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ABSTRACT

Aim: Understanding the direct (e.g., on biological rates) and indirect (e.g., through changes in species richness) effects of temper-
ature on food web properties, in the context of latitudinal gradients and climate warming. We focus on species interactions and
predict variations in two metrics of food web properties: trophic control and temporal variability.

Location: Global oceans.

Time Period: 2001-2018.

Major Taxa Studied: Marine fish species.

Methods: We use a modelling approach coupled with a global dataset of fish food webs. Species occurrences are obtained from
data sources, while trophic interactions are predicted by a size-based niche model calibrated with a global interaction dataset.
Interaction strengths are constrained by allometric scaling laws for predation and biomass. We investigate how predictors vary-
ing with latitude (temperature, species richness, productivity, food web structure) drive latitudinal variations in trophic regula-
tion and variability.

Results: Our results suggest a latitudinal gradient in two metrics of community dynamics, with both trophic feedback strength
(underlying phenomena such as cycles and cascades) and temporal stability increasing with latitude. In our model, this variation
is tied directly and indirectly to temperature, and we find that direct effects of temperature are weaker than (or at most equal to)
indirect effects. The direct effect on interaction rates decreases trophic feedbacks yet increases variability. The organism-level
temperature-size rule is found to increase both feedback and variability. Finally, community-level indirect effects (species rich-
ness and connectance) impact trophic control but not variability. Climate warming moderately affects trophic control, variability
and total biomass, but more strongly alters individual species biomass.

Main Conclusions: Our study improves understanding of the drivers of latitudinal variation in food web properties and helps
disentangle the direct and indirect effects of temperature. Indirect effects are predicted to drive biogeographic variation in food
web properties, while direct effects such as short-term warming could have stronger consequences at the species level.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any
medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations are made.

© 2025 The Author(s). Global Ecology and Biogeography published by John Wiley & Sons Ltd.
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1 | Introduction

Trophic interactions shape the structure of communities across
biogeographic gradients (Jordano 2016). These interactions are
also temperature-dependent, and hence vary in space and time
with temperature changes (e.g., Bideault et al. 2021; Binzer
et al. 2012; Amarasekare 2019). Understanding both the effects
of the latitudinal temperature gradient and of warming on food
web dynamics is crucial to explain the latitudinal distribution of
biodiversity and to predict its changes due to climate warming.

Temperature has various direct, that is, physiological short-term
effects, and indirect effects, that is, delayed responses on body
size and interactions, at different levels of organisation (Boukal
et al. 2019). For ectotherms, temperature has substantial ef-
fects on biological rates such as organism metabolism (Gillooly
et al. 2001; Brown et al. 2004), growth rate (Savage et al. 2004)
or feeding rates (Sentis et al. 2012).

The temperature-size rule (TSR) stipulates that ectothermic or-
ganisms typically mature at a smaller body mass when reared in
warmer conditions (Forster and Hirst 2012; Horne et al. 2015).
It is hypothesised to be driven by different thermal sensitivi-
ties in growth and development rates (Forster et al. 2011; Zuo
et al. 2012) or to a better maintenance of aerobic scope at smaller
sizes (Forster et al. 2012). Temperature is hence an important
driver of ecological processes through its various effects on
biological rates (Gillooly et al. 2001; Kleiber 1932) and body
mass (Atkinson 1994), which in turn affect abundances, inter-
action strength, food web topology and community stability
and functioning (e.g., Brose et al. 2012; Beveridge et al. 2010;
Rodriguez-Castafieda 2013; Post and Pedersen 2008). The latitu-
dinal gradient of temperature and ongoing climate warming are
thus both expected to affect many facets of food webs (Albouy
et al. 2019; Binzer et al. 2012; Bideault et al. 2021).

While the latitudinal gradients of species richness (Fischer 1960)
and productivity (Huston and Wolverton 2009) have motivated
macroecological studies for decades, the variation in food
web structure and dynamics has received less attention at the
global scale (Schemske et al. 2009; Albouy et al. 2019; Baiser
et al. 2019). Yet, it has recently been shown that food chain
length, vulnerability and connectance of marine fish food
webs are all correlated to sea surface temperature (Albouy
et al. 2019). There is also evidence of spatial variation in trophic
control, that is, whether the dynamics of a species are mainly
determined by its resources (bottom-up control) or by its con-
sumers (top-down control) (Boyce et al. 2015; Frank et al. 2006;
Legagneux et al. 2014; Whalen et al. 2020). This result has come
to nuance the dominant picture that marine ecosystems were
resource-controlled, with phytoplankton dynamics being the
drivers of production and biomass variability of higher trophic
levels (Frank et al. 2007). A synthetic analysis of 52 observa-
tional field studies from marine ecosystems from the Northern
Hemisphere demonstrated that trophic control varied from
top-down to bottom-up control with decreasing latitudes, tem-
perature being the strongest predictor of this variation (Boyce
et al. 2015). Similarly, an analysis of empirical time-series from
communities in the western North Atlantic indicated that top-
down control was prevailing in northern areas whilst bottom-up
control governed southern areas (Frank et al. 2006).

Hence, there is mounting evidence of variation in community
structural and dynamical properties at the global scale, but the
causes of such variation remain elusive, notably because many
interdependent variables covary with latitude, such as species
richness, productivity and temperature (Baiser et al. 2019;
Leclerc et al. 2023). Their isolated effects are then difficult to
disentangle, and contradictory conclusions abound on the im-
portance of these drivers. For instance, some studies indicated
a correlation between water temperature and food webs struc-
ture (Albouy et al. 2019; Bonnaffé et al. 2024) whilst another
study on marine rock-pool food webs demonstrated that food
web structure was not correlated to abiotic characteristics such
as pool temperature, latitude or elevation (Gauzens et al. 2020).
Other studies highlighted that temperature might have indirect
effects on trophic control through its influence on consumer
community composition (Whalen et al. 2020), biodiversity or
average resource body mass and community turnover (Boyce
et al. 2015). Identifying the main drivers of the variation in food
web properties, and the contribution of the direct and indirect
effects of temperature, is key in understanding the function-
ing of communities and, importantly, how they are affected by
global warming. A mechanistic approach can help to better un-
derstand the macroecology of food webs and to disentangle the
effect of temperature and other variables.

