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Abstract

Ecological communities face a variety of environmental and anthropogenic stressors acting
simultaneously. Stressor impacts can combine additively, or can interact, causing synergistic or
antagonistic effects. Our knowledge of when and how interactions arise is limited, as most models and
experiments only consider the effect of a small number of non-interacting stressors at one or few scales
of ecological organisation. This is concerning because it could lead to significant under- or
overestimations of threats to biodiversity. Furthermore, stressors have been largely classified by their
source, rather than by the mechanisms and ecological scales at which they act (the target). Here we
argue, first, that a more nuanced classification of stressors by target and ecological scale can generate
valuable new insights and hypotheses about stressor interactions. Second, that the predictability of
multiple stressor effects, and consistent patterns in their impacts, can be evaluated by examining the
distribution of stressor effects across targets and ecological scales. Third, that a variety of existing
mechanistic and statistical modelling tools can play an important role in our framework and advance

multiple stressor research.
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Introduction

Habitat loss and degradation; pollution; temperature changes and harvesting are some of the biggest
stressors impacting ecosystems around the world*. This list of stressors has become standard throughout
ecology and conservation, from undergraduate teaching to international policy documents, and broadly
groups ecosystem threats by where stressors come from — by their source. This is stated explicitly by
current programmes for classifying the effects of different stressors, like the Living Planet Index and
the IUCN Threats Classification Scheme, which define threats as “synonymous with sources of stress
and proximate pressures” 23, Such ‘source-based’ classifications of stressors are certainly necessary for
understanding the economic space in which mitigation can be applied and policy developed. They are
effective, for example, at offering descriptions of how frequently taxa are being impacted by a source
of stress which, in turn, can help make it clear where management actions should be targeted. However,
they provide little insight into the mechanisms and ecological scales through which stressors act, which,
in turn, hinders our ability to identify commonalities in how stressors re-shape ecological communities.
Thus, source-based schemes alone, while valuable, may be insufficient to manage and mitigate threats
to biodiversity and ecosystem function. Consider the example of pollution and temperature change.
These stressors are generally regarded as separate under a source-based classification. However, when
considering the mechanisms via which they operate, pollution and temperature might be grouped
together as stressors that act primarily by altering the metabolism and physiology of individuals. Such
a grouping makes it easier to understand how and why these stressors might interact, leading to more

accurate estimates of the prevalence, magnitude and direction of their combined effects.

Improving our understanding of potential interactions between stressors is critical because stressors
often co-occur in time and space, resulting in more- or less-than additive effects (synergistic or
antagonistic interactions respectively) #*°. These interactions can occur as interaction chains, where one
stressor increases the level of a second stressor, but the per capita impact of the second stressor does
not change (such as habitat loss increasing introduced species abundance). Alternatively, they can occur

as interaction modifications, where the per capita impact of a stressor changes with the level of a second
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stressor (such as habitat loss changing the per capita interaction strength between native and introduced
species)'. Without quantification of stressor interactions, we risk significantly over- or underestimating
threats to biodiversity. Despite their importance, current understanding of stressor interactions is
limited, with studies generally only considering one or two stressors at a time, often ignoring interactive
effects, and considering only one scale of ecological organisation ***°. Measuring the magnitude and
distribution of multiple stressor effects across ecological scales thus remains a persistent challenge and
a necessary objective. Ideally, we need a way to understand how accurately impacts of many different
stressors can be forecasted (predictability) and the extent to which there are consistent patterns in

stressor impacts in and among ecological scales (consistency).

Here we argue for classifying stressors by the ecological scales at which they have their impacts, rather
than by their source. We use this mechanistic classification of stressors to advocate focusing on the
distribution of additive versus interactive stressor effects across different scales of ecological
organisation (from the physiology of individuals, to populations, communities and whole ecosystems).
We argue that thinking about this distribution is a common ground for theorists and empiricists alike,
and can be used to quantify the predictability and consistency of multiple stressor effects. Given the
difficulty of large-scale experimentation with multiple stressors, we outline a set of criteria we believe
the next generation of ecological models must satisfy to generate informative predictions for improving
knowledge of the impacts of multiple, interacting stressors. Finally, we review several approaches to
building such model frameworks, alongside statistical approaches for analysing their outputs and related

empirical data.

The ecological scales of environmental change

In nature, there are many different scales at which stressors generate impacts: metabolism/physiology,
individuals, populations, communities and ecosystems (Figure 1). At each of these scales, there are a
number of targets in which we can detect the effects of stressors. Encompassed by a wide range of
ecological theory, these targets include processes regulated by enzymes and metabolic rates at the

physiological scale; the life history traits of individuals; the abundance or biomass of a population; or
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the diversity or structure of a community (Figure 1). Targets are thus both the ‘access points’ through
which stressors enter ecological systems, and the response variables used to quantify the additive or

interactive impacts of stressors.

This idea of defining properties of organisms and scales as the targets of a stressor is most well

developed in ecotoxicology by the ‘mode of action’ concept &7

and the source-pressure-pathway-
receptor models in cumulative risk assessment *8, To a lesser extent, the idea has also been discussed in
ecology, with Schéfer and Piggot recognising three stressor modes of action®®, Orr et al. suggesting that
the similarity of stressor modes of action could generate insight into stressor interactions’, and Boyd
and Brown recognising the different scales at which stressor interactions can occur®. Other works have

also laid an important foundation for the mode of action approach?%, though these tend to be system-

or scale-specific.

There have also been modelling approaches that have provided frameworks to integrate stressors on the
scales of individuals, populations or communities. Such approaches often span ecological scales (e.g.
individual, population, ecosystem function), but typically do not represent diverse networks of
interacting species and predict and evaluate only a limited set of endpoints (targets). As such, they do
not provide the opportunity to assess predictability and consistency. For example, de Laender et al.*
provides a model centred on a single trait (resource uptake), focused on competitive interactions and
derived from core theory in plant ecology and productivity-diversity and diversity-stability research.
While the study uses a multi-species and multi-stressor model, it is essentially focused on a single
trophic level and a narrow set of traits. Goussen et al.? offer another approach that combines Dynamic
Energy Budget (DEB) theory with an Individual Based Model. The study allows several traits defined

in the DEB to respond to stressors, but focuses on single species. Finally, Liess et al.?

propose a model
focused on a single population level trait (mortality) and propose an additive null model of stressor
effects on a concentration-response relationship. While this is a useful approach to dealing with

toxicants, it is not generalised across multiple traits, stressors and scales.
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These previous works are highly valuable and lay the foundation from which we argue that only by
focusing on targets can we move towards reliably estimating the magnitude and direction of multiple
stressor effects at multiple ecological scales. We thus argue for a multi-trait, multi-species, multi-scale
approach to detecting interactions and evaluating predictability and consistency. By grounding this in
a food web framework we also intrinsically incorporate multiple trophic levels in a community, rather
than just one. Such an approach is distinguished from the taxa-, scale- and system- specific attempts
above by facilitating generalisation and an evaluation of consistency across systems, stressors and

scales.

Visualising the framework

The leftmost column of Figure 1 shows a traditional source-based classification of stressors from the
Living Planet Index, where habitat loss and degradation, invasive species, overexploitation, climate
change and pollution are treated as separate stressors. Assigning these sources of stress to the ecological
scales and targets at which they act reveals several patterns central to understanding the predictability

and consistency of multiple simultaneous threats (Figure 1).

The first pattern to recognise in Figure 1 is that, because most sources of stress directly impact on many
ecological scales”, the scales and their targets reconcile how disparately defined stressors act via similar
mechanisms and on similar targets. This single change in point of view reduces the emphasis on the
identity of the stressor and accentuates the long-standing ecological principles by which they have
impact. This means that seemingly separate stressors entering at the same scale can be evaluated by the
same body of physiological or ecological theory, because the stressors are defined by their targeting of

similar properties, traits or biological mechanisms, rather than their source.

Relevant bodies of theory include energy allocation and dynamic energy budgets 32

, stress physiology
and ecotoxicology ** and temperature scaling *°, which all underpin our understanding of how sublethal
effects of contaminants and temperature alter the abundance of species; the functional response ** which

underpins our understanding of how harvesting (e.g. fishing and hunting) impacts directly on the
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biomass and abundance of species; the concepts of trait- versus density-mediated effects 32 which link
these two collections of theory; species interactions, trophic indirect effects, trophic cascades and
stability 3234 which underpin our assessment of how perturbations to the numbers of individuals in

populations permeate entire communities; productivity-diversity/stability theory 538

, Which underpins
our understanding of how enrichment of producers or whole trophic levels impacts on community
stability and diversity; disturbance theory, beta-diversity and species distribution theory, which speaks
to the temporal scale that stressors operate on (discrete versus continuous stressors events)*; and

species distributions and diversity theory*®*® which facilitates inference about processes operating on

spatial scales.

This breadth of theory is fundamental to framing inference about the magnitude, direction and
distribution of stressor interactions — the theories define the traits and rationale for when and why
interactions arise. As a specific example, consider temperature and sub-lethal concentrations of
pesticides. Both stressors ultimately target metabolic processes that mediate the allocation of resources
to growth and reproduction. At a lower mechanistic level, temperature is affecting all enzymatic
processes while toxins like pesticides are often categorised by reproductive, digestive or neurological
modes of action. However, recognising a common ecological scale and a common currency (energy
allocation®®) reveals focused bodies of theory and data on which to frame inference about when and
how interactions might arise, their magnitude, and at what scale they may arise?* %44 |n this case, we
might draw on the rich history of resource allocation theory, dynamic energy budget theory and trait-
mediated direct and indirect effects theory “¢*° to generate insights that are simply not possible when

thinking about stressors in terms of their source alone.

