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Abstract
The biosphere is changing rapidly due to human endeavour. Because ecological com-
munities underlie networks of interacting species, changes that directly affect some 
species can have indirect effects on others. Accurate tools to predict these direct 
and indirect effects are therefore required to guide conservation strategies. However, 
most extinction- risk studies only consider the direct effects of global change— such 
as predicting which species will breach their thermal limits under different warm-
ing scenarios— with predictions of trophic cascades and co- extinction risks remaining 
mostly speculative. To predict the potential indirect effects of primary extinctions, 
data describing community interactions and network modelling can estimate how ex-
tinctions cascade through communities. While theoretical studies have demonstrated 
the usefulness of models in predicting how communities react to threats like climate 
change, few have applied such methods to real- world communities. This gap partly 
reflects challenges in constructing trophic network models of real- world food webs, 
highlighting the need to develop approaches for quantifying co- extinction risk more 
accurately. We propose a framework for constructing ecological network models rep-
resenting real- world food webs in terrestrial ecosystems and subjecting these models 
to co- extinction scenarios triggered by probable future environmental perturbations. 
Adopting our framework will improve estimates of how environmental perturbations 
affect whole ecological communities. Identifying species at risk of co- extinction (or 
those that might trigger co- extinctions) will also guide conservation interventions aim-
ing to reduce the probability of co- extinction cascades and additional species losses.

K E Y W O R D S
climate change, co- extinctions, conservation, ecological network models, terrestrial 
ecosystems, trophic cascades

1  |  INTRODUC TION

Over the last 50 years, much of the biosphere has been destroyed 
or degraded (Díaz et al., 2020) as a result of human endeavour. 
Unsustainable land use, resource- intensive agriculture, invasive 

species, emerging diseases and natural resource extraction have 
degraded environments and exacerbated the impacts of natu-
ral disasters (e.g. droughts and fires; Heleno et al., 2020; Shukla 
et al., 2019). Among current pressures, climate change is one of the 
greatest threats to biodiversity (Newbold, 2018), with expectations 
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that it will soon become the primary driver of species extinctions 
(Urban, 2015). According to the Intergovernmental Panel on Climate 
Change (Allen et al., 2019), even under the unlikely lowest rates of 
projected warming (SSP1- 1.9: <2°C above pre- industrial tempera-
tures by 2100; Masson- Delmotte et al., 2021), climate change is 
expected to disrupt ecological communities and processes beyond 
natural variation, degrading their structure (Holmgren et al., 2013), 
composition (de la Fuente et al., 2022) and function (Garcia 
et al., 2014; Seddon et al., 2016). Together, human modification of 
the biosphere will likely continue in the short term and amplify the 
effects of climate change in the long term.

Ecological communities— assemblages of species living together 
in a particular area— are simultaneously threatened by anthropo-
genic climate change and other perturbations (Barnosky et al., 2011; 
Pecl et al., 2017), with these changes having already simplified the 
structure and complexity of most ecological communities (Heleno 
et al., 2020; Ledger et al., 2013; Woodward et al., 2012), and mod-
ified species' distributions, body size, abundance, and seasonal 
movements (Brondizio et al., 2019; Ernakovich et al., 2014; Hatfield 
& Prueger, 2015; Shukla et al., 2019). Natural communities are organ-
ised into multiple networks (see Glossary) where species are linked 
to one another based on different kinds of ecological interactions, 
such as those between plants and pollinators, predators and prey 
and hosts and parasites. Both the species in a community and the 
interactions among them are necessary for sustaining biodiversity 
overall and are a fundamental component in determining how com-
munities respond to ecological disruption (Ives & Carpenter, 2007; 
Suttle et al., 2007). It is because of these interactions and interde-
pendencies, however, that threats directly affecting some species 
often also have secondary effects on others in the same community 
(Ripple et al., 2016; Strona & Bradshaw, 2018). Therefore, quantify-
ing how species interact within their community and modelling how 
biodiversity loss can propagate through network links (ecological 
cascades) are important to predict entire community responses to 
future environmental conditions.

The component of climate change expressed as global warm-
ing directly affects species by challenging their thermal tolerances 
(Hickling et al., 2006), with predictions of how it threatens species 
relying primarily on estimating when temperatures will breach these 
tolerance limits. However, the indirect effects of these threats on 
communities through species interactions (Dorresteijn et al., 2015) 
are less clear. For example, if a species depends on the persistence of 
another, the extinction of the latter can cause the former to become 
co- extinct, which can in turn elicit a trophic cascade leading to more 
co- extinctions in a community (Garcia et al., 2014). These cascades 
are generally either bottomup (affecting consumers losing their food 
resources) or topdown (affecting resources losing their consumers; 
Feit et al., 2020; Letnic et al., 2009), potentially disrupting entire 
ecological communities and increasing the overall rate of extinction.

These changes to species assemblages often involve the arrival 
of new species (e.g. invasive or naturally range- expanding) that have 
never interacted with endemic species, generating new interactions 
(Wallingford et al., 2020). Measuring the cascading implications of 

invading alien species will become increasingly important as no- 
analogue climate change will engender no- analogue communities 
(Williams et al., 2007). Most research on trophic networks (food 
webs) has focused on examining the effects of environmental per-
turbations on trophic guilds (Feit et al., 2020), with many examples 
documented in marine (Batten et al., 2018) and freshwater (Jones 
et al., 2017) environments. Yet, there has been little focus on terres-
trial ecosystems, suggesting that we have underestimated extinction 
risks in that realm. Understanding the effects of environmental per-
turbations from a more complete ecological perspective will provide 
greater insights into how ecosystems respond to climate change 
and other pressures, thereby guiding more effective conservation 
strategies.

In this review, we delve into the complexities of characterising 
and measuring species interactions and community responses to 
environmental change, while highlighting the intricacies of defining 
ecological communities and the consequential implications of devel-
oping comprehensive food webs. This exploration is underpinned 
by a critical assessment of the limitations, issues and methods as-
sociated with quantifying and modelling biotic interactions. To en-
hance our understanding of biotic interactions in ecosystem- level 
processes and consequences, we introduce a novel framework for 
constructing ecological network models that can capture food webs 
more realistically within terrestrial ecosystems. We further discuss 
how this framework can allow researchers to simulate trophic cas-
cades that are influenced by plausible future environmental pertur-
bations, with a focus on advancing environmental policies and the 
management of terrestrial biodiversity (Figure 1).

2  |  CHALLENGES IN ME A SURING 
SPECIES INTER AC TIONS AND COMMUNIT Y 
RESPONSES TO ENVIRONMENTAL CHANGE

Our understanding of why some species in a community interact 
and others do not is relatively nascent (Blanchet et al., 2020), com-
pared to what we now understand about species distributions, de-
spite this information being essential to predict community change 
(Bartomeus et al., 2016). Indeed, measuring interactions and de-
termining how they change through time as part of complex, inter-
connected structures are challenging endeavours (Jordano, 2016). 
This is made even more difficult because most trophic interactions 
include >2 species (Golubski et al., 2016), and current and histori-
cal interaction data are sparse (Hortal et al., 2015). Data describing 
phenotypic plasticity and genetic variation that permit species some 
capacity for adjustment or adaptation in terms of the species with 
whom they interact and the strength/importance of these interac-
tions are also rare. This rarity thereby weakens inferences on the ex-
tent to which food webs can ‘rewire’ (e.g. develop new interactions 
between previously non- interacting species or shift the strength/
importance of pre- existing interactions) following the loss or gain 
of species in a community (Gilljam et al., 2015). Moreover, this pau-
city of information prevents discriminating potential and realised 
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5124  |    DOHERTY et al.

interactions (Strona & Veech, 2017), further masking how ecological 
communities might respond to environmental change.

Anthropogenic threats can affect interactions among species 
in terrestrial ecosystems. However, data regarding the impacts of 
such threats on interactions among species are rare, largely due to 
the difficulty of distinguishing the effects of human- driven envi-
ronmental change, such as climate change, from changes attributed 
to natural stochasticity (McCann, 2007). For example, while we 
know that climate change can alter plant– herbivore interactions 
by directly and indirectly inducing greater food consumption by 
herbivores (Lemoine et al., 2013), comprehensive data document-
ing these impacts is scarce (Tylianakis et al., 2008). Despite these 
challenges, recent research has begun to examine the potential for 
extinction cascades in marine and freshwater ecosystems (Donohue 
et al., 2017). Global estimates of species extinction rates from cli-
mate change initially excluded co- extinctions (Thomas et al., 2004), 
but recent research has attempted to include their contribution 
(Hughes, 2013; Strona & Bradshaw, 2018, 2022). However, this 
empirical research has predominantly focused on marine and fresh-
water ecosystems (Anaya- Rojas et al., 2019; Donohue et al., 2017; 
Hayden et al., 2015; Smith et al., 2011) because aquatic communi-
ties include species with predictable, linear relationships between 
predator and prey body sizes (Arditi & Ginzburg, 2012), and many 
studies (especially in fisheries) provided detailed diet information 

from gut- content and stable- isotope analyses (Davis et al., 2012). 
Aquatic ecosystems (e.g. lakes) also tend to function as quasi- closed 
systems with more distinct trophic levels than in terrestrial ecosys-
tems (Estes et al., 1998), making the former easier to model. In con-
trast, co- extinction processes in terrestrial systems remain poorly 
understood and have garnered comparatively less attention (Strona 
& Bradshaw, 2018).

The sparser literature on terrestrial ecosystems has con-
trarily focused more on networks of plants and pollinators 
(Dallas & Cornelius, 2015), and plants and herbivores (Pearse & 
Altermatt, 2013); even the few studies on terrestrial predator– prey 
networks are concentrated mainly on specific taxonomic groups such 
as invertebrates, mammals, or birds (Letnic et al., 2009). Furthermore, 
most terrestrial networks consider only top- down effects, with few 
exceptions (Kagata et al., 2005; Scherber et al., 2010), likely due to 
the complexity and lack of data on basal resources (e.g. plants and 
invertebrates) needed to predict bottom- up processes. For example, 
the reintroduction of wolves (Canis lupus) in Yellowstone National 
Park in the United States elicited a trophic cascade, positively in-
creasing woody browse species and bison (Bison bison), while simul-
taneously decreasing elk (Cervus canadensis), the wolf's main prey 
(Ripple & Beschta, 2012). Most other terrestrial ecological networks 
have been constructed to estimate the impacts of invasive species 
because of the availability of research funding for investigating the 

F I G U R E  1  Main steps for estimating co- extinction risks in terrestrial ecosystems. The process involves five main steps: (1) define 
ecological communities —  identify specific biotic components that make up a community of interest, for example, a list of species observed 
in a given space and time (see Section 3). (2) collate biotic interaction data —  gather pre- existing data on biotic interactions within defined 
communities (Figure 2); gaps filled by (i) collecting new interaction data, for example, by making field observations or running feeding trials, 
and/or (ii) inferring interactions using, for example, machine- learning algorithms (see Section 4). (3) construct ecological network models 
of defined communities based on collated biotic interaction data; modelling communities can apply network theory to make realistic 
networks (see Section 5). (4) simulate environmental perturbations, for example, use models to simulate probable future environmental 
perturbations and apply these disturbances to the network models to investigate the trophic cascades they trigger (see Section 6). (5) inform 
environmental management & conservation interventions, for example, identifying conservation target such as key species that, if lost, could 
have significant detrimental effects on communities (see Section 7).
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economic costs of their impacts (Bradshaw et al., 2021; Crystal- 
Ornelas et al., 2021). For example, the invasion of the cane toad 
(Rhinella marina) across mainland Australia (Doody et al., 2015), and 
the yellow crazy ant (Anoploepis gracilipes) on oceanic archipelagos 
(Sugden, 2003), have caused both trophic cascades and species 
compositional changes in their respective communities. Despite the 
challenges and limitations in quantifying the effects of co- extinction 
cascades in terrestrial ecosystems, additional research is neces-
sary to predict future community change and guide conservation 
interventions.

3  |  INCOMPLETE FOOD WEBS

Model food webs are simplified representations of real food webs 
constructed to study the dynamics of an ecosystem or test hypoth-
eses about how it functions (Susanne et al., 2015). However, despite 
their efficacy, these models have inherent limitations for capturing 
the complexities of real ecosystems. Such food web models, that 
quantify the trophic interactions among species or feeding guilds, 
provide an objectively useful starting point to predict community 
responses to environmental change (Pringle & Hutchinson, 2020) 
and to estimate extinction risk more generally (Llewelyn et al., 2022; 
Strona & Bradshaw, 2018). Yet, the intricate nature of real food webs 
makes the construction of realistic models for entire communities 
challenging. Indeed, it is not logistically practicable to record all the 
interactions among species in complex communities, especially due to 
variation in species composition and interactions through space and 
time. By virtue of this variation, the few detailed food webs that have 
been built are necessarily incomplete at one spatial and/or temporal 
scale or another, such as at the microhabitat or seasonal scale, making 
most available empirical food webs snapshots that are not necessarily 
loyal to ecological reality— an observation supported by the scarcity 
of relevant literature on terrestrial food webs (Pocock et al., 2012). 
Although many data on species interactions exist (e.g. open- access 
databases like Global Biotic Interactions—  GloBI; Bohan et al., 2017; 
Carscallen et al., 2012; Poelen et al., 2014), these data often refer to 
a few known pairwise interactions with a focus on individual species, 
and cannot therefore be used to build complete food webs (Figure 2).

Despite the higher taxonomic resolution of contemporary data 
used in food web models (Ings et al., 2009), the prediction accuracy 
of these models remains hindered by persistent issues and limita-
tions, particularly the lack of a standard method for defining a ‘com-
munity’ (Herrando- Pérez et al., 2012, 2014; Krebs, 1985). Ideally, 
one can quantify trophic interactions among species without consid-
ering how its associated community is defined, but clearly defining 
the community can help researchers ensure that all relevant species 
are considered, and standardise the terminology used to describe 
trophic interactions. Furthermore, a well- defined characterisation of 
the community structure offers insight into the intricate trophic re-
lationships between various species in a complex food web (e.g. bet-
ter characterising the relationships or interdependencies between 
different trophic levels).

While ecological communities can be defined simplistically as ‘all 
organisms within a prescribed area’ (Diamond, 1986), there is a more 
nuanced understanding that acknowledges temporal scales and the 
variability of species' presence and their contribution to community 
processes within these boundaries. For instance, some definitions 
describe a community as the ‘group of species that occur together 
in space and time’, indicating that temporal scale is an equally im-
portant component of the definition (Harper et al., 1990; Stroud 
et al., 2015). Among the various methods for defining a community, 
spatiotemporal movement data are required when defining bound-
aries (Harper et al., 1990; Stroud et al., 2015) because implicit tem-
poral averaging means that not all species are always present in a 
defined area, such that membership and relative importance vary 
through time. In terms of categorical boundaries, a community can 
also be defined by a taxonomic group (e.g. mammals), or by a group of 
species serving a specific ecological function or role (e.g. herbivores; 
Begon et al., 2006). This is often defined artificially to suit a study's 
criteria or by outlining the boundary where separately defined com-
munities (i.e. using the aforementioned definitions) overlap. This 
boundary can be defined, often in combination, by the number of 
species observed in a given area (Cadotte & Tucker, 2017), biotic in-
teractions (Dodds et al., 2006), diversity indices or rank- abundance 
diagrams (Begon et al., 2006; Shaheen et al., 2012), pattern limits 
(e.g. checkerboarding; Cody et al., 1975), comparing local and re-
gional species richness (Szava- Kovats et al., 2013), species traits 
(Kraft & Ackerly, 2014), and/or by functional trait diversity (Lamanna 
et al., 2014), or using other variables (Begon & Townsend, 2020).

