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 9 

Key findings 10 

For assessments of biodiversity and ecosystem services, linking models and linking scenarios 11 

increases our ability to capture complex dynamics of social-ecological systems, but at the same time 12 

increases the uncertainty of model outcomes (6.1). It may not be necessary to explicitly account for all 13 

the interconnections such as across scales, or between biodiversity, ecosystem services and human 14 

well-being for some decision-making contexts. However, many real-world decisions need to account 15 

for these interconnections. Thus, exploring them as well as the associated uncertainty may be desirable 16 

(see chapter 2). 17 

“Output-input” approaches link models by passing outputs from one model as inputs to another 18 

model. Existing families of approaches include one-way (information is passed in one direction 19 

between two or more models), two-way (information is passed in both directions between models 20 

allowing for feedbacks), loose (meaning that model output can be computed separately) and tight 21 

(integrated, requiring simultaneous processing of multiple models) coupling (6.2). One-way loose 22 

coupling (quantitative and/or qualitative) is used most frequently, because it is relatively 23 

straightforward and often meets the desired objectives. Two-way coupling is more complex, but 24 

needed and beneficial in some situations to explore and capture feedbacks. Integrated assessment 25 

models (IAMs) are examples of frameworks that include coupling of a broad range of models to 26 

represent social-ecological systems. 27 

A common method for linking scenarios of similar spatial and temporal scales or that are developed 28 

independently for different purposes or scales is to first group the scenarios according to the 29 

scenario family or archetype that they belong to, then combine scenario descriptions (qualitative or 30 

quantitative) that belong to the same family or archetype (6.3). Families of existing scenarios for 31 

assessments of global and regional environmental changes exist. Scenarios can be coupled loosely 32 

either upfront or after scenarios are developed, while links for tightly coupled scenarios are usually 33 

established upfront by a team of scenario developers. 34 

Multi-scale scenarios that link global and regional-scale scenarios have been useful for informing 35 

environmental assessments that need to consider drivers at different scales (6.3). Approaches for 36 

developing multi-scale scenarios include using global-scale scenarios as boundary conditions for 37 
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regional-scale scenarios, translating global-scale storylines into regional storylines, using standardized 1 

scenario families to independently develop scenarios across scales, and the direct use of global 2 

scenarios for regional policy contexts. However, approaches and examples for up-scaling regional 3 

scenarios for global assessments are lacking. 4 

Key recommendations 5 

The IPBES Task Force on Capacity Building should foster the development of communities of multi-6 

disciplinary researchers and practitioners to harmonize and link across models, scales, domains and 7 

elements (6.1). This would encourage shared learning from experience gained from different 8 

approaches employed in different parts of the world – e.g. across different regions/countries. 9 

The IPBES Global and Regional Assessments should not limit their work to a particular scale, but use 10 

multi-scale scenarios (6.3) that are coupled both loosely and tightly (6.1). The loose-coupling 11 

approach is particularly suitable for framing stakeholder issues, while the latter also allows 12 

consideration of feedbacks among scales, elements and domains and promote more detailed system 13 

understanding. 14 

The IPBES Task Force on Knowledge, Information and Data should work with the scientific 15 

community to define a set of standard conditions and components for “IPBES compatible” model and 16 

scenario components that share a common ground (6.3). This could be similar to the approach that 17 

has successfully been implemented through coordinated efforts between the IPCC and the scientific 18 

community. 19 

The IPBES Task Force on Knowledge and Data should encourage the incorporation in integrated 20 

assessment models (IAMs) of ecological processes (e.g., population dynamics or biogeography of 21 

groups of animals) into IAMs (6.3). This would allow these classes of models to address a broader 22 

range of questions related to biodiversity and ecosystem services. 23 

The IPBES Global and Regional Assessments should explore the use of existing scenario archetypes 24 

(families) to link and harmonize scenarios that best respond to their questions. Common scenario 25 

families include economic optimism, reformed markets, global sustainable development, regional 26 

competition, regional sustainable development and business-as-usual (6.4). 27 

To facilitate linkages and harmonization of models and scenarios for assessing ecosystem services, 28 

human well-being and policy options, the IPBES Task Force on Knowledge, Information and Data 29 

should develop an open source data infrastructure to share multi-disciplinary data, toolkits and 30 

tested methods, and promote the use of common terminology (6.4). This would allow informed 31 

linking and harmonization of scenarios and models, as well as model benchmarking. 32 

6.1 Importance of linking and harmonizing models and scenarios 33 

 34 

6.1.1. Point-of-departure 35 

Models and scenarios are important tools to understand and communicate effects of natural and 36 
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human drivers on biodiversity and ecosystem services (Chapter 3, 4 and 5). The temporal, spatial, and 1 

social organization scales that modelling and scenario assessments focus on are generally specific to 2 

particular policy contexts (Chapter 2). However, biodiversity and ecosystem services and their drivers 3 

are interconnected, and span multiple spatial and temporal scales, domains and elements of the IPBES 4 

framework (see Chapter 1 and Glossary). Thus, linking models and linking scenarios at different scales 5 

and across domains and elements is an important step in advancing our understanding of how the 6 

human subsystem may sustainably operate within planetary and social boundaries (Steffen et al. 2015; 7 

Mace et al. 2012; Raworth 2012; Dearing et al. 2014). This chapter builds upon Chapter 2 to 5 to assess 8 

the availability of tools and methods for linking and harmonizing scenarios and models of drivers of 9 

biodiversity (Chapter 3), impacts of these drivers on biodiversity, ecosystem functions (Chapter 4) and 10 

benefits to people (Chapter 5) in order to inform policy-making at specific spatial and temporal scales 11 

(Chapter 2). 12 

 13 

Specifically, this  chapter aims  to:  a)  summarize  existing  approaches  and  initiatives  that  link  and 14 

harmonize models and scenarios across scales, domains and elements; b) discuss relevance to policy-15 

making; c) identify knowledge gaps; d) propose possible ways for IPBES to undertake multi-16 

scale/domain/element linkages and harmonization to assess biodiversity and ecosystem services. 17 

Models for biodiversity and ecosystem services run at a wide variety of time scales (from hours to 18 

days, seasons, years, decades and millennia) depending on the elements, domains and processes that 19 

they represent (Figure 6.1, see section 6.2). Similarly, they cover a variety of spatial scales. Our 20 

discussion focuses on both short (10 – 15 years) and long (multi-decadal) time scales, and on global, 21 

regional  and national (sensu IPBES) spatial scale. We present case studies selected across a wide 22 

variety of elements and applications to showcase approaches to tackle complex issues. 23 

 24 

6.1.2.  Linking and harmonizing models and scenarios: why and why not 25 

Decision makers, from individuals to global institutions, are unlikely to have knowledge about the 26 

entirety of impacts of their chosen actions within an element and across multiple, interconnected 27 

elements (Chapter 2). Models and scenarios can be used to understand the (positive and negative) 28 

impacts of an action across interconnected elements, by unveiling the interactions and feedbacks 29 

across multiple elements and domains of social, economic and natural systems. An action may impact 30 

individual elements in different and often unexpected ways across spatial and temporal scales, as well 31 

as potentially affecting multiple elements. For example, damming a river impacts fish up- and down-32 

stream of the dam (migration barrier; spatial impacts), immediately and in the longer term (altered 33 

water flow, sediment accumulation in reservoir; temporal impacts), and impacts fish, aquatic and 34 

terrestrial plants, and people (multiple organizational scales). Models and scenarios that integrate 35 

feedbacks and tradeoffs across temporal and spatial scales and among dynamic social, economic and 36 

natural systems can help address complex environmental challenges and guide decision making 37 

(Carpenter et al. 2006). To bring models or scenarios together, they need to be made compatible or 38 

consistent with one another; such process is referred to as ‘harmonization’. Harmonization is related 39 

to the concept of interoperability, or the ability of different information technology components, 40 

systems, and software applications to communicate and exchange data accurately, effectively, and 41 

consistently, and to use the information that has been exchanged (Heubusch, 2006, Matott et al. 2009, 42 
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Laniak et al. 2013). Harmonization also enables comparisons across models and scenarios, which is a 1 

necessary step to understand the uncertainty around possible outcomes of the complex interactions 2 

between drivers, biodiversity and ecosystem services and the other elements of the IPBES framework. 3 

 4 

For some decision contexts, multiple models and scenarios exist, or could be developed, that provide 5 

different information to decision makers (Chapter 2). Models or scenarios may differ because they (a) 6 

were developed to address subtly different questions for different audiences (e.g. composition and 7 

function of biodiversity, temperature and precipitation for climate) and therefore produce different 8 

outputs (e.g. carbon ecosystem service models may output carbon stocks or  carbon  sequestration); 9 

(b) use different input data (e.g. different biophysical layers for species distribution modelling); (c) 10 

represent different components/elements within the model/scenario (e.g. biodiversity models may 11 

incorporate metabolism, reproduction, growth, dispersal, mortality); (d) use different methodologies 12 

or techniques (e.g. quantitative, qualitative, inductive, deductive, statistical, process-based); or (e) 13 

cover different spatial and/or temporal scales. 14 

 15 

The main reason to link and harmonize across models and scenarios is to aid decision makers to 16 

evaluate multiple and potentially contradictory outputs. Harmonizing model/scenario inputs and 17 

outputs enables their intercomparison. In the Coupled Model Intercomparison Project (CMIP, results 18 

directly feeding into the IPCC assessment reports), for example, climate models explore the same sets 19 

of greenhouse gas emission scenarios and other forcings to produce common outputs such as annual 20 

mean atmospheric temperature (Taylor et al. 2011). Recently, the climate impact modelling 21 

community attempted to compare projected impacts across different sectors (e.g. agriculture, 22 

hydrology, carbon cycling and biome shifts) using one common set of driving variables and modelling 23 

protocol within the Inter-Sectoral Impact Model Intercomparison Project (ISI-MIP, Schellnhuber et al. 24 

2011). Additional sectors will be included in the next phase, also including impacts on biodiversity and 25 

ecosystem services such as fisheries  (https://www.pik-potsdam.de/research/climate-impacts-and- 26 

vulnerabilities/research/rd2-cross-cutting-activities/isi-mip). Comparing among models helps to 27 

identify differences and their causes, and assess the model/scenario quality. Models and scenarios can 28 

be harmonized in multiple ways, by using: standardized inputs (e.g. all Integrated Assessment Models 29 

used in IPCC AR5 use the same harmonized land use data, Hurtt et al. 2011), agreed output metrics, 30 

evaluation or benchmarking against common observational data sets (e.g. GCMs to be included in IPCC 31 

need to be able to hindcast historic temperature trends, derived from multiple sources), or specifying 32 

the key components and elements that need to be represented in the model/scenario. 33 

  34 

http://www.pik-potsdam.de/research/climate-impacts-and-
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The main challenges of linking across multiple models are a) output-input chains and feedbacks of 1 

models are often complex, difficult to debug and potentially result in error propagation and 2 

uncertainty, and b) each model comes with separate and sometimes incompatible assumptions (Laniak 3 

et al. 2013). Careful assessment of feasibility and potential effects of linking multiple models on 4 

uncertainty and error propagation need to be conducted, as well as assessing the 5 

appropriateness/relevance to decision context. 6 

Figure 6.1: Spatial, temporal and organizational scales are usually correlated, thus the consequences of changing 7 

the scale of analysis (upscaling or downscaling) in any of these three dimensions need to be carefully considered. 8 

Upscaling is related to an increase in scale extent and grain size, while downscaling is the inverse process. Note 9 

that the organizational scale, here represented by social organization, is also relevant to biodiversity (e.g. genes, 10 

species, ecosystems) and ecosystem services (e.g. provisioning, regulating, cultural). 11 

 12 

Linking and harmonizing models/scenarios may not be appropriate in every decision context, for 13 

instance when the causality of links across elements is poorly understood. Linking too many 14 

components either statically or dynamically may create complex models. These become unhelpful for 15 

decision making when error propagation increases uncertainty to an unacceptable level (par. 6.5). 16 

Voinov and Shugart (2013) caution that in some cases the software engineering approach of 17 

mechanically connecting models as software can result in conceptually ambiguous products or 18 

'integronsters', which seem to be technically correct but make little sense as realistic system models 19 

and decision support tools.  It is important that in addition to data integration that checks that the 20 

data passed from one module to another is consistent with the model assumptions and is 21 

quantitatively meaningful (units, time-space scales and synchronization), there are also proper 22 

semantic integration checks that operate within extensive ontologies matching the concepts and 23 

assumptions used in various models that are connected. Thus, the amount of linkage among 24 

models/scenarios needs to be tailored to the decision at stake (Figure 6.1).  Scenarios may differ also 25 

because they do not share the same values, or the same worldviews, and it may important to present 26 
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these differences clearly. Although standardising likely reduces the uncertainty around estimates (e.g. 1 

by using standardized model inputs or by removing outliers), many models/scenarios will give similar 2 

outputs which may be more precise but not necessarily accurate and therefore less policy relevant. By 3 

a priori standardising inputs and components as well as ensuring validation against a standard dataset, 4 

models/scenarios that are projecting the “unknown unknowns” (low frequency, high impact events) 5 

will be excluded (Levin 2003) (e.g., the 2008 financial crisis or abrupt climate change). 6 

 7 

 8 

6.2.  Approaches for linking and harmonizing models and scenarios 9 

 10 

Models or scenarios developed for different spatial and temporal scales, different domains (e.g. 11 

biomes, organizational domains) and for different elements can be linked or harmonized using 12 

different approaches (Table 6.1). Specifically, different models are linked together across spatial and 13 

temporal scales, and across elements and their domains. Linking (also referred to as coupling) works 14 

by feeding outputs of one model as input to another model, which can be done iteratively (two-way or 15 

tight coupling) or off-line (one-way or loose coupling). Scenarios (plausible descriptions of how the 16 

future may develop) cannot be readily linked because they do not have quantitative outputs. Only 17 

models applied to scenarios produce these outputs. Models and scenarios can also be linked 18 

qualitatively (e.g., through narratives or description of storylines). For example, each of the 19 

Millennium Ecosystem Assessment scenarios of socio-economic development is linked to scenarios of 20 

climate change (Millennium Ecosystem Assessment 2005). Models and scenarios describing different 21 

elements may also be combined quantitatively or qualitatively to provide a more holistic assessment, 22 

as done by integrated assessment models (IAMs), and more generally, Integrated Environmental 23 

Modelling (IEM) approaches (Laniak et al. 2013). IEM broadly refers to modelling approaches that 24 

represent holistic system-level thinking by using quantitative and participatory methods for defining, 25 

selecting, integrating, and processing the combination of environmental, social and economic 26 

information needed to inform decisions and policies related to the environment (Laniak et al. 2013). 27 

Note that frequently links are being made across spatial and temporal scales, and elements may act on 28 

one another at different scales (also see IPBES Deliverable 2(a), Chapter 2). For example, historic global 29 

climate data may be used as input for modelling the current distribution of species at national scale, 30 

which then are used to estimate a provisioning ecosystem service (blue arrows in Figure 6.2). 31 

 32 

Table 6.1: Summary of different approaches to linking and harmonizing models and scenarios. 33 

 Approaches Model Scenario 

Linking Output-input, one-way coupling x  

 Output-input, two-way coupling x  

 Combining outputs qualitatively x x 

Harmonizing Standardization of metrics (input and/or output), classification 
schemes, taxonomies 

x x 

 Scaling (upscaling, downscaling) in time and space x x 

 Converting across dimensions, domains and organizational levels and 
spatial and temporal scales 

x x 

 Benchmarking x  

 34 
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Harmonization of models and scenarios occurs across domains and spatial and temporal scales within 1 

an element. In particular, harmonization involves the standardization of metrics (e.g. output metrics of 2 

models, conditions for scenarios i.e. CO2 concentration, agricultural production) and input data (e.g. 3 

land use, temperature) or both. For nominal variables, this can be achieved through the adoption of 4 

standard classification schemes (e.g. the unified classification of species threats and conservation 5 

actions, Salafsky et al. 2008). Harmonization often involves upscaling and downscaling models and 6 

scenarios in space and time, as well as model benchmarking. Benchmarking is not applicable to 7 

scenarios because these are by definition alternative to each other. Harmonized models and scenarios 8 

and their outputs facilitate model linking, error detection and uncertainty estimation and ultimately 9 

decision making. 10 

 11 
Figure 6.2 Linking models among the six elements of the IPBES conceptual framework (straight arrows) and 12 

within domains (vertical axis), spatial (horizontal) and temporal (Z dimension) scales of each element (curved 13 

arrows). Each element has multiple dimensions (examples shown) including temporal and spatial scales, and 14 

disciplinary and organizational domains. Blue arrow explained in text. 15 

 16 

 17 

6.3 Linking models and scenarios of biodiversity and ecosystem 18 

services  19 

 20 

6.3.1 Model coupling through input-output 21 

Models representing different components of the social-ecological system that are related to 22 

biodiversity and ecosystem services and their drivers are linked through either one-way (off-line) or 23 

two-way coupling (which allows feedback). In both cases, outputs from one model feed into another 24 

model as inputs. For example, in modelling the effects of changes in ocean conditions (temperature, 25 

primary productivity, oxygen level and acidity, and the resulting species range shifts) on marine 26 
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ecosystems in the Northeast Pacific coasts, Ainsworth et  al. (2011) took simulated changes in ocean 1 

conditions from a coupled ocean-atmospheric earth system model and projected range shifts from 2 

species distribution models as inputs (forcing factors) in trophodynamic foodweb models to simulate 3 

the effects of multiple CO2-related drivers on marine ecosystems and fisheries yields. Visconti et al. 4 

(2015) used scenarios of climate and land use change to project species distributions into the future, 5 

and assembled these projections into policy-relevant indicators of biodiversity change (Box 6.1). In 6 

contrast, two-way coupling includes feedbacks of inputs-outputs between models. For example, a 7 

marine ecosystem model, Atlantis (Fulton et al. 2011), links model components describing ocean 8 

biogeochemistry, lower-trophic level ecosystem, upper-trophic level ecosystem and human activities 9 

(with a focus on fishing) in which outputs from the components mutually affect one another directly or 10 

indirectly over space and time. 11 

 12 

The choice of coupling methods depends on the dynamics of the modelled systems and the objectives 13 

of the models. One-way coupling is simpler to implement than dynamic two-way coupling, because 14 

the models can be run sequentially. The responses of the modeled system are also more predictable, 15 

because feedbacks are not allowed (e.g., predicting changes in tree species distributions driven by 16 

climate model outputs vs tightly-coupled system dynamic models, where changes in tree species 17 

distributions have a feedback on local climate). On the other hand, non-linear system dynamics and 18 

feedback between model domains cannot be directly revealed with models that are coupled one-way. 19 