The second pattern to recognise in Figure 1 is that most sources of stress act via two pathways: they
generate density-mediated effects, that is via directly affecting density and abundance, and trait-
mediated effects, that is, ‘sub-lethal’ effects generating change in the abundance and distribution of
organisms via alterations of life history, behavioural traits and traits that define metabolism or

physiology. In our framework, trait-mediated effects encompass changes at the individual scale, such
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as life history and behaviour, and changes at the metabolism/physiology scale, such as enzyme
processes, metabolic rate, energe expenditure, immune system status and toxin processing. Thus, for
example, oxidate stress is treated as a trait-mediated stressor that affects physiological targets. This link
to classic ecological theory synthesises the diversity of ways stressors can exert impacts alone and in
interaction. For example, drought can have density-mediated effects via mortality on single populations
or multiple populations (the community), or act via trait-mediated effects at the individual or
physiological scale, reflecting other outcomes like impaired reproduction, dispersal or diapause. This
also highlights that the spatial and temporal scale that a stressor acts on can affect the ecological scale
and pathway where the impacts of stressors arise®. For example, a discrete extreme heat event might
have density mediated effects at the population and community scales, while continuous ongoing
warming temperatures might initially have trait-mediated impacts acting at the

metabolism/physiological scale.

Finally, the third pattern to recognise is that the effects of stressors can manifest at the scales at which

they enter an ecological system, but can also drive, via higher-order interactions®*2

, emergent effects
at other scales. For example, pesticides can impair the foraging behaviour of bumblebees at the
individual scale, which has emergent effects at higher scales by increasing the likelihood of whole-
colony failure, impaired pollination services for multiple plant species and, ultimately, the loss of
biodiversity %. While, in most cases, such emergent effects will occur at higher scales than that where
the stressor entered the system, it is also possible for emergent effects to occur at lower scales. For
example, density effects on populations have been linked to stress hormone levels in surviving
individuals with consequences for their behaviour and life history®**®. Similarly, the arrival of a
specialist invasive species, which enters at the community level by the addition of a new node in the

species interaction network, can, for example, have emergent effects on the population-scale targets of

a competitor®’.

The impact of multiple stressors can be studied and modelled in line with the conceptualisation outlined

in Figure 1: embracing the idea that stressors ‘enter’ ecological systems at different scales, generate
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responses in targets and, through ecological complexity, also generate responses at lower and higher
scales. In other words, grouping stressors by what they do, not what they are, and modelling stressors
in terms of the mechanistic targets where they act, not where they have their ultimate effect (e.g.
consider modelling climatic variation as a physiological-scale impact that has emergent effects at the
population scale, rather than as a term applied directly to a parameter in a population dynamics model®®).
This allows bodies of ecological theory aligned with scales to cut across stressor identities and provide

the platform on which to generate hypotheses about how and when stressor interactions arise.

Note that Figure 1 represents just one example of a stressor-target mapping, and that other mappings
using different stressor classifications are certainly possible. Additionally, the arrows shown in Figure
1 represent all possible a priori connections between stressors and scales: statistical analyses can
provide valuable information about the relative importance/weighting of each of these arrows and thus
a version of Figure 1 incorporating weights or effect sizes for each arrow would likely have substantially
fewer significant connections and reveal dominant scales at which stressors act. Figure 2 provides a

framework for how such effect sizes can be estimated.

Below we extend the interpretation of Figure 1 with examples of how this framework can synthesise

understanding of multiple stressor effects by ecological scale and the targets at each of these scales.

Metabolism/Physiology and Individual Scales

These two scales are sub-population scales, focusing attention on traits of individuals. At these scales,
ecological theory about trait-mediated effects frames the targets in which we detect how multiple
stressors interact and expectations about the patterns of these effects. These scales are vital
components of a framework for assessing the magnitude and distribution of interactions among
stressors because the strength of these sub-lethal effects is well known to be equal to, or stronger than,

density-mediated effects in numerous communities*®°.

The metabolism/physiology and individual scales also generate a substantial coalescence among

stressors in disparate source categories (Figure 1). For example, theory about thermal performance
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suggests that temperature change as a stressor makes its effects via altering metabolism 2%, This
focus on metabolism and physiology also encompasses, for example, how sub-lethal concentrations of
contaminants can alter physiological processes (e.g. neurological, reproductive and digestive modes of
action sensu ecotoxicological mode of action;®). Responses to these types of stress at these two scales
can generate emergent responses at the higher ecological scales of individual %, population %, and

69-72 73-77

community . For example, temperature or sub-lethal concentrations of pesticides have

consequences on species’ population dynamics by affecting mortality and birth rates; life history traits,

such as growth rates; reproductive performance; community structure; and, potentially, diversity 884,

Population Scale

Stressors causing mortality of individuals in specific populations are common and assessments of
stressor impacts on the targets of this scale (e.g. density and biomass) receive significant attention. This
scale also synthesises among stressors from different sources, integrating classical theory about density-
independent or density-dependent sources of mortality on populations 8. Description of stressors at
this scale are often more specific, with size- or trait-specific targets within a population. They are

usually described as a loss function based on modifications of a functional response 88

or reflecting
specific equipment (e.g. fishing gear®®°). The sources of such stressor effects are most often aligned
with the ‘overexploitation” source (Figure 1; e.g. hunting or fishing *°), but are not limited to these
sources. Lethal concentrations of pollutants®’” and climate change can also directly generate mortality
of individuals. As with the individual and metabolism/physiology scales, indirect consequences of
effects at this scale emerge at higher ecological scales ***2, For example, abundance changes in producer
or predator species are drivers of bottom up and top-down effects, such as trophic cascades, which
represent changes in relative abundance among multiple species at the community-scale. As
exemplified in the fisheries-induced-evolution literature, the effects of harvesting stressors at the

population scale can also emerge at the physiological and individual scale on life history traits®#%%,

Community scale

10



244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

The community scale is defined by a species interaction network, which encompasses species diversity
and the distribution of interspecific interactions that define community structure. At this scale, targets
include network properties like connectance (network complexity), generalism and related descriptors
of degree distributions, modularity, as well as other community-scale targets like the body-size

distribution.

There are at least three ways to frame the effects of multiple stressors at the community scale. The first
frame centres on threats that directly target multiple populations within functional groups or trophic
levels, but only indirectly the rest of the community. One example is agricultural nitrogen and
phosphorus run-off, which can be classed as acting on entire functional groups or trophic levels that
encompass multiple species, such as primary producers (autotrophs), or ‘basal species’, and
decomposers *** (though notably nutrient enrichment can be a dominant stressor at a range of scales
%), While the source of stress can vary, the targets of such effects are the community-scale distributions
of carrying capacity, growth rates and reproductive traits across species comprising the trophic levels
or functional groups (e.g. physiology stress sensu =), rather than the values for just one species
population. Such impacts are defined by ecological theory about how enrichment, carrying capacity and

9% ultimately

productivity (‘bottom up’ effects) generate impacts on biomass across trophic levels
influencing dynamics and community structure (defined by a species interaction network) %9910 For
example, fertiliser run-off has contributed to enhanced primary production and a consequent depletion
of oxygen in bottom waters, resulting in ‘dead zones’ in over 400 marine systems *°*. Of course, similar

patterns can happen via broad-spectrum chemical stressors causing trophic cascades by reducing grazer

abundance*102103,

The second frame centres on threats that operate across functional groups and trophic levels, such as
habitat loss and fragmentation caused by urbanisation, deforestation, certain types of harvesting (e.g.
fishing) or bushfires. Again, the sources vary, but the defining feature of such threats is that populations
of several species across functional groups and trophic levels are perturbed or removed from a

community. While challenging, the body of ecological theory that helps us evaluate multiple threats

11
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centres on the decomposition of the contribution of mortality from multiple stressors on multiple species

and the turnover components of beta-diversity 4%,

The third frame is invasive species, which are defined by the arrival of a new species in the community.
Invasive species thus operate slightly differently to the majority of community-scale stressors, by
initially directly acting on species richness and network structure (a new node being added) with a

multitude of indirect emergent effects at other scales, such as decreases in a competitor’s fruit set >’

Ecosystem function scale

Our framework does not include direct effects of stressors on the ecosystem function scale. We define
this scale narrowly as comprising targets, such as nutrient cycling and energy fluxes, that only respond
to stress indirectly as a function of changes to targets at lower scales. For example, deforestation may
change ecosystem-function-level nutrient cycling, but this is an emergent property of a reduction in the

abundance, or change in relative abundance, of multiple tree species populations.

Evaluating the predictability and consistency of multiple stressor effects

Having outlined this classification of stressors, we now introduce how we can use this classification to

understand the predictability and consistency of interactive effects.

