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ARTICLE INFO ABSTRACT
Editor: Martin Drews Understanding the cumulative effects of multiple stressors is a research priority in environmental science. Ecological
models are a key component of tackling this challenge because they can simulate interactions between the components
Ke)’WO’de of an ecosystem. Here, we ask, how has the popular modeling platform Ecopath with Ecosim (EWE) been used to model
Cumulative human impacts related to climate change, land and sea use, pollution, and invasive species? We conducted a literature
fnff;:tct review encompassing 166 studies covering stressors other than fishing mostly in aquatic ecosystems. The most
Multiple stressors modeled stressors were physical climate change (60 studies), species introductions (22), habitat loss (21), and eutro-
Modeling phication (20), using a range of modeling techniques. Despite this comprehensive coverage, we identified four gaps
Ecopath that must be filled to harness the potential of EWE for studying multiple stressor effects. First, only 12% of studies in-

vestigated three or more stressors, with most studies focusing on single stressors. Furthermore, many studies modeled
only one of many pathways through which each stressor is known to affect ecosystems. Second, various methods have
been applied to define environmental response functions representing the effects of single stressors on species groups.
These functions can have a large effect on the simulated ecological changes, but best practices for deriving them are yet
to emerge. Third, human dimensions of environmental change — except for fisheries — were rarely considered. Fourth,
only 3% of studies used statistical research designs that allow attribution of simulated ecosystem changes to stressors'
direct effects and interactions, such as factorial (computational) experiments. None made full use of the statistical
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possibilities that arise when simulations can be repeated many times with controlled changes to the inputs. We argue
that all four gaps are feasibly filled by integrating ecological modeling with advances in other subfields of environmen-
tal science and in computational statistics.
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1. Introduction

Many ecosystems are degraded by multiple stressors resulting from
global change and local human activities (Halpern et al., 2015;
Vorosmarty et al., 2010; Williams et al., 2020). Human impacts caused by
these stressors pose profound risks to biodiversity and nature's contribu-
tions to people including ecosystem services (Di Marco et al., 2018;
IPBES, 2019). Food web structure and functional redundancy of species
and interactions can buffer against stress but may be overwhelmed by mul-
tiple stressors (Nagelkerken et al., 2020). Understanding ecosystem-scale
cumulative effects of multiple stressors is consequently a research priority
and one of the scientific challenges raised by the UN Ocean Decade
(Mason et al., 2017, Ryabinin et al., 2019, Gissi et al., 2021). Yet multiple
stressor effects are complex and characterized by non-linear ecosystem re-
sponses, stressor interactions, and feedback mechanisms (Coté et al.,
2016; Crain et al., 2008; Darling and Co6té, 2008; Hunsicker et al., 2016;
O'Connor et al., 2021). Laboratory experiments have provided fundamental
information about multiple stressor effects but cannot be directly translated
into ecosystem-scale impacts in nature. In contrast, field research can reveal

human-driven changes at the ecosystem scale, but the cost of field data col-
lection and potential for confounding from unmeasured variables limits its
ability to identify causal mechanisms.

Models are therefore a necessary component of the toolkit for investi-
gating ecosystem-level cumulative effects (Hodgson and Halpern, 2018).
The most common modeling approaches are simple, for example, assuming
linear ecosystem responses to stress and no interactions between stressors
(Halpern et al., 2008; Korpinen and Andersen, 2016). Such simple models
can yield important insights, e.g., into hotspots of anthropogenic stress,
but their outputs can be highly uncertain (Gissi et al., 2017; Stock et al.,
2018a; Stock and Micheli, 2016) and comparisons with field data have
yielded mixed results (Clark et al., 2016; Stockbridge et al., 2021).
Using models that ignore the complex interactions that characterize cu-
mulative human impacts for decision making can underestimate im-
pacts resulting from stressor interactions and lead to inefficient
environmental management (Arrigo et al., 2020; Brown et al., 2014).
Understanding, predicting, and managing cumulative human impacts
at the ecosystem scale thus remains a grand challenge (Borja et al.,
2020; Bundy et al., 2021).
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An important step towards better modeling of multiple stressor effects
and cumulative human impacts is the integration of species interactions
via food web modeling (Giakoumi et al., 2015). Multi-species ecological
models such as Ecopath with Ecosim and its spatial extension Ecospace
(henceforth, EwE; Christensen and Walters, 2004) and Atlantis (Fulton
et al., 2011) are in principle able to represent the dynamics of food webs
under stress (Griffith et al., 2011; Griffith et al., 2012; Villasante et al.,
2016) but have so far been limited to analyzing combinations of few
stressors (Hodgson and Halpern, 2018). Here, we focus on EwE, a widely
used ecosystem modeling tool that has both scientific and practical applica-
tions (Christensen and Walters, 2004; Vasslides et al., 2017a), with three
core components. Ecopath is a mass-balanced food web model representing
average trophic flows between functional groups consisting of one or more
species as well as detritus compartments. Ecopath models incorporate esti-
mates of known parameters such as biomass and diet composition of the
functional groups and derive unknown parameters such that all energy is
accounted for. Ecosim uses a balanced Ecopath model for simulations
through time (e.g., showing ripple effects of fishing at high trophic levels
through the food web), and Ecospace allows for spatiotemporal simula-
tions. EWE is commonly used to address questions about fisheries and eco-
system functioning (Colléter et al., 2015). In early applications of EwE,
other stressors such as climate change had to be represented by ad-hoc
modifications to the model (Overholtz and Link, 2009). Yet EwE's capabil-
ities have expanded, and many stressors and their interactions have now
been investigated (Coll et al., 2015). For example, an EwE-based global
model for predicting climate impacts on marine ecosystems is included in
the Fisheries and Marine Ecosystem Model Intercomparison Project
(Tittensor et al., 2018).

Given that EwE has limitations but also potential for cumulative impact
research, we answer three questions based on a literature review. First, how
have individual human activities and stressors been modeled in EWE? Sec-
ond, which research designs are commonly used to investigate cumulative
effects with EwE (e.g., experimental designs vs. qualitative comparison of
scenarios), and which indicators of environmental change are frequently re-
ported? Third — given that cumulative effects research must be an interdis-
ciplinary undertaking (Hodgson et al., 2019) — how can EwE be best
integrated with other approaches to cumulative effects research and com-
putational methods? To answer these questions, we present a review of
studies that simulate human activities and stressors other than fishing
with EwE (because EwE is a well-documented tool for simulating fisheries,
we considered studies that simulated fishing but no other human activities
or stressors out of scope). This review can serve as a guide for modelers who
wish to include human activities and stressors in EWE simulations and can
help researchers and practitioners judge the suitability of EWE as a model-
ing platform for answering specific questions about cumulative effects. We
also identify four research gaps in the literature and propose an interdisci-
plinary framework to fill them, combining EwE with methods from other
research fields relevant to understanding the cumulative effects of multiple
stressors on nature and people.

2. Methods

Below we describe the two main aspects of our comprehensive synthetic
review: the identification of relevant literature, and the categorization of
studies in relation to our research questions. We then briefly explain how
we addressed differences in terminology between studies.

2.1. Identification of studies

The literature search comprised three steps: 1) an initial search using
broad search terms and relevant collections of EwE-based studies; 2) a
search with expanded search terms that were updated based on the studies
identified in step 1; and 3) the selection of articles to include in the review
based on various criteria. We first searched for literature with this proce-
dure in autumn 2020 and repeated all steps again in January 2022 to in-
clude up-to-date publications to the extent possible.
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In the first step, an initial literature base was compiled from three
sources. (a) We searched the Web of Science using the search terms:
(ecopath OR ecosim OR ecospace) AND (((cumulative OR combined OR
synergistic OR antagonistic OR accumulating OR collective) NEAR/2
(impact* OR effect*)) OR (stressor* OR activit* OR anthropogenic)).
Only titles, keywords and abstracts were included in the search. (b) We
searched EcoBase, a database of EwE models, for relevant articles
(Colléter et al., 2015). EcoBase contained metadata (including literature
references) for 470 models at the time of search. (¢) We included a collec-
tion of articles describing EWE applications compiled by one of the model's
developers (co-author V. Christensen, personal communication).

In the second step, we expanded the initial literature base using a wider
range of search terms that occurred in articles from the first step. This in-
volved searching the Web of Science again for specific human activities
that were modeled in the initial body of literature, using the search phrase:
(Ecopath OR Ecosim OR Ecospace) AND (climate OR warming OR temper-
ature OR acidification OR farm OR aquaculture OR mariculture OR acidifi-
cation OR “offshore energy” OR eutroph* OR “habitat loss” OR “habitat
degradation” OR noise OR shipping OR dam OR hydropower OR “Freshwa-
ter diversion” OR pollut* OR contamin* OR invasive OR alien OR reintro-
duction OR rewilding OR construction OR dumping). The purpose of this
search was to find articles about modeling stressors (e.g., “ocean warming”)
that did not mention the general search terms (e.g., “stressor”) and were not
included in Ecobase and the personal collection of articles of Step 1. We
only considered literature written in English and published journal articles,
except in rare cases where other document types addressed human activi-
ties, stressors, modeling techniques, or applications that were not repre-
sented in journal articles. These criteria resulted in the inclusion of one
Master's thesis, one book chapter, and one proceedings article, after evalu-
ating all documents as described in the next paragraph. After removing du-
plicates, this process resulted in a final collection of over 1000 documents.

In the third step, we scrutinized each document more closely to ensure
that it was within scope. This step involved reading the title, abstract, and
keywords for each document. We retained a document if and only if these
elements mentioned at least one human activity or stressor other than fish-
ing, yielding 322 documents for full examination. While we excluded arti-
cles that investigated effects of fishing and other forms of direct
exploitation (e.g., hunting) alone, we included articles that investigated
the combined effects of fishing and at least one other stressor. For these ar-
ticles, we counted fishing as a separate stressor if its effects were explored
(e.g., an article simulating warming and fishing scenarios was counted as
modeling two stressors). After full reading, a document was included in
the review if it investigated ecological or socioeconomic effects of one or
more human activities or stressors by means of an EWE model (possibly in
combination with other models). In addition to human stressors, we in-
cluded research investigating the effects of past climate on ecosystems, be-
cause distinguishing the effects of natural and anthropogenic climate
variability and trends in historical simulations is not always possible and
because the modeling techniques are similar. In contrast, we excluded doc-
uments that explored environmental changes without attribution to specific
human activities or stressors (e.g., Duan et al., 2009) and research that char-
acterizes ecosystems under stress but does not explicitly investigate ecosys-
tem change (e.g., Arbach Leloup et al., 2008; Barausse et al., 2009). After
applying these selection criteria, 166 articles were analyzed in the review.

