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Abstract

Impacts of environmental change on ecosystems are seemingly highly context-
dependent and contingent on details. Here, we provide mathematical and numerical
evidence that there is some generality to the resistance of food webs to species loss.
To this end, we mathematically analyze simple food web models, run simulations25

with randomly wired food webs, develop a spatially explicit meta-community model
for realistic macroinvertebrate communities inhabiting European streams, and ana-
lyze field data. These approaches jointly support three general rules for food web
resistance: 1) all else equal, predators are more vulnerable than prey, and preda-
tor diversity declines before prey diversity; 2) food webs with higher prey diversity30

tend to be less resistant to environmental change; and 3) food web resistance de-
creases with the mean taxon tolerance, and reaches a maximum at an optimal ratio
of predator to prey tolerance. Our findings elucidate characteristics that make food
webs vulnerable, fostering more effective conservation practices.

1 Introduction35

Environmental change such as global warming or pollution alters species’ demographic
rates, threatening population persistence over time (Johnson et al., 2017; Maxwell et al.,
2016; Urban, 2015; Trisos et al., 2020; Barbarossa et al., 2021). This process raises ethical
questions (Tilman, 2000; Simaika and Samways, 2010), but will also have major conse-
quences for the functioning of ecological systems (Loreau et al., 2001; Vaughn, 2010; Oliver40

et al., 2015; Pires et al., 2018). Hence, sustainable strategies aimed at biodiversity protec-
tion should understand the mechanisms that connect environmental change to biodiversity
change (Lande et al., 1997; Richter et al., 2003; Kremen, 2005).

Predicting how environmental change leads to biodiversity change requires understand-
ing how species tolerances map to resistance of the focal ecological system. A species’ tol-45

erance describes how strongly an environmental change alters its demographic rates when
considered in isolation, i.e. not embedded in its community. A low tolerance implies a
strong effect, and vice versa. This definition is independent of the kind of environmental
pressure and is widely used and reported in applied ecology (Deutsch et al., 2008). For ex-
ample, tolerances underpin regulatory thresholds in ecotoxicology (Jager et al., 2011), but50

also drive climate-impact assessments in species distribution models (Kearney and Porter,
2009). In contrast, resistance describes the ability of an ecological system to retain its
species composition under increasing environmental pressure (Grimm and Wissel, 1997).
Technically speaking, resistance is the highest level of environmental change that does
not result in species loss. Because interactions among species can amplify or buffer the55

direct physiological effects captured by tolerance, communities may lose species at stress
levels below or above what species responses would suggest. Understanding how tolerance
maps to emergent resistance is therefore essential for anticipating biodiversity loss and for
designing management actions that target the most vulnerable components of ecological
networks.60

How specific environmental change drivers affect communities is well documented
(Jackson et al., 2001; Boonstra et al., 2015; Barlow et al., 2018; Halpern et al., 2019;
Beauchesne et al., 2021). However, predicting these effects and assessing resistance remains
challenging. That is because species differ in their tolerances, and species interactions can
propagate or transform direct effects, leading to unexpected outcomes (Ockendon et al.,65

2014; Ratzke et al., 2020). In addition, measuring resistance requires adopting a gradi-
ent approach, where one exposes the focal community to ever-increasing environmental
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change levels. Mathematical models offer a way to integrate information on species tol-
erances and interactions, and estimate resistance or related quantities (Rohr et al., 2006;
Monte, 2009; Serván et al., 2018; Thompson et al., 2018; Gibbs et al., 2022; van den Berg70

et al., 2022; De Laender et al., 2023). One obstacle to the use of such models is their high
number of parameters, reflecting the complexity of ecological networks (Montoya et al.,
2006) and jeopardizing their routine use in applied ecology. An important objective is
therefore to seek broad principles that predict resistance from a handful of descriptors,
across ecosystems.75

Resistance is one of several dimensions of ecological stability (Pimm, 1984; Grimm
and Wissel, 1997; McCann, 2000; Donohue et al., 2016; Radchuk et al., 2019). Yet, it
has received comparatively less attention than local asymptotic stability, resilience, or in-
variability. Other stability components may be analyzed, such as resilience (the rate of
recovery after a perturbation) or invariability (reciprocal of temporal biomass variance).80

Here, we decided to focus on the food web resistance because it most directly captures
the short-term biodiversity responses to environmental change. For example, the size and
architecture of ecological networks, and statistical summaries of growth and interaction
rates have established effects on local asymptotic stability (Allesina and Tang, 2015; Grilli
et al., 2016; Jordán and Scheuring, 2004; Rao et al., 2024; Srednick and Swearer, 2024; Liu85

et al., 2024; Gibbs et al., 2024). Another example is the well-established link between (a-
)synchronous species responses, population-level temporal variability, and temporal stabil-
ity of aggregate properties such as total biomass (Loreau and De Mazancourt, 2013; Loreau
et al., 2021; Gonzalez et al., 2020; Wang et al., 2019). Similar results are at present not
available for resistance. This is problematic because resistance is particularly relevant in90

applied ecology, as it captures the threshold level of environmental change beyond which
species loss becomes unavoidable, and therefore gives direct input to environmental law
and regulation.

The objective of this paper is to unveil general principles that predict resistance to
environmental change, for the case of food webs. Trophic interactions form one of the95

fundamental building blocks of ecological communities and can lead to unexpected out-
comes for species coexistence (Chesson and Kuang, 2008; Archibald et al., 2023; Talmy
et al., 2024). To achieve our objective, we adopt four complementary approaches. We be-
gin with mathematical analyses of simplified Generalized Lotka–Volterra models (Lotka,
1920; Volterra, 1926; Tilman, 2007) to derive explicit predictions about how prey and100

predator tolerances and food web structure shape food web resistance. These theoretical
expectations are then tested through simulations of randomly parameterized food webs, fol-
lowed by more realistic meta-community simulations using trait-based macroinvertebrate
assemblages distributed across spatial river networks. Finally, we analyze field data from
European streams to evaluate whether empirical patterns of predator and prey richness105

across impact gradients align with the model-based predictions.
We identify three general rules that determine the resistance of food webs to envi-

ronmental change. First, we find that predators are generally less resistant than prey.
A consequence is that food web resistance increases as predators have on average higher
tolerance. Second, food web resistance declines with the number of prey species, while the110

number of predators has a smaller effect. We explain this result based on energetic consid-
erations for population growth. Third, resistance decreases with the mean taxon tolerance,
and reaches a maximum at an optimal ratio of predator to prey tolerance. These rules
are supported by mathematical analyses, and numerical simulations with both randomly
parameterized models and detailed trait-based metacommunity models of six representa-115
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tive macroinvertebrate food web assemblages found across European streams (Jupke et al.,
2022). Furthermore, our simulations highlight the specific conditions under which rules 1
and 3 are expected to break down. We finally analyze observed macroinvertebrate com-
munities across three different European freshwater systems, finding that more degraded
sites tend to have a smaller number of predator taxa, which provides empirical evidence120

to our first rule.

2 Model and methods

2.1 Food web model

We modeled a bitrophic food web of nP predators and nV prey (or victim) taxa affected
by the presence of an environmental driver:125

dVi

dt
=

[
bi −mi

(
1 +

ξ

τi

)
−

nV∑

j=1

αijVj −
nP∑

k=1

λikPk

]
Vi, i = 1, . . . , nV ,

dPk

dt
=

[
−dk

(
1 +

ξ

τk

)
− αkkPk +

nV∑

i=1

λikηikVi

]
Pk, k = 1, . . . , nP .

(1)

Here, Vi and Pk denote the abundance densities of prey taxon i and predator taxon k. For
each prey taxon, bi and mi are the intrinsic birth and death rates, while dk is the intrinsic
death rate of predator taxon k. The parameters αij represent the interspecific competition
strength between prey taxa i and j; intraspecific competition for prey and predators is130

set to αii = 1 by rescaling population densities. The parameter λik is the attack rate of
predator k towards prey i, and ηik is the corresponding conversion efficiency of consumed
prey biomass into predator biomass. The environmental change level ξ linearly increases
taxon-specific death rates, modulated by each taxon’s intrinsic tolerance τi. This tolerance
is an inherent property of each taxon, independent of ecological interactions. Equilibrium135

densities are found by solving this set of differential equations. Here, we focus on parameter
settings for which the equilibrium in absence of environmental change, ξ = 0, have all taxa
present.

Environmental change multiplies a taxon’s death rate in inverse proportion to its toler-
ance τ (Eq. (A.7) from Supplementary Information A.1): the same environmental change140

level ξ will increase the death rate more in taxa with lower tolerance.
This increase in the death rate affects population dynamics, possibly leading to the

loss of a taxon. One can therefore determine, for a given taxon, the highest environ-
mental change level ξ that does not lead to its extinction. We define this level as the
taxon’s resistance Ω. We then define the lowest resistance across all predator taxa as145

the predator-level resistance, ΩP . Similarly, the prey-level resistance, ΩV , is the lowest
resistance across all prey taxa. Finally, the minimum of the predator-level and prey-level
resistances, min (ΩV ,ΩP ) is the resistance of the whole food web. This definition of resis-
tance, which is based on the least resistant taxon within the community, is in line with EU
legislation on chemical pollutants that aims to avoid biodiversity loss (European Parlia-150

ment and Council of the European Union, 2009). Alternative definitions based on the loss
of X% of the taxa can also be established, and lead to similar expressions for resistance
(Supplementary Information A.7).
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2.2 Mathematical analyses of simplified food webs

We started by simplifying the main equation from the previous subsection, Eq. (1), to155

make it analytically tractable. We considered two simplifying scenarios.
First, we considered communities of completely equivalent prey taxa (i.e., in which

all the taxa have exactly the same parameters) and completely equivalent predator taxa,
where predators are all generalists feeding on all the available prey (Supplementary In-
formation A.2). Yet, taxa can have different tolerances. Since all prey and predator taxa160

share the same parameters, it is easy to check that, in the absence of environmental change
(ξ = 0), all prey (and predators) would have the same equilibrium prey (and predator)
density, Eq. (A.10). However, environmental change (ξ > 0) might introduce differences
among taxon equilibrium densities, because not all taxa have the same tolerance. In
the supplements, we explain how we obtained analytical expressions for taxon, prey-level,165

predator-level, and food web resistances (Eq. (A.16)).
Second, we considered communities where again all prey are equivalent and all preda-

tors are equivalent, but now predators have distinct food sources. That is, we considered
specialist predators (each predator feeding on a unique prey) (Supplementary Informa-
tion A.3). Given the kind of model we considered, the number of prey must be larger than170

the number of predator taxa for all to persist without environmental change: nV ≥ nP .
Thus, this scenario implies that we have three different categories of taxa: prey taxa (at-
tacked by predators); competitor taxa (compete with prey taxa, but are not attacked by
the predators); and predator taxa. Also for this scenario we explain in the supplements
how we obtained analytical expressions for taxon, trophic levels, and food web resistance175

(Eqs. (A.19, A.20)).