The objective of this study is to investigate how food web prop-
erties vary across latitudes and how they will be impacted by a
2°C warming. We use a global fish food web dataset (Figure 1)
and represent community dynamics with allometric Lotka-
Volterra equations, with temperature impacting biological rates
and body mass. We focus on the effect of temperature on species
interactions, leaving aside species range shifts and extinctions re-
sulting from increased species mortality and metabolic require-
ments at higher temperatures (Fussmann et al. 2014; Synodinos
etal. 2021). We explore two metrics characterising different facets
of food web dynamics: temporal variability V, reflecting the over-
all community stability in response to perturbations (Arnoldi
et al. 2019), and trophic regulation A, describing the vertical
dimension of the food web (bottom-up and top-down control)
(Barbier and Loreau 2019). We first explore how these metrics
vary with latitude, and whether that variation can be related to
four predictors: (1) a direct organism-level effect of temperature,
(2) body mass, an indirect organism-level effect through the TSR,
(3) species richness and (4) connectance, two community-level
variables resulting from ecological assembly. This method al-
lows us to distinguish the effects of each of these variables and to
capture the impact of the direct effect of temperature on species
biological rates on food web properties. We then investigate how
our model predicts that warming will affect trophic control, vari-
ability and total biomass in the same food webs.

2 | Material and Methods
2.1 | Global Dataset of Fish Marine Food Webs

We used datasets of species occurrences and interactions from
Albouy et al. (2019), where data processing methods are detailed.
Species occurrences were initially obtained from the Ocean
Biogeographic Information System (OBIS) Intergovernmental
Oceanographic Commission of UNESCO (2014), covering all
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FIGURE1 | Conceptual schema of our study. Investigation of the effects of temperature on marine food web properties over space (latitude) and
time (warming). We aim to disentangle several direct and indirect effects of temperature as well as other predictors that vary across latitudes. All
these factors affect expected feeding rates and species biomasses, from which we deduce the interaction coefficients in our dynamical models. We

then predict two facets of food web dynamics: its overall sensitivity to perturbations V and the strength of vertical effects 1. Dotted lines represent

implicit or indirect effects (e.g., those mediated by other factors, or not modelled explicitly but contained in the structure of our data).

oceans at depths ranging from the surface to 10,900 m. To min-
imise biases in the occurrence data, distribution maps were re-
constructed for each species, and the final distribution maps for
arandomly selected sample of 500 species were verified visually
and reviewed by experts.

Fish distributions were initially aggregated on a grid with 1°
resolution in latitude and longitude. 13,916,517 occurrences for
11,365 fish species were considered. Body mass for each species
was estimated from body length-mass relationships (data on
body length were obtained from Fish Base). Pairwise interaction
data from Barnes et al. (2008) was used to calibrate a model of
trophic interactions using the observed body size for predators
and prey (34,931 marine predator and prey interactions). The
probability of interactions was inferred using a trait-matching
function based on the niche model for food web structure
(Williams and Martinez 2000; Gravel et al. 2013). This size-based
network of potential interactions was subsequently pruned with
the removal of forbidden interactions (based on diet) and range
overlap, leading to a single deterministic global ‘meta-web’ rep-
resenting plausible interactions between all the considered fish
species. For each spatial cell of the species distribution grid, the
local food web was then obtained by restricting the global meta-
web to the species present in that cell. For the rest of this study,
we restrict ourselves to 1% of the cells, chosen uniformly at ran-
dom, yielding 431 food webs distributed across the world, as pre-
liminary explorations proved this number of cells to be sufficient
to conduct representative analyses. Out of these 431 food webs,
243 have more than nine species for which at least one trophic
link is known, and are retained for our analysis.

2.2 | Modelling Framework

Dynamics within each local food web (geographic grid cell) are
represented using a Lotka-Volterra model:

1 dB;
7 d—t‘ =g+ Zeaiij - Zakin -DB
i J k

with B; the biomass of species i, g; its intrinsic growth rate (g, =0
for species at trophic levels > 1), e the conversion efficiency of con-
sumed into produced biomass, a; the attack rate of consumer i on
resource j and q,; the attack rate of consumer k on consumer i.
Finally, D; is self-regulation, defined as the direct effect of a species
on itself, such that its growth rate decreases with its own density.

Further justification is given below for our modelling choices; at
first, the equation can be viewed simply as a way of adding dy-
namics to the static linear mass-balance equations that are often
used for large-scale marine ecosystems, for example, Ecopath
models (Colléter et al. 2015). Here, mass-balance corresponds to
the right-hand side of the equation summing to zero, that is, as-
suming that large-scale food webs are effectively near some dy-
namical equilibrium that may average out complex smaller scale
dynamics. We thus focus chiefly on ecological interactions, both
intra- and inter-specific, to explain observed species biomasses,
setting aside the effects of spatial fluxes, environmental factors
and physiology (such as the metabolic losses often included in
other allometric models, which were found here to be of limited
importance, see Appendix S2).

We do not have access to direct measurements of biological
rates such as g and g;; for all species in large food webs (Berlow
et al. 2004), and thus resort to an allometric parameterisation.
Consumers are assumed to feed proportionally to the total bio-
mass of each prey species, since we lack detailed knowledge on
their consumption preferences.