Carefully considering the methods for defining a community 
should be an essential first step, with elements such as structure, 
biotic interactions, spatiotemporal scale and the specific research 
questions asked playing important roles in this determination. This 
process demands collecting as much data as possible, taking into 
account the spatial and temporal scale of the study. The resultant 
improvement in the accuracy and reliability of model outputs can ul-
timately reveal more practical and effective conservation strategies 
for at- risk communities. But, obtaining comprehensive data on tro-
phic interactions within ecological communities can be challenging 
due to the lack of clear boundaries and the difficulties in collecting 
data describing interactions. Historically, the primary method for 
assigning biotic interactions was via directly observed relationships 
in terrestrial ecosystems (e.g. through standardised field surveys, 
feeding trials, and gut/faecal content analyses; Carmel et al., 2013; 
Figure 2). However, collecting empirical interaction data is usually 
costly and onerous, meaning that incomplete data are often used to 
construct entire networks (Lau et al., 2017). The questionable ac-
curacy of such networks has been compounded by sampling biases 
(Blüthgen, 2010) and an unknown proportion of misidentified spe-
cies (Egli et al., 2020), meaning that past inferences made from tro-
phic networks need to be interpreted with caution (Bortolus, 2008).

The presence of cryptic species, which are commonly found across 
a variety of taxonomic groups and regions (Struck et al., 2018), can un-
dermine the realism of resultant networks (Pringle & Hutchinson, 2020). 
For example, treating two morphologically identical species as a single 
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species (i.e. by observation) (Parker, 2004) could overestimate or un-
derestimate diet breadths (Smith et al., 2008). Cryptic interactions 
(those that are not easily observed) generally missed by conventional 
field surveys (e.g. interaction observation, scat analyses) can arise from 
intraspecific variation in size, behaviour, habitat, and activity (Pringle & 
Hutchinson, 2020). Furthermore, cryptic, non- consumptive predator– 
prey interactions (e.g. the mere presence of predators creating ‘land-
scapes of fear’) in ecological communities can potentially limit the 
distribution, habitat use and abundance of species, and therefore, the 
interactions in a community (Pringle et al., 2019).

Considering that most interactions among species are infre-
quent and fluctuate across diverse spatial and temporal scales 
(Parker, 2004), they are not likely detected by short- term or seasonal 
field surveys. Although an interaction might be rare, it can still po-
tentially alter community processes (Arditi & Ginzburg, 1989; Leitão 
et al., 2016), especially if it involves top predators (Duffy, 2003). 
Additionally, intraspecific variation (e.g. phenotypic plasticity) can 
indirectly modify the true expression of an individual's diet (e.g. on-
togenetic shifts, behavioural specialisation and habitat- restrictive 
prey availability; Pringle & Hutchinson, 2020), but it is so far unclear 
if such variation affects the accuracy of inferred trophic interactions, 
and therefore, the ecological realism of constructed networks.

Due to uneven taxonomic/disciplinary foci and research spe-
cialisations, the quantification of ecological interactions, especially 
in terrestrial ecosystems, often falls short, exacerbating the existing 

methodological limitations and data gaps in species interactions. For 
example, there are geographical biases in study location and a dispro-
portionate focus on functions indirectly related to interactions per 
se (e.g. invasion biology; Cameron et al., 2019). Although alternative 
methods to observational field surveys have been developed (e.g. fae-
cal microhistology and dietary databasing), such methods are labour- 
intensive, exceed the budget and time frames of most studies and 
have limited resolution and accuracy (Pringle & Hutchinson, 2020). 
While other methods, such as DNA metabarcoding, are emerging, 
they can be costly (Bohan et al., 2017). Citizen science and public plat-
forms are also a potential source of species interaction data (Maritz & 
Maritz, 2020), but these too have their own issues with quality control 
(Anhalt- Depies et al., 2019) and coverage. Together, these method-
ological limitations create data gaps in species interactions that have 
flow- on consequences for inferring high- resolution trophic networks 
and quantifying the relationships between biotic components in com-
munities (mainly terrestrial). However, the increasing accessibility and 
development of new technologies will provide more relevant data.

4  |  INFERRING BIOTIC INTER AC TIONS

Awareness of the importance of biotic interactions in determining 
species' responses to environmental change has motivated a recent 
surge in modelling ecological communities and associated methods 

F I G U R E  2  Sources, gaps, and pathways for interaction data. For species interactions (yellow: start), known interactions (green) are 
typically derived from one of three sources: (i) observed interactions (e.g. GloBi, iNaturalist, Mangal, and Facebook), (ii) gut contents and faecal 
histology (e.g. Carscallen et al., 2012), or (iii) DNA metabarcoding (e.g. Bohan et al., 2017). Several interrelating factors have made classifying 
the interactions for most species difficult (red). Methods to infer interactions (blue) (e.g. Desjardins- Proulx et al., 2017) have been used to 
address this gap, including supervised machine- learning methods. Known biotic interaction data derived from various sources, combined 
with methods to address unknown interactions, can provide a more comprehensive list of all assigned (or potential) interactions (purple: 
finish) within an ecological community.
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to infer species interactions (Gravel et al., 2013). However, due to 
the limitations in documenting new interactions, such as those be-
tween previously non- co- occurring species, predicting potential 
interactions is necessary to predict and potentially manage the im-
pacts of changing environments, and the consequences of emerging 
alien species.

Earlier methods to infer trophic interactions were generally de-
rived from predator– prey body- size relationships (Gravel et al., 2013; 
Warren & Lawton, 1987), but these inferences are limited in ecosys-
tems with poorly resolved diversity, or for whose interactions are 
not easily described by such relationships, particularly in terrestrial 
ecosystems. This limitation has spawned the development of al-
ternative techniques for inferring biotic interactions. Examples in-
clude calculating the probability of interactions among species using 
functional traits (e.g. morphological, physiological, behavioural) or 
phylogeny as a proxy of these traits (Morales- Castilla et al., 2015), 
or abundance data to infer pairwise interactions among species. 
However, these methods are also limited by the data available to con-
struct matching relationships empirically (Bartomeus et al., 2016). 
Co- occurrence data have been used to infer species interactions 
(Ibarra- Cerdena et al., 2017), but these have been criticised as poor 
proxies (Blanchet et al., 2020; Yackulic et al., 2018). Joint species 
distribution models can also be adapted to infer species interac-
tions based on environmental conditions and presence/absence or 
abundance data. By combining multispecies occurrences with hy-
pothesised environmental predictors, these models can assess the 
residual probability of co- occurrence after controlling for environ-
mental conditions (Momal et al., 2020), although co- occurrence is 
not always evidence of direct interaction (Anhalt- Depies et al., 2019; 
Blanchet et al., 2020), and such models require expansive datasets 
(Sinclair et al., 2010). Trait- matching using generalised linear mod-
els (Desjardins- Proulx et al., 2017; Pichler et al., 2020) can also infer 
species interactions, although other methods often have higher pre-
dictive capacity (Caron et al., 2022).

To alleviate issues of data scarcity and inference limitations, 
newly emerging tools such as supervised machine- learning algo-
rithms have become popular means for predictive interactions for 
different network types (Murphy, 2012). In particular, k- nearest 
neighbour and random forest have been applied to infer species in-
teractions accurately by using both trait and observed trophic inter-
action/non- trophic interaction data (Desjardins- Proulx et al., 2017; 
Llewelyn et al., 2022; McConkey & Brockelman, 2011), providing 
a tool to predict novel species interactions under environmental 
change (Pomeranz et al., 2019). Despite supervised algorithms like 
random forest requiring extensive training data to be used effec-
tively and having uncertainties about their ability to infer trophic 
interactions in highly nested networks, machine learning remains 
one of the most promising methods available for inferring biotic in-
teractions (Desjardins- Proulx et al., 2019). While predicting individ-
ual interactions can provide insight into the dynamics of food webs, 
the methods used might not be sufficient for quantifying the overall 
food web structure of communities (Poisot, 2023). Predicting inter-
actions alone does not necessarily reveal the real position of each 

species in a food web nor the relationships between species that 
are not directly linked by trophic interactions. For example, methods 
that perform well when inferring species interactions might not do 
as well when inferring whole community structures (Poisot, 2023). 
Deciding which methods to use should depend on whether infer-
ring more realistic trophic interactions or constructing more realistic 
food web structures are more important for addressing particular 
research aims.

Another issue beyond inferring just the potential interactions 
between biotic components is assessing the importance of those 
relationships, because quantifying the strength of interactions is 
necessary to attribute ecosystem dynamics and predict their re-
sponses to perturbation (Laska & Wootton, 1998). For example, the 
strength of a predator's interaction with a prey species depends 
on many components, including predator abundance (Yousef 
et al., 2021). However, how interaction strength is measured can 
complicate its quantification. For example, interaction strength can 
refer to different aspects of ecological relationships, from the in-
crease in fitness (e.g. thermal tolerance) that a species experiences 
in a mutualistic association (Xie et al., 2013), to the influence of 
cross- species reproductive disturbances and competitive struggles 
for resources (Kishi & Nakazawa, 2013). This multiplicity of mea-
sures and the inherent variability of ecological interactions poses a 
challenge to their comparison of, and integration into, model food 
webs, with choice depending on the assumptions underpinning par-
ticular ecological theories or the method of quantification applied. 
Although empirical data such as field observations quantifying in-
teraction frequency and intensity (Wootton & Emmerson, 2005) 
can be used to infer an interaction strength between species, al-
ternative approaches are necessary when such data are not avail-
able (as is often the case). Various mechanistic models can account 
for such effects, including those that use traits to incorporate the 
frequency of prey items in predator diets (Pocock et al., 2021), 
or those based on bioenergetic- mechanistic models that link the 
energy flow between species and describe how they acquire and 
transform resources into traits (e.g. body size) that influence rela-
tionships (Passoni et al., 2022).

Although the previous examples are valid methods to quantify 
interaction strengths, one should carefully consider the underly-
ing assumptions when evaluating co- extinction risks. Assuming the 
strength of interaction between any two species remains constant 
through time and regardless of changes in the ecological commu-
nity in which they occur, as well as assuming that interactions be-
tween species are linear and that their strength is invariant to the 
densities of interacting species (Vázquez et al., 2015) need to be 
determined. However, methods outlined to quantify interaction 
strengths demonstrate situations where these assumptions are not 
always met, and might, therefore, not fully mimic reality. For exam-
ple, ignoring the synergistic or antagonistic, non- additive effects of 
environmental perturbations on species interactions— that is, the 
effect of ≥2 species interacting is not equal to the sum of their in-
dividual effects— can modify estimated extinction risk (Thompson 
et al., 2018).
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5  |  MODELLING SPECIES INTER AC TIONS 
AND COMMUNIT Y CHANGE

Analytical, correlative and numerical simulation models are becom-
ing more tractable and popular for describing structure and pro-
cesses within ecosystems and to predict community changes arising 
from environmental perturbations (Strona & Bradshaw, 2018). 
Network models, such as those representing relationships between 
individual species (Llewelyn et al., 2022), can represent trophic, mu-
tualistic, competitive, or other interactions within a community, or 
be simplistic representations of pre- existing or existing ecosystems 
typically based on unweighted interaction links (Geary et al., 2020).

Basic predator– prey models describing the dynamic relationship 
between two guilds have long been used to characterise species in-
teractions (Lotka, 1910). Such models have traditionally been based 
on standard predator– prey differential equations like the Lotka- 
Volterra to quantify the effects of biodiversity loss on the vulnerabil-
ity of communities to secondary extinctions (Sanders et al., 2018), and 
the subsequent compensatory Rosenzweig- MacArthur (Rosenzweig 
& MacArthur, 1963) and ratio- dependent Arditi- Ginzburg variants 
(Arditi & Ginzburg, 1989), to model ecological systems (Åkesson 
et al., 2021; Nonaka & Kuparinen, 2021). These models highlight the 
importance of accounting for trophic interactions between organ-
isms when modelling ecosystems (McCann, 2007).

Single- species population and distribution models have been 
used to predict the implications of anthropogenic climate change 
(Araújo & Luoto, 2007), yet their inherent limitations prevent a com-
prehensive assessment of species extinction risk. These types of 
models do not consider biotic interactions and physical processes 
(Elith & Leathwick, 2009; Figure 3), and therefore, only provide a 
limited assessment of species vulnerability (Carmel et al., 2013); 
the exception is some studies modelling multispecies dynamics 
(Säterberg et al., 2013). Correlative species distribution models can 
include interactions, but they cannot predict variation in these inter-
actions under changing environmental conditions. As a result, such 
models cannot account for co- extinction processes and are likely to 
underestimate extinction risks under future climate change (Strona 
& Bradshaw, 2018).

As an alternative modelling tool, ecological network models 
based on network theory include interactions by using a flexible 
mathematical framework accounting for a specified number of bi-
otic components and relationships within a parameterised network 
(i.e. species interactions can be weighted or unweighted; Delmas 
et al., 2019). These models can be defined as a network (G) com-
prised of nodes (N) and edges or links (E) (Geary et al., 2020; Landi 
et al., 2018), formulated generically as G = (N, E), that represent one 
or more interactions between nodes (Lau et al., 2017). These models 
are typically represented as bipartite networks (Geary et al., 2020), 
although can also be used to represent trophic interactions among 
species in a community (Pocock et al., 2012).

Ecological network models representing biotic interactions 
can test hypotheses about variation in food web structure and 
resilience to perturbation (Säterberg et al., 2013). Because these 

models ideally encapsulate most nodes in a community and iden-
tify (and possibly quantify) the interactions among them, ecologi-
cal network models can simulate co- extinctions more realistically 
than other types of models (Geary et al., 2020; Figure 3), with 
many examples of network models applied to reveal ecosystem- 
wide effects or predict the relative impacts of different man-
agement scenarios (Wallach et al., 2017). Ecological network 
modelling can be applied not only to evaluate multiple extinction 
drivers in addition to co- extinction effects (e.g. invasive species 
or land- use changes; Strona & Bradshaw, 2022), they also assess 
how these stressors might, in turn, affect different parts of the 
same network. Furthermore, the graphical representation of spe-
cies interactions in ecological network models can be more effec-
tively used to explore the potential for cascading effects and other 
nonlinear interactions arising from anthropogenic threats. This is 
more useful compared to other mechanistic frameworks that can 
represent ecological communities, such as the Madingley model 
(Flores et al., 2019) that is more suited to studying ecological pro-
cesses and dynamics on species populations (e.g. competition) 
and how these affect communities. Although network models at-
tempt to represent entire ecological communities, they too have 
operational limitations beyond the availability and quality of the 
constituent data. Model nodes representing entire populations are 
necessarily oversimplified, given that these might not account for 
all the associated qualities of a biotic component. For example, 

F I G U R E  3  Single-  versus multiple- species extinction models. 
Extinction estimates based on single- species models (solid red box) 
(e.g. species distribution models) can only predict direct effects 
caused by environmental perturbations (e.g. climate change; red 
circle ‘A’ representing a primary extinction). These models consider 
each species as a disconnected entity and do not account for the 
indirect effects of species co- extinctions and population changes. 
In contrast, multiple- species models (e.g. network- based models; 
dotted yellow box) consider both direct (red circles: primary 
extinctions) and indirect effects (yellow circles: co- extinctions and 
population changes). For example, a decline in the population of 
one species (B) can lead to the co- extinction of other species (D 
and E) that depend on B for food or other resources. By accounting 
for these indirect effects, multiple- species models provide a 
more accurate and comprehensive analysis of the impact of 
environmental perturbations on ecosystems and the risk of species 
extinctions.