Eight studies presented several Ecosim or Ecospace models for different
study areas. Such studies were counted as a single study throughout the
manuscript because they investigated the same stressors with the same
techniques in all cases.

2.2. Categorization of studies

To summarize this body of literature, we grouped individual research
articles based on the human activities and stressors that they modeled,
using human activity and stressor categories that emerged from the litera-
ture itself. For example, we identified a set of research articles that investi-
gate potential impacts of offshore wind farms with similar research
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questions and objectives; we therefore treated offshore energy as a separate
category of human activity.

To illustrate how the emerging stressor categories fit into broader
knowledge needs, we related them to five broad drivers of environmental
change that have been identified as most important globally (IPBES,
2019): Land and sea use changes (e.g., agricultural expansion and habitat
loss to coastal infrastructure), direct exploitation such as fishing and log-
ging, climate change, pollution, and invasive species. We acknowledge
that other groupings are possible, and that some human-driven environ-
mental changes fit into several stressor categories. For example, models in-
vestigating the shrinking extent of sea ice were included in counts for both
the climate change and the habitat loss category. Conversely, broad catego-
ries such as physical climate change and eutrophication could have been
split into several stressors.

Categories of ecological indicators and research designs also emerged
from the literature itself, i.e., they were defined after reading all studies in-
cluded in the review based on properties that many studies shared.

Some stressors were covered in prior literature reviews. Vasslides et al.
(2017a, 2017b) review modeling approaches for eutrophication, salinity
changes, and habitat restoration in coastal systems. Coll and Libralato
(2012) review applications of EWE in the Mediterranean Sea, including re-
search investigating anthropogenic stressors. None of these reviews in-
cluded articles beyond 2014. Hence, for studies that were covered in
prior reviews, we included them in the analyses but discuss them only
briefly.

2.3. Concepts and terminology

Broadly speaking, human activities generate one or more stressors (or
pressures) which can affect vulnerable ecological components (Murray
et al., 2014). Regarding multiple stressor effects, there are terminological
challenges such as discrepancies in operational definitions of synergistic
and antagonistic interactions (Piggott et al., 2015). The literature included
in this review encompassed both human activities (e.g., aquaculture) and
stressors (e.g., ocean warming). For simplicity, we use the term “stressor”
in the remainder of this review to refer to either a human activity or a
stressor that can cause ecological changes (including positive effects on
some species, e.g., by creating artificial habitat). Furthermore, we do not
distinguish strictly between “effects” and “impacts”. When summarizing lit-
erature, we use terminology such as synergism and antagonism following
the respective authors, recognizing that different authors likely use these
terms somewhat differently.

3. Literature summary
3.1. Overview
We identified 166 articles fulfilling the criteria for inclusion in this re-

view. Of these articles, 21% presented spatiotemporal simulations with
Ecospace and 59% presented non-spatial simulations with Ecosim. The
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remaining 20% of articles used static Ecopath models to investigate ecosys-
tem changes along stressor gradients (e.g., before and after a biological in-
vasion). Most articles focused on marine (82% including estuaries) and
freshwater systems (15%). A single article focused on a terrestrial system
(Fretzer, 2015), and some articles included both terrestrial and aquatic
components (2%). For example, Reyes-Martinez et al. (2015) built a food
web model for a sandy beach, and Capitani et al. (2021a) modeled the
loss of floodplain forest habitat. While we did not exclude any ecosystem
types from this review a priori, the existing literature and therefore our re-
sults pertain mainly to aquatic systems.

Study areas covered all continents but were most concentrated in
Europe and North America (Fig. 1A; this may partially reflect the exclusion
of literature in languages other than English). The number of papers inves-
tigating stressors other than fishing increased over the last two decades,
peaking at 27 papers in 2021 (Fig. 1B). Spatiotemporal simulations with
Ecospace have become more frequent after 2015. This growth coincides
with a general increase in EwE-based studies over the last decades: Accord-
ing to the Web of Science, the number of publications mentioning Ecopath,
Ecosim or Ecospace in their title, abstract, or keywords increased from 40 in
the 1990s to 325 in the 2000s and 678 in the 2010s.

The modeled food webs were detailed, containing on average 33 func-
tional groups (median), with a minimum of 7 and a maximum of 108. In
contrast, most papers investigated only few stressors: one (57%), two
(31%), or three (10%; Fig. 2A). These percentages should be interpreted
as coarse estimates because they depend on our classification of stressors.
For example, five studies modeled sea ice loss together with other aspects
of climate change; sea ice loss is caused by climate change, but we counted
habitat loss and physical climate change as two separate stressors (see
Section 2.2 for other effects of our classification decisions on counts).
While the first multi-stressor studies appeared in the early 2000s, they
have been most common since 2014 (Fig. 2B), and there is recent progress
towards modeling a more comprehensive set of human activities and
stressors (Section 5.4).

3.2. Linking with external models

About 21% of studies linked EWE with other models. These linked
models largely addressed climate (to incorporate future physical condi-
tions) and biogeochemical aspects (simulating lower-trophic level dynam-
ics, with biomasses replacing those of the respective functional groups in
the EwE models). In most cases, models were linked via external model out-
puts feeding into EWE, but there were some examples of two-way coupling
(EwE simulations drawing on the outputs of an external model, and EwE
outputs feeding back into that model; Beecham et al., 2015; Fulton, 2011;
Kearney et al., 2012).

3.3. Indicators of human impact

Most studies reported a small number of indicators of environmental
change (median 2, counting measures such as biomass that are often

Model
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o

Fig. 1. Study areas of reviewed articles (A, excluding one global-scale study) and number of articles per year investigating one or more human activities or stressors other than

fishing with Ecopath only, Ecosim, and Ecospace (B).
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(B), percentages of studies that reported one or more indicators falling into various categories (C, see Section 3.3), and percentages of studies that employed different research

designs to investigate the effects of one or more stressors (D, see Section 3.4).

reported for each functional group separately as one indicator), but one re-
ported 28. The largest number of indicators were reported by studies com-
paring static Ecopath models (median: 12 indicators), likely due to
historical limitations of the EWE software; however, a broad set of indica-
tors can now be easily calculated for temporal and spatiotemporal models
with the ECOIND plugin (Coll and Steenbeek, 2017). Most reported indica-
tors fell into six broad groups (Fig. 2C). First, 77% of articles reported
changes in the biomass of species or functional groups, making it the
most frequently reported indicator. Second, 43% of articles reported indica-
tors describing ecosystem structure and functioning, such as total system
throughput, mean trophic level, ascendancy, Finn's cycling index, and Sys-
tem Omnivory Index. Such indicators were especially frequent in articles
comparing static Ecopath models. Third, 32% of articles reported indicators
related to extractive ecosystem services, especially fishing (e.g., catch, land-
ings). Fourth, 17% of articles reported indicators related to biodiversity like
a modified Kempton index (Ainsworth and Pitcher, 2006). Because the
number of species in EWE models is fixed, these indices represent species
evenness, not richness. Fifth, 7% of articles reported indicators describing
contaminant accumulation in biota. Sixth, only 3% of papers reported indi-
cators representing non-extractive ecosystem services, such as carbon se-
questration and recreational opportunities. Finally, 5% of papers reported
indicators that did not clearly fit into one of the five categories. For exam-
ple, Uusitalo et al. (2022) summarized the results of EWE and other models
in a Bayesian Network estimating the risk of failing to achieve Good
Environmental Status for several descriptors (sensu the European Union's
Marine Strategy Framework Directive) under different climate and
management scenarios.

3.4. Research designs

Most reviewed articles employed one of four broad research designs
(logical frameworks leading from data and models to conclusions about en-
vironmental change; Fig. 2D): (1) comparisons of static Ecopath models
along temporal or spatial stressor gradients; (2) historical simulations
aiming to reproduce and explain past environmental changes driven by
one or more stressors; (3) scenario simulations that modify stressors
based on anticipated future changes (e.g., climate scenarios) or hypotheti-
cal considerations, and that compare simulation results across scenarios
qualitatively; and (4) factorial experimental designs with two or more

stressors as independent variables. The following paragraphs explain
these designs.

Comparisons of static Ecopath models along stressor gradients were pre-
sented in 18% of articles. This research design investigates ecological
changes by constructing two or more models of the food web at different
times (e.g., before and after a biological invasion; Stewart and Sprules,
2011) or along spatial gradients of stress (e.g., along a eutrophication gra-
dient or at a sediment dumping site and a control site; Patricio and
Marques, 2006; Pezy et al., 2018). Broadly speaking, this research design
uses Ecopath as a tool to aggregate data from different times or locations
into food web models and then compares indicators describing
ecosystem-level characteristics such as nutrient recycling.

Historical simulations were presented in 18% of articles. Like compari-
sons of static Ecopath models, historical simulations serve to understand
past ecological change. In contrast to static models, ecosystem dynamics
are explicitly simulated through time. For example, testing how much the
inclusion of specific time series improves model fit allows insights into
which factors drive observed ecosystem changes: Bentley et al. (2020) com-
pared simulations of the Irish Sea ecosystem with and without incorporat-
ing time series of environmental variables such as depth-integrated
temperatures. This enabled them to explain a slow recovery of stocks
after a reduction in fishing effort: the changes in effort coincided with
changes in environmental conditions that reduced recruitment. As another
example, Hoover et al. (2013a, 2013b) compared simulations for Hudson
Bay incorporating time series describing hunting for marine mammals, ris-
ing temperatures, and reduced sea ice extent with simulations without
hunting, warming and sea ice loss.

