ipbes



CHAPTER &

MODELLING IMPACTS OF

DRIVERS ON BIODIVERSITY
AND ECOSYSTEMS

Coordinating Lead Authors:

Lluis Brotons (Spain),
Villy Christensen (Canada),
N. H. Ravindranath (India)

Lead Authors:

Mingchang Cao (China), Jung Hwa Chun (The
Republic of Korea), Olivier Maury (France),
Pablo Luis Peri (Argentina), Vania Proenca
(Portugal), Baris Salihoglu (Turkey)
Contributing Authors:

Rajiv K. Chaturvedi (India), Marta Coll (France),
Sarah P. Otto (Canada), Ananya S. Rao (India),
Nicolas Titeux (Spain)

Review Editors:

Deborah Hemming (United Kingdom), Michael
Huston (USA)

This chapter should be cited as:

L. Brotons, V. Christensen, N. H. Ravindranath,
M. Cao, J. H. Chun, O. Maury, P. L. Peri,

V. Proenca and B. Salihoglu, 2016:

Modelling impacts of drivers on biodiversity
and ecosystems. In IPBES (2016): The
methodological assessment report on
scenarios and models of biodiversity and
ecosystem services. S. Ferrier, K. N. Ninan,

P. Leadley, R. Alkemade, L. A. Acosta,

H. R. Akgakaya, L. Brotons, W. W. L. Cheung,
V. Christensen, K. A. Harhash, J. Kabubo-
Mariara, C. Lundquist, M. Obersteiner,

H. M. Pereira, G. Peterson, R. Pichs-Madruga,
N. Ravindranath, C. Rondinini and B. A. Wintle
(eds.), Secretariat of the Intergovernmental
Science-Policy Platform for Biodiversity and
Ecosystem Services, Bonn, Germany



THE METHODOLOGICAL ASSESSMENT REPORT ON SCENARIOS AND MODELS OF BIODIVERSITY AND ECOSYSTEM SERVICES

TABLE OF
CONTENTS

K2 FINEINESs coocoonooooonoacncoaocoooacaoacsoocacanacnoacacaoaosoacaonn 121
KEY RECOMMENDATIONS . ........ciiiiitiiiiitiararararasaranasarannnas 122
4.1 INTRODUCTION AND CONCEPTUAL FRAMEWORK. ..............c0cvauen. 123

4.2 STRUCTURE AND COMPONENTS OF BIODIVERSITY

AN DIE GO SY SITEMIN © D) E I8 S R g gy gy 125
4.2.1 Describing ecosystems in models: biological levels for modelling. . .. ......... 126
4.2.2 Introducing drivers of environmentalchange .. ............ ... ... ........ 127
4.2.3 Dealing with processes: the model continuum from correlative to
Process-based approaches. . . ...ttt 128
4.2.3.1 Expert-based Systems. .. ... 129
120 4.2.3.2 Correlative models. . . ... .o 130
4.2.3.3 Process-basedmodels .. ...... ... 131
E g 4.2.3.4 Hybrid models: combining correlative and process-based modelling . . . 132
g
E @ 4.3 AVAILABLE APPROACHES TO MODELLING THE IMPACT OF DRIVERS ON
g g BIODIVERSITY AND ECOSYSTEM FUNCTIONING. . ...........ciiiiennnnns 133
& 9 4.3.1 Modelling approaches addressing biological levels
g g of particular relevance to IPBES. . . . ... ... ... 133
@ < 4.3.1.1 Individual-level models and evolutionary adaptation. . .............. 133
u 4.3.1.2 Species- or population-level models . ........... ... .. ... . ..... 134
E 4.3.1.3 Community-level Models . . . ...t 135
P 4.3.1.4 Ecological interactionnetworks ... ......... ... . 137
» 4.3.1.5 Ecosystem-level models and integrated models. . ................. 138
2 4.3.2 Modelling options, strengths and limitations. . .. ......... ... ... ........ 140
% 4.3.2.1 Meeting policy informationneeds. . . ......... ... ... . 140
o 4.3.2.2 Predictability .. ... 140
2
a 4.4 MODELLING FEEDBACKS AND INTERACTIONS. ........c.cciiiiiiinnnnnenn 142
o
= 4.5 MODEL COMPLEXITY ... ..uuunnnneeeeeeeeeeeaeeeeeeeeeaeeeaeeeeens 143
4.6 ACCOUNTINGFORUNCERTAINTY ......oiiiiiiiinaninnnnnarncrnnnnsnnns 144
4.6.1 Sources of uncertainty. . .. ... .o 144
4.6.1.1 Natural variability . ... ... 144
4.6.1.2 ODSENVAtiON EITOT. « o v vt ot et e e e e 145
4.6.1.3 Structural COmMPIEXity . . . . oo 145
4.6.2 Options for reducing uncertainty . . ... ..ottt 145
4.6.3 Communicating UNCertainty . . . .. ..o vttt 146
4.7 WAYS FORWARD IN BIODIVERSITY AND ECOSYSTEM MODELLING.......... 147

[MIAITME33 coaoanan0nac0000000006000000000000000000000060000000000000G 149



THE METHODOLOGICAL ASSESSMENT REPORT ON SCENARIOS AND MODELS OF BIODIVERSITY AND ECOSYSTEM SERVICES

CHAPTER &

MODELLING IMPACTS OF DRIVERS ON

BIODIVERSITY AND ECOSYSTEMS

Purpose of this chapter: Explores key issues in
modelling impacts of changes in direct drivers (from
Chapter 3) on biodiversity and ecosystems; and
critically reviews major types of models for generating
outputs that are either directly relevant to assessment
and decision-support activities, or are required as
inputs to subsequent modelling of nature’s benefits to
people (covered in Chapter 5).

Target audience: Aimed mostly at a more technical
audience, such as scientists and practitioners wanting
to identify appropriate biodiversity and ecosystem
modelling approaches for particular applications.

KEY FINDINGS

Models of biodiversity and ecosystem function are
critical to our capability to predict and understand
responses to environmental change (Section 4.2).
Modelling is one way of helping policymakers assess the
impacts of different drivers on biodiversity and ecosystems,
as well as the feedbacks on drivers generated by those
impacts (from Chapter 3). Modelling provides tools that can
help project future dynamics based on scenarios of direct
and indirect drivers. However, the capacity of biodiversity
modelling to meet policymaking needs is still affected by a
lack of data and knowledge, and by model complexity and
uncertainties.

There is a need to match biodiversity and ecosystem
function model development to stakeholder and policy
needs (Section 4.3.2.1). Biodiversity and ecosystem
models rely heavily on assumptions about key processes
and input data. There is a need to involve both stakeholders
and modellers in representing these processes and
assumptions and in identifying critical drivers (i.e. outputs
from scenarios, Chapter 3) and the biodiversity/ecosystem
response variables that need to be addressed. It is also
important that the underlying context, uncertainties,

validity, specificity, and outputs of the models are clearly
and transparently interpreted and explored jointly by the
modellers and stakeholders.

Scope of this chapter

Policy and decision making
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Biodiversity and ecosystem modelling depends heavily
on our understanding of ecosystem structure, function
and process and on their adequate representation in
models (Section 4.2.1). Both understanding and adequate
representation depend on data availability, so there is a need
to generate and compile representative data for different
biodiversity variables in different ecosystems at multiple
locations and different scales. Observation networks, as well
as long-term monitoring programmes, are therefore critical
to assess the response of ecosystems to drivers of change
such as climate change, land-use change, exploitation and
pollution, and to inform model development.

Uncertainty in ecosystem dynamics is inherent

in ecosystem modelling (Section 4.6). Uncertainty,
which is inherently associated with model processes,

data limitations and environmental stochasticity, can be
accounted for by using multi-model ensembles, quality
assurance and quality control, and by generating data
from long-term observations. Different models may provide
results that should be interpreted within the context of the
model assumptions and input data. The biodiversity and
ecosystem functioning models currently available provide
a range of options to assist policymakers in understanding
relationships between drivers and impacts, and in designing
efficient policies.

The scientific community has recognised the importance
of developing strategies to address the limitations of

AND ECOSYSTEMS
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current models and of suitably treating the different sources
of uncertainty involved. Well-established guidelines are
relevant because an assessment of available approaches
to modelling biodiversity and ecosystem responses to
environmental changes clearly concludes that there is

no single modelling approach (or model category) that

can serve all assessment needs and decision-making
requirements.

KEY RECOMMENDATIONS

Efforts should be made to ensure that experts
involved in Intergovernmental Science-Policy Platform
on Biodiversity and Ecosystem Services (IPBES)
deliverables are aware of the important role that
models of biodiversity and ecosystem functioning
play in formalising the complexity of living systems
(Section 4.2). In particular, it is important that experts

in IPBES task forces and assessments recognise the
complexities linking drivers of environmental change

to ecosystem dynamics. It is also important that they
acknowledge the value of modelling as a method to formally
represent — and therefore simplify — such complexity, and

as a scientific tool to support decision making. This can be
facilitated by the selection of experts for IPBES deliverables
who are familiar with the limitations and use of models

of biodiversity and ecosystem functioning. In addition,
follow-up activities in Deliverable 3¢ can provide additional
guidance to experts in IPBES deliverables — especially the
thematic, regional and global assessments — to assist in the
interpretation and correct use of biodiversity models.

Encouraging stakeholder participation in scenario
and model use as early as possible in assessments
would provide substantial benefits for IPBES (Section
4.7). This would maximise the correspondence between
the objectives of the assessments and the outputs and
limitations of the ecosystem modelling approach to be
developed or interpreted. It is important that modellers and
stakeholders interact in the different stages of modelling
exercises concerning the selection of key questions,

the context, assumptions, scale, time frame, and so on.
Mechanisms for facilitating this dialogue are not yet explicitly
laid out in the IPBES Work Programme.

Experts involved in IPBES assessments should
critically evaluate the quality of the information used
in modelling exercises. The task force on Knowledge,
Information and Data could encourage long-term
observations that would improve our understanding
of biodiversity and ecological patterns (Section 4.3.2).
This will enable models and outputs to be improved and

to better fit IPBES objectives. IPBES needs to ensure

that a quality chain between data type, model output and

suitability for end-use exists in all assessments. Linkage

of these components cannot be adequately implemented

if data are scarce or of a low quality, thus leading to
constraints in how model outputs feed into a given decision
context (Chapter 8).

The development of consistent protocols is important
for IPBES to ensure the quality of the use of models
and their outputs in assessments (Section 4.3.2.2).
Model intercomparison programmes would encourage
increased collaboration among the modelling groups

and with field ecologists to develop suitable protocols for
modelling drivers impacting on biodiversity and ecosystem
functions. An example could be to engage the scientific
community to form model intercomparison groups similar
to those developed in the context of the Intergovernmental
Panel on Climate Change (IPCC) assessments, involving a
large number of modelling groups working on biodiversity
and ecosystem modelling.

The explicit characterisation of uncertainty

should be a priority in the presentation and use of
biodiversity and ecosystem model outputs within
IPBES (Section 4.6). Communication of outputs needs

to adequately identify the uncertainties associated with
scenario development (Chapters 2 and 3), as well as clearly
describe and communicate issues directly related to the
choice of biodiversity and ecosystem models. To enable
robust decision making and to account for uncertainty

in the outcomes of biodiversity models, the integration

of multi-model techniques and ensembles of multiple
models and scenarios that provide a range of projections
could be promoted in assessments. These practices
should be encouraged, including by engaging with the
scientific community through the task force on Knowledge,
Information and Data and through the follow-up activities of
Deliverable 3c.

The development of guidelines for integrated
ecosystem modelling would be highly beneficial

for IPBES assessments. There is a need to develop
integrated models that can be applied in marine, terrestrial
and freshwater ecosystems to assess the impact of drivers
and their feedbacks on biodiversity and ecosystems. These
integrated models should consider both biophysical and
socio-economic drivers and their feedbacks at scales
relevant to ecological processes underlying biodiversity
changes and to decision-making processes.
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4.1 INTRODUCTION
AND CONCEPTUAL
FRAMEWORK

Biodiversity and ecosystem dynamics are inherently
complex, and so is their response to environmental drivers
— including both natural and anthropogenic drivers. Models
are powerful tools for addressing complex systems as they
can be used to assess and predict the impacts of drivers
on biodiversity and ecosystems, and hence the impacts on
ecosystem services and human well-being. This chapter
focuses on the approaches and methods currently available
to explicitly link environmental changes with biodiversity and
ecosystem responses, from changes in population size, to
community composition and structure, to biogeochemistry
fluxes. The aim is to identify the range of tools available for
unravelling patterns and mechanisms of biodiversity and
ecosystem change, and to incorporate this knowledge

in models, allowing the projection of the future state of
biodiversity and ecosystems in particular decision-making
and management contexts (see Chapter 2).

The chapter first provides an introduction to the context

in which biodiversity and ecosystem models are to be
developed, including the relevant aspects of biodiversity
response to drivers and a typology of the main modelling
approaches (Section 4.2). Next, an overview of available
modelling approaches relevant to IPBES - at different levels
of biological organisation — is provided (Section 4.3). This
comprises an explanation of model structure, scope of
application and illustrating examples. To further guide the
use of the most appropriate models, this section includes a
critical analysis of the different modelling tools available, of
model limitations, and of existing information and capacity-
building needs.

Sections 4.4 to 4.6 cover the main issues in biodiversity
modelling, which are modelling biodiversity feedbacks

into environmental drivers, balancing model complexity

and applicability, and addressing uncertainty. The issues
associated with sources of uncertainty in model projections
are of the utmost importance in the context of biodiversity
projections for IPBES, and we describe this topic in depth in
the context of biodiversity and ecosystem modelling. Finally,
we identify the major challenges to biodiversity projections
in the context of the IPBES programme, and highlight the
main pathways available to policymakers at a range of
administrative scales.

This chapter is directly linked to Chapter 3 (scenarios

and models of indirect and direct drivers) and to Chapter
5 (modelling nature’s benefits to people). The models
discussed in this chapter provide a means of translating
scenarios of drivers, as described in Chapter 3, into
expected impacts on biodiversity and ecosystems. In turn,

outputs (i.e. projections) from the models described in this
chapter can serve as inputs to modelling changes in nature’s
benefits to people (including ecosystem services), as
discussed in Chapter 5. Moreover, because the engagement
of stakeholders in biodiversity modelling exercises and the
effective communication of results to policymakers are
fundamental to the successful use of models, there is a two-
way link between the present chapter and Chapter 2.

The main external input when modelling biodiversity
response to environmental change or pressures is the
change in the state of drivers directly affecting biodiversity
and ecosystems. In this chapter, we consider modelling
approaches that assess the impacts of direct drivers of
environmental change as identified by the Millennium
Ecosystem Assessment (MA, 2005a): habitat change,
climate change, overexploitation, pollution and invasive
species. Scenario development and modelling methods for
projecting future changes in direct drivers, to be used as
inputs in biodiversity and ecosystems models, are described
in detail in Chapter 3.

As for connections and potential overlap with Chapter 5,

it is important to note the multiple roles of biodiversity and
ecosystems in the conceptual chain linking direct drivers

to nature’s benefits to people. Specifically, biodiversity may
either regulate the ecosystem processes that generate final
ecosystem services, or itself constitute a final ecosystem
service, or even provide a good that is directly enjoyed

by people (Mace et al., 2012; Oliver et al., 2015). In the

first case, biodiversity attributes affect the development

and maintenance of ecosystem processes (Cardinale et

al., 2012), such as nutrient cycling (Handa et al., 2014),
primary productivity (Cardinale et al., 2007) or water
infiltration (Eldridge and Freudenberger, 2005), which in

turn give rise to final ecosystem services. In the second
case, biodiversity elements are themselves material outputs
with direct use value, such as medicinal plants or fish, but
require human capital inputs (e.g. labour, transport) before
being enjoyed by society. Finally, biodiversity elements

may themselves be viewed as a good if directly enjoyed by
people without any additional input, which is the case with
the aesthetic enjoyment of nature, ecotourism, and so on.
Therefore, outputs from biodiversity models (including future
projections) can be used as inputs to ecosystem services
models, or provide direct information on ecosystem services
and goods, such as data on the distribution and abundance
of charismatic species. It is worth noting that, often,
ecosystem services models implicitly (e.g. by simplifying
biodiversity components and ecosystem functions using
surrogate information on land cover or use) or explicitly
include biodiversity or ecosystem function sub-modules. A
compilation of relevant cases is treated in further detail in
Chapter 5. Moreover, although biotic and abiotic ecosystem
components interact and are both essential to ecosystem
functioning and therefore to modelling ecosystem services
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— in particular regulating services — the focus of this chapter 0 Caveats and good practices for assessments regarding

will be on the biotic components, represented by ‘nature’ the use of available data in modelling approaches and

in the IPBES Conceptual Framework (see Figure 1.2 in the use of modelling outputs in literature reviews and

Chapter 1). meta-analyses (Deliverables 2b, 2¢, 3b);

In accordance with the overall aim of Deliverable 3¢ to 0 Capacity-building needs regarding the use of modelling

inform and guide other IPBES deliverables in the use of approaches in decision-making processes and the

scenarios and models for biodiversity and ecosystem engagement of stakeholders in modelling processes

services, this chapter provides relevant information on: (Deliverables 1a, 2b);

0 Modelling methodologies available for the IPBES 0 Current knowledge gaps, data needs and future
Catalogue of Policy Support Tools for assessing the research recommendations to improve the predictability
response of biodiversity and ecosystems to direct and scope of application of models (Deliverable 1d);

drivers (Deliverable 4c);
®) Involving indigenous and local knowledge in model
0 Available modelling methodologies to evaluate scenarios development, testing and application (Deliverable 1c).
of sustainable use of biodiversity and to assess
responses to drivers of land degradation and to invasive
species (Deliverable 3b);

FIGURE &.1

Summary of biodiversity state variables and processes affected at different organisational levels by different components of climate
change (Modified from Bellard et al., 2012. Impacts of climate change on the future of biodiversity. Copyright © 2012 by John Wiley Sons, Inc.
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4£.2 STRUCTURE AND
COMPONENTS OF
BIODIVERSITY AND
ECOSYSTEM MODELS

Scientists and stakeholders supporting decision-making
processes are always faced with the challenge of selecting
the key processes and drivers leading to relevant impacts

on their study object (Guisan et al., 2013), and this is the
topic of this section. Decisions on how and what to include
explicitly in the modelling process, and what can be simplified
or ignored, are crucial as they will impact model outcomes.
The role of biodiversity as a regulator of ecosystem processes
or as a material output (either a final service or good) defines
the variables of interest when assessing and projecting the
impacts of direct drivers. For instance, community data such
as functional or species diversity (Cardinale et al., 2007; Mace
et al., 2012) or habitat structure (Eldridge and Freudenberger,
2005) may be particularly important in assessing the impact
of drivers when biodiversity has a regulatory role, while
population data such as species distribution (Gaikwad et
al., 2011) or population structure (Berkeley et al., 2004)
would be more appropriate when biodiversity elements
have a direct use value. It is also worth noting that, overall, a
positive relationship exists between biodiversity attributes and
ecosystem services (Harrison et al., 2014).

This recognition of the different roles of biodiversity follows
an anthropocentric perspective that focuses on ecosystem
services — the material and non-material benefits generated
by nature. Like utilitarian values, biodiversity has its own
intrinsic value that is independent of human demand

or appreciation and that is difficult, or even impossible,

to quantify through modelling, although its existence or
evolutionary value may serve to maintain life.

Biodiversity models, like other mathematical models in the
environmental sciences, consist of a set of components,
namely state variables, external variables, mathematical
equations and parameters (Jergensen and Bendoricchio,
2001; Smith and Smith, 2007). Predictions of ecological
responses to environmental changes should start with
the specification of the major conceptual components of
the model and the critical relationships between them.

In the description of any model of this type, the following
components should be identified:

1. Elements describing the ecosystem
characteristics. These are the target state variables
used to describe the biophysical components of
interest, such as biomass, species richness, functional
diversity or habitat structure (see Figure 4.1). State
variables should be included based on their ability to
serve as indicators of system state, their sensitivity to
pressures, and the stability of their response pattern,
although the consideration of available versus ideal data

FIGURE 4.2

(a) Conceptual diagram of how dispersal and niche ‘filters’ select species from pools at different geographical and ecological scales.
(b) Main processes that directly or indirectly impact the filtering process (Modified from Thuiller et al., 2013. A road map for integrating eco-
evolutionary processes into biodiversity models. Copyright © 2013 by John Wiley Sons, Inc. Reprinted by permission of John Wiley & Sons, Inc).
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often calls for a pragmatic approach given the costs and
feasibility of data collection.

