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EDITOR'S NOTE:

This article is part of the special series “Integrating Global Climate Change into Ecological Risk Assessment: Strategies,
Methods and Examples.” The papers were generated from a SETAC Pellston Workshop held at Oscarsborg Fortress near
Oslo, Norway, June 2022. The international workshop included climate change modelers, risk assessors, toxicologists, and
other specialists with a diversity of backgrounds and experience. The findings of the series demonstrate that climate change
can successfully be incorporated as an integral part of risk assessment for a wide range of environments, to address the
issues of long-term, adaptive environmental management.

Abstract

The Society of Environmental Toxicology and Chemistry (SETAC) convened a Pellston workshop in 2022 to examine how
information on climate change could be better incorporated into the ecological risk assessment (ERA) process for chemicals
as well as other environmental stressors. A major impetus for this workshop is that climate change can affect components of
ecological risks in multiple direct and indirect ways, including the use patterns and environmental exposure pathways
of chemical stressors such as pesticides, the toxicity of chemicals in receiving environments, and the vulnerability of species
of concern related to habitat quality and use. This article explores a modeling approach for integrating climate model
projections into the assessment of near- and long-term ecological risks, developed in collaboration with climate scientists.
State-of-the-art global climate modeling and downscaling techniques may enable climate projections at scales appropriate
for the study area. It is, however, also important to realize the limitations of individual global climate models and make use of
climate model ensembles represented by statistical properties. Here, we present a probabilistic modeling approach aiming
to combine projected climatic variables as well as the associated uncertainties from climate model ensembles in conjunction
with ERA pathways. We draw upon three examples of ERA that utilized Bayesian networks for this purpose and that also
represent methodological advancements for better prediction of future risks to ecosystems. We envision that the modeling
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approach developed from this international collaboration will contribute to better assessment and management of risks from
chemical stressors in a changing climate. Integr Environ Assess Manag 2024;20:367-383. © 2023 The Authors. Integrated
Environmental Assessment and Management published by Wiley Periodicals LLC on behalf of Society of Environmental

Toxicology & Chemistry (SETAC).
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INTRODUCTION

Current and projected global climate change will affect
the physical environment and biological diversity in both
terrestrial and aquatic ecosystems. This includes combined
and interactive effects of climate change with anthropogenic
changes in chemical, physical, and biological stressors. Im-
proving the methodologies to assess the risk of chemical
stressors in the context of climate scenarios and climate
model projections will provide a better foundation for the
future management of chemicals (Cains et al., 2023), and
more generally for environmental management adapted to
climate change.

The 6th Assessment Report of the Intergovernmental
Panel on Climate Change (IPCC ARé) states with high
confidence that ecosystem damage by pollutants, to-
gether with habitat fragmentation and unsustainable use
of natural resources, will increase ecosystem vulnerability
to climate change globally, even within protected areas
(SPM.B.2.2) (IPCC, 2022). Moreover, numerous potential
interactions between climate change and chemical stres-
sors have been highlighted, for example, by the European
Environment—State and Outlook 2020 Report (European
Environment Agency [EEA], 2019): accumulated chemicals
in soil sediment and ice will be increasingly remobilized by
storms, ice melting, or flooding, due to the increasing
frequency and magnitude of such events. Nevertheless,
the potential influences of climate change have not yet
been systematically incorporated into frameworks for en-
vironmental assessments of chemical and other stressors
(e.g., EEA, 2018).

A call for research on global climate change and envi-
ronmental contaminants by the Society of Environmental
Toxicology and Chemistry (SETAC) (Wenning et al., 2010)
resulted in a compilation of current knowledge on climate
change impacts on chemical exposure and vulnerability of
organisms, populations, communities, and ecosystems
(Hooper et al., 2013; Moe et al., 2013; Stahl, Jr et al,,
2013), and identification of seven principles for integrating
climate change into environmental risk assessment (ERA) of
chemical stressors (Landis et al., 2013). However, barriers
to incorporating climate change into traditional ERA
frameworks and methodology were also recognized
(Landis et al., 2014). For example, there are large un-
certainties associated with projections of climate variables,
even within any given emission scenario (Figure 1A). This is
difficult to handle explicitly and transparently within the
traditional practices of ERA, where uncertainty sources

tend to be merged into single quantities such as assess-
ment factors (Figure 1B).

To bridge this gap, a SETAC Pellston workshop® was
organized in June 2022 to stimulate collaboration between
climate modelers and environmental risk experts (Stahl Jr.
et al., 2023). The participants identified and discussed nu-
merous examples of ecosystems where environmental risks
of chemicals are known to be influenced by climate change.
A more detailed description of environmental processes as
well as societal and institutional processes relevant for
chemical risk management is given by Cains et al. (2023).
Three of these examples were selected as case studies
(Table 1) for the purpose of developing and evaluating a
quantitative modeling approach for integrating climate
model projections into ERA.

Preliminary key messages from this exercise (Moe et al.,
2022) stated that better integration of the two disciplines
will benefit from (as discussed in the section “Climate in-
formation”) the following: projections from ensembles of
global climate models (GCMs) (Lee et al., 2021), regional
downscaling of future climate projections to suitable spatial
scales by dynamical and empirical-statistical downscaling
techniques (Doblas-Reyes et al., 2021; Erlandsen et al.,
2020), temporal aggregation of climate projections in the
form of probability distribution functions represented by
statistical parameters (Benestad, Parding, Erlandsen, et al.,
2019) and incorporation of the resulting probability dis-
tributions, henceforth referred to as “climate information,”
into environmental exposure and ecological effect assess-
ments by probabilistic modeling techniques.

A principle in climate modeling is the need for large
ensembles of GCMs to capture the uncertainty associated
with individual models (Deser et al., 2012; Lee et al., 2021).
However, the use of GCMs for use in local-scale assess-
ment and decision-making poses many challenges (Doblas-
Reyes et al., 2021; Ranasinghe et al., 2021; Wilby & Dessai,
2010), some of which will be addressed in this article. We
use the term “climate information” (e.g., Nilsen et al., 2022)
to refer to quantitative information derived from climate
model projections, which is robust to model assumptions,
representative of the most recent knowledge available,
and relevant for the specific case study. Such inter-
disciplinary collaboration is needed to identify and quantify
the most important elements of the physical environment
(e.g., air, water, and soil temperature; precipitation; wind;
evaporation; air pressure) influencing ecosystem processes
and to obtain both statistical robustness (large enough
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FIGURE 1 Examples of representation of uncertainty assessment: in climate model projections (A) and in traditional ERA frameworks (B). The graph (A)
represents annual precipitation over Norway as percentage deviation (%) from the period 1971 to 2000, modified after The Norwegian Centre for Climate
Services (Hanssen-Bauer et al., 2017). The flow chart (B) is redrawn after the SETAC (2018) Technical Issue Paper on environmental risk assessment. ERA,
environmental risk assessment; SETAC, Society of Environmental Toxicology and Chemistry

sample) and relevance for the ecosystem (spatial scale)
(John et al., 2021). Moreover, probabilistic approaches are
needed to combine the propagation of uncertainty in
climate projections, weather stochasticity, and model

parameters into a probabilistic characterization of risk
(Maertens et al., 2022).

Overall, the workshop confirmed the need for collabo-
ration between climate modelers and environmental

TABLE 1 Overview of the three case studies used to evaluate the proposed modeling approach to environmental risk assessment
incorporating climate model projections. More details are given in the section case studies

Case study properties

Case study no. 1

Case study no. 2

Case study no. 3

Location and geographic Skuterud, Viken, Southeast Norway Great Barrier Reef, Northeast Australia Yakima River, Cascadia,

region
Ecosystem type

Chemical stressors and
other stressors

Risk assessment
endpoint

Expected climate
impacts on risk
components
(examples)

Reference

Stream

Pesticides (trifloxystrobin,
clopyralid)

Near-shore coast

Herbicides (diuron), nutrients (total
nitrogen), sediments; biological
(predation, competition)

Risk quotient (based on the ratio of Hard corals' demographic rates and

PEC to NOEC or EC50)

Precipitation—pesticide
application and run-off
(exposure); temperature—
chemical degradation (exposure)

(Oldenkamp et al., 2023)

indicators (mortality, bleaching, cover)

Precipitation—nutrient run-off
(exposure); temperature—coral
bleaching (vulnerability); cyclones—
physical damage (vulnerability)

(Mentzel et al., 2023)

Washington, Northwest USA
River

Pesticides (malathion,
diazinon, chlorpyrifos),
dissolved oxygen

Chinook salmon demographic
rates and population size

Temperature and DO—fish
development and survival
(vulnerability)

(Landis et al., 2023)

Abbreviations: DO, dissolved oxygen; EC50, half-maximal effect concentration; NOEC, no observed effect concentration; PEC, predicted environmental

concentration.
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FIGURE 2 Proposed modeling approach for integration of climate model projections into environmental risk assessment (ERA) of chemical stressors. (A)
Compared to traditional ERA (Figure 1B), the main novel aspects are as follows: (1) derivation of robust and relevant climate information; (2) assessment of
climate-induced vulnerability to chemical stress; and (3) use of probabilistic and (preferably) causal modeling methodology for integrating the components of
the risk characterization. (B) Examples of climate information and potential influence on the main components of ERA

scientists to coproduce knowledge on climate change (cf.
Chambers et al., 2021). The objective of this article is to
propose, describe, and evaluate a modeling approach for
integrating climate model projections with quantitative
approaches to ERA of chemical stressors. In this article, we
use the terms “chemical stressor” or “contaminants” to in-
clude both hazardous substances and nutrients. For this
purpose, we have considered state-of-the-art method-
ologies within both climate modeling and environmental
risk modeling to find common ground and optimize pos-
sibilities for connecting information from the two scientific
fields (Figure 2). In brief, the three pillars representing
main novel aspects of the proposed modeling approach
are as follows:

(1) Climate information: derivation and use of relevant and
robust climate information represented by statistical
properties of climate model projections.

(2) Climate-induced vulnerability: consideration of how cli-
mate change can modify the sensitivity of individuals to
chemicals in a natural ecosystem, included here as a third
component of environmental risk characterization, and

(3) Probabilistic modeling: use of Bayesian networks (BNs)
as a probabilistic and potentially causal modeling
methodology for integrating climate information repre-
sented by statistical properties into the risk components.

Initial applications of this modeling approach are demon-
strated in three case studies resulting from the workshop
(Table 1), which are described in more detail in three re-
spective papers (Landis et al., 2023; Mentzel et al., 2023;
Oldenkamp et al., 2023) and summarized in Tables 2 and 3.
The three case studies are based on discussions and analyses
carried out during the months following the workshop (Stahl
Jr. et al., 2023). The stages of model development range
from de novo and preliminary model construction that does
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not yet fully integrate the various assessment endpoints
(Mentzel et al., 2023) to a post-hoc incorporation of climate
change into an established ERA model (Landis et al., 2023).
The main steps of deriving and processing future climate
information and integrating it with a complete risk assess-
ment are outlined schematically in Figure 3. Rather than
completing all the steps outlined in Figure 3, the purpose of
the resulting case study papers is to demonstrate some of the
steps needed to incorporate climate projections into a
probabilistic ERA, to give examples of relevant information
and assumptions, and to highlight opportunities and limi-
tations of this approach.

