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Executive summary and key messages 

The updated EU Bioeconomy Strategy aims to develop a sustainable and circular bioeconomy for Europe, strengthening the 
connection between economy, society, and the environment, thereby addressing global challenges such as meeting the 
United Nations’ Sustainable Development Goals and the climate objectives of the Paris Agreement. To guide policy making in 
the transition, knowledge and forward-looking capacities are needed. These capacities include quantitative modelling tools, 
which can support a better understanding of the complexity, trade-offs, and potential pathways to achieve the transition. 
This report (i) analyses the existing capacity and needs for an improved bioeconomy modelling to integrate all three 
dimensions of sustainability and (ii) provides recommendations for developing new and improved models that are better 
suited to assist policy making. 

The present review of existing models highlights important gaps in the existing capacity to model the bioeconomy: 

● Some existing bioeconomy sectors and products are not well covered. Most of the models reported in the literature 
have a sectoral focus and only a selected group of models cover all bioeconomy sectors. Especially the aquaculture 
and fishing sector, as well as the manufacturing of textiles, leather and wearing apparel, pharmaceuticals, plastics, 
and the chemical sector are not well captured by existing models focusing on bioeconomy products. 

● Limited ability of capturing the cross-cutting issues of the bioeconomy transition. Linked to the sectoral scope of 
most models is their limited ability of capturing the cross-cutting issues of the bioeconomy transition and addressing 
multiple bioeconomy objectives. Due to the sectoral focus, models do not well cope with the competition between 
the different (industrial and energy) sectors of the bioeconomy. It is of paramount importance to address these 
cross-cutting issues if the goal is to secure a successful transition to a sustainable and circular bioeconomy. 

● Novel products are not well captured by existing models. Existing models typically focus on products that have 
established markets and not properly capture the emergence of new or novel products. Similarly, transformative 
land use practices are not well addressed by existing models. 

● Most of the models provide information on the bioeconomy on the national level and a much smaller number of 
models provide such information at sub-national level. Impacts associated with the development of the 
bioeconomy are typically occurring at regional or local level and it is important that such impacts are properly 
understood. 

Efforts have been made to develop linkages between models to overcome shortcomings related with the sectoral focus of 
models and to assess policy questions related to the bioeconomy. Many of these model linkages focused on related economic 
activities while fewer cover many or all bioeconomy sectors in detail. Integrated Assessment Models are especially important 
for providing information on different aspects of the bioeconomy, because of their multi-sector and multidisciplinary nature. 
To improve the bioeconomy modelling capacity, we formulate the following technical recommendations: 

● Improve the model coverage of existing bioeconomy sectors and products. To cover the entire bioeconomy with 
sufficient level of detail, existing models need to be extended, new models need to be developed and/or numerous 
linked models might be needed to cover all sectors of the bioeconomy. 

● Improve the coverage of novel bioeconomy products. Existing models should be expanded to better cover novel 
products based on available technical, engineering and market information. Availability of appropriate data is a key 
issue and improved modelling should therefore go hand in hand with improved data collection efforts. 

● Improve existing models to better address circularity. Existing (economic) models are generally based on the notion 
of linear (i.e., produce, use, discard) economies and almost completely ignore material cycles and recycling, as well 
as co- and by-production of products and materials.  

● Improve existing models to better address climate change. Climate change affects natural systems, which are at the 
heart of the bioeconomy. Another area of attention is the introduction of bioenergy with carbon capture and 
storage technologies and especially the interaction between forestry and agriculture in terms of land and biomass 
competition. 

● Link existing models with specialised biodiversity models to better address biodiversity. Future assessments should 
seek to better represent land-management practices as well as additional pressures on land and biodiversity, such 
as the influence and mitigation of climate change, overexploitation, pollution, and biological invasions. 

● Consider the novel possibilities offered by big data and artificial intelligence to detect new developments in 
bioeconomy sectors which are hidden in traditional industry statistics.  

● Improve linkages/integration with other tools and approaches. Linking models with existing and well-established 
tools and approaches (e.g., Life Cycle Assessment and Material Flow Analysis) can help to efficiently mitigate some 
of the models’ shortcomings building on the know-how already established in other scientific domains. 

● Improve the spatial resolution of existing models. Impacts associated with the development of the bioeconomy are 
typically occurring at regional or local level and it is important that such impacts are properly understood. 
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● Develop social (SDG) indicators by inclusion of distributional issues between different groups of people or 
households. 

Governance recommendations are: 

● Be selective in the models to be further developed for bioeconomy modelling. IAMs are considered especially 
important, because of their multi-sector and multidisciplinary nature. 

● Plan for sufficient time and resources to better link models. Enabling factors for model cooperation are open data 
and IT infrastructure and model governance structures oriented at long-term maintenance, development, and 
cooperation. 

● Combine bioeconomy modelling with other foresight techniques. This combination will improve the credibility, 
legitimacy, and relevance of the results with regards to the needs of decision makers. 

● Improve quality and transparency of existing models. Quality control of models needs to be better ensured through 
model documentation, validation, publishing model descriptions and applications in peer reviewed journals and by 
making models and their code accessible to peers through open access. 

To support policymakers in addressing cross-cutting issues, improved modelling approaches need to consider key processes 
as technological change (or innovation), circularity, consumer behaviour, climate change and biodiversity. Whereas circularity 
might be included into existing models in the short and medium run, other important concepts require the development of 
new models building on the emerging modelling techniques. These concepts refer to societal and technological changes 
associated with the transition to a sustainable and circular bioeconomy and they specifically relate to how innovations affect 
future development or how consumers learn and change their preferences and what kind of dynamics are to be expected. 
There are several emerging approaches that try to address complex systems and structural changes, but these new classes of 
models are likely to be considered as complements to the existing models and not as substitutes. Their justification comes 
from their long run orientation and does not mean that the existing modelling classes with their higher levels of detail and 
empirical integration are to be replaced. Instead, the closing of the identified gaps of existing models very likely will be useful 
and supportive for a future modelling capacity which is prepared for analysing comprehensively the bioeconomy. We thus 
argue for a modelling approach eclecticism, where established and emerging modelling approaches are combined depending 
on the questions to be analysed. Developments in big data and artificial intelligence will be valuable guideposts for designing 
future modelling strategies. Enabling factors are an open data and IT infrastructure and model governance structures oriented 
at long term maintenance, development, and cooperation. 

In the context of bioeconomy modelling, improved modeller cooperation is needed which brings together established and 
emerging modelling approaches and covers the social, economic, and environmental dimension and disciplines to endogenize 
some of the variables considered as constants in existing (traditional) modelling approaches. We consider the most promising 
opportunities for future modelling activities in the exploitation of model cooperation between established and emerging 
modelling approaches. As this recommendation is focusing on the long-term, we also want to highlight the applicability of 
the emerging modelling approaches, which are very much driven by technological development in computation and modern 
data sciences. To facilitate the combined use of existing and emerging modelling approaches, we recommend several actions 
that could be taken to resolve issues that have so far hampered the uptake of complexity models: 

● Facilitate the closer cooperation between the so far mostly separated research communities on established and 
emerging modelling approaches. This could be achieved by research calls requiring the involvement of relevant 
research communities to ensure a better understanding of how modelling approaches can support each other. 

● Remove barriers to access data and computing infrastructure. Despite major progress in computation and modern 
data sciences, barriers exist that hamper the uptake of development of emerging modelling approaches. Such 
barriers could refer to access to already established data and computing infrastructures. Improved access to and 
improved use of data and computing infrastructures are needed to support a larger uptake of emerging modelling 
approaches. 

● Strengthen the development of complexity models that consider behavioural change. Major developments are 
being made to capture the behaviour of consumers, with the help of internet, big data, and artificial intelligence 
algorithms, although there are also privacy concerns. In addition to better understanding consumer behaviour, an 
improved understanding is also needed for the behaviour of landowners and firms. 

● Better address technological development and innovation in future models. New models that address the long-
term transformation processes in the bioeconomy need to emphasize the outstanding role of innovation. Major 
developments have been made to integrate experimental behaviour under true uncertainty, knowledge exchange 
in networks and learning into agent-based models addressing innovation driven industrial dynamics. These 
promising approaches and their specific application to analyse endogenous innovation processes in the bioeconomy 
are to be explored to substantially improve our understanding of the complex transformation processes. 
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1 Introduction 

The updated EU Bioeconomy Strategy adopted in 2018 aims to develop a sustainable and circular bioeconomy for Europe, 
strengthening the connection between economy, society, and the environment, thereby addressing global challenges such 
as meeting the Sustainable Development Goals (SDGs) set by the United Nations and the climate objectives of the Paris 
Agreement. While the bioeconomy can be defined in many ways, the European Commission defines the bioeconomy as: “all 
sectors and systems that rely on biological resources (animals, plants, micro-organisms and derived biomass, including organic 
waste), their functions and principles. It includes and interlinks: land and marine ecosystems and the services they provide; all 
primary production sectors that use and produce biological resources (agriculture, forestry, fisheries and aquaculture); and all 
economic and industrial sectors that use biological resources and processes to produce food, feed, bio-based products, energy 
and services". 

The updated Bioeconomy Strategy shifts the understanding of the concept from substitution towards circularity and 
sustainability and addresses the competing use of biological resources (animals, plants, micro-organisms, and derived 
biomass, including organic waste), encompassing multiple sectors and policies with a view to achieving policy coherence and 
synergies. In view of developing transition pathways for a bioeconomy that contributes to a more sustainable, competitive 
model of growth and employment in Europe, the European Commission formulated a set of key questions:  

1. How sustainable are current biomass supplies and can more biomass than is produced and used today, be sustainably 
sourced (either internally or from third countries) while fulfilling the need to maintain or even increase carbon sinks and 
sustainably manage land based and marine ecosystems to secure the long-term provision of ecosystem services? 

2. How can the development of the bioeconomy foster climate change adaptation and mitigation and how can negative 
emissions approaches related to the bioeconomy be optimised (e.g., BECCS, bio-based material use, versus wood 
buildings, afforestation)? 

3. What dietary changes would have a positive impact on climate and on the economic, social, and environmental 
sustainability of food systems as well as consumer and planetary health? 

4. How can sustainable, affordable, and secure bioenergy be delivered where needed in the longer term, while meeting 
biomass demand for other existing and emerging (material) uses? 

5. How can the design and implementation of strategies that limit food losses and waste along the entire supply chain, 
contribute to the development of sustainable and resilient food systems? 

To guide policy making in addressing these questions, knowledge and forward-looking capacities are needed. These capacities 
include quantitative modelling tools, which can represent the entire bioeconomy, or parts of it, and support a better 
understanding of the complexity, trade-offs, and potential pathways to achieve the transition to sustainability and climate-
neutrality, addressing the economic, social and environmental dimensions. The need for improved modelling tools is 
highlighted in the Staff Working Document accompanying the updated EU Bioeconomy Strategy (SWD/2018/431), which 
states that to “improve the knowledge base (data, information and tacit knowledge) on all areas of the bioeconomy and a 
forward-looking capacity (modelling, foresight exercises, scenarios), as essential elements for providing the evidence needed 
to support policy makers and for underpinning policy coherence". 

This call for the use of models and modelling for policy support is not new. Out of 1063 Impact Assessments carried out by 
the European Commission between 2003 and 2018, 16% relied on the use of models and this share has increased to around 
25-30% from 2015 onwards (Acs et al. 2019). Models can support policy making to deal with uncertainty and disentangle 
complexity. Models are typically used to explore scenarios and develop potential or desirable future states and development 
pathways. As such, models can reveal and quantify interdependencies and trade-offs between resources, production, 
consumption, markets and sectors, and the environment. The recent European Commission’s 2020 Strategic Foresight Report 
(European Commission 2020) highlights that strategic foresight and modelling are complementary approaches for 
anticipatory- and evidence-based policy making. 

In this context, the European Commission (Joint Research Centre in collaboration with DG Research and Innovation) created 
an ad-hoc Network of Experts to contribute to the European Commission’s Knowledge Centre for Bioeconomy with forward-
looking analysis needed for exploring possible scenarios towards a sustainable, clean, and resource-efficient bioeconomy, 
with a focus on climate-neutrality and sustainable development. The second work package aims to analyse modelling needs 
to integrate all three aspects of sustainability (economic, social, environmental). This report is the outcome of the second 
work package and contains three parts. Firstly, we present an analysis of existing capacity to model transitions for the 
bioeconomy, focusing on models used in the European Union but covering also reference models used in other countries. 
Secondly, we present an analysis of emerging approaches to model transitions for the bioeconomy. Thirdly and finally, we 
provide recommendations how bioeconomy modelling approaches could be improved in the short-medium, and long-term. 
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2 Existing capacity to model future transitions for the bioeconomy 

2.1 What are models and why are they useful? 

2.1.1 Role of models in supporting decision-making 

Modelling generally refers to the simplification of reality intended to facilitate and promote understanding. The extent to 
which a model aids in the development of our understanding is the basis for deciding how good the model is. We follow here 
the definition by Acs et al. (2019), who define a model as “an analytical representation or quantification of a real-world 
system, used to make projections or to assess the behaviour of the system under specified conditions”. This definition excludes 
related methods and approaches, such as for example ‘standard cost model’, ‘lifecycle model’, ‘analytical model’, etc. (Acs et 
al. 2019). 

As a model represents a simplification of reality, certain details are excluded. The risk is that a model represents reality in an 
over simplistic manner and will not support the development of the understanding desired. In contrast, if too much detail is 
included, the model may become so complicated that, again, it fails to promote the development of the deeper levels of 
understanding one seeks. George Box’ statements that “all models are wrong, but some are useful" recognizes that scientific 
models always fall short of the complexities of reality but can still be of use.  

It is important to distinguish the different purposes of models: some are focusing on short-run adaptations to exogenous 
shocks and outline the alignment of the system to the new conditions. This class of models usually allows to include a large 
set of details and depicts the multifaceted reactions and interrelations in the adaptation process. Some other models are 
designed to develop a better understanding of long-term development driven by co-evolutionary processes and confronted 
with severe uncertainties concerning the system’s architecture and processes. Here, a broader conceptualization of the 
system modelled (i.e., less detailed descriptions of single system’s components) are required to work out the basic 
mechanisms of qualitative development, e.g., structural changes. There is no better or worse between these different classes 
of models. The choice of a specific model class depends on the purpose of the analysis and both model classes are to be 
considered as strongly complementary. 

 

2.1.2 Model typologies 

While numerous typologies exist for classifying models, we follow here an existing classification (Smeets et al. 2013; O’Brien 
et al. 2017; Angenendt et al. 2018) and categorize existing models for assessing the development of the bioeconomy as 
follows: 

1. Economic models 

a. computable general equilibrium (CGE) models 

b. partial equilibrium (PE) models 

2. Environmental models 

a. biophysical models 

b. land change models 

3. Integrated assessment models (IAMs) 

4. Specialist model (or bottom-up models) 

Figure 2.1 provides a schematic overview of how different models provide information on the development of the 
bioeconomy and it illustrates the wide range of models and methods needed to join multiple scales and dimensions of the 
bioeconomy into one systemic framework. Grouping models is, however, challenging as there are several overlaps among 
model types and categories and several models address multiple scales of analysis (O’Brien et al. 2017). In the following, the 
model typologies are discussed, and they are summarized in Table 2.1. 
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Figure 2.1 Overview of existing types of models and other relevant tools and approaches for assessing the bioeconomy (van 

Leeuwen et al. 2015; O’Brien et al. 2017) 

 

Global computable general equilibrium (CGE) models are comprehensive market models describing many sectors and 
the economy as a whole. CGE models are a class of economic models that use actual economic data to estimate how an 
economy might react to changes in policy, technology, or other external factors. CGEs are especially suitable to evaluate 
economy-wide impacts of policies related to e.g., agriculture, energy and trade and their subsequent effects on GDP, 
employment, land-use change, GHG emissions etc. Key strengths are the comprehensive coverage of economic sectors and 
regions to account for inter-linkages and the explicit modelling of limited economic resources. Limitations are that the CGE 
models necessitate a simplified representation of agent choices, in particular favouring relatively simple and smooth 
mathematical forms which help to reduce the number of parameters required to calibrate the models. 

Partial equilibrium (PE) models have a more detailed coverage of sectors and often explicitly show biophysical flows and 
absolute prices. PE models usually also have a high(er) level of detail with respect to regional aspects, policy measures and 
environmental indicators as well as a higher level of sectoral detail. Disadvantages are that the impacts and economy-wide 
linkages with other key sectors that are not represented are ignored and that macroeconomic balances are thus not 
considered. The limited supply of key resources and inputs into productive activities within the economy (such as labour and 
capital) also tend to be ignored. 
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Table 2.1. Overview of the bioeconomy modelling approaches with their applications, typical timeframes, key strengths, and 
limitations. Modified from Wicke et al. (2015) 

 CGE Models PE Models Environmental 
models 

Integrated 
Assessment models 

Specialist models 

Application Economy-wide 
impacts of biomass 
and bioenergy 
policies, including 
subsequent effects on 
land-use change and 
GHG emissions 
induced by these 
policies. 

Indirect substitution, 
land use and rebound 
effects due to multiple 
sectors and 
production factors 

Explicit and detailed 
sectoral impacts of 
sectoral policies on 
agriculture, forestry, 
land-use change, 
energy system and 
GHG emissions 

Market outlooks for 
sectors for medium 
term 

Monitoring natural 
ecosystems and 
simulations to mimic 
or predict bio-
physical processes. 

Assessment of 
availability of raw 
materials 

Impacts of 
(bioeconomy) 
policies on 
environment (land 
use, water, and 
biodiversity) 

Bioeconomy 
resource potentials 
under different 
assumptions (incl. 
sustainability 
criteria). Possible 
contribution of 
bioenergy to long-
term climate policy. 
Impacts of 
bioenergy policies 
on global land use, 
water, and 
biodiversity 

Wide variety of 
specific (technical) 
aspects of biomass 
production, 
conversion, and use. 
Validation of other 
studies with a 
broader scope, such 
as PE and CGE 
models, and IAMs 

Analysis 
period 

~2050, up to 2100 ~2050 ~2050, up to 2100 ~2100 ~2050, up to 2100 

Strengths Comprehensive 
coverage of economic 
sectors and regions to 
account for 
interlinkages. Explicit 
modelling of limited 
economic resources. 

Measuring the total 
economy wide and 
global effects of 
bioeconomy policies 
(including indirect and 
rebound effects) 

Detailed coverage of 
sectors of interest 
with full market 
representation. 

Explicit 
representation of 
biophysical flows 
and absolute prices. 

Usually more details 
on regional aspects, 
policy measures and 
environmental 
indicators 

Detailed 
understanding of 
biophysical process 
(e.g., crop or tree 
productivity) or land 
use changes 

Integrating different 
relevant systems in 
one modelling 
framework. 
Possibility to analyse 
feedbacks between 
human and nature 
systems, and trade-
offs and synergies of 
policy strategies. 

Built around long-
term dynamics 

Detailed insights 
into techno-
economic, 
environmental, and 
social characteristics 
and impacts of 
biobased systems 

Limitations Level of aggregation 
that may mask the 
variation in the 
underlying constituent 
elements. Scope of 
CGE models 
necessitates 
simplified, 
representation of 
agent choices, 
favouring smooth 
mathematical forms 
and reduced number 
of parameters 
required to calibrate 
the models. Often no 
or little explicit 
representation of 
quantities for 
biophysical flows 

Technological change 
is ignored or 
exogenous, and 
without 
understanding of 
stakeholder strategies 
for innovation and 
diffusion. 

No learning or 
behavioural change on 
the side of consumers. 

Optimization of 
agent welfare, but 
only the sectors 
represented in the 
model. 

No consideration of 
macroeconomic 
balances and 
impacts on not-
represented sectors. 

Need large number 
of assumptions for 
long-term 
projections. 

Technological 
change is ignored or 
exogenous, and 
without 
understanding of 
stakeholder 
strategies for 
innovation and 
diffusion. 

No learning or 
behavioural change 
on the side of 
consumers. 

Challenges related 
to data availability 
and quality 

No consideration of 
feedback loops with 
the economic system 
(indirect effects such 
as price responses, 
competition, 
replacement effects 
as well as 
technological or 
structural changes 
outside the system 
boundaries are 
exogenous) 

High level of 
aggregation or too 
complex systems. 
Unsuitable for short-
term assessments. 

Large number of 
assumptions (and 
the communication 
of these to the 
public) 

No inclusion of 
indirect and induced 
effects outside the 
boundaries of the 
study, i.e., often 
deliberately ignore 
interactions with 
other sectors 
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Environmental models focus on depicting the environment and generally aim to monitor natural ecosystems and run 
simulations to mimic or predict bio-physical processes and identify problems. Methods include e.g. biophysical modelling, 
land change modelling and can focus on the micro level (e.g. farms and forest stands with crop simulation models) to the 
global level (e.g. with Earth system models) (O’Brien et al. 2017). Biophysical models are one class of environmental models, 
which aim to capture biophysical processes, such as crop or forest/tree growth dynamics, as affected by climate, water and 
nutrient availability and other environmental conditions. Biophysical models tend to have well-defined system boundaries in 
terms of geographic scope, sectoral coverage, and technology. Land use and land cover models are another subset of 
environmental models, designed to describe land use dynamics in a spatially explicit manner using information about land 
availability, land suitability, proximity to infrastructure, as well as other environmental and socio-economic factors (Smeets 
et al. 2013; Varacca et al. 2020). 

Integrated assessment models (IAMs) are designed to describe the interactions between human activities and (global) 
environmental change processes (Smeets, et al. 2013). IAMs, therefore, include a description of the human system and 
environmental system and the interaction between the two. As such, they cover a broad range of disciplines, including energy 
analysis, economics, agriculture analysis, and biophysical sciences. The models and tools discussed in the previous sections 
often form a part of an IAM (although often deliberately simplified compared to the stand-alone forms). The agricultural 
and/or energy economics components are normally represented by a CGE or PE model. However, in IAMs these are combined 
with a simultaneous representation of the physical system, implying that the model not only describes emissions or 
agricultural production but also the full chain of climate change (concentrations, temperature change) and a representation 
of land-use. Disadvantages are the high complexity and the high level of aggregation (or other simplifications) necessary to 
maintain computational tractability. 

Specialist models deal with a wide variety of specific (often technical) aspects of biomass production, conversion, and use. 
Bottom-up models are used to validate other studies with a broader scope, such as PE and CGE models and IAMs, and tend 
to be more process-based models with an engineering or biophysical focus. These bottom-up models, or specialist models, 
typically address very specific themes and/or technological processes. They have normally a deterministic nature and a much 
narrower geographical scope, but typically can look at a much higher number of dimensions thanks to their detailed nature. 
In between these two are placed the energy system models, which have a broader array of aspects they try to cover using 
different methodologies. 

 

2.2 What capacity exists currently to model future transitions of the bioeconomy? 

Models have long been used in Europe to monitor how (traditional) sectors of the bioeconomy could develop and how these 
are affected by policy changes. Models may address the entire bioeconomy, or parts thereof, and may be linked to each other 
to give a comprehensive view of the bioeconomy (Smeets et al. 2013; Wicke et al. 2015; Angenendt et al. 2018). Within the 
context of the BioMonitor project1, a review has been recently conducted of existing models that can be used to analyse the 
impacts of drivers on the economic, social, and environmental performance of the bioeconomy (Varacca et al. 2020). The 
study conducted a systematic literature review and compiled an exhaustive inventory of existing bioeconomy-related models 
that have a clear socio-economic component or provided insight on key market variables (e.g., supply and use of biomass), 
as well as biophysical models focusing on environmental aspects. The authors conducted their review by first identifying 
studies published in recent years using relevant bioeconomy keywords. This search yielded a large set of publications, which 
was then further scrutinized and reduced using a set of selection criteria (Varacca et al. 2020): 

 The models should have a clear role in either monitoring the bioeconomy sectors or producing scenarios, projections, 
foresights on the same sectors. 

 The models should have a sufficiently wide geographical coverage (e.g., at least one country as a whole) and be 
extendable to other countries and regions. 

 The models should have been published in peer-reviewed journals or research reports prepared by reputable 
institutions. 

Varacca et al. (2020) identified 33 models and characterized each of these models according to a predefined set of evaluation 
criteria. The authors reviewed which economic activities are covered by the models in accordance with the Nomenclature of 
Economic Activities (NACE). Their selected NACE sectors are given in Table 2.2. However, the NACE classification is focused 
on economic activities and does not well cover ecosystem services and non-market activities. Thus, while NACE classification 
is the basis for most economic models, it is not directly applicable to environmental models focusing on biophysical processes. 

Varacca et al. (2020) focused mainly on bio-based products and less on energy uses. As the bioeconomy includes also energy 
uses of biomass (see also Box 1), this review was here extended by identifying and characterizing 29 additional models using 
the methodology by Varacca et al (2020) but focusing on the energy sector. In the next sections, we review what bioeconomic 
modelling capacity currently exists, both within and outside the European Union, based on a review of 62 of models in total. 

                                           
1 http://biomonitor.eu/ 
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Table 2.2. Overview of economic sectors that belong in part or as whole to the bioeconomy in accordance with the 
Nomenclature of Economic Activities (NACE) (Kardung et al. 2021) 

Code Description 

A01 Crop and animal production, hunting and related service activities 

A02 Forestry and logging 

A03 Fishing and aquaculture 

C10 Manufacture of food 

C11 Manufacture of beverages 

C12 Manufacture of tobacco 

C13 Manufacture of textiles 

C14 Manufacture of wearing apparel 

C15 Manufacture of leather and related products 

C16 
Manufacture of wood and of products of wood and cork, except furniture; manufacture of articles of straw and plaiting 
materials 

C17 Manufacture of paper and paper products 

C18 Printing and reproduction of recorded media 

C20 Manufacture of chemicals and chemical products 

C21 Manufacture of basic pharmaceutical products and pharmaceutical preparations 

C22 Manufacture of rubber and plastic products 

C31 Manufacture of furniture 

D35 Electricity, gas, steam and air conditioning supply 

D3511 Production of electricity 

F41 Construction of buildings 

F42 Civil engineering 

G46 Wholesale trade, except of motor vehicles and motorcycles 

G47 Retail trade, except of motor vehicles and motorcycles 

I55 Accommodation 

I56 Food and beverage service activities 
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Box 1. The role of energy models in the bioeconomy 

With the transition towards sustainable energy systems, energy models play a prominent role in policy support by providing 
information to deal with the current variable and mixed energy technologies. These models can be useful also in the context of 
bioeconomy. A wide range of energy models exists, each using different approaches, and addressing different issues of energy 
generation and distribution (Ringkjøb et al. 2018). They generally deal with energy questions related to the entire economy, or 
just specific economic sectors, without focusing in detail on the products these sectors are producing. For the bioeconomy, the 
relevant energy models are the ones considering bioenergy as a commodity in any of the relevant sectors of the economy.  

Following the classification used in this report, energy models do not represent a separate class of models. The two most 
important families of energy system models are the ones finding their roots in the partial or general equilibrium theories. This 
family of models is typically used to assess respectively the sectorial or the direct and indirect impact across sectors of specific 
energy policies. Energy models are here described separately as they can play an important role in addressing key policy issues. 
In addition, they comprise a well-developed field in bioeconomy modelling with interesting new modelling approaches 
extendable to the whole bioeconomy context that are useful to further consider and explain in this report. Below the main 
purpose, strengths, and weaknesses of different categories of energy models are described (modified from Welfle et al. 2020). 

 Integrated Assessment 
Models (IAMs)  

Energy system models Specialist models 

Computable General 
Equilibrium (CGE) 

Partial Equilibrium (PE) 

Application  ● Bioenergy resource 
potentials based on 
varying assumptions & 
criteria  

● Contribution to long 
term climate policy  

● Impacts of bioenergy 
policies on global land 
use, water and 
biodiversity  

● Economic impacts of 
biomass & bioenergy 
policies  

● Policy Effects such as 
resulting GHG emissions  

● Indirect substitutions 
such as land use & 
rebound effects on 
multiple sectors  

● Sector impacts of 
bioenergy policies on 
agriculture, forestry, 
land use change, energy 
system & GHG 
emissions  

● All technical aspects of 
feedstock supply, 
conversion & use.  

