known “truth’),
fit our estimation model to these data, and then compared the true and estimated values. We
performed several simulation tests; each asked specific questions about the performance of the
model under particular conditions. Results were compared across three modeling approaches: (1)
the mixture model, (2) the conventional sample mean, (3) the conventional sample weighted

mean.

Base Operating Model

We generated data so that each stomach had a specified probability, re, of having pij>O0.
For stomachs with p;;>0, we then assigned pij=1 with probability rs,-;. Stomach masses were
drawn for pi;=0 from a gamma distribution, msj| ~® ~ Gamma(ka,0a). For stomachs for which pj;

was assigned to be > 0, then the bivariate data (pij, msj) for each stomach was calculated from

[8] (piiyms;) = pij ~ B(ay, az), mgj~ Gamma(kg, 0g),if pij # 1
Pij,Msj) = pij ~ 1, mgi~Gamma(kg, 04),if pij = 1

For each model testing scenario, we compared the mean and variance of the prey contribution, ¢,,

estimated by the mixture model to those estimated using the conventional mean and conventional
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weighted mean, as well as to the true value from the operating model. This allowed us to
compare the accuracy and precision of the commonly used methods to the new method. We
generated 100 data sets, each containing 200 stomachs, for each parameter value tested.
Preliminary testing indicated that generating and estimating more than 100 datasets did not alter
results or conclusions. Also, preliminary testing on the effect of sample size indicated that
sample size affected model precision, but not accuracy. All parameter estimation was performed
in R3.1.0 (R Core Team 2014).

To confirm that the numerical routines were converging on the parameter values that
maximize the likelihood (MLES), we also calculated the MLE for each parameter individually in
addition to estimating them jointly. The estimate for ¢, was then calculated from these individual
estimates using equation 5. If the estimate of ¢, from estimating all parameters jointly was within
20% of the MLE of ¢, obtained by estimating them individually, then we considered the
estimation to have converged on the MLE. This confirmation procedure was used throughout all

model testing analyses.

Mean Absolute Error

Our first test was designed to determine whether the model parameters could be reliably
estimated when all of the model assumptions were true. For this, we generated data directly from
the base operating model and estimated the parameters with the model we developed. We

calculated the mean absolute error (MAE) for each parameter in the model as,

[9] MAE = %Z?’:llestimated — truel.

Overdispersion
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Our second test was to evaluate whether the model estimates were robust to
overdispersion in stomach contents mass, the distribution of diet fractions, or the presence /
absence of prey in stomachs. To simulate overdispersion, we generated data from the basic
operating model described above, but treated the distribution parameters of @, ®p=1 and pi as
random. For @ and @p=1, Rg and Rg,—; Were drawn from a beta distribution, so they would be
bounded between 0 and 1, while the parameters for Pj, A; and A, were drawn from a gamma
distribution, so they would be greater than 0. Other parameter values were held constant between

simulations (Table 1.2).

Extreme Events in Total Stomach Contents’ Mass

We evaluated the model’s accuracy in estimating ¢, under scenarios in which the data
contained extreme events in stomach contents’ masses (e.g. a few very full stomachs). First, we
used the basic operating model, but each stomach had some chance of being an extreme event.
For extreme events, we simulated its stomach mass, mej by mej ~ Gamma(ke, 0e), where me;
indicates the mass of the jth stomach is an extreme event. We simulated data with these extreme
events under multiple combinations of parameter values. We used the same variance for all
stomachs (Table 1.2) with two values of me|¢, E[me|#] = 20 and 50, and five probabilities that a
stomach was an extreme event, P(extreme event) = 0.01, 0.02, 0.05, 0.1, 0.2.

Additionally, we simulated data that had more extreme outliers when p=0 (e.g. a very
few particularly full stomachs when the predator had not eaten the prey type). This scenario was
based on our analysis of predator stomach content data (below). Specifically, here we simulated
the case where stomachs that did not contain the prey type had a 0.2% chance of having a sample

mass 50 times greater than the other stomachs, such that E[me|—¢] ~ 50*Gamma(ka, 1/62). Again,
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we modified the basic operating model previously described. Data were simulated for ¢i = 0.3

and 0.6.

Covariance Between Diet Fraction and Mass of Stomach Contents

We used simulated data to test the simplifying assumption that the mixture model makes
about the relationship between total stomach contents’ mass of a predator and the proportion of
the stomach contents that consists of a particular prey. Namely, the mixture model assumes that
there are distinct stomach content masses when the prey item is present vs. absent, but that
otherwise there is no relationship between diet fraction and stomach mass. Biologically, this
implies that the total amount a predator consumes in a feeding episode depends solely on
whether the predator has eaten the prey type in this feeding episode, and not how dominant the
prey type is in the stomach. We sought to test the robustness of this assumption by generating
data from an operating model in which there is a more complex relationship between pi and ms.
Specifically, we continued to use the basic operating model described above, except we assumed
that when a stomach contained the prey type the mean stomach mass was a function of p:
[10] E[Mg;] = E[Ms;|~®] + (max consumption — E[Mg;|-~®]) = P
We created linear covariance by setting x =1, concave down covariance by 0 < x <1 and
concave up covariance by x > 1 (Figure 1.2). For concave up and concave down covariance we

tested a range of values for x.

1.2.3 APPLICATIONS

We applied the mixture model, the conventional weighted mean, and conventional mean

to stomach content data for four fish species with varying predation strategies and life histories.
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We obtained diet data for two small-bodied predators, Pacific herring, Clupea pallasii, and
English sole, Parophrys vetulus, that have clear dominant prey types (euphausiids and
polychaetes, respectively). We also used data for two large, generalist predators: Pacific spiny
dogfish, Squalus suckeyi, and lingcod, Ophiodon elongates. All samples were collected in the
Salish Sea, Washington, U.S.A. The stomach content data for Pacific herring, Clupea pallasii,
were collected in Hood Canal, from June to October 2013 by midwater trawling (Sato et al, in
prep). Both the English sole and dogfish were sampled throughout Puget Sound by bottom
trawling over multiple seasons from 2004-2005 (Reum and Essington 2008). Finally, we also
used diet information from lingcod collected individually in the San Juan Archipelago between
spring 2004 and fall 2005 (Beaudreau and Essington 2009). As herring, English sole, and dogfish
were caught in high numbers in single tows, only one stomach sample per trawl was used when
estimating E[ci] to lower the likelihood of pseudoreplication. For each of the four datasets, we
estimated the diet fractions of the most common prey and a prey type that exhibited covariance

between pi and ms|¢.

1.3 RESULTS

1.3.1 Model Testing

We generated data from the basic operating model while varying the parameter values
over their ranges to confirm our mixture model’s ability to accurately estimate ¢, over the range
of parameter values. The mixture model accurately estimated the true parameter values across
the range of parameter values. The maximum mean absolute error (MAE) for all parameters was
0.018 (Table A1.2), indicating parameter estimates were robust over the ranges tested. The range

of MAE for ¢, was 0.004 to 0.015 and increased with the true value of ci.
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Overdispersion

The mixture model, the conventional mean, and conventional weighted mean differed in
their sensitivity to overdispersion in the parameters controlling the frequency of the prey type’s
occurrence, the frequency of Pi=1, and the distribution of individual diet fractions (Pi). The new
mixture model and the conventional weighted mean accurately estimated ¢, when there was
overdispersion in any of these random variables, while the conventional mean underestimated ¢,,
especially when the frequency of Pi=1 was overdispersed (Figure 1.3a-c). The precision (here,
measured as the standard error of the estimate) of estimates was relatively similar across
estimation methods and overdispersion scenarios, but tended to be slightly greater for the

conventional sample mean (Figure 1.3d-f).

Extreme Events in Stomach Contents’ Mass

The estimation methods differed in their sensitivity to extreme events in total stomach
contents’ mass. For all scenarios explored here (each varying the magnitude and frequency of
samples with extreme stomach mass), the conventional mean underestimated diet fraction, while
the mixture model and conventional weighted mean tended to accurately estimate diet fraction
(Figure 1.4). The error in diet fractions estimated using a conventional mean was substantial,
ranging from 0.08 — 0.12 (range of median values). The precision of estimates showed different
patterns. Specifically, the conventional weighted mean generally had the lowest precision,
especially when extreme events were uncommon, but of high magnitude (Figure 1.5). The
precision of estimates from the mixture model were similar to, but slightly less than those of the

conventional mean.
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Covariance Between Diet Fraction and Mass of Stomach Contents

When the simulated data contained covariance between pi and ms, the accuracy of
estimates from the mixture model varied depending on the shape of covariance (Figure 1.6a).
The mixture model was least accurate in the presence of linear covariance. When concave up or
down covariance was present, the degree of concavity had little effect on the accuracy of the diet
fraction estimate, such that the median underestimate of diet fraction was consistently about 0.05
(10% different from true value). In comparison, a conventional weighted mean was consistently
accurate in estimating ¢,, and a conventional mean was consistently more inaccurate than the
mixture model. While these simulations tested positive covariance, we would expect the same
patterns of bias, but in the opposite direction, for negative covariance.

The precision of the mixture model also varied depending on covariance shape and
concavity (Figure 1.6b). With concave down covariance, the precision of the mixture model
increased as the concavity of the relationship between p and ms increased. The error from the
mixture model was approximately equal to the error from a conventional weighted mean and
conventional mean at x = 1/4 and was more precise at lower values for x. However, for x > I, the
precision of the mixture model did not depend on the concavity and was consistently less precise

than a conventional weighted mean or conventional mean.

1.3.1 Applications
For each dataset, we first estimated the diet fractions of the most common prey, as
determined by the conventional mean. Estimates derived from the mixture model and the

conventional weighted mean were broadly similar, but not identical (Figure 1.7). In three of the
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four applications, the estimates were as expected from the simulation analysis- the mixture
model and conventional weighted mean estimates were similar, which were both very different
from the conventional mean estimates, suggesting there was covariance between stomach total
mass and diet fraction in the data. In the fourth application, Pacific herring, both the mixture
model and conventional weighted mean estimates were much less than the conventional mean,
though all estimates had large error (Figure 1.7a). In all applications, the precision of estimates
derived from the mixture model and conventional weighted means was similar, and was
generally less than that of the conventional mean (Figure 1.7).

In most instances when there was covariance between total stomach content mass and
diet fraction, the mixture model produced estimates that were similar to those of the conventional
weighted mean (Figure 1.8). This was counter to our expectations that followed from our
simulation study. In particular, we expected that estimates from the mixture model would be
intermediate to the highly biased conventional mean, yet this expectation was true in only one of
the four cases (Figure 1.8b). The lack of similarities between the simulation study and
applications to actual data likely reflects the facts that there was greater variance in the real data,

and the patterns of covariance between ms and p; were not as strong as those simulated.

1.4 DISCUSSION

The mixture model represents a beneficial new method to quantitatively estimate prey
contributions to predator diets using stomach content data. It advances the statistical modeling of
these data by providing a robust, likelihood-based method that can be applied to complex data.
The model was applied here to fish stomach content data, though this method is broadly

applicable to other data types as well. The accuracy and precision of the mixture model was
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generally comparable to that of the conventional weighted mean approach. In most scenarios, the
two methods performed similarly, and are both more accurate than using the simple average of
individual diet fractions, as would be expected based on Ahlbeck et al. (2012). The mixture
model performed particularly well compared to more conventional methods when there were a
small number of very full stomachs in the sample set. Additionally, the mixture model does not
require the user to make a decision on whether to weight stomachs by their stomach fullness or
treat them as equally informative, which has traditionally been a challenge when working with
stomach content data (Nielsen et al. 1983). While the model will produce biased estimates when
there is a strong pattern of covariance between sample stomach mass and diet fraction,
applications to real data did not indicate that this scenario was common.

The introduction of a likelihood framework into diet estimation methods greatly increases
the range of uses for diet data. Analysis methods that include likelihood frameworks have been
developed for count data (Fletcher et al. 2005, de Valpine and Harmon-Threatt 2013, Lynch et
al. 2014), but this mixture model is explicitly created for proportional data. Formal model
selection is standard in other areas such as regression (Hilborn and Mangel 1997, Burnham and
Anderson 1998) and is typically done using AIC or likelihood ratio tests. Both of these can now
be carried out for diet data with the mixture model framework. Additionally, the existence of a
likelihood function provides the ability to use Bayesian methods (Gelman and Hill 2007), which
permits various model extensions (e.g., including prior information based on stable isotope
analysis or previous stomach content analysis). For instance, one possibility is extending the
mixture model to develop a hierarchical model to account for lack of independence among
samples. Individual stomachs captured in a single sampling event are frequently not independent

samples (Nielsen et al. 1983). A hierarchical-based extension of our likelihood framework would
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allow one to directly estimate the level of independence rather than making extreme assumptions
(i.e., all samples in a collection event are wholly independent or dependent) (Gelman and Hill
2007).

When data includes stomachs with large stomach masses, analysts would typically
choose between a conventional weighted mean or conventional mean by balancing benefits and
costs of the two methods. As an example, consider the case of a single stomach that contains one
large prey item whose mass represents a substantial fraction of the total sampled mass.
Previously, in such a case, analysts have had to choose whether to pool samples (or equivalently
use a conventional weighted mean), or to use a conventional sample mean (Nielsen et al. 1983).
The former would clearly overstate the importance of that prey item, while the latter is known to
impose a substantial bias (Ahlbeck et al. 2012). With the mixture model, the analyst does not
need to make this choice, because the estimation procedure is highly robust to these events that
often complicate stomach content analysis.

Simulation testing indicated potential bias of the mixture model when the relationship
between stomach fullness and stomach contents was more nuanced than the model assumed. We
also analyzed stomach contents for the four predator types in cases where the conditions for bias
were most likely to occur. In three of these four cases, there was little evidence of bias in the
mixture model. We did not observe the mixture model estimating a diet fraction intermediate to
conventional mean and conventional weighted mean estimates. This implies that in many cases,
the conditions that gave rise to bias in simulations may be uncommon in real datasets. A careful
examination of diet data for covariance between p;j and ms, and comparison of estimates from the

mixture model to other methods, can reveal the potential for bias in the mixture model. An initial
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examination of the diet data should, however, be part of any analysis (Hilborn and Mangel 1997,
Burnham and Anderson 1998, Gelman and Hill 2007).

The model framework can also be adapted to minimize the potential bias caused by the
model simplification of estimating two discrete stomach masses. The choice to have two distinct
stomach content parameters for stomachs that do and do not contain prey type i, ms|®, when p; >
0, and another stomach mass when the prey is absent, ms|—®, when pi = 0, allows us to partially
address the covariance between p; and ms. However, there is no constraint on the number of
distinct prey mass distributions that can be assumed, and including more prey masses could
remove much of this bias. For example, one could estimate a distinct conventional mean stomach
mass for stomachs when pi = 1, or divide the mass data into multiple cases based on the observed
relationship between pi and ms. A continuous functional relationship between E[ms] and pi could
also be assumed to avoid making this assumption at all.

Most methods for estimating diet fractions only estimate the contribution of a single prey
type to the predator’s diet, rather than estimating the predator’s entire diet composition
simultaneously (Liao et al. 2001, Ahlbeck et al. 2012). If this is done for each prey type, the
resulting estimates will not sum to precisely 1. A multivariate beta distribution, known as the
Dirichlet distribution, could be used to estimate the diet fractions for all consumed prey types at
once. In fact, this was the method employed by Ainsworth et al. (2010) to combine estimates
from multiple data sources. However, the Dirichlet cannot be used to estimate diet contributions
if any of the samples contain pi=0 or p; =1, i.e. each prey type needs to be present in each sample.
Standard application of the Dirichlet also weights all samples identically regardless of stomach

fullness.
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The new model is an important step forward in quantitatively estimating predator diets
and is also broadly applicable to other data types involving proportional data. There are, of
course, limitations to diet data that are not addressed by our method. These include differential
digestion (Baker et al. 2014), regurgitation during the sampling process, and small sample sizes
that may not capture rare, but ecologically important, events. However, the mixture model opens
the door to addressing other challenges of proportional stomach content data by providing a
likelihood framework for diet fractions estimates, while generally providing accurate and precise

estimates of diet fractions estimates.
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Table 1.1 The parameters in the mixture model, along with their corresponding distributions and

meanings.

Parameter Distribution Parameter Definition

Ci = Mean contribution of prey type i to a
predator’s diet

Pi B(a,02) Mean fraction of the predator’s diet made up
of prey type i

Ms|D I"(Kpresent, 1/Opresent) Mean mass of stomachs containing prey type i

Ms|~D I"(Kkabsent, 1/Basent) Mean mass of stomachs not containing prey
type i

) Ber(ro) Frequency of occurrence of prey type i in
samples

Dpi=1 Ber(ropi=1) Frequency a sample only contains prey type i
given it contains prey type i

oo - Standard deviation of ®

G- - Standard deviation of ®pi=1

oR - Standard deviation of P;

Table 1.2 . True values used in sensitivity scenarios for parameters that were held constant.

