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Abstract

Linking computable general or partial equilibrium models with agent-based models can combine the strengths of
both modeling concepts. The linking allows to trace global feedback effects while providing a flexible
representation of human behavior and social interactions. This linking would facilitate the simulation of
interconnected land-use and economic systems while accounting for actors’ heterogeneity, their specializations,
and the representation of alternative decision models. In this paper, we examine the challenges that currently
hinder the realization of these potential benefits and present a roadmap outlining possible solutions for successful
model linking in the context of land use change. The main challenges include: 1) conceptual misalignment
between modeling concepts, 2) differences in scales and resolution, 3) difficulties in validation and calibration of
linked models, 4) increased complexity in interpreting and communicating results, 5) high demands on compu-
tational infrastructure and computational costs, and 6) limited personnel and financial resources. Successfully
linking different model concepts and overcoming these challenges requires the modelling communities and
stakeholders to engage in long-term, platform-supported dialogue. This dialogue could facilitate the development
of a shared framework for model linking, standards for model documentation, validation procedures, and
appropriate approaches for communicating and evaluating results. This process will enhance the benefits and
sustain the linked models while helping determine circumstances in which the advantages of linking models may
outweigh the costs.
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1. Introduction

Effective land-use policies must consider both local interdependencies and global market feedback to
comprehensively assess their impact on biodiversity, nutrient losses, food security, and climate change (Kelly et
al., 2013). New policies must account for diverse behavior of local land users. Indirect effects, such as leakages
from carbon, pesticide, or nutrient policies (e.g., Finger, 2024, Fournier Gabela et al. 2024, Oita et al., 2016), as
well as associated price feedback may reduce the effectiveness of these policies. These feedback mechanisms
make ex-ante policy assessments challenging, for instance in the context of reforms to the European Union’s
Common Agricultural Policy (CAP) or the introduction of environmental taxes.

While market feedback is well represented in computable general equilibrium (CGE) and partial equilibrium (PE)
models, local interdependencies are more effectively captured by agent-based models (ABMs). ABMs are
particularly suited to represent behaviorally rich, spatially explicit and diverse agents, capturing heterogeneity,
social interaction, including peer influence, information costs, social learning, and emergent properties (e.g.,
Huber et al., 2018, van Duinen et al., 2016). These behaviors affect land use, production intensity, farm exits,
and related land sales (e.g., Nowak et al., 2017, Li et al., 2020). ABMs enable the simulation of interactions
among farmers, generating insights at both the farm and regional levels. However, empirically based ABMs are
typically limited to small geographical areas with little consideration of direct and indirect market feedback
(Lippe et al., 2019). In contrast, CGE and PE models are well suited to capturing market feedback and cross-
sectoral effects. The European Union (EU) has promoted the continued development of modeling networks such
as the European Simulation Model (ESIM), the Common Agricultural Policy Regionalized Impact Modelling
System (CAPRI), and the Agricultural Member State Model (AGMEMOD) due to their strengths in policy analysis
(Barreiro-Hurle et al., 2024). However, these equilibrium models typically assume rational behavior by
representative agents and generally lack spatial detail (Robinson et al., 2018).

Given therespective strengths of the two modeling concepts, this paper addresses the following question: What
are the benefits, challenges, and feasible pathways for linking ABMs with CGE or PE models to achieve a more
comprehensive assessment of land-use policy impacts? Based on a literature review, a survey of the modeling
community, and workshops involving modelers from both modeling concepts, we identify key challenges and
discuss potential solutions for successful model linking. Such linking could expand the analytical toolbox for
assessing cross-scale impacts arising from global market feedback evaluating the equity implications of policies
and examining the dynamics of land-use transitions.

Researchers have identified considerable potential in linking ABMs with CGE or PE models. This linking could
represent alternative decision-making processes, spatial heterogeneity, and feedback effects involving global
markets, while improving spatial, temporal and institutional resolution (Babatunde et al., 2017; Husby & Koks,
2017; Filatova et al. 2025; Mller et al., 2020; Niamir et al., 2020; Rounsevell et al., 2012). Millington et al. (2017)
and Miiller et al. (2020) see specific potential in linking these modeling frameworks to simulate the effects of
telecoupling and bridging the micro and the macro scale of socio-environmental systems.