The body mass and temperature dependencies of these rates
were obtained from the empirical literature (Savage et al. 2004;
Gillooly et al. 2001; Li et al. 2018). Parameters for fish growth
rates were initially compiled from estimates from field studies
(Savage et al. 2004) and parameters for attack rates were ob-
tained from analyses of functional responses from empirical
studies (Li et al. 2018) (see Tables S1 and S2).

Resource growth rate g and consumer attack rate a; are

)
temperature and body mass dependent following the
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Boltzmann-Arrhenius model (Gillooly et al. 2001; Brown
et al. 2004; Savage et al. 2004):

g (mi, T) _ gomfgeEg(T—TO)/(kBTTg)

a;(m;, T) = aomf“ Fa(T-T0)/ (ks TT,)

where g, and q, are scaling coefficients, and m; is the body mass of
species i. For each biological rate, g is the allometric scaling expo-
nent while E is the activation energy in eV (electronvolts). Finally
T is sea surface temperature in Kelvin (note that ‘temperature’ is
used throughout the study to refer to ‘sea surface temperature’)
and T, is the temperature of reference. k is the Boltzmann constant
(8.617x107°eVK™). The attack rate depends here on consumer
body mass but not on resource body mass, following a common
choice in the literature (Pawar et al. 2012; Andersen et al. 2016; Li
et al. 2018) and the empirical observation of shallow scaling of at-
tack rates with resource mass (Rall et al. 2012). We note, however,
that the effects of consumer mass in the literature could in fact cor-
respond to entangled effects of both consumer and resource body
masses, since these two variables are strongly correlated: the pred-
ator-prey body mass ratio plays a key role in determining which
interactions are possible.

Self-regulation D, is a key phenomenological parameter, captur-
ing all the non-trophic interactions (e.g., direct competition or
diseases) and other unmodelled processes that create a density-
dependence or feedback between species biomass and growth.
As discussed in the next section, the dynamics of our model in
the absence of self-regulation (D; =0) are typically highly un-
stable, and rarely allow all observed species to coexist (Barabas
et al. 2017; Barbier and Loreau 2019).

The most classic fix to this perceived model failure is not
adding self-regulation, but rather assuming nonlinear func-
tional responses, that is, an expression for the total trophic
flux from prey j to predator i that deviates from a;B;B;, usually
involving saturation with prey density (i.e., sublinear depen-
dence on B)) and predator interference (i.e., sublinear depen-
dence on B)) (see e.g., Brose et al. 2006; Barbier et al. 2021).
Predator interference, including ratio-dependence (Arditi and
Ginzburg 1989), can act as self-regulation for the predators,
while prey saturation leads to self-facilitation (the opposite of
self-regulation) among the prey. Thus, predator interference
tends to attenuate the impacts of trophic interactions, stabilise
dynamics and favour coexistence at the food web level like our
parameter D, (Sentis and Boukal 2018), whereas prey saturation
can have opposite effects (Johnson and Amarasekare 2015).
Barbier et al. (2021) provide some discussion of the similari-
ties between predator interference and phenomenological self-
regulation D;, and we will see below that our approach could
use either.

As there is more available information on species biomass than
on self-regulation in the literature, we use information on spe-
cies biomass to subsequently estimate self-regulation. We first
use an empirical relationship between primary production and
fish biomass from Irigoien et al. (2014) to estimate the total bio-
mass of each local community:

By, = 0.185PP — 6.66

and subsequently compute the biomass of each species in a given
community, using the scaling relationship between body mass
and biomass from Hatton et al. (2019):

Empirical data suggest that the total biomass in a body mass
compartment is independent of body mass, that is, k = 0, a strik-
ing pattern known as Sheldon's law (Hatton et al. 2019). If we
assume that the equation admits an equilibrium with these
biomasses B, the self-regulation parameter D, is then the only
unknown in the equation and we can solve for it. However, we
usually do not find a solution with all D; > 0, as some species may
experience stronger predation mortality than their growth with
the baseline parameters, even in the absence of self-regulation,
and are thus predicted to go extinct. One possible solution is to
posit some nonlinear functional response (see above) that would
reduce predation mortality and thus allow the assumed equilib-
rium to exist.

We make a different choice here, as the overall strength of
self-regulation is unknown empirically, and we wish to bet-
ter understand which values would be compatible with the
allometric scaling laws that we used. For each species i, we
assume that a fixed fraction f of its production is lost to self-
regulation (see de Ruiter et al. 1995, where a similar method
was used), and we then either decrease or increase the attack
rates a; of its predators (in the same proportion for all of them)
in order to balance i's equilibrium condition. We expect that
an appropriate choice of f should not require large or biased
adjustments in the attack rates, but a narrow and symmetrical
distribution of changes.

This method (explained in more detail in the Supporting
Information) provides self-regulation estimates for each spe-
cies in each community. We choose a fixed value of f = 0.1 for
the fraction of production that is lost to self-regulation, as this
value gives reasonable consistency between different param-
eters (see Appendix S2 for an exploration of values of f), and
turns out to suffice to ensure not only the feasibility of the
communities, but also their stability. We however note that
those criteria are heuristic, and other assumptions may be
investigated.