Scenario ro Fop=1  Ms|0 Gms|o Oms|-0 pi Gp Ci
Overdispersion - 4 1 1 - 1 5
Extreme Events 0.5 0.5 4 1 1 0.5 0.1 -

Covariance Between
pi and ms 05 05 - 0.1 0.1 0.5 0.4 0.5
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Does the stomach ves Is the stomach 100% the prey?  Yes

contain the prey? > .~ Ber ( : pi=1
¢ ~ Ber (ry) p=t” BT Fgp=1 m/¢p ~ Gamma(kg,1/64)
No No
p=0 O<p;<1
ms"'fnb ~ Gamma(kafl/ea) p;~ Beta(al, (12)

my/ ¢ ~ Gamma(kg,1/6)

Figure 1.1 Conceptual flowchart of the mixture model, which splits stomachs into the three cases of pi =0, 0 <pi<land pi=1. The
parameters relevant to each case are shown along with the distributions used to estimate them in the mixture model.
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Figure 1.2 The continuous relationship between E(Ms) and Pi, which can take a range of shapes, is simplified into a discrete
relationship of presence / absence in the mixture model. During model testing, data with concave up, concave down and linear
covariance between pi and ms|¢p was generated with varying degrees of concavity to test the mixture model’s robustness to this
simplification. The degree of concavity was altered by varying the value of x in the power function, E[M,;] =

E[Mgj|~¢] + (max consumption — E[M,;|~¢]) = P
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Figure 1.3 Effect of overdispersion in probability of prey occurrence (Ro; a, d), probability of only that prey occurring given it does
occur (Rop=1 ; b,e), and diet fraction when the prey is present (P ; c,f) on the accuracy (top) and standard error (bottom) of diet fraction
estimates. Vertical line shows the true diet fraction. Results are based on 100 simulated data sets each consisting of 200 samples. Box
plots indicate median, interquartile range (boxes) and 150% interquartile range (lines).
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Figure 1.4 Effect of extreme events in stomach masses (e.g., a few very full stomachs) on the accuracy of diet fraction estimates across
multiple values of stomach mass when the prey type is present, ((a-c) Ms|® = 20, (d-f) Ms|® = 50) and across multiple values of the
probability of an extreme event occurring, ((a,d) P(extreme event) =0.01, (b,e) P(extreme event) =0.05, (c,f) P(extreme event) =0.1).
Scenarios for P(extreme event) = 0.02, 0.2 were also explored and results were consistent with the plots shown here. Horizontal lines
show the true value of ci. Each box represents 100 simulated datasets of 200 stomachs. Box plots indicate median, interquartile range
(boxes) and 150% interquartile range (lines).
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Figure 1.5 . Effect of extreme events in consumption consumption (e.g., a few very full stomachs) on the precision of diet fraction
estimates across multiple values of stomach mass when the prey type occurs ((a-¢c) Ms|® = 20, (d-f) Ms|® = 50) and across multiple
values of the probability of an extreme event occurring ((a,d) P(extreme event) = 0.01, (b,e) P(extreme event) = 0.05, (c,f) P(extreme
event) = 0.1). Scenarios for P(extreme event) = 0.02, 0.2 were also explored and results were consistent with the plots shown here.
Horizontal lines show the true value of ci. Each box represents 100 simulated datasets of 200 stomachs. Box plots indicate median,
interquartile range (boxes) and 150% interquartile range (lines).
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Figure 1.6 Effect of covariance between diet fraction Pi and total stomach contents’ mass on the accuracy and precision of the mixture

model, a convention mean (red line) and conventional weighted mean (blue line). Varying degrees of concavity in the data were
created by using a power function, E[M;] = E[M;| 6] + (max consumption — E[M,;|=6]) = P/* and varying x. Each box
represents 100 simulated datasets of 200 stomachs. Box plots indicate median, interquartile range (boxes) and 150% interquartile

range (lines).
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Figure 1.7 Estimates and standard error when the mixture model, a conventional mean, and
conventional weighted mean are applied to a common prey type in diet datasets for four
predators with varying life histories, a) Pacific herring, Clupea pallasii, b) English sole,

Parophrys vetulus, c) lingcod, Ophiodon elongates, and d) spiny dogfish, Squalus acanthias.

Error bars are standard error.
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Figure 1.8 . Estimates and standard error when the mixture model, a conventional mean, and
conventional weighted mean are applied to a prey type demonstrating correlation between
stomach mass and diet fraction. All three methods are applied to diet datasets for four predators
with varying life histories, a) herring consuming glass shrimp, b) English sole consuming
amphipods, c) spiny dogfish consuming Pacific herring, and d) lingcod consuming great sculpin.
Error bars are standard error. Insets are actual data with regression lines, plotted as total stomach
contents’ mass versus diet fraction.
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APPENDIX Al

Table Al.1. Mean absolute error (MAE) when each parameter in the mixture model was varied
over a range of values. The minimum and maximum MAE do not necessarily correspond to the
minimum and maximum parameter values.

Parameter  Range MAE Range

0 0.1-0.9  0.021-0.089
Fop=t 0.1-0.9  0.024-0.034
msld 1.0-10  0.027-0.036
" 0.1-0.6  0.012-0.035
Go 01-2  0.027-0.032
Gmg 012  0.026-0.031
P 0.1-0.9  0.027-0.036

Op 0.01-0.4 0.026-0.030



2. A MULTI-LEVEL MODEL TO ESTIMATE DIET COMPOSITIONS WITH NON-

INDEPENDENT SAMPLES

ABSTRACT

Practical constraints on field data collection often result in samples that are not
statistically independent of each other due to opportunistic and/or bulk sampling. Stomach
content data, which is ubiquitous throughout marine ecology, is particularly prone to this issue.
Frequently, this non-independence is unaccounted for during analyses, causing resulting
estimates to be unrealistically precise. A recently developed mixture model to analyze stomach
content data provides a likelihood framework for diet estimates. We make use of this likelihood
framework to extend the model by using random effects to estimate effective sample size and
explore the resulting model’s behavior by combining simulation analysis and applications to real
data. The resulting random effects mixture model has comparable accuracy to previously
existing analysis methods. Here, we only explored adding a single random effect to one
parameter. Before extensive application, the behavior of the model with multiple levels of

random effects and random effects on different parameters should be considered.

2.1. INTRODUCTION

Understanding ecological systems requires understanding interactions among taxa. These
interactions are fundamental to food web ecology (Marshall 2007), behavioral ecology (e.g.

Randall and Myers 2001, Catano et al. 2014), and predator-prey interactions (McCann et al.
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1998). Studying these interactions among taxa requires methods to estimate what predators are
feeding on and the variation in their feeding over time and space. Direct observation of predation
events is frequently not possible; for that reason we often use stomach content analysis to draw
inferences about predation after the event has occured. This is a common method to obtain
predator diet information across taxa (e.g. Cortes 1997, Ashworth et al. 2014, Baker et al. 2014).

Stomach content data presents many analytical difficulties. One common challenge is the
presence of extreme events where a few individuals consume far more than other individuals in
the population (Ahlbeck et al. 2012). Other times, there may be covariance between what a
predator eats and how much it eats (Hyslop 1980, Liao et al. 2001). That is, when a prey item is
present it is likely to be consumed in high quantities. This frequently occurs for mobile predators
in patchy environments. For instance, sea raven are less likely than other fish in the Northeast
Atlantic to consume herring, but when they do, they consume a large quantity (Deroba 2018).
Additionally, predator diets are composed of multiple items, whose proportions together must
sum to one, which can present statistical challenges for estimation. Several of these issues were
addressed by Moriarty et al. (2017), which allowed for both covariance and extreme events in
consumption. However, this method only estimates a single prey type at a time, rather than the
entire vector of prey diet proportions. Other recent models (Ainsworth et al. 2010, Coblentz et al.
2017) estimate the entire vector of prey diet proportions, but did not did not address these other
features of stomach content data.

Another challenge is the frequent lack of statistical independence among stomach
samples. Collection events often capture multiple individuals at once and then a stomach sample
is collected from each individual (Cortes 1997). As these stomachs are collected from the same

collection event, they cannot be considered independent samples. For instance, in aquatic studies,

36



many fish are commonly collected in the same place around the same time, such as by trawling,
electrofishing, seining, etc. These individuals are not true random samples of the population, but
by being in the same place at the same time, are more likely to have similar diets (Cortes 1997).
As statistical methods generally assume samples are independent (e.g. Gelman and Hill 2007),
this lack of independence in the data creates an extra challenge when working with stomach
content data.

This interdependence among samples collected in the same collection event is not a
problem unique to analyzing stomach content data, but arises throughout ecological data. A
common solution is to estimate the effective sample size for each observation; several methods
to do this have been proposed for fisheries catch data. For example, age composition data that are
used in fisheries stock assessments (which are often large in number and non-independent) are
weighted according to estimated effective sample size. This may be done by using sample
importance resampling (McAllister and lanelli 1997, Arni et al. 2013) or bootstrapping (Sondre
and Pennington 2003, Stewart and Hamel 2014) to estimate effective sample size. Effective
sample size has also been estimated using methods based on either non-linear least squares
regression or profile maximum likelihood estimation (Candy 2008). However, none of these
have been used with data from stomach contents.

Instead, there are a few ways that existing methods to analyze stomach content data
handle this issue of lack of independence. A stratified subsampling scheme can be used, where
one stomach from each collection event is randomly chosen. This ensures each sample included
is independent, but requires dismissing data that were collected and the information contained in
them. Alternatively, all samples from each collection event may be pooled, treating the entire

collection event as a single datum (e.g. Tirasin and Jorgensen 1999). However, this ignores
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variation amongst stomach samples (Gelman and Hill 2007) and therefore also risks losing
information.

A straightforward approach for stomach content data would be to use a hierarchical
model, which can directly account for sample inter-dependence, while including all samples in
the model. Hierarchical models partition variation by collection event, so the data determines
how many independent samples there are (Gelman 2004, Gelman and Hill 2007). This multi-
level, or hierarchical, modeling approach requires a likelihood function, which was recently
developed for stomach content data by Moriarty et al. (2017). Here, we extend that model to
incorporate sample interdependence. We aim to estimate the contribution of prey to a predator’s

diet, while using a multilevel model to allow for more realistic estimates of precision.

2.2. METHODS

We extend the model described in Moriarty et al. (2017) to address sample
interdependence. Moriarty et al. (2017) presented a mixture model based on the concept that diet
fraction, defined as the mean proportional contribution of a single prey type, i, to a predator’s
diet, C;, is equal to the ratio of the expected mass of prey type i in the stomachs divided by the

expected total mass of the stomachs’ contents,

This mixture model classifies stomachs into three categories: 1) those that did not contain prey
type i, 2) those that only contain prey type i, and 3) those that contain both prey type i and other
prey types (Figure 1). The resulting model is a mixture model that acts comparably to a weighted

mean, while creating a likelihood framework for the contribution of the prey type to the
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predator’s diet. Within this, we let the proportion of a stomach that is prey type i, Pi, be

dependent on Ms. This results in the full model equation,

ElC] = fol f]l;} g(PyMs)PiMsf (Ms) dMs dP;
6] = Jo3 Ms £ (5) M

)

We estimate two different total stomach contents masses, Msa is the stomach mass of predators
who did not eat prey type i and My, is the stomach mass of predators who did eat prey type i
(Table 2.1), to allow covariance between what a predator eats and how much it eats. This allows
for the possibility that a predator has a higher consumption rate when feeding on a particular
prey type. This, along with some additional math detailed in Moriarty et al. (2017), leads to the

expression for population level diet fraction:

(T¢(1—T¢pi=1)E(Pi d), 1- d)pi=1)+ T¢T¢pi=1)E(MS|(D)
reE(Mg|P)+(1-1¢)E(Mg|1-)

E[G] =

The parameters on the right-hand side are estimated based on a series of likelihood functions
expressed as three components: when diet samples lack the prey type (pi;=0), when diet samples

contain they prey type plus other prey types (0 < pjj < 1), and when diet samples contain only the

prey (pij =1):
( 1 kg-1_—
] — -
repere Py ¢ 4T (1 =75), pij =0
bij a1-1 %21
1 ko—1_—g= pyi (1-py))
= . .. D x E 3 4 %k ..
L=11; (k)0 ® Py ¢ To * Top=1 Beta(a;,az) O<py<1.

Dij
1 ko=1_ "5

LT O kg Kk Vp,—q, Dii = 1

L l"(kq,)ekd’ pl] D Pp=1 pl]

The probability of prey type i occurring and the probability of only prey type i occurring given

that prey type i has occurred are each estimated using a Bernoulli probability density function, @
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~ Ber(rg), where @ indicates the presence of prey type i and @pi=1 ~ Ber(repi=1), where ®pi=1
indicates only the presence of prey type i given prey type i has occurred. We model the
probability density of diet fractions, g(Pi), as a beta distribution, Pi~ Beta(a1, a2). The
probability densities of the total stomach contents masses for those containing prey type i,
f(Ms|®), and those not containing prey type i, f(Ms|—~@®) are modelled using a gamma
distribution, so Ms|® ~ Gamma(ks, 1/04), With E[Mss] = kole and Ms|~® ~ Gamma(ka, 1/05),
S0 E[Msa] = kafa. For more detailed reasons on choosing these distributions, see Moriarty et al.
(2017).

To address the issue of sample interdependence, we add random effects to this mixture
model. Random effects presume that the parameter(s) they’re applied to varies among sample
groups (e.g. vary between collection events or sites), while constraining those group estimates to
share a common distribution. We include a single level of random effects here, but potentially
any number, nested or not, could be included to model parameter variability by collection event,
location, season, etc. The main benefit is that adding random effects avoids assuming sample
independence, while also avoiding subsampling, so that we can retain all our data for use.
Unfortunately, this additional layer of model complexity results in a model with the need for
more complex integration methods. As a result, we move to a Bayesian framework due to
integration methods being better developed than for maximum likelihood estimation.

We added random effects by presuming that the probability that a stomach contains prey

type i, r4 , varies among collection events. Ecologically, this represents a case when predators

in certain collection events are more likely to have consumed prey type i than predators in other
collection events. The occurrence of prey type i in a sample in the k™ collection event is a

Bernoulli random variable, @, drawn with probability 7, ,
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&~ Ber(re,)-

The k probabilities are drawn from a common distribution. Here, we use a beta distribution,

To, ~ B(aop1, p2)-
The beta distribution is a natural choice for random variables that are bounded from 0 to 1. Both
gy and ap, are estimated parameters, with weakly informative priors, ag ~ half —
normal(0, 10). The probability that a stomach only contained prey type i given it contained
prey type i used a uniform prior with nearly all proportions equally likely a priori,
rop1~ Beta(1,1). Parameters for estimation of stomach mass, M, o,,, used improper uniform
priors calculated by Stan. The multipliers, M,,,,;; and a,,,,;; had standard normal priors.

To move to a Bayesian framework, we reparameterized certain model elements to
improve performance of numerical intergration routines. The gamma function contains two
parameters that must be estimated, that together give the mean and variance of the distribution.
We directly estimated the mean and variance for this distribution (i.e., E[Ms| @/, Var[Ms| @]),
rather than the distribution parameters (i.e., ke, 1/64). Parameterizing this distribution in terms of
the mean and variance is more interpretable than shape and scale parameters, but also provides
the ability to use an informed prior for the mean and variance of stomach masses if relevant
information is known from other studies. Additionally, we used a reparameterization to estimate
M, and o, such that Mg, = My * Mg, and 0, = O * 0. Reparameterization can often

effectively aid in model convergence (Stan Development Team 2017b).

2.2.1. Model Testing
We tested this Bayesian mixture model via simulation analysis. We generated data with

known parameters and specific properties from an operating model, fit our Bayesian mixture
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model to these data, and compared the true and estimated values. For each simulation test, we
compared the estimated values across three approaches: 1) the random effects model, 2)
assuming all samples were completely independent and applying the non-hierarchical model, 3)
subsampling one stomach per trawl and applying the non-hierarchical model. We performed

several simulation tests to test the model under specific conditions.

Base Operating Model

The base operating model is similar to that described in Moriarty et al. (2017), but
modified slightly to generate hierarchical data. The probability of prey occurrence is variable
between sampling groups, such that for k sampling groups the probability of prey being present
Is 7, ~ B (aq, @;). For stomachs with pij>0, we then assigned pij=1 with probability re,-;, which
did not vary by collection event. When the prey was absent, stomach masses were drawn from a
gamma distribution, msj|—~® ~ Gamma(ka,02). For stomachs for which the prey type was present
then stomach mass was calculated from mg; ~ Gamma(kg, 64). The diet fraction was drawn
from a beta distribution, p;; ~ B(aq, @) if p;; # 1, or if it was the only prey type present, then
was assigned p;; = 1.