 13652486, 2023, 18, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/gcb.16836 by E

ddie K
oiki M

abo L
ibrary, W

iley O
nline L

ibrary on [22/01/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



    |  5129DOHERTY et al.

when a node represents an individual species, all associated traits 
(e.g. phylogeny, morphology, physiology) are encapsulated by this 
single node and can never fully represent the real- world vari-
ation within the species. This limitation can generate errors in 
inferred network dynamics and responses (Bolnick et al., 2011). 
Population dynamics (e.g. age structure, density compensation) 
within nodes are usually ignored, either because they can make a 
network unwieldy, or because of data gaps for all species within 
the community, preventing network models from weighting nodes 
by variation in abundance and its influence on extinction risk 
(Wilmers, 2007). However, community viability models where par-
ticularly influential nodes are expanded to account for population 
structure and abundance could potentially increase the ecological 
realism of network models.

Furthermore, it is possible to attach dynamical models to 
important nodes in a network. For example, in predator– prey 
systems with large fluctuations in abundances, such as cycling 
predator– prey dynamics (e.g. hare Lepus americanus– lynx Lynx 
canadensis; Elton, 1924), dynamical models can be used to mod-
ify edge weights when those fluctuations occur. This approach 
would enable network models to capture more of the complexity 
of fluctuating interactions between species. Beyond population 
dynamics, accounting for spatial and temporal dynamics associ-
ated with various ecological processes is also important for model-
ling biotic interactions. However, dividing community spatial units 
according to temporal processes that vary interaction potential, 
such as migration patterns, seasonal changes, or disturbances, can 
be challenging. For instance, the migration of one species could 
fundamentally alter the ecological interactions within a given spa-
tial unit (Bauer & Hoye, 2014), introducing new complexities into 
the community when that species is present. Likewise, natural 
disasters such as bushfires, floods, or other extreme events can 
alter food webs (e.g. by facilitating biological invasions; Spencer 
et al., 2020), leading to different dynamics that temporally static 
models are not able to capture. To account for such temporal vari-
ability in community composition, one could potentially iteratively 
modify a species' ability to interact as a proxy for time (e.g. through 
shifting migration patterns; Rickbeil et al., 2019), and by simulat-
ing the rate of movement (e.g. through elevation change; Freeman 
et al., 2018), by coupling network models with species distribu-
tion models. Of course, higher model complexity increases data 
requirements (e.g. ontogenetic variation in traits; Lau et al., 2017).

Modelling a subset of interactions within a community, al-
though useful for quantifying binary relationships (Dallas & 
Cornelius, 2015), can also limit the utility of network models. For 
example, focusing only on trophic interactions disregards the po-
tential offsetting effects of other interaction types, such as host– 
parasite (García- Callejas et al., 2018) or plant- pollinator relationships 
(Bartomeus et al., 2021), which could also bias estimates of extinc-
tion risk (Lafferty et al., 2008). A more realistic approach would ide-
ally include multiple interaction types simultaneously (Hutchinson 
et al., 2019). Such ‘multiplex’ networks could theoretically encapsu-
late most interaction types among species in a community, account 

for spatiotemporal heterogeneity, context dependency (Stella 
et al., 2016) and characterise the structure, function, dynamics and 
co- extinction risk of entire ecosystems (Pilosof et al., 2017). For ex-
ample, a multiplex approach has been used to produce a framework 
for a multispecies food web model that allows for non- trophic inter-
actions as functional classes (Kéfi et al., 2012). However, because 
most interaction types (e.g. plant- seed dispersers) are not linked 
explicitly to trophic interactions, they cannot be applied easily to 
all species in a community. Although some multiplex networks can 
bypass this problem by including both trophic (e.g. predator– prey re-
lationships) and non- trophic (e.g. mutualistic partnerships) interac-
tion networks represented as separate layers and interconnected by 
shared species (Pilosof et al., 2017; Figure 4), they require expansive 
datasets to build (Strona, 2022). For example, non- trophic interac-
tions such as predator interference (e.g. ‘landscape of fear’ exclusion 
of potential prey; Brown et al., 1999) can modify the functional re-
lationships between predators and prey beyond simple inference of 
potential trophic interaction. Accounting for such phenomena that 
modify the shape of the functional response (Kéfi et al., 2012) would 
require different network topologies to those inferred solely from 
trophic inference.

General consumer- resource models, which are fundamentally 
based on the direct relationships between consumer and resource 
species (MacArthur, 1970), have also been designed to integrate 
multiple interaction types (Lafferty et al., 2015). Furthermore, there 
is still no unifying theory to account for the trait space a species 
occupies, and therefore, no method for weighting the links between 
species in different networks (Figure 4). Developing methods to 
allow node parameters to affect different types of interactions with 
other parts of the network, with additional consideration to spatial 
and temporal influences, is a clear avenue for development.

While methods have been developed to quantify co- 
extinction risk across non- trophic interactions networks (Dallas & 
Cornelius, 2015), few studies have constructed complex networks 
consisting of multiple, mutualistic networks (e.g. facilitation, polli-
nation, seed dispersal; Valiente- Banuet & Verdú, 2013) or interac-
tion types (e.g. predation, mutualistic, parasitic interactions; Pocock 
et al., 2012). In contrast, most research on ecological networks has 
focused on comparatively simplified, empirically based parasitic 
(e.g. host– parasite; Dallas & Cornelius, 2015) and mutualistic (e.g., 
plant– pollinator) networks (Koh, Sodhi, et al., 2004), with no cur-
rent framework developed for quantifying the co- extinction risk for 
many other non- trophic interaction networks.

6  |  SIMUL ATING TROPHIC C A SC ADES IN 
ECOLOGIC AL NET WORKS

Simulation models are a common tool applied to predict relative ex-
tinction risk, encompassing diverse methodologies and approaches. 
These approaches range from simple statistical models to estimate 
secondary extinctions as an effect of primary extinctions, to model-
ling co- extinctions and trophic cascades accounting for the rewiring 
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of interaction matrices (Colwell et al., 2012). Various hypothetical 
and empirically based co- extinction simulation models have been 
constructed across different biome and interaction network types 
(Strona & Bradshaw, 2018), with a particular focus on simulating 
primary and secondary extinctions in unipartite and bipartite net-
works (Dallas & Cornelius, 2015; Koh, Dunn, et al., 2004; Strona & 
Bradshaw, 2018; Valiente- Banuet & Verdú, 2013).

While showing that the primary extinction of a species can pre-
cipitate the secondary extinction of others, the process of predicting 
relative extinction risk is a more complex task. Computer simulations 
and network theory are modern tools that can evaluate extinction 
risk (Traveset et al., 2017), facilitated by simulations in large- scale 
studies (Baumgartner et al., 2020) and by supervised inferences of 
the relationships between biotic components (Poisot et al., 2016). 
Simulations are generally constructed under a set of user- defined 
assumptions, with extinction risk for a given species estimated 
from different exposures to a theoretical list of different conditions 
(Baumgartner et al., 2020). However, the main challenges limiting 
the realism of such simulations are devising realistic assumptions 
to trigger secondary extinctions for species in a network, and the 
difficulty of accounting for the effects of complex trophic and non- 
trophic interactions.

Co- extinction simulations, conventionally derived from 
probability- based co- extinction models (Koh, Dunn, et al., 2004; 
Memmott et al., 2004), provide estimations of potential species 

extinctions linked to the loss of associated species. Such simula-
tions rely on the premise that affiliated extinctions occur in a ran-
dom sequence, typically within bipartite networks, and have since 
developed into an array of more advanced methods. These include 
topological models that simulate co- extinction when a non- basal 
species loses all or most other species in the food chain on which 
it relies (Dunne et al., 2002), stochastic models that also account 
for variation in demographic dependencies among species (Vieira 
& Almeida- Neto, 2015), and hybrid co- extinction models that com-
bine topological and simulation models for different species types 
(Traveset et al., 2017) to estimate complex extinction probabilities 
based on the removal and persistence of nodes. Other approaches 
include the dependent random- search co- extinction model 
(Baumgartner et al., 2020) that improves the realism of extinction 
estimates by accounting for how extinction processes affect not 
only node removal, but also how their interactions change or are re-
wired following node extinctions where novel interactions are desig-
nated randomly ‘depending’ on similarities among nodes.

Although many existing simulation models can account for 
processes of co- extinction and trophic cascades, several compli-
cations and limitations need to be addressed. Techniques to sim-
ulate co- extinctions are usually designed for specific studies or 
network types (Dunn et al., 2009; Koh, Dunn, et al., 2004). For ex-
ample, simulations designed for bipartite networks with two trophic 
guilds cannot normally accommodate the multiple trophic levels 

F I G U R E  4  A theoretical multiplex network. A multiplex network can include two or more network layers (e.g. layers 1, 2 and 3). Using a 
model based on network theory, nodes (represented as letters) can be used to characterise biotic components such as species or functional 
groups, while edges or links represent their interactions within each interaction network. For example, nodes ‘D’ and ‘I’ could represent 
shared prey or host species from predation and parasitic networks, respectively. These nodes could be connected by ‘C’ as a shared host in 
both the parasite and mutualism networks, connecting all biotic components trophically, either directly or indirectly. The thickness of the 
black arrows representing these interactions can be weighted according to ecological effect. However, full- community multiplex networks 
are difficult to construct because they require extensive datasets that are unavailable for most systems. Interactions between networks can 
be linked by shared species, but no current theory exists for weighting links between trophic and non- trophic networks (indicated by red 
dotted lines).
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making up entire food webs. Much of the research in community 
ecology has also attempted to estimate the resilience of ecological 
networks under various perturbations (Dallas & Cornelius, 2015; 
Wilmers, 2007), as opposed to quantifying the co- extinction risk of 
specific nodes within networks. Moreover, simulation methods that 
can be applied to networks with multiple trophic guilds are primar-
ily restricted to simulating hypothetical scenarios that are focused 
on either top- down or bottom- up trophic cascades, but not both 
(Llewelyn et al., 2022; Strona & Bradshaw, 2018).

While many existing simulation models consider processes of co- 
extinction and trophic cascades, the functional importance of dif-
ferent species within a community can potentially alter how inferred 
linkages emerge (Brodie et al., 2014). Functional importance can be 
quantified by relative position within a trait hypervolume— that is, all 
traits (e.g. morphology, behaviour, life history; Kissling et al., 2018) 
represented by all species within a given space and time. These traits 
together represent the functional diversity or richness of a particular 
hypervolume (Lundgren et al., 2020; Pimiento et al., 2020) describ-
ing the community's total trait variation (Roscher et al., 2012). The 
more trait redundancy in the hypervolume, the greater a communi-
ty's resilience to perturbation, and therefore, its potential to resist 
extinction cascades (Lundgren et al., 2021). Species- level trait data-
bases (Pimiento et al., 2020) analysed using Gower similarity or dis-
similarity matrices (Gower, 1971) can be used to construct such trait 
hypervolumes (Lundgren et al., 2020; McLean et al., 2019) that con-
textualise community composition and interaction potential based 
on their functional compatibility. The position of species within a 
network can also be used as a measure of functional importance 
(Bello et al., 2023), although different measures (e.g. degree, which 
surmises the total number of edges connected to a node) reflect dif-
ferent aspects of ‘importance’ (Cirtwill et al., 2018).

By ascertaining the functional importance of species within a 
community, we are equipped to determine the functional compat-
ibility and potential interactions between species. This process can 
reveal which traits play pivotal roles in facilitating interactions with 
other species (Lavorel & Garnier, 2002). Furthermore, estimating 
the functional importance of a species within a community can re-
veal emergent properties of the relative functional roles of specific 
taxonomic groups (Dehling & Stouffer, 2018). Species that are func-
tionally unique or that contribute disproportionately more to the 
functional diversity of a community are more likely to form founda-
tional linkages within that community (Estes et al., 2016). The loss of 
such species might, therefore, have a higher relative probability of 
eliciting cascades.

7  |  IMPLIC ATIONS FOR MANAGEMENT 
AND CONSERVATION

Not considering most biotic interactions in an ecosystem likely 
underestimates future extinction risk (Strona & Bradshaw, 2018); 
therefore, network- based analyses provide a relevant framework 
to clarify ecosystem- level processes and consequences (Harvey 

et al., 2017). Quantifying, inferring and simulating biotic interactions 
give deeper insights into how anthropogenic threats will erode en-
tire ecosystems via co- extinctions (Desjardins- Proulx et al., 2017; 
Pomeranz et al., 2019; Tylianakis et al., 2008). As climate disrup-
tion compounds other extinction drivers like habitat loss (Benton 
et al., 2021) and invasive species (Essl et al., 2020), network models 
offer a useful way to explore the potential ecosystem- wide effects 
of future biodiversity loss and change, by simulating emerging in-
teractions and the loss of existing interactions that can rearrange 
species assemblages in otherwise unpredictable ways. Measuring 
how the topology of interactions within a community degrades in 
response to perturbations can also identify the extent to which 
resilience to future environmental change declines concomitantly 
(Strona & Bradshaw, 2022).

Single- species management frameworks have historically dom-
inated environmental decision- making (Lindenmayer et al., 2007), 
but sensible environmental policy relies on identifying and avoid-
ing environmental tipping points (Hillebrand et al., 2020) (i.e. events 
that depend on species' interactions and multiple scales of complex-
ity; Landi et al., 2018; Wolanski & McLusky, 2011). Comprehensive 
ecological network models can represent these interactions over 
different scales of complexity and so improve the accuracy of 
predictions, enabling policies that will have a higher probability of 
avoiding negative tipping points (Dunne & Pascual, 2006). Ecological 
network modelling might better inform environmental management 
by simulating possible outcomes under a broad set of assumptions; 
for example, network models can be applied to predict and mitigate 
the effects of biological invasions on native communities, or even 
possibly to evaluate different intervention strategies and avoid in-
effective species translocations (Morris et al., 2021). Extended out-
comes of this type of research could also assist with recognising 
co- extinction risk in threatened- species assessments and policies 
(Moir & Brennan, 2020). As such, ecological network modelling is 
poised to add considerable power to the management of biodi-
versity (Schuwirth et al., 2019), although in practical applications, 
there are many issues relating to model feasibility, data availability 
and communication transparency that could limit the utility of these 
methods (Schuwirth et al., 2019).

8  |  CONCLUSIONS

The trophic complexity of some terrestrial ecosystems and the spa-
tial and temporal uncertainties of community boundaries have made 
resolving trophic networks difficult. Combined with the dearth of 
empirical data on species interactions (Momal et al., 2020) and the 
difficulty and costs associated with collecting such data (Pringle 
& Hutchinson, 2020), quantifying how species interact within a 
community remains a challenge. Comprehensive research for con-
structing trophic networks that realistically model ecological interde-
pendencies, coupled with robust methods for quantifying extinction 
risk, are still needed to predict and manage the indirect effects of 
climate change and other anthropogenic threats. More research to 
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test assumed processes and inference accuracy will make these ap-
proaches more realistic, guiding current and future decisions in the 
management of terrestrial ecosystems (see Section 9).