Two-way coupling is more realistic for understanding social-ecological systems where feedbacks and 20 

resulting non-linear responses are common among domains and elements. However, it is technically 21 

more difficult, particularly if components operate  at different temporal and spatial scales. The model 22 

responses are also less predictable and may result in large internal variability. 23 

 24 

Regarding potential linkages between models representing different aspects of biodiversity (from the 25 

genetic to the ecosystem level, Chapter 4) and models or modelling frameworks adopted to develop 26 

ecosystem service scenarios (Chapter 5), only a fraction of the available biophysical model types has 27 

been extensively used in ecosystem service modelling work (Table 6.2). Ecosystem service models 28 

have often been based on rather simple proxies or indicators for biodiversity and the associated 29 

ecosystem services. Rather few ecosystem service models tackled the demand side of the service, i.e., 30 

modelled the realized ecosystem service (Turner et al. 2012) (Chapter 5). Proxy-based approaches, 31 

however, have the advantage that they are easier to handle and amenable to participatory processes. 32 

Furthermore, quantitative model results and qualitative expert knowledge can be integrated (Chapter 33 

5). 34 

 35 

Many natural-science-based biodiversity model types have rarely or never been used in ecosystem 36 

service modelling. Models that simulate ecosystem functions or services directly, such as models of 37 

fisheries, agricultural and timber yields, have been used most widely (table 6.2, chapter 5). However, 38 

in these models the focus is not on representing biodiversity (e.g. number of species in a habitat or 39 

region). Amongst biodiversity models that represent biodiversity in a stricter sense, only species 40 

distribution models (SDMs) have, to our knowledge, been used in ecosystem service modelling. 41 

Hanewinkel et al. (2013), for example, used SDMs to project future range shifts for major tree species 42 

and associated changes in economic revenues across Europe, and Cheung et al. (2010) applied SDMs 43 
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to project future changes in fisheries catch potential and Lam et al. (in press) combined SDM outputs 1 

with a bioeconomic model to assess the implications of climate change and ocean acidification for the 2 

economics and livelihood of Arctic fisheries in the future. 3 

 4 

Species-habitat relationships based on expert knowledge have been used to create maps of the 5 

extent of suitable habitat for species, similar to SDMs (Rondinini et al. 2011, Iglecia et al. 2012, 6 

Ficetola et al. 2015), but the models rely less on statistical inference of species habitat requirements 7 

(Chapter 4). In combination with models of future habitat changes, such as land cover models or 8 

dynamic global vegetation models (DGVMs), such approaches have been used to develop scenarios 9 

for the future distribution of species (Visconti et al. 2015, Rondinini & Visconti in press), which could 10 

then also be linked to ecosystem services. 11 

 12 

Species richness patterns can be simulated with a variety of approaches (see Chapter 4 and table 6.2). 13 

As in the case of functional trait models, the results of such models have not been interpreted in 14 

terms of ecosystem service supplies. DGVMs simulate a number of ecosystem functions that 15 

represent ecosystem services (e.g. carbon storage) or are closely linked to these (e.g. vegetation type 16 

– provisioning of habitat), and the results have been interpreted in terms of ecosystem service 17 

supplies (e.g. Doherty et al. 2009). The DGVM LPJmL (which includes major global crop types) has also 18 

been implemented in IMAGE3.0, but we are not aware of any DGVM application within a more social-19 

science-based ecosystem service scenario framework. This partly reflects a scale mismatch; most 20 

ecosystem service scenario work concerns smaller scales. DGVMs that are adapted to the regional 21 

scale (e.g. Hickler et al. 2012, Seiler et al. 2014) would be more suitable for smaller scale ecosystem 22 

service scenario development. Crop and hydrology models have been widely used in ecosystem 23 

service scenario work (Table 6.2), but these models don’t focus on biodiversity, even though 24 

hydrology models increasingly account for the  effects  of  vegetation  or  plant  functional  type 25 

composition on hydrological cycling (e.g. Rost et al. 2008).  26 
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Table 6.2: Examples of major model types and models that can be used to project future changes in biodiversity 1 

(from the species to the ecosystem level), most common inputs and outputs, examples of specific widely used 2 

models or modelling studies, main associated ecosystem services, and models or modelling frameworks that 3 

have been linked to the outputs of biodiversity models. The ecosystem service model categories have been 4 

adopted from Crossmann et al. (2013). Note that some of the models are intermediate between categories and 5 

that we only aim at listing representative examples, not an exhaustive list. More models are discussed in 6 

chapter 4 and 5.  7 
Biodiversity 

models 
Inputs Outputs Examples Ecosystem 

services 
Ecosystem service 
scenario examples 

Species 

distribution 
models 

Climate, land cover, soil 
types, ocean biophysics 
and biogeochemistry 

Species ranges BIOMOD (Thuiller et 

al. 2009), 
Maxent (Phillips and 

Dudík 2008), 
Aquamaps 

(Kashner et al. 

2006), DBEM 

(Cheung et al. 

2011) 

Provisioning1 
Cultural and 
Amenity2 

Exploited marine 
species (Cheung et 
al. 2010), 

forestry 

revenues 

(Hanewinkel et 

al. 2011) 

Expert-

knowledge- 
based 

species-

habitat 

relationship

s 

Vegetation/ land cover 
types 

Local occupancy of 
particular species 

Rondinini et al. 

2011, Iglecia et al. 

2012, Ficetola et al. 

(2015) 

Cultural and 
Amenity 

- 

Abundan

ce 

models 

Land cover or land use 

intensity 
Changes in 

species 

abundances 

PREDICTS 

(Newbold et al. 

2015) 

Provisioning 
Cultural and 
Amenity 

- 

Communi

ty-based 

biodiversi

ty change 

models 

Multiple 

environmental layers, 

including, e.g., land 

cover and use, climate 
and vegetation type 

Groups of 

species and 

community 

characteristics 

 

Ferrier and 

Guisan (2006)  
Provisioning 
Cultural and 
Amenity 

 - 

Population 

dynamics 
models 

Multiple environmental 
layers 

Population 

dynamics 
of individual species 

Kramer- 
Schadt et al. 

(2005) 

Cultural and 
Amenity 

- 

Richness 

models 
Multiple environmental 
layers (at smaller 

scales) or available 

habitat area (species-

area relationship) or as 

for species distribution 

models (stacking 

results from individual 

species) 

Species richness Ferrier and 
Guisan (2006), van 

Vuuren et al. 

(2006), Rahbek et 
al. (2007), 
Algar et al. (2009),  

Calabrese et al. 

(2014), PREDICTS 

(Newbold et al. 

2015) 

Provisioning 
Cultural and 

Amenity 

-
 

Functional trait 

models 
Climate, soil 

types, 
atmospheric 

CO
2 

Trait 

composition/diver

sity 
Biogeochemical 

cycles 

JEDI (Pavlik et 

al. 2013), 

aDGVM2 

(Scheiter et al. 

2013), 
Barton et al. 

(2015) 

Provisioning 
Regulation3 
Habitat4 

- 
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Landscape 

models 
Climate, soil types, land 
use 

Landscape-level 

land 
cover and 

vegetation 
structure 

Landclim 

(Schumacher and 

Bugmann 2006) 

Provisioning 
Regulation 
Habitat 

Habitat for 
biodiversity (Bryan 
and Crossmann 
2013) 

Forestry 

models 
Climate, soil types, 

land use 
Timber yield, C 

cycle, habitat 

quality 

3-PG 

(Landsberg 

and Waring 

1997), 

EFISCEN 

(Verkerk et al. 

2011) 

Provisioning 
Regulation 

Carbon 
Sequestration and 

wood production 

(Verkerk et al. 2011, 

Boettcher et al. 

2012, Bryan 
and Crossmann 
2013, Paul et al. 
2013) 

Dynamic Global 
Vegetation 

Models 

Climate, land cover and 
use, soil types, 
atmospheric 

chemistry (e.g. CO2 

concentration, 

nitrogen deposition) 

Biome distribution, 
vegetation 

structure, 
plant functional 

type diversity, 

NPP, C, N, P and 

water cycles 

LPJ (Sitch et al. 

2003), SDGVM 

(Woodward and 

Lomas 2004), MC1 

(Gonzalez et al. 

2010) 

Provisioning 
Regulation  
Habitat 

- 

Ecosystem or 
Biogeochemistr

y  
models 

Climate, soil types, land 

cover, atmospheric 
composition (e.g. 

CO2, nitrogen 

deposition), Climate, 

land cover, soil 

types, atmospheric 

chemistry, ocean 

biogeochemistry 

and food web 

NPP, C, N, P and 
water cycles 

Century (Parton et 

al. 2010), TEM 

(McGuire et al. 

1992) Ecopath 

with Ecosim 

(Christensen and 

Walters 2004),  

Atlantis (Fulton et 

al. 2011), TOPAZ 

(Bertino et al. 

2008) 

Provisioning 
Regulation and 
provision 

services 

Fish yields 
(Blanchard et al. 

2012, Christensen 

et 
al.2015) Carbon 

cycle (Wenzel et 

al. 2014) 

Agricultural 

models 
Climate, crop 

management, soil 

types, atmospheric 

chemistry 

Crop yields GEPIC (Liu et 

al. 2007), 

APSIM 

(Keating et 

al. 2003), 

LPJmL 

(Bondeau et 

al. 2007) 

Provisioning Food production 

(Keating et al. 

2003, Bryan and 

Crossmann 2013) 

Hydrology 

models 
Climate, land cover, soil 
types 

Water cycle WaterGap2 (Alcamo 

et al. 2003) 
Provisioning 
Regulating 

Fresh water supply 
(Bryan and 
Crossmann 2013) 

1
 Food, water, raw materials, genetic, medicinal and ornamental resources 

2 
Aesthetic information, opportunities for recreation and tourism, inspiration for culture, art and design, 

spiritual experience, information for cognitive development 
3

Air quality, climate, moderation of extreme events, water flows, waste treatment, erosion prevention, maintenance of soil fertility, 

pollination, biological control 
4

 Maintenance of life cycles and genetic diversity, cultural and amenity services 

 1 

The question of whether biodiversity and ecosystem service models should be directly linked depends 2 

on the research objectives and policy context. Nevertheless we think that not all useful linkages have 3 

been utilized and more direct linkages have great potential. The ARIES ecosystem service modelling 4 

framework (Chapter 4.2.1) presents an important advance as it allows linking a variety of models in a 5 
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very flexible framework, which also allows for feedbacks between changes in ecosystem services and 1 

biodiversity via, e.g., land use decisions (Villa et al. 2014). Also among biodiversity or biophysical 2 

models based on natural science (first column in Table 6.2), not all potential links have been utilized. 3 

Most species distribution models, for example, use climatic variables, land cover, and in rare cases, soil 4 

types as input, but a biome shift could influence the occurrence of species much more than the a 5 

change in climate. In spite of this obvious link, projected changes in biome distribution or vegetation 6 

structure, as simulated, by DGVMs, have only rarely been used in species distribution models (Linder 7 

et al. 2012). Recently, it has also been shown that species distribution models in riverine systems 8 

should and can be improved by using hydrological variables derived from hydrological models as 9 

inputs (Jähnig et al. 2012, Kuemmerlen et al. 2014). 10 

 11 

Most examples above concern one-way coupling between models. Two-way coupling or full socio-12 

ecological systems modelling has only rarely been achieved. The rare examples include Integrated 13 

Assessment Models (IAMs), such as IMAGE3.0 (Box 6.2), which only represent very general system 14 

characteristics and are of limited use for regional or local policy making or stakeholders. Integrated 15 

assessment models combine components (sub-models) representing the future development of 16 

human societies, including major sectors such as energy use, industrial development, land use, that 17 

are important for making projections about the future of human and natural ecosystems (Harfoot et 18 

al. 2013). Currently, the main applications of IAMs are on modelling climate change and effects of 19 

climate mitigation. In most IAMs, their sub-models, including both natural and human subsystems, are 20 

linked although dynamic linkages are not commonly represented in most IAMs (Harfoot et al. 2013). 21 

An example of natural systems sub-models in an IAM is the linkage between hydrological models 22 

providing inputs regarding water and nutrient supply into terrestrial vegetation models. For human 23 

systems sub-models it includes, for example, component representing the energy sectors that capture 24 

the demand and supply of energy as links to industrial development, population demand and 25 

commodity prices. There are also components that link natural-human systems such as food 26 

production, linking vegetation and land-use with societal demand, energy sources (particularly from 27 

bio-energy crops) and commodity prices. IAM provides a framework for linking models to represent 28 

complex social-ecological systems, however there are gaps in the application of IAMs to address 29 

questions related to biodiversity and ecosystem services (Harfoot et al. 2013). Currently, 30 

representation of biodiversity in IAMs is only limited to terrestrial ecosystems (Chapter 4). Thus, using 31 

the IAM framework to address a broader range of questions related to biodiversity may require 32 

further works in incorporating model components that represent more ecological processes e.g., 33 

population dynamics or biogeography of groups of animals. 34 

 35 

6.3.2. Combining model and scenario outputs 36 

Outputs from models and scenarios that are complementary in representing different domains and 37 

scales can be combined qualitatively so that each provides descriptions, projections or narratives of 38 

different axes of the biodiversity and ecosystem services assessment framework. The projections or 39 

narratives generated by models and scenarios representing different domains can be combined to 40 

more holistically describe potential changes in social-ecological systems or a subset of the systems. 41 
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Such linkages would be simple if the models or scenarios are coherent across scales and have the same 1 

analytical frameworks and logics. However, in many cases, models and scenarios may be constructed 2 

to be largely independent at different scales or domains, but connected by the same issues they 3 

address; or conversely, they may be at the same scales but addressing different issues. An iterative 4 

process is generally necessary to incorporate feedbacks and maintain storyline consistency, although 5 

feedbacks are seldom considered in this type of linkages. In order for the outputs to be compatible 6 

with one another, they should first be harmonized by categorizing them into the same scenario 7 

archetype or family based on their drivers, assumptions, scenarios logics and boundary conditions 8 

(Zurek and Henricks 2007; see 6.4). 9 

 10 

 11 

6.4 Harmonizing models and scenarios 12 

 13 

6.4.1. Harmonizing models across scales and domains 14 

Harmonizing models to assess the status and trends, and project future changes in biodiversity and 15 

ecosystem services require synthesizing biophysical and socio-economic data and results that are 16 

available at different spatial, temporal and organization scales and domains (Table 6.3).  17 

 18 

Spatial, temporal and organizational scales can be defined considering two main dimensions: grain and 19 

extent. Grain refers to the resolution of the dataset, while extent is the size of the observation. More 20 

specifically, the spatial grain is the size of the sampling unit, the temporal grain is the frequency of 21 

data observation, and the organizational grain is the resolution of the social, human or built capital 22 

information. The extent refers to how large is an area (spatial extent), period of time (temporal extent) 23 

or human system considered (organizational extent). For example, with an Enhanced Thematic 24 

Mapper Plus sensor, the spatial grain is 30 meters (for bands 1 to 5), the temporal grain is 16 days (the 25 

satellite makes an image of the same place each 16 days), the spatial extent corresponds to a track 183 26 

km wide, and the temporal extent is the duration of the study (for example, few days, one season, 27 

several years). Within the framework of IPBES, we will refer to three spatial extents (global, regional, 28 

and national/subnational/local scales) and to short (around 10 years) and long-term (e.g. several 29 

decades) temporal extents or time series data. Global extent considers the whole planet, regional 30 

extent encompasses several countries, specific ocean basin or large marine ecosystem (for example, 31 

the South African region is composed by South Africa, Mozambique, Zimbabwe, Namibia and 32 

Botswana), national to local scales refer to space in the same country. 33 

  34 
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Table 6.3. Scale typology: scale types, examples of levels, extent and grain. 1 

Scale types Levels of scale Extent Grain  

Spatial - Geographical: local, regional, global 

- Geophysical: watersheds, 

geomorphological units, continents 

- Biophysical: vegetation types, ecosystems, 

ecoregions, biomes 

- Governmental (administrative boundaries): 

municipalities, departments, provinces, 

regions, countries 

The size of the 

focal area 

The finest level of 

spatial resolution  

Temporal - Years, decades, centuries Duration of time 

under 

consideration  

Frequency of 

observations 

Organizational - Social: Individuals, communities, societies, 

ethnic groups 

- Cultural: indigeneity 

- Biodiversity: composition, structure, 

function; and genes, species, ecosystem 

- Ecosystem services: provisioning, 

regulating, cultural 

Size of the 

human/social 

system 

considered 

Level of details of 

the information 

on the 

human/social 

system 

 2 

Space, time and organization scales are usually correlated (Fig. 6.1): the assessment of large human 3 

systems or communities will require data at large spatial and temporal scales (but with low resolution), 4 

and inversely data on specific local communities will require more detailed temporal and spatial 5 

information, with high resolution. The correlation between spatial and temporal scale is particularly 6 

well-known. There is an intrinsic relationship between space and time, which makes processes acting 7 

in more local scales more dynamic (local fast changes are more likely), while those operating at larger 8 

spatial scales require larger temporal observation. For example, global scale population dynamic 9 

models of fishes do not resolve fine scale behavior shift of individuals because of changing local 10 

ecological or environmental conditions. As a consequence of this spatial-temporal interaction, models 11 

with coarse spatial resolution usually do not resolve processes that operate at fine temporal scale, 12 

while models at a more local scale will require more fine-grained spatial and temporal resolution data. 13 

There is thus an optimal temporal domain of scales to understand the natural dynamics of systems 14 

operating at a focal spatial scale (Figure 6.3). In this sense, very detailed models, representing for 15 

example the local dynamics of a given population, will not be informative for understanding the 16 

dynamics of a metacommunity on a broader time and spatial scale, or vice versa. There are thus 17 

appropriate scales to analyze certain processes, and a first challenge (for scientists and practitioners) is 18 

to identify those scales, avoiding building too much detail or coarse models. Additionally, biodiversity 19 

dynamics and ecological processes acting at a particular domain of scales are also indirectly affected 20 

by processes acting in other scales. Particularly, local biodiversity pattern or ecosystem services, such 21 

as stocks and flows of water and other living resources, are mainly controlled by proximate factors 22 

acting locally, but are also affected by indirect global drivers of change (Levin 1992), which would 23 

require data on large spatial extension and for an extended period of time. Inversely, local actions 24 

affect the environment globally, and as a consequence the success of global scenario projections will 25 
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depend on the congruence of scenarios and goals planned at more local scales (Cash et al. 2006).  1 