Finally, body masses of aquatic species are observed to de-
crease with both warmer temperatures and lower latitudes
(Horne et al. 2015). Hence, we also consider decreasing body
mass with temperature as predicted by the TSR. Following
Forster et al. (2012), the temperature dependence of body mass
is given by:

_ S(T—20)
m; = my,e

where m,, is species body mass at 20°C and T is sea surface
temperature in Celsius, while s determines the sign and mag-
nitude of the temperature-size response and is determined by
the percentage change in body mass per °C (PCM) given by
PCM = (¢f — 1) x 100. For aquatic species (freshwater and ma-
rine metazoa), we take from Forster et al. (2012) the following
relationship:
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PCM = —3.90 — 0.53log;, (ny)

We use the initial species body masses as reference body masses
at 20°C. Hence, in our model, body masses decrease above 20°C
and increase under 20°C according to the equation above.

We first consider the effect of the temperature gradient (sea sur-
face temperature) on biological rates and body mass, and, second,
we simulate a warming of 2°C, following one of the predictions
of the IPCC according to the high and very high greenhouse gas
emissions scenarios (IPCC, Masson-Delmotte et al. 2021).

2.3 | Metrics of Food Web Properties

We focus on two metrics describing distinct and complementary
facets of the properties of food webs.

Many food web studies try to find evidence of either bottom-up
or top-down control, for example, as positive or negative
correlation between predator and prey abundances (Frank
et al. 2006). However, bottom-up and top-down control can
also be defined in ways that are not mutually exclusive, for
example, how strongly an external disturbance of prey (pred-
ator) dynamics subsequently impacts predator (prey) species,
respectively (Galiana et al. 2021). To avoid potentially mislead-
ing conclusions, we propose a more integrative notion of ‘tro-
phic control’, captured by the variable 4, that is, the feedback
of a species on itself through its predators or prey (Barbier and
Loreau 2019), given by:

where q; is attack rate, D, is self-regulation of species i and e is
conversion efficiency, or equivalently, M is the interaction ma-
trix given by M, = D, M;; = eq;; if i consumes j, M;; =
consumed by j.

—aifiis

4 is thus the ratio of consumptive interactions between tro-
phic levels over non-trophic interactions within both levels.
Initially derived for a pair of consumer j and resource i, we
use here the median value over all pairs of species for each
local community (i.e., cell) and discuss alternate definitions
in Appendix S3.

An increase in 4 indicates stronger overall dynamical effects of
predation, such as predator-prey cycles or trophic cascades. As
noted by Barbier and Loreau (2019), these effects are often un-
derstood as indicators of stronger top-down control, but in fact
large 4 implies that both bottom-up and top-down effects are
strong and cause feedbacks on both predator and prey. Small
4 implies the absence of these feedbacks—removing a species
altogether could still have an effect on the other (in particular,
predators still require prey to persist), but smaller dynamical
variations in one species’ biomass are not amplified in the other,
thus cycles are absent and trophic cascades are attenuated.

We also look at variability v, which is a metric of sensitivity of
the community to perturbations, defined as how strongly species

abundances in the community respond on average to randomly
adding or removing individuals. Following Arnoldi et al. (2019),
it is computed as the community average of the temporal vari-
ance of biomass in response to demographic perturbations for
dynamics linearised around equilibrium,

V = tr(C)

where tr(C) is the trace of the covariance matrix C of species tem-
poral fluctuations, which is the solution of the Lyapunov equa-
tion JC + CJT = B, where B; =B, if i = is the covariance of the
stochastic perturbation (which is assumed diagonal and propor-
tional to equilibrium biomasses) and J; = B;M; is the Jacobian
matrix for the dynamics at equilibrium, with M; the interaction
matrix defined earlier in this section. A lower temporal variabil-
ity of populations is interpreted as higher stability ceteris pari-
bus, with the caveat that different communities may be exposed
to stronger or weaker perturbations, and thus display smaller or
larger biomass fluctuations, even if they are equally sensitive to
these perturbations.

2.4 | Latitudinal Variation in Food Web Properties

Food web properties 4 and V depend on latitude Lat indirectly,
through various drivers. We therefore investigate the relation-
ship between these properties and four variables that vary with
latitude: T is sea surface temperature, B, is the total biomass
in gm~2 estimated from primary productivity, m is the average
body mass in g, S is the number of species in each community,
and C = L /S? is the connectance, computed from L the number
of links in the food web. We want to understand how important
each of these indirect effects of latitude is in shaping the gradi-
ent of food web properties. Since all of these vary over orders of
magnitude, the calculations are performed with the log of pa-
rameters and variables (i.e., log,,(4) instead of 4, etc.), except for
temperature.

Path analysis, Structural Equation Modelling and similar statis-
tical methods could be used to infer the respective partial effects
of each predictor on each predicted food web property. However,
since we have a simulation model, we can directly compute
causal effects such as 04/ dlogS by changing the relevant model
parameter in the simulation, here logS, and computing the re-
sulting change in outcome A (see Figure 2).

More generally, if a variable of interest x depends on the vari-
ables logS, T..., which themselves depends on the variable Lat,
then we can use the chain rule below for the total dependence
of x on Lat.

dcx _ ox dlogS

dLat ~ dlogS dLat

ox dT
JT dLat

where 1”" for instance is the rate of change of x relative to log S,

while the variation with latitude (e.g., dS/ dLat) can be measured
from the source data. This can be expanded to include any de-
pendence of some variable on some other variable (e.g., body
mass m could depend on temperature as m(T)). This rule allows
us to reveal how much of the variation of x with latitude is due to
paths that go through log S, T or other variables.
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FIGURE2 | Analysis of the latitudinal variation of food web properties. We observe a latitudinal gradient of many properties, both parameters in

our data (e.g., species number) and outcomes of our simulation model (e.g., trophic control). To coarsely understand which parameters mediate the

changes in outcomes, we must ask: first, do those parameters vary a lot (e.g., how large is the typical range 6T of temperature variation), and second,

how much does such a variation impact simulated outcomes (e.g., how large is the change 31, of trophic control 4 if we were to increase temperature
by 8T in every food web)? We finally compare the change in some predicted food web property (e.g., 1) when actively changing a predictor (e.g., T) in
each local community to the standing variation of the same property in food webs with parameters drawn from the original data, and use this ratio
as a rough estimate of the importance of that predictor in the latitudinal variation of that predicted property.