9  |  OUTSTANDING QUESTIONS

• How do anthropogenic threats like climate change affect the ex-
tinction risk of vertebrate species through the processes of co- 
extinction and trophic cascades at fine spatiotemporal scales? 
Previous research has tended to focus on either marine or fresh-
water ecosystems, with comparatively little research on terres-
trial ecosystems. Understanding how anthropogenic threats 
affect these communities, specifically between multi- trophic and 
non- trophic networks at fine spatiotemporal scales, will be neces-
sary for effective multispecies conservation.

• Can machine- learning algorithms be used to infer all predator– 
prey interactions for vertebrates in terrestrial communities? 
Although many trophic networks have been constructed, few 
studies have attempted to model all the interactions in entire (and 
diverse) terrestrial systems, with many difficulties surrounding 
the quantification of trophic relationships between species.

• How might a change in a community's detail (e.g. intraspecific 
variation) and composition affect how trophic cascades and co- 
extinctions occur in co- extinction models? Identifying all po-
tential trophic interactions among species in an ecosystem is a 
complex element that is typically neglected in many co- extinction 
models that instead progressively remove species and ignore how 
species might rewire their interactions when other species are 
lost or join the community. Furthermore, basal resources (e.g. in-
vertebrates and plants) in terrestrial network models are typically 
ignored or clumped due to a dearth of data, developing a gap in 
our understanding of the dynamics of food webs.

G LOSSARY

Bipartite network An interacting relationship between 
two groups of species, such as that 
between plants and pollinators within 
a biological community.

Co- extinction The cascading process in which the 
primary extinction of a species results 
in the secondary extinction of an-
other, dependent species.

Edge In an ecological network model, 
edges represent the relationship (e.g. 
biomass flow, trophic interaction) be-
tween nodes.

Nestedness The pattern in which species interactions 
within a network are organised such that 

less- connected species tend to interact 
with only a subset of the species that are 
more connected. This results in a nested 
structure, where the interactions of the 
less- connected species are a subset of 
those of the more connected species.

Networks A complex system of interactions be-
tween different biotic components, 
where the interactions can be direct or in-
direct and can involve a variety of mecha-
nisms and functions. These components 
can include individual organisms, popu-
lations, communities or ecosystems, and 
they can be connected through different 
types of relationships, such as mutual-
ism, predation, parasitism, competition or 
facilitation.

Node In an ecological network model, nodes 
can represent a biotic component (e.g. 
species, functional groups) connected 
by edges.

Random forest A supervised machine- learning algo-
rithm based on ensemble learning that 
uses input data to construct and merge 
decision trees to predict an outcome.

Single- species management frameworks 
 A management strategy that specifically 

focuses on conserving individual species, 
excluding other associated or dependent 
species from direct intervention.

Top- down and bottom- up trophic cascades 
 The process by which species going ex-

tinct at one trophic level (consumers) 
causes species occupying lower trophic 
levels (resources) also to go extinct (top- 
down) or vice versa (bottom- up).

Unweighted and weighted relationships 
 A weighted interaction link is a relation-

ship between two species in which a nu-
merical value represents the strength of 
the interaction; an unweighted link does 
not account for interaction strength.

Unipartite network An interacting relationship such as pre-
dation in which only one group of spe-
cies interacts with all other species 
within a biological community.

Quasi- closed ecosystem 
 An ecosystem that functions as if it is 

closed to external influences, with little 
exchange of matter or energy with its 
surroundings

 13652486, 2023, 18, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/gcb.16836 by E

ddie K
oiki M

abo L
ibrary, W

iley O
nline L

ibrary on [22/01/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



    |  5133DOHERTY et al.

ACKNOWLEDG MENTS
Supported in part by the Australian Research Council Centre of 
Excellence for Australian Biodiversity and Heritage (CE170100015). 
Open access publishing facilitated by Flinders University, as part 
of the Wiley - Flinders University agreement via the Council of 
Australian University Librarians.

CONFLIC T OF INTERE S T S TATEMENT
All authors declare that they have no conflicts of interest.

DATA AVAIL ABILIT Y S TATEMENT
Data sharing not applicable to this article as no datasets were gener-
ated or analyzed during the current study.

ORCID
Seamus Doherty  https://orcid.org/0000-0002-1826-7569 
Frédérik Saltré  https://orcid.org/0000-0002-5040-3911 
John Llewelyn  https://orcid.org/0000-0002-5379-5631 
Giovanni Strona  https://orcid.org/0000-0003-2294-4013 
Stephen E. Williams  https://orcid.org/0000-0002-2510-7408 
Corey J. A. Bradshaw  https://orcid.org/0000-0002-5328-7741 

R E FE R E N C E S
Åkesson, A., Curtsdotter, A., Eklöf, A., Ebenman, B., Norberg, J., & 

Barabás, G. (2021). The importance of species interactions in 
eco- evolutionary community dynamics under climate change. 
Nature Communications, 12(1), 4759. https://doi.org/10.1038/
s41467-021-24977-x

Allen, M., Antwi- Agyei, P., Aragon- Durand, F., Babiker, M., Bertoldi, P., Bind, 
M., Brown, S., Buckeridge, M., Camilloni, I., & Cartwright, A. (2019). 
Technical Summary: Global warming of 1.5° C. An IPCC Special Report 
on the impacts of global warming of 1.5° C above pre- industrial levels 
and related global greenhouse gas emission pathways, in the context of 
strengthening the global response to the threat of climate change, sustain-
able development, and efforts to eradicate poverty. IPCC. https://www.
ipcc.ch/site/asset s/uploa ds/sites/ 2/2018/12/SR15_TS_High_Res.pdf

Anaya- Rojas, J. M., Best, R. J., Brunner, F. S., Eizaguirre, C., Leal, M. C., 
Melián, C. J., Seehausen, O., & Matthews, B. (2019). An experimen-
tal test of how parasites of predators can influence trophic cas-
cades and ecosystem functioning. Ecology, 100(8), e02744. https://
doi.org/10.1002/ecy.2744

Anhalt- Depies, C., Stenglein, J. L., Zuckerberg, B., Townsend, P. A., & 
Rissman, A. R. (2019). Tradeoffs and tools for data quality, privacy, 
transparency, and trust in citizen science. Biological Conservation, 
238, 108195. https://doi.org/10.1016/j.biocon.2019.108195

Araújo, M. B., & Luoto, M. (2007). The importance of biotic interac-
tions for modelling species distributions under climate change. 
Global Ecology and Biogeography, 16(6), 743– 753. https://doi.
org/10.1111/j.1466-8238.2007.00359.x

Arditi, R., & Ginzburg, L. R. (1989). Coupling in predator- prey dynamics: 
Ratio- dependence. Journal of Theoretical Biology, 139(3), 311– 326. 
https://doi.org/10.1016/S0022-5193(89)80211-5

Arditi, R., & Ginzburg, L. R. (2012). How species interact: Altering the stan-
dard view on trophic ecology. Oxfard University Press.

Barnosky, A. D., Matzke, N., Tomiya, S., Wogan, G. O. U., Swartz, B., 
Quental, T. B., Marshall, C., McGuire, J. L., Lindsey, E. L., Maguire, 
K. C., Mersey, B., & Ferrer, E. A. (2011). Has the Earth's sixth mass 
extinction already arrived? Nature, 471(7336), 51– 57. https://doi.
org/10.1038/natur e09678

Bartomeus, I., Gravel, D., Tylianakis, J. M., Aizen, M. A., Dickie, I. A., & 
Bernard- Verdier, M. (2016). A common framework for identifying 
linkage rules across different types of interactions. Functional Ecology, 
30(12), 1894– 1903. https://doi.org/10.1111/1365-2435.12666

Bartomeus, I., Saavedra, S., Rohr, R. P., & Godoy, O. (2021). Experimental 
evidence of the importance of multitrophic structure for species 
persistence. Proceedings of the National Academy of Sciences of 
the United States of America, 118(12), e2023872118. https://doi.
org/10.1073/pnas.20238 72118

Batten, S. D., Ruggerone, G. T., & Ortiz, I. (2018). Pink salmon induce 
a trophic cascade in plankton populations in the southern Bering 
Sea and around the Aleutian Islands. Fisheries Oceanography, 27(6), 
548– 559. https://doi.org/10.1111/fog.12276

Bauer, S., & Hoye, B. J. (2014). Migratory animals couple biodiversity and 
ecosystem functioning worldwide. Science, 344(6179), 1242552. 
https://doi.org/10.1126/scien ce.1242552

Baumgartner, M. T., Almeida- Neto, M., & Gomes, L. C. (2020). A novel 
coextinction model considering compensation and new interac-
tions in ecological networks. Ecological Modelling, 416, 108876. 
https://doi.org/10.1016/j.ecolm odel.2019.108876

Begon, M., & Townsend, C. R. (2020). Ecology: From individuals to ecosys-
tems (5th ed.). John Wiley & Sons.

Begon, M., Townsend, C. R., & Harper, J. L. (2006). Ecology: From individ-
uals to ecosystems (4th ed.). Blackwell Publishing.

Bello, C., Schleuning, M., & Graham, C. H. (2023). Analyzing trophic eco-
system functions with the interaction functional space. Trends in 
Ecology & Evolution, 38(5), 424– 434. https://doi.org/10.1016/j.tree. 
2022.12.001

Benton, T. G., Bieg, C., Harwatt, H., Pudasaini, R., & Wellesley, L. (2021). 
Food system impacts on biodiversity loss: Three levers for food system 
transformation in support of nature. Chatham House.

Blanchet, F. G., Cazelles, K., & Gravel, D. (2020). Co- occurrence is not ev-
idence of ecological interactions. Ecology Letters, 23(7), 1050– 1063. 
https://doi.org/10.1111/ele.13525

Blüthgen, N. (2010). Why network analysis is often disconnected from 
community ecology: A critique and an ecologist's guide. Basic 
and Applied Ecology, 11(3), 185– 195. https://doi.org/10.1016/j.
baae.2010.01.001

Bohan, D. A., Vacher, C., Tamaddoni- Nezhad, A., Raybould, A., Dumbrell, 
A. J., & Woodward, G. (2017). Next- generation global biomoni-
toring: Large- scale, automated reconstruction of ecological net-
works. Trends in Ecology & Evolution, 32(7), 477– 487. https://doi.
org/10.1016/j.tree.2017.03.001

Bolnick, D. I., Amarasekare, P., Araújo, M. S., Bürger, R., Levine, J. M., 
Novak, M., Rudolf, V. H. W., Schreiber, S. J., Urban, M. C., & Vasseur, 
D. A. (2011). Why intraspecific trait variation matters in community 
ecology. Trends in Ecology & Evolution, 26(4), 183– 192. https://doi.
org/10.1016/j.tree.2011.01.009

Bortolus, A. (2008). Error cascades in the biological sciences: The un-
wanted consequences of using bad taxonomy in ecology. Ambio: 
A Journal of the Human Environment, 37(2), 114– 118. https://doi.
org/10.1579/0044-7447(2008)37[114:ECITB S]2.0.CO;2

Bradshaw, C. J. A., Hoskins, A. J., Haubrock, P. J., Cuthbert, R. N., Diagne, 
C., Leroy, B., Andrews, L., Page, B., Cassey, P., Sheppard, A. W., & 
Courchamp, F. (2021). Detailed assessment of the reported eco-
nomic costs of invasive species in Australia. NeoBiota, 67, 511– 550. 
https://doi.org/10.3897/neobi ota.67.58834

Brodie, J. F., Aslan, C. E., Rogers, H. S., Redford, K. H., Maron, J. L., 
Bronstein, J. L., & Groves, C. R. (2014). Secondary extinctions of 
biodiversity. Trends in Ecology & Evolution, 29(12), 664– 672. https://
doi.org/10.1016/j.tree.2014.09.012

Brondizio, E. S., Settele, J., Díaz, S., & Ngo, H. T. (2019). Global assessment 
report on biodiversity and ecosystem services of the intergovernmental 
science- policy platform on biodiversity and ecosystem services. IPBES 
Secretariat. https://doi.org/10.5281/zenodo.3831673

 13652486, 2023, 18, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/gcb.16836 by E

ddie K
oiki M

abo L
ibrary, W

iley O
nline L

ibrary on [22/01/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://orcid.org/0000-0002-1826-7569
https://orcid.org/0000-0002-1826-7569
https://orcid.org/0000-0002-5040-3911
https://orcid.org/0000-0002-5040-3911
https://orcid.org/0000-0002-5379-5631
https://orcid.org/0000-0002-5379-5631
https://orcid.org/0000-0003-2294-4013
https://orcid.org/0000-0003-2294-4013
https://orcid.org/0000-0002-2510-7408
https://orcid.org/0000-0002-2510-7408
https://orcid.org/0000-0002-5328-7741
https://orcid.org/0000-0002-5328-7741
https://doi.org/10.1038/s41467-021-24977-x
https://doi.org/10.1038/s41467-021-24977-x
https://www.ipcc.ch/site/assets/uploads/sites/2/2018/12/SR15_TS_High_Res.pdf
https://www.ipcc.ch/site/assets/uploads/sites/2/2018/12/SR15_TS_High_Res.pdf
https://doi.org/10.1002/ecy.2744
https://doi.org/10.1002/ecy.2744
https://doi.org/10.1016/j.biocon.2019.108195
https://doi.org/10.1111/j.1466-8238.2007.00359.x
https://doi.org/10.1111/j.1466-8238.2007.00359.x
https://doi.org/10.1016/S0022-5193(89)80211-5
https://doi.org/10.1038/nature09678
https://doi.org/10.1038/nature09678
https://doi.org/10.1111/1365-2435.12666
https://doi.org/10.1073/pnas.2023872118
https://doi.org/10.1073/pnas.2023872118
https://doi.org/10.1111/fog.12276
https://doi.org/10.1126/science.1242552
https://doi.org/10.1016/j.ecolmodel.2019.108876
https://doi.org/10.1016/j.tree.2022.12.001
https://doi.org/10.1016/j.tree.2022.12.001
https://doi.org/10.1111/ele.13525
https://doi.org/10.1016/j.baae.2010.01.001
https://doi.org/10.1016/j.baae.2010.01.001
https://doi.org/10.1016/j.tree.2017.03.001
https://doi.org/10.1016/j.tree.2017.03.001
https://doi.org/10.1016/j.tree.2011.01.009
https://doi.org/10.1016/j.tree.2011.01.009
https://doi.org/10.1579/0044-7447(2008)37%5B114:ECITBS%5D2.0.CO;2
https://doi.org/10.1579/0044-7447(2008)37%5B114:ECITBS%5D2.0.CO;2
https://doi.org/10.3897/neobiota.67.58834
https://doi.org/10.1016/j.tree.2014.09.012
https://doi.org/10.1016/j.tree.2014.09.012
https://doi.org/10.5281/zenodo.3831673


5134  |    DOHERTY et al.