● Validation of other 
studies with broader 
scopes.  

Timeframe  ● Long  ● Short to Medium  ● Short to Long  ● Short to Long  

Strength of 
Approach  

● Integrating different 
systems in one 
modelling framework  

● Potential for analysing 
feedbacks between 
human & natural 
systems, trade-offs & 
synergies with political 
strategies  

● Developed around long 
term dynamics  

● Comprehensive 
coverage of economic 
sectors & regions to 
account for inter-
linkages  

● Explicit modelling of 
limited economic 
resources Measuring 
economy-wide & global 
effects of bioenergy 
policies  

● Detailed coverage of 
interest sectors with full 
market representation  

● Explicit representation 
of biophysical flows & 
prices  

● Typically greater detail 
on regional aspects, 
policy measures & 
environmental 
indicators  

● Detailed insights into 
techno-economic, 
environmental & social 
characteristics  

● & impacts of bio-based 
systems  

Limitations of 
Approach  

● High level of 
aggregation of highly 
complex systems  

● Unsuitable for short 
term assessments  

● Large number of 
assumptions  

● Level of aggregation 
may mask the variation 
in the underlying 
elements.  

● Scope of CGE models 
necessitates simplified 
trends and outputs  

● Few or no explicit 
representation of 
quantities for 
biophysical flows  

● Optimisation of agent 
welfare, but only the 
sectors represented in 
the model  

● No consideration of 
macro- economic 
balances & impacts on 
non-represented 
sectors  

● Needs large number of 
assumptions for long 
term projections  

● No inclusion of indirect 
& induced effects 
outside the boundaries 
of the study - often 
deliberately ignoring 
interactions with other 
sectors  

Strong Coverage 
of Bioenergy 
Themes  

● Forestry & Wood 
Feedstocks  

● BECCS & CCS  
● Emissions & GHGs  

● Forestry & Wood 
Feedstocks  

● Residue Feedstocks  

● Emissions & GHGs  ● Forestry & Wood 
Feedstocks  

● Emissions & GHGs  

No Coverage of 
Bioenergy 
Themes  

● Bioenergy Processes &  
● Technologies (other 

than BECCS + CCS)  
● Pre-treatment 

Processes  
● ILUC  
● Water Issues  
● Bio-chemicals  

● ILUC Water Issues  ● Alternative Transport 
Biofuels  

● (non-road)  
● Pre-treatment 

Processes  

● Coverage of all 
Bioenergy Themes  
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2.2.1 Economic models 

Computable General Equilibrium models 

Computable General Equilibrium Models (CGE) are comprehensive market models describing many sectors and the economy 
as a whole. CGE models are a class of economic models that use actual economic data to estimate how an economy might 
react to changes in policy, technology, or other external factors. The core of a CGE model is an input–output model, which 
links industries in value added chains from primary goods, over continuously higher stages of intermediate processing, to the 
final assembly of goods and services for consumption. Producers are assumed to choose the cheapest combination of 
imperfectly substitutable labour, capital, land, natural resources, and intermediates. As such, interlinkages between different 
markets are provided, so feedback effects can be accounted for when evaluating different policy actions, changes in 
technology or other exogenous dynamics. Therefore, one of the main advantages of CGEs lies in their breadth of key economic 
relationships, including market price adjustments, changes in trade, market balances and factor markets.  

CGEs account for technological shifts, although this is most of the time achieved without a detailed specification of the 
technologies involved. The same applies to changes in policies, with CGE models providing a means for assessing medium- 
and long-term effects in the bioeconomy agenda at the EU or global level. However, the generally higher level of sectoral and 
regional aggregation (with respect to PE models) is detrimental to modelling sectorial details such as niche markets, regional 
characteristics, land use restrictions and other lower-level features (Kretschmer et al., 2010). Clearly, the higher the 
aggregation, the weaker the interactions between the underlying constituent elements, and the lower the chance to include 
bottom-up information (elasticities and data) (Hoefnagels et al., 2013). Consequently, the representation of technology and 
technological change is usually rather limited (Smeets et al., 2013).  

The GTAP model (Corong et al. 2017) is the mother of most of the CGE models mentioned in the list as it provides the starting 
template and database provided by the global trade consortium. MIRAGE extended the GTAP database in the direction of 
biofuels and was actively used in the iLUC debate of biofuels (Laborde et al. 2014, Valin et al. 2015). MAGNET has a focus on 
the bioeconomy by a split of many agricultural sectors and residues of primary and food processing sectors (including various 
fisheries and aquaculture sectors), it has extended its coverage to biofuels, bioenergy, and several biobased chemicals 
(Woltjer et al. 2014, van Meijl et al. 2018a, Philippidis et al. 2019). 

GEM-E3, ICES, LIBEMOD and NEWAGE are CGEs with an energy focus. These models generally consider the entire economy 
and the interactions between economic sectors but focus on energy questions related to the entire economy, or just specific 
economic sectors, without focusing in detail on the products these sectors are producing. 

 

Table 2.3. Overview of existing Computable General Equilibrium models 

Model Full name Bioeconomy Sectors Resolution Reference 

GEM-E3* General Equilibrium 
Model for Economy-
Energy-Environment 

All economic activities 
(focus on energy) 

Key strength: D35, 
D3511, C20 

Regional - Continental Capros et al. 2013 

GTAP Global Trade Analysis 
Project 

All economic activities 
(no specific focus) 

National - Continental Corong et al. 2017 

ICES Intertemporal 
Computable Equilibrium 
System  

All economic activities 
(focus on energy) 

Key strength: D35, 
D3511, C20 

Regional - Multinational Eboli et al. 2010 

LIBEMOD LIBEralization MODel 
for the European 
Energy Markets 

All economic activities 
(focus on energy) 

Key strength: D35, 
D3511, C20 

National - National Aune et al 2008 

MIRAGE Modelling International 
Relationships in Applied 
General Equilibrium 

All economic activities 
(no specific focus, used 
for biofuels) 

Regional - Continental Bchir et al. 2002; Bouët, 
etal. 2010, 2012 

MAGNET* Modular Applied 
GeNeral Equilibrium 
Tool 

All economic activities 
(agriculture and 
bioeconomy focus) 

National - Continental Woltjer et al. 2014 
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Model Full name Bioeconomy Sectors Resolution Reference 

Key strength:  A01, A03, 
C10, C11, C20-C22 
(biobased), D2511 
(bioenergy) 

NEWAGE National European 
Worldwide Applied 
General Equilibrium 

All economic activities 
(focus on energy) 

Key strength: D35, 
D3511, C20 

National - Multinational Montenegro et al. 2019 

*Model applied by JRC 

 

Partial equilibrium models 

A fairly large number of partial equilibrium models exist that can model specific sectors of the bioeconomy. PE models are 
often used to address sector specific questions (e.g., agriculture and energy) and for which interrelation with other parts of 
the economy are secondary. The models can be roughly grouped in models focusing on the agricultural sector, the forestry 
sector, or the energy sector (Table 2.2), although there are also models (GLOBIOM and MAGPIE) that cover all these sectors, 
at least to a certain extent. There are also only few models that cover fisheries and aquaculture. 

Partial equilibrium models that focus on the agricultural sector include Aglink-COSIMO, AGMEMOD, CAPRI, IMPACT and 
MAGPIE. A wide variety of PE models have been identified and classified, as can be seen in Table 2.2. PE models have 
frequently been used to analyse first-order effects of policy intervention on a feedstock market when using biomass for 
bioenergy and materials (see e.g., De Gorter and Just (2009) for corn ethanol and Babcock et al. (2011) for second generation). 
More sophisticated models however exist, such as the Common Agricultural Policy Regionalised Impact (CAPRI) model (Britz 
et al. 2014), encompassing many sectors and regions, and providing a high level of detail in the supply and demand 
representation especially within the EU, including a detailed treatment of environmental effects. GlOBIOM moves in the same 
direction at global level but more aggregated within the EU and linking also to the forest sector. Other examples of PE models 
that consider the agricultural sector and focus more on market developments (outlooks) are AGMEMOD with EU MS specific 
country representation, Aglink-COSIMO with global focus (EU is one region), IMPACT with a LDC focus, and MAGPIE (global 
focus). A similar variety of PE models is available for energy models (e.g., POLES, PRIMES, TIMER). A review of PE models for 
the energy sector is available from Bhattacharyya (2010) and Ringkjøb et al. (2018), see also section 2.2.4. 

Partial equilibrium models that cover the forestry sector include EFI-GTM, GLOBIOM, GFTM and GFPM. All these models 
contain a module or function to assess forest biomass availability, but they may derive such information also from dedicated 
environmental models (see section 2.2.6 on model linkages). All these models focus on the traditional economic activities 
relating to the manufacture of wood and first transformation products of wood and cork, as well as paper and paper products, 
but they generally exclude second transformation products (e.g., furniture). Links with the energy sector are being developed 
for several of the models, but these models generally contain limited information on emerging wood products such as 
engineered wood products, man-made cellulose fibres, or biofuels. The main difference between these models is their scope 
in terms of products coverage and geographical coverage and spatial resolution. For example, EFI-GTM includes 30 forest 
industry and energy sector products, five roundwood categories, three categories for forest chips, four recycled paper grades, 
and the main by-products of the forest industries (black liquor, sawmill chips and sawdust), while GFTM covers 10 final 
products, 4 intermediate products, and 4 primary products. While all models cover the global forest sector, they differ in how 
they treat countries or global regions. For example, GFPM covers 180 individual countries, while EFI-GTM and GFTM cover 
individual EU countries and group countries for the rest of the world. 

 

Table 2.4. Overview of existing partial equilibrium models 

Model Full name Bioeconomy Sectors Resolution Reference 

Aglink- 

COSIMO* 

Aglink-COSIMO A01, C10, C11 Regional - National OECD and FAO, 
2015 

AGMEMOD* Agriculture Member State 
Modelling 

A01, A03, C10 Regional - National Salamon et al. 
2017 

CAPRI* Common Agricultural Policy 
Regional Impact 

A01 Regional - National Britz et al. 2014 
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Model Full name Bioeconomy Sectors Resolution Reference 

EFI-GTM European Forest Institute 
Global Trade Model 

A02, C16, C17 National - Continental Kallio et al. 2004 

ESIM European Simulation Model A01, C10 National - National Grethe et al. 2012 

GLOBIOM Global Biosphere 
Management Model 

A01, A02, C16, C17 Regional - Continental Ermolieva et al. 
2015 

GFPM Global Forest Products Model A02, C16, C17 National - Continental Buongiorno et al. 
2003; Buongiorno, 
J., 2014 

GFTM* Global Forest Trade Model A02, C16, C17 National - Continental Jonsson et al. 
2015; 2017; 2018 

IMPACT International Model for Policy 
Analysis of Agricultural 
Commodities and Trade 

A01, C10, C11 Regional - National Robinson et al. 
2015 

MAGPIE Model of Agricultural 
Production and its Impact on 
the Environment 

A01, A02, A03, C10, C11 Regional - Continental Dietrich et al. 2018 

Oemof Open Energy Modelling 
Framework 

D35, D3511, C20 Local - Multinational Hilpert et al. 2018 

PLEXOS PLEXOS Integrated Energy 
Model 

D35, D3511, C20 Local - 
Multinational,Continental 

- 

POTEnCIA* Policy Oriented Tool for 
Energy and Climate Change 
Impact Assessment 

D35, D3511, C20 National - National Mantzos et al. 
2017 

PRIMES Price-Induced Market 
Equilibrium System 

D35, D3511, C20 Regional - National Capros, 2018 

POLES* Prospective Outlook on Long-
term Energy Systems 

D35, D3511, C20 National - National Criqui 1996 

TIMES* The Integrated MARKAL-
EFOM System 

C19, D35, D3511 Local - National Loulou et al. 2005 

BALMOREL - D35, D3511, C20 Local - Multinational Wiese et al. 2018 

PROMETHEUS - D35, D3511, C20 Multinational - 
Multinational 

Fragkos et al. 2015 

*Model applied by JRC 

 

Other economic models 

There are additional economic models that cannot be classified as a CGE or PE model. Models like FARMIS and MARKAL are 
bottom-up optimization models for the agricultural and energy sectors, respectively. The models include relatively a lot of 
biophysical and technical details.  
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Table 2.5. Overview of other existing economic models 

Model Full name Bioeconomy Sectors Resolution Reference 

ENPEP-
BALANCE 

Energy and Power Evaluation 
Program  

D35, D3511, C20 Regional - Multinational Energy and Power 
Evaluation 
Program 2008 

GINFORS Global INterindustry 
FORecasting System 

D35, D3511, C20 National - Multinational Lutz et al. 2010 

WEM World Energy Model D35, D3511, C20 National - Multinational Kato 2002 

FARMIS Farm Modelling and 
Information System 

A01 Regional - National Ehrmann 2017; 
Deppermann et al. 
2014 

IFM-CAP* Individual Farm Model for 
Common Agricultural Policy 
Analysis 

A01 Local - National Louhichi et al. 
2015 

MARKAL MARKet ALlocation C20, D3511, Others 
(depending on version): 
Heat, road transport, 
aviation, petro-chemical, 
bio-based chemical, other 
energy-intensive industries.  

Local - National Loulou et al. 2004; 
Zonooz et al. 2009 

*Model applied by JRC 

 

2.2.2 Environmental models 

Biophysical models 

Biophysical models are one class of environmental models, which aim to capture biophysical processes, such as crop or tree 
growth dynamics, as affected by climate, water and nutrient availability and other environmental conditions. These models 
generally provide relevant information on crop or tree productivity or biomass availability from agriculture or forestry, but 
they generally do not address the economic activities themselves. Furthermore, these models often allow for understanding 
environmental impacts of economic activities, as well as addressing ecosystem services and non-market activities. 

EPIC, MITERRA and PRISM-ELM are biophysical models that mostly focus on agricultural soils and crops. They generally 
consider detailed information on climate and nutrient availability in the soils and provide information on crop productivity. 

CBM-CFS3, EFDM, EFISCEN and G4M are biophysical models that mostly focus on forest resources. They generally consider 
data on forest productivity as input and project the development of forest resources. These models can be used to assess 
biomass availability from forests, but also provide insight in how policy and management effects may affect carbon stocks 
and sinks in forests, and other forest-related indicators and ecosystem services (incl. biodiversity). 

INVEST is developed to assess how changes in ecosystems are likely to change their benefits to society. The model assesses 
the impact of a variety of different ecosystems (e.g., carbon and habitat quality) employing a production function approach 
to quantify and value ecosystem services.  
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Table 2.6. Overview of existing biophysical models 

Model Full name Bioeconomy Sectors** Resolution Reference 

A4a* Assessment For All A03 NA (>250 fish stocks) Millar et al. 2012; 
Jardim et al. 2014 

CBM-CFS3* Carbon Budget Model of the 
Canadian Forest Sector 

A02 Local - Continental Kull etal. 2016; 
Kurz et al. 2009 

EPIC* Environmental Policy 
Integrated Climate Model 

A01 Regional - Continental Balkovič et al. 
2013 

EFDM* European Forest Dynamics 
Model 

A02 Regional - Continental Vauhkonen and 
Packalen 2017 

EFISCEN European Forest Information 
SCENario model 

A02 Regional - Continental Verkerk et al. 
2017; 2019 

G4M Global Forest Model A02 Regional - Continental Kindermann et al. 
2008 

INVEST Integrated Valuation of 
Ecosystem Service and 
Tradeoffs 

User defined Local - National Sharp et al. 2018 

MITERRA Miterra-Europe A01, A02 Regional - Continental Lesschen et al. 
2011; Velthof et al. 
2009 

PRISM-ELM Parameter-elevation 
Regressions on Independent 
Slopes Model Environmental 
Limitation 

A01 Local - National Daly et al. 2018 

*Model applied by JRC 

**The NACE classification on economic activities is not directly applicable to environmental models. The NACE classification is here used to 
broadly indicate which bioeconomy activities are addressed, while acknowledging environmental models address also other activities not 
covered by NACE  

 

Land use and cover and other environmental models 

Land use and land cover models are designed to describe land use dynamics in a spatially explicit manner using information 
about land availability, land suitability, proximity to infrastructure, as well as other environmental and socio-economic 
factors. Existing models include the empirical-statistical model Dyna-CLUE, the dynamic simulation model CLUMondo and the 
Land-Use based Integrated Sustainability Assessment tool LUISA. The former class of tools attempts to identify explicitly the 
causes of land-cover changes through regression-like analyses of possible exogenous contributions to empirically derived 
rates of changes, whereas with the latter type of models, patterns of land-cover changes in time and space are produced by 
interacting biophysical and socio-economic processes.  
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Table 2.7. Overview of land use and cover and other environmental models 

Model Full name Bioeconomy Sectors** Resolution Reference 

CLUMondo Conversion of Land Use and 
its Effects model 

A01, A02 Local - Continental van Asselen and 
Verburg 2013 

Dyna-CLUE Dynamic Conversion of Land 
Use and its Effects model 

A01, A02 Local - Continental Verburg and 
Overmars 2009 

LUISA* Land Use-based Integrated 
Sustainability Assessment 

A01, A02 Local - Continental Lavalle et al. 2015 

ToSIA Tool for Sustainability Impact 
assessment 

User defined Local - National Lindner et al. 
2010. 

DSK model Dystopian Schumpeter 
meeting Keynes model  

D35, D3511, C20 Global - Global Lamperti et al. 
2018 

MADIAMS Multi-actor dynamic 
integrated assessment model 

All economy modelled as 
one aggregated sector 

Multinational - Global Hasselmann et al. 
2013 

*Model applied by JRC 

**The NACE classification on economic activities is not directly applicable to environmental models. The NACE classification is here used to 
broadly indicate which bioeconomy activities are addressed, while acknowledging environmental models address also other activities not 
covered by NACE  

 

2.2.3 Integrated assessment models 

Several IAMs exist, of which few cover all sectors of the bioeconomy (Table 2.8). A well-known IAM is the IMAGE 3.0 model 
(Stehfest et al. 2014). It embeds many models such as the MAGNET CGE model for agricultural developments, the TIMER 
energy model and the LPJML crop growth model. The MESSAGE model (Krey et al. 2016) is developed for strategic energy 
planning and integrated assessment of energy-engineering-economy-environment systems. The model forms the core of the 
MESSAGEix framework, which can be applied to analyse scenarios of the energy system transformation under technical-
engineering constraints and political-societal considerations. The model can be linked to the general-economy MACRO model 
to incorporate feedback between prices and demand levels for energy and commodities. The Remind model is often used in 
combination with the Magpie PE model. 

The integration of models from different disciplines comes at a price. Linking fundamentally heterogeneous tools poses some 
serious methodological questions concerning the specification of the underlying models (i.e., the above-mentioned 
simplifications), how to link model components, overcoming computational complexities, etc. (Varacca et al. 2020). On the 
other hand, allowing for information exchange between socio-economic and biophysical models provides a means to address 
trade−offs and synergies of policy strategies at a global scale, over a long period of time. Moreover, the involvement of 
researchers belonging to different areas could foster interdisciplinary model development and research in general. 

 

Table 2.8. Overview of Integrated Assessment models 

Model Full name Bioeconomy Sectors Resolution Reference 

DNE21+ Dynamic New Earth 21 D35, D3511, C20 National - Multinational Akimoto et al. 
2010 

E3ME-FTT-
GENIE* 

- All economic activities National - Continental Mercure et al. 
2018 

ETSAP-TIAM The TIMES Integrated 
Assessment Model 

D35, D3511, C20 National - Continental Loulou et al. 2008 

GCAM Global Change Assessment 
Model 

A01, D35 National - Continental - 
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Model Full name Bioeconomy Sectors Resolution Reference 

IMAGE 3.0 Integrated Model to Assess 
the Global Environment 

A01, D35, A02 Local - Regional Stehfest et al. 
2014 

IFs International Futures  All economic activities Regional - Multinational Hughes et al. 2019 

MEDEAS Modeling the renewable 
energy transition in europe 

All economic activities National - Multinational Capellán-Pérez et 
al. 2020 

REMIND Regional Model of 
Investments and 
Development 

All economic activities, but 
as single sector 

Continental - Continental Leimbach et al. 
(2010) 

WITCH World Induced Technical 
Change Hybrid model 

All economic activities Multinational - 
Multinational 

Bosetti et al. 2006 

IMACLIM-R 0 D35, D3511, C20 National - Multinational Sassi et al. 2010 

*Model applied by JRC 

 

2.2.4 Specialist models 

Specialist models deal with a wide variety of specific (often technical) aspects of biomass production, conversion, and use. 
The BeWhere model is a clear example of this group of models. It is a spatially-explicit techno-economic model, which was 
originally developed for optimizing the capacity and localization of bioenergy facilities. The model minimizes the production 
cost and the total emissions of the whole supply chain. The model uses input on biomass cost-supply, the conversion 
technology specifications, the logistical and pre-treatment technologies, and the demand categories. ETM, LEAP, MESSAGE 
and OSeMOSYS are other specialist models with a focus on energy. SIMFISH is a simulation model for fisheries behaviour that 
optimises the effort allocation to maximize annual profit for a consecutive number of years. This bio-economic model includes 
feedback loops between the biology of the stocks represented in the model and the behaviour of fisheries in the short run 
(effort allocation), as well as in the long run (entry-exit in the fishery). 

 

Table 2.9. Overview of specialist models 

Model Full name Bioeconomy Sectors Resolution Reference 

BEWHERE BEWHERE D35, D3511, C20 Regional - Continental Leduc 2009 

ETM* Energy Transition Model D35, D3511, C20 Local - Continental van Lelyveld 2010 

LEAP Long-range Energy 
Alternatives Planning 

D35, D3511, C20 Local - Multinational Heaps 2020 

MESSAGE Model for Energy Supply 
Strategy Alternatives and their 
General Environmental impact 

C19, D35, D3511 National - Continental Krey et al. 2016 

OSeMOSYS The Open Source Energy 
Modeling System 

D35, D3511, C20 Local - Multinational Howells et al. 2011 

SIMFISH Spatial Integrated bio-
economic Model for FISHeries 

A03 Local - Local Bartelings et al. 
2015 

*Model applied by JRC 
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Box 2. Overview of bioeconomy applications of existing models 

Existing models have been used alone or in cooperation with other models to study different aspects of the bioeconomy 
transition.  

ESIM has been applied to evaluate agricultural market impacts of biomass demand for food, feed, and perennial biomass 
crops under different bioeconomy scenarios to achieve a 75% GHG-reduction target in the EU until 2050 (Choi and 
Entenmann, 2019). Focusing on the production of biodiesel in the EU, Junker et al. (2015) used the MAGNET and the 
CAPRI models to investigate the potential effects of the withdrawal of rapeseed oil from the biodiesel industry in EU 
Europe. Frank et al. (2016) applied the GLOBIOM model in combination with G4M to estimate current and future CO2 
emissions from LULUCF in the EU used to generate an updated European Reference Scenario. GLOBIOM, G4M and 
EFISCEN were linked to estimate future CO2 emissions and removals from forestry activities (Böttcher et al. 2012). The 
EFI-GTM model was coupled with the FORMIT-M forest growth model to assess the impacts of EU forest management 
strategies on climate mitigation potential (Härkönen et al., 2019). Jonsson et al. (2018, 2020) combined the GFTM with 
the CBM models to make an outlook of the European forest-based sector until 2030, considering forest growth, harvest 
demand, wood-product markets, and forest carbon dynamics. MIRAGE was used by Brinkman et al. (2018) to study the 
potential ILUC related to rapeseed production for biodiesel conversion in Romania and Gerssen‐Gondelach et al. (2016)) 
the ILUC‐risk of miscanthus‐based bioethanol in Poland. Somé et al. (2018) combined LCA and EEIO with the GTAP model 
to evaluate the effect of large-scale biofuel policies in terms of potential indirect environmental effects, including land-
use changes. Smeets et al. (2014) used the MAGNET model to assess the macroeconomic impacts of the deployment of 
second-generation biofuels, biochemicals, bioelectricity and biogas. M’barek et al. (2019) applied the MAGNET model to 
quantify different medium- to long-term market outlooks for the European and global bioeconomy. The authors designed 
and simulated transition pathways to 2050 and analysed the contribution of the bioeconomy to the Sustainable 
Development Goals. 

Tsiropoulos et al. (2017) explored potential least-cost pathways to 2030 in the case of the energy system of the 
Netherlands. This study assesses the potential effects of bioenergy (with and without CCS) on the evolution of the 
bioeconomy. Schulze et al. (2016) combined a spatially explicit economic simulation model with InVEST to assess the 
impact of land-use decisions on provisioning and regulating ecosystem services and biodiversity. With regard to the 
effects of dietary changes on emissions, Westhoek et al. (2014) explored the impact of replacing 25-50% of animal-derived 
foods with plant-based foods, assuming corresponding changes in production in the EU case. The EFISCEN model was 
used to assess the potential availability of woody biomass in 39 European countries (Verkerk et al. 2019) and coupled 
with the EFI-GTM model to develop an outlook of the entire European forest sector (UNECE-FAO 2011). The CBM-CFS3 
model has been linked with the GFTM model as well as EVA (forest ownership behavior model), POLES and LUISA to build 
an integrated forest-based bioeconomy modelling framework (Mubareka et al., 2014). Bertram et al. (2018) introduced 
a broad suite of mitigation policy options—including direct sector-level regulation, early mitigation action, and lifestyle 
changes—into the integrated energy-economy-land-use modelling system REMIND-MAgPIE. 

 

2.2.5 Features of existing bioeconomy models 

In this section, we summarize the information that is provided by the 62 models that have been reviewed. A suite of model 
types exist that can model the development of (part of) the bioeconomy (Figure 2.2a). Most of the models reported in the 
literature are economic models and partial equilibrium models are the most common type of all models identified to model 
the development of the bioeconomy. Seven CGE models have been identified in the literature that cover the entire economy; 
three of these provide detailed information on all economic sectors and the other four consider all economic activities but 
focus on energy. We identified six specialist models and a similar number of environmental models (13) and IAMs (12) and 
biophysical models are most common in the group of environmental models. 

For each of the models, their coverage of bioeconomy sectors has been identified in accordance with the Nomenclatures of 
Economic Activities (NACE). We focused on 24 economic sectors and activities that are considered to belong to the 
bioeconomy (Kardung et al. 2021; Varacca et al. 2020). The NACE classification is here used to broadly indicate which 
bioeconomy activities are addressed, while acknowledging environmental models also address other activities not covered 
by NACE. The supply and production of (bio-)energy (see also Box 3), the manufacture of chemicals and the agriculture and 
forestry sectors are the five sectors that are most covered by existing models, followed by the manufacturing of food, wood 
and paper products (Figure 2.3). The relatively high coverage of the first three sectors in this list is clearly influenced by the 
large number of energy models included in the review. Many of these models address the chemical sector, but they mostly 
focus on energy questions related to the sector, rather than the products that are produced. The dominance of models 
focusing on agro-food most likely relates to the importance of the sector to the bioeconomy. Furthermore, the reviewed 
models generally poorly covered the aquaculture and fishing sector, as well as the manufacturing of textiles, leather and 
wearing apparel, as well as the pharmaceuticals and plastics. It must be stressed that this type of analysis can only be used 
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to give a quantitative overview of the covered sectors (i.e., which one are addressed) and not a qualitative indication (how 
comprehensively each sector is covered). For example, while the number of models covering the chemical sector is relatively 
high, in the same models this sector is described quite rudimentarily by including just one or a few products (often biofuels). 
It is also important to note that, firstly, many sectors appear to be addressed by the existing models, but these models often 
do not capture the sector as a whole, but typically focus on a subset of products. Secondly, environmental models capture 
important activities related to each sector, but - by their design –do not provide economic information. Thirdly, while many 
sectors are captured by the models, the models may not distinguish between bio-based products and activities vs. activities 
based on non-renewable, non-bio-based products. 