2.3 Simulations of random food webs

To analyze the robustness of the results obtained for the two simplified scenarios, we
generated random communities with random parameters, but making sure that all taxa
are able to locally coexist in the absence of environmental change. Taxon parameters180

and tolerances were sampled from lognormal distributions with a coefficient of varia-
tion of 10%, unless otherwise specified. To isolate the effect of community structure
from that of tolerance distributions, we fixed the minimum and maximum sampled tol-
erance values within each trophic level across all communities regardless of species rich-
ness. In the absence of environmental change, we computed the equilibrium densities185

using Eq. (A.6)(Supplementary Information A.1) and verified that all taxa have positive
equilibrium densities. If any taxon went extinct, a new set of parameters was sampled.
Then, we iteratively increased the environmental change level, increasing the death rates
of the taxa, and computed the equilibrium densities of the taxa from the community, and
when the different taxa were removed. The detailed simulation protocol is available in190

https://github.com/javjarillo/getreal_model.
Furthermore, to evaluate the robustness of our analytical predictions in food webs where

prey trophic-level diversity emerges from predation–competition trade-offs, we simulated
communities composed of nP specialist predators feeding on nP prey, together with nV −nP

weaker competitors. These weak competitors exerted only a small competitive effect on the195

prey species (low mean αeaten prey,weak comp), whereas the reciprocal effect of the eaten prey
on the weak competitors is stronger (high mean αweak comp,eaten prey). As in the previous
simulations, all dynamical parameters were sampled from lognormal distributions with
the same coefficient of variation, and the equilibrium densities and taxa diversities were
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computed from increasing levels of environmental change.200

2.4 Simulations of realistic food webs in streams

Randomly assembled local communities may overlook key structural features of real ecosys-
tems that influence how taxa tolerances map to resistance. Hence, we also compared the
mathematical analysis results with results obtained from numerical simulations of realistic
macroinvertebrate communities in streams across Europe, exposed to realistic environ-205

mental change drivers. The purpose of these simulations is not to provide a fully accurate
reconstruction of any particular real river system but to test whether the qualitative pre-
dictions derived from the analytical and random food web models persist when adding
complexity in the form of a spatial structure, i.e. a dendritic network, which is a well-
established abstraction for riverine systems (Rodriguez-Iturbe and Rinaldo, 1997; Fagan,210

2002; Carrara et al., 2012).
To this end, we used a meta-community version of Eq. (1) that explicitly accounts for

taxa traits and tracks the populations dynamics across 100 patches that are connected
through dispersal on a realistic river network. The equations governing the metacom-
munity dynamics are shown in Eq. (B.5) from Supplementary Information B. To generate215

realistic spatial dendritic river networks, we employed the OCNET package (Carraro et al.,
2020). This package implements the Optimal Channel Network (OCN) framework (Ri-
naldo et al., 2014), which produces realistic river-like networks, consisting on a set of local
patches connected by streams.

To derive realistic macroinvertebrate assemblages, we used previously compiled data220

from national monitoring agencies, the scientific community, and available databases (Jupke
et al., 2022). We used 9976 records of observed species composition across 6965 sampling
sites spread across Europe to derive a list of 7 realistic macroinvertebrate assemblages
(Jupke et al., 2022) representative of different European river types as proposed by Ly-
che Solheim et al. (2019). The taxon composition of these assemblages are listed in Supple-225

mentary Information B, and Tables F.2–F.8 from Supplementary Information F. For each
assemblage, predator-prey links were established using the Global Interactions (GloBI)
database (Poelen et al., 2014), and average interaction strength between taxa across lo-
cations were estimated from species traits (Tachet database: Tachet et al. 2000) based
on food overlap and body size (Jonsson, 2014; Tsai et al., 2016; Eklöf et al., 2017). For230

each location, the taxa’s local birth and death rates were randomly sampled from normal
distributions, while local interaction strengths were also randomly sampled employing the
previously computed average interaction strengths across locations. Moreover, we classi-
fied the taxa as either ‘flying’ or ‘aquatic’ (non-flying), depending on the dispersal traits
also available at the Tachet database. Flying taxa were allowed to move between each235

pair of patches of the spatial network, while aquatic taxa could just move through the
connected patches. For each patch x, and each taxon, dispersal rates were randomly sam-
pled from normal distributions, and the specific dispersal rate from x to another node y is
modulated by the distance between patches x and y, compared to the distance from x to
either all the other patches (flying taxa) or to just all the connected patches (flying taxa)240

(Eq. (B.4) from Supplementary Information B).
We ran this model at increasing environmental change levels ξ for three pollutants,

as examples of real environmental change drivers that river communities are exposed to:
atrazine (a herbicide), imidacloprid (an insecticide), and copper (a metal), assuming equal
exposure for all local patches. The use of chemical pollutants here is illustrative; the245

framework extends to any driver producing taxon-specific demographic effects. For each of
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the pollutants, the taxon tolerances τi were estimated from hierarchical Species Sensitivity
Distribution (hSSD) Models that capture true variation of taxa tolerances (Jupke et al.,
2024; Jupke, 2024). We calculated food web resistance as in the simulations with random
food webs. The detailed simulation protocol of the meta-community model is available at250

https://github.com/javjarillo/getreal_model.

2.5 Field data

We analyzed a data set of macroinvertebrate community composition at 5536 river sites in
France (n=1315), UK (n=1228), and Germany (n=2993). Data from France and UK were
respectively obtained from the Näıades (https://naiades.eaufrance.fr) and Biosys255

(https://environment.data.gov.uk/dataset/fa98090d-d715-4d34-80f9-bb7621aa7101)
databases, while data from Germany were provided by German federal state authorities.
From each sample, we have a list of macroinvertebrate taxa observed on the sample, that
were classified as either prey or predators, employing the GLOBI database (Poelen et al.,
2014), that includes the reported trophic links between multiple taxa. Moreover, each site260

was classified as high, mid, and low impacted, based on the use of their potentially flood-
prone area (pfa) (Lemm et al., 2021). For more detailed information, see Supplementary
Information C.

3 Results

3.1 Analytical results: Estimators of food web resistance265

To understand the factors driving food web resistance, we analyse two simplified ver-
sions of the main food web model (Eq. (1)) (see Supplementary Information A). In the
first scenario, taxa within trophic levels are ecologically equivalent and all predators are
generalists, feeding with equal intensity on all prey. In the second scenario, all prey are
equivalent but each predator is unique as it attacks a single prey. Importantly, in both270

scenarios taxa have different tolerances τ to environmental change, and all taxa coexist
when environmental change is absent.

For both scenarios, we obtain analytical expressions for the predator-level resistance
(Eqs. (A.12) and (A.20) from Supplementary Information A, respectively). We find that,
in both scenarios, predator-level resistance depends on the reciprocal tolerance of the275

least tolerant predator, i.e. the maximum of all predator reciprocal tolerances (1/τ). To
obtain a general estimator applicable even when not all taxa’s tolerances are known, we
approximate this maximum as the value at κ standard deviations to the right of its mean
value. Fig. E.6 shows that a value of κ = 3 is a reasonable choice, given the number of
species and the distribution of the tolerances. For small variability in predators’ tolerances,280

both simplifying scenarios produce similar estimates of predator-level resistance ΩP , with
the difference vanishing as tolerance variability approaches zero. Furthermore, since the
resistance estimated under the specialist simplifying scenario consistently exceeds that
obtained under the generalist simplifying scenarios (Supplementary Information A.3), we
adopt the generalist estimate as a conservative measure of predator-level resistance,285

ΩP = H(τP )

b
m
− 1− d

m
1+(nV −1)α

λ η

H(τP )
H(τV )

+ d
m

1+(nV −1)α
λ η

+ κ d
m
CV

(
1
τP

) [
1+(nV −1)α

λ η
+ λ nP

nV

] , (2)
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where τV and τP are respectively the tolerances of prey and predators, H (·) is the harmonic
mean, and CV (·) is the coefficient of variation. The remaining parameters represent
standard parameters of the General Lotka-Volterra model: b (prey birth rate), d and m
(prey and predators death rates, respectively), α (interspecific competition among the290

prey), λ (attack rate), and η (conversion efficiency of prey into predators). (See table F.1
from Supplementary Information F for the definition of the parameters.)

We likewise obtain an estimator for prey-level resistance ΩV ,

ΩV = H(τV )
b
m
− 1

1 + κ 1+(nV −1)α
1−α

CV
(

1
τV

) , (3)

where again the maximum value max
(
τ−1
V

)
, corresponding to the least tolerant prey, is295

estimated as κ standard deviations to the right of the mean, mean(τ−1
V ) = 1/H(τV ).

An important implication of these estimators for prey and predator resistance is that,
all else equal, predators are less resistant than prey (as shown in Supplementary Informa-
tion A.4). This substantiates the intuitive result that predators require prey to persist,
while prey can persist without predators. Because of the same reason, predator-level re-300

sistance depends on both prey and predator parameters and tolerances (Eq. (2)), while
prey-level resistance only depends on parameters and tolerances of the prey (Eq. (3)).
Thus, one can use the predator-level resistance ΩP as a proxy for overall food web resis-
tance, and from its estimator we can derive a series of conclusions on what makes a food
web resistant.305

First, food web resistance increases as predators have on average higher tolerance H (τP )
(Fig. 1, upper panels). We note that this result is general for the case of stressors that only
act by increasing mortality. If stressors also act by reducing prey reproduction, we show
in Supplementary Information D that the extinction order can reverse (Supplementary
Information D and Fig. E.7). Second, for positive inter-specific competition strength α,310

greater numbers of prey species nV make for less resistant food webs; whereas the number
of predator species has a much smaller effect (Fig. 1, right panels). Increasing both the
absolute or the relative number of prey taxa decreases food web resistance (Supplementary
Information A.6). In the case of no inter-specific competition, α ≈ 0, prey richness should
not significantly affect food web resistance (Supplementary Information A.6).315

A third insight relates to the distribution of tolerances among predator and prey taxa.
Specifically, we find that there exists an optimal ratio H(τP )/H(τV ) that maximizes food
web resistance (Eq. (A.26) from the Supplementary Information A.5). Hence, food web
resistance may increase or decrease with H(τP )/H(τV ). Nevertheless, the existence of such
an optimum ratio indicates that food web resistance would be lower when there are large320

differences between predator and prey tolerances.
All these results were obtained for the definition of resistance given by the loss of the

1st species within the trophic levels. In the Supplementary Information A.7, we explore
an alternative definition of resistance: the environmental change level required to remove
50% of the taxa within a trophic level. The analytical expressions for this alternative325

definition (Eqs. (A.33) and (A.34)) are analogous to Eqs. (2) and (3), with the maximum
reciprocal tolerances replaced by their medians and the number of taxa rescaled to reflect
the 50% loss, so that all previous qualitative conclusions remain valid under this alternative
criterion.
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Figure 1: Effect of taxon tolerances and food web composition on food web
resistance. Food web resistance Ω (obtained from Eq. (2), since predator-level resistance
is smaller than prey-level resistance, Supplementary Information A.4) as function of the
harmonic mean of tolerances for prey and predators, H (τV ) and H (τP ), and of the number
of prey and predator species, nV and nP . The harmonic mean of the tolerances of predators
(panels A & B, vertical axes) limits this resistance. Moreover, the tolerance of the prey
species (panels A & C, horizontal axes), and the number of prey species (panels B &
D, horizontal axes), also have a noticeable influence. On the contrary, the number of
predators (panels C & D, vertical axes) only plays a minor role. For this plot, we have
employed b = 1, m = d = 0.1, λ = 3, η = α = 0.1, CV

(
τ−1
P

)
= 0.1, and κ = 3. Moreover,

for the different panels, we have employed nV = 10, nP = 5, and H (τV ) = H (τP ) = 1 as
default values when these parameters are not present in the panel frame axes.

3.2 Numerical simulations: random communities330

In real communities, taxa are not equivalent, nor do real predators have perfectly segre-
gated dietary niches. We therefore simulated randomly wired food webs of species with
variable parameter values, using Eq. (1). These simulations support the gist of our main
analytical results.