Prediction is essential to assess the effects of different threats on ecosystems and to aid policy makers
and practitioners in their decision making about ecosystem management %%, A key determinant of
the predictability of stressor effects is whether stressors combine additively or whether they interact
8107 If stressors combine additively, predicting their effects may be comparatively straightforward
(though nontrivial in absolute terms), only requiring a relationship between the intensity of individual
stressors and their effect size on the target of interest. Conversely, if there are two-, three- or higher-
way interactions between stressors, their impacts become substantially more complicated to predict due
to high levels of context dependence and whether the interactions can be defined on a linear scale (such

as by a linear model). For example, if the effects of temperature on a species’ abundance depend on the
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levels of nitrogen and copper, forecasting is more difficult than if temperature acted independently
(additively) of these other stressors. In the context of multiple, simultaneous stressors, we thus define
the predictability of a stressor in terms of how many other stressors it interacts with and the statistical
order of the interactions: for example, if stressors (Si) combine additively, this is not an interaction (or
is a zero-order interaction; S1+S;), and is the most predictable; if two stressors interact, this is a first-
order interaction (S1 % S), which is less predictable; if three stressors interact, this is a second-order
interaction (S x Syx S3), and so on. Predictability is thus inversely related to the statistical order of the

interactions in which stressors participate.

Consistency refers to patterns in how stressor impacts are distributed across ecological scales and
among stressors. Below, we introduce three forms of consistency in detail. The first is consistency by
scale which refers to whether there are consistent patterns in how stressor impacts are distributed
across ecological scales. For example, two-way interactions among multiple stressors may represent
the strongest effects at the population scale but additive effects dominate at the community scale. The
second form, consistency by stressor, relates to whether a stressor has a similar magnitude effect on
different targets. For example, temperature having a negative effect of similar magnitude on all targets
that it impacts. The third form, consistency by target, is where a target is impacted similarly by
different stressors: for example, temperature, habitat loss and pollution all having a similar magnitude

of impact on species richness.

Evaluating predictability and consistency

Evaluating predictability and consistency requires a way to quantify the statistical order (order 0 =
additive, order >0 = interactions), magnitude, direction and distribution among scales of stressor
impacts. Although the focus of this study is on anthropogenic stress, which are generally considered to
have negative impacts, effect sizes allow for both positive and negative impacts of stress (see Figure

2). Importantly, because effect sizes act as a common, standardised currency, they allow comparisons
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to be made among scales, within or between studies, or between theoretical predictions and field
observations. Here we have separated the use of effect size from the estimation of effect size, and we

focus on their use first (See Box 1 for estimation).

Readers are referred to Figure 2 for a set of caricatures of a three-stressor (temperature, nitrogen,
hunting), three ecological scale (population, community, ecosystem) example to complement the
following paragraphs. Note that we focus on three scales purely for visual simplicity; in a real analysis,
the metabolism/physiology and individual scales are also important to include. We chose these three
scales because targets at these scales (e.g. abundance, richness) are the ones most often used in the
context of stressor effects on ecosystems and conservation. It is also important to note that, as shown in
Figure 1 and discussed above, the targets at the ecosystem scale capture emergent responses rather than
being directly impacted by stressors. In Figure 2 we use very broad stressors, such as ‘temperature’. In
a real use case, it would be necessary to be more specific about the spatial and temporal extent of
stressors; for example, clearing a single path of habitat might be distinguished from ongoing habitat
fragmentation, or an individual bushfire might be distinguished from a fire regime (discrete versus

continuous stress, see *).

Predictability can be seen in Figure 2 in cases where effect sizes for additive effects (stressors occurring
by themselves in columns 1-3) are greater than (darker) those for interactive effects (columns 4-7). For
example, the pattern in Figure 2a suggests that responses at the population scale are more predictable
than at community or ecosystem scales because effect sizes are clustered as additive stressor impacts at
the population scale, but as interactive stressor impacts at higher ecological scales. This extreme
clustering in Figure 2a also defines a strong pattern of consistency by scale: all responses at the
population scale are additive, all community responses are two-way interactions and all ecosystem
responses are three-way interactions. The clustering in Figure 2a also suggests that temperature might
be classed as a ‘dominant driver’ at the population scale, due to its strong effect sizes. Note that this

figure is a caricature to demonstrate different forms of consistency and, while Figure 2a shows
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interactive effects only at the community and ecosystem scales, but not the population scale, in nature

interactive effects may occur at all scales®.

In contrast, Figure 2b shows consistency by stressor. This is where a column — in this case Nitrogen —
has a similar impact across scales and stressor combinations. Regardless of whether Nitrogen is acting
additively, or interacting with other stressors, it consistently generates a strong negative effect size
across targets and scales (in Figure 2b, all columns involving Nitrogen have a strong negative effect
size). Figure 2c shows consistency by target, where impacts on a particular row (i.e. a particular target)
are similarly strong for all stressors or interactions. For example, the abundance of species 3 is
particularly vulnerable to all three stressors combining additively, while species richness is particularly
sensitive to two-way interactions between stressors, and ecosystem biomass is not affected by any of
the stressors. Figure 2d, in contrast to the others, displays limited evidence of predictability or
consistency; it lacks discernible structure in the distribution of effect sizes either vertically or

horizontally.

We believe that thinking about the distribution, magnitude and direction of stressor impacts on targets
in this way will enable important inferences to be made about the predictability and consistency of
multiple stressor effects and interactions, that are relevant to both basic science and applied
management. For example, if a stressor is responsible for strong interactions at multiple scales
(consistency by stressor; e.g. Nitrogen in Figure 2b), this consistency helps to prioritise and target the
allocation of scarce resources to mitigate impacts by focusing on this stressor. Alternatively, if one
target, such as the abundance of a particular species, is consistently affected by multiple stressors
(consistency by target; e.g. Species 1 or 3 in Figure 2c), then conservation action may be directed at

that species.

Absolute Predictability and Consistency

By definition, predictability and consistency may vary with the number and identity of stressors

considered. This means that determining an ‘absolute’ value of the predictability or consistency of
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stressors would require a study that encompasses all main sources of ecosystem stress, such as the LPI
sources in Figure 1. This is particularly feasible in a modelling context. Alternatively, synthesising
across studies with different combinations of stressors can also lead to absolute conclusions about
predictability and consistency. For example, if stressors A and B are found to interact across many
studies, each of which considers a different set of stressors alongside A and B, then this could be
evidence of an ‘absolute’ interaction between A and B, and thus an ‘absolute’ lower level of
predictability than if the stressors combined additively. Similarly, if a stressor, A, is shown to have a
consistent negative impact on a particular target across different studies, each evaluating different sets
of stressors, this could also be evidence of ‘absolute’ consistency. If the different studies consider the
same sets of stressors, then results are comparable and this can be useful to establish consensus across

space and time.

Importantly, determining ‘absolute’ predictability or consistency may not always be an appropriate aim:
all stressors do not co-occur in all places at all times, and thus, in the context of managing a particular
site for conservation, it may be more useful to understand predictability or consistency in situ, by just
considering the set of stressors occurring at a particular site. Moreover, it is valuable in its own right to
understand the context dependence of predictability and consistency. For example, are particular
stressors always hard to predict, or only in the presence of other particular stressors? Or, does a
particular stressor consistently generate negative impacts on a target, or does this only happen when a
certain set of stressors are present? Again, answering questions like these can generate essential insights

for conservation and resource management under environmental change.

Simulation models for studying multiple stressor effects

The framework shown in the first section (Figure 1) outlines conceptually how a modelling approach
for evaluating the impacts of multiple simultaneous stressors could work: stressors enter the system at
a range of ecological scales, with emergent effects on targets at a range of scales. Here, we build on this
framework and propose seven criteria (Figure 3; central box) that simulation models must satisfy to be

able to represent stressors and biology in this way. These criteria are motivated by a recent specification
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of several critical attributes for predictive models '® and more general guidance about modelling
ecological communities that can be useful for multiple stressor research '°°. As a point of reference, we

also outline in Figure 3 the extent to which several current modelling tools meet our criteria.

Models that meet the seven criteria are the platform for generating robust, simulated data for improving
knowledge of the impacts of multiple, interacting stressors (though they must also be linked to empirical
data and experiments, see Box 2). The seven criteria are specifically associated with modelling that
generates times series of biomass or abundance for multiple individuals or species who are embedded
in some representation of a community. This means that the simulated data can be analysed to produce
effect sizes that populate the statistical and graphical framework presented in Figure 2; thus, the
simulated data are central to generating theory about predictability and consistency. Ultimately, the
predictability and consistency framework detailed by Figure 2 emerges from statistical analysis of
simulated time series produced by a model (or empirical data). Models can be parameterised, for
example, based on allometries and known environment response curves (such as temperature), and then
used in numerical, fully-factorial, in silico experiments about effects of multiple simultaneous stressors
187071110 \while the Figure 2 framework can be used with either empirical or simulated data, the
difficulty of large-scale empirical experimentation with multiple stressors (e.g. combinatorial explosion
of stressor combinations and difficulty in detecting biotic interactions) means that simulation models

play a key role in improving understanding, generalisations and developing theory.