Scenario simulations were presented in 55% of articles. In this research
design, an Ecopath model is first built with past data. Ecosim or Ecospace
then simulate the ecosystems in two or more scenarios (e.g., ocean warming
according to a climate scenario vs. a baseline scenario with no warming).
Typically, changes in biomasses and other indicators are then compared
across scenarios without quantification of individual stressor effects or
stressor interactions. While scenario simulations sometimes include past
time periods for model fitting and to test if the model can reproduce histor-
ical patterns, this research design serves to explore potential ecological
changes that have not (yet) occurred in the real world. The investigated sce-
narios included simple hypothetical scenarios (e.g., varying primary pro-
duction from —30% to 30% as a potential range of climate-induced
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changes; Watson et al., 2013), what-if scenarios (e.g., what if sea otters had
not been reintroduced on Vancouver Island; Gregr et al., 2020), and more
detailed future scenarios. For example, Serpetti et al. (2017) compared sim-
ulations for a baseline scenario with current temperatures and fishing to
scenarios characterized by fishing at maximum sustainable yield and tem-
perature increases according to four IPCC Representative Concentration
Pathways of atmospheric greenhouse gases. However, only two articles
(Bauer et al., 2019; Hyytidinen et al., 2021) used detailed scenarios for
stressors other than climate and fishing, both building on previously devel-
oped socioeconomic trajectories for the Baltic Sea region (Zandersen et al.,
2019).

Factorial experimental designs with multiple stressors as variables were
presented in 3% of articles. In this research design, two or more stressors
each take on discrete levels of intensity and simulations are run for all com-
binations of levels. For example, Kao et al. (2014) conducted simulations
for a bay of Lake Huron with three levels each for three stressors: Nutrient
loads and biomasses of two invasive species. In contrast to scenario simula-
tions, this more systematic variation of stressors allows quantification of di-
rect stressor effects and interactions, yet this possibility has rarely been
exploited.

Research designs different from the four categories above were pre-
sented in 5% of articles. These included, e.g., descriptions of a serious gam-
ing platform where Ecospace provides ecosystem responses to human
activities in a marine spatial planning game (Goncalves et al., 2021;
Steenbeek et al., 2020) and simulations of contaminant accumulation in
the food web without consideration of specific scenarios (e.g., Tierney
etal., 2018).

The following sections review in greater detail the approaches taken by
articles comparing static Ecopath models (Section 4) and simulation-based
research designs (historical simulations, scenario simulations, factorial ex-
periments, and a simulation-based serious game with implications for sim-
ulating many stressors together; Section 5). In contrast to studies using
static Ecopath models, the techniques available to represent stressors in
simulations are different for each stressor. Therefore, Section 4 discusses
all stressors together, whereas Section 5 describes modeling techniques
for each stressor in a separate subsection.

4. Assessing stressor effects with static Ecopath models

Thirty articles compared Ecopath models along stressor gradients in
space or time, investigating a variety of human activities and stressors
(Table 1).

The stressors that were most frequently studied in this way were cli-
mate, invasive species, and eutrophication, each with six studies. Studies in-
vestigating climate effects compared Ecopath models, e.g., for different
ENSO phases (Jorge-Romero et al., 2021; Yin et al., 2021; Tam et al.,
2008), before and after observed ecosystem changes attributed to climate
change (Chevillot et al., 2019), and during multi-year periods of different
sea surface temperature variability (Hernandez-Padilla et al., 2021). Stud-
ies investigating the effects of invasive species compared Ecopath models
for times before and after the arrival of the new species (Yin et al., 2022;
Corrales et al., 2017b; Akoglu et al., 2014; Stewart and Sprules, 2011).
Some studies also included Ecopath models describing the system while
the new species became established (Colvin et al., 2015; Downing et al.,
2012). Most studies investigating the effects of eutrophication compared
Ecopath models for different times between which nutrient inputs changed
or new nutrient management measures were implemented (Baeta et al.,
2011; Brando et al., 2004; Watson et al., 2020; Xu et al., 2016). One
study instead compared Ecopath models for the same time but constructed
for different locations along a spatial eutrophication gradient (Patricio and
Marques, 2006). Studies investigating other stressors compared Ecopath
models, e.g., before and after the construction of a wind farm (Wang
et al., 2019), for a sediment dumping site and a control site (Raoux et al.,
2020), and for a heavily visited urban beach versus a nearby beach in a
protected area (Reyes-Martinez et al., 2015). While most of these studies fo-
cused on single stressors, Akoglu et al. (2014) compared four Ecopath
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Table 1
Human activities and stressors that have been investigated by comparing static
Ecopath models.

Stressors References

Climate Chapman et al., 2020; Chevillot et al., 2019; Hernandez-Padilla

et al., 2021;

Jorge-Romero et al., 2021; Tam et al., 2008; Yin et al., 2021

Akoglu et al., 2014; Colvin et al., 2015; Corrales et al., 2017b;

Downing et al., 2012; Stewart and Sprules, 2011; Yin et al., 2022

Land and sea use
Aquaculture
Offshore energy
Eutrophication

Invasive species

Diaz Lépez et al., 2008; Kluger et al., 2016; Phong et al., 2010
Burkhard et al., 2011; Wang et al., 2019

Akoglu et al., 2014; Baeta et al., 2011; Brando et al., 2004;
Patricio and Marques, 2006;

Watson et al., 2020; Xu et al., 2016

Urbanization Reyes-Martinez et al., 2015
near beach

Pollution
Deepwater Lewis et al., 2021

Horizon spill
Other stressors

Sediment Pezy et al., 2018; Raoux et al., 2020
dumping

Hydropower Wang et al., 2017; Lima et al., 2020
dam

Flow regulation ~ Yang and Chen, 2013

Freshwater Jorge-Romero et al., 2019
discharge

models for the Black Sea spanning a 50-year period including eutrophica-
tion and a subsequent reduction in nutrient inputs, fisheries collapse, and
biological invasions.

Beyond analyses of past ecosystem changes, Ecopath has been used to
compare results of external simulation models and scenarios. For example,
Burkhard et al. (2011) simulated possible changes in bird species distribu-
tions and sedimentation effects on low-trophic level species resulting
from the construction and operation of a proposed wind farm and com-
pared Ecopath models with and without these potential future changes.
Chapman et al. (2020) compared Ecopath models constructed with current
data and incorporating biomass changes expected under different climate
scenarios.

All studies compared the Ecopath models using combinations of various
ecosystem indicators describing the food web. Specifically, these indicators
described changes in the system's throughput (reported in 73% of studies),
omnivory (63%), production (63%), the ratio of production and biomass
(63%), cycling (Finn's index; 60%), ascendancy (53%), and the ratio of pro-
duction and respiration (53%). In addition to such network indicators,
many studies reported total or focal species biomass (50%) or indicators de-
scribing fisheries (33%). Other types of indicators were rarely reported.
Qualitatively comparing which indicators were reported for different
stressors, we found no systematic differences.

While the scope of this review is strictly on models that investigate eco-
system change, it is worth noting that mixed trophic impact or keystoneness
indices calculated for single Ecopath models of systems with established in-
vasive species can clarify their role in the food web (e.g., Arbach Leloup
et al.,, 2008; Khan and Panikkar, 2009; Michailidis et al., 2019;
Villanueva et al., 2008).

5. Human activities and stressors in Ecosim and Ecospace models
5.1. Overview of modeling techniques and terminology

Because EwE involves complex ideas and terminology, understanding
how articles modeled human stressors in ecosystems requires knowledge
of key capabilities of this modeling platform, and the terms used to describe
those. The most used capabilities were forcing functions, environmental re-
sponse functions, and mediation functions. About 80% of articles used one
or more of these capabilities, and among them, forcing functions were the
most common (over 60% of articles; in part reflecting that forcing functions
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were available in the software earlier than environmental response func-
tions). Less frequently used capabilities were discrete habitat types, marine
protected areas, and fishing fleets used to model stressors other than fish-
ing. The rest of this section introduces these key capabilities for readers un-
familiar with this EwE-specific terminology.

Forcing functions in Ecosim are time series of a multiplier to one of a
functional group's biological parameters. For example, many articles inves-
tigating impacts of climate and nutrient changes used forcing functions to
simulate anticipated changes in phytoplankton biomass (e.g., Osterblom
et al., 2007). Furthermore, forcing functions play a second, technical role
in the EwE software, where they serve to provide input time series for envi-
ronmental variables to which response functions (see below) are provided.

Environmental response functions (sometimes called preference functions)
can represent the functional groups' tolerances to environmental conditions
(which can include stressors such as underwater noise). They do so by mak-
ing a functional group's relative foraging arena size a function of environ-
mental conditions. For example, various recent publications include
environmental response functions to water temperature for all functional
groups as a mechanism to simulate effects of global warming. The environ-
mental conditions are provided in Ecosim as time series of scalars (techni-
cally, as forcing functions, see above) and in Ecospace as (time varying)
maps. Both Ecosim and Ecospace use environmental conditions and envi-
ronmental response functions to calculate a species niche in the system:
in Ecosim one niche value for the entire system; in Ecospace a niche value
per grid cell. In the next version of the EWE software (6.7), it will be possible
to modify mortality directly via environmental response functions, includ-
ing in response to contaminant buildup simulated with Ecotracer (see
below).

Mediation functions can represent indirect ecological effects, where one
group's biomass has implications for other groups through non-trophic in-
teractions (i.e., by means other than direct predation/herbivory). Thus, a
group's parameters like vulnerability to predation become dependent on
the biomass of one or more other groups. Mediation functions were often
used to emulate changes in biogenic habitat that provides shelter for
prey. For example, Alva-Basurto and Arias-Gonzalez (2014) modeled
coral bleaching by means of a forcing function relating mortality to temper-
ature, and the resulting habitat loss as mediation function where coral bio-
mass affected the vulnerabilities of small fish to predation.

Discrete habitat types allow modeling of functional groups' binary habitat
preferences (preferred or not preferred) and were used in 5% of articles.
Changes in habitat related to human activity can be explored by modifying
the habitat map provided to Ecospace. For example, Alexander et al. (2016)
added artificial reef habitat to represent hard substrate provided by off-
shore energy installations.