First, as found with our analyses, predators are less resistant than prey, and resistances335

do not differ between generalist and specialist food webs (Fig. 2). In addition, the ana-
lytical expressions obtained for the predator-level and prey-level resistances (Eq. (2) and
Eq. (3), respectively) provide good estimators for average resistances of the trophic levels
(Fig. 2). In particular, this confirms that the variability of taxon tolerances (measured as
the coefficient of variation) decreases the resistance. To assess the robustness of this result340

in more complex food webs, where the diversity at the prey trophic level is mediated by
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predation-competition trade-offs, we relaxed two assumptions of our simulation model for
specialist food webs. First, we consider food webs with nP predators feeding on nP prey,
and nV − nP weak competitors of the prey taxa. Second, we consider that, caused by
interspecific competition, the effect of the prey on the competitors is much stronger than345

the reciprocal effect (mean (αweak comp, eaten prey) = 16 × mean (αeaten prey,weak comp). These
modifications to our simulation design did not change the first main result that predators
are less resistant than taxa at the lower trophic level, even when predators are up to 18.8
times more tolerant than their prey (Fig. E.1 from Supplementary Information E). How-
ever, when there are competitors of the prey taxa not consumed by any predator of the350

food web, and much less tolerant than both prey and predator taxa (Fig. E.1, lower-right
panel), this main result might change, and some competitors might be less resistant than
the predators. This only occurs when both conditions are simultaneously met: (i) there
are competitors not subject to predation, and (ii) these competitors are less tolerant than
both prey and predator taxa.355
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Figure 2: Predators are less resistant than prey across 500 randomly wired food
webs. Food webs consist of 10 prey and 5 (either generalist or specialist) predators, which
can coexist in the absence of environmental change level ξ, and with tolerances, parameters
and interaction strengths obtained from random variables with the specified mean values
but with 3 different coefficient of variations CV (5%, 10%, 25%). The resistance of a trophic
level is the level at which the first taxon from such level is lost. The different realizations
show for each of the 500 food webs richness is reduced as we increase the environmental
change level, and upper boxplots show, for the 500 food webs, the environmental factor
at which the first taxon from each trophic level is removed. Vertical bars in lighter colors
are the analytically predicted predator-level and prey-level resistances assuming equivalent
taxa, Eqs. (2, 3). Note that this result only changes under specific conditions (Fig. E.1,
lower-right panel).

Second, as our analytical results pointed out, predator-level resistance decreases with
the number of prey taxa (Eq. (2)), for both scenarios of random food webs with either
generalist or specialist predators (Fig. 3, panel A). Moreover, prey-level resistance tended
to be higher, and also independent of the number of predators(Eq. (3); Fig. 3, panel A).
This negative effect of prey diversity on food web resistance vanishes when interspecific360

competition among prey is absent (α = 0), as the derivative ∂ΩP

∂nV
approaches zero in that
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limit (Supplementary Information A.6; and Fig. E.3 from Supplementary Information E).
These results also hold under the alternative 50%-loss resistance definition (Figs. E.4
and E.5 from Supplementary Information E).

Third, assuming the mean tolerance is kept constant, the food web resistance is maxi-365

mal at an optimal ratio of the harmonic means H(τP )/H(τV ) (Fig. 3, panel B), as predicted
by our analytical results. Food web resistance decreases when the differences in the tol-
erances between trophic levels become large. We obtain this result by computing the
derivatives of the food web resistance with respect to this ratio (from Supplementary In-
formation A.5). Again, this rule would break down under the specific condition of having370

competitors of the prey taxa not consumed by any predator, far less tolerant than both
prey and predators. In this case, the food web resistance would be given by the resistance
of these competitors, decreasing with a decreasing H(τ competitor

V ).

3.3 Numerical simulations: realistic macro-invertebrate commu-
nities375

Real prey and predators are not randomly wired, nor do they have random birth and death
rates. Instead, predator-prey interactions and parameters are determined by traits, and
have well-documented tolerances to specific environmental variables. In addition, taxa are
distributed across space, forming metacommunities. We therefore used 9976 records of
observed species composition across 6965 sampling sites spread across Europe to recon-380

struct 7 realistic macroinvertebrate assemblages representative of different European river
systems as classified by Lyche Solheim et al. (2019) (see Tables F.2–F.8 from Supplemen-
tary Information F; for details of the derivation of the macroinvertebrate assemblages, see
Jupke et al. (2022)). We used independent trait data from the GLOBI database (Poelen
et al., 2014) to wire and parameterize these food webs, and a probabilistic model of taxon385

tolerances to each of three chemical pollutants (a metal, copper; a herbicide, atrazine; and
a pesticide, imidacloprid) (Sinclair et al., 2024; Jupke, 2024; Jupke et al., 2024) (Methods’
Section 2.4). These tolerances show no marked differences between prey and predators
(see Fig. E.2, panel A, from Supplementary Information E). In contrast, taxon tolerances
were different between assemblages and pollutants (Fig. E.2, panel B).390

Simulations of the reconstructed food webs using the metacommunity model (Methods’
Section 2.1) confirm most of our main results. First, we find predator resistance to be
lower than prey resistance (Fig. E.2, panel C). That is, even though there are no apparent
differences in tolerances τ between trophic levels, predators are generally less resistant
than prey taxa, echoing our analytical and simulation results.395

Second, the number of prey species within the assemblages seems to reduce food web
resistance, measured as the smallest concentration leading to the loss of one species (Fig. 4,
panel A), as predicted by our analytical estimator, Eq. (2). Moreover, food web resistance
seems to increase with the mean taxon tolerance, again as predicted by our estimator
(Fig. 4, panel B). Finally, we obtained mixed results for the ratio of mean tolerances of400

predator and prey species, which did not seem to impact food web resistance in a unimodal
way (Fig. 4, panel C). Based on the analytical estimators, we would expect the existence
of an optimum ratio of tolerances that maximizes the food web resistance. However, such
a conclusion holds assuming that the mean taxon tolerances are not different across the
six communities, which, as previously discussed, might not be true for the considered405

communities (Fig. E.2, panel B).
In conclusion, the general rules obtained from analysing simplified versions of the food
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Figure 3: Panel A) Predator-level resistance decreases with the number of prey
in randomly wired food webs. Trophic-level resistances, defined as the minimum
environmental change level required to remove the 1st taxa from the trophic level, as
function of the number of prey and predator taxa of the food web. To isolate the effect
of food web structure from the distribution of the tolerances, we fixed the minimum and
maximum sampled tolerance within each trophic level, so they do not depend on species
richness. Predator-level resistance decreases with the number of prey, while does not
significantly differ with the number of predators. Prey-level resistance is greater than
predator-level resistance. In accordance, it does not depend the number of predator taxa,
since predators tend to be lost at lower environmental change levels. Panel B) Food
web resistance is maximal at an optimal ratio of tolerances across trophic
levels in randomly wired food webs. Resistances of random bitrophic food webs with
the same mean tolerances ⟨τ⟩ = mean (H(τP ), H(τV )) = 1, but different ratios of tolerances
across trophic levels H(τP )/H(τV ), and different coefficients of variations (CV) of the food
web parameters and tolerances. Our numerical simulations of these random communities
support that the variability tends to decrease the food web resistance, and the existence of
an optimal ratio of tolerances across trophic levels that maximizes the food web resistance.
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Figure 4: Panel A) For the six realistic macroinvertebrate assemblages contain-
ing at least one predator, food web resistance (measured as the smallest environ-
mental change driver concentration that can remove one taxon) decreases with the
number of prey taxa within the food web. Panel B) For the same food web assem-
blages, resistance increases with the harmonic mean of predator tolerances.
Panel C) For the same food web assemblages, we do not observe a clear optimal ra-
tio of tolerances ρ = H(τP )/H(τV ) that maximizes food web resistance; this might be
caused by differences in mean taxon tolerances across the communities (Fig. E.2, panel
B). To verify these results, we fit a linear model log(resistance) ∼ logH(τP ) + nV +
log ρ + (nV : log ρ), obtaining an R2 = 0.7608, and these coefficients for the

different explanatory variables: 0.31 logH(τP ) (p = 0.065); −0.21nV (p = 7 ·
10−4); −1.93 log ρ (p = 4 · 10−3); and 0.11 (nV : log ρ) (p = 0.02).

web model (Eq. (2)) explain the resistance of stream macroinvertebrate assemblages, as
obtained with a detailed trait-based metacommunity simulation model.

3.4 Empirical support for theoretical predictions410

A main prediction of our theory is that predators are less resistant to environmental change
than prey, all else being equal. Hence, ecosystems exposed to higher levels of environmental
change are expected to contain fewer predators relative to prey.

Macroinvertebrate food webs are well suited to test this prediction, as species can
be approximately categorized as competitors for detritus and algae, or predators of said415

13



competitors, reflecting our modeling setup. To test this expectation, we analyzed a data
set of macroinvertebrate community composition at 5536 river sites in France, UK, and
Germany (Fig. 5; see Supplementary Information C.).

Figure 5: River sites across France (n=1315), UK (n=1228), and Germany
(n=2993) with greater environmental change levels have comparable macroin-
vertebrate prey richness (panel A) but lower macroinvertebrate predator rich-
ness (panel B) than sites with lower environmental change levels. This result
suggests that predators are less resistant than prey taxa, and are among the first to be
eliminated following environmental change. For each observation, environmental change
level has been defined as 0 for the least impacted sites, 1

2
for the mid impacted sites,

and 1 for the high impacted sites. To estimate the effects of country and environmental
change level, type-II anova tests diversity ∼ level * country, using Anova function
from R car package (Fox and Weisberg, 2019), were employed. For the number of prey,
we obtain that the p-values associated to the different factors were: 0.019 (env. change
level), < 2.2 · 10−16 (country), and 5.1 · 10−7 (env. change level:country). This means that
country is the most important factor affecting the prey diversity; whereas the effect of
environmental change level was statistically significant but the direction differed among
countries. For the number of predators, the associated p-values were: < 2.2 · 10−16 (env.
change level), < 2.2 · 10−16 (country), and 4.2 · 10−6 (env. change level:country). Hence,
both country and environmental change level have highly significant effects on the number
of predators.

Employing two-way ANOVAs, we found that environmental change level did not consis-
tently affect prey richness, but significantly reduced predator richness across all countries420

(p < 2.2 · 10−16), consistent with our theoretical results.

4 Discussion

4.1 New insights

We have identified three general predictions of food web resistance. These predictions are
supported by multiple lines of evidence, as shown in Table. 1. Mathematical analyses and425
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numerical simulations indicate that these predictions are valid in any food web character-
ized by distinct levels of prey taxa and predator taxa. While our results deal with food
webs with two trophic levels, we do allow competition among prey species, which could
encode an additional trophic level below that is not explicitly modeled. Furthermore, if the
dynamics of this lower trophic level are sufficiently faster than those of the two modeled430

trophic levels, our results should hold for longer food webs as well, as long as effects of
environmental change happen at the highest trophic levels. Within these limits, the three
rules we uncovered are valid, even when parameterizing our models to specific conditions
using trait data, and when accounting for spatial dynamics in a metacommunity context.
Despite the fact that traits predict trophic interactions (Gibert and DeLong, 2017, but see435

Jonsson et al., 2018), we did not find that trait data altered the above-mentioned general
predictors of food web resistance, distilled from a simplified food web in which species
were largely ecologically equivalent.

In this article, we considered the resistance of a community affected by a single envi-
ronmental change driver. This reduces the resistance to a single number, which plays the440

role of a threshold beyond which species loss is inevitable. In real cases, however, ecolog-
ical communities are challenged by a suite of various drivers occurring at the same time.
Such multiple-driver scenarios can lead to unexpected effects that are driven by species
interactions (Gilbert et al., 2014; Kroeker et al., 2017; Thompson et al., 2018; Beauchesne
et al., 2021; Turschwell et al., 2022). Including response surfaces is one way to anticipate445

such driver interactions, as it accounts not only for joint effects of multiple environmental
change drivers, but also potential covariances among them (Van Moorsel et al., 2023).
Doing so would change the equations we found for predator and prey resistance, Eqs. (2)
and (3), as resistance to a one driver will depend on that of others. However, most of our
predictions on community tolerance would still stand.450

A first prediction is that predators dictate the resistance of the whole food web because
they are less resistant than prey. That is, the first taxon lost by the action of any environ-
mental factor is expected to be a predator, even if its inherent tolerance τ is the same as
that of prey. This highlights the role of species interactions and indirect effects in deter-
mining the resistance of taxa (Clements and Rohr, 2009; Säterberg et al., 2013; Ockendon455

et al., 2014; Kleinhesselink and Adler, 2015; Fleeger, 2020; Beauchesne et al., 2021; Zelnik
et al., 2022). This result does not contradict the finding that specific predators are more
resistant than specific prey (cf. right panels of Fig. 2). Instead, it shows that predators
are, on average, more affected by environmental factors, which indicates that the effect of
these factors may be greater at higher trophic levels (Voigt et al., 2003; Binzer et al., 2011;460

Bracken and Low, 2012). The analysis of macroinvertebrate data confirms this prediction
(Fig. 5), even though other predictors (encoded in the country covariate) may intervene
and blur this result.