2. Environmental and biotic drivers. The spatial or
temporal dynamics of these model components have
a direct or indirect effect on the state variables. In the
context of environmental change, changes in the value
of environmental (e.g. climate change) and biotic drivers
will affect the value of the state variables (e.g. species
distributions).

3. Ecosystem/ecological processes. These model
components allow the description of the changes in
the stock and/or flow of materials or in the interactions
between organisms and with their abiotic environment
(Mace et al., 2012). Processes are relevant in
determining changes in the biological component (e.g.
changes in species distribution after colonisation and
extinction dynamics).

The impact of drivers on biological processes is key in
determining the nature of the model and the inclusion of
multidisciplinary expertise in the model-building process
(Guisan et al., 2013). In the context of environmental
change, the effect of environmental pressures on state
variables can be direct (e.g. loss of tree cover after
deforestation, changes in climate conditions) or mediated
by biophysical processes (e.g. ocean acidification and
warming affecting coral recruitment and growth, and hence
coral abundance and reef structure). In addition, processes
also mediate interactions among state variables (e.g. biotic
interactions, trophic cascades).

Using community structure as an example, the processes
and scales that are important for modelling are illustrated

in Figure 4.2, which shows how ‘filters’ select species

from a global pool to obtain realised local communities
(Thuiller et al., 2013). In other words, and in the context

of biodiversity response to change, drivers (input data)
create or change geographic or niche filters, thus leading to
changes in community composition (output data). The filters
(ecological processes involved) include biogeographic and
environmental aspects of the real world, and are represented
as components in biodiversity models. Species response

to direct drivers (box a) is mediated by dispersal and niche
filters through a series of processes (box b), which may or
may not be explicitly considered in biodiversity models.

4.2.1 Describing ecosystems
in models: biological levels for
modelling

Biodiversity and ecosystem responses to environmental

change can assume many forms as a consequence of the
inherent complexity; one way of addressing this diversity is

to reduce it to a few meaningful dimensions. Biodiversity
and ecosystem variables can be arranged along dimensions
representing key aspects of biodiversity complexity: biological
organisation levels (species, populations, ecosystems,

etc.) and biodiversity attributes (composition, structure

and function). These two dimensions define a conceptual
space that can be useful for identifying relevant response
variables (see Table 4.1). More specifically, composition and
structural elements such as species richness or biomass
correspond to state variables, and functional elements such
as primary productivity, herbivory or competition correspond
to processes. Composition and structure emerge from
processes, but also affect them (Dale and Beyeler, 2001).

L~
From an ecological perspective, composition and
structure variables describe the structural elements of
ecosystems, while processes describe the fluxes of
energy and matter and the interactions within and
between organisation levels.

Ecosystems are open systems. They harness solar energy
and transfer it through their various structural elements and
organisation levels, via different biological and ecological
processes. At the biosphere level, water and nutrients (e.g.
carbon, nitrogen and phosphorus) are key structural elements
of all living components, and key abiotic components of
ecosystems. Their flux across the Earth system is described
by the biogeochemical cycles. This flux of energy permits
life on Earth and fuels the ecological functions that are
useful for societies (i.e. ecosystem services). To model

the dynamics of biodiversity, it is important that the major
ecological processes involved in the transfer of energy
through ecosystems are taken into account (Mokany et al.,
2015). These include production, consumption, respiration
and recycling. Other processes such as regulation and
evolution are critical to the maintenance of biodiversity and
the resilience of ecosystems over time.

Primary production and respiration are major ecological
processes, occurring at the organism level but affecting
population dynamics and community structure. Organic
matter from primary production forms the basis of all life
on Earth. Numerous factors such as light, the availability
of inorganic nutrients, water and temperature influence
primary production. Respiration, which encompasses

all the living processes using oxygen, is at the core of
metabolism. While occurring at the organism level, both
processes can be considered at every level of organisation.
Primary productivity, for instance, is often used as an
indicator of ecosystem functioning and modelled at the
level of communities or ecosystems to assess the impacts
of land-use change, climate change and management
practices on vegetation. Regarding respiration, at the
organism level respiration processes are influenced by
many factors, including the species considered (body-size
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scaling rules imply that many metabolic processes vary
with the maximum size that a species can reach (Kearney
et al., 2010), the size of individuals, their condition, the
availability of food, oxygen levels and temperature. At the
population level, respiration integrates the metabolism of all
individuals. It is therefore highly dependent on the size and
state structure of the population. At the community level,
respiration integrates the metabolism of all populations and
is therefore controlled by their relative abundance and the
structure of the community. Consumption and recycling are
the main processes associated with trophic interactions, and
are therefore modelled at the community and ecosystem
levels (Sarmiento and Gruber, 2006). Consumption
constitutes a major process of ecosystem dynamics that
transfers solar energy along food chains, from primary
producers up to top predators. Trophic interactions are
influenced by various factors, including the spatial-temporal
co-occurrence of grazers/predators and their food/prey,
which is often constrained by environmental features.

In addition to the metabolic processes described above,
processes related to biodiversity responses to environmental
changes can be broadly divided into population and
community responses (Lavergne et al., 2010). The first of
these are mechanisms related to the ecology of the species
populations, including dispersal, plasticity and population
dynamics. These processes are primarily determined by
biological traits expressing the capability of the target
species to deal with environmental variability in space and
time (e.g. Thuiller et al., 2013; Hanski et al., 2013). Secondly,
species interactions can restrict or expand the set of places
that the species is able to inhabit (Davis et al., 1998).
Competition, facilitation or trophic relationships are site- and
species-specific and account for a great deal of variability in
the capability of a species to survive in a given environment.

4.2.2 Introducing drivers of
environmental change

The world has experienced global environmental change
due to human activities, and this has encouraged research
on scenarios and models to study the new challenges that

TABLE 4.1

Examples of biological levels for modelling (compositional, structural and functional biodiversity variables, from (Noss, 1990;
Dale and Beyeler, 2001), selected to represent levels of biodiversity that warrant attention in environmental monitoring and

assessment programmes.

Level Composition Structure

Individuals Genes

Genetic structure

biodiversity is exposed to (Pereira et al., 2010). Assessments
of links between these drivers and biodiversity responses
are central to IPBES. Change in biodiversity is determined
both by changes in the environment and by the ecological
and physiological processes contributing to the dynamics
of these ecological systems (Lavergne et al., 2010). Thus,
biodiversity change may be either related to changes in the
environment itself, to the biological processes acting within
ecosystems or, more frequently, to a combination of both
(Leung et al., 2012). It is therefore important to distinguish
between changes caused by anthropogenic drivers and
changes emerging from the natural dynamics of ecological
systems. This is particularly important because, although
biodiversity and ecosystem services experience change
due to natural causes, anthropogenic drivers increasingly
dominate current environmental changes.

Following the IPBES Conceptual Framework, natural and
anthropogenic drivers directly affect biodiversity. Both
natural and anthropogenic direct drivers of impacts on
ecosystem processes explicitly cause measurable changes
in ecosystem properties.

L~
Natural direct drivers emerge from natural biophysical and
geophysical processes, while anthropogenic drivers result
from the trajectory and interactions of socio-economic
drivers (indirect drivers).

Biodiversity models use variables describing properties
of direct drivers as inputs to predict their impact on
biodiversity variables. Historically, the largest impacts

on biodiversity have been through land-use change in
terrestrial ecosystems (Pereira et al., 2012) and through
resource exploitation in marine ecosystems (MA, 2005b).
Freshwater ecosystems have been strongly impacted

by a range of factors including, most notably, habitat
modification, invasive species and pollution. Climate and
land-use changes have probably now reached a similar
level of pressure on ecosystems, but during the last three
centuries land-use change has exposed 1.5 times as many
landscapes to significant modifications as climate change
(Ostberg et al., 2015).

Function

Genetic processes, metabolism

Populations Presence, abundance, cover,

biomass, density

Population structure, range,
morphological variability

Demography, dispersion, phenology

Communities | Species richness, evenness and Canopy structure, habitat structure Species interactions (herbivory, predation,
diversity, similarity competition, parasitism), decomposition
Ecosystems Habitat richness Spatial heterogeneity, fragmentation, Ecosystem processes (hydrologic processes,

connectivity

geomorphic processes), disturbances
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Human impacts on the global environment are operating at a
range of rates and spatial scales. Scaling issues are particularly
important when assessing impacts on biodiversity and
ecosystem services because drivers have different impacts
at different scales. For example, while climate change is a
driver that acts at the global scale, habitat modification has
an impact on biodiversity and ecosystem services at regional
and local scales. The consequences of habitat modification
have been significant for many aspects of local, regional
and global environments, including the climate, atmospheric
composition, species composition and interactions,

soil condition, and water and sediment flows. However,
global-scale assessments typically mask critical sub-global
variations, thus underestimating the effects of drivers acting at
local scales. Local and regional case studies can provide the
spatial and temporal resolution required to identify and account
for major environmental sources of variation in cause-to-cover
relationships and the consequence for biodiversity. Single-factor
explanations, at the macro or the micro scale, have not proven
adequate (Bellard et al., 2015). Many models assessing the
impact of environmental drivers on terrestrial ecosystems and
biodiversity elements, including those dealing with climate and
trace-gas dynamics, require projections of land-cover change
as inputs. In this context, Loreau et al. (2003) highlighted that
knowledge of spatial processes across ecosystems at the local
scale is critical to predict the effects of landscape changes on
both biodiversity and ecosystem functioning and services.

4.2.3 Dealing with processes: the
model continuum from correlative
to process-based approaches

l/
There are a wide variety of ecological models available for
assessing impacts of direct drivers on biodiversity and
ecosystem functioning. These can be categorised based

on their complexity and degree of formalisation, from
expert-based systems that rely on experience (including
in the form of local knowledge), to complex integrated
ecosystem models.

Quantitative models are generally classified in two broad
categories: correlative and process-based models (e.g.
Pereira et al., 2010; Dormann et al., 2012). To distinguish
between these model types, we follow the model definitions
of Dormann et al. (2012). These state that correlative models
are characterised by having parameters with no predefined
ecological meaning, and for which processes are implicit,
whereas process-based models use explicitly-stated
mechanisms, and their parameters have a clear, predefined
ecological interpretation.

In the literature, the terms process-based model and
mechanistic model are often used as synonyms. Here, we
use the term process-based for any model type with explicit
implementation of ecological processes in the model (i.e.
encompassing both process-based and purely mechanistic
models), and we reserve the mechanistic category for the
subset of models that are developed based on ecological
theory only and that do not use correlative approaches

at all for parameterisation. The primary difference along

this modelling axis is the inductive versus deductive
approach to processing information. The main advantage
of correlative models, also termed phenomenological or
statistical models, is that there is no need for a fundamental
understanding of the ecosystem and relationships between
system elements, as these are derived inductively from
empirical observations. With process-based models, there
is a deductive process involved in which the process is
determined and the relationship derived, quantified and
explicitly modelled (Jergensen and Bendoricchio, 2001). At
the other end of the formalisation gradient, pure mechanistic
models — also called theoretical models — are axiomatic
constructions (Gallien et al., 2010). As in theoretical physics,

FIGURE 4.3

Schematic representation of the relationship between two observations of a species distribution in the ‘real world’, ‘correlative
(statistical) models’ and ‘dynamic, process-based models’ (Modified from Mclnerny and Etienne, 2012. Ditch the niche — is the niche a useful
concept in ecology or species distribution modelling? Copyright © 2012 by John Wiley Sons, Inc. Reprinted by permission of John Wiley & Sons, Inc).
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they apply the hypothetico-deductive scientific method,
starting from a hypothesis (the axiom) to deduce predictions
that can be tested empirically, either to falsify or conversely
to corroborate the hypothesis made (but never to prove or
‘validate’ it).

To illustrate how models are both abstractions and
representations of reality, Figure 4.3 shows how real-world
processes change an entity (here a distribution) from one
state to another. In a correlative model, the two distribution
states are modelled with two alternative scenarios (e.g.
before and after a forest fire). In the process-based dynamic
model, the model builds on a set of initial conditions to
derive a modelled distribution, which then is altered through
specified processes that aim to replicate the real-world
phenomena in order to predict the second modelled
distribution. It must be noted that the real-world processes
are often unknown and indeed never can be fully known or
emulated. Process-based modelling therefore cannot be
expected to fully replicate the real-world situation, but it may
provide a useful approximation (Mclnerny and Etienne, 2012).

L~
In practice, the categorisation of ecological models is
rarely as clear-cut as depicted in Figure 4.3, but rather
tends to fall along a continuum from correlative to
process-based, depending on available data and
parameters, purpose and model philosophy. This model
continuum, however, forms the basis for the presentation
here, which also describes a spectrum of how the broad
model types rely on empirical data versus ecological
knowledge.

Whether modelling is based on correlative or process-
based approaches (or any intermediate type), there are a
number of issues that should be considered as part of the

TABLE &.2
Summary of aspects to be considered during the model building process (Modified from Dormann et al. (2012) Correlation and

model building process (Table 4.2). For instance, statistical
assumptions about error structure and unbiased sampling
apply to both broad types of modelling approaches. The
same is not true regarding the assumption that species are
in equilibrium with their environment, which applies only to
correlative models, at the risk of losing predictive ability.

4.2.3.1 Expert-based systems

The most common approach for evaluating impacts of
alternative management procedures related to predictions
and decision support is often based on information
provided by experts (Cuddington et al., 2013). An expert is
defined here as someone who has achieved a high level of
knowledge on a subject through his or her life experience
(Kuhnert et al., 2010), and may be a person with local
knowledge or a scientist. It is assumed that the expert is a
reliable source of information in a specific domain, though it
appears that experts tend to be far more confident in their
opinions than is warranted (Burgman, 2005).

Eliciting expert information usually involves dealing with
multiple expert judgements, with different sources of bias
and uncertainty around expert estimates (Martin et al.,
2012). For instance, expertise may vary geographically, with
relevant information restricted to the region of interest of the
experts (Murray et al., 2009). Structuring how multiple expert
opinions are used, for example through a Delphi approach
(MacMillan and Marshall, 2006), can make the modelling
much more rigorous and less likely to result in arbitrary
predictions (Sutherland, 2006).

The expert-based approach typically includes five steps:
considering how the information will be used; deciding
what to elicit; designing the process for the elicitation; the

process in species distribution models: bridging a dichotomy. Copyright © 2012 by John Wiley Sons, Inc. Reprinted by permission of John

Wiley & Sons, Inc).

Topic Relevant issues

Assumptions

Error structure, structure of functional relationships, relevant processes/predictors, equilibrium
with environment

Information required

Data on distribution, populations, environments, environmental data, ecological and biological
knowledge

Determination of model structure

Variable selection, alternative functional relationships, submodels

Verification

Technical correctness, model diagnostics

Validation

Cross-validation, external validation, parameter validation, sensitivity, specificity

Sources of uncertainty in model predictions

Input data, model misspecification, regression dilution, stochasticity

Equifinality

Over-parameterization, collinearity, non-identifiability

Extrapolation

Model domain, (micro-)evolution, stationarity of limiting factors and interactions, phenotypic plasticity

When to stop: accuracy versus complexity

Deployment time, re-parameterization, sensitivity analysis

Communicability and model transparency

Documentation, open source code/software

Knowledge potentially gleaned from the
model

Surprise, emergence

Common errors and misuses

Lack of uncertainty analysis, use beyond purpose, overconfidence in communication
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actual undertaking of the elicitation; and finally translating
the elicited information into quantitative statements that can
either be used directly or in an integrative or participatory
modelling approach (Martin et al., 2012).

Expert knowledge-based species-habitat relationships

are used extensively to guide conservation planning,
particularly when data are scarce (Iglecia et al., 2012).
Expert knowledge is quite commonly utilised in conservation
science (Janssen et al., 2010; Aizpurua et al., 2015), and
has frequently been incorporated in aquatic habitat suitability
modelling to link environmental conditions to the quantitative
habitat suitability of aquatic species (Mouton et al., 2009).

Indigenous and local knowledge (ILK)

L~
Indigenous people, with collective knowledge of the land,
sky and sea, are excellent observers and interpreters of
changes in the environment. Their knowledge may offer
valuable insights, complementing scientific data with
chronological and landscape-specific precision and detail
that is critical for verifying models and evaluating
scenarios developed by scientists at much broader spatial
and temporal scale.

Moreover, ILK provides a crucial foundation for community-
based actions that sustain the resilience of social-ecological
systems at the interconnected local, regional and global
scales (Raygorodetsky, 2011). Indigenous and local
observations and interpretations of ecological phenomena
at a much finer scale have considerable temporal depth
and highlight elements that may be marginal or even new to
scientists.

ILK can potentially supplement other scientific data in
modelling, as input to the model but also in the interpretation
and understanding of the outputs of model runs. Traditional
or indigenous knowledge is a result of a long series of
observations transmitted from generation to generation
(Berkes et al., 1995). Such ‘diachronic’ observations

(i.e. observations over time) can be of great value and
complement the ‘synchronic’ observations (i.e. observations
made at the same time, but at different locations) that are
often used for model construction and testing (Gadgil et al.,
1993). Knowledge holders have not only developed a stake
in conserving biodiversity, but also in understanding the
complexities and interrelations among the varied entities that
an ecosystem encompasses (Slobodkin, 1961). Modelling
for biodiversity conservation and ecosystem services can
therefore benefit significantly from the application of ILK,
which may fill gaps in biodiversity modelling (Thaman et al.,
2013; WWEF, 2013).

ILK thus has the potential to contribute to global
environmental assessments, posing the challenge of how
to integrate different scales and how to connect different
knowledge systems to complement each other. One of
the approaches of IPBES, the ‘Multiple Evidence Base
approach’ was developed at the Stockholm Resilience
Centre as a conceptual framework for connecting diverse
knowledge systems (Tengo et al., 2013).

Integration of ILK in research techniques such as modelling
and remote sensing can provide a robust contribution

to informed decision making. An example is animal herd
management in the Arctic, where remote satellite sensing,
meteorology and modelling are complemented with the
indigenous knowledge of Sami and Nenets reindeer herders
to co-produce datasets. The indigenous observers are able
to make sense of complex changes in the environment
through the qualitative assessment of many factors,
complementing the quantitative assessment of variables
made by scientists (Magga et al., 2011). Case studies from
Canada and New Zealand also provide evidence that a
combination of traditional ecological knowledge and science
to understand and predict population responses can greatly
assist co-management for sustainable customary wildlife
harvests by indigenous peoples (Moller et al., 2004).

4.2.3.2 Correlative models

Correlative models are generally easy to apply and do

not require extensive knowledge of underlying processes,
but instead use statistical methods to establish direct
relationships between environmental variables and
biodiversity data such as species richness, abundance or
distribution (Morin and Lechowicz, 2008). These models
produce information on biodiversity patterns and responses
to drivers based on empirical observations, and do not
attempt to explain the mechanisms underlying those
patterns and responses (Rahbek et al., 2007). When using
the correlative modelling approach, it is recognised that
there are clear limitations to ecological knowledge for
model development, and often the focus is on ensuring a
pragmatic model implementation that will capture current
existing ecological patterns, which often provides good — if
narrow — projections (Araujo and Pearson, 2005; Elith and
Leathwick, 2009).

Correlative models are frequently used to assess the
impacts of human activities on biodiversity, forecast

future impacts of environmental changes, support

human productive activities (e.g. enhance agricultural
production) and conservation actions (e.g. identify sites for
translocations and reintroductions, or predict the location
of rare and endangered species), and understand species’
ecological requirements, among other uses (Peterson,
2006; de Souza Mufoz et al., 2011). Correlative models
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have the advantage of being tractable and easy to interpret,
and permit the predictability of phenomena that depend on
differences between components — for example the invasive
potential of a species depends on the difference between
potential and actual distributional areas (Peterson, 2006).

Correlative models can be applied at all spatial scales after
careful assessment of relevant environmental predictors
and response variables relevant to the question addressed
(Elith and Leathwick, 2009; Guillera Arroita et al., 2015). For
instance, the effect of climate variables is better assessed at
large spatial extents, such as regions, and coarse resolution
data may be acceptable, whereas the effect of land use or
soil nutrients requires fine resolution data to cover fine-scale
variations, and is usually modelled at smaller extents such
as landscapes. When the selected environmental predictors
act at different scales, hierarchical models with nested sub-
models can be used (Elith and Leathwick, 2009). Regarding
temporal scales, correlative models are often static (i.e.
assume that the species-environment relationships do

not change over time), and therefore often fail to capture
species or community dynamics such as species dispersal.
Nevertheless, temporal predictors — such as variability

of food resources — may be added to models to capture
variation in the state of biodiversity variables.

