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Abstract

The foraging behaviour of species determines their diet and, therefore, also emergent food-web structure.
Optimal foraging theory (OFT) has previously been applied to understand the emergence of food-web
structure through a consumer-centric consideration of diet choice. However, the resource-centric
viewpoint, where species adjust their behaviour to reduce the risk of predation, has not been considered.
We develop a mathematical model that merges metabolic theory with OFT to incorporate the effect of
predation risk on diet choice to assemble food webs. This “predation-risk-compromise” (PR) model
better captures the nestedness and modularity of empirical food webs relative to the classical optimal
foraging model. Specifically, compared with optimal foraging alone, risk-mitigated foraging leads to
more-nested but less-modular webs by broadening the diet of consumers at intermediate trophic levels.
Thus, predation risk significantly affects food-web structure by constraining species’ ability to forage

optimally, and needs to be considered in future work.
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Introduction

Understanding food-web structure—the arrangement of who-eats-whom interactions—is necessary for

understanding biomass (ergo, energy) flows and the stability of ecosystems (May||1972; |Allesina &
Tang|[2012; Rossberg [2013} |Gravel et al.2016). The trophic interactions in a food web are, in fact,

accumulations of foraging events between individual organisms; all structural properties of food webs

therefore emerge from individual foraging behaviours driven by metabolic demands (Brose et al.|2008;
PPetchey et al|2008; Pawar et al|2012; Portalier et al|2019). Although this idea is intuitive, food-web
structure, foraging behaviour, and metabolic constraints have historically been studied independently
until recently (Abrams 2010; Beckerman et al. 2010} Loeuille|[2010; |Stouffer|2010; [Valdovinos et al.|
. To mechanistically understand the emergence of food-web structure, it is therefore important
to explore the underpinning, metabolically-driven diet choice of species. To this end, previous work
has used optimal foraging theory (OFT;|Charnov & Orians [1973; [Stephens & Krebs |1986; Krebs et al.|
combined with metabolic theory (Brown et al[2004) to model the diet choice of consumers in
food webs (Beckerman et al.|2006; Petchey et al.|[2008). Optimal foraging theory stochastically models

a series of decisions for each consumer, between whether to pursue or ignore each encountered resource
item, such that their final diet composition maximises its net energy intake rate.

By using metabolically-constrained search and handling parameters in the classical OFT diet-choice

model as the mechanism for trophic link formation, Petchey et al| (2008), building on previous work
by Beckerman et al| (2006]), showed that the resulting “Allometric Diet Breadth Model” (ADBM)
could help predict links in real food webs. This result highlighted the importance of metabolic

constraints (through size-scaling) in determining diet choice, and supported the idea that OFT can

help explain food-web structure. The ADBM and its variants has since then been used to predict the

effects of temperature (Petchey et al|2010) and behavioural size-dependence (Thierry et al. 2011])

on food-web structure. Nevertheless, the predictive abilities of ADBM type models remain limited,
raising doubts about the utility of body size and OFT alone for predicting food-web structure
. Additional factors may thus be needed to explain how food-web structure emerges from foraging
decisions (Berlow et al.[2008; EkIof et al.|2013} van Leeuwen et al. 2013} \Jonsson et al.[2018).

Here, we argue that the ability of OFT to predict empirical food-web structure is limited partly

because the classical model is consumer-centric, i.e., a consumer chooses without constraints from a
set of potential resources. In reality, all species in food webs excluding top predators and basal taxa
are both a consumer and a resource, and must experience risk of predation while foraging. Indeed,
anti-predator behaviour is common—consumers from practically all taxonomic lineages modify their
foraging behaviour to mitigate predation risk (Laurila et al|1997; Schmitz et al.|1997; DeWitt et al.|
[1999; |Altwegg et al|2004; Jousset|2012), with these strategies playing a significant role in determining
the forager’s fitness (Limal[1998). Studies have also found that predation-risk-driven behavioural
responses of prey can strongly reduce their own consumption rates as predators and influence their diet
choice (Lima & Valone||1986; Metcalfe et al.|1987; Beckerman et al|1997; Pangle et al.2012; McMahon|
. Thus, most consumers cannot possibly forage optimally (in a strict OFT sense) all the
time, but still need to meet their metabolic demands while living in an “ecology of fear” (Brown et al.
1999)). We therefore propose that predation risk, by modulating optimal foraging (Berlow et al/2008),
should be an additional key factor structuring food webs (Beckerman et al.|[1997; Schmitz et al.|1997}
Kondoh|[2007; Bucher et al.|[2015). Yet, to our knowledge, no study has investigated how predation risk

and metabolic constraints together influence the foraging decisions that generate food-web structure.