The fact that top predators are more extinction-prone than species at lower trophic lev-
els is a classic observation in empirical studies (Cardillo et al., 2004; Säterberg et al., 2013),465

and has been shown to have potentially far-reaching implications for ecosystem structure
(Estes et al., 2011; Donohue et al., 2017). This greater vulnerability of top predators is
often explained in the context of habitat fragmentation (e.g. Layman et al., 2007; Ryser
et al., 2019). For example, Bayesian network approaches have found that top predators
in spatial networks, all else equal, tend to be more extinction-prone following habitat loss470

because of their lower metapopulation capacity (Häussler et al., 2020). Our findings show
that, even without considering spatial mechanisms, predators are also more sensitive to
environmental perturbations than their prey. Because regions subject to environmental
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change typically experience multiple perturbations, including habitat loss (Bowler et al.,
2020), our findings support calls for greater conservation efforts at higher trophic levels475

(Säterberg et al., 2013).
The second prediction is that food webs with many different prey taxa are expected

to be less resistant towards the loss of one predator (Fig. 3, panel A). The reason for this
result is that high competition among the prey leads to lower density per prey species, and
thus lower prey consumption. Because predator population growth is the balance between480

consumption and mortality, the same increase of predator mortality is more likely to result
in predator loss when consumption is lower. Additional results illustrate this mechanism
by showing that this effect disappears as inter-specific competition among prey gets weaker
(Fig. E.3 from Supplemental Material). This result is in line with the classical work of
May (1972, 2019), which suggests that more diverse communities might be less stable, a485

pattern reinforced when interspecific competition (or other non-antisymmetric) interac-
tions are stronger (Allesina and Tang, 2012). This mechanism mainly applies to systems
where prey dynamics are dominated by bottom-up control and resource limitation (i.e.,
high interspecific competition). In more productive systems, where predators exert strong
top-down control and prey competition is reduced, the relation might change. Indeed, it490

has been mathematically proven that the negative effect of prey diversity on food web
resistance should be reduced for low interaction strengths (Kokkoris et al., 2002), and that
a positive diversity-stability relationship can emerge (McCann, 2000). Overall, the rela-
tion between diversity and stability likely depends on the stability component considered
(Pennekamp et al., 2018; Jarillo et al., 2022).495

Finally, and as one would expect, the food web resistance Ω increases with the tol-
erances of both prey and predator taxa (see Fig. 1). In particular, it linearly increases
with the average of the harmonic means of prey and predator taxa, mean (H(τV ),H(τP )),
reflecting earlier results in simplified models (Clark et al., 2021; Jarillo et al., 2022). Our
third prediction postulates that, for a given mean tolerance, there exists an optimum ratio500

of predator and prey tolerance H(τP )/H(τV ) that maximizes community resistance. That
is, due to the taxon interactions, the food web resistance decreases for large differences
between the tolerances across trophic levels, which shows that food web resistance might
not be an additive property based on the taxon tolerances (Singer et al., 2013). This ana-
lytical result was obtained under the assumption of all prey and predators having the same505

parameters, but confirmed numerically in random communities (Fig. 3, panel B). In more
complex systems, a more detailed analysis should be proposed to prove these results. In
general, the distribution of taxon tolerances, and particularly the differences between the
predators and prey tolerances, would certainly influence the food web resistance, because
of the trophic interactions within the community (see Fig. 4, panel B). In particular, this510

result may have applications in ecotoxicology, where previous studies have proven the ex-
istence of differences in tolerances between trophic levels depending on the chemical mode
of action (Kienzler et al., 2019).

4.2 Limitations and perspective

One limitation of our mathematical analyses is that we assume predator and prey species515

are on average equally tolerant. While there is no broad support for a relationship between
tolerance and trophic level (da Silva et al., 2023), empirical evidence indicates that for some
environmental drivers, such as ocean acidification, top predators may be significantly more
tolerant than taxa at lower trophic levels (Hu et al., 2022, 2024). Our simulations illustrate
that relaxing this assumption only invalidates our findings when some species compete with520
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Table 1: Summary of the evidence for each of the three rules that govern food
web resistance to environmental change. Entries refer to the figures and equations
that support each rule. These rules are valid as long as there are no competitors of the prey
taxa that are both not consumed by the predators and far less tolerant than the prey and
predators. Otherwise, ΩP might not well represent the food web resistance, potentially
breaking rules 1 and 3.

Theory Random food
webs

Spatial
metacommunity

Field data

Rule 1. Predators are more vulnerable to environmental change than their prey.

ΩP < ΩV

(Eqs. (2)–(3))
Predators go extinct
at lower env. change
levels than prey
(Fig. 2)

Predators have lower
resistances than prey
(Fig. E.2,
Supplementary
Information E)

Predator richness
(but not prey
richness) declines
with env. change
level (Fig. 5)

Rule 2. Food webs with more prey species are less resistant to environmental change.

ΩP decreases
monotonically
with prey
richness
(Eq. (2), Fig. 1)

Predator-level
resistance declines
with prey richness
(Fig.3)

Communities with
higher prey richness
exhibit lower
metacommunity-
level resistance
(Fig. 4)

Not directly testable
with observational
data

Rule 3. Food web resistance is maximised at an intermediate predator-to-prey

tolerance ratio.

Non-monotonic
dependence of
ΩP on τP/τV
(Eq. (2), Fig. 1,
Supplementary
Informa-
tion A.5)

Hump-shaped
relationship between
resistance and τP/τV
(Fig. 3)

No linear trends of
food web resistance
with the tolerance
ratios (Fig. 4)

Not directly testable
with observational
data

the prey (competitors, hereafter) and are both (1) not consumed by any predator (specialist
scenario) and (2) are less tolerant than predators and prey. In that case, the competitors
tend to go extinct before the predators (Fig. E.1, bottom-right panel), violating rules 1
and 3 (Table 1). Conversely, rule 2 continues to hold, since more prey taxa would result
in higher competition between the prey and competitors, reducing the resistance of the525

competitors.
Our mathematical analysis also assumes that taxa within a trophic level share similar

dynamical parameters, neglecting potential trade-offs between competitive ability and vul-
nerability to predators (Leibold, 1996; Chase et al., 2002). If such trade-offs existed, and
if prey species less affected by predators are also less tolerant to environmental change,530

some of these weak competitors might be expected to go extinct before some predators.
However, incorporating these trade-offs did not change the conclusion that predators are
less resistant, except in the specific case where competitors of the prey are not consumed
by predators and are less tolerant than the rest of the taxa (Fig. E.1, right panels).

When analyzing how food web structure modulates resistance, we also did not explicitly535
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analyze the effect of biomass distribution across trophic levels before the perturbation–the
initial biomass pyramid (Galiana et al., 2021). The shape of this pyramid may influence
food web resistance, especially for inverted pyramids, for which taxa at lower levels present
lower biomass, pushing their predators sooner to extinction because of bottom-up effects.

Finally, even though our numerical results with random communities (considering both540

generalist and specialist food webs) include many different simulations that confirm the
three rules described here under most conditions (Fig. 2), the meta-community simula-
tions of our realistic macroinvertebrate communities include results for only six typical
communities. The results obtained from this limited number of realistic metacommunities
seem to support rules 1 and 2, while support for rule 3 is mixed (Fig. 3). A more in-depth545

study involving a larger number of communities would be necessary to provide stronger
validation.

Our predictors can be divided into two categories: those that describe the food web’s
ecology, and those that describe species tolerances. Our results suggest that both are
mostly independent, leading to insights on which food webs are less resistant: those with550

more sensitive predators, with many prey, or with less balanced tolerances of prey and
predators. Two of the three predictions relate to species tolerances, suggesting that re-
sponses to the environment are more important than ecological mechanisms. However,
this suggestion is misleading, because the role of the species tolerances is precisely driven
by these ecological mechanisms, which either magnify or dampen taxon tolerances. Our555

results show that there appears to be regularity in the ways in which they do so, which is
an encouraging finding, given the diversity of environmental factors of which global change
is composed.
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A Analytical derivations of food web resistance

A.1 General bitrophic community model

As stated in the main text, we consider a bitrophic community of nP predators and nV

prey (or victim) taxa, whose dynamics (in the absence of the environmental change) is
given by the generalised Lotka-Volterra model (Lotka, 1920; Volterra, 1926; Tilman, 2007),

dVi

dt
=

[
bi −mi −

(
nV∑

j=1

αij Vj

)
−
(

nP∑

k=1

λik Pk

)]
Vi ,

dPl

dt
=

[
−dl − αll Pl +

(
nV∑

i=1

λil ηil Vi

)]
Pl ,

(A.1)

for i = 1, · · ·nV , l = 1, · · · , nP , and where the different parameters are defined in Table F.1.
This set of equations (A.1) can be written as the matrix equation,910

dN⃗

dt
= N⃗ ◦

[
R⃗−A N⃗

]
. (A.2)

where “◦” denotes the element-wise (or Hadamard) product of two vectors, N⃗ and R⃗ are
column vectors containing respectively all taxon abundances and growth rates,

N⃗ =




V1

V2
...

VnV

P1

P2
...

PnP




, R⃗ =




b1 −m1

b2 −m2
...

bnV
−mnV

−d1
−d2
...

−dnP




, (A.3)

and A is the interaction matrix,915

A =




1 α1,2 · · · α1,nV
λ1,1 λ1,2 · · · λ1,nP

α2,1 1 · · · α2,nV
λ2,1 λ2,2 · · · λ2,nP

...
...

. . .
...

...
...

. . .
...

αnV ,1 αnV ,2 · · · 1 λnV ,1 λnV ,2 · · · λnV ,nP

−λ1,1 η1,1 −λ2,1 η2,1 · · · −λnV ,1 ηnV ,1 1 0 · · · 0
−λ1,2 η1,2 −λ2,2 η2,2 · · · −λnV ,2 ηnV ,2 0 1 · · · 0

...
...

. . .
...

...
...

. . .
...

−λ1,nP
η1,nP

−λ2,nP
η2,nP

· · · −λnV ,nP
ηnV ,nP

0 0 · · · 1




,

(A.4)
since predators do not have any direct inter-specific competition, see Eq. (A.1). In these
expressions, we have introduced the vertical and horizontal dashed lines as visual guides
to distinguish the elements corresponding to the prey and to the predators.

To obtain the equilibrium abundances we should solve the matrix equation920

0⃗ = N⃗ (eq) ◦
[
R⃗−A N⃗ (eq)

]
. (A.5)
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Assuming all taxa persist in the habitat, the steady equilibrium densities of the taxa within
the community can be computed just from Eq. (A.2)

N⃗ (eq) = A−1 R⃗ . (A.6)

If on the contrary one or more taxa are removed from the habitat, the new equilibrium925

densities should be computed directly from Eq. (A.5). Alternatively, the equilibrium
densities can also be computed from Eq. (A.6), by removing from the interaction matrix

A and the growth rate vector R⃗ those rows and columns corresponding to the removed
taxa.

In the presence of environmental change, the death rate of all prey and predator taxa930

can be potentially increased, which might eventually cause the extinction of some of the
taxa within the food web. Denoting as ξ the environmental change level, we assume that
it linearly increases the death rates of the taxa, with a slope given by the taxon tolerances,
τi,

R⃗ −→ R⃗∗ =




b1 −m1

(
1 + ξ

τV,1

)

b2 −m2

(
1 + ξ

τV,2

)

...

bnV
−mnV

(
1 + ξ

τV,nV

)

−d1

(
1 + ξ

τP,1

)

−d2

(
1 + ξ

τP,2

)

...

−dnP

(
1 + ξ

τP,nP

)




. (A.7)935

Hence, for a given environmental change level ξ > 0, this R⃗∗ should be employed in
Eqs. (A.5) or (A.6), causing a change in the equilibrium abundances. From this analysis,
we can define the taxon resistance within the community as the minimum environmental
change level required to erode such taxon from the community.