Correlative models should be used carefully when
extrapolating biological descriptors to new spatial areas and
time frames (i.e. hindcasting and forecasting applications).
This is due to the possibility that conditions (e.g. climatic
conditions) associated with the training data (i.e. the data
used to fit the model) may not remain constant over time
(Elith and Leathwick, 2009; Aratjo and Peterson, 2012),

or may be inadequate to represent the conditions found
outside their area of distribution. Moreover, correlative
models are data demanding, requiring robust datasets.
However, because the data required by correlative models
are often available across a range of scales, and because
the models can implicitly capture many complex ecological
responses, Elith et al. (2010) anticipate the continued use of
correlative models for biodiversity projections.

4.2.3.3 Process-based models

Process-based models are generally more complex to
develop than correlative models as they require more
knowledge of the processes that shape biodiversity
patterns, including an explicit consideration of selecting
which processes to include. These models nevertheless
allow a more explicit representation than correlative
approaches of ecological processes mediating biodiversity
and ecosystem responses to environmental drivers. As
they tend to build on a formal framework with varying levels
of theoretical underpinning, they are also more capable

of explaining why biodiversity patterns occur, rather than

simply demonstrating that they do. The golden standard
for modelling, however, frequently includes the degree to
which models can be used for predictive purposes, and
while this is an area in which process-based models may
have an advantage over correlative models, it should also
be acknowledged that the capabilities of process-based
models with regard to predicting the consequences of
anthropogenic impacts for biodiversity and ecosystems are
uncertain and under continuous development. In response
to climate change, species may change their climatic niches
along three non-exclusive axes: time (e.g. phenology),
space (e.g. range) and self (e.g. physiology), as described
by Bellard et al. (2012). Of these, the physiological axis

in particular calls for the capacity to handle evolutionary
adaptations (see for more detail Section 4.3.1.1). It should
also be noted that data availability generally places limits on
how reliably models can be parameterized.

One example of an approach used to overcome the
limitations of correlative methods is the dynamic energy
budget theory (e.g. Kooijman, 2009). This is a good example
of mechanistic theory that aims to capture the quantitative
aspects of metabolism at the organism level from a small
set of key assumptions (Sousa et al., 2008). The dynamic
energy budget theory makes it possible to account for the
effects of environmental variability on organisms through
food and temperature changes and captures the diversity
of all possible living forms on Earth in a single mechanistic
framework. This allows the representation of the energetics
and major life history traits of all possible species in a
community with the same set of unspecific taxa-dependent
dynamic energy budget parameters.

Overall, process-based models are limited by the number
of processes that are explicitly included, the sensitivity of
the system dynamics to the mathematical form used to
represent the process, the sensitivity to the data used to
estimate the parameters, and the limited capacity to predict
beyond the range of observed conditions. Despite the wide
use of process-based ecosystem models in biology and
ecology they, as do all other model developments, suffer
from fundamental and practical limitations.

Various strategies and approaches for process formalisation
can be distinguished among the available process-based
models:

Box models. This is the simplest and most developed
category. It describes ecosystem dynamics using a set

of state variables (e.g. fish biomass) that are connected
together by fluxes (e.g. consumption or predation) based
on given functional responses that are either predefined
(Holling, 1959) or emergent properties (Ahrens et al., 2012).
The most common use of this type of model is to simulate
mass balances and energy fluxes at the scale of the
system represented, and this is one of its main advantages.
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On the other hand, they tend to use highly aggregated
representations of state variables (e.g. lumping all fish
species at a trophic level together) and therefore neglect
phenomena such as the importance of size in controlling
metabolism, predator-prey interactions and life history
omnivory (i.e. dietary changes as organisms grow).

Age/stage/size-structured models. These models are
box models that are structured along a dimension that

is assumed to be functionally important. They explicitly
account for some processes of metabolism such as growth,
reproduction and the age-dependence of respiration. Age/
stage-structured models are widely used for fisheries
management (see Hilborn and Walters, 1992), as well

as for food web models (e.g. Walters et al., 2010). Size-
structured models emphasise the impact of size as a
structuring element in ecosystems. In marine and freshwater
ecosystems, size is usually a good predictor of trophic level
at the community level (Jennings et al., 2001) because many
predators are size-selective, leading to this biological trait to
exert a strong influence on predation and metabolism. Size-
based models are easier to parameterise than functional
group or age/stage-structured food-web models, though

in particular applications there may be more interest for
species than for size per se. Size-structured models can,
however, be constructed with explicit species considerations
to make them more suitable for addressing questions of
direct relevance to biodiversity research (Shin and Cury,
2001; Blanchard et al., 2014).

4.2.3.4 Hybrid models: combining
correlative and process-based
modelling

Hybrid models combine correlative and process-based
modelling approaches (Schurr et al., 2012) in order to
represent complex, integrated systems with a focus on
biophysical as well as human components (Parrott, 2011).
Such models tend to be highly data-driven and help build
on our understanding of important factors and synthesise
knowledge, as well as providing a structural link between
data sources and decision-support systems. Hybrid
model development takes a pathway in which some of the
ecological processes defining the ecological system under
study (e.g. the realised niche) are modelled explicitly (i.e.
process-based), while others are based on correlative niche
modelling (Thuiller et al., 2013). Hybrid approaches derive
from the interest to balance realism and flexibility in model
building with limited knowledge, but this approach also
comes with important challenges.

How different models are integrated into hybrid approaches
is often a difficult issue. Gallien et al. (2010) indicate that one
of the current limitations of the hybrid approach is the form
and strength of the relationship between habitat suitability

and demographic parameters. Changes in habitat suitability
are normally integrated with population processes by limiting
carrying capacity. Furthermore, the response of ecological
processes (e.g. growth, dispersal and thermal tolerance) to
environmental changes is unclear, and is often assumed to
be unimodal or linear. Non-linear functional response could
make the model more complex.

Broadly speaking, mechanisms determining ecosystem
dynamics can be related to the ecology of species, species
interactions and evolutionary processes (Lavergne et al.,
2010). Any biological process of interest should have an
explicit link with the components formulated in the model.
However, this link does not need to be one-on-one (Lurgi
et al., 2015). The implementation of these processes in
the model may be carried out in a wide variety of ways
spanning a broad range of complexities, from cellular
automata (lverson and Prasad, 2001), meta-population
models (e.g. Wilson et al., 2009) and structured meta-
population models (Akgakaya et al., 2004), to spatially-
explicit population models (e.g. Cabral and Schurr, 2010),
individual-based models (e.g. Grimm et al., 2005), trophic
models (e.g. Albouy et al., 2014) and reaction-diffusion
models (e.g. Wikle, 2003; Hui et al., 2010). For example,
the recently introduced ‘dynamic range modelling’
framework (Pagel and Schurr, 2012), based on a Bayesian
approach, overcomes several of these limitations as it
uses species distribution data and time series of species
abundance to statistically estimate both distribution
dynamics and the underlying response of demographic
rates to the environment. This approach is particularly
relevant when dispersal limitation or source-sink dynamics
cause disequilibrium between species distributions and
environmental conditions (Pulliam, 2000).

The dynamic bioclimate envelope model developed by
Cheung et al. (2008b) simulates changes in the relative
abundance of marine species through changes in
population growth, mortality, larval dispersal and adult
movement following the shifting of the bioclimate envelopes
induced by changes in climatic variables. The model does
not account for species interactions and potential food web
changes, which are however considered in a combined
food web and habitat capacity model (Christensen et al.,
2014). Dynamic bioclimatic envelope models are also being
developed to account for effects of ocean biogeochemistry,
such as oxygen level and pH, on the eco-physiology and
distribution of marine fish (Stock et al., 2011). Models with
emergent dynamics may also include species interactions
(e.g.Albert et al., 2008) or abiotic processes included via
feedbacks (e.g. wildfires versuss vegetation growth; Grigulis
et al., 2005).
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4.3 AVAILABLE
APPROACHES TO
MODELLING THE
IMPACT OF DRIVERS ON
BIODIVERSITY AND
ECOSYSTEM
FUNCTIONING

4.3.1 Modelling approaches
addressing biological levels of
particular relevance to IPBES

4.3.1.1 Individual-level models and
evolutionary adaptation

Populations are not static, but evolve. As a consequence,
species may be able to adapt to conditions different from
those previously experienced (Hoffmann and Sgro, 2011).
As introduced in Figure 4.2, evolution can alter dispersal
patterns, physiology and biotic interactions (Thuiller et

al., 2013), and this poses a clear problem for predictive
modelling at all levels, from genes to ecosystems: how to
make predictions that go beyond current conditions?

There has been considerable research aimed at addressing
this question, notably theoretical models that explicitly
account for biological processes such as mutation, dispersal
and interactions within and between species (e.g. mating
and competition) (Blrger, 2000). Such models can account
for environmental change and allow projections about future
scenarios, beyond the range of what is currently observed.
They also provide a means of assessing the robustness of
predictions across uncertain parameters and processes.

Short-term evolutionary projections focus on the response
to selection within a population based on the initial
(‘standing’) genetic variance, and can account for selection
acting on multiple traits (Lande and Arnold, 1983). Assuming
that several genes underlie these traits, quantitative genetic
models can accurately predict short-term evolutionary
responses to a changing environment, given information
about the genetic variance for each trait, the covariance
among traits, and the strength of selection induced on

each trait (see, for example, Shaw and Etterson, 2012). In
practice, this information is unavailable for most species and
over large spatial extents. Thus, ranges of plausible values
must be inferred — with uncertainty — based on data from
other species.

Longer-term projections are made difficult by the need to
account for the dynamics of genetic variation. Processes

such as mutation and migration that build genetic variance
must be modelled (Barton and Turelli, 1989). Selection
itself causes allele frequency changes that can increase or
decrease genetic variance (de Vladar and Barton, 2014).

While many of these models assume a stable population
size, more relevant to our understanding of biodiversity
change are models that explicitly account for the feedback
between population dynamics and evolutionary change. One
theoretical approach focuses on key ecological traits (e.g.
resource acquisition traits) that impact population dynamics
and whose optimum values shift in a changing environment
(Pease et al., 2008; Duputi¢ et al., 2012). Such models

that account for population dynamics are essential for
addressing the extinction risk faced by a population. How far
and how fast can a population be pushed by environmental
change before it collapses (Burger and Lynch, 1995; Lande
and Shannon, 1996; Gomulkiewicz and Houle, 2009)?
These models identify the critical speed of environmental
change above which evolutionary lags grow over time until
populations can no longer persist.

While the above models focus on standing genetic variance,
some environmental changes require novel genetic
solutions. Recent models have asked when new mutations
can ‘rescue’ a population before it goes extinct following an
environmental perturbation (e.g. Bell and Collins, 2008; Bell,
2018). These models provide key insights into the factors
that promote evolutionary rescue, including the population
size, the severity of environmental degradation, and the
array of possible rescue mutations (Carlson et al., 2014).
Results from these combined evolutionary and population
dynamic models can be counterintuitive. For example,
while evolutionary adaptation generally works best when
the environment changes slowly, evolutionary rescue can
be more likely when an environmental shift occurs rapidly,
because the release from density-dependent competition
helps establish rescue mutations (Uecker et al., 2014).

While the simplest evolutionary models are not spatially
explicit, models are increasingly examining how the
arrangement of populations and migration rates among
them influence evolutionary processes in the face of a
changing environment. For example, models have explored
the process of evolution to a new or altered environment

in the face of migration from the rest of the species range
(Gomulkiewicz et al., 1999). Such models can inform policy
decisions about the maintenance of gene flow and the
importance of migration corridors. Other models explore
how the geographical range of a species evolves over time
in the face of environmental change. Interestingly, these
models are highly sensitive to assumptions made about
the dynamics of genetic variance and whether it is held
fixed, allowed to evolve deterministically, or subjected to
random genetic drift (Polechova et al., 2009, Polechova and
Barton, 2015). The latter paper clarifies how demographic
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and evolutionary processes combine to predict whether a
species will persist or undergo range contraction when the
environment varies over space.

Many evolutionary models focus on genetic changes
within a single species. Clearly, it is useful to clarify what
might happen in simplified scenarios before adding the
complexity of species interactions. To fully account for
evolution in climate change models, however, we need

to account for interactions among species co-occurring
within a community. Those models that have considered
species interactions suggest that evolutionary responses
to environmental change can be fundamentally altered. For
example, interspecific competition can hinder evolutionary
adaptation and drive extinct a species that would be able
to persist if it were on its own (Johansson, 2008). Other
models demonstrate that accurate predictions require an
understanding of how selection is shaped by both species
interactions and environmental change (Osmond and de
Mazancourt, 2013; Mellard et al., 2015).

L~
The results of any model, particularly evolutionary models,
are sensitive to the details assumed. What are the
selection processes and life strategies? How far do
individuals migrate? How patchy is the environment?
Which mutations are neutral or functional? These details
matter when predicting whether a species will persist or
become extinct.

Evolutionary processes thus raise a great deal of uncertainty
in our projections of future biodiversity change in the
face of major environmental drivers. Models such as
those described above allow us to explore the range of
possibilities. Not accounting for evolutionary change is,
in most cases, the most conservative assumption for the
maintenance of biodiversity (Shaw and Etterson, 2012).
On the other hand, allowing evolutionary change under
generous assumptions about current and future levels of
genetic variance allows us to delimit the most optimistic
scenarios for biodiversity in the face of human-caused
environmental change.

4.3.1.2 Species- or population-level
models

Populations are groups of organisms, all of the same
species, that live in a given area and interact. Biodiversity
change at the species or population level is often measured
using data on population demography and species
distribution (i.e. the distribution of populations within a
species). Populations change in size and distribution

due to the interaction between internal (e.g. growth rate,
reproduction) and external (e.g. resources, predation,
diseases) factors. Models building from the simple

exponential function, including the logistic population
model, life table matrix modelling, the Lotka-Volterra
models of community ecology, meta-population theory, and
the equilibrium model of island biogeography and many
variations thereof, are the basis for ecological population
modelling to predict changes over time (Gotelli, 2008).

Without the influence of external factors (thus in a density-
independent situation), population growth can be modelled
as exponential (Vandermeer and Goldberg, 2004). However,
as the population size increases, density-dependence
factors — such as resource limitation, competition or
disease — frequently impact population growth because
births and deaths are dependent on population size. Under
density-dependence, growth rates slow down and reach

a maximum, depicting a sigmoid curve of population size
against time, in other words logistic growth. In the logistic
model, the maximum number of individuals in the population
is based on the carrying capacity of the system.

The logistic model is frequently used to study the impact
of harvesting a population by removing individuals from

it (Giordano et al., 2003). Important modifications to the
original model include the introduction of critical threshold
densities, fluctuations in the carrying capacity and discrete
population growth. A popular, but also much debated,
example of the logistic growth model is the application

to managing fisheries by finding the optimal strategy that
maximises the population growth rate and the long-term
yields achieving the maximum sustained yield (Gotelli, 2008).
Discussions around this concept are large and include the
importance of including species interactions to calculate
this reference point in the context of fisheries management
(Walters et al., 2005).

Because species do not occur in isolation, the dynamics

of any one species affects the dynamics of other sympatric
species. In these cases, the logistic equation can be
modified to consider the interaction of a population with
interspecific competitors, with predators and with prey (Otto
and Day, 2007). Lotka and Volterra models for interspecific
competition and prey-predator interactions are the classical
initial frameworks for competition and predation studies in
ecology. These models build from the logistic equations
and incorporate the interactions with other populations

of competitors, predators and prey, modifying population
growth rates. A classic example of the predator-prey
interactions Lotka-Volterra model is the prediction of the
regular cycling of the population size of Canada lynx (Lynx
canadensis) and the snowshoe hare (Lepus americanus)
(Sinclair and Gosline, 1997). An important concept in
predator-prey interactions is the functional response of the
predator as a function of the prey abundance. This response
can be represented as a linear function of prey abundance
(called the Type | response). More realistic assumptions
incorporate handling time, under which the response of
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the predator increases to a maximum prey consumption

rate (Type Il response). A variation of the latter incorporates
switching with an acceleration of the feeding rate at
intermediate prey density and a decrease at high prey density
as an asymptote is reached (Type Ill; Holling, 1959). These
responses are key elements when modelling the ability of
predator species to control prey populations (Gotelli, 2008).

Additionally, populations are often not closed, so that
individuals tend to move between populations, influencing
their persistence and survival. Different ways to model sets
of populations (or meta-populations) exist. This approach

is applied to study linkages of populations at the landscape
scale, both in terrestrial and aquatic systems. Methodologies
quantify the fraction of all population sites that are occupied,
and have been notably applied to study the impacts of
protected areas to inform biodiversity conservation (Royle
and Dorazio, 2008; Kritzer and Sale, 2010). In addition, the
number of species interacting in a specific place depends
on the area available for those species to survive and

the relationship between species and area holds in most
assemblages of organisms worldwide.

This is at the origin of island biogeography that states
that the larger an island, the more species it will hold, and
the more potential interactions there will be. The original
explanation for this pattern was related to habitat types,
considering that larger islands include a higher diversity of
habitats, and thus species restricted to those habitat types
will only occur on larger islands (Gotelli, 2008). However,
an alternative hypothesis developed with the equilibrium
model of island biogeography includes the immigration of
new species and the extinction of resident species as the
main force behind the relationship between area, habitat
heterogeneity and the number of species in a community
(Simberloff, 1976; Allouche et al., 2012).

When survival and fecundity rates depend on the age of
individuals affecting population growth, age-structured
models using the analysis of life table matrices are applied
(Otto and Day, 2007; Gotelli, 2008). However, many other
parameters can affect vital rates and their variability in

space and time, which is at the core of estimating the risk of
extinction or decline of a population.

L~
Population viability analysis, a form of risk assessment
analysis, estimates these risks by identifying major threats
faced by a population and by evaluating the likelihood of
future population persistence (Beissinger and
McCullough, 2002; Morris and Doak, 2002).

Population viability analyses are often applied to the
conservation and management of threatened or rare species
(Akcakaya et al., 2004), with the aim to evaluate options

for how to improve the chance of survival of populations

or species at risk (Akgakaya and Sjogren-Gulve, 2000;
Drechsler and Burgman, 2004).

L~
Species occurrence and abundance are often modelled
using correlative methods generally described as species
distribution models. Species distribution models are
mainly used to evaluate 1) overall species distributions;
2) historic, present and future probability of occurrence;
and 3) to gain an understanding of ecological niche limits,
which is why this approach is also called ecological niche
modelling (Aguirre-Gutiérrez et al., 2013).

Species distribution models are widely used to model the
effects of environmental changes on species distribution
across all realms (Pearson and Dawson, 20083; Brotons,
2014). The multiple applications of species distribution
models are reflected in the diversity of designations used to
refer to this type of modelling approach, including ecological
niche models, bioclimatic envelope models, and habitat
(suitability) models (Elith and Leathwick, 2009). Modelling
approaches that incorporate species abundance data along
with species distribution data, for a joint prediction of the
effects of environmental drivers on population demography
and consequently on the overall species distribution, are
also being pursued (Ehrlén and Morris, 2015).

Research that incorporates expert knowledge into species
distribution models is relatively limited. However, in a study
on species distribution modelling, Niamir et al. (2011)
incorporated existing knowledge into a Bayesian expert
system to estimate the probability of a bird species being
recorded at a finer resolution than the original atlas data.
They noted that knowledge-based species distribution
maps produced at a finer scale using a hybrid model/
expert system had a higher discriminative capacity than
conventional approaches, even though such an approach
might be limited to well-known species. Furthermore,

in a study to evaluate trade-offs for using species
occurrence data in conservation planning, Rondinini et al.
(2006) noted that the geographic range data of species
generated by expert knowledge had the advantage of
avoiding the potential propagation of errors through data
processing steps.

4.3.1.3 Community-level models

L~
Community-level modelling offers an opportunity to move
beyond species-level predictions and to predict broader
impacts of environmental changes (e.g. Hilbert and
Ostendorf, 2001; Peppler-Lisbach and Schréder, 2004;
D’Amen et al., 2015), which may be relevant in certain
decision-making contexts.
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For example, it can be used to predict the impact of losing
a top predator in the structure of a trophic network or

the impacts of land-use change in native communities.
Community-level approaches are also recommended when
time and financial resources are limited, when existing data
are spatially sparse or when the knowledge on individual
species distribution is limited (Ferrier et al., 2002a) or even
absent, as in the case of non-described species in highly
diverse environments, and when species diversity is beyond

what can feasibly be modelled at the individual species level.