Despite its potential, there is currently no established standard for linking these models, and only a few
documented applications exist. Forinstance, M6hring et al. (2016) linked the agent-based model SWISSland with
a PE model for the Swiss agricultural sector, and Morgan & Daigneault (2015) implemented a soft linking in
which a PE model informed an ABM in simulating impacts of climate change on farmers land-use decisions.
Niamir et al. (2020) linked an ABM with a CGE model to better represent energy consumers and their behavioral
changes (see Supplementary Material B for more information). Millington et al. (2017) explored the possibility
of linking ABMs with CGE/PE models to represent telecoupling between China, Brazil, and the United States.
They ultimately adopted a telecoupled ABM framework instead of a linked ABM—CGE/PE model (Dou et al.,
2020). In a recent study, Klein et al. (2025) uses an ABM to ‘agentize’ a CGE model assessing the robustness of
the equilibrium model’s results under varying household heterogeneity. Three examples of coupling ABM with
macro models, like CGE and Integrated Assessment Models (IAM), for cross-scale climate policy analysis have
been recently discussed by Filatova et al. (2025).

Both, ABMs and CGE/PE models have been linked to other modeling types. ABMs have been linked to large-
scale emissions models (Robinson et al., 2018) and to system dynamic models (Liu et al., 2020). In addition to
linking models, there are also ABMs that directly incorporate local markets, e.g., land markets (Magliocca et al.,



A. Schmidt et al. (2026) Socio-Environmental Systems Modelling, 8, 18872, doi:10.18174/sesmo0.18872

2011). CGE models have been linked with bottom-up models for energy system optimization (e.g. Krook-Riekkola
et al., 2017) and to models that capture innovation adoption (e.g., Lee et al., 2022). They have also been used
with microsimulation models to evaluate the effects of heterogeneity on labor markets, food security, trade
agreements and energy demand (e.g., Zhang et al., 2022; Boulanger et al., 2022; Akgul et al., 2016; Campagnolo
& Cian, 2022). CGE models have been linked with PE models to assess regional economic impacts and
international spillover of regional policies (e.g., Britz & Hertel, 2011).

Despite these efforts, the potential of linking ABMs with models that allow to simulate market feedback, such
as CGEs or PEs remains underexplored. This paper contributes to the literature by reflecting on the benefits,
challenges, and limitations of linking ABMs with CGE or PE models. It provides a holistic assessment of the
complexities involved and outlines a conceptual roadmap for linking these models to assess complex processes,
such as land-use change or climate change adaptation. The paper does not propose new mathematical model
formulation but provides guidance on pathways to make the linking between ABMs and CGE/PE models more
feasible and beneficial. This is particularly timely given recent advances in computational techniques, including
artificial intelligence, as well as enhanced data integration frameworks that offer new opportunities for ABM-
CGE/PE model linking.

In the remainder of this paper, we first outline our methodological approach, which combines a literature
review, expert workshops and insights from successful and not yet successful attempts at model linking,
acknowledging the limited literature available. We then describe the key characteristics of the two modeling
concepts. In the results, we present and discuss when model linking is promising or rather challenging. Finally,
we present a roadmap for future projects linking the two modeling approaches with a focus on land-use
modeling in European countries while noting that several aspects may also be relevant in other contexts.

2. Methods

A literature review was conducted using the following keywords: “partial equilibrium”, “computable general
equilibrium”, and “agent-based” on Scopus and Bielefeld Academic Search Engine (BASE). We then organized a
dedicated workshop to examine the key challenges and opportunities associated with linking these two
modeling concepts. Invitations were extended to researchers with demonstrated expertise in linking ABMs and
CGE/PE models. Furthermore, researchers from the AGRIMODELS cluster working with CGE/PE models or ABM
were also invited. The AGRIMODELS cluster aims to combine different models from ABM and CGE/PE models to
better evaluate agricultural policies (see Supplementary Material C). Prior to the workshop, 24 people
completed an online survey about their experience with the models, the challenges they perceived, and possible
solutions (see Supplementary Material A). The survey responses were then used to define the thematic focus of
the workshop sessions.