In this study, we include predation risk and metabolic constraints into the classical OFT diet choice
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model to study the emergence of food-web structure. Using this “predation-risk-compromise” (PR)
model, we assemble food webs in silico, and test whether the new model better captures empirically
observed food-web structure than the ADBM type approach based on classical OFT. We focus our
discussion on nestedness and modularity as measures of food-web structure (Table S3). Empirical
food webs are known to be nested and modular (Kondoh et al. [2010; Krause et al. [2003; Teng &
McCann|2004; Montoya et al.[2006; |(Guimera et al.[2010), and both properties have been proposed to
promote the dynamical stability of food webs (Krause et al.[2003; [Thébault & Fontaine [2010; [Stouffer:
& Bascompte| 2011} |Grilli et al|2016; |Gilarranz et al.|2017). We show that the PR model outperforms
the OF model in capturing empirical food-web structure across multiple communities, and quantify

the the relative importance of optimal foraging vs. predation risk in determining food-web structure.

Materials and Methods

Foraging models

The OF model derives the optimal diet of an individual consumer that maximises its net energy
intake rate according to classical OFT (Charnov & Orians |1973; |Krebs et al.[1977)). We use biomass
consumption rate as a proxy for energy intake rate, under the assumption that the energy content per
unit biomass of resource and conversion efficiency (i.e., from biomass to energy) of consumer are both
approximately constant irrespective of consumer or resource identity (Kondoh!2007; Petchey et al.
2008), and independent of body size (Peters|1986; DeLong et al.2010; Lang et al.[2017). The total

biomass consumption rate of the j*™ consumer species in a food web can be written as

GCLAX
C(D;) = SRR 1
)= 2 <1+Zk€Dj aijkjhijk> .

1€D;

where D is the set of species in its diet, € its conversion efficiency (here assumed constant), and, for
its i*? resource species, a;; is mass-specific search rate (m%-kg=ts71), A;; its attack success probability,
hi; its mass-specific handling time (s) (the time from pursuing to subjugating the resource), and X;
the resource’s biomass abundance (density) (kg-m~=2). Equation is a multi-resource extension of the
classical (single-resource) type-II functional response (Holling1959)(SI section 1.1), and is the expected
energy intake over a large sample of iterated, stochastically-spaced foraging bouts (Charnov & Orians
1973). The consumer’s biomass consumption rate depends on its diet set, as well as the abundances
of those resource species. Using eqn , we use OFT to assign trophic links in a community with
given and fixed species abundances (SI section 1.4) as follows. For a consumer, the profitability of
each resource species is calculated as its attack success probability divided by mass-specific handling
time (SI section 1.2; eqn (S12)). According to OFT, given the profitability ranking of resource species,
lower-rank resource would not be eaten without higher-rank ones being included in the consumer’s
diet (SI section 1.1). We therefore calculate, for each consumer species in the given community, the
biomass consumption rate across the whole range of diet breadth, i.e., from eating only the most
profitable species to sequentially including others ordered by profitability until it eats all species (SI
section 1.2). The resource set that produces the highest consumption rate, Copt, constitutes the OF
diet (Fig. [[]A-B).

OF can be seen as a predation-risk-free state of a consumer, where it has the luxury of being “picky”

by ignoring not-so-profitable resources to achieve optimality. The PR model is an extension of the OF
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model to include metabolic expenditure and predation risk as additional constraints on (objectives
for) consumer foraging decisions as follows. First, we include a minimum mass-specific consumption
rate, Ciin (s71) that the consumer needs to balance its energy loss to somatic maintenance (Fig. )
(Rizzuto et al.2018). Second, we introduce the effect of predation risk on every species as follows.