The existing models vary in terms of their spatial resolution (Figure 2.2b). Almost all existing models could produce outputs 
at the national level, while about 60% of the models could also deliver results at the sub-national level (regional). 
Approximately one-third of the models could produce results at a spatial resolution as fine as local. 

Figure 2.2c depicts the temporal coverage of the 62 models found in the literature, based on the difference between the base 
year considered by each model and the maximum temporal horizon each model allowed to consider. The period between 
2010 and 2050 are covered by most models, while few covered the longer time horizons (e.g., up to 2100). The models with 
no bars have a user-defined timeframe, so it is not possible to represent their timespan. Most of the models have a time-step 
of one or five years. 

Another important evaluated feature was the extent of the model accessibility (Figure 2.2d). Accessibility determines to what 
extent models are made available to other researchers or users and relates to the transparency of the models, when the full 
source code is made available. It should be noted, however, that when the source code of a model is not available, it does 
not mean the model is not transparent as its equations may be available from supporting documentation. Figure 2.2d shows 
that 37% of the models are completely (29%) or partially accessible (8%) to (expert) users. Another 29% of the models have 
restricted access, which means that only model holders and associated institutions could run the models and had access to 
the source code. The remaining models were either not accessible or no information was retrievable from the documentation. 
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a) 

b) 

c) 

d) 

Figure 2.2. Overview of features of existing bioeconomy models (updated from Varacca et al. 2020) based on (a) model types 
with number of models in each sub-category; (b) models’ spatial resolution (local resolution refers to a surface as small as a 
farm unit, or up to a 10 km x 10 km spatial grid); (c) models’ temporal resolution (* indicates that temporal resolution is user-
defined); and (d) accessibility of models.  
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Figure 2.3. Coverage of bioeconomy sectors by models. Note that Computable General Equilibrium models cover all 
bioeconomy sectors (updated from Varacca et al. 2020). 

 

Box 3. Coverage of key bioenergy issues by different categories of models  

Numerous energy models exist and below a summary is provided how different types of energy models address the main 
bioenergy related themes and thus those relevant for the bioeconomy. From the summary it is clear that each modelling 
approach suffers from limitations that are intrinsic to their design. For example, the IAMs’ strength of capturing as much 
as possible the interaction between the bio and the ecosphere is counterbalanced by the unavoidable coarser 
representations of the system, which filter through the generated results. CGE and PE are based on key assumptions (e.g., 
price changes) and focus on certain specific sectors or economic activities. PE models, for example, cannot analyse the 
broad interactions caused by new policies due to their sectorial scope. The high focus of the specialist models often also 
represents their limit since they generally lack the consideration of more macro-scale effects and feedbacks occurring in 
broader real-life systems. There is no such thing as a model that can cover all the energy-related issues but, the most 
suitable model family must be chosen based on the main goal of the analysis. 

 

Summary of key bioenergy issues covered by different categories of energy models (Welfle et al. 2020). The summary is 
based on the abstract of about 124 thousand papers and a keyword search. 

Themes  Keywords Energy System 
Models*  

IAMs  Specialist Models  

Bioenergy Feedstocks  Forestry  ●●●  ●●●  ●●●  

Algae  ●●  ●  ●  

Briquettes  ●  X  X  

Pellets  ●  ●  ●  

Chips  ●  ●  ●  

Wood  ●●  ●●●  ●●●  

Wastes  ●●  ●●  ●●  

Residues  ●●●  ●  ●●  

Lignocellulosic  ●  ●  ●●  

Energy Crops  ●  ●●  ●  

1st Generation  X  ●  ●  

2nd Generation  ●  ●  ●  

3rd Generation  X  ●  X  

Bioenergy Processes & 
Technologies  

BECCS & CCS  ●●  ●●●  ●●  

Combustion  ●  ●●  ●  
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Pyrolysis  ●●  ●  ●  

Gasification  ●●  ●●  ●●  

Torrefaction  X  X  X  

Anaerobic Digestion  ●  X  X  

Co-firing  X  ●  ●  

Thermo-chemical  X  ●  X  

Catalysis  ●●  ●  ●  

Bio-chemicals  ●●  ●  ●●  

Fermentation  ●●  X  ●●  

Drying  ●●●  ●●●  ●●●  

Chipping  X  X  X  

Pelletising  X  X  X  

Bioenergy Systems 
Issues  

Bioeconomy  ●●  ●●  ●●  

Environment  ●●  ●●  ●●  

Emissions & GHGs  ●●●  ●●●  ●●  

ILUC  X  X  X  

Sustainability  ●●  ●●  ●●  

Climate Change  ●●  ●●  ●●  

Yields & Productivity  ●●  ●●  ●●  

Trade  ●  ●  ●  

Water  X  X  X  

Deforestation  ●  ●  X  

Forestation  ●  ●  ●  

Ecosystems & 
Biodiversity  

●●  ●  ●●  

Jobs, Training & Skills  ●  ●  ●  

Land Use  ●●  ●●  ●●  

Bioenergy Vectors  Bio-Power  ●●  ●●  ●●  

Bio-Heat  ●  ●  X  

Transport Biofuels  ●●  ●●  ●  

Aviation  X  ●  X  

Heavy Goods Haulage  X  X  X  

Maritime  X  X  X  

Bio-chemicals  ●  X  ●  

Bio-Syngas  X  ●  X  

Ecosystem Services  ●  ●  ●  

Explanation: X: issue not addressed ●●●: issue generally addressed ●●: issue sometimes addressed ●: issue rarely addressed.  
*This includes PE and CGE models but also other bottom-up optimization and accounting models 

 

2.2.6 Model cooperation 

The cooperation between different approaches (model types) and the linking of models provides a possible way to move 
beyond the typical sectoral focus of models and platforms are being developed to facilitate such efforts (e.g., Integrated 
Modelling Partnership (http://www.integratedmodelling.org/). Such cooperation offers possibilities to reduce some of the 
shortcomings and knowledge gaps in existing models (see also section 2.3) and strengthen the ability to project (both directly 
and indirectly) the impacts of the emerging bioeconomy. Thereby, model collaboration can aid in improving the quality of 
information for policymakers and contribute to better-informed decision-making (Wicke et al. 2015). Model cooperation can 
help assess issues that involve multiple economic sectors, different temporal, and spatial scales and/or various impact 
categories and their linkages and trade-offs. Wicke et al. (2015) identify three forms of model collaboration (Figure. 2.4).  

● Alignment and harmonization of models focus mainly on input data, level of aggregation, and scenario definitions.  

● Comparison of models focuses on the methods, representation and parameterization of bioeconomy, assumptions 
and uncertainties in input data, and/or on results and sensitivities to uncertainties in underlying data and 
approaches. 

● Integration of models takes collaboration a step further and it can thereby provide a more comprehensive picture 
of the impacts of a certain policy or development. Model linkages can be of a number of forms, including using the 
results from one model as input to another model, iterating inputs from different models, partially integrating 
models by using a simplified form of one model in another model or fully integrating models and solving them 
simultaneously 

 

http://www.integratedmodelling.org/
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Figure 2.4. Typology of model collaboration. Redrawn from Wicke et al. (2015). 

 

The three forms are interrelated in such a way that, for example, model comparison can guide and improve alignment and 
harmonization of models. Conversely, under the condition of harmonized input data and scenarios, model comparison allows 
a better understanding of the results, its drivers and the differences across models. Model cooperation can also reveal 
information about the robustness of the results when tested under different paradigms, about model biases and artefacts, 
and about strengths and weaknesses of different approaches (Wicke et al. 2015). Thereby, model comparison can be used to 
further improve and calibrate the individual models. Model comparison can also help expose the causes of differences and 
similarities in model output, which is important for interpreting the results for policy making.  

Integration of models has also its drawbacks. The linking of different models and sources, for example, can contribute to 
propagating errors between modelling tools, potentially increasing the uncertainty of the results significantly. It is important 
to be careful in this exercise and find the proper balance to avoid making the whole effort of limited use due to the excessive 
uncertainty of results. 

As shown in Table 2.10, model integration can be performed in different ways and efforts have been made to develop linkages 
between models to overcome shortcomings related to the sectoral focus of models and to assess policy questions related to 
the bioeconomy. IAMs are clear examples of partially or fully integrating different modelling approaches. However, the more 
generic model collaboration discussed here can also refer to the cooperation between two or more stand-alone models, 
which does not require the analysis to be conducted in one integrated system. ‘Soft linkages’ have been developed in the 
past by harmonizing common input variables to the models and using one model results of one model as input to the other. 
‘Hard linkages’ are of a more systematic nature requiring that model results converge through multiple iterations of 
exchanging results between models (see e.g., Jansson et al. 2008). The latter approach is quite resource intensive. 
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Table 2.10. Model integration methods and their advantages and disadvantages. Modified from van Vuuren et al. (2012) 

Method Advantages Disadvantages 

A: Off-line information 
exchange (one-way) 

• Work with existing terminology and 
tools 
• Transparent information exchange 
• Flexibility 
• Separate research strategies 

• Feedback are only captured via (one-single) iterations 
• Potential inconsistencies 

B: Improved socio-economic 
models) 

• Allows for good representation of 
uncertainty 
• Model complexity tailored to question 
• Detail in treatment of socio-economic 
processes 

• Lack of detail in treatment of biophysical processes 
(often meta-modelling) 

C: Improved natural systems 
models 

• Higher resolution analyses than in B 
• Detail in treatment of biophysical 
processes 

• Lack of detail in treatment of socio-economic processes 
• Limitation of model runs limits representation of 
uncertainty 

D: Full coupling (two-way) • Assessment of feedback 
• Highest degree of consistency 

• Technical difficulties 
• Lack of representation of uncertainty 
• Inflexibility 
• Complexity/intransparency 
• Limitations in knowledge may hamper progress 

 

Several examples exist where sectoral models have been linked to each other, with relevance to bioeconomy modelling. One 
such example of model cooperation is the agricultural model intercomparison project (Agmip) where various crop models, 
livestock models, global gridded land use models, regional economic models and global economic models cooperate. CAPRI, 
MAGNET, Magpie and Globiom participate in the collaboration project. Examples exist also for the forestry sector in which 
biophysical forest resource models are linked with forest sector partial equilibrium models for example, CBM with GFTM 
(Mubareka et al. 2014; Jonsson et al. 2015; 2016; 2017; 2018; 2020), EFISCEN with EFI-GTM (UNECE 2011; Verkerk et al. 2014; 
2018) and G4M with GLOBIOM (e.g., Böttcher et al. 2012). In another initiative, soft-linkages were realised between a suite 
of models to cover the entire land use sector (Figure 2.5); CGE models (Remind/MagPie and MAGNET) provided drivers such 
as economic growth or technology change to PE models (CAPRI and EFI-GTM) and calculated changes in agricultural 
production were used in Dyna-CLUE to project land use change, which affected forest area in EFISCEN. EFISCEN then provided 
wood harvesting potentials to EFI-GTM. The modelling framework was used to assess policy impacts (Lotze-Campen et al. 
2018) and identify pathways to envisioned, future land uses (Verkerk et al. 2018).  
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Figure 2.5. Model linkages realised in the VOLANTE project (Lotze-Campen et al. 2018; Verkerk et al. 2018) to capture scenario 
impacts on land use and their effects of ecosystem service provisioning. 

The full coupling of models represents the most advanced type of model cooperation (Calvin and Bond-Lamberty, 2018), 
allowing for the two-way interaction between the (ensemble of) models and, as such, for the full endogenization of the 
feedback mechanisms. IAMs are currently mostly one-way coupled models in which resource use and emission levels, which 
are some of the input of the modelled earth system variables (e.g., temperature) are, among others, determined by the 
projected socioeconomic variables such as GDP growth. The estimated changes in temperature, resource availability etc. 
cannot, in turn, affect the modelled socioeconomic sphere, being them exogenous to the models. Two-way coupled 
modelling, on the contrary, can shed light on complex and, sometimes, also new mechanisms difficult to find when 
investigated separately. Such a bidirectional modelling can also bring to unexpected and sometimes counterintuitive results 
consequence of the nonlinear dynamic of feedback, which also represent their real added value. As the same authors found, 
the feedback effects across the reviewed models are variable, ranging from being very influential to negligible for certain 
aspects. It must be however noted that the development of such coupled models is complex and extremely expensive, 
contributing to hinder their widespread development and adoption (Verburg et al., 2016). The computational cost of running 
this type of integrated analysis can also be prohibitive, limiting their adoption and type of feedback and scenarios studied. 
Just to give an example, the work of Thornton et al. (2017), which studied how energy, agriculture, land, and carbon will be 
influenced by the climate-land feedback, required approximately 500,000 processor hours per simulation on a 
supercomputer. It must be also noted, however, that Thornton et al. (2017), as many other scholars, used earth system 
models (Flato, 2011) to simulate the environmental component. This family of models are certainly detailed but also complex 
and computationally expensive. Being important to study the impact of these feedback, but not being the focus of policy-
oriented bioeconomy modelling, it would certainly be advisable to use more simplified models. Climate emulators and other 
types of simplified climate tools such as the BernSCM (Strassmann and Joos, 2018) and the SimMod (Smith et al., 2018) 
models, are certainly more suitable. In fact, despite being simpler and less computationally expensive, they still allow for the 
consideration of the two-way feedback of altered anthropogenic emissions in the studies scenarios.  
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Efforts are ongoing to cover the disconnection between environmental and economic issues. Examples of such efforts are 
the inclusion of the value of nature in economic modelling or how changes in environmental conditions may affect the 
economy (e.g., climate change affecting biomass feedstock quantity and quality, Nelson et al. 2013, Van Meijl et al. 2018b). 
Economic (CGE) and integrated assessment models have recently been combined with biodiversity models to assess the 
possibility to reverse the trend of decreasing biodiversity by several kinds of measures (nature conservation, reducing food 
waste, productivity changes and diet shifts) without compromising food security (Leclere et al 2020). 

 

2.2.7 Other relevant tools 

The models described above are part of a rich set of tools, approaches and methods to conduct sustainability impact 
assessments. There is abundant literature on sustainability assessment tools, approaches and methods that are useful to 
measure the progress towards the UN Sustainable Development Goals (SDGs) and answer other major policy questions. 
Figure 2.6 summarizes existing tools based on their objectives, temporal focus, and coverage (Ness et al., 2007).  

 

 

Figure 2.6 Framework for sustainability assessment tools based on the temporal focus of the tool along with the object of 
focus of the tool. The arrow on the top of the framework shows the temporal focus, which is either retrospective 
(indicators/indices), prospective (integrated assessment) or both (product-related assessment). The object of focus of the 
tools is either spatial, referring to a proposed change in policy (indicators/indices and integrated assessment), or at the 
product level (product-related assessment). The monetary valuation tools on the bottom are used when monetary valuations 
are needed in the above tools. Thick lines around the boxes mean that these tools can integrate nature–society systems into 
single evaluation. Redrawn from Ness et al. (2007). 
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Life Cycle Assessment (LCA)2, Material Flow Analysis (MFA) and Input-Output Analysis (IOA) are approaches of high relevance 
in assessing the development of the bioeconomy (e.g., O’Brien et al. 2017) and complement the use of models (Acs et al. 
2019). Input-output tables are the backbone of several of the reviewed models (e.g., MEDEAS, GINFORS) and MFA data are 
often used as primary source of information for materials consumption and extraction data in several models (e.g., E3ME-
FTT-GENIE). LCA, MFA and IOA play an important role in helping to evaluate the progress toward the SDGs and how policy 
actions address sustainability. Box 4 describes how these tools and approaches can supplement bioeconomy modelling.  

Process-based LCA is probably the most widely used sustainability assessment tool. LCA is a structured and comprehensive 
method to assess the sustainability impacts associated with products, processes, and systems throughout their entire life 
cycle (i.e., from raw materials extraction to the end of life). The holistic nature of the life cycle-based approaches makes them 
particularly suitable to mitigate the risks of burden-shifting and sub-optimization of the available resources when comparing 
different options. The method has been, in fact, also used to assess the environmental impact of bioeconomy sectors and 
commodities, as for example in the JRC biomass study (European Commission and Joint Research Centre, 2018). An 
interesting example of LCA tool that can be used in the bioeconomy context, also at EU scale, is the Bioeconomy AGE (Air 
emissions, Greenhouse gas emissions, and Energy consumption) model developed from the Argonne National Laboratory. 
The model was used to estimate the energy and GHG emissions of the bioeconomy in the US as compared to an all‐fossil case 
(Rogers et al., 2017). 

Material flow analysis (MFA) focuses on the systematic tracking of the flows and stocks of material and/or substances from 
extraction to disposal within our socioeconomic (e.g., productive, economic, or social) systems. By using this methodology, 
the material or substance flow through the whole economic system can be understood and it can thus help in: (i) determining 
critical pathways where losses or inefficiencies of resources occur; (ii) optimizing material use and processing and (iii) building 
meaningful and simple indicators to improve the sustainability of resource extraction and use. This method has already been 
used to serve the cause of EU bioeconomy transition as a whole (Gurria et al., 2017) or for individual sectors (Mantau, 2015; 
Cazzaniga et al., 2019) and MFA tools like DPMFA (Bornhöft et al., 2016) exist already.  

In Input-Output Analysis3 (IOA), the structure of the economy is described and analyzed in terms of the interactions, both 
among industries and between them and households. Compared to MFA, IOA allows not only to illustrate the flows of 
resources in the economy, but also between the economic and the industrial sectors. Also, the input-output methodology 
has been directly used to estimate the socio-economic impacts of the bioeconomy transition in the EU (see e.g., Asada et al., 
2020; Budzinski et al., 2017). Besides forming the basis of the overall database in General Equilibrium models, Input-Output 
(I-O) and Social Accounting Matrix (SAM) models are often separately, on an ad-hoc basis, used for assessing the impact of a 
change in the demand conditions for a given sector in a given regional economy. The Social Accounting matrices for the 
Bioeconomy (hereafter BioSAMs) (Mainar Causapé and Philippidis, 2018) represent an important tool for understanding the 
structure and the revenue flows among the commodities, activities, factors, and institutions pertaining to the Bioeconomy 
(these also include households and governments). In addition, BioSAMs (and SAMs in general) serve as inputs for calibrating 
most economic equilibrium models and allow multiplier analysis in multi-sector linear models. 

The strengths and weaknesses of these four approaches are summarized in Table 2.11. These approaches can be used in 
combination or even merged, as in the hybrid LCA approaches (Crawford et al., 2018) and sometimes they are even built on 
top of each other. For example, PIOTs are often built upon MFA (De Marco et al., 2009), EEIOA can rely on the integration of 
product-based E-LCA data into MIOTs (Merciai and Schmidt, 2018), and S-LCA is built on top of MIOTs (Benoît Norris, 2014). 

  

                                           
2 Comprising Environmental Life Cycle Assessment (E-LCA), Life Cycle Costing (LCC) and Social Life Cycle Assessment (S-LCA) 
3 Including PIOT (Physical Input Output Tables), MIOT (Monetary Input Output Tables), WIOT (Waste Input Output Tables, MRIO (Multi Regional 
Input Output), SUT (Supply and Use Tables), EE-IOT (Environmentally Extended Input-Output Table) and Social Accounting Matrix (SAM). 
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Table 2.11. Main sustainability assessment tools relevant for the bioeconomy with their topical orientations, main strengths 
and weaknesses and examples of their extensions and combinations with other tools. Modified from Karvonen et al. (2017) 

Tool Orientation Strengths Weaknesses Extensions & combinations 

Input - output 
(IO) methods 

Economic Economic tables are 
commonly available for IO-
analysis and are well and 
reliably documented. 
Preciseness is better if markets 
are well-known. Especially 
suitable for industry once cost 
structure and profitability is 
applied. 

Assumption of linear market 
responses. Markets need to 
be well established and known 
for higher certainty levels. 

Extensions to environmental 
dimension (EE-IO). 

Environment 
(environmentally 
extended IO) 

Environmental extension of IO is 
obtainable from commonly 
available statistics. 

Shares the weaknesses of 
IO. In addition, EE-IO may 
produce large datasets 
which are cumbersome to 
operate. 

LCA databases or MFA 
calculations may be applied 

Life cycle 
Assessment 
(LCA) 
methods 

Environment (E-
LCA) 

Comprehensive 
consideration of all inputs 
and emissions of a product 
during its life cycle. Inclusion 
of indirect emissions, such as 
those from steel or fossil fuel 
production. Standardized 
methods and comprehensive 
databases are available. 

Highly demanding in data and 
large data sets are demanding 
to handle. Datasets not always 
available, but access only via 
costly licenses. Datasets are 
quickly outdated and are not 
fully transparent in 
documentation 

Combination with material flow 
analysis possible. 

Social (S-LCA) Social aspects are often 
connected to economic and 
ecological issues. 
Hence, much data is available. 

Methods to assess and derive 
social impacts from existing 
data are in infant state. Cannot 
be directly attached to 
environmental LCA because of 
high site-specific nature. 

Data from other LCA methods 

Economic (LCC) Economy is often of high 
interest to any decision maker 
and economic information 
supports social impact 
assessment too. 

Some economic information 
may be difficult to obtain 
because of trade secrets. 
Market price fluctuations and 
changes in consumption 
patterns cause uncertainties 

Combining with OI, MFA or the 
other LCA methods is possible. 

Material flow 
analysis 
(MFA) 

Environment Focus on loads of materials 
needed in production of a 
specific (end) product 
enables identification of 
inefficient material uses and 
production phases. Can be 
comprehensive, yet simple 
to operate. 

May inherit a limited view in 
respect to inclusion of 
externalities outside the 
examined system. 

MFA-model tools are capable to 
add many different indicators if 
the functional unit permits it. 
Combination with LCA is 
possible. 
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Box 4. Examples of how other tools and approaches can help to improve bioeconomy modelling  

Although often applied to fossil-based sectors, examples exist on how tools such as LCA, MFA and I-O analysis can be 
coupled to models to improve them. Typically, IAMs are not constrained by the supply of mineral resources and are thus 
unable to address potential material resource scarcity in the future. Boubault et al. (2019) addressed this issue by using 
life cycle material footprint data in the TIAM-FR model (derived from the ETSAP-TIAM model). To quantify the amount of 
mineral resources extracted and consumed directly and indirectly by electricity-generating technologies, the authors used 
process-based life cycle inventories (LCIs) from the Ecoinvent 3 (Wernet et al., 2016) database. The goal was achieved by 
disaggregating the relevant LCIs into separate life cycle stages (namely construction, operation, and decommissioning) 
and linking them to the respective TIAM-FR electric outputs (new capacities, electricity production, and end-of-life 
capacities). Using this method, the authors could demonstrate how the infrastructures for hydro, solar, and wind power 
generation will drive an increased global demand for minerals within the coming decades.  

The proper representation of physical material cycles in IAM, CGE and PE models would help modelling more realistically 
the effects of e.g., policy measures aiming at increasing the efficiency of biophysical resources use. Linking models from 
economic to physical material cycles needs two-way "translation" of monetary to physical flows (and stock changes) to 
ensure the proper representation of physical balances and ensure the development of mass-balance-consistent models. 
Normally the representation in both physical and monetary units in such models exists only for the use phase of energy 
conversion and, for some models, for other specific assets in industry, buildings, and transportation). Cao et al (2019) 
used dynamic MFA to include the physical linkages and stock dynamics into the CGE model enabling both the mass and 
monetary balance modelling simultaneously. By considering the physical stock dynamics the authors could add new 
constraints to the CGE model that is merely exogenously driven by e.g., population and GDP growth. 

Except for certain products and sectors, existing multi-sectoral (i.e., CGE and IAM) models almost completely ignore 
material cycles and recycling, as well as co- and by-production of products and materials (Pauliuk et al., 2017; McCarthy 
et al., 2018). This is because past and present modelling techniques are generally based on the notion of linear (i.e., 
produce, use, discard) product lifecycle and economies. Input - output methods can help address this gap (Winning et al. 
2017). To consider waste management and material recovery and include secondary production sectors in their ENGAGE-
Material, Winning et al. (2017) split steel production into one sector using virgin mineral ores and another one using 
secondary metal scrap, using environmentally-extended, multi-regional input-output tables. 

 

2.2.8 Sustainable Development Goals 

The development of the bioeconomy is considered to pave the way for meeting challenges for sustainable development (El-
Chichakli et al., 2016; Heimann, 2019). The updated EU Bioeconomy Strategy aims to develop a sustainable bioeconomy for 
Europe, strengthening the connection between economy, society, and the environment. It also addresses global challenges 
such as meeting the Sustainable Development Goals (SDGs) set by the United Nations. 

The SDG framework explicitly acknowledges interlinkages between the Goals and to achieve all Sustainable Development 
Goals (SDGs) by 2030, it is necessary to understand how they interact with each other. A recent review of how economic 
activities affect SDGs (van Zanten and Tulder 2020) finds that studies on agricultural, industrial, and manufacturing activities 
predominantly report negative impacts on environmental development, while literature on services activities highlight 
economic and social contributions. The review finds that economic activities are generally considered to positively affect SDG 
9 (industrialization, infrastructure, and innovation) and SDG 8 (economic productivity], while meeting basic needs (SDGs 2, 3, 
4, 6, 7, 11). However, SDGs 3 (human health), 13 (climate action) 14 and 15 (aquatic and terrestrial ecosystems) are generally 
negatively affected (van Zanten and Tulder 2020). In general, the entire SDG agenda is threatened as recent assessments 
show that inequality is widening, hunger is on the rise, ecosystems are eroding at an alarming rate, and climate change is 
getting worse (Sachs et al. 2019; UN 2019). 

Existing bioeconomy models provide only partial insights in these complex relations within and between SDGs. Partial 
equilibrium models generally focus on one SDG but address implications that affect few other SDGs. For example, the 
agricultural PE models focus on SDG2 (No hunger) and contribute partially to SDG 13 (climate action). Similarly, energy PE 
and other energy models focus on SDG7 (Affordable and clean energy) and address implications on SDG13 (climate action). 
CGE models generally have a broader coverage of SDGs as they focus on the whole economy and contribute therefore 
especially to SDG8 (decent work and economic growth). Despite the economy wide focus, CGE models have their own 
strength and specialisation. For example, GEM-E3, ENVISAGE and ENV-linkages have a focus on energy and climate (SDG8 
and SDG13) while MAGNET has a focus on agriculture and the rest of the bioeconomy (SDG2). The MAGNET model, using its 
economy-wide focus, has recently been extended with a SDG indicator module with a broad coverage of SDGs (12 out of 17: 
SDG 1, 2, 3, 6, 7, 8, 9, 10, 12, 14, 15, 17) encompassing over 60 SDG related indicators, the majority ‘inspired’ by the ‘targets’ 
which appear in each of the goals (Philippidis et al. 2020, van Meijl 2019). Table 2.12 shows the specific targets and SDG 
addressed in Philippidis et al. (2020). 
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Table 2.12. Overview of selected SDG targets by sustainable development layers (Philippidis et al. 2020) 

 

Notable is also the work done with the ICES model (Eboli et al. 2010; Campagnolo and Davide, 2019; http://paris-
reinforce.epu.ntua.gr/detailed_model_doc/ices) to assess and monitor current well-being and future sustainability. The 
model has been extended to include 28 indicators related to the 17 SDGs16 of the country level ASDI indicators are based on 
model results, seven are linked via regression analyses (SDG1, SDG2, SDG3a, SDG3b, SDG4, SDG7a, SDG10), and four 
remaining (SDG14, SDG15a, SDG15c, SDG16) are kept historically constant. 