In May 2022, we held a hybrid workshop. It began with 22 participants, 77% also took part in the questionnaire,
to examine the challenges of linking ABM with CGE/PE models. The workshop opened with introductory
presentations by AGRIMODELS researchers on existing experiences and ideas for linking CGE models and ABMs
and an input from the CGE-ABM example (see Supplementary Material B.1). This was followed by four rounds
of parallel sessions during which participants selected topics based on their expertise. These discussions led to
the identification of six key challenge areas and clarified the purpose and suitable contexts for linking the two
modeling concepts. These challenges were first formulated in self-selected small groups and then refined
through plenary discussions. A subgroup of the workshop participants subsequently developed a roadmap and
recommendations for linking CGE/PE models with ABMs.

3. Overview of the two model concepts

ABMs and CGE/PE models differ significantly in their conceptual foundations and modeling priorities, while
providing complementary perspectives on economic and system-level dynamics. They typically span distinct
scales and resolutions. In this chapter, we provide some background to each model concept.
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3.1 Agent-based models

Agent-based models simulate complex systems by starting from the “bottom up” (e.g., Brown et al., 2016). They
focus on the actions and interactions of individual agents - such as people, farms, or institutions - each has its
own goals and behaviors (e.g., Axtell & Doyne Farmer, 2025). Unlike models that assume uniform or
representative behavior across a system, ABMs allow for diversity among agents and do not rely on predefined
system-wide rules (e.g., Groeneveld et al., 2017). This flexibility makes ABMs well suited for exploring specific
research questions, especially when systems are complex and outcomes are difficult to predict (e.g., Huber et
al. 2018, Kremmydas et al., 2018). By modeling decisions and interactions at the individual level, ABMs can
capture nonlinear dynamics and unexpected patterns (e.g., An et al., 2023).

One of the key strengths of ABMs is their ability to simulate emergent phenomena (e.g., Helbing 2012). This
means that they can show how large-scale patterns, such as changes in land cover, emerge from many small-
scale land-use decisions, without making assumptions about the behavior of the entire system (e.g., Arneth et
al., 2014). This makes them particularly useful for studying land-use systems, which are examples of complex
adaptive systems, and for understanding how land-use decisions affect regional development, environmental
outcomes, or spatial markets (e.g., Mohring et al., 2016; Troost et al., 2023; Happe et al., 2006).

ABMs have been applied at various spatial, temporal and institutional levels. These range from local studies
(e.g., Huber et al., 2022), to regional levels (e.g., Pitson et al., 2020), to continental levels (such as CRAFTY, see
Brown et al., 2017; Millington et al., 2021). Some models focus on individual agents (e.g., Appel & Balmann,
2019), others use heterogenous archetypal agents (e.g., Grét-Regamey et al., 2019), and still others include
organizations or institutions (e.g., Ge et al., 2021). In land-use research, ABMs have been used to study topics
such as diffusion of new technologies (e.g., Coronese et al., 2023), the impact of new policies on biodiversity
(e.g., Nilsson et al., 2019), climate impacts (e.g., Kreft et al., 2023), nitrogen surpluses (e.g., Schmidt et al., 2021),
or the role of social networks in promoting sustainable agricultural practices (e.g., Nilsson et al., 2019).

3.2 General and partial equilibrium models

CGE/PE models are based on microeconomic theory, assuming profit-maximizing producers and utility-
maximizing consumers under flexible, endogenous prices arising from market-clearing conditions (Jafari &
Othman, 2016). These models represent all transactions between producers, consumers, and the government
in a whole economy (CGE models) or a single sector (PE models) and commonly include bilateral trade flows.
Land isone of the primary production factors that might be considered next to labor and capital. Foran overview
of existing CGE and PE models simulating land use see Moallemi et al. (2025).

PE models are typically preferred for disaggregated outcomes and are computationally less expensive. PE
models allow analysts to depict land use in greater detail and to consider land markets (Michetti, 2012). PE
models usually refer to physical units and are therefore often linked with biophysical models (Jafari & Othman,
2016). A frequently applied model in the agricultural sector to analyze international agricultural markets and
policies is the CAPRI (Common Agricultural Policy Regionalized Impact) model (Gocht & Witzke, 2023). Similarly,
the AGMEMOD and FAPRI (Food and Agricultural Policy Research Institute) models are applied for this purpose.
Examples of PE model applications in the agricultural sector are the effects of CAP reform on farm income (e.g.,
Gocht et al., 2013), climate policies in the agricultural sector (e.g., Gocht et al., 2017), the impact of carbon
pricing (e.g., Stepanyan et al., 2023), and carbon taxes (e.g., Jansson et al., 2023).