MODELING APPROACH AND
BACKGROUND INFORMATION

Concepts and principles

An overview of relevant concepts related to climate mod-
eling is presented in Table 4. Scientific communities usually
define “risk” in terms of both probability and consequence,
but in practice, these two elements are often combined into a
single quantity or score (e.g., as the product), even in mete-
orological communities (Palmer & Richardson, 2014). In the
guidance for IPCC authors (Reisinger et al., 2020), the core
definition of risk to human and ecological systems is “the
potential for adverse consequences,” which includes un-
certainty as the potential for an outcome. According to this
guidance, “This uncertainty does not necessarily have to be
quantified, but authors need to provide some sense of the
nature and degree of uncertainty to allow a meaningful risk
assessment and risk management responses to be under-
taken.” The probabilistic methodology described in the sec-
tion “Integration of climate and risk components” furthermore
provides a tool for incorporating uncertainty, provided that
the uncertainty can be quantified by probabilities.

The IPCC has described risk in terms of the three
components: exposure, hazard, and vulnerability (Reisinger

Global climate model

_ @ )

] \“\/\\jwn
. Statistical Deterministic (eg
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downscaling /\
—— o N
~ ‘*' s> k/} 1
- Stochastic
e . (multiple
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relevant to specific i, of climate)

exposure model (e.g.
rainfall, temperature)

as ne ¢
climate projections
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et al., 2020) “In the context of climate change impacts, risks
result from dynamic interactions between climate-related
hazards with the exposure and vulnerability of the affected
human or ecological system to the hazards. Hazards, ex-
posure and vulnerability may each be subject to uncertainty
in terms of magnitude and likelihood of occurrence, and
each may change over time and space due to socio-
economic changes and human decision-making.” Here, we
will consider vulnerability as a modifying factor of chemical
risk in addition to exposure and hazard, inspired by (but not
identical to) IPCC's definition, and describe the potential
influence of climate change on all three components
(Figure 2).

In this context, hazard can be interpreted as the response
of organisms exposed to chemicals under standard or
modified laboratory test conditions (usually representing the
individual level), while vulnerability can be interpreted as the
response of the organisms to climate change within a nat-
ural ecosystem, affected by physical disturbance, habitat
quality, species interactions, and so forth (community level).
In the following subsections, we will describe examples of
how climate change can influence each of these compo-
nents, with reference to the case studies as well as to other
recent research methods applied for this purpose.

The first SETAC Pellston workshop on global climate
change resulted in a list of seven principles for guiding the
decision on when and how to incorporate climate change
information into ERA (Landis et al., 2013).

1) Consider the importance of global climate change-
related factors in the ERA process and subsequent
management decisions.

2) Assessment endpoints should be expressed as eco-
system services.

3) Responses of endpoints can be positive or negative.

4) The ERA process requires a multiple-stressor approach,
and responses may be nonlinear.
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FIGURE 3 Schematic illustration and example of work flow for integrating climate model projections with risk characterization, as exemplified by the three

case studies
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Term

Climate change

Climate information

CMIP

CORDEX

Downscaling

ERA

GCM

Model predictions

Model projections

RCM
RCP

SSP
WCRP

WGCM

TABLE 4 Explanation of important terms and abbreviations used in this article
Explanation

Long-term shifts in temperatures and weather patterns, primarily due to burning fossil fuels like coal, oil, and
gas. (Source: https://www.un.org/en/climatechange/what-is-climate-change).

Quantitative information derived from climate model projections and represented by statistical properties,
aimed to be robust to model assumptions, representative of the most recent knowledge available, and
relevant for the study area.

Climate Model Intercomparison Project: A collaborative framework designed to improve knowledge of climate
change organized by the WGCM of the WCRP to foster the climate model improvements and to support
national and international assessments of climate change.

Coordinated Regional Climate Downscaling Experiment; an international framework coordinating international
work on downscaling under the WCRP.

A process that makes it possible to estimate the response in local temperature or precipitation to global
warming. The two main methods are (1) dynamical downscaling with RCMs and (2) (empirical-)statistical
downscaling. Downscaling can also introduce errors and inaccuracies.

Ecological Risk Assessment (more commonly used in North America); Environmental Risk Assessment (more
commonly used in Europe; can be used in North America to include ecological + human health risk
assessment).

Global Climate Models: Models simulating earth's atmosphere, and ocean and land processes. Also referred to
as General Circulation Models.

For atmospheric and oceanic models, predictions are those simulations that use the best description that we
have of the current state of the atmosphere and calculate the most likely development some time ahead.
This includes seasonal and decadal forecasts. We say that these models are “initialized.”

Simulations with climate models constrained by a given future development in external factors (“boundary
conditions”), such as greenhouse gases or land-use changes. Model projections do not necessarily start with
a best description of the current state, but with a plausible scenario. The CMIP simulations are typically
referred to as “climate change projections.”

Regional Climate Model: A climate model forced by specified lateral and ocean conditions from a GCM.

Representative Concentration Pathways: Scenarios of greenhouse gas concentrations and radiative forcing
used for climate modeling.

Shared Socioeconomic Pathway: Scenarios of projected socioeconomic global changes up to 2100.

World Climate Research Programme: An international program to coordinate global climate research,
established in 1980 under the joint sponsorship of the World Meteorological Organization (WMO) and the
International Council for Science (ICSU), and has also been sponsored by the Intergovernmental
Oceanographic Commission (IOC) of UNESCO since 1993.

Working Group on Coupled Modeling, with the overall mission to foster the development and review of
coupled climate models.

5) Develop conceptual cause-effect diagrams that consider  benefit from the use of BNs. Here, while building upon these
relevant management decisions as well as appropriate  seven principles, we focus on the probabilistic modeling
spatial and temporal scales to allow consideration of methodology for chemical risk and other specific consid-

both direct and indirect effects of climate change.

erations for incorporating climate model projections. For this

6) Determine the major drivers of uncertainty, estimating purpose, in the following, we describe the traditional com-
and bounding stochastic uncertainty spatially and tem-  ponents of chemical risk (exposure and hazard) as well as
porally, and continue the process as management activ-  vulnerability (as defined in the Introduction) and present ex-

ities are implemented.

amples of how climate change can influence each compo-

7) Plan for adaptive management to account for changing nent (summarized in Table 3; examples in Figure 2B).
environmental conditions and consequent changes to

endpoints.

The authors furthermore suggested that the nature of the

Components of chemical risk and influence
of climate change

interaction of climate change with chemicals and other
stressors requires approaches that depict the probabilistic
nature of the system, and that analyses of such systems may

Climate and chemical exposure. The IPCC recognizes that
risks can arise from direct impacts of climate change,
as well as indirectly via human responses to climate change
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(IPCC, 2022; Reisinger et al., 2020). In this vein, we em-
phasize both the direct environmental and indirect anthro-
pogenic factors that can impact chemical exposure in the
context of climate change. Hader et al. (2022) reviewed how
global change (i.e., climate change, society's responses to
these changes, and other large-scale societal changes) may
impact the emission, persistence, fate, and transport of
chemicals in agricultural settings in Europe. An example of
the interlinkages between direct climate change and in-
direct anthropogenic driving forces on pesticide exposure in
an aquatic environment influenced by agriculture is outlined
in Figure 4, based on some of the findings of the review
(Hader et al., 2022). Changes in environmental conditions
can affect both how suitable an environment may be for
agricultural pest species as well as the suitability of the land
for different crops. In turn, increases in pest pressures may
result in increased pesticide usage. Changes in field con-
ditions may impact the types of crops grown and other
agricultural practices, which can impact the soil's phys-
icochemical properties, which can in turn impact the ca-
pacity for microbial degradation of pesticides in the
environment. Changes in precipitation patterns can then
directly affect how much pesticide runs off from the agri-
cultural soil into an adjacent water body. Likewise, the
emissions, fate, and transport of other chemicals could be
impacted by climate change and attendant human re-
sponses. For example, increased intensity and frequency of
droughts could increase the use of wastewater for irrigation
in some regions (e.g., southern Europe), resulting in new
exposure pathways of pharmaceuticals and other consumer
product residues present after the water treatment process
(Hader et al., 2022).

Existing pest
pressures

Environmental
suitability for |
pests

Precipitation
(short-term

/ and averages)

pressures

Invasive pest

A key component of understanding chemical exposure
under climate change conditions is understanding how
chemical emissions may change as society adapts to
changed environmental conditions. For example, in the
context of agriculture and pesticide emissions, two different
approaches have been adopted across studies. The first
utilizes regression modeling between pesticide application
amounts and weather or climate variables, and then uses
projections of future climate variables to project changes in
pesticide application (e.g., Chiu et al., 2017; Kattwinkel
et al., 2011). The second approach relates weather or cli-
mate variables to pest growth, physiology, and/or behavior;
uses climate projections to predict how these pests may
respond to these environmental changes; and pairs this with
available information on chemical treatment practices (e.g.,
Gagnon et al., 2016; Steffens et al., 2015). Further details on
these two methods and how they can be used to help in-
corporate climate change into a probabilistic ERA are de-
scribed in Oldenkamp et al. (2023).

Several other studies have focused on other aspects of
climate change and influence on chemical exposure, for ex-
ample, on the duration of pesticide exposure (Rohr et al.,
2011), on chemical fate and bioaccumulation (Gouin et al.,
2013), and on factors related to resource damage assessment
and restoration (Rohr et al., 2013). The multifaceted nature of
the impact of climate change on chemical emissions, fate,
and transport, and ultimately environmental exposure, and
the attendant uncertainties associated with each facet high-
light the need for a probabilistic, causal modeling approach.

Climate and chemical hazard (organism level). The potential
effects of climate change on the toxicity of chemical

Pesticide
applications

“ Runoff of
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FIGURE 4 Example of potential causal impacts from climate change on exposure to pesticides in an aquatic environment considering environmental factors
(i.e., direct effects) and anthropogenic factors (i.e., indirect effects). Based on information in Hader et al. (2022)
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contaminants have received attention during the last two
decades (Noyes et al., 2009). A promising research method
for quantifying such effects are toxicokinetic models and
experiments, which are used to assess how external con-
centrations (e.g., water concentrations) translate to internal
concentrations (body burdens) through processes of uptake,
elimination, biotransformation, and distribution (Gergs
et al.,, 2019; Mangold-Déring et al., 2022). For most tested
chemical-temperature interactions, there is an increase in
toxicological sensitivity, but the interactions are species-
and chemical-specific (Freitas et al., 2019; Huang et al,,
2023). Temperature may also affect organism physiology
(Polazzo et al., 2022) by influencing bioenergetics and fit-
ness (Noyes & Lema, 2015). For an improved assessment of
the combined effect of chemicals and temperature, it is
important that the direct stress effect of temperature be
incorporated into  toxicokinetic-toxicodynamic  (TK-TD)
models so that an overall impact at the individual level is
obtained. This in turn can be used in risk assessments or as
an input for the assessment of population- or community-
level effects (see the section “Climate and vulnerability to
chemical stressors [community level]”).