A common feature of all models in Figure 3, is that they meet criterion 1, which encompasses the ability
of stressors to impact targets at different ecological scales (Figure 3, ‘access’ row in the table). This is
a particularly important feature because quite often stressors have been modelled generically, acting at
scales that are different to how they may actually enter ecosystems. For example, environmental
perturbations might be modelled by adding stochastic noise terms to population dynamics equations,
even if these perturbations are meant to represent stressors that primarily act at lower or higher scales.
Such a decision may limit inference about how and why interactions arise because the biology through

which two stressors interact (e.g. how higher order interactions emerge) is not defined.
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We note that no model in Figure 3 currently incorporates adaptive foraging processes that allow species
to rewire their connections in the network as the biomass of resources change or species go extinct or
arrive, such as through invasion (criterion 4) *****#_ The central hypothesis is that species that can adjust
their diets might persist and buffer ecological communities against stress. There exist several rewiring
models for food webs that could be incorporated into existing modelling frameworks. Historically,

115,116 More

rewiring has been explored via rules of thumb, inspired by concepts of foraging biology
recently, optimal foraging theory has emerged as a formal principle for wiring and rewiring networks,
specifically via The Allometric Diet Breadth Model ****'"**8, The ADBM uses optimal foraging theory
and allometries of foraging variables to predict food web structure. The model predicts which resources
a consumer should choose based on which food items maximise energy intake, subject to foraging
constraints, such as encounter rates and handling times. The model performs well on empirical data,

119

correctly predicting up to ~85% of links ***, and has been used in topological modelling of primary and

secondary extinctions 2,

The Allometric Trophic Network Model and Size Spectra models both meet all criteria except
incorporating rewiring (criterion 4), and thus offer extensive opportunities. The bioenergetic food web
model ¥ is an established, mechanistic model of biomass dynamics of species in food webs that
integrates metabolism, body size, intraspecific density-dependence and interspecific interactions. In the
model, parameters specifying metabolism, production of biomass (reproduction, population growth)
and consumption are determined by body size via a set of allometries (each with a constant and
exponent). These parameters determine rates of change in species’ populations — modelled as
collections of biomass — via a set of ordinary differential equations solved numerically. Size-spectrum
models offer a size-structured alternative and are primarily used in the marine environment 2123, A
size spectrum is the relationship between log individual size (body mass) and log abundance, which is
roughly —1. Size spectrum models thus conceptualise food webs as a gradient of individuals, organised
by size and other traits, where individuals grow by eating smaller individuals and die by being eaten by

larger individuals ****2*, The core of the model is a set of equations (partial differential equations) that

model the density per unit mass per unit volume for organisms of mass m at time t. Both these modelling
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platforms are temporally resolved and structured around some characterisation of multi-species
community structure. This mix of temporal resolution and structure is central to making inference about
predictability and consistency and for developing theory about the effects of discrete versus continuous
stress outlined by Jackson et al. *° (such as the distinction between the gradual increase in mean

temperature change and extreme temperature events).

Finally, we note that relying on a single model to generate theory and inference about predictability and
consistency of multiple stressor effects can be risky; it may be beneficial to amalgamate inference from
an ensemble of models to establish consensus. Many of the models discussed in Figure 3 can share
common state variables and thus could be used as part of an ensemble modelling approach. Ensemble
modelling helps deal with three main forms of uncertainty: process uncertainty, caused by the variation
and stochasticity inherent to ecosystems; model uncertainty, related to the components of a particular
model; and future/scenario uncertainty, related to predictions being made, such as from uncertainty
about future conditions'®®. Ensemble modelling has recently been gaining traction in ecology and has
already been used to evaluate the impacts of multiple stressors on particular targets, including explicitly
building relationships between stressors into the models %%, To capture a final type of uncertainty,
known as parameter uncertainty (uncertainty related to the parameter values used in a model'®),
ensemble modelling can be combined with global sensitivity analysis. Global sensitivity analyses can
help understand the sensitivity of results and conclusions to changes in model parameters by, for
example, running models with parameter values obtained from bootstrap resampling from parameter
distributions'®'?”, Thus, ensemble modelling could potentially have a large part to play in multiple

stressor research in the future.
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BOX 1: Estimation of effect sizes

Calculating the effect sizes necessary to populate the grid framework in Figure 2 can be accomplished
with a variety of approaches, outlined below. The capacity for the Figure 2 grid to deliver inference on
predictability and consistency, however, requires attention to two details. First, the targets (row names)
must be well defined and be distributed across multiple ecological scales. Second, the effect sizes must

capture both magnitude and directionality.

One approach builds from Piggott et al.’s® directional classification system of stressor interactions
through to specific null model frameworks, such as the use of ecotoxicological null models of
concentration addition and independent action'®'?®, There are several examples of the use of the
response ratios that define these null models to analyse empirical experiments®. For example, Galic et
al.*® present an example of how these effect sizes can be used to make inference about the predictability
and generality of multiple stressor effects. They used an Individual Based Model (IBM) to explore the
impacts of multiple ‘physiological’ stressors on individual traits with consequences estimated at
biomass and ecosystem function scales. This framework typically requires an a priori experimental
design that allows response ratios to be constructed using appropriate null models or control conditions.

It is useful for both empirical and simulated in silico experiments.

An alternative to experimental approaches is to use effect sizes from standardized coefficients of linear,

generalised linear and mixed effects models. For example, Tabi, et al. **

combined this approach with
the Piggott, et al. ® framework to analyse the combined effect of temperature and productivity, aligning
classic statistical definitions of interactions with estimations of effect sizes from coefficients. Meta-
analyses are another approach, where studies can be synthesised to estimate interaction effect sizes. For

example, and O’Brien et al."*! use meta-analysis to estimate interactions between two stressors detected

in targets classified by structure and function.

132-135

Multivariate Auto-Regressive State Space (MARSS) models offer an additional toolbox for

empirical time series data, empirical spatial data or data derived from stochastic simulations. MARSS
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models fit multiple regression equations simultaneously to each response variable, using the values of
other variables (e.g. species) and environmental covariates (the stressors) from previous time steps as
predictors. A matrix of environmental covariate effect sizes (main and interactions) on response
variables is recovered. These effect sizes are, by definition, associated with main effects of, and
interactions among, stressors and thus are suitable for use in the Figure 2 grid concept. The MARSS
models have an additional advantage in that they are good at partitioning uncertainty to understand its

specific sources.

Didham et al. '* and Geary et al. ** have argued for expanding our understanding of the mechanisms
of stressor interactions — beyond simply additive, synergistic or antagonistic — to also include different
interaction pathways. The main two pathways are chain interactions, where one stressor alters the
prevalence of another stressor directly, and modification interactions, where one stressor changes the
prevalence and per capita effect of another stressor. Geary et al. **® put forward additional statistical
tools we can use to understand these pathways in the form of the ‘threat web’ approach, which uses a
network approach to understand co-occurrence patterns among threats. The co-occurrence network can
be analysed to gain quantitative insight into stressor-stressor interactions, and their causative or
coincidental associations. In turn, this can frame our understanding of spatial and temporal threat co-

occurrence 1%,
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BOX 2: The models - experiments interface

Model development (where models are defined as simulation models like those discussed in ‘Simulation
models for studying multiple stressor effects’) must be linked with empirical data and experiments.
While there is a rich history of empirical work linked to such efforts on multiple stressors (see
Introduction), there remains a substantial set of biases along with major differences in semantics and
design constraints that often limit the contribution of empirical work to these kinds of models “**. We
suggest that recognising at least three facets of the model-experiments interface can help reduce these

biases, generate common semantics and maintain a strong relationship between models and data.

One facet of the interface between models and experiments focuses on experiments that produce data
to parameterise models. Experiments help evaluate assumptions made by modelling and refine the
identity and functional forms of mechanisms embedded in models. This is embodied, for example, in
recent meta-analyses and synthesis of data on metabolism and functional response parameters, which

are then directly used by simulation models 2°37138,

A second facet of the interface is to align model predictions with experiments. Our grid approach in
Figure 2 requires effect sizes to populate the matrix elements. These effect sizes can be generated by
analysing data produced by experiments and by simulation models. For experimental data to be
compatible with our approach, we have four key recommendations. First, experiments must incorporate
three or more stressors. Second, they must incorporate three or more scales of ecological organisation.
These two recommendations are an essential progression beyond the one scale and two stressors studies
that currently dominate'®. Third, studies must adopt a multifactorial experimental design that examines
different stressor combinations. Fourth, the experiment must be based around time series, as these are
necessary to capture population dynamics which are then analysed to calculate the effect sizes required
by the grid framework in Figure 2. This also allows different stressor temporal trends to be incorporated,

such as sudden versus ongoing changes in temperature®.
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Recent work suggests that experiments are increasing in design complexity and the number of stressors
and scales evaluated 3%, There are already a number of studies which adopt our recommendations

and which would be suitable for our framework. For example, Rillig, et al. **°

experimentally
manipulated soil communities, applying up to 10 stressors. They found complex changes in soil
properties, soil processes, and microbial communities (i.e. multiple scales of response) and decreasing
predictability as the number of stressors increased (interactions were pervasive). Tabi, et al. ¥
experimentally manipulated temperature and productivity in microbial communities, where targets at
multiple scales were monitored through time. The authors combined this experiment with an effect size

analysis of the multiple stressor effects to estimate predictability and consistency across scales.

Experiments like these are critical to match similar advances occurring in the mathematical modelling.