 

These examples show that progress is made to include SDGs in modelling, it is complicated to include all SDGs and their 
targets and variables of interest within a single modelling framework. A model review by Allen et al. (2016) showed that only 
one of 80 reviewed models included variables relating to all 17 SDGs. The SDGs with the greatest coverage by existing models 
are economy and employment (SDG 8), energy (SDG7), investment-trade-finance (SDG 17), food-land (SDG 2), climate change 
(SDG 13), and to a lesser degree, water (SDG 6) and industry-innovation (SDG 9). Policy areas that represent key gaps in 
modelling capabilities included institutions-governance (SDG 16), gender equality (SDG 5), cities (SDG 11), marine life (SDG 
14), education (SDG 4) and, to a lesser degree, poverty (SDG 1), health (SDG 2), inequality (SDG 10) and terrestrial life (SDG 
15). Thus, while some existing models are particularly relevant, it is unlikely that a single modelling framework can help to 
analyse all SDG targets and variables of interest. Instead, combining multiple modelling approaches are considered to provide 
a robust approach for analysis and decision-making (Allen et al. 2016). Similarly, van Soest et al. (2019) analysed how IAMs 
can contribute to a wider analysis of the SDGs to inform integrated policies. By design the IAMs cover the SDGs related to 
climate and most IAMs also cover several other areas that are related to resource use and the Earth system (Figure 2.8). 
Overall, the analysed IAMs cover 3 SDGs in detail and 10 can at least partly be quantified by IAMs, while 4 are clearly not well 
covered in these models. Areas identified for model development include oceans, consumption and production patterns, 
cities (in relation to public transport and buildings, including e.g., compactness/polycentrism), inequalities (especially for 
national models and CGEs), health (in relation to food, air pollution, climate change, and life below water and on land), 
poverty, and, to some extent, education (on an aggregated level, and possibly through coupling with specialised education 
models). To better cover SDGs, it is necessary to facilitate a better representation of heterogeneity (greater geographical and 
sectoral detail) by using different types of models (e.g., national, and global) and linking different disciplines (especially social 
sciences) together (van Soest et al. 2019). 
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Figure 2.7 The representation of SDGs by IAMs (van Soest et al. 2019; reproduced with permission). (A): Bar height represents 
the average score for individual target coverage from the model survey. (B): SDG interactions and coverage by IAMs according 
to the expert and model surveys (the SDG in the column impacts the SDG in the row). The strength dimension of SDG 
interactions is indicated by grey shading: the darkest shade of grey represents average scores near 3 (strong interactions), 
while white represents no interactions. The representation of IAMs following the model survey is indicated by asterisks. ***: 
currently in IAMs, **: planned development, and * conceivable to be represented in the future. Finally, orange cells indicate 
the highest agreement between the importance of interactions and potential model representation, while blue coloured cells 
show the most notable important interactions without model representation. Interactions that are marked as currently 
represented are endogenous, with various levels of process detail. Future modelling of the SDG interactions that have 
remained unrepresented thus far can be achieved as a part of a consistent set of exogenous assumptions such as, for example, 
the impact of quality education on reducing poverty.  
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Figure 2.8. SDG interactions in the IAM literature (van Soest et al. 2019; reproduced with permission). Linkages among the 
topics in the literature (inner circle) have been uncovered endogenously using topic modelling. Topics are manually allocated 
to SDGs (outer circle). Chord width is proportional to the number of documents that simultaneously feature two topics. 
Climate topics are in green while non-climate ones are in light blue. Water avail.: Water availability; Low c. elec.: low-carbon 
electricity; CBA of clim. pol.: cost-benefit analysis of climate policy; CCS: carbon capture and storage; bioen.: bioenergy; neg. 
emis.: negative emissions. 

 

We can conclude in line with van Soest et al. (2019) that it is necessary to facilitate a better representation of heterogeneity 
(greater geographical and sectoral detail) by using different types of models (e.g., national, and global) and linking different 
disciplines (especially social sciences) together. Especially, the social dimension is not well represented and models that can 
deal with distributional issues need to be included in the model frameworks. 

 

2.3 What are gaps and complementarities in existing capacities for modelling future 
transitions for the bioeconomy? 

2.3.1 Gaps to be addressed in the short to medium term 

From the review undertaken in chapter 2.2, it can be clearly seen that most of the available models have a sectoral focus. It 
is therefore not straightforward to address cross-cutting policy questions (i.e., sustainability of current and future biomass 
supplies; the contribution of the bioeconomy to climate change adaptation and mitigation; impact of dietary changes on 
sustainability of food systems and on planetary health; sustainability of bioenergy supply, considering biomass demand for 
other uses; and the design and implementation of strategies limiting food losses and waste to contribute to a sustainable and 
circular economy) (see also O’Brien et al., 2017). To fully exploit the potentials of modelling, gaps in the existing modelling 
capacity need to be addressed. 

An obvious gap of most of the existing models (see also Varacca et al. 2020; Lovrić et al. 2020a) is their sectoral focus. Only a 
few models, falling under the family of IAMs and CGE models, cover all bioeconomy sectors. However, even if all economic 
sectors are covered, these models may not necessarily capture the bioeconomy itself. That is, sectors that produce or 
manufacture products from biological resources may not be easily separated from products made from fossil resources. 
Furthermore, while many models cover most if not all the economic sectors from the demand side, they provide info on the 
potential impacts of policies for only one or very few sectors. An archetypal example of this behaviour is represented by the 
family of models with emphasis on energy-related issues (e.g., PRIMES, POTEnCIA, PROMETHEUS etc.). Despite considering 
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the demand of energy from basically all the economic sectors, the impact in terms of consumption, prices, emissions etc. is 
in these models only given for the energy sector. This limitation makes these models less suitable to address the entire 
bioeconomy, but only aspects related to the production of energy from bio-based feedstock.  

Linked to this incomplete sectoral scope of some models, is their limited ability of capturing the cross-cutting issues of the 
bioeconomy transition. Being often sectoral, meaning addressing (bio)energy production either or (bio)product 
manufacturing, they can hardly cope with the existing competition between the different industrial sectors of the 
bioeconomy. Even deeper are the limitations of the models in dealing with the issue of food-feed-fibres-fuel competition, not 
only for land, but also for other resources such as water, labour, and capital (Muscat et al., 2020). It is of paramount 
importance to address these cross-cutting issues if the goal is to secure a successful bioeconomy transition and help the 
policymakers in addressing cross-cutting issues, which require an integrated modelling approach and consider key process 
such as technological change (or innovation), circularity, consumer behaviour and climate change. Many of the environmental 
models, just to give an example, are rather robust in proving sector-specific info on the (potentially) available biomass supply 
(e.g. EFISCEN, G4M or CBM for forestry, CAPRI for agriculture, SIMFISH for fishery), and many other biomass supply related 
issues (e.g. GHG emissions from LULUCF sector, biodiversity impact etc.), but they generally fall short in vertical (full supply-
chain consideration) or horizontal (competition among different sectors fighting for same resources) integration. In the cases 
this is done, as in some CGE or IA models, the resulting integration is either at a rather coarse resolution or in a not fully 
realistic way (e.g., assuming perfect competition between sectors). 

 

Box 5. Model validation 

Model validation is a critical issue in which model outputs are (systematically) compared to independent empirical 
information to evaluate whether the quantitative and qualitative model results correspond with reality. Validation is a 
key element in the evaluation of environmental models. A mix of methods is generally used for validating environmental 
models and Augusiak et al. (2014) refer to the term ‘evaludation’, a fusion of ‘evaluation’ and ‘validation’, to describe the 
entire process of assessing a model's quality and reliability. Evaludation should consider (i) ‘data evaluation’ for 
scrutinising the quality of numerical and qualitative data used for model development and testing; (ii) ‘conceptual model 
evaluation’ for examining the simplifying assumptions underlying a model's design; (iii) ‘implementation verification’ for 
testing the model's implementation in equations and as a computer programme; (iv) ‘model output verification’ for 
comparing model output to data and patterns that guided model design and were possibly used for calibration; (v) ‘model 
analysis’ for exploring the model's sensitivity to changes in parameters and process formulations to make sure that the 
mechanistic basis of main behaviours of the model has been well understood; and (vi) ‘model output corroboration’ for 
comparing model output to new data and patterns that were not used for model development and parameterization 
(Augusiak et al. 2014). 

Macroeconomic models such as CGEs are often criticized as for being poorly validated. In the literature two approaches 
have been used to validate CGE models. In the first approach, the price fluctuations projected by the model are compared 
with historical time series for those commodities showing high price volatility due to shocks in supply and demand (e.g., 
agricultural ones). Production shocks are introduced in the model and the results of the model are then compared with 
the real-world data in terms of variance in prices for the commodities chosen. Notable examples of this approach are the 
works done with GTAP from Valenzuela et al. (2007) and Beckman et al (2011), with both finding the understating of real-
world impacts by the models. In the second approach, secondary data sources are used to calibrate an historical 
simulation. By using actual movements in prices and quantities for consumption, exports, etc. disaggregated by 
commodity, changes in employment, investment and capital stocks disaggregated by industry, these information are 
treated as exogenous and those other factors augmenting technical change (changes in consumer preferences and 
technologies) are endogenized. Projections are then made at the detailed industry level and on consumption and 
government spending in addition to forecasts on aggregate macro-level variables such as total consumption and GDP 
assuming that past calibrated changes in preferences and technologies reflect future developments accurately. The 
model results are eventually compared with actual data. Eventually the impact on the forecast of different exogenous 
factors can be measured by introducing the ‘real’ pattern of used exogenous variables such as technology and 
preferences, trade, and tariffs etc. An example of this validation can be found in Dixon and Rimmer (2010) and van Dijk 
et al. (2014) with the MESSAGE model. 

IAMs suffer from the same challenge. One way used to check IAMs validity is to assess how good is the model in 
reproducing historical patterns of changes (Wilson et al., 2017). There is one big shortcoming in the approach of using 
past performance as a proxy of the model quality because the future may not be like the past. Furthermore, errors in the 
model can cancel out each other, leading to projections apparently accurate. 
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Box 6. Recommendations for improved agricultural modelling (Jongeneel et al. 2020) 

The SUPREMA (SUpport for Policy RElevant Modelling of Agriculture) developed a roadmap for future suggestions for 
agricultural modelling in the EU. Based on an assessment of both the future policy needs and the strengths and weaknesses 
of selected agricultural models, Jongeneel et al. formulated the following recommendations: 

● The current and upcoming agricultural policy framework, and the notion of ‘food system approach’ as an 
overarching framework that covers the food market from a broad perspective require a reconsideration of the 
EU’s modelling strategy in which integrated model use gets a more prominent place. 

● The increased emphasis on sustainability, while maintaining the income perspective of farmers, makes that an 
increased attention has to be paid to the integrated use of environmental and economic modelling approaches 
to ensure coherence and consistency in the approach to a complex reality. It becomes increasingly unlikely that 
all these aspects can be in a satisfactory way integrated into one or a few models. 

● A drawback might be that the (from a ‘control’-perspective) attractive option of having a few ‘recognized’ models 
that have an EU wide spatial coverage, and a comprehensive coverage of issues and themes is no longer the only 
best option. There are two ‘answers’ to this:  

○ Firstly, the EU is already supporting several key models in different domains (economic-policy, 
environment, climate) and a challenge is to let these models better work together. Additional 
investments will be necessary into model ensembling and the type of linkages that can be used. In the 
process of linkages-development, special attention needs to be paid to circularity issues, which are so 
far under addressed. 

○ Secondly, large scale models can never reach the degree of refinement regarding policy 
representation, spatial granularity, and behavioural responses (e.g., innovation adoption) that is 
needed for delivering support to EU and national policy makers reflecting the indicated future priorities 
and the subsidiarity with respect to policy implementation and modality options that are planned to 
be given to Member States. More effort and support on refined and more ‘localized’ models (e.g., 
EDM-models) are welcomed and more pluralistic approaches (e.g., agent-based modelling). 

● To get further insights into the impact of policy measures at farm level, more emphasis should be put on 
understanding and modelling individual farm decision making. 

● In the context of both actual economic developments as well as from the perspective of a food systems policy 
approach, food supply chain modelling needs more attention. Without this a number of insights that are crucial 
for effective policy making may be missed. It is still an issue how to best approach this, although starting from 
case studies that concentrates on key sectors seems a good idea. 

● With respect to trade modelling a focus on the role of standards and non-tariff measures continues to be 
important, while the increased attention for ‘functional trade’ and ‘fair trade’ (level playing field corrections that 
account for maybe diverging EU and non-EU standards and requirements with respect to agricultural production 
and food processing) requires more insight into global value chains and trade linked sustainability indicators. 

● Quality control, model (cross)validation, transparency, data management, research networks are crucial and 
become of increasing importance when more models and a plurality in modelling approaches are allowed for. 
The EU’s role for providing services and platform-function has been recognized in the past and needs to be 
strengthened for the future. 

● More generally, it is welcomed to have more academic publications on models, model applications and modelling 
results and maybe this also justifies a specialized journal on this as the standard disciplinary journals sometimes 
lack sufficient openness to such publications. 

 

Existing models cover bioeconomy products and sectors to different levels of detail. It must be underlined that basically none 
of the models was built with the primary goal of being used in the broader context of bioeconomy (see also Varacca et al. 
2020). This makes it difficult to draw a clear boundary between the models that can be directly used to assess the bioeconomy 
and the models that currently (i) cover the bioeconomy sectors marginally or (ii) not at all. It is important but also difficult to 
evaluate whether bio-based products (processes) have been or can be potentially assessed using models for these sectors.  

The results of the review in section 2.2 clearly evidenced two contrasting features: the model coverage, assessed in terms of 
spatial resolution, accessibility, and model types, but the same could not be said for sector and bioeconomy objectives 
covered. This generally reflects a trade-off between generalization and specialization of models. For example, the need for 
higher resolution hinders the coverage of such activities by models that generally work with aggregated data. This issue also 
holds true for bioeconomy activities which, for reasons related to data availability and/or relatively low value added, are 
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typically aggregated into larger categories. For example, most models can easily perform analysis of crop productions for 
plants such as maize, soybean and wheat. However, few models can provide details for smaller bio-based activities such as 
the manufacturing of crop residues, which might represent an important feedstock for the most innovative bioeconomy 
sectors. Another reason for bioeconomy objectives not being addressed properly by all models is that currently available 
statistics struggle to supply detailed data for the innovative part of the bioeconomy, so the models fail to produce outputs 
on those bioeconomy indicators as well. It must be underlined, however, that efforts are being put in place to integrate 
innovative bio-based technologies and materials into models (see e.g., van Meijl et al., 2018a and Tsiropoulos et al., 2018). 
The integration of innovative technologies and feedstocks into models is necessary to estimate sustainable biomass stock 
available (issue 1), find the best technological mix to mitigate climate change (issue 2) and reduce competition between 
bioeconomy sectors (issue 4). 

There is one additional interesting aspect when considering the relationship between models and their ability to cover the 
five main objectives of the EU’s bioeconomy strategy, namely (i) food nutrition and food security; (ii) sustainable natural 
resources management; (iii) dependence on non-renewable resources; (iv) mitigation and adaptation to climate change and 
(v) employment and economic competitiveness. Environmental models address one or few aspects (e.g., climate change 
mitigation, land use, biomass availability), even if in a more detailed manner, whereas integrated assessment and economic 
models (both PE and CGE models) encompass a much larger set. With some due exceptions, economic models and IAMs 
(which often have economic models as backbone) generally encompass more aspects than pure environmental models. 
Because of their multi-sector and multidisciplinary nature, IAMs typically do a rather good job in providing information on 
different aspects of bioeconomy. Therefore, it would seem natural to advocate for an even larger and deeper synergy 
between environmental and economic models compared to what has already been done so far as discussed in section 2.2.5. 
Such linkages between economic and environmental models will also facilitate the understanding of how developments in 
natural systems interact with the bioeconomy (e.g., climate change may affect the productivity of agricultural and forestry 
systems, which will affect the availability and cost of biomass supply. Natural disturbances (e.g., windthrows or pest 
outbreaks) may disrupt biomass supply and have implications on markets and industry. This integration is needed to ensure 
the sustained and sustainable supply of biomass for the bioeconomy and help dealing with cross-cutting issue 1. Some of the 
models included in our review are indeed the result of different levels (and means) of integration between tools designed for 
different purposes (e.g., E3ME-FTT-GENIE, IMAGE-MAGNET, or IMACLIM-R). Sometimes environmental/economic models 
can enter economic/environmental models as modules or, more simply, models can work in synergy exchanging inputs and 
outputs. Economic models tend to be more integrated with biophysical and other non-economic tools than with other 
categories of models. On the other hand, although there are environmental models that also interface with economic 
modules, these seem to be less frequent. 

With regards to models’ objectives, the models assessed are mostly capable of doing and used to perform (forward-looking) 
impact assessments. This essentially means that models, at least the ones included in this report, primarily focus on policy 
analysis and deal with other purposes to a much lesser extent. As the transition to a bio-based economy is strongly dependent 
on the dynamic of the adoption of new technologies, it is of paramount importance that the diffusion of (bio)technology, 
innovations and practices throughout industries and between households is addressed in the models. With food waste 
biorefineries (Dahiya et al., 2018), for example, food waste can be valorised (cross-cutting issue 5) and biomass availability 
for uses other than bioenergy increased (cross-cutting issue 4). The effective potential of this, and of many other innovative 
(bio)technologies in contributing to the circular bioeconomy goal, cannot be really estimated without understanding and 
estimating their diffusion dynamic. 

Traditional equilibrium and optimisation-based analysis show five important limitations with regard to this aspect (Mercure 
et al., 2016): (i) they lead to normative rather than positive/descriptive approaches; (ii) the possibility that agents may not 
behave completely rationally is not sufficiently addressed; (iii) positive feedbacks and increasing returns due to mutual 
influence among agents is not captured; (iv) path-dependence and multiple solutions are hardly accounted for; (v) as the 
models are based on the rational expectations of a sole representative agent, agent heterogeneity is not properly accounted 
for. Unfortunately, only a few of the reviewed models try to model explicitly this phenomenon. One interesting example is 
the E3ME-FTT-GENIE model, which considers the selection and diffusion of innovations using the so-called Future Technology 
Transformations (FTT) modelling approach (Mercure, 2012). Despite the valuable effort of the E3ME-FTT-GENIE in considering 
this crucial aspect, the FTT framework is only used for the power, road transport, household heating and steel sectors, making 
it not fully capable of capturing the bioeconomy sectors. Other interesting models that explicitly cope with the issue of 
innovation using Agent Based Modelling are the DSK and MADIAMS models. Despite their interesting goal and approach, both 
models are quite new in terms of development and cannot compete with well-established IAMs and CGE models when the 
sectorial and geographical resolution is concerned, at least so far. Innovation and adaptation of new technologies are typically 
not explicitly considered in traditional economic models (PE and CGE), where technological progresses are generally only 
incorporated ex-post, e.g., in the form of changes in the production function or cost parameters (Baccianti and Löschel, 2014). 

It can be clearly derived from the above discussion that focusing on a specific model family can help to provide insights only 
on a limited range of issues. Being practically impossible to build the silver bullet model, the combined use of multiple types 
of models is the best strategy to draw more solid overall conclusions.  
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2.3.2 Gaps to be addressed in the long-term 

The transition for the bioeconomy towards sustainable development and a climate neutral economy strongly depends on 
structural change and transformations within the economic system. For a better understanding of the dynamics of the 
transformation process and to identify promising targets for policy interventions, these technology and preference driven 
changes are to be considered as endogenous. Both fundamentally change the economic behaviour of producers and 
consumers and the design of value creation chains as well as the value creation networks. The common denominator of these 
structural changes is their dependence on novelties, both technological and social, and the fundamental uncertainty that 
limits quantitative forecasting and allows only for more moderate predictions concerning the conditions for change (pattern 
detection, identification of critical fluctuations, windows of opportunity etc.). Uncertainty and innovation are two faces of 
the same coin and are widely considered to be the features of complex systems. Table 2.13 summarizes the features of simple 
and complex systems. 

 

Table 2.13. Comparison of simple and complex systems 

 Simple systems Complex systems 

Agents and interactions Homogenous and symmetric Heterogeneous and asymmetric 

Composition Decomposable, units can be analysed 
separately 

Non-decomposable, can only be analysed 
as a whole 

Innovation Risky (probabilities are known) Uncertain (state space is changing) 

Processes Linear, equilibrium-oriented Non-linear, dynamic 

Change Exogenous (shocks) Endogenous 

 

There are several emerging approaches that try to address complex systems and structural changes. Emerging approaches 
(e.g., agent-based modelling (Gilbert and Troitzsch, 2005) together with the application of machine learning (Macal, 2016; 
Marsland, 2015)) can be summarized under the heading of complex systems modelling (Arthur, 2014). They all emphasize 
the importance to understand dynamic processes which govern the development of individual and aggregate variables (e.g., 
the entrepreneurial experimentation with new technology, their adoption by users and finally the emergence of a new 
bioeconomy industry). This is most important in situations where innovation matters because agents are engaged in learning 
and adaptation, which includes the possibility of failure (which is absent in optimization approaches). For learning processes, 
the heterogeneity of agents is essential as a condition for mutual learning (in innovation networks) as well as for the outcome, 
where non-innovative and innovative agents are to be distinguished. 

Already at this point in our report, we want to stress that the new classes of models, which take these complexity 
considerations as a starting point, are to be considered as complements to the existing models and not as substitutes. Their 
justification comes from their long run orientation and does not mean that the existing modelling classes with their higher 
levels of detail are to be replaced. The emerging modelling techniques cannot compete with the existing (or traditional) 
modelling approaches, as they do not provide information on detailed adaptations in single industries. However, the 
emerging model classes can help to understand better the conditions for endogenous transitions, i.e., when it is more likely 
for systems to change and conditions, when it is very unlikely that the system is thrown off course (so-called punctuated 
equilibria). Finally, as phenomena of crisis are endogenous to complex systems, the emerging class of models might also be 
considered of help to understand better what is happening in crisis-like situations which shake socio-economic systems from 
time to time, like the financial crisis at the end of the first decade of the 2000s and the current Corona-pandemic crisis.  

The focus on agents’ heterogeneity and learning is required not only to better understand how innovations are developed 
endogenously, but also how consumers learn and change their preferences and what kind of aggregate dynamics like e.g., 
threshold effects are to be expected in this process. Consumer dynamics and the impact on the overall demand for goods 
and services will play an important role in the transition for the bioeconomy to reach all three dimensions of sustainability. 
Minor changes in the preferences of some individuals can swing up to fundamental pattern changes which are behind the 
emergence of new and the disappearance of mature industries.  

In summary, the integration of the new model classes into the existing families of models will likely provide synergies for 
analysing the transition towards a knowledge-based bioeconomy. We will further discuss the role of new or emerging 
modelling approaches in the next chapter.  
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3 Emerging modelling approaches 

3.1 Why are new modelling approaches needed? 

Quantitative modelling tools can be a key input to facilitate a better understanding of the complexity, trade-offs, and potential 
future pathways for the bioeconomy to achieve a transition towards sustainability and climate-neutrality, addressing the 
economic, social and environmental dimensions. To strengthen the use of models and address key policy questions on cross-
cutting issues, it is important to look at enabling factors (Fritsche et al. 2020) and include key processes that models need to 
consider (Figure 3.1).  

 

Cross-cutting issue Technological 
change 

Circular use of 
biomass 

Consumer 
behaviour 
related to 

biomass use 

Climate change Biodiversity 

Sustainability of current and future 
biomass supplies 

     

Contribution of the bioeconomy to 
climate change adaptation and 
mitigation 

     

Impact of dietary changes on 
sustainability of food systems and 
on planetary health 

     

Sustainability of bioenergy supply, 
considering biomass demand for 
other uses 

     

Design and implementation of 
strategies limiting food losses and 
waste to contribute to a sustainable 
and circular economy 

     

Figure 3.1. Heatmap showing the relevance of key processes that need to be covered by models to address key policy 
questions (darker shading indicates higher relevance). 

 

To use models for exploring transition pathways for a bioeconomy, it is important to consider enabling factors (Fritsche et al. 
2020) and include key processes in models (see heat map in Figure 3.1). Technological change (or innovation) can lead to the 
development of innovative and climate friendly bio-based products and technologies (Lovrić et al. 2020b) and contribute to 
the production of more sustainable second and third generation bioenergy, which would also help to give food losses a value. 
Similarly, circular use of biomass, namely the adoption of recycling, reusing or repairing practices, can contribute to 
increasing biomass availability and reducing waste. The possibility of, for example, turning biowaste and residues into 
valuable bio-based products, as well as the introduction of practices like cascading use of products can, potentially, reduce 
the demand for virgin biomass feedstock and contribute to lowering the competition for resources (biomass, land etc.) and 
mitigate climate change (Risse et al. 2017). Demand is affected by consumer behaviour related to biomass use, or 
behavioural changes more generally. For example, consumer preferences with regards to dietary changes are crucial for 
sustainability of food systems (Sanchez-Sabate and Sabaté 2019; Kause et al. 2019), as well as climate change mitigation (Roe 
et al. 2020; Gifford et al., 2011). The consideration of consumer preferences and consumption behaviour is fundamental to 
ensure the effectiveness of policy measures. For example, strategies aiming at an increased use of wood-based materials in 
construction to mitigate climate change would be confronted with the prejudices of owners about fire security, lifetime, and 
sound insulation properties of such materials (Gold and Rubik 2009; Lähtinen et al. 2019). Climate change is a key factor in 
driving the development of a bioeconomy, affecting both demand (e.g., feedstock for bioenergy and bioproducts and 
chemicals) and supply (through climate change impacts) simultaneously. Finally, to preserve biodiversity is key by sustainably 
managing land and marine ecosystems to secure the long-term provision of ecosystem services.  

In the following, we review the extent to which these enabling factors and processes are already addressed by extensions to 
existing models and to what extent emerging modelling approaches can address them. 
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3.2 What extensions of existing models are in development? 

3.2.1 Technological change 

Modelling of technological change (TC) in the literature is mainly based on economic methods (Köhler et al. 2018). 
Technological change is the key component to explain macro-economic growth. Solow (1957) concluded that 87.5% of the 
increase in gross output per capita was attributable to technological change and the remaining 12.5% due to increased use 
of capital and labour. As Freeman (1994, p. 463) states: “one of the continuing paradoxes in economic theory has been the 
contrast between general consensus that technical change is the most important source of dynamism in capitalist economies 
and its relative neglect in most mainstream literature”. This paradox now seems to become highly relevant for the attempts 
to model the transition to a knowledge-based bioeconomy. 

In so-called mainstream economic models, TC is historically considered an exogenous, non-economic variable since the 
emphasis is on understanding their effect rather than how research and development induces these changes. In many top-
down models (e.g., several IAM and CGE), autonomous energy efficiency is assumed to capture all non-price driven 
improvements in technology and is used to model technological change exogenously and represent the decoupling of energy 
use and economic growth. Another common approach to consider technical progress consists in the semi-exogenous 
incorporation of discrete, so called backstop, new technologies. These are basically technologies at low technological 
readiness level that are already known but not yet commercial. Since a while, technology is seen as an important driver of 
innovation and growth, as such research and learning-by-doing, as well as other technological changes originating within the 
economic system, are endogenized in economic models. To represent technological progress endogenously, technological 
changes must be made responsive to the modelled economic conditions. 