Yet, these causal effects will be different for every local food
web (due to them having different initial parameters and
structure), and the chain rule is valid for small variations.
Nevertheless, we take inspiration from it to approximately
estimate how much the total variation with latitude of each
parameter contributes to the total variation in each predicted
food web property (Figure 2).

For every quantity y (including both the outcomes x and the ex-
planatory variables log S, T etc.), we compute its median for each
latitude y,,.q(Lat), and then compute éy as the difference between
the 75th and 25th percentiles of y,.q(Lat), that is, the typical
variation of y across latitudes (Oy =P, (¥,0q (LaD) = P,cp (V,1eq

(Lap))).

Inspired by the above expression, we approximately decompose
the total variation of some predicted outcome x (either 4 or V)
into contributions from the various parameters:

0x & 6xr + 6xg +

where 6x; = E[x(T) — x(T + 6T)]is computed as the average change
of metric x when we simulate each community and change its
temperature by the quantity §T (which is not a small change,
thus the chain rule does not truly apply). For species number
and connectance, we cannot increase them, but only reduce

them by removing species or links at random, and therefore we
use a negative 5S and 5C instead.

We finally roughly approximate the relative contribution (aver-
aged over all communities) of T to the variation of x as:

o0xXr
ox

and we proceed similarly for the other quantities: log S, log B,
C and logm. These approximate coefficients need not sum
exactly to 1, but they can give a qualitative sense of how im-
portant the parameters are in explaining the total latitudinal
variation of food web properties. Empirically, some of the pa-
rameters might be interdependent such as species richness
and temperature; in our model, however, those variables can
be varied independently and we hence focus on their direct
effects.

2.5 | Simulating a 2°C Warming

Finally, we simulate for each local community a 2°C warm-
ing and compute the relative difference in food web properties
and in biomasses with and without warming. We only include
here an effect of warming on species biological rates, and
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TABLE1 | Description of the food web model parameters.

Symbol Description Unit Value References

£ Conversion efficiency — 0.15 Welch (1968)

T Sea surface temperature Kelvin 272-302 —

kg Boltzmann constant evVK! 8.617x107° —

m Body mass g — —

g Growth rate day™! f(T,m;) Savage et al. (2004)
a Attack rate md! f(T,m;) Li et al. (2018)
T, Normalisation temperature Kelvin 298.15 —

B, Allometric scaling exponent for g — —-0.25 Savage et al. (2004)
E, Activation energy for g eV -0.35 Savage et al. (2004)
g Scaling coefficient for g day™! 0.35 Savage et al. (2004)
B Allometric scaling exponent for a — —-0.51 Li et al. (2018)
E, Activation energy for a eV —-0.43 Li et al. (2018)
a, Scaling coefficient for a md! 2.17 Li et al. (2018)

possibly body mass via the TSR described above. Our analysis
should therefore be interpreted as a first-level impact of warm-
ing, not accounting for changes in primary productivity, bio-
mass allometry or species ranges. Growth rate, attack rate and
self-regulation are changed with warming according to the
equations described earlier; parameter values are described
in Table 1. Self-regulation, for which the temperature depen-
dence is not known, is assumed to scale with temperature in
the same way as the growth rate; see discussion in Bideault
et al. (2021). Everything else (e.g., productivity) remains un-
changed. We also take a closer look at the relative change in
community biomass and individual species biomass for each
trophic level with warming.

For each metric x, the relative change with warming is com-
puted as:

A(x) = 10g10 (xwarm) - logl()(x) a4 (xwarm - x) /X

Hence A(x) = 0.2 means an increase of approximately 20% with
warming in the value of x, for example.

2.6 | Calculating Trophic Levels

Trophic levels T, are computed recursively for each species i
according to the following rule: if the set of its prey species,
Prey(i), is empty, then the trophic level of i is 1; otherwise, we
compute the trophic level of all prey species j € Prey(i), compute
its average weighted by each prey species’ biomass B; (which we
use as a proxy for their relative contribution to the consumer'’s
diet), and add one to obtain the trophic level of their predator i.
This is recapitulated in the following equation:

B.
T,=1+ Y Tj—=——0

Jj €Prey(i) ZkePrey(i)Bk

This simple calculation can fail if there are loops in the food web
(i.e., i eats j which eats i, potentially leading to infinite T, if cal-
culated this way), but such loops do not occur in our data.

3 | Results

3.1 | Food Web Properties Along the Latitudinal
Gradient

We first investigate the variation in food web properties with
latitude. We find that trophic control and variability vary at
large spatial scales (Figure 3). On average, trophic control
decreases towards the equator, indicating weaker trophic
phenomena (e.g., cycles and cascades). This trend should be
robust to different methods of estimating self-regulation (see
Bideault et al. 2021). The map indicates that A is particularly
small for communities near the coast around the equator. The
temporal variability of species abundances, V, decreases to-
wards the poles, indicating an increase in stability at colder
sites (Figure 3 bottom panel). V does not vary significantly
with latitude around the equator but drops at latitudes
above 501

We show in Appendix S3 that both A and V steadily decline if
we assume a larger fraction f > 0.1 of production lost to self-
regulation; however, most of our analysis is about relative vari-
ations across latitudes or with warming, that are minimally
affected by the precise value of f unless it is large (e.g., f = 0.7
leads to significantly different parameter estimates and thus dif-
ferent results).

