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Abstract—Protection of ecosystem services is increasingly emphasized
as a risk-assessment goal, but there are wide gaps between current
ecological risk-assessment endpoints and potential effects on services
provided by ecosystems. The authors present a framework that
links common ecotoxicological endpoints to chemical impacts on
populations and communities and the ecosystem services that they
provide. This framework builds on considerable advances in mechanistic
effects models designed to span multiple levels of biological organization
and account for various types of biological interactions and feedbacks.
For illustration, the authors introduce 2 case studies that employ
well-developed and validated mechanistic effects models: the
inSTREAM individual-based model for fish populations and the
AQUATOX ecosystem model. They also show how dynamic energy
budget theory can provide a common currency for interpreting
organism-level toxicity. They suggest that a framework based on
mechanistic models that predict impacts on ecosystem services resulting
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from chemical exposure, combined with economic valuation, can

provide a useful approach for informing environmental management.
The authors highlight the potential benefits of using this framework as
well as the challenges that will need to be addressed in future work.
Environ Toxicol Chem 2017;36:845-859. © 2017 SETAC
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Challenges for Ecological Risk
Assessment and Management

The primary goal of ecological risk assessment (ERA) of
chemicals is to provide defensible science-based support for
environmental management decisions. This involves making
explicit connections between impacts on the benefits derived
by people from ecosystems (so-called ecosystem services [1])
and the costs of managing the causes of those impacts. At the
core of this approach is the need for relevant chemical
exposure—response relationships. However, current ERA
approaches often fall short in these regards because methods
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for estimating and integrating exposure and effects are often
based on overly simplistic assumptions [2,3]. For example,
measures of organism-level toxicity (e.g., 50% effect
concentrations) are used as indicators of population-level
impacts of chemicals. A primary concern is that the kinds of
information collected to support ERAs are far removed from
the kinds of ecological entities (e.g., species or habitats) that
are the targets of protection, which themselves are often only
vaguely defined in legislation (e.g., European pesticides
legislation refers to “no unacceptable effects on the
environment”). In practice, protection goals for ecological
systems are (implicitly or explicitly) often at the population,
community, or ecosystem level (e.g., persistence or abun-
dance of a particular species, maintenance of biodiversity, and
protection of ecosystem properties such as water quality), but
data available for ERA typically include toxicity data from a
few standard test species on organism-level endpoints (e.g.,
survival, reproductive output, growth). Clearly, relating
results from laboratory toxicity tests to ecosystem-level
consequences highlights the magnitude of the challenge for
the ecological risk assessor. Although significant scientific
advances are occurring in predictive ecotoxicology, such as
the development of mechanistic effects models [4] and
quantitative adverse outcome pathways (AOPs) [5], the
principal challenge still lies in linking organismal (or
suborganismal) data to ecosystem properties and processes
that people care about.

Part of the problem is that ecological systems are complex and
difficult to study. Ecosystems and their components (pop-
ulations, communities) display nonlinear dynamics that can
change in time and space. Functional redundancy at the
species level means that species may be lost from a system
without any obvious impacts on other ecosystem components
or processes [6]. Alternatively, impacts to keystone or
foundation species can lead to disproportionately large
changes in system properties [7]. Ecosystems may also
exhibit threshold behavior where incremental changes or
disturbances push the system beyond a threshold and result in
dramatic changes that are not easily reversible [8].

Evenif we consider one of the simplest ecosystem components,
that is, a population of a single species, the dynamics of such a
population exposed to chemicals in natural systems can be
challenging to predict. Although individual-level responses in
terms of survival, reproduction, and growth are the focus of
toxicity tests, changes in these responses are not directly
proportional to changes in population size or growth rate
because of feedback between these 2 levels of organization [9].
And when other important and variable influences on
population dynamics (e.g., rainfall, nutrients, temperature)
are added to the mix, it should come as no surprise that
simplistic estimates of chemical exposure and organism-level
toxicity for a few species are not likely to provide robust
predictors of risk to ecological systems. Instead, we need
approaches that can incorporate these complexities, can
connect across spatial and temporal scales, are based on
mechanistic understanding of the relationships among system

components, and provide quantitative predictions relevant to
risk-management decisions [10].

The framework we introduce in the present Focus article
represents an ongoing initiative supported by the National
Institute of Mathematical and Biological Synthesis. The
present study grew out of an investigative workshop held in
2014, “Predictive Systems Models for the Ecological Risk
Assessment of Chemicals” [11]. This workshop led to the
formation of 2 National Institute of Mathematical and
Biological Synthesis working groups [12,13]. Our working
group is focused on developing dynamic models to link
organism performance to ecosystem service delivery for
ecological risk assessment of chemicals. It brings together
population, community, and ecosystem ecologists, ecotox-
icologists, and mathematicians with interest and expertise in
developing dynamic, mechanistic models of complex
systems to predict impacts on ecosystem processes and
service delivery from data typically collected to support
ERAs. Our aim is to develop example models as well as a
general framework for model development, evaluation, and
communication that can be applied across different ecosys-
tem services and ecotoxicological endpoints. To leverage the
increasing amounts of data being generated from high-
throughput molecular (omics) technologies and their incor-
poration into AOPs, our working group is coordinating with a
parallel group focused on developing quantitative models
that link responses of organisms to chemicals at the
molecular level to the organism level. Through this joint
effort, we hope to create a seamless interface at the level of
the organism.

In the present article, we focus on ecosystem services as
assessment endpoints for ERA. We begin by describing the
different kinds of models that can mechanistically link effects
on organism-level endpoints typically evaluated in ERAs to
impacts on ecosystem service delivery. Next, we put forward
a methodological framework by which we construct explicit
quantitative relationships between impacts on valued ecosys-
tem services and the causes of those effects (i.e., impacts on
service-providing units). In addition, we outline 2 case studies
that are being developed as proof of concept. Finally, we
summarize the challenges that will need to be addressed for
the framework to be useful for informing risk-management
decisions.