The new growth theory (Romer 1986; Grosmann and Helpman 1991) endogenized technical change by learning and feedback 
effects of R&D investments in theoretical models. TC are typically modelled endogenously in economic models using three 
approaches (see also Table 1, updated from Gillingham et al. (2008) and Löschel and Schymura (2013)): the direct price-
induced, the research and development (R&D)-induced and the learning-induced TC. Direct price-induced TC is based on the 
idea that changes in relative factor prices, typically energy, can stimulate innovation to reduce the input of those factors that 
became relatively more expensive. This mechanism is normally embedded in models using a productivity parameter derived 
from energy prices. The R&D-induced approach starts from the idea that R&D increases the stock of knowledge and, 
consequently, investment in R&D can influence the rate and direction of TC. R&D induced TC is the most widely used way to 
endogenize TC and the approach showing the greatest diversity in the used modelling approaches (see Gillingham et al. 2008 
for an exhaustive overview). Finally, learning-induced TC models rely on the learning-by-doing effect, namely the cost-
reduction of technologies based on the experience gained with that technology. A common way used to endogenously model 
this learning effect is by means of learning curves, which aims at describing the relationship between the cumulative capacity 
of a technology (a proxy for the accumulated knowledge) and its cost reductions. The stock of knowledge approach is often 
used to endogenously model investment in R&D. Based on the idea that knowledge accumulation stimulates technological 
progress and that R&D investments improve the state of knowledge, the stock of knowledge is introduced as an explicit input 
in production that captures the relationship between investments in R&D and technological progress. Heterogeneous firms 
(i.e., firms differing in productivity but working with the same production function, Melitz 2003) are an important component 
in these theories and in the last decade these are introduced in CGE models (Balistreri and Rutherford 2013, Dixon et al. 2018; 
Akgul et al. 2016). These developments endogenize technological changes partly, but are data intensive, require estimates of 
parameters which are difficult to assess, and they drive to a large extent the outcomes of models. Some parts are endogenous 
due to specification of various production technologies to a product (e.g., GLOBIOM) or due to substitution effects (CGE 
models). Another way to endogenize technological change is to introduce R&D investments explicitly in a model (e.g., Smeets-
Kriskova, 2017a, 2017b). Challenges in this approach remain also the estimation of the rate of return to R&D. To summarize, 
because of the severe difficulties in conceptually integrating technological progress and innovation in current economic 
models, technological change most often remains exogenous.  

In IAM, both static and dynamic technologies are projected. In the former, no temporal changes in the technical 
characteristics (essentially the conversion efficiency) are modelled, variation of efficiency over time is modelled in the latter. 
A similar approach is used for modelling capital and operating costs. For example, REMIND, WITCH and IMAGE use learning 
curves to endogenize the reduction of the capital cost of certain technologies (e.g., renewables) owing to the increased 
cumulative installed capacity driven by the climate policies stimulating their adoption. Others, such as GCAM and MESSAGE 
parameterize technological growth exogenously. 
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Table 3.1. Technological change modelling approaches in some of the reviewed models. 

Model Model type Representation of technological change* 

AGMEMOD Partial equilibrium model Exogenous 

CAPRI Partial equilibrium model Exogenous 

GCAM Integrated assessment model Exogenous 

EFI-GTM Partial equilibrium model Exogenous, different technologies to produce a specific 
product 

GEM-E3 Computable general-equilibrium model Exogenous 

GFPM Partial equilibrium model Exogenous 

GFTM Partial equilibrium model Exogenous 

GLOBIOM Partial equilibrium model Exogenous, price-induced, different technologies to produce a 
specific product 

IMACLIM Integrated assessment model Exogenous, learning-by-doing 

IMAGE Integrated assessment model Exogenous, price-induced, learning-by-doing 

MAGNET Computable general equilibrium model Exogenous, Option for endogenous tech change by explicit R&D 
sector, options for CAP driven tech change 

MARKAL Other economic model Learning-by-doing 

MESSAGE Specialist model Learning-by-doing 

POLES Partial equilibrium model Learning-by-doing 

PRIMES Partial equilibrium model Learning-by-doing 

REMIND Integrated assessment model Learning-by-doing 

TIMES Partial equilibrium model Learning-by-doing 

WITCH Integrated assessment model Research and development, backstop, learning-by-doing 

*Not necessarily applied to all technologies/sectors, different approaches can be used depending on the technology/sector. 

 

Modelling of technological change in environmental models is less common as compared to economic models or IAMs, as 
they mostly do not cover socio-economic variables endogenously. The effects of technological change may be incorporated 
in environmental models exogenously through scenarios storylines by which either inputs to the models are changed, or 
through which model outputs are post-processed. As an example of this approach, Verkerk et al. (2018) considered the 
technological developments in tree breeding efforts on productivity gains by scaling productivity functions used in the 
EFISCEN model for estimating potential forest biomass availability. The effects of other technological improvements (e.g., 
improved harvesting technology and supply chain logistics) were then assessed by modifying the constraints that limit 
potential biomass availability. 

 

3.2.2 Circular use of biomass 

Past and present modelling techniques are generally based on the notion of linear (i.e., produce, use, discard) product 
lifecycle and economies. Except for certain products and sectors, existing multi-sectoral (i.e., CGE and IAM) models almost 
completely ignore material cycles and recycling, as well as co- and by-production of products and materials (Pauliuk et al., 
2017; McCarthy et al., 2018). It is crucial that recycling, reuse, and cascading of materials are properly addressed and included 
in bioeconomy models to make them more useful to support policymakers in the transition towards a sustainable and circular 
bioeconomy. The bioeconomy is characterised by complex interlinkages between land-productivity-management-feedstock 
choices with multiple-output systems such as biorefineries (especially regarding food residues / waste as feedstock). 

Some initial work on addressing such a need exists, though. Although they are often applied to fossil-based sectors, they 
represent valuable modelling approaches replicable in the bioeconomy context. Concerning the consideration of waste 
management and material recovery and the inclusion of secondary production sectors, the ENGAGE-Material model (Winning 
et al., 2017), based on EXIOBASE 2 (Wood et al., 2014) and GTAP-9 (Aguiar et al., 2016), splits steel production into one using 
virgin mineral ores and another using secondary metal scrap. A similar distinction is made for six metals in EXIOBASE 3 (Stadler 
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et al., 2018), although this version has not been incorporated yet into the EXIOMOD CGE model (Bulavskaya et al., 2016) 
which uses it as an underlying database. In the MAGNET CGE model two features of the circular economy have been 
introduced. First, residues are modelled explicitly for agricultural, biofuel and forestry sectors and these residues can be used 
for feed or bioenergy, or biobased materials (van Meijl et al. 2018a). This embeds multiple-output systems which can be 
sourced by different inputs (primary products, residues, waste) and are therefore also linked to the land using sectors land 
market. Secondly, a waste management sector is introduced that collects all kinds of waste from consumers and industry 
(Bartelings et al.). The fact that, to our knowledge, only these three multi-region CGE models include circularity aspects clearly 
shows the trade-off between a comprehensive but not explicit representation of all materials and a detailed sectoral and 
geographical representation. A more detailed approach dealing with secondary production that goes at the expenses of its 
geographical resolution can be found in some single-region CGE models (Godzinski, 2015; Masui, 2005; Fujimori et al., 2017) 
in which a waste management sector is introduced. This sector is responsible for the production of a disposal service (split 
between incineration and landfilling in some cases), and of multiple secondary raw materials which, in downstream 
manufacturing sectors, substitute the primary ones. Hartley et al. (2016) monetize the recyclable content of 13 waste flows, 
and they use these figures in the model as an exogenous supply shock for resource availability. 

In partial equilibrium models, the use of residues and recycled materials is considered in more detail. For example, PE models 
for the forestry sector do generally consider recycled paper as feedstock and it is also common practice to consider the use 
of by-products (i.e., sawdust, black liquor). Similarly, agriculture by- products are often considered in models like CAPRI, Aglink 
and Agmemod. Nevertheless, these models fall short in considering recycling or cascading of products. 

A proper representation of products' lifetime and the role of product-lifetime extending activities (e.g., remanufacturing, 
repair, and reuse) is clearly relevant to address circularity. However, these are all aspects not well represented so far in all 
the models with their roots in the economic field. CGE, PE and all IAM models, which start from the economic representations 
of flows within the society, show little or no inclusion of stock accounting. A simplified approach to model the effect of longer 
living products could consist in decreasing exogenously the demand for the longer-lived products under study, based on the 
assumption that such a longer living or reused product determines a reduction in its demand. Another approach is to extend 
lifetime by increasing the price of the product, based on the assumption that the longer the lifetime the higher the value of 
the product. The limits of these two approaches are evident, as more realistic representations of the effect of lifetime 
extensions are needed. A third approach is to introduce an explicit recycling sector. 

As highlighted by Pauliuk et al. (2017), an improved representation of physical material cycles in economic modelling (i.e., 
IAM, CGE and PE) help to increase the policy support relevance of such modelling approaches. This advance would give the 
opportunity to model more realistically the effects of more efficient use of biophysical resources due to circular and lifetime 
extending practices in the spectrum of policy options considered. The integration of such models with (dynamic) material 
flow analysis (see Section 2.2.7), which was developed exactly to track the dynamics of stocks of materials and products, is 
one of the ways forward and an example on how this integration can be done (Cao et al., 2019) play an important role in 
potentially increasing biomass availability, sustainability of bioenergy as well as reducing food losses. 

3.2.3 Consumer behaviour related to biomass use 

Existing models generally depict demand for products as a function of income and prices and preference shifts are driven by 
external factors. This approach can be useful, for example, to assess how demand varies in function of price and income 
changes driven by external factors like technology and policy instruments. However, this setup falls short in considering other 
non-price related demand-side effects and consumers behaviour more generally. The realistic modelling of consumer 
behaviour, a factor influencing all our economies, of unquestioned importance to address major policy questions. Therefore, 
it is not surprising that modellers are increasingly confronted with expectations from e.g., the foresight community as well as 
from policy to consider in more detail the specific roles and effects of different consumer groups as well as the endogenous 
dynamics generated by learning consumers, leading to the increasing diffusion of new consumer orientations, and adapting 
lifestyles and strategic re-orientations of firms.  

Changes in consumer behaviour are related to changes in preferences or lifestyle. Lifestyle changes are those actions leading, 
or aiming at, avoiding, or shifting the demand that thus determine a difference in the levels of service output. This type of 
non-standard decisions4 by consumers are much more complex to capture in models compared to, for example, those 
standard, price-induced changes leading to substitution effects between consumer products. As highlighted by van den Berg 
et al. (2019, see also Table 2), lifestyle changes can be included in models by (i) exogenously including lifestyle changes into 
the underlying storylines and narratives used; (ii) endogenously modifying assumptions and parameters in the model; and 
(iii) explicitly modelling the changes in lifestyle in the model. 

                                           

4 In behavioural economics, non-standard are considered those decisions and behaviours that deviate from those based on the neoclassical 
vision of the rational homo economicus. 



 

43 

 

Table 3.2 Example of how the impact of food lifestyle changes has been performed in the literature. Source: van den Berg et al., 2019 

Categories Measures Details Model Source 

Healthier, less 
meat-intensive diet  

Willet diet Conforming to health recommendations IAM (GCAM) van de Ven et al 2018 

IAM (IAM) –(IMAGE) van Vuuren et al., 2018 

“Healthy eating” recommendations, transitioning from 2010-2030 (IAM) – IAM (IMAGE) Stehfest et al., 2009 

Based on the relative kg CO2-eq savings from Willet diet Input-output analysis Lekve Bjelle et al. 2018 

Based on the relative kg CO2-eq savings from Willet diet in addition to organic 
farming 

Input-output analysis Lekve Bjelle et al. 2018 

Reduced 
ruminant 
meat 

Complete protein substitution of cattle, sheep, goats, and buffaloes, by plant-
proteins, transitioning from 2010-2030 

(IAM) – IAM (IMAGE) Stehfest et al., 2009 

Beef consumption reduction, substitute beef with pork and poultry PEM (TIMES) Frenette et al. 2017 

Dairy and Poultry scenario – ruminants still used for dairy product supply, with 
culled calves and cows entering the meat chain, with a reduced ruminant meat 
consumed. It is assumed that animal production efficiencies increase to the North-
western European (i.e., Swedish) levels of highly intensive systems. 

Energy modelling - spreadsheet 
model 

Röös et al., 2017 

Vegetarian 
diet 

Complete protein substitution of pork and poultry by plant-proteins, transition 
from 2010-2030 

(IAM) – IAM (IMAGE) Stehfest et al., 2009 

No meat, but includes dairy products and possibly fish products (IAM) – IAM (GCAM) van de Ven et al 2018 

Beef, poultry and pork reductions, substitute with an increase in food grains, fruit, 
vegetables, eggs and dairy  

(IAM) – PEM (TIMES) Frenette et al. 2017 

Dairy and Aquaculture scenario – it is assumed that demand for animal protein 
continues rapidly, but health consciousness increases combined with high 
efficiencies by intensive aquaculture systems, by 2050 all animal meat consumed 
are from aquatic products (20% of aquaculture products are oysters, mussels and 
other filter feeding and 80% are low trophic-level finfish).  

- Custom spreadsheet model Röös et al., 2017 

Artificial Meat and Dairy scenario – consumer acceptance of in vitro meat matched 
with production technological breakthroughs (meat and dairy replaced by these 

- Custom spreadsheet model Röös et al., 2017 



 

44 

 

Categories Measures Details Model Source 

emerging proteins and those produced from insects and algae), essentially protein 
production in this scenario is landless. 

Vegan diet No animal products, additional protein substitution of eggs and milk by plant-
proteins, transition from 2010-2030 

(IAM) – IAM (IMAGE) Stehfest et al., 2009 

No animal products (no meat, dairy, or fish) (IAM) – IAM (GCAM) van de Ven et al 2018 

Progressively reduce animal products until 2030 (substitute by grain and vegetable 
consumption) 

(IAM) – PEM (TIMES) Frenette et al. 2017 

Plant-Based Eating scenario – animal-free (except for a small amount of wild stock 
seafood). Policy actions discourage the consumption of animal products, in 
addition to growing environmental concern from the public, and technological 
developments of plant-based emerging proteins, vegan diets are most common. 
Assumed that grazing land are used for other activities, and the cropland is used 
production of foods directly for human consumption 

- Custom spreadsheet model Röös et al., 2017 

Food waste reduction and 
composting 

Assumed excess food used for animal feed as food waste, due to a reduction in 
final calories for humans 

IAM (GCAM) van de Ven et al 2018 

Eliminate food waste and composting Input-output analysis Lekve Bjelle et al. 2018 

Organic and local foods Organic and local foods Input-output analysis Lekve Bjelle et al. 2018 
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The first approach is the simplest and, so far, most widely used method out of the three. This approach generally relies on 
applications of models for different storylines, which include assumptions on lifestyle changes and other non-standard 
decisions to better represent consumption behaviour in modelling exercises. The Shared-Socioeconomic Pathways (SSPs; 
Riahi et al., 2017) framework representing undoubtedly its prominent example. Such storylines can draw on qualitative 
research aiming at understanding how consumers behaviours can change over time. Examples of how food diet-related 
lifestyle changes have been included exogenously can be found in van Vuuren et al. (2018), van de Ven et al. (2018), van Meijl 
et al. (2020) and Frank et al. (2019). Interestingly, van de Ven et al. also focused on food waste reduction. In Frank et al. (2019) 
diet changes were harmonised and exogenously implemented in the PEs CAPRI and GLOBIOM and the GCE MAGNET-IMAGE. 

The endogenous representation of consumer behaviour through modified assumptions and parameters in the model is more 
challenging. Changing consumer behaviour has been a topic of research in modelling demand for forest products. For 
example, long used relationships between increasing graphic paper production and consumption and consumers’ income 
growth appear no longer valid, as at high enough income levels, further income growth is now associated with decreasing 
graphic paper production (Chiba et al., 2017; Hurmekoski and Hetemäki, 2013), often explained by the adoption of the 
Internet and electronic media. This has led to new methods and additional parameters being considered to assess the demand 
for certain wood products (Chiba et al. 2017; Latta et al. 2016; Rougieux and Damette 2018; Hurmekoski et al. 2014). In 
general, the endogenous representation of non-standard behaviours is much more difficult, especially for lifestyle changes 
not related to technologies5. One approach consists in the dynamic representation of the social and technological learning of 
adopter groups’ influencing the desired technological transition. An example on how this method can be applied, even if in 
another context, is provided by Edelenbosch et al. (2018) and McCollum et al. (2017), who explored how the adoption of 
electric vehicles is influenced by social and technological learning. Also, the studies by van de Ven et al. (2018) and Li (2017) 
are noteworthy examples that investigated different energy transition pathways modelling the impact of several actors with 
heterogeneous behaviour. While so far used almost exclusively in the energy modelling domain, the idea of using quantitative 
modelling approaches for understanding the socio-technical nature of bioeconomy transitions is certainly replicable in the 
bioeconomy context as well. In addition, van de Ven et al. (2018) and Li (2017) have introduced heterogeneity among 
decision-making within energy modelling. Cayla and Maïzi (2015) dealt with the same issues building the TIMES-Households 
model, which considers household behaviour and heterogeneity by modelling both their daily energy consumption and 
equipment purchasing behaviour. All these are interesting exercises that are worth to be considered as future paths to follow 
for the modelling of (bio-based) technology diffusion patterns. 

A detailed comprehension of future behaviours and the motivations driving them is needed to explicit model lifestyle 
changes. This is thus the third and most challenging methodological approach to represent lifestyle changes. Edelenbosch et 
al. (2018) tried to include changing behaviour in the modelling of social learning dynamic in the IAM IMAGE. Similarly, Niamir 
et al. (2020) proposed a way to integrate the evolutionary dynamics of micro-level behaviourally rich ABMs (see section 2.3.3) 
into macroeconomic model by scaling up and linking the results of the empirical ABM BENCH-v3 with the EU-EMS (2019) CGE 
model (Figure 2). These two models are examples of approaches which are used outside the context of bioeconomy modelling 
but could nonetheless be reproduced in this context. 

 

                                           

5 With the attempt of an endogenous representation of changing consumer behavior new modeling approaches like agent based modelling 
(see 2.3.3.) are invoked, which shows that the boundaries between established and emerging modelling approaches in many cases is blurred 
and it is almost impossible to make a clear distinction.  
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Figure 3.2. Representation of the three-steps approach used to upscale individuals behavioural change by linking the BENCH-
v3 ABM with the EU-EMS model (Niamir et al. 2020; reproduced with permission) 

 

3.2.4 Climate change 

To mitigate and avoid as much as possible adverse climate effects, Europe strives to become the world’s first climate-neutral 
continent by 2050. Mitigating and adapting to climate change is one of the main objectives of the European Commission’s 
updated Bioeconomy Strategy. 

Substantial resources have been invested so far to consider climate change in modelling and significant progress is being 
made. While these developments have not focused on the bioeconomy per se, they are very important to improve the 
capacity for bioeconomy modelling and address the aforementioned policy questions. 

Climate change impacts and adaptation 

Climate change affects agriculture and forestry both directly and indirectly. Changes in mean (and extreme) temperatures 
and rainfall directly influence productivity and site suitability for crops and tree species and alter the frequency and severity 
of disturbance events (wildfire, storms, pests, and pathogens) (e.g., Challinor et al., 2014; Lindner et al. 2014; Seidl et al. 2017; 
Smith and Gregory, 2013). These impacts directly affect sustainable biomass supply and their costs. For example, recent 
extreme weather events, including heat waves and extended droughts, have led to widespread tree mortality and forest 
decline even for several commercially important tree species which had not been regarded as particularly vulnerable. 
Furthermore, natural disturbances can ripple through bioeconomy sectors; for example, storms or pests can disrupt wood 
markets by first creating a pulse of available timber from salvage harvesting, and later resulting in a shortage of local timber 
supply. 

Improvements to consider the impacts of climate change in modelling bioeconomy sectors is progressing in different lines of 
research. A major line of research is linked to modelling of the Shared Socio-Economic Pathways (Riahi et al. 2017; o’Neill et 
al. 2014). The Shared Socioeconomic Pathways (SSPs) are part of the modelling effort adopted by the climate change research 
community to facilitate the integrated analysis of future climate impacts, vulnerabilities, adaptation, and mitigation. The 
socio-economic information of the SSPs has been used as input to IAMs (e.g., IMAGE, GCAM, REMIND, AIM) and other 
economic models (e.g., MESSAGE, MAGNET, GLOBIOM and MAGPIE). These modelling efforts include the land use sector, but 
with a focus on agriculture, although the SSP scenarios framework is recently being adapted and applied to the forest sector 
as well (Daigneault et al. 2019; Johnston and Radeloff 2019).  

Modelling the impacts of climate change on agriculture has so far focused on yield changes of a small number but important 
staple crops (Hertel and Lima 2020). Future climate change impact analyses should include the consequences of climate 
change for labour productivity, as well as for purchased intermediate inputs. Largely overlooked is the impact of climate 
change on the rate of total factor productivity growth and the potential for more rapid depreciation of the underlying 
knowledge capital underpinning this key driver of agricultural output growth. Further research is also needed that considers 



 

47 

 

impacts on non-staple crops, which, while less important from a caloric point of view, are critically important in redressing 
current micronutrient deficiencies in many diets around the world. 

Forestry modelling efforts have focused on including climate change impacts in large-scale forest resource modelling. This 
has typically been done by linking dynamic vegetation models (e.g., LPJ, ORCHIDEE) to empirical growth and yield models 
such as EFISCEN and EFDM (Eggers et al. 2008; Schelhaas et al. 2015; Vauhkonen and Packalen 2018). These efforts have 
particularly focused on incorporating climate-induced productivity changes, although some efforts have also been made to 
include changes in tree species suitability (Hanewinkel et al. 2013). Instead of model linkages, more recently promising 
progress is being made by developing growth functions (Schelhaas et al. 2018) and models (FORMIT-M; Härkönen et al. 2019) 
that are sensitive to climate and can be applied to estimate forest resource development and biomass availability at the 
European level. Natural disturbances are increasingly receiving attention as they have strong impacts on biomass availability, 
both in the short and long-term. While progress is being made in modelling natural disturbances at landscape level, this has 
not yet satisfactorily translated into large-scale modelling efforts to assess biomass availability. 

With a growing understanding of the impacts of climate change, it is also becoming increasingly clear that adaptation is 
needed. There is thus a need to adapt to the impacts of climate change in addition to the need to mitigate climate change 
(Scherr et al. 2012; Verkerk et al. 2020). Adaptation has, however, received substantially less attention in crop modelling so 
far (Peng et al. 2020). While the understanding is improving on how forest management could be adapted to climate change 
(Kolström et al. 2011; Jactel et al. 2017), what the behaviour or perception of forest owners is to considering adaptation in 
their management practices (Sousa-Silva et al. 2018; Vinceti et al. 2020), and how this could be modelled (Yousefpour et al. 
2015), this understanding is yet to be translated into large-scale modelling efforts. 

Climate change mitigation 

Agriculture, together with land use, land use change and forestry (AFOLU), is responsible for about 25% of global GHG 
emissions and are therefore key sectors for mitigating climate change. For this reason, mitigation is relatively well covered in 
existing modelling capacities. These analyses are typically done through integrated assessments, either by IAMs or by linking 
economic models with environmental models. Existing economic models allow exploring how emissions can be reduced by 
introducing mitigation technologies (incl. land use and management), energy saving, CO2 taxes and diet changes. Mitigation 
technologies can be introduced explicitly or can be introduced by a marginal abatement curve. Optimization models and PE 
models often introduce technologies explicitly while CGE models often rely on marginal abatement curves. Biophysical 
models can provide insights in sustainable biomass availability for material and energy uses (e.g., Verkerk et al. 2011, 2019; 
di Fulvio et al. 2016; Jonsson et al. 2018) and provide insight into ecosystem carbon stocks and sinks (e.g., Böttcher et al. 
2012; Nabuurs et al. 2018; Forsell et al. 2019; Pilli et al. 2017; Jonsson et al. 2020). 

A challenge remains the identification, potential and adoption of new mitigation technologies and negative emission 
technologies (NETs) deserve particular attention and it is closely linked with modelling technological change. Especially 
afforestation and bioenergy with carbon capture and storage (BECCS) are currently the most modelled NETs. Modelling BECCS 
requires the modelling of first- and second-generation bioenergy crops, residues, forestry, bioenergy. Carbon Capture and 
Storage (CCS) involves injecting CO2 deep underground. The real utility of BECCS, and more broadly of NETs for addressing 
climate change, will depend a lot on the speed of the technological progress that will determine when and how they will 
become commercially available at affordable costs. For BECCS, to become a competitive mitigation strategy the innovation 
rate is crucial, and it is thus crucial to properly model this aspect. 

BECCS technologies for producing hydrogen, liquid fuels, and electricity from biomass are included in most IAMs (Daioglou et 
al. 2020), while heat and gaseous fuels productions are generally not represented. The production of electricity with CCS is 
generally included, while BECCS with production of hydrogen and liquid fuels are hardly modelled. BECCs are generally 
considered to be technologically ready and thus available for significant deployment from 2030 onwards, a questionable 
assumption since the technology is still in pilot phase. In most IAMs the dynamics of techno-economic performance in terms 
of evolution of conversion efficiencies and capital costs are exogenously assumed, except for some models (e.g., IMACLIM, 
IMAGE, and POLES) that treat them endogenously. 

 

3.2.5 Biodiversity 

Biodiversity, or the variety of all living things on our planet, has been declining at an alarming rate in recent years, mainly due 
to human activities. Intensive land use practices, pollution and climate change are major causes for losses in biodiversity, for 
example through loss and degradation of habitats and overexploitation (Butchart et al. 2010; IBES 2019). 

Biodiversity is a key issue in the updated Bioeconomy Strategy, and its importance has been stressed in the recent Biodiversity 
Strategy linked to the Green Deal. The Biodiversity Strategy includes establishing protected areas for at least 30% of all 
European lands and 30% of European seas, restore at least 25,000 kilometers of rivers to free-flowing states, reduce the use 
and harmfulness of pesticides by 50%, plant 3 billion trees, increase organic farming and biodiversity-rich landscape features 
on agricultural land and reverse the loss of pollinators. As these aims closely relate to agriculture, forestry, and fisheries, they 
are also of key relevance to the bioeconomy. 
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Despite some studies that modelled biodiversity in the context of the bioeconomy (e.g., Verkerk et al. 2014; Di Fulvio et al. 
2019; Kok et al 2019), most modelling studies that projected future biodiversity at the global level have focused on the future 
impacts of climate change and largely neglected changes in land use and land cover, although these represent the most 
significant and immediate threats to biodiversity (Titeux et al., 2016; Titeux et al., 2017; IPBES 2019). Despite many existing 
specialized biodiversity models, modelling biodiversity in a socio-economic context remains an important challenge. This is 
due to a lack of integration between ecological and land system sciences which limits the ability to make credible evaluations 
of the future response of biodiversity to land use and land-cover changes in interaction with climate change (Titeux et al., 
2016; Titeux et al., 2017). Improved modelling of biodiversity needs to consider the direct result of human decision making 
at multiple scales. Improved modelling will also need to consider the modelling of TC and consumer behaviour (Kok et al. 
2019) and need to account for the feedback between global change drivers, biodiversity, and socio-economic dynamics 
(Crossman et al. 2018). 

Leclere et al. (2020) recently linked multiple models to explore biodiversity targets to reverse global biodiversity trends by 
2050. Here some of the PE, CGE and IAM (land-use) models (AIM, GLOBIOM, IMAGE-MAGNET, Magpie) are connected with 
specialised biodiversity models (AIM-B, INSIGHTS, LPI-M, BILBI, cSAR_CB17, cSAR_US16, GLOBIO and PREDICTS). Leclere et 
al. (2020) find that future assessments should seek to better represent land-management practices as well as additional 
pressures on land and biodiversity, such as the influence and mitigation of climate change, overexploitation, pollution, and 
biological invasions. The upscaling of new modelling approaches could facilitate such improvements, although such modelling 
efforts currently face data and technical challenges. In addition, efforts are needed to evaluate and report on the uncertainty 
and performance of individual models. Such efforts, however, remain constrained by the complexity of natural and human 
systems and data limitations. For example, the models used in their analysis lack validation, not least because a thorough 
validation would face data and conceptual limitations. Leclere et al. (2020) state that in such a context, both improved 
modelling practices (for example, open source and FAIR principles, and community-wide modelling standards) and 
participatory approaches to validation could have a key role in enhancing the usefulness of models and scenarios. Besides 
being affected by land use, biodiversity is also important to support a sustainable development of the bioeconomy. 