Marine protected areas (MPAs) in Ecospace represent areas where some
or all types of fishing are excluded. This capability can also be used to rep-
resent conflicts between fishing and other human activities (for example,
exclusion of fishing from offshore wind farms; Alexander et al., 2016). It
has also been employed as a workaround to simulate species introductions
from seed cells (Espinosa-Romero et al., 2011).

Fishing fleets in EWE can be used to simulate biomass extraction other
than animals (e.g., kelp harvest; Vilas et al., 2021b), other mortality
(e.g., bird collisions with wind turbines; Fretzer, 2015), and short-term
mass mortality events (Fulton et al., 2018). They are also used to keep the
biomass of invasive species negligible until the time of introduction
(e.g., Langseth et al., 2012).

In addition to the core capabilities of the EwWE software described above,
there are several plug-ins that are directly relevant for modeling stressors,
specifically pollution and habitat change. First, Ecotracer simulates the ac-
cumulation of contaminants in the food web (Walters and Christensen,
2018). It has been available since the early 2000s and was used in most re-
viewed articles modeling pollution. In Ecotracer, contaminants enter bio-
mass pools through direct uptake from the environment, food, and
immigration. Contaminants leave the ecosystem through decay, biomass
extraction, and emigration; they move to the environment, other groups
or detritus through excretion, predation, or non-fishing mortality. Second,
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Ecoengineer is intended to represent the crucial role of ecosystem engineers,
i.e., functional groups that provide biogenic habitat. It creates maps of hab-
itat structural complexity based on the biomasses of these ecosystem engi-
neers. These maps can then be used in combination with environmental
response functions representing functional groups' reliance on structurally
complex habitat (Sadchatheeswaran et al., 2021). Given its publication in
2021, Ecoengineer was not yet used in any other publications at the time
the literature search for this review concluded.

5.2. Overview of modeled stressors

EwE has been used to investigate a broad collection of stressors beyond
fishing (Fig. 3, Table 2). Many stressors were first included in EWE models
in the 2000s, while others (e.g., underwater noise) have only recently been
studied with EwE. For all stressors, at least half of the studies (often more
and sometimes all) were published since 2015.

The most modeled stressor category was changes in the physical cli-
mate. This broad category encompassed various stressors such as future
warming and anticipated changes in primary production due to effects on
stratification and upwelling, as well as articles investigating the effects of
past climate variability. Accordingly, dividing this category into more de-
tailed stressors would have made it less dominant. The “Other infrastruc-
ture and stressors” category encompassed infrastructure such as ports and
desalination plants, freshwater and sediment diversion, and general physi-
cal disturbance and pollution. A detailed breakdown of modeled stressors
and summary of the applied modeling techniques are found in
Section 5.3. Then, Section 5.4 summarizes progress towards an Ecospace-
based simulation framework that can represent many human activities at
the same time.

5.3. Modeling individual stressors

5.3.1. Physical climate

Sixty studies investigated direct and indirect effects of the physical cli-
mate such as global warming and decadal oscillations. This section summa-
rizes research on future climate change as well as past climate variability,
because many modeling techniques can be applied in both situations, and
because anthropogenic change and natural variability cannot always be dis-
tinguished in historical simulations. We discuss ocean acidification sepa-
rately in Section 5.3.7.

Many historical simulations modeled climate impacts using forcing
functions based on time series of sea surface temperature, surface chloro-
phyll a, net primary production, or climate indices like the Pacific Decadal
Oscillation Index and the Atlantic Multidecadal Oscillation Index
(e.g., Arreguin-Sénchez et al., 2015; Field et al., 2006; Heymans et al.,
2007; Parrish et al., 2012). Such simulations have been used to disentangle
the effects of climate variations from fishing impacts, among other applica-
tions (e.g., Alms and Wolff, 2020; Shannon et al., 2008; Taylor et al.,
2008a). Historical time series of biomasses obtained from field surveys
and stock assessments across several ENSO cycles have also been simulated
with forcing functions (Taylor et al., 2008b).

To simulate potential effects of future climate change, EWE is typically
linked with climate and biogeochemical models that provide inputs de-
scribing future environmental conditions (e.g., temperature projections)
or variables related to lower trophic levels, such as future primary produc-
tion.

In many studies, forced primary production or phytoplankton biomass
stood in for aspects of climate change that could not be modeled directly
in EwE. For example, Lockerbie and Shannon (2019) represented expected
changes in wind-driven upwelling in the southern Benguela Current ecosys-
tem due to higher land-sea temperature gradients as increased primary pro-
duction.

In some studies investigating future climate change, such anticipated
changes in primary production were the only climate change effect consid-
ered. Phytoplankton biomass or production were forced, e.g., with func-
tions that empirically relate historical chlorophyll a and sea surface
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Fig. 3. Number of articles that investigated broad stressor categories in Ecosim or Ecospace simulations during different time periods (based on dates of publication). The

“2020 & later category” contains studies published until early 2022.

temperature anomaly data and with future biomasses obtained from bio-
geochemical and oceanographic models under climate scenarios (Bell
et al., 2013; Brown et al., 2010; Fulton, 2011; Fulton et al., 2018; Howell
et al., 2013; Lira et al., 2021; Neira et al., 2009; Woodworth-Jefcoats
et al., 2015). Other authors explored general primary production scenarios
to understand the potential for bottom-up ecosystem changes under differ-
ent climate conditions (Ortega-Cisneros et al., 2018; Suprenand and
Ainsworth, 2017; Watson et al., 2013). Phytoplankton were often repre-
sented as a single functional group, but sometimes split into a small number
of functional types or size classes.

Some studies modeled climate change by forcing or environmental re-
sponse functions for consumers as well as producers (Kumar et al., 2017;
Smith et al., 2021). Modeled effects on consumers included recruitment
and feeding interactions (i.e., vulnerabilities; Watters et al., 2003), biomass
changes of groups expected to be affected by climate and stratification
changes (Griffiths et al., 2010; Li et al., 2014), and zooplankton community
structure (Ainsworth et al., 2011). In many studies, one or more lower tro-
phic level groups such as phytoplankton and krill were simulated with ex-
ternal, climate-driven biogeochemical models (Whitehouse et al., 2021;
van Leeuwen et al., 2021). The estimated biomasses were then used to
force the respective groups in Ecosim models focused on higher trophic
levels and fisheries.

Ecospace models can be driven by spatiotemporal data such as satellite-
or model-derived time series of primary production, temperature, and salin-
ity maps (e.g., Christensen et al., 2015; Coll et al., 2016, 2020; Steenbeek
et al., 2013). Many studies investigated ocean warming impacts by means
of temperature-based forcing functions (Libralato et al., 2015) or environ-
mental response functions derived from geographic species distributions
for many functional groups (e.g., Bentley et al., 2020, 2017; Capitani
et al., 2021b; Corrales et al., 2018, 2017a; Serpetti et al., 2017; Vilas
etal., 2021a). Response functions to temperature were commonly obtained
from global databases of species distributions like AquaMaps (Kaschner
et al., 2019). Some authors adjusted such global data with the help of
local experts (Corrales et al., 2017a; Corrales et al., 2018; Vilas et al.,
2021b). Alternatively, environmental response functions for species groups
can be constructed from literature (Coll et al., 2016) or with statistical
models fitted, e.g., to local presence-absence or catch data (Hernvann
et al., 2020; Bourdaud et al., 2021; De Mutsert et al., 2021).

While forcing and environmental response functions were the most
widespread and general modeling techniques for including physical climate
change in EwWE models, some studies used more application-specific ap-
proaches. For example, Booth and Zeller (2005) used Ecotracer to model
the accumulation of methyl mercury in the food web and explored interac-
tions with climate change by making metabolic rates temperature depen-
dent. Sinnickson et al. (2021) explored the effects of river discharge,
affected by droughts and other climate phenomena, on an estuarine ecosys-
tem. Discharge and nutrient concentrations forced primary production, and

one species' foraging area was modified by a response function representing
general environmental conditions (availability of mangrove habitat and ris-
ing temperatures).

A series of studies simulated the combined effects of eutrophication,
fishing and climate change in the Baltic Sea (Niiranen et al., 2012, 2013;
Costalago et al., 2019; Ehrnsten et al., 2019; Bauer et al., 2018; Bauer
et al., 2019; Hyytidinen et al., 2021; Uusitalo et al., 2022). We summarize
these studies in Section 5.3.4 (“Eutrophication and deoxygination”). Stud-
ies investigating sea ice loss due to global warming (Dahood et al., 2020,
2019; Hoover et al., 2013a; Pedersen et al., 2021) are summarized in
Section 5.3.3 (“Habitat loss and restoration”).

5.3.2. Species introductions

Twenty-two studies modeled species introductions. We treat accidental
and intentional species introductions as one modeling problem, because
simulating potential ecological trajectories of a newly arrived species is
based on the same modeling approaches in both situations. While early
studies used ad-hoc workarounds — for example, Kitchell et al. (2000) emu-
lated an invasion of quagga mussels in Lake Superior by forcing a biomass
reduction of its main native competitor — more recent research has focused
on direct simulations of the arrival and establishment of new species.