First, we quantify realised predation risk (Pgsk) for every species as

where > Xjea is the total biomass of all its realised consumers, > X,y is the total biomass of all
(including the realised) consumer species, and the exponent ep determines how Pyg increases with
>~ Xieal (Fig. S1). Thus, Py is bounded between 0 and 1 (Fig. ) Then, for a given species’ Pyisk
value, its corresponding risk-compromised consumption rate, Clisk, necessarily lies between the optimal
(OF) consumption rate Copy and Cin (Fig. [[JlC-D), such that:

C(risk = Cmin + (1 - Prisk)(Copt - Cmin)

Then, the resource set that yields the closest-but-higher consumption rate than this risk-compromised
value is the predicted predation-risk-compromise (PR) diet (the diet set above the dashed line in Fig.
that is closest to it). That is, the P, value determines where a species lies between two extremes,
depending upon its trophic position in the food web. When there is no risk (Xyea1 = Prisk = 0), predator
avoidance is unnecessary, and the population can forage optimally (well exceeding its Cyiy). This is
essentially equivalent to the classical OFT condition (i.e, the OF model). At the other extreme, where
the consumer bears maximum predation risk because all possible species forage on it (Xyea = Xan, S0
Piisk = 1), the need for predator avoidance outweighs the optimal consumption objective, such that the
consumer forages in a way that minimises predation risk, while still meeting the Ci;, threshold. This
can be accomplished by taking a suboptimal diet that requires the least time spent doing risky foraging
actions (searching/waiting vs. handling), yielding a consumption rate closest to, or exactly at, the
threshold Cinin. Thus, in the PR model, consumers are simultaneously trying to meet three objectives:
foraging optimally, mitigating predation risk, and meeting an energetically-minimum consumption rate.
This approach is in the spirit of foraging models that use multiple-objective dynamic programming by
Rothley et al.| (1997).

There are two possible ways that consumers can mitigate risk, depending on which of searching
(waiting, if the consumer adopts sit-and-wait foraging) and handling is the riskier action. If handling is
less risky than searching, the consumer can accept more resource types (i.e., becomes more generalised),
effectively lowering the time allocated to searching/waiting within a foraging bout relative to what
OFT would predict (resulting in a “diet-broadening” strategy). Conversely, if searching is less risky
than handling, it can pursue only the more profitable resources which require less time to handle for
gaining the same amount of energy (i.e., it becomes more specialised), effectively lowering the total
time allocated to handling within a foraging bout (resulting in a “diet-narrowing” strategy) (SI section
1.3). In the following sections, we focus on the diet-broadening strategy because assuming handling
being the less risky action is empirically supported (see “Discussion”), and the diet-narrowing strategy
also effectively converges to the OF model in our simulation. Simultaneously allowing both strategies
converges to the broadening case. For full results of all strategies, see SI section 7. Finally, note
that we define Pygx (eqn ) to be monotonic under the assumption that other mechanisms affecting

predation risk of a species, such as interference between its consumers, are less important than the
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effect of increasing the abundance of those consumers per se.

Building food webs using the foraging models

We use metabolic scaling theory to parameterise the foraging models (SI section 1.4-1.5). In short, X,
a, A, and h of eqn and the Chy, of the PR model are specified using body mass-based scaling rules.
These update the ADBM model parameterisations (Petchey et al. 2008|) with new, empirically-validated
relationships (Table S1). We recognise that there is uncertainty in both the mathematical structure and
exact parameterisation of the quantities. Therefore, we test the robustness of our results to variation
in these formulations as described in the “Synthetic food webs” section.

Given the values of parameters, we generated predicted food webs by applying each of the above
two foraging models to every consumer species in a given community. The set of species could either
be from an empirical community or a synthetic one, as explained further below. All simulations and
analyses were performed using R (ver. 3.4.4) (R Core Team|2013).

To assemble OF webs, we simply apply the OFT diet criteria simultaneously to each consumer
species in the communities (eqn ; Fig. —B). In contrast, PR webs were assembled using the the

following iterative algorithm (pseudocode in SI section 2):

1. Generate an initial web following the OF diet choice rules using eqn . Notably, this is not the
OF web against which the PR web will be compared.

2. Calculate the predation-risk index (Pysk) of each species using eqn .
3. Re-assign resource links for each species according to the diet-broadening strategy (Fig. fE).
4. Repeat steps 2—-3 until both P,k and the web’s topology do not change anymore.

In step 3 we choose the diet-broadening strategy because using a diet-narrowing strategy effectively
reproduces the food-web structure predicted by the OF model (SI section 7). Thus, in each iteration of
steps 2-3, predation risk of certain consumers increases, which broadens the diet of those consumers
in order to find the best risk-compromised diet, which, in turn, imposes additional predation risk to
those newly-consumed species. This results in a sequential broadening of diets across trophic levels in
each iteration until a steady state where no more diet broadening (and therefore no more change in
predation risk) occurs.