Overall, assessing changes in community composition,
including both species presence and abundance, and
how those changes affect ecosystem processes, provides
a more detailed understanding of the impacts of drivers
(Newbold et al., 2015). Moreover, species richness — a
community-level metric — is a commonly used biodiversity
indicator (Mace et al., 2012).

Community-level distribution models, as for species
distribution models, use environmental data to predict the
distribution of species assemblages or communities. Data
input needs are similar to species distribution model inputs
but model outputs are more diverse and can be classified
into five main types (Ferrier and Guisan, 2006): community
types (groups of locations with similar species composition),
species groups (groups of species with similar distributions),

axes or gradients of compositional variation (reduced
space dimensions of compositional patterns), levels of
compositional dissimilarity between pairs of locations, and
various macro-ecological properties (e.g. species richness)
and even phylogenetic diversity.

Ferrier and Guisan (2006) and D’Amen et al. (2015) identify
three approaches to community-level modelling (Figure
4.4): 1) ‘assemble first, predict later’, whereby species
data are first combined with classification or ordination
methods and the resulting assemblages are then modelled
using machine learning or regression-based approaches,
2) ‘predict first, assemble later’, whereby individual species
distributions are modelled first and the resulting potential
species distributions are then combined (i.e. the result

is in fact the summation of individualistic models), and

3) ‘assemble and predict together’, whereby distributions
of multiple species are modelled simultaneously using both
environmental predictors and information on species co-
occurrence patterns.

These approaches have different strengths (D’Amen et

al., 2015). The first and third approach are more able to
capture overall patterns of response and are better options
if rare species, for which distribution data may be scarce,
represent a significant fraction of the species assemblage.

FIGURE &.&

Main approaches to community-level distribution models (Modified from Ferrier and Guisan, 2006. Spatial modelling of biodiversity at the

community level. Copyright © 2006 by John Wiley Sons, Inc. Reprinted by permission of John Wiley & Sons, Inc).
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However, the second approach allows more flexibility in
how different species respond to different environmental
factors, though it may fail to produce reliable projections of
rare species distributions (Ferrier and Guisan, 2006). Similar
reasoning can be used when deciding whether to use
species distribution models or community-level models to
assess community responses. Species distribution models
can provide more reliable predictions of well-sampled
species, but may fail with rare species and are resource-
demanding when applied at the community level.

The strengths and weaknesses of community-level
modelling approaches and the applicability of community
models are discussed by Ferrier et al. (2002b) and by Ferrier
and Guisan (2006). More recently, D’Amen et al. (2015)
have highlighted potential research avenues and proposed
novel integrative frameworks to encourage the state-of-
the-art in spatial predictions at the community level. As in
species distribution models, correlative community-level
distribution models can also integrate ecological processes
such as meta-community dynamics and species interactions
(Mokany and Ferrier, 2011) to enhance their predictive ability
(D’Amen et al., 2015).

4.3.1.4 Ecological interaction networks

L~
Ecological interaction networks include, among other
examples, trophic webs and plant-pollinator webs (Ings et
al., 2009). Species interactions within communities can be
explicitly modelled using process-based approaches that
describe the links between species and the dynamics that
determine species coexistence in the network, such as
predator-prey oscillations (Verhoef and OlIff, 2010).

Network topology is also an important consideration

when building interaction models, since the links between
elements may follow a non-random pattern. In food webs,
interactions patterns are shaped by body size, which
justifies the use of size-structured models (Woodward et al.,
2005; Loreau, 2010).

Correlative approaches are also frequent in studies of
interaction networks, due to their lower information
requirements, but Ings et al. (2009) advocate against the
use of inferential approaches and recommend pursuing
more mechanistic approaches that build on first principles
and ecological theory. Similarly, applications in modelling
marine ecosystems will require the coupling of different
trophic levels that may have different characterisations. One
way to represent biodiversity in complex marine systems
would be to concentrate the detail of representation at
the target species level and their main interactions at the
community level (FAO, 2008). Community interaction

network approaches have been used to assess the impacts
of, for example, invasive species (Woodward and Hildrew,
2001), the overfishing of top predators (e.g. Bascompte et
al., 2005), biodiversity and ecosystem function relationships
(Fung et al., 2015), freshwater pollution (e.g. Scheffer et al.,
1993) and global warming (Petchey et al., 1999).

QOutputs from community-level distribution models can

be used to inform species traits approaches, assessing

the composition of impacted communities. Species traits
approaches can also be linked to interaction network models
to predict how changes in community traits will affect
ecosystem functioning (Harfoot et al., 2014b). Species traits
approaches move the focus from species composition in a
community to the distribution of traits or average trait values
in the community. Species traits underlie species responses
to drivers, that is, their ability to cope with environmental
change, but also their role in environmental processes.
Therefore, the distribution of trait values in a community (e.g.
root depth, body size or forage range) may not only inform
on the vulnerability of the community to changes in drivers,
but also on the effects of community compositional change
to ecosystem functioning, and consequently to ecosystem
services (Lavorel and Garnier, 2002; Suding et al., 2008;
Oliver et al., 2015). Trait-based ecological risk assessment is
an example of a trait-based approach to assess ecological
responses to natural and anthropogenic stressors based

on species characteristics related to their functional roles in
ecosystems (Baird et al., 2008).

Another approach commonly used to assess community
change over time is through species-area relationship
models. These are used to predict species richness as a
function of habitat area. Species-area relationship models
have been tested and applied to a wide range of taxa and
across all scales, from local to global (e.g. Brooks et al.,
2002; Brooks et al., 1997). Species-area relationship models
are often used to predict the impacts of changes in habitat
availability, driven by land-use change (e.g. van Vuuren et al.,
2006; Desrochers and Kerr, 2011) or climate change (e.g.
Malcolm et al., 2006; van Vuuren et al., 2006), on community
richness, but also to assess the impacts of direct exploitation
on community parameters such as species turnover rates
(e.g. Tittensor et al., 2007). Reviews on the use of species-
area relationships can be found in Rosenzweig (2010),
Drakare et al. (2006) and Triantis et al. (2012).

The most common species-area relationship model is

the power function (Arrhenius, 1921), S=cA?, where S is
species richness, A is habitat area, and ¢ and z are model
parameters (Rosenzweig, 2010). Notwithstanding the
general use of the power function, species-area relationship
models may be best described by other functions or by
averaging the predictions of alternative models (i.e. multi-
model species-area relationship approaches) when there

is no single best model (Guilhaumon et al., 2008). Another
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important caveat relates to the risk that species-area
relationship models may overestimate predicted species
loss due to habitat loss (Pereira and Daily, 2006). This
limitation can be addressed through the use of modified
species-area relationship approaches that better represent
community dynamics, such as the species-fragmented
area relationship (Hanski et al., 2013) — which considers the
effects of habitat fragmentation on species diversity patterns
— and the countryside species-area relationship (Proenca
and Pereira, 2013) — which accounts for the differential use
of habitats in a landscape by different species groups.

4.3.1.5 Ecosystem-level models and
integrated models

Ecosystem-level models may focus on the biophysical
dimension of ecosystems (e.g. dynamic global vegetation
models), or they can be developed to also include economic
and social aspects (e.g. EWE models, see Chapter 5).

L~
Dynamic Global Vegetation Models (DGVMs) are process-
based models that simulate various biogeochemical,
biogeophysical and hydrological processes such as
photosynthesis, heterotrophic respiration, autotrophic
respiration, evaporation, transpiration and decomposition.

DGVMs are the most advanced tool for estimating the
impact of climate change on vegetation dynamics at the
global scale (Smith et al., 2001). They simulate shifts in
potential vegetation and the associated biogeochemical and
hydrological cycles as a response to shifts in climate. DGVMs
use time series of climate data and, given the constraints
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of latitude, topography and soil characteristics, simulate
monthly or daily dynamics of ecosystem processes. DGVMs
are most often used to simulate the effects of future climate
change on natural vegetation and carbon and water cycles,
and are increasingly being coupled with atmosphere-ocean
general circulation models to form Earth system models.

The basic structure of a DGVM is shown in Figure 4.5.

DGVMs capture the transient response of vegetation to
a changing environment using an explicit representation
of key ecological processes such as establishment, tree
growth, competition, death and nutrient cycling (Shugart,
1984; Botkin, 1993). Plant functional types are central to
DGVMs as, on the one hand, they are assigned different
parameterisations with respect to ecosystem processes
(e.g. phenology, leaf thickness, minimum stomatal
conductance, photosynthetic pathway, allocation and
rooting depth) while, on the other hand, the proportion
of different plant functional types at any point in time and
space defines the structural characteristics of the vegetation
(Woodward and Cramer, 1996).

The key advantages of using DGVMs include the capacity
to simultaneously model the transient responses related
to dynamics of plant growth, competition and, in a few
cases, migration. As such, this allows the identification of
future trends in ecosystem functioning and structure and
these models can be used to explore feedbacks between
biosphere and atmospheric processes (Bellard et al.,
2012). DGVMs are, however, focused on a limited number
of plant functional types, which induces a high level of
abstractedness (Thuiller et al., 2013).

FIGURE 4.5

Structure of Dynamic Global Vegetation Models (Modified from: http://seib-dgvm.com/oview.html).
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L~
Adding a further level of complexity beyond ecosystem
modelling is achieved through integrated assessment
models (IAMs, see Figure 4.6), which were defined in the
IPCC Third Assessment Report (IPCC, 2001) as ‘an
interdisciplinary process that combines, interprets, and
communicates knowledge from diverse scientific
disciplines from the natural and social sciences to
investigate and understand causal relationships within
and between complicated systems’.

It is generally agreed that there are two main principles to
integrated assessment: integration over a range of relevant
disciplines, and the provision of information suitable for
decision making (Harremoes and Turner, 2001). IAMs
therefore aim to describe the complex relationships between
environmental, social and economic drivers that determine
current and future states of the system and the effects of
climate change, in order to derive policy-relevant insights
(van Vuuren et al., 2009). One of the essential characteristics
of integrated assessment is the simultaneous consideration
of the multiple dimensions of environmental problems.

At the global level, IAMs could potentially be a valuable

tool for modelling biodiversity dynamics under different
drivers; however, current IAMs are not developed for this
application (Harfoot et al., 2014a). Existing IAMs are largely
used for modelling climate change and investigating options
for climate mitigation. Key outputs from IAMs include
anthropogenic greenhouse gas emissions. However, these

also provide projections for other variables, such as land
cover and land use (including deforestation rates).

One of the most noticeable limitations of IAMs is that

they focus largely on terrestrial systems, not marine or
freshwater aquatic ecosystems (as shown in Figure 4.6,
which provides a schematic representation of a typical
IAM). Another notable limitation is the lack of feedback
from changes in biodiversity, ecosystem functions and
terrestrial ecology on other drivers such as climate change
and land-use change. For example, actions that reduce
the number or composition of species in natural systems
may compromise ecosystem functioning, as the ability of
ecosystems to provide services may depend on both these
aspects (Tilman et al., 2001; Loreau et al., 2001; Hooper
et al., 2005; Isbell et al., 2011). At the European level,
CLIMSAVE not only integrates sectoral models, but also
has feedbacks and can be used to explore the impacts of
selected adaptation options (Harrison et al., 2015).

IAMs typically describe the cause-effect chain from
economic activities and emissions to changes in climate
and related impacts on, for example, ecosystems, human
health and agriculture, including some of the feedbacks
between these elements. To make their construction and
use tractable, many IAMs use relatively simple equations
to capture relevant phenomena, for example for the
climate system and carbon cycle (Goodess et al., 2003).
However, the behaviour of these components can have a

FIGURE 4.6

Schematic representation of a typical full-scale integrated assessment model. Red labels and arrows represent existing model
components and interactions, while grey labels and greydashed arrows indicate important components and interactions not currently
included (Modified from Harfoot et al., 2014a. Integrated assessment models for ecologists: the present and the future. Copyright © 2014 by John

Wiley Sons, Inc. Reprinted by permission of John Wiley & Sons, Inc).
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significant impact on IAM results and the quality of policy
advice, with the possibility of simplifications in the Earth
system projections leading to imprecision (or even error) in
projecting impacts and costs of mitigation.

Over the last decade, IAMs have expanded their
coverage in terms of land use and terrestrial carbon cycle
representation, non-CO, gases and air pollutants, and by
considering specific impacts of climate change. Some
IAMs have a stronger focus on economics, such as multi-
sectoral computable general equilibrium models that are
combined with climate modules and models focused on
cost-benefit analysis; others focus on physical processes
in both the natural system and the economy (integrated
structural models/biophysical impact models). Examples
of IAMs are IMAGE (Integrated Model to Assess the
Global Environment), DICE (Dynamic Integrated model of
Climate and the Economy), FUND (Climate Framework
for Uncertainty, Negotiation and Distribution) and MERGE.
All of these models include key drivers of change such as
population and macro-economy that can be derived from
various external and internal sources.

However, as IAMs aim to integrate different aspects of

the environment, they run the risk of becoming extremely
complex. The developers of such models therefore have to
make decisions about the focus of their study and how to
express the impacts they estimate, whether it is through the
reporting of physical changes in emissions, shifts in land-use
activity or mortality rates, or through cost-benefit analyses
of damages resulting from climate change (Goodess et al.,
2003). The data requirements for these IAMs are also large
and not always feasible.

4.3.2 Modelling options, strengths
and limitations

4.3.2.1 Meeting policy information needs

Models allowing the assessment of impacts of changes

in drivers on biodiversity or ecosystem processes are
important tools to support decision making (Table 4.3). To
be effective, models should be able to address the policy
or decision-making needs that motivate their use. A formal
and accurate definition of the decision-making context is
therefore essential in this process (Guisan et al., 2013). A
precise definition of the policy or decision context should
inform the selection of modelling framework, including
model complexity, spatial and temporal scales or response
variables and data requirements (Chapter 2). State variables
should be sensitive to the pressures underlying alternative
management scenarios or addressed by policies and, if
possible, be responsive at temporal and spatial scales
that are relevant for policy strategies. For example, small

farmland birds are responsive to agro-environmental
schemes implemented at the field scale, while large
farmland birds are more affected by activities over larger
spatial scales (Concepcion and Diaz, 2011). Moreover, state
variables should also be representative of the biodiversity
attributes underpinning the benefits of nature that are valued
in a given decision-making context.

Regarding model scope, models should be adjusted to

the specific requirements of the decision-making context.
Models could rely on observed data to describe the
relationship between pressures and response variables,
explicitly describe the processes linking those variables,

or follow an intermediate approach. The explicit inclusion
of mechanisms in modelling approaches will be relevant
whenever the understanding of the underlying dynamics

is necessary to guide management and where changing
environmental conditions call for a mechanistic approach
(Gustafson, 2013; Collie et al., 2014). The use of correlative
approaches, on the other hand, is suitable where there

is limited knowledge about the underlying mechanisms

or when model outputs are able to capture the dominant
response patterns that are needed to inform policy, such as
the evaluation of large-scale conservation initiatives (Araudjo
et al., 2011; Dormann et al., 2012).

As for model complexity, input data requirements should
be balanced against data availability and quality — namely
the spatial and temporal resolution of available data — as

a lack of adequate input data may compromise model
feasibility and the quality of results (Collie et al., 2014). The
ongoing development of new technologies and remote
sensing to monitor species and ecosystems, as well as
platforms for data sharing, is encouraging as it is resulting
in increased data availability and accessibility (Pimm et al.,
2014). The integration of local observations and remote
sensing products can provide a more complete view of
the responses of biodiversity to environmental change and
can improve the modelling of ecosystem processes across
scales (Pereira et al., 2013; Pimm et al., 2014).

4.3.2.2 Predictability

No model can capture the full complexity of ecosystems
and perfectly predict biodiversity patterns and ecosystem
function as impacted by a suite of drivers, such as through
climate change or habitat modification (Bellard et al., 2015).
However, models are useful to synthesise data, evaluate
alternative hypotheses, and provide projections about
potential future states.

This is illustrated by the study of Bellard et al. (2012),

who reviewed the approaches most commonly used for
estimating future biodiversity at global and regional scales.
They found that projections from the different approaches
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vary considerably, depending on method, taxonomic group,
biodiversity loss metrics, spatial scales and time periods.
Nevertheless, the overall projections from the majority of
the models indicated that future trends for biodiversity were
alarming. This reiterates a general finding from the IPCC,
which is that projections from individual models should not
be taken at face value. Instead, an ensemble approach
accommodating uncertainty in multi-model prediction

is required for interpreting trends and for comparisons
between models. Comparisons that involve applying
numerous models to evaluate a given policy question

(e.g. related to the efficiency of alternative measures for
minimising the impact of climate change) provide a means
not just for evaluating uncertainty, but just as importantly
for studying why the models produce different answers.
This may indeed lead to feedback that impacts not just the

individual models, but also the underlying theory that is used
to develop the models (see Figure 4.7).

It is becoming standard practice in many research fields

for model fitting and statistical procedures to test model
predictions on a known, typically simulated, data set in
order to assess model behaviour and characteristics (e.g.

in fisheries assessment, Hilborn and Walters, 1992). For
models of complex natural systems, it is often not possible
to test model predictions against simulated data, but a
minimum requirement is that the models are ‘validated’ by a
demonstration of each model’s capability to at least exhibit
the same behaviour as that which has been observed
historically (Rykiel, 1996). Validation here means consistency
with observation (for instance as tested through time series
fitting with formal information criteria evaluation).

TABLE 4.3
Summary of major biodiversity models and modelling approaches.

Level of
organiza-
tion

Model type

Level of
integration

Required
level of
expertise

Examples

References

Evolutionary Organisms | Mixed Integrated | High How demographic and evolutionary Polechova and Barton, 2015;
models (hybrid) models processes combine to predict whether | Barton, 2001

a species will persist or not
Dynamic Organisms | Mechanistic | Integrated | High To understand evolution of metabolic | Kooijman, 2009
Energy Budget models organisation
models
Aquatic Community | Expert- Single Basic To link environmental conditions to Mouton et al., 2009
habitat based model the quantitative habitat suitability of
suitability models aquatic species
Species Species/ Mainly Single or Basic - Used to model the effects of Pearson and Dawson, 2003;
Distribution Populations | correlative integrated | Moderate | environmental change on species Elith and Leathwick, 2009;
Models models distribution Stockwell and Peters, 1999;

Phillips et al., 2006
Dynamic Species/ Mixed Integrated | Moderate | Changes in the relative abundance of | Cheung et al., 2008a,
bioclimate Populations | (hybrid) models marine species induced by change in | 2008b, 2011; Gallego-Sala,
envelope climatic variables 2010; Notaro et al., 2012;
model Fernandes et al., 2013
Age/stage- Species/ Correlative | Single Basic Widely used for fisheries management | Hilborn and Walters, 1992;
structured Populations model Getz, 1988; Barfield et al.,
models 2011
Food web Ecosystems | Process- Integrated | Moderate | Widely used for ecosystem-based Christensen and Walters,
models based models management 2011
Size-based Community | Correlative | Single Basic Impact of size in marine and Duplisea et al., 2002;
models model freshwater ecosystems management Rochet et al., 2011
Species-Area | Community | Correlative | Single Moderate | Used to predict the impacts of van Vuuren et al., 2006;
Relationship model changes in habitat availability, driven Desrochers and Kerr, 2011;
models by land use change or climate change | Pereira et al., 2013; Huth and
Possingham, 2011

Biodiversity Community | Correlative | Integrated | Moderate | A quantitative and integrated Janse et al., 2015
metric models models approach to assess the biodiversity

with multiple indicators
Lotka-Volterra | Community | Process- Integrated | High For interspecific competition and Sinclair and Gosline, 1997

based models prey-predator interactions

Dynamic Ecosystem | Process- Integrated | High To estimate the impact of climate Botkin, 1993; Bellard et al.,
Global based models change on vegetation dynamics at 2012; Cramer et al., 2001
Vegetation global scale and its carbon and water
Models cycles
General Global Process- Integrated | High Uses a unified set of fundamental Harfoot et al., 2014a
ecosystem based models ecological concepts and processes for
model any ecosystem to which it is applied,

either terrestrial or marine, at any

spatial resolution
Integrated Global and | Integrated Multiple High Interdisciplinary assessment Harremoos and Turner, 2001;
Assessment regional models Tilman et al., 2001
Models
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As an example of a comprehensive model validation
exercise, Elith and Graham (2009) constructed the
distribution of an artificial plant species based on its affinity
along three axes, related to preference for moisture,
aspect (‘southness’) and geology, to obtain a ‘true’ spatial
distribution for the plant. They constructed a spatial
subsample of parameters (along the three axes), and

used this to parameterize five different, commonly applied
Species Distribution Models. By next predicting the full
distribution for each method, they were able to validate
model performance using true-false positive and negative
patterns as well as the evaluation of predictions versus
true values. This study, in addition to the direct evaluation
of model performance, also demonstrated that model
comparisons can be used to evaluate why different models
give different predictions — which can be used for the
further development of models as well as the refinement of
ecological theory (see Figure 4.7).