Ecosystem Services as ERA
Protection Goals

An essential step in any ERA is the identification of an
environmental value to be protected. This environmental
value is defined as an assessment endpoint [14] or a specific
protection goal [15]. The more explicitly that this value can be
expressed, and the more robustly the assessment endpoint can
be related to something that can be measured, the more
informative the resulting ERA will be for guiding manage-
ment decisions. In the following, we argue for using
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The ecosystem services definitions are from [21,27]
(not including ecological outputs, which according
to [21] are those outputs from ecological production
functions that can be used as ecosystem services).

o Beneficiaries represent people benefitting from a
final ecosystem service, e.g. anglers benefit from
trout of a certain size being present in the stream,
nature enthusiasts benefit from a diversity of birds
around a lake, and the general public benefits from
good water quality.

e Ecological production functions are analogous to
economic production functions and represent
types, quantities and interactions of natural proper-
ties of ecological systems that generate measur-
able ecological outputs. Ecological production
functions may represent outcomes of ecological
processes that can be used for human well-being.
They are the focus of environmental and manage-
ment efforts and they form control points we can
use to achieve environmental goals. A specific
ecological production function can represent the
dynamics and production of a trout population in a
lake that delivers a certain number of harvestable
sized fish as the final ecosystem service. The trout
population is defined as a service-providing unit.

e Economic production functions are models of the
relationship between the input of human capital
and labor and production outputs.

e Final ecosystem goods and services are outputs of
ecological processes that contribute to human
well-being, but not all outputs are valued explicitly.
Intermediate ecosystem services contribute indi-
rectly to social welfare, whereas the final ecosys-
tem goods and services are directly enjoyed, used
or consumed. For instance, a viable macroinverte-
brate community in a lake may not directly be
enjoyed by the beneficiaries, but it provides a food
base for recreational activities such as trout fishing
or birding. Here the macroinvertebrate community
represents an intermediate service, and fishing or
birding is viewed as final services. Final services are
more amenable to valuation, because taking both
intermediate and final services into account could
result in double-counting.

e Total economic value is the value of the output
from an economic production function (i.e., prod-
uct) that includes the ecological inputs (i.e., the
ecological production functions) that capture the
values of beneficiaries, using stated or revealed
preferences, and the inputs of labor and capital
goods.

ecosystem services as the entities to be protected in ERA and
show how they can be quantified.

The Millennium Ecosystem Assessment [16] defined ecosys-
tem services, broadly, as the benefits that people derive from
ecosystems, including goods, services, and cultural benefits.
These services are provided by abiotic entities (e.g., groundwa-
ter providing drinking water), single-species populations, and
complex assemblages of species, in some cases including their
interactions with the abiotic environment, although most ERAs

focus on the impacts of chemicals on biota. An ecosystem
services framework for ERA can be used to quantify and
evaluate the effects of chemical stressors on ecological
processes and entities, and there are many potential advantages
to doing so. Because ecosystem services are appreciated by the
public and decision makers, they are a helpful communication
tool when interpreting legislative mandates by translating vague
goals (e.g., protection of the environment) into quantities that
can be both measured and valued by appropriate economic
methods [17]. An ecosystem services framework also empha-
sizes the importance of assessing a multiplicity of services [1]
and trade-offs among them [18] that must be resolved as part of
selecting a management approach.

Boyd and Banzhaf [19] and several others [20-22] have
emphasized the importance of distinguishing between “final”
and “intermediate” services. “Final” ecosystem goods and
services are defined as components of nature, directly
enjoyed, consumed, or used to yield human well-being.
“Intermediate” services are ecological assets or processes that
contribute to the production of final ecosystem goods and
services but whose benefits to human well-being are indirect.
For example, riparian ecosystems provide the intermediate
services of fish habitat provision (e.g., via stream bank
stabilization and stream temperature moderation) and
removal of pollutants from runoff, which may contribute to
final ecosystem goods and services provided by streams, such
as fish desired by anglers and water suitable for human uses
including aesthetic and recreational enjoyment. Both final and
intermediate services are relevant to ERA, though in different
ways. When assessment endpoints align with final ecosystem
goods and services, social relevance of the assessment is
enhanced. When models employed in risk analysis simulate
intermediate services, mechanisms for risk reduction or
mitigation and ecosystem restoration (e.g., riparian ecosystem
restoration) become explicit.

International interest in incorporating ecosystem services into
the ERA process is growing, based on the perceived benefits for
regulatory decision-making. A recent White House directive to
US agencies aimed “to develop and institutionalize policies to
promote consideration of ecosystem services” [23]. The
directive highlights the preservation of benefits provided by
ecosystems, the reduction of unintended negative consequen-
ces, and the promotion of cost efficiencies and investment
returns. As another example, the European Food Safety
Authority has developed guidance on defining environmental
protection goals in relation to ecosystem services. This
guidance emphasizes ecosystem services as a way to translate
generalized aspirations for protection into operational and
actionable goals [15]. Also, the US Environmental Protection
Agency (USEPA) has released 2 reports [24,25] that describe
and support the use of ecosystem services as assessment
endpoints for ERA.

Nevertheless, there are significant scientific challenges to
overcome when considering ecosystem services in ERA. One
such challenge is in linking the data that we typically collect
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for ERA to the ecosystem services we want to protect. The
need to test more chemicals while at the same time reducing
the use of animals in ERA has spurred the development of a
range of high-throughput testing methods [26]. As a result,
there is an even larger disconnect between the data we gather
to conduct ERAs and the ecosystem services that we aim to
protect. Without an appropriate assessment framework, it is
unclear whether, and to what extent, exposure to chemicals
that alter suborganismal processes (e.g., cell proliferation or
gene expression) has effects at the whole-organism level,
much less the ecosystem services that they contribute to
society. In addition, the benefits that humans derive from
ecosystems may be nontangible, including aesthetic, cultural,
and spiritual dimensions. Even if the task of the risk assessor
is confined to estimating impacts on the service-providing
units and risk estimation is separated from valuation, the
determination of what ecosystem services are valued, and by
whom, is a substantial and occasionally controversial
undertaking.