Caused by the large number of different parameters, obtaining expressions for the940

resistances of the taxa in the general scenarios is a too complex task. Because of that,
in the following subsections, we will consider simpler scenarios that will let us to derive
analytical solutions for such resistances.

A.2 Simple food webs of generalist predators and prey

This simplified model assumes that, in the absence of environmental change (ξ=0), all945

prey and predator taxa are “equivalent” at each trophic level, in the sense that they have
the same parameters. Since here we are considering generalist predators able to feed on all
nV prey taxa within the food webs, this attack rate is normalized by the number of prey
taxa (since predators have to split their focus among all the possible prey) ( λ

nV
). However,

we would consider that the presence of the environmental change ξ has different effects on950

the different taxa, represented by different taxon tolerances τi.
Hence, for this case of equivalent generalist taxa, the interaction matrix (A.4) and the
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growth rate vector (A.7) would read

Agen =




1 α · · · α λ
nV

λ
nV

· · · λ
nV

α 1 · · · α λ
nV

λ
nV

· · · λ
nV

...
...

. . .
...

...
...

. . .
...

α α · · · 1 λ
nV

λ
nV

· · · λ
nV

− λ η
nV

− λ η
nV

· · · − λ η
nV

1 0 · · · 0

− λ η
nV

− λ η
nV

· · · − λ η
nV

0 1 · · · 0
...

...
. . .

...
...

...
. . .

...

− λ η
nV

− λ η
nV

· · · − λ η
nV

0 0 · · · 1




, R⃗∗
gen =




b−m
(
1 + ξ

τV1

)

b−m
(
1 + ξ

τV2

)

...

b−m
(
1 + ξ

τVnV

)

−d
(
1 + ξ

τP1

)

−d
(
1 + ξ

τP2

)

...

−d
(
1 + ξ

τPnP

)




.

(A.8)
Replacing these expressions in Eq. (A.2), we obtain that for this simplified food web of955

generalist predators the Lotka-Volterra equations read

dVi

dt
= Vi

[
b−m− α

nV∑

j=1

Vj − (1− α)Vi −
λ

nV

nP∑

k=1

Pk −m
1

τVi

ξ

]
,

dPl

dt
= Pl

[
−d+

λ

nv

η

nV∑

j=1

Vj − Pl − d
1

τPl

ξ

]
.

(A.9)

From these equations, one can obtain analytical expressions for the equilibrium abundances
for prey and predator species (i.e., the abundances for which dVi

dt
= dPl

dt
= 0, for i =

{1, · · · , nV }, l = {1, · · · , nP}. Such equilibrium abundances read

V
(eq)
i =

b−m
[
1 +

〈
1
τV

〉
ξ
]
+ λ nP

nV
d
[
1 +

〈
1
τP

〉
ξ
]

1 + (nV − 1)α + λ2 η nP

nV

− m

1− α

[
1

τVi

−
〈

1

τV

〉]
ξ , (A.10a)

P
(eq)
l =

λ η
[
b−m

(
1 +

〈
1
τV

〉
ξ
)]

− [1 + (nV − 1)α] d
[
1 +

〈
1
τP

〉
ξ
]

1 + (nV − 1)α + λ2 η nP

nV

− d

[
1

τPl

−
〈

1

τP

〉]
ξ , (A.10b)

where ⟨·⟩ denotes the arithmetic mean, so
〈

1
τV

〉
= 1

nV

∑nV

i=1
1
τVi

, and a similar expression

holds for
〈

1
τP

〉
. In particular, this would mean that

〈
1
τV

〉
and

〈
1
τP

〉
are the reciprocals of

the harmonic mean of the prey and predator tolerances, respectively. From these expres-960

sions, it is easy to check that in the absence of environmental change (ξ = 0) all predator
and prey taxa have the same equilibrium abundances, as a consequence of the assumption
of all having the same parameters. Moreover, if we impose that both trophic levels co-
exist in the absence of perturbation, so the equilibrium solution (A.10) provides positive
abundances, we reach the coexistence condition965

b

m
− 1 >

d

m

1 + (nV − 1) α

λ η
, (A.11)

which ensures that the predators can persist with the given prey availability.
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Since predators need the prey species to persist, the first taxon to be removed because
of the action of the environmental change ξ would be a predator. And in this model,
such predator would be the one with the smallest tolerance τP,l. This let us to define the970

resistance of the predator trophic level ΩP as the minimum environmental change level ξ
that leads to the removal of the first predator. This would correspond the the minimum
ξ such as the the first predator taxa goes from a positive abundance to a zero abundance.
Its inverse is

Ω−1
P =

1
b
m
− 1− d

m
1+(nV −1)α

λ η

{〈
1

τV

〉
+

d

m

1 + (nV − 1)α

λ η
max

(
1

τP

)

+
d

m
λ
nP

nV

[
max

(
1

τP

)
−
〈

1

τP

〉]} (A.12)975

This expression tells us that the predator resistance depends on the harmonic mean of
the tolerance of prey and predator species, and on the minimum tolerance among the
predators.

For higher environmental change levels, the more predator taxa would be removed, up
to the point that just the prey species persist. Up to this point, the dynamical equation980

for the prey species would read

dVi

dt
= b−m− α

nV∑

j=1

Vj − (1− α)Vi −m
1

τVi

ξ . (A.13)

And hence, the equilibrium abundance of the prey species i (in the absence of any predator)
would read

V
(eq)
i =

b−m

1 + (nV − 1)α
− 1

1− α
m

{
1

τVi

− nV α

1 + (nV − 1)α

〈
1

τV

〉}
ξ . (A.14)985

Then, we can obtain the resistance of the prey level from the minimum environmental
change level required to remove at least one of the prey,

Ω−1
V =

1
b
m
− 1

{
max

(
1

τV

)
+

nV α

1− α

[
max

(
1

τV

)
−
〈

1

τV

〉]}
. (A.15)

Using Eqs. (A.12) and (A.15), and knowing the tolerances of all taxa within the com-
munity, analytical estimators for the resistances of the trophic levels of the food web could990

be derived. However, these estimators depend on knowing exactly the minimum toler-
ance among the species from each trophic level. Hence, these expressions may result in
unreliable estimations if tolerances of some of the taxa are lacking.

To solve this issue, we might try to provide some statistical estimators for max(τ−1
X ),

X ={V or P}. Hence, we would assume that the inverse of the taxon tolerances within995

a trophic level is a random variable following a given distribution, with a given mean〈
τ−1
X

〉
and standard deviation std

(
τ−1
X

)
. Then, we replace in Eqs. (A.12) and (A.15) the

maximum values of these quantities as the statistics located at κ standard deviations to the
right from the sample mean (max

(
τ−1
X

)
→
〈
τ−1
X

〉
+κ std

(
τ−1
X

)
=
〈
τ−1
X

〉 (
1 + κCV

(
τ−1
X

))
).

The factor κ may depend on the sample size, since larger samples are more likely to exhibit1000

more extreme values, and it may also depend on the tail properties of the underlying
tolerances. For instance, if τ−1

X were Gaussian, the expected maximum would scale as√
2 log n for large sample sizes. In our case, we numerically evaluated the distance between
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the empirical sample maximum and the population mean of the reciprocal tolerances. For
the typical number of taxa considered here, this distance lies between 0 and 4 standard1005

deviations (Fig. E.6). We therefore take κ = 3 as a representative value.
This estimation of the maximum reciprocal tolerance let us to obtain the following

expressions for the resistances of the trophic levels

ΩP =H(τP )

b
m
− 1− d

m
1+(nV −1)α

λ η

H(τP )
H(τV )

+ d
m

1+(nV −1)α
λ η

+ κ d
m
CV

(
1
τP

) [
1+(nV −1)α

λ η
+ λ nP

nV

] , (A.16a)

ΩV =H(τV )
b
m
− 1

1 + κ 1+(nV −1)α
1−α

CV
(

1
τV

) , (A.16b)

where H (τX) = 1/
〈
τ−1
X

〉
stands for the harmonic mean of the tolerances of the taxa from

the specified trophic level (prey or predator).

A.3 Simple food webs of specialist predators and prey

In contrast to the scenarios of all-generalist predators, real ecosystems tend to have more1010

skew interactions, with just few strong trophic relations between predator and prey taxa.
To take this fact into account, we consider here the opposite scenario, in which each
predator taxon preys upon a single prey. In this scenarios we further assume that each of
the prey taxon can be consumed by at most one predator, considering high enough niche
differentiation between the predators. Even though this represents just an idealization,1015

since the number of prey taxa is generally bigger than the number of predator taxa, for
sufficiently large systems the chances of two coexisting specialist predators feeding on the
same prey would be low.

We further assume that all prey and predator taxa have the same parameters (growth
rates, interaction strengths ...) as in the previous scenarios. With respect to the tolerances,1020

and to obtain simpler analytical estimators of the resistances of the predator levels, we
also assume that all prey taxa are equally tolerant, presenting the same tolerances τ̃V .
Under these assumptions, the interaction matrix and growth rate vector read

Aspec =




1 α · · · α α · · · α λ 0 · · · 0
α 1 · · · α α · · · α 0 λ · · · 0
...

...
. . .

...
...

. . .
...

...
...

. . .
...

α α · · · 1 α · · · α 0 0 · · · λ
α α · · · α 1 · · · α 0 0 · · · 0
...

...
. . .

...
...

. . .
...

...
...

. . .
...

α α · · · α α · · · 1 0 0 · · · 0
−λη 0 · · · 0 0 · · · 0 1 0 · · · 0
0 −λη · · · 0 0 · · · 0 0 1 · · · 0
...

...
. . .

...
...

. . .
...

...
...

. . .
...

0 0 · · · −λη 0 · · · 0 0 0 · · · 1




, R⃗∗
spec =




b−m
(
1 + ξ

τ̃V

)

b−m
(
1 + ξ

τ̃V

)

...

b−m
(
1 + ξ

τ̃V

)

b−m
(
1 + ξ

τ̃V

)

...

b−m
(
1 + ξ

τ̃V

)

−d
(
1 + ξ

τP1

)

−d
(
1 + ξ

τP2

)

...

−d
(
1 + ξ

τPnP

)




.

(A.17)
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Since the number of prey would generally be larger than the number of predator taxa of the1025

food web (nV ≥ nP ), this model assumes that we have three different categories of taxa:
prey taxa (actually attacked by predators of the food web); competitor taxa (competitors
of the prey taxa, but without predation pressure); and predator taxa.

Replacing Eq. (A.17) in (A.2), we obtain Lotka-Volterra equations for this simple model
of specialist predators,1030

dVi

dt
= Vi

[
b−m− α

(
nP∑

j=1

Vj +

nV −nP∑

j=1

Cj

)
− (1− α)Vi − λPi −m

1

τ̃V
ξ

]
,

dCi

dt
= Ci

[
b−m− α

(
nP∑

j=1

Vj +

nV −nP∑

j=1

Cj

)
− (1− α)Ci −m

1

τ̃V
ξ

]
,

dPi

dt
= Pi

[
−d+ λ η Vi − Pi − d

1

τPi

ξ

]
.