A first challenge in modeling species introductions in EwE is that all
functional groups must be present in the initial Ecopath model. The general
strategy for simulating the introduction of a new species under this con-
straint is to include it in the Ecopath model but prevent it from affecting
other functional groups until the time of introduction. Langseth et al.
(2012) compare several ways to achieve this. Most commonly, the new spe-
cies is included in the initial Ecopath model with either high or very low
biomass (resulting in different balanced models). The new species' biomass
is then immediately reduced to near-zero by setting a high fishing mortality
(Arias-Gonzélez et al., 2011; Chagaris et al., 2020; Corrales et al., 2017a;
Gregr et al.,, 2020; Haak et al., 2017; Kumar et al., 2016a, 2016b;
Libralato et al., 2015; Pine and Kwak, 2007; Woodruff et al., 2021). Because
of its low biomass, the new species is in practice not affecting its predators
or prey. Fishing mortality is then removed at the time of introduction,
allowing the new species' biomass to grow from its low level. For historical
simulations, the biomass of the new species can be forced with time series
(Rogers et al., 2014; Sadchatheeswaran et al., 2020). For species that are
not yet established, growth can follow the EwWE simulation, be forced to cor-
respond to a theoretical model such as logistic growth (Corrales et al., 2018;
Haak et al., 2017), or be forced to grow to biomass levels observed in sim-
ilar systems where the new species is already established (Vilas et al.,
2021b). Although somewhat ad-hoc, slow or incomplete release from ini-
tially high fishing mortality can be used to emulate non-trophic barriers
to establishment, such as limited substrate availability or non-optimal tem-
peratures (Kumar et al., 2016a, 2016b). An alternative for keeping a new
species from affecting the rest of the food web until its introduction is to
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Table 2
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Overview of modeled stressors and common modeling techniques. This table is ordered by broad categories and does not follow the order of stressors listed in Fig. 3 or as
described in the main text.

Stressor

References Modeling techniques

Direct exploitation

Fishing, whaling,
sealing, hunting,
kelp harvest, ...

Climate change
Physical climate

Ocean acidification

Invasive species
Species introductions

EwE includes sophisticated functions for simulating fisheries and other biomass extraction. They are described in 100 s of publications and not discussed
further here.

Ainsworth et al., 2011; Alms and Wolff, 2020; Alva-Basurto and Arias-Gonzélez,
2014; Arreguin-Sanchez et al., 2015; Bauer et al., 2019; Beecham et al., 2015;

Forcing of primary production or phytoplankton biomass
Forcing functions based on, e.g., temperature anomalies or climate

Bell et al., 2013; Bentley et al., 2020, 2017; Booth and Zeller, 2005; Bourdaud indices
et al., 2021; Brown et al., 2010; Capitani et al., 2021a; Christensen et al., 2015;  + Environmental response functions to temperature based on geographic
Coll et al., 2016, 2020; Corrales et al., 2018, 2017a; Costalago et al., 2019; species distributions

Dahood et al., 2020, Dahood et al., 2019; de Mutsert et al., 2021; Ehrnsten et al., Coral bleaching as short-term mortality events (emulated as a fishery)
2019; Field et al., 2006; Fulton, 2011; Fulton et al., 2018; Griffiths et al., 2010; Environmental data from historical time series (e.g., satellite-measured
Hernvann et al., 2020; Heymans et al., 2007; Hoover et al., 2013b; Howell et al., sea surface temperature) or future projections from earth system models
2013; Hyytidinen et al., 2021; Kumar et al., 2017; Li et al., 2014; Libralato et al., Related habitat changes (e.g., sea ice loss): See section “Habitat loss and
2015; Lira et al., 2021; Lockerbie and Shannon, 2019; Neira et al., 2009; Niiranen restoration”

et al., 2013, 2012; Ortega-Cisneros et al., 2018; Parrish et al., 2012; Pedersen

et al., 2021; Serpetti et al., 2017; Shannon et al., 2008; Sinnickson et al., 2021;
Smith et al., 2021; Steenbeek et al., 2013; Suprenand and Ainsworth, 2017;
Taylor et al., 2008a, 2008b; Uusitalo et al., 2022; van Leeuwen et al., 2021; Vilas
et al., 2021a, 2021b; Watson et al., 2013; Watters et al., 2003; Weijerman et al.,
2018; Whitehouse et al., 2021; Woodworth-Jefcoats et al., 2015

Ainsworth et al., 2011; Alva-Basurto and Arias-Gonzélez, 2014; Busch et al.,
2013; Cornwall and Eddy, 2015; Schlenger et al., 2021; Zunino et al., 2021

Forcing functions for functional groups known to be sensitive to pH
Magnitude of effects defined based on effect sizes determined in review
or meta-analyses of experiments

Mediation functions for loss of biogenic habitat

.

Arias-Gonzalez et al., 2011; Chagaris et al., 2020; Corrales et al., 2018, 2017a; Inclusion of new species in food web model, but keeping biomass too

Espinosa-Romero et al., 2011; Gregr et al., 2020; Haak et al., 2017; Harvey and low to affect other groups until introduction via fishing mortality or
Kareiva, 2005; Kao et al., 2014; Kitchell et al., 2000; Kumar et al., 2016a; forcing
Langseth et al., 2012; Li et al., 2014; Libralato et al., 2015; Pine and Kwak, 2007; - Alternatively, forcing vulnerabilities to predation and of prey to zero to

Pinnegar et al., 2014; Rogers et al., 2014; Sadchatheeswaran et al., 2021, 2020; avoid affecting other functional groups until introduction

Vilas et al., 2021b; Wang et al., 2021; Woodruff et al., 2021 “Seed cells” representing locations from which newly introduced species
spread in Ecospace via MPAs

Biomass growth of new species simulated or forced with historical data,
data from similar systems where it is established, or theoretical models
such as logistic growth

Diet and other parameters of new species based on data from systems
where it is established or physiological considerations

Habitat changes (e.g., invasive ecosystem engineers): See section “Hab-
itat loss and restoration”

Land and sea use change

Habitat loss and
restoration

Eutrophication and
deoxygenation

Aquaculture

Offshore energy

Underwater noise

Biomanipulation

Alva-Basurto and Arias-Gonzélez, 2014; Capitani et al., 2021a; Dahood et al., Mediation functions adjusting vulnerabilities to predation or search
2020, 2019; de Mutsert et al., 2021; Espinosa-Romero et al., 2011; Fretzer, 2015; rates of affected species (e.g., increased vulnerability if relying on lost
Frisk et al., 2011; Goncalves et al., 2021; Gregr et al., 2020; Hoover et al., 2013a; habitat for shelter).
Lewis et al., 2016; Pedersen et al., 2021; Pitcher et al., 2002; Plummer et al., Forcing functions or environmental responses for functional groups
2013; Rogers and Allen, 2012; Sadchatheeswaran et al., 2021, 2020; Sayer et al., depending on the habitat
2005; Shabtay et al., 2018; Steenbeek et al., 2020; Suprenand and Ainsworth, Discrete habitat maps or environmental response functions/ habitat
2017; Zunino et al., 2021 capacity model in Ecospace
Ecoengineer plugin
Bauer et al., 2019, 2018; Beecham et al., 2015; Costalago et al., 2019; Daskalov, Forcing functions for primary production or producer biomass
2002; de Mutsert et al., 2016; Ehrnsten et al., 2019; Hansson et al., 2007; (e.g., based on satellite data or biogeochemical models)
Hyytidinen et al., 2021; Kao et al., 2014; Libralato et al., 2015; Ma et al., 2010; Shading of benthic vegetation as forced mortality (fishing)
Niiranen et al., 2013; Okey et al., 2004; Osterblom et al., 2007; Piroddi et al., Deoxygenation as forcing functions, e.g., modifying fish egg production
2021; Sakamoto and Shirakihara, 2017; Uusitalo et al., 2022; Wang et al., 2021; based on water volumes with oxygen levels above a recruitment thresh-
Zhu et al., 2020 old

+ Oxygen concentration as habitat capacity layer in Ecospace
Habitat changes (e.g. loss of seagrass meadows): See section “Habitat
loss and restoration”
Inclusion of farmed groups and of feed (as detritus) in food web model
Provision of habitat by mediation functions
Predator attraction in Ecospace via habitat suitability
Environmental response functions or mediation functions for modeling
predator deterrent measures
Alexander et al., 2016; Halouani et al., 2020; Raoux et al., 2019, 2017; Serpetti Hard substrate as Ecospace habitat or forcing biomass increase of spe-
et al., 2021 cies expected to benefit
Exclusion of fisheries by reducing fishing in Ecosim or by MPAs in
Ecospace
Bird mortality from collisions as fishery
Goncalves et al., 2021; Harvey, 2018; Serpetti et al., 2021, Steenbeek et al., 2020 + Environmental response functions and simple noise maps based on,
e.g., shipping intensity or distance to sources of noise
Stocking and targeted removal via forcing juvenile biomasses and fisheries

.

Ferriss et al., 2016; Forrestal et al., 2012; Han et al., 2018, 2017;
Izquierdo-Gomez et al., 2016; Li et al., 2014; Lin et al., 2009; Livne et al., 2020;
Manju Lekshmi et al., 2020; Serpetti et al., 2021; Wu et al., 2016

.

.

.

.

Ofir et al., 2017; Peng et al., 2021; Wang et al., 2021

(continued on next page)
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Table 2 (continued)
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Stressor References

Modeling techniques

Other infrastructure
and stressors
et al., 2017b

Pollution
Aquatic contaminants

and Christensen, 2018; Weijerman et al., 2018

de Mutsert et al., 2021, 2017, 2012; Fretzer, 2015; Goncalves et al., 2021;
Grossowicz et al., 2020; Shabtay et al., 2018; Steenbeek et al., 2020; Vasslides

Booth et al., 2020; Booth and Zeller, 2005; Chagaris et al., 2020; Larsen et al., .
2016; Ma and You, 2021; McGill et al., 2017; Niiranen et al., 2008; Rohal et al.,
2020; Sandberg et al., 2007; Suprenand et al., 2019; Tierney et al., 2018; Walters

+ Forcing or environmental response functions for salinity changes from
desalination plants or freshwater diversion

+ Built structures as artificial habitat in Ecospace

+ Fishing fleets emulating mortality from, e.g., road collisions and power
plant water intake

+ Benthic and pelagic disturbance intensity modeled externally based on
human activities, environmental response functions

Ecotracer plugin for accumulation in food web

2D transport of contaminants in Ecospace

Forcing or environmental response functions to contaminant concentra-
tions (dose-response relationships)

temporarily “switch it off” as predator and as prey by forcing the respective
vulnerabilities to zero (Kao et al., 2014; Langseth et al., 2012). Removal or
culling of already established invasive species can be modeled as fishing
mortality (Harvey and Kareiva, 2005).