Besides understanding how biodiversity is affected by bioeconomy or socio-economic developments more generally, there is 
an urgent need to improve our understanding of how economies and societies will be impacted if current trends in 
biodiversity loss continue. Existing models, data and modelling approaches are currently not ready for estimating impacts to 
economies from changes to biodiversity. Additional effort is needed to link and integrate existing tools and approaches, 
incorporate new scenarios, and upscale for a global assessment (Crossman et al 2018). 

 

3.3 What new modelling approaches are needed? 

Traditional equilibrium- and optimisation-based models are limited in their capacity to fundamentally shift the modelling of 
policy interventions for sustainability transitions (e.g., Mercure et al. 2016). The limitations stem from the methodological 
orientation in neoclassical welfare theory which makes the models normative, while a positive/descriptive orientation would 
be required to reflect open and non-deterministic developments. The possibility that agents may not behave completely 
rational is thus not sufficiently addressed, in particular with respect to long-term developments shaped by uncertain 
innovation. Also, positive feedback and increasing returns due to mutual influence among agents cannot be captured 
adequately, but that decisively matters for a better understanding of consumer dynamics and knowledge diffusion. This also 
includes the important role of path-dependencies and multiple solutions which so far are hardly accounted for. Finally, 
traditional models are based on the idea of the representative agent in situations where the consideration of agent 
heterogeneity is indispensable for the analytical coverage of the problem. While these limitations are identified for economic 
models, they may also (partly) apply to environmental models (e.g., with regards to land use practices). In the case of 
modelling future transitions for the Bioeconomy, the major motive for an increasing interest in alternative modelling 
approaches, therefore, can be identified in a growing critique concerning two assumptions characteristic for most of the 
traditional models: (i) the assumption of stable optimal technologies, which excludes innovation, and (ii) the assumption of 
representative optimizing agents, which excludes dynamics generated by the interaction of heterogeneous actors. If the 
drivers of transformation processes are innovation and changing behaviours, it is contradictory to exclude them by 
assumption.  

Studies on the bioeconomy applying emerging modelling approaches are almost non existent so far. Timmermans and de 
Haan (2008) observe that computational models theorizing and investigating structural change of economic systems and 
transformations of social systems have long been almost absent and - according to our knowledge - this has not drastically 
changed until today. Models applying emergent methodologies related to evolutionary economics and non-equilibrium 
complexity sciences, are still more theoretically oriented, demonstrating the principal applicability of the approaches or 
focusing on very specific (small scale) cases. Nevertheless, we consider emerging modelling approaches, which focus on topics 
close to the bioeconomy transition (e.g., on transformation processes in general, industrial development with structural 
change, land use and climate change and sustainability issues) as highly relevant for future bioeconomy models. In principle, 
the high expectations for the emerging modelling approaches to close the gaps and to solve the issues of traditional modelling 
approaches are justified, because the raison d’être of complexity sciences is the explicit consideration of non-linearities, 
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which are behind all kinds of transformation processes. However, the general trade-off between generalization and 
specialization remains also valid for the emerging modelling approaches. Although they push the frontiers of possibilities of 
modelling outwards, they do not overcome what is discussed as the role and purpose of models: by the very logic of a model, 
it must remain a simplification and therefore must abstract from reality.  

In what follows, we briefly discuss the state of development of four different emerging modelling classes which we consider 
highly relevant for bioeconomy modelling and outline which gaps they potentially close and where their limitations are. The 
selection of modelling classes cannot be complete because of the large dynamics in this emerging literature. The selection 
also cannot be highly selective because there are many overlapping features among the emerging modelling techniques, as 
well as among the emerging modelling and the established techniques. To structure this scattered and growing literature we 
suggest distinguishing four modelling classes, namely (1) complexity models, (2) agent-based models, (3) socio-environmental 
agent-based models, and (4) stock-flow consistent models. Our taxonomy logic takes up the most important traditional model 
families and set against the corresponding emerging modelling approaches (see Table 3.4).  

 

Table 3.4. Taxonomy of emerging modelling approaches inspired by traditional modelling classes 

Focus Traditional Emerging 

Economy-wide impacts Computational General Equilibrium 
Models 

Complexity Models 

Selected sectoral impacts and 
phenomena 

Partial Equilibrium Models Agent-Based Models 

Interaction between human and 
natural systems 

Integrated Assessment Models Socio-environmental Models 

Changing internal economic 
interdependencies 

Input-Output Matrices Stock-flow consistent models 

 

3.4 What types of emerging modelling classes could be distinguished? 

3.4.1 Complexity models 

The principal idea of complexity models is that dynamic system behaviour can only be analysed and understood if systems 
are treated as a whole. With this regard there is some resemblance with the existing CGE models discussed in Chapter 2. 
Mutual interdependencies of the system components cause changes and unexpected developments and are responsible for 
non-linearities in the interaction patterns. Complexity models are traced back to the activities of the Santa Fee Institute 
starting in the 1990s (e.g., the work on increasing returns by Arthur (1989), complex adaptive systems by Holland (1993), self-
organization by Kauffman (1993) and self-organized criticality by Bak 1996), which create this prolific modelling field by 
exploiting the possibilities from statistical physics, non-linear physics, theoretical biology, and computer science. As an early 
predecessor of complexity models, the system dynamics model (SDM) approach must be mentioned, in particular because of 
its large popularity in addressing systemic interactions between socio-economic systems and environmental systems starting 
already in the 1970s and prominently applied in the early studies of the Club of Rome. From an economic theory point of 
view, complexity models build in many cases on ideas of evolutionary economics (Safarzynska, Frenken and van den Bergh, 
2012) and are often considered as the formal approach in evolutionary economics (Beinhocker, 2006). 

As an example, for complexity models, Safarzyńska and van den Bergh (2010) extend Brian Arthur’s model of increasing 
returns to investigate transitions away from environmentally unsustainable activities to sustainable ones, notably in 
agriculture, energy, and transport sectors. The transition depends on the overcoming of a lock-in in an unsustainable 
technology. The model describes coevolving populations of bounded rational consumers and innovating firms. On the 
demand side, attention is laid on the interdependence of consumer preferences. The prevailing lock-in is surmounted only 
by the synergetic interaction of various actors on both market sides exposed to increasing returns in innovation and network 
effects large enough to surpass the threshold given by increasing returns in production of the unsustainable technology. The 
model is then used to identify various targets for policy interventions to support this transition. 

Complexity models can also offer an adequate modelling framework for so-called utopia models, which focus on long-term 
developments of pre-defined (desired and undesired) scenarios, necessarily including large uncertainties and interaction-
based complexities. For example, Almudi et al. (2017) address the interaction-based competition between different economic 
regimes. This modelling study of transition dynamics is based on a co-evolutionary model of differential citizen contributions 
to competing ‘utopias’ — market fundamentalism, socialism, and environmentalism. In this battle of ideas, initial distributions 
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and interactions between groups explain the observed transition dynamics. For the transition towards a bioeconomy and 
unlocking the lock-in in existing fossil-based technologies, similar approaches might explain the temporary co-existence of 
various sectors from oil-based and bio-based industries as well as their hybrids in a transition period, which might last many 
years, if not decades. 

Similar to computable general equilibrium models, complexity models are often comprehensive and describe economies as 
a whole. The expressiveness of the complexity models in terms of qualitative structural changes in the economy and the focus 
on uncertain innovation stems from an explicit account of heterogeneous agents and the non-linearities, which emerge from 
their interaction. Obviously, the higher expressiveness in these dimensions comes with the price of a lower accuracy 
concerning a detailed mapping of inter-sectoral relations typical for the CGE models and their large possibilities to align with 
empirical information. 

3.4.2 Agent-Based Models 

With their bottom-up approach agent-based models (ABM) (for a general overview see Gilbert and Troitzsch, 2005 and 
Tesfatsion, 2002) raise the highest expectations within the group of emerging modelling approaches. Macal (2016) concludes 
from the various attempts to define agent-based modelling, that the consensus seems to be: “We do not know what agent-
based modelling is, … but we know we need it!”. ABMs allow to model and analyse complex adaptive systems consisting of 
autonomous, decision-making agents that interact with other agents and their environment (Pyka and Fagiolo, 2007). In 
contrast to other simulation methods, the agent perspective and the inherent bottom-up approach is particular (Axelrod, 
1997). ABMs help to understand both agents’ and aggregate behaviour and explain how these behaviours lead to large-scale 
outcomes and emergent phenomena (North and Macal, 2007). ABMs allow the analysis of emergent phenomena, e.g., over 
time or on a spatial level, from the interactions of agents who follow ‘simple’ what-if rules. The actors differ in their behaviour 
and strategies and jointly shape their environment which in turn influences their behaviour. This feature allows the ABM 
methodology to include dynamics on different scales, in particular the important micro-meso-macro feedbacks, which are 
lost by applying the idea of the representative actor, which is characteristic for the traditional modelling approaches.  

The following thought experiment illustrates the relevance for bioeconomy modelling: Supply side dynamics in bioeconomy 
sectors stem from the entrepreneurial introduction of a new bioeconomy technology on the micro-level, which eventually is 
the seed for a new bioeconomy industry on the meso-level and attracts imitating companies. This finally impacts qualitatively 
on macro-economic growth by lowering CO2-emissions. This is not yet the end of the dynamic cascade, but these 
developments are responsible for further feedbacks: The changes on the meso- and macro-levels increases the probability 
for the development of other bioeconomy technologies because the first feasibility is proven and innovation directions are 
tried out, which eventually triggers changes in value creation networks on the meso-level, and so on. This beginning 
transformation is aggravated from similar dynamics shaping the developments on the demand side where new consumption 
patterns might be developed by avantgarde consumers, which weigh higher ecological-friendly attributes. They eventually 
are imitated by larger groups and determine the mainstream consumer orientation which then facilitates further pattern 
changes, both on the demand and the supply side.  

This possibility of a flexible representation of human-decision making and the leaving-behind of the homo oeconomicus 
inspires many new modelling initiatives. As an example might serve so-called land use and land cover change models (LUCC), 
which today reflect on the consequences of considering heterogeneous agents and the consequence for decision making by 
applying decision heuristics instead of optimization (see Groeneveld et al. 2017 for a survey of LUCCs).  

These examples illustrate that the dynamics of complex systems are directly shaped by the heterogeneity of the agents, their 
interactions, and the adaption of their behavioural rules. Decision rules follow descriptive ideas observed in real decision 
behaviour (heuristics) instead of the normative optimization idea in mainstream economic models. Agents have incomplete 
knowledge and competences which opens space for learning and innovation as well as failure. Furthermore, ABMs allow for 
an explicit consideration of true uncertainty (e.g., Vermeulen and Pyka, 2016) as well as the consideration of values and norms 
(e.g., Schlaile et al. 2018). For these reasons, ABMs already today enjoy great popularity in so-called neo-Schumpeterian 
innovation economics and are frequently applied to study innovation, entrepreneurship, technology diffusion or learning in 
innovation networks (e.g., Pyka et al. 2019; Vermeulen and Pyka, 2018), which all are highly relevant topics in the bioeconomy 
transformation. 

An illustrative set of ABMs focusing on technological transitions towards sustainability was developed in the FP6 project 
MATISSE. As an example, in a contribution by Bergman et al. (2008) the authors apply their ABM in a so-called history-friendly-
simulation (Malerba et al. 1999) to reproduce the development of a historical technological transition. In particular, they 
address the so-called sailing ship effect, which enjoys some popularity in modern innovation economics to explain the 
acceleration of innovation activities in incumbent technologies due to the challenge of being replaced by the introduction of 
a new technology. When steamboats appeared on the market in the middle of the 19th century, the sailing ship industry 
started to innovate again, after not having changed the technology for about a century. Although they could not prevent 
being finally completely replaced, they considerably delayed the steamboat diffusion. However, their innovation activities 
also helped the immature steamboats to develop to a reliable and superior technology (see e.g., Mendonca, 2013). A similar 
situation very likely characterizes several industries, where new bioeconomic approaches challenge the established fossil-
based technologies in a substitutive way.  
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Figure 3.3. Comparison of registered tonnage of sail and steam from historical data with model simulation results (Bergman 
et al. 2008; reproduced with permission). 

 

Figure 3.3 from Bergman et al. (2008) displays the historical paths and the very similar simulated paths of the invasion of 
steamboats, the long period of co-existence of steamboats and sailing ships and the final displacement of the older sailing 
ship technology. This example illustrates the possibilities of close-to-reality modelling by the simulation based on the 
implementation of transition theory together with an empirical calibration of manifold parameters, which are characteristic 
for ABMs. It must be mentioned here, that in the last 10 years or so, the possibilities to calibrate empirically the parameters 
of ABMs have improved substantially due to new available data sets. ABMs increasingly rely on the exploitation of big data 
by machine learning algorithms like deep learning to calibrate the models (for a comprehensive review see Dahlke et al. 
2020). This development is supposed to invalidate the reproach towards ABM being arbitrary in parametrization (e.g., Fagiolo 
et al. 2019). 

With respect to the standard modelling approaches, ABMs might be considered as an extension and complement of PE 
models. They also allow a detailed and less abstract coverage of sectors but compared with PE models their focus is on 
endogenous innovation, technology transition, learning, consumer behaviour and changing preferences as well as 
entrepreneurial experimentation. ABMs allow for an explicit representation of heterogeneity, which is a most important 
feature in transformation processes, which always involve different groups of actors (e.g., incumbents, entrepreneurs, 
different consumer habits etc.). Because of their orientation to real world decision behaviour, they go beyond the normative 
application of optimization and allow for learning, experimentation (including failure) and mutual influencing of actors, who 
are confronted with open developments, i.e., true uncertainty. 

3.4.3 Socio-environmental ABMs 

Socio-environmental agent-based models are not a completely different emerging modelling approach compared to the 
above discussed ABMs, but a combination of socio-economic ABMS with ecological models, often also formulated as an 
agent-based model (N.B. in ecology modelling ABMs are sometimes called individual-based modelling). Socio-environmental 
ABMs represent the behaviour and interactions of organisms, human actors, and institutions. Feedback effects between the 
various interactions are responsible for continuous adaptation and change processes on all temporal and spatial scales and 
make-up the enormous complexity of these systems. A better understanding of the highly dynamic socio-environmental 
systems is closely connected with the expectation to improve our possibilities for sustainable management of resources and 
to safeguard the integrity of ecosystems (see Ostrom, 2009). With socio-environmental ABMs large expectations are 
connected, which are nicely worked out in a recent manifesto-like paper by Elsawah et al. (2020). The authors highlight that 
socio-environmental ABMs allow for a formal representation of complex adaptive systems and integrate qualitative and 
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quantitative methods and data on: system components, interactions among components, and their responses to changes in 
the exogenous or endogenous drivers. Finally, socio-environmental ABMs, by their very nature of combining social and 
natural systems, explore interdependencies among changes in controllable (e.g., policy and its instruments) and 
uncontrollable (e.g., natural system influences) drivers.  

As an example of this fast developing and highly interdisciplinary literature we refer to an agent-based simulation model of 
human-environment interactions in agricultural systems by Schreinemachers and Berger (2011). This model might serve as 
an exemplary case for the rich possibilities of this modelling approach. At the core of their model is an agent-based simulation 
model on farm-decision making in agricultural systems with the aim to better understand how agricultural technology, market 
dynamics, environmental change, and policy intervention affect a heterogeneous population of farm households and the 
agro-ecological resources these households command. The microeconomic decision-making and learning socio-economic 
ABM is coupled with an environmental ABM, which depicts the dynamics of the relevant eco-systems. Figure 3.4 illustrates 
the interfaces between the socio-economic and the environmental ABM, typical for socio-environmental ABMs models. 
Besides the respective internal dynamic loops addressing either the economic decision model or the ecosystem dynamics, in 
socio-environmental models the ecosystem is impacted by the socio-economic-system and delivers information for agents as 
a basis for decision making. Due to e.g., different time scales in both systems, non-linearities might emerge responsible for 
surprises or even sudden collapses of the systems. In the example of Berger et al., (2010) the authors analysed the question 
“What could be the impact of climate change on land use and farm incomes?” which includes in its dynamic version the 
feedback between agricultural production and climate change and vice-versa between climate change and land use. 

 

 

Figure 3.4. Human-environment interactions in socio-environmental models 

 

Brown et al. (2019) developed and used an agent-based model of the European land system, namely the CRAFTY-EU model, 
to investigate the effects of human behavioural aspects of land management at the continental scale. Their modelling 
approach is motivated by the observation that established computational models to analyse land use are too narrowly 
focussing on biophysical changes and do not explore the social dynamics that are a key aspect of future land use. Therefore, 
established models are suffering from “blind spots” at which individual, social, and political behaviours divert the land system 
away from forecasted developments. The study by Brown et al. shows the advantages of not being constrained by equilibria 
nor by optimisation. With exploring a range of potential futures using climatic and socio-economic scenarios, the authors 
show that deviation from simple economic rationality at individual and aggregate scales, typical for e.g., CGE and PE models, 
may profoundly alter the nature of land system development and the achievability of policy goals. Their conclusion both 
underlines the opportunities as well as the challenges of socio-environmental models in general: the integration of socio-
economic aspects of future scenarios have a profound impact on environmental developments and require far more detailed 
and varied treatment. Several other studies also introduced behaviour of forest owners in wood production (e.g., Rinaldi et 
al. 2015; Sotirov et al. 2019). The study by Rinaldi et al. (2015) introduces a (theoretical) behavioural decision model on wood 
harvesting to complement a biophysical model and a partial equilibrium model for the forest sector. 

The combination of economic and biophysical models in the socio-environmental ABMs is offering large possibilities for 
modelling the future transition for the bioeconomy towards sustainable development and a climate-neutral economy. This is 
because it allows, in principle, a comprehensive consideration of the interaction between human and natural systems, as well 
as the non-linearities which are expected in these complex systems. However, while the advantages of socio-environmental 
ABMs are their ability to simulate the implications of human-nature interactions explicitly, the methods for providing 
empirical support for the representation of these interactions are not yet available in a systematic structural form (e.g., 
Smajgl, et al. 2011). In a critical review on social-ecological ABMs, Schulze et al. (2017) emphasize the arbitrariness to 
communicate whether the models represent real systems well enough and the massive difficulties in the transparent and 
systematic analysis of the models, so that output is not only observed but also understood. By their very nature, social-
ecological ABMs are following from the beginning the KIDS-strategy in designing the model to allow for a high degree of 
realistic representations of the various relations, interactions, and interrelations not only in economic systems but in 
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economic and ecological systems as well as in their interrelations. For this reason, Elsawah et al. (2020) state in their 
manifesto, that despite the large potentials, “this is not a straightforward endeavour, and both theoretical and 
methodological challenges abound”. 

Social-ecological ABMs, in a way, are in the group of emerging modelling approaches, the approach which extends and 
develops further the class of IAMs. IAMs also focus on the interactions between human activities and environmental change 
and include in a multidisciplinary fashion a detailed description of the coupled human and environmental systems as well as 
the one-way interrelations between the two. Because socio-environmental ABMs displace the standard economic models 
with their equilibrium-orientation and optimization-based decision rules with ABMs, they combine the advantages of ABMs 
concerning the representation of learning, innovation and non-linearities with the comprehensiveness intended in IAMs. 

3.4.4 Stock-Flow Consistent Models 

A final emerging model class, even if only a few applications exist so far, builds on the tradition of models relying on input-
output tables (see section 2.2.7). So-called stock-flow consistent (SFC) macroeconomics (Godley and Lavoie, 2007) track 
financial and physical flows through an economic system and provide a holistic approach that integrates the economic, 
ecological, and social spheres (for an excellent survey of SFC models see Nikiforos and Zecca, 2017). Stock-flow consistent 
(SFC) models are based on stocks of assets and liabilities of multiple sectors in the economy, as well as flows between these 
sectors, and their dynamic interactions in a consistent accounting structure. This logic makes Stock-Flow-Consistent-Input-
Output models different from traditional Input-Output models. In the latter, final demand is usually assumed exogenous and 
given (or is shocked exogenously), while in the former there is an endogenous evolution of income structures, employment 
levels, and spending on goods through input-output relationships (see e.g., Rezai and Stagl, 2016 and Dafermos et al. 2017). 

In Dafermos et al. (2017) a model is introduced which combines the macroeconomy, the financial system and the ecosystem 
(see Figure 3.5) to simultaneously analyse in a scenario-based approach the dynamic interactions between growth and how 
it is financed, the natural constraints of resources and how they are degraded and depleted by the economic activities. 

Moreover, the SFC approach is also used as the macroeconomic closure of microeconomic agent-based models (e.g., EURACE 
model by Deissenberg et al. 2008) and therefore offers a promising opportunity for model cooperation. For applications 
concerning the future transitions for the Bioeconomy towards sustainable development and a climate neural economy, so-
called SFC ecological models (e.g., Jackson and Victor, 2015, 2016) are most interesting, where specific conditions for 
sustainable growth of economic systems are derived.  

 

 

Figure 3.5. Main interactions between the ecosystem, the financial system and the macroeconomy in the model (Dafermos 
et al. 2017; reproduced with permission) 

 

 

To summarize: the limitations of traditional models can be addressed by the modelling possibilities of emerging modelling 
techniques which allow to analyse future transitions towards a knowledge-based bioeconomy. These modelling features are 
the representation of (i) uncertainties, (ii) heterogeneity, (iii) qualitative different system states, (iv) social values and norms 
and how they change, (v) non-linear behaviour and (vi) different scales. 

The four emerging model classes introduced above all consider these six modelling features at the core of their constitutive 
principles. The extension to allow for the analysis of real complex systems which do not exclude innovation driven 
development and qualitative change by assumption but include them as endogenous features allows for a better 
understanding of dynamic systems and, most important, for an application in the policy realm for experimentation of 
alternative policy interventions as well as alternative theoretical backgrounds. ABMs, for example, are recently extended to 
so-called policy laboratories (see e.g., Schilperoord and Ahrweiler, 2014, Ahrweiler et al., 2015 and Pyka et al. 2018), which 
add a graphical user interface with intervention possibilities and observation monitors, and which are used for an ex-ante 
evaluation of policy interventions. The integration of the models into the policy laboratories facilitates communication with 
stakeholders and their experimentation is strengthening their intuition to deal with complex systems. Edmonds et al. (2019) 
are observing that the purpose of modelling shifts with the emerging modelling approaches from prediction and explanation 
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more and more to description and illustration, theoretical exploration, and analogy to facilitate social interaction among 
stakeholders and the modelling researchers. 

Although the emerging modelling approaches are around for more than two decades now and have found a considerable 
interest in the literature and progress is made, attempts to develop larger models used to describe whole economies and 
applied on the bioeconomy transition with a few exceptions are largely absent. Possible reasons for the limited uptake for 
bioeconomy modelling are the inherent difficulties with dealing with complex systems, hesitation towards emerging 
modelling approaches in existing models, and the ongoing development on the understanding of the bioeconomy and the 
required transitions. A promising exception can be found in large-scale models combining land-use change and climate 
change. For example, Arneth et al. (2014) enrich a global vegetation model with an agent-based model to represent the socio-
economic part. The existing models focus on specific problems and show the principal applicability of the emerging modelling 
approaches but lack developments and applications with regards to bioeconomy transition. Table 3.5 lists examples for each 
emerging model class and is not claiming for any completeness at all. Instead, we refer to survey papers to give the interested 
reader access to more examples in this literature: For complexity models see Bruno et al. (2016), for ABM with an ecological 
focus see Heckbert et al. (2010), for socio-environmental ABMs see Levin et al. (2013) and for stock-flow consistent models 
see Nikiforos and Zecca (2017). The examples in the table were chosen in a way to cover topics close to bioeconomy and 
sustainability issues.  

 

Table 3.5. Examples from emerging modelling classes 

Emerging modelling 
approach 

Topic Source 

Complexity science Co-development of energy consumption, knowledge creation and 
economic growth 

Foster 2013 

Overcoming of technological lock-ins in the case of 
environmental innovations 

Zeppini et al. 2011 

Agent-based models Policy instruments and their effects on innovation and industrial 
dynamics in the case of environmental regulation 

Arfaoui et al. 2014 

Combining bounded rational consumers in an ABM with a CGE 
macro model in the case of energy uses 

Niamir et al. 2020 

Socio-environmental ABM Non-linear dynamics in coupled human-nature systems Crépin et al. 2011 

Ecosystem management of spatial interactions between natural 
systems (groundwater, biomass) and human systems (myopic 
optimizing agents) 

Brock and 
Xepapadeas 2010 

Stock-Flow Consistent 
Models 

Formal integration of the SFC and the I-O approach, taking energy 
into account 

Berg et al. 2015 

Model to examine policies that address growth, distribution and 
environmental sustainability 

Naqvi 2015 

 

With most recent developments in data science the application to larger real-world systems seems to become possible. Deep 
learning and other machine learning algorithms increasingly are applied to squeeze out information from big data sets 
required to capture ongoing, but slow transitions which usually are not visible in e.g., industry statistics. Dahlke et al. (2020) 
and van der Hoog (2017) provide extensive recent overviews on these developments. Dahlke et al. (2020) conclude their 
survey with emphasizing the prolific alliance between ABM modelling and big data which requires sophisticated tools to 
exploit these opportunities. One of the most promising tools is machine learning with its multifaceted possibilities to calibrate 
agent characteristics, environmental settings, learning strategies and, perhaps most important, endogenous structural 
breaks. This has the potential of a structural break for modelling on its own and will play a major role in addressing the grand 
challenges of mankind from a social sciences perspective. 
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3.5 What new methods and approaches could support bioeconomy modelling? 

3.5.1 Big data 

Since more than a decade we observe that a huge amount of diverse data from conventional data sources like statistical 
offices (see for example http://data.un.org/) as well as from unconventional sources, e.g., processed data from large internet 
companies (see for example https://cloud.google.com/public-datasets) is becoming increasingly available. Another important 
source of big data directly stems from global climate research and globally widespread in situ observations as well as 
increasingly available satellite data (e.g., https://www.copernicus.eu/en or https://f-tep.com/). Furthermore, many of these 
big data sources and derived products are provided on easy accessible platforms (e.g., http://www.globalforestwatch.org/). 

Responsible for the advent of ‘big data’ are the advances in the generation, storage and sharing of data (e.g. sensors, 
satellites, user behaviour in the internet etc.), the administration of data (e.g. cloud solutions, high performance computing, 
fast internet etc.) and new possibilities to exploit the large amount of data, in particular the application of methods of artificial 
intelligence (e.g. machine learning etc.) together with broad available sophisticated competences in data processing which 
has led to new disciplines (e.g. data sciences). Not surprisingly, these developments are also considered as highly relevant in 
environmental and economic research. Big data are considered to provide important opportunities for improved 
understanding of important processes along value chains in agriculture (Coble et al. 2018) and forestry (Rossit et al. 2019; 
Hasan Shaikh et al. 2019; Zou et al. 2019). Lokers et al. (2015, 2016) describe the possibilities and give examples for Big Data 
technologies in agriculture and forestry and focus on the complexities of bringing together heterogeneous data from a variety 
of different sources. The DataBio project developed the DataBio Hub with a big data platform for the bioeconomy with a 
focus on agriculture, forestry, and fisheries (https://www.databiohub.eu/registry/). 