Brown, J. S., Laundré, J. W., & Gurung, M. (1999). The ecology of fear: 
Optimal foraging, game theory, and trophic interactions. Journal of 
Mammalogy, 80(2), 385– 399. https://doi.org/10.2307/1383287

Cadotte, M. W., & Tucker, C. M. (2017). Should environmental filtering be 
abandoned? Trends in Ecology & Evolution, 32(6), 429– 437. https://
doi.org/10.1016/j.tree.2017.03.004

Cameron, E. K., Sundqvist, M. K., Keith, S. A., CaraDonna, P. J., 
Mousing, E. A., Nilsson, K. A., Metcalfe, D. B., & Classen, A. T. 
(2019). Uneven global distribution of food web studies under cli-
mate change. Ecosphere, 10(3), e02645. https://doi.org/10.1002/
ecs2.2645

Carmel, Y., Kent, R., Bar- Massada, A., Blank, L., Liberzon, J., Nezer, O., 
Sapir, G., & Federman, R. (2013). Trends in ecological research 
during the last three decades– a systematic review. PLoS One, 8(4), 
e59813. https://doi.org/10.1371/journ al.pone.0059813

Caron, D., Maiorano, L., Thuiller, W., & Pollock, L. J. (2022). Addressing 
the Eltonian shortfall with trait- based interaction models. Ecology 
Letters, 25(4), 889– 899. https://doi.org/10.1111/ele.13966

Carscallen, W. M. A., Vandenberg, K., Lawson, J. M., Martinez, N. D., & 
Romanuk, T. N. (2012). Estimating trophic position in marine and es-
tuarine food webs. Ecosphere, 3(3), art25. https://doi.org/10.1890/
ES11-00224.1

Cirtwill, A. R., Dalla Riva, G. V., Gaiarsa, M. P., Bimler, M. D., Cagua, E. F., 
Coux, C., & Dehling, D. M. (2018). A review of species role concepts 
in food webs. Food Webs, 16, e00093. https://doi.org/10.1016/j.
fooweb.2018.e00093

Cody, M. L., MacArthur, R. H., & Diamond, J. M. (1975). Ecology and evo-
lution of communities. Harvard University Press.

Colwell, R. K., Dunn, R. R., & Harris, N. C. (2012). Coextinction and per-
sistence of dependent species in a changing world. Annual Review 
of Ecology, Evolution, and Systematics, 43(1), 183– 203. https://doi.
org/10.1146/annur ev-ecols ys-110411-160304

Crystal- Ornelas, R., Hudgins, E. J., Cuthbert, R. N., Haubrock, P. J., 
Fantle- Lepczyk, J., Angulo, E., Kramer, A. M., Ballesteros- Mejia, 
L., Leroy, B., Leung, B., López- López, E., Diagne, C., & Courchamp, 
F. (2021). Economic costs of biological invasions within North 
America. NeoBiota, 67, 485– 510. https://doi.org/10.3897/neobi 
ota.67.58038

Dallas, T., & Cornelius, E. (2015). Co- extinction in a host- parasite net-
work: Identifying key hosts for network stability. Scientific Reports, 
5(1), 13185. https://doi.org/10.1038/srep1 3185

Davis, A., Blanchette, M., Pusey, B., Jardine, T., & Pearson, R. (2012). Gut 
content and stable isotope analyses provide complementary un-
derstanding of ontogenetic dietary shifts and trophic relationships 
among fishes in a tropical river. Freshwater Biology, 57, 2156– 2172. 
https://doi.org/10.1111/j.1365-2427.2012.02858.x

de la Fuente, A., Krockenberger, A., Hirsch, B., Cernusak, L., & Williams, 
S. E. (2022). Predicted alteration of vertebrate communities in 
response to climate- induced elevational shifts. Diversity and 
Distributions, 28(6), 1180– 1190. https://doi.org/10.1111/ddi.13514

Dehling, D. M., & Stouffer, D. B. (2018). Bringing the Eltonian niche 
into functional diversity. Oikos, 127(12), 1711– 1723. https://doi.
org/10.1111/oik.05415

Delmas, E., Besson, M., Brice, M.- H., Burkle, L. A., Dalla Riva, G. V., Fortin, 
M.-J., Gravel, D., Guimarães, P. R., Jr., Hembry, D. H., Newman, E. 
A., Olesen, J. M., Pires, M. M., Yeakel, J. D., & Poisot, T. (2019). 
Analysing ecological networks of species interactions. Biological 
Reviews, 94(1), 16– 36. https://doi.org/10.1111/brv.12433

Desjardins- Proulx, P., Laigle, I., Poisot, T., & Gravel, D. (2017). Ecological 
interactions and the Netflix problem. PeerJ, 5, e3644. https://doi.
org/10.7717/peerj.3644

Desjardins- Proulx, P., Poisot, T., & Gravel, D. (2019). Artificial intelligence 
for ecological and evolutionary synthesis. Frontiers in Ecology and 
Evolution, 7, 402. https://doi.org/10.3389/fevo.2019.00402

Diamond, J. M. (1986). Community ecology. Harper and Row.

Díaz, S., Settele, J., Brondízio, E., Ngo, H., Guèze, M., Agard, J., Arneth, 
A., Balvanera, P., Brauman, K., & Butchart, S. (2020). Summary for 
policymakers of the global assessment report on biodiversity and 
ecosystem services of the intergovernmental science- policy plat-
form on biodiversity and ecosystem services. IPBES Secretariat. 
https://doi.org/10.5281/zenodo.3553579

Dodds, W. K., Nelson, J. A., & Lundberg, P. (2006). Redefining the com-
munity: A species- based approach. Oikos, 112(2), 464– 472. https://
doi.org/10.1111/j.0030-1299.2006.13558.x

Donohue, I., Petchey, O. L., Kéfi, S., Génin, A., Jackson, A. L., Yang, Q., 
& O'Connor, N. E. (2017). Loss of predator species, not interme-
diate consumers, triggers rapid and dramatic extinction cascades. 
Global Change Biology, 23(8), 2962– 2972. https://doi.org/10.1111/
gcb.13703

Doody, J. S., Soanes, R., Castellano, C. M., Rhind, D., Green, B., McHenry, 
C. R., & Clulow, S. (2015). Invasive toads shift predator– prey den-
sities in animal communities by removing top predators. Ecology, 
96(9), 2544– 2554. https://doi.org/10.1890/14-1332.1

Dorresteijn, I., Schultner, J., Nimmo, D. G., Fischer, J., Hanspach, J., 
Kuemmerle, T., Kehoe, L., & Ritchie, E. G. (2015). Incorporating 
anthropogenic effects into trophic ecology: Predator- prey inter-
actions in a human- dominated landscape. Proceedings of the Royal 
Society B: Biological Sciences, 282(1814), 20151602. https://doi.
org/10.1098/rspb.2015.1602

Duffy, J. E. (2003). Biodiversity loss, trophic skew and ecosystem func-
tioning. Ecology Letters, 6(8), 680– 687. https://doi.org/10.1046/ 
j.1461-0248.2003.00494.x

Dunn, R. R., Harris, N. C., Colwell, R. K., Koh, L. P., & Sodhi, N. S. (2009). 
The sixth mass coextinction: Are most endangered species para-
sites and mutualists? Proceedings of the Royal Society B: Biological 
Sciences, 276(1670), 3037– 3045. https://doi.org/10.1098/rspb. 
2009.0413

Dunne, J., & Pascual, M. (2006). The network structure of food webs. 
Oxford University Press.

Dunne, J. A., Williams, R. J., & Martinez, N. D. (2002). Network struc-
ture and biodiversity loss in food webs: Robustness increases 
with connectance. Ecology Letters, 5(4), 558– 567. https://doi.
org/10.1046/j.1461-0248.2002.00354.x

Egli, L., LeVan, K. E., & Work, T. T. (2020). Taxonomic error rates affect 
interpretations of a national- scale ground beetle monitoring pro-
gram at National Ecological Observatory Network. Ecosphere, 11(4), 
e03035. https://doi.org/10.1002/ecs2.3035

Elith, J., & Leathwick, J. R. (2009). Species distribution models: Ecological 
explanation and prediction across space and time. Annual Review 
of Ecology, Evolution, and Systematics, 40, 677– 697. https://doi.
org/10.1146/annur ev.ecols ys.110308.120159

Elton, C. S. (1924). Periodic fluctuations in the numbers of animals: Their 
causes and effects. Journal of Experimental Biology, 2(1), 119– 163. 
https://doi.org/10.1242/jeb.2.1.119

Ernakovich, J. G., Hopping, K. A., Berdanier, A. B., Simpson, R. T., 
Kachergis, E. J., Steltzer, H., & Wallenstein, M. D. (2014). Predicted 
responses of arctic and alpine ecosystems to altered seasonality 
under climate change. Global Change Biology, 20(10), 3256– 3269. 
https://doi.org/10.1111/gcb.12568

Essl, F., Lenzner, B., Bacher, S., Bailey, S., Capinha, C., Daehler, C., 
Dullinger, S., Genovesi, P., Hui, C., Hulme, P. E., Jeschke, J. M., 
Katsanevakis, S., Kühn, I., Leung, B., Liebhold, A., Liu, C., MacIsaac, 
H. J., Meyerson, L. A., Nuñez, M. A., … Roura- Pascual, N. (2020). 
Drivers of future alien species impacts: An expert- based as-
sessment. Global Change Biology, 26(9), 4880– 4893. https://doi.
org/10.1111/gcb.15199

Estes, J. A., Heithaus, M., McCauley, D. J., Rasher, D. B., & Worm, B. 
(2016). Megafaunal impacts on structure and function of ocean 
ecosystems. Annual Review of Environment and Resources, 41, 83– 
116. https://doi.org/10.1146/annur ev-envir on-110615-085622

 13652486, 2023, 18, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/gcb.16836 by E

ddie K
oiki M

abo L
ibrary, W

iley O
nline L

ibrary on [22/01/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.2307/1383287
https://doi.org/10.1016/j.tree.2017.03.004
https://doi.org/10.1016/j.tree.2017.03.004
https://doi.org/10.1002/ecs2.2645
https://doi.org/10.1002/ecs2.2645
https://doi.org/10.1371/journal.pone.0059813
https://doi.org/10.1111/ele.13966
https://doi.org/10.1890/ES11-00224.1
https://doi.org/10.1890/ES11-00224.1
https://doi.org/10.1016/j.fooweb.2018.e00093
https://doi.org/10.1016/j.fooweb.2018.e00093
https://doi.org/10.1146/annurev-ecolsys-110411-160304
https://doi.org/10.1146/annurev-ecolsys-110411-160304
https://doi.org/10.3897/neobiota.67.58038
https://doi.org/10.3897/neobiota.67.58038
https://doi.org/10.1038/srep13185
https://doi.org/10.1111/j.1365-2427.2012.02858.x
https://doi.org/10.1111/ddi.13514
https://doi.org/10.1111/oik.05415
https://doi.org/10.1111/oik.05415
https://doi.org/10.1111/brv.12433
https://doi.org/10.7717/peerj.3644
https://doi.org/10.7717/peerj.3644
https://doi.org/10.3389/fevo.2019.00402
https://doi.org/10.5281/zenodo.3553579
https://doi.org/10.1111/j.0030-1299.2006.13558.x
https://doi.org/10.1111/j.0030-1299.2006.13558.x
https://doi.org/10.1111/gcb.13703
https://doi.org/10.1111/gcb.13703
https://doi.org/10.1890/14-1332.1
https://doi.org/10.1098/rspb.2015.1602
https://doi.org/10.1098/rspb.2015.1602
https://doi.org/10.1046/j.1461-0248.2003.00494.x
https://doi.org/10.1046/j.1461-0248.2003.00494.x
https://doi.org/10.1098/rspb.2009.0413
https://doi.org/10.1098/rspb.2009.0413
https://doi.org/10.1046/j.1461-0248.2002.00354.x
https://doi.org/10.1046/j.1461-0248.2002.00354.x
https://doi.org/10.1002/ecs2.3035
https://doi.org/10.1146/annurev.ecolsys.110308.120159
https://doi.org/10.1146/annurev.ecolsys.110308.120159
https://doi.org/10.1242/jeb.2.1.119
https://doi.org/10.1111/gcb.12568
https://doi.org/10.1111/gcb.15199
https://doi.org/10.1111/gcb.15199
https://doi.org/10.1146/annurev-environ-110615-085622


    |  5135DOHERTY et al.

Estes, J. A., Tinker, M. T., Williams, T. M., & Doak, D. F. (1998). Killer 
whale predation on sea otters linking oceanic and nearshore eco-
systems. Science, 282(5388), 473– 476. https://doi.org/10.1126/
scien ce.282.5388.473

Feit, B., Dempster, T., Jessop, T. S., Webb, J. K., & Letnic, M. (2020). A tro-
phic cascade initiated by an invasive vertebrate alters the structure 
of native reptile communities. Global Change Biology, 26(5), 2829– 
2840. https://doi.org/10.1111/gcb.15032

Flores, C. O., Kortsch, S., Tittensor, D., Harfoot, M., & Purves, D. (2019). 
Food webs: Insights from a general ecosystem model. bioRχiv, 
588665. https://doi.org/10.1101/588665

Freeman, B. G., Scholer, M. N., Ruiz- Gutierrez, V., & Fitzpatrick, J. W. 
(2018). Climate change causes upslope shifts and mountaintop ex-
tirpations in a tropical bird community. Proceedings of the National 
Academy of Sciences of the United States of America, 115(47), 11982– 
11987. https://doi.org/10.1073/pnas.18042 24115

Garcia, R. A., Cabeza, M., Rahbek, C., & Araújo, M. B. (2014). Multiple 
dimensions of climate change and their implications for biodiver-
sity. Science, 344(6183), 1247579. https://doi.org/10.1126/scien 
ce.1247579

García- Callejas, D., Molowny- Horas, R., & Araújo, M. B. (2018). Multiple 
interactions networks: Towards more realistic descriptions of the 
web of life. Oikos, 127(1), 5– 22. https://doi.org/10.1111/oik.04428

Geary, W. L., Bode, M., Doherty, T. S., Fulton, E. A., Nimmo, D. G., 
Tulloch, A. I. T., Tulloch, V. J. D., & Ritchie, E. G. (2020). A guide 
to ecosystem models and their environmental applications. Nature 
Ecology & Evolution, 4(11), 1459– 1471. https://doi.org/10.1038/
s41559-020-01298-8

Gilljam, D., Curtsdotter, A., & Ebenman, B. (2015). Adaptive rewir-
ing aggravates the effects of species loss in ecosystems. Nature 
Communications, 6(1), 8412. https://doi.org/10.1038/ncomm s9412

Golubski, A. J., Westlund, E. E., Vandermeer, J., & Pascual, M. (2016). 
Ecological networks over the edge: Hypergraph trait- mediated 
indirect interaction (TMII) structure. Trends in Ecology & Evolution, 
31(5), 344– 354. https://doi.org/10.1016/j.tree.2016.02.006

Gower, J. (1971). Coeffecients of association and similarity, based on 
binary (presence- absence) data: An evaluation. Biometrics, 27, 
857– 871.

Gravel, D., Poisot, T., Albouy, C., Velez, L., & Mouillot, D. (2013). Inferring 
food web structure from predator– prey body size relationships. 
Methods in Ecology and Evolution, 4(11), 1083– 1090. https://doi.
org/10.1111/2041-210x.12103

Harper, J. L., Begon, M., & Townsend, C. R. (1990). Ecology: Individuals, 
populations, and communities. Blackwell Scientific Publications.