While model comparisons are both needed and feasible,
as demonstrated by the study of Elith and Graham (2009),
they are difficult to conduct by any one research group as
soon as the models involved are complex and in practice
require both specific capacity and experience to be run
optimally. For this reason, it is extremely important to build
capabilities for inter-model comparisons, following in the
footsteps of the Coupled Model Intercomparison Projects
(CMIP) of the IPCC. Similar activities are now underway
for biodiversity research as part of the Inter-Sectoral
Impact Model Intercomparison Project (ISI-MIP), which is
a community-driven modelling effort that brings together
impact models across sectors and scales to create
consistent and comprehensive projections of climate
change impacts.

FIGURE 4.7

&.L MODELLING
FEEDBACKS AND
INTERACTIONS

L~
Both human and non-living environmental drivers
influence biodiversity and ecosystem functions through a
number of processes. In turn, biodiversity exerts
feedbacks on both systems (Figure 4.8). Consideration of
the feedbacks is important as they may cause non-
linearity in interaction dynamics, which can potentially
move a system beyond thresholds and tipping points (e.g.
regime shift: Lenton, 2011).

Changes in biodiversity interact with different drivers of
biodiversity change (e.g. climate change, disturbance
regimes such as forest fires, invasive species and pests, and
ecosystem processes) over different temporal and spatial
scales. Changes in biodiversity and shifts in the distribution
of plant traits can influence the climate at global and regional
scales. For instance, General Circulation Models based

on simulations indicate that the widespread replacement

of deep-rooted tropical trees by shallow-rooted pasture
grasses would reduce evapotranspiration and lead to a
warmer, drier climate (Shukla et al., 1990). Similarly, the
replacement of snow-covered tundra by a dark conifer
canopy at high latitudes may increase energy absorption
sufficiently to act as a powerful positive feedback to regional
warming (Foley et al., 2000).

Feedbacks between drivers and biodiversity or ecosystem
levels usually involve a high level of complexity in the models
because changes in state variables at different levels (either

An overview of relationships between ecological theory, models, comparison and management. There may be numerous models to
represent a given theory, and both the model comparisons and the management outcome may provide feedback to theory (Modified
from Cuddington et al., 2013. Process-based models are required to manage ecological systems in a changing world. Copyright © 2013 by John

Wiley Sons, Inc. Reprinted by permission of John Wiley & Sons, Inc).
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biological or others) should be able to interact and cause
emergent dynamics. Changes in biodiversity, for instance,
can impact disturbance regimes such as fire, which in turn
are strongly determined by climate (Pausas and Keeley,
2009) and fire-suppression efforts (Brotons et al., 2013).

Biodiversity and ecosystem models as discussed in

Section 4.3 describe the impact of abiotic drivers such

as climate, nutrient cycling, atmospheric concentration of
greenhouse gases including CO,, water resources, fire, and
land use on the biotic systems, including their biodiversity
and ecosystem services. Many of the modelling approaches
are capable of simulating the feedback of the biotic system
on abiotic and human drivers as well. For example, many of
the process-based models simulate carbon sequestration
in vegetation and soils, and thus the impact on atmospheric
greenhouse gas concentrations. Process-based models
can also simulate feedbacks, from vegetation change to
forest fires (LANDIS). Furthermore, many of the Dynamic
Global Vegetation Models (ex-IBIS Foley et al., 1996;
Kucharik et al., 2000; Sitch et al., 2003) are able to simulate
feedback between the biotic system and water resources.
However, only a few Dynamic Global Vegetation Models
include detailed feedback to nutrient cycling. Dynamic
Global Vegetation Models have been also used to study
feedback between vegetation and past climate. General
Circulation Models/ Atmosphere-Ocean General Circulation
Models too include vegetation feedbacks to climate. Neither
the process-based models (including Dynamic Global

Vegetation Models) nor the General Circulation Models/
Atmosphere-Ocean General Circulation Models include

the feedback of biodiversity and ecosystems to human
societies. However, IAMs are capable of simulating impacts
of changes in biodiversity and ecosystems on human
systems, including economic activities.

4.5 MODEL COMPLEXITY

L~
Matching model complexity to policy and decision-
making needs while keeping the model as simple as
possible is a major challenge in the future development of
biodiversity and ecosystem models (Merow et al., 2014).
We here describe three general strategies that should help
limit model complexity: model what matters, adopt
hierarchical modular modelling approaches, and
standardise protocols for model communication.

The first general strategy is the formulation of critical
biological processes directly relevant to the question
addressed or the problem to be dealt with. Avoiding
unnecessary increases in model complexity requires a
careful assessment of the biological processes that most
directly affect species distributions at the spatial and
temporal scales of interest for each particular study (Guisan
and Thuiller, 2005). Although there is no general recipe

FIGURE 4.8

Schematic diagram of interactions between biodiversity, the human system and the non-living environment used for evaluating
feedbacks related to species invasions. The figure represents feedbacks between biodiversity, drivers of biodiversity change and the
interactions between these drivers (Modified by permission from Macmillan Publishers Ltd: [Nature] Chapin et al., 2000, 405, 234-242, copyright

2000).
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to select the relevant biological processes, those related
to species auto-ecology will always have a central role.
Habitat selection and population dynamics in species-level
models may be formulated with more or less detail, but
are fundamentally important to predict species distribution
dynamics (Willis et al., 2009; Kunstler et al., 2011).

Biological processes should only be modelled explicitly

and internally (i.e. using process-based models) if they are
critical for the question at hand. The remaining processes
can be modelled externally and formulated into the model
by means of input spatial layers or parameters modified by
additional modelling frameworks (Smith et al., 2001). Such
an approach may facilitate the flexible structuring of models
by allowing sub-models to be plugged into one another
(e.g. McRae et al., 2008). In this modular structure, the
upper levels provide external contextual information (and
hence external dynamics) to the lower ones. Hierarchical
modular structures have the advantage of 1) being easier to
integrate across different spatial and temporal scales (e.g.
to downscale the results of processes formulated at higher
levels (del Barrio et al., 2006)), and 2) being able to assess
the levels of uncertainty added at each stage (Larson et al.,
2004; Chisholm and Wintle, 2007). However, modularity
may be limited for those target species that modify their
environment or interact with other biotic entities (Midgley et
al., 2010). Research is needed to compare the outputs of
models with different degrees of complexity in the light of
validation data appropriate to the process or driver under
study (Roura Pascual et al., 2010). Only in this case will it be
possible to build a body of reference regarding the minimum
acceptable levels of complexity to analyse a given problem.

4.6 ACCOUNTING FOR
UNCERTAINTY

L~
Policymaking related to biodiversity and ecosystem
functioning must take place based on the currently
available knowledge. It must also be done recognising
that uncertainty is associated with all science, including
modelling, due to data limitations, the representation of
processes, and the resolution of the ecosystem scale.
Environmental complexity is an emergent property of the
environment — it is not just that our models have
limitations.

The fact remains that the environment is incredibly complex
and interconnected. However, policymakers have to make
decisions even in the face of uncertainty, to act on drivers in
order to conserve ecosystems and biodiversity. To support
decision making, models aim to synthesise this complexity
into a reasonable number of dimensions.

In biodiversity and ecosystem modelling, the uncertainty
arises from two primary sources: model uncertainty and
uncertainty in the input parameters (or scenario uncertainty).
Different models represent different physical processes
differently, and to varying extents and levels of detail. This
leads to model uncertainty. Input parameters, for example
climate projections, add to the modelling uncertainty. An
example of model uncertainty is that models generally

do not take into account tipping points and non-linearity
(Whiteman et al., 2013). Additionally, many models generally
leave out the natural processes and feedbacks that are
difficult to model given the current state of knowledge,

even though these processes may cause large impacts.

An example of uncertainty arising from input parameters

is the uncertainty inherent in climate or land-use change
projections. In addition, existing impact assessment studies
—including the biophysical and integrated assessment
models (IAM) — generally tend to work with the mean of

the probability distribution of projected impacts, neglecting
the low-probability, high-impact tails of the distribution
(Weitzman, 2009; Ackerman et al., 2010; Marten et al.,
2012). Impact studies generally focus on single-sector or
single region-based assessments. The potential interactions
among sectors and regions, which can adversely impact
biodiversity and ecosystems, are therefore not adequately
included in the quantitative estimates (Warren, 2011).

Similarly, the ambient policy and management practices
and socio-economic stresses leading to the degradation
of natural resources are also not included in most sectoral
impact assessment models. Also, although key human-
related issues such as armed conflict, migration and loss
of cultural heritage have a lot of potential to impact natural
ecosystems, impact assessment models do not include
these human system-related stresses (Hope, 2013).
IAM-based economic analyses of impacts are generally
conservative, as these studies make optimistic assumptions
about the scale and effectiveness of adaptation (Marten
et al., 2012; Hope, 2013). In this section, we present

the sources of uncertainty in models of biodiversity and
ecosystems, some options to address uncertainty, and
approaches to communicating uncertainty.

4.6.1 Sources of uncertainty

Link et al. (2012) and Leung et al. (2012) highlighted
six major sources of uncertainty confronting ecosystem
modellers (Figure 4.9).

4.6.1.1 Natural variability

Natural variability or stochasticity includes biological
differences among individuals, either within the same
environment (genetic differences) or between environments
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(plasticity), differences among populations within a
community, changes in spatial distributions with time,
density-dependent or independent variation in a vital rate,
seasonal or inter-annual variability in realised environmental
conditions, or shifts in productivity regimes. Natural
variability increases ecosystem model uncertainty by
reducing the precision of parameter estimates.

4.6.1.2 Observation error

Observation error is inevitable when studying organisms in
either a single species or an ecosystem context (e.g. Morris
and Doak, 2002; Ives et al., 2003, as cited in: Link et al.
(2012)). The environmental characteristics of a particular
area (even those that we can measure fairly accurately)

are difficult to relate directly to the full experience of mobile
organisms that move into and out of that area. Thus,
natural variability can actually exacerbate observation

error. Observation error adds uncertainty to ecosystem
models through reduced precision, misspecified parameter
distributions, and biased parameter estimates.

4.6.1.3 Structural complexity

The structural complexity of a model arises from many
factors, such as the number of parameters it includes;

the number of ecosystem components and processes it
simulates; the temporal scale; the nonlinearities, log effects,
thresholds and cumulative effects incorporated in those
processes; and whether or not it includes features such

as spatial dynamics or stochasticity (Fulton et al., 2003).

Structurally complex ecosystem models are gaining in

use, in part due to improved computing capabilities and
also due to the intricate, multi-sector, cross-disciplinary
questions commonly being addressed in ecosystem-based
management.

Ecosystem models are diverse in terms of scope and
approach, but share the general feature of a large number
of parameters with complex interactions. These models
are necessarily built with imperfect information. Given these
inevitable uncertainties, large and complex ecosystem
models must be evaluated through sensitivity analyses with
independent data before their output can be effectively
applied to conservation problems (McElhany et al., 2010).
Uncertainty in climate change scenarios arises from
different greenhouse gas emission storylines and from
differences between climate models, even if driven with the
same storylines (McElhany et al., 2010). This can be partly
addressed by using climate change scenario data from
several emission storylines, but also by using results from
multi-model studies (i.e. an ensemble of climate models).
Process-based models are widely used to assess the impacts
of climate change on forest ecosystems (McElhany et al.,
2010). Climate change impact studies that do not integrate
parameter uncertainty may overestimate or underestimate
climate change impacts on forest ecosystems.

4.6.2 Options for reducing
uncertainty

All model types carry multiple uncertainties, but there are
potential options for reducing uncertainty, as discussed by

FIGURE 4.9

A conceptual diagram of the flow of information and actions in a typical Living Marine Resources management system. Rectangles
represent components of the system, solid arrows indicate flows of information and actions between components, and ellipses
represent major sources of uncertainty (Modified from Link et al., 2012. Dealing with uncertainty in ecosystem models: The paradox of use for
living marine resource management. Copyright © 2012 by John Wiley Sons, Inc. Reprinted by permission of John Wiley & Sons, Inc).
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Beale and Lennon (2011). It is important to establish the
full range of model behaviours by carrying out a sensitivity
analysis and considering different combinations of models
and parameters. Sensitivity analysis is useful to determine
the importance of each source of uncertainty. Apart from
the sensitivity analysis of the model parameters, it is also
important to consider the interaction between models and
the data. Furthermore, running each model multiple times
can assess the full range of model behaviour, parameter
uncertainty and natural variability. One way of assessing
uncertainty is to apply a mixed approach to uncertainty
assessment comprising both the model and scenario
uncertainty (Dunford et al., 2014). In addition, bifurcation
points and decision nodes in models and scenarios need
to be identified, and this should be supplemented by
monitoring the system as it approaches these nodes to
verify system behaviour. Monitoring can reduce the model
and scenario uncertainty by adjusting the model in the light
of the observations through a process of ‘data assimilation’.

One way of reducing uncertainty is to use multi-model
ensembles (averages/weighted average), where it is
suggested to avoid averaging model results unless the
distribution of results suggested by all models is unimodal.
Multi-model ensemble is not the only way of combining
multiple model types, as different model types can also be
joined statistically. For example, niche-based models and
demographic- or process-based models could be integrated
across spatial scales in a hierarchical framework or, more
simply, Dynamic Global Vegetation Model output could feed
into species distribution models to better predict the reliance
of species on particular biomes.

4.6.3 Communicating uncertainty

An important consideration is the effective communication
of these uncertainties when presenting assessment and
modelling results. The purpose of the study strongly
determines what uncertainty information is relevant and
when to communicate uncertainty to policymakers and
decision makers, and it is important to convey at least

the robust main messages from a modelling assessment
(Kloprogge et al., 2007).

The main challenge in developing a generic guideline

for communicating uncertainty is that each assessment
or decision-support context is unique. For example, in
the case of species distribution modelling, Gould et al.
(2014) report that the spatial distribution of uncertainty

is not homogeneous and can vary substantially across
the predicted habitat of a species, and that this depends
on how the uncertainty impacts the model specification.
Furthermore, modellers often encounter situations in which
a number of potential sources of uncertainties cannot

be quantified. In these situations, Gould et al. (2014)

recommend that all potential sources of uncertainty should
at least be systematically reported, along with model
outputs.

L~
Communicating uncertainty not only involves reporting on
the uncertain aspects of the models themselves, but also
provides insight into these aspects by elaborating on
questions such as: Where do the uncertainties originate?
What significance or implications do they have in a given
policy or decision context? How might a reduction in
uncertainty affect the decisions to be made? Can
uncertainty be reduced? And how is uncertainty dealt with
in the assessment or decision-support activity?

Communicating uncertainty to policymakers is different
from communicating with scientists as far as the content
and the form of presentation is concerned. Knowing the
target audience and what matters to them is therefore
important. Furthermore, the policy relevance of information
on specific types of uncertainty depends on the phase of
the policy cycle. Early in the cycle, for example, the focus
would probably be on the nature and causes of a problem,
while later on the focus may shift to the effects and costs of
intervention options (Kloprogge et al., 2007).

It is important to adopt a systematic approach to

the provision of information, for example through the
‘progressive disclosure of information® (PDI; Kloprogge et
al., 2007). Under this approach, a report and associated
publications are subdivided into several ‘layers’. The ‘outer’
layer consists of the press releases, executive summaries,
and so on. Here, it is advisable that non-technical
information be presented with uncertainties integrated into
the main messages and with the context emphasised.

An example is the emphasis on the significance and
consequences of assessment findings by the IPCC in
summaries for policymakers. The ‘inner’ layers, comprising
of appendices, background reports, and so on, can then
provide detailed technical information and elaborate on the
types, sources and extent of uncertainty. With regard to any
of these layers, bear in mind when writing the purpose of the
layer the purpose of the uncertainty communicated within
it, the information needs of the target group, and the target
group’s expected interest in the layer. It is desirable that the
target community’s views are canvassed while designing
the scenarios and recommendation as to what level of
uncertainty is acceptable, both to the target community and
scientifically.
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4.7 WAYS FORWARD
IN BIODIVERSITY AND
ECOSYSTEM MODELLING

Modelling allows policymakers to assess the implications

of scenarios of drivers and policy options for the future

of biodiversity and ecosystems (Pereira et al., 2010). A
diverse range of modelling approaches, from local to

global scales, and from individual to ecosystem levels,

have been developed to assess the impacts of direct
drivers on biodiversity and ecosystem functioning and to
investigate the feedback effects of biodiversity on these
drivers. However, important challenges still remain in the
link between biodiversity modelling and policymaking due to
model complexity, uncertainty, and the lack of available data
and knowledge (Mouquet et al., 2015).

Despite the availability of modelling approaches and
applications developed in recent years, the biodiversity
community needs to develop a common road map to better
integrate predictive modelling with the challenges and needs
derived from the current biodiversity crisis. A good example
is seen in climate change research, where Global Circulation
Models and Earth System Models have helped significantly
in advancing understanding of the role of greenhouse gas
emissions in driving the future climate.

Petchey et al. (2015) have introduced a road map for
ecological predictability research. The road map describes
the feedbacks and interactions between fundamental
research on which the models are based, the data feeding
into such models, and using evaluation of model outputs to
inform development of new models, thereby improving the
accuracy and usefulness of predictions. These feedbacks
and interactions point to the need for an integrated
approach to making models that meet the predictive
requirements of stakeholders and policy (Figure 4.10).

IPBES needs to recognise the complexities linking drivers
of environmental change to biodiversity and ecosystem
dynamics, and acknowledge the value of modelling as

a method of producing a formal abstraction of such
complexity and as a scientific tool for supporting decision
making. When adequately framed, modelling approaches
can be used as robust policy support (Guisan et al., 2013).
However, IPBES also needs to keep in mind the significant
capacity constraints and important gaps in the formalisation
of the links between ecosystem models and policymaking.
Therefore, future efforts should strongly encourage
stakeholder participation as early as possible. This should
be done to maximise the correspondence between the
assessment objectives and the outputs and limitations of
the modelling approaches (Guillera Arroita et al., 2015).
Furthermore, the contextual interpretation of the modelling

FIGURE &.10

Schematic outline for improving model predictability in ecological research. The indirect interactions and feedbacks (e.g. between
fundamental research and data and predictive models) are left implicit, yet are extremely important (Modified from Petchey et al., 2015.
The ecological forecast horizon, and examples of its uses and determinants. Copyright © 2015 by John Wiley Sons, Inc. Reprinted by permission

of John Wiley & Sons, Inc).
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results and model uncertainty needs to be a joint activity of
modellers and decision makers.

Finally, biodiversity and ecosystem modelling urgently
requires adequate guidance regarding the typology of
models used in isolation or combined in each of the
assessments. Model intercomparison programmes should
lead to increased collaboration among modelling groups and
also with field ecologists to develop suitable protocols for
modelling impacts of drivers on biodiversity and ecosystem

functions, for example regarding scale, time frame, data
collection and validation protocols, agreed processes,
uncertainty analysis, and standardised outputs of the
modelling studies. The promotion of model intercomparison
groups will be vital for developing consistent protocols and
standardised data, parameters and scenarios, as well as for
incorporating long-term observation data and addressing
and communicating uncertainty.



THE METHODOLOGICAL ASSESSMENT REPORT ON SCENARIOS AND MODELS OF BIODIVERSITY AND ECOSYSTEM SERVICES

REFERENCES

Ackerman, F,, Stanton, E.A. and
Bueno, R., 2010: Fat tails, exponents,
extreme uncertainty: Simulating
catastrophe in DICE. Ecological
Economics, 69(8): 1657-1665.

Aguirre-Gutiérrez, J., Carvalheiro,
L.G., Polce, C., van Loon, E.E., Raes,
N., Reemer, M. and Biesmeijer, J.C.,

2013: Fit-for-Purpose: Species Distribution : :
: 2011: Climate change threatens European :
: conservation areas. Ecology Letters, 14(5): :
i 484-492.