Adverse outcome pathway (AOP) networks are another
widely used approach, which facilitate describing and arraying
evidence of potential chemical and nonchemical interactions
from initiation events at the molecular level through to im-
pacts on individuals (Hooper et al., 2013). They can be useful
in providing evidence-based hypotheses and retrospective
descriptions of how exposures to climate and chemical ex-
posures may affect adverse outcomes. The Great Barrier Reef
case study (Mentzel et al., 2023) exemplifies how AOP con-
structs can be developed to inform ERA, and how this can be
aligned with probabilistic network models, and further de-
veloped into a quantitative model. However, most AOP net-
works developed to date do not account for toxicokinetic
aspects, and are most applicable at the organism or sub-
organismal level. Relevant data are often lacking to elaborate
on biological pathways beyond the individual, resulting in a
large uncertainty in the conceptual model as to multistressor
effects on populations, and how these interact with ecosys-
tems over time and larger landscapes (Rohr et al., 2016).

Climate and vulnerability to chemical stressors (community
level). A continuing challenge is understanding the com-
bined effects of multiple stressors and at biological end-
points beyond the individual scale, in the context of
ecological interactions and other environmental processes
(Moe et al., 2013; Polazzo et al., 2022). This challenge is
addressed by two of the case studies, where climate-related
impacts on the vulnerability of individuals are extended to
the population level (salmon populations) (Landis et al.,
2023) and community level (coral reef) (Mentzel et al., 2023).
Several promising modeling approaches are being devel-
oped for evaluating chemical and climate interactions at the
community level (Bracewell et al., 2019; Turschwell et al.,
2022). However, for decision-making purposes, there are
still few evaluations of impacts to populations, communities,

and habitats (Rohr et al., 2016), typically due to a lack of
data. Understanding the spatial and temporal factors of
these interactions is another important consideration at
population and community levels. Conceptual models
analogous to AOP networks but structured at higher bio-
logical and spatiotemporal scales may help identify the most
critical climate-related processes that make biological as-
sessment endpoints vulnerable to chemical stress, and
thereby guide the development of relevant climate in-
formation for ERA.

The literature on the interaction between temperature
(increased continuously or episodically) and contaminants at
different levels of biological organization was recently re-
viewed by Bracewell et al. (2019) and Polazzo et al. (2022).
Focusing on extreme climatic events, the latter paper
identified only a few studies (13) that included biological
effects of heat waves in combination with chemical pollu-
tion, and found that the reported combined effects varied
largely with trophic level and with the type of endpoint (e.g.,
individuals or populations). As the interactive effects of
chemical and climatic stressors can also be highly chemical-
specific, it would be useful to group chemicals (and other
stressors) by their mode of action (van den Brink et al.,
2016). A refinement of this approach is urgently needed as it
is impossible to evaluate the interactive effects of temper-
ature for every chemical separately, so generalizations need
to be made (van den Brink et al., 2019).

Climate information: Robust statistical properties
of climate projections

The term “climate information” (Nilsen et al., 2022) was
introduced to the workshop by climate scientists and rec-
ommended for use as a bridge between climate models and
impact studies. The workshop's efforts to incorporate cur-
rently available climate information into the case study
models, or to prepare the models for such developments in
future projects, are summarized in Table 3. The term “cli-
mate model projections” is used to describe simulations of
climate variables for future decades, produced by GCMs
based on plausible scenarios for the concentrations of
greenhouse gases and other relevant atmospheric con-
stituents (see Table 4). Climatic impact drivers of importance
to ERAs of chemicals include precipitation, droughts, and air
temperature (Noyes et al., 2009). The intensity, frequency,
and spatial extent of chemical risk often involve local and
short-term events. Global climate models, in contrast, are
only good at representing long temporal scales (e.g., dec-
ades) and larger regional scales (e.g., continents) (Benestad
et al., 2023; Ranasinghe et al., 2021). For local applications
to ERA, for example, to a river stretch, an understanding of
climate impacts at a catchment scale is needed, which
GCMs are not designed to provide. However, local climates
depend on surrounding regional conditions and remote
situations through teleconnections, such as the El Nifio
Southern Oscillation (Diaz et al., 2001; Doblas-Reyes et al.,
2021). Therefore, local climate can be better approached by
spatial downscaling of GCM projections.
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Two main approaches for regional downscaling are com-
monly referred to as “top-down” and “bottom-up” (Pulido-
Velazquez et al., 2022). The “top-down” approach involves
downscaling climate projections from GCMs under a range of
emission scenarios to provide inputs, for example, for models
that predict impacts and analyze adaptation measures. Two
common top-down ways to simulate regional and local
climate conditions are “dynamical downscaling” through re-
gional climate models (RCMs) and “empirical-statistical
downscaling” through statistical modeling (Murphy, 1999).
Both types of downscaling can involve various techniques
with different assumptions, strengths, and weaknesses
(Doblas-Reyes et al., 2021) and should, therefore be used in
combination to make the most robust projections for the
future. The output from RCMs (i.e., grid box area average)
represents a larger spatial scale than historical observations
(point measurements) and may require bias correction to be
comparable to actual observations. Empirical-statistical
downscaling, on the other hand, aims at reproducing sim-
ilar aspects as those measured, and can also involve sto-
chastic weather models known as weather generators. An
alternative or supplement to the top-down approach is a
bottom-up approach, where vulnerability thresholds and local
responses are empirically studied to define locally suitable
adaptation strategies (Pulido-Velazquez et al., 2022). Bottom-
up approaches can make use of local knowledge through
participative approaches to foresight future climate scenarios
and define locally relevant adaptation strategies. Two ex-
amples of bottom-up methods for identifying what aspects
are most important on a local scale are stress testing and
sensitivity tests (Benestad, Parding, Mezghani, et al., 2019,
Mtongori et al., 2015).

A key challenge is how to generate and make use of the
available climate information in a way that can be accom-
modated by the ERA (Figures 1 and 2). The uncertainty re-
lated to several sources must be recognized (Beven, 2016;
Kundzewicz et al., 2018), including choices of GCM models
and downscaling techniques. The level of uncertainty is
furthermore dependent on spatial and temporal scales of
interest (see examples in Stahl Jr. et al. [2023]). A large set
(ensemble) of GCMs can produce a plausible range of
possible outlooks (Deser et al., 2012). However, a practical
challenge for ERA is how to summarize the information
provided by an ensemble in a way that captures the relevant
uncertainties connected to regional climate variability.
Benestad et al. (2023) suggested that the output from such
ensembles often appears to follow a normal distribution,
implying that the most relevant climate information can be
captured by the mean and standard deviation, alternatively
by other statistical types of distributions.

Aggregated information and statistical properties are often
more predictable and more robust than individual outcomes
due to “the law of small numbers,” making probabilistic rep-
resentation of modeling results generally preferable to point
estimates (Erlandsen et al., 2020; Moe et al., 2022). In addi-
tion, it is important that data and other information are rele-
vant for the particular purpose and evaluated in a proper way,

using methods of comparable complexity to appropriately
capture the inherent uncertainty in both environmental
changes and ecological responses (John et al., 2021). The
production of climate information for a given ERA case
(Figure 2B) should therefore be guided by the needs specified
in the problem formulation, the selection of ecological as-
sessment endpoints, and the identification of the main cause-
effect relationships.

Integration of climate and risk components: probabilistic
methods

Bayesian networks are a type of probabilistic modeling
method that has gained popularity for use in ERA
(Kaikkonen et al., 2021) and that lends itself to the in-
corporation of probabilistic climate information. Bayesian
networks are graphical models where the causal or empirical
relationships between components (nodes) in the system
are expressed by directional connections (arcs). The nodes
are often defined by discrete states (e.g., intervals or cate-
gories), which are given probabilities that are conditional on
their parent node values (Kjeerulff & Madsen, 2013). Some
examples of BNs in ERA are aligned with traditional frame-
works (Figure 1B) and applied to calculate a risk quotient as
a probability distribution derived from the ratio between
exposure and effect distributions (Carriger & Barron, 2020;
Mentzel, Grung, Tollefsen, et al., 2022). The BN Relative
Risk Model (BN-RRM) (Landis, 2021) is a more advanced
application based on a more strictly causal structure. The
RRM principles emphasize the importance of multiple
stressors and ecological assessment endpoints and the
spatial overlap of endpoints' habitats and occurrence of
stressors.

While BN models are more commonly being used in ERAs
of chemicals and other stressors, there are still few examples
that involve climate model projections, to our knowledge
(Gaasland-Tatro, 2016; Martinez-Megias et al.,, 2023;
Mentzel, Grung, Holten, et al., 2022). In other fields, such as
geosciences and hydrology, environmental assessments
with BN models more often include climate models (e.g.,
Adams et al., 2022; Couture et al., 2018). However, these
models often aim to predict contaminant concentrations
rather than effects on biological endpoints.

Bayesian networks (or similar probabilistic network mod-
eling methodologies) have several important features that are
useful within the context of incorporating climate change into
ERA. First, they allow for uncertainty quantification of dif-
ferent model components to be propagated throughout the
network. Second, they are amenable to exploration of alter-
native scenarios, including scenarios of environmental man-
agement (e.g., pesticide application). Third, they allow
quantification of environmental risk by both probability and
consequence, in accordance with IPCC as well as other
common definitions of risk. Fourth, calculations of relative risk
applied to multiple ecological endpoints can be compared
and ranked for different scenarios. Finally, they are partic-
ularly applicable for incorporating stakeholder knowledge
and perspectives including uncertainty.
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With this methodology, climate information in the form of
probability distributions (Figure 1A) can be linked to one or
more components of the risk characterization (Figure 1B)
using conditional probability tables or other mathematical
expressions that can propagate the uncertainty of the cli-
mate information. Existing examples of BNs that incorporate
climate projections have typically used projections from only
one or a few climate models, rather than from an ensemble
as recommended recently (Moe et al., 2022). This is also the
case with the case studies described in this paper (Table 1).
However, the probabilistic structure of these models means
that they are able to incorporate more robust climate in-
formation derived from model ensembles.