Landers and Nahlik [27] have proposed a final ecosystem
goods and services classification system that aims to
rigorously and systematically categorize final ecosystem
goods and services and their associated beneficiaries.
According to this classification system, final ecosystem
goods and services are grouped according to specific
environments (e.g., “rivers and streams”) and specific
beneficiaries (e.g., anglers). We have adopted this classifi-
cation scheme in our framework and build further on it by
developing concrete metrics for each final ecosystem goods
and services—beneficiary combination, which is critical to
develop quantitative relationships from toxicological
responses of individual organisms to impacts on populations
or communities, (in some cases) intermediate services, and

ultimately final ecosystem goods and services. Determining
the best metrics for a particular service requires under-
standing of those aspects of the service that are most highly
valued by the beneficiaries. The choice of metrics is also
critical to account for multiple beneficiaries with different
expectations. The metrics may have important space—time
dimensions that are not well matched to available data, and
this may be an area in which further developments are
needed. The models necessary for relating changes in final
ecosystem goods and services to stressors or management
actions may span multiple ecosystems (such as when
riparian processes impact downstream condition) and levels
of biological organization (because much of the data
available for assessing toxicity of chemicals is collected
at organizational levels well below those needed to ensure
delivery of final ecosystem goods and services).

In Table 1 we illustrate some potential metrics for final
ecosystem goods and services delivered by 2 freshwater
ecosystem types to different groups of beneficiaries that will
be considered in our case studies. As a way of ensuring that
these metrics apply to aspects of the environment that are
“directly enjoyed” by human beneficiaries [19], we selected
metrics previously employed in stated-preference surveys of
individuals’ willingness-to-pay for or willingness-to-accept
changes in environmental quality.

Next, we propose a general framework that formally
incorporates ecosystem services into the ERA process. A
key goal of the framework is to link data that are commonly
provided in support of ERAs to the delivery of intermediate
and final goods and services. This framework builds on
considerable advances in mechanistic effects models that
bridge levels of biological organization and account for

Table 1. lllustration of beneficiaries and potential metrics for final ecosystem goods and services for freshwater ecosystems to be
considered in our case studies®

Environment

Case study 1: River or stream

Case study 2: Lake

Selected beneficiariesP

Final ecosystem services for the
selected beneficiaries

Examples of potential metrics for the

used in stated-preference surveys

Recreational anglers; people who care

Provisioning of recreational fishing
opportunities

Abundance of game fish
final ecosystem service, previously Abundance of game fish of catchable size
Numbers of species of abundant game fish
Ratio of game fish to rough fish
Safety of game fish for consumption

Property owners; waders, swimmers, and
divers; boaters; recreational anglers

Recreational experience (e.g., opportunity
and conditions for wading, swimming,
and/or boating); provisioning of
recreational fish

Water clarity
Frequency of algal blooms
Abundance of game fish
Abundance of game fish of catchable size
Numbers of species of abundant game fish

Estimated sustainability of game fish
population under different use assumptions
(number of days fishery is open; type of
fishing equipment allowed)

2Examples are based on descriptions used in published economic surveys: Some metrics may be easy to estimate using existing
models; others may require development of new quantitative relationships.

P\Waders, swimmers, and divers” and “Anglers” are 2 example beneficiary categories for freshwater environments as identified in
the Final Ecosystem Goods and Services Classification System [27]. The full list of beneficiaries for these environments also
includes municipal drinking water plant operators, wastewater-treatment plant operators, residential property owners, water
subsisters, food subsisters, experiencers and viewers, boaters, and “people who care” (existence and option values). References
for uses of metrics: [85-93].
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various biological interactions and feedbacks [28,29]. An
important goal of the present Focus article is to provide a
framework for translating exposure and effects measured in
common ecotoxicological tests into risks to ecosystem
services. The ultimate goal is to provide the kind of relevant
exposure—response relationships needed to inform manage-
ment decisions.

An Organism-to-Ecosystem
Services Conceptual Framework
for ERA

In Figure 1, we depict our generalized framework for an
ecosystem potentially influenced by toxicants and other
drivers (natural or anthropogenic). Because the context in
which ERAs are performed varies widely, because data may
be available at only some levels of biological organization,
and because ecosystem services may be provided by different
components of ecosystems, it may not be necessary to use the
entire framework in the ERA process. For example, if the
ecosystem service of concern is delivered by a fish population,
it may not be necessary to include a community or ecosystem
model to link fish toxicity data to ecosystem service delivery.
Alternatively, if delivery of an ecosystem service involves
interactions of multiple species or trophic groups, it may not
be necessary to develop detailed population models of each
species but, rather, implement the toxicity data in an
ecosystem or food-web model. Likewise, it may not always
be necessary or possible to model linkages from the molecular
level through the organism level to predict impacts on an
ecosystem service at a higher level of biological organization.

Because our primary aim is to show how chemical effects
included in ERAs can be linked to final ecosystem goods and
services, we start by considering the human beneficiaries and

| Toxicants Other drivers Management |
/ Ecosystem models :
Intermediate [um—"re Final Humans
services Sl (beneficiaries)
AN P4

E_PFs

~ food webs (SPUs)— pata E_PFs

Food web ‘con’

models
NS

Population
models

Populations (SPUs) = Data|

Total economic

organisms — Dat
— Or8 o value

2]:3

S suborganisms — Data

Environment/habitat features

FIGURE 1. General framework for linking data that are commonly
provided in support of ecological risk assessments to ecosystem
services. The double arrows connecting data to each level of
organization indicate that an iterative process, involving feedback
between data and modeling, is employed. See text for details.
DEB=dynamic energy budget; E.,PF=ecological production
function; E..,,PF=economic production function; SPU=service
providing unit.

the final ecosystem goods and services that are of concern
(Figure 1, upper right). Because final ecosystem goods and
services often depend on intermediate services, we indicate
that relationship as well. Once the final and intermediate
services are defined, it is possible to identify the service-
providing units (i.e., those parts of ecosystems involved in
service provision) which are typically single-species pop-
ulations or multiple species interacting in food webs and
sometimes interacting with the physical environment.
Because our emphasis is on predicting risks of chemicals to
ecological systems, we do not explicitly consider potential
impacts on the physical environment but focus, rather, on the
living components of the environment (i.e., living organisms
and the processes in which they are involved). Quantitative
relationships between the properties of service-providing
units and service delivery can be modeled through ecological
production functions. As defined by Bruins et al. [30],
ecological production functions are quantitative or semiquan-
titative models of the processes by which ecosystems produce
ecosystem services. Following Landers and Nahlik [27], we
distinguish ecological production functions from economic
production functions that relate economic outputs of a
production process to physical inputs relating to human
capital. Total economic value is the value of the output from
an economic production function (i.e., product) that includes
the ecological inputs (i.e., the ecological production function)
and the inputs of labor and capital goods.