Model Performance Depends on
Evaluation Criteria — Dutch Hoverflies as a
Case Study. PLoS ONE, 8(5): e63708.

Ahrens, R.N.M., Walters, C.J. and
Christensen, V., 2012: Foraging arena
theory. Fish and Fisheries, 13: 41-59.

Aizpurua, O., Cantu Salazar, L., San
Martin, G., Biver, G., Brotons, L. and
Titeux, N., 2015: Reconciling expert
judgement and habitat suitability models

species. Journal of applied ecology, 52(6):
1608-1616.

Akcakaya, H.R. and Sjogren-Gulve, P.,
2000: Population viability analyses in
conservation planning: an overview.
Ecological Bulletins, 48: 9-21.

Akcakaya, H.R., Radeloff, V.C.,
Mlandenoff, D.J. and He, H.S., 2004:

Integrating landscape and metapopulation

modeling approaches: Viability of

the sharp-tailed grouse in a dynamic
landscape. Conservation Biology, 18(2):
526-537.

Albert, C.H., Thuiller, W., Lavorel, S.,
Davies, I.D. and Garbolino, E., 2008:
Land-use change and subalpine tree
dynamics: colonization of Larix decidua in
French subalpine grasslands. Journal of
applied ecology, 45: 659-669.

Albouy, C., Velez, L., Coll, M., Colloca,
F., Le Loc’h, F., Mouillot, D. and

Gravel, D., 2014: From projected species :

distribution to food-web structure under
climate change. Global Change Biology,
20(3): 730-741.

Allouche, 0., Kalyuzhny, M., Moreno-
Rueda, G., Pizarro, M. and Kadmon,
R., 2012: Area-heterogeneity tradeoff and
the diversity of ecological communities.
PNAS, 109(43): 17495-17500.

Aratjo, M.B. and Pearson, R.G., 2005:

Equilibrium of species’ distributions with

¢ climate. Ecography, 28(5): 693-695.

i Aratjo, M.B. and Peterson, A.T., 2012:

Uses and misuses of bioclimatic envelope

modeling. Ecology, 93(7): 1527-1539.

Aratjo, M.B., Alagador, D., Cabeza,

M., Nogués Bravo, D. and Thuiller, W.,

Arrhenius, O., 1921: Species and Area.

The Journal of Ecology, 9(1): 95-99.

Baird, D.J., Rubach, M.N. and Van den
Brink, P.J., 2008: Trait-based ecological

risk assessment (TERA): the new frontier?
: Integrated Environmental Assessment and +
Management, 4(1): 2-3.
as tools for guiding sampling of threatened :

Barfield, M., Holt, R.D. and

Gomulkiewicz, R., 2011: Evolution
: in stage-structured populations. The
: American Naturalist.

Barton, N.H., 2001: The role of

hybridization in evolution. Molecular
¢ Ecology, 10(3): 551-568.

Barton, N.H. and Turelli, M., 1989:
Evolutionary Quantitative Genetics: How
Little Do We Know? Annual Review of

: Genetics, 23(1): 337-370.

Bascompte, J., Melian, C.J. and Sala,

- E., 2005: Interaction strength combinations
: and the overfishing of a marine food web.
Proceedings of The National Academy of
: Sciences of the United States of America,

102(15); 5443-5447.

Beale, C.M. and Lennon, J.J.,

2011: Incorporating uncertainty in

: predictive species distribution modelling.
Philosophical Transactions of the Royal
Society of London. B, Biological Sciences,
: 367(1586): 247-258.

Beissinger, S.R. and McCullough,
D.R., 2002: Population Viability Analysis.

Chicago, University of Chicago Press.

Bell, G., 2013: Evolutionary rescue and

the limits of adaptation. Philosophical

Transactions of the Royal Society

of London. B, Biological Sciences,
368(1610): 20120080.

: Bell, G. and Collins, S., 2008:
. Adaptation, extinction and global change.
: Evolutionary Applications, 1(1): 3-16.

: Bellard, C., Leclerc, C. and

. Courchamp, F., 2015: Combined impacts
. of global changes on biodiversity across
the USA. Scientific Reports, 5: 11828.

: Bellard, C., Bertelsmeier, C., Leadley,

P., Thuiller, W. and Courchamp, F.,
2012: Impacts of climate change on the

future of biodiversity. Ecology Letters,
' 15(4): 365-377.

Berkeley, S.A., Hixon, M.A,, Larson,
R.J. and Love, M.S., 2004: Fisheries

: sustainability via protection of age

: structure and spatial distribution of fish
populations. Fisheries, 29(8): 23-32.

Berkes, F., Folke, C. and Gadgil, M.,

: 1995: Traditional Ecological Knowledge,
Biodiversity, Resilience and Sustainability.
. In Biodiversity Conservation, Perrings,

: C.A., Méler, K.G., Folke, C., Holling, C.S.
and Jansson, B.O., eds., Dordrecht,

: Springer Netherlands, 281-299.

Blanchard, J.L., Andersen, K.H., Scott,
. F, Hintzen, N.T., Piet, G. and Jennings,
S., 2014: Evaluating targets and trade-

: offs among fisheries and conservation
objectives using a multispecies size

: spectrum model. Journal of applied

¢ ecology, 51(3): 612-622.

: Botkin, D.B., 1993: Forest dynamics:

An Ecological Model. Oxford, Oxford

: University Press.

: Brooks, T.M., Pimm, S.L. and Collar,
¢ N.J., 1997: Deforestation Predicts the
: Number of Threatened Birds in Insular
: Southeast Asia. Conservation Biology,
: 11(2): 382-394.

Brooks, T.M., Mittermeier, R.A,,

Mittermeier, C.G., da Fonseca, G.A.B.,

: Rylands, A.B., Konstant, W.R., Flick, P.,
¢ Pilgrim, J., Oldfield, S., Magin, G. and

: Hilton-Taylor, C., 2002: Habitat loss and
extinction in the hotspots of biodiversity.

. Conservation Biology, 16(4): 909-923.

Brotons, L., 2014: Species Distribution
Models and Impact Factor Growth in
: Environmental Journals: Methodological

(7]
=
w
®
@
]
(4]
w
a
H
q

7]
<
w
2
[=]
(-]
m
=
[
(7]
[+
w
=
[
o
'Y
o
(2
=
2
o
£
(¢
=
-l
-l
[
[=]
(<]
=
4



(7]
=
]
®
@
o
o
w
a
2
<q

7]
[+
w
2
(=]
(-]
m
=
[
0
[+
w
2
[
o
'Y
o
(2]
=
2
o
=
(¢
=
-l
-l
1)
o
(<]
=
&

THE METHODOLOGICAL ASSESSMENT REPORT ON SCENARIOS AND MODELS OF BIODIVERSITY AND ECOSYSTEM SERVICES

Fashion or the Attraction of Global Change
Centre Research Report 16(3),

Science. PLoS ONE, 9(11): e111996.
Brotons, L., Aquilué, N., de Caceres,

Fire History, Fire Suppression Practices
and Climate Change Affect Wildfire
Regimes in Mediterranean Landscapes.
PLoS ONE, 8(5): e62392.

Biirger, R., 2000: The mathematical
theory of selection, recombination, and
mutation. Chichester, England, Wiley.

Biirger, R. and Lynch, M., 1995:
Evolution and Extinction in a Changing
Environment: A Quantitative-Genetic
Analysis. Evolution, 49(1): 151.

Burgman, M., 2005: Risks and Decisions
for Conservation and Environmental
Management. Cambridge, Cambridge
University Press.

Cabral, J.S. and Schurr, F.M., 2010:
Estimating demographic models for the
range dynamics of plant species. Global
Ecology and Biogeography, 19(1): 85-97.

Cardinale, B.J., Wright, J.P., Cadotte,
M.W., Carroll, I.T., Hector, A.,
Srivastava, D.S., Loreau, M. and Weis,
J.J., 2007: Impacts of plant diversity on
biomass production increase through
time because of species complementarity.
Proceedings of The National Academy of
Sciences, 104(46): 18123-18128.

Cardinale, B.J., Duffy, J.E., Gonzalez,
A., Hooper, D.U., Perrings, C., Venail,
P., Narwani, A., Mace, G.M., Tilman, D.,
Wardle, D.A., Kinzig, A.P., Daily, G.C.,
Loreau, M., Grace, J.B., Larigauderie,
A., Srivastava, D.S. and Naeem, S.,
2012: Biodiversity loss and its impact on
humanity. Nature, 486(7401): 59-67.

Carlson, S.M., Cunningham, C.J. and
Westley, P.A.H., 2014: Evolutionary
rescue in a changing world. Trends in
Ecology and Evolution, 29(9): 521-530.

Chapin, F.S., Zavaleta, E.S., Eviner,
V.T., Naylor, R.L., Vitousek, P.M.,
Reynolds, H.L., Hooper, D.U., Lavorel,

and Diaz, S., 2000: Consequences of
changing biodiversity. Nature, 405(6783):
234-242.

Cheung, W.W.L., Lam, V.W.Y. and
Pauly, D., 2008a: Modelling Present and
Climate-shifted Distributions of Marine
Fishes and Invertebrates. Fisheries Centre.

University of British Columbia, Fisheries

. Cheung, W.W.L., Lam, V.W.Y. and
M., Fortin, M.-J. and Fall, A., 2013: How :

: envelope model to predict climate-induced

Pauly, D., 2008b: Dynamic bioclimate

changes in distributions of marine fishes
. and invertebrates. Fisheries Centre,

: University of British Columbia, Modelling
present and climate-shifted distributions
: of marine fishes and invertebrates.,

: Vancouver.

Cheung, W.W.L., Dunne, J., Sarmiento,
- J.L. and Pauly, D., 2011: Integrating

: ecophysiology and plankton dynamics
into projected maximum fisheries catch

: potential under climate change in the
Northeast Atlantic. ICES Journal of Marine
. Science, 68(6): 1008-1018.

Chisholm, R.A. and Wintle, B.A., 2007:
Incorporating landscape stochasticity into
. population viability analysis. Ecological
Applications, 17(2): 317-322.

: Christensen, V. and Walters, C.J.,
2011: Progress in the use of ecosystem
: modeling for fisheries management. In
Ecosystem Approaches to Fisheries:
A Global Perspective, Christensen, V.

: and Maclean, J.L., eds., Cambridge,
Cambridge University Press, 189-205.

Christensen, V., Coll, M., Steenbeek,
. J., Buszowski, J., Chagaris, D. and
Walters, C.J., 2014: Representing

: Variable Habitat Quality in a Spatial Food
: Web Model. Ecosystems, 17(8): 1397-
1412,

: Collie, J.S., Botsford, L.W., Hastings,

. A, Kaplan, I.C., Largier, J.L.,

i Livingston, P.A., Plaganyi, E., Rose,

. K.A,, Wells, B.K. and Werner, F.E.,
2014: Ecosystem models for fisheries

- management: finding the sweet spot. Fish
: and Fisheries, 17(1): 101-125.

. Concepcién, E.D. and Diaz, M., 2011:
Field, landscape and regional effects

: of farmland management on specialist
open-land birds: Does body size matter?
: Agriculture, Ecosystems & Environment,
: 142(3-4): 303-310.

S., Sala, O.E., Hobbie, S.E., Mack, M.C.
: Cramer, W., Bondeau, A., Woodward,
F.l., Prentice, I.C., Betts, R.A., Brovkin,
. V., Cox, P.M., Fisher, V., Foley, J.A.,

: Friend, A.D., Kucharik, C., Lomas,

. M.R., Ramankutty, N., Sitch, S., Smith,
: B., White, A. and Young Molling, C.,

: 2001: Global response of terrestrial

: ecosystem structure and function to

CO2 and climate change: results from six
: dynamic global vegetation models. Global
: Change Biology, 7(4): 357-373.

S Cuddington, K., Fortin, M.J., Gerber,

L.R., Hastings, A., Liebhold, A.,

: 0’Connor, M.l. and Ray, C., 2013:

. Process-based models are required to

: manage ecological systems in a changing
world. Ecosphere, 4(2): 20.

: D’Amen, M., Rahbek, C.,

: Zimmermann, N.E. and Guisan, A.,

: 2015: Spatial predictions at the

: community level: from current approaches
. to future frameworks. Biological Reviews,
Early view.

. Dale, V.H. and Beyeler, S.C., 2001:

: Challenges in the development and
use of ecological indicators. Ecological
: Indicators, 1(1): 3-10.

Davis, A.J., Jenkinson, L.S., Lawton,
: J.H., Shorrocks, B. and Wood, S.,
1998: Making mistakes when predicting
. shifts in species range in response to

i global warming. Nature, 391(6669): 783-
1 786.

de Souza Munoz, M.E., De Giovanni,
: R., de Siqueira, M.F., Sutton, T.,
Brewer, P., Pereira, R.S., Canhos,

. D.A.L. and Canhos, V.P., 2011:
openModeller: a generic approach to

: species’ potential distribution modelling.
: Geolnformatica, 15(1): 111-135.

: de Vladar, H.P. and Barton, N., 2014:
Stability and response of polygenic traits
: to stabilizing selection and mutation.

i Genetics, 197(2): 749-767.

del Barrio, G., Harrison, P.A., Berry,

¢ P.M., Butt, N., Sanjuan, M.E., Pearson,
¢ R.G. and Dawson, T., 2006: Integrating
- multiple modelling approaches to predict
: the potential impacts of climate change
on species’ distributions in contrasting

. regions: comparison and implications for
policy. Environmental Science & Policy,

1 9(2): 129-147.

Desrochers, R.E. and Kerr, J.T., 2011:

: How, and how much, natural cover loss
increases species richness. Global Ecology
and Biogeography, 20(6): 857-867.

Dormann, C.F., Schymanski, S.J.,

: Cabral, J., Chuine, I, Graham, C.,

. Hartig, F., Kearney, M., Morin, X.,
Romermann, C., Schroder, B. and

. Singer, A., 2012: Correlation and process
. in species distribution models: bridging



THE METHODOLOGICAL ASSESSMENT REPORT ON SCENARIOS AND MODELS OF BIODIVERSITY AND ECOSYSTEM SERVICES

a dichotomy. Journal of Biogeography,
39(12): 2119-2131.

Drakare, S., Lennon, J.J. and
Hillebrand, H., 2006: The imprint of the
geographical, evolutionary and ecological
context on species-area relationships.
Ecology Letters, 9(2): 215-227.

Drechsler, M. and Burgman, M.A.,
2004: Combining population viability

analysis with decision analysis. Biodiversity

and Conservation, 13: 115-139.

Dunford, R., Harrison, P.A. and
Rounsevell, M.D.A., 2014: Exploring
scenario and model uncertainty in
cross-sectoral integrated assessment
approaches to climate change impacts.
Climatic Change, 132(3): 417-432.

Duplisea, D.E., Jennings, S., Warr, K.J.
and Dinmore, T.A., 2002: A size-based
model of the impacts of bottom trawling

59(11): 1785-1795.

Duputié, A., Massol, F., Chuine, I.,
Kirkpatrick, M. and Ronce, O., 2012:

How do genetic correlations affect species :
i 11:2309-2338.

range shifts in a changing environment?
Ecology Letters, 15(3): 251-259.

Ehrlén, J. and Morris, W.F., 2015:
Predicting changes in the distribution
and abundance of species under
environmental change. Ecology Letters,
18(3): 303-314.

Eldridge, D.J. and Freudenberger, D.,
2005: Ecosystem wicks: woodland trees
enhance water infiltration in a fragmented
agricultural landscape in eastern Australia.
Austral Ecology, 30(3): 336-347.

Elith, J. and Leathwick, J.R., 2009:
Species distribution models: ecological
explanation and prediction across space
and time. Annual Review of Ecology
Evolution and Systematics 40: 677-697.

Elith, J. and Graham, C.H., 2009:
Do they? How do they? WHY do they
differ? On finding reasons for differing
performances of species distribution
models. Ecography, 32(1): 66-77.

Elith, J., Kearney, M. and Phillips, S.,
2010: The art of modelling range-shifting
species. Methods in Ecology and
Evolution, 1(4): 330-342.

FAO, 2008: Fisheries management. 2.

: The ecosystem approach to fisheries. 2.1
Best practices in ecosystem modelling

. for informing an ecosystem approach

to fisheries. FAO Fisheries, Technical

* Guidelines for Responsible Fisheries,

: Rome.

Fernandes, P.G. and Cook, R.M.,
- 2013: Reversal of fish stock decline in
: the Northeast Atlantic. Current Biology,

23(15): 1432-1437.

Ferrier, S. and Guisan, A., 2006: Spatial
: modelling of biodiversity at the community
level. Journal of applied ecology, 43:

: 393-404.

Ferrier, S., Watson, G., Pearce, J. and

. Drielsma, M., 2002a: Extended statistical
approaches to modelling spatial pattern in :
: biodiversity in northeast New South Wales. :
¢ |. Species-level modeliing. Biodiversity and
- Conservation, 11(12): 2275-2307.
on benthic community structure. Canadian :
Journal of Fisheries and Aquatic Sciences,
. G. and Watson, G., 2002b: Extended
statistical approaches to modelling

: gpatial pattern in biodiversity in northeast
New South Wales. Il. Community-level

Ferrier, S., Drielsma, M., Manion,

modelling. Biodiversity and Conservation,

: Foley, J.A,, Levis, S., Costa, M.H.,

: Cramer, W. and Pollard, D., 2000:

: Incorporating dynamic vegetation cover
: within global climate models. Ecological
. Applications, 10(6): 1620-1632.

Foley, J.A., Prentice, I.C., Ramankutty,
. N, Levis, S., Pollard, D., Sitch, S.

and Haxeltine, A., 1996: An integrated

: biosphere model of land surface
processes, terrestrial carbon balance,

: and vegetation dynamics. Global
Biogeochemical Cycles, 10(4): 603-628.

. Fulton, E., Smith, A. and Johnson, C.,
2003: Effect of complexity on marine

: ecosystem models. Marine Ecology

i Progress Series, 253: 1-16.

. Fung, T., Farnsworth, K.D., Reid, D.G.
. and Rossberg, A.G., 2015: Impact of

: biodiversity loss on production in complex
marine food webs mitigated by prey-

. release. Nature Communications, 6: 6657. :

: . Gould, S.F,, Beeton, N.J., Harris,

: R.M.B., Hutchinson, M.F., Lechner,
: A.M,, Porfirio, L.L. and Mackey,

. B.G., 2014: A tool for simulating and

. Gadgil, M., Berkes, F. and Folke,

C., 1998: Indigenous Knowledge for
. Biodiversity Conservation. AMBIO: A
¢ journal of the human environment, 22(2-3):
- modelling species distributions under

151-156.

. Gaikwad, J., Wilson, P.D. and

: Ranganathan, S., 2011: Ecological niche
modeling of customary medicinal plant

. species used by Australian Aborigines

to identify species-rich and culturally

¢ valuable areas for conservation. Ecological
i Modelling, 222(18): 3437-3443.

: Gallego-Sala, A.V,, Clark, J.M., House,
J.l., Orr, H.G., Prentice, I.C., Smith, P.,
: Farewell, T. and Chapman, S.J., 2010:
Bioclimatic envelope model of climate

. change impacts on blanket peatland
distribution in Great Britain. Climate

. Research, 45(1): 151-162.

Gallien, L., Miinkemidiller, T., Albert,

: C.H., Boulangeat, I., Boulangeat, I. and
Thuiller, W., 2010: Predicting potential

. distributions of invasive species: where to

: go from here? Diversity and Distributions,

16: 331-342.

. Getz, W.M., 1988: Harvesting discrete
: nonlinear age and stage structured
populations. Journal of Optimization

. Theory and Applications, 57(1): 69-83.

Giordano, F.R., Weir, M.D. and

i Fox, W.P., 2008: A First Course in

: Mathematical Modeling. California, Brooks
: Cole.

: Gomulkiewicz, R. and Houle, D., 2009:
Demographic and Genetic Constraints

. on Evolution. American Naturalist, 174(6):
: E218-E229.

: Gomulkiewicz, R., Holt, R.D. and
Barfield, M., 1999: The effects of density
: dependence and immigration on local
adaptation and niche evolution in a

. black-hole sink environment. Theoretical
Population Biology, 55: 285-296.

i Goodess, C.M., Hanson, C., Hulme, M.
- and Osborn, T.J., 2003: Representing

: climate and extreme weather events in
integrated assessment models: a review

. of existing methods and options for
development. Integrated Assessment,

. 4(3): 145-171.