For each testing scenario, we compared the mean and variance of ¢,, the prey
contribution, estimated by the random effects model to those estimated using the non-
hierarchical Bayesian models. We used two non-hierarchical methods: assuming complete
independence and subsampling the data. We generated 100 data sets, each containing 20
collection events, wherein each collection event contained 10 to 200 stomachs, parameter values
are listed in Table 2.2. The number of stomachs per event was chosen randomly for each event

using the ‘sample’ function in base R. All parameter estimation was run in Stan (Stan
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Development Team 2017b) with the NUTS algorithm (Homan and Gelman 2014, Carpenter et
al. 2017, Stan Development Team 2017b) using rstan v2.15.1 (Stan Development Team 2017a)
in Rv 3.4.0 (R Core Team 2017). For each iteration of the model, we ran 3 chains with 3,000
iterations after a warm-up period of 1,500 iterations. Chains were not thinned. Model outputs
were checked to ensure there were no divergent transitions and that the scale reduction, R, was
0.95 < R < 1.05 (Gelman and Rubin 1992). Chains and posterior distribution plots of a random

subset of iterations were visually inspected for convergence.

Mean Absolute Error

Our first test was to determine whether the prey contribution to the predator could be
reliably estimated when all of the model assumptions were true. For this, we generated data
directly from the base operating model, so that random effects were drawn from a beta
distribution, ry, ~ Beta(ug, 04), and estimated ci with the model we developed. This simulated
a simple scenario where the hierarchical Bayesian mixture model should perform well. We then
estimated all model parameters using the Bayesian mixture model. We calculated the mean

absolute error (MAE) for ¢; as,

MAE = %Z?’:llestimated — truel.

Overdispersion in frequency of occurrence.
The next step was to determine the model’s robustness under higher amounts of

overdispersion in 7o, . For this, we wanted to simulate data where g, ~t(1). This simulates a

scenario where g, ’s have a wide distribution. To ensure 7, > 0, we applied a logit
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transformation and drew logit(ry, ) ~ t(1, logit(Ty)) Where 7, is the mean of the random

effects distribution.

Bimodal distribution in frequency of occurrence

Our model presumes a single probability density function can describe the fraction of
samples stomachs that contain the prey item, but it is possible that there could be two or more
different generating functions. Therefore, our final test determined the model’s robustness when

T, s were distributed bimodally. That is, mean probability of prey occurrence was either very
high or very low,

I Top, ~ Beta(ie1, 0p1)
(D _— .
k Toy, ~ Beta(iez, 0p2)

The number of collection events falling under each mean probability was chosen randomly, such

that n,.,, ~ Bin(Mgroups, 0.5), Where nNgroups is the number of collection events. Then, n,.,, =
ngroups — Ny, . .
2.2.2. Applications

We applied the Bayesian mixture model to a hierarchical dataset of spiny dogfish
stomach contents data. The data was procured from the Northeast Fisheries Science Center Food
Web Dynamics Program (Link and Almeida 2000). The dogfish were captured in bottom trawl
surveys in the Northwest Atlantic, ranging from North Carolina, USA to Nova Scotia, Canada
between 1977 and 2010. Individual dogfish captured in the same trawl were considered to be part
of the same collection event. The dataset did not include a trawl identification, so trawls were

determined to be the same trawl if their beginning latitude and longitude matched and they were
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performed the same day. The dataset included stomach content information on over 20,000
dogfish stomachs.

We analyzed the diet contribution of Atlantic herring, Clupea harengus, to the spiny
dogfish. For simplicity in this example application, we subset the trawls that contained all three
cases (e.g. the trawl had dogfish stomach samples that only contained Atlantic herring, dogfish
stomach samples that did not contain Atlantic herring, and dogfish stomach samples that
contained Atlantic herring along with other prey). This resulted in 424 individual spiny dogfish

stomachs that spanned 24 separate trawls.

2.3. RESULTS

2.3.1. Model Testing

Our Bayesian mixture model performed equally well under all three simulated scenarios
(Figure 2.2). For all three estimation models, the average accuracy across many simulations was
correct. However, the mean absolute error, a measure of likely accuracy of any individual
application, varies across the estimation methods (Table 2.3). The random effects model
consistently had the lowest MAE, while the subsampling method’s MAE was up to six times
higher.

As expected, the prey contribution estimates were less precise (higher standard error of
¢;) when we used the random effects model compared to the extreme case of assuming all
samples were independent, but more precise than subsampling a single sample from each
collection event. This indicates that the method is correctly assigning an intermediate level of
precision that is being informed by the sample sizes and the extent of interdependence from

samples in the same collection event.
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2.3.2. Applications

All three estimation methods, 1) the Bayesian mixture model with random effects, 2)
assuming complete independence of stomachs caught in the same collection event, and 3)
subsampling one stomach per collection event, led to comparable estimates of the contribution of
Atlantic herring to spiny dogfish (Figure 2.3). As expected, standard deviation of subsampling
was larger than for the first two methods due to the smaller sample size. The error estimates were
the same for the independence and random effects model due to the small sample size of dogfish
within each trawl, suggesting in these cases there may not be much benefit to using the random

effects model. Estimates of the probability that an individual consumed Atlantic herring, o,
were estimated to be, 7y, ~ Beta(10.3,10.9), which has a mean of 0.485 and standard deviation

of .01.

2.4. DISCUSSION

The addition of random effects to our earlier model is an effective approach to address
the common challenge of sample independence in diet data. By avoiding data subsampling (and
using one stomach per collection event) or ignoring the issue and treating all stomachs as
independent, we produce accurate estimates of prey contributions to the predator’s diet without
overestimating precision. In the example application here, the variance of probability of prey
occurrence among collection events was small, so the addition of the random effect had a
minimal effect on the precision of ¢;. By adding random effects as an extension to the Moriarty
et al. mixture model we also preserve the benefits that the base model provides. Namely, the

resulting mixed effects mixture model still addresses the challenge of covariance between what a
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predator eats and how much it eats and the occurrence of outliers in consumption amount
(Moriarty et al. 2017), while taking advantage of the likelihood framework to address sample
interdependence. Both of these features were present in the dogfish-herring data.

Here we explored the effect of adding random effects to the probability of a predator

consuming the prey type (1, ). However, random effects could be added to any parameter(s) in

the model. The choice of which parameters to apply random effects to is context dependent
depending on the model goal and knowledge about the data’s structure (Gelman and Hill 2007).
For instance, in our application to spiny dogfish we were able to determine which dogfish were
captured simultaneously and that multiple trawls were not performed sequentially at the same
site. As a result of this knowledge, considering an individual trawl as a collection event was a
logical choice. Other times, multiple trawls may be performed at the same site, in which case it
may be a better choice to consider each site as a grouping variable. It is also necessary to
consider the ecological interpretation of the choice(s) of where to add random effects in the
model. By adding a random effect to the probability of prey occurrence, our model assumes that
the probability of prey consumption varied among trawls that were performed at different times
and/or places. Instead treating each site as a collection event creates the assumption that all
trawls at the same site have the same probability of prey type consumption, regardless of when
the trawls were performed. As each time a random effect is added to a parameter, the total
number of parameters increases by the number of collection events, it is necessary to consider
and carefully choose which parameter(s) and data levels do require a random effect and not
blindly add them to many parameters throughout the model.

Another recent attempt to use random effects for quantitative diet analysis also found it to

be an effective method for allowing for variation in diets among sites when analyzing diet
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specialization (Coblentz et al. 2017). Coblentz et al. employed a similar hierarchical Bayesian
approach to ours for analyzing diet specialization. Their use of random effects also allowed for
quantifying variation among collection events.

The use of this mixture model with random effects is a promising method to
quantitatively analyze stomach content data. As we only present an initial analysis of how
random effects affect model behavior, additional exploration of the use of random effects in this
mixture model is warranted before extensive application. Yet, combining this mixture model
with random effects appears to be a promising method to quantitatively analyze stomach content

data.
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Table 2.1 The parameters in the mixture model, along with their corresponding distributions and

meanings.

Parameter Distribution

Parameter Definition

Ci -

Pi B(a1,02)

|\/|S|CD F(kpresent, 1/ Opresent)
Mslﬂ(b F(kabsent, l/eabsent)
[O)% Ber(rok)

Dpi=1 Ber(ropi=1)

oD B

O-® -

OR -

Mean contribution of prey type i to a
predator’s diet

Mean fraction of the predator’s diet made up
of prey type i

Mean mass of stomachs containing prey type i
Mean mass of stomachs not containing prey
type i

Frequency of occurrence of prey type i in
samples from group k

Frequency a sample only contains prey type i
given it contains prey type i

Standard deviation of ®

Standard deviation of ®pi=1

Standard deviation of P;

Table 2.2 True values used in sensitivity scenarios for parameters that were held constant.

Scenario ro Gro Fop=1  Ms|0 Gmslo Gms|-0 pi Gp Ci
Beta 0.6 0.2 0.5 1 0.2 0.2 0.6 0.1 0.4
t 0.6 0.2 0.5 1 0.2 0.2 0.6 0.1 0.4
Bimodal 0.8,0.3 0.050.05 05 1 0.2 0.1 0.6 0.1 0.4

Table 2.3 Mean absolute error for each estimation method in each simulation scenario.

Simulation Scenario Estimation Model MAE
Beta Random Effects 0.012
Independent 0.021
Subsampling 0.070
t Random Effects 0.033
Independent 0.036
Subsampling 0.072
Bimodal Random Effects 0.012
Independent 0.022
Subsampling 0.070

49



Does the stomach Yes Is the stomach 100% the prey? Yes

contain the prey? 3 b~ Ber (ro ) p=1
¢ ~ Ber (ry) p1 BET Fop-1 m,/¢ ~ Gamma(ky,1/6,)
No No
p=0 O<p;<1
ms[-¢ ~ Gamma(k,,1/6,) p; ~ Beta(ay, )

m./ ¢ ~ Gamma(ky,1/6,)

Figure 2.1 Conceptual flowchart of the fixed effects mixture model, which splits stomachs into
the three cases of pi =0, 0 < pi < 1 and pi = 1. The parameters relevant to each case are shown

along with the distributions used to estimate them in the mixture model. Figure from Moriarty et

al. (2017).
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Figure 2.2 Prey contribution estimates and standard deviation under three simulation testing scenarios, 1) simulating ry, from a beta
distribution, 2) simulating g, from a student’s t distribution, and 3) simulating ry, from a bimodal normal distribution. Simulated data
for each scenario was estimating under 3 models, 1) the random effects Bayesian mixture model, 2) the non-hierarchical Bayesian
mixture model with pooling all data, and 3) the non-hierarchical Bayesian mixture model with subsampling one stomach per sampling

group.
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Figure 2.3 The estimated contribution of Atlantic herring to spiny dogfish under three models, 1)
Bayesian mixture model with random effects, 2) treating each stomach as an independent
sample, and 3) subsampling one stomach per sampling event. Error bars are standard deviation.
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3. CHALLENGES AND OPPORTUNITIES FOR APPLYING STABLE ISOTOPE

ANALYSIS TO JELLYFISH FOOD WEB ECOLOGY

ABSTRACT
As interest in the ecological role of jellyfish (class: Scyphozoa) has grown, an increasing

number of studies have sought to determine their structural and functional roles in food webs.
Stable isotope analysis is often used to obtain information about dietary sources. However, most
of these studies have used assumptions and methodology developed for teleost fish, ignoring the
unique body composition and physiology of jellyfish. Limited studies addressing the use of
jellyfish stable isotope ratios have generally found unexpected effects of methodology on isotope
ratios and unusual fractionation rates, though reasons for these unexpected effects remain
unresolved. Here, we link the underlying mechanisms that cause fractionation to the unique
physiology of jellyfish and to these unusual stable isotope results. We also consider what the
unusual stable isotope methodology results imply about less-known aspects of jellyfish
physiology. The path towards accurate application and interpretation of stable isotopes to
jellyfish requires a lengthy array of studies to understand the mechanisms driving fractionation in
this taxa. We propose that the quickest path forward requires the use of compound specific
isotope analysis of amino acids in controlled laboratory studies, along with standardized sample
handling methodology. Obtaining a clear understanding of fractionation in jellyfish, however,
will require a more nuanced view of their unique body composition and physiology, whose

effects need to be determined through a longer series of controlled experiments.

3.1. INTRODUCTION
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Interest in the ecological role of jellyfish (class: Scyphozoa) has grown over the last
decade. Jellyfish are now recognized to be important in food webs by moving energy into
microbial pathways (Condon et al. 2011), by competing with commercially and culturally
important fish for prey (Ruzicka et al. 2016), and serving as an important prey source for higher
trophic levels (Thiebot et al. , McClellan et al. 2010, Heaslip et al. 2012). Additionally, they may
be useful negative indicators of the health of an ecosystem (Samhouri et al. 2009).

Stable isotope analysis is a commonly used technique to characterize trophic interactions,
and the implications of these interactions for competition, population dynamics, and habitat use.
Such analyses have proven to be particularly useful in aquatic systems, where direct observation
of feeding is typically infeasible. For many organisms, stomach content analysis is a simple way
to determine predator diets, but jellyfish’s tendency to regurgitate their stomach contents when
handled makes this technique challenging (Jennifer Purcell pers. comm.). As a result, stable
isotope analysis has been used to infer feeding of jellyfish (D'Ambra et al. 2013), measure their
isotopic niche in comparison to fish (RM et al. 2015) and estimate their predation on
commercially important fish (Brodeur et al. 2002). While promising, applications of stable
isotopes to better understand jellyfish predation on and competition with other organisms
depends on accurate information on how jellyfish accumulate and alter stable isotope
composition, how stable isotope ratios vary among tissues, and how collection methods might
alter stable isotopic ratios.

Accurate comparisons among taxa necessitate standardized stable isotope methodology.
In aquatic systems, stable isotope analysis has most frequently been applied to fish and
crustaceous zooplankton. This widespread use of stable isotopes for fish and crustaceous

zooplankton has led to multiple attempts to standardize methodology for these taxonomic groups
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(Post 2002, Vanderklift and Ponsard 2003, Boecklen et al. 2011, Hopkins and Ferguson 2012).
As a result, consistent methods have emerged to standardize stable isotope analysis, the effects of
variation in lipid content (Post et al. 2007, Logan et al. 2008), nutrient content (Adams and
Sterner 2000) and tissue type (Mohan et al. 2016), are generally known for these taxonomic
groups, though more information is continuously being determined. Even so, methods and
assumptions used in studies sometimes ignore this knowledge and do not consider the potential
effect of their methods and taxa on sample isotopic values (e.g., Baeta et al. 2017, Cornelissen et
al. 2018).

Currently, standard stable isotope analysis assumptions derived from fish and
zooplankton studies are typically applied to jellyfish without consideration on whether they are
appropriate (e.g., Kellnreitner et al. 2013, Ingram et al. 2016, Naman et al. 2016,
Vansteenbrugge et al. 2016). For instance, trophic discrimination and effects of sample
preservation choices in jellyfish has been assumed to be the same as they are in fish. However,
these assumptions have begun to be revealed as invalid for jellyfish.

Physiology is known to be important in determining isotopic ratios. For example, there is
strong evidence that the nitrogen fractionation is related to factors such as the consumer’s body
composition (e.g., Caut et al. 2009), excretion form (e.g., Vanderklift and Ponsard 2003) and diet
quality (e.g., Sick et al. 1997). Jellyfish are gelatinous organisms with low complexity, no
specialized systems, and a water content of 95-98% (Doyle et al. 2007). Given their unique
physiology, it is not safe to assume that jellyfish process elemental isotopes through the same
processes as fish, crustaceous zooplankton, or other taxa. Fortunately, as applications of stable
isotopes to jellyfish has grown, there has been increased effort to determine the best stable

isotope methods specifically for jellyfish. These jellyfish-specific findings have begun to confirm
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that the use of stable isotopes with jellyfish may be quite different than for vertebrates. However,
the underlying physiological basis for these differences has largely been ignored.

Here, we aim to determine how stable isotopes can best be applied to study jellyfish
interactions given our existing knowledge. We consider the biochemical basis for fractionation
and how it applies to the unique physiology of jellyfish. For this, we create a framework for the
use of stable isotopes with jellyfish that synthesizes existing jellyfish specific knowledge and
how that differs from methodological standards for other taxonomic groups. Throughout, we
highlight considerations for further research into the consequences of jellyfish physiology for

stable isotope analysis.

3.2. THE MECHANISMS OF STABLE ISOTOPE APPLICATIONS IN FOOD WEBS

Here we posit that the unique composition and physiology of jellyfish means that specific
knowledge and understanding of jellyfish are needed for robust application of stable isotope
analysis on these species. For that reason, we briefly review the mechanisms that shape an
organism’s isotopic ratio and the aspects of jellyfish physiology that are most pertinent to these
mechanisms. To meaningfully interpret stable isotope data from jellyfish it is necessary to
consider how their body composition affects isotope fractionation.

The basic tenet of stable isotope analysis is that the ratios of naturally-occurring stable
isotopes reflect the diet sources of an organism. In food web analyses, carbon and nitrogen are
most commonly used (Boecklen et al. 2011). Carbon is useful to discern the original source of
fixed carbon (e.g. allocthonous vs. autochthonous production, benthic vs. littoral, etc.), whereas
nitrogen is often used as a measure of trophic level. Together, the two can reveal the relative

dietary contribution of different sources, based on the distinct isotopic composition of sources.
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At the simplest level, stable isotope analysis rests on the notion that “you are what you
eat” (Deniro and Epstein 1978). That is, the ratio of heavy to light carbon (**C:*2C) or nitrogen
(**N:¥N) in a consumer is indicative of the ratio in its diet. However, these ratios can be
modified by processes collectively referred to as fractionation. Most fractionations are mass-
dependent and occur due to the difference in weights between isotopes of the same element (Fry
2006). Enzymes that degrade or create complex molecules (e.g., amino acids, fatty acids)
catalyze reactions between substrate molecules. Enzyme kinetics typically occur more rapidly on
lighter substrates, so that these reactions preferentially uptake the lighter isotope. Consequently,
the products of enzyme-substrate reactions will be lighter, on average, than their substrates
(Gannes et al. 1998).