 2 

Scaling is thus needed and is a widely used method in environmental science to modify the prediction 3 

of phenomena at different scales from its initial record or model. Scaling can be done in two different 4 

directions: upscaling information from local, fine-grained resolution to global, coarse-grained 5 

resolution, or vice-versa, downscaling the information. Upscaling usually leads to an increase in the 6 

extent, and decrease in the resolution, while downscaling increases the resolution of the data, while 7 

losing the extent (Figure 6.3). In both directions, predictions are associated with errors and 8 

uncertainty, which are explored in the next section (6.5). Environmental studies involve dynamic 9 

modeling with data sources at various spatial and temporal scales which need to be integrated. 10 

Furthermore, the output of the model often needs post-processing treatment to modify its scale to fit 11 

it to the resolution required for policy decisions. Each component of the research cycle has its own 12 

temporal or spatial scale. Scaling methods refers to the transfer of information on spatial and 13 

temporal scales. 14 

 15 
Figure 6.3. Four ecological processes (tree replacement, secondary succession, speciation and extinction) and 16 

their respective space-time domains. Large spatial and temporal extents are usually related with coarse spatial 17 

and temporal resolution data, in contrast to small spatial and temporal extents. Consequently scaling up is 18 

usually associated with an increase in spatial and temporal extent and decrease in resolution, while scaling down 19 

has as consequence a reduction in extent, which should be followed by an increase in resolution. 20 

 21 

Scaling is inevitable when modeling biodiversity and ecosystem services, and is necessary for both 22 

global and local ecological and environmental planning and adaptive management (Holling 23 
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1978). There is frequently a mismatch between availability and the scale of data, model outputs or 1 

scenario descriptions that are needed for biodiversity and ecosystem services assessment at global 2 

and regional scales. Available data, models or scenarios are often obtained from sporadic studies, 3 

unevenly distributed spatially, cover a short period of time (e.g., snapshot samples), and are collected 4 

with inconsistent methodologies. Thus, understanding how patterns revealed from these models and 5 

scenarios change across scales and how to transfer information among scales is crucial to integrate 6 

different components of the social-ecological systems that operate at different spatial scales (Wu and 7 

Li 2006). 8 

 9 

6.4.1.1. Organizational scale (social aggregation and biodiversity levels) 10 

Any form of modelling and scenario development and usage stems from and affects a social, 11 

organizational context.  The desire to understand and make better decisions with regard to this 12 

relationship  between  the  human  and  natural  systems  causes  us  to  consider  linkages  between 13 

models  and  scenario  for  and  from  models.  Following  an  ecological  economics  convention,  the 14 

human sub-system is roughly comprised of social, human and built capital and embedded within the 15 

natural system (i.e. natural capital, ecosystems, nature) (Costanza et al., 1997a, see Chapter 1). 16 

However, the underlying (often deeply engrained and unspoken) assumptions and mental  models that 17 

people  hold  about  this  human-natural systems relationship drives  the  type  of  models  and  18 

scenarios being accepted and developed (Hamilton, 2011) (see also IPBES Deliverable 3d on ‘diverse 19 

values and valuation’). 20 

 21 

Several models have been proposed and adopted to provide knowledge about human-natural systems 22 

in a range of spatial-temporal-organizational dimension (Dietze et al. 2011). Some of these models are 23 

static, with snapshot changes (e.g. Computable General Equilibrium), linear with projected changes 24 

over time [e.g. VISIT, Integrated Valuation of Environmental Services and Tradeoffs (InVEST) (Goldstein 25 

et al., 2010; Kaveira et al., 2011; Dean et al., 2012) and system based models [e.g. World3  (Meadows 26 

et al., 1972), Global Unified Meta-model of the Biosphere (GUMBO) (Boumans et al., 2002), Multi-27 

scale Integrated Modeling of Ecosystem Services (MIMES) (Boumans and Costanza, 2007; Boumans 28 

and McNally, 2012; Altman et al, 2014)].  29 

 30 

Issues of scale relating to space and time needs to be ‘fit for  purpose’  in  an  organizational  context.  31 

As  models  refer  to ‘any  abstract  reflection  of  reality’ (including mental models) we confine this 32 

section to ecosystem services models; i.e. the models that stem from the desire to highlight and make 33 

visible the benefits and well-being people derive from natural capital. An ecosystem services approach 34 

can be considered an organizing principle linking natural and human systems (Costanza et al., 1997b; 35 

Daily, 1997; Millennium Ecosystem Assessment, 2005; Braat and de Groot, 2012). As a trans-36 

disciplinary approach, the ecosystem services concept and its associated tools, including modelling 37 

approaches, have undergone a rapid evolution since the 90’s (see Chapter 5).  38 

 39 

Economic ‘benefit transfer methodology’ was effectively used to highlight value from ecosystems that 40 

is not visible in the market and therefore often neglected. For example, Costanza et al. (1997, 2014) 41 

calculated an annual flow of value of ecosystem services derived from the stock of global natural 42 

capital to conservatively be twice that of global Gross Domestic Product (GDP). Turner et al. (2012) 43 
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also provide another example of modification of benefits-transfer approaches to address some of the 1 

limitations of ecosystem service measurement and mapping. In addition, the values resulting from 2 

Costanza et al. (1997, 2014) were spatially displayed on a global map. While the authors never claimed 3 

robustness or accuracy, this global ecosystem service value in relation to GDP, drew attention from 4 

policymakers, business and a wider audience and sparked a fierce debate. In fact, Costanza et al. 5 

(1997) laid out the many challenges that would have to be overcome for this value to be identified and 6 

captured for management purposes. Since then, numerous data bases have been developed to 7 

support valuation of ecosystem services, for example Earth Economics 8 

(http://www.eartheconomics.org/). For example, the draft chapter 3 on ‘Ecosystem Services’ of the 9 

1st  World  Oceans  Assessment  identified  14  databases  that  are  directly  or  indirectly  in 10 

conjunction with ecosystem services approaChapter For terrestrial and freshwater ecosystems, no 11 

such compilation does yet exist. Given that the marine ecosystems are lagging in application of 12 

ecosystem services approaches, the vast amount of databases and information available for other 13 

ecosystem (often unconnected) can be assessed.  While basic value transfer assumes that value per 14 

ecosystem type remains constant (e.g. Costanza et al. 1997b, 2006), expert modified value transfers 15 

adjust values for local conditions of ecosystems (e.g., Batker et al. 2010) and Natural Capital Project 16 

(http://www.naturalcapitalproject.org). Involvement of stakeholders and their different mental 17 

models / interests in understanding local dynamics and non-spatial trade-offs between bundles of 18 

ecosystem services has been explored through systems thinking and system dynamics e.g Mediated 19 

Modelling (van den Belt et al. 2012 ). Values may also be adjusted based on statistical models of spatial 20 

and other dependencies (meta regression analysis e.g. de Groot et al. 2012). This rapid development 21 

has led to spatially explicit dynamic modelling frameworks at multiple  scales (e.g. Boumans et al., 22 

2002; Boumans and Costanza, 2007; van den Belt 2009; Boumans and McNally, 2012; Altman et al., 23 

2014). 24 

 25 

Furthermore, an ecosystem services approach is also inherently multi-scale as ecosystem services can 26 

be classified according to their spatial characteristics (Costanza 2008; see Figure 6.4). (1) At a global 27 

level, climate regulation, carbon sequestration and storage as well as cultural or existence values do 28 

not depend  on  people’s  proximity to the ecosystems from where the services originate,  whereas  (2)  29 

local  proximity  is  relevant  for  disturbance regulation / storm protection, waste treatment, 30 

pollination, biological control and habitat. (3) A directional flow characterises water regulation/ flood 31 

protection, water supply, sediment retention/erosion control or nutrient regulation. (4) a point of use 32 

is relevant for soil formation, food/forest production and other raw material and finally (5) some 33 

ecosystem services and the benefits/values derived from them are related to the manner in which 34 

users move in space (and time), e.g. genetics resources, recreational potential and cultural values. 35 

Bundle of ecosystem services, their  possible  tradeoffs  exist  and  require  pluralism  (including  36 

multiple modelling approaches) need to acknowledge values (or participation) of stakeholders. Due to 37 

its complexity, the scope for approaches aiming for optimization are limited and the process of model 38 

building with stakeholders becomes equally important as the model itself (van den Belt, 2004).  39 

 40 

http://www.eartheconomics.org/
http://www.eartheconomics.org/


Second Order Draft IPBES Deliverable 3c DO NOT CITE 

 

 

 
 

Page 618 
 

 

Figure 6.4. Multiscale ecosystem services approach classified according to their spatial characteristics (adapted 

from Costanza 2008). 

Up- and down- scaling along a social organizational scale requires awareness of humanly imposed 1 

boundaries and conventions, which often are not following an ecosystem logic (O’Brien and Vickerman 2 

2013). Even the distinction between surface and groundwater leads to different spatial extent. In 3 

addition, it is not unusual for governing bodies to be guided by multiple ways in which their 4 

constitutions are divided in space; e.g. the Auckland Council identified 30 different ways in which 5 

space is divided for water management (including water supply, water treatment, storm water, 6 

river/coastal and groundwater protection and various values from interest groups such as people from 7 

the  Maori culture) (van den Belt et al. 2011). 8 

 9 

While most decision making time frames are relatively short term (e.g. election and budgetary cycles), 10 

the collective human impact is changing ecosystems over decadal to centennial time-scale (e.g. IPCC 11 

scenarios of climate change, IHOPE, World3), with local spatial variations. Following an ecosystem 12 

services classification provides one option for developing a strategy for harmonizing across time scales 13 

(see 6.4.3, Figure 6.5). When developing a model harmonizing strategy that is  relevant to decision 14 

making, two distinctions may be useful; 1) model building with decision makers and model building for 15 

decision makers; and 2) discrete models which present an isolated point (often more accurate but 16 

narrow) and continuous models which aim to simulate pathways (often more intuitive but 17 

comprehensive).   18 
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Understanding variations in the ecosystem types species and the influence of external factors such  as  1 

climate  change  and  socioeconomics  at  different  temporal  scales  require  the  use  of geospatial 2 

data. For example, when considering time from a (spatial) data perspective leads to a basic trade-offs 3 

between temporal and spatial resolution. It means, for example, if we are looking for high spatial 4 

resolution satellite data (e.g. Landsat 30m spatial resolution with repeat cycle 16 days), we might 5 

need to compromise with the temporal resolution (MODIS satellite remote sensing data with 500m 6 

spatial resolution and daily resolution). This is particularly relevant for in-situ ecosystems services 7 

(soil protection, food production). However, directional flow- related (from point of production to 8 

point of use, e.g. water regulation/flood protection, water supply, sediment regulation/erosion 9 

control, nutrient regulation) has a time dimension of seconds to days, as in the case of hydrology 10 

models, to multiple decades in the case of land use/cover change (UK NEA). Ecosystem services which 11 

do not depend on proximity of people to a spatial denomination (e.g. climate regulation) can span 12 

centuries. 13 

 14 

The  linkages  between  scales  are  useful  to  study  about  multi-scale  scenarios  and  it  can provide  15 

information  about  the  number  of  scales  at  which  scenarios  are  developed  and  the connection 16 

between the scales. According to Biggs et al. (2007), scenarios can be divided into three types (a) 17 

single-scale scenario exercise (b) loosely linked scenarios and (c) multi-scale scenarios that are tightly 18 

coupled across two or more scales. In the case of loosely linked multiscale scenarios, links  may  be  19 

established  up  front  or  after  scenario  development  and  have  varying  degree  of flexibility. In the 20 

case of tightly coupled multi-scale scenarios, links are usually established up front and reinforced by an 21 

iterative process of downscaling and upscaling. There is generally a greater emphasis on downscaling 22 

because researchers and policy makers haves more interest in how downscaling institutional and 23 

economic drivers affect ecosystem services across regions. 24 

 25 

Stakeholders are often not familiar with computerized models, which are perceived as a 'black box'. 26 

The results may be discarded quickly when stakeholders don't identify with proposed scenarios 27 

(Scholes and Biggs, 2004), which can cause unpopularity of tightly coupled, complex models (Kok et al, 28 

2007). The reason why loosely linked scenarios are a success is that it allows a space for both local and 29 

global players to interact and allow the exchange of ideas that favour both in long term (Biggs et al. 30 

2007) and provides a way to explore boundary organizations between scales and domains (van den 31 

Belt and Blake, in press). 32 

 33 

6.4.1.2.  Spatial scale 34 

Downscaling 35 

When fine grained-resolution data is not available, downscaling is a common technique to provide 36 

information particularly for local conservation issues or management needs, such as establishing 37 

priority conservation areas (Rondinini et al. 2005, Bombi et al. 2012, Fernandes et al. 2014). With the 38 

impossibility or high cost for obtaining fine-grained resolution data, downscaling approaches are a 39 

possible cost-effective alternative. For example, downscaling is relevant to incorporating projections of 40 

climate models into local conservation planning (Wiens and Bachelet 2010; Walz et al. 2014). 41 

However, fine scale climate projections that are at spatial scale relevant to conservation is often 42 
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lacking. There is a long history of developing downscaling methods for climate data that provides 1 

valuable experience for downscaling of biodiversity and ecosystem services models and scenarios (Box 2 

6. 3). The main methods can be categorized into dynamic and statistical approaches. 3 

 4 

There are different techniques for downscaling, most of them based on statistical relationships 5 

between biological data and environmental attributes. Some of these techniques use hierarchical 6 

models (Keil and Jetz 2014, Keil et al. 2013), projecting the relationship between coarse-grain species 7 

and environmental data to a finer grain using fine-grain environmental (predictor) variables. This 8 

method was, e.g., used with success for downscaling exploited fishes and invertebrates’ distributions 9 

in Western Australia (Cheung et al. 2012). A similar approach was used by Barwell et al. (2014) to 10 

downscale a coarse-grained (> 100 km2) Odonata atlas data to a more fine-grain (25km2, 4km2 and 1 11 

km2) local scale in mainland Britain (see Chapter 4). Ten different downscaling models were used for 12 

38 species. Results suggest reasonable estimates of fine-grain occupancy, with varying errors according 13 

to species traits. High dispersal ability was associated with relatively poor downscaling predictions 14 

(Barwell et al. 2014). Furthermore, recent studies showed high predictive performance of downscaling 15 

models in comparison with field observations of invasive alien species (Fernandes et al. 2014), birds 16 

(Keil et al. 2013), Sardinian reptiles (Bombi et al. 2012), and global marine circulation (Sandø et al. 17 

2014). Specific approaches such as Hierarchical Bayesian Modelling (HBM) approach is shown to 18 

improve the performance of downscaling over other statistical approaches (Keil et al. 2013). Those 19 

predictions may be further improved when combined with macroecological relationships (e.g. scale 20 

area relationships) (Keil et al. 2013). 21 

 22 

Upscaling 23 

Environmental problems or the consequences of human activities sometimes encompass broad spatial 24 

and temporal scales, which need global assessments and policy actions. For this reason, it is often 25 

necessary to transfer local high-resolution data to broader scales, which is an upscaling procedure 26 

(Flint  and  Flint,  2012). Upscaling methods seem more intuitive than downscaling, as it involves 27 

averaging values extrapolated over a larger time period or space. During this process, it is important to 28 

preserve information integrity, otherwise it can contribute to scaling uncertainties (6.5). 29 

 30 

Most upscaling approaches use satellite imagery and combines statistical and image processing 31 

analyses, with simulation models, and field-based observations (Zhang et al. 2007, Chen et al. 2010, Fu 32 

et al. 2014). For example, this has been used to estimate net ecosystem exchange or carbon dioxide 33 

fluxes from flux towers to landscape and regional scales (Fu et al. 2014), or to upscale leaf area  index  34 

(LAI)  in  terrestrial  ecosystems  from  Arctic  landscapes.  In this last case, a simple exponential 35 

relationship between LAI and the Normalized Difference Vegetation Index (NDVI)  obtained with a 36 

LANDSAT image was used to upscale LAI values (Williams et al. 2008). Other methods have been 37 

developed to upscale gross ecosystem production (GEP) from leaf or stand levels to larger regions (ca. 38 

12 km2) taking into account tree canopy structure (Hilker et al. 2008), using Light Detection and 39 

Ranging (LiDAR) images. Results showed a high correlation (r2 between 0.75 and 0.91, p< 0.05) 40 

between estimated and measured ecosystem production. A good fit between upscaled estimated 41 

values and field measurements were also obtained with net primary productivity in China, showing 42 

that the integration of field data with remote sensing though an ecosystem model can generate 43 
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reliable estimates (Zhang et al. 2007). Upscaling can result in better estimates than those obtained 1 

from coarse-grained resolution images, such as those obtained from satellite remote sensing data 2 

from MODIS (Fu et al. 2014), possibly because they can integrate the variability observed at finer 3 

scales in the coarse-scale evaluation. Similar results were obtained by Hay et al. (1997) when upscaling 4 

forest stand characteristics with image resampling techniques. They showed that appropriately 5 

upscaled satellite imagery can represent a more accurate estimation than an image obtained at the 6 

upscaled resolution. 7 

 8 

6.4.1.3.  Temporal scale 9 

Time is an important characteristic of biodiversity, which helps to understand processes, fluctuations 10 

and the distribution of species at a specific period. Temporal change can be cyclical, directional, and/or 11 

chaotic. Cyclical change refers to the variation in pattern that can occur with certain frequency, for 12 

example seasonal change in food availability. Directional change results from the influence of the past 13 

to the future but not the other way round, for example vegetation succession. Chaotic change refers 14 

to changes that are driven by random events, for instance fires, contamination, or the introduction of 15 

exotic species (Landres, 1992).  16 

 17 

Quantifying and modelling processes and patterns in biodiversity inform the development of policies 18 

to mitigate biodiversity loss, answer basic ecological questions and identify important ecological issues 19 

(Dornelas et al. 2012). However, different phenomena of natural or human systems operate or are 20 

perceived (by humans) at different temporal scales. Processes and patterns occurring at very low 21 

spatial scale, for instance at individual level, generally occur at short temporal scales and are generally 22 

not perceived by humans, e.g., leaf colour change. They only become evident when accumulation of 23 

changes have occurred during a longer period of time, e.g., a whole season. Processes at large spatial 24 

scales occur at long temporal scales and are more “visible” to us. Given that spatial and temporal 25 

scales are correlated, system predictability will depend on an adequate adjustment of observational 26 

grain in space and time. If the frequency of observations is too low, it will not be possible to capture 27 

adequately the natural dynamics of the system (which will be faster than observations, in this case). 28 