Most food-web topological features, and nestedness and modularity in particular, are connectance-
dependent (Thébault & Fontaine |2010)). Therefore, to generate PR and OF webs with comparable
connectance to the empirical web, we manipulated the magnitude of handling time (ho; SI section
1.4) while generating the model webs, keeping species’ abundances fixed (SI section 3). We choose to
manipulate handling time instead of abundance to control food-web connectance because the aim of
our foraging models is to generate a predicted food web based on given information, and abundance
across a wide range of species is arguably better-quantified empirically (i.e., measured or estimated)
than handling time.

We note that the aim of this study is not to make the best model to reproduce food webs, but to
quantify the effect of predation risk and maintenance metabolic rate constraining optimal foraging
in food webs. We therefore focus on the difference between the foraging models per se, and do not
compare these with existing web-generating models such as the cascade (Cohen & Newman||1985)

and niche (Williams & Martinez||2000) models and their variants. This is also the reason why our
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OF food-web assembly method differs fundamentally from the ADBM in that we do not search for
parameters that optimise the fit of the OF or PR models, as this would prevent us from effectively

comparing performance (predictive ability) of the OF and PR models for each set of parameterisations.

Comparing ability of the foraging models to capture empirical food-web structure

To compare the ability of the OF and PR models to capture real-world food-web structural properties,
we used twelve terrestrial and aquatic empirical food webs with nodes well resolved to the species
level (SI section 5). Because of the size-ratio biased (i.e., large-eats-small) nature of the allometric
constraints we use (also see Petchey et al.[2008), we confined our study to carnivorous, herbivorous,
and detritivorous interactions, excluding pathogenic, parasitic, and symbiotic interactions from each
empirical food web.

Based on four attributes of each empirical food web—species richness, identities of basal species,
species’ body masses, and connectance—we generated fifty OF- and PR-predicted food-web counterparts
each. The parameters X, a, A, h, and Cp, used for web-generation were specified as above-mentioned
but with the constant and exponent(s) re-sampled from a normal distribution with means equal to
the specified values and standard deviation as one tenth of the respective mean. This allowed us to
account for parameter uncertainty. The preferred body-size ratio, R,, was set to be the observed
median resource-consumer body-mass ratio of each empirical web.

The connectance for the OF and PR model webs was matched to the empirical value by manipulating
ho value as mentioned above. The consumption rate threshold, Cpy,, of the PR model automatically
set an upper bound for hg, preventing it from being biologically unfeasible. When hg becomes too
large, even the optimal consumption rate for certain species falls below Chyin, which is unfeasible and a
PR food web cannot be generated. This also imposes a lower-bound on the connectance that PR food
webs can achieve. During the simulation of PR food webs, we began by assuming a linear relationship
between predation risk of the focal consumer and the total biomass of its predators (i.e., ep in eqn ,
equals one). Whenever the combination of empirical community attributes and the parameter values
failed to produce a PR counterpart with acceptably close-to-empirical connectance (i.e., within 10%),
we lowered the extent of the diet-broadening effect by increasing ep by 0.25 and re-assembled the PR
food web (SI section 1.5). This process was repeated until an acceptable PR food web was produced.
The summary of connectance and ep values of the fifty replicates of each empirical community can be
found in Table S4 and shows that the mean value of ep was typically not much larger than one.

Nestedness and modularity of empirical and model food webs were measured using the NODF and
modularity indices, respectively (Table S3). We quantified how well the two foraging models captured
these features of empirical food webs by calculating their absolute deviations from the empirical value.
The comparison of performance was made by collapsing the fifty replicates of the twelve communities
to 600 paired observations (paired by identity of replicates, as for each replicate the OF and PR web
are generated with the same set of re-sampled parameters), then checking whether the deviations
are smaller in PR than in OF. These paired observations were then compared using a linear mixed
model (LMM, using the 1mer function of the R package 1me4 (Bates et al|2014)), where the type of
model (OF vs. PR) was set as the fixed effect, and community and iteration as nested random effects.
To test if the performance results were consistent across different communities, we also conducted a
community-specific comparison of the above-mentioned deviations using a paired-Wilcoxon test. Along
with nestedness and modularity, we also analysed how well the two models captured several additional

metrics that are commonly used in the literature to quantify food-web structure (results in SI section
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Synthetic food webs

We also generated synthetic food webs to gain further insights into the differences in food-web structures
generated by the OF and PR models, the mechanisms generating these differences, and to test their
structural sensitivity. For this, we assembled and compared synthetic food webs based on the OF
model, PR model, and a null model where the links are randomly assigned. Structural differences
between OF and null food webs allow us to identify structural signatures of optimal foraging per se,
while differences between OF and PR webs allow us to understand the additional structural effects of
predation risk.