A third facet relates to ‘fitting models to data’ which can prove challenging, but beneficial, in cases
where the complexity of the required experiments to estimate parameters is high. There are emerging
methods that link large-scale empirical survey data with models to help parametrise them. These include
‘inverse methods’ or state-space models**'*? (often now Bayesian with priors to appropriately capture
uncertainty). This is perhaps the least developed sphere of the model-experiment interface for the
models in Figure 3. However, it is also one with great potential as we move toward leveraging the

insight from models to help manage natural resources and biodiversity in the future.

23



558 References

559 1 Maxwell, S. L., Fuller, R. A., Brooks, T. M. & Watson, J. E. Biodiversity: The ravages of
560 guns, nets and bulldozers. Nature 536, 143-145, doi:10.1038/536143a (2016).

561 2 IUCN. Threats Classification Scheme (Version 3.2),

562 <https://www.iucnredlist.org/resources/threat-classification-scheme> (2020).

563 3 WWEF. Living Planet Report - 2018: Aiming Higher., (WWF, Gland, Switzerland., 2018).
564 4 Halpern, B. S. et al. A Global Map of Human Impact on Marine Ecosystems. Science
565 319, 948-952, doi:10.1126/science.1149345 (2008).

566 5 Halpern, B. S. & Fujita, R. Assumptions, challenges, and future directions in

567 cumulative impact analysis. Ecosphere 4, art131, doi:10.1890/ES13-00181.1 (2013).
568 6 Brook, B. W., Sodhi, N. S. & Bradshaw, C. J. A. Synergies among extinction drivers
569 under global change. Trends in Ecology & Evolution 23, 453-460,

570 doi:https://doi.org/10.1016/j.tree.2008.03.011 (2008).

571 7 Orr, J. A. et al. Towards a unified study of multiple stressors: divisions and common
572 goals across research disciplines. Proceedings of the Royal Society B: Biological

573 Sciences 287, 20200421, doi:10.1098/rspb.2020.0421 (2020).

574 8 Piggott, J. J., Townsend, C. R. & Matthaei, C. D. Reconceptualizing synergism and
575 antagonism among multiple stressors. Ecology and Evolution 5, 1538-1547,

576 doi:10.1002/ece3.1465 (2015).

577 9 Crain, C. M., Kroeker, K. & Halpern, B. S. Interactive and cumulative effects of

578 multiple human stressors in marine systems. Ecology Letters 11, 1304-1315,

579 d0i:10.1111/j.1461-0248.2008.01253.x (2008).

24



580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

10

11

12

13

14

15

16

17

18

Burgess, B. J., Purves, D., Mace, G. & Murrell, D. J. Ecological theory predicts
ecosystem stressor interactions in freshwater ecosystems, but highlights the
strengths and weaknesses of the additive null model. bioRxiv,
2020.2008.2010.243972, doi:10.1101/2020.08.10.243972 (2020).

Didham, R. K., Tylianakis, J. M., Gemmell, N. J., Rand, T. A. & Ewers, R. M. Interactive
effects of habitat modification and species invasion on native species decline. Trends
Ecol Evol 22, 489-496, d0i:10.1016/j.tree.2007.07.001 (2007).

Donohue, I. et al. Navigating the complexity of ecological stability. Ecology letters 19,
1172-1185 (2016).

Galic, N., Sullivan, L. L., Grimm, V. & Forbes, V. E. When things don't add up:
guantifying impacts of multiple stressors from individual metabolism to ecosystem
processing. Ecology Letters 21, 568-577, doi:doi:10.1111/ele.12923 (2018).

Kéfi, S. et al. Advancing our understanding of ecological stability. Ecology Letters 22,
1349-1356, doi:10.1111/ele.13340 (2019).

Tylianakis, J. M., Didham, R. K., Bascompte, J. & Wardle, D. A. Global change and
species interactions in terrestrial ecosystems. Ecology letters 11, 1351-1363 (2008).
Ashauer, R. & Jager, T. Physiological modes of action across species and toxicants:
the key to predictive ecotoxicology. Environmental Science: Processes & Impacts 20,
48-57, doi:10.1039/C7EMO00328E (2018).

Caswell, H. Demography Meets Ecotoxicology: Untangling the Population Level.
Ecotoxicology: A hierarchical treatment 2, 255 (1996).

Judd, A., Backhaus, T. & Goodsir, F. An effective set of principles for practical
implementation of marine cumulative effects assessment. Environmental Science &

Policy 54, 254-262 (2015).

25



604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

19

20

21

22

23

24

25

26

27

Schafer, R. B. & Piggott, J. J. Advancing understanding and prediction in multiple
stressor research through a mechanistic basis for null models. Glob Chang Biol 24,
1817-1826, d0i:10.1111/gcb.14073 (2018).

Boyd, P. W. & Brown, C. J. Modes of interactions between environmental drivers and
marine biota. Frontiers in Marine Science 2, 9 (2015).

Beyer, J. et al. Environmental risk assessment of combined effects in aquatic
ecotoxicology: a discussion paper. Mar Environ Res 96, 81-91,
doi:10.1016/j.marenvres.2013.10.008 (2014).

Coté, I. M., Darling, E. S. & Brown, C. J. Interactions among ecosystem stressors and
their importance in conservation. Proceedings of the Royal Society B: Biological
Sciences 283, 20152592 (2016).

Kroeker, K. J., Kordas, R. L. & Harley, C. D. Embracing interactions in ocean
acidification research: confronting multiple stressor scenarios and context
dependence. Biol Lett 13, doi:10.1098/rsbl.2016.0802 (2017).

De Laender, F. Community- and ecosystem-level effects of multiple environmental
change drivers: Beyond null model testing. Glob Chang Biol 24, 5021-5030,
doi:10.1111/gcb.14382 (2018).

Goussen, B., Price, O. R., Rendal, C. & Ashauer, R. Integrated presentation of
ecological risk from multiple stressors. Sci Rep 6, 36004, doi:10.1038/srep36004
(2016).

Liess, M., Foit, K., Knillmann, S., Schafer, R. B. & Liess, H. D. Predicting the synergy of
multiple stress effects. Sci Rep 6, 32965, doi:10.1038/srep32965 (2016).

Van den Brink, P. J. et al. Towards a general framework for the assessment of

interactive effects of multiple stressors on aquatic ecosystems: Results from the

26



628

629

630

631

632

633

634

635

636

637

638

639

640

641

642

643

644

645

646

647

648

649

650

28

29

30

31

32

33

34

35

36

Making Aquatic Ecosystems Great Again (MAEGA) workshop. Sci Total Environ 684,
722-726, doi:10.1016/j.scitotenv.2019.02.455 (2019).

Kooijman, S. A. L. M. Dynamic Energy Budgets in Biological Systems: Applications to
Ecotoxicology. (Cambridge University Press, 1993).

Brown, J. H., Gillooly, J. F., Allen, A. P., Savage, V. M. & West, G. B. Toward a
metabolic theory of ecology. Ecology 85, 1771-1789 (2004).

Jeschke, J. M., Kopp, M. & Tollrian, R. Consumer-food systems: why type | functional
responses are exclusive to filter feeders. Biological Reviews 79, 337-349 (2004).
Bolker, B., Holyoak, M., Krivan, V., Rowe, L. & Schmitz, O. Connecting theoretical and
empirical studies of trait-mediated interactions. Ecology 84, 1101-1114 (2003).
Schmitz, O. J., Krivan, V. & Ovadia, O. Trophic cascades: the primacy of trait-
mediated indirect interactions. Ecology Letters 7, 153-163 (2004).

Abrams, P. A., Menge, B. A., Mittelbach, G. G., Spiller, D. A. & Yodzis, P. in Food
Webs: Integration of Patterns and Dynamics (eds G.A. Polis & K.O. Winemiller) 371-
395 (Chapman & Hall, 1996).

Thompson, P. L., MacLennan, M. M. & Vinebrooke, R. D. Species interactions cause
non-additive effects of multiple environmental stressors on communities. Ecosphere
9, 02518 (2018).

Loreau, M. Linking biodiversity and ecosystems: towards a unifying ecological theory.
Philosophical Transactions of the Royal Society B-Biological Sciences 365, 49-60,
doi:10.1098/rstb.2009.0155 (2010).

Gonzalez, A. et al. Scaling-up biodiversity-ecosystem functioning research. Ecology

Letters 23, 757-776, doi:10.1111/ele.13456 (2020).

27



651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

37

38

39

40

41

42

43

44

45

46

47

Adler, P. B. et al. Productivity Is a Poor Predictor of Plant Species Richness. Science
333, 1750-1753, doi:10.1126/science.1204498 (2011).

Ives, A. R. & Carpenter, S. R. Stability and Diversity of Ecosystems. Science 317, 58-
62, doi:10.1126/science.1133258 (2007).

Newman, E. A. Disturbance ecology in the Anthropocene. Frontiers in Ecology and
Evolution 7, 147 (2019).

Ohlimann, M. et al. Diversity indices for ecological networks: a unifying framework
using Hill numbers. Ecology letters 22, 737-747 (2019).

Ohlmann, M. et al. Mapping the imprint of biotic interactions on B-diversity. Ecology
letters 21, 1660-1669 (2018).

Brun, P. et al. The productivity-biodiversity relationship varies across diversity
dimensions. Nature Communications 10, 1-11 (2019).