For nitrogen, transamination and deamination (the catabolism of amino acids) are the
main enzymatic reactions responsible for fractionation. When consumers obtain nitrogen from
their diet, the assimilation and excretion of this nitrogen requires transamination and
deamination, which then results in fractionation. Nitrogen is also stored in several pools in the
body and sometimes is available from a symbiotic relationship with the consumer’s gut
microbial communities (McMahon and McCarthy 2016). Movement of nitrogen among these
pools is also connected through transamination and deamination, providing more opportunities
for fractionation to occur.

The extent of carbon and nitrogen fractionation depends on multiple factors. One
prominent factor is the assimilation efficiency of the predator (Doyle et al. 2007). Assimilation
efficiency is the ability of an organism to retain consumed elements and incorporate them into
body tissues. Organisms that retain most of their consumed carbon and/or nitrogen will have less

fractionation of that element than those that excrete large amounts of the element (Fry 2006).
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This is because there is reduced net discrimination of lighter over heavier isotopes as nearly all
of the element consumed is assimilated to synthesize proteins (i.e., the system follows Rayleigh
distillation) {Kendall, 1998 #1769}.

Similarly, the size of the available source pool of the element in the prey also affects
fractionation rates. A large pool of the available substrate means the element is less limiting,
which leads more opportunity to preferentially uptake the lighter isotope (Pearson et al. 2003).
Conversely, when an element is scarce relative to demands there is less potential for
discrimination among isotopes during nutrient uptake. This relationship between element source
pools and fractionation has been found in a range of taxa, including songbirds (Pearson et al.
2003), rats (Caut et al. 2008) and guppies (Dennis et al. 2010).

These factors are particularly germane to jellyfish because of their unique C:N ratios
relative to their prey. Jellyfish are nitrogen rich and carbon poor (Pitt et al. 2013). Their main
prey is zooplankton, (Purcell and Sturdevant 2001), which are typically nitrogen poor and carbon
rich in comparison (Pitt et al. 2009b). As a result, jellyfish must retain most nitrogen they
consume. This is supported by the low amounts of nitrogenous waste they excrete (Pitt et al.
2013). Their high nitrogen retention, along with small nitrogen source pool, predicts low
nitrogen fractionation. In order to meet their high nitrogen needs, jellyfish likely consume far
more carbon than needed, which is supported by their high excretion rates of dissolved organic
matter and mucus (Pitt et al. 2013). This low carbon retention and high carbon availability
predict high carbon and low nitrogen fractionation in jellyfish.

In addition, nitrogen fractionation specifically is affected by additional factors. An
organism consuming a diet that closely matches dietary needs (“high diet quality””) may have

lower isotope fractionation, i.e. the ‘consumption hypothesis’ (e.g. Robbins et al. 2005). High
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quality diets are those that have similar elemental and macromolecule profiles as the consumer.
In these cases, the close match between amino acid demands and their diet reduces the demand
for amino acid synthesis (Sick et al. 1997). Synthesized amino acids are are enriched in heavy
nitrogen because amino acid precursors (e.g. glutamate) become enriched owing to deamination
pathways that preferentially remove lighter nitrogen into ammonia and urea waste products. As a
result, the low synthesis needed due to consuming a high quality diet has fewer transamination
and deamination steps (Gannes et al. 1997), leaving less opportunity for fractionation to occur.

For jellyfish, there is likely poor match between dietary amino acid profiles and amino
acid needs. Jellyfish’s main prey, zooplankton, have a markedly different amino acid profile than
jellyfish, as well as having a much lower nitrogen content (Pitt et al. 2009b). Low quality prey,
as zooplankton are for jellyfish, would predict high nitrogen discrimination rates. However,
fractionation is related to overall diet quality, rather than diet quality of individual diet
components (Robbins et al. 2010). Other dietary sources of jellyfish, such as dissolved organic
matter (Pitt et al. 2009b, Skikne et al. 2009), are frequently ignored, but may result in an overall
high quality diet that may result in low nitrogen fractionation.

The form of excretion product also dictates the amount of nitrogen trophic fractionation
(Germain et al. 2013). In marine food webs, excretion form tends to differ between lower and
higher trophic levels, potentially causing *°N fractionation rates to vary with trophic level.
Ammonia excreting taxa tend to have lower fractionation than urea excreting taxa (Vanderklift
and Ponsard 2003). This may be due to the different lengths of their formation processes.
Ammonia is produced directly from the available pool of the amino acid, glutamic acid, by
deamination. In contrast, urea production requires two deamination steps, which involve multiple

nitrogen reservoirs. This broader distribution of nitrogen across pathways and reservoirs may
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lead to more enrichment (Germain et al. 2013). Like most other marine taxa, jellyfish excrete
ammonia (Arai 1997).

Carbon fractionation is complex; in general, isotope ratios of carbon are less altered by
trophic transfers, averaging an increase of 0-1%o (Peterson and Fry 1987). This small shift is due
to a couple of factors. Respiration preferentially expels *2C (DeNiro and Epstein 1977, Michener
and Lajtha 2007, Thurber 2014), leaving the body slightly enriched in $3C. Meanwhile, carbon
can be enriched due to synthesis of non-essential and catabolism of essential fatty acids
(Dalsgaard et al. 2003, Iverson et al. 2004). Non-essential fatty acids are synthesized from stores
of available carbon in the body. As metabolism preferentially uptakes the lighter isotope, which
is then lost during respiration, these stores become mildly enriched in *C (Iverson et al. 2004).
Similarly to nitrogen, diet composition can also affect carbon trophic fractionation, such that
higher amounts of available carbon in the source pool are correlated to higher fractionation rates
(Michener and Lajtha 2007).

Respiration rates of jellyfish are much lower than other pelagic taxa (Pitt et al. 2013),
though if scaled to carbon content rather than wet-weight, their respiration rates are similar to
other metazoans (Acufia et al. 2011). The body of a jellyfish is primarily composed of mesoglea,
which is an extracellular structure composed of water, collagen, and salt (Pitt et al. 2013). This
mesoglea contains few or no cells, leading to the low respiration rates relative to their wet
weight. Depending on whether wet weight or carbon content are used for scaling, jellyfish
respiration rates would predict low to average carbon fractionation (Pitt et al. 2013).

When considering physiology in relation to isotope ratios, we should recognize that bulk
stable isotope ratios represent the aggregate effect of fractionation of individual amino acids and

fatty acids and their relative proportions. In most taxa, certain amino acids show high
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fractionation, such as glutamic acid in nitrogen and glysine in carbon, while others have minimal
fractionation from the diet, such as phenylalanine (Hare et al. 1991, Chikaraishi et al. 2009,
Boecklen et al. 2011). The weighted averaged of the fractionation rates for each individual amino
acid, weighted by the proportion they compose of the total amino acid pool, should closely
approximate the bulk isotope fractionation rate. As a result, understanding of bulk isotope
fractionation rates and the biochemistry driving the variation in these rates, can often be
improved by considering patterns of individual amino acid fractionation and their proportions in
the tissue being sampled (Boecklen et al. 2011, Chikaraishi et al. 2014).

The amino acid composition of jellyfish is unique compared to many taxa. For Pelagica
noctiluca, their amino acid composition was almost identical to that of the entire zooplankton
community, except for an unusually large amount of glysine (Malej et al. 1993). In particular, the
comparable levels of glutamic acid and phenylalanine in the jellyfish are particularly unusual and
suggest that both or neither must fractionate with each trophic transfer (Malej et al. 1993). The
high amounts of glysine may be due to uptake of dissolved organic matter, which is known to be
assimilated by jellyfish (Pitt et al. 2009b, Skikne et al. 2009) and is likely needed due to their
high collagen content. Body tissues of jellyfish are dominated by mesoglea, which is largely
composed of collagen. Collagen is 33% glycine and the glycine in collagen is known to have
high carbon fractionation, ~8%o. (Hare et al. 1991). This high need for glysine predicts high
carbon fractionation, in contrast to the low carbon fractionation predicted by their low respiration

rates.

3.3. IMPLICATIONS FOR STABLE ISOTOPE APPLICATIONS TO JELLYFISH
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The process of applying stable isotope analysis to any type of organism involves multiple
steps: 1) sample collection, 2) sample preservation, 3) processing the sample, 4) analyzing the
sample, and 5) interpreting the data (Figure 1). Here, we focus on how the methods and
assumptions used in these steps might alter stable isotopic ratios of jellyfish, thereby distorting

inferences about their trophic position.

3.3.1. Sample Collection

A single tissue is often collected from each organism for stable isotope analysis. The
choice of tissue to sample depends on the ecological question of interest. As stable isotopes are
used to reconstruct the diet of a consumer based on a single tissue, it is necessary to understand
the tissue turnover and routing, the process by which isotopes are differentially routed to specific
tissues and body compartments, associated with that tissue (Gannes et al. 1998). In fish, muscle
tissue is often used, which has a mean turnover of weeks to months in most taxa, but is highly
dependent on growth rate (Boecklen et al. 2011). Muscle also represents the greatest fraction of
whole body mass giving it a clear ecological interpretation when information about consumer
diet is of interest. Similarly, marine mammals are also often sampled using muscle tissue, though
blood and skin are also commonly used as these can also be obtained non-lethally (Newsome et
al. 2010). In contrast, due to their small size, zooplankton are sampled as bulk samples, where
many entire individuals are combined whole to form a single sample.

For jellyfish, there is no established consensus regarding whether different tissues or
whole individuals should be sampled. For practical reasons, it is often necessary to sample the
whole individual when they are small and have low carbon content (e.g. Vansteenbrugge et al.

2016). However, for larger species, the bell tissue is frequently collected (e.g. Brodeur et al.
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2002, Fleming et al. 2011, Fleming et al. 2015) under the rationale that the majority of an
individual’s mass is stored in the bell (D’Ambra et al. 2014, MacKenzie et al. 2017). However, it
is unclear how nutrients are routed into different tissues and whether this leads to distinct
isotopic signatures among tissues. D’ Ambra et al (2014) found that there were no differences
between the isotopic signatures of C and N in the bell compared to the whole body of Aurelia
sp., suggesting in this species or that the bell is representative of the whole individual. However,
Towanda and Thuesen (2006) found that bell tissue from Phacellophora camtschatica was
enriched in carbon compared to other tissues. Finally, our analysis of the large-bodied Cyanea
capillata showed that bell tissues provided no reliable information on measured whole-individual
isotopic signatures (Figure 2, Supplement A). These conflicting results indicate species-specific
differences in routing into tissues or that other factors are confounding the measurements. As
assimilation efficiency varies widely with prey availability (Pitt et al. 2009a), this may also affect
whether, and how much, routing occurs due to the link between assimilation efficiency and
fractionation.

Choosing a tissue to sample is further complicated by our little knowledge of tissue
turnover rates in jellyfish, making ecological interpretations of stable isotope data difficult.
Turnover rates have only been measured in Aurelia sp. where they were measured as 18-20 days
for both the bell and whole individual (D'Ambra et al. 2014). The consistent turnover rate aligns
with the consistent isotope signature between tissues measured in this study, further supporting
the possibility that the bell represents the whole individual.

Interpretation of jellyfish stable isotopic ratios in ecological studies is currently limited
due to the conflicting results on whether isotopic ratios in jellyfish vary among tissues and

uncertain turnover rates. To more thoroughly determine turnover rates, more controlled
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laboratory studies where diets can be manipulated are needed. Turnover rates need to be
estimated for several species, separately on tissues that may be of interest, due to the possibility
of tissue and species-specific effects (Vander Zanden et al. 2015). Isotopic routing into tissues is
similarly best determined in laboratory experiments that are motivated by specific hypotheses
that tie physiological mechanisms to isotopic composition. Application of stable isotope analysis
to individual tissues in jellyfish and prey will reveal whether routing is occurring, resulting in
different isotopic ratios among tissues. If so, we will have a clearer understanding of the different
composition of the tissues and why they differ in isotopic signature. This knowledge of turnover
rates and routing will allow us to choose an appropriate tissue to sample for the ecological

question of interest.

3.3.2. Sample Storage

After collection, samples are frequently stored by freezing. On some occasions, samples
may be dried fresh, but this is usually not an option when working in the field. Freezing is
typically considered the preferred form of storage (compared to immersion in ethanol or
formalin), because gain or loss of mass from the sample is inhibited.

Freezing does not affect isotopic ratios in samples most taxa, including fish, some
invertebrates, octopus, or kelp (Bosley and Wainright 1999, Ponsard and Averbuch 1999,
Kaehler and Pakhomov 2001, Sweeting et al. 2007). However, a study focused on zooplankton
did find mild enrichment carbon and nitrogen isotopes in zooplankton (Feuchtmayr and Grey
2003). Feuchtmayr and Grey (2003) propose that mechanical breakdown of the cells may have

led to leaching of carbon and nitrogen when samples were thawed and prepared.
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Multiple studies have demonstrated that freezing effects jellyfish isotopic ratios.
Specifically, freezing samples elevated °N:1*N ratios by ~2%o in Aurelia aurita in two studies in
different systems, the Beaulieu River in southern England and Strangford Lough in Ireland,
while *C:12C was unaffected (Fleming et al. 2011, MacKenzie et al. 2017). This enriched
nitrogen isotope is contradictory to assumptions made for other taxa and marks an important
difference in sampling from other taxa. This unexpected, but consistent finding that freezing
alters isotopic ratios indicates that interpretation of jellyfish SIA values needs to account for
effects of freezing, particularly if they are being compared to other taxa.

Despite being found in multiple studies, as well as Feuchtmayr and Grey (2003), there is
not a clear mechanism for this nitrogen enrichment due to freezing. One possibility is that this
finding results from separation of proteins in the process of freezing and thawing, as suggested
by Feuchtmayr and Grey (2003) and Dannheim et al. (2007). Jellyfish may be especially prone to
this given their high water content. If extreme care is not taken to grind the entire sample after it
has been dried and separated, part of the sample may be left behind, resulting in altered nitrogen
isotopic values, as may have occurred in Feuchtmayr and Grey (2003). This could be tested
experimentally by comparing tissues that have been frozen to those that were homogenized and
then frozen. Isotope ratios of large bulk samples of infaunal macrozoobenthic species are also
altered due to freezing and it has been suggested that this is caused due to the large mass of
collected samples, which may allow for the microbial communities to metabolize some
components due to the long time it takes for the sample to fully freeze (Dannheim et al. 2007).
Because of their high water content, jellyfish samples are also large relative to other organisms.
To determine if the long time to freezing is a mechanism causing enrichment, standard freezing

of samples can be compared to flash freezing samples, as in Feuchtmayr and Grey (2003).
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3.3.3. Sample Preservation

Preserving a sample after its collection and storage involves multiple steps, including
drying the samples. Oven drying and freeze drying are both commonly used and are assumed to
not affect isotopic signatures across a range of taxa including fish, octopus, kelp, invertebrates,
(Kaehler and Pakhomov 2001), and elasmobranchs (Kim and Koch 2012). Both methods remove
water from the sample, but are not thought to remove nitrogen or carbon and therefore are
assumed to preserve a sample’s isotope ratios.

Recent evidence suggests this assumption may be invalid for jellyfish. A study across
four jellyfish species found that oven drying, as compared to freeze drying, elevated °N:*N for
two of the species, while the other two species were unaffected (Kogovsek et al. 2014). The
nitrogen isotopic ratios were elevated by up to 2.5%o while *3C:*2C ratios were unchanged. This
enrichment of nitrogen is an especially concerning result, as oven drying appears to have an
inconsistent result between species.

There are several possible mechanistic explanations for how oven drying changes
isotopic signatures. Because large effect sizes often come from studies with small sample sizes, it
is possible that these documented effects are simply statistical noise. Replication is essential to
ensure it is not statistical error. If the results are confirmed, follow up studies are needed to
understand the mechanisms and which species are most affected. For instance, because of the
high water content of jellyfish, oven drying takes days to weeks to complete. Extended drying
time may lead to microbial growth in samples. The growth of microbial communities may itself
change the isotope ratios (McMahon and McCarthy 2016) by leading to gaseous loss of nitrogen.

These potential mechanisms are supported by the lack of a difference when samples in Kogovsek
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et al. (2014) were dialysed (water removed) before drying. These potential effects of drying
method can be avoided by freeze drying or dialyzing samples before oven drying. Until the
mechanism for oven drying affecting nitrogen isotope ratios is resolved, these need to be

standard methods for processing jellyfish tissue samples.