The flexible structure of BN models also allows for ex-
panding the basic risk characterization to include climate-
related vulnerability of ecological endpoints as a third risk
component (Figure 2). This tripartite risk definition is in-
spired by the IPCC's risk concept (Reisinger et al., 2020) and
can allow more efficient use of information on climate
effects on ecological components and interactions in as-
sessments. In principle, this structure allows for explicit
modeling of the concepts labeled climate-induced toxicant
sensitivity and toxicant-induced climate sensitivity (Hooper
et al,, 2013; Moe et al., 2013). These concepts have also
been used more recently in the context of temperature
fluctuations and extreme events (Polazzo et al., 2022;
Verheyen et al., 2019), although it might be difficult to dis-
tinguish the two phenomena in practice. Finally, the condi-
tional probability tables of BN models can easily represent
nonlinear relationships and statistical interactions between
stressors, both of which are common in ecosystems. Short-
comings of the methodology are discussed in the section
“Strengths and weaknesses of the proposed modeling
approach.”

CASE STUDIES

Three systems were selected as case studies to test this
ERA modeling approach (Table 1), as described in the in-
troductory paper (Stahl Jr. et al., 2023). These case studies
were subsequently evaluated according to the three pillars of
this modeling approach and the principles of incorporation of
climate information as outlined earlier (Tables 2 and 3). The
selected case studies (Table 1) represent three types of eco-
systems: generic streams in agricultural areas in Norway
(Oldenkamp et al., 2023), near-shore coral reefs in Australia
(Mentzel et al., 2023), and a river network with salmonid
populations in the United States (Landis et al., 2023). The
three case studies were selected prior to the workshop to
focus the discussions and to help develop and evaluate the
risk modeling approach. While these case studies focus on a
chemical stressor such as pesticides as well as nutrients, the
approach presented here is meant to be generic and appli-
cable for any type of chemical stressor.

Case study 1 was used in the European Union Innovative
Training Network ECORISK2050 to explore new approaches
for integrating climate projections with risk calculation, via
the pesticide exposure model WISPE (Mentzel, Grung,

Holten, et al., 2022). The climate projections that were ap-
plicable for this project resulted from the old climate sce-
nario A1B and can now be considered obsolete but served
the purpose of model development. Expected changes for
northern Europe, such as increased rainfall, might result in
increased pest pressure and pesticide emissions but could
also be counteracted by improved agricultural practices or
technologies (Hader et al., 2022). The WISPE tool was run by
manual initiation with a climate file from individual climate
models and does not readily allow efficiency for climate
input from multimodel ensembles. However, by leveraging
the existing input and output from WISPE based on two
climate models (Mentzel, Grung, Holten, et al., 2022), the
authors quantified key functional relationships between
pesticide application rates, climatic variables (a monthly
precipitation index), and peak exposures emerging from the
WISPE model for individual pesticides. This functional rela-
tionship (regression models with associated uncertainty) can
in turn be used to incorporate more updated climate in-
formation from ensemble models and to improve the pes-
ticide exposure and risk assessment.

For Case study 2 (Mentzel et al., 2023), a BN model for
near-shore coral reefs in the Mackay region of the Great
Barrier Reef was built de novo based on a combination of
extensive local data sources, the eReefs modeling database
(CSIRO, 2015), regional climate projections, hydrological
modeling, literature reviews, and expert judgment. The aim
was to assess the collective risks of climate and catchment-
related stressors on multiple endpoints for corals. An AOP
network was used to conceptually delineate the effects of
climate-related variables and the herbicide diuron on coral
bleaching, mortality, and extent of cover. It illustrated both
diuron-induced climate sensitivities and climate-induced
diuron sensitivities (equivalent to “vulnerability” in
Figure 2), which informed the conceptualization and devel-
opment of the BN. The BN was used to quantitatively
compare the effects of historic and future projected climate
on inshore hard corals. It demonstrated how risk may be
predicted for multiple physical and biological stressors in-
cluding temperature, ocean acidification, cyclones, sedi-
ments, macroalgae competition, crown-of-thorns starfish
(Acanthaster planci) predation, and chemical stressors such
as nitrogen and herbicide exposure, provided that sufficient
data and knowledge are available for model parameter-
ization. Climate scenarios included an ensemble of 16
downscaled models encompassing current and future con-
ditions based on two more recent greenhouse gas emission
scenarios (RCP4.5 and 8.5).

Case study 3 was built upon a completed ERA model
(Mitchell et al., 2021) to include climate scenarios and their
impacts on Chinook salmon (Oncorhynchus tshawytscha)
populations via water quality and pesticides. Key water
quality input variables were adjusted based on a study of
dissolved oxygen and temperature relationships across
streams in the Sierra Nevada, California (Ficklin et al., 2013).
Output from a 16-member ensemble of GCMs forced with
the A2 emission scenario was statistically downscaled and
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used as input to the Soil Water and Assessment model at a
subbasin level (Ficklin et al., 2013). As for Case study 1,
climate projections that were already available for the re-
gion were used for model development, although resulting
from an old climate scenario (A2). Future scenarios of pes-
ticide concentration distributions were derived from in situ
measured concentrations, by additional applications due to
climate shifts as described by Stéckle et al. (2010), and de-
creased applications.

The three case study models were subjected to sensitivity
analysis involving a quantification of the degree of mutual
information between a target node (assessment endpoint)
and the parent nodes, including both exposure- and
climate-related variables. Outcomes from this sensitivity
analysis varied across the case studies. For Case study 1, the
hypothetical pesticide application scenarios had a stronger
influence on the assessment endpoints than the main cli-
matic variable (precipitation index). In contrast, in Case
studies 2 and 3, the climate-related environmental variables
had a stronger influence on the assessment endpoint than
the chemical stressors (pesticides and nutrients). These
outcomes suggest that when more ecologically relevant
components are included in a risk assessment, such as the
increased vulnerability of certain species or demographic
stages at higher water temperatures, then climate-related
factors can play an important role in the assessment relative
to the chemical stressors.

The case studies were evaluated against each of the
principles presented in Table 2. The evaluation demon-
strated that the three study systems were all useful as case
studies for exploring the proposed climate information and
ERA modeling approach, but also that they all have poten-
tial for improvement. For example, all case study models
contain conditional probability tables that include nonlinear
cause-effect relationships as well as uncertainty. However,
Case study 1 does not yet include cause-effect connections
from exposure to effect (but instead an exposure/effect
ratio), and Case study 2 has not yet integrated the various
assessment endpoints representing the coral communities.
While the modeling approach presented here builds upon
the seven principles listed above, it has more explicit rec-
ommendations regarding the quantity, quality, and proc-
essing of climate model projections for integration with the
risk components (as described in the section “Components
of chemical risk and influence of climate change”). These
aspects are listed in Table 3, which also presents an over-
view of how each of these pillars has been implemented in
the case study models so far.

DISCUSSION

Strengths and weaknesses of the proposed modeling

approach

The proposed modeling approach (Figure 2) aims to
bridge a gap in scientific methodology at the intersection
between climate modeling and environmental risk mod-
eling, in particular, the handling of environmental variability

and uncertainty. There are, as yet, few studies that combine
the use of GCM ensembles with environmental impact
analysis including ecological endpoints. Most assessment
studies use climate projections from only one or a few
GCMs, which implies a risk of bias due to low “sample size.”
On the other hand, a large ensemble of GCMs implies
methodological challenges in handling the vast array of
climate projections. The approach described here can be
further developed into a framework of statistical and prob-
abilistic modeling methods to generate climate information,
in a format that is both representative of key statistical
properties of the climate model ensemble and relevant to
the ecosystem of interest. However, successful integration
of approaches from the two modeling fields will require
close collaboration between climate experts and environ-
mental assessment experts.

The environmental risk modeling described in this article
and the case studies build upon the traditional ERA com-
ponents of exposure and hazard characterization (Figure 1B)
(Society of Environmental Toxicology and Chemistry, 2018),
but also expand this to include an ecological vulnerability
component, inspired by IPCC's risk concept (IPCC, 2022;
Reisinger et al., 2020). Moreover, all components and rela-
tionships can be quantified by probability distributions, as a
more informative and flexible alternative than the single-
value scores often used in ERA. The approach and BN im-
plementation described here can also be adapted to other
conceptual frameworks for environmental assessment
and management, such as the Drivers—Pressures-States—
Impacts—Responses (DPSIR) causal framework used by the
European Environment Agency. Examples related to eco-
logical assessment and management of water quality under
climate change according to the EU Water Framework Di-
rective are given by Moe et al. (2019) and see Cains et al.
(2023), respectively.

The successful use of BN modeling for the purpose of
ERA has increased during the last decade (Moe et al., 2021).
Nevertheless, there are several methodological challenges
associated with this method. Variables of BN models are
normally (but not necessarily) discretized into states, which
reduces the resolution and precision of the models, and can
result in low sensitivity of a target node, for example, to
changes in climate scenarios. The quantification of proba-
bility distributions will require more information, alter-
natively expert judgment, than a so-called deterministic
(single-value) risk characterization. On the other hand, stat-
istical methods such as hierarchical Bayesian models can be
used for capturing even more information on uncertainty
(e.g., of parameters) than what is common practice for BN
models. Moreover, BNs cannot include feedback loops, al-
though adaptations can be made. The BN models proposed
here can be further advanced in several directions, for ex-
ample, dynamic BNs for future projections allowing feed-
back loops (Gaasland-Tatro, 2016), spatially explicit BN
models with links to geographical information systems
(Piffady et al., 2021), cumulative risk of multiple stressors
calculated as the joint probability of threshold exceedances,
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adapted to the specific type of stressor interaction (Welch,
2023), and decision-support tools with decision nodes and
cost/benefit nodes (influence diagrams) (Rachid et al., 2021).

In local contexts, the uncertainties associated with
global and downscaled climate projections may still be
too large to be of practical use for decision-making.
Therefore, alternative approaches such as physical climate
storylines can be supplementary tools for incorporating
value judgments and responses to policy options (Kuni-
mitsu et al., 2023).

CONCLUSION AND OUTLOOK

The novelty of this modeling approach lies in the pro-
duction and use of robust climate information as a means to
bridge multimodel ensemble climate modeling and proba-
bilistic environmental risk modeling. The risk modeling can
build upon the traditional ERA components of exposure and
hazard characterization but may also include an ecological
vulnerability component. Furthermore, a BN (or other
probabilistic modeling methodologies) will allow all com-
ponents and relationships to be quantified by probability
distributions, as a more informative and flexible alternative
than the single-value risk scores and assessment factors
traditionally used in ERA.

This article has summarized and evaluated three relatively
simple case studies from the SETAC Pellston workshop on
global climate change and ERA (Stahl Jr. et al., 2023), each
illustrating one or more aspects of the proposed modeling
approach implemented as BN models. The application of
our approach to three case studies has demonstrated the
generality of the methodology across ecosystems and
geographic regions. A more thorough model development
and analysis of the case studies, which was beyond the
scope of this workshop, should ideally include both climate
projections from larger climate model ensembles, more re-
cent climate scenarios, and both dynamical and empirical-
statistical downscaling applied to all cases. More elaborate
examples would also allow a more systematic evaluation of
the costs and benefits of our proposed approach compared
to alternatives.