In the middle box of Figure 1, depicting an idealized
ecosystem, we indicate that data on the effects of toxic
chemicals may be collected at different levels of biological
organization and that models are needed to link responses
across levels. The different types of models used to link
toxicant effects from (sub)organismal levels to higher levels
are described further below. Traditionally, the most
common types of toxicity data used for ERAs are collected
at the organismal level, and it is less common to have
empirical measurements of toxicant effects on populations
or food webs. Methodological advances are increasingly
providing data at suborganismal levels (e.g., omics), and
new modeling frameworks are being developed to link
responses from the molecular to the organismal level (C.A.
Murphy et al., Michigan State University, East Lansing, MI,
USA, unpublished data). Validation of these various models
is an important consideration and a topic of lively debate
(which is beyond the scope of the present Focus article).
However, using an iterative process that involves feedback
between data collection and modeling in a so-called
modeling cycle [31,32] as well as efforts to increase
systematic testing, documentation, and evaluation of model
outputs [33-36] will help to address validation issues.

The Key Role of Mechanistic
Effects Models

Mechanistic effects models include organism-level models,
population models, and multispecies models (food-web and
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ecosystem models). The utility of mechanistic effects models
in ERA was recognized in the mid-1980s and early
1990s [37], but this type of model was not adopted by risk
assessors in toxic chemical regulatory programs at that time.
Since then, various models describing different levels of
biological organization have proved to be powerful tools for
extrapolating impacts of chemicals across levels and
scales [3,38—41]. Recently, key scientific and regulatory
organizations have advocated the use of mechanistic effects
models in ERA [42-45]. An important advantage of
mechanistic effects models is that, once adequately validated,
they allow extrapolation to novel conditions, in contrast to
most current empirical approaches.

In an ecosystem services framework, models can provide
explicit mechanistic links between impacts on services and
the causes of those impacts. These exposure-response
relationships are essential in carrying out cost—benefit
analyses and hence in choosing among management alter-
natives. Mechanistic effects modeling makes quantitative
evaluation of the “ecological significance” (sensu; see
USEPA [46]) of risks possible while reducing the large
uncertainty in ERAs that arises from qualitative extrapolation
of laboratory toxicity test results to ecologically relevant
impacts [2,40]. It also describes the causal basis of these
changes in terms of chemical exposure. In the following we
distinguish 3 categories of models that link suborganismal
processes to organism responses, organism responses to
population responses, and single-species responses to
multispecies (ecosystem) responses.

Models to link physiological modes of toxicant
action to whole-organism effects

Mechanistic models of organisms seek to describe the
relationship between exposure (toxicokinetics) and effects
on the physiology of the organism (toxicodynamics). The
toxicokinetics part of the model translates the external
concentration or dose of the chemical into an internal
concentration at a target site, as a function of time. The
toxicodynamics part then relates the internal concentration at
the target site with physiological damages that may eventually
lead to sublethal effects and/or death of the organism.
Reviews on toxicokinetics—toxicodynamics models used in
aquatic ecotoxicology describe this approach [47]. Several
models describe uptake/elimination processes and the
physiology of the organisms with different levels of detail.
For example, physiologically based toxicokinetics models
focus on describing absorption, distribution, metabolism,
and excretion in detail, whereas dynamic energy budget
models put emphasis on describing effects of the toxicant on
the major physiological functions of the organism. Overall,
toxicokinetics—toxicodynamics models offer several advan-
tages for our purpose because they allow 1) optimal extraction
of information from toxicity test data; 2) extrapolation to
nontested concentrations, exposure durations, and species; 3)
consideration of realistic exposure scenarios and organism or
population effect/recovery mechanisms; and 4) consideration

of additional information available on the chemical (e.g.,
bioaccumulation or metabolism) and species (e.g., life
history, recovery potential), thus bringing biological realism
to their predictions [47].

Among existing toxicokinetics—toxicodynamics models,
dynamic energy budget models have a number of attractive
features. Dynamic energy budget theory was originally
developed with the aim of understanding how energy
allocation is modified in response to chemicals [48,49].
Dynamic energy budget theory provides a coherent scientific
framework and a set of mechanistic models describing energy
acquisition and allocation within organisms. It describes the
full life-history characteristics (survival, growth, sexual
development, reproduction, and aging) of individuals with
general rules describing energy assimilation from food and
energy allocation to growth, development, reproduction, and
maintenance [50,51]. Generic energy-allocation rules obey
basic thermodynamics and rules of conservation of mass and
energy and are generic across species. Expressed as a set of
differential equations, representing metabolic and physiolog-
ical processes in organisms, dynamic energy budget models
quantify biological responses of organisms to changes in their
environment, including resource availability, temperature,
and exposure to chemicals [52,53].

A particularly attractive feature of dynamic energy budget
models is that they facilitate interspecies extrapolation of
toxicity data. Although large amounts of data are collected for
standard test species, chemical toxicity data for service-
providing units of interest are typically not available. Lack of
methods to extrapolate toxicological and ecological data from
test species to service-providing units remains 1 of the major
obstacles in achieving an ecologically grounded ERA.
Historically, interspecies extrapolation has been attempted
using standard extrapolation or assessment factors or
statistical methods (i.e., interspecies correlation models,
e.g., Web-ICE [54]). General rules for metabolic organization
in dynamic energy budget theory and model structure are
conserved across most species, and interspecies differences
lie in parameter values. As a result, use of dynamic energy
budget principles and models provides a more mechanisti-
cally justified approach to extrapolation of chemical effects
across species and service-providing units.