Ings, T. C., Montoya, J. M., Bascompte, J., Blüthgen, N., Brown, L., 
Dormann, C. F., Edwards, F., Figueroa, D., Jacob, U., & Jones, 
J. I. (2009). Ecological networks– beyond food webs. Journal 
of Animal Ecology, 78(1), 253– 269. https://doi.org/10.1111/j. 
1365-2656.2008.01460.x

Hatfield, J. L., & Prueger, J. H. (2015). Temperature extremes: Effect on 
plant growth and development. Weather and Climate Extremes, 10, 
4– 10. https://doi.org/10.1016/j.wace.2015.08.001

Hayden, B., Harrod, C., Sonninen, E., & Kahilainen, K. K. (2015). Seasonal 
depletion of resources intensifies trophic interactions in subarctic 
freshwater fish communities. Freshwater Biology, 60(5), 1000– 1015. 
https://doi.org/10.1111/fwb.12564

Heleno, R. H., Ripple, W. J., & Traveset, A. (2020). Scientists' warning 
on endangered food webs. Web Ecology, 20(1), 1– 10. https://doi.
org/10.5194/we-20-1-2020

Herrando- Pérez, S., Brook, B. W., & Bradshaw, C. J. (2014). Ecology 
needs a convention of nomenclature. Bioscience, 64(4), 311– 321. 
https://doi.org/10.1093/biosc i/biu013

Herrando- Pérez, S., Delean, S., Brook, B. W., & Bradshaw, C. J. (2012). 
Density dependence: An ecological tower of babel. Oecologia, 
170(3), 585– 603. https://doi.org/10.1007/s00442-012-2347-3

Hickling, R., Roy, D. B., Hill, J., Fox, R., & Thomas, C. (2006). The dis-
tributions of a wide range of taxonomic groups are expand-
ing polewards. Global Change Biology, 12, 450– 455. https://doi.
org/10.1111/j.1365-2486.2006.01116.x

Hillebrand, H., Donohue, I., Harpole, W. S., Hodapp, D., Kucera, M., 
Lewandowska, A. M., Merder, J., Montoya, J. M., & Freund, J. A. 
(2020). Thresholds for ecological responses to global change do 
not emerge from empirical data. Nature Ecology & Evolution, 4(11), 
1502– 1509. https://doi.org/10.1038/s41559-020-1256-9

Holmgren, M., Hirota, M., van Nes, E. H., & Scheffer, M. (2013). Effects of 
interannual climate variability on tropical tree cover. Nature Climate 
Change, 3(8), 755– 758. https://doi.org/10.1038/nclim ate1906

Hortal, J., de Bello, F., Diniz- Filho, J. A. F., Lewinsohn, T. M., Lobo, J. 
M., & Ladle, R. J. (2015). Seven shortfalls that beset large- scale 
knowledge of biodiversity. Annual Review of Ecology, Evolution, and 
Systematics, 46, 523– 549. https://doi.org/10.1146/annur ev-ecols 
ys-112414-054400

Hughes, L. (2013). Climate change impacts on species interactions: 
Assessing the threat of cascading extinctions. In Saving a million 
species: Extinction risk from climate change (pp. 337– 359). Island 
Press Center for Resource Economics.

Hutchinson, M. C., Bramon Mora, B., Pilosof, S., Barner, A. K., Kéfi, S., 
Thébault, E., Jordano, P., & Stouffer, D. B. (2019). Seeing the for-
est for the trees: Putting multilayer networks to work for com-
munity ecology. Functional Ecology, 33(2), 206– 217. https://doi.
org/10.1111/1365-2435.13237

Ibarra- Cerdena, C. N., Valiente- Banuet, L., Sanchez- Cordero, V., 
Stephens, C. R., & Ramsey, J. M. (2017). Trypanosoma cruzi 
reservoir— Triatomine vector co- occurrence networks reveal meta- 
community effects by synanthropic mammals on geographic dis-
persal. PeerJ, 5, e3152. https://doi.org/10.7717/peerj.3152

Ings, T. C., Montoya, J. M., Bascompte, J., Blüthgen, N., Brown, L., Dormann, 
C. F., Edwards, F., Figueroa, D., Jacob, U., & Jones, J. I. (2009). 
Ecological networks– beyond food webs. Journal of Animal Ecology, 
78(1), 253– 269. https://doi.org/10.1111/j.1365-2656. 2008.01460.x

Ives, A., & Carpenter, S. (2007). Stability and diversity of ecosystems. 
Science, 317, 58– 62. https://doi.org/10.1126/scien ce.1133258

Jones, D. K., Mattes, B. M., Hintz, W. D., Schuler, M. S., Stoler, A. B., 
Lind, L. A., Cooper, R. O., & Relyea, R. A. (2017). Investigation of 
road salts and biotic stressors on freshwater wetland communities. 
Environmental Pollution, 221, 159– 167. https://doi.org/10.1016/j.
envpol.2016.11.060

Jordano, P. (2016). Sampling networks of ecological interactions. Functional 
Ecology, 30(12), 1883– 1893. https://doi.org/10.1111/1365-2435. 
12763

Kagata, H., Nakamura, M., & Ohgushi, T. (2005). Bottom- up cascade in a 
tri- trophic system: Different impacts of host- plant regeneration on 
performance of a willow leaf beetle and its natural enemy. Ecological 
Entomology, 30(1), 58– 62. https://doi.org/10.1111/j.0307-6946. 
2005.00667.x

Kéfi, S., Berlow, E. L., Wieters, E. A., Navarrete, S. A., Petchey, O. L., 
Wood, S. A., Boit, A., Joppa, L. N., Lafferty, K. D., Williams, R. J., 
Martinez, N. D., Menge, B. A., Blanchette, C. A., Iles, A. C., & Brose, 
U. (2012). More than a meal… integrating non- feeding interac-
tions into food webs. Ecology Letters, 15(4), 291– 300. https://doi.
org/10.1111/j.1461-0248.2011.01732.x

Kishi, S., & Nakazawa, T. (2013). Analysis of species coexistence co- 
mediated by resource competition and reproductive interfer-
ence. Population Ecology, 55(2), 305– 313. https://doi.org/10.1007/
s10144-013-0369-2

Kissling, W. D., Walls, R., Bowser, A., Jones, M. O., Kattge, J., Agosti, 
D., Amengual, J., Basset, A., Van Bodegom, P. M., & Cornelissen, 
J. H. (2018). Towards global data products of essential biodiversity 
variables on species traits. Nature Ecology & Evolution, 2(10), 1531– 
1540. https://doi.org/10.1038/s41559-018-0667-3

 13652486, 2023, 18, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/gcb.16836 by E

ddie K
oiki M

abo L
ibrary, W

iley O
nline L

ibrary on [22/01/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1126/science.282.5388.473
https://doi.org/10.1126/science.282.5388.473
https://doi.org/10.1111/gcb.15032
https://doi.org/10.1101/588665
https://doi.org/10.1073/pnas.1804224115
https://doi.org/10.1126/science.1247579
https://doi.org/10.1126/science.1247579
https://doi.org/10.1111/oik.04428
https://doi.org/10.1038/s41559-020-01298-8
https://doi.org/10.1038/s41559-020-01298-8
https://doi.org/10.1038/ncomms9412
https://doi.org/10.1016/j.tree.2016.02.006
https://doi.org/10.1111/2041-210x.12103
https://doi.org/10.1111/2041-210x.12103
https://doi.org/10.1111/j.1365-2656.2008.01460.x
https://doi.org/10.1111/j.1365-2656.2008.01460.x
https://doi.org/10.1016/j.wace.2015.08.001
https://doi.org/10.1111/fwb.12564
https://doi.org/10.5194/we-20-1-2020
https://doi.org/10.5194/we-20-1-2020
https://doi.org/10.1093/biosci/biu013
https://doi.org/10.1007/s00442-012-2347-3
https://doi.org/10.1111/j.1365-2486.2006.01116.x
https://doi.org/10.1111/j.1365-2486.2006.01116.x
https://doi.org/10.1038/s41559-020-1256-9
https://doi.org/10.1038/nclimate1906
https://doi.org/10.1146/annurev-ecolsys-112414-054400
https://doi.org/10.1146/annurev-ecolsys-112414-054400
https://doi.org/10.1111/1365-2435.13237
https://doi.org/10.1111/1365-2435.13237
https://doi.org/10.7717/peerj.3152
https://doi.org/10.1111/j.1365-2656.2008.01460.x
https://doi.org/10.1126/science.1133258
https://doi.org/10.1016/j.envpol.2016.11.060
https://doi.org/10.1016/j.envpol.2016.11.060
https://doi.org/10.1111/1365-2435.12763
https://doi.org/10.1111/1365-2435.12763
https://doi.org/10.1111/j.0307-6946.2005.00667.x
https://doi.org/10.1111/j.0307-6946.2005.00667.x
https://doi.org/10.1111/j.1461-0248.2011.01732.x
https://doi.org/10.1111/j.1461-0248.2011.01732.x
https://doi.org/10.1007/s10144-013-0369-2
https://doi.org/10.1007/s10144-013-0369-2
https://doi.org/10.1038/s41559-018-0667-3


5136  |    DOHERTY et al.

Koh, L. P., Dunn, R. R., Sodhi, N. S., Colwell, R. K., Proctor, H. C., & 
Smith, V. S. (2004). Species coextinctions and the biodiversity cri-
sis. Science, 305(5690), 1632– 1634. https://doi.org/10.1126/scien 
ce.1101101

Koh, L. P., Sodhi, N. S., & Brook, B. W. (2004). Co- extinctions of tropical 
butterflies and their hostplants. Biotropica, 36(2), 272– 274. https://
doi.org/10.1111/j.1744-7429.2004.tb003 19.x

Kraft, N. J., & Ackerly, D. D. (2014). Assembly of plant communities. Ecology and 
Environment, 8, 67– 88. https://doi.org/10.1007/978-1-4614- 7501-9_1

Krebs, C. J. (1985). Ecology: The experimental analysis of distribution and 
abundance (3rd ed.). Harper & Row.

Lafferty, K. D., Allesina, S., Arim, M., Briggs, C. J., De Leo, G., Dobson, A. P.,  
Dunne, J. A., Johnson, P. T. J., Kuris, A. M., Marcogliese, D. J., Martinez,  
N. D., Memmott, J., Marquet, P. A., McLaughlin, J. P., Mordecai, E. 
A., Pascual, M., Poulin, R., & Thieltges, D. W. (2008). Parasites in 
food webs: The ultimate missing links. Ecology Letters, 11(6), 533– 
546. https://doi.org/10.1111/j.1461-0248.2008.01174.x

Lafferty, K. D., DeLeo, G., Briggs, C. J., Dobson, A. P., Gross, T., & Kuris, A. 
M. (2015). A general consumer- resource population model. Science, 
349(6250), 854– 857. https://doi.org/10.1126/scien ce.aaa6224

Lamanna, C., Blonder, B., Violle, C., Kraft, N. J. B., Sandel, B., Šímová, I., 
Donoghue, J. C., Svenning, J. C., McGill, B. J., Boyle, B., Buzzard, V., 
Dolins, S., Jørgensen, P. M., Marcuse- Kubitza, A., Morueta- Holme, 
N., Peet, R. K., Piel, W. H., Regetz, J., Schildhauer, M., … Enquist, B. 
J. (2014). Functional trait space and the latitudinal diversity gradi-
ent. Proceedings of the National Academy of Sciences of the United 
States of America, 111(38), 13745– 13750. https://doi.org/10.1073/
pnas.13177 22111

Landi, P., Minoarivelo, H. O., Brännström, Å., Hui, C., & Dieckmann, U. 
(2018). Complexity and stability of ecological networks: A review 
of the theory. Population Ecology, 60(4), 319– 345. https://doi.
org/10.1007/s10144-018-0628-3

Laska, M. S., & Wootton, J. T. (1998). Theoretical concepts and empirical 
approaches to measuring interaction strength. Ecology, 79(2), 461– 
476. https://doi.org/10.1890/0012-9658(1998)079[0461:TCAEA T] 
2.0.CO;2

Lau, M. K., Borrett, S. R., Baiser, B., Gotelli, N. J., & Ellison, A. M. (2017). 
Ecological network metrics: Opportunities for synthesis. Ecosphere, 
8(8), e01900. https://doi.org/10.1002/ecs2.1900

Lavorel, S., & Garnier, E. (2002). Predicting changes in community com-
position and ecosystem functioning from plant traits: Revisiting 
the holy grail. Functional Ecology, 16(5), 545– 556. https://doi.
org/10.1046/j.1365-2435.2002.00664.x

Ledger, M., Brown, L., Edwards, F., Milner, A., & Woodward, G. (2013). 
Drought alters the structure and functioning of complex food 
webs. Nature Climate Change, 3, 223– 227. https://doi.org/10.1038/
nclim ate1684

Leitão, R. P., Zuanon, J., Villéger, S., Williams, S. E., Baraloto, C., Fortunel, 
C., Mendonça, F. P., & Mouillot, D. (2016). Rare species contribute 
disproportionately to the functional structure of species assem-
blages. Proceedings of the Biological Sciences, 283(1828), 20160084. 
https://doi.org/10.1098/rspb.2016.0084

Lemoine, N. P., Drews, W. A., Burkepile, D. E., & Parker, J. D. (2013). 
Increased temperature alters feeding behavior of a generalist herbi-
vore. Oikos, 122(12), 1669– 1678. https://doi.org/10.1111/j.1600-0706. 
2013.00457.x

Letnic, M., Koch, F., Gordon, C., Crowther, M. S., & Dickman, C. R. (2009). 
Keystone effects of an alien top- predator stem extinctions of na-
tive mammals. Proceedings of the Royal Society B: Biological Sciences, 
276(1671), 3249– 3256. https://doi.org/10.1098/rspb. 2009.0574

Lindenmayer, D. B., Fischer, J., Felton, A., Montague- Drake, R., 
Manning, A. D., Simberloff, D., Youngentob, K., Saunders, D., 
Wilson, D., Felton, A. M., Blackmore, C., Lowe, A., Bond, S., Munro, 
N., & Elliott, C. P. (2007). The complementarity of single- species 
and ecosystem- oriented research in conservation research. Oikos, 
116(7), 1220– 1226. http://www.jstor.org/stabl e/40235167

Llewelyn, J., Strona, G., McDowell, M. C., Johnson, C. N., Peters, K. 
J., Stouffer, D. B., de Visser, S. N., Saltré, F., & Bradshaw, C. J. A. 
(2022). Sahul's megafauna were vulnerable to plant- community 
changes due to their position in the trophic network. Ecography, 
2022(1), e06089. https://doi.org/10.1111/ecog.06089

Lotka, A. J. (1910). Contribution to the theory of periodic reactions. 
The Journal of Physical Chemistry, 14(3), 271– 274. https://doi.
org/10.1021/j1501 11a004

Lundgren, E. J., Ramp, D., Rowan, J., Middleton, O., Schowanek, S. D., 
Sanisidro, O., Carroll, S. P., Davis, M., Sandom, C. J., & Svenning, 
J.- C. (2020). Introduced herbivores restore Late Pleistocene eco-
logical functions. Proceedings of the National Academy of Sciences 
of the United States of America, 117(14), 7871– 7878. https://doi.
org/10.1073/pnas.19157 69117

Lundgren, E. J., Schowanek, S. D., Rowan, J., Middleton, O., Pedersen, R. 
Ø., Wallach, A. D., Ramp, D., Davis, M., Sandom, C. J., & Svenning, 
J.- C. (2021). Functional traits of the world's late quaternary large- 
bodied avian and mammalian herbivores. Scientific Data, 8(1), 1– 21. 
https://doi.org/10.1038/s41597-020-00788-5

MacArthur, R. (1970). Species packing and competitive equilibrium for 
many species. Theoretical Population Biology, 1(1), 1– 11. https://doi.
org/10.1016/0040-5809(70)90039-0

Maritz, R. A., & Maritz, B. (2020). Sharing for science: High- resolution 
trophic interactions revealed rapidly by social media. PeerJ, 8, 
e9485. https://doi.org/10.7717/peerj.9485

Masson- Delmotte, V., Zhai, P., Pirani, A., Connors, S. L., Péan, C., Berger, 
S., Caud, N., Chen, Y., Goldfarb, L., & Gomis, M. (2021). Climate 
change 2021: The physical science basis. Contribution of working group 
I to the sixth assessment report of the intergovernmental panel on cli-
mate change. Cambridge University Press.