On the other side, if the frequency of observations is too high, there will be a high temporal pseudo-29 

replication, and the system will appear more stable than it is. At an adequate scale, it will be possible 30 

to capture the natural dynamics of the system (Fig. 6.5). 31 

 32 

Temporal data is collected generally by remote sensing platforms and sensors. However, depending on 33 

the study’s objective, limiting factors on the use of these time-series data can be data availability and 34 

the limitation in resolution and/or extent. For instance, in multi-temporal studies either datasets are 35 

incomplete or do not have adequate resolution (both temporal and spatial) or with wrong spatial 36 

extent. In those cases, either upscale or downscale data, or modify extent are needed. Also, satellites 37 

like IKONOS and QUICKBIRD launched in 1999 and 2001 respectively, have high spatial and temporal 38 

resolution, but limited temporal and spatial extent. On the other hand, satellites with adequate extent, 39 

and global time series, usually have either coarse spatial resolution (ERS-2 GOME 40 sq km), or coarse 40 

temporal resolution (ENVISAT-MERIS every 35 days). 41 
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 1 
Figure 6.5.: Relationship between spatial and temporal grain of observations and predictability of ecological 2 

phenomena (adapted from Wiens 1989). 3 

 4 

Temporal scale is also important to monitor the shifting of priorities from one ecosystem service to 5 

another ecosystem service  and  also  changes  with  the  change  in  supply  of  and  demand  for  6 

ecosystem services. Therefore, in assessing the trade-offs between ecosystem services, it is important 7 

to consider the temporal dimension because trade-offs at temporal scale allows policy makers to 8 

understand the long-term effects of one ecosystem service over another and have enormous impact 9 

on future ecosystem services (Rodriguez et al. 2006). Some models are developed at a large temporal 10 

scale while some exists within the short time scale (at higher time resolution). Linking and 11 

transforming between scales are necessary for holistic understanding of the ecosystem. 12 

 13 

Upscaling 14 

Upscaling approaches for temporal data use a combination of statistical methods and remote sensing 15 

analysis. The most common application of this approach is to address land cover change issues, 16 

including habitat loss, fragmentation and implications to biodiversity in general at all levels. In 17 

Millington et al. (2003) for example, forest fragmentation patterns in central Bolivia were identified 18 

and quantified using an incomplete set of LANDSAT imagery in order to determine whether spatial 19 

resolution affects the performance of certain landscape metrics. At national level, Greenberg et al. 20 

(2004) quantified annual rate of rainforest deforestation in Ecuador using a multitemporal satellite 21 

imagery dataset. Further, based on deforestation patterns, the authors estimate future forest loss. At 22 

global level, initiatives like the “Global Forest Change” project (Hansen et al. 2013) uses thirteen years 23 

of LANDSAT imagery to measure extent, loss and forest gain for the whole planet. 24 

 25 

Other approaches for upscaling temporal data have been focused on development of methods and 26 

algorithms. For example, Ryu et al. (2011) proposed BESS (Breath Earth System Simulator), using the 27 
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sensor MODIS (spatial resolution of 1-5 km and a temporal resolution of 8 days). This approach, the 1 

first of its kind, allows the harmonization and use of MODIS products and the quantification of global 2 

gross primary productivity and evapotranspiration. In Du et al (2002), a new procedure for radiometric 3 

normalization between multitemporal images was developed to ensure the preservation of 4 

radiometric resolution. This procedure is in particular necessary for land cover change detection, 5 

where standard methods like ground reference data collection become costly and subjective. 6 

 7 

Downscaling 8 

Downscaling temporal data is primarily based on numerical models such as GCMs, (Meehl et al. 2007), 9 

statistical analysis and stochastic algorithms. Other methods look for alternatives to traditional 10 

approaches. For instance, Rebora et al. (2006), developed a new spatial-temporal downscaling 11 

procedure, called RainFARM to flood forecasting, as alternative to stochastic algorithms. RainFARM 12 

generates small scale rain rate fluctuations that preservers the spatio-temporal evolution of rainfall 13 

patterns. Mendes et al. (2010) proposed an alternative to numerical models, and developed a 14 

temporal neural network for downscaling global climate outputs (downscaling daily precipitation time 15 

series). 16 

 17 

6.4.1.4. Cross-scale interactions 18 

Cross-scale interactions are defined as interacting processes across scales (spatial, temporal or 19 

organizational), resulting in nonlinear dynamics (Peters et al. 2007, Box 6.5). Many processes or 20 

organisms interact with their environment at different spatial scales, and then multiple scale models 21 

perform better than single scale models. Indeed, Boscolo and Metzger (2009) showed that multiscale 22 

models (which considered pattern-process relationships at different extents in a unique model) always 23 

performed better than single-scale model to predict the occurrences of bird species in a tropical 24 

forest, probably because extinction and recolonization processes that control species occurrences 25 

simultaneously act at different scales. However, with cross-scale interactions it can be even harder to 26 

model accurately some processes. For instance, forest dieback in New Mexico (USA) depends on 27 

factors occurring at global scales (severe drought and unusual warmth), regional scales (insect 28 

mortality agents and fire that move throughout the landscape) and local scales (environmental stress 29 

operating on individual trees), and their interactions (Allen 2007). Vegetation dieback interacts with 30 

fire activity by modifying fuel amounts, and insect herbivore populations interact with the stress 31 

operating at the plant hosts, sometimes resulting in nonlinear pest outbreak dynamics. There are 32 

many other examples of important ecological processes that are modulated by processes that interact 33 

across scales, such as bark beetle eruptions (Raffa et al. 2008), parasitism (Tompkins et al. 2011), fire 34 

disturbances (Falk et al. 2007), runoff and erosion processes (Allen 2007).  35 

 36 

Cross-scale interactions can involve both human and natural systems. The management of salmon 37 

resource in the Columbia River Basin, USA, is a good example (Peterson 2000). Conflict within and 38 

among groups of individuals and organizations that have different interests, values, and power can be 39 

viewed as an interacting hierarchical structure. Particularly, the interests of local loggers, fishers and 40 

environmentalists are in conflict with the interests of those who are planning hydropower utilities, as 41 

well as pitting native fishers against offshore fishermen and environmental groups (Peterson 2000). 42 

Those social or organizational scale interactions are thus particularly relevant for salmon management.  43 
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Those different interacting spatial, temporal and organizational scales can generate emergent 1 

behavior or nonlinear dynamics with thresholds that could not be predicted at single or multiple 2 

independent scales (Peters et al. 2004, 2007). If those cross-scale interactions are not considered, our 3 

ability to understand and identify those nonlinearities and threshold behaviors are limited. As a 4 

consequence, cross-scale interactions make interacting multiscale modelling approaches particularly 5 

important in order not only to consider the different factors that impact species distribution or 6 

ecological processes at different scales, but also to integrate their interactions across scales (see also 7 

section 6.5). Due to the complexity and the uncertainty involved in both upscaling and downscaling, an 8 

intermediate but integrated framework or model that can provide solutions to the problem of scaling 9 

would be necessary. 10 

 11 

An issue that is related to cross-scaling is the consideration of boundaries between scale. Boundaries 12 

are defined as transition zones between observational units (e.g., ecosystems, human or social 13 

systems). In ecology, boundaries have been shown to play an important role in the dynamics and 14 

functioning of landscapes (Forman and Godron 1981, 1986, Wiens et al.  1985, 1993, Holland 1988, 15 

Holland et al.  1991, Naiman et al.  1988, Naiman and Décamps 1990). Particularly, boundaries can act 16 

as semipermeable membranes, controlling biotic and abiotic flows (Wiens et al  1985, Pinay and 17 

Décamps 1988), and affecting species composition and diversity, acting in the balance between edge 18 

species and core area species (Lovejoy et al.  1986, Hansen and di Castri 1992, Décamps and Tabacchi 19 

1994, Tabacchi 1995). Boundary frequency and type also have been used for quantitative descriptions 20 

of landscape patterns, as in the case of the patchiness index (Romme 1982), the landscape contagion 21 

index (Li and Reynolds 1993) and several fragmentation indices (Li et al. 1993, Zipperer 1993). Two 22 

approaches are often used to detect boundaries. When using continuous variables, boundaries 23 

between system elements are placed where the variables show an important rate of change (Fortin 24 

1994). Boundaries are thus critical thresholds, i.e. points at which there are abrupt changes in the 25 

structure or functioning of the studied system. In the second approach, discrete or categorical system 26 

units are used and boundaries are defined as limits of  those more homogeneous areas (Johnston and 27 

Bonde 1989, Johnston et al. 1991), and can be characterized by two adjacent units. 28 

 29 

6.4.2.  Harmonization of scenarios 30 

Scenarios that are related to biodiversity and ecosystem services are produced from a number of 31 

international, national and local assessments. Each of them was developed for a specific set of 32 

objectives, such as greenhouse gas emission or sustainable development. Most of them employed 33 

different methodologies in developing the scenarios, even between different iterations of the 34 

assessment, depending primarily on the goals, spatial scales,  social-economic and policy context, and 35 

resources available for the scenario development exercises (Biggs et al. 2007).  36 

 37 

Approaches for harmonizing scenarios for biodiversity and ecosystem services across scales are not yet 38 

well developed. Existing reviews on this topic (e.g., Biggs et al. 2007) suggest that the first step in 39 

harmonizing scenarios is to identify the number of scales and/or domains that need to be linked and 40 

the strength of links that are anticipated between scales and domains. 41 

 42 
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To downscale scenarios (see Biggs et al. 2007), scenario pathways at large scale can be used as 1 

boundary conditions to frame developments of finer-scale scenarios. This ensures that outcomes of 2 

the regional scenarios do not conflict with those of the global scenarios. Also, in some case, the entire 3 

large scale scenario pathway can be translated into regional pathway. Moreover, scenarios at different 4 

scale may be developed without much reference to one another but they can then be mapped 5 

together (see section 6.4). Finally, large scale scenarios can be applied directly to examine regional 6 

policies without the need for development of complete regional scenarios. Some of the methods for 7 

downscaling scenarios can be applied to upscale scenarios from finer to broader spatial scales. 8 

Generally, to upscale finer scale scenarios to large spatial scale, scenario pathways should not conflict 9 

with one another at the larger scale. Also, teams of developers of finer scale scenario could 10 

collaboratively develop consistent regional and global scale scenarios. However, existing examples of 11 

scaling of scenario have greater emphasis on downscaling than on upscaling, limiting the available 12 

experience that could be drawn on. 13 

 14 

Available literature on standardizing and harmonizing scenarios for environmental assessments 15 

suggested three main steps: (1) identify and discuss the application of the scenarios and their main 16 

characteristics (2) compare the key assumptions and storylines behind the scenarios, and (3) compare 17 

the trends observed in the main scenario methodology in relation to policy making (van Vuuren et al. 18 

2012). Scenarios can be categorized into “scenario families” or archetypes according to their 19 

underlying assumptions, storyline, logic, and characteristics. Some of the key elements in which these 20 

scenarios differ include risk-perception and resulting policy actions to environmental change, spatial 21 

scale of drivers and systems, trends relative to the past, and degree of cooperation in the society (van 22 

Vuuren et al. 2012). Scenarios belonging to the same archetype or family can be linked together to 23 

provide more comprehensive descriptions of possible futures across scales and domains (Biggs et al. 24 

2007). 25 

 26 

Mapping of scenarios onto archetypes or families could be facilitated using tabular or graphical 27 

representation. For example, existing scenarios for global environmental assessments include the 28 

Global Scenario Group (GSG)’s work on Great Transitions (Raskinet et al. 2002, 2005), the IPCC Special 29 

Report on Emission Scenarios (SRES) (Nakicenovic et al. 2000), UNEP’s Third Global Environmental 30 

Outlook (GEO3) (UNEP 2002) and the World Water Vision work (Cosgrove and Rijsberman 2000, van 31 

Vuuren et al. 2012) (Table 6.4). To harmonize these scenarios, firstly, they are characterized by eight 32 

broad attributes: economic development, population growth, technological development, main 33 

objectives, environmental protection, trade, policies and institutions, and vulnerability to climate 34 

change (rows in Table 6.4). Based on these attributes, they can be categorized into different 35 

archetypes or scenario families: Global Sustainable Development, Business As Usual, Regional 36 

Competition, Economic Optimism, Reformed Markets and Regional Sustainability (different columns in 37 

Table 6.4). For example, the IPCC has developed multiple sets of socio-economic scenarios for 38 

different assessment reports (ARs) e.g., Special Reports on Emission Scenarios (SRES, developed in 39 

AR4) and Shared Socio-economic Pathways (SSPs, developed in AR5) (O’Neill et al. 2013). These IPCC 40 

scenarios can be characterized and mapped graphically according to the underlying socio-economic 41 

challenges for mitigation and adaption of each scenario (Figure 6.6).  42 
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 1 
Figure 6.6. An example illustrating the mapping of scenarios onto scenario familiies or archetype based on the 2 

storyline, assumption and logic of the scenarios. The example is on mappying the Special Reports on Emission 3 

Scenarios (SRES) and Shared Socio-economic Pathways (SSPs) developed by the IPCC. (based on O’Neill et al. 4 

2013). 5 

  6 
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Table 6.4. Archetypes or families of scenarios from previous global environmental assessments and their key 1 

characteristics and assumptions (adopted from van Vuuren et al. 2012). 2 

 3 
Archetype/scenario 

family 
Global 

sustainable 

development 

Business as 

usual 
Regional 

competition 
Economic 

optimism 
Reformed 

markets 
Regional 

sustainability 

Economic 

development 

 

Ranging from 

slow to rapid 
Medium Slow Very Rapid Rapid Medium 

Population growth 

 
 

Medium High Low Low Low Medium 

Technological 

development 

 

Ranging from 

medium to 

rapid 

Medium Slow Rapid Rapid Ranging from 

slow to rapid 

Main objectives 

 

 

Global 

sustainability 
Not defined Security Economic 

growth 

Various goals Local 

sustainability 

Environmental 

protection 

 

Proactive Both reactive 

and proactive 

Reactive Reactive Both reactive 

and proactive 

Proactive 

Trade 

 

 

Globalization Weak 

globalization 

Trade barriers Globalization Globalization Trade barriers 

Policies and 

institutions 

 

Strong global 

governance 
Mixed Strong national 

governments 

Policies create 

open markets 

Policies target 

market failures 

Local action 

Vulnerability to 

climate change 

 

Low Medium Mixed – varies 

regionally 

Local action Low Low 

Examples 

 
 

      

SSP 

 
 

SSP1 SSP2 SSP3/SSP4 SSP5   

SRES 

 
 

B1 (A1T) B2 A2 A1F1  B2 

GEO3/GEO4 

 

 

Sustainability 

First 
 Security First Market First Policy First  

Global Scenario 

Group 

 

New 

Sustainability 

Paradigm 

 Barbarization Conventional 

World 

Policy Reform Eco-

communalism 

Millennium 

assessment 

 

Techno-garden  Order from 

Strength 

 Global 

Orchestration 

Adapting 

Mosaic 

 4 

6.4.3  Benchmarking of models 5 

Benchmarking is the process of systematically comparing sets of model predictions against measured 6 

data in order to evaluate model performance. It should also help identifying processes that may be 7 

poorly represented in models (McCarthy et al. 2012). Model inputs are commonly harmonized across 8 

several models. Benchmarking is common practice in fields other than ecology: for example, Global 9 



Second Order Draft IPBES Deliverable 3c DO NOT CITE 

 

 

 
 

Page 628 
 

Circulation Models included in the IPCC need to be able to hindcast historic temperature trends, 1 

derived from multiple sources. In scenario work, model predictions are sometimes weighted by the 2 

model performance in relation to the benchmarks (e.g. Rammig et al. 2011). General guidelines for 3 

benchmarking environmental models have been developed by Bennett et al. (2013) and a particular 4 

framework for land (ecosystem) models by Luo et al. (2012), but we are not aware of any multi-model 5 

benchmarking activity with biodiversity models at the species level or ecosystem service models. The 6 

framework proposed by Luo and colleagues as part of the International Land Model Benchmarking 7 

(ILAMB) project includes 1) targeted aspects of model performance to be evaluated, (2) a set of 8 

benchmarks as defined references to test model performance, (3) metrics to measure and compare 9 

performance skills among models, and (4) model improvement. To improve the credibility of species-10 

based biodiversity and ecosystem service models, benchmarking should be further developed. Species 11 

distribution models, for example, could be tested against observed historical changes in species ranges 12 

(Chen et al. 2011).  13 

 14 

Benchmarking should be accompanied by standardized model documentation and archiving of model 15 

source codes, input data, model results and model result processing tools. For biogeochemical models, 16 

such as global terrestrial carbon cycle models, guidelines for developing standardized archives were 17 

suggested by Thornton et al. (2005). The current situation is unsatisfactory. Even though the results 18 

from numerical models should in principle be 100% reproducible, this is often not the case, e.g. 19 

because complex models are often under constant development, implying that references to 20 

published model descriptions are outdated. Archives for this purpose still have to be developed 21 

(Thornton et al. 2005).   22 

 23 

 24 

6.5 Uncertainty in linking and harmonizing models  
25 

6.5.1  Cascade of uncertainty from models linking biodiversity and ecosystem 26 

services 27 

Uncertainty in model projections for any time horizon and spatial scale arises from three sources: (1) 28 

internal variability, (2) model uncertainty and (3) scenario uncertainty (Figure 6.7). Internal variability 29 

is caused by natural physical, ecological and social processes that are intrinsic to systems. It arises even 30 

in the absence of any human drivers. Model uncertainty is comprised of parameter and structural 31 

uncertainty (Tebaldi and Knutti, 2007) and uncertainty from model assumptions (Platt et al. 1981). 32 

Parameter uncertainty  relates  to  the  specific  parameter  values  used  in  given equations that  33 

determine  the behavior of a model (Tebaldi and Knutti, 2007; Knutti et al., 2010). Structural 34 

uncertainty relates to different ways in which ecological, social and economics interactions can be 35 

mathematically represented. Scenario uncertainty relates to the many possible futures that may 36 

happen due to differences in the natural and/or anthropogenic forcing that drive the model   37 

simulation. In modelling biodiversity and ecosystem services, it may be an explicit goal to maximize 38 

scenario uncertainties because scenarios are useful ways to take into account uncertainties and to link 39 

between them various scales and dimensions (Carpenter 2002; Swart et al. 2004). Uncertainties from 40 

one model component can carry on into other components, and in some cases, be magnified when 41 
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they are linked. 1 

 2 
Figure 6.7: Cascade of uncertainties of linking biodiversity and ecosystem services models. 3 

 4 

Linking models across spatial and temporal scales and domains may potentially enlarge the envelope 5 

of uncertainty from the different types of uncertainties. To assess confidence in model projections, we 6 

suggest three possible tiers of evaluation: (1) consistency with mean spatial patterns and temporal 7 

patterns across the scales of interest; (2) consistency with past observed responses to variability; and 8 

(3) consistency with attribution of observed temporal and spatial trends to particular drivers. 9 