Another reason for using dynamic energy budget models is to
facilitate mechanistic linking of molecular or cellular effects
of chemicals to higher levels of biological organization. In
this context, it is helpful to identify core state variables with
relevance across scales. State variables such as mass and
energy reflect the most important features at each level (e.g.,
health status and productivity) and are conserved across levels
of biological and ecological complexity. Energy production
and use also underlie AOPs [55,56]. At the suborganismal
level, exposure to chemicals induces changes in energy
acquisition and allocation; for example, less energy is
allocated to growth/reproduction, or energy is shifted to
maintenance of tissues, which ensures survival. These

850 Environmental Toxicology and Chemistry, Vol. 36, No. 4, April, 2017



changes involve molecular initiating events which can cause a
cascade of physiological reactions and are measurable using
omics approaches. These responses can affect organism
performance as measured in toxicity tests via life-history
traits, including survival, growth, development, and repro-
duction. Measurable changes in organism performance may
have substantial impacts on important population-level
features, such as population density, structure, and biomass.
Indeed, population features are consequences of organism
performance (e.g., reduced reproductive output can impact
population density and biomass), but they are also a
consequence of interactions between organisms and their
environment. Intraspecific interactions regulate populations
through competition for resources (density-dependent regu-
lation), whereas interspecific interactions are the main
channels for energy and mass transfer in multispecies
systems. Both types of interactions directly or indirectly
constrain individual organisms through resource availability
and energy assimilation. Thus, considering energy and mass
flows among organisms and across levels of biological
organization has the potential to mechanistically translate
impacts of chemicals at the suborganismal level to con-
sequences for ecosystem services [57].

Models to link effects on organisms to impacts on
populations

Single-species population models can provide insight into
how stresses on components of individual fitness (e.g.,
survival, growth, reproduction) combine to affect overall
individual fitness and manifest in the demography of the
population as metrics such as the per capita population growth
rate. Population models are classified based on how much
variation (or structure) is assumed to be present in the
population. For instance, scalar models treat individuals in the
population as identical. Matrix models represent populations
as size, age, or stage classes that differ in their vital rates; but
within classes all individuals are assumed to have identical
properties. They are the most-used model type in conservation
biology, as evidenced by the widespread use of population
viability analyses for estimating extinction risks to endan-
gered species [9]. Matrix models have often been used in
ecotoxicological research because it is relatively straightfor-
ward to parameterize them with data from life-table response
experiments and obtain population growth rates under a range
of chemical concentrations [2,58]. However, they are not very
amenable to projecting impacts of chemicals under novel
environmental conditions, such as changes in organism
behavior, effects of temporally or spatially heterogeneous
chemical exposure, or impacts of environmental drivers such
as temperature or precipitation.

Individual-based models treat every individual as unique.
Individual-based models offer several advantages for our
purposes in that they 1) are well suited to represent animal
movements and can therefore account for spatiotemporal
dynamics in resources and stressors and individual variation
in exposures to chemicals; 2) can represent local interactions

among individuals and adaptive behavior; 3) predict
outcomes as properties that emerge from individual decisions,
interactions, and responses to the environment; 4) are often
designed to reproduce not just 1 but multiple patterns
observed in real systems at different scales and levels of
organization; and 5) are mechanistic and therefore capable of
prediction under new conditions [59,60].

For example, inSTREAM is an individual-based model for
trout populations [61,62]. The model represents trout
population dynamics as emerging from how individual trout
select habitat, compete for food and feeding habitat, grow,
survive predation and other sources of mortality, and
reproduce, all in a simulated environment that varies in
space and time. The model also represents several elements of
the larger ecosystem: how sympatric trout species compete,
the consumption of lower trophic levels (drifting inverte-
brates) by trout, and the consumption of trout by terrestrial
predators. Key environmental drivers of inSTREAM’s
simulated trout population are daily river flow and tempera-
ture and availability of invertebrate food. The model includes
several important ways that fish physiology—and, hence,
contaminants with sublethal effects on physiology—affect
population and ecosystem dynamics. Trout behavior (selec-
tion of feeding habitat each day) and competition determine
food intake, while an energy budget converts food intake,
temperature, and swimming speed to daily growth. Other
physiological processes in the model include fecundity as a
function of fish size and energy status, egg development rates,
and how sex of offspring is determined. Because inSTREAM
can simulate the size (weight or length) profile of the
population, the sustainability of different catch restrictions
can be simulated, per Table 1.

Models to link effects on single-species to
multispecies food webs and ecosystem services

Multispecies models include mathematical models of 1 or
more biological communities of interacting species popula-
tions (e.g., predator—prey or food-web models with or without
bioenergetics [63]), process-based ecosystem models that
include food-web or community models embedded within
models of their physical-chemical environment (e.g., aquatic
or terrestrial ecosystem models [64]), and multimodels (e.g.,
ATLSS [65]), which are a series of linked physical-chemical
habitat models and multiple population models.

Whereas all of these modeling approaches could potentially
be used to develop ecological production functions that link
ecosystem characteristics to final ecosystem goods and
services, process-based ecosystem models are a good choice
because they explicitly describe relevant biological and
physical-chemical processes. Consequently, they can be used
to project responses under new conditions, for example, under
a warmer climate. Depending on the level of complexity in a
given model, ecosystem models provide a relatively complete
description of a community and encompass not only the
interactions within and among species but also responses to
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physicochemical habitat. Species populations, age/stage
classes, or functional groups are most often represented as
biomass compartments; and temporal dynamics are described
by difference or differential equations.

Because multispecies models represent species interactions
that provide intermediate ecosystem services and indirect
effects of stressors, they can provide useful predictions and
diagnostic mechanistic information not available from a
single-population model. For example, the decrease in
biomass of a Daphnia population in a lake because of a
chemical stressor may result in changes in higher—trophic
level fish species, which would be revealed in multispecies
model simulations. An exposure-response relationship for a
given chemical and population may change depending on
species interactions within a food web because increasing or
decreasing competition for food may interact positively or
negatively with the impact of the chemical. For example,
experimental removal of largemouth bass from Long Lake
(Michigan, USA) had a dramatic effect on the appearance of
the lake (Figure 2, top panel). Bass indirectly reduce
phytoplankton (thereby increasing water clarity) by limiting
smaller zooplanktivorous fish, thus causing zooplankton to
increase and phytoplankton to decline. In another example,
pools in Brier Creek, a prairie margin stream in south-central
Oklahoma, USA, differ dramatically depending on whether
largemouth and spotted bass are present (Figure 2, bottom
panel). The predatory bass extirpate herbivorous minnows,
promoting the growth of benthic algae. Ecosystem services
depend on environmental context (habitat, food web, and
ecosystem properties), which can be represented in multispe-
cies models. Ecosystem models provide additional perspec-
tives regarding physical-chemical habitat features because a
population, or a competing population from another species,
may modify the physical-chemical environment, resulting in
feedbacks.

Ecosystem models have a long history, particularly for lakes,
streams, and other aquatic habitats [66]; and many include an

* Long Lake, e
Michigan  #& &l

* Brier Creek, @vﬁ?