McCann, K. (2007). Protecting biostructure. Nature, 446(7131), 29. 
https://doi.org/10.1038/446029a

McConkey, K. R., & Brockelman, W. Y. (2011). Nonredundancy in the dis-
persal network of a generalist tropical forest tree. Ecology, 92(7), 
1492– 1502. https://doi.org/10.1890/10-1255.1

McLean, M., Auber, A., Graham, N. A., Houk, P., Villéger, S., Violle, C., 
Thuiller, W., Wilson, S. K., & Mouillot, D. (2019). Trait structure and 
redundancy determine sensitivity to disturbance in marine fish 
communities. Global Change Biology, 25(10), 3424– 3437. https://
doi.org/10.1111/gcb.14662

Memmott, J., Waser, N. M., & Price, M. V. (2004). Tolerance of pollination 
networks to species extinctions. Proceedings of the Royal Society of 
London. Series B: Biological Sciences, 271(1557), 2605– 2611. https://
doi.org/10.1098/rspb.2004.2909

Moir, M. L., & Brennan, K. E. C. (2020). Incorporating coextinction in 
threat assessments and policy will rapidly improve the accuracy 
of threatened species lists. Biological Conservation, 249, 108715. 
https://doi.org/10.1016/j.biocon.2020.108715

Momal, R., Robin, S., & Ambroise, C. (2020). Tree- based infer-
ence of species interaction networks from abundance data. 
Methods in Ecology and Evolution, 11(5), 621– 632. https://doi.
org/10.1111/2041-210X.13380

Morales- Castilla, I., Matias, M. G., Gravel, D., & Araújo, M. B. (2015). 
Inferring biotic interactions from proxies. Trends in Ecology & Evolution, 
30(6), 347– 356. https://doi.org/10.1016/j.tree.2015.03.014

Morris, S. D., Brook, B. W., Moseby, K. E., & Johnson, C. N. (2021). Factors 
affecting success of conservation translocations of terrestrial verte-
brates: A global systematic review. Global Ecology and Conservation, 
28, e01630. https://doi.org/10.1016/j.gecco.2021.e01630

Murphy, K. P. (2012). Machine learning: A probabilistic perspective. MIT Press.
Newbold, T. (2018). Future effects of climate and land- use change on 

terrestrial vertebrate community diversity under different scenar-
ios. Proceedings of the Royal Society B: Biological Sciences, 285(1881), 
20180792. https://doi.org/10.1098/rspb.2018.0792

Nonaka, E., & Kuparinen, A. (2021). A modified niche model for gener-
ating food webs with stage- structured consumers: The stabilizing 

 13652486, 2023, 18, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/gcb.16836 by E

ddie K
oiki M

abo L
ibrary, W

iley O
nline L

ibrary on [22/01/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1126/science.1101101
https://doi.org/10.1126/science.1101101
https://doi.org/10.1111/j.1744-7429.2004.tb00319.x
https://doi.org/10.1111/j.1744-7429.2004.tb00319.x
https://doi.org/10.1007/978-1-4614-7501-9_1
https://doi.org/10.1111/j.1461-0248.2008.01174.x
https://doi.org/10.1126/science.aaa6224
https://doi.org/10.1073/pnas.1317722111
https://doi.org/10.1073/pnas.1317722111
https://doi.org/10.1007/s10144-018-0628-3
https://doi.org/10.1007/s10144-018-0628-3
https://doi.org/10.1890/0012-9658(1998)079%5B0461:TCAEAT%5D2.0.CO;2
https://doi.org/10.1890/0012-9658(1998)079%5B0461:TCAEAT%5D2.0.CO;2
https://doi.org/10.1002/ecs2.1900
https://doi.org/10.1046/j.1365-2435.2002.00664.x
https://doi.org/10.1046/j.1365-2435.2002.00664.x
https://doi.org/10.1038/nclimate1684
https://doi.org/10.1038/nclimate1684
https://doi.org/10.1098/rspb.2016.0084
https://doi.org/10.1111/j.1600-0706.2013.00457.x
https://doi.org/10.1111/j.1600-0706.2013.00457.x
https://doi.org/10.1098/rspb.2009.0574
http://www.jstor.org/stable/40235167
https://doi.org/10.1111/ecog.06089
https://doi.org/10.1021/j150111a004
https://doi.org/10.1021/j150111a004
https://doi.org/10.1073/pnas.1915769117
https://doi.org/10.1073/pnas.1915769117
https://doi.org/10.1038/s41597-020-00788-5
https://doi.org/10.1016/0040-5809(70)90039-0
https://doi.org/10.1016/0040-5809(70)90039-0
https://doi.org/10.7717/peerj.9485
https://doi.org/10.1038/446029a
https://doi.org/10.1890/10-1255.1
https://doi.org/10.1111/gcb.14662
https://doi.org/10.1111/gcb.14662
https://doi.org/10.1098/rspb.2004.2909
https://doi.org/10.1098/rspb.2004.2909
https://doi.org/10.1016/j.biocon.2020.108715
https://doi.org/10.1111/2041-210X.13380
https://doi.org/10.1111/2041-210X.13380
https://doi.org/10.1016/j.tree.2015.03.014
https://doi.org/10.1016/j.gecco.2021.e01630
https://doi.org/10.1098/rspb.2018.0792


    |  5137DOHERTY et al.

effects of life- history stages on complex food webs. Ecology and 
Evolution, 11(9), 4101– 4125. https://doi.org/10.1002/ece3.7309

Parker, V. T. (2004). The community of an individual: Implications 
for the community concept. Oikos, 104(1), 27– 34. https://doi.
org/10.1111/j.0030-1299.2004.12080.x

Passoni, G., Coulson, T., Cagnacci, F., Hudson, P., Stahler, D. R., Smith, 
D. W., & Lachish, S. (2022). Investigating tri- trophic interactions 
using bio- energetic demographic models. bioRχiv, 2022.2004. 
2007.487507. https://doi.org/10.1101/2022.04.07.487507

Pearse, I. S., & Altermatt, F. (2013). Extinction cascades partially esti-
mate herbivore losses in a complete Lepidoptera– plant food web. 
Ecology, 94(8), 1785– 1794. https://doi.org/10.1890/12-1075.1

Pecl, G. T., Araújo, M. B., Bell, J. D., Blanchard, J., Bonebrake, T. C., Chen, 
I.-C., Clark, T. D., Colwell, R. K., Danielsen, F., & E Williams, S. E. 
(2017). Biodiversity redistribution under climate change: Impacts 
on ecosystems and human well- being. Science, 355(6332), eaai9214. 
https://doi.org/10.1126/scien ce.aai9214

Pichler, M., Boreux, V., Klein, A.- M., Schleuning, M., & Hartig, F. (2020). 
Machine learning algorithms to infer trait- matching and predict 
species interactions in ecological networks. Methods in Ecology and 
Evolution, 11(2), 281– 293. https://doi.org/10.1111/ 2041-210x.13329

Pilosof, S., Porter, M. A., Pascual, M., & Kéfi, S. (2017). The multilayer na-
ture of ecological networks. Nature Ecology & Evolution, 1(4), 0101. 
https://doi.org/10.1038/s41559-017-0101

Pimiento, C., Leprieur, F., Silvestro, D., Lefcheck, J., Albouy, C., Rasher, D., 
Davis, M., Svenning, J. C., & Griffin, J. (2020). Functional diversity 
of marine megafauna in the Anthropocene. Science Advances, 6(16), 
eaay7650. https://doi.org/10.1126/sciadv.aay7650

Pocock, M. J. O., Evans, D. M., & Memmott, J. (2012). The robustness and 
restoration of a network of ecological networks. Science, 335(6071), 
973– 977. https://doi.org/10.1126/scien ce.1214915

Pocock, M. J. O., Schmucki, R., & Bohan, D. A. (2021). Inferring species 
interactions from ecological survey data: A mechanistic approach 
to predict quantitative food webs of seed feeding by carabid 
beetles. Ecology and Evolution, 11(18), 12858– 12871. https://doi.
org/10.1002/ece3.8032

Poelen, J. H., Simons, J. D., & Mungall, C. J. (2014). Global biotic in-
teractions: An open infrastructure to share and analyze species- 
interaction datasets. Ecological Informatics, 24, 148– 159. https://
doi.org/10.1016/j.ecoinf.2014.08.005

Poisot, T. (2023). Guidelines for the prediction of species interactions 
through binary classification. Methods in Ecology and Evolution, 14, 
1333– 1345. https://doi.org/10.1111/2041-210X.14071

Poisot, T., Stouffer, D. B., & Kéfi, S. (2016). Describe, understand and 
predict: Why do we need networks in ecology? Functional Ecology, 
30(12), 1878– 1882. https://doi.org/10.1111/1365-2435.12799

Pomeranz, J. P. F., Thompson, R. M., Poisot, T., & Harding, J. S. 
(2019). Inferring predator– prey interactions in food webs. 
Methods in Ecology and Evolution, 10(3), 356– 367. https://doi.
org/10.1111/2041-210X.13125

Pringle, R. M., & Hutchinson, M. C. (2020). Resolving food- web struc-
ture. Annual Review of Ecology, Evolution, and Systematics, 51(1), 55– 
80. https://doi.org/10.1146/annur ev-ecols ys-110218-024908

Pringle, R. M., Kartzinel, T. R., Palmer, T. M., Thurman, T. J., Fox- Dobbs, 
K., Xu, C. C., Hutchinson, M. C., Coverdale, T. C., Daskin, J. H., & 
Evangelista, D. A. (2019). Predator- induced collapse of niche struc-
ture and species coexistence. Nature, 570(7759), 58– 64. https://
doi.org/10.1038/s41586-019-1264-6

Rickbeil, G. J., Merkle, J. A., Anderson, G., Atwood, M. P., Beckmann, 
J. P., Cole, E. K., Courtemanch, A. B., Dewey, S., Gustine, D. D., & 
Kauffman, M. J. (2019). Plasticity in elk migration timing is a re-
sponse to changing environmental conditions. Global Change 
Biology, 25(7), 2368– 2381. https://doi.org/10.1111/gcb.14629

Ripple, W. J., & Beschta, R. L. (2012). Trophic cascades in Yellowstone: 
The first 15 years after wolf reintroduction. Biological Conservation, 
145(1), 205– 213. https://doi.org/10.1016/j.biocon.2011.11.005

Ripple, W. J., Estes, J. A., Schmitz, O. J., Constant, V., Kaylor, M. J., Lenz, 
A., Motley, J. L., Self, K. E., Taylor, D. S., & Wolf, C. (2016). What is 
a trophic cascade? Trends in Ecology & Evolution, 31(11), 842– 849. 
https://doi.org/10.1016/j.tree.2016.08.010

Roscher, C., Schumacher, J., Gubsch, M., Lipowsky, A., Weigelt, A., 
Buchmann, N., Schmid, B., & Schulze, E.-D. (2012). Using plant func-
tional traits to explain diversity– productivity relationships. PLoS 
One, 7(5), e36760. https://doi.org/10.1371/journ al.pone.0036760

Rosenzweig, M. L., & MacArthur, R. H. (1963). Graphical representation 
and stability conditions of predator- prey interactions. The American 
Naturalist, 97(895), 209– 223. https://doi.org/10.1086/282272

Sanders, D., Thébault, E., Kehoe, R., & Frank van Veen, F. (2018). Trophic 
redundancy reduces vulnerability to extinction cascades. Proceedings 
of the National Academy of Sciences of the United States of America, 
115(10), 2419– 2424. https://doi.org/10.1073/pnas.17168 25115

Säterberg, T., Sellman, S., & Ebenman, B. (2013). High frequency of func-
tional extinctions in ecological networks. Nature, 499(7459), 468– 
470. https://doi.org/10.1038/natur e12277

Scherber, C., Eisenhauer, N., Weisser, W. W., Schmid, B., Voigt, W., 
Fischer, M., Schulze, E. D., Roscher, C., Weigelt, A., & Allan, E. 
(2010). Bottom- up effects of plant diversity on multitrophic inter-
actions in a biodiversity experiment. Nature, 468(7323), 553– 556. 
https://doi.org/10.1038/natur e09492

Schuwirth, N., Borgwardt, F., Domisch, S., Friedrichs, M., Kattwinkel, 
M., Kneis, D., Kuemmerlen, M., Langhans, S. D., Martínez- López, 
J., & Vermeiren, P. (2019). How to make ecological models useful 
for environmental management. Ecological Modelling, 411, 108784. 
https://doi.org/10.1016/j.ecolm odel.2019.108784

Seddon, A. W. R., Macias- Fauria, M., Long, P. R., Benz, D., & Willis, K. J. 
(2016). Sensitivity of global terrestrial ecosystems to climate vari-
ability. Nature, 531(7593), 229– 232. https://doi.org/10.1038/natur 
e16986

Shaheen, H., Ullah, Z., Khan, S. M., & Harper, D. M. (2012). Species com-
position and community structure of western Himalayan moist 
temperate forests in Kashmir. Forest Ecology and Management, 278, 
138– 145. https://doi.org/10.1016/j.foreco.2012.05.009

Shukla, P. R., Skeg, J., Buendia, E. C., Masson- Delmotte, V., Pörtner, H.- O., 
Roberts, D., Zhai, P., Slade, R., Connors, S., & van Diemen, S. (2019). 
Climate change and land: An IPCC special report on climate change, 
desertification, land degradation, sustainable land management, food 
security, and greenhouse gas fluxes in terrestrial ecosystems. IPCC. 
https://www.ipcc.ch/site/asset s/uploa ds/sites/ 4/2020/02/SPM_
Updat ed-Jan20.pdf

Sinclair, S. J., White, M. D., & Newell, G. R. (2010). How useful are spe-
cies distribution models for managing biodiversity under future 
climates? Ecology and Society, 15(1), 8. https://www.jstor.org/stabl 
e/26268111