To test the sensitivity of our results to the structures of the metabolic models used for the foraging
parameters and in food-web attributes, we repeated the above simulations and comparisons across
fourteen schemes (Table S2). Each of these schemes is a unique combination of food-web attributes
(species richness, proportion of basal species, mean and variation of species body masses) and parameters
of foraging models (X, a, A, h, and ep; eqns & ) Note that scheme 1 served as a baseline, with
all others varying one attribute or parameter at a time. For further details about schemes, see SI
section 1.4.

Thus, we independently simulated fifty synthetic communities for each scheme based on scheme-
dependent attributes and parameters. For each simulation, a given number of species were generated,
and a designated number of these were randomly picked to be basal species. Species body masses were
randomly drawn from a log-normal distribution (Preston|[1948; |Engen & Lande [1996; Pawar 2015)
with scheme-dependent mean and standard deviation, which were considered to cover a range that is
representative of empirical values (Table S4). Biomass densities of species were then derived based
on a scheme-dependent scaling exponent. Across the three derived food webs (OF, PR, and null) for
each synthetic community, the total number of links and the identities of basal species were kept the
same. Also, cases where extra basal species (i.e., additional species with no resource other than the
pre-picked basal species) or isolated basal species (i.e., basal species with no species consuming them)
were by chance produced were discarded and replaced with new simulations. As the parameters were
kept constant under each scheme, the variation among replicates here is due to the difference in species
composition among synthetic communities. Structure quantification was done in the same way as
described in the previous section. For each scheme, we compared the model-generated nestedness and
modularity by LMM with the type of model (i.e., OF vs. PR vs. null) as the fixed and iteration as the

random effect.

Results

In general, the PR model predicts the two key empirical food-web features better than the OF model.
For nestedness, the PR model deviates significantly less from empirical networks than does the OF
model (Fig. , though empirical food webs tend to be more nested than the counterparts predicted by
either foraging model (Fig. ) The PR model produces closer-to-empirical nestedness in nine out of
twelve empirical communities (Fig. ) In terms of modularity, the deviations of the PR model are
again significantly smaller than those of the OF model (Fig. . How model-predicted webs differed
from the empirical webs was community-dependent (Fig. ) Here again, the PR model performs

better in nine out of twelve empirical communities (Fig. 3B).
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Our analysis of synthetic food webs demonstrates that the structural features generated by the
foraging models are largely insensitive to variation in food-web attributes or specification of the
mathematical structure of the foraging parameters (Fig. . The OF model tends to produce more-
nested synthetic food webs than the null model in practically all schemes, and the PR model consistently
generates more-nested food webs than the OF model (Fig. ) In contrast, the modularity of model-
generated synthetic webs, in comparison to null webs assembled at random, did depend on the scheme.
Nevertheless, the differences between the OF and PR model predictions per se remain robust across
schemes, with OF food webs nearly always being more modular (Fig. [4B).

Besides the focal structural measures of nestedness and modularity, we also measured several other
food-web structural metrics. The PR model also better captured empirical values than the OF model
in the level of clustering, and variation in resource-consumer body-size ratios. Synthetic webs also
showed a systematic and robust difference between the two models for all metrics. For further details,

see SI section 7.

Discussion

Understanding the mechanisms and constraints that lead to the typically non-random structures of food
webs remains a central challenge in ecology (May|1973; McCann!|[2000; |Allesina & Tang|2012; [Rossberg
2013). We have shown that predation risk constrains optimal foraging in ways that have significant
consequences for food-web structure. Specifically, an assembly model that incorporates predation risk
(PR) generates more nested but less modular food webs than by optimal foraging (OF) alone, providing
a better fit to the empirical data for both of these measures (Fig. . In addition, PR also causes
other food-web features to deviate systematically from those produced by the consumer-centric OF
model (SI section 7).