Oklahoma

ecotoxicological component [40]. For example, AQUATOX
is a comprehensive aquatic ecosystem modeling system
combining a multispecies food web, the aquatic physical—
chemical habitat (stream, lake, or estuary), chemical fate
processes, and a basic ecotoxicological effects submodel [67].
Figure 3 illustrates a generalized food web in AQUATOX.
Key outputs from AQUATOX, such as biomass of valued
species, harvestable biomass, and water quality indicators like
Secchi depth, chlorophyll a, total phosphorus, and total
nitrogen, can be related to intermediate or final ecosystem
services including several listed in Table 1.

Valuing Costs and Benefits to
Beneficiaries of Ecosystem
Services

An important rationale for the approach outlined in the
present Focus article is that it can make an explicit link
between the benefits derived from mitigating an impact on
ecosystem services with the costs of the management
options to optimize delivery of increased welfare to those
affected. There are 3 elements to these analyses—assessing
costs, assessing benefits, and identifying the people
affected—and each of these raises challenges and
uncertainties (for a good general review, see Hanley and
Barbier [68]). The costs of reducing exposures relate to the
costs of reducing the concentration of chemicals in the
environment, for example, through better treatment of
effluents and/or restricting releases. Being technological, the
costs of treatment are straightforward but should include
capital investment and running costs. The costs of chemical
restrictions are more difficult to quantify and should take
into account both the administrative costs of any interven-
tion as well as the opportunity cost of loss of service or
product or incomplete replacement in the event
of substitution. The monetary values of ecosystem services
are more problematic. For those services that lead to goods
that are traded in markets, such as fish, a market valuation

Absent

FIGURE 2: Top: Long Lake (Michigan) with largemouth bass experimentally removed (left) and present (right). Bass indirectly reduce phytoplankton
(thereby increasing water clarity) by limiting smaller zooplanktivorous fish, thus causing zooplankton to increase and phytoplankton to decline [94].
Bottom: Pools in Brier Creek, a prairie margin stream in south-central Oklahoma with (right) and lacking (left) largemouth and spotted bass. The
predatory bass extirpate herbivorous minnows, promoting the growth of benthic algae [95]. Adapted from Estes et al. [96].
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FIGURE 3: Generalized food web as represented in the AQUATOX model. Although some species feed at multiple trophic levels, which will be
accounted for in the food preference matrices of the AQUATOX model, only the primary functional feeding role is shown in this figure. All biotic
groups contribute to the suspended and sediment detritus through death and decomposition (those arrows are omitted for the sake of simplicity).

is obvious. But most are not traded (e.g., recreational
fisheries), and then values are assessed from surveys of
willingness to pay (stated preferences) or observations of
behavior such as travel to see a natural resource (revealed
preferences). An important distinction is made between use
values that capture benefits that are directly used by the
people concerned and nonuse, existence, values that reflect
the desire to preserve ecological entities (e.g., species) even
if they are not used. Existence values are more difficult to
assess than use values [69]. All of these kinds of surveys are
time-consuming, so there is a temptation to use literature
values; but this raises additional uncertainties because the
values that people put on ecosystems are sensitive to
socioeconomic circumstances. Where costs and benefits are
incurred at different times, discounts have to be considered
to take account of the time sensitivity of preferences.
Finally, of considerable importance to calculating total
benefit is identifying the people who represent the
socioeconomic group that benefits from an ecosystem
service as well as the size of that group.

Introduction of Case Studies

In the following section we introduce 2 case studies to
demonstrate use of a mechanistic modeling approach to
predict whether and how effects of chemicals at individual (or
subindividual) organism levels (i.e., what we measure)
translate into impacts on ecosystem service delivery (what
we care about). The case studies are expected to show how
commonly collected toxicity test data, for fish and Daphnia,
respectively, can be mechanistically linked to population and
multispecies effects and how such effects can be translated
(via ecological production functions) into impacts on
ecosystem service delivery with corresponding economic
consequences. We have chosen fish and Daphnia because
there is a wealth of toxicity data for these taxa as well as a

variety of models that could be adapted for our purposes.
Although there is some overlap between the case studies (e.g.,
both focus on freshwater ecosystems and both include
provision of recreational fish as one of the final ecosystem
goods and services considered), we believe that it will be
illuminating to explore the problem using different models,
different environments (lentic vs lotic), and different
chemical stressors.

Case study 1: Predicting impacts of an endocrine
disruptor on valued fish populations.

Conceptual model. The conceptual model for this case study
is shown in Figure 4. The case study considers a mountain
stream system with 2 trout species. Although the case is
hypothetical, the ecosystem is based on streams supporting
greenback cutthroat trout, Oncorhynchus clarkii stomias. The
greenback cutthroat trout was officially declared extinct in
1937. Additional populations were later found, but the range
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FIGURE 4: Conceptual model for case study 1—impacts of an endocrine

disruptor on valued fish populations. CO = Colorado; FEGS = final
ecosystem good or service; SPU =service providing unit.

of this species is currently limited to the upper Arkansas and
South Platte basins of Colorado, USA. In the present study
system, based on the Arkansas River (Figure 5), greenback
cutthroat trout coexist with introduced brown trout, Salmo
trutta. Both species are fished recreationally; therefore, the
estimated final ecosystem goods and services will be
provision of catchable fish. We recognize that the monetized
value of blue-ribbon trout fisheries in this region is largely
determined by out-of-state, rather than residential, fish-
ers [70,71]. In addition, because the greenback cutthroat trout
is the state fish of Colorado, the presence of this species as a

EQWardsy Vail, co’rvaw’\.(

(Beaverﬁek

fWoody, Creek

I-CSnowr}fass Village
“hAspen

final ecosystem good will be considered, with the citizens of
Colorado as the beneficiary.

We will develop this case study to explore the potential
population-level impacts of exposure to 17a-ethinylestradiol
(EE2). A derivative of 17B-estradiol is EE2, which is the
major endogenous estrogen in humans and the bioactive
estrogen in many oral contraceptives. Exposure of fish to
environmental estrogens is known to affect sexual develop-
ment and spawning [72]. We will assume that EE2 enters the
Arkansas River via sewage-treatment outfalls and that the
concentration of EE2 in the sewage-treatment effluent is
constant. Recognizing that concentrations in the stream will
vary with flow, for simplicity we will begin with a constant
exposure at realistic measured environmental levels (based on
available environmental monitoring data). Because we
assume secondary treatment of sewage (i.e., removal of
solids and dissolved and suspended biological matter,
followed by chemical or physical disinfection), we do not
consider organic enrichment effects on prey of trout.