We envision that the probabilistic modeling approach
can help to meet the needs for improved methodology
identified by scientific communities within both climate
science and environmental toxicology science (Stahl Jr
et al., 2017), as well as for other types of scientific assess-
ments. The role of probabilistic modeling as a prerequisite
for such integration must be recognized by scientists in
both fields. The benefits of probabilistic risk assessment for
an uncertain climate also need to be recognized by
chemical risk managers (Cains et al., 2023) and other
decision-makers whose decisions this framework is
meant to support. As stated recently by climate scientists
(Sillmann et al., 2018; Zscheischler et al., 2018), impact
modelers and decision-makers need to work closely to-
gether with climate scientists to understand the complex
events related to climate change.

AUTHOR CONTRIBUTION

S. Jannicke Moe: Conceptualization; funding acquisition;
methodology; project administration; supervision; visual-
ization; writing—original draft; writing—review and editing.
Kevin V. Brix: Conceptualization; funding acquisition;
methodology; project administration; writing—original
draft; writing—review and editing. Wayne G. Landis: Con-
ceptualization; funding acquisition; methodology; project
administration; writing—original draft. Jenny L. Stauber:
Conceptualization; funding acquisition; project admin-
istration; writing—original draft; writing—review and ed-
iting. John F. Carriger: Conceptualization; methodology;
writing—original draft; writing—review and editing. John D.
Hader: Conceptualization; visualization; writing—original
draft; writing—review and editing. Taro Kunimitsu: Meth-
odology; writing—review and editing. Sophie Mentzel:
Methodology; visualization; writing—review and editing.
Rory Nathan: Conceptualization; methodology; visual-
ization; writing—original draft; writing—review and editing.
Pamela D. Noyes: Writing—original draft; writing—review
and editing. Rik Oldenkamp: Writing—original draft. Jason R.
Rohr: Writing—review and editing. Paul J. ven den Brink:
Supervision; writing—original draft. Julie Verheyen: Writing—
original draft. Rasmus E. Benestad: Conceptualization;
methodology; writing—original draft; writing—review and
editing.

ACKNOWLEDGMENT

The authors are indebted to our sponsors for contributing
financial or in-kind support to the SETAC Pellston® Work-
shop, 20-24 June 2022, at Oscarsborg Fortress near Oslo,
Norway. The workshop was supported by the following
companies and organizations: (1) BHP, (2) Chevron, (3)
Corteva Agrisciences, (4) CSIRO, (5) International Copper
Association, (6) NiPERA, (7) NIVA's Computational Tox-
icology Program, (8) Research Council of Norway, (9) Rio
Tinto, (10) SETAC, (11) Shell, (12) Teck Resources, and (13)
the US Environmental Protection Agency. The authors also
acknowledge the organizations who sponsored the travel
costs and working time of participants. Travel funding for J.
D. H. and S. M. was provided by the EU Horizon 2020
program under Marie Sktodowska-Curie Grant Agreement
No. 813124 (ECORISK2050). Funding for S. J. M. was pro-
vided from NIVA's Computational Toxicology Program.
Funding for J. R. R. was provided by the National Science
Foundation (DEB-2017785). The authors are grateful to
Ralph Stahl Jr., Alistair Boxall, Raoul Couture, and other
workshop participants for discussions that were fundamental
to this manuscript. The authors thank the internal reviewers
at CSIRO and USEPA for their constructive feedback that
helped improve the manuscript, and Jana Sillmann for rec-
ommendations to improve the relevance of our work for
the IPCC.

DISCLAIMER
The views expressed in this article are those of the authors
and do not necessarily represent the views or policies of the

Integr Environ Assess Manag 2024:367-383

wileyonlinelibrary.com/journal/ieam

© 2023 The Authors

85UB01 7 SUOWILIOD BAII1D 3|ceatjdde 8y Aq pauseA0b a8 S9[ILe VO ‘8SN JO S3|NJ 10y ARIq1T 8UIUO ABJIM UO (SUORIPUCD-PUe-SW.IWod" A3 | 1M AeJq Ul Uo//SdNY) SUORIPUOD pue S L 8U} 885 *[7202/20/62] U0 ARIqIT8UIUO AB|IM ‘6.8 WeS1/Z00T OT/I0p/W0D A8 | 1M ARe.q | U1 |UOJe1es// SOy WO1) papeo|umod ‘2 ‘202 ‘6LETSST



INTEGRATING CLIMATE INFORMATION INTO RISK ASSESSMENT—Integr Environ Assess Manag 20, 2024 381

United States Environmental Protection Agency. The peer
review for this article was managed by the Editorial
Board without the involvement of S. Jannicke Moe and
John Carriger.

DATA AVAILABILITY STATEMENT

There are no data directly associated with this article. The
data availability of the case studies is described in the in-
dividual case study papers cited herein.

ORCID
S. Jannicke Moe @ http://orcid.org/0000-0002-3681-3551
Kevin V. Brix @ https://orcid.org/0000-0003-3127-7435

Wayne G. Landis
Jenny L. Stauber
John F. Carriger
John D. Hader
Taro Kunimitsu

https://orcid.org/0000-0001-9468-3532

https://orcid.org/0000-0002-1231-3173

http://orcid.org/0000-0002-6275-8752
http://orcid.org/0000-0002-1033-4499
http://orcid.org/0000-0003-0456-368X
Sophie Mentzel @ http://orcid.org/0000-0001-7330-7474
Rory Nathan @ https://orcid.org/0000-0001-7759-8344
Pamela D. Noyes (@ https://orcid.org/0000-0003-1654-4056
Rik Oldenkamp @ http://orcid.org/0000-0002-2245-6987
Jason R. Rohr @ https://orcid.org/0000-0001-8285-4912
Paul J. Brink @ https://orcid.org/0000-0002-7241-4347
Julie Verheyen @ https://orcid.org/0000-0001-7496-5137
Rasmus E. Benestad https://orcid.org/0000-0002-
5969-4508

REFERENCES

Adams, K. J., Macleod, C. A. J., Metzger, M. J., Melville, N., Helliwell, R. C.,
Pritchard, J., & Glendell, M. (2022). Developing a Bayesian network
model for understanding river catchment resilience under future change
scenarios. EGUsphere, 2022, 1-35. https:/doi.org/10.5194/egusphere-
2022-617

Benestad, R. E., Mezghani, A., Lutz, J., Dobler, A., Parding, K. M., &
Landgren, O. A. (2023). Various ways of using empirical orthogonal
functions for climate model evaluation. Geoscientific Model Develop-
ment, 16(10), 2899-2913. https:/doi.org/10.5194/gmd-16-2899-2023

Benestad, R. E., Parding, K. M., Erlandsen, H. B., & Mezghani, A. (2019). A
simple equation to study changes in rainfall statistics. Environmental
Research Letters, 14(8), 084017. https://doi.org/10.1088/1748-9326/
ab2bb2

Benestad, R. E., Parding, K. M., Mezghani, A., Dobler, A., Landgren, O. A.,
Erlandsen, H. B., & Haugen, J. E. (2019). Stress testing for climate impacts
with “synthetic storms.” Eos, 100. https://doi.org/10.1029/2019EO 113311

Beven, K. (2016). Facets of uncertainty: Epistemic uncertainty, non-
stationarity, likelihood, hypothesis testing, and communication. Hydro-
logical Sciences Journal, 61(9), 1652-1665. https://doi.org/10.1080/
02626667.2015.1031761

Bracewell, S., Verdonschot, R. C. M., Schéfer, R. B., Bush, A., Lapen, D. R., &
Van den Brink, P. J. (2019). Qualifying the effects of single and multiple
stressors on the food web structure of Dutch drainage ditches using a
literature review and conceptual models. Science of the Total Environ-
ment, 684, 727-740. https://doi.org/10.1016/j.scitotenv.2019.03.497

Cains, M., Desrousseaux, A., Boxall, A. B. A., Molander, S., Molina-Navarro,
E., Sussams, J., & Rother, H.-A. (2023). Environmental management cycles
for chemicals and climate change, EMC4: A new conceptual framework
contextualizing climate and chemical risk assessment and management.
Integrated Environmental Assessment and Management, 20(2), 433-453.
https://doi.org/10.1002/ieam.4872

Carriger, J. F., & Barron, M. G. (2020). A Bayesian network approach to
refining ecological risk assessments: Mercury and the Florida panther

(Puma concolor coryi). Ecological Modelling, 418, 108911. https://doi.org/
10.1016/j.ecolmodel.2019.108911

Chambers, J. M., Wyborn, C., Ryan, M. E., Reid, R. S., Riechers, M., Serban,
A., & Pickering, T. (2021). Six modes of co-production for sustainability.
Nature Sustainability, 4(11), 983-996. https://doi.org/10.1038/s41893-
021-00755-x

Chiu, M. C., Hunt, L., & Resh, V. H. (2017). Climate-change influences on the
response of macroinvertebrate communities to pesticide contamination
in the Sacramento River, California watershed. The Science of the Total
Environment, 581-582, 741-749.

Couture, R. M., Moe, S. J., Lin, Y., Kaste, @., Haande, S., & Lyche Solheim, A.
(2018). Simulating water quality and ecological status of Lake Vansjg,
Norway, under land-use and climate change by linking process-oriented
models with a Bayesian network. Science of the Total Environment, 621,
713-724. https://doi.org/10.1016/j.scitotenv.2017.11.303

CSIRO. (2015). eReefs. https://research.csiro.au/ereefs/

Deser, C., Knutti, R., Solomon, S., & Phillips, A. S. (2012). Communication of
the role of natural variability in future North American climate. Nature
Climate Change, 2(11), 775-779. https://doi.org/10.1038/nclimate1562

Diaz, H. F., Hoerling, M. P., & Eischeid, J. K. (2001). ENSO variability, tele-
connections and climate change. International Journal of Climatology,
21(15), 1845-1862. https://doi.org/10.1002/joc.631

Doblas-Reyes, F. J., Sérensson, A. A., Almazroui, M., Dosio, A., Gutowski, W. J.,
Haarsma, R., & Zuo, Z. (2021). Linking global to regional climate change. In
V. Masson-Delmotte, P. Zhai, A. Pirani, S. L. Connors, C. Péan, S. Berger,
N. Caud, Y. Chen, L. Goldfarb, M. I. Gomis, M. Huang, K. Leitzell,
E. Lonnoy, J. B. R. Matthews, T. K. Maycock, T. Waterfield, O. Yelekgi, R. Yu,
& B. Zhou (Eds.), Climate change 2021: The physical science basis. Con-
tribution of working group | to the sixth assessment report of the inter-
governmental panel on climate change (pp. 1363-1512). Cambridge
University Press. https://doi.org/10.1017/9781009157896.012

European Environment Agency (EEA). (2018). Chemicals in European waters.
Knowledge developments (EEA Report No. 18/2018).