Under both OF and PR assembly, the trophic level of consumers increases with their body mass,
and in-degree (diet breadth) has a dome-like relationship with body mass (Fig. S4 & S5) because the
preferred body-size ratio (R,) is fixed. However, predation risk results in a broader diet at intermediate
trophic levels than OF alone (Fig. [5B-C), which is also more empirically realistic (Fig.[fJA). Furthermore,
nestedness quantifies how much the diet of some consumers are subsets of the others, so it increases
with the average diet overlap among species. The risk-driven increase in diet breadth of intermediate
trophic-level (also intermediate-sized) consumers, effectively increases diet overlap, and therefore also
nestedness. Thus, the predation-risk constraint helps to explain why empirical food webs are more
nested than randomly-connected ones. Modularity, on the other hand, is essentially a measure of
compartmentalisation—the degree to which species’ can be rearranged as highly connected groups with
few inter-group connections. A food web has high modularity if the diet matrix can be arranged in
distinct blocks. Thus, the diet-broadening effect of predation risk at intermediate trophic levels may
increase the diet overlap within groups, making them more strongly connected, effectively increasing
modularity. However, it may also blur the distinction among groups, effectively decreasing modularity.
Therefore, the change in modularity produced by PR is less predictable than nestedness, and largely
depends on the body-size structure of the community (Fig. [AB).

Overall, incorporating predation risk improves the predictive ability of OFT-based assembly models.
This improvement is not tremendous but significant. Although we compared empirical and model-
generated food-web structures using a particular model structure, our study of synthetic food webs

shows that our results are robust to variation in model structures and parameterisations. Thus, in
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nature, predation risk likely affects consumers’ diet choice in a similar manner to the mechanisms we
modelled. Specifically, consumers essentially have to meet multiple objectives or constraints while
choosing their diet composition: maximizing consumption rate and (classical consumer-centric optimal
foraging), meanwhile mitigating predation risk and maintaining a minimal consumption rate necessary
for somatic maintenance. Nevertheless, the PR-predicted food-web structures still show considerable
discrepancies from empirical webs. In particular, empirical food webs are consistently much more
nested than model-predicted webs. There may be a number of reasons for these discrepancies, and our
general framework can be extended in multiple ways to arrive at more precise models for predicting
trophic links in real food webs.

First, the conversion coefficient (e; eqn (1)), the dimensionality of search rate (a; SI section 1.4),
and preferred body-size ratio (R,; SI section 1.4) are each assumed to be constant across species.
However, all of these likely vary in the real world. R,, in particular, determines the shape of attack
success probability (A; SI section 1.4) and handling time (h; SI section 1.4) across the spectrum of
resource-consumer body-size ratios. This, in turn, influences the degree of diet overlap among species
and therefore the web’s nestedness. Comparing scheme 12 to scheme 1 (Table S2) of the synthetic food
webs as an example, we showed that the way null webs differ from the OF and PR webs in nestedness
is mainly affected by the shape of the chosen handling time function (eqn (S21) vs. eqn (523); Fig. [4A).
Therefore, improved data on species-wise R,’s will likely improve the the ability of both OF and
PR models to predict the nestedness of empirical webs. Similarly, literature has shown that e differs
between consumer types (e.g., carnivores vs herbivores) (Lang et al|2017), and the exponent as well as
intercept of the body-size scaling of search rate varies between 2D and 3D interactions (Pawar et al.
2012). Incorporating better-resolved information on these parameters, if available, would be expected
to generally improve the predictive ability as well.

Second, when assembling food webs, we allowed all species in the community to be a potential
resource of each consumer. However, in reality, species may have foraging or anti-predator traits,
or spatio-temporal differences in phenology (Holomuzki|1986; [Tollrian |1995; Relyea |2001; Turner &
Montgomery| 2003; Mikolajewski et al.|2010; [EkIof et al.2013) that essentially forbid certain links.
These body-size irrelevant constraints could possibly be better captured by food-web models based on
phylogenetic relatedness (Cattin et al.2004; Naisbit et al.2012), which encodes such information. In
this study, we adopt a size-driven mechanistic modelling approach to focus on our aim, which is to
explore how our understanding of food-web structure can be improved by including metabolic and
predation-risk constraints into OFT, but necessarily ignore these other constraints.