(A.18)

Imposing all these derivatives to be equal to zero, we can obtain equilibrium abundances
when all the taxa persist

V eq
i =

b−m
(
1 + 1

τ̃V
ξ
)
+ λ d 1+(nV −nP−1)α

1−α

(
1 + 1

τPi

ξ
)

1 + (nV − 1)α + λ2 η 1+(nV −nP−1)α
1−α

+
λ d nP α

1−α+λ2 η

(
1
τPi

−
〈

1
τP

〉)
ξ

1 + (nV − 1)α + λ2 η 1+(nV −nP−1)α
1−α

, (A.19a)

Ceq
i =

1

1− α

[
b−m

(
1 + 1

τ̃V
ξ
)]

(1− α + λ2 η)− λ d nP α
1−α

(
1 +

〈
1
τP

〉
ξ
)

1 + (nV − 1)α + λ2 η 1+(nV −nP−1)α
1−α

, (A.19b)

P eq
i =

λ η
(
1 + 1

τ̃V
ξ
)
− [1 + (nV − 1)α] d

(
1 + 1

τPi

ξ
)

1 + (nV − 1)α + λ2 η 1+(nV −nP−1)α
1−α

+
λ2 η d nP α

1−α+λ2 η

(
1
τPi

−
〈

1
τP

〉)
ξ

1 + (nV − 1)α + λ2 η 1+(nV −nP−1)α
1−α

. (A.19c)

As before, the condition for all taxa to coexist in the absence of environmental change
(ξ = 0) coincides with Eq. (A.11). Moreover, since predators need the prey to persist, in
this case the first species removed because of the action of ξ is again the predator with
the smallest tolerance τPi

. This lets us to define the resistance of the trophic level as the1035

minimum environmental change ξ required to lose the first predator, and in this scenarios
its inverse reads

Ω−1
P =

1
b
m
− 1− d

m
1+(nV −1)α

λ η

{
1

τ̃V
+

d

m

1 + (nV − 1)α

λ η
max

(
1

τP

)

− d

m
λ

nP α

1− α + λ2 η

[
max

(
1

τP

)
−
〈

1

τP

〉]}
.

(A.20)

If all predators had the same tolerance τP (i.e., CV
(

1
τP

)
= 0), the resistance of the

predator level in this model with specialist predators, Eq. (A.20), coincides with the ex-1040

pressions obtained in the case of generalist predators, Eq. (A.12). Conversely, if predators
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had different tolerances, the resistance estimated in this model with specialist predators is
higher than in the model with generalist predators. Hence, for a general case in which we
may have both generalist or specialist predators, or predators that feed on some but not
all prey, a conservative estimation of the tolerance of the predator level would be the one1045

obtained with the assumption of generalist predators, Eq. (A.12).
With respect to the resistance of the prey level, since predators need the prey to persist,

we can assume that before the first prey species is removed from the habitat because of
the action of the environmental change ξ, all predators were previously eradicated. Hence,
for studying the resistance of the prey level we would have to analyze a model with just1050

nV prey, as we did in the previous subsection. Hence, the resistance of the prey can be
estimated in this case also employing the expressions obtained for the generalist case,
Eq. (A.15).

A.4 Comparing trophic-level resistances: predators are less re-
sistant than their prey1055

For both cases of simple bi-trophic communities of either generalist or specialist predators,
we have obtained analytical expressions for the resistances of the predator and prey level.
If tolerances vary among the predators, the predator-level resistance would be slightly
lower for specialist bi-trophic communities than for the generalist case. However, such
difference would be small, and actually the resistances of both scenarios coincide if the1060

coefficient of variation of the taxa’ tolerances is neglected,

ΩP |CV=0 = τP

b
m
− 1− d

m
1+(nV −1)α

λ η

τP
τV

+ d
m

1+(nV −1)α
λ η

. (A.21)

Moreover, the prey-level resistance is also the same for both simple community models,
and when the coefficient of variation of the tolerances is neglected its expression simplifies
to1065

ΩV |CV=0 = τV

(
b

m
− 1

)
. (A.22)

We can compute the ratio between these trophic-level resistances,

ΩP |CV=0

ΩV |CV=0

=

b
m
− 1− d

m
1+(nV −1)α

λ η

b
m
− 1

1

1 + d
m

1+(nV −1)α
λ η

τV
τP

, (A.23)

which, taking into account the required condition for all taxa to coexist in the absence of
environmental change (Eq. (A.11)), is positive and smaller than 1, proving that predators1070

would generally be less resistant than their prey. This substantiates the intuitive result
that predators require prey to persist, while prey can persist without predators. Because of
the same reason, predator-level resistance depends on both prey and predator parameters
and tolerances, while prey-level resistance only depends on parameters and tolerances of
prey.1075

A.5 Effect of the distribution of taxon tolerances in the food
web resistance

Since predators tend to be less resistant than the prey, we can employ the predator-level
resistance (Eq. (A.16)) as a proxy for the food web resistance. This resistance increases
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with both H(τP ) and H(τV ), which illustrates that those more-tolerant communities would1080

also be more resistant. However, the difference of tolerances between the trophic levels
may affect the resistance of the food web.

To examine this, we rewrite the food web resistance, Eq. (A.21), in terms of the mean

tolerance across trophic levels, ⟨τ⟩ = H(τV )+H(τP )
2

, and the ratio of the harmonic mean

tolerances of the predator vs prey taxa, ρ = H(τP )
H(τV )

,1085

ΩP = ⟨τ⟩ 2ρ

1 + ρ

b
m
− 1− d

m
1+(nV −1)α

λ η

ρ+ d
m

1+(nV −1)α
λ η

+ κ d
m
CV

(
τ−1
P

) (
1+(nV −1)α

λ η
+ nP

nV
λ
) . (A.24)

Based on Eq. (A.24), the food web resistance increases with the mean of the tolerances,
so communities composed by more tolerant taxa would be more resistant. However, the
response to the ratio of tolerances seems less obvious.

To clarify this, we compute the derivative of the resistance with respect to ρ,1090

dΩP

dρ
=− ΩP[

ρ+ d
m
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λ η

+ κ d
m
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×
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(A.25)

This derivative is zero if

ρ = ρoptim =

√
d
m

b
m
− 1

1 + (nV − 1)α

λ η
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(

b

m
− 1

) [
1 + κCV

(
τ−1
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(
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nP

nV
λ

1+(nV −1)α
λ η

)]
,

(A.26)
while the derivative is positive if the ratio of tolerance is smaller than this optimal value,
and negative if it is higher. Hence, this proves the existence of an optimal value of the1095

ratio of tolerances of predators vs prey that maximizes the food web resistance.
That is, the food web resistance presents a maximum value for a given optimal ratio of

tolerances of predators vs prey taxa, Eq. (A.26). The food web resistance would tend to
be reduced when the differences between the tolerances of the trophic levels become large.

A.6 Effect of food web structure on food web resistance1100

We next examine how food web composition (the number of prey and predator taxa)
affects food web resistance. Following the reasoning of the previous subsections, we use
the resistance of the predator trophic level ΩP as a proxy for total food web resistance.
We consider the two simplified cases already introduced: food webs formed by equivalent
generalist predators Eq. (A.12) and communities formed by equivalent specialist predators1105

Eq. (A.20). Moreover, through this section we will assume that there exist just a small
variation in the predators’ tolerances, so 1 − min τP

H(τP )
→ 0 (the relative distance between

the minimum tolerance of the predators, and the harmonic mean of tolerances among the
predator taxa, is approximately zero).

Depending on the scenarios (of generalist or specialist predators), the derivative of the1110
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food web resistance with respect to the number of prey taxa reads
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(A.27)

In both generalist or specialist scenarios, the derivative is generally negative for positive
enough competition strengths α > 0, indicating that increasing prey diversity reduces food
web resistance. For weak enough competition strength (in the limit of α → 0), the sign
of the derivatives can change, and it will be either positive (for the generalist predators),
or negative (for specialist predators). The condition for both scenarios to have a negative
derivative are that

α > αcrit =
λ2η

nV

nP

nV

ΩP

min τP

1 + ΩP

min τP

(
1− min τP

H(τP )

)

This critical value αcrit goes to zero if the predator richness is much smaller than the prey
richness, or if the variation in predators’ tolerances is small enough. Hence, αcrit ≈ 0, and
in general for positive values of α we would generally expect the derivative to be negative.1115

Only when α ≈ 0 the sign can be positive, but its absolute value would be small, and the
prey diversity should just play a minor effect on the food web resistance.

Analogously, taking the derivative with respect to the number of predators nP ,
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(A.28)
This derivative would be small and negative for the generalist predators scenarios, while1120

for specialist predators it would be small and positive. In both cases, under the assumption
that there is small variation in the predators’ tolerances, the predator diversity should just
have a negligible effect on food web resistance, smaller than the effect of prey diversity.

The above conclusions were obtained by varying the number of prey and predator taxa,
nV and nP , independently. We now explore how the predator-to-prey ratio (fPV = nP/nV )1125

affects food web resistance when the total number of taxa (N = nV +nP ) is kept constant.
Substituting nV = N/(1 + fPV ) and P = fPV N/(1 + fPV ) into Eqs. (A.12) and (A.20),
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and differentiating with respect to fPV , we obtain
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(A.29)

For positive competition strength, α > 0, the derivative is generally positive for both gen-1130

eralist or specialist scenarios, indicating that, for a fixed total number of species, increasing
the relative predator diversity enhances food web resistance, whereas a higher proportion
of prey reduces it. Moreover, under the assumption of really weak competition, α ≈ 0, the
derivative is either small and negative (generalist), or small and positive (specialist). But
in both cases, under the assumption of α ≈ 0, the predator-to-prey ratio is not expected1135

to have a big influence on the food web resistance.
Finally, differentiating ΩP with respect to the total number of taxa, N , allows us to

assess how overall diversity influences food web resistance, irrespective of the predator-to-
prey ratio:

(
∂ΩP

∂N

)

gen

=− ΩP

b
m
− 1−

d
m

λ η
(1 + (nV − 1)α)

d
m

λ η
α

1

1 + nP

nV

{
1 +

ΩP

min τP

}
,

(
∂ΩP

∂N

)

spec.

=− ΩP

b
m
− 1−

d
m

λ η
(1 + (nV − 1)α)

d
m

λ η
α

1

1 + nP

nV

{
1 +

ΩP

min τP
·

·
[
1− λ2 η

1− α + λ2 η

nP

nV

(
1− min τP

H(τP )

)]}
.

(A.30)1140

For positive competition strengths these derivatives are negative, provided that the number
of predators is not greater than the number of prey species. Hence, the total taxon diversity
has a negative effect on food web resistance. For the case of really weak competition, α ≈ 0,
both derivatives go to zero, indicating that under this condition of weak competition, the
total diversity does not significantly affect food web resistance.1145

A.7 Alternative definition of resistance: 50% taxa lost

We defined the trophic-level resistances as the environmental change level at which the
first taxon for such trophic level is removed. Hence, the trophic-level resistance would
coincide with the minimum taxon resistance across the trophic level.

This definition of resistance can be hence employed to establish conservative thresholds1150

for the communities, ensuring that the species richness is not altered by the action of the
environmental change. However, it may depend too much on outlier data, such us taxon
with abnormally low tolerances.

An alternative definition of resistance, less influenced by the presence of extreme values,
could then be environmental change level at which x% of the taxa are lost. For example,1155

50% of the taxa within a trophic level.
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The usual predator-level resistance, corresponding to the less resistant predator, is
(Eq. (A.12))

(
Ω−1

P

)
(1)

=
1

b
m
− 1− d

m
1+(nV −1)α

λ η

{〈
1

τV

〉
+

d

m

1 + (nV − 1)α

λ η

(
1

τP

)

(nP )

+
d

m
λ
nP

nV

[(
1

τP

)

(nP )

−
〈

1

τP

〉]} (A.31)

where the subindex (1) in
(
Ω−1

P

)
(1)

represents that this is the resistance of the first predator1160

affected, and the subindex (np) in
(

1
τP

)
(nP )

denotes that this is the maximum reciprocal

tolerance, so the last reciprocal tolerance if we ordered them in increasing order.
For higher stressor intensities, we would have a community of nP − 1 predators and

nV prey (since predators are lost at smaller environmental change levels; Appendix A.4).
From this point, the next species removed would be a also predator, so we can also use1165

Eq. (A.12) for the remaining community,
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(A.32)

We can recursively employ the same algorithm until obtaining the environmental change
level that removes 50% of the predator taxa
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(A.33)1170

This 50% predator resistance depends on the average reciprocal prey tolerance,
〈
τ−1
V

〉
, in

the median of the reciprocal predator tolerances,
(
τ−1
P

)
(nP /2)

= med
(
τ−1
P

)
, and in the bias

of the predator recirpocal tolerances (the difference between the mean and the median).
A similar argument can be also employed to obtain the 50% prey resistance from

Eq. (A.15),1175
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This 50% prey resistance depends on the median of the reciprocal prey tolerances, and
also on its bias.