At the cost of sectoral detail, CGE models can represent economy-wide interactions and encompass both direct
and indirect economy-wide multiplier effects induced by policy changes. For instance, biofuel production
connects various sectors of the economy through intermediate input and factor markets, as well as different
regions through international trade (Calzadilla et al., 2014; Heimann et al., 2023; Argueyrolles et al., 2025).
Further, CGE models have been used to study food loss orinsecurity, biodiversity, and climate change in relation
to land-use change (e.g., Calzadilla et al., 2010; Moore et al., 2017; Philippidis et al., 2019; Zabel et al., 2019).

In the literature, several linking approaches between PE and CGE models exist (see Delzeit et al. 2020 for an
overview) to inform the PE model about factor market changes (e.g., Britz & Hertel, 2011) and the CGE model
about farm or product level change from external shocks such as climate change that might have economy-wide
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impacts. Challenges for linking CGE with PE models are the different units and representations of concepts,
distinct software, and aligning of the baselines (Delzeit et al., 2020). Nevertheless, linking two equilibrium
models is conceptually more straightforward than linking an equilibrium model with ABM since they are based
on compatible economic theory.

4. Results

In the results section, we present our analysis of the purpose and usefulness of model linking and the main
challenges of linking the two modeling concepts. The results draw on the workshop, follow-up discussions, and
relevant literature.

4.1 What is the purpose of linking?

In the literature, the following purposes of linking ABM with CGE/PE model can be found:
e Bridging the gap between local and telecoupled impacts of policies (Millington et al., 2017).
e Simulating drivers and impacts across scales (Miiller et al., 2020).

e Representing behavioral change through mechanisms such as social learning, innovation diffusion, or
specialization of farms (Niamir et al., 2020).

e Enabling heterogeneous and spatially explicit responses to global market feedback (Babatunde et al.,
2017).

e Facilitating feedback loops across different scales to improve understanding of complex systems, such
as land-use decisions involving both private and public actors (Lippe et al., 2019; Niamir et al., 2020).

During the workshop, participants stressed that linking should be motivated by research questions.

Strengths of CGE/PE models Opportunities for ABM-CGE/PE model Strengths of ABMs

*  Modelling market feedback linking *  Flexibility in modelling alternative

* Quantification of direct and Local and tele-coupled interactions decisions, e.g. boundedly rational
indirect effects (including sectors) Simulate drivers and impacts across scales behavior.

* Telecoupled-links  of land-use * Capturing heterogenous decision making, * Heterogeneity in attributes and
change while maintaining consistency on higher decision strategies
+ Representation of bilateral trade level » Explicit social interactions and
flows between regions (and * Consider market feedback of emergent learning
sectors) actions ) )  Tracing of paths outside equilibria,
 Calibration to existing data : Slmu!ate behavioral change due to social including  bifurcations,  path
learning dependencies and  structural

Enhance model calibration changes between agents

Weakness of CGE/PE models ABM-CGE/PE model linking Weakness of ABMs
* Strictly rational behavior * Often high data, modelling and
¢ Homogeneous response across Risks for ABM-CGE/PE model linking computing requirements

sectors  Creation of an integronster (Voinov et al. *+ Limited ability to represent
* Few technological details 2013) feedback from regions/sectors not
* The general behavioral rules (or « Promotion of uncertainties about the represented by agents

objective functions) remain the models (Millington et al. 2017)

same throughout the simulation. » High demand for human, financial and

(no behavioral change) computational resources

* Costs of integration may exceed benefits

Figure 1: Strengths and weaknesses of general/partial equilibrium (CGE/PE) models and agent-based models (ABMs) and
opportunities and risks for linking the two distinct concepts.

For ABM modelers, the purpose of linking to a CGE/PE model is to incorporate aspects such as responses from
global markets, cross-sectoral responses, or telecoupling into their analysis.

For CGE/PE modelers, the aim is to model alternative or heterogeneous decision-making, to capture emerging
structural phenomena such as changing behavior due to social learning, or to receive a spatially explicit response
on land use. The participants concluded that the representation of alternative decision making could
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substantially change the outcome of the model. The purpose of linking is therefore to exploit the respective
strengths of the two models (see Figure 1 for a comparison).