European Environment Agency (EEA). (2019). The European environment—
State and outlook 2020. Knowledge for transition to a sustainable Europe.
https://www.eea.europa.eu/soer/publications/soer-2020

Erlandsen, H. B., Parding, K. M., Benestad, R., Mezghani, A., & Pontoppidan,
M. (2020). A hybrid downscaling approach for future temperature and
precipitation change. Journal of Applied Meteorology and Climatology,
59(11), 1793-1807. https://doi.org/10.1175/jamc-d-20-0013.1

Ficklin, D. L., Stewart, I. T., & Maurer, E. P. (2013). Climate change impacts on
streamflow and subbasin-scale hydrology in the upper Colorado river
basin. PLoS One, 8(8), €71297. https://doi.org/10.1371/journal.pone.
0071297

Freitas, R., Coppola, F., Costa, S., Pretti, C., Intorre, L., Meucci, V., & Solé, M.
(2019). The influence of temperature on the effects induced by Triclosan
and Diclofenac in mussels. Science of the Total Environment, 663,
992-999. https://doi.org/10.1016/j.scitotenv.2019.01.189

Gaasland-Tatro, L. (2016). A dynamic bayesian approach for integrating cli-
mate change into a multi-stressor ecological risk assessment for the
mercury contaminated South river and upper Shenandoah river [Masters
thesis, WWU Graduate School Collection]. https://cedar.wwu.edu/
wwuet/504

Gagnon, P., Sheedy, C., Rousseau, A. N., Bourgeois, G., & Chouinard, G.
(2016). Integrated assessment of climate change impact on surface runoff
contamination by pesticides. Integrated Environmental Assessment and
Management, 12(3), 559-571. https://doi.org/10.1002/ieam.1706

Gergs, A., Rakel, K. J., Liesy, D., Zenker, A., & Classen, S. (2019). Mechanistic
effect modeling approach for the extrapolation of species sensitivity.
Environmental Science & Technology, 53(16), 9818-9825. https:/doi.org/
10.1021/acs.est.9b01690

Gouin, T., Armitage, J. M., Cousins, I. T., Muir, D. C. G, Ng, C. A,, Reid, L., &
Tao, S. (2013). Influence of global climate change on chemical fate and
bioaccumulation: The role of multimedia models. Environmental Tox-
icology and Chemistry, 32(1), 20-31. https://doi.org/10.1002/etc.2044

Hader, J. D., Lane, T., Boxall, A. B. A., MacLeod, M., & Di Guardo, A. (2022).
Enabling forecasts of environmental exposure to chemicals in European

Integr Environ Assess Manag 2024:367-383

DOI: 10.1002/ieam.4879

© 2023 The Authors

85UB01 7 SUOWILIOD BAII1D 3|ceatjdde 8y Aq pauseA0b a8 S9[ILe VO ‘8SN JO S3|NJ 10y ARIq1T 8UIUO ABJIM UO (SUORIPUCD-PUe-SW.IWod" A3 | 1M AeJq Ul Uo//SdNY) SUORIPUOD pue S L 8U} 885 *[7202/20/62] U0 ARIqIT8UIUO AB|IM ‘6.8 WeS1/Z00T OT/I0p/W0D A8 | 1M ARe.q | U1 |UOJe1es// SOy WO1) papeo|umod ‘2 ‘202 ‘6LETSST


http://orcid.org/0000-0002-3681-3551
https://orcid.org/0000-0003-3127-7435
https://orcid.org/0000-0001-9468-3532
https://orcid.org/0000-0002-1231-3173
http://orcid.org/0000-0002-6275-8752
http://orcid.org/0000-0002-1033-4499
http://orcid.org/0000-0003-0456-368X
http://orcid.org/0000-0001-7330-7474
https://orcid.org/0000-0001-7759-8344
https://orcid.org/0000-0003-1654-4056
http://orcid.org/0000-0002-2245-6987
https://orcid.org/0000-0001-8285-4912
https://orcid.org/0000-0002-7241-4347
https://orcid.org/0000-0001-7496-5137
https://orcid.org/0000-0002-5969-4508
https://orcid.org/0000-0002-5969-4508
https://doi.org/10.5194/egusphere-2022-617
https://doi.org/10.5194/egusphere-2022-617
https://doi.org/10.5194/gmd-16-2899-2023
https://doi.org/10.1088/1748-9326/ab2bb2
https://doi.org/10.1088/1748-9326/ab2bb2
https://doi.org/10.1029/2019EO113311
https://doi.org/10.1080/02626667.2015.1031761
https://doi.org/10.1080/02626667.2015.1031761
https://doi.org/10.1016/j.scitotenv.2019.03.497
https://doi.org/10.1002/ieam.4872
https://doi.org/10.1016/j.ecolmodel.2019.108911
https://doi.org/10.1016/j.ecolmodel.2019.108911
https://doi.org/10.1038/s41893-021-00755-x
https://doi.org/10.1038/s41893-021-00755-x
https://doi.org/10.1016/j.scitotenv.2017.11.303
https://research.csiro.au/ereefs/
https://doi.org/10.1038/nclimate1562
https://doi.org/10.1002/joc.631
https://doi.org/10.1017/9781009157896.012
https://www.eea.europa.eu/soer/publications/soer-2020
https://doi.org/10.1175/jamc-d-20-0013.1
https://doi.org/10.1371/journal.pone.0071297
https://doi.org/10.1371/journal.pone.0071297
https://doi.org/10.1016/j.scitotenv.2019.01.189
https://cedar.wwu.edu/wwuet/504
https://cedar.wwu.edu/wwuet/504
https://doi.org/10.1002/ieam.1706
https://doi.org/10.1021/acs.est.9b01690
https://doi.org/10.1021/acs.est.9b01690
https://doi.org/10.1002/etc.2044

382

Integr Environ Assess Manag 20, 2024—MOE et AL.

agriculture under global change. Science of the Total Environment, 840,
156478. https://doi.org/10.1016/j.scitotenv.2022.156478

Hanssen-Bauer, |., Forland, E. J., Haddeland, I., Hisdal, H., Lawrence, D.,
Mayer, S., & Wong, W. K. (2017). Climate in Norway 2100—A knowledge
base for climate adaptation. Norwegian Centre for Climate Services Re-
port 1. https://www.met.no/kss/_/attachment/download/e1d26477-1c7c-
4912-8af9-
a2b20a0c084f:c615e5a9799582b64d52542878edf0d607d515dc/
klimarapport-2100-engelsk-web-0160517.pdf

Hooper, M. J., Ankley, G. T., Cristol, D. A., Maryoung, L. A., Noyes, P. D., &
Pinkerton, K. E. (2013). Interactions between chemical and climate
stressors: A role for mechanistic toxicology in assessing climate change
risks. Environmental Toxicology and Chemistry, 32(1), 32-48. https://doi.
org/10.1002/etc.2043

Huang, A., Mangold-Déring, A., Guan, H., Boerwinkel, M.-C., Belgers, D.,
Focks, A., & Van den Brink, P. J. (2023). The effect of temperature on
toxicokinetics and the chronic toxicity of insecticides towards Gammarus
pulex. Science of the Total Environment, 856, 158886. https://doi.org/10.
1016/j.scitotenv.2022.158886

Intergovernmental Panel on Climate Change (IPCC). (2022). Summary for
policymakers. In Portner, H.-O., Roberts, D. C., Poloczanska, E. S.,
Mintenbeck, K., Tignor, M., Alegria, A., Craig, M., Langsdorf, S., Léschke,
S., Moller, V., & Okem, A. (Eds.), Climate change 2022: Impacts, adapta-
tion, and vulnerability. Contribution of working group Il to the sixth assess-
ment report of the intergovernmental panel on climate change (pp. 3-33).
Cambridge University Press. https://doi.org/10.1017/9781009325844.001

John, A., Horne, A., Nathan, R., Stewardson, M., Webb, J. A., Wang, J., &
Poff, N. L. (2021). Climate change and freshwater ecology: Hydrological
and ecological methods of comparable complexity are needed to
predict risk. WIREs Climate Change, 12(2), e692. https://doi.org/10.1002/
wce.692

Kaikkonen, L., Parviainen, T., Rahikainen, M., Uusitalo, L., & Lehikoinen, A.
(2021). Bayesian networks in environmental risk assessment: A review.
Integrated Environmental Assessment and Management, 17(1), 62-78.
https://doi.org/10.1002/ieam.4332

Kattwinkel, M., Kihne, J.-V., Foit, K., & Liess, M. (2011). Climate change,
agricultural insecticide exposure, and risk for freshwater communities.
Ecological Applications, 21(6), 2068-2081. https://doi.org/10.1890/10-
1993.1

Kjeerulff, U. B., & Madsen, A. L. (2013). Bayesian networks and influence
diagrams: A guide to construction and analysis. Springer.

Kundzewicz, Z. W., Krysanova, V., Benestad, R. E., Hov, @., Piniewski, M., &
Otto, I. M. (2018). Uncertainty in climate change impacts on water re-
sources. Environmental Science & Policy, 79, 1-8. https://doi.org/10.1016/
j.envsci.2017.10.008

Kunimitsu, T., Baldissera Pacchetti, M., Ciullo, A., Sillmann, J., Shepherd,
T. G., Taner, M. U., & van den Hurk, B. (2023). Representing storylines
with causal networks to support decision making: Framework and ex-
ample. Climate Risk Management, 40, 100496. https://doi.org/10.1016/j.
crm.2023.100496

Landis, W. G. (2021). The origin, development, application, lessons learned,
and future regarding the Bayesian Network Relative Risk Model for eco-
logical risk assessment. Integrated Environmental Assessment and Man-
agement, 17(1), 79-94. https://doi.org/10.1002/ieam.4351

Landis, W. G., Durda, J. L., Brooks, M. L., Chapman, P. M., Menzie, C. A,,
Stahl, Jr. R. G., & Stauber, J. L. (2013). Ecological risk assessment in the
context of global climate change. Environmental Toxicology and Chem-
istry, 32(1), 79-92. https://doi.org/10.1002/etc.2047

Landis, W. G., Mitchell, C. J., Hader, J. D., Nathan, R., & Sharpe, E. E. (2023).
Incorporation of climate change into a multiple stressor risk assessment
for the Chinook salmon (Oncorhynchus tshawytscha) population in the
Yakima River, Washington USA. Integrated Environmental Assessment
and Management, 20(2), 419-432. https://doi.org/10.1002/ieam.4878

Landis, W. G., Rohr, J. R., Moe, S. J., Balbus, J. M., Clements, W., Fritz, A., &
Stauber, J. (2014). Global climate change and contaminants, a call to arms
not yet heard? Integrated Environmental Assessment and Management,
10(4), 483-484. https://doi.org/10.1002/ieam.1568