B Estimation of model parameters of Typical Macroin-

vertebrate Food Web Assemblages1180

In section 2.4, we state that we derived typical macroinvertebrate communities from Eu-
ropean river systems, based on the river types proposed by Lyche Solheim et al. (2019).
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The details of the derivation of the composition of the typical communities are shown in
(Jupke et al., 2022). We focused on those river types best represented by our samples.
These were the river types R01–R05, R08–R11, R14–R16 and R18 from Lyche Solheim1185

et al. (2019); and all other types were omitted from the analysis.
Furthermore, for each river type we defined typical assemblages (TA) of macroinver-

tebrates that consist of the taxa that occur frequently in the ecosystems of the respective
river type. Moreover, we merged the TAs sharing more than 75% of their taxa, considering
them as redundant. This resulted in 7 different TAs for stream macroinvertebrate com-1190

munities in Europe (Tables F.2–F.8 from Appendix F; for further details of the derivation
of these TAs, see Jupke et al., 2022).

Using this list of taxa belonging to each TA, we checked the GloBI database (Poelen
et al., 2014) to assign trophic links between the taxa of the community assemblages. This
also enabled us to classify the taxa as either prey (taxa not known to feed on other taxa of1195

the community) or predators. To establish the strength of the interaction between taxa, we
employed information about their traits, using the Tachet database (Tachet et al., 2000).

We set the interaction strength of two prey taxa to zero (i.e. absence of competition)
if they were known to have clearly different food resources. To evaluate this, we computed
for each pair of prey taxa the overlap of their food resources,1200

(food overlap)i,j ≡
∑

k Ri,k Rj,k√(∑
k R2

i,k

) (∑
k R2

j,k

) , (B.1)

where Ri,k was obtained from the Tachet database, and represents the importance of each
food resource k assigned to taxon i. When the food overlap of a pair of taxa is smaller than
1
2
, we considered them to feed on different enough resources, that they do not compete.
Then, among the pair of prey taxa that feed on similar resources, and hence compete,1205

we estimated the competition strength from the difference in body size,

αij =
ωsize√

2 σ2
size,i + 2 σ2

size,j + ω2
size

exp

[
− (µsize,i − µsize,j)

2

2 σ2
size,i + 2 σ2

size,j + ω2
size

]
, (B.2)

with µsize,i the mean of the body size trait for prey taxon i, σ2
size,i its variance, and ωsize

was taken as 1
2
. Following this expression, the competition among two prey taxa decreases

with difference in body sizes.1210

Regarding the trophic interactions, we only let λij to be different from zero if in the
GLOBI database prey taxon j is reported to be eaten by predator taxon i. In such cases,
the attack rate is modulated considering the body size ratio of the prey and the predator
taxa. Previous studies have shown an optimum ratio between the predator and prey body
masses (Tsai et al., 2016), and since taxon body masses are related to their body size1215

(Eklöf et al., 2017), there would be an optimum size ratio between prey and predators
(Jonsson, 2014). For predator-prey relations between taxa with such an optimum body
size ratio, we set an attack rate of λopt =

1
2
. However, for prey-predator pairs without an

optimum body size ratio, we modulate the attack rate as

λij = λopt

[
µsize,i/µsize,j

(sizepredator/sizeprey)opt
exp

(
1− µsize,i/µsize,j

(sizepredator/sizeprey)opt

)]2
. (B.3)1220

In our numerical computations, we have set the optimal body size ratio as (sizepredator/sizeprey)opt =
4.
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Furthermore, since the analyzed TAs are located in river systems, we simulated the spa-
tial dynamics within river-like spatial networks. With the OCNET package (Carraro et al.,
2020) we generated random dendritic networks representing the rivers. These networks1225

consist of a series of local nodes or patches, and links representing the water streams. In
each patch we simulated the local dynamics employing the model and parameters already
described, an we let the taxa disperse between patches. To model this dispersion, using
the Tachet database (Tachet et al., 2000) we distinguished between flying and non-flying
taxa. Flying taxa were able to move between each pair of nodes of the network, while1230

non-flying taxa solely moved between connected nodes of the dendritic network. For all
taxa, the dispersal rate from an initial node to another node was modulated by the inverse
of the distance between them,

dx→y = d0

1
|x−y|∑
z

1
|x−z|

, (B.4)

where |x− y| denotes the distance between the nodes x and y, d0 is set to d0 = 1
10
. In1235

this expression, the sum in the denominator represents either the sum across all nodes, for
flying taxa; or the sum across all nodes connected to x, for non-flying taxa. Hence, the
total dynamics equation for prey and predator species would read

dVi(x, t)

dt
=Vi(x, t)

[
bi(x)−mi(x)

(
1 +

ξ

τVi

)
−

nV∑

j=1

αij(x)Vj(x, t)−
nP∑

k=1

λik(x)Pk(x, t)

]

−
∑

y ̸=x

di,x→y Vi(x, t) +
∑

z ̸=x

di,z→xVi(z, t) ,

dPl(x, t)

dt
=Pl(x, t)

[
−dl(x)

(
1 +

ξ

τPl

)
+

nV∑

j=1

λjl(x) ηjl(x)Vj(x, t)

]

−
∑

y ̸=x

dl,x→y Pl(x, t) +
∑

z ̸=x

dl,z→xPl(z, t) .

(B.5)
Finally, since we want to study the effect of environmental change in these food web1240

assemblages, we performed simulations with three different types of environmental change
drivers: atrazine (as an example of a herbicide), imidacloprid (as an example of an insec-
ticide), and copper (as an example of a metal). In the absence of any interaction between
taxa, we assume that with higher environmental change level the taxon death rates in-
crease, with a slope given by the inverse of the tolerances of the taxa. We obtained such1245

taxon tolerances from hierarchical Species Sensitivity Distribution (hSSD) Models (for
copper and imidacloprid: Jupke et al., 2024; for atrazine: Jupke, 2024).

C Analysis of sample data: differences across coun-

tries and environmental change levels

To analyze the effect of the environmental change intensity on the biodiversity of real data,1250

we have analyzed 1315 samples of macroinvertebrates from France (Näıades database:
https://naiades.eaufrance.fr), 1228 samples from UK (Freshwater river macroinver-
tebrate surveys (Biosys), https://environment.data.gov.uk/ecology), and 2993 sam-
ples from Germany (monitoring data from German federal states), from sites with different

40
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impact levels of environmental change pressures. The classification of impact level of the1255

different sampling sites was based on the use of their potentially flood-prone area (pfa)
(Szöcs et al., 2017):

• we defined least impacted places as those sites with less than 10% of their pfa in
agricultural or urban land use;

• sites with a medium impact level as those for which between 10% and 20% of the1260

pfa are used agriculturally or as urban areas;

• and highly impacted sites as those with more than 50% of the pfa under agricultural
or urban land use.

Samples from sites with 20–30% of their pfa under agricultural or urban land use were
intentionally excluded to enhance the contrast between moderately and highly impacted1265

areas. The data on land use were obtained from Lemm et al. (2021). For each of the sites,
we have samples consisiting on records of the different macroinvertebrate taxa forming the
community.

Moreover, again using the GLOBI database (Poelen et al., 2014), we classified the taxa
present in each sites as prey or predator taxa. This allowed us to compare the diversity at1270

each trophic level for sites with different environmental change levels.
Country was the most important predictor of richness within each trophic level (em-

ploying anovas Fox and Weisberg, 2019, p < 2.2 · 10−16 for both number of prey and
predators). Richness was slightly higher in France than in the UK or Germany, possibly
reflecting the latitudinal diversity gradient (Hillebrand, 2004), although differences in sam-1275

pling protocols and analysis methods cannot be excluded. The level of estimated impact
did not consistently affect prey richness (p = 0.019, but effects were either positive or
negative depending on the country) but did decrease predator richness across all countries
(p < 2.2 · 10−16). Sites with mid or high levels of environmental change contained 11%
or 16% fewer predator species than least impacted sites, respectively. While these results1280

are no empirical proof of our theoretical results, they do offer evidence of selection against
communities with many predators.

D Prey extinction first

We consider a system with two prey species V1, V2 and one predator P governed by

V̇1 =
[
b1 − β1ξ −m1

(
1 +

ξ

τ1

)
− V1 − α12V2 − λ1P

]
V1, (D.1)

V̇2 =
[
b2 −m2

(
1 +

ξ

τ2

)
− α21V1 − V2 − λ2P

]
V2, (D.2)

Ṗ =
[
−d

(
1 +

ξ

τP

)
− P + λ1V1 + λ2V2

]
P. (D.3)

Here Vi and P denote species densities, bi are prey birth rates, mi and d are baseline
mortality rates, ξ is environmental stress intensity, τi and τP measure tolerance to stress, βi1285

controls stress sensitivity of prey birth rates, αij are interspecific competition coefficients,
and λi are predator attack rates. Intraspecific competition coefficients have been scaled
to one.
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We first set β1 = β2 = 0, so stress acts only by increasing mortality, as in the main text.
In this case, prey per-capita growth rates retain a positive constant term (bi), whereas the1290

predator has no intrinsic positive term and relies entirely on prey densities. As ξ increases,
predator mortality grows linearly, while prey densities remain bounded by self-limitation.
Therefore, there exists a finite threshold ξ∗P at which the predator per-capita growth rate
is negative for all feasible prey densities, implying predator extinction. At the same time,
declining predator density relaxes predation pressure on prey, preventing prey extinction1295

prior to predator loss.
We next set β2 = 0 and allow β1 > 0. Stress now reduces the intrinsic birth rate of

prey 1 according to b1(ξ) = b1 − β1ξ. The per-capita growth rate of prey 1 at low density
is approximately

g1(ξ) ≈ b1 − β1ξ −m1

(
1 +

ξ

τ1

)
,1300

up to competition and predation terms. If β1 is sufficiently large, g1(ξ) becomes negative
at a stress level ξ∗1 < ξ∗P , even accounting for predation release. In this regime, prey 1 goes
extinct before the predator.

A sufficient condition for prey-first extinction is

β1 >
b1 −m1(1 + ξ∗P/τ1)

ξ∗P
,1305

where ξ∗P is the predator extinction threshold when β1 = 0. Thus, predator-first extinction
is structurally enforced when stress affects mortality alone, whereas sufficiently strong
stress sensitivity of prey birth rates can reverse the extinction order.