3.3.4. Sample Analysis

Preserved samples are analyzed for isotope ratios using an elemental analyzer coupled to
an isotope ratio mass spectrometer. A ground sample is combusted and isotope ratios in the
resulting gas are measured. The sample mass required varies as a function of the mass
spectrometer’s sensitivity and percent of carbon and nitrogen in the tissue. A minimum amount
of carbon and nitrogen are needed for the elemental analyzer mass spectrometer to provide
accurate measurements. If the amount of carbon and nitrogen in the sample is too low, then the
isotope ratio is typically underestimated, while a very high amount will overwhelm the
instrument (Fry 2006). The high salt content in ground jellyfish samples require a higher sample
mass to be combusted than for taxa such as fish and zooplankton. Through preliminary work,
studies applying stable isotopes to jellyfish have found an optimal sample mass of between 2.4-
12 mg, dependent upon species, which is much higher than the 0.5-1.0 mg typically required for
most animals (Supplement A, D'Ambra et al. 2014, Kogovsek et al. 2014, Fleming et al. 2015).
If preliminary work is not performed to determine an appropriate mass of sample for use in the

specific equipment being used, isotopic ratio estimates are likely to be inaccurate.

3.3.5. Trophic Fractionation
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When stable isotopes are used to determine a consumer’s diet or food web structure,
fractionation per trophic level has to be assumed to estimate relationships among taxa. In marine
food webs, authors often assume 0%o fractionation for carbon and 3.4%o per trophic level for
nitrogen (Minagawa and Wada 1984). These fractionation rates are derived from averages across
many taxa (Boecklen et al. 2011), but are now thought to vary with trophic level (Hussey et al.
2014). Despite increasing awareness of the biases introduced by assuming a constant
fractionation across taxa and trophic levels, standard fraction values frequently continue to be
applied (e.g. Baeta et al. 2017, Iglesias et al. 2017).

Trophic fractionation estimates specifically for jellyfish are beginning to be determined,
but may be very different from the commonly used standard fractionation rates based on other
taxa. D’Ambra et. al. (2014) estimate trophic fractionation rates of 4.0%o for carbon and 0.1%o
for nitrogen (D'Ambra et al. 2014); to our knowledge, this is the only jellyfish-specific analysis
of stable isotope fractionation rates. While these estimates are very different from those
measured in fish and zooplankton, they align with fractionation in other soft-bodied
invertebrates. For instance, nitrogen fractionation in annelids ranges from -0.8%o to -3.0%o
depending on the food source, while carbon fractionation ranged from -3.6%o to 3.6%. (Thurber
2014). In sea cucumbers, carbon fractionation rates averaged 4.2%o, while nitrogen fractionation
rates (average 2.4%o) were similar to fish and zooplankton (Watanabe et al. 2013). Thus, while
jellyfish may be unusual when compared to fish and crustaceous zooplankton, they may be
typical for soft-bodied invertebrates.

Furthermore, the amino acid composition of jellyfish potentially supports little trophic
fractionation in bulk nitrogen and high fractionation in bulk carbon. In other taxa, the

fractionation of bulk nitrogen is largely due to fractionation in the amino acid phenylalanine, so
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the lack of phenylalanine fractionation in jellyfish supports the idea of little bulk nitrogen
fractionation. Similarly, jellyfish have a higher glysine content than most other taxa. As glysine
exhibits high carbon fractionation, this could drive unusually high bulk carbon fractionation.

A lack of trophic fractionation in nitrogen in jellyfish suggests that their assimilation
and/or excretion processes differ from many other taxa. The lack of enrichment may indicate that
there is not an opportunity to discriminate between nitrogen isotopes. This may occur for a
couple of reasons. First, they have high nitrogen demands due to their high protein content,
potentially such that they are nitrogen limited (Pitt et al. 2013), which could lead to low
discrimination in nitrogen. Additionally, they likely consume excess carbon in order to reach
their nitrogen needs (Pitt et al. 2013), which may produce high carbon trophic fractionation.
Alternatively, as jellyfish have one cavity for consumption and excrement and no specialized
systems, their assimilation and excretion pathways may be short. Short pathways may not have
many occurrences of transamination or deamination, which would result in low trophic nitrogen
fractionation. Finally, their body tissues are dominated by mesoglea, which is largely composed
of collagen and therefore largely glycine. Since the glycine in collagen is known to have high
carbon fractionation, ~8%o {Hare, 1991 #1737}, this could lead to the high carbon fractionation
observed.

Several steps are needed to understand tropic fractionation in jellyfish. First, studies
measuring trophic isotope fractionation need to be repeated. Ideally, they would be repeated with
multiple jellyfish species as consumers and with multiple jellyfish diets. If similar unusual
trophic fractionation estimates are again measured, then studies to determine the mechanistic
basis are required. Ultimately, to fully understand trophic fractionation of nitrogen, studies

employing compound specific isotopic analysis of amino acids would be most beneficial.
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Controlled laboratory experiments on jellyfish and their prey would allow for collecting detailed
information on the trophic fractionation of individual amino acids. By comparing the amino acid
profile of jellyfish with their actual prey, rather than the whole zooplankton community as done
by Malej et al. (1993), we can gain a nuanced understanding of which amino acids fractionate
and which are conserved. This gives us insight into what may be driving the trophic fractionation

of the bulk isotopes.

3.4. CONSEQUENCES OF ASSUMPTIONS IN STABLE |ISOTOPE METHODOLOGY

Stable isotopes of jellyfish are frequently analyzed to understand their trophic
relationships in comparison to fish species (e.g. Frost et al. 2012, Syvaranta et al. 2012, Ingram
et al. 2016, Naman et al. 2016). Unsubstantiated methodological assumptions are likely to alter
where jellyfish fall in relation to other taxa on an isotope biplot, posing problems when drawing
conclusions. The potential extent of these problems is not fully appreciated.

To illustrate the consequences of methodological methods and assumptions, we
calculated the isotope biplot positions that could result from identical stable isotope samples that
were analyzed using different methodological assumptions. We used stable isotope samples
collected for zooplankton (euphausiids), fish (Pacific herring and Pacific hake), and jellyfish
(lion’s mane jellyfish) in Hood Canal, Washington, USA at the same Sites on the same days
(details in supplement A3). Samples for all taxa were frozen upon collection. Fish and
zooplankton were freeze dried after returning to the laboratory, while jellyfish were oven dried.
All jellyfish samples were bell tissue, with careful attention to not include any gonads in the

samples, while fish samples were muscle tissue, and euphausiids were bulk samples.
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Our goal was to compare the trophic position of each fish species to the potential trophic
position of lion’s mane jellyfish. As we were lacking stable isotope ratios for multiple prey
sources, we do not quantitatively compare trophic positions of the jellyfish and fish, but use the
stable isotope information to demonstrate the potential effects of these different methodological
assumptions.

From the raw stable isotope values, we corrected the jellyfish values using several
different sets of assumptions about the effects of the methodology used. These were chosen
based on what is commonly done in primary literature and what is now known specifically about
jellyfish (Table 3.1). The first was to make standard assumptions (i.e. preservation method and
drying method had no effect on isotope ratios). We also assigned standard fractionation rates,
3.4%0 and 0%o for nitrogen and carbon, respectively. Next, we assessed the range of trophic
position and energy base that could be estimated solely by uncertainty in fractionation rates.
Finally, we assessed the range of estimated trophic level and carbon source pathway that could
arise through different assumptions regarding effects of preservation and drying methods. As the
effect of oven drying is species dependent, the subset of these scenarios that correct for drying
include multiple subscenarios to account for the unknown on whether oven drying would affect
lion’s mane jellyfish samples.

The different assumptions made about the methodology effects on the jellyfish isotopes affected
where jellyfish fall in comparison to potential competitors on an isotope biplot, (Table 1, Figure
3). Quantitative trophic position estimates of jellyfish would vary widely under these different
results. The variation among estimates far exceeds the statistical uncertainty associated with the
point estimates (Figure 3.3), leading to different conclusions when comparing the trophic

position of jellyfish to other taxa, as is frequently done (e.g. McClellan et al. 2010, van der Bank
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et al. 2011, Frost et al. 2012, Ingram et al. 2016, Naman et al. 2016). Until mechanisms for
fractionation in jellyfish are understood and stable isotopes can be accurately interpreted, stable

isotopes cannot accurately be used to compare their trophic position to other taxa.

3.5. DISCUSSION

Jellyfish have distinct physiology that should lead to distinct methodology for accurate
applications of stable isotopes in food web ecology, which is increasingly supported by empirical
evidence. Currently, we lack the mechanistic understanding of how isotope fractionation occurs
in jellyfish, causing seemingly standard decisions to affect measured stable isotope ratios. As the
need to understand the trophic role of jellyfish is likely to continue, our first priority is to
consider how best to move forward with the application of stable isotopes to this taxon. We
believe that the ideal path forward combines standardizing the methodology used and employing
additional studies.

Continued use of SIA requires adopting standard collection, preservation, and processing
practices, as recently called for by Mackenzie et al. (2017). At a minimum, this would allow for
better comparisons amongst studies. For instance, standardizing sample drying methodology is a
simple and effective way to address the potential effects of drying samples until underlying
biochemical processes for the effects are known. Ultimately, however, it is vital to understand
these underlying mechanisms.

We suggest that the most productive path forward is to begin applying compound specific
isotopes on amino acids to jellyfish. By analyzing both jellyfish and their prey in controlled
laboratory experiments, the use of compound specific isotope analysis on amino acids will serve

as replication of the results obtained by D’ Ambra et al. (2014), while also providing a nuanced
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picture of nitrogen and carbon trophic fractionation. Additional studies will ultimately be
required to ascertain the effects and mechanisms of sample storage, preservation, etc. However,
in conjunction with standardizing methodology of sample collection, preservation and drying,
making use of compound specific isotopic analysis of amino acids has the potential to relatively
quickly lead to more robust and meaningful results and conclusions about the trophic position of
jellyfish.

Until methods are further developed and jellyfish biochemistry is resolved, applications
of stable isotopes to jellyfish should acknowledge uncertainty when drawing comparisons to
other taxa. Poor understanding of the biochemical processes strongly dampens our ability to
draw accurate conclusions about their trophic position in comparison to other taxa. For instance,
application of these fractionation rates estimated by D’Ambra et al. (2014), results in trophic
level estimates that place jellyfish above larger predators, such as spiny dogfish (e.g. Nagata et
al. 2015, unpublished data- Supplement A, Naman et al. 2016, MacKenzie et al. 2017) or below
zooplankton (Figure 3). These trophic position estimates are implausible, suggesting there are
poor assumptions somewhere in the stable isotope methodology used. Until these are resolved,
the current methodological limitations of applying stable isotopes to jellyfish prohibit us from
accurately drawing specific conclusions about the trophic role of jellyfish.

Stable isotope analysis is a common and useful tool for inferring food web linkages, but it
requires careful and informed applications to yield interpretable and meaningful results. Existing
methods for applications to jellyfish need to be clarified and further developed, so that better
information on the ecological role of jellyfish can be ascertained. Pursuing the physiological
mechanisms in jellyfish that underlie isotope fractionation, along with careful results

interpretations, will ultimately lead to more informative studies of their ecological role.
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Table 3.1 The different scenarios applied to stable isotope analysis data in order to correct for
methodological choices. A dash indicates that no correction for that methodology choice was
applied, though there is believed to be an effect. Numbers in parentheses indicate the value of the
correction applied to the isotope value. The first number indicates the correction for carbon and
the second number indicates the correction to the nitrogen value.

Scenario 1 = treating jellyfish as fish; Scenario 2 = only correcting fractionation;
Scenarios 3-4 = ignoring fractionation rates due to implausibility; Scenarios 5 — 8: applying all
jellyfish specific knowledge, with oven drying correction dependent on species. Correction
values were collected from primary literature: 1) Fleming et al. (2011), 2) MacKenzie et al.
(2017), 3) Kogovsek et al. (2014), 4) D’ Ambra et al. (2014).

Scenario Preservation Drying Fractionation Jellyfish Jellyfish
Correction Correction Rate Applied Corrected Corrected
(C, N)*2 (C,N)® (C,N)* d13C d15N
1 - - - -17.8 12.6
2 - - (-4,0.1) -10.4 15.9
3 (0,2) (0.3,0.3) - -18.1 10.3
4 (0,2) (-0.7,2.1) - -17.1 8.5
5 (0,2) (0.3, 2.5) (-4,0.1) -14.1 11.4
6 (0,2) (0.3,0.3) (-4,0.1) -14.1 13.6
7 (0,2) (0.1,-0.1) (-4,0.1) -13.9 14
8 (0,2) (-0.7,2.1) (-4,0.1) -13.1 11.8
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APPENDIX A3

Methods
We collected samples of common fish and jellyfish for stable isotope analysis in Hood

Canal, Washington USA. Individuals were collected via midwater trawling in July 2012 and
2013 in the same region of Hood Canal (near Union, Washington) (see chapter 4 for sampling
details). Zooplankton were collected in the midwater trawl net, as well as from zooplankton net
tows (see chapter 4 for sampling details).

Tissue samples from jellyfish and fish were collected and preserved. In 2012, we
simultaneously collected the dominant jellyfish species, lion’s mane jellyfish (Cyanea capillata)
and the dominant zooplanktivorous fish, Pacific herring (Clupea harengus) and Pacific hake
(Merluccius productus). A piece of bell tissue of ~50-100g was taken from each jellyfish, while
being careful to not include tissue from gonads, oral arms, or any other jellyfish part. Muscle
tissues were collected for both fish species. In 2013, jellyfish were collected to compare the
isotopic signature of their bell to the whole individual. Within 30 minutes of collection,
individuals were cut in half. From one half a sample of bell tissue, with no other tissue types
visibly present, was collected. The second half was placed in a food processor and blended until
visibly homogenized and a sample of the homogenized jellyfish was collected. In both years, all
samples were immediately frozen in a chest freezer. Upon returning to land, samples were
transferred to a -40C freezer for storage until processing.

To preserve isotope samples, samples were either oven-dried or freeze dried. All fish
tissue from both years was freeze dried. Jellyfish collected in 2012 were oven dried at 60C, while
jellyfish collected in 2013 were freeze dried. After drying, all samples were ground to a fine,

uniform powder using a Wig-I-Bug dental amalgator.
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Ground samples were analyzed using a Costech elemental analyzer copled to a Thermo
MAT253 isotope ratio mass spectrometer by the University of Washington IsoLab. Each fish
sample was analyzed using 0.4 — 0.6mg of dried, ground material. Jellyfish samples were
analyzed using 2.5-4mg of dried, ground material due to their lower carbon content (optimal
weights were determined by preliminary analyses in conjunction with the University of

Washington IsoLab).
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4. THE EFFECT OF HYPOXIA ON TROPHIC CONNECTIVITY BETWEEN FISH

AND ZOOPLANKTON VARIES ACROSS ECOLOGICAL SCALES

ABSTRACT

Predicting ecological change is challenging. Yet, as environmental stressors continue to
alter ecosystems, doing so is increasingly necessary. Hypoxia is an environmental stressor that
occurs in coastal systems worldwide and is continuing to increase in extent and intensity.
Hypoxia is believed to influence zooplankton-zooplanktivorous fish trophic linkages by affecting
organism behavior, community composition, and organism physiology. To predict the effects of
hypoxia on energy flow from zooplankton to fish, usually changes in spatial overlap between
zooplankton and zooplanktivorous fish are measured and assumed to directly propagate to
changes in energy flow through the trophic link. However, hypoxia is also known to affect
zooplankton community composition and abundance, fish abundances and fish feeding, and
organism reproduction. Here, we simultaneously measure per-capita feeding rates, population
level consumption, and prey availability to determine if energy flow from zooplankton to
zooplanktivorous fish, represented within by fish predation on zooplankton, in Hood Canal, WA,
USA is altered due to hypoxia. To integrate these measurements we use a Bayesian modeling
framework, which allows us to predict predation under actual hypoxic conditions and under an
alternative scenario where there is no occurrence of hypoxia. By comparing these predictions, we
determine that hypoxia increases relative predation of zooplankton by zooplanktivorous fish in

Hood Canal, despite no change in their spatial overlap. This increase in relative consumption is

80



due to a decrease in prey availability under hypoxia, while fish consumption at the population-
level stays constant or slightly increases. Our approach reveals effects of hypoxia that would not
be obtained by solely considering spatial distributions. Instead, by simultaneously measuring
multiple ecological processes that interact, we develop a nuanced picture of how energy flow

from zooplankton to zooplanktivorous fish in Hood Canal is altered by hypoxia.

4.1. INTRODUCTION

The need for ecological forecasts of ecosystem changes is growing as the pace of global
change continues to increase. Unfortunately, precise predictions are quite challenging because
ecological dynamics are governed by a multitude of system processes (Doak et al. 2008) that
occur over and interact across individual, population, and system level scales (Heithaus et al.
2008, Tylianakis et al. 2008, Chave 2013, Heffernan et al. 2014, Stillman et al. 2015). Being able
to resolve predictions of ecological dynamics requires approaches that can integrate across these
scales (Rastetter et al. 2003, Wernberg et al. 2013, Heffernan et al. 2014, Stillman et al. 2015).