Mechanistic effects modeling. We will represent the habitat
as a network of 5 linked stream reaches of 3 sizes (mainstem,
large, and small tributaries [73]). Although the physical
habitat of each reach is copied from other study sites, we
produce input representing greenback cutthroat trout habitat
in the upper Arkansas River basin (Figure 5). Daily flows and
temperatures can be obtained from US Geological Survey
gages on the Arkansas and Eagle Rivers for the last 22 yr

FIGURE 5: Geographical location and stream reaches simulated in case study 1.
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(1994-2015). Flow input will be scaled to match the
watershed areas represented by each simulated reach. In
this case study the final ecosystem goods and services of
concern are delivered by populations of trout, and we need to
mechanistically link EE2 toxicity data to impacts at the
population level. We will adapt the inSTREAM model for
trout populations [61,62] to simulate trout population
dynamics under the influence of a chemical contaminant.
The simulations will represent greenback cutthroat trout and
brown trout, with the only differences between the species
being 1) when they spawn (brown trout spawn in late fall,
with eggs incubating until early spring and hence being
vulnerable to winter floods; greenback cutthroat trout spawn
in the spring, so their eggs are vulnerable to spring floods),
2) the relationships between temperature and egg develop-
ment and survival rates, and 3) small differences in how
length varies with weight.

Cost—benefit analyses. These analyses will involve compar-
ing the increased amounts of catchable fish against the costs of
constructing and running technology for removing EE2 and
its derivatives. Because the fishery is recreational, it has no
market value. Values will therefore be obtained from the
increase in travel to sites by those who fish as catches increase
and the costs they incur as a result [74]. This can be computed
from licensing data and/or surveys. Willingness-to-pay
surveys have also been used for assessing the values that
those who fish put on good catches [75]. In either case, using
revealed or stated preferences, benefits to local populations
will be considered in terms of impacts on their general
economy through commerce and property values. The costs of
the treatment technology will involve installation and running
of sophisticated systems involving, for example, ultrafiltra-
tion and ozonation as tertiary treatment. The costs will be
technology-specific but are likely to be considerable [76]. The
management decision on how much extra treatment to deploy
will depend on the extent to which costs of the technology
make sense against the returns from the increased catch, all
discounted to a common time. Willingness-to-pay surveys
can also be used to assess the value that people put on the
existence of a species (e.g., the state fish); however, in this
case the relevant beneficiaries would be at least statewide, and
designing an appropriate survey will therefore be
challenging [69,70].

Issues to address. Developing this case study will require that
we collect relevant toxicity data for EE2, extrapolate these
data to the present study species, and translate them
mechanistically into dose-response functions for trout
survival, growth, and/or reproduction. These dose—response
functions will be integrated into inSTREAM to provide
impacts on trout population-level impacts. The primary final
ecosystem goods and services metric for this case study will
be abundance of catchable-sized trout. As a first approxima-
tion, we will assume constant EE2 exposure concentrations;
however, investigating consequences of fluctuating concen-
trations caused by changes in river flow could also be of
interest. Whereas inSTREAM incorporates bioenergetics in

several key processes, one of our aims is to explore whether
revising the model to use dynamic energy budget theory (see
Einarsson et al. [77] for a dynamic energy budget model of a
related species) offers any advantages in terms of mechanistic
insight, predictability, or the ability to connect with responses
at lower levels of biological organization. Outputs of
inSTREAM will be expressed as (or translated into) metrics
that are valued by beneficiaries (Table 1) and subjected to
valuation using appropriate economic models. The valuation
step will facilitate an assessment of the costs and benefits
(e.g., of additional sewage treatment, tourism revenue) of
different management alternatives.

Case study 2: Predicting impacts of a pesticide on
lake water clarity and recreational fishing.
Conceptual model. The conceptual model for this case study
is shown in Figure 6. This case study is based on Coralville
Reservoir, lowa (USA), which is a eutrophic run-of-the river
lake formed in 1958 by impoundment of the Iowa River.
Although the dimensions of the lake vary depending on use as
water storage, the lake has a mean surface area of 22 kmz, a
maximum depth of 9.1 m, and a mean depth of 2.5m (5.8 m
when water is at spillway level). According to the US
Department of Agriculture, 57% of the watershed was
identified as cropland in 2011 [78].

The reservoir is closely monitored, and water quality reports
are published periodically. The reservoir has a relatively
simple fish community for a lake its size. Water-level
fluctuations limit rooted macrophytes in the littoral zone,
limiting the size and diversity of game fish populations.
Nevertheless, anglers appear to especially target species such
as crappie, bass, and channel catfish.

This case study will examine impacts on 2 final ecosystem
goods and services: 1) provisioning of clear water for recreation,
with 3 groups of beneficiaries—property owners; waders,
swimmers, and divers; and boaters—and 2) provisioning of a
fishery with recreational anglers as the primary beneficiary.

Toxicant <— SPU<— Intermed ES «<— FEGS <— Beneficiary

/ Lake ecosystem model \

Water quality
IES 1: FEGS 1:

(toxicity)
grazing Clear
water

Beneficiary 1:
Property
owners,

swimmers,
FEGS 2: boators

Catchable Beneficiary 2:
fish Anglers

SPU 1:
Daphnia

Management

Lake habitat
(nutrients, temp,
chl-a, macrophytes

-

FIGURE 6: Conceptual model for case study 2—impacts of a pesticide on
a lake for recreational use. chl-a=chlorophyll a; Intermed ES/
IES =intermediate ecosystem service; FEGS =final ecosystem good
or service; SPU =service providing unit.
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Although beneficiaries in this case study are those affected via
impacts on the aquatic food web, for other sites it would be
possible to include additional beneficiaries such as municipal
drinking water plant operators (who are responsible for
supplying safe drinking water to the public).