We decompose how different factors, covarying with latitude,
influence food web properties (see Section 2.4). Links between
the explanatory variables and the metrics are illustrated in
Figure 4, and the coefficients are provided in Table 2.
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FIGURE3 | Maps of the metrics of food web properties. Maps of trophic control A and variability V for fish food webs in saltwater. Each dot corre-
sponds to the food web for a cell representing 1° of latitude and longitude (only 1% of the cells are sampled here, see Section 2). Metrics are computed

for each food web as described in Section 2.3. Values are indicated in log,, and colour coded (see colour key).

Trophic control 4 is negatively affected by species richness, con-
nectance and body mass, and positively affected by tempera-
ture. Species richness and connectance mainly drive variation
in A, with species rich food webs having a weaker trophic control
than species poor food webs. Variability V' is negatively affected
by temperature and body mass. Variability is here mainly driven
by body mass and temperature, either of them inducing an in-
crease in stability.

Note that here, temperature refers to a direct effect of tempera-
ture on species biological rates only (the TSR is not included, we
manipulated body mass separately).

3.2 | Warming

We also explore the impacts of a 2°C warming on food web prop-
erties and species biomasses, keeping composition and body
mass distribution constant.

If we assume that heating only changes biological rates (see
Figure S1), the equations immediately yield (without need of
a simulation) an increase of rates by the same fraction for all

species in all communities depending on their original tem-
perature: for T ranging from 0°C to 30°C, attack rates increase
by 11%-14%, while basal species growth rates increase by
9%-11% (the relative increase is smaller when the original T
is higher). Adding the TSR, species become smaller, leading
to an additional 2%-7% increase of the rates, as these are rates
per unit mass, decreasing for larger bodied organisms. We
could thus expect large dynamical effects due to this notable
increase in rates.

Yet, the effects of warming on our food web metrics are notice-
ably weaker. Without the TSR, the median Aincreases on average
by 5% indicating that warming promotes moderately stronger
trophic effects (Figure S1A, green histogram). Warming also
increases stability, with variability V decreasing by up to 10%
(Figure S1A, orange histogram). The effect on A is amplified
by adding the TSR (Figure 5A, green histogram), whereas the
effect on variability is drastically decreased (Figure 5A, orange
histogram).

The reason for these discrepancies, especially compared to the
expectation of larger changes suggested by the previous para-
graph, is the fact that the food web metrics depend on ratios
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FIGURE 4 | Latitudinal variation in food web properties. (A) Explanatory variables of the latitudinal variation in food web properties. For each
latitude, the median and the quartiles are plotted for temperature T in °C, species richness log,(S), connectance log,,(C) and species body mass
log,,(m) in g (smoothed by a GAM or a LOESS model). (B) Latitudinal variation in median 4 per community and variability V' (metrics are in log,,).

Following the method presented in Figure 2, links between the explanatory variables and the metrics of food web properties represent approximate
relative contributions of each variable in the latitudinal variation of each metric. A red line indicates a positive effect, a dotted line indicates no effect
(confidence interval crossing zero) and a full black line indicates a negative effect (see legend). The size of the lines is proportional to the effect size.
Coefficients and confidence intervals are indicated in Table 2.

TABLE 2 | Coefficients for the relative contributions of the variables on the latitudinal variation of 2 and V. Mean across communities [80%
confidence interval].

Explanatory variables

Trophic control, 1

Variability, V

Temperature
Species richness
Connectance

Species body mass

0.18 [0.0013, 0.49]
—0.22 [-0.61, —0.012]
—0.22 [-0.52, —0.0057]
—0.16 [-0.45, —0.0012]

—0.41 [—0.64, —0.075]
—0.22[-0.63, 0.6]
0.16 [-0.07, 0.51]

—0.59 [-0.99, —0.13]
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FIGURE 5 | Effect of warming at the community and species level. Histograms of the relative change A(x) in parameters, food web dynamical
properties and species biomass with a 2°C warming, including the TSR. (A) Relative change in parameters and in the metrics of food web properties:
self-regulation D, in red, attack rate a; in purple, trophic control 1 in green and variability V' in orange. The dotted line corresponds to A(x)=0, and
indicates no effect of warming. (B) Relative change in total community biomass and species biomass for trophic levels 1, 2, 3, 4 and 5 respectively
(trophic levels are computed from the equation in Section 2.6 and rounded to the nearest integer).

of various quantities that are impacted by warming, and these
changes can cancel each other out unless there are significant
mismatches in their size exponents (when sizes change accord-
ing to the TSR) and activation energies (Bideault et al. 2021).

stability, the variability in response to environmental rather
than demographic stochasticity, remains impacted by warming

even with the TSR. We conclude that,

while individual rates

change a lot under warming, various composite metrics that can

We show in Supporting Information that a different metric of  be defined at the community level appear to change less.
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We subsequently explore how warming affects both commu-
nity and species biomasses (Figure 5B). The total biomass of
communities does not vary much with warming (Figure 5B
last panel). However, individual species biomasses can be
more strongly affected by warming. The greatest variation in
biomass occurs for species at intermediate trophic levels, and
especially for trophic levels 2 and 3. The biomasses of species
at trophic levels 5 (and above) appear not to be affected by
warming.

4 | Discussion

We aimed at better characterising latitudinal variations in food
web properties and identifying their main drivers. Our results
indicate that trophic control is mainly driven by variation in
species richness and connectance, indicating weaker trophic
phenomena (e.g., cycles and cascades) in species-rich commu-
nities that are typically found around the equator. Temporal
variability is predicted to decrease towards the poles and seems
mainly driven by median species body mass. Simulating a 2°C
warming induces moderate effects on food web, consistent with
the predicted driving role of temperature: warming triggers
stronger trophic dynamics yet decreases variability (Figure 5A).
Our results also indicate that individual species biomass varies
significantly more than total biomass with warming, with some
species biomasses increasing whilst others decrease.