The same approaches can be used in Ecospace to simulate the range ex-
pansion of introduced species. While Ecospace initially distributes a species'
biomass uniformly over the study area, this can be overcome by setting a
very high fishing mortality but designating one or more seed cells as
“MPAs” protected from “fishing” (Espinosa-Romero et al., 2011).

A second challenge in constructing a food web model including a spe-
cies that is not yet established is the estimation of the species' diet prefer-
ences and other parameters as well as potential predation. Potential diets
for species in a new food web can be based on data from similar ecosystems
where the species is already established (Gregr et al., 2020; Kumar et al.,
2016a, 2016b). If this is not possible, there are methods to predict the po-
tential diet composition of a species when introduced in a new food web
(Link, 2004; Pinnegar et al., 2014). Alternatively, scenarios including dif-
ferent hypothetical diets can be explored (Li et al., 2014).

Effects of introduced species on biogenic habitat can be represented by
mediation functions (Espinosa-Romero et al., 2011; Gregr et al., 2020). The
effects of invasive ecosystem engineers can be simulated through mediation
functions or the Ecoengineer plug-in (Sadchatheeswaran et al., 2021; see
Section 5.3.3).

Several authors have explored interactions between biological inva-
sions and other stressors. For example, Libralato et al. (2015) simulated bi-
ological invasions in various scenarios considering warming,
oligotrophication, and fisheries. Warming was simulated such that the eco-
logical niches held by native species opened as temperatures increased be-
yond their optimum or maximum tolerated values. Corrales et al. (2018a,
2017a) simulated different biomass trajectories for already established in-
vasive species under different fishing policies and warming scenarios.
Chagaris et al. (2020) found that a concurrent lionfish invasion slowed re-
covery from the Deepwater Horizon Oil Spill in the Gulf of Mexico. The rep-
resentation of warming in EwE is summarized in Section 5.3.1 and of
modeling oil spills and other water pollution in Section 5.3.5.

5.3.3. Habitat loss and restoration

Twenty-one studies modeled habitat loss or restoration. In Ecosim,
changes in biogenic habitat availability are typically represented by medi-
ating functions affecting the vulnerabilities and search rates of species asso-
ciated with the habitat. This approach has been used, e.g., to simulate the
loss of shelter for some species when removing unwanted patches of float-
ing vegetation (Rogers and Allen, 2012), changes in eelgrass meadows
(Plummer et al., 2013), the loss of fish habitat provided by coral reefs
(Alva-Basurto and Arias-Gonzélez, 2014), the effects of invasive ecosystem
engineers providing substrate and shelter (Sadchatheeswaran et al., 2020),
the loss of biogenic habitat to acidification (Zunino et al., 2021), the re-
moval of oyster aquaculture racks (Lin et al., 2009), and the expansion of
kelp habitat after the reintroduction of sea otters (Gregr et al., 2020;
Espinosa-Romero et al., 2011).

10

Other studies explored the effects of habitat loss in Ecosim by forcing
functions or environmental response functions for the species groups asso-
ciated with the habitat proportional to the changes in habitat availability
(Capitani et al., 2021a; de Mutsert et al., 2021; Frisk et al., 2011). The re-
duced extent of sea ice due to climate change has been modeled by forcing
the primary production of ice algae (Pedersen et al., 2021; Suprenand and
Ainsworth, 2017) as well as mediation functions that reduced the foraging
area of polar bears and increased the vulnerability of fish that seek shelter
in crevasses (Hoover et al., 2013b). Alternatively, Dahood et al. (2019)
used forcing functions affecting foraging parameters of functional groups
benefiting from sea-ice (e.g., krill) or open-water (e.g., seals).

Ecospace has long allowed modelers to define maps of discrete habitats
and preferred habitats for functional groups. This functionality has been
used, e.g., to evaluate scenarios for establishing artificial protected reefs
(Pitcher et al., 2002; Sayer et al., 2005), to simulate the effects of removing
floating aquatic vegetation (Rogers and Allen, 2012), to compare spatial
plans for the area surrounding a coastal power plant (Shabtay et al.,
2018), and to investigate the effects of habitat loss due to a hypothetical in-
dustrial area in combination with other stressors (Fretzer, 2015; see
Section 5.3.10).

Ecospace's habitat capacity model and environmental response func-
tions allow more detailed representations of habitat suitability for different
functional groups (Christensen et al., 2014a). These capabilities have been
used, e.g., to explore the effects of the historical loss of salt marsh edges
(Lewis et al., 2016) and to simulate future sea ice, protected area, and fish-
ing scenarios (Dahood et al., 2020). Like in applications modeling physical
climate change (Section 5.3.1), the environmental response functions as
well as mediation functions can be derived from in-situ data on species
abundance and the spatial distribution of habitat. If response functions
could not be determined empirically, some researchers explored hypothet-
ical alternatives and selected the functions based on model fit to historical
data (Lewis et al., 2016; Plummer et al., 2013). Finally, habitat changes
have recently been modeled among various other human activities and
stressors via environmental response functions in simplified Ecospace
models designed for a serious gaming application (Goncalves et al., 2021;
Steenbeek et al., 2020; see Section 5.4).

Beyond the core capabilities of EWE, a new plugin “Ecoengineer” calcu-
lates a measure of habitat structural complexity based on the biomasses of
species that are ecosystem engineers. This complexity measure is then used
as a habitat capacity layer in Ecospace. In its so far only published applica-
tion, the plugin more accurately reproduced observed biomasses at the end
of a historical simulation than modeling biogenic habitat changes through
mediation functions (Sadchatheeswaran et al., 2021).

5.3.4. Eutrophication and deoxygenation

Twenty studies modeled eutrophication or deoxygenation. Eutrophica-
tion has been primarily simulated in EWE by means of forcing and mediat-
ing functions, often using external biogeochemical models to provide
primary production or producer biomasses for different scenarios. EwE
has also been fully coupled with a biogeochemical model simulating
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nutrient dynamics (Beecham et al., 2015). The biogeochemical model pro-
vided lower-trophic level parameters to EWE, which returned predation
levels and detritus in each time step.

Forcing functions are commonly used to model nutrient-driven changes
in the biomass and production of phytoplankton and larger aquatic vegeta-
tion (Daskalov, 2002; Libralato et al., 2015; Ma et al., 2010; Okey, 2004;
Piroddi et al., 2021; Wang et al., 2021; Zhu et al., 2020). Mediation func-
tions can represent non-trophic effects related to eutrophication, such as
the loss of seagrass meadows providing shelter (Ma et al., 2010). These
two modeling approaches were reviewed in detail by Vasslides et al.
(2017a). We therefore provide no further summaries of studies using forc-
ing and mediation functions to model eutrophication. An alternative is
the internal estimation of primary production in Ecosim, based on free nu-
trient concentrations (Kao et al., 2014). Deoxygenation has also been
modeled with forcing functions. For example, Sakamoto and Shirakihara
(2017) modeled effects of deoxygenation by means of a forcing function
on mortality, where survival decreased linearly from a dissolved oxygen
threshold specific to each functional group.

In Ecospace, eutrophication and deoxygenation can be represented
using externally generated maps of nutrient, chlorophyll, or oxygen concen-
trations. For example, de Mutsert et al. (2016) estimated the net effect of in-
creased primary production and hypoxia in the northern Gulf of Mexico.
They used a biogeochemical model to generate monthly chlorophyll a
and dissolved oxygen data matching an Ecospace grid and used them as
forcing functions for primary production and predator search rates, respec-
tively.

Several studies modeled eutrophication and other stressors in the Baltic
Sea. In addition to modeling eutrophication through a forcing function for
primary production, Osterblom et al. (2007) and Hansson et al. (2007) em-
ulated one effect of eutrophication-induced hypoxia by forcing cod repro-
duction proportional to changes in the water volume with sufficiently
high oxygen levels for recruitment. Building on a model and forcing func-
tions described by Tomczak et al. (2012), later studies used externally
modeled time series of variables related to temperature, primary produc-
tion, and oxygen conditions as environmental drivers (Niiranen et al.,
2013; Costalago et al., 2019; Ehrnsten et al., 2019). In Ecospace, Bauer
et al. (2018) included maps of primary production, temperature, salinity,
and oxygen concentration from climate and biogeochemical models.
Bauer et al. (2019) used a slightly modified model to simulate how the Bal-
tic Sea could change over the 21st century under scenarios representing
comprehensive socio-economic developments (Zandersen et al., 2019).
Hyytidinen et al. (2021) built on the same Ecospace model and scenarios
to investigate differences in future ecosystem services. Uusitalo et al.
(2022) embedded the same Ecospace model, coupled climate-
biogeochemical models, and a fisheries economics model in a Bayesian Net-
work to estimate probabilities of reaching environmental and economic ob-
jectives under different scenarios. This series of studies stands out by its
integration of human dimensions into long-term simulations through de-
tailed socioeconomic scenarios.

5.3.5. Aquatic contaminants

Thirteen studies modeled water pollution with EwE. Of these, four stud-
ies investigated ecosystem effects of pollution: Suprenand et al. (2019) cre-
ated monthly maps of oil concentrations for hypothetical oil spill scenarios
in the Beaufort Sea with a spill trajectory model and defined environmental
responses (dose-response functions) in Ecospace. Chagaris et al. (2020) and
Rohal et al. (2020) used forcing functions based on established dose-
response relationships and modifying mortality and/or search rates of sen-
sitive groups to explore impacts of the Deepwater Horizon oil spill.
Weijerman et al. (2018) modeled impacts of land-based pollution on coral
reefs via a simple forcing function that increased coral mortality.