Pellissier, L. et al. Comparing species interaction networks along environmental
gradients. Biological Reviews 93, 785-800 (2018).

Bracewell, S. et al. Qualifying the effects of single and multiple stressors on the food
web structure of Dutch drainage ditches using a literature review and conceptual
models. Sci Total Environ 684, 727-740, doi:10.1016/j.scitotenv.2019.03.497 (2019).
Kohler, H. R. & Triebskorn, R. Wildlife ecotoxicology of pesticides: can we track
effects to the population level and beyond? Science 341, 759-765,
doi:10.1126/science.1237591 (2013).

Bolker, B., Holyoak, M., Kfivan, V., Rowe, L. & Schmitz, O. Connecting theoretical and
empirical studies of trait-mediated interactions. Ecology 84, 1101-1114 (2003).
Kooijman, S. A. L. M. Dynamic energy and mass budgets in biological systems.

(Cambridge university press, 2000).

28



675 48 Schmitz, O. J., Krivan, V. & Ovadia, O. Trophic cascades: the primacy of trait-
676 mediated indirect interactions. Ecology letters 7, 153-163 (2004).
677 49 Stearns, S. C. The Evolution of Life Histories. (Oxford University Press, 1992).

678 50 Jackson, M. C., Pawar, S. & Woodward, G. The Temporal Dynamics of Multiple

679 Stressor Effects: From Individuals to Ecosystems. Trends Ecol Evol,

680 doi:10.1016/j.tree.2021.01.005 (2021).

681 51 Billick, I. & Case, T. J. Higher order interactions in ecological communities: what are
682 they and how can they be detected? Ecology 75, 1529-1543 (1994).

683 52 Grilli, J., Barabas, G., Michalska-Smith, M. J. & Allesina, S. Higher-order interactions
684 stabilize dynamics in competitive network models. Nature 548, 210-213 (2017).

685 53 Gill, R. J., Ramos-Rodriguez, O. & Raine, N. E. Combined pesticide exposure severely
686 affects individual-and colony-level traits in bees. Nature 491, 105-108 (2012).

687 54 Crespi, E. J., Williams, T. D., Jessop, T. S. & Delehanty, B. Life history and the ecology
688 of stress: how do glucocorticoid hormones influence life-history variation in animals?
689 Functional Ecology 27, 93-106 (2013).

690 55 Matthiopoulos, J., Moss, R. & Lambin, X. The kin-facilitation hypothesis for red

691 grouse population cycles: territory sharing between relatives. Ecological Modelling
692 127, 53-63 (2000).

693 56 Moss, R., Watson, A. & Parr, R. Experimental prevention of a population cycle in red
694 grouse. Ecology 77, 1512-1530 (1996).

695 57 Kaiser-Bunbury, C. N. et al. Ecosystem restoration strengthens pollination network
696 resilience and function. Nature 542, 223-227, doi:10.1038/nature21071 (2017).

697 58 Lever, J. J., van Nes, E. H., Scheffer, M. & Bascompte, J. The sudden collapse of

698 pollinator communities. Ecology Letters 17, 350-359, doi:10.1111/ele.12236 (2014).

29



699

700

701

702

703

704

705

706

707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

59

60

61

62

63

64

65

66

67

Schmitz, O. J. Press perturbations and the predictability ofecological interactions in a
food web. Ecology 78, 55-69 (1997).

Ernest, S. K. M. et al. Thermodynamic and metabolic effects on the scaling of
production and population energy use. Ecology Letters 6, 990-995 (2003).

Price, P. B. & Sowers, T. Temperature dependence of metabolic rates for microbial
growth, maintenance, and survival. Proc Natl Acad Sci U S A 101, 4631-4636,
doi:10.1073/pnas.0400522101 (2004).

Apple, J. K., Del Giorgio, P. A. & Kemp, W. M. Temperature regulation of bacterial
production, respiration, and growth efficiency in a temperate salt-marsh estuary.
Aquatic Microbial Ecology 43, 243-254 (2006).

Pawar, S., Dell, A. I., Savage, V. M. & Knies, J. L. Real versus artificial variation in the
thermal sensitivity of biological traits. The American Naturalist 187, E41-E52 (2016).
Dell, A. I., Pawar, S. & Savage, V. M. Systematic variation in the temperature
dependence of physiological and ecological traits. Proceedings of the National
Academy of Sciences 108, 10591-10596, doi:10.1073/pnas.1015178108 (2011).

Yee, E. & Murray, S. Effects of temperature on activity, food consumption rates, and
gut passage times of seaweed-eating Tegula species (Trochidae) from California.
Marine Biology 145, 895-903 (2004).

Savage, V. M., Gillooly, J. F., Brown, J. H., West, G. B. & Charnov, E. L. Effects of body
size and temperature on population growth. Am. Nat. 163, E429-E441 (2004).
Vasseur, D. A. et al. Increased temperature variation poses a greater risk to species
than climate warming. Proceedings of the Royal Society B: Biological Sciences 281,

doi:10.1098/rspb.2013.2612 (2014).

30



722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

743

744

68

69

70

71

72

73

74

75

Vasseur, D. A. & McCann, K. S. A mechanistic approach for modeling temperature-
dependent consumer-resource dynamics. The American Naturalist 166, 184-198
(2005).

Gilbert, B. et al. A bioenergetic framework for the temperature dependence of
trophic interactions. Ecology Letters 17, 902-914 (2014).

Binzer, A., Guill, C., Brose, U. & Rall, B. C. The dynamics of food chains under climate
change and nutrient enrichment. Philosophical Transactions of the Royal Society B:
Biological Sciences 367, 2935-2944, doi:10.1098/rstb.2012.0230 (2012).

Binzer, A., Guill, C., Rall, B. C. & Brose, U. Interactive effects of warming,
eutrophication and size structure: impacts on biodiversity and food-web structure.
Global Change Biology 22, 220-227, d0i:10.1111/gcb.13086 (2016).

Sentis, A., Binzer, A. & Boukal, D. S. Temperature-size responses alter food chain
persistence across environmental gradients. Ecology Letters 20, 852-862,
doi:doi:10.1111/ele.12779 (2017).

Robinson, S. I., McLaughlin, O. B., Marteinsdéttir, B. & O'Gorman, E. J. Soil
temperature effects on the structure and diversity of plant and invertebrate
communities in a natural warming experiment. journal of animal ecology 87, 634-
646 (2018).

McKee, D. et al. Response of freshwater microcosm communities to nutrients, fish,
and elevated temperature during winter and summer. Limnology and Oceanography
48, 707-722 (2003).

McKee, D. et al. Macro-zooplankter responses to simulated climate warming in

experimental freshwater microcosms. 47, 1557-1570 (2002).

31



745

746

747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

764

765

766

767

76

77

78

79

80

81

82

83

84

Allen, A, Gillooly, J. & Brown, J. Linking the global carbon cycle to individual
metabolism. Functional Ecology 19, 202-213 (2005).

Anderson, K. J., Allen, A. P., Gillooly, J. F. & Brown, J. H. Temperature-dependence of
biomass accumulation rates during secondary succession. Ecology Letters 9, 673-682
(2006).

Clarke, A. & Fraser, K. Why does metabolism scale with temperature? Functional
ecology 18, 243-251 (2004).

Sokolova, I. M. & Lannig, G. Interactive effects of metal pollution and temperature
on metabolism in aquatic ectotherms: implications of global climate change. Climate
Research 37, 181-201 (2008).

Petchey, O. L., Brose, U. & Rall, B. C. Predicting the effects of temperature on food
web connectance. Philosophical Transactions of the Royal Society B: Biological
Sciences 365, 2081-2091, doi:10.1098/rstb.2010.0011 (2010).

Bellard, C., Bertelsmeier, C., Leadley, P., Thuiller, W. & Courchamp, F. Impacts of
climate change on the future of biodiversity. Ecology letters 15, 365-377 (2012).
Relyea, R. A. The impact of insecticides and herbicides on the biodiversity and
productivity of aquatic communities. Ecological Applications 15, 618-627 (2005).
Beketov, M. A., Kefford, B. J., Schafer, R. B. & Liess, M. Pesticides reduce regional
biodiversity of stream invertebrates. Proc Nat/ Acad Sci U S A 110, 11039-11043,
doi:10.1073/pnas.1305618110 (2013).

Clements, W. H. & Rohr, J. R. Community responses to contaminants: using basic
ecological principles to predict ecotoxicological effects. Environmental Toxicology

and Chemistry: An International Journal 28, 1789-1800 (2009).

32



768

769

770

771

772

773

774

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

85

86

87

88

89

90

91

92

93

94

95

Case, T. J. An lllustrated Guide to Theoretical Ecology. (Oxford University Press,
2000).

Jeschke, J. M., Kopp, M. & Tollrian, R. Predator functional responses: Discriminating
between handling and digesting prey. Ecol. Monogr. 72, 95-112 (2002).

Jeschke, J. M. & Tollrian, R. Density-dependent effects of prey defences. Oecologia
123, 391-396 (2000).

Jorgensen, C., Ernande, B. & Fiksen, O. Size-selective fishing gear and life history
evolution in the Northeast Arctic cod. Evol Appl 2, 356-370, d0i:10.1111/j.1752-
4571.2009.00075.x (2009).