4.1 | Latitudinal Gradients of Two Community
Metrics

Previous studies have put forward that top-down control is more
prevalentin high latitude marine ecosystems and bottom-up con-
trol in lower ones (Boyce et al. 2015; Frank et al. 2006). Different
hypotheses have been proposed to explain such variation. On the
one hand, latitudinal changes in the intensity of biotic interac-
tions have been considered both as a cause and a consequence of
the latitudinal biodiversity gradient (Zvereva and Kozlov 2021),
and bottom-up regulation has indeed been associated with
areas with higher species richness (Frank et al. 2006). On the
other hand, a recent study found that predation was higher at
mid-range latitudes due to temperature-associated turnover in
consumer composition, with no association with species rich-
ness (Whalen et al. 2020). We did not investigate how consumer
composition varies with latitude, which could possibly explain
the observed variation in trophic control, if higher species rich-
ness is associated with the presence of specific consumers, for
instance.

While we move away from a binary opposition between bot-
tom-up and top-down control, towards a metric of trophic
control A that integrates both, our results are more in line with
Frank et al. (2006), as we find a decrease in trophic control to-
wards lower latitudes which would lead to a phenomenology
more traditionally associated with bottom-up control (Polis and
Strong 1996). This decrease in trophic control arises from the
fact that, in our model, consumer attack rates must decrease
with species richness: the mortality of prey species is otherwise
too large when they have many predators, thus the assumed
equilibrium biomasses require a reduction in attack rates that

can be interpreted as multi-species predator interference (Sentis
et al. 2012).

Previous studies on real food webs indicated that the spread of
interaction strength was negatively correlated to species rich-
ness (Jacquet et al. 2016) and that food webs were characterised
by many weak interactions and long loops (Neutel et al. 2002).
Theoretical studies also demonstrated that weak interactions
tend to enhance food web stability (Yodzis 1981; McCann
et al. 1998; Neutel et al. 2002). Here, increasing species richness
leads to a decrease in trophic control. On the contrary, the direct
effect of warming is often observed to increase top-down con-
trol in consumer-resource systems (Sentis et al. 2014; Kratina
et al. 2012; Bideault et al. 2019, 2021). Our model also shows
that warming food webs while keeping a constant species rich-
ness induces an increase in trophic control. This suggests that,
when considering latitudinal gradients, the direct effect of tem-
perature on trophic control might be counteracted by its indirect
effect through species richness.

The constraint imposed by our equilibrium assumption on in-
teraction coefficients (our effective predator interference) can
also affect stability, as well as other features of ecosystems such
as food web structure (Ives and Carpenter 2007). There is a long-
standing debate on the diversity-stability relationship in ecol-
ogy (May 1974; McCann 2000; Ives and Carpenter 2007; Loreau
et al. 2002; Jacquet et al. 2016) but the dominant idea in the
field is that there is a stabilising effect of diversity on ecosystem
functioning (Loreau and De Mazancourt 2013). There are many
different ways to quantify stability (Arnoldi et al. 2016). We
here take a particular interest in temporal variability of species
abundances in response to demographic perturbations and find
that it is mainly driven by body mass and, to a lesser extent, by
temperature, with both variables increasing stability (decreas-
ing variability). As body mass is known to decrease with tem-
perature (Forster et al. 2012), there could be indirect effects of
temperature on variability (Sentis et al. 2017).

4.2 | Impacts of Warming on Food Web Properties

Latitudinal variation in temperature is not necessarily equiv-
alent to the same amount of warming because of the several
indirect effects of temperature on food webs. Warming up com-
munities by 2°C can have strong (up to 20%) effects on individ-
ual biological rates, but more moderate impacts on community
properties. It still induces an increase in stability and trophic
control by up to 10%. An interesting point of our simulations is
that it focuses on the direct effect of temperature on biological
rates (and on body sizes that intervene in the metabolic scaling),
controlling for other variables known to covary with tempera-
ture, such as species richness and primary productivity. Many
studies demonstrated that warming can significantly increase
trophic control (Kratina et al. 2012; Gray et al. 2016; O'Connor
et al. 2009; Bideault et al. 2021) or stabilise predator-prey dy-
namics by damping oscillations (Fussmann et al. 2014), whereas
predators become extinct at high temperatures (Rall et al. 2010;
Petchey et al. 1999; Fussmann et al. 2014). The extinction of spe-
cies from top-trophic levels is often due to metabolic demands
exceeding ingestion rates, which leads to consumer starvation.
We focus here on the effect of density-dependent interactions on
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community dynamics, whereby warming does not trigger many
extinctions and mainly affects species from mid-trophic levels.
Warming can moderately decrease as well as increase species
biomass, but induces negligible effects on community total bio-
mass. This result indicates that consumers may not become ex-
tinct due to interactions (e.g., competition) and suggests that a
mismatch between metabolic requirements and feeding rates
might indeed be the cause of consumer extinction (Fussmann
et al. 2014). The addition of self-regulation in our model, and
the method used to estimate it, might also stabilise food web
dynamics and prevent extinctions. Including metabolic rates in
the model could lead to stronger effects of warming as species
extinctions due to starvation could induce secondary extinctions
and change the structure of the food web, which could in turn
affect food web properties.