Lee, J.-Y., Marotzke, J., Bala, G., Cao, L., Corti, S., Dunne, J. P., & Zhou, T.
(2021). Future global climate: Scenario-based projections and nearterm
information. In V. Masson-Delmotte, P. Zhai, A. Pirani, S. L. Connors, C.
Péan, S. Berger, N. Caud, Y. Chen, L. Goldfarb, M. I. Gomis, M. Huang, K.
Leitzell, E. Lonnoy, J. B. R. Matthews, T. K. Maycock, T. Waterfield, O.
Yelekgi, R. Yu, & B. Zhou (Eds.), Climate change 2021: The physical sci-
ence basis. Contribution of working group | to the sixth assessment report
of the intergovernmental panel on climate change (pp. 553-672). Cam-
bridge University Press. https://doi.org/10.1017/9781009157896.006

Maertens, A., Golden, E., Luechtefeld, T. H., Hoffmann, S., Tsaioun, K., &
Hartung, T. (2022). Probabilistic risk assessment—The keystone for the
future of toxicology. ALTEX—AIlternatives to Animal Experimentation,
39(1), 3-29. https://doi.org/10.1457 3/altex.2201081

Mangold-Déring, A., Huang, A., van Nes, E. H., Focks, A., & van den Brink, P.
J. (2022). Explicit consideration of temperature improves predictions of
toxicokinetic-toxicodynamic models for flupyradifurone and imidacloprid
in Gammarus pulex. Environmental Science & Technology, 56(22),
15920-15929. https://doi.org/10.1021/acs.est.2c04085

Martinez-Megias, C., Mentzel, S., Fuentes-Edfuf, Y., Moe, S. J., & Rico, A.
(2023). Influence of climate change and pesticide use practices on the
ecological risks of pesticides in a protected Mediterranean wetland: A
Bayesian network approach. Science of the Total Environment, 878,
163018. https://doi.org/10.1016/j.scitotenv.2023.163018

Mentzel, S., Grung, M., Holten, R., Tollefsen, K. E., Stenred, M., & Moe, S. J.
(2022). Probabilistic risk assessment of pesticides under future agricultural
and climate scenarios using a Bayesian network. Frontiers in Environ-
mental Science, 10, 957926. https://doi.org/10.3389/fenvs.2022.957926

Mentzel, S., Grung, M., Tollefsen, K. E., Stenred, M., Petersen, K., & Moe, S. J.
(2022). Development of a Bayesian network for probabilistic risk assess-
ment of pesticides. Integrated Environmental Assessment and Manage-
ment, 18(4), 1072-1087. https://doi.org/10.1002/ieam.4533

Mentzel, S., Nathan, R., Noyes, P., Brix, K., Moe, S. J., Rohr, J., &
Stauber, J. (2023). Evaluating the effects of climate change and chemical,
physical and biological stressors on nearshore coral reefs: A case study in
the Great Barrier Reef, Australia. Integrated Environmental Assessment
and Management, 20(2), 401-418. https://doi.org/10.1002/ieam.4871

Mitchell, C. J., Lawrence, E., Chu, V. R., Harris, M. J., Landis, W. G., von
Stackelberg, K. E., & Stark, J. D. (2021). Integrating metapopulation dy-
namics into a Bayesian Network Relative Risk Model: Assessing risk of
pesticides to Chinook Salmon (Oncorhynchus tshawytscha) in an eco-
logical context. Integrated Environmental Assessment and Management,
17(1), 95-109. https://doi.org/10.1002/ieam.4357

Moe, S. J., Benestad, R. E., & Landis, W. G. (2022). Robust risk assessments
require probabilistic approaches. Integrated Environmental Assessment
and Management, 18(5), 1133-1134. https:/doi.org/10.1002/ieam.4660

Moe, S. J., Carriger, J. F., & Glendell, M. (2021). Increased use of Bayesian
network models has improved environmental risk assessments. Integrated
Environmental Assessment and Management, 17(1), 53-61. https://doi.
org/10.1002/ieam.4369

Moe, S. J., Couture, R.-M., Haande, S., Lyche Solheim, A., & Jackson-Blake, L.
(2019). Predicting lake quality for the next generation: Impacts of catch-
ment management and climatic factors in a probabilistic model frame-
work. Water, 11(9), 1767. https://www.mdpi.com/2073-4441/11/9/1767

Moe, S. J., De Schamphelaere, K., Clements, W. H., Sorensen, M. T., Van den
Brink, P. J., & Liess, M. (2013). Combined and interactive effects of global
climate change and toxicants on populations and communities. Envi-
ronmental Toxicology and Chemistry, 32(1), 49-61. https://doi.org/10.
1002/etc.2045

Mtongori, H., Stordal, F., Benestad, R., Mourice, S., Pereira-Flores, M., &
Justino, F. (2015). Impacts of climate and farming management on maize
yield in southern Tanzania. African Crop Science Journal, 23(4), 399-417.
https://doi.org/10.4314/acsj.v23i4.9

Murphy, J. (1999). An evaluation of statistical and dynamical techniques for
downscaling local climate. Journal of Climate, 12(8), 2256-2284. https://
doi.org/10.1175/1520-0442(1999)012%3C2256:AEOSAD%3E2.0.CO;2

Nilsen, I. B., Hanssen-Bauer, |., Dyrrdal, A. V., Hisdal, H., Lawrence, D.,
Haddeland, I., & Wong, W. K. (2022). From climate model output to

Integr Environ Assess Manag 2024:367-383

wileyonlinelibrary.com/journal/ieam

© 2023 The Authors

9508017 SUOWILLIOD SAITea1D 3l jdde ayy Ag pausenob 912 SapILe O 9Sn J0 S3|nJ o) Aeiq i aUlUO AS]IAN UO (SUONIPUOD-PpUe-SWLS)/Wod" A3 | Aelq 1 Ul UO//:SdiL) SUOTIPUOD pue SIS 18U 88S *[202/20/52] Uo Aeiqiauliu AS|IM ‘6.8 Wesl/Z00T OT/I0p/W0d" A8 | 1M Ale.d 1 pul|uo'Je1ss//:sdily Wou) papeoiumod ‘2 ‘¥Z0Z ‘S6.ETSST


https://doi.org/10.1016/j.scitotenv.2022.156478
https://www.met.no/kss/_/attachment/download/e1d26477-1c7c-4912-8af9-a2b20a0c084f:c615e5a9799582b64d52542878edf0d607d515dc/klimarapport-2100-engelsk-web-0160517.pdf
https://www.met.no/kss/_/attachment/download/e1d26477-1c7c-4912-8af9-a2b20a0c084f:c615e5a9799582b64d52542878edf0d607d515dc/klimarapport-2100-engelsk-web-0160517.pdf
https://www.met.no/kss/_/attachment/download/e1d26477-1c7c-4912-8af9-a2b20a0c084f:c615e5a9799582b64d52542878edf0d607d515dc/klimarapport-2100-engelsk-web-0160517.pdf
https://www.met.no/kss/_/attachment/download/e1d26477-1c7c-4912-8af9-a2b20a0c084f:c615e5a9799582b64d52542878edf0d607d515dc/klimarapport-2100-engelsk-web-0160517.pdf
https://doi.org/10.1002/etc.2043
https://doi.org/10.1002/etc.2043
https://doi.org/10.1016/j.scitotenv.2022.158886
https://doi.org/10.1016/j.scitotenv.2022.158886
https://doi.org/10.1017/9781009325844.001
https://doi.org/10.1002/wcc.692
https://doi.org/10.1002/wcc.692
https://doi.org/10.1002/ieam.4332
https://doi.org/10.1890/10-1993.1
https://doi.org/10.1890/10-1993.1
https://doi.org/10.1016/j.envsci.2017.10.008
https://doi.org/10.1016/j.envsci.2017.10.008
https://doi.org/10.1016/j.crm.2023.100496
https://doi.org/10.1016/j.crm.2023.100496
https://doi.org/10.1002/ieam.4351
https://doi.org/10.1002/etc.2047
https://doi.org/10.1002/ieam.4878
https://doi.org/10.1002/ieam.1568
https://doi.org/10.1017/9781009157896.006
https://doi.org/10.14573/altex.2201081
https://doi.org/10.1021/acs.est.2c04085
https://doi.org/10.1016/j.scitotenv.2023.163018
https://doi.org/10.3389/fenvs.2022.957926
https://doi.org/10.1002/ieam.4533
https://doi.org/10.1002/ieam.4871
https://doi.org/10.1002/ieam.4357
https://doi.org/10.1002/ieam.4660
https://doi.org/10.1002/ieam.4369
https://doi.org/10.1002/ieam.4369
https://www.mdpi.com/2073-4441/11/9/1767
https://doi.org/10.1002/etc.2045
https://doi.org/10.1002/etc.2045
https://doi.org/10.4314/acsj.v23i4.9
https://doi.org/10.1175/1520-0442(1999)012%3C2256:AEOSAD%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(1999)012%3C2256:AEOSAD%3E2.0.CO;2

INTEGRATING CLIMATE INFORMATION INTO RISK ASSESSMENT—Integr Environ Assess Manag 20, 2024 383

actionable climate information in norway [methods]. Frontiers in Climate,
4, 866563. https://doi.org/10.3389/fclim.2022.866563

Noyes, P. D., & Lema, S. C. (2015). Forecasting the impacts of chemical
pollution and climate change interactions on the health of wildlife. Cur-
rent Zoology, 61(4), 669-689. https://doi.org/10.1093/czoolo/61.4.669

Noyes, P. D., McElwee, M. K., Miller, H. D., Clark, B. W., Van Tiem, L. A,,
Walcott, K. C., & Levin, E. D. (2009). The toxicology of climate change:
Environmental contaminants in a warming world. Environment Interna-
tional, 35(6), 971-986. https://doi.org/10.1016/j.envint.2009.02.006

Oldenkamp, R., Benestad, R. E., Hader, J. D., Mentzel, S., Nathan, R,
Madsen, A. L., & Moe, S. J. (2023). Incorporating climate information in
environmental risk assessment of pesticides in aquatic ecosystems. In-
tegrated Environmental Assessment and Management, 20(2), 384-400.
https://doi.org/10.1002/ieam.4849

Palmer, T., & Richardson, D. (2014). Decisions, decisions...!| ECMWF News-
letter, 141, 12-14. https://doi.org/10.21957/bychj3cf

Piffady, J., Carluer, N., Gouy, V., le Henaff, G., Tormos, T., Bougon, N., &
Mellac, K. (2021). ARPEGES: A Bayesian belief network to assess the risk
of pesticide contamination for the river network of France. Integrated
Environmental Assessment and Management, 17(1), 188-201. https://doi.
org/10.1002/ieam.4343

Polazzo, F., Roth, S. K., Hermann, M., Mangold-Déring, A., Rico, A., Sobek, A.,
& Jackson, M. C. (2022). Combined effects of heatwaves and micro-
pollutants on freshwater ecosystems: Towards an integrated assessment of
extreme events in multiple stressors research. Global Change Biology,
28(4), 1248-1267. https://doi.org/10.1111/gcb.15971

Pulido-Velazquez, M., Marcos-Garcia, P., Girard, C., Sanchis-lbor, C,,
Martinez-Capel, F., Garcia-Prats, A., & Rinaudo, J. D. (2022). A top-down
meets bottom-up approach for climate change adaptation in water re-
source systems. In C. Kondrup, P. Mercogliano, F. Bosello, J. Mysiak, E.
Scoccimarro, A. Rizzo, R. Ebrey, M. D. Ruiter, A. Jeuken, & P. Watkiss
(Eds.), Climate adaptation modelling (pp. 149-157). Springer.