We explore the effects of an organophosphate insecticide on
zooplankton and fish and the potential implications for
ecosystem services. We selected this group of pesticides for
the case study because of the extensive toxicity data and
continued use of these chemicals. We assume that the
pesticide enters the Coralville Reservoir via drift and runoff
after application for agricultural uses, leading to temporally
varying exposure of the aquatic (nontarget) species. Exposure
of daphnids to peaks of different duration and pesticide
concentrations has shown that chemicals of this kind could
reduce daphnid survival for some of the relevant exposure
patterns [79]. A reduction in zooplankton could lead to an
increase in algae, thereby reducing water clarity. In addition,
we expect fish to be much less sensitive to the insecticide than
their invertebrate prey but likely to suffer indirect effects of
the insecticide because of reduced food.

Mechanistic effects modeling. In this case study, the final
ecosystem goods and services of concern involve inter-
actions among several species, and therefore we need a
model that links standard toxicity data (likely to be available
for Daphnia and fish) to the ecosystem level. AQUATOX is
selected as the mechanistic effects model for this case study
because it can simulate temporal trends in the biomass of
daphnids, harvestable fish, and other species within a lake
food web. The ecosystem model constructed for this case
study includes phytoplankton, periphyton, macrophytes,
zooplankton, benthic/epiphytic invertebrates, and fish within
a lake habitat. Habitat compartments include surface water,
sediments, and atmosphere, with temperature, nutrient
regimes, and incoming solar radiation, as well as the flow
of nutrients, detritus, and insecticide, between various
environmental compartments. In addition, AQUATOX
allows evaluation of indirect effects through food-web
interactions; has been well tested and validated for the
Coralville Reservoir and other aquatic systems throughout
the United States, Europe, and Asia; and is readily available
and supported by the USEPA.

Cost—benefit analyses. These analyses will involve compar-
ing the value that people accord to clear water and the
associated improved recreational opportunities with the costs
of achieving the cleaner conditions either by deploying
technology that removes pesticide to the extent required or by
controlling pesticide inputs to the water body through label
restrictions, other agricultural practices, or mitigation
measures such as buffer strips. Stated preference techniques
can be used to assess the value that people ascribe to lake
clarity [80], but they are time-consuming. Keeler et al. [81]
have developed a novel, revealed preference technique that
promises a more cost-effective and generalizable approach
that will be relevant for the present study. They used

geotagged photographs uploaded to a photo-sharing public
website by lake visitors across a range of lakes in Minnesota
(USA) and Iowa (USA) to gauge the number of visitors and
the distances they traveled to the lakes. From these data,
multiple regression techniques showed that users traveled
almost 1 h more for every 1-m increase in clarity, and at the
time this amounted to US$22, taking account of both the value
of personal time used (as fraction of salaries) and transporta-
tion costs. This technique counts all visitors irrespective of
use but again will not account for changes to the local
economy. For making a management decision, the monetary
benefits have to be calibrated against the cost of achieving
each meter of clarity from restrictions on pesticide applica-
tions and/or mitigation measures. Reduced pesticide applica-
tion can result in costs associated with the loss of crop yield to
insects, competing weeds, and disease [82]. Introduction of
buffer zones involves the costs from reduced growing area for
crops and, in the event of planted zones, the costs of initial
establishment and subsequent maintenance [83]. Again,
discounting to a common time may be important. Valuation
related to provision of harvestable fish will be estimated as in
case study 1.

Issues to address. Because nonlinear dynamics arise from
population processes and trophic interactions, these services
are not directly proportional to our intermediate service-
providing unit, the zooplankton food resource that is
represented by Daphnia. Therefore, a multispecies model is
needed to translate changes in abundance (or other metrics) of
zooplankton resulting from toxic chemical effects to metrics
related to final ecosystem goods and services. We will consider
2 metrics for ecosystem services: 1) water clarity (e.g., as
measured by Secchi depth), and 2) biomass/abundance of
recreationally harvested fish (e.g., bass, channel catfish, and
forage fish larger than a specified size). To explore different
realistic scenarios of pesticide exposure, we will use the
USEPA exposure model that simulates runoff and drift
transport [84].

Although AQUATOX does have the capability to model
toxicant effects on food-web components, one goal of this
case study is to integrate dynamic energy budget theory with
AQUATOX. This integration will facilitate extrapolation of
toxicity data from standard test species to other species
included in the food web and will provide a mechanistic
interface with toxic responses of test species at lower levels of
organization. Dynamic energy budget models that describe
the direct effects of the chemical on fish and daphnids may be
coupled to AQUATOX, which describes the biomass of fish
and daphnid populations. The AQUATOX model will
provide the environmental context where the daphnids, fish,
and other species (e.g., algae prey species for the daphnids)
live; and the dynamic energy budget model will allow
estimation of the reduction in biomass in fish and daphnids as
a function of the chemical concentration.

As for case study 1, outputs of the mechanistic effects model
(AQUATOX) will be expressed as (or translated into) metrics
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that are valued by beneficiaries (Table 1) and subjected to
valuation using appropriate economic models. The valuation
step will facilitate an assessment of the costs and benefits of
different management alternatives. Because this case study
considers multiple services (intermediate and final ecosystem
goods and services) and beneficiaries, the cost—benefit
analysis will be more complex.

Conclusions and Future Work

Ecological risk assessment should inform risk-management
decisions. However, the data typically collected for ERAs are
frequently at the level of the organism or below and do not
correspond directly with ecological protection goals, which
themselves may be only loosely defined in the relevant
environmental legislation. Using ecosystem services for
identifying and articulating environmental protection goals
has a number of benefits as outlined in the present Focus
article. We present a framework that uses mechanistic effects
models to quantitatively link the data collected for ERAs to
the delivery of final ecosystem goods and services and in so
doing provides the kind of relevant exposure-response
relationships that are directly and quantitatively related to
things people value. In the present Focus article, we also
provide a conceptual overview of our approach and introduce
2 case studies that are under development. By coordinating
with a parallel National Institute of Mathematical and
Biological Synthesis working group that is developing models
to link high-throughput molecular data to organism-level
effects using quantitative AOPs, we hope to create a single,
unified modeling approach. At a minimum, these efforts will
identify key data and methodological gaps that prevent robust
extrapolation of chemical impacts across different levels of
biological organization and highlight priorities for future
research in this area. If successful, this coordinated research
program will provide a comprehensive and mechanistically
based framework for predicting effects of chemicals on
ecologically relevant protection goals from modern high-
throughput toxicological data.
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