Third, the form of the predation-risk index (P,s;) function (eqn (2))) could also be refined. We
have assumed that the risk to a focal species increases monotonically with the number of its realised
consumer species and their abundances, with the rationale that other mechanisms affecting predation
risk are less important than consumer abundance itself. More work on the mechanistic basis of the
predation risk function may lead to more accurate PR assembly models. For example, at high consumer
densities, interference among consumers is expected to increase (Skalski & Gilliam|2001), possibly
leading to a non-monotonic predation-risk index.

Lastly, animals may respond to predation risk by decreasing total foraging time (Lima & Dilll{1990;
Beckerman et al.|[1997) and pay the cost of predator evasion through an increased metabolic rate (e.g.,
Hawlena & Schmitz 2010). These can practically be incorporated into the PR model by switching
Chin from a fixed value to a risk-dependent variable, such that if the increasing predation risk results

in the total foraging time of a consumer being cut by half (or its metabolic rate being doubled), its
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Chyin should also become twice as large according to the energy balance concept. Moreover, it is also
possible that a risk-driven response of animals leads to a re-ranking of their profitabilities (e.g., forming
a defensive group, thereby lowering the consumer’s attack success) which would, in turn, influence the
OFT-based diet predictions. Such nuanced behaviours highlight the potential of extending the PR
model.

Although the empirical webs we used are all relatively well-sampled (SI section 5), food webs
are known to be under-sampled generally (i.e., existent links are not detected), which leads to poor
estimates of food-web metrics (Goldwasser & Roughgarden!1997; [Martinez et al.|[1999; |Banasek-Richter:
et al.2004; Tylianakis et al.2010;|Wood et al.2015). However, the two features we focus on—nestedness
and modularity—have been shown to be robust to such artefacts (Nielsen & Bascompte |2007; Tylianakis
et al|[2010; Rivera-Hutinel et al.[2012; |Vizentin-Bugoni et al.|2016). More importantly, there is no
reason to expect that sampling artefacts are likely to bias construction of PR counterparts more
than OF ones, and our results should hold qualitatively even as higher quality food-web data become
available. A related food-web sampling issue is the common practise of using the average adult state as
being representative of a species’ role in the ecosystem. In reality, individuals of a species vary in body
size, and often forage differently across life stages. Omitting such intraspecific variation or ontogenetic
shifts in diet could fundamentally bias our understanding of empirical food-web structure (Clegg et al.
2018). In this study, we have also ignored such diet variation in both our modelling and empirical
validation due to limits on the resolution of empirical data. Nonetheless, our models could also be
applied to webs resolved to the ontogenetic level if data are available—the same assembly algorithm
can be used.

Predation risk is also likely to have consequences for food-web dynamics and stability (Kondoh
2007)), which we have not explored here. That is, we fixed species biomass abundances to generate
food-web structures. Our model can be extended to tackle species dynamics within a food web by
setting biomass abundance as a variable, and letting species adjust their diet in an abundance-dependent
manner (adaptive foraging, Kondoh! 2003). Note that predation risk in such cases can also be an
abundance-dependent dynamical feature of species. Future work can build on our metabolic framework
for incorporating predation risk effects, and investigate both the dynamics of species abundance and
predation risk, and their joint effects on food webs.

Our results also provide novel insights for foraging ecology. Firstly, the diet-broadening (instead of
diet-narrowing) strategy implicit in our PR model is consistent with empirical evidence that consumers
tend to broaden their diet by taking less-profitable resources (Lima & Valone||1986; [Metcalfe et al.[1987;
Rothley et al.|[1997). That the PR model, through this diet-broadening strategy, results in food-web
structures closer to reality than the OF model (same as diet-narrowing; SI section 7), suggests that
searching/waiting may be indeed riskier than handling across food webs—likely because animals can
hide or be camouflaged while handling food (Charnov & Orians||1973|). Secondly, most empirical tests
of OFT indeed show that the classical model frequently under-predicts diet breadths (Krebs et al.[|1977;
Elner & Hughes (1978 Mittelbach|[1981; |Sih & Christensen|2001). This discrepancy has been proposed
to be due to consumers’ imperfect foraging information. Our study suggests that predation risk could
also give rise to such broader-than-optimal diets. We encourage future work to validate this risk-driven
diet-broadening effect via empirical experiments. Thus, our results suggest that not just OFT-based
food-web assembly rules, but also OFT itself needs to be revisited by incorporating predation risk.
This may re-vitalise OFT, which has gradually faded from the research focus of ecologists (SI section
9).
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In conclusion, our study answers the call to add further dimensions beyond body size (Allesina,
2011; Eklof et al.2013; Jonsson et al.[)2018)), including non-trophic effects (Terry et al. 2017), into
food-web models. It shows that predation risk could be a significant factor affecting food-web assembly
and the emergent structure. Many models have been proposed to predict empirical food-web structure
over the last three decades (Cohen & Newman 1985; Williams & Martinez|[2000; Beckerman et al.
2006; Petchey et al.|2008)), but few have formally incorporated predation risk (Kondoh|2007). The
field has also not yet reached an effective synthesis of metabolic and foraging theories. Our study is
the first major advance in that direction since the ADBM study (Petchey et al.2008]). Food webs
represent the roles of species as both consumers and resources, and considering the joint constraints on
foraging behaviour of these dual roles (Naisbit et al.|2012)) is a necessary step towards truly capturing