Kuparinen, A., Kuikka, S. & Merila, J. Estimating fisheries-induced selection:
traditional gear selectivity research meets fisheries-induced evolution. Evol Appl 2,
234-243, d0i:10.1111/j.1752-4571.2009.00070.x (2009).

Benitez-Lopez, A. et al. The impact of hunting on tropical mammal and bird
populations. Science 356, 180-183 (2017).

Billick, I. & Case, T. J. Higher-Order Interactions in Ecological Communities - What Are
They and How Can They Be Detected. Ecology 75, 1529-1543 (1994).

Day, T., Abrams, P. A. & Chase, J. M. The role of size-specific predation in the
evolution and diversification of prey life histories. 56, 877-887 (2002).

Heino, M., Pauli, B. D. & Dieckmann, U. Fisheries-induced evolution. Annual review
of ecology, evolution, and systematics 46 (2015).

Galloway, J. N. et al. The nitrogen cascade. Bioscience 53, 341-356 (2003).

Beman, J. M., Arrigo, K. R. & Matson, P. A. Agricultural runoff fuels large

phytoplankton blooms in vulnerable areas of the ocean. Nature 434, 211-214 (2005).

33



791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

813

96

97

98

99

100

101

102

103

104

105

106

Birk, S. et al. Impacts of multiple stressors on freshwater biota across spatial scales
and ecosystems. Nat Ecol Evol 4, 1060-1068, doi:10.1038/s41559-020-1216-4 (2020).
Rosenzweig, M. L. Paradox of enrichment: destabilization of exploitation ecosystems
in ecological time. Science 171, 385-387 (1971).

Oksanen, L., Fretwell, S. D., Arruda, J. & Niemela, P. Exploitation Ecosystems in
Gradients of Primary Productivity. Am. Nat. 118, 240-261 (1981).

Lotze, H. K. et al. Depletion, degradation, and recovery potential of estuaries and
coastal seas. Science 312, 1806-1809 (2006).

Doney, S. C. The growing human footprint on coastal and open-ocean
biogeochemistry. science 328, 1512-1516 (2010).

Diaz, R. J. & Rosenberg, R. Spreading dead zones and consequences for marine
ecosystems. science 321, 926-929 (2008).

Duchet, C. et al. Pesticide-mediated trophic cascade and an ecological trap for
mosquitoes. Ecosphere 9, e02179 (2018).

Halstead, N. T. et al. Community ecology theory predicts the effects of agrochemical
mixtures on aquatic biodiversity and ecosystem properties. Ecol Lett 17, 932-941,
doi:10.1111/ele.12295 (2014).

Ferger, S. W. et al. Synergistic effects of climate and land use on avian beta-diversity.
Diversity and Distributions 23, 1246-1255 (2017).

Maris, V. et al. Prediction in ecology: promises, obstacles and clarifications. Oikos
127, 171-183 (2018).

Palmer, M. A. et al. Ecological science and sustainability for the 21st century.

Frontiers in Ecology and the Environment 3, 4-11 (2005).

34



814

815

816

817

818

819

820

821

822

823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

107

108

109

110

111

112

113

114

115

Folt, C. L., Chen, C. Y., Moore, M. V. & Burnaford, J. Synergism and antagonism
among multiple stressors. Limnology and Oceanography 44, 864-877,
doi:10.4319/10.1999.44.3_part_2.0864 (1999).

Grimm, V. & Berger, U. Structural realism, emergence, and predictions in next-
generation ecological modelling: Synthesis from a special issue. Ecological Modelling
326, 177-187, doi:https://doi.org/10.1016/j.ecolmodel.2016.01.001 (2016).

Geary, W. L. et al. A guide to ecosystem models and their environmental
applications. Nat Ecol Evol 4, 1459-1471, doi:10.1038/s41559-020-01298-8 (2020).
Rosenblatt, A. E., Smith-Ramesh, L. M. & Schmitz, O. J. Interactive effects of multiple
climate change variables on food web dynamics: Modeling the effects of changing
temperature, CO2, and water availability on a tri-trophic food web. Food Webs,
doi:https://doi.org/10.1016/j.fooweb.2016.10.002 (2016).

Bartley, T. J. et al. Food web rewiring in a changing world. Nature Ecology &
Evolution, d0i:10.1038/s41559-018-0772-3 (2019).

Blanchard, J. L. A rewired food web. Nature 527, 173, doi:10.1038/nature16311
(2015).

Thierry, A. et al. Adaptive foraging and the rewiring of size-structured food webs
following extinctions. Basic Appl Ecol 12, 562-570, doi:Doi
10.1016/).Baae.2011.09.005 (2011).

CaraDonna, P. J. et al. Interaction rewiring and the rapid turnover of plant—pollinator
networks. Ecology letters 20, 385-394 (2017).

Gilljam, D., Curtsdotter, A. & Ebenman, B. Adaptive rewiring aggravates the effects
of species loss in ecosystems. Nature Communications 6, 8412,

doi:10.1038/ncomms9412

35



838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

https://www.nature.com/articles/ncomms9412#supplementary-information (2015).

116

117

118

119

120

121

122

123

124

Staniczenko, P. P. A,, Lewis, O. T., Jones, N. S. & Reed-Tsochas, F. Structural dynamics
and robustness of food webs. Ecology Letters 13, 891-899, doi:10.1111/j.1461-
0248.2010.01485.x (2010).

Petchey, O. L., Beckerman, A. P., Riede, J. O. & Warren, P. H. Size, foraging, and food
web structure. Proceedings of the National Academy of Sciences 105, 4191-4196,

doi:10.1073/pnas.0710672105 (2008).

Beckerman, A. P., Petchey, O. L. & Warren, P. H. Foraging biology predicts food web
complexity. Proc Natl Acad Sci U S A 103, 13745-13749 (2006).

O’Gorman, E. J. et al. A simple model predicts how warming simplifies wild food
webs. Nature Climate Change 9, 611-616 (2019).

Williams, R. J., Brose, U. & Martinez, N. D. in From energetics to ecosystems: the
dynamics and structure of ecological systems 37-51 (Springer, 2007).

Blanchard, J. L. et al. How does abundance scale with body size in coupled size-
structured food webs? Journal of Animal Ecology 78, 270-280 (2009).

Law, R., Plank, M. J., James, A. & Blanchard, J. L. Size-spectra dynamics from
stochastic predation and growth of individuals. Ecology 90, 802-811 (2009).
Blanchard, J. L., Heneghan, R. F., Everett, J. D., Trebilco, R. & Richardson, A. J. From
bacteria to whales: using functional size spectra to model marine ecosystems. Trends
in ecology & evolution 32, 174-186 (2017).

Kerr, S. R. & Dickie, L. M. The biomass spectrum: a predator-prey theory of aquatic

production. (Columbia University Press, 2001).

36



860 125 Adams, M. P. et al. Informing management decisions for ecological networks, using
861 dynamic models calibrated to noisy time-series data. Ecol Lett 23, 607-619,

862 doi:10.1111/ele.13465 (2020).

863 126 Bode, M. et al. Revealing beliefs: using ensemble ecosystem modelling to

864 extrapolate expert beliefs to novel ecological scenarios. Methods in Ecology and
865 Evolution 8, 1012-1021 (2017).

866 127 McGowan, C. P., Runge, M. C. & Larson, M. A. Incorporating parametric uncertainty
867 into population viability analysis models. Biological Conservation 144, 1400-1408
868 (2011).

869 128 Scott, F., Blanchard, J. L. & Andersen, K. H. mizer: an R package for multispecies,
870 trait-based and community size spectrum ecological modelling. Methods in Ecology
871 and Evolution 5,1121-1125, doi:10.1111/2041-210X.12256 (2014).

872 129 Nakagawa, S. & Cuthill, I. C. Effect size, confidence interval and statistical

873 significance: a practical guide for biologists. Biological reviews 82, 591-605 (2007).
874 130 Tabi, A., Petchey, O. L. & Pennekamp, F. Warming reduces the effects of enrichment
875 on stability and functioning across levels of organisation in an aquatic microbial
876 ecosystem. Ecology Letters 22, 1061-1071, doi:10.1111/ele.13262 (2019).

877 131 O'Brien, A. L., Dafforn, K. A., Chariton, A. A., Johnston, E. L. & Mayer-Pinto, M. After

878 decades of stressor research in urban estuarine ecosystems the focus is still on single
879 stressors: A systematic literature review and meta-analysis. Sci Total Environ 684,
880 753-764, doi:10.1016/j.scitotenv.2019.02.131 (2019).

881 132 Hampton, S. E. et al. Quantifying effects of abiotic and biotic drivers on community
882 dynamics with multivariate autoregressive (MAR) models. Ecology 94, 2663-2669

883 (2013).

37



884

885

886

887

888

889

890

891

892

893

894

895

896

897

898

899

900

901

902

903

904

905

906

133

134

135

136

137

138

139

140

141

Hampton, S. E., Scheuerell, M. D. & Schindler, D. E. Coalescence in the Lake
Washington story: Interaction strengths in a planktonic food web. Limnology and
Oceanography 51, 2042-2051, doi:10.4319/10.2006.51.5.2042 (2006).

Ives, A. R. Predicting the Response of Populations to Environmental-Change. Ecology
76, 926-941 (1995).