Representative model metrics are needed to evaluate different aspects of model projections. 10 

 11 

The first tier of evaluation can be applied to all biodiversity and ecosystem service projections so that 12 

implausible projections can be identified. Model simulations that do not reproduce the broad mean 13 

spatial and temporal patterns of change suggest that the models may not sufficiently represent the 14 

biophysical and socio-economic components that are important for the aspects of biodiversity or 15 

ecosystem services and scale of interest. Also, data are generally available for such  broad-scale 16 

evaluation (Table  3). This is consistent with the description of Overland et al.(2011) of a coarse 17 

"culling" of models if they are in very stark disagreement with observations. 18 

 19 

Limited availability of data sets may make it impossible to evaluate models for at all three tiers. In 20 

particular, data is challenged by issues of consistency between timeframe and spatial scales and 21 

confounding effects of multiple human pressures such as climate and fishing.  These limitations of 22 

available data should not prevent application of the models and deem all model projection unreliable, 23 

as projections also gain credibility through their reliance on robust ecological and physiological 24 

principles. It should, however, temper interpretation of results. 25 

 26 

6.5.2 Scaling errors and uncertainty 27 

Downscaled and upscaled predictions can differ from observed values for different reasons, including 28 

nonlinearity in scaling properties (or in the functional relationships between processes and 29 

environmental variables; Jarvis 1995), species spatial aggregation or patchiness and cross-scale 30 
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interactions. As a consequence, the higher the order of magnitude of scaling predictions, the higher is 1 

the risks of propagating errors (Jarvis 1995). 2 

 3 

The first potential source of error and uncertainty in extrapolating pattern across scales is scale 4 

variance (Figure 6.8). It is reasonable to think that the larger the extent (with a constant grain) or the 5 

higher the grain (with a constant extent), the larger will be the heterogeneity observed, and the higher 6 

will be the probability of having discontinuity in the properties of the observed object with the change 7 

in scale. For example, temperature and precipitation in mountain areas are highly affected by the 8 

heterogeneity of the relief, which is unevenly distributed spatially. As a consequence of this local 9 

aggregated heterogeneity, there are sharp differences in mountain areas between original (field-10 

based) temperature and precipitation values and downscaled data sets provided by global climatic 11 

models (Karynand and Williams 2010). Those abrupt changes or transition zones in system properties 12 

delimit “domains of scale”. Inside each domain, scale variance is linear (i.e., the functional 13 

relationships  among  studied  components  are  constant),  while  in  between  domains,  properties 14 

change abruptly. Scaling inside the same domain of scale, or for objects or systems that present scale 15 

invariance (such as fractal systems), is usually simple and can be done with relatively simple regression 16 

functions. For example, it is well known that the size and frequency of disturbances are inversely 17 

related (e.g., large-scale disturbances are less frequent than small-scale disturbances), and this can be 18 

easily represented by a power-law function (White et al., 2008). However, scaling between two or 19 

more domains of scale, where non-linear relationships occur, may be much more challenging to 20 

apprehend with simple mathematical models, and thus can lead to significant errors propagation. For 21 

some authors, extrapolations across domains of scale are not recommended (Wiens 1989). 22 

 23 

A second significant source of scaling errors is related to species’ distributional features, such 24 

as species spatial aggregation, which may bias estimates if the scaling process is nonlinear (Stoy et al. 25 

2009). Errors are commonly more severe when projecting the location of species, compared to the 26 

global range. Indeed, downscaling usually tends to lead to an overestimation of species distributions 27 

(Sardà-Palomera et al. 2012). However, precise information on species distribution at a local level is 28 

crucial for local decision making (Franklin et al. 2013), such as for identifying biodiversity hotspots 29 

(Sardà-Palomera et al. 2012). In those cases, a more complex framework, combining niche and spatial 30 

models with spatially explicit fine-grain approaches is necessary to reduce errors when modeling 31 

species locations (Azaele et al. 2012). Different techniques have been proposed to deal with species' 32 

spatial aggregation, such as the scale transition theory (Melbourne and Chesson 2006) and the shot 33 

noise Cox processes (SNCP), which allow a better prediction of population estimates at fine scales 34 

starting from coarser ones (Azaele et al. 2012). 35 
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 1 
Figure 6.8. Expected relationship between spatial (or temporal) resolution and between-grain (or between 2 

temporal observation) variance in heterogeneous landscapes (adapted from Wiens 1989). As resolution decrease 3 

(increase in grain size), variance between sampling or observational units (i.e. grains) should decrease (but 4 

variance inside sampling units, not represented here, will increase). An increase in the temporal or spatial extent 5 

will also expand the potential observed heterogeneity, increasing thus between-grain variance. The higher is this 6 

variance (i.e. the higher is the resolution and the extent), the higher will be the error and uncertainty in 7 

extrapolating pattern across scales.  8 

 9 

Another additional source of error is related to cross-scale interactions, when processes interact at 10 

different spatial or temporal scales. Errors and uncertainty are thus inherent to any scaling  procedure. 11 

Carbon flux from woody debris, for example, is simultaneously affected by climate, site environment 12 

and species-specific variations in wood characteristics (Weedon et al. 2009), and by the interactions of 13 

those processes that occur at different spatial and temporal scales. As a consequence, any upscaling or 14 

downscaling framework will need to consider interactions among those processes to properly model 15 

carbon dynamics. In this sense, it could be useful to consider species traits that regulate wood and 16 

decomposition characteristics at a more local (plot) scale even in global terrestrial carbon cycle models 17 

(Weedon et al. 2009). To reduce this problem, it is first crucial to identify “domains of scale” and theirs 18 

respective scaling thresholds, which should reflect fundamental shifts in underlying processes that 19 

regulate the studied system (Wu and Li 2006), and to deal with caution with any extrapolation across 20 

domains. It is thus necessary to identify cross-scale interactions and to develop multiple- scaled 21 

models that allow integrating those interactions across scales. 22 

 23 

Ground observations and global models on coarse spatial resolutions are important sources for data of 24 

simulating changes of biodiversity and ecosystem services (Box 6.3). However, too sparsely distributed 25 

ground observations are often unable to satisfy the data requirements of regional or local 26 

stakeholders and decision makers. One major problem is how to estimate values for locations where 27 

reliable estimates can not be generate by interpolation. Many global models are difficult to be used at 28 
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regional and local levels because their spatial resolutions are too coarse or region-specific important 1 

processes are missing. Global models have to be down-scaled and regionally tested or region- and site-2 

specific models have to be developed (e.g. Hickler et al. 2012, Seiler et al. 2014). High-quality ground 3 

observation data and model benchmarking at the desired scale is crucial for any of the two 4 

approaches. 5 

 6 

 7 

6.6.  Conclusions  8 

 9 

Because of the complexity of systems relevant for assessing the current status and trends of 10 

biodiversity and ecosystem services and for developing future scenarios, it is often necessary to link 11 

models or scenarios representing different components of the relevant social-ecological systems. 12 

Multiple  parallel  efforts  for  modelling  and  assessing  biodiversity  and  ecosystem services for 13 

different domains and at different scales exist. Models and scenarios that integrate feedbacks and 14 

tradeoffs across temporal and spatial scales and among dynamic societal economic and natural systems 15 

can address complex challenges and guide decision making. However, the question of whether 16 

biodiversity and ecosystem service models should be directly linked depends on the research objectives 17 

and societal demands. Nevertheless, we think that not all useful linkages have been utilized and more 18 

direct linkages have great potential. 19 

 20 

To facilitate the development of methods for linking and harmonizing scenarios and models, we need 21 

to build communities of multi-disciplinary researchers and practitioners to support such research and 22 

decision support. The rapidly growing number of model intercomparison projects facilitate the 23 

harmonization of models and cultivate a community to make advancements in the long-term. 24 

However, existing intercomparison projects are sectorally focused, e.g., for carbon cycling, forest 25 

productivity, agriculture or fisheries. Strengthening  the linkages between biophysical and human 26 

domains is a major challenge. There are increasing efforts in this area such as IAMs and ecosystem 27 

services assessments. However, more extensive development and application of these approaches 28 

should be encouraged to accelerate the state-of-the-art in linking models and scenarios across social 29 

and natural domains. 30 

 31 

Box 6.1 Using scenarios of global change to project species distributions and biodiversity trends into 32 

the future 33 

Visconti et al. (2015) projected trends of ca. 400 species of terrestrial large mammals in two widely 34 

used indicators of population abundance (the Living Planet Index; LPI) and extinction risk (the Red   List 35 

Index; RLI) under different climate and land-use change scenarios. These two complementary 36 

indicators have been adopted by the CBD to measure progress towards global biodiversity targets. 37 

 38 

The impact of climate change on species' geographic range was quantified by fitting bioclimatic 39 

envelope models to the present-day species’ distributions, and projecting these under future climate 40 

associated with two scenarios of socio-economic development until 2050. The two scenarios, 41 

developed for the Rio+20 conference held in Rio in 2002 represent business-as-usual production and 42 
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consumption patterns and rates, or reduced consumption (PBL 2012). For each socio-economic 1 

scenario, three species responses to climate change were tested: 1) species cannot disperse  into  new  2 

climatically  suitable  areas;  2)  species  can  expand  their  distributions  each generation by a median 3 

dispersal distance estimated using statistical models; or 3). Species adapt locally (their geographic 4 

ranges are not affected by climate change). Projected species ranges were further assessed for 5 

compatibility with species’ fine-scale ecological requirements with habitat suitability models (Rondinini 6 

et al. 2011, Visconti et al. 2011) based on species’ land cover and altitudinal  preferences  and  7 

sensitivity  to human  disturbance.  These  models  were  applied  to projected land-use maps from the 8 

IMAGE model (Bouwman et al. 2006) under each scenario, to quantify for each species the extent of 9 

suitable habitat (ESH). The distribution projected under each climate change scenario was taken as the 10 

extent of occurrence (EOO). The ESH was treated as the maximum potential value of area of 11 

occupancy (AOO). The number of mature individuals of a species was estimated by multiplying the 12 

AOO by population density from observed and modelled data. These parameters were applied to Red 13 

List criteria to evaluate each species’ Red List category for each year under each scenario, from which 14 

the overall RLI was calculated following Butchart et al. (2007) (Fig. B6.1). The uncertainty around the 15 

proportion of mature individuals and proportion of suitable habitat occupied (AOO/ESH) was 16 

incorporated into RLI projections by randomly sampling these parameters from a distribution with 17 

intervals gathered from the literature and performing a Monte Carlo simulation. Estimates of mature 18 

individuals for each species and each year were used to generate the LPI for each scenario following 19 

Collen et al. (2009). The methodology was validated through hind-casting species distributions and 20 

biodiversity indicators from 1970. 21 

 22 

Testing these on terrestrial carnivore and ungulate species, Visconti and colleagues found that  both  23 

indicators  decline  steadily,  and  by  2050,  under  a  business-as-usual  scenario,  the  LPI declines by 24 

18-35% while extinction risk increases for 8-23% of the species, depending on assumptions about 25 

species responses to climate change. Business-as-usual will therefore fail CBD target 12 of improving 26 

the conservation status of known threatened species. An alternative sustainable development 27 

scenario reduces both extinction risk and population losses compared with Business-as-usual and 28 

could lead to population increases. 29 

 30 
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1 
 Figure B6.1 Spatial patterns of trends in Red List Index. (A,B) Bivariate plot showing spatial pattern in 2 

species  richness  and  trends  in  the  Red  List  Index  (d-RLI)  between 2010  and  2050  under  the 3 

business-as-usual scenario, with land use and climate change and assuming maximum dispersal (A) and no 4 

dispersal (B). (C-D) Relative improvements in d-RLI for the reduced impact scenario relative to business-as-5 

usual for year 2050 under maximum dispersal (C) and no dispersal (D). Areas in white contain fewer than 5 6 

species per grid cell modeled in 2010. 7 

 8 

Box 6.2: Integrated assessment model - The IMAGE 3.0 Framework 9 

 10 

The IMAGE integrated assessment modelling framework has been developed to understand how 11 

global, long-term environmental change and sustainability problems develop over time, driven by 12 

human activities, such as economic development and population growth (Fig. B6.2). Similar to other 13 

integrated assessment models, IMAGE can be used to identify problems of global environmental 14 

change, and to advise on possible response strategies. Earlier versions of the IMAGE model have been 15 

used to support various international assessments, including IPCC assessments, UNEP’s   Global   16 

Environment   Outlooks,   OECD’s   Environmental   Outlooks   and   the   Millennium Ecosystem 17 

Assessment. Moreover, the model has been extensively used in the scientific literature. 18 

 19 

IMAGE assesses the impacts of socio-economic drivers on the environment, such as climate change, 20 

land-use change and pollution, and these provide inputs to the GLOBIO3 model to help  evaluate  21 

impacts on biodiversity.  GLOBIO3 was developed to  provide information to  policy makers at the 22 

international level on current biodiversity status and future trends (Alkemade et al. 23 

2009). The model delivers quantified results on the impact of environmental drivers and potential 24 

policy options on biodiversity. Potential trends in biodiversity are addressed in future scenarios, 25 

including the expected outcome in the absence of additional policies to prevent biodiversity loss. 26 

GLOBIO3 delivers output in terms of MSA (species abundance relative to the natural state of original 27 

species), land cover and land use (high resolution land use and land use intensity based on GLC2000 28 

and IMAGE), SRI (species richness index) and Wilderness area. 29 
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 1 
Figure B6.2.1. Framework of the IMAGE 3.0 Integrated Assessment Model.  2 

 3 

 4 

Box 6.3 Interpolation of local information with extracted global information 5 

Ground observation, a significant source of local information, can obtain high accuracy data at 6 

observation points, but observations at fixed positions are confined within some limited dispersal 7 

points. Sparsely distributed data are often unable to satisfy the data requirements of most ecosystem 8 

change studies. One major problem is how to estimate values for locations where primary data is not 9 

available (Akinyemi and Adejuwon 2008). An earth surface (a region) is controlled by a combination of 10 

global and local factors, which cannot be understood without accounting for both the local information 11 

and global information (Yue, 2011).Introduction of global information by establishing statistical transfer 12 

functions (STFs) is an efficient approach to improve the estimation error of ecological variables for 13 

locations where primary data is not available.  14 

For instance, a spatial interpolation of mean annual precipitation (MAP) in China changes spatially as a 15 

function of latitude, longitude, and topographic variation (Yue et al., 2013). MAP shows spatial non-16 

stationarity and must be estimated with a geographically weighted regression (GWR). In fact, most 17 

atmospheric moisture is derived by the evaporation of ocean water and controlled by the 18 

transportation of air masses from the tropics to the polar areas. During this transportation, air masses 19 

cool down, leading to continuous condensation and rain-out from low to high latitudes on both 20 

hemispheres (van der Veer et al. 2009). Latitude and longitude can be used to reflect the influence of 21 

general circulation and continentality on precipitation. Spatial variability of precipitation in complex 22 
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terrain is caused by the dependence of precipitation on altitude and windward effects (Franke et al. 1 

2008).  2 

A statistical analysis of precipitation data from the 661 meteorological stations (Fig. 1a) demonstrates 3 

that precipitation has a close relationship with topographic aspect, latitude, longitude and elevation. 4 

The STF of MAP under a BOX-COX transformation was derived as a combination of minimized residuals 5 

output by HASM with a GWR using latitude, longitude, elevation, impact coefficient of aspect and sky 6 

view factor as independent variables. The MAP transfer function is abbreviated as HASM-GB. Let7 

, in which  represents latitude,  refers to longitude,  is elevation, 8 

 the impact coefficient of aspect on precipitation, and the sky view factor. Then the STF of 9 

MAP under a BOX-COX transformation can be formulated as,  10 

                      (1) 11 

           （2） 12 

                          (3) 13 

where ,  is the simulated result of MAP at the grid cell (14 

) in the period of ; ,  is the observed value at 15 

meteorological station in the period of ;  is a BOX-COX transformation of 16 

annual mean precipitation  at observation station  in the year , in which 〈 is a parameter to be 17 

determined and equals to 0.475 for the special case of China;  refers to longitude of grid cell ; 18 

represents latitude;  is elevation;  is the impact coefficient of aspect on precipitation; （19 

）are coefficients to be simulated. 20 

The introduction of spatial non-stationarity analyses into the interpolation of meteorological stations 21 

has greatly improved the interpolated climate surfaces (Fig.1c). For instance, IDW was applied to 22 

interpolation of MAP in Chinaduring the period from 1960 to 2010, taking a digital elevation model 23 

(DEM) as secondary data (Fig. 1b); mean absolute error of the MAP was 102.23 mm. The mean relative 24 

error of the interpolated MAP decreased by 3% due to the combination of Geographically Weighted 25 

Regression with IDW; in addition, when a method for high accuracy surface modelling (HASM) is used, 26 

which has much better performance comparing with the classical methods such as IDW, Kriging and 27 

Spline (Haber, 2012; Jorgensen, 2011), the accuracy of the interpolated MAP has been increased by 3% 28 

(Yue et al., 2013). 29 
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        1 

 a) b)  c) 2 

Figure B6.3 a) Spatial distribution of the meteorological stations with location information in China, b) Digital 3 

elevation model of China, c) Surface of mean annual precipitation in China.  4 

 5 

Box 6.4: Case study – Manawatu watershed, New Zealand 6 

The Manawatu River watershed is located in the North island of New Zealand. The river itself is unique 7 

in that it cuts through a mountain range to reach the sea. The watershed is home to about 200,000 8 

people and the land intensively used for agriculture, particularly dairying. Historically, steep hills were 9 

forested, but forest is now down to 20% of the original cover (Dymond et al, 2010). Wetlands have also 10 

been reduced with 97% converted to other land use types (Dymond et al, 2010). Māori, the indigenous 11 

peoples of New Zealand, have been settled in the Manawatū for centuries.  12 

Figure B6.4.1 Generic overview of interlinking issues from an Ecosystem Services perspective, providing a start 13 

point for stakeholder dialogue. 14 

In 2009, a newspaper article labelled the Manawatu the ‘river of shame’. Researchers had ranked it as 15 

the worst of 300 rivers tested for daily change in dissolved oxygen (Clapcott & Young, 2009). In 16 
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response, the regional government initiated a collaborative process to bring together stakeholder 1 

which became the Manawatu River Leadership Forum.  This coincided in timing with MBIE funding 2 

Ecological Economics Research New Zealand to undertake the ‘Integrated Freshwater Solutions’ (IFS) 3 

action research project.  4 

The IFS project worked with the Manawatu River Leadership Forum. Stakeholders took part in a 5 