Food webs emerge as a result of these cross-scale interactions. Each trophic link in a food
web arises as a consequence of individual, population, and community properties and processes
(Sentis et al. 2014). These processes include the spatial movements of individual predators and
prey, the resulting spatial distribution of predator and prey populations, the feeding preferences
of predators, and how those are governed by prey behavioral avoidance responses. Finally, the
strength of trophic linkages depends on the relative population sizes of predators, prey, and the
species composition of these groups. It follows then that external drivers that alter individual
behavior, physiology, population biology, or community composition will be reflected in food

web structure and dynamics (Tylianakis et al. 2008).
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Food webs are sensitive to environmental stressors due to this multitude of complex
underlying processes. Hypoxia is a common environmental stressor, occurring in hundreds of
coastal systems worldwide (Vaquer-Sunyer and Duarte 2008) and is continuing to grow in
intensity and frequency (Breitburg et al. 2018). While hypoxia occurs alongside and interacts
with other environmental stressors such as ocean acidification and increasing temperatures
(Conley et al. 2009, Vaquer-Sunyer and Duarte 2011, Melzner et al. 2013, Breitburg et al. 2018),
the gradient in hypoxia that occurs within a region often causes it to have a strong ecological
influence on marine systems at a regional level (Breitburg et al. 2018).

Hypoxia affects zooplankton-zooplantivorous fish trophic linkages by affecting organism
behavior, community composition, and organism physiology. Hypoxia induces behavioral
responses that are reflected in spatial distributions of fish and zooplankton (e.g. Pierson et al.
2009, Zhang et al. 2009, Ekau et al. 2010, Essington and Paulsen 2010). These distributional
changes can alter spatial overlap between zooplankton and fish, thereby enhancing or reducing
availability of zooplankton prey to fish predators (Ludsin et al. 2009, Vanderploeg et al. 2009,
Roman et al. 2012). If decreased access to zooplankton are maintained over a longer period of
time, fish abundances may decrease as a result of reduced access to prey. Hypoxia also directly
affects composition and abundance of zooplankton and fish communities. Zooplankton taxa have
short lifespans and varying tolerances to low dissolved oxygen. Short lifespans result in high
turnover relative to fish and potentially quick changes in the relative abundances of taxa.
Community composition changes in zooplankton may limit or eliminate the preferred prey of
fish (e.g. Roman et al. 1993, Uye 1994). The reduced habitat available to fish due to hypoxia
may cause fish abundances to decline if competition among them increases (Casini et al. 2008).

Finally, hypoxia might induce physiological responses that negatively affect fish. Stress from
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low dissolved oxygen may cause a decrease in fish feeding (Pollock et al. 2007) or impair
reproduction, hormone production, and cause epigenetic changes (Sokolova 2013, Thomas et al.
2015).

Previous hypoxia studies have focused on measuring effects of individual food web
properties, but have not simultaneously measured multiple processes and how those processes
affect food web linkages. In particular, spatial distributions have been a focus of many studies
(e.g. Ludsin et al. 2009, Ekau et al. 2010, Essington and Paulsen 2010). While understanding
how hypoxia affects spatial distributions of organisms is useful, evaluating the effect of hypoxia
on only spatial distributions doesn’t allow for predictions of effects on trophic linkages.
Understanding how ecological dynamics respond to hypoxia and gaining any ability to
accurately predict the effects of hypoxia on a food web will require simultaneously measuring
multiple food web properties, which is complicated due to their occurrence over multiple
resolutions.

Here, we aim to determine how hypoxia affects individual, population, and system-level
properties of a marine system. We use nested hypotheses to determine the effect of hypoxia on
the trophic link from zooplankton to fish: 1) Does hypoxia alter per-capita feeding rates of
zooplanktivorous fish? If so, is this change due to changes in fish diets and/or change in total
consumption amount; 2) Does hypoxia alter population level feeding (a function of per-capita
feeding and population biomass)? If so, is this change due to change in population biomass
and/or change in per-capita feeding? 3) Does hypoxia alter relative predation of zooplankton by
zooplanktivorous fish? If so, is this due to change in population level feeding and/or due to

change in prey availability?
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4.2. METHODS

4.2.1. Sampling

This study was conducted in Hood Canal (Figure 4.1), an estuarine fjord that constitutes
the western branch of Puget Sound, Washington, USA. A sill at the mouth of the fjord limits
oceanic inputs, which combined with riverine inputs leads to stratification (Babson et al. 2006,
Sutherland et al. 2011). The deep bathymetry and long water residence time of Hood Canal make
the system naturally prone to seasonal hypoxia (Newton et al. 2007), which usually begins in
mid-summer and continues through early autumn. Seasonal hypoxia typically develops earlier
and most strongly at the southern end of the system, while the northern end retains higher
oxygen levels (Newton et al. 2007). These contrasting regions make Hood Canal an effective

natural laboratory for studying the effects of hypoxia.

Sampling Design

We compared stations at opposite ends of the canal through time to differentiate the
effects of hypoxia from phenology and location-specific characteristics. Two sampling sites,
Union and Hoodsport, were located at the southern end of Hood Canal where hypoxia typically
develops in the summer, and two were located in the northern region, Duckabush and Dabob,
where oxygen levels usually remain higher (Figure 4.1). Southern sites and northern sites were
selected based on bathymetry (Union is similar to Dabob, Hoodsport is similar to Duckabush).
We sampled in every fourth week in 2012 and 2013 from early June to early October for a total
of 5 sampling periods each year. Our goal was to monitor the system before, during, and after the
onset of seasonal hypoxia. As fish feeding and zooplankton spatial distributions are known to

have diel patterns, we sampled during the day and night during each sampling period. Hereafter,
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sampling variables will be referred to as ‘site’, ‘year’, ‘month’, and ‘diel’ and a ‘sampling event’

refers to a single year-month-site-diel combination.

Oxygen Sampling

To characterize the dissolved oxygen (DO) profile of the water column, we performed
CTD casts using a Sea-Bird Electronics SBE 911plus CTD equipped with a SBE 43 DO sensor.
The DO sensor was annually calibrated by Sea-Bird and calibrated during field surveys with
titrations conducted following the modified Winkler Method (Carpenter 1965). At each site, in
each month, 2-4 profiles were conducted during both day and night. The data were processed
into 1 m depth bins; environmental conditions were assumed to be horizontally uniform within

each site.

Zooplankton Sampling

Zooplankton community composition was determined using a five net Hydro-Bios
MultiNet system (https://www.hydrobios.de/product/multinet) equipped with 335-um mesh nets
with a 0.25 m? mouth opening, double flowmeters, and a CTD sensor. Depth stratified tows were
conducted at a speed of 2-4 knots for 1-7 minutes, depending on the thickness of the layer, and
were conducted within the acoustic survey areas. Typically, two tows were conducted for each
site -year-month-diel combination. Target sample depths were chosen based on backscatter
densities observed on the echosounder conducted immediately prior to sampling. Samples were
preserved in 5% formalin in seawater buffered with sodium borate and returned to the laboratory

for analysis.

Acoustic Surveys
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To determine distributions and densities of pelagic fish and zooplankton, acoustic
backscattering data was obtained using a Simrad EK60 splitbeam echosounders operating at 38,
70, 120, and 200 kHza as described in Sato et al. (2016). All transducers were deployed attached
to a pole on the side of the boat at 2m below the surface and had beam widths of 7°. The
echosounders operated with a ping frequency of 0.5 — 2.0 pings s with a pulse duration of
512us. At each site acoustic surveys were performed over a grid of 6-8 parallel transects 500m
apart at a boat speed of 5-6 knots. Within a site, the same grid of transects was used for the

acoustic surveys during each sampling event.

Fish Sampling

We used midwater trawls to assess the fish community composition and to collect
samples for quantifying fish feeding habits. A Marinovich midwater trawl with a 3.2 mm
knotless liner in the codend was towed at a boat speed of 2-3 knots and outfitted with a real-time
pressure sensor (P150, Kongsberg Maritime). The vertical opening of the trawl net ranged from
4.8 — 7.0 m. Typically, we aimed to conduct 2 trawls at each year-site-month-diel combination,
though the actual number of trawls varied from 1 to 4, for a total of 149 trawls. Trawl duration
varied from 3 to 33 minutes depending on the observed backscatter density, but typically lasted
for 8 minutes. Trawl depths were chosen to representatively sample the spatial distributions at
the site, while also being targeted to depths where fish predators were most dense. During our
study, zooplanktivorous fish was mainly comprised of Pacific herring, Clupea pallasii, and
Pacific hake, Merluccius productus (Sato et al. 2015, Sato et al. 2016), so we focused on these

two species. Often, we performed one tow through an acoustically-observed dense targeted
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backscattering layer (typically hake) and a second that targeted discrete fish aggregations
(typically herring).

Following capture, fish were separated by species, each species’ catch was weighed
using a digital bench scale, and then the number of individuals in each species was counted.
When abundance was exceptionally high, > ~15kg, total abundance was estimated by
subsampling a weighted portion of the total catch. For each trawl sample, we randomly sampled
100 individuals of each species to measure total lengths. When fewer than 100 were captured we
measured all individuals.

To collect information on fish feeding habits, we sampled up to 50 herring stomachs and
50 hake stomachs from the trawls for each sampling event. We aimed to split these equally
among the repeated trawls at each sampling event. However, not every trawl captured at least 25
Pacific herring and 25 Pacific hake. When one trawl captured fewer than 25 individuals, we
preserved more stomachs from the other trawls in the same sampling event to reach 50 samples.
Individual total lengths (mm) of the fish were measured, and stomachs were removed from the

individual and preserved in ethanol.

4.2.2. Sample Processing
Zooplankton Sample Processing

Samples for each sampling event were subsampled to determine the zooplankton
community composition for that site-month-year. The subsamples were identified to taxa which
were counted and measured using the silhouette method (Davis and Wiebe 1985, Little and
Copley 2003). Euphausiids were measured from the posterior base of the eye stalk to the end of

the sixth abdominal segment (Mauchline 1980). For all other taxa total length was measured.
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These counts were converted to biomass using previously derived length-weight relationships

(Williams and Robins 1979, Webber and Roff 1995, Lavaniegos and Ohman 2007).

Acoustic Data Processing

Acoustic data were processed using Echoview (version 5.4; Echoview Software Pty Ltd).
Vessel noise estimated during the acoustic surveys was removed by linear subtraction. Data
shallower than 5 m depth were removed from analyses to eliminate near-field transducer effects
and surface bubbles. Similarly, data within 0.5 m of the echosounder-detected bottom were
removed from the analysis. Acoustic backscattering strength (Sv, dB re 1 m-1, Maclennan et al.
2002) was classified as zooplankton (dominated by euphausiids and copepods), herring, or hake
based on distribution morphologies and backscattering frequency responses (Sato et al. 2015,
Sato et al. 2016). Acoustic separation of herring from hake could not be done in the night data
when both species migrated near surface and aggregations dispersed. The nautical area scattering
coefficient (NASC; m? nmi?), which integrates backscatter through the water column and
standardizes area to a square nautical mile, was calculated for all backscatter measurements

along all transects at each site. Hereafter, NASC is referred to as ‘backscattering density’.

Fish Sample Processing

To analyze individual fish feeding, each fish stomach was dissected open and all stomach
contents were weighed together. Contents were then separated by taxonomic group and each
group was weighed and counted. Contents that were too digested to identify were classified as

‘unknown’. We aimed to process 20 stomachs per sampling event for each species, selected
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randomly from the samples collected. If fewer than 20 were caught in a sampling event, which
occurred 5 times for herring and 9 times for hake, then we processed all samples available.

As euphausiids were a dominant prey item, we sought to determine the euphausiid sizes
consumed by hake and herring. We measured the length of individual euphausiids in a subset of
fish stomachs under a dissecting microscope. Stomachs were chosen randomly. For the first
1,000 intact euphausiids measured across stomachs, we measured both carapace length and total
length (measured from the base of the eye to the end of the sixth abdominal segment) so that we
could estimate the ratio of the two and apply this ratio to euphausiids that were not intact.
Euphausiid lengths were measured for each fish species for each month for a total of 898

euphausiids from hake stomachs and 1369 euphausiids from herring stomachs.

4.2.3. Data Analysis
Dissolved Oxygen

We sought to characterize the water quality, represented by DO level, in terms of
expected impacts to marine life. Averaging DO over the water column would not provide an
accurate measure of the severity of DO conditions to organisms, as biological responses to
oxygen can be non-linear (Pollock et al. 2007, Hrycik et al. 2017) and as an average would not
incorporate factors such as phytoplankton blooms. Another way to describe conditions is to
calculate the proportion of the water column below a prior defined threshold DO value (e.g. 2.0
mg I"); however, pilot analyses indicated that subsequent statistical results were highly sensitive
to the choice of the threshold DO values. To solve these problems, we created a ‘Dissolved
Oxygen Score’ (DO score) that incorporates the vertical extent of the water column with low

oxygen and the intensity of oxygen depletion into a single, continuous variable, such that
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0 DO; > DOyes
s(DO}) = >. thresh
ADO;) otherwise

where DOumresh IS the threshold value chosen for where low DO begins to affect marine life and
DOi is the observed dissolved oxygen at depth i.

We explored two alternatives for f(DO:i), though both share the common attribute of
growing larger as DOi decreases. We considered a linear function, which would suggest the
marginal effect of DO depletion is constant as DO decreases,

f(DOy) = Bo+ B1DO;,
where f3, is the index score at DO = 0 and f; is the degree of response, or how much the DO
score changes for a 1mg I change in DO. This model can be parameterized by specifying
DO¢pyesn @and fr.or Where fr..¢ is the value of f(DO;) when DO;i =2 mg I1. As an alternative
function, we also explored a log-linear function, such that
f(DO;) = exp(Bo + B1DOy).

We parameterized this model using the same DO¢p,.esp, and f..¢ Values as above. In all
cases, we averaged s(DO;) across all evenly-spaced increments of the water column to generate a
scalar that describes DO conditions at the sampling site.

Because the DO values at which biological responses will occur varies among species
and systems, we conducted sensitivity analysis by generating DO scores under alternative
assumptions of DO¢pyesp and frr. We considered values of DOihresh = 3 mg It and 5 mg I for
the linear model. Separately, we also parameterized DOinresh and frer (DOthresh = 4 mg IL; fref = 1 at
DO =4 mg I") so that it was equivalent to the proportion of water column that had DO below 4

mg I,
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Bayesian Analyses

We assessed the effect of DO score on the measurements of interest (stomach fullness,
diet composition, Pacific herring biomass, Pacific hake biomass, and prey availability) by fitting
a linear mixed effects model in a Bayesian framework. The multi-level Bayesian framework
allowed us to propagate uncertainty in estimated hypoxia effects on measured quantities
(fullness, diet composition, acoustic density, prey availability) and through to derived quantities
(per-capita feeding, population-level consumption, relative consumption). Our approach
involved fitting the response variable to a model with year, diel, month, and DO score as fixed
effects, and site as a random effect to account for lack of independence of samples collected in
the same site (Gelman 2014). This framework allowed us to separate site effects from low DO
effects, while also modeling seasonal trends. However, it assumed month, diel, and year effects
are consistent across sites (e.g., June vs. October has the same effect at each site).

Our base approach to all analyses is to fit linear models with multi-level effects of
sampling site and fixed effects for time of day, year, and month. Thus, for any response variable:

y=pBX+4+uZ+¢

where y is vector of observations, X is the model matrix for fixed effects, Z is the model matrix
for site effects, and u are vectors of fixed effect and random effect coefficients, respectively. e
is a vector of residuals, assumed to be normally distributed with mean of 0 and standard
deviation ¢. The standard deviation consists of two components, the model error (o,,04¢;) Which
is estimated, and the observation errors (o,,,) that are quantified outside of the estimation

routine:

_ /2 2
g = amodel + O-obs
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The multi-level parameters (site effects) were assumed to follow from a normal distribution with
mean equal to u, and standard deviation g,,. Data were transformed as needed to be
approximately normal: diet fraction was logit transformed, while stomach fullness index and
acoustic data were log transformed.

We used weak priors on parameters to aid in model convergence. As per convention, we
used Cauchy priors for g; ; with location and scale parameters set to 0 and 2.5, respectively
(Gelman 2006). A location parameter of O represents our prior belief that there are roughly equal
odds of a positive or negative effect of each predictor. A scale parameter of 2.5 means that a
coefficient of 2.5 is presumed one-half as likely as a coefficient of 0. We used half Cauchy priors
for all o parameters, with location set to 0, where g,,,,4.; had its scale parameter set to 2.5 and g,
set to 1. The more restricted prior for a,, was necessary because with only 4 sites convergence
issues arose when it was less constrained. Priors for site effects were also weak, so that u,, ~
Cauchy (x, 2.5) where x = 0 for logit diet fraction, log fish density, and log prey availability and
x = —3 for log fullness. The location parameter of -3 was based on the log fullness data mostly
ranging from -5 to -2.