The remaining nine studies focused on quantifying contaminant accu-
mulation in the food web using Ecotracer (Walters and Christensen,
2018) without modeling biological consequences. These applications inves-
tigated the accumulation of methyl mercury under different levels of fish-
ing pressure and ocean warming (Booth and Zeller, 2005), accumulation
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of contaminants leaking from dumped chemical weapons (Niiranen et al.,
2008; Sandberg et al., 2007), accumulation of PAHs after a hypothetical
shipping accident (Larsen et al., 2016), transport of marine PCBs and mer-
cury into a stream by spawning salmon (McGill et al., 2017), accumulation
of 127-Caesium after the Fukushima accident (Booth et al., 2020; Walters
and Christensen, 2018), accumulation of Carbon-14 from normal nuclear
power plants operations (Tierney et al., 2018), and accumulation of
microplastics in a lake (Ma and You, 2021). In Ecospace, two-dimensional
transport of contaminants can be included via velocity fields generated
with hydrodynamic models (Tierney et al., 2018). As a workaround for
Ecospace's lack of vertical resolution, alternative assumptions about vertical
mixing have been modeled by limiting direct uptake of contaminants from
seafloor sources to benthos, or alternatively, also allowing uptake by pe-
lagic groups (Niiranen et al., 2008).

5.3.6. Aquaculture

Eleven studies explored ecosystem changes driven by aquaculture. The
common foundation of modeling stressors related to aquaculture in EwE is
to include farmed organisms as functional groups and feed as a detritus
compartment (Lin et al., 2009; Livne et al., 2020; Han et al., 2017, 2018).
Changes in aquaculture activities can be modeled by forcing the biomasses
of these compartments (Wu et al., 2016). The following paragraph summa-
rizes how other stressors that can be caused by aquaculture activities have
been modeled in EWE.

Collection of wild-caught juveniles to raise in fish farms from the sur-
rounding ecosystem has been simulated by adding respective fisheries
(Forrestal et al., 2012; Manju Lekshmi et al., 2020). The escape of trans-
genic salmon from fish farms has been modeled by adding an escapee com-
partment to an existing model and forcing its biomass to simulate gradual
or catastrophic escapes (Li et al., 2014; Izquierdo-Gomez et al., 2016). Ef-
fects of anti-predation structures have been represented by mediation func-
tions that make the search rates of predators dependent on the biomass of
farmed animals (Ferriss et al., 2016). Provision of hard substrate or struc-
tures providing shelter (such as oyster racks; Lin et al., 2009) has been
modeled as mediation functions in Ecosim or as a discrete habitat in
Ecospace (see also Section 5.3.3).

Some studies considered several aquaculture-related stressors together.
For example, Serpetti et al. (2021) modeled the effects of a combined off-
shore energy — aquaculture site in Ecospace through four pathways: in-
creased primary production, forcing detritus from the fish farm based on
an external model, environmental response functions for marine mammals
sensitive to noise (reduced consumption with smaller distance to the
source), and an attracting effect on predators (by designating the fish
farm as the most suitable habitat).

5.3.7. Ocean acidification

Six studies investigated ocean acidification (OA) in EwE, generally by
modifying production and consumption of affected groups. Several authors
modeled OA as forcing functions that decreased search rates for prey line-
arly with decreasing pH, with reduction rates based on literature review
(Ainsworth et al., 2011; Alva-Basurto and Arias-Gonzalez, 2014; Busch
etal., 2013; Zunino et al., 2021). Forcing functions can be based on a quan-
titative analysis of published experimental results (Cornwall and Eddy,
2015). For example, Schlenger et al. (2021) based forcing functions on pre-
viously published “survival scalars” linking survival rates of various species
to pH (Busch and McElhany, 2016). Loss of biogenic habitat due to acidifi-
cation (e.g., seagrass meadows, coral reefs) has been modeled as mediation
functions (Alva-Basurto and Arias-Gonzélez, 2014; Zunino et al., 2021).

5.3.8. Offshore energy

Five papers simulated stressors related to offshore energy develop-
ments, building on five approaches. First, exclusion of fisheries can be rep-
resented in Ecospace via definition of protected areas (Halouani et al.,
2020; Alexander et al., 2016). Second, the creation of artificial habitat
can be represented as a discrete habitat (Alexander et al., 2016). Third,
the creation of artificial habitat can alternatively be represented by forcing
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the biomasses of species expected to benefit from such habitat (Raoux et al.,
2019, 2017). Fourth, avoidance behavior by animals can be represented as
an environmental response function based on distance to the installation
(Serpetti et al., 2021). Fifth, while mortality from bird collisions has not
been modeled for offshore installations, Fretzer (2015) emulated collisions
with terrestrial wind turbines as a fishing fleet.

5.3.9. Underwater noise

Four studies described Ecospace models incorporating underwater
noise by means of environmental response functions relating shipping in-
tensity and distance to acoustic deterrent devices to estimates of lost forag-
ing time (Goncalves et al., 2021; Harvey, 2018; Steenbeek et al., 2020).

5.3.10. Biomanipulation

Three studies modeled biomanipulation (stocking or removal of organ-
isms) in lakes. Stocking can be simulated with forcing functions that in-
crease biomasses. Removal of organisms can be modeled with fishing
fleets (Ofir et al., 2017; Peng et al., 2021; Wang et al., 2021).

5.3.11. Other infrastructure and stressors

Nine studies modeled stressors that did not directly fit into the prior cat-
egories; these studies were related to different kinds of coastal and marine
infrastructure. These included freshwater diversion, desalination plants,
coastal power plants, and industrial areas.

De Mutsert et al. (2012) investigated effects of freshwater diversion (in-
tentional opening of Mississippi levees to resupply sediment to wetlands)
by constructing salinity response functions for all compartments in an
Ecosim model. The response functions were based on in-situ observations
of the species and salinity and changed the feeding rates of the respective
compartments in a scenario simulation with different salinity time series.
De Mutsert et al. (2017, 2021) expanded this approach to spatiotemporal
simulations. An external, hydrodynamic model provided maps of environ-
mental variables (salinity, temperature, total suspended sediments, and
others) for freshwater diversion scenarios for the Mississippi River. These
environmental drivers were integrated into the Ecospace simulations via
environmental response functions. Similarly, Grossowicz et al. (2020) sim-
ulated the effects of desalination plants by means of environmental re-
sponse functions to salinity and temperature.

Fretzer (2015) explored potential effects of a hypothetical industrial
area, road, and wind turbine near a terrestrial protected area in Ecospace.
In addition to habitat changes due to these developments (see
Section 5.3.3), mortality due to hunting and wildlife collisions with vehi-
cles or the wind turbine was modeled via fishing fleets. Shabtay et al.
(2018) compared alternative spatial plans for the area around a coastal
power plant, including expansion of industrial infrastructure via habitat
changes and displacement of fisheries. Vasslides et al. (2017b) modeled
cooling water intake from a coastal power plant (killing organisms in the
water) as a fishery. Finally, the comprehensive approaches summarized in
Section 5.4 incorporate pelagic and seabed disturbance from various
human activities.

While we did not review technical reports, we provide two examples il-
lustrating the potential of EWE to support decision-making about infrastruc-
ture projects (not included in the literature statistics). First, the Vancouver
Fraser Port Authority developed an Environmental Impact Statement (Port
Metro Vancouver, 2015) for the Impact Assessment Agency of Canada to
evaluate the potential ecological impacts of placing a container terminal
in a productive estuary in British Columbia, Canada. The study used
Ecospace as the key element for assessing how the resulting physical
changes (wave, currents, temperature, salinity, and bottom type changes)
and would affect the ecosystem and habitat area. As part of the Environ-
mental Impact Assessment, Ecospace was also used to evaluate mortality
impacts for several fish species due to construction noise, and to evaluate
impacts of the proposed terminal on salmon smolt migration. Second,
Lynam et al. (2017) simulated options for the decommissioning of unused
marine infrastructure such as cables, pipelines, and oil and gas platforms
in the North Sea.
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5.4. Simplified models simulating many human activities

The potential of Ecospace to simulate many human activities together is
demonstrated in a basic form by the “MSP Challenge”, a serious game about
marine spatial planning. In this game, players negotiate and draw spatial
plans for a wide range of human activities and receive maps of the resulting
biomass distributions, fisheries catch and effort, and biodiversity
(Goncalves et al., 2021; Santos et al., 2020; Steenbeek et al., 2020). For
this purpose, 16 human activities are combined into maps of four pressures
(noise, pelagic physical disturbance and pollution, seabed physical distur-
bance and pollution, and artificial substrate) using external software, and
included as environmental drivers in Ecospace. Because the MSP Challenge
focuses on planning workshops where fast model response times are
needed, it currently uses models that are simplified in four ways. First, pres-
sure maps are created by simple raster algebra conversions of human activ-
ities, as opposed to integrating more realistic models (e.g., of underwater
sound propagation). Second, while Ecospace can represent conflicts be-
tween some stressors (e.g., exclusion of fisheries from wind farms), others
are modeled externally (e.g., re-routing of shipping traffic to avoid wind
farms). Third, environmental response functions are assumed to be linear
for many stressors, in the absence of knowledge about their actual shapes.
Fourth, the complexity of the food web models, and the spatial resolution,
are reduced.

While these simplifications currently preclude scientific research into
multiple stressor effects, the MSP challenge demonstrates the potential of
Ecospace to simulate many stressors together in a unified spatiotemporal
modeling framework. In this framework, human activities cause stressors
that influence functional groups in the model via environmental response
functions. Given the computing power available today, Section 6 discusses
future research directions that can expand this modeling framework to-
wards a tool for comprehensive investigations and management of multiple
stressor effects with no consideration for computation time.

6. Gaps and future opportunities

We found a large and growing body of research including stressors be-
yond fisheries in EWE models. These stressors included many important as-
pects of climate change, land and sea use change, pollution, and invasive
species. EWE therefore presents a strong foundation for a sophisticated ex-
amination of multiple stressor effects in aquatic ecosystems. At the core,
EwE can provide the ecological simulations that can be combined with
earth system models and models of functional groups' responses to
stressors, and then interpreted in terms of diverse ecological and human di-
mensions — hence serving as a centerpiece tying different models and data
together. However, current EWE applications take us only partway there.
The following sections explain four gaps in the reviewed literature
(Fig. 4) that can be filled by existing methods borrowed from other subdis-
ciplines of environmental science and from data science. Accordingly, we
do not consider these gaps shortcomings of existing studies, but opportuni-
ties to harness the potential of EWE as a tool for studying multiple stressor
effects.