Ives, A. R., Dennis, B., Cottingham, K. L. & Carpenter, S. R. Estimating community
stability and ecological interactions from time-series data. Ecol. Monogr. 73, 301-
330, doi:10.1890/0012-9615(2003)073[0301:ecsaei]2.0.co;2 (2003).

Geary, W. L, Nimmo, D. G., Doherty, T.S., Ritchie, E. G. & Tulloch, A. |. T. Threat
webs: Reframing the co-occurrence and interactions of threats to biodiversity.
Journal of Applied Ecology 56, 1992-1997 (2019).

Gillooly, J. F., Brown, J. H., West, G. B., Savage, V. M. & Charnov, E. L. Effects of size
and temperature on metabolic rate. Science 293, 2248-2251,
doi:10.1126/science.1061967 (2001).

Rall, B. C. et al. Universal temperature and body-mass scaling of feeding rates. Philos
Trans R Soc Lond B Biol Sci 367, 2923-2934, doi:10.1098/rstb.2012.0242 (2012).
Rillig, M. C. et al. The role of multiple global change factors in driving soil functions
and microbial biodiversity. Science 366, 886, doi:10.1126/science.aay2832 (2019).
Brennan, G. L., Colegrave, N. & Collins, S. Evolutionary consequences of multidriver
environmental change in an aquatic primary producer. Proceedings of the National
Academy of Sciences 114, 9930-9935 (2017).

De Valpine, P. & Hastings, A. Fitting population models incorporating process noise

and observation error. Ecol. Monogr. 72, 57-76 (2002).

38



907

908

909

910

911

912

913

914

915

916

917

918

919

920

921

922
923
924
925
926
927
928

142  Ellner, S. P., Seifu, Y. & Smith, R. H. Fitting population dynamic models to time-series

data by gradient matching. Ecology 83, 2256-2270 (2002).

Acknowledgements

APB, BIS, PSAB and ED acknowledge funding from NERC (NE/S001395/1). APB acknowledges
funding from NERC (NE/T003502/1). BIS was also supported by a Royal Commission for the
Exhibition of 1851 Research Fellowship. TIW acknowledges funding from NERC and Defra Marine

Ecosystem Research Programme (NE/L003279/1).

Author contributions

All authors contributed to the ideas in this manuscript. BIS wrote the first draft. All authors contributed

to subsequent revisions.

Competing interests

The authors declare no competing interests.

Figure legends

Figure 1: Conceptual diagram of the ecological scale-target-based classification of stressors to quantify the
impact of multiple simultaneous stressors on ecological communities. We align the Living Planet source-based
categories of stressors with a classical view of ecological scales and the target metrics at each scale. The
framework (and models, see below) highlights targets and ecological scales that coalesce the impacts of stressors
by what they do, not what they are. For example, pollution and climate stressors both can generate direct effects
on species’ abundance by killing individuals, but also via trait-mediated effects acting on growth and

reproduction. As different ecological scales are connected by higher-order interactions, outputs at higher and
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lower levels of ecological organisation can emerge. Note that we define the effects of a stressor at the individual
scale as those that act within, rather than between, individuals. Thus, a harvesting process, such as hunting, can
have individual-scale effects by altering stress hormone levels in individuals, which has consequences for
demography and thus the population. However, hunting primarily acts by killing individual animals or plants,
which affects directly properties of the population (abundance/biomass), not properties of the individual. Note,

this figure is a first attempt designed to illustrate our framework and is by no means comprehensive.

Figure 2: A framework for assessing the consistency and predictability of stressors. Rows represent targets at
different scales of ecological organisation. These are the variables that may be of interest when assessing the
response of ecosystems to multiple, simultaneous stressors. Columns represent different stressors or their
combinations. When a stressor is by itself (for example, Temperature), this means that the stressor combines
additively with other stressors. When a stressor occurs with another (for example, Temperature x Nitrogen), this
means the effects of one stressor depend on the other (interaction). Colours represent the magnitude and direction
of the effect of a stressor, or combination of stressors, on each target. (a) Stressors are more predictable at the
population scale because they all combine additively, whereas prediction may be harder at the community and
ecosystem scales due to complex two- and three-way interactions. Consistency by scale is also visible: at a given
scale, all stressors combine in the same way. For example, all stressors combine additively at the population
scale, and all stressors are involved in two-way interactions at the community scale. (b) Shows consistency by
stressor, where a stressor has a similar effect on targets, whether combining additively or interactively with other
stressors. In this case, nitrogen consistently has a strong negative effect (all columns involving the nitrogen
stressor have the same strongly negative effect size). (c) Consistency by target, where targets are affected similarly
by different stressors. For example, the abundance of species 3 is similarly affected by temperature, nitrogen and
hunting. (d) No pattern of consistency or predictability. Note that this figure is a caricature to demonstrate
different forms of consistency and there is no intention to suggest the specific patterns shown are likely to occur
in nature. For example, interactive effects can occur at all scales, not just at the community and ecosystem scales
as shown in Figure 2a. Moreover, we focus on three scales purely for visual simplicity; in a real analysis, the

metabolism/physiology and individual scales are also important to include.
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Figure 3: We propose seven criteria (central blue) that models must satisfy to generate informative, simulated
data from which effect sizes can be estimated to quantify the impacts of multiple, interacting stressors. Models
that meet these seven criteria provide a platform for developing a general theory for the predictability and
consistency of multiple stressor effects. The criteria are motivated by a recent specification of several critical
attributes for predictive models 1%, We are currently unaware of any model that meets all seven criteria; here
we present four that have been used to evaluate multiple stressor effects on ecological communities and that
possess several of the criteria. The Allometric Trophic Network (e.g. Bioenergetic Food Web Model %) and the
Size-Spectra modelling frameworks 123 are two that offer extensive opportunities because they meet many of the
criteria and may also potentially accommodate rewiring — the re-allocation of network links associated with
loss or gain of species in the network (see text). The Trophic Network and IBM examples are notable because of
the detail specified on how various stressors might impact at different ecological scales. Motivating references
for each criteria: Access 12%; Biodiversity 12%128; Interaction Diversity 12%1%8; Rewiring 1!1:113114.116- Scalable 120;

Predictions 1371119; Feedback 120128,
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Allometric Trophic Network Model

Example: The Bioenergetic Food Web Model (Delmas et al, Williams
etal)

Mechanistic model of biomass dynamics of species in food webs; links
metabolism, growth and consumption with body size; temperature scaling
is considered

Stressors have access points at metabolism/
Access physiology, individual, population and community
scales
T, 0 Species, trophic, metabolic class and feeding
Biodiversity group diversity represented
Interaction Interspecific predation, intraspecific competition/
Diversity density dependence, indirect effects
Rewiring NA
Allometry allows a few equations to represent
Scalable high-diversity communities
Predictions Combined effects of stressors are emergent
properties at a variety of ecological scales
Feedback between body size distribution,
Feedback structure and dynamics

IBM/Dynamic Energy Budget
Example: Galic et al 2018

Individual based, dynamic energy budget model; often focused on
physiological mode of action

Stressors have access points at metabolism/
Access physiology, individual, population and community
scales (limited)

Biodiversity NA

Interaction Physiology and infraspecific density dependence

Diversity

Rewiring NA

Scalable NA

Predictions Combined effects of stressors are emergent
properties at a variety of ecological scales

Feedback NA

The Seven Criteria

1. Access

Possess multiple access points or targets for
stressors to generate their effects

2. Biodiversity

Represent multiple species, size classes or
metabolic classes, spanning multiple trophic or
feeding groups

3. Interaction
Diversity

4. Rewiring

Represent multiple types of interaction types, direct
(e.g. predation/competition) and indirect (e.g.
trophic cascades) effects

Allow species losses or insertions to drive
mechanistic change in the distribution of links
among species as resource options change.

5. Scalable

Represent high diversity systems with a small
number of equations, e.g. through allometry

6. Predictions

The combined effects of stressors generate
responses at the scales they enter and at higher or
lower ecological scales

7. Feedback

Trophic Network Model

Example: Rosenblatt et al 2017

Mechanistic model of tri-trophic biomass dynamics; links metabolism,
growth and consumption to temperature and CO» scaling

Stressors have access points at metabolism/
Access physiology, individual, population and community
scales
Biodiversity Three trophic levels (limited)
Interaction Interspecific predation, intraspecific competition/
Diversity density dependence, indirect effects
Rewiring NA
Scalable NA
Predictions Combined effects of stressors are emergent
properties at a variety of ecological scales
Feedback NA

Allow changes in, and feedback between, traits,
structure and dynamics

Size Spectra
Example: mizer (Scott et al 2014)
Mechanistic model of density per unit mass per unit volume for organisms

of mass m at time t; integrates metabolism, body size, consumption and
growth; temperature scaling is considered

Stressors have access points at metabolism/
Access physiology, individual, population and community
scales
T - Size spectra maps on to species diversity and
Biodiversity trophic groups; species-resolved versions exist
Interaction !nterspec.lfllc and |mr.a.spec|f|c Predatlon,
" " intraspecific competition/density dependence,
Diversity indirect effects
Rewiring NA
Allometry allows a few equations to represent high
Scalable diversity communities
Predictions Combined effects of stressors are emergent
properties at a variety of ecological scales.
Feedback between body size distribution,
Feedback structure and dynamics
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