3.5.2 Artificial intelligence 

The exploitation of big data sources only became possible with the advent of artificial intelligence which empowered 
statistical and econometric tools to be applied on the processing of huge amounts of structured and unstructured data. For 
an overview on the fast and dynamic development of this vibrant field in modern computer science in Europe, see Craglia 
(2018). Willcock et al. (2018) give examples for machine learning driven empirical modelling approaches which search for 
correlation in the variables of big data sources to identify unknown interdependencies. Rammer and Seidl (2019) used deep 
learning to predict both local scale short term infestation risk and landscape level long-term outbreak, obtaining overall 
performances that are better than those achievable with conventional approaches. Similarly, Senf and Seidl (2020) mapped 
forest disturbance regimes for Europe using the Google Earth Engine. Artificial intelligence is also used as in the Integrated 
Modelling Partnership (http://www.integratedmodelling.org/) to link data and models through semantic annotation. Rossit 
et al. (2019) employ data mining methods like k-means clustering algorithms to analyse data generated in so far unknown 
quantity and quality by modern forest harvesting technologies equipped with various sensors and online transmission tools 
combined with common protocols for data storage and data processing. In the context of this report also the United Nations 
Global Pulse (UN Global Pulse 2017) (https://www.unglobalpulse.org/) initiative must be mentioned, which harnesses big 
data and artificial intelligence to support the achievement of the sustainable development goals and related policy making.  

Concerning the future transitions for the bioeconomy towards sustainable development and a climate-neutral economy these 
approaches promise prolific applications. As the bioeconomy is not a single sector but has general purpose character and is 
highly relevant in many different sectors, traditional industry classifications do not allow to portray the ongoing diffusion of 
the bioeconomy. We observe in many cases an increasing conversion of established industries e.g., when bioplastics and 
chemicals appear in the portfolio of established chemical companies or when they replace the use of oil-based plastics on a 
small, but over time increasing share. In such a case relying on the industry classification would simply not allow us to figure 
out the relevant changes. Exploiting big data sources together with tools from artificial intelligence can be used to recognize 
these patterns hidden in traditional industry statistics and allow for new and more precise understanding of sectoral 
developments. To discover the dynamics of these sectoral transitions towards the bioeconomy could support policy to 
identify most vibrant areas where policy support could create critical mass to accelerate the desired development. The same 
ideas could be used to detect patterns in databases describing the actors’ knowledge bases such as patent data. The new 
patterns detected in firms’ knowledge allow us to figure out which areas of the bioeconomy already are characterized by 
vibrant dynamics. An improved classification of knowledge fields relevant for the bioeconomy is essential for more accurate 
innovation policies, e.g., the support of innovation alliances in the bioeconomy. The transformation from a fossil-based to a 
biobased economy will require time and will thus imply a co-existence between the two for at least some time. A better 
understanding of the substitutive, complementary, and potential synergetic relations is essential for designing the right policy 
instruments. 

A common feature of models building on traditional as well as emerging modelling approaches is that they use large sets of 
parameters to distinguish between different sectors and to weigh interrelations among variables. Big data and machine 
learning offer innovative instruments to substantially improve parametrization of models which often is a theme for strong 
critique. In this sense, Pereda et al. (2017) argue that "(i)n general, but particularly in models with high dimensional parameter 
spaces, machine learning techniques can be usefully applied to analyse ... models".  

https://cloud.google.com/public-datasets
https://www.copernicus.eu/en/accessing-data-where-and-how
https://f-tep.com/
http://www.globalforestwatch.org/
http://www.globalforestwatch.org/
http://www.globalforestwatch.org/
http://www.integratedmodelling.org/
https://www.unglobalpulse.org/
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Bringing together environmental, social, and economic big data sources also very likely will allow us to discover unknown 
causalities and interdependencies among different variables. For following the sustainable development goals, this will most 
likely allow to develop early warning signals, e.g., detecting upcoming crisis (Chatzis et al., 2018; Sevim et al., 2014) and other 
changes not immediately visible in conventional statistics. In non-linear systems early warning signals are of utmost 
importance to avoid dynamic developments which cannot be stopped anymore. 

Finally, the emerging modelling approaches based on computational approaches are characterized by a large flexibility 
concerning the use (the implementation) of very different variables which are crucial for the understanding of the ongoing 
transformation. The consideration of ethical rules, social norms and values is essential for the understanding of consumption 
behaviour and its development over time. Although in many cases these variables are empirically difficult to be observed and 
not measurable, they can be simulated. The artificial data generated in the artificial world of the model allows for e.g., a 
better understanding of the driving motives of consumers and how they change over time. For example, Schlaile et al. (2018) 
show how responsibility considerations can be integrated in an ABM on consumption behaviour and innovation to analyse 
changing behavioural modes over time. 

The possibilities provided by artificial intelligence, in particular machine learning, are also likely to push forward the limits of 
emerging modelling approaches like agent-based modelling and socio-environmental agent-based modelling (for a most 
recent survey see Dahlke et al. 2020). If the size and the complexity of the model is reaching a level where we are no longer 
able to understand the processes involved and the underlying input-output relationships, we cannot understand these 
artificial complex systems any better than we understand the real ones (Axtell and Epstein, 1994; Gilbert and Terna, 2000). 
Especially in highly complex models with many different parameters like in socio-environmental agent-based models, 
generated output must be stored and prepared in a way that it can be efficiently accessed by a human being or by a computer 
(Macal 2016). In this context, machine learning tools can be used to improve the understanding of the model by (i) improving 
the understanding of model behaviours (Perry and O’Sullivan, 2018), and (ii) enhancing the analysis of output data to find 
important parameters, clusters, conditions, causalities and input-output relationships (Edali and Yücel, 2019). 

 

3.6 How could new model developments help to address new indicators, trade-offs and 
synergies? 

As outlined in chapter 2, existing models mostly cover the SDGs on economy and employment (SDG 8), energy (SDG7), 
investment-trade-finance (SDG 17), food-land (SDG 2), climate change (SDG 13), and to a lesser degree, water (SDG 6) and 
industry-innovation (SDG 9). Policy areas that represent key gaps in modelling capabilities included institutions-governance 
(SDG 16), gender equality (SDG 5), cities (SDG 11), marine life (SDG 14), education (SDG 4) and, to a lesser degree, poverty 
(SDG 1), health (SDG 2), inequality (SDG 10) and terrestrial life (SDG 15) (Allen et al. 2016). 

There is thus a need for quantitative simulation modelling assessments to deepen our understanding of the potential 
medium- to long-term benefits, synergies and risks associated with alternate narratives of human development. In the next 
four sections we discuss key challenges in this regard based on Costanza et al. 2016).  

3.6.1 Modelling and possible valuation of SDG goals 

In general, the social SDGs are not covered or not very well covered in existing bioeconomy models. More abstract “social” 
concepts described in SDG1 (poverty), SDG3 (good health and wellbeing), SDG4 (quality education), SDG5 (gender equality), 
SDG10 (reduced inequalities), SDG11 (sustainable cities and communities) and SDG16 (peace, justice, and strong institutions) 
are not addressed or addressed to a limited extent. All these SDGs cover distributional issues between different groups of 
people or households. These indicators could partly be quantified and connected to existing modelling platforms by 
connecting with household and social models or developing complex indicators based on distributional data and econometric 
analyses that can be added to existing modelling frameworks. Some ABM models could potentially fill the gaps on modelling 
social issues as they model the individual decision makers and how they interact. Data needs to cover broader areas are 
currently a challenge in the ABM models. For the short run most promising is to connect existing models with distributional 
issues. They can be potentially integrated within existing frameworks (i.e., include multi-households instead of one household 
in CGEs) or by connecting to micro-simulation models. In the longer run when complexity models progress, they might 
become an alternative option because of their higher flexibility to deal with heterogeneity and endogenous dynamics. As a 
starting point for covering more SDGs in current frameworks and constructing econometric modelling efforts, the United 
Nations Global SDG Database (https://unstats.un.org/sdgs/indicators/database/) provides coverage of numerous indicators 
for 195 regions over the period 2000-2018. See for example the work by Campagnolo and Cian (2020) who employ a mix of 
econometric and equilibrium modelling work to address changes in the Palma ratio. In the area of health (SDG3), few efforts 
are taken to connect with existing bioeconomy models. The links are often through detailed modelling of macro and 
micronutrients (see e.g., Springmann et al. 2018). In general, we can conclude that the coverage of social goals and indicators 
is weak in current modelling. Including sophisticated indicators based on distributional data might be a first step to take. 
Another option is to connect with social models although a broad geographical coverage is a challenge.  
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Environmental models are typically well suited to cover ecosystem services and other environmental indicators related to the 
SDGs (e.g., biodiversity in the SDGs on life on land and on sea (SDG 14 and SDG 15)). It is, however, challenging to include the 
services and indicators in economic models. Significant efforts have been made to estimate the economic value of ecosystem 
services (e.g., Costanza et al. 2014), but has not yet been taken up strongly in economic models. 

3.6.2 Complex interconnections between the goals 

The interactions between the various SDGs are complex and modelling can shed light on these complex interactions. A recent 
review (van Zanten and Tulder 2020) finds that studies on agricultural, industrial, and manufacturing activities predominantly 
report negative impacts on environmental development, while literature on services activities highlight economic and social 
contributions.  

Models are well suited to quantify the complex interaction between SDGs. A prerequisite is of course that a model should be 
able to model the SDGs at all (see point 1). Then relation between SDGs is another challenge. A first option to address this 
issue is to extend existing models or modelling frameworks as described above (see point 1). For example, general equilibrium 
models extended or linked with complex indicators in the field of social and environmental issues could play a role (see for 
example the ICES model by Eboli et al. 2010). In the field of bioeconomy, agricultural, forestry, food, wood, energy, and 
chemical PE models could be linked. However, these models remain equilibrium models and for the transition pathways new 
modelling techniques are needed. Complexity or system dynamics models could play a role here as the existing modelling 
systems cover only a few SDGs and extensions to a full coverage is not easy. With respect to a comprehensive coverage of 
the SDGs, recently system dynamics modelling is experiencing a renaissance. The very idea to reflect on complex interactions 
between various subsystems and its application of the interconnected target system of the SDGs suggests a promising 
application. Ferri and Sedehi (2018) developed a so-called causal loop diagram of a systemic view of the overall set of SDGs 
(enlarged by three further goals) by emphasizing the positive and negative feedbacks between the goals (see Figure 6). Zelinka 
and Amadei (2019) made a step further in using system dynamics to model the time-dependent progress of each one 17 SDGs 
and analyse the interactions among them.  

 

 

Figure 3.6. A Systemic View of overall Sustainable Development Goals (Ferri and Sedehi 2018; reproduced with permission) 

 

3.6.3 Means-ends continuum toward an overarching goal 

Costanza et al. (2016) argue that an overarching goal for the SDGs is needed with clear metrics of progress toward that goal 
that are geared to integrate the sub-goals. The authors stress that we must first decide where we are going - our overarching 
goal - to measure progress toward it. The 17 proposed SDGs are best seen as sub-goals or means to this larger end. An 
aggregate indicator is needed that can assess the relative contribution of each of the SDGs and their interactions with each 
other to assess overall progress. The dashboard and an aggregated indicator of overall progress toward our shared goal are 
both necessary if one hopes to achieve the goal. The current models do not cover many SDGs and lack an overarching goal. 
For a long time, gross domestic product (GDP) has been used as a measure of income in existing models, but it has never 
been designed as a measure of societal wellbeing. However, from utilitarian philosophy, more consumption leads to higher 
wellbeing, ceteris paribus, and GDP per capita can be used as a proxy for national wellbeing. This line of reasoning has been 
challenged for a long time (Stiglitz et al., 2009). Higher GDP can go together without more employment, neglect of civil rights, 
more income inequality, decline in cultural values, and depletion of natural resources. So, we need better measures and 
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connect these to existing or new model approaches. In particular, the utopia models mentioned in section 2.3.3 suggest a 
promising model architecture which builds on predefined desired and undesired developments to find out how lock-ins in 
trodden paths can be left and promising new ones can be taken. Measures to take some of these aspects into account are 
green growth (Boyd 2007), the Inclusive Wealth Index (UNU-IHDP and UNEP, 2014), and the Genuine Progress Indicator (GPI 
– Talberth et al., 2007). The GPI takes the impact of inequality (income distribution) into account (Wilkinson and Pickett, 
2009) and several positive (family, volunteer work) and negative (depletion of natural capital, pollution, crime). Another 
possibility is a unit-less indicator based on the SDG indicators. The OECD Better Life index is an example 
(http://www.oecdbetterlifeindex.org/). However, weighting is a challenge in this approach. This is often based on surveys 
that are also not readily available in many countries. A third method is to use a subjective measure of wellbeing (SWB) and 
perform a regression analysis with independent variables. For example, the World Happiness Report (Helliwell et al., 2016) 
explained 73% of the variation in SWB across countries by developing regressions against a range of independent variables. 
The challenge with this method is to obtain the dependent variable. Often economic, social, and natural capital are used as 
independent variables. Costanza et al. (2014) conclude: “The successor to GDP should be a new set of metrics that integrates 
current knowledge of how ecology, economics, psychology and sociology collectively contribute to establishing and measuring 
sustainable wellbeing”. A measure could be constructed based on the methods discussed above.  

● Economic contribution: GPI that includes income and considers income distribution and additional positive and 
negative effects. 

● Natural Capital/Ecosystem Services Contribution: valued in monetary units (spatially explicit). Examples are 
Accounting and Valuation of Ecosystem Services (WAVES) project of the World Bank 
(https://www.wavespartnership.org/), the Intergovernmental Science-Policy Platform on Biodiversity and 
Ecosystem Services (IPBES - http://www.ipbes.net/), and The Economics of Ecosystems and Biodiversity (TEEB -
http://www.teebweb.org/), the Economics of Land Degradation initiative (ELD - http://eld-initiative.org/). 

● Social Capital Contribution: Could be captured via surveys (e.g., trust), of the various components of life satisfaction 
(World Values Survey, Eurobarometer, Afrobarometer, etc.).  

Again, existing modelling approaches can be extended more and more to include more elements of sustainable wellbeing. 
Most of these models are especially strong in the field of economic contribution and they could be extended to add 
distributional issues and positive or negative externalities. Including natural and especially social capital is another bridge 
away that might be built by connecting with other models. Complexity models could take directly sustainable wellbeing as a 
starting point and focus on the key concepts and relations such as including the contributions from economic, natural 
capital/ecosystem services and social capital.  

3.6.4 Narrative of change to achieve the SDGs 

Measurement of SDGs, the interdependency of SDGs and an overarching goal enable the measurement of the gap between 
current indicator values and the fulfilment of the SDGs. The gap might be closed by societal shifts (e.g., preference shifts) and 
policy reforms. Models can be used to identify potential pathways to reach the defined, overall goal using back-casting 
approaches and thereby providing insight in what societal shifts and policy reforms are needed to achieve the target. A 
challenge with traditional models is that they poorly address paradigm changes, but emerging model approaches could 
support this development. The expression of the various SDGs represents the aggregate outcome of environmental systems 
and social systems as well as the interactions between the two. However, basically individual behaviour in social systems (but 
also in environmental systems, e.g., invading animal and plant species) responds to the aggregate outcomes which is 
responsible for the complexity in overall system behaviour. It establishes recursive loops manifested in endogenous 
adaptation (e.g., changing consumption behaviour and innovation) which again impact on the expression of SDGs on the 
aggregate level, and so on. This necessity to focus on the endogeneity of changes and the connected complexity is where the 
emerging approaches step in. 

A modelling framework that deals with all these four aspects does not exist. There are pros and cons of the various 
approaches. System dynamics tools build upon stock and flows which is an interesting feature given the necessity to take 
stocks into account. They also can cover rather quickly a broad range of indicators. More traditional models have likely much 
more detail on sectors, their interdependencies, and the impact of policies. There are several options. In System dynamic 
models the detailed IO structure could be embedded, include non-linearities and follow the flow and stocks. The traditional 
models, such as PEs and CGEs, could be extended with a broader welfare measurement (wellbeing) and the inclusion of cost 
and benefits from other stocks such as natural and social capital. A third method mixes these approaches. Anyway, a long-
term horizon is needed for these sustainability assessments. 

Finally, a very important implication of the importance of the SDG goals is that the SDG framework offers new perspectives 
on model comparison as now a wide range of models try to model the same set of goals and indicators. This enables a much 
broader comparison of a much more diverse set of models. Through model comparison the different approaches learn from 
each other and can complement each other. In this way a much wider perspective can be obtained regarding uncertainties 
on the future. 

  

http://www.oecdbetterlifeindex.org/
https://www.wavespartnership.org/
http://eld-initiative.org/
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4 Conclusions and recommendations 

4.1 Existing capacity to model future transitions of the bioeconomy 

This report presents an analysis of the existing capacity for modelling the future transitions to a sustainable and circular 
bioeconomy, as well as an analysis of emerging approaches to model transitions for the bioeconomy. Modelling this 
transition is of increasing importance for designing an effective implementation of the Green Deal and related policies of the 
European Commission. In this respect, modelling is complementary with the large efforts in foresight activities and offers 
potential to disentangle the complexities of the targeted transformation and to deal with the large uncertainties that is 
characteristic for envisaged developments which strongly depend on innovation, the exploration of relevant knowledge fields 
and changing consumer behaviour. 

Our review of existing models highlights important gaps in the existing capacity to model the bioeconomy: 

● Some existing bioeconomy sectors and products are not well covered. Most of the models reported in the 
literature have a sectoral focus and only a selected group of models covered all bioeconomy sectors (i.e., the group 
of CGE models and IAMs). Especially the aquaculture and fishing sector, as well as the manufacturing of textiles, 
leather and wearing apparel, pharmaceuticals, plastics, and the chemical sector are not well captured by existing 
models focusing on bioeconomy products. This suggests that to be able to cover the entire bioeconomy with 
sufficient level of detail, models need to be improved or should be linked to cover all sectors of the bioeconomy in 
detail. 

● Limited ability of capturing the cross-cutting issues of the bioeconomy transition. Due to the sectoral focus, 
models do not well cope with the competition between the different (industrial and energy) sectors of the 
bioeconomy. It is of paramount importance to address cross-cutting issues if the goal is to secure a successful 
transition to a sustainable and circular bioeconomy. 

● Novel products are not well captured by existing models. Existing models typically focus on products that have 
established markets and not properly capture the emergence of new or novel products. Models typically estimate 
the demand for certain products based on price information, but for novel products there are likely to be other 
factors that explain their emergence. Models would need to be extended to capture the developments of new or 
novel products. 

● Most of the models provide information on the bioeconomy on the national level and a much smaller number of 
models provide such information at sub-national level. Impacts associated with the development of the 
bioeconomy are typically occurring at regional or local level and it is important that such impacts are properly 
understood. 

Efforts have been made to develop linkages between models to overcome shortcomings related with the sectoral focus of 
models and to assess policy questions related to the bioeconomy. Many of the linkages between models focus on related 
economic activities (e.g., linkages of an agricultural crop model with an agricultural sector model, or a forest resource model 
with a forest sector model) while fewer cover many or all sectors of the bioeconomy in detail. IAMs are especially important 
for providing information on different aspects of bioeconomy, because of their multi-sector and multidisciplinary nature. 
To better exploit the advantages of economic and environmental models, it would be important to further develop linkages 
and cooperation between environmental and economic models. 

If the goal is to secure a successful bioeconomy transition and help the policymakers in addressing cross-cutting issues, such 
linkages need to consider key processes such as technological change (or innovation), circularity, consumer behaviour, 
climate change and biodiversity. Whereas concepts like circularity could be included into existing models with reasonable 
effort in the short and medium run, other important concepts require the development of new models building on emerging 
modelling techniques. This most likely cannot be achieved quickly but asks for long-term development efforts.  

Therefore, and in addition to the gaps that need to be addressed in the short to medium term, there are also tasks that should 
be addressed in the long-term. They refer to societal and technological changes associated with the transition to a 
sustainable and circular bioeconomy. Specifically, such gaps relate to how innovations affect future development or how 
consumers learn and change their preferences and what kind of dynamics are to be expected. There are several emerging 
approaches that try to address complex systems and structural changes, but these new classes of models are likely to be 
considered as complements to the existing models and not as substitutes. Their justification comes from their long run 
orientation and does not mean that the existing modelling classes with their higher levels of detail and empirical integration 
are to be replaced. Instead, the closing of the identified gaps in existing models very likely will be useful and supportive for a 
future modelling capacity. 
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4.2 Promising developments with relevance to bioeconomy modelling 

Modelling has proven to be a strong instrument to analyse complicated interdependencies, to discover relationships between 
different variables and thereby to improve the prerequisites for our understanding of the world. Models are popular tools 
for supporting decision makers, in particular in the policy realm, because of their supposed stringency and capacity to focus 
on the drivers of development and to abstract from the exuberant information which might distract from the core of the 
relevant question. We observe two interrelated developments triggered by technological and methodological advances: 

i. The development of larger and more complicated models crossing disciplinary borders and a topical widening of 
models to include a larger variety of phenomena as well as interdependencies between them.  

ii. The emergence of new modelling approaches basically aims for a new capture of a complex reality in models which 
includes, most importantly, the endogenous capacity of changing structures and qualitative developments. 

The first development can be considered as the most popular in the domain of bioeconomy modelling. It builds on the large 
experience accumulated in around three decades and can quickly integrate new areas into their core model architecture, 
which, in most cases, is a model representation of a stable economic system in which several exogenous shocks unfold and 
are processed and balanced into a new equilibrium state. Concerning short run adaptations of the system this strategy leads 
to promising results and to a better understanding of the interrelated, not easily disentangled feedback effects. However, 
when it comes to the analysis of long-term development, characterised by fundamental structural changes driven by changing 
lifestyles, innovation, or more generally learning and changing knowledge, most of the traditional modelling approaches are 
insufficient because of their principal optimisation and equilibrium design. 

The second line of developments gains its attractiveness exactly from the limitations of the first line of development. The 
roots of these emerging modelling approaches are in the theory of complex systems. They focus on the endogenous drivers 
of the co-evolutionary development of social and ecological systems which are considered crucial for the bioeconomy which 
strongly depends on the introduction of new technologies, the adoption of new consumer behaviours as well as the 
permanent negotiation between unforeseen and emerging conflicts between the different sustainability goals. The 
uncertainty of innovation requires experimental behaviour instead of optimisation. The changing lifestyles and consumer 
behaviours require the consideration of interactions among heterogeneous agents, which are both the ingredients of non-
linear interactions responsible for structural changes and unforeseen surprises in socio-ecological development processes. 
Because of the large number of interdependencies and the immense difficulties in handling the complexity, the emerging 
modelling approaches today still are very much at the beginning, specifically with regards to modelling the bioeconomy. 

As both developments are characterised by strong advantages but also by severe disadvantages, the third development of 
combining established and emerging modelling approaches might offer a prolific alternative: 

iii. combining established and emerging modelling approaches aiming at the exploitation of the advantages from both 
sides, e.g., combining the comprehensiveness of traditional modelling tools with the fine-grained capture of 
emerging simulation techniques allowing to represent large numbers of heterogeneous agents. 

Few models today are indeed combining the macro-economic structure of an economic system with agent-based models 
(e.g., Niamir et al., 2020), where agents make decisions on the micro-level which are used as inputs in the CGE model. This 
combination of traditional and emerging modelling approaches will improve the mutual understanding of the rather 
dispersed research communities and therefore must be considered as promising and important. However, the attempts 
existing so far are very likely suited neither to overcome the limitations of the established modelling approaches nor to fully 
exploit the opportunities of the emerging modelling approaches. The reason is that the structures of the systems analysed 
are fixed and change is purely exogenous and not the result of the interactions among agents and among agents with their 
natural environment. 

The challenge in combining established and emerging modelling techniques in modelling the bioeconomy stems from a subtle 
but important difference between two notions which we often used synonymously, namely transition and transformation. 
Both processes describe a change process but with fundamental different prerequisites and outcomes. In a transition process, 
e.g., a fossil-based industry replaced by a bio-based industry which takes completely the place of its predecessor offering the 
same products and services, economic structures are not affected. Thus, in a transition process, we observe a perfect 
substitution, perhaps even the birth of a new industry, but the overall setting is not affected after the transition period. In a 
transformation process, e.g., when carbon-based materials are increasingly displaced by biomaterials and consumers 
increasingly demand less polluting solutions, the economic structures on the supply side as well as the economic behaviour 
on the demand side fundamentally change (and mutually influence each other). This is not a simple replacement but a 
complex adaptation of the whole system, which is driven by innovation, new lifestyles, and also potential changes in the 
governance system, i.e., the economy transformed itself structurally. Whereas a transition process is described by a well-
defined decision problem and follows the logic of comparing the relative rate of marginal substitution with relative prices, 
the transformation process is responsible for an ill-defined decision problem. The actors are confronted with true uncertainty 
when they try to introduce innovations or try to develop new consumption patterns as a reaction to the observed changes in 
their surrounding economic and/or natural environment. The reasons behind the transformation can be manifold, e.g. an 
increasing awareness of sustainability issues with an effect on value and norms which might unfold in a self-organized way 
from single actors trying to change technologies with an entrepreneurial motive, or from single consumers trying out new 



 

61 

 

lifestyles which become fashionable and are imitated, or from policy strategies emphasizing sustainability, or from civil society 
organizations which mange to raise the alertness towards certain topics.  

To avoid this confusion and the loss of modelling potentials, we emphasize a fourth trajectory for model development, 
namely: 

iv. model cooperation to exploit the benefits of established and emerging modelling approaches. 

For the analysis of short-term temporal developments, the fine-grained established modelling approaches are well suited to 
analyse future transition processes for the bioeconomy towards sustainable development and a climate neutral economy as 
we can expect that the underlying structures do not change dramatically in the short run. However, the application of the 
established modelling approaches should reflect from the very beginning the shortcomings and limitations of the validity of 
their conclusions which determine their scope of application with respect to some of the most urgent questions to be asked 
today, namely those dealing with transformation. Because of endogenous structural changes due to innovation and changing 
consumer behaviour, the advantage of a detailed description cannot be maintained when it comes to the analysis of long-
term development. This is the place, where the emerging modelling approaches can exert already today their full power 
concerning the future transformations for the bioeconomy towards sustainable development and a climate-neutral economy. 
The emerging modelling approaches hint on the drivers of these fundamental changes responsible for the non-linearities and 
disruptive changes characteristic of and affecting socio-ecological long-term development. From a theoretical point of view 
an equilibrium state of an established model is one possible outcome out of many predicted by a representative model of 
the emerging modelling approaches. However, for long run analysis it is not very likely that the system under investigation 
remains in this equilibrium. But it will take a long period of intensive model development until the emerging modelling 
approaches will be able to describe economic systems with the same level of details characteristic of many established 
models. In the interim period, model cooperation to exploit the advantages of established and emerging models is the most 
promising strategy, as many important decisions to improve on sustainability cannot be postponed. Without doubt, such a 
model cooperation strategy will not come for free but needs to be accompanied by an open data and IT infrastructure, and 
governance structures that reduce maintenance and cooperation costs and enable long term cooperation between models 
or model types. It requires flexible modular structures to link models. 

To summarize, we argue for a modelling approach eclecticism, where we combine established and emerging modelling 
approaches cooperatively depending on the questions which are to be analysed with the model. This asks for a better 
description of modelling targets, a sound reflection on the meaning of time horizons and a closer cooperation between the 
different research communities. The description of the modelling targets as well as the determination of time horizons will 
benefit from the developments in big data and artificial intelligence from which we expect valuable guideposts for designing 
future modelling strategies. Enabling factors are an open data and IT infrastructure and model governance structures oriented 
at long term maintenance, development, and cooperation. 

 

4.3 Recommendations to improve bioeconomy modelling 

The emerging modelling approaches raise high expectations concerning their use in the analysis of future transformations for 
the bioeconomy towards sustainable development and a climate-neutral economy. Their capacity to analyse complex 
systems is most promising, this means their capacity to analyse the effects of agents’ heterogeneity in decision making, 
fundamental (endogenous) pattern changes like the overcoming of lock-ins, as well as socio-economic and environment 
system interaction. There are already approaches that can be used by existing models to support the analysis of key policies 
issues (e.g., circularity, climate change), but for the emerging approaches we see a complementary role in addressing 
technological change and behavioural change. 