Fig. E.7 illustrates this result. As we increase the effect on one prey species’ reproduc-
tion, that prey is lost at lower levels of stress. Note that we have made the other prey1310

more competitive to highlight this effect.
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Figure E.1: Resistances of predators, prey and competitor taxa for food webs taxa within
random communities with a predation–competition trade-offs. In these food webs, 5 spe-
cialist predators feed on 5 prey taxa. These 5 prey exert a high negative effect on 5 weaker
competitors via inter-specific competition, while the effect of the weak competitors on the
eaten prey is much smaller (mean (αeaten prey,weak comp) = 16 × mean (αeaten prey,weak comp)).
Even if the predators are much more tolerant than their prey (H(τP )/H(τ eatenV ) =
10/0.531 ≈ 18.8, lower-left panel), predators are less resistant than either their prey or
other taxa at the prey trophic level. However, when the weak competitors are much less
tolerant than both the actually eaten prey and the predators (lower right panel), some of
these weak competitors may be less resistant than the predators.
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environmental change driver environmental change driver

environmental change driver

Figure E.2: Taxon tolerances and resistances towards three different environ-
mental change drivers of taxa from 6 typical food webs representative of
macroinvertebrate riverine communities. The selected typical food web assemblages
(TA) were the derived assemblages containing at least one predator. Panel A) Tolerances
as predicted by the hSSD models (King et al., 2015; Craig, 2013; Jupke et al., 2024)
(that do not take into account taxon interactions) are similar between prey and preda-
tor taxa. For confirmation, we realized a type-II two-way ANOVA test log(tolerance)
∼ EnvChangeDriver * TrophicLevel, using Anova function from car package (Fox and
Weisberg, 2019) in R (R Core Team, 2023). The associated p-values were < 2 · 10−16

(driver), 0.131 (trophic level) and 0.242 (interaction driver:trophic level). I.e., taxon toler-
ances were not significantly affected by the predator level. Panel B) However, there exist
significant differences in the taxon tolerances among the considered typical food web assem-
blages (after performing an analogous ANOVA test, the p-values were < 2 · 10−16 (driver),
2.2 · 10−3 (TA) and 0.043 (interaction driver:TA)). Panel C) When taxon interactions are
taken into account, our simulations suggest that predators tend to be less resistant than
prey, confirming our analytical derivations (Eqs. (2, 3)). (p-values: < 2 · 10−16 (driver),
0.011 (trophic level) and 0.69 (interaction change driver:trophic level)). Panel D) There
are also significant differences in the taxon resistances belonging to different assemblages
(p-values: < 2 · 10−16 (driver), 2.0 · 10−3 (TA) and 0.21 (interaction driver:TA)).
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Figure E.3: Predator-level and prey-level resistances for random communities,
as function of the number of prey and predator taxa of the community, for the
case without inter-specific competition among the prey (α = 0). The minimum
and maximum tolerances within the trophic levels of the communities has been set as
fixed, so they will not scale with the community size.
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Figure E.4: Predator-level and prey-level resistances for random communities,
defined as the environmental change required to remove 50% of the taxa within
the trophic level, as function of the number of prey and predator taxa of the
community. The minimum and maximum tolerances within the trophic levels of the
communities has been set as fixed, so they will not scale with the community size.
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Figure E.5: Predator-level and prey-level resistances for random communities,
defined as the environmental change required to remove 50% of the taxa within
the trophic level, as function of the number of prey and predator taxa of the
community, for the case without inter-specific competition among the prey (α =
0). The minimum and maximum tolerances within the trophic levels of the communities
has been set as fixed, so they will not scale with the community size.
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Figure E.6: Distance (in standard deviations) between the maximum reciprocal tolerance
among n taxa and its population mean. The distance between the sample maximum and
the population mean increases approximately with the logarithm of the sample size log n,
although substantial variability is observed. For the characteristic number of taxa consid-
ered in our analysis, this distance generally ranges between 0 and 4 standard deviations.
We therefore adopt κ = 3 as as a representative value.

F Supplementary Tables
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Figure E.7: Equilibrium log-abundances as a function of environmental stress ξ for a two-
prey–one-predator system. Parameters are b1 = 1, b2 = 1.5, m1 = m2 = 0.2, d = 0.35,
τ1 = τ2 = τP = 1, α12 = α21 = 0.5, λ1 = λ2 = 0.5, with β2 = 0 and β1 ∈ {0, 2, 4}
(panels from top to bottom). When β1 = 0, stress acts only through mortality and the
predator is lost first. Increasing sensitivity of prey 1 birth rate to stress (β1 > 0) reverses
the extinction order, leading to prey 1 loss before predator extinction at sufficiently large
β1.
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Parameter Interpretation
nV Number of prey taxa.
nP Number of predator taxa.
Vi Abundance of prey taxon i.
Pk Abundance of predator taxon k.
bi Birth rate of prey i, in the absence of the environmental change.
mi Death rate of prey i, in the absence of the environmental change.
dk Death rate of predator k, in the absence of the environmental

change.
αij Interspecific competition strength between prey taxa i and j. By

re-normalizing taxon abundances, we set αii = 1 for all prey i.
λik Attack rate of predator k towards prey i.
ηik Efficiency of conversion of consumed biomass from prey i into new

individuals of predator k.
τi Tolerance of taxon i (either prey or predator). For equivalent taxa,

τV and τP would represent the tolerance of prey and predators,
respectively.

ξ Environmental change level, which linearly increases the death rate
of the taxa.

Table F.1: Parameters of the model.

Family Genus Taxa Predator Flying
Baetidae Baetis Baetis FALSE TRUE
Caenidae Caenis Caenis FALSE TRUE
Chironomidae Average Chironomidae FALSE TRUE
Heptageniidae Heptagenia Heptagenia FALSE TRUE
Hydropsychidae Hydropsyche Hydropsyche FALSE TRUE
Hydroptilidae Hydroptila Hydroptila FALSE TRUE
Average Average Jaera FALSE TRUE
Hydrobiidae Potamopyrgus Potamopyrgus FALSE TRUE
Corophiidae Corophium Chelicorophium FALSE FALSE
Gammaridae Average Dikerogammarus FALSE FALSE
Dreissenidae Dreissena Dreissena Polymorpha FALSE FALSE
Gammaridae Echinogammarus Echinogammarus FALSE FALSE
Gammaridae Gammarus Gammarus FALSE FALSE

Table F.2: Typical macro-invertebrate food web assemblage from very large rivers (river
type R-01 from Lyche Solheim et al. (2019)).
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Family Genus Taxa Predator Flying
Polycentropodidae Polycentropus Polycentropus TRUE TRUE
Rhyacophilidae Rhyacophila Rhyacophila TRUE TRUE
Planorbidae Ancylus Ancylus Fluviatilis FALSE TRUE
Baetidae Baetis Baetis FALSE TRUE
Chironomidae Average Chironomidae FALSE TRUE
Elmidae Elmis Elmis FALSE TRUE
Ephemerellidae Ephemerella / Serratella Ephemerella FALSE TRUE
Elmidae Esolus Esolus FALSE TRUE
Hydropsychidae Hydropsyche Hydropsyche FALSE TRUE
Lepidostomatidae Lepidostoma Lepidostoma Hirtum FALSE TRUE
Leuctridae Leuctra Leuctra FALSE TRUE
Elmidae Limnius Limnius FALSE TRUE
Hydrobiidae Potamopyrgus Potamopyrgus FALSE TRUE
Gammaridae Gammarus Gammarus FALSE FALSE
Lumbriculidae Stylodrilus Stylodrilus Heringianus FALSE FALSE

Table F.3: Typical macro-invertebrate food web assemblage from large, lowland siliceous
rivers (river type R-02 from Lyche Solheim et al. (2019)).

Family Genus Taxa Predator Flying
Polycentropodidae Polycentropus Polycentropus TRUE TRUE
Rhyacophilidae Rhyacophila Rhyacophila TRUE TRUE
Planorbidae Ancylus Ancylus Fluviatilis FALSE TRUE
Baetidae Baetis Baetis FALSE TRUE
Chironomidae Average Chironomidae FALSE TRUE
Elmidae Elmis Elmis FALSE TRUE
Ephemerellidae Ephemerella / Serratella Ephemerella FALSE TRUE
Hydropsychidae Hydropsyche Hydropsyche FALSE TRUE
Elmidae Limnius Limnius FALSE TRUE
Hydrobiidae Potamopyrgus Potamopyrgus FALSE TRUE
Sericostomatidae Sericostoma Sericostoma FALSE TRUE
Simuliidae Average Simuliidae FALSE TRUE
Gammaridae Gammarus Gammarus FALSE FALSE
Physidae Physa Physa Fontinalis FALSE FALSE
Piscicolidae Piscicola Piscicola Geometra FALSE FALSE

Table F.4: Typical macro-invertebrate food web assemblage from small, lowland siliceous
rivers (river type R-03 from Lyche Solheim et al. (2019)).
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Family Genus Taxa Predator Flying
Glossiphoniidae Glossiphonia Glossiphonia TRUE FALSE
Planorbidae Ancylus Ancylus Fluviatilis FALSE TRUE
Baetidae Baetis Baetis FALSE TRUE
Caenidae Caenis Caenis FALSE TRUE
Elmidae Elmis Elmis FALSE TRUE
Ephemerellidae Ephemerella / Serratella Ephemerella FALSE TRUE
Elmidae Limnius Limnius FALSE TRUE
Hydrobiidae Potamopyrgus Potamopyrgus FALSE TRUE
Gammaridae Gammarus Gammarus FALSE FALSE
Tubificidae Potamothrix Potamothrix FALSE FALSE
Neritidae Theodoxus Theodoxus Fluviatilis FALSE FALSE

Table F.5: Typical macro-invertebrate food web assemblage from lowland, calcareous rivers
(river types R-04 and R-05 from Lyche Solheim et al. (2019)).

Family Genus Taxa Predator Flying
Rhyacophilidae Rhyacophila Rhyacophila TRUE TRUE
Baetidae Baetis Baetis FALSE TRUE
Caenidae Caenis Caenis FALSE TRUE
Chironomidae Average Chironomidae FALSE TRUE
Heptageniidae Ecdyonurus Ecdyonurus FALSE TRUE
Elmidae Elmis Elmis FALSE TRUE
Ephemerellidae Ephemerella / Serratella Ephemerella FALSE TRUE
Elmidae Esolus Esolus FALSE TRUE
Hydropsychidae Hydropsyche Hydropsyche FALSE TRUE
Hydroptilidae Hydroptila Hydroptila FALSE TRUE
Leuctridae Leuctra Leuctra FALSE TRUE
Elmidae Limnius Limnius FALSE TRUE
Limoniidae Limoniini Limoniidae FALSE TRUE
Elmidae Riolus Riolus FALSE TRUE
Simuliidae Average Simuliidae FALSE TRUE
Gammaridae Gammarus Gammarus FALSE FALSE
Average Average Oligochaeta FALSE FALSE

Table F.6: Typical macro-invertebrate food web assemblage from large, mid-altitude rivers
(river types R-08, R-10, R-11 and R-18 from Lyche Solheim et al. (2019)).
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Family Genus Taxa Predator Flying
Limnephilidae Halesus Halesus TRUE TRUE
Perlodidae Isoperla Isoperla TRUE TRUE
Polycentropodidae Polycentropus Polycentropus TRUE TRUE
Rhyacophilidae Rhyacophila Rhyacophila TRUE TRUE
Glossosomatidae Agapetus Agapetus FALSE TRUE
Planorbidae Ancylus Ancylus Fluviatilis FALSE TRUE
Baetidae Baetis Baetis FALSE TRUE
Chironomidae Average Chironomidae FALSE TRUE
Elmidae Elmis Elmis FALSE TRUE
Heptageniidae Heptagenia Heptagenia FALSE TRUE
Hydraenidae Hydraena Hydraena FALSE TRUE
Hydropsychidae Hydropsyche Hydropsyche FALSE TRUE
Hydroptilidae Ithytrichia Ithytrichia FALSE TRUE
Leuctridae Leuctra Leuctra FALSE TRUE
Elmidae Limnius Limnius FALSE TRUE
Nemouridae Protonemura Protonemura FALSE TRUE
Sericostomatidae Sericostoma Sericostoma FALSE TRUE

Table F.7: Typical macro-invertebrate food web assemblage from small, mid-altitude rivers
(river type R-09 from Lyche Solheim et al. (2019)).

Family Genus Taxa Predator Flying
Empididae Average Empididae TRUE TRUE
Rhyacophilidae Rhyacophila Rhyacophila TRUE TRUE
Baetidae Baetis Baetis FALSE TRUE
Chironomidae Average Chironomidae FALSE TRUE
Heptageniidae Ecdyonurus Ecdyonurus FALSE TRUE
Elmidae Elmis Elmis FALSE TRUE
Hydropsychidae Hydropsyche Hydropsyche FALSE TRUE
Leuctridae Leuctra Leuctra FALSE TRUE
Limnephilidae Average Limnephilidae FALSE TRUE
Limoniidae Limoniini Limoniidae FALSE TRUE
Nemouridae Protonemura Protonemura FALSE TRUE
Heptageniidae Rhithrogena Rhithrogena FALSE TRUE
Simuliidae Average Simuliidae FALSE TRUE
Average Average Oligochaeta FALSE FALSE

Table F.8: Typical macro-invertebrate food web assemblage from high-altitude rivers (river
types R-14, R-15 and R-16 from Lyche Solheim et al. (2019)).
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