the complexity of real ecosystems.
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Figure 1: Illustration of the Optimal Foraging (OF) and Predation Risk-Compromise (PR)
models for predicting the diet breadth of a focal consumer. Under the OF model (A-B),
the predicted diet for a consumer is the one that yields maximum net consumption. Under the PR
model (A, C-E) predation risk, Pk, is incorporated as a constraint on optimal foraging, resulting
in a suboptimal diet with a risk-compromise consumption rate (Clisk, the point closest to, while
still being above, the horizontal dashed line in D) lying somewhere between the OF maximum, Cypy,
and a minimum metabolically-feasible consumption rate threshold, Cn,. Both models are applied
to all consumer species in a community to assemble model food webs. Note that we focus on the
diet-broadening strategy in the PR model, which “propagates” iteratively during food-web assembly,
as described in the main text.
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Figure 2: Performance of the Optimal Foraging (OF) and Predation Risk-Compromise
(PR) models in capturing nestedness and modularity of empirical food webs. The absolute
deviations from the empirical value of both foraging models are shown as mean + 95% CI (LMM
fixed-effect uncertainty only). The PR model has deviations significantly smaller than those of the OF
model in both nestedness and modularity measurements (p < 0.001 in both cases). Note that empirical
nestedness reads 21.29 £ 14.30 and modularity 0.18 £ 0.15 (mean £+ SD). The absolute deviations of
nestedness are not directly comparable with those of modularity. For results using standardised values,
see Fig. S3.
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Figure 3: Comparison of nestedness and modularity of empirical food webs and their
model (OF and PR) counterparts. Community name abbreviations are in Table S4. The red
and blue colours refer to OF and PR food webs, respectively. The black horizontal line presents the
empirical value, whereas the box plots present the model-generated values. The background of the
plots are also coloured in red or blue shade to indicate which of the OF and PR value is significantly
closer (p < 0.05, no shading if not significant) to the empirical one, according to a paired-Wilcoxon
test on the deviations from the empirical values. Out of twelve empirical communities, the PR model
produces closer-to-empirical nestedness (A) and modularity (B) values in nine communities for each
metric, indicating its superior performance. As the relative, rather than absolute, values matter here,
we have omitted the y-axes scales for simplicity (as in Fig. |4] and Fig. S4-S7.)
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Figure 4: Summary of nestedness and modularity of OF, PR, and null food webs. Scheme
IDs are indicated on the top of each plot (key in Table S2). Red and blue colours refer to OF and
PR food webs, respectively. The black horizontal line with shade presents the mean + 95% CI of null
food webs observations, whereas the box plots present the model-generated observations. The asterisks
indicate whenever the OF /PR values are significantly larger than the other (*: p < 0.05; **: p < 0.01;
*F*: p < 0.001. LMM results may be based on transformed data to meet model assumptions, see SI
section 6). There is a tendency for PR webs to be more nested than the OF webs (A), whereas the
reverse is true for modularity (B).
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(A) Empirical food web (TL84)
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(B) Optimal foraging food web
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Figure 5: Illustration of how predation risk affects nestedness and modularity of food
webs by diet broadening at intermediate trophic levels. The size-ordered diet matrix and
corresponding network of empirical web TL84 (A) is shown, along with its OF (B) and PR (C)
counterparts generated from a single model simulation. Each dot in the diet matrix indicate a trophic
interaction between a consumer (column) and a resource (row) species. Each network representation
was produced by a visualisation algorithm (Zheng et al.|[2018, SI section 8); species’ nodes are colored
by diet breadth (darker nodes have broader diet).
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