Under our model assumptions, we thus find that food web prop-
erties are relatively robust to warming whilst individual spe-
cies can be strongly affected in a positive or negative way. This
may concur with the fact that strong effects of warming have
been observed in consumer-resource systems with two or three
species, either in experimental or theoretical studies (Sentis
et al. 2013; Bideault et al. 2019, 2021; Fussmann et al. 2014). The
more modest response at the food web level appears to be due to
the fact that properties of interest (metrics that are dimension-
less or otherwise constructed to be easily comparable across
different systems) are often ratios combining several species-
level rates and variables, whose temperature dependence may
partially or totally cancel out unless there are mismatches in
their allometric parameters (Bideault et al. 2021).

4.3 | Model Parameterisation and Assumptions

The key ingredients of our modelling approach, as shown in
Figure 1, are the food web topologies derived from Albouy
et al. (2019), the allometric relationships between temperature,
body mass and biological rates, and the model structure focus-
ing on trophic interactions and self-regulation. We now discuss
these ingredients and the limits of our assumptions.

Food web structures are only partially known and often supple-
mented with general expectations such as size-based structure.
Yet, a recent study demonstrated that using either the natural
structure of food webs or synthetic food webs (i.e., food webs
drawn from the niche model) leads to different conclusions re-
garding species persistence under warming (Gauzens et al. 2020).
This observation may come from differences in body mass struc-
ture or in network topologies between synthetic and natural com-
munities. We used here food webs in which species occurrences
were empirically observed and species interactions were derived
following allometric laws and subsequently corrected based on
species habitat requirements and fish diet (Albouy et al. 2019).
The real food web structure might thus be different, but it has
been demonstrated that allometric relationships accurately pre-
dict trophic interactions among fishes (Leclerc et al. 2023), which
might be less the case in food webs with plants and invertebrates
as those used in Gauzens et al. (2020).

The core challenge in modelling food web dynamics is that, even
assuming that we have a good approximation of the network's

topology, we usually do not have access to more quantitative
information: the strength of the trophic interactions (Berlow
et al. 2004), and even more importantly, their relative impor-
tance compared to other ecological processes such as non-
trophic interactions, population structure, spatial fluxes and so
on. Modelling only trophic interactions may thus dramatically
overestimate and bias their impacts. For the first issue, we fol-
low a large literature, for example, Brose et al. (2012), in using
allometric relationships for predation rates. The more novel
choice in our approach is the reliance on phenomenological
self-regulation coefficients D; to capture all the non-trophic (and
possibly some unmodelled trophic) processes that may jointly
act to attenuate the effects of the modelled trophic interactions.
Because this self-regulation may only be a phenomenological
outcome of many processes, it is understudied in food webs
(Barbier and Loreau 2019). Yet, it is a cornerstone of coexistence
theory, and essential to obtain stability levels consistent with
observation in nature (Barabds et al. 2017). We employ it as the
most consistent way to incorporate unmodelled phenomena at
the level of approximation of a community-wide Lotka-Volterra
model. We do not necessarily expect this model form to be re-
alistic, but only to allow us to modulate food web dynamics: all
else being equal, increasing self-regulation means that all direct
and indirect effects of predation are weaker.

As no reliable information was available on the magnitude of
self-regulation, we adjusted it (and trophic interactions when
necessary, see Supporting Information) in our dynamical model
so that its equilibrium biomasses would match a general and ro-
bust scaling relationship between species abundance and body
size (Hatton et al. 2019). Despite the good fit of these empiri-
cal relationships, there is a relatively important spread around
the general trend. Taking into account this variation between
taxonomic orders or species might lead to different results. It
remains, however, difficult to get accurate data for numerous
species, and we were mainly interested in global patterns which
we expect to be governed by the central trends. Similarly, ac-
tivation energies for temperature-dependence vary across bio-
logical rates and taxonomic groups (Dell et al. 2011) and it has
previously been shown that thermal mismatches in activation
energies between biological rates of consumers and resources
can drive variation in trophic control and biomass structure
(Bideault et al. 2021). We nevertheless used the same activation
energies across all species. The rationale for this choice is that
we consider fish species which are part of the same broad tax-
onomic group, and we thus expect that there is less variation
between different species, while getting activation energies at
the species level is difficult (Dell et al. 2011). In any case, pa-
rameterising models with numerous species at the global scale
remains challenging, and we specifically chose some metrics of
food web properties that we expect to be more robust to model-
ling choices.

5 | Conclusion

In conclusion, our model predicts latitudinal variation in trophic
control and temporal variability. We find that indirect tempera-
ture effects on this variation, such as those mediated through
the TSR and community assembly processes, play a stronger or
equal role compared to direct effects like temperature-driven
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changes in interaction rates. While direct effects tend to weaken
trophic feedbacks and increase variability, indirect effects
through changes in body size enhance both. Furthermore,
community-level indirect effects, such as variation in species
richness and connectance, modulate feedback strength but not
variability. These results highlight that although organism-level
thermal performance remains important, it is insufficient alone
to predict large-scale patterns in community dynamics.

Even as our global knowledge of marine food web composition
and topology increases, our understanding of the dynamics of
these food webs is limited. The relative importance of trophic
interactions compared to other processes in determining popu-
lation abundances and growth, which species impact which oth-
ers, or how sensitive the community is to perturbations remains
difficult to determine. Our study aims to provide a baseline ex-
pectation for how these properties can vary in fish communities
across latitudes, and how they might be affected by warming.
Being acquainted with the main drivers of food web properties,
and the direct and indirect effects of temperature, is crucial to
predict how ecological systems will respond to climate warming.
We have focused here on the effects of temperature that are me-
diated by species interactions and community-level dynamics,
as a complementary perspective to the vast literature focusing
on individual species and their thermal preferences (Grenouillet
et al. 2011). Our approach suggests that getting quantitative in-
formation on self-regulation is also crucial in understanding
community structure and dynamics, and opens new avenues to
better capture how food webs vary from one pole to another.
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