. Gotelli, N.J., 2008: A Primer of
Ecology. Sunderland, MA, USA, Sinauer
: Associates.

communicating uncertainty when

(7]
=
w
®
@
]
(4]
w
a
H
q

7]
<
w
2
[=]
(-]
m
=
[
(7]
[+
w
=
[
o
'Y
o
(2
=
2
o
£
(¢
=
-l
-l
[
[=]
(<]
=
4



(7]
=
]
®
@
o
o
w
a
2
<q

7]
[+
w
2
(=]
(-]
m
=
[
0
[+
w
2
[
o
'Y
o
(2]
=
2
o
=
(¢
=
-l
-l
1)
o
(<]
=
&

THE METHODOLOGICAL ASSESSMENT REPORT ON SCENARIOS AND MODELS OF BIODIVERSITY AND ECOSYSTEM SERVICES

future climates. Ecology and Evolution,
4(24): 4798-4811.

Grigulis, K., Lavorel, S., Davies,

I.D., Dossantos, A., Lloret, F. and

Vila, M., 2005: Landscape-scale positive
feedbacks between fire and expansion of
the large tussock grass, Ampelodesmos
mauritanica in Catalan shrublands. Global
Change Biology, 11(7): 1042-10583.

Grimm, V., Revilla, E., Berger, U.,
Jeltsch, F.,, Mooij, W.M., Railsback,

S.F., Thulke, H.H., Weiner, J., Wiegand,

T. and DeAngelis, D.L., 2005: Pattern-
oriented modeling of agent-based
complex systems: Lessons from ecology.
Science, 310(5750): 987-991.

Guilhaumon, F., Gimenez, O., Gaston,
K.J. and Mouillot, D., 2008: Taxonomic
and regional uncertainty in species-area
relationships and the identification of
richness hotspots. Proceedings of The
National Academy of Sciences, 105(40):
15458-15463.

Guillera Arroita, G., Lahoz Monfort,
J.J., Elith, J., Gordon, A., Kujala, H.,
Lentini, P.E., McCarthy, M.A., Tingley,
R. and Wintle, B.A., 2015: Is my species
distribution model fit for purpose?

Global Ecology and Biogeography, 24(3):
276-292.

Guisan, A. and Thuiller, W., 2005:
Predicting species distribution: offering
more than simple habitat models. Ecology
Letters, 8(9): 993-1009.

Guisan, A., Tingley, R., Baumgartner,
J.B., Naujokaitis Lewis, ., Sutcliffe,
P.R., Tulloch, A.lL.T., Regan, T.J.,
Brotons, L., McDonald Madden,

E., Mantyka Pringle, C., Martin,

T.G., Rhodes, J.R., Maggini, R.,
Setterfield, S.A., Elith, J., Schwartz,
M.W., Wintle, B.A., Broennimann, O.,
Austin, M., Ferrier, S., Kearney, M.R.,
Possingham, H.P. and Buckley, Y.M.,
2013: Predicting species distributions for
conservation decisions. Ecology Letters,
16(12): 1424-1435.

Gustafson, E.J., 2013: When
relationships estimated in the past cannot
be used to predict the future: using
mechanistic models to predict landscape
ecological dynamics in a changing world.
Landscape Ecology, 28(8): 1429-1437.

Handa, I.T,, Aerts, R., Berendse, F.,
Berg, M.P., Bruder, A., Butenschoen,

0., Chauvet, E., Gessner, M.O., Jabiol,
: J., Makkonen, M., McKie, B.G.,
Malmgqvist, B., Peeters, E.T.H.M.,

. Scheu, S., Schmid, B., van Ruijven,
J., Vos, V.C.A. and Hattenschwiler, S.,
¢ 2014: Consequences of biodiversity loss
for litter decomposition across biomes.

: Nature, 509(7499): 218-221.

Hanski, I., Zurita, G.A., Bellocq,

. M.l and Rybicki, J., 2013: Species-
fragmented area relationship. Proceedings
: of The National Academy of Sciences,

110(31): 12715-12720.

: Harfoot, M., Tittensor, D.P., Newbold,
T., Mclnerny, G., Smith, M.J. and

: Scharlemann, J.P.W., 2014a: Integrated
assessment models for ecologists: the

. present and the future. Global Ecology

i and Biogeography, 23(2): 124-143.

: Harremoes, P. and Turner, R.K., 2001:
Matching data and models to applications.
: Regional Environmental Change, 2(2):
: 57-65.

Methods for integrated assessment.

Harrison, P.A., Holman, I.P. and Berry,
: P.M., 2015: Assessing cross-sectoral
climate change impacts, vulnerability

: and adaptation: an introduction to the

: CLIMSAVE project. Climatic Change,

i 128(3-4): 153-167.

Harrison, P.A., Berry, P.M., Simpson,

. G. and Haslett, J.R., 2014: Linkages
between biodiversity attributes and

. ecosystem services: A systematic review.
: Ecosystem Services, 9: 191-203.

. Hilbert, D.W. and Ostendorf, B., 2001:
The utility of artificial neural networks for
: modelling the distribution of vegetation
in past, present and future climates.

: Ecological Modelling, 146: 311-327.

Hilborn, R. and Walters, C.J., 1992:

: Quantitative Fisheries Stock Assessment:
Choice, Dynamics, and Uncertainty.

: Dordrecht, Chapman and Hall.

Hoffmann, A.A. and Sgro, C.M.,
i 2011: Climate change and evolutionary
. adaptation. Nature, 470: 479-485.

Holling, C.S., 1959: Some characteristics
: of simple types of predation and
parasitism. Canadian Entomologist, 91:

: 385-398.

Hooper, D.U,, lii, £.S.C., Ewel, J.J. and
Hector, A., 2005: Effects of biodiversity

: on ecosystem functioning: a consensus

: of current knowledge. Ecological
Monographs, 75(1): 3-35.

: Hope, C., 2013: Critical issues for the

. calculation of the social cost of CO2: why
the estimates from PAGEO9 are higher

. than those from PAGE2002. Climatic
Change, 117(3): 531-543.

: Hui, C., Krug, R.M. and Richardson,
D.M., 2010: Modelling Spread in Invasion
. Ecology: A Synthesis. In Fifty Years of
Invasion Ecology, Wiley-Blackwell, 329-

: © 343.

. Harfoot, M.B.J., Newbold, T., Tittensor, :
. D.P., Emmott, S., Hutton, J., Lyutsarev,
: V., Smith, M.J., Scharlemann, J.P.W.
and Purves, D.W., 2014b: Emergent

. Global Patterns of Ecosystem Structure
and Function from a Mechanistic General
: Ecosystem Model. PLoS Biology, 12(4):

i 21001841,

Huth, N. and Possingham, H.P., 2011:
: Basic ecological theory can inform habitat
restoration for woodland birds. Journal of
. applied ecology, 48(2): 293-300.

Iglecia, M.N., Collazo, J.A. and
McKerrow, A.J., 2012: Use of occupancy
: models to evaluate expert knowledge-

: based species-habitat. Avian Conservation
and Ecology, 7(2): 5.

. Ings, T.C., Montoya, J.M., Bascompte,
: J., Bluthgen, N., Brown, L., Dormann,
C.F,, Edwards, F., Figueroa, D., Jacob,
. U., Jones, J.l., Lauridsen, R.B., Ledger,
: M.E., Lewis, H.M., Olesen, J.M.,

Van Veen, F.J.F., Warren, P.H. and

: Woodward, G., 2009: Review: Ecological
networks — beyond food webs. Journal of
: Animal Ecology, 78(1): 253-269.

IPCC, 2001: IPCC Third Assessment
¢ Report. IPCC.

: Isbell, F., Calcagno, V., Hector, A.,
Connolly, J., Harpole, W.S., Reich, P.B.,
: Scherer-Lorenzen, M., Schmid, B.,
Tilman, D., van Ruijven, J., Weigelt, A.,
. Wilsey, B.J., Zavaleta, E.S. and Loreau,
i M., 2011: High plant diversity is needed

: to maintain ecosystem services. Nature,
477(7363): 199-202.

. Iverson, L.R. and Prasad, A.M., 2001:
Potential changes in tree species richness
¢ and forest community types following
climate change. Ecosystems, 4(3): 186-199.

: Ives, A.R., Dennis, B., Cottingham,
. K.L. and Carpenter, S.R., 2003:
: Estimating community stability and



THE METHODOLOGICAL ASSESSMENT REPORT ON SCENARIOS AND MODELS OF BIODIVERSITY AND ECOSYSTEM SERVICES

ecological interactions from time-series
data. Ecological Monographs, 73(2):
301-330.

Janse, J.H., Kuiper, J.J., Weijters,
M.J., Westerbeek, E.P., Jeuken,
M.H.J.L., Bakkenes, M., Alkemade,
R., Mooij, W.M. and Verhoeven, J.T.A.,
2015: GLOBIO-Aquatic, a global model
of human impact on the biodiversity of

Science & Policy, 48: 99-114.

Janssen, J.A.E.B., Krol, M.S.,
Schielen, R.M.J., Hoekstra, A.Y.

and de Kok, J.L., 2010: Assessment

of uncertainties in expert knowledge,
illustrated in fuzzy rule-based models.
Ecological Modelling, 221(9): 1245-1251.

Jennings, S., Pinnegar, J.K., Polunin,
N.V.C. and Boon, T.W., 2001: Weak
cross-species relationships between
body size and trophic level belie powerful
size-based trophic structuring in fish
communities. Journal of Animal Ecology,
70(6): 934-944.

Johansson, J., 2008: Evolutionary
responses to environmental changes:
how does competition affect adaptation?
Evolution, 62(2): 421-435.

Jorgensen, S.E. and Bendoricchio, G.,
2001: Fundamentals of Ecological
Modelling. Amsterdam, Elsevier.

Kearney, M.R., Wintle, B.A. and Porter,
: and Ronce, 0., 2010: Biodiversity and

. Climate Change: Integrating Evolutionary
congruent forecasts under climate change. :
Communities. Annual Review of Ecology, — :
. Evolution, and Systematics, 41(1): 321-350. :
: i Ecology & Evolution, 27(1): 19-26.

W.P., 2010: Correlative and mechanistic
models of species distribution provide

Conservation Letters, 3(3): 203-213.

Kloprogge, P., van der Sluijs, J. and
Wardekker, A., 2007: Uncertainty

Communication Issues and good practice.
: composition and ecosystem functioning
: from plant traits: revisiting the Holy Grail.
i Functional Ecology, 16(5): 545-556.

Copernicus Institute for Sustainable
Development and Innovation Department
of Science Technology and Society (STS),
Utrecht, The Netherlands.

Kooijman, S.A.L.M., 2009: Dynamic
energy budget theory for metabolic

University Press.

Kritzer, J.P. and Sale, P.F., 2010: Marine

metapopulations. Elsevier Academic Press.
¢ and Vila, M., 2012: TEASIng apart alien
species risk assessments: a framework
. for best practices. Ecology Letters, 15(12):

Kucharik, C.J., Foley, J.A., Delire, C.,
Fisher, V.A., Coe, M.T., Lenters, J.D.,
Young Molling, C., Ramankutty, N.,
Norman, J.M. and Gower, S.T., 2000:
Testing the performance of a dynamic

global ecosystem model: Water balance,
: carbon balance, and vegetation structure.
Global Biogeochemical Cycles, 14(3):

. 795-825.

Kuhnert, P.M., Martin, T.G. and

Griffiths, S.P., 2010: A guide to eliciting

: and using expert knowledge in Bayesian

: ecological models. Ecology Letters, 13(7):
i 900-914.

inland aquatic ecosystems. Environmental

Kunstler, G., Albert, C.H., Courbaud,
B., Lavergne, S., Thuiller, W.,

. Vieilledent, G., Zimmermann, N.E.

. and Coomes, D.A., 2011: Effects of

: competition on tree radia-growth vary
in importance but not in intensity along
: climatic gradients. Journal of Ecology,
: 99(1): 300-312.

Lande, R. and Arnold, S.J., 1983: The

measurement of selection on correlated
i characters. Evolution, 37(6): 1210-1226.

Lande, R. and Shannon, S., 1996: The
Role of Genetic Variation in Adaptation

and Population Persistence in a Changing

Environment. Evolution, 50(1): 434-437.

Larson, M.A., Thompson lii, F.R.,
Millspaugh, J.J., Dijak, W.D. and

: Shifley, S.R., 2004: Linking population
viability, habitat suitability, and landscape
: simulation models for conservation
planning. Ecological Modelling, 180(1):

103-118.

Lavergne, S., Mouquet, N., Thuiller, W.

and Ecological Responses of Species and

Lavorel, S. and Garnier, E., 2002:
Predicting changes in community

Lenton, T.M., 2011: Early warning of

climate tipping points. Nature climate
i change, 1(4): 201-209.
organization. Cambridge, U.K., Cambridge :

Leung, B., Roura Pascual, N., Bacher,

S., Heikkila, J., Brotons, L., Burgman,

M.A,, Dehnen Schmutz, K., Essl, F.,
Hulme, P.E., Richardson, D.M., Sol, D.

1475-1493.

. Link, J.S., Inde, T.F,, Harvey, C.J.,

: Gaichas, S.K., Field, J.C., Brodziak,
J.K.T., Townsend, H.M. and Peterman,
. R.M., 2012: Dealing with uncertainty in
ecosystem models: The paradox of use

: for living marine resource management.
Progress in Oceanography, 102: 102-114.

Loreau, M., 2010: From Populations to
. Ecosystems. Princeton University Press.

. Loreau, M., Mouguet, N. and

. Gonzalez, A., 2003: Biodiversity as
spatial insurance in heterogeneous

. landscapes. Proceedings of The National
: Academy of Sciences of the United States
of America, 100(22): 12765-12770.

Loreau, M., Naeem, S., Inchausti, P.,
: Bengtsson, J., Grime, J.P., Hector, A.,
Hooper, D.U., Huston, M.A., Raffaelli,
. D., Schmid, B., Tilman, D. and Wardle,
: D.A., 2001: Biodiversity and ecosystem
functioning: current knowledge and future
challenges. Science, 294(5543): 804-808.

. Lurgi, M., Brook, B.W., Saltré, F. and
Fordham, D.A., 2015: Modelling range
:dynamics under global change: which
framework and why? Methods in Ecology
: and Evolution, 6(3): 247-256.

MA, 2005a: Ecosystems and Human
. Well-being: Synthesis. Washington, DC,
: Island Press.

MA, 2005b: Ecosystems and human well-
. being: Biodiversity synthesis. Washington,
: D.C., World Resources Institute.

Mace, G.M., Norris, K. and Fitter, A.H.,
: 2012: Biodiversity and ecosystem services:

a multilayered relationship. Trends in

MacMillan, D.C. and Marshall, K.,

: 2006: The Delphi process—an expert-

: based approach to ecological modelling
in data-poor environments. Animal

. Conservation, 9(1): 11-19.

Magga, O.H., Mathiesen, S.D., Corell,
. R.W. and Oskal, A., 2011: Reindeer

* Herding, Traditional Knowledge and

: Adaptation to Climate Change and Loss
of Grazing Land. Association of World
Reindeer Herders, Kautokeino.

: Malcolm, J.R., Liu, C., Neilson,

. R.P, Hansen, L. and Hannah, L.,

: 2006: Global Warming and Extinctions
of Endemic Species from Biodiversity
. Hotspots. Conservation Biology, 20(2):
' 538-548.

(7]
=
w
®
@
]
(4]
w
a
H
q

7]
<
w
2
[=]
(-]
m
=
[
(7]
[+
w
=
[
o
'Y
o
(2
=
2
o
£
(¢
=
-l
-l
[
[=]
(<]
=
4



(7]
=
]
®
@
o
o
w
a
2
<q

7]
[+
w
2
(=]
(-]
m
=
[
0
[+
w
2
[
o
'Y
o
(2]
=
2
o
=
(¢
=
-l
-l
1)
o
(<]
=
&

THE METHODOLOGICAL ASSESSMENT REPORT ON SCENARIOS AND MODELS OF BIODIVERSITY AND ECOSYSTEM SERVICES

Marten, A.L., Kopp, R.E., Shouse,
K.C., Griffiths, C.W., Hodson, E.L.,
Kopits, E., Mignone, B.K., Moore,

C., Newbold, S.C., Waldhoff, S. and
Wolverton, A., 2012: Improving the
assessment and valuation of climate
change impacts for policy and regulatory
analysis. Climatic Change, 117(3): 433-
438.

Martin, T.G., Burgman, M.A., Fidler, F.,
Kuhnert, P.M., Low Choy, S., McBride,
M. and Mengersen, K., 2012: Eliciting
Expert Knowledge in Conservation
Science. Conservation Biology, 26(1):
29-38.

McElhany, P., Steel, E.A., Avery, K.
and Yoder, N., 2010: Dealing with
uncertainty in ecosystem models: lessons
from a complex salmon model. Ecological
Monographs, 20(2): 465-482.

Mclnerny, G.J. and Etienne, R.S., 2012: :

Ditch the niche — is the niche a useful
concept in ecology or species distribution
modelling? Journal of Biogeography,
39(12): 2096-2102.

McRae, B.H., Dickson, B.G., Keitt, TH. :
and Shah, V.B., 2008: Using circuit theory :
to model connectivity in ecology, evolution, :
Joly, D., Julliard, R., Kéfi, S., Kergoat,

and conservation. Ecology, 89(10): 2712-
2724,

Mellard, J.P., de Mazancourt, C.

and Loreau, M., 2015: Evolutionary
responses to environmental change:
trophic interactions affect adaptation and
persistence. Proceedings of the Royal
Society of London. Series B: Biological
Sciences, 282(1805): 20141351,

Merow, C., Smith, M.J., Edwards,
T.C., Guisan, A., McMahon, S.M.,

Normand, S., Thuiller, W., Wiiest, R.O., :

Zimmermann, N.E. and Elith, J., 2014:
What do we gain from simplicity versus

complexity in species distribution models?

Ecography, 37(12): 1267-1281.

Midgley, G.F., Davies, I.D., Albert, C.H.,
Altwegg, R., Hannah, L., Hughes, G.O.,

O’Halloran, L.R., Seo, C., Thorne, J.H.
and Thuiller, W., 2010: BioMove — an

integrated platform simulating the dynamic
ecology, 46(4): 842-851.

response of species to environmental
change. Ecography, 33(3): 612-616.

Mokany, K. and Ferrier, S., 2011:
Predicting impacts of climate change on
biodiversity: A role for semi-mechanistic
community-level modelling. Diversity and
Distributions, 17(2): 374-380.

Mokany, K., Ferrier, S., Connolly, S.R.,
Dunstan, P.K., Fulton, E.A., Harfoot,
M.B., Harwood, T.D., Richardson, A.J.,
Roxburgh, S.H., Scharlemann, J.P.W.,

. Tittensor, D.P., Westcott, D.A. and

. Wintle, B.A., 2015: Integrating modelling
i of biodiversity composition and ecosystem :
¢ function. Oikos: In Press.

Moller, H., Berkes, F., Lyver, P.O.B.
and Kislalioglu, M., 2004: Combining
science and traditional ecological
knowledge: monitoring populations for
co-management. Ecology and Society,
9(3): 2.

Morin, X. and Lechowicz, M.J., 2008:
Contemporary perspectives on the niche

that can improve models of species range

shifts under climate change. Biology

. Letters, 4(5): 573-576.

Morris, W.F. and Doak, D.F., 2002:

Sinauer Associates.

Mouquet, N., Lagadeuc, Y., Devictor,
V., Doyen, L., Duputié, A., Eveillard,
D., Faure, D., Garnier, E., Gimenez,
0., Huneman, P., Jabot, F,, Jarne, P.,

G.J., Lavorel, S., Le Gall, L., Meslin,
L., Morand, S., Morin, X., Morlon, H.,
Pinay, G., Pradel, R., Schurr, F.M.,

Thuiller, W. and Loreau, M., 2015:

REVIEW: Predictive ecology in a changing

world. Journal of applied ecology, 52(5):

1293-1310.

Mouton, A.M., De Baets, B. and
Goethals, P.L.M., 2009: Knowledge-
based versus data-driven fuzzy habitat
suitability models for river management.
Environmental Modelling & Software,
24(8): 982-993.