Because of the fast progress in computer sciences and a growing community of researchers from different disciplines working 
in the field of emerging modelling approaches, modelling activities in bioeconomic realms could develop substantially. 
Current first steps, however, highlight the difficulties in this process (e.g., that in the complex models we simply do not 
understand the relationships involved or their consequences, that computational effort and time becomes enormous and 
severely reduce the practicability of the model) and clearly suggest that this development will demand a longer transition 
period of at least a decade. Next to the technical capabilities new governance structures and arrangements should be 
exploited. 

 

4.3.1 Improving the bioeconomy modelling capacity in the short to medium term 

For short-term developments, we consider that the fine-grained established modelling approaches are promising in the 
analysis of transition processes, because we can expect that the underlying structures do not change dramatically in the short 
run. The established modelling techniques could thus be applied to address so far neglected cross-cutting policy questions 
and offer a better understanding on how to achieve sustainability e.g., by integrating the concepts of a circular economy, the 
United Nations’ SDGs, biodiversity, etc. However, the application of the established modelling approaches should reflect from 
the very beginning their shortcomings and limitations in not fully considering the possibilities of structural changes. This 
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determines their scope of application with respect to some of the most urgent questions to be asked today, namely those 
dealing with transformation, which by nature will not happen overnight, but require a long-term orientation. 

The analysis of existing models of the bioeconomy reveals that existing models cover important components of the 
bioeconomy, but also important gaps exist in current modelling efforts that should be addressed in the short- to medium-
term. Building on the gaps and recent developments to close these gaps, we make the following technical and governance-
related recommendations to improve bioeconomy modelling, which could be realized in the next 5-10 years. The technical 
recommendations are: 

● Improve the model coverage of existing bioeconomy sectors and products. Most of the existing models reported 
in the literature have a sectoral focus and only a selected group of models covered all bioeconomy sectors (i.e. the 
group of CGE models and IAMs). Especially the aquaculture and fishing sector, as well as the manufacturing of 
textiles, leather and wearing apparel, pharmaceuticals, plastics, and chemical sectors are not well captured by 
existing models focusing on bioeconomy products. This suggests that to be able to cover the entire bioeconomy 
with sufficient level of detail, existing models need to be extended, new models need to be developed and/or 
numerous linked models might be needed to cover all sectors of the bioeconomy. 

● Improve the coverage of novel bioeconomy products. Existing models typically focus on products that have 
established markets and do not properly capture the emergence of new or novel products. Although the inclusion 
of new products is closely related to technological progress (which may be better addressed by emerging modelling 
approaches, see section 3.2.2), existing models should be expanded to better cover novel products (for example, 
bio-based chemicals and plastics, engineered wood products as construction material, wood-based textile fibres, 
etc) based on available technical, engineering and market information. Models typically estimate the demand for 
certain products based on price information, but for novel products there are likely to be other factors that explain 
their emergence. These need to be more systematically studied and used to improve existing models. Availability 
of appropriate data is a key issue and improved modelling should therefore go hand in hand with improved data 
collection efforts. 

● Improve existing models to better address circularity. Circularity is a key process that needs to be addressed by 
models to model the future transformations for the bioeconomy. Existing (economic) models are generally based 
on the notion of linear (i.e., produce, use, discard) product lifecycle and economies and almost completely ignore 
material cycles and recycling, as well as co- and by-production of products and materials. An improved 
representation of physical material cycles (material flows) in economic modelling helps to increase the policy 
support relevance of such modelling approaches, with regards to increasing biomass availability, sustainability of 
bioenergy as well as reducing food losses and waste. Key challenges are the explicit modelling of waste and by-
products, waste management sector, secondary production sectors, and the explicit modelling of a product lifetime 
by, for example, dynamic stocks of materials and products. 

● Improve existing models to better address climate change. Climate change is a key topic and dealt with in many 
existing models. Climate change affects natural systems, which are at the heart of the bioeconomy. Approaches to 
consider changes in yield and productivity are already available, but climate change affects biomass availability also 
through changes in the frequency and extent of extreme events such as droughts and disturbances (storm, fire, 
pests) and these extreme events and natural disturbances need to be better addressed in bioeconomy modelling. 
Furthermore, the focus of climate change impact modelling in agriculture has so far focused on a small number of 
staple crops, but future climate change impact analyses should include the consequences of climate change on non-
staple crops, but also on e.g., labour productivity. Another area of attention is the field of negative GHG emissions 
and especially the interaction between forestry and agriculture and BECCS and CCS technologies in terms of land 
and biomass competition. 

● Link existing models with specialised biodiversity models to better address biodiversity. Biodiversity is a key topic 
and difficult to deal with in many existing models but can be introduced by connecting to existing biodiversity 
models. Future assessments should seek to better represent land-management practices as well as additional 
pressures on land and biodiversity, such as the influence and mitigation of climate change, overexploitation, 
pollution, and biological invasions. The upscaling of new modelling approaches could facilitate such improvements, 
although such modelling efforts currently face data and technical challenges. 

● Develop modelling approaches that consider the bioeconomy as a whole and avoid sectoral approaches. The 
sectoral focus of many existing models limits their ability of capturing the cross-cutting issues of the bioeconomy. 
It is of paramount importance to address these cross-cutting issues if the goal is to secure a successful bioeconomy 
transition. Modelling approaches need to better address competition between the different sectors of the 
bioeconomy (e.g., competition for biomass use for energy or materials). This can be achieved by improving models, 
and by improving collaboration between different disciplines. Linkages of models also need to be considered in 
the design of models, for example though a modular design and programming interfaces that allow interactions 
between multiple software intermediaries. 

● Consider the novel possibilities offered by big data and artificial intelligence to detect new developments in 
bioeconomy sectors which are hidden in traditional industry statistics. The possibility of pattern detection of e.g., 
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machine learning algorithms together with the expected availability of big data offers a promising opportunity to 
develop a better understanding of shifts in industrial structures, which by their very nature are in their early stages 
too small to be observable in conventional statistics. The capability to detect ‘early warning signals’ from big data 
with the help of AI is not restricted to the analysis of industry development but can be applied also to 
consumption data and environmental data to find critical fluctuations responsible for potential major changes e.g. 
by surpassing critical thresholds. 

● Improve linkages/integration with other tools and approaches: some of the existing limitations in bioeconomy 
models are well addressed by other communities. The linking of models with existing and well-established tools 
and approaches can help to efficiently mitigate some of the models' shortcomings building on the know-how 
already established in other scientific domains. Life Cycle Assessment and Material Flow Analysis, for example, can 
help to better consider indirect emissions and better quantify the direct and indirect (bio)material consumption of 
alternatives technologies and scenarios as well as extend the range of environmental issues addressed by the 
models and better consider in-use stocks and material cycles in a mass balanced framework. 

● Improve the spatial resolution of existing models. Most of the models provide information on the bioeconomy on 
the national level and a much smaller number of models provide such information at sub-national level. Impacts 
associated with the development of the bioeconomy are typically occurring at regional or local level and it is 
important that such impacts are properly understood. 

● Improve coverage of sustainability indicators. Sustainability indicators addressing social aspects are not well 
covered by existing models. These indicators could partly be quantified and connected to existing modelling 
platforms by connecting with household and social models or developing complex indicators based on distributional 
data and econometric analyses that can be added to existing modelling frameworks. Attention is needed for the 
complex interconnections between the goals (connecting models or new model (e.g. SDM) approaches) and the 
means-ends continuum toward an overarching goal by valuing (i) economic services: GPI (Genuine progress 
indicator) that includes income and considers income distribution and additional positive and negative effects; (ii) 
natural capital ecosystem services (include nature capital stocks) and (iii) social capital contribution (e.g. surveys 
life satisfaction). Additionally, the SDG framework offers additional possibilities to compare very different model 
approaches. 

Governance recommendations are: 

● Be selective in the models to be further developed for bioeconomy modelling. Many models already exist that 
can be used to study the bioeconomy but some of these models cover only very specific aspects of the bioeconomy. 
IAMs are considered especially important for providing information on a broad range of issues relevant to the 
bioeconomy, because of their multi-sector and multidisciplinary nature. Possible criteria for selecting models to 
be further improved could include their ability to cover bioeconomy sectors, open-access availability, 
documentation, ability to address technological progress, circularity, consumer behaviour and climate change, 
scientific publications, policy-oriented contributions, etc. 

● Plan for sufficient time and resources to better link models. Efforts have been made to develop linkages between 
models to overcome shortcomings related with the sectoral focus of models and to assess policy questions related 
to the bioeconomy. To better exploit the advantages of economic and environmental models, it would be important 
to further develop linkages and cooperation between environmental and economic models and modellers. 
However, the type of coupling needs to be carefully considered. Hard linkages of models are of a more systematic 
nature and may provide better insights in the questions addressed but are complex and computationally expensive. 
Enabling factors for model cooperation and linkage are open data and ICT infrastructure and model governance 
structures oriented at long-term maintenance, development, and cooperation. There is a need for data 
management plans, modular set up of models directed toward coupling with other modular models, data sharing 
and model development by (international) cooperation to reduce development and maintenance costs, 
institutionalise consortia by cooperation agreements. 

● Combine bioeconomy modelling with other foresight techniques. Models are simplifications of reality, they are 
hampered by available information, and are often based on relationships that occurred in the past. Furthermore, 
even if models would be technically improved following our recommendations, the results still depend to a large 
extent on how the models are applied to address policy questions. To better understand the transition to a 
bioeconomy, (quantitative) bioeconomy modelling should be combined with other participatory foresight 
techniques. The combination of modelling with other foresight techniques will improve the credibility (or scientific 
adequacy), legitimacy (consideration of divergent values and beliefs, treatment of opposing views) and relevance 
of the results with regards to the needs by decision makers. 

● Improve quality and transparency of existing models. Our review revealed that only 37% of all reviewed models 
are completely or partially accessible to (expert) users. Furthermore, we note that some models are poorly model 
documented, which hampers a good understanding of the functioning of existing models. Quality control of models 
needs to be better ensured through model documentation, validation, publishing model descriptions and 
applications in peer reviewed journals and by making models and their code accessible to peers through open 
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access. Such measures will likely strengthen the transparency of the models and the trust in the results they 
produce. Model comparison exercises can enhance the quality of models and provide insight in key uncertainties. 

 

4.3.2 Improving the bioeconomy modelling capacity in the long-term 

In addition to gaps that need to be addressed in the short to medium term, there are also gaps that can be mainly addressed 
in the long-term. They refer to societal and technological changes associated with the transition to a bioeconomy. 
Specifically, such gaps relate to how innovations affect future development or how consumers learn and change their 
preferences and what kind of dynamics are to be expected. There are several emerging approaches that try to address 
complex systems and structural changes, but these new classes of models are likely to be considered as complements to the 
existing models and not as substitutes. Their justification comes from their long run orientation and does not mean that the 
existing modelling classes with their higher levels of detail and empirical integration are to be replaced in the short-term. We 
thus recommend a modelling approach eclecticism, which combines established and emerging modelling approaches 
cooperatively. To frame it somewhat simplified, after a transformation towards a knowledge-based bioeconomy, we will 
observe an economy which most likely looks very different from the economy we know now. Periods of drastic change, 
however, are followed by less turbulent periods where the established modelling approaches together with the suggested 
extensions will deliver valuable services with their fine-grained resolution and comprehensive coverage of industry structures. 

In the transformation to a sustainable and circular bioeconomy, the role of biomass production and addressing sustainability 
challenges will play an outstanding role. Complexity models in principle are interesting candidates to shed light on the positive 
and negative feedbacks to be expected when not only the decision process of agents but also their contradictory effects on 
planetary boundaries are reflected. ABMs will play an outstanding role in the coming years because of their capacity to tackle 
changes in preferences on the demand side and innovation and diffusion of bioeconomic technologies and knowledge on the 
supply side. Even broader but also more demanding and time consuming will be the expected increasing application of socio-
environmental ABMs in the years to come. With the help of these tools very explicit model representations of e.g., the food-
fuel conflict and required behavioural changes can be developed to directly address the interdependencies between SDGs 
and behaviour. 

In the context of bioeconomy modelling, improved model cooperation is needed which brings together established and 
emerging modelling approaches and covers the social, economic, and environmental dimension and disciplines to endogenize 
some of the variables considered as constants in existing (traditional) modelling approaches. For example, CGE systems need 
to be adapted following the insights of complexity models indicating that critical thresholds are surpassed, and economic 
structures are likely to change. PE-models need to be enriched by considering innovation processes and endogenously 
created technological change is complementary models based on the emerging modelling techniques. Economic and 
environmental models need to be improved to better address behaviour of different agents (e.g., consumers, landowners, 
and managers). More effort is needed to couple economic and environmental models to better capture two-way interactions 
between the socio-economic and environmental system, considering new data sources on socio-economic and ecological 
information. Therefore, we consider the most promising opportunities for future modelling activities in the exploitation of 
model cooperation between established and emerging modelling approaches. To facilitate the combined use of existing 
and emerging modelling approaches, we recommend several actions that could be taken to resolve issues that have so far 
hampered the uptake of complexity models: 

● Although some first attempts are already developed in the scientific literature to combine existing and emerging 
modelling techniques, we recommend the facilitation of a closer cooperation between the so far mostly 
separated research communities on established and emerging modelling approaches. This could be achieved by 
research calls requiring the involvement of relevant research communities to ensure a better understanding how 
modelling approaches can support each other. 

● Remove barriers to access data and computing infrastructure. Despite major progress in computation and modern 
data sciences, barriers exist that hamper the uptake of development of emerging modelling approaches. Such 
barriers could refer to access to already established data and computing infrastructures. Improved access to and 
improved use of data and computing infrastructures are needed to support a larger uptake of emerging modelling 
approaches. 

● Strengthen the development of complexity models that consider behavioural change. New models will inevitably 
need to be supplied with data. Major developments are being made to capture the behaviour of consumers (e.g. 
behavioural economics), with the help of internet, big data and artificial intelligence algorithms, although there are 
also concerns on the privacy of consumers. Similar approaches may be explored also to support future bioeconomy 
modelling, while carefully respecting privacy concerns. In addition to better understanding consumer behaviour, 
an improved understanding is also needed for the behaviour of landowners and firms. While the availability of farm-
level information has generally improved in the case of agriculture, major steps are still to be made with regards to 
understanding the behaviour of forest owners to be able to include such information in agent-based models. 
Similarly, it is also crucial to understand the behaviour of firms in the bioeconomy. 
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● Better address technological development and innovation in future models. New models that address the long-
term transformation processes in the bioeconomy need to emphasize the outstanding role of innovation. The 
philosopher Vogt (2020) coined that “the bioeconomy operationalizes the innovative aspects of sustainability” and 
without doubt, modelling should no longer assume innovation to be exogenous. Major developments have been 
made to integrate experimental behaviour under true uncertainty, knowledge exchange in networks and learning 
into agent-based models addressing innovation driven industrial dynamics. These promising approaches and their 
specific application to analyse endogenous innovation processes in the bioeconomy are to be explored to 
substantially improve our understanding of the complex transformation processes. This will shed light on the role 
of user-producer interactions, entrepreneurship and knowledge development which are crucial targets for 
policymakers in their ambitions to support the transformation. There are still many open questions, concerning the 
calibration and validation of these necessarily large agent-based models. However, together with the developments 
from AI and big data, major progress must be expected within the next decade. Furthermore, concerning socio-
environmental ABMs the additional consideration of environmental dynamics coupled with socio-economic 
dynamics can be considered as a starting point for improving our knowledge on endogenous adaptation strategies 
highlighting promising technological directions or at least excluding non-successful paths more easily and earlier. 
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Annex: model overview 

Table A.1. Overview of existing bioeconomy models. 

Model Type Acronym Name Holder Link 

Economic 
Models 

Computable 
General 
Equilibrium 
models 

GEM-E3* General Equilibrium 
Model for Economy-
Energy-Environment 

European Commission https://ec.europa.eu/jrc/e
n/gem-e3/model 

GTAP Global Trade Analysis 
Project 

GTAP consortium  https://www.gtap.agecon.
purdue.edu/models/curre
nt.asp 

ICES Intertemporal 
Computable Equilibrium 
System  

RFF-CMCC European 
Institute on 
Economics & the 
Environment 

https://www.icesmodel.or
g/ 

LIBEMOD LIBEralization MODel for 
the European Energy 
Markets 

Ragnar Frisch Centre 
for Economic 
Research and the 
Research Department 
at Statistics Norway 

http://www.frisch.uio.no/
ressurser/LIBEMOD/ 

MIRAGE Modelling International 
Relationships in Applied 
General Equilibrium 

CEPII, IFPRI http://www.cepii.fr/CEPII/
en/bdd_modele/presentat
ion.asp?id=14 

MAGNET* Modular Applied 
GeNeral Equilibrium 
Tool 

WEcR & MAGNET 
consortium 

https://www.magnet-
model.eu 

NEWAGE National European 
Worldwide Applied 
General Equilibrium 

Institute of Energy 
Economics and 
Rational Energy Use. 
Unicversity of 
Stuttgart 

https://www.ier.uni-
stuttgart. 
de/forschung/modelle/NE
WAGE/index_en.html 

Partial 
Equilibrium 
models 

Aglink-
COSIMO* 

Aglink-COSIMO OECD-FAO http://www.agri-
outlook.org/about/ 

AGMEMOD* Agriculture Member 
State Modelling 

Thünen Institute, 
Wageningen 
Economic Research 
(WEcR) 

https://agmemod.eu/ 

CAPRI* Common Agricultural 
Policy Regional Impact 

CAPRI network https://www.capri-
model.org/dokuwiki/doku.
php? 

EFI-GTM European Forest 
Institute Global Trade 
Model 

European Forest 
Institute 

NA 

ESIM European Simulation 
Model 

Humboldt University 
at Berlin 

https://www.google.com/
url?sa=t&rct=j&q=&esrc=s
&source=web&cd=9&ved=
2ahUKEwjAtM-
B6KfhAhVS-
aQKHVmLAYwQFjAIegQIB
xAB&url=https%3A%2F%2
Fwww.uni-
hohenheim.de%2Fqisserv
er%2Frds%3Fstate%3Dme
dialoader%26objectid%3D
7530%26application%3Dls
f&usg=AOvVaw1QFXmwP
KVcU4kWU88WGJac 

GLOBIOM Global Biosphere 
Management Model 

IIASA http://www.globiom.org 

GFPM Global Forest Products 
Model 

University of 
Wisconsin 

http://labs.russell.wisc.ed
u/buongiorno/welcome/gf
pm/ 

GFTM* Global Forest Trade 
Model 

European Commission https://forest.jrc.ec.europ
a.eu/en/activities/forestbi
oeconomy/modelling/ 

IMPACT International Model for 
Policy Analysis of 
Agricultural 
Commodities and Trade 

IFPRI http://www.ifpri.org/publi
cation/international-
model-policy-analysis-
agricultural-commodities-
and-trade-impact-model-0 
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MAGPIE Model of Agricultural 
Production and its 
Impact on the 
Environment 

Potsdam Institute for 
Climate Impact 
Research 

https://www.pik-
potsdam.de/research/proj
ects/activities/land-use-
modelling/magpie/magpie
-2013-model-of-
agricultural-production-
and-its-impact-on-the-
environment;  
https://rse.pik-
potsdam.de/doc/magpie/
4.0/index.htm 

Oemof Open Energy Modelling 
Framework 

Oemof developing 
group (currently 
comprising of Reiner 
Lemoine Institut / 
ZNES Flensburg/ 
University of 
Magdeburg) 

https://github.com/oemof
/oemof 

PLEXOS PLEXOS Integrated 
Energy Model 

Glenn Drayton - 
Energy Exemplar 

https://energyexemplar.c
om/products/plexos-
simulation-software/ 

POTEnCIA* Policy Oriented Tool for 
Energy and Climate 
Change Impact 
Assessment 

European Commission https://ec.europa.eu/jrc/e
n/potencia#:~:text=POTEn
CIA,system%20developed
%20by%20the%20JRC. 

PRIMES Price-Induced Market 
Equilibrium System 

E3MLab/ICCS at the 
Technical University 
of Athens 

https://ec.europa.eu/clim
a/policies/strategies/analy
sis/models_en#PRIMES 

POLES* Prospective Outlook on 
Long-term Energy 
Systems 

CNRS (GAEL Energy), 
Enerdata, European 
Commission 

https://www.enerdata.net
/solutions/poles-
model.html 

TIMES* The Integrated MARKAL-
EFOM System 

IEA-ETSAP (Energy 
Technology Systems 
Analysis Program) 

https://iea-
etsap.org/index.php/etsap
-tools/model-
generators/times 

BALMOREL - Hans Ravn http://www.balmorel.com 

PROMETHEUS - E3MLab/ICCS at the 
Technical University 
of Athens 

https://e3modelling.com/
modelling-
tools/prometheus/ 

Other 
economic 
models 

ENPEP-
BALANCE 

Energy and Power 
Evaluation Program  

Center for Energy, 
Environmental, and 
Economic Systems 
Analysis (CEEESA). 
Argonne National 
Laboratory 

https://ceeesa.es.anl.gov/
projects/Enpepwin.html#b
alance 

GINFORS Global INterindustry 
FORecasting System 

The Institute of 
Economic Structures 
Research (GWS) 

https://www.gws-
os.com/de/index.php/glob
al-developments-and-
resources/models.html 

IFM-CAP* Individual Farm Model 
for Common Agricultural 
Policy Analysis 

European Commission https://ec.europa.eu/jrc/e
n/publication/eu-wide-
individual-farm-model-
common-agricultural-
policy-analysis-ifm-cap-v1-
economic-impacts-cap 

WEM World Energy Model International Energy 
Agency 

https://www.iea.org/repo
rts/world-energy-model 

FARMIS Farm Modelling and 
Information System 

Thünen Institute https://www.thuenen.de/
en/infrastructure/the-
thuenen-modelling-
network/models/farmis/ 

MARKAL MARKet ALlocation IEA for general 
version. Several 
holders for different 
country models 

https://iea-
etsap.org/index.php/etsap
tool/model-
generators/markal 

Environme
ntal 
Models  

Biophysical 
Models 

A4a* Assessment For All European Commission https://github.com/flr/FLa
4a 

CBM-CFS3* Carbon Budget Model of 
the Canadian Forest 
Sector 

Natural Resources 
Canada 

https://www.nrcan.gc.ca/f
orests/climate-
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change/carbon-
accounting/13107 

EPIC* Environmental Policy 
Integrated Climate 
Model 

USDA (main model) 
and IIASA (EPICI-IIASA 
and EU-EPIC) 

http://www.iiasa.ac.at/we
b/home/research/researc
hPrograms/EcosystemsSer
vicesandManagement/EPI
C.en.html 

EFDM* European Forest 
Dynamics Model 

European Commission https://ec.europa.eu/jrc/e
n/european-forestry-
dynamics-model 
 
https://github.com/ec-
jrc/efdm 

EFISCEN European Forest 
Information SCENario 
model 

European Forest 
Institute 

http://efiscen.efi.int/ 

G4M Global Forest Model IIASA http://www.iiasa.ac.at/we
b/home/research/researc
hPrograms/EcosystemsSer
vicesandManagement/G4
M.en.html 

INVEST Integrated Valuation of 
Ecosystem Service and 
Tradeoffs 

US Natural Capital 
Project 

https://naturalcapitalproje
ct.stanford.edu/software/i
nvest 

MITERRA Miterra-Europe Wageningen 
Environmental 
Research 

http://content.alterra.wur
.nl/Webdocs/PDFFiles/Alt
errarapporten/AlterraRap
port1663.1.pdf 

PRISM-ELM Parameter-elevation 
Regressions on 
Independent Slopes 
Model Environmental 
Limitation 

PRISM Climate Group 
at OSU (Oklahoma 
State University) 

http://www.prism.oregon
state.edu/ 

Land Use And 
Cover Models 

CLUMondo Conversion of Land Use 
and its Effects model 

IVM Institute for 
Environmental 
Studies, Vrije 
Universiteit 
Amsterdam 

https://www.environment
algeography.nl/site/data-
models/models/clumondo
-model/ 

Dyna-CLUE Dynamic Conversion of 
Land Use and its Effects 
model 

IVM Institute for 
Environmental 
Studies, Vrije 
Universiteit 
Amsterdam 

https://www.environment
algeography.nl/site/data-
models/data/clue-model/ 

LUISA* Land Use-based 
Integrated Sustainability 
Assessment 

European Commission https://ec.europa.eu/jrc/e
n/luisa 

Other 
Environmental 
Models  

ToSIA Tool for Sustianability 
Impact assessment 

European Forest 
Institute 

http://tosia.efi.int/ 

Integrated Assessment Models DSK model Dystopian Schumpeter 
meeting Keynes model  

Sant'Anna School of 
Advanced Studies 

http://www.highendsoluti
ons.eu/page/dsk 

MADIAMS Multi-actor dynamic 
integrated assessment 
model 

Max Planck Institute 
for Meteorology, 

0 

E3ME-FTT-
GENIE* 

- Cambridge 
Econometrics 

https://www.e3me.com/ 

DNE21+ Dynamic New Earth 21 RITE Systems Analysis 
Group 

https://www.rite.or.jp/sys
tem/en/global-warming-
ouyou/modeltodata/overv
iewdne21/outline-
dne21plusmodel/ 

GCAM Global Change 
Assessment Model 

Pacific Northwest 
Laboratory (PNNL) 

http://www.globalchange.
umd.edu/gcam/ 

IMAGE 3.0 Integrated Model to 
Assess the Global 
Environment 

PBL, Netherlands 
Environmental 
Assessment Agency 

https://models.pbl.nl/ima
ge/index.php/Welcome_t
o_IMAGE_3.0_Documenta
tion 

IFs International Futures  Pardee Center for 
International Futures 

https://pardee.du.edu/ 
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MEDEAS Modeling the renewable 
energy transition in 
europe 

Spanish National 
Research Council 

https://www.medeas.eu/
model/medeas-model 

REMIND Regional Model of 
Investments and 
Development 

Potsdam Institute for 
Climate Impact 
Research 

https://www.pik-
potsdam.de/research/tran
sformation-
pathways/models/remind 
 
https://www.iamcdocume
ntation.eu/index.php/Mo
del_Documentation_-
_REMIND 

ETSAP-TIAM The TIMES Integrated 
Assessment Model 

ETSAP-IEA https://iea-
etsap.org/index.php/appli
cations/global 

WITCH World Induced Technical 
Change Hybrid model 

Fondazione Eni Enrico 
Mattei (FEEM) 

http://www.witchmodel.o
rg/ 

IMACLIM-R - CIRED http://www2.centre-
cired.fr/IMACLIM?lang=en 

Specialist Model BEWHERE BEWHERE IIASA http://www.iiasa.ac.at/we
b/home/research/researc
hPrograms/EcosystemsSer
vicesandManagement/BE
WHERE/BEWHERE.en.html 

ETM* Energy Transition Model Quintel Intelligence https://energytransitionm
odel.com/ 

LEAP Long-range Energy 
Alternatives Planning 

Stockholm 
Environment Institute 

https://www.energycomm
unity.org/ 

MESSAGE Model for Energy Supply 
Stratergy Alternatives 
and their General 
Enviromental impact 

International Institute 
for Applied Systems 
Analysis (IIASA) 

http://www.iiasa.ac.at/we
b/home/research/researc
hPrograms/Energy/MESSA
GE.en.html ; 
https://messageix.iiasa.ac.
at/ 

OSeMOSYS The Open Source Energy 
Modeling System 

Energy Systems 
Analysis Group (dESA), 
KTH Royal Institute of 
Technology, 
Stockholm, Sweden 

http://www.osemosys.org
/ 

SIMFISH Spatial Integrated bio-
economic Model for 
FISHeries 

Wageningen 
Economic Research, 
Heinrich von Thünen 
Institute  

https://www.sciencedirect
.com/science/article/pii/S
1364815215300566?via%
3Dihub 

*Model applied by JRC
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