Rachid, G., Alameddine, I., Najm, M. A., Qian, S., & El-Fadel, M. (2021).
Dynamic Bayesian networks to assess anthropogenic and climatic drivers
of saltwater intrusion: A decision support tool toward improved man-
agement. Integrated Environmental Assessment and Management, 17(1),
202-220. https://doi.org/10.1002/ieam.4355

Ranasinghe, R., Ruane, A. C., Vautard, R., Arnell, N., Coppola, E., Cruz, F. A,,
& Zaaboul, R. (2021). Climate change information for regional impact and
for risk assessment. In V. Masson-Delmotte, P. Zhai, A. Pirani, S. L. Con-
nors, C. Pean, S. Berger, N. Caud, Y. Chen, L. Goldfarb, M. I. Gomis, M.
Huang, K. Leitzell, E. Lonnoy, J. B. R. Matthews, T. K. Maycock, T.
Waterfield, O. Yelekci, R. Yu, & B. Zhou (Eds.), Climate change 2021: The
physical science basis. contribution of working group | to the sixth as-
sessment report of the intergovernmental panel on climate change
(pp- 1767-1926). Cambridge University Press. https://doi.org/10.1017/
9781009157896.014

Reisinger, A., Mark, Howden, Carolina, Vera, Sylvia, Kreibiehl, Brian, O'Neill,
Hans-Otto, Pértner, Jana, Sillmann, Richard, Jones, & Ranasinghe, R.
(2020). The concept of risk in the IPCC sixth assessment report: A sum-
mary of cross-working group discussions (p. 15). Intergovernmental Panel
on Climate Change.

Rohr, J. R., Johnson, P., Hickey, C. W., Helm, R. C., Fritz, A., & Brasfield, S.
(2013). Impilications of global climate change for natural resource damage
assessment, restoration, and rehabilitation. Environmental Toxicology
and Chemistry, 32(1), 93-101. https://doi.org/10.1002/etc.2036

Rohr, J. R., Salice, C. J., & Nisbet, R. M. (2016). The pros and cons of eco-
logical risk assessment based on data from different levels of biological
organization. Critical Reviews in Toxicology, 46(9), 756-784. https://doi.
org/10.1080/10408444.2016.1190685

Rohr, J. R., Sesterhenn, T. M., & Stieha, C. (2011). Will climate change reduce
the effects of a pesticide on amphibians? Partitioning effects on exposure
and susceptibility to contaminants. Global Change Biology, 17(2),
657-666. https://doi.org/10.1111/).1365-2486.2010.02301.x

Sillmann, J., Russo, S., Sippel, S., & Alnes, K. (2018). From hazard to risk.
Bulletin of the American Meteorological Society, 99(8), 1689-1693.
https://doi.org/10.1175/BAMS-D-17-0327.1

Society of Environmental Toxicology and Chemistry (SETAC). (2018). Tech-
nical Issue Paper: Environmental risk assessment of chemicals (p. 5).
SETAC.

Stahl, Jr. R. G., Boxall, A., Brix, K., Landis, W., Moe, S. J., & Stauber, J. (2023).
Incorporating climate change models into ecological risk assessments to
help inform risk management and adaptation strategies: Introduction to a
SETAC Pellston Workshop® June 2022, Oslo Fjord. Integrated Environ-
mental Assessment and Management, 20(2), 359-366. https:/doi.org/10.
1002/ieam.4883

Stahl, Jr. R. G., Hooper, M. J., Balbus, J. M., Clements, W., Fritz, A., Gouin, T.,
& Moe, S. J. (2013). The influence of global climate change on the sci-
entific foundations and applications of environmental toxicology and
chemistry: Introduction to a SETAC international workshop. Environ-
mental Toxicology and Chemistry, 32(1), 13-19. https://doi.org/10.1002/
etc.2037

Stahl, Jr. R. G., Stauber, J. L., & Clements, W. H. (2017). Spectators or par-
ticipants: How can SETAC become more engaged in international climate
change research programs? Environmental Toxicology and Chemistry,
36(8), 1971-1977. https://doi.org/10.1002/etc.3868

Steffens, K., Jarvis, N., Lewan, E., Lindstrém, B., Kreuger, J., Kjellstrém, E., &
Moeys, J. (2015). Direct and indirect effects of climate change on herbi-
cide leaching—A regional scale assessment in Sweden. Science of the
Total Environment, 514, 239-249. https://doi.org/10.1016/j.scitotenv.
2014.12.049

Stéckle, C. O., Nelson, R. L., Higgins, S., Brunner, J., Grove, G., Boydston, R.,
& Kruger, C. (2010). Assessment of climate change impact on Eastern
Washington agriculture. Climatic Change, 102(1), 77-102. https://doi.org/
10.1007/s10584-010-9851-4

Turschwell, M. P., Connolly, S. R., Schéfer, R. B., De Laender, F., Campbell,
M. D., Mantyka-Pringle, C., Brown, & Christopher, J. (2022). Interactive
effects of multiple stressors vary with consumer interactions, stressor
dynamics and magnitude. Ecology Letters, 25(6), 1483-1496. https://
doi.org/10.1111/ele.14013

van den Brink, P. J., Bracewell, S. A., Bush, A., Chariton, A., Choung, C. B,
Compson, Z. G., & Baird, D. J. (2019). Towards a general framework for
the assessment of interactive effects of multiple stressors on aquatic
ecosystems: Results from the Making Aquatic Ecosystems Great Again
(MAEGA) workshop. Science of the Total Environment, 684, 722-726.
https://doi.org/10.1016/j.scitotenv.2019.02.455

van den Brink, P. J., Choung, C. B., Landis, W., Mayer-Pinto, M., Pettigrove,
V., Scanes, P., & Stauber, J. (2016). New approaches to the ecological risk
assessment of multiple stressors. Marine and Freshwater Research, 67(4),
429-439. https://doi.org/10.1071/MF15111

Verheyen, J., Delnat, V., & Stoks, R. (2019). Increased daily temperature
fluctuations overrule the ability of gradual thermal evolution to offset
the increased pesticide toxicity under global warming. Environmental
Science & Technology, 53(8), 4600-4608. https://doi.org/10.1021/acs.est.
8b07166

Welch, S. A. S. (2023). Predicting environmental risks from pharmaceuticals
under future scenarios: A Norwegian example. University of Oslo.

Wenning, R. J., Finger, S. E., Guilhermino, L., Helm, R. C., Hooper, M. J.,
Landis, W. G., & Stahl, Jr. R. G. (2010). Global climate change and en-
vironmental contaminants: A SETAC call for research. Integrated Envi-
ronmental Assessment and Management, 6(2), 197-198. https://doi.org/
10.1002/ieam.49

Wilby, R. L., & Dessai, S. (2010). Robust adaptation to climate change.
Weather, 65(7), 180-185. https://doi.org/10.1002/wea.543

Zscheischler, J., Westra, S., van den Hurk, B. J. J. M., Seneviratne, S. |., Ward,
P. J., Pitman, A., & Zhang, X. (2018). Future climate risk from compound
events. Nature Climate Change, 8(6), 469-477. https://doi.org/10.1038/
s41558-018-0156-3

Integr Environ Assess Manag 2024:367-383

DOI: 10.1002/ieam.4879

© 2023 The Authors

9508017 SUOWILLIOD SAITea1D 3l jdde ayy Ag pausenob 912 SapILe O 9Sn J0 S3|nJ o) Aeiq i aUlUO AS]IAN UO (SUONIPUOD-PpUe-SWLS)/Wod" A3 | Aelq 1 Ul UO//:SdiL) SUOTIPUOD pue SIS 18U 88S *[202/20/52] Uo Aeiqiauliu AS|IM ‘6.8 Wesl/Z00T OT/I0p/W0d" A8 | 1M Ale.d 1 pul|uo'Je1ss//:sdily Wou) papeoiumod ‘2 ‘¥Z0Z ‘S6.ETSST


https://doi.org/10.3389/fclim.2022.866563
https://doi.org/10.1093/czoolo/61.4.669
https://doi.org/10.1016/j.envint.2009.02.006
https://doi.org/10.1002/ieam.4849
https://doi.org/10.21957/bychj3cf
https://doi.org/10.1002/ieam.4343
https://doi.org/10.1002/ieam.4343
https://doi.org/10.1111/gcb.15971
https://doi.org/10.1002/ieam.4355
https://doi.org/10.1017/9781009157896.014
https://doi.org/10.1017/9781009157896.014
https://doi.org/10.1002/etc.2036
https://doi.org/10.1080/10408444.2016.1190685
https://doi.org/10.1080/10408444.2016.1190685
https://doi.org/10.1111/j.1365-2486.2010.02301.x
https://doi.org/10.1175/BAMS-D-17-0327.1
https://doi.org/10.1002/ieam.4883
https://doi.org/10.1002/ieam.4883
https://doi.org/10.1002/etc.2037
https://doi.org/10.1002/etc.2037
https://doi.org/10.1002/etc.3868
https://doi.org/10.1016/j.scitotenv.2014.12.049
https://doi.org/10.1016/j.scitotenv.2014.12.049
https://doi.org/10.1007/s10584-010-9851-4
https://doi.org/10.1007/s10584-010-9851-4
https://doi.org/10.1111/ele.14013
https://doi.org/10.1111/ele.14013
https://doi.org/10.1016/j.scitotenv.2019.02.455
https://doi.org/10.1071/MF15111
https://doi.org/10.1021/acs.est.8b07166
https://doi.org/10.1021/acs.est.8b07166
https://doi.org/10.1002/ieam.49
https://doi.org/10.1002/ieam.49
https://doi.org/10.1002/wea.543
https://doi.org/10.1038/s41558-018-0156-3
https://doi.org/10.1038/s41558-018-0156-3

	Integrating climate model projections into environmental risk assessment: A probabilistic modeling approach
	INTRODUCTION
	MODELING APPROACH AND BACKGROUND INFORMATION
	Concepts and principles
	Components of chemical risk and influence of climate change
	Climate and chemical exposure
	Climate and chemical hazard (organism level)
	Climate and vulnerability to chemical stressors (community level)

	Climate information: Robust statistical properties of climate projections
	Integration of climate and risk components: probabilistic methods

	CASE STUDIES
	DISCUSSION
	Strengths and weaknesses of the proposed modeling approach

	CONCLUSION AND OUTLOOK
	AUTHOR CONTRIBUTION
	ACKNOWLEDGMENT
	DISCLAIMER
	DATA AVAILABILITY STATEMENT
	ORCID
	REFERENCES