Smith, A. D. M., Brown, C. J., Bulman, C. M., Fulton, E. A., Johnson, 
P., Kaplan, I. C., Lozano- Montes, H., Mackinson, S., Marzloff, M., 
Shannon, L. J., Shin, Y. J., & Tam, J. (2011). Impacts of fishing low– 
trophic level species on marine ecosystems. Science, 333(6046), 
1147– 1150. http://www.jstor.org/stabl e/27978542

Smith, M. A., Rodriguez, J. J., Whitfield, J. B., Deans, A. R., Janzen, D. H., 
Hallwachs, W., & Hebert, P. D. (2008). Extreme diversity of trop-
ical parasitoid wasps exposed by iterative integration of natural 
history, DNA barcoding, morphology, and collections. Proceedings 
of the National Academy of Sciences of the United States of America, 
105(34), 12359– 12364. https://doi.org/10.1073/pnas. 08053 19105

Spencer, E. E., Barton, P. S., Ripple, W. J., & Newsome, T. M. (2020). 
Invasive European wasps alter scavenging dynamics around carrion. 
Food Webs, 24, e00144. https://doi.org/10.1016/j.fooweb.2020.
e00144

Stella, M., Andreazzi, C. S., Selakovic, S., Goudarzi, A., & Antonioni, A. 
(2016). Parasite spreading in spatial ecological multiplex net-
works. Journal of Complex Networks, 5(3), 486– 511. https://doi.
org/10.1093/comne t/cnw028

 13652486, 2023, 18, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/gcb.16836 by E

ddie K
oiki M

abo L
ibrary, W

iley O
nline L

ibrary on [22/01/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1002/ece3.7309
https://doi.org/10.1111/j.0030-1299.2004.12080.x
https://doi.org/10.1111/j.0030-1299.2004.12080.x
https://doi.org/10.1101/2022.04.07.487507
https://doi.org/10.1890/12-1075.1
https://doi.org/10.1126/science.aai9214
https://doi.org/10.1111/2041-210x.13329
https://doi.org/10.1038/s41559-017-0101
https://doi.org/10.1126/sciadv.aay7650
https://doi.org/10.1126/science.1214915
https://doi.org/10.1002/ece3.8032
https://doi.org/10.1002/ece3.8032
https://doi.org/10.1016/j.ecoinf.2014.08.005
https://doi.org/10.1016/j.ecoinf.2014.08.005
https://doi.org/10.1111/2041-210X.14071
https://doi.org/10.1111/1365-2435.12799
https://doi.org/10.1111/2041-210X.13125
https://doi.org/10.1111/2041-210X.13125
https://doi.org/10.1146/annurev-ecolsys-110218-024908
https://doi.org/10.1038/s41586-019-1264-6
https://doi.org/10.1038/s41586-019-1264-6
https://doi.org/10.1111/gcb.14629
https://doi.org/10.1016/j.biocon.2011.11.005
https://doi.org/10.1016/j.tree.2016.08.010
https://doi.org/10.1371/journal.pone.0036760
https://doi.org/10.1086/282272
https://doi.org/10.1073/pnas.1716825115
https://doi.org/10.1038/nature12277
https://doi.org/10.1038/nature09492
https://doi.org/10.1016/j.ecolmodel.2019.108784
https://doi.org/10.1038/nature16986
https://doi.org/10.1038/nature16986
https://doi.org/10.1016/j.foreco.2012.05.009
https://www.ipcc.ch/site/assets/uploads/sites/4/2020/02/SPM_Updated-Jan20.pdf
https://www.ipcc.ch/site/assets/uploads/sites/4/2020/02/SPM_Updated-Jan20.pdf
https://www.jstor.org/stable/26268111
https://www.jstor.org/stable/26268111
http://www.jstor.org/stable/27978542
https://doi.org/10.1073/pnas.0805319105
https://doi.org/10.1016/j.fooweb.2020.e00144
https://doi.org/10.1016/j.fooweb.2020.e00144
https://doi.org/10.1093/comnet/cnw028
https://doi.org/10.1093/comnet/cnw028


5138  |    DOHERTY et al.

Strona, G. (2022). Integrating interaction types. In Hidden pathways to 
extinction (pp. 57– 73). Springer.

Strona, G., & Bradshaw, C. J. A. (2018). Co- extinctions annihilate plane-
tary life during extreme environmental change. Scientific Reports, 
8(1), 16724. https://doi.org/10.1038/s41598-018-35068-1

Strona, G., & Bradshaw, C. J. A. (2022). Coextinctions dominate fu-
ture vertebrate losses from climate and land use change. Science 
Advances, 8(50), eabn4345. https://doi.org/10.1126/sciadv.abn 
4345

Strona, G., & Veech, J. A. (2017). Forbidden versus permitted interac-
tions: Disentangling processes from patterns in ecological net-
work analysis. Ecology and Evolution, 7(14), 5476– 5481. https://doi.
org/10.1002/ece3.3102

Stroud, J. T., Bush, M. R., Ladd, M. C., Nowicki, R. J., Shantz, A. A., & 
Sweatman, J. (2015). Is a community still a community? Reviewing 
definitions of key terms in community ecology. Ecology and 
Evolution, 5(21), 4757– 4765. https://doi.org/10.1002/ece3.1651

Struck, T. H., Feder, J. L., Bendiksby, M., Birkeland, S., Cerca, J., Gusarov, 
V. I., Kistenich, S., Larsson, K. H., Liow, L. H., Nowak, M. D., Stedje, 
B., Bachmann, L., & Dimitrov, D. (2018). Finding evolutionary pro-
cesses hidden in cryptic species. Trends in Ecology & Evolution, 33(3), 
153– 163. https://doi.org/10.1016/j.tree.2017.11.007

Sugden, A. M. (2003). Meltdown in an Island forest. Science, 302(5642), 
21.

Susanne, K., Raul, P., Maria, F., Andrey, V. D., & Michaela, A. (2015). 
Climate change alters the structure of arctic marine food webs 
due to poleward shifts of boreal generalists. Proceedings of the 
Royal Society B: Biological Sciences, 282(1814), 1– 9. https://doi.
org/10.1098/rspb.2015.1546

Suttle, K. B., Thomsen, M. A., & Power, M. E. (2007). Species interac-
tions reverse grassland responses to changing climate. Science, 
315(5812), 640– 642. https://facul tyopi nions.com/1066813

Szava- Kovats, R. C., Ronk, A., & Pärtel, M. (2013). Pattern without bias: 
Local– regional richness relationship revisited. Ecology, 94(9), 1986– 
1992. https://doi.org/10.1890/13-0244.1

Thomas, C. D., Cameron, A., Green, R. E., Bakkenes, M., Beaumont, L. J., 
Collingham, Y. C., Erasmus, B. F. N., de Siqueira, M. F., Grainger, A., 
Hannah, L., Hughes, L., Huntley, B., van Jaarsveld, A. S., Midgley, G. 
F., Miles, L., Ortega- Huerta, M. A., Townsend Peterson, A., Phillips, 
O. L., & Williams, S. E. (2004). Extinction risk from climate change. 
Nature, 427(6970), 145– 148. https://doi.org/10.1038/natur e02121

Thompson, P. L., MacLennan, M. M., & Vinebrooke, R. D. (2018). Species 
interactions cause non- additive effects of multiple environmental 
stressors on communities. Ecosphere, 9(11), e02518. https://doi.
org/10.1002/ecs2.2518

Traveset, A., Tur, C., & Eguíluz, V. M. (2017). Plant survival and keystone 
pollinator species in stochastic coextinction models: Role of intrin-
sic dependence on animal- pollination. Scientific Reports, 7(1), 6915. 
https://doi.org/10.1038/s41598-017-07037-7

Tylianakis, J. M., Didham, R. K., Bascompte, J., & Wardle, D. A. 
(2008). Global change and species interactions in terrestrial 
ecosystems. Ecology Letters, 11(12), 1351– 1363. https://doi.
org/10.1111/j.1461-0248.2008.01250.x

Urban, M. C. (2015). Accelerating extinction risk from climate change. 
Science, 348(6234), 571– 573. https://doi.org/10.1126/scien 
ce.aaa4984

Valiente- Banuet, A., & Verdú, M. (2013). Human impacts on multiple 
ecological networks act synergistically to drive ecosystem collapse. 
Frontiers in Ecology and the Environment, 11(8), 408– 413. https://
doi.org/10.1890/130002

Vázquez, D. P., Ramos- Jiliberto, R., Urbani, P., & Valdovinos, F. S. (2015). 
A conceptual framework for studying the strength of plant– animal 

mutualistic interactions. Ecology Letters, 18(4), 385– 400. https://
doi.org/10.1111/ele.12411

Vieira, M. C., & Almeida- Neto, M. (2015). A simple stochastic model for 
complex coextinctions in mutualistic networks: Robustness de-
creases with connectance. Ecology Letters, 18(2), 144– 152. https://
doi.org/10.1111/ele.12394

Wallach, A. D., Dekker, A. H., Lurgi, M., Montoya, J. M., Fordham, 
D. A., & Ritchie, E. G. (2017). Trophic cascades in 3D: Network 
analysis reveals how apex predators structure ecosystems. 
Methods in Ecology and Evolution, 8(1), 135– 142. https://doi.
org/10.1111/2041-210X.12663

Wallingford, P. D., Morelli, T. L., Allen, J. M., Beaury, E. M., Blumenthal, 
D. M., Bradley, B. A., Dukes, J. S., Early, R., Fusco, E. J., Goldberg, 
D. E., Ibáñez, I., Laginhas, B. B., Vilà, M., & Sorte, C. J. B. (2020). 
Adjusting the lens of invasion biology to focus on the impacts of 
climate- driven range shifts. Nature Climate Change, 10, 398– 405. 
https://doi.org/10.1038/s41558-020-0768-2

Warren, P., & Lawton, J. (1987). Invertebrate predator- prey body size re-
lationships: An explanation for upper triangular food webs and pat-
terns in food web structure? Oecologia, 74, 231– 235. https://www.
jstor.org/stabl e/4218459

Williams, J. W., Jackson, S. T., & Kutzbach, J. E. (2007). Projected distri-
butions of novel and disappearing climates by 2100 AD. Proceedings 
of the National Academy of Sciences of the United States of America, 
104(14), 5738– 5742. https://doi.org/10.1073/pnas.06062 92104

Wilmers, C. C. (2007). Understanding ecosystem robustness. Trends in 
Ecology & Evolution, 22(10), 504– 506. https://doi.org/10.1016/j.
tree.2007.08.008

Wolanski, E., & McLusky, D. S. (2011). Treatise on estuarine and coastal 
science (Vol. 3). Academic Press.

Woodward, G., Brown, L. E., Edwards, F. K., Hudson, L. N., Milner, A. 
M., Reuman, D. C., & Ledger, M. E. (2012). Climate change im-
pacts in multispecies systems: Drought alters food web size struc-
ture in a field experiment. Philosophical Transactions of the Royal 
Society, B: Biological Sciences, 367(1605), 2990– 2997. https://doi.
org/10.1098/rstb.2012.0245

Wootton, J. T., & Emmerson, M. (2005). Measurement of interaction strength 
in nature. Annual Review of Ecology, Evolution, and Systematics, 36,  
419– 444. https://doi.org/10.1146/annur ev.ecols ys.36.091704.175535

Xie, B., Bishop, S., Stessman, D., Wright, D., Spalding, M. H., & Halverson, 
L. J. (2013). Chlamydomonas reinhardtii thermal tolerance en-
hancement mediated by a mutualistic interaction with vitamin B12- 
producing bacteria. The ISME Journal, 7(8), 1544– 1555. https://doi.
org/10.1038/ismej.2013.43

Yackulic, C. B., Korman, J., Yard, M. D., & Dzul, M. (2018). Inferring spe-
cies interactions through joint mark– recapture analysis. Ecology, 
99(4), 812– 821. https://doi.org/10.1002/ecy.2166

Yousef, F. B., Yousef, A., & Maji, C. (2021). Effects of fear in a fractional- 
order predator- prey system with predator density- dependent 
prey mortality. Chaos, Solitons & Fractals, 145, 110711. https://doi.
org/10.1016/j.chaos.2021.110711

How to cite this article: Doherty, S., Saltré, F., Llewelyn, J., 
Strona, G., Williams, S. E., & Bradshaw, C. J. A. (2023). 
Estimating co- extinction threats in terrestrial ecosystems. 
Global Change Biology, 29, 5122–5138. https://doi.
org/10.1111/gcb.16836

 13652486, 2023, 18, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/gcb.16836 by E

ddie K
oiki M

abo L
ibrary, W

iley O
nline L

ibrary on [22/01/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1038/s41598-018-35068-1
https://doi.org/10.1126/sciadv.abn4345
https://doi.org/10.1126/sciadv.abn4345
https://doi.org/10.1002/ece3.3102
https://doi.org/10.1002/ece3.3102
https://doi.org/10.1002/ece3.1651
https://doi.org/10.1016/j.tree.2017.11.007
https://doi.org/10.1098/rspb.2015.1546
https://doi.org/10.1098/rspb.2015.1546
https://facultyopinions.com/1066813
https://doi.org/10.1890/13-0244.1
https://doi.org/10.1038/nature02121
https://doi.org/10.1002/ecs2.2518
https://doi.org/10.1002/ecs2.2518
https://doi.org/10.1038/s41598-017-07037-7
https://doi.org/10.1111/j.1461-0248.2008.01250.x
https://doi.org/10.1111/j.1461-0248.2008.01250.x
https://doi.org/10.1126/science.aaa4984
https://doi.org/10.1126/science.aaa4984
https://doi.org/10.1890/130002
https://doi.org/10.1890/130002
https://doi.org/10.1111/ele.12411
https://doi.org/10.1111/ele.12411
https://doi.org/10.1111/ele.12394
https://doi.org/10.1111/ele.12394
https://doi.org/10.1111/2041-210X.12663
https://doi.org/10.1111/2041-210X.12663
https://doi.org/10.1038/s41558-020-0768-2
https://www.jstor.org/stable/4218459
https://www.jstor.org/stable/4218459
https://doi.org/10.1073/pnas.0606292104
https://doi.org/10.1016/j.tree.2007.08.008
https://doi.org/10.1016/j.tree.2007.08.008
https://doi.org/10.1098/rstb.2012.0245
https://doi.org/10.1098/rstb.2012.0245
https://doi.org/10.1146/annurev.ecolsys.36.091704.175535
https://doi.org/10.1038/ismej.2013.43
https://doi.org/10.1038/ismej.2013.43
https://doi.org/10.1002/ecy.2166
https://doi.org/10.1016/j.chaos.2021.110711
https://doi.org/10.1016/j.chaos.2021.110711
https://doi.org/10.1111/gcb.16836
https://doi.org/10.1111/gcb.16836

	Estimating co-extinction threats in terrestrial ecosystems
	Abstract
	1|INTRODUCTION
	2|CHALLENGES IN MEASURING SPECIES INTERACTIONS AND COMMUNITY RESPONSES TO ENVIRONMENTAL CHANGE
	3|INCOMPLETE FOOD WEBS
	4|INFERRING BIOTIC INTERACTIONS
	5|MODELLING SPECIES INTERACTIONS AND COMMUNITY CHANGE
	6|SIMULATING TROPHIC CASCADES IN ECOLOGICAL NETWORKS
	7|IMPLICATIONS FOR MANAGEMENT AND CONSERVATION
	8|CONCLUSIONS
	9|OUTSTANDING QUESTIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT

	REFERENCES