6.1. Gap 1: represent multiple pathways of impact for each stressor

Most studies considered only a small number of the pathways by which
a stressor affects species. For example, about 30% of studies investigating
future climate change considered only anticipated changes in primary pro-
duction. In reality, there are many pathways by which stressors can affect
different species (Bundy et al., 2021). For example, climate change affects
salmon reproduction, survival, and migration through changes in stream
and ocean temperatures, streamflow, and primary production (Crozier
et al., 2021). While the ecosystem-scale consequences of individual impact
pathways are an important research question, it is important to consider all
relevant pathways when investigating potential future ecosystem changes
or multiple stressor effects. For example, Brown et al. (2010) predicted in-
creased biomass of sea turtles because of higher primary production caused
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Fig. 4. Components of a modeling framework that addresses the gaps identified in this review. Arrows represent the direction of data and information flow.

by climate change. In contrast, a later modeling study predicted sea turtle
populations to collapse based on the inundation of nesting beaches with ris-
ing sea levels and more frequent storms (Fulton, 2011).

Modeling of the effects of each stressor should thus be rooted in concep-
tual models of how each functional group is affected. One option for this
step is pathways-of-effects (PoE) models. These qualitative models show
the many pathways from human activities and the stressors they cause to
their effects on endpoints, such as species of interest and ecosystem ser-
vices. PoE models can be based on literature reviews of laboratory and
field experiments or on expert workshops. They can be designed to explic-
itly support quantitative models. For example, Murray et al. (2021) devel-
oped a PoE model describing human impact pathways on killer whales,
which then informed quantitative population viability analyses. Another
useful framework for this initial, conceptual modeling step is driver-
pressure-state-impact-response (DPSIR) modeling (e.g., Gari et al., 2015;
Reckermann et al., 2022).

6.2. Gap 2: develop best practices for characterizing stressor response functions

Representing many stressors and pathways of effects in EWE models will
require the development of response functions linking changes in stressor
intensity to changes in the functional groups' relevant parameters. Like
choosing the shape of mediation functions (Harvey, 2014), this task can
have a large influence on model outputs and conclusions but is far from

straightforward. For example, the preferred temperature range of the mus-
sel Mpytilus californianus according to the widely used, global-scale
Aquamaps database is between 9 and 17.5 °C (Kaschner et al., 2019). In
contrast, laboratory studies with animals from the coast of Washington
(USA) have found optimal growth between 17 and 22 °C (Bayne et al.,
1976). In addition to uncertainty in basic parameters such as temperature
optima, the response curves used in published EwE studies often assume
different functional forms such as trapezoid functions (Vilas et al., 2021b)
and skewed Gaussian functions (Bentley et al., 2017). The latter functional
form implies a much steeper initial decline of the species as one moves
away from the optimum. Because many chronic stressors change gradually
(e.g., global warming of 1-4 °C on average over the 21st century), such dif-
ferences between response functions can have a strong effect on the timing
and magnitude of impacts predicted by a model. Furthermore, even re-
sponse functions based on well-established species distribution modeling
techniques involve statistical decisions that can influence simulation out-
puts (Piits et al., 2020).

Ideally, stressor response functions would be constructed from data spe-
cific to the study region (Hernvann et al., 2020; Vilas et al., 2021a) and then
adjusted where needed by local experts. Despite their importance, no
widely accepted best practices for constructing response functions have
emerged yet. Some response functions, e.g., small organisms' responses to
warming or toxicological dose-response relationships for single species,
can be derived from lab experiments. Other stressors and functional groups

13


Image of Fig. 4

A. Stock et al.

(e.g., noise impacts on marine mammals related to avoidance behaviors)
can only be studied in the field. Response functions can in principle be ex-
tracted from field data by means of regression models (Holon et al., 2018;
Parravicini et al., 2012). However, this statistical approach involves at
least two challenges. First, deriving response functions for individual
stressors can be difficult because many stressors have similar spatial gradi-
ents, e.g., from land to sea (Andersen et al., 2020). Isolating an individual
stressor's effect statistically is only feasible in study areas where stressors
can be spatially or temporally separated (Stock et al., 2018b). Second,
given the cost of data collection, many field observations are not randomly
distributed in space and time and therefore lack representativeness and in-
dependence. These challenges must be addressed through sound statistical
modeling and validation approaches (Gregr et al., 2019; Roberts et al.,
2017; Stock, 2022).

6.3. Gap 3: relate ecological impacts to multiple human dimensions, including
ecosystem services

Effective ecosystem-based management and nature conservation re-
quire the consideration of human dimensions (Gorenflo and Brandon,
2006; Koehn et al., 2013) because environmental change has socioeco-
nomic drivers and consequences (Lenzen et al., 2012). Better integration
of human dimensions into ecological models is hence one of the research
priorities of the UN Ocean Decade (Heymans et al., 2020). While EwE has
many applications encompassing sophisticated fisheries economics
(e.g., Cheung and Sumaila, 2008; Christensen et al., 2014b), we identified
three opportunities for the integration of human dimensions of broader en-
vironmental impacts.

First, the human drivers of environmental change should be reflected in
stressor scenarios that are explored. At present, many studies exploring cli-
mate change impacts with EwE built on IPCC scenarios, yet only two studies
(Bauer et al., 2019; Hyytidinen et al., 2021) incorporated socioeconomic
scenarios for a comprehensive suite of other stressors.

Second, integrating modeled environmental changes and their conse-
quences for ecosystem services is a key challenge (Townbhill et al., 2021).
Only 3% of studies reported indicators of ecosystem services other than di-
rect resource extraction such as fishing, and these indicators were often
simple proxies. For example, Busch et al. (2013) and Plummer et al.
(2013) reported biomasses of functional groups related to non-extractive
services such as ecotourism. In addition, Plummer et al. (2013) reported
biomasses of species with legal protection under the US Endangered Spe-
cies Act or Marine Mammal Protection Act as a proxy for existence value.
Rohal et al. (2020) reported detritus export to deep waters as a proxy for
carbon sequestration. Hyytidinen et al. (2021) used primary production
as an indicator for supporting ecosystem services and the number of sum-
mer days without cyanobacterial blooms as an indicator for coastal recrea-
tion. Weijerman et al. (2018) reported fish biomass, fish biodiversity, and
shark and turtle biomass as indicators of dive tourism. We found only one
study that included a monetary valuation of non-extractive ecosystem ser-
vices (Gregr et al., 2020). They investigated how sea otter reintroductions
in British Columbia affected ecosystem services, using biomass estimates
derived with EwWE for scenarios with and without sea otters to provide a
cost-benefit analysis considering fisheries, carbon sequestration (based on
an estimate of the social cost of carbon), and tourism (based on
willingness-to-pay estimated in a choice experiment).

Third, a single study reported a comprehensive social-ecological re-
search program based on workshops linking modeled environmental
changes and community concerns (van Leeuwen et al., 2021). Involving
local communities in modeling studies is practically feasible: EWE has
been successfully used in the context of participatory workshops in other
contexts (e.g., Pitcher et al., 2004; Bentley et al., 2019). Furthermore, com-
municating simulation results regarding future ecosystem condition to non-
scientists is simplified by new visualization capabilities (Steenbeek et al.,
2021b). Taken together, there is much room for advancing the integration
of human dimensions into EwE-based human impact research by integrat-
ing ecosystem modeling with the development of comprehensive
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socioeconomic scenarios, and

community-based research.

environmental valuation methods,

'

6.4. Gap 4: employ computational experiments to disentangle multiple stressors
direct and indirect effects

Many biological experiments and several meta-analyses have investi-
gated how two or more stressors interact (Coté et al., 2016), yet the
grand challenge of understanding cumulative impacts at the ecosystem
scale remains (Borja et al., 2020). There are a variety of reasons for this
knowledge gap, such as marine data sets that are typically small, many con-
founding variables, and other issues such as spatial correlations that com-
plicate statistical modeling (Stock et al., 2018b). EwE and other
ecosystem models can partly overcome this challenge for two reasons.
First, in computer simulations, researchers have perfect control over all var-
iables. Second, the models can in principle be run 100,000 s of times — even
Ecospace — while resampling inputs and hence generate “big data” about a
hypothetical ecosystem. Such research is technically challenging
(Steenbeek et al., 2021a), yet becoming feasible because of the unprece-
dented computing power available. It is facilitated by the EcoSampler
plugin (Steenbeek et al., 2018), which allows resampling of biological
model parameters such that the required mass balance is retained. Yet
only 3% of reviewed articles used formal experimental designs suitable to
disentangle the effects of multiple stressors. This small body of research al-
ready has, for example, allowed the identification of synergistic and antag-
onistic stressor interactions (Cornwall and Eddy, 2015). While Hodgson
and Halpern (2018) pointed out that disentangling the effects of more
than 2-3 stressors with ecosystem models like EwWE is complicated, we
argue that this is primarily a consequence of the research designs used: sur-
prisingly, we found no studies that made use of the statistical possibilities
that arise when simulations can be repeated as many times as needed and
with full control over all variables.

In the future, big data consisting of model inputs and the corresponding
model outputs could be fed into machine learning algorithms that can ex-
tract complicated non-linear relationships and interactions between vari-
ables describing stressors and variables describing ecosystem condition.
Such data sets could also be used in global sensitivity analyses, allowing
quantification of the direct and indirect contributions of model inputs de-
scribing stressors to changes of outputs describing ecosystem condition
(Bracis et al., 2020; Saltelli et al., 2004). The generated data could simulta-
neously contribute rigorous uncertainty analyses, which are crucial for
high-stakes applications in environmental policy and practice (Saltelli and
Funtowicz, 2014; Steenbeek et al., 2021a). Of course, such data and analy-
ses would describe an artificial “world in the model” (Morgan, 2012) as op-
posed to a real-world ecosystem — even if all relevant pathways of effects
could be represented via realistic response functions. Yet ecology has a
long history of experimenting with models to form hypotheses or mathe-
matically constrain possible mechanisms acting in nature (Kingsland,
1995). Embedding EWE in computational experimental designs could con-
tinue this research tradition by harnessing the modeling techniques sum-
marized in this review as well as the unprecedented computing power
available today.
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