Mediated Modelling (MM) process which can be described as model building with rather than for 6 

stakeholders (van den Belt, 2004). MM was used to support the collaborative effort to understand the 7 

underlying systems driving poor water quality, specifically those causing eutrophication, erosion and 8 

habitat destruction. System dynamics (using STELLA software) was the modelling approach used in the 9 

workshops. A scoping model (Costanza & Ruth, 1998) was constructed. A detailed description of model 10 

context, process and content can be found in  (van den Belt, Forgie, Singh, & Schiele, 2011). The results 11 

of the merged stakeholder process were mixed (see van den Belt et al, 2013). The overview of the MM 12 

model is illustrated in Figure B6.4.1. 13 

The MM scoping model was used to ‘play out’ some of the scenarios associated with the detailed 14 

‘Action Plan’ signed off by the Manawatu River Leaders Forum.  An example is funding to reduce 15 

erosion by retiring land and planting trees as part of the the Sustainable Land Use Initiative (SLUI).  16 

Figure 6.4.2 illustrates sediment loading in tonnes per year when the impact of the Sustainable Land 17 

Use Initiative is taken into account. 18 

Figure B6.4.2 Sediment loading in tonnes per year taking the impact of the Sustainable Land Use Initiative into 19 

account. 20 

The MM effort with stakeholders was subsequently translated and enhanced to develop a spatially 21 

explicit, dynamic Multi-scale Integrated Model for Ecosystem Services (MIMES) (Altman, Boumans, 22 

Roman, Gopal, & Kaufman, 2014). This involved scientists from different disciplines and research 23 

organizations. MIMES uses Simile software and links multiple data bases in a way that allows the 24 

bundling and trading of ecosystem services over time and space. An overview of MIMES for the 25 

Manawatu watershed is shown in Figure B6.4.3. 26 
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MIMES can be used to output scenarios as shown in Figure B6.4.4.  Here erosion control (as undertaken 1 

for example by the SLUI programme) is mapped to highlight the change in ‘hotspots’ over time and 2 

space (Crossman and Bryan, 2009).  There was no research funding available to fully validate and 3 

ground-proof the Manawatu MIMES model.  4 

Figure B6.4.3 Overview of MIMES Manawatū. 5 

 6 

Figure B6.4.4 MIMES scenario outputs at Manawatu. 7 

  8 
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The progression of model development from MM to MIMES required a transition from interpreting 1 

stakeholder perceptions to more data-intense, specialist, modelling by the science community. Figure 2 

B6.4.5 shows Figure B6.4.1 upgraded to reflect this. Figure B.6.4.5 emphasizes the gap between the 3 

supply and demand of ecosystem services.  Value is based on whether there is an abundance or a 4 

shortage of ecosystem services over time and space, taking the views of both market and non-market 5 

stakeholders into account (van den Belt & Cole, 2014) (van den Belt et al 2012; van den Belt and Cole 6 

2014; van den Belt et al in press 2015).  7 

Figure B6.4.5 Upgraded overview of interlinking issues from an Ecosystem Services perspective, emphasizing the 8 

gap between the supply and demand of ecosystem services. 9 

 10 

Box 6.5. Regional assessments should account for both global information and local information  11 

Ecosystem services are controlled by a combination of global and local factors, which cannot be 12 

understood without accounting for both the local and global components (Wilson & Gallant, 2000). 13 

The system dynamics that generate the ecosystem services cannot be recovered from the global or 14 

local controls alone (Phillips, 2002). In terms of the fundamental theorem of surfaces (Somasundaram, 15 

2005), a surface is uniquely defined by the first and the second fundamental coefficients. The first 16 

coefficients express the information about the details of the surface that is observed when we stay on 17 

the surface and the second coefficients express the change in the surface observed from outside the 18 

surface itself (Yue, 2011).  19 

Ground observation is a source of local information, from which interpolation methods such as Kriging 20 

(Krige, 1951) and thin plate splines can be used to create a surface of carbon stocks. Satellite 21 

observation is an important source of global information for the simulation of carbon stocks. Ground 22 
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forest inventory is able to accurately estimate forest carbon stocks at sample plots, but these sample 1 

plots are too sparse to support the spatial simulation of carbon stocks with required accuracy. Satellite 2 

remote-sensing can supply spatially continuous information about the surface of forest carbon stocks, 3 

which is impossible from ground-based investigations, but their description incorprorates considerable 4 

uncertainty. An efficient fusion of local information and global information can considerably reduce the 5 

uncertainty of carbon stock simulations. 6 

In this box, we validate the results produced respectively by a satellite-data-based approach (SBA) (Piao 7 

et al., 2009) and a local-information-based approach (Fang et al., 2001) with the results from fusing 8 

local and global information by means of high accuracy surface modelling (HASM) (Yue, 2011). China’s 9 

national forest inventory database from 2004 to 2008 includes 160,000 permanent sample plots and 10 

90,000 temporary sample plots scattered over the land surface of China. The cross-validation was 11 

comprised of four steps: (i) 5% of the sample plots of each forest type in each province were removed 12 

for validation prior to model creation; (ii) the spatial distribution of average forest carbon stocks (CS) in 13 

China during the period 2004-2008 was simulated at a spatial resolution of 5km×5km using the 14 

remaining 95% of the sample plots; (iii) the mean absolute error (MAE) and mean relative error (MRE) 15 

were calculated using the 5% validation set; and (iv) the 5% validation set was returned to the pool of 16 

available sample plots for the next iteration, and another5 % validation set was removed. This process 17 

was repeated until all of the sample plots were used for validation at least one time and the simulation 18 

error statistics for each sample plot could be calculated. 19 

The MAE and MRE are respectively formulated as 20 

 and    , where represents forest carbon stocks at the 21 

ith control point for validation; represents the simulated value at the ith control point for validation; 22 

and is the total number of control points for validation. 23 

MAEs of the carbon stock surfaces, generated by the SBA global-information-based method (Fig 1a) 24 

and the Kriging local-information-based method(Fig.1b), are respectively 1.9 and 2.0 kg·m-2. When the 25 

local information is combined into SBA by means of HASM, which is denoted below as HASM-SBA, the 26 

MAE is decreased to 1.3 kg·m-2. The MREs of both the global and local- information-based methods 27 

have been reduced by at least 16% because the local and global information were fused by means of 28 

HASM (Table B6.5.1). 29 

 30 
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a)   b) c) 1 

Figure B6.5.1.: Surfaces of carbon stocks created by different methods: a) SBA, b) Kriging and c) HASM-SBA 2 

Table B6.5.1. Comparison of errors from different methods. 3 

Methods MAE (Kg·m
-2

) MRE (%) 

SBA (based on global information) 1.9 49 

Kriging (based on local information) 2.0 50 

HASM-SBA (based on both local and global information) 1.3 33 

 4 

In terms of HASM-SBA, annual mean carbon stocks (AMCS) of all forest types in China was 7.1 Pg during 5 

the period 2004-2008, given contributions of 2.7, 4.0, and 0.4 Pg from coniferous, broadleaf and mixed 6 

forests, respectively (Table B6.5.2). Similarly, the annual mean carbon density (AMCD) was 4.6 kg/m2 7 

during the period 2004-2008, with contributions of 4.4, 4.7, and 4.2 kg/m2 from coniferous, broadleaf, 8 

and mixed forests respectively. SBA underestimates AMCS, whereas Kriging overestimates the AMCS of 9 

China (Table B6.5.2). 10 

 11 

Table B6.5.2. Estimated annual mean carbon stocks and carbon densities from different methods. 12 

Forest type SBA Kriging HASM-SBA 
 AMCS (Pg) AMCD 

(kg/m
2
) 

AMCS (Pg) AMCD 
(kg/m

2
) 

AMCS (Pg) AMCD 
(kg/m

2
) 

Coniferous forests 2.5 3.9 2.8 4.4 2.7 4.4 

Broadleaf forests 3.6 4.3 4.1 4.9 4.0 4.7 

Mixed forests 0.5 4.9 0.4 4.2 0.4 4.2 

Totals 6.6  7.3  7.1  

 13 

  14 



Second Order Draft IPBES Deliverable 3c DO NOT CITE 

 

 

 
 

Page 643 
 

References
 1 

Ainsworth, C.H., Samhouri, J.F., Busch, D.S., Cheung, W.W.L., Dunne, J., Okey, T.A., 2011. Potential impacts of 2 

climate change on Northeast Pacific marine food webs and fisheries. ICES Journal of Marine Science, 68, 3 

1217-1229. 4 

Alcamo J, Doll P, Henrichs T, Kaspar F, Lehner B, Rosch T, Siebert S (2003) Development and testing of the 5 

WaterGAP 2 global model of water use and availability. Hydrological Sciences Journal 48:317-337. 6 

Alkemade R, van Oorschot M, Miles L, Nellemann C, Bakkenes M, ten Brink B (2009) GLOBIO3: A Framework to 7 

Investigate Options for Reducing Global Terrestrial Biodiversity Loss. Ecosystems 12:374-390. 8 

Algar, A.C., Kharouba, H.M., Young, E.R., Kerr, J.T., 2009. Predicting the future of species diversity: 9 

macroecological theory, climate change, and direct tests of alternative forecasting methods. Ecography, 10 

32, 22-33. 11 

Altman, I., Boumans, R., Roman, J., Gopal, S. & Kaufman, L. 2014.An Ecosystem Accounting Framework for 12 

Marine Ecosystem-Based Management. In: Fogarty, M. J. & McCarthy, J. J. (eds.) Marine Ecosystem-based 13 

Management. Harvard University Press. 14 

Anderson M. C., William P. Kustas, and John M. Norman, 2003. Upscaling and Downscaling—A Regional View of 15 

the Soil–Plant–Atmosphere Continuum. Agron. J. 95:1408–1423 16 

Ashiq MW, Zhao CY, Ni, J, Akhtar M (2010) GIS-based high-resolution spatial interpolation of precipitation in 17 

mountain–plain areas of Upper Pakistan for regional climate change impact studies. Theoretical and 18 

Applied Climatology 99: 239-253. 19 

Azaele, S., Cornell, S.J., Kunin, W.E., 2012. Downscaling species occupancy from coarse spatial scales. Ecological 20 

Applications, 22, 1004-1014. 21 

Barton et al. (2015) 22 

Barwell, L.J., Azaele, S., Kunin, W.E., Isaac, N.J.B., Richardson, D., 2014. Can coarse-grain patterns in insect atlas 23 

data predict local occupancy? Diversity and Distributions, 20, 895-907. 24 

Batker, D., Kocian, M., McFadden, J. & Schmidt, R. 2010. Valuing The Puget Sound Basin: Revealing Our Best 25 

Investments. 26 

Bennett ND, Croke BFW, Guariso G, Guillaume JHA, Hamilton SH, Jakeman AJ, Marsili-Libelli S, Newham LTH, 27 

Norton JP, Perrin C, Pierce SA, Robson B, Seppelt R, Voinov AA, Fath BD, Andreassian V (2013) 28 

Characterising performance of environmental models. Environmental Modelling & Software 40:1-20. 29 

Bertino, L., Lisæter, K. A., & Scient, S. (2008). The TOPAZ monitoring and prediction system for the Atlantic and 30 

Arctic Oceans. Journal of Operational Oceanography, 1(2), 15-18. 31 

Biggs, R., Raudsepp-Hearne, C., Atkinson-Palombo, C., Bohensky, E., Boyd, E., Cundill, G., Fox, H., Ingram, S., Kok, 32 

K., Spehar, S., 2007. Linking futures across scales: a dialog on multiscale scenarios. Ecology and Society, 33 

12, 17. 34 

Blanchard, J., Jennings, S., Holmes, R., Harle, J., Merino, G., Allen, J., Holt, J., Dulvy, N.K., Barange, M., 2012. 35 

Potential consequences of climate change for primary production and fish production in large marine 36 

ecosystems. Philosophical Transactions of the Royal Society B: Biological Sciences, 367(1605), 2979-2989. 37 

Böttcher, H., Verkerk, P.J., Gusti, M., HavlÍk, P., Grassi, G., 2012. Projection of the future EU forest CO2 sink as 38 

affected by recent bioenergy policies using two advanced forest management models. GCB Bioenergy, 4, 39 

773-783. 40 

Bombi, P., Salvi, D., Bologna, M.A., Pettorelli, N., 2012. Cross-scale  predictions allow the identification of local 41 

conservation priorities from atlas data. Animal Conservation, 15, 378-387. 42 

Bondeau, A., Smith, P.C., Zaehle, S., Schaphoff, S., Lucht, W., Cramer, W., Gerten, D., Lotze-Campen, H., Müller, 43 

C., Reichstein, M., Smith, B., 2007. Modelling the role of agriculture for the 20th century global terrestrial 44 

carbon balance. Glob Chang Biol, 13, 679-706. 45 



Second Order Draft IPBES Deliverable 3c DO NOT CITE 

 

 

 
 

Page 644 
 

Boumans, R. & Costanza, R. 2007. The multiscale integrated Earth systems model (MIMES): the dynamics, 1 

modelling and valuation of ecosystem services. In: Leslie, R. N. (ed.) GWS Issues in Global Water System 2 

Research, Global Assessments: Bridging Scales and Linking to Policy. Germany: The Global Water System 3 

Project. 4 

Boumans, R., Costanza, R., Farley, J., Wilson, M. A., Portela, R., Rotmans, J., Villa, F. & Grasso, M. 2002.Modeling  5 

the  dynamics  of  the  integrated  earth  system  and  the  value  of  global ecosystem services using the 6 

GUMBO model. Ecological Economics, 41, 529-560. 7 

Bouwman  A.,  Kram  T.,  Klein  Goldewijk  K.  (2006)  Integrated  modelling  of  global  environmental change: an 8 

overview  of Image 2.4. Netherlands Environmental Assessment Agency Bilthoven. 9 

Boumans, R. & McNally, D. 2012. MIMES: multiscale, integrated models for assessing ecosystem services. 10 

Vermont, USA: Afordable Futures LLC. Available: http://www.afordablefutures.com/about-us [Accessed 11 

13th September 2012 2012]. 12 

Chen, B., Ge, Q., Fu, D., Yu, G., Sun, X., Wang, S., Wang, H., 2010. A data-model fusion approach for upscaling 13 

gross ecosystem productivity to the landscape scale based on remote sensing and flux footprint 14 

modelling. Biogeosciences, 7, 2943-2958. 15 

Braat, L. C. & de Groot, R. 2012. The ecosystem services agenda:bridging the worlds of natural science and 16 

economics, conservation and development, and public and private policy. Ecosystem Services, 1, 4-15. 17 

Brashares JS et al. (2004) Bushmeat Hunting, Wildlife Declines, and Fish Supply in West Africa. Science 306: 1180-18 

1183. 19 

Bryan BA, Crossman ND (2013) Impact of multiple interacting financial incentives on land use change and the 20 

supply of ecosystem services. Ecosystem Services 4:60-72. 21 

doi:http://dx.doi.org/10.1016/j.ecoser.2013.03.004. 22 

Bryan BA, Nolan M, Harwood TD, Connor JD, Navarro-Garcia J, King D, Summers DM, Newth D, Cai Y, Grigg N, 23 

Harman I, Crossman ND, Grundy MJ, Finnigan JJ, Ferrier S, Williams KJ, Wilson KA, Law EA, Hatfield-Dodds 24 

S (2014) Supply of carbon sequestration and biodiversity services from Australia's agricultural land under 25 

global change. Global Environmental Change-Human and Policy Dimensions 28:166-181. 26 

Butchart S.H.M., Akçakaya H.R., Chanson J. et al. (2007) Improvements to the red list index. PLoS ONE 2: e140 27 

Calabrese JM, Certain G, Kraan C, Dormann CF (2014) Stacking species distribution models and adjusting bias by 28 

linking them to macroecological models. Global Ecology and Biogeography 23:99-112. 29 

Carpenter S. R., Bennett E. M., Peterson G. D., 2006. Scenarios for Ecosystem Services: An Overview. Ecology and 30 

Society 11 (1): 29. 31 

Cash, D.W., Adger, W.N., Berkes, F., Garden, P., Lebel, L., Olsson, P., Pritchard, L., Young, O., 2006. Scale and 32 

cross-scale dynamics: governance and information in a multilevel world. Ecology and Society, 11, 8. 33 

Charles SP, Bates BC, Whetton PH, Hughes JP (1999) Validation of downscaling models for changed climate 34 

conditions: case study of southwestern Australia. Climate Research 12: 1-14. 35 

Chen, B., Ge, Q., Fu, D., Yu, G., Sun, X., Wang, S., Wang, H., 2010. A data-model fusion approach for upscaling 36 

gross ecosystem productivity to the landscape scale based on remote sensing and flux footprint 37 

modelling. Biogeosciences, 7, 2943-2958. 38 

Chen, I. C., Hill, J. K., Ohlemüller, R., Roy, D. B., Thomas, C.D. (2011) Rapid Range Shifts of Species Associated with 39 

High Levels of Climate Warming. Science, 333, 1024-1026. 40 

Cheung, W.W.L., Lam, V.W.Y., Sarmiento, J.L., Kearney, K., Watson, R.E.G., Zeller, D., Pauly, D., 2010. Large-scale 41 

redistribution of maximum fisheries catch potential in the global ocean under climate change. Global 42 

Change Biology, 16, 24-35. 43 

Cheung, W.W.L., Meeuwig, J.J., Feng, M., Harvey, E., Lam, V., Langolis, T., Slawinski, D., Sun, C., Pauly, D. (2012) 44 

Climate change induced tropicalization of marine communities in Western Australia. Marine and 45 

Freshwater Research, 63, 415-427. 46 

Christensen,  V.,  Walters,  C.J. (2004) Ecopath  with  Ecosim:  methods,  capabilities  and  limitations. Ecological 47 

http://www.afordablefutures.com/about-us
http://dx.doi.org/10.1016/j.ecoser.2013.03.004
http://dx.doi.org/10.1016/j.ecoser.2013.03.004
http://dx.doi.org/10.1016/j.ecoser.2013.03.004


Second Order Draft IPBES Deliverable 3c DO NOT CITE 

 

 

 
 

Page 645 
 

Modelling, 172, 109-139. 1 

Christensen,  V.,  Coll,  M.,  Buszowski, J., Cheung, W.W.L., Frölicher, T.,  Steenbeek, J., Stock, C., Watson, R.A., 2 

and Walters, C.J. 2015. The global oceans is an ecosystem: stimulating marine life and fisheries. Global 3 

Ecology and Biogeography. 4 

Collen B., Loh J., Whitmee S., McRAE L., Amin R., Baillie J. (2009) Monitoring change in vertebrate abundance: 5 

the Living Planet Index. Conservation Biology 23: 317-327. 6 

Cosgrove, W.J., Rijsberman, F.R., 2014. World water vision: making water everybody's business: Routledge. 7 