All Bayesian analyses were run in Stan (Stan Development Team 2017b) with the NUTS
(no u-turn sampling) algorithm (Homan and Gelman 2014, Carpenter et al. 2017, Stan
Development Team 2017b), using rstan v. 2.15.1 (Stan Development Team 2017a), runin R v
3.4.0 (R Core Team 2017). Models were run with 3 chains of 10,000 iterations each, plus a
warm-up period of 5,000 iterations. Chains were not thinned. Models outputs were checked to
ensure no divergent transitions occurred, and for convergence by looking for the scale reduction,
R, to be near 1 (Gelman and Rubin 1992). Posterior predictive checks were visually analyzed to

evaluate model fit.
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Measured Quantities
Using this Bayesian model framework, we sought to model each of the individual and
population-level quantities we measured directly: stomach fullness, diet composition, Pacific
herring backscattering density, Pacific hake backscattering density, and prey availability.
Stomach fullness indices for each stomach were calculated from total stomach contents’

mass and length using the standard equation,

stomach content mass
fish length (mm)3

fullness = ( ) * 100

Diet composition for the predators was estimated from stomach contents. For this, we
used the estimation model from Moriarty et al. (2017). Stomach masses were variable and
sometimes contained covariance between total stomach contents’ mass and the importance of a
particular prey taxa, as well as sporadic individuals with much higher consumption amounts than
the rest of the individuals in that trawl. The Moriarty et al. (2017) method is similar to a
weighted mean, but specifically accounts for these issues in the diet proportion estimates,
making it preferred here. We created a Bayesian version of this model, which provided more
robust estimates of observation error and variance. Uninformative priors were chosen for all
parameters (Supplement A4).

Prey and predator biomasses were approximated using acoustic backscatter.
Backscattering densities can be converted to biomass estimates using additional assumptions.
However, as we seek to document relative changes in energy flux, and not absolute changes, we
avoided making these additional assumptions and used backscattering density as an index of

biomass. As separate acoustic densities could not be estimated for Pacific herring and Pacific
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hake at night, we approximated the nighttime densities using the daytime densities. This required
the assumption that fish remain in the same site between day and night.

The availability of prey depends on the zooplankton community biomass and
composition, as well as size selectivity of the predators. Preliminary analysis of stomach contents
indicated that euphausiids were a dominant prey for both Pacific herring and Pacific hake, with
amphipods as a secondary prey. As a result, we focused our analysis on energy flow from
euphausiids and amphipods to Pacific hake and herring. Total euphausiid acoustic density was
calculated from the zooplankton acoustic density and proportion of the zooplankton biomass that
was euphausiids as determined from the zooplankton net tows.

Zooplanktivorous fish are frequently size selective, so the availability of euphausiids as
prey is not necessarily equivalent to the biomass of euphausiids in the system. From the size
distribution of euphausiids in stomachs of each herring and hake, we used the 25" percentile to
estimate the minimum preferred size for each predator species. Then, we calculated the
proportion of the euphausiid community that was above this size in each month and year. For
amphipods, data on preferred size was not available, so we assumed that there was no size
selectivity.

For each year-month, these measurements were combined to estimate prey availability of
euphausiids. Prey availability was measured as the product of zooplankton acoustic density,
proportion of zooplankton by biomass that was euphausiids, and the proportion of euphausiids at
the size consumed by fish,

prey available = S, * p, * ps,
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where pe is the proportion by biomass of the zooplankton population that is euphausiids and ps is
the proportion of the euphausiid population that is the preferred size. Similarly, amphipod
availability was calculated from

prey available = S, * p,,
where pa is the proportion of the zooplankton population that was amphipods. Noe that as
amphipod availability does not consider size selectivity and as different taxa have different
backscattering densities, which is not incorporated in these calculations, euphausiid and
amphipod availability indices are not directly comparable. Each, however, does indicate relative

changes between sites, months, and years for that taxa.

Derived Quantities

We additionally sought to assess how the observed DO levels affected the derived
quantities: per capita feeding of each predator on each prey type (the product of prey
composition and stomach fullness index), the population-level consumption of each predator of
each prey type, and the ratio of consumption to prey biomass. Per-capita feeding was calculated
as the product of stomach fullness and the diet composition of the predator. We fit the
probability densities, g and u, for both diet proportion and fullness simultaneously, and
propagated uncertainty in those terms to estimate the probability density function of predicted
per capita feeding rate, p. For each site, year, month, diel period combination, given the observed
DO metrics:

p = exp(B(HX +u(f)X) * logit ' (B()X + u(c)2),

where £(f) and u(f) are the estimated coefficients fit to log-fullness, and $(c) and u(c) are the

estimated coefficients fit to to logit(c).
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Population-level consumption was calculated from per-capita consumption and acoustic
backscattering densities. Uncertainty in the density and per-capita feeding estimates was
propagated forward, such that

p =0 *(exp(B(@X + pla)X),
where p is the predator’s population level consumption, S(a) and u(a) are the estimated
estimated coefficients fit to log-backscattering density.

Finally, relative consumption of the prey type (#) by the predator was calculated from

total population consumption and prey availability,

p
exp(B(2)X+u(2)X)’

T =

where B(z) and u(z) are the estimated coefficients fit to log-prey availability.

From these estimated coefficients, we predicted each derived quantity for each sampling
event. We made these predictions under two scenarios: 1) the observed DO conditions and 2) an
alternative scenario when there was no hypoxia. From these predictions, we estimated the
probability that the observed DO led to an increase or decrease in the derived quantities. We
considered an ecologically significant change as being more than a 20% change in the derived
quantity value. Therefore, our metric of detecting an effect of DO was the difference in the
probability of an increase and the probability of a decrease,

é = P(> 20% Increase) — P(> 20% decrease)
where ¢ is the estimated effect of DO. This results in a metric that can range from 1 to -1, where
1 indicates a high probability that low DO led to an increase in the derived quantity, O indicates
there is no evidence of a change due to DO, and -1 indicates a high probability of a decrease in

the derived quantity due to low DO.
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We also employed 10-fold cross validation for the measured quantities as a model
selection technique to determine the importance of each variable. Cross-fold validation estimates
the effect of a subset of the data on the estimated parameter values (Hooten and Hobbs 2014). It
excludes a subset of the data, fits the models, predicts the out-of-sample data, and compares
those predictions to the actual out-of-sample data. Here, we split the data into 10 groups and
performed this process while excluding each group. To compare models using cross-validation
results, we used the sum of the score for each group, such that each group’s score is the average
of the likelihoods of the removed data given the parameters for each of the MCMC iterations.
The sum was then multiplied by -2 to be consistent with traditional model selection techniques

(Hooten and Hobbs 2014), such that a smaller value means the model had a better fit. That is,

T t
Score = -2 * 512, log (Bl
The scores from this 10-fold cross validation were compared between models that did

and did not include DO score as a predictor. This allowed us to determine whether including DO

score improved our ability to predict the quantity of interest.

4.3. RESULTS

4.3.1. Dissolved Oxygen

All sites reached at least mild hypoxia, with portions of the water column having DO <4
mg I* at some times. Sites Union and Hoodsport in the south exhibited higher DO scores (e.g.,
more hypoxia) in all months than the northern sites, Duckabush and Dabob (Figure 4.2, Figure

B4.1). A seasonal cycle was evident in both years, where DO score increased from early to late
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season. In 2012, the difference in DO score between the southern sites and northern sites
increased over the course of the season, as three of the four sites continued to experience
increased hypoxic conditions through October. In 2013 the hypoxic cycle differed such that DO

scores peaked at all sites in September and then decreased in October.

4.3.2. Measured Quantities

Herring diet composition was dominated by euphausiids with amphipods of secondary
importance (Figure B4.2). Model selection procedures supported a model including year, diel,
and site effects (Table 4.1), suggesting that DO was not an important factor driving feeding
preferences. This was supported by the full model estimate of 8, = -0.38 with a wide prediction
interval that includes zero (95% PI = (-1.8, 0.99)).

Euphausiids were also the main prey of Pacific hake, though amphipods were less
important than for herring (Figure B4.2). Similarly to the herring, cross-validation did not
provide support for models that included DO score, suggesting that DO did not have an influence
on hake diet composition (Table 4.2). This finding was further supported by posterior
probabilities of the model coefficient estimate of DO (Bp, = -0.15, 95% PI = (-1.92, 1.59)) in the
full model.

Pacific herring stomach fullness was highly variable. Mean fullness did not show clear
trends across the season, though it did reach higher rates at the northern sites than at the southern
sites (Figure 4.3). Model fits of mean stomach fullness were less variable and elucidated a
seasonal pattern among sites. Mean fullness was greatest in the early and latest sampling months.
Analysis of Pacific herring stomach fullness revealed poor evidence for an effect of DO on

fullness. Models that did not include DO score were slightly preferred by our model selection
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procedure (Table 4.1). Additionally, model DO score coefficient estimates were slightly negative
(e.g., fullness increased with oxygen levels), but again spanned zero (ﬁ’; =-0.30, 95% PI = (-
1.57,0.95)).

Similarly, there was no evidence of an effect of DO on stomach fullness of Pacific hake.
Models that did not include DO had the strongest support (Table 4.2), consistent with model
coefficient estimates supported (Z’; =-0.08, 95% PI = (-1.47, 1.31)).

Backscattering densities of Pacific herring were highly variable over the season and
between years without a clear difference among sites (Figure 4.4). Model fits remained variable,
though showed some seasonal trends. Fitted densities were higher in July and September largely
due to high observed backscattering densities in sites Union and Dabob. However, in 2013, fitted
backscattering densities were far less variable and were largely constant over the season and
among sites. Models without a term for DO were selected by cross-validation (Table 4.1), which
agrees with this high variability and low evidence of a pattern. Similarly, model coefficient
estimates did not indicate an effect of DO on backscattering densities (8, = 0.90, 95% PI = (-
0.27, 2.01)).

Pacific hake acoustic densities were also highly variable among months in both years
(Figure 4.4). Model fits for Pacific hake in 2012 were opposite to that of herring at the southern
sites, where hake acoustic densities decline in July and September. However, in 2013, the
acoustic densities peak in July and September. Models that do not include DO score as a
predictor were selected using cross-validation (Table 4.2). Again, model coefficient estimates for
the full model agreed, as B, = -0.01 (95% PI = -0.73, 1.64).

Euphausiid availability for herring and hake consumption was variable, but increased

over the season at most sites (Figure 4.5). Model fits reflected this trend and were higher in the
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late season at all sites and years. Models that included DO score did have the strongest support
for prey availability of both Pacific herring and hake (Tables 4.1, 4.2). Model coefficient
estimates indicated a potential negative effect of DO score (e.g., prey availability decreased with
increasing hypoxia), though the prediction intervals still included 0 (hake: B; =-1.60, 95% PI = (
-3.55, 0.25), herring: [?; =-1.58, 95% PI: = (-3.53,0.26)). This pattern of a negative DO score

effect was driven by a large increase in euphausiid availability in the northern sites that was

either absent or heavily dampened in the southern sites (Figure 4.5).

4.3.3. Derived Quantities

There was marginal evidence suggesting that Pacific herring per-capita consumption of
euphausiids decreased with intensified hypoxia (Amphipods shown in supplement B4). We
calculated the ratio of predicted mean per-capita consumption when DO score was 0 (no
hypoxia) compared to the predicted levels when DO scores were nonzero (from here on referred
to as the ‘proportional change’). The median proportional change declined in the southern sites,
though the posterior variance was large, leading to large credibility intervals (Figure 4.6). We
further assessed the role of DO by calculating the difference in posterior probabilities of a 20%
increase in per capita consumption and 20% decrease. This metric suggested that DO was about
50% more likely to have induced a decline than an increase, especially in 2013 (Figure 4.6). In
contrast, the northern sites showed no change over the season because DO levels were generally
high.

Per-capita consumption of Pacific hake showed no evidence of a DO effect (Figure 4.7).
The proportional change for per-capita consumption was constant across sites, though credibility

intervals were again large. The probability of an increase in per-capita consumption was
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approximately equivalent to the probability of a decrease at all sites, supporting this lack of
effect.

There was weak evidence that population level consumption was affected by hypoxia for
both Pacific herring and hake (Figure 4.8, 4.9). The median proportional change of the
population-level consumption increased at the southern sites in the late season for herring,
though did not change for hake. The southern sites also had larger credible intervals than the
northern sites. For herring, the southern sites also exhibited a slightly greater probability of an
increase than a decrease in population-level consumption, suggesting that for herring,
population-level consumption may have mildly increased under hypoxia.

There was modest evidence that relative consumption of euphausiids (the ratio of fish
consumption to prey availability) increased with hypoxia for both Pacific herring and hake
(Figures 4.10, 4.11). For both species, the median proportional change increased in the southern
sites, while remaining constant at the northern sites. However, the prediction intervals were quite
large, as the model predictions incorporates uncertainty from multiple measured variables.
Despite the large credible intervals, the probability that hypoxia increased relative consumption

approaches 1 for the southern sites for both hake and herring.

4.3.4. Sensitivity Analyses

While coefficients and predictions varied with different ways of calculating DO
conditions, the overall patterns were similar. The strength of model results was marginally
sensitive to the choice of threshold in the DO score. When DOypreshoia = 3 mg 11 was used,

the effects of DO on fullness, backscattering densities, and prey availability were weakened,
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although the direction of the effects remained consistent. When D Oypesnoiq = 5 mg 171,

acoustic density estimates were unaffected, though the effect on prey availability decreased.
Model performance was poor when a linear relationship was assumed compared to a log-

linear relationship. When a linear model was used, the model severely underfit fullness and prey

available.

4.4, DISCUSSION

Predicting ecological changes over a range of resolutions reveals different and more
nuanced conclusions than if only a single analytic resolution such as individual or population
processes were considered. Individual and population level processes (e.g. feeding and
abundance) for fish remained constant for both herring and hake under hypoxic conditions. Yet,
a decrease in euphausiid availability with hypoxia led to a change in relative prey consumption: a
systems-level process. Including physiological, behavioral, and population processes that
influence predator-prey interactions is necessary to reveal how hypoxia affects energy transfer in
aquatic food webs.

These results demonstrate the importance of measuring ecological processes at
individual, population, and system scales. As discussed in Sato et al. (2016), the lack of changes
in spatial overlap between fish and euphausiids due to hypoxia is counter to observations
reported from other regions (Ludsin et al. 2009, Vanderploeg et al. 2009, Zhang et al. 2009, Ekau
et al. 2010). Furthermore, the total density of zooplanktivores was not sensitive to DO levels
observed during the study. This indicates that fish in Hood Canal may be more resilient to mild
hypoxia (DO < 4 mg I'%) than expected, perhaps because there are advantages to remaining in

low DO areas that we have not discerned, or the cool temperatures lead to a lower O
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requirement (Sato et al. 2016). It is also possible that while acoustic densities were unchanged by
hypoxia, individual fish did not spend long periods of time in hypoxic waters. If their euphausiid
prey remained in hypoxic areas, there may have been foraging advantages for fish to feed in
hypoxic waters and then leave (Rahel and Nutzman 1994, Roberts et al. 2012), which would not
change population-level consumption. As Hood Canal is naturally prone to seasonal hypoxia that
has been occurring for decades, the existing food webs there may be more resilient to this
environmental stressor. This may be particularly true for the years we sampled, as observed DO
was typical for Hood Canal (Dunne et al. 2002).

Spatial overlap between predators and their prey is commonly thought to be a proxy for
energy transfer, such that changes in spatial overlap are often believed to directly propagate to
changes in energy flux (Ludsin et al. 2009, Vanderploeg et al. 2009, Zhang et al. 2009, Pothoven
et al. 2012). During this study time, spatial overlap between predators and prey was maintained
in Hood Canal (Sato et al. 2016); yet, there was some evidence of an increase in the relative
consumption of euphausiids by herring and hake. By simultaneously measuring consumption,
diet, densities, and prey availability, we found a more nuanced picture of how hypoxia affects
trophic energy flow. Given the connected nature of ecological processes, assumptions that one
ecological process is solely responsible for the outcome of another is likely to be invalid in most
situations.

The weak effects of hypoxia on fish feeding and densities in Hood Canal contrast to those
observed in other systems and in laboratory experiments, emphasizing the importance of in situ
observations. Changes in feeding due to the formation of hypoxia have been observed in many
systems for a range of fish species (Pollock et al. 2007), potentially limiting growth (Portner and

Knust 2007). As hypoxia is a long occurring, natural phenomenon in Hood Canal
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(Brandenberger et al. 2011), organisms in this system may be adapted to these environmental
conditions. In other regions prone to hypoxia, fish are known to have adapted to allow them to
survive, grow, and reproduce under hypoxia or even anoxia (Val et al. 1998, Mandic et al. 2009),
particularly if the hypoxia co-occurs with other environmental stressors (Portner et al. 2005).
Our modeling framework required several assumptions about the measurements and
analysis that may affect the results. First, we used acoustic density to represent biomass, as is
commonly done (Demer and Hewitt 1995, Ott 2005, Sato et al. 2015). Backscatter is typically
converted to biomass by assuming a relationship (Foote 1983) between reflected energy, density,
and biomass, and choosing appropriate scalers to represent energy reflected from an average
individual and the conversion from length to biomass for each classified species. By using
relative backscattering densities, we did not have to choose scalar values. Additionally, the DO
score we created avoided choosing a single threshold at which organisms are affected by low
DO, but did require making a semi-arbitrary choice for parameter values. Ideally, the choice of
the threshold would be based on knowledge of species’ physiological tolerances. Unfortunately,
not a lot is known about herring and hake DO tolerances, but many pelagic fish exhibit altered
behaviors at < 4 mg It O, (e.g. Pollock et al. 2007, Parker-Stetter and Horne 2009, Hrycik et al.
2017), which formed the basis for our choice of threshold. Finally, both midwater trawling and
zooplankton net tows are known to be size selective. As an example, our trawls caught the same
length of Pacific herring from spring through fall, though we recognize that the individuals in the
population almost certainly grew over that period. Similarly, larger euphausiids preferentially
escape zooplankton nets. We chose not to use a correction factor for this escapement, as the best
estimate for an escapement correction is linear with length (Wiebe et al. 2013) and would not

affect interpretation of our results.
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Our research creates a framework for assessing responses to ecological stressors across
individuals, populations, and ecosystems. Through our framework of nested hypotheses, we were
able to measure changes in physiological, behavioral, and population processes and determine
how those influence energy flow. This framework allows for simultaneously measuring multiple
ecological processes at different resolutions then merging them to create a detailed analysis of
how the ecosystem is responding to environmental change. With continued environmental
change, understanding ecological effects at higher resolutions and integrating them to understand
effects at the ecosystem scale will continue to be vital. Hood Canal presented a unique
opportunity for this paired-site study design.