Murray, J.V., Goldizen, A.W., O’Leary,
R.A., McAlpine, C.A., Possingham,
H.P. and Choy, S.L., 2009: How

useful is expert opinion for predicting
the distribution of a species within and
beyond the region of expertise? A case
study using brush-tailed rock-wallabies
Petrogale penicillata. Journal of applied

Newbold, T., Hudson, L.N., Hill, S.L.L.,
Contu, S., Lysenko, I., Senior, R.A.,
Borger, L., Bennett, D.J., Choimes,

: A, Collen, B., Day, J., De Palma,
. A, Diaz, S., Echeverria-Londoiio,

S., Edgar, M.J., Feldman, A., Garon,

. M., Harrison, M.L.K., Alhusseini, T.,
: Ingram, D.J., ltescu, Y., Kattge, J.,
Kemp, V., Kirkpatrick, L., Kleyer, M.,
. Correia, D.L.P., Martin, C.D., Meiri,
S., Novosolov, M., Pan, Y., Phillips,

¢ H.R.P, Purves, D.W., Robinson, A.,

Simpson, J., Tuck, S.L., Weiher, E.,

- White, H.J., Ewers, R.M., Mace, G.M.,
: Scharlemann, J.P.W. and Purvis, A.,
2015: Global effects of land use on local
. terrestrial biodiversity. Nature, 520(7545):
i 45-50.

: Niamir, A., Skidmore, A.K., Toxopeus,
. A.G., Muioz, A.R. and Real, R.,

: 2011: Finessing atlas data for species
distribution models. Diversity and
Distributions, 17(6): 1173-1185.

* Noss, R.F., 1990: Indicators for
Monitoring Biodiversity — a Hierarchical
: Approach. Conservation Biology, 4(4):
: 355-364.

Quantitative Conservation Biology: Theory

:and Practice of Population Viability
Analysis. Sunderland, Masschusetts, USA,
. changes for the American Southwest:

¢ combined dynamic modeling and

: bioclimatic-envelope approach. Ecological
i Applications, 22(4): 1365-1388.

. Notaro, M., Mauss, A. and Williams,

J.W.,, 2012: Projected vegetation

. Oliver, T.H., Heard, M.S., Isaac, N.J.B.,
Roy, D.B., Procter, D., Eigenbrod,

: F, Freckleton, R., Hector, A., Orme,
C.D.L., Petchey, O.L., Proenca, V.,

: Raffaelli, D., Suttle, K.B., Mace, G.M.,

: Martin-L6pez, B., Woodcock, B.A. and
- Bullock, J.M., 2015: Biodiversity and
Resilience of Ecosystem Functions. Trends
. in Ecology & Evolution, 30(11): 673-684.

Osmond, M.M. and de Mazancourt, C.,
¢ 2013: How competition affects
evolutionary rescue. Philosophical

: Transactions of the Royal Society

of London. B, Biological Sciences,

. 368(1610): 20120085.

. Ostberg, S., Schaphoff, S., Lucht, W.

. and Gerten, D., 2015: Three centuries of
¢ dual pressure from land use and climate

: change on the biosphere. Environmental
i Research Letters, 10(4): 044011.

: Otto, S.P. and Day, T., 2007: A biologist’s
guide to mathematical modeling in ecology
:and evolution. Princeton, NJ, Princeton
University Press.

: Pagel, J. and Schurr, EM., 2012:

: Forecasting species ranges by statistical
estimation of ecological niches and spatial
. population dynamics. Global Ecology and
: Biogeography, 21(2): 293-304.



THE METHODOLOGICAL ASSESSMENT REPORT ON SCENARIOS AND MODELS OF BIODIVERSITY AND ECOSYSTEM SERVICES

Parrott, L., 2011: Hybrid modelling of
complex ecological systems for decision
support: Recent successes and future
perspectives. Ecological Informatics, 6(1):
44-49,

Pausas, J.G. and Keeley, J.E., 2009:
A Burning Story: The Role of Fire in the

History of Life. BioScience, 59(7): 593-601.

Pearson, R.G. and Dawson, T.P.,
2003: Predicting the impacts of climate
change on the distribution of species:
are bioclimate envelope models useful?
Global Ecology and Biogeography, 12(5):
361-371.

Pease, C.M., Lande, R. and Bull, J.J.,
2008: A model of population growth,
dispersal and evolution in a changing
environment. Ecology, 70(6): 1657-1664.

Peppler-Lisbach, C. and Schroder, B.,
2004 Predicting the species composition
of Nardus stricta communities by

logistic regression modelling. Journal of
Vegetation Science, 15(5): 623-634.

Pereira, H.M. and Daily, G.C., 2006:
Modeling biodiversity dynamics in
countryside landscapes. Ecology, 25(2):
348-360.

Pereira, H.M., Navarro, L.M. and
Martins, I.S., 2012: Global biodiversity
change: the bad, the good, and the
unknown. Annual Review of Environment
and Resources, 37(1): 25-50.

Pereira, H.M., Leadley, P.W., Proenca,
V., Alkemade, R., Scharlemann,
J.P.W., Fernandez-Manjarres, J.F.,
Araujo, M.B., Balvanera, P., Biggs, R.,
Cheung, W.W.L., Chini, L., Cooper,

H.D., Gilman, E.L., Guénette, S., Hurtt, :

G.C., Huntington, H.P., Mace, G.M.,

Oberdorff, T., Revenga, C., Rodrigues,

P., Scholes, R.J., Sumaila, U.R. and
Walpole, M., 2010: Scenarios for Global
Biodiversity in the 215t Century. Science,
330(6010): 1496-1501.

Pereira, H.M., Ferrier, S., Walters,
M., Geller, G.N., Jongman, R.H.G.,
Scholes, R.J., Bruford, M.W.,
Brummitt, N., Butchart, S.H.M.,
Cardoso, A.C., Coops, N.C., Dulloo,
E., Faith, D.P., Freyhof, J., Gregory,
R.D., Heip, C., Hoft, R., Hurtt, G.,
Jetz, W., Karp, D.S., McGeoch, M.A.,,
Obura, D., Onoda, Y., Pettorelli, N.,
Reyers, B., Sayre, R., Scharlemann,

J.P.W,, Stuart, S.N., Turak, E., Walpole, :

M. and Wegmann, M., 2013: Essential

Biodiversity Variables. Science, 339(6117):

277-278.

Petchey, O.L., McPhearson, P.T.,
Casey, T.M. and Morin, P.J., 1999:
Environmental warming alters food-web

structure and ecosystem function. Nature,

402(6757): 69-72.

Petchey, O.L., Pontarp, M., Massie,

richness with spatially explicit models.
Proceedings of the Royal Society of
London. Series B: Biological Sciences,
274(1607): 165-174.

Raygorodetsky, G., Why Traditional
Knowledge Holds the Key to Climate
Change, http://unu.edu/publications/
articles/why-traditional-knowledge-holds-
the-key-to-climate-change.html

T.M., Kéfi, S., Ozgul, A., Weilenmann,
M., Palamara, G.M., Altermatt, F.,
Matthews, B., Levine, J.M., Childs,
D.Z., McGill, B.J., Schaepman, M.E.,
Schmid, B., Spaak, P., Beckerman,
A.P., Pennekamp, F. and Pearse, I.S.,

2015: The ecological forecast horizon, and

examples of its uses and determinants.
Ecology Letters, 18(7): 597-611.

Peterson, A.T., 2006: Uses and
requirements of ecological niche models
and related distributional models.
Biodiversity Informatics, 3(0): 59-72.

Phillips, S.J., Anderson, R.P. and
Schapire, R.E., 2006: Maximum
entropy modeling of species geographic
distributions. Ecological Modelling,
190(3-4): 231-259.

Pimm, S.L., Jenkins, C.N., Abell, R.,
Brooks, T.M., Gittleman, J.L., Joppa,
L.N., Raven, P.H., Roberts, C.M. and
Sexton, J.0., 2014: The biodiversity

of species and their rates of extinction,
distribution, and protection. Science,
344(6187): 1246752.

Polechova, J. and Barton, N.H., 2015:
Limits to adaptation along environmental
gradients. Proceedings of The National
Academy of Sciences: 6401-6406.

Polechova, J., Barton, N. and
Marion, G., 2009: Species’ Range:
Adaptation in Space and Time. American
Naturalist, 174(5): E186-E204.

Proenca, V. and Pereira, H.M.,
2013: Species—area models to assess
biodiversity change in multi-habitat
landscapes: The importance of species

habitat affinity. Basic And Applied Ecology,
in Ecology & Evolution, 8(8): 275-279.

14(2): 102-114.

Pulliam, H.R., 2000: On the relationship
between niche and distribution. Ecology
Letters, 3(4): 349-361.

Rahbek, C., Gotelli, N.J., Colwell, RK., :

Entsminger, G.L., Rangel, T.F.L.V.B.
and Graves, G.R., 2007: Predicting
continental-scale patterns of bird species

Rochet, M.J., Collie, J.S., Simon, J.
and Hall, S.J., 2011: Does selective
fishing conserve community biodiversity?
Predictions from a length-based
multispecies model. Canadian Journal of
Fisheries and Aquatic Sciences, 68(3):
469-486.

Rondinini, C., Wilson, K.A., Boitani, L.,
Grantham, H. and Possingham, H.P.,
2006: Tradeoffs of different types of
species occurrence data for use in
systematic conservation planning. Ecology
Letters, 9(10): 1136-1145.

Rosenzweig, M.L., 2010: Species
Diversity in Space and Time. Cambridge,
Cambridge University Press.

Roura Pascual, N., Krug, R.M.,
Richardson, D.M. and Hui, C., 2010:
Spatially-explicit sensitivity analysis for
conservation management: exploring
the influence of decisions in invasive
alien plant management. Diversity and
Distributions, 16(3): 426-438.

Royle, J.A. and Dorazio, R.M., 2008:
Hierarchical modeling and inference

in ecology: the analysis of data from
. populations, metapopulations and

communities. Academic Press.

Rykiel, E.J., 1996: Testing ecological
models: the meaning of validation.
Ecological Modelling, 90: 229-244.

Sarmiento, J.L. and Gruber, N., 2006:
Ocean Biogeochemical Dynamics.
Princeton, Princeton University Press.
Scheffer, M., Hosper, S.H., Meijer, M.L.,
Moss, B. and Jeppesen, E., 1993:
Alternative equilibria in shallow lakes. Trends

Schurr, E.M.,, Pagel, J., Cabral, J.S.,
Groeneveld, J., Bykova, O., O’Hara,
R.B., Hartig, F., Kissling, W.D., Linder,
H.P., Midgley, G.F., Schroder, B.,
Singer, A. and Zimmermann, N.E.,
2012: How to understand species’ niches
and range dynamics: a demographic

(7]
=
w
®
@
]
(4]
w
a
H
q

7]
<
w
2
[=]
(-]
m
=
[
(7]
[+
w
=
[
o
'Y
o
(2
=
2
o
£
(¢
=
-l
-l
[
[=]
(<]
=
4


http://unu.edu/publications/articles/why-traditional-knowledge-holds-the-key-to-climate-change.html
http://unu.edu/publications/articles/why-traditional-knowledge-holds-the-key-to-climate-change.html
http://unu.edu/publications/articles/why-traditional-knowledge-holds-the-key-to-climate-change.html

(7]
=
]
®
@
o
o
w
a
2
<q

7]
[+
w
2
(=]
(-]
m
=
[
0
[+
w
2
[
o
'Y
o
(2]
=
2
o
=
(¢
=
-l
-l
1)
o
(<]
=
&

THE METHODOLOGICAL ASSESSMENT REPORT ON SCENARIOS AND MODELS OF BIODIVERSITY AND ECOSYSTEM SERVICES

research agenda for biogeography. Journal
363(1502): 2453-2464.

of Biogeography, 39(12): 2146-2162.

Shaw, R.G. and Etterson, J.R., 2012:
Rapid climate change and the rate of
adaptation: insight from experimental
quantitative genetics. New Phytologist,
195(4): 752-765.

Shin, Y.-J. and Cury, P.M., 2001:
Exploring fish community dynamics
through size-dependent trophic
interactions using a spatialized individual-
based model. Aquatic Living Resources,
14(02): 65-80.

Shugart, H.H., 1984: A theory of forest
dynamics: The Ecological Implication of
Forest Succession Models. New York,
Springer Verlag.

Shukla, J., Nobre, C. and Sellers, P.,
1990: Amazon deforestation and climate
change. Science, 247(4948): 1322-1325.

Simberloff, D., 1976: Species turnover
and equilibrium island biogeography.
Science, 194(4265): 572-578.

Sinclair, A.R.E. and Gosline, J.M.,
1997: Solar Activity and Mammal Cycles
in the Northern Hemisphere. American
Naturalist, 149(4): 776.

Sitch, S., Smith, B., Prentice, I.C.,
Arneth, A., Bondeau, A., Cramer,

W., Kaplan, J.0., Levis, S., Lucht,

W., Sykes, M.T., Thonicke, K. and
Venevsky, S., 2003: Evaluation of
ecosystem dynamics, plant geography
and terrestrial carbon cycling in the LPJ
dynamic global vegetation model. Global
Change Biology, 9(2): 161-185.

Slobodkin, L.B., 1961: Growth and
Regulation of Animal Populations. New
York, Holt, Rinehart and Winston.

Smith, B., Prentice, I.C. and Sykes,
M.T., 2001: Representation of vegetation
dynamics in the modelling of terrestrial
ecosystems: comparing two contrasting
approaches within European climate
space. Global Ecology and Biogeography,
10(6): 621-637.

Smith, J. and Smith, P., 2007:
Introduction to environmental modelling.
Oxford, Oxford University Press.

S.A.L.M., 2008: From empirical patterns
to theory: a formal metabolic theory of life.
Philosophical Transactions of the Royal

Society of London. B, Biological Sciences,

. Stock, C.A., Alexander, M.A., Bond,

. N.A,, Brander, K.M., Cheung, W.W.L.,
¢ Curchitser, E.N., Delworth, T.L., Dunne, :
. J.P,, Griffies, S.M., Haltuch, M.A.,

. Hare, J.A., Hollowed, A.B., Lehodey,
: P, Levin, S.A,, Link, J.S., Rose, K.A.,,
Rykaczewski, R.R., Sarmiento, J.L.,
: Stouffer, R.J., Schwing, F.B., Vecchi,
. G.A. and Werner, FE., 2011: On the

. use of IPCC-class models to assess
the impact of climate on Living Marine

: Resources. Progress in Oceanography,
: 88(1-4):1-27.

: Stockwell, D. and Peters, D., 1999: The
GARP modelling system: problems and

: solutions to automated spatial prediction.
International journal of geographical

: information science, 13(2): 143-158.

. Suding, K.N., Lavorel, S. and Chapin,
: FES., 2008: Scaling environmental change
through the community-level: a trait-based
. response-and-effect framework for plants.
i Global Change Biology, 14: 1125-1140.

Sutherland, W.J., 2006: Predicting the

. ecological consequences of environmental
: change: a review of the methods. Journal
of applied ecology, 43(4): 599-616.

: Tengd, M., Malmer, P., Brondizio, E.,
. Elmquist, T. and Spierenburg, M.,

: 2013: The Multiple Evidence Base as

+ aframework for connecting diverse

i knowledge systems in the IPBES.

: Discussion Paper. Stockholm Resilience
: Centre (SRC), Stockholm University,
Stockholm.

Thaman, R., Lyver, P., Mpande, R.,

. Perez, E., Carifo, J. and Takeuchi, K.,
2013: The contribution of indigenous

. and local knowledge systems to IPBES:

: Building Synergies with Science. IPBES

: Expert Meeting Report. UNESCO/UNU,

: Paris.

Thuiller, W., Miinkemiiller, T.,

. Lavergne, S., Mouillot, D., Mouquet, :
: N., Schiffers, K. and Gravel, D., 2013: A :
: road map for integrating eco-evolutionary
processes into biodiversity models.

: Ecology Letters, 16: 94-105.

: Tilman, D., Fargione, J., Wolff, B.,

: D’Antonio, C., Dobson, A., Howarth,
Sousa, T., Domingos, T. and Kooijman, :
: Simberloff, D. and Swackhamer, D.,
. 2001: Forecasting agriculturally driven

R., Schindler, D., Schlesinger, W.H.,

global environmental change. Science,
: 292(5515): 281-284.

: Tittensor, D.P., Micheli, F., Nystrom,
M. and Worm, B., 2007: Human impacts

on the species—area relationship in reef

fish assemblages. Ecology Letters, 10(9):
. 760-772.

! Triantis, K.A., Guilhaumon, F. and

: Whittaker, R.J., 2012: The island
species-area relationship: biology and

. statistics. Journal of Biogeography, 39(2):
: 215-231.

: Uecker, H., Otto, S.P. and
Hermisson, J., 2014: Evolutionary

: Rescue in Structured Populations. The
i American Naturalist, 183(1): E17-E35.

van Vuuren, D.P., Sala, O.E. and

: Pereira, H.M., 2006: The future of
vascular plant diversity under four global

. scenarios. Ecology and Society, 11(2): 25.

van Vuuren, D.P., Feddema, J.,

. Frolking, S., Hibbard, K., Hurtt, G.,

: Lamarque, J.F, Chini, L.P,, Riahi, K.,
: Rose, S., Smith, S. and Stehfest, E.,
2009: Running policy-relevant Integrated
: Assessment Models scenarios in Earth

: System Models. IOP Conference Series:
Earth and Environmental Science, 6(44):
¢ 442008.

. Vandermeer, J.H. and Goldberg, D.E.,
2004: Population Ecology: First Principles.
. Princeton, NJ, Princeton University Press.
: Verhoef, H.A. and OIff, H., 2010: Trophic
dynamics of communities. In Community
: ecology: processes, models, and
applications, 25-36.

Walters, C., Christensen, V., Walters,
: W. and Rose, K., 2010: Representation
of multi-stanza life histories in Ecospace
: models for spatial organization of

: ecosystem trophic interaction patterns.
Bulletin of Marine Science, 86: 439-459.

Walters, C.J., Christensen, V., Martell,
+ 8.J. and Kitchell, J.F., 2005: Possible
: ecosystem impacts of applying MSY

policies from single-species assessment.

ICES Journal of Marine Science, 62(3):
: 558-568.

Warren, R., 2011: The role of interactions
: in a world implementing adaptation and
mitigation solutions to climate change.

: Philosophical Transactions of the Royal

: Society a-Mathematical Physical and
Engineering Sciences, 369(1934): 217-241.



ipbes



THE METHODOLOGICAL ASSESSMENT REPORT ON SCENARIOS AND MODELS OF BIODIVERSITY AND ECOSYSTEM SERVICES

Weitzman, M.L., 2009: On Modeling and

Interpreting the Economics of Catastrophic :
fragmentation on range expansion in

: abutterfly. Proceedings of the Royal
Society of London B: Biological Sciences,
1 276(1661): 1421-1427.

Climate Change. Review of Economics
and Statistics, 91(1): 1-19.

Whiteman, G., Hope, C. and
Wadhams, P., 2013: Climate science:
Vast costs of Arctic change. Nature,
499(7459): 401-403.

Wikle, C.K., 2003: Hierarchical Bayesian
models for predicting the spread of
ecological processes. Ecology, 84(6):
1382-1394.

Willis, S.G., Thomas, C.D., Hill, J.K.,
Collingham, Y.C., Telfer, M.G., Fox,
R. and Huntley, B., 2009: Dynamic
distribution modelling: predicting the
present from the past. Ecography, 32(1):
5-12.

: Wilson, R.J., Davies, Z.G. and Thomas, :
: in Ecology & Evolution, 20(7): 402-409.

C.D., 2009: Modelling the effect of habitat

Woodward, F.I. and Cramer, W.,

1996: Plant functional types and climatic

changes: Introduction. Journal of

Vegetation Science, 7(3): 306-308.

© Woodward, G. and Hildrew, A.G., 2001:

Invasion of a stream food web by a new

top predator. Journal of Animal Ecology,
1 70(2): 273-288.

. Woodward, G., Ebenman, B.,

Emmerson, M., Montoya, J., Olesen,

J., Valido, A. and Warren, P., 2005:

Body size in ecological networks. Trends

: WWEF, 2013: Working with Indigenous
and Local Knowledge Systems for the
: conservation and sustainable use of
biodiversity and ecosystem services.

: World Wildlife Fund, WWF.

(7]
=
w
®
@
]
(4]
w
a
H
q

7]
<
w
2
[=]
(-]
m
=
[
(7]
[+
w
=
[
o
'Y
o
(2
=
2
o
£
(¢
=
-l
-l
[
[=]
(<]
=
4