Costanza,  R.  2008.  Ecosystem  services:  Multiple  classification  systems  are  needed.  Biological Conservation, 8 

141, 350-352. Available: DOI DOI 10.1016/j.biocon.2007.12.020. 9 

Costanza,  R.,  Cumberland,  J.,  Daly,  H.,  Goodland,  R.  &Norgaard,  R.  1997a.An  Introduction  to Ecological 10 

Economics. Florida, USA, CRC Press. 11 

Costanza, R., dArge, R., deGroot, R., Farber, S., Grasso, M., Hannon, B., Limburg, K., Naeem, S., Oneill, R. V., 12 

Paruelo, J., Raskin, R. G., Sutton, P. & van den Belt, M. 1997. The value of the world's  ecosystem  services  13 

and  natural  capital.  Nature,  387,  253-260.  Available:  DOI 14 

10.1038/387253a0. 15 

Costanza, R., de Groot, R., Sutton, P. C., van der Ploeg, S., Anderson, S., Kubiszewski, I., Farber, S. & Turner, K. 16 

2014.Changes in the global value of ecosystem services. Global Environmental Change Part A: Humand 17 

and Policy Dimensions, 26. 18 

Costanza, R., Wilson, M., Troy, A., Voinov, A., Liu, S. & D’Agostino, J. 2006.The Value of New Jersey’s Ecosystem 19 

Services and Natural Capital. Burlington, Vermont, USA: Gund Institute for Ecological Economics. 20 

Costanza, R., dArge, R., deGroot, R., Farber, S., Grasso, M., Hannon, B., Limburg, K., Naeem, S., Oneill, R. V., 21 

Paruelo, J., Raskin, R. G., Sutton, P. & van den Belt, M. 1997b. The value of the world's  ecosystem  22 

services  and  natural  capital.  Nature,  387,  253-260.  Available:  DOI 10.1038/387253a0. 23 

Crossman, N.D., Burkhard, B., Nedkov, S., Willemen, L., Petz, K., Palomo, I., Drakou, E.G., Martín-Lopez, B., 24 

McPhearson, T., Boyanova, K., Alkemade, R., Egoh, B., Dunbar, M.B. and Maes, J. (2013) A blueprint for 25 

mapping and modelling ecosystem services. Ecosystem Services, 4, 4-14. 26 

Daily, G. C. 1997. Nature's services : societal dependence on natural ecosystems. Washington, DC, Island Press. 27 

Dean, A.; Barano, T.; Bhagabati, N.; McKenzie, E.; Paddenburg, A.V.; Rosenthal, A.; Salim, A. 2012: InVEST 28 

Scenarios Case Study: Borneo, Indonesia. WWF, Standford, California. 29 

Dearing et al. 2014 30 

De Groot, R., Brander, L., van der Ploeg, S., Costanza, R., Bernard, F., Braat, L., Christy, M., Crossman, N., 31 

Ghermandi, A., Hein, L., Hussain, S., Kumar, P., McVittie, A., Portella, R., Roderiguez, L. C., ten Brink, P. & 32 

van Beukeringen, P. 2012. Global estimates of the value of ecosystems and their services in monetary 33 

units. Ecosystem Services, 1, 11. 34 

Dibike  Y,  Gachon  P,  St-Hilaire  A,  Ouarda  TBMJ,  Nguyen  VTV  (2008)  Uncertainty  analysis  of statistically 35 

downscaled temperature and precipitation regimes in Northern Canada. Theoretical and applied 36 

Climatology 91(1): 149-170. 37 

Dietze M. C., et al. 2011. Characterizing the performance of ecosystem models across time scales: A spectral 38 

analysis of the North American Carbon Program site-level synthesis. JOURNAL OF GEOPHYSICAL 39 

RESEARCH, VOL. 116. 40 

Doherty RM, Sitch S, Smith B, Lewis SL, Thornton PK (2009) Implications of future climate and atmospheric  CO2  41 

content  for  regional  biogeochemistry,  biogeography  and  ecosystem services across East Africa. Global 42 

Change Biology 16:617-640. 43 

Fernandes, R.F., Vicente, J.R., Georges, D., Alves, P., Thuiller, W., Honrado, J.P., 2014. A novel downscaling 44 

approach to predict plant invasions and improve local conservation actions. Biological Invasions, 16, 2577-45 

2590. 46 

Ferrier S, Guisan A (2006) Spatial modelling of biodiversity at the community level. Journal of Applied Ecology 47 



Second Order Draft IPBES Deliverable 3c DO NOT CITE 

 

 

 
 

Page 646 
 

43:393-404. 1 

Ficetola, G.F., Rondinini, C., Bonardi, A., Baisero, D., Padoa-Schioppa, E. (2014) Habitat availability for amphibians  2 

and  extinction  threat:  a  global  analysis.  Diversity  and  Distributions,  doi: 10.1111/ddi.12296. 3 

Flint L. E., and Flint A. L., 2012.Downscaling future climate scenarios to fine scales for hydrologic and ecological 4 

modeling and analysis. Ecological Processes 1:2. 5 

Franklin, J., Davis, F.W., Ikegami, M., Syphard, A.D., Flint, L.E., Flint, A.L., Hannah, L., 2013. Modeling plant 6 

species distributions under future climates: how fine scale do climate projections need to be? Glob Chang 7 

Biol, 19, 473-483. 8 

Fu, D., Chen, B., Zhang, H., Wang, J., Black, T.A., Amiro, B.D., Bohrer, G., Bolstad, P., Coulter, R., Rahman, A.F., 9 

Dunn, A., McCaughey, J.H., Meyers, T., Verma, S., 2014. Estimating landscape net ecosystem exchange at 10 

high spatial–temporal resolution based on Landsat data, an improved upscaling model framework, and 11 

eddy covariance flux measurements. Remote Sensing of Environment, 141, 90-104. 12 

Fulton, E.A., Link, J.S., Kaplan, I.C., Savina‐Rolland, M., Johnson, P., Ainsworth, C., Horne, P., Gorton, R., Gamble, 13 

R.J., Smith, A.D., 2011. Lessons in modelling and management of marine ecosystems: the Atlantis 14 

experience. Fish and Fisheries, 12, 171-188. 15 

Funtowicz, S.O., Ravetz, J.R., 1993. Science for the post-normal age. Futures 25, 739–755. 16 

Gachon P, Dibike Y (2007) Temperature change signals in northern Canada: convergence of statistical 17 

downscaling results using two driving GCMs. International Journal of Climatology 27: 1623-1641. 18 

Goetze D., Karlowski U., Porembski S., Tockner K., Watve A., Riede K., 2014. In book: Biodiversity: Structure and 19 

Function, from Encyclopedia of Life Support Systems (EOLSS), Edition: online [http://www.eolss.net], 20 

Chapter: Spatial and temporal dimensions of biodiversity dynamics, Editors: UNESCO, Eolss Publishers, 21 

Oxford, UK. 22 

Goldstein, J.; Caldarone, G.; Daily, G.; Duarte, K.; Hannahs, N.; McKenzie, E. 2010: InVEST Scenarios Case Study: 23 

Hawaii, USA. WWF, Standford, CA. 24 

Gonzalez P, Neilson RP, Lenihan JM, Drapek RJ (2010) Global patterns in the vulnerability of ecosystems to 25 

vegetation shifts due to climate change. Global Ecology and Biogeography 19:755-768. 26 

Grotch SL, MacCracken MC (1991) The use of general circulation models to predict regional climate change. 27 

Journal of Climate 4: 286-303. 28 

Haber W (2012) Book review. Journal of Geographical Science 22 (3): 574. 29 

Hamilton, L. C. 2011. Education, politics and opinions about climate change evidence for interaction effects. 30 

Climatic Change, 104, 231-242. 31 

Hanewinkel M, Cullmann DA, Mart-Jan Schelhaas, Nabuurs G-J, Zimmermann NE (2013) Climate change may 32 

cause severe loss in the economic value of European forest land. Nature Climate Change 3:203-207. 33 

Harding KJ, Snyder PK,Liess S (2013) Use of dynamical downscaling to improve the simulation of CentralU.S. 34 

warm season precipitation in CMIP5 models. Journal of Geophysical Research: Atmospheres 118: 12522–35 

12536. 36 

Harfoot, M., Tittensor, D.P., Newbold, T., McInerny, G., Smith, M.J., Scharlemann, J.P.W., 2014. Integrated 37 

assessment models for ecologists: the present and the future. Global Ecology and Biogeography, 23: 124-38 

143 39 

Hay, G., Niernann, K., Goodenough, D., 1997. Spatial thresholds, image-objects, and upscaling: a multiscale 40 

evaluation. Remote Sensing of Environment 62: 1-19. 41 

Heubusch, K (2006) Interoperability: What it Means, Why it Matters. J. AHIMA 77: 26-30. 42 

Hewitson, BC, Crane, RG (1996) Climate downscaling: techniques and application. Climate Research 7: 85-95. 43 

Hickler T, Vohland K, Feehan J, Miller PA, Smith B, Costa L, Giesecke T, Fronzek S, Carter TR, Cramer W, Kühn I, 44 

Sykes MT (2012) Projecting the future distribution of European potential natural vegetation zones with a 45 

generalized, tree species-based dynamic vegetation model. Global Ecology and Biogeography 21:50-63. 46 

Hilker, T., Coops, N.C., Hall, F.G., Black, T.A., Chen, B., Krishnan, P., Wulder, M.A., Sellers, P.J., Middleton, E.M., 47 

http://www.eolss.net/
http://www.eolss.net/
http://www.eolss.net/


Second Order Draft IPBES Deliverable 3c DO NOT CITE 

 

 

 
 

Page 647 
 

Huemmrich, K.F., 2008. A modeling approach for upscaling gross ecosystem production  to  the  landscape  1 

scale  using  remote  sensing  data.  Journal  of  Geophysical Research, 113. 2 

Holling, C.S., 1978. Adaptive environmental assessment and management. Adaptive environmental assessment 3 

and management. 4 

Hurtt GC et al. (2011) Harmonization of land-use scenarios for the period 1500–2100: 600 years of global gridded 5 

annual land-use transitions, wood harvest, and resulting secondary lands. Climatic Change 109:117–161. 6 

Iglecia MN, Collazo JA, McKerrow AJ (2012) Use of Occupancy Models to Evaluate Expert Knowledge- based 7 

Species-Habitat Relationships. Avian Conservation and Ecology 7(2): 5. doi:10.5751/ace-00551-070205 8 

Jarvis, P.G. Scaling processes and problems (1995) Plant, Cell and Environment, 18 (10), pp. 1079-1089. 9 

Jähnig SC, Kuemmerlen M, Kiesel J, Domisch S, Cai Q, Schmalz B, Fohrer N (2012) Modelling of riverine 10 

ecosystems by integrating models: conceptual approach, a case study and research agenda. Journal of 11 

Biogeography 39:2253-2263. 12 

Jorgensen SE (2011) Book review. Ecological Modelling 222: 3300. 13 

Kareiva, P.; Tallis, H.; Ricketts, H.; Daily, G.; Polasky, S. 2011: Natural capital: theory & practice of mapping 14 

ecosystem services (Vol. 178.762 Distance X Text). Oxford University Press, New York. 15 

Karyn, T., Williams, J.W. Globally downscaled climate projections for assessing the conservation impacts of 16 

climate change (2010) Ecological Applications, 20 (2), pp. 554-565. 17 

Kaschner, K., Watson, R., Trites, A. W., & Pauly, D. (2006). Mapping world-wide distributions of marine mammal 18 

species using a relative environmental suitability (RES) model. Marine Ecology Progress Series, 316, 285-19 

310. 20 

Keating BA, Carberry PS, Hammer GL, Probert ME, Robertson MJ, Holzworth D, Huth NI, Hargreaves JNG, Meinke 21 

H, Hochman Z, McLean G, Verburg K, Snow V, Dimes JP, Silburn M, Wang E, Brown S, Bristow KL, Asseng S, 22 

Chapman S, McCown RL, Freebairn DM, Smith CJ (2003) An overview of APSIM, a model designed for 23 

farming systems simulation. European Journal of Agronomy 18:267-288. 24 

Keil, P., Belmaker, J., Wilson, A.M., Unitt, P., Jetz, W. (2013) Downscaling of species distribution models: A 25 

hierarchical approach Methods in Ecology and Evolution, 4 (1), pp. 82-94. 26 

Keil, P., Jetz, W., 2014. Downscaling the environmental associations and spatial patterns of species richness. 27 

Ecological Applications, 24, 823-831. 28 

Khalili M, Van Nguyen VH, Gachon P (2013) A statistical approach to multi-site multivariate downscaling of daily 29 

extreme temperature series. International Journal of Climatology 33(1): 15-32. 30 

Kok, K., R. Biggs, and M. Zurek. 2007. Methods for developing multiscale participatory scenarios: insights from 31 

southern Africa and Europe. Ecology and Society 12(1): 8. [online] 32 

URL:http://www.ecologyandsociety.org/vol12/iss1/art8/. 33 

Kramer-Schadt S, Revilla E, Wiegand T (2005) Lynx reintroductions in fragmented landscapes of Germany: 34 

Projects with a future or misunderstood wildlife conservation? Biological Conservation 125:169-182. 35 

Kuemmerlen M, Schmalz B, Guse B, Cai Q, Fohrer N, Jähnig SC (2014) Integrating catchment properties in small 36 

scale species distribution models of stream macroinvertebrates. Ecological Modelling 277:77-86.  37 

Landsberg JJ, Waring RH (1997) A generalised model of forest productivity using simplified concepts of  38 

radiation-use  efficiency,  carbon  balance  and  partitioning.  Forest  Ecology  and Management 95:209-39 

228. 40 

Laniak, GF et al. (2013). Integrated environmental modeling: a vision and roadmap for the future. Environmental 41 

Modelling & Software 39:3–23. 42 

Lam et al. in press 43 

Laprise R (2008) Regional climate modelling. Journal of Computational Physics 227 (7): 3641-3666. Levin, S.A. 44 

(1992) The problem of pattern and scale in ecology: the Robert H. MacArthur Award Lecture. Ecology 45 

73(6): 1943-1967. 46 

Levin, S., 2003. Complex adaptive systems: exploring the known, the unknown and the unknowable. Bulletin of 47 

http://www.ecologyandsociety.org/vol12/iss1/art8/


Second Order Draft IPBES Deliverable 3c DO NOT CITE 

 

 

 
 

Page 648 
 

the American Mathematical Society, 40, 3-19. 1 

Linder HP, Bykova O, Dyke J, Etienne RS, Hickler T, Kühn I, Marion G, Ohlemüller R, Schymanski SJ, Singer A 2 

(2012) Biotic modifiers, environmental modulation and species distribution models. Journal of 3 

Biogeography 39:2179-2190. 4 

Liu, J., Williams, J.R., Zehnder, A.J.B., Yang, H., 2007. GEPIC – modelling wheat yield and crop water productivity 5 

with high resolution on a global scale. Agricultural Systems, 94, 478-493. 6 

Lloyd CD (2005) Assessing the effect of integrating elevation data into the estimation of monthly precipitation in 7 

Great Britain. Journal of Hydrology 308: 128-150. 8 

Luo Y, Randerson J, Abramowitz G, Bacour C, Blyth E, Carvalhais N, Ciais P, Dalmonech D, Fisher J, Fisher R et al. 9 

2012. A framework of benchmarking land models. Biogeosciences Discussions 9: 1899–1944. 10 

Mace  GM,  Norris  K,  Fitter  AH  (2012)  Biodiversity  and  ecosystem  services:  a  multilayered relationship. 11 

Trends in Ecology and Evolution 27: 19-26. 12 

Matott, L.S., Babendreier, J.E., Purucker, S.T., 2009. Evaluating uncertainty in integrated environmental models: 13 

a review of concepts and tools. Water Resources Research 45, W06421. 14 

http://dx.doi.org/10.1029/2008WR007301. 15 

May RM, Levin SA, Sugihara G (2008) Complex systems: Ecology for bankers. Nature 451, 893-895. McCarthy HR, 16 

Luo Y, Wullschleger SD (2012). Integrating empirical–modeling approaches to improve understanding of 17 

terrestrial ecology processes. New Phytologist 195: 523-525. 18 

McGuire AD, Melillo JM, Joyce LA, Kicklighter DW, Grace AL, Moore III B, Vorosmarty CJ (1992) Interactions 19 

between carbon and nitrogen dynamics in estimating net primary productivity for potential vegetation in 20 

North America. Global Biogeochemical Cycles 6: 101-124. 21 

Meadows D.H., Meadows D.L., Randers J. and Behrens III W.W., (1972) Limits to Growth, New York: New 22 

American Library. 23 

Melbourne, B.A., Chesson, P., 2006. The scale transition: scaling up population dynamics with field data. Ecology, 24 

87, 1478-1488. 25 

Millennium Ecosystem Assessment 2005. Ecosystems and human well-being : synthesis. Washington, DC, Island 26 

Press. 27 

Nakićenoić N, Swart R (2000) Special report on emission scenarios. A special report of working group III of the 28 

Intergovernmental Panel on Climate Change. Cambridge University Press, Cambridge, UK. 29 

Newbold T, Hudson LN, Hill SLL, Contu S, Lysenko I, Senior RA, Borger L, Bennett DJ, Choimes A, Collen B, Day J, 30 

De Palma A, Diaz S, Echeverria-Londono S, Edgar MJ, Feldman A, Garon M, Harrison MLK, Alhusseini T, 31 

Ingram DJ, Itescu Y, Kattge J, Kemp V, Kirkpatrick L, Kleyer M, Correia DLP, Martin CD, Meiri S, Novosolov 32 

M, Pan Y, Phillips HRP, Purves DW, Robinson A, Simpson J, Tuck SL, Weiher E, White HJ, Ewers RM, Mace 33 

GM, Scharlemann JPW, Purvis A (2015) Global effects of land use on local terrestrial biodiversity. Nature 34 

520:45-50. 35 

Noss RF (1990) Indicators for monitoring biodiversity: a hierarchical approaChapter Conservation Biology 4: 355-36 

364. 37 

Overland, J.E., Wang, M., Bond, N.A., Walsh, J.E., Kattsov, V.M., Chapman, W.L., 2011. Considerations in the 38 

Selection of Global Climate Models for Regional Climate Projections: The Arctic as a Case Study*. Journal of 39 

Climate, 24, 1583-1597. 40 

Pan YZ, Gong DY, Deng L, Li J, Gao J (2004) Smart distance searching based and DEM informed interpolation of 41 

surface air temperature in China. Acta Geographica Sinica 59: 366–374 (in Chinese) 42 