This integrated analysis framework is particularly beneficial for combining multiple
environmental measurements. The necessity of this type of assessment framework for making
ecological predictions was recently noted by Breitburg et al. (2018).The challenge of
quantitatively measuring environmental effects on marine fish has also been previously noted
(Rose 2000). In particular, Rose (2000) noted the challenge, but importance, of including
community interactions, as well as the necessity of regional predictions. Our study conclusions
support both of these as being necessary. Interpretation of our results would not have been
obtained without considering multiple ecological processes and their interactions, as well as

studying a region that may be more adapted to hypoxia than many other systems.
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Table 4.1 Scores for the 10 fold cross-validation analysis. Each column is a variable measured for Pacific

herring consuming euphausiids. Lower scores indicate a better fit by the model.

Model Fullness Diet Acoustic Prey
Composition | Density Available
Year + Diel 175.30 220.71 90.98 343.97
Year + Diel + Month 180.43 212.45 95.48 315.53
Year + Diel + DO 177.67 220.83 84.04 342.58
Year + Diel + Month + DO 181.72 214.44 91.92 313.25

Table 4.2 Scores for the 10 fold cross-validation analysis. Each column is a variable measured for Pacific
hake consuming euphausiids. Lower scores indicate a better fit by the model.

Model Fullness | Diet Acoustic Prey
Composition | Density Available
Year + Diel 117.38 141.74 110.95 343.67
Year + Diel + Month 109.02 141.33 117.51 313.14
Year + Diel + DO 119.00 143.58 114.70 341.88
Year + Diel + Month + DO 110.50 143.37 119.77 310.30
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Figure 4.1 Map of the study area, Hood Canal, in Washington, USA. Black circles indicate the
sampling sites.
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Figure 4.2 Dissolved oxygen levels at each sampling site over the season in both a) 2012 and b)

2013 (red). A dissolved oxygen score of 1 indicates the entire water column had DO < 4mg I,
while a score of 0 indicates none of the water column had DO < 4 mg I,
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Figure 4.3 Stomach fullness for Pacific herring at sites a) Dabob, b) Duckabush, ¢) Hoodsport
and d) Union (note that the y axes differ between plots). Stomach fullness is a function of mass
of stomach contents and the length of the individual fish. Points are mean stomach fullness for
Pacific herring caught at that site, month, and year. Lines are the mean model prediction and
shaded areas represent the 95% prediction intervals.
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Figure 4.4 Acoustic densities for Pacific herring (a-d) and Pacific hake (e-h) at Union (a,e),

Hoodsport (b, f), Duckabush (c, f), and Dabob (d, h) (units = m? nmi). Points are mean acoustic
densities for each species at that site, month, and year. Acoustic densities were averaged over the
water column along each transect and then across transects. Lines are the mean model prediction
and shaded areas represent the 95% prediction intervals.
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Figure 4.5. Euphausiids available for consumption by Pacific herring (a-d) and Pacific hake (e-h)

at Union (a,e), Hoodsport (b,f), Duckabush (c,g), and Dabob (d,h) (units = m? nmi). Prey

availability is a function of zooplankton community composition, size selectivity by the predator

in that month, and zooplankton acoustic densities. Points are mean prey availability for that
species at that site, month, and year. Lines are the mean model prediction and shaded areas

represent the 95% prediction intervals.
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Figure 4.6 The difference in predicted mean per-capita consumption under actual hypoxic
conditions and no hypoxia by Pacific herring over the season at Union (a, b), Hoodsport (c, d),
Duckabush (e, f), Dabob (g, h). Per-capita consumption depends on stomach fullness and diet
composition of the predator. Top panel in each panel pair depicts the difference in the
probabilities of at least a 20% increase in per-capita consumption and a 20% decrease in per-
capita consumption. The lower panel in each panel pair depicts the proportional change of per-
capita consumption. The line is the mean predicted proportional change and the shaded area
shows the 95% prediction intervals.
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Figure 4.7 The difference in predicted mean per-capita consumption under actual hypoxic
conditions and no hypoxia by Pacific hake over the season at Union (a, b), Hoodsport (c, d),
Duckabush (e, f), Dabob (g, h). Per-capita consumption depends on stomach fullness and diet
composition of the predator. Top panel in each panel pair depicts the difference in the
probabilities of at least a 20% increase in per-capita consumption and a 20% decrease in per-
capita consumption. The lower panel in each panel pair depicts the proportional change of per-
capita consumption. The line is the mean predicted proportional change and the shaded area
shows the 95% prediction intervals.
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Figure 4.8 The difference in predicted mean population consumption under actual hypoxic
conditions and no hypoxia of euphausiids by Pacific herring over the season at sites Union (a, b),
Hoodsport (c, d), Duckabush (e, f), Dabob (g, h). Population-level consumption depends on per-
capita consumption and acoustic density of the predator. Top panel in each panel pair depicts the
difference in the probabilities of at least a 20% increase in per-capita consumption and a 20%
decrease in per-capita consumption. The lower panel in each panel pair depicts the proportional
change of per-capita consumption. The line is the mean predicted proportional change and the
shaded area shows the 95% prediction intervals.
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Figure 4.9 The difference in predicted mean population consumption under actual hypoxic
conditions and no hypoxia of euphausiids by Pacific hake over the season at sites Union (a, b),
Hoodsport (c, d), Duckabush (e, f), Dabob (g, h). Population-level consumption depends on per-
capita consumption and acoustic density of the predator. Top panel in each panel pair depicts the
difference in the probabilities of at least a 20% increase in per-capita consumption and a 20%
decrease in per-capita consumption. The lower panel in each panel pair depicts the proportional
change of per-capita consumption. The line is the mean predicted proportional change and the
shaded area shows the 95% prediction intervals.
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Figure 4.10 The difference in predicted mean relative consumption under actual hypoxic
conditions and no hypoxia of euphausiids by Pacific herring over the season at sites A (a, b), site
B (c, d), site C (e, T), site D (g, h). Relative consumption depends on euphausiid availability and
the total consumption by the herring population. Top panel in each panel pair depicts the
difference in the probabilities of at least a 20% increase in relative predation and a 20% decrease
in relative predation. The lower panel in each panel pair depicts the proportional change of
relative predation. The line is the mean predicted proportional change and the shaded area shows
the 95% prediction intervals.
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Figure 4.11 The difference in predicted mean relative consumption under actual hypoxic
conditions and no hypoxia of euphausiids by Pacific hake Union (a, b), Hoodsport (c, d),
Duckabush (e, f), Dabob (g, h). Relative consumption depends on euphausiid availability and the
total consumption by the hake population. Top panel in each panel pair depicts the difference in
the probabilities of at least a 20% increase in relative predation and a 20% decrease in relative
predation. The lower panel in each panel pair depicts the proportional change of relative
predation. The line is the mean predicted proportional change and the shaded area shows the
95% prediction intervals.
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APPENDIX A4.

Table A4.1. Priors for diet model used in Stan. Any parameters not specified here used default
priors derived by Stan (Stan Development Team 2017).

Parameter Prior

Hmult Normal(0, 1)
Omult Normal(0, 1)
To Beta(1, 1)
T, Beta(1, 1)
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Figure B4.1.

Dissolved oxygen profiles at all sites in each month. Each line is the average of 2-4 separate
CTD casts. Year 2012 (a-d) and 2013 (e-h) are plotted at sites Dabob (a, ), Duckabush (b, f),
Hoodsport (c, g), and Union (d, h).
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Figure B4.3. Amphipods available for consumption by Pacific herring (a-d) and Pacific hake (e-
h) at Union (a,e), Hoodsport (b,f), Duckabush (c,g), and Dabob (d,h) (units = m? nmi2). Prey
availability is a function of zooplankton community composition, size selectivity by the predator
in that month, and zooplankton acoustic densities. Points are mean prey availability for that
species at that site, month, and year. Lines are the mean model prediction and shaded areas
represent the 95% prediction intervals.
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Figure B4.4. The difference in predicted mean per-capita consumption by Pacific herring of
amphipods over the season at Union (a, b), Hoodsport (c, d), Duckabush (e, f), Dabob (g, h). Per-
capita consumption depends on stomach fullness and diet composition of the predator. Top panel
in each panel pair depicts the difference in the probabilities of at least a 20% increase in per-
capita consumption and a 20% decrease in per-capita consumption. The lower panel in each
panel pair depicts the proportional change of per-capita consumption. The line is the mean
predicted proportional change and the shaded area shows the 95% prediction intervals.
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Figure B4.5. The difference in predicted mean per-capita consumption of amphipods by Pacific
hake over the season at Union (a, b), Hoodsport (c, d), Duckabush (e, f), Dabob (g, h). Per-capita
consumption depends on stomach fullness and diet composition of the predator. Top panel in
each panel pair depicts the difference in the probabilities of at least a 20% increase in per-capita
consumption and a 20% decrease in per-capita consumption. The lower panel in each panel pair
depicts the proportional change of per-capita consumption. The line is the mean predicted
proportional change and the shaded area shows the 95% prediction intervals.
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Figure B4.6. The difference in predicted mean population consumption of amphipods by Pacific
herring over the season at sites Union (a, b), Hoodsport (c, d), Duckabush (e, f), Dabob (g, h).
Population-level consumption depends on per-capita consumption and acoustic density of the
predator. Top panel in each panel pair depicts the difference in the probabilities of at least a 20%
increase in per-capita consumption and a 20% decrease in per-capita consumption. The lower
panel in each panel pair depicts the proportional change of per-capita consumption. The line is
the mean predicted proportional change and the shaded area shows the 95% prediction intervals.

124



| —_—
)

0 3 Dabob Duckabush
s 175 )

O O

5 @
gg
o -1
O™ 30

— b) m 2012 d)

S m 2013

i)

5 G151 : -
?O — —
o

0.0

)
o Hoodsport Union
s & 1715 B)

® O

c 9 —
£a 9]
Fao -
™ 30

_ f h)

=

S5

= ‘;%1 SE -

J

& O

o

0.3 ; ;
une Aug Oct June Aug Oct

Month

Figure B4.7. The difference in predicted mean population consumption of amphipods by Pacific
hake over the season at sites Union (a, b), Hoodsport (c, d), Duckabush (e, f), Dabob (g, h).
Population-level consumption depends on per-capita consumption and acoustic density of the
predator. Top panel in each panel pair depicts the difference in the probabilities of at least a 20%
increase in per-capita consumption and a 20% decrease in per-capita consumption. The lower
panel in each panel pair depicts the proportional change of per-capita consumption. The line is
the mean predicted proportional change and the shaded area shows the 95% prediction intervals.
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Figure B4.8. The difference in predicted mean relative consumption of amphipods by Pacific
herring over the season at sites A (a, b), site B (c, d), site C (e, f), site D (g, h). Relative
consumption depends on amphipod availability and the total consumption by the herring
population. Top panel in each panel pair depicts the difference in the probabilities of at least a
20% increase in relative predation and a 20% decrease in relative predation. The lower panel in
each panel pair depicts the proportional change of relative predation. The line is the mean
predicted proportional change and the shaded area shows the 95% prediction intervals.
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Figure B4.9. The difference in predicted mean relative consumption of amphipods by Pacific
hake Union (a, b), Hoodsport (c, d), Duckabush (e, f), Dabob (g, h). Relative consumption
depends on amphipod availability and the total consumption by the hake population. Top panel
in each panel pair depicts the difference in the probabilities of at least a 20% increase in relative
predation and a 20% decrease in relative predation. The lower panel in each panel pair depicts
the proportional change of relative predation. The line is the mean predicted proportional change
and the shaded area shows the 95% prediction intervals.
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SYNTHESIS

Individual predator-prey interactions cannot always be considered in isolation, but are
influenced by biotic and abiotic processes, each of which has direct and indirect effects. Every
interaction (“link”) between a particular predator and a particular prey type occurs within a larger
food web that is affected by abiotic factors. Other linkages may influence the predator-prey link
of interest directly, such as through competition for prey from another predator (e.g. Purcell and
Sturdevant 2001, Schnedler-Meyer et al. 2016). It may also indirectly affect the predator-prey
interaction, such as through a trophic cascade (Casini et al. 2008, Heath et al. 2014). The abiotic
environment also directly and indirectly affects predator-prey interactions by altering the
surrounding food web, such as a change in oxygen level directly changing predator or prey
abundance, which then causes predator abundance to further change as well (e.g. Baird et al.
2004, Guinotte and Fabry 2008). Finally, these biotic and abiotic effects interact, expanding the
complexity of possible effects of the food web on a specific predator-prey interaction (Conley et
al. 2009, Clark et al. 2013).

The complexity of predator-prey interactions makes quantifying these interactions
challenging. For instance, considering indirect and direct effects of a single abiotic process,
hypoxia, required sampling multiple ecosystem components to obtain a variety of data sources,
choosing appropriate methods to analyze each, and creating an analysis framework that could
combine multiple data sources, while incorporating the error corresponding to each data source.
Merging all the necessary components of information to fully understand the effect of just one
abiotic process on a single predator-prey linkage was challenging, but provides valuable

information from an ecosystem perspective. Moving forward, this form of analysis is likely to be
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progressively important as attempts to predict the effects of environmental stressors become
increasingly common.

Perhaps as a result of this complexity, there is a wide variety of methods for
characterizing predator-prey interactions and each data source presents unique challenges. In
aquatic sciences, these are predominantly stomach content data and stable isotope data (Boecklen
et al. 2011, Baker et al. 2014). However, other potential data sources include fecal matter (Trites
and Joy 2005) and cameras (e.g. Weckel et al. 2006, Yasuhiko et al. 2013). Each data source has
its benefits and drawbacks. For example, stomach content data is well-known to bias diet
estimates towards harder organisms over soft-bodied organisms, only provides a snapshot in time
of an individual’s consumption, and until recently lacked strong analytical methods (Rindorf and
Lewy 2004, Deroba 2018). However, it is straightforward to collect and inexpensive to process.
Stable isotope data provides a longer time scale of diet information (Fry 2006, Boecklen et al.
2011) and the low costs permits widespread use. Yet, stable isotope interpretation depends on an
organism’s specific physiology, requiring more mechanistic understanding before it can be
applied to new taxa and sometimes, new contexts.

Together, the research presented here provides several improvements in being able to
quantify predator-prey linkages, while also elucidating improvements still needed. Perhaps
foremost, the consequences of seemingly benign assumptions need to be considered carefully.
Choosing methods while being mindful of their limitations and how they can actually be
interpreted is a vital step towards developing an accurate understanding of trophic interactions.
The applications of stable isotopes to jellyfish is one example of this, though is not unique. For
instance, indices are commonly applied across ecology and natural resource management, but

again, are frequently not developed in clearly interpretable ways, despite being applied in this
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manner (Moriarty et al. 2018). As data sources and data analysis methods are developed and/or
their applications are expanded beyond what they were originally developed for, it is vital that
we understand how to interpret the results. Doing so will aid in developing a more thorough
understanding of ecological processes and therefore improve our ability to predict the effects of
environmental stressors.

Improved statistical methods for diet data, particularly stomach contents data, will
provide more accurate and precise information about trophic linkages (Chapters 1-2). In other
cases, novel ways to combine multiple data sources can help elucidate patterns not otherwise
apparent (Chapter 4). However, it is important to recognize that while improved statistical
methodology can help counteract some of the biases of data sources, flaws cannot be erased. No
matter how excellent our statistical methods become, data sources will always have inherent
biases. Keeping these biases in mind when choosing methods for an ecological question and
interpreting the results will always be an essential step, so that apparently straightforward
assumptions are not changing our conclusions.

The work presented here emphasizes the complexity of approaches to studying food
webs, which are an important aspect of many subfields of ecology. Ultimately, fully
understanding predator-prey interactions requires a multifaceted approach. Yet, the best methods

and interpretation of results are highly dependent on the ecological question and context.
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