Parton WJ, Hanson PJ, Swanston C, Torn M, Trumbore SE, Riley W, Kelly R (2010) ForCent model development 43 

and testing using the Enriched Background Isotope Study experiment. Journal of Geophysical Research –44 

Biogeosciences 115. doi:G04001 45 

Paul KI, Reeson A, Polglase P, Crossman N, Freudenberger D, Hawkins C (2013) Economic and employment 46 

implications of a carbon market for integrated farm forestry and biodiverse environmental plantings. Land 47 



Second Order Draft IPBES Deliverable 3c DO NOT CITE 

 

 

 
 

Page 649 
 

Use Policy 30:496-506. 1 

Pavlick R, Drewry DT, Bohn K, Reu B, Kleidon A (2013) The Jena Diversity-Dynamic Global Vegetation Model 2 

(JeDi-DGVM): a diverse approach to representing terrestrial biogeography and biogeochemistry based on 3 

plant functional trade-offs. Biogeosciences 10:4137-4177. 4 

PBL. (2012) Roads from Rio+20: Pathways to achieve global sustainability goals by 2050, The Hague, The 5 

Nederlands. 6 

Phillips SJ, Dudík M (2008) Modeling of species distributions with Maxent: new extensions and a comprehensive 7 

evaluation. Ecography 31:161-175. 8 

Pielke Sr. RA, Wilby RL. 2012. Regional climate downscaling: what's the point? Eos, Transactions American 9 

Geophysical Union 93(5): 52-53. 10 

Prudhomme C, Davies H (2009) Assessing uncertainties in climate change impact analyses on the river flow 11 

regimes in the UK, Part 1: baseline climate. Climatic Change 93: 177-195 12 

Rahbek C, Gotelli NJ, Colwell RK, Entsminger GL, Rangel T, Graves GR (2007) Predicting continental- scale 13 

patterns of bird species richness with spatially explicit models. Proceedings of the Royal Society B-14 

Biological Sciences 274:165-174. 15 

Raisanen J (2007) How reliable are climate models? Tellus A 59: 2-29. 16 

Rammig A, Jupp T, Thonicke K, Tietjen B, Heinke J, Ostberg S, Lucht W, Cramer W, Cox P (2010) Estimating the risk 17 

of Amazonian forest dieback. New Phytologist 187:694-706. 18 

Randall, D.A., R.A. Wood, S. Bony, R. Colman, T. Fichefet, J. Fyfe, V. Kattsov, A. Pitman, J. Shukla, J. Srinivasan, R.J. 19 

Stouffer, A. Sumi and K.E. Taylor (2007) Climate models and their evaluation. In Solomon, S., D. Qin, M. 20 

Manning, Z. Chen, M. Marquis, K.B. Averyt, M.Tignor and H.L. Miller (eds) Climate Change 2007: The 21 

Physical Science Basis. Contribution of Working Group I to the Fourth Assessment Report of the 22 

Intergovernmental Panel on Climate Change. Cambridge University Press, Cambridge, UK and New York, 23 

NY, USA. 24 

Raskin, P., Banuri, T., Gallopin, G., Gutman, P., Hammond, A., Kates, R., Swart, R., 2002. Great transition. 25 

Umbrüche und Übergänge auf dem Weg zu einer planetarischen Gesellschaft, Materialien Soziale 26 

Ökologie, 20. 27 

Raskin, P.D., 2005. Global scenarios: background review for the Millennium Ecosystem Assessment. Ecosystems, 28 

8, 133-142. 29 

Rockström,  J.,  W.  Steffen,  K.  Noone,  Å. Persson,  F.S.  Chapin,  III,  E.F.  Lambin,  T.M.  Lenton,  M. Scheffer, C. 30 

Folke, H.J. Schellnhuber, B. Nykvist, C.A. de Wit, T. Hughes, S. van der Leeuw, H. Rodhe, S. Sörlin, P.K. 31 

Snyder, R. Costanza, U. Svedin, M. Falkenmark, L. Karlberg, R.W. Corell, V.J. Fabry, J. Hansen, B. Walker, D. 32 

Liverman, K. Richardson, P. Crutzen, and J.A. Foley, 2009: A safe operating space for humanity. Nature, 33 

461, 472-475, doi:10.1038/461472a. 34 

Rodríguez, J. P., Beard Jr, T. D., Bennett, E. M., Cumming, G. S., Cork, S. J., Agard, J., Dobson, A. P. and Peterson, 35 

G. D. 2006. Trade-offs across space, time, and ecosystem services. Ecology and Society, 11. 36 

Rondinini, C., Stuart, S., & Boitani, L. (2005). Habitat suitability models and the shortfall in conservation planning 37 

for African vertebrates. Conservation Biology, 19(5), 1488–1497. 38 

Rondinini, C., di Marco, M., Chiozza, F., Santulli, G., Baisero, D., Visconti, P., … Boitani, L. (2011). Global habitat 39 

suitability models of terrestrial mammals. Philosophical Transactions of the Royal Society B: Biological 40 

Sciences, 366(1578), 2633–2641. 41 

Rondinini C, Visconti P (2015) Scenarios of large mammal loss in Europe for the 21
st

 century. Conservation Biology 42 

in press. 43 

Rost, S., Gerten, D., Bondeau, A., Lucht, W., Rohwer, J., Schaphoff, S., 2008. Agricultural green and blue water 44 

consumption and its influence on the global water system. Water Resources Research, 44(9). 45 

Ruelland D, Ardoin-Bardin S, Billen G, Servat E (2008) Sensitivity of a lumped and semi-distributed hydrological 46 

model to several methods of rainfall interpolation on a large basin in West Africa. Journal of Hydrology 47 



Second Order Draft IPBES Deliverable 3c DO NOT CITE 

 

 

 
 

Page 650 
 

361: 96-117. 1 

Salafsky, N., Salzer, D., Stattersfield, A. J., Hilton-Taylor, C., Neugarten, R., Butchart, S. H., Collen, B., Cox, N., 2 

Master, L. L., O’Connor, S. & Wilkie, D. (2008). A standard lexicon for biodiversity conservation: unified 3 

classifications of threats and actions.Conservation Biology 22:  897-911. 4 

Samanta S, Pal DK, Lohar D, Pal B (2012)  Interpolation of climate variables  and  temperature modeling. 5 

Theoretical and Applied Climatology 107: 35-45. 6 

Sandø, A.B., Melsom, A., Budgell, W.P., 2014. Downscaling IPCC control run and future scenario with focus on 7 

the Barents Sea. Ocean Dynamics, 64, 927-949. 8 

Sardà-Palomera, F., Brotons, L., Villero, D., Sierdsema, H., Newson, S.E., Jiguet, F., 2012. Mapping from 9 

heterogeneous biodiversity monitoring data sources. Biodiversity and Conservation, 21,2927-2948. 10 

Scheiter S, Langan L, Higgins SI (2013) Next-generation dynamic global vegetation models: learning from 11 

community ecology. New Phytologist 198:957-969. 12 

Schellnhuber HJ, Frieler K, Kabat P (2014) The elephant, the blind, and the intersectoral intercomparison  of  13 

climate  impacts.  Proceedings  of  the  National  Academy  of  Sciences 111:3225-3227. 14 

Scholes, R. J., and R. Biggs, editors. 2004. Ecosystem services in Southern Africa: a regional assessment. Council for 15 

Scientific and Industrial Research, Pretoria, South Africa. 16 

Schulp CJE, Thuiller W, Verburg PH (2014) Wild food in Europe: A synthesis of knowledge and data of terrestrial 17 

wild food as an ecosystem service. Ecological Economics 105:292-305. 18 

Schumacher S, Bugmann H (2006) The relative importance of climatic effects, wildfires and management for 19 

future forest landscape dynamics in the Swiss Alps. Global Change Biology 12:1435-1450. 20 

Seiler C, Hutjes RWA, Kruijt B, Quispe J, Anez S, Arora VK, Melton JR, Hickler T, Kabat P (2014) Modeling forest 21 

dynamics along climate gradients in Bolivia. Journal of Geophysical Research –Biogeosciences 119:758-22 

775. 23 

Shang ZB, Guo Q, Yang DA (2001) Spatial pattern analysis of annual precipitation with climate information 24 

system of China. Acta Ecologica Sinica 21: 689–694 (in Chinese). 25 

Sitch S, Smith B, Prentice IC, Arneth A, Bondeau A, Cramer W, Kaplan J, Levis S, Lucht W, Sykes M, Thonicke K, 26 

Venevsky S (2003) Evaluation of ecosystem dynamics, plant geography and terrestrial  carbon  cycling  in  27 

the  LPJ  Dynamic  Global  Vegetation  Model.  Global  Change Biology 9:161-185. 28 

Sitch, S., Huntingford, C., Gedney, N., Levy, P. E., Lomas, M., Piao, S. L., Betts, R., Ciais, P., Cox, P., Friedlingstein,  29 

P.,  Jones,  C.  D.,  Prentice,  I.  C.,  and  Woodward,  F.  I.:  Evaluation  of  the terrestrial carbon cycle, 30 

future plant geography and climate-carbon cycle feedbacks using five Dynamic Global Vegetation Models 31 

(DGVMs), Glob. Change Biol., 14, 2015–2039, 2008. 32 

Steffen, W.; Richardson, K.; Rockstrom, J.; Cornell, S. E.; Fetzer, I.; Bennett, E. M.; Biggs, R.; Carpenter, S. R.; De 33 

Vries, W.; De Wit, C. A.; Folke, C.; Gerten, D.; Heinke, J.; Mace, G. M.; Persson, L. M.; Ramanathan, V.; 34 

Reyers, B.; Sorlin, S. (2015). "Planetary boundaries: Guiding human development on a changing planet". 35 

Science 347 (6223): 1259855. doi:10.1126/science.1259855. 36 

Stoy,  P.C.,  Williams,  M.,  Disney,  M.,  Prieto-Blanco,  A.,  Huntley,  B.,  Baxter,  R.,  Lewis,  P.,  2009. Upscaling as 37 

ecological information transfer: a simple framework with application to Arctic ecosystem carbon exchange. 38 

Landscape Ecology, 24, 971-986. 39 

Taylor, K.E., Stouffer, R.J., Meehl, G.A., 2011. An Overview of CMIP5 and the Experiment Design. Bulletin of the 40 

American Meteorological Society, 93, 485-498. 41 

Tebaldi, C., Knutti, R., 2007. The use of the multi-model ensemble in probabilistic climate 42 

projections.Philosophical Transactions of the Royal Society A: Mathematical, Physical and Engineering 43 

Sciences, 365, 2053-2075.Knutti, R., Furrer, R., Tebaldi, C., Cermak, J., Meehl, G.A., 2010. Challenges in 44 

Combining Projections from Multiple Climate Models.Journal of Climate, 23, 2739-2758. 45 

O'Brien, S. & Vickerman, S. 2013.  From principles to practice developing a vision and policy framework to make 46 

ecosystem management a reality. The Laws of Nature: Managing Ecosystems for A Sustainable Future. 47 



Second Order Draft IPBES Deliverable 3c DO NOT CITE 

 

 

 
 

Page 651 
 

Thomas CD et al. (2004) Extinction risk from climate change. Nature 427: 145-148. 1 

Thonicke, K., Spessa, A., Prentice, I. C., Harrison, S. P., Dong, L., and Carmona-Moreno, C.: The influence of 2 

vegetation, fire spread and fire behaviour on biomass burning and trace gas emissions: results from a 3 

process-based model, Biogeosciences, 7, 1991–2011, doi:10.5194/bg-7-1991-2010, 2010. 4 

Thornton PE, Cook RB, Braswell BH, Law BE, Post WM, Shugart HH, Rhyne BT, Hook LA (2005) Archiving 5 

numerical models of biogeochemical dynamics. EOS 86:431-432.  6 

Thuiller W, Lafourcade B, Engler R, Araujo MB (2009) BIOMOD - a platform for ensemble forecasting of species 7 

distributions. Ecography 32:369-373. 8 

Turner, W. R., Brandon, K., Brooks, T. M., Gascon, C., Gibbs, H. K., Lawrence, K. S., Mittermeier, R. A. & Selig, E. R. 9 

(2012). Global biodiversity conservation and the alleviation of poverty. BioScience, 62(1), 85-92. 10 

United Nations Environmental Program 2002. Global Environmental Outlook 3. Past, Present and Future 11 

Perspectives. Earthscan Publication Ltd, London. 12 

Van den Belt, M., McCallion, A., Wairepo, S., Hardy, D., Hale, L. & Berry, M. 2012. Mediated Modelling of Coastal 13 

Ecosystem Services: A case study of TeAwanui Tauranga Harbour, ManaakiTahoMoana project. 14 

van Vuuren, D.P., Weyant, J., de la Chesnaye, F., 2006. Multi-gas scenarios to stabilize radiative forcing.Energy 15 

Economics, 28, 102-120. 16 

Van Vuuren, D.P., Kok, M.T.J., Girod, B., Lucas, P.L., de Vries, B., 2012. Scenarios in Global Environmental 17 

Assessments: Key characteristics and lessons for future use. Global Environmental Change, 22, 884-895. 18 

Van den  Belt  ,  M.  Multi-scale  Integrated  Modeling  for  Sustainable  Adaptive  Systems. System Dynamics 19 

Society Conference, 27-31 July 2009 Albuquerque, New Mexico. 20 

Verkerk PJ, Anttila P, Eggers J, Lindner M, Asikainen A (2011) The realisable potential supply of woody biomass 21 

from forests in the European Union. Forest Ecology and Management, 261:2007-2015. 22 

Villa F, Bagstad KJ, Voigt B, Johnson GW, Portela R, Honzak M, Batker D (2014) A Methodology for Adaptable and 23 

Robust Ecosystem Services Assessment. PLoS ONE 9. 24 

Visconti  P.,  Pressey  R.L.,  Giorgini  D.  et  al.  (2011)  Future hotspots of terrestrial mammal loss. Philosophical 25 

Transactions of the Royal Society B: Biological Sciences 366: 2693-2702. 26 

Visconti, P., Bakkenes, M., Baisero, D., Brooks, T., Butchart, S. H. M., Joppa, L., … Rondinini, C. (2015). Projecting 27 

global biodiversity indicators under future development scenarios. Conservation Letters 28 

doi:10.1111/conl.12159. 29 

Voinov, A. & Shugart, H.H., 2013. “Integronsters”, integral and integrated modeling. Environmental Modelling & 30 

Software, 39, pp.149–158. 31 

Von Storch H, Zorita E, Cubash U (1993) Downscaling of global climate change estimates to regional scales: an 32 

application to Iberian rainfall in wintertime. Journal of Climate 6: 1161-1671. 33 

Walz, A., Braendle, J.M., Lang, D.J., Brand, F., Briner, S., Elkin, C., Hirschi, C., Huber, R., Lischke, H., Schmatz, D.R., 34 

2014. Experience from downscaling IPCC-SRES scenarios to specific national- level focus scenarios for 35 

ecosystem service management. Technological Forecasting and Social Change, 86, 21-32. 36 

Wang YP, Law RM, Pak B (2010) A global model of carbon, nitrogen and phosphorus cycles for the terrestrial 37 

biosphere. Biogeosciences, 7: 2261–2282. 38 

Wenzel, S., Cox, P.M., Eyring, V., Friedlingstein, P., 2014. Emergent constraints on climate‐carbon cycle feedbacks 39 

in the CMIP5 Earth system models. Journal of Geophysical Research: Biogeosciences. 40 

Weedon, J.T., Cornwell, W.K., Cornelissen, J.H., Zanne, A.E., Wirth, C., Coomes, D.A., 2009. Global meta‐analysis 41 

of wood decomposition rates: a role for trait variation among tree species? Ecology Letters, 12, 45-56. 42 

White, E. P., Enquist, B. J., & Green, J. L. (2008). On estimating the exponent of power-law frequency 43 
distributions. Ecology, 89(4), 905-912. 44 

Wiens, J.A., 1989. Spatial Scaling in Ecology. Functional Ecology, 3, 385-397. 45 

Wiens, J. A., & Bachelet, D. (2010). Matching the multiple scales of conservation with the multiple scales of 46 

climate change. Conservation Biology,24(1), 51-62. 47 



Second Order Draft IPBES Deliverable 3c DO NOT CITE 

 

 

 
 

Page 652 
 

Wilby  RL, Dawson CW, Barrow EM (2002) SDSM-a decision support tool for the assessment of regional climate 1 

change impact. Environmental Modelling and Software 17: 147-159. 2 

Williams, M., Bell, R., Spadavecchia, L., Street, L.E., Van Wijk, M.T., 2008. Upscaling leaf area index in an Arctic 3 

landscape through multiscale observations. Glob Chang Biol, 14, 1517-1530. 4 

Williams M, Richardson AD, Reichstein M, Stoy PC, Peylin P, Verbeeck H, Carvalhais N, Jung M, Hollinger DY, 5 

Kattge J et al. 2009. Improving land surface models with FLUXNET data. Biogeosciences 6: 1341–1359. 6 

Woodward FI, Lomas MR (2004) Vegetation dynamics – simulating responses to climatic change. Biological 7 

Reviews 79:643-670. 8 

Wu & Li 2006 Wu, J., Li, H. Concepts of scale and scaling (2006) Scaling and Uncertainty Analysis in 9 

Ecology: Methods and Applications, pp. 3-15. 10 

Xu CY (1999) From GCMs to river flow: a review of downscaling methods and hydrologic modelling approaches. 11 

Progress in Physical Geography 23 (2): 229-249. 12 

Yue TX (2011) Surface Modelling: High Accuracy and High Speed Methods. CRC Press, New York 13 

Yue TX, Zhao N, Ramsey RD,Wang CL, Fan ZM, Chen CF, Lu YM, Li BL (2013) Climate change trend in China, with 14 

improved accuracy.Climatic Change 120: 137-151. 15 

Yue TX (2015) Principles and Methods of Earth Surface Simulation. Science Press, Beijing (in Chinese) Zaehle S, 16 

Friedlingstein P, Friend AD (2010) Terrestrial nitrogen feedbacks may accelerate future climate change, 17 

Geophys. Res. Lett., 37: L01401. 18 

Zhang, N., Yu, Z., Yu, G., Wu, J., 2006. Scaling up ecosystem productivity from patch to landscape: a case study of 19 

Changbai Mountain Nature Reserve, China. Landscape Ecology, 22, 303-315 20 

Zhou LS, Sun H, Shen YQ, Deng JZ, Shi YL (1981) Comprehensive Agricultural Planning of China. China Agricultural 21 

Press: Beijing (in Chinese). 22 

Zorita E, von Storch H (1999) The analog method as a simple statistical downscaling technique: comparison with 23 

more complicated methods. Journal of Climate 12: 2474-2489. 24 