4.2 When does linking make sense?

During the workshop, participants emphasized the importance of clearly articulating the specific circumstances
in which model linking provides added value over standalone approaches. In this context, two key conditions
were identified.

First, the issue being investigated must be characterized by relevant impacts that are heterogeneous and extend
beyond the spatial location or sectors being researched. Second, it is expected that the results or inputs will
include emergent properties, such as extremes, that cannot be captured by CGE/PE models. Simultaneously,
emergent properties can cause impacts beyond the spatial boundaries of the model.

When analyzing land-use change, linking may be advantageous compared to using a standalone ABM if the land -
use decision analyzed by the ABM affects land-use decisions elsewhere, for example, through global crop
markets. However, the participants do not consider linking to be beneficial if the research question focuses on
a specific regional and sectoral scale with no implications for other sectors or regions. Linking with an ABM may
also be useful for CGE/PE models in cases where the representative farmer does not behave as a profit
maximiser. This would allow for information on reactions toward policy measures simulated with an ABM to be
mimicked with a CGE/PE model. For instance, from ABM, if most farmers adopt an agri-environmental measure
even though it is not the most profitable decision, the more realistic adoption behavior regarding this measure
could be represented in a CGE/PE through appropriate parameterization. This would also help if production
sectors or households were very heterogeneous, and this heterogeneity was relevant for the aggregate
outcome.

Further, the participants discussed that the combination of CGE/PE models and ABM is particularly effective in
enhancingthe representation of land-use change, especially in cases where there are relations of environmental
impacts via trade (e.g., feed imports), as well as bifurcation processes resulting from specialization, behavioral
changes (e.g., innovation diffusion or boundedly rational behaviorin space), market and social interactions (e.g.,
social learning), or opt-outs. The dynamics induced by behavioral factors can inform CGE/PE models regarding
changes in elasticities in sequential simulations across multiple time periods.

4.3 Challenges for linking ABM with CGE/PE models

We identified the challenges of model linking using the questionnaire responses from workshop participants,
existing examples (see Supplementary Material B for an overview), and conceptual insights from the
AGRIMODELS cluster (see Supplementary Material C). Below, we present the results for the six key challenges
identified: conceptual alignment, differences in scale and resolution, calibration and validation, complexity in
results interpretation, high computational demand and limited resources. However, our analysis showed that
the challenges associated with linking ABMs and CGE/PE models are often interdependent and should not be
addressed in isolation (see also Section 6).

4.3.1. Challenge 1: Conceptual alignment

Linking CGE/PE models with ABM faces several conceptual challenges. CGE/PE models solve for market
equilibria, whereas ABMs generate macro-level outcomes from bottom-up behavioral dynamics, potentially
leading to a linked model that cannot converge to a stable solution. Both approaches also incorporate path-
dependence, where outcomes are strongly influenced by historical conditions or model initialization. Berger and
Troost (2014) discuss this in the context of climate adaptation in agriculture, and Muller et al. (2020) in the
context of food security. However, path dependence may not be straightforward when the models are
combined, because their initialization procedures and temporal dynamics differ.

The two model concepts also differ in their assumptions about behavior. CGE/PE models draw on rational
behavior, whereas ABMs allow for a broader range of behavioral factors (Farmer & Foley, 2009) including self-
organizing processes, bounded rationality, learning, and memory effects (Nolan et al., 2009).
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Workshop discussions highlighted that policy shocks or stochastic processes in ABMs can lead farmers’ price
responses to diverge from equilibrium conditions. For example, price signals transferred from a CGE/PE model
to an ABM may trigger production decisions that differ from the assumptions underlying the equilibrium model
including a consistent social accounting matrix. When these adjusted production levels are then fed back into
the equilibrium model, they may no longer align with the initial equilibrium solution. This iterative feedback can
introduce substantial uncertainty, propagate errors, and create oscillating (“seesaw”) model outputs. As a result,
the linked system may lose its effectiveness as an integrated tool, leading to what Voinov and Shugart (2013)
refer to as “integronsters.” In the BESTMAP example (see Supplementary Material C.1), the models could not
be linked because the ABM assumed constant shadow prices across different adoption schemes, which could
not reflect responses from the CGE model.

In ABMs, agents display heterogeneous behavior arising from differences in resource endowments, initial
conditions, and behavioral rules, which can generate endogenous synergies, trade-offs, or conflicts. While
aggregation is possible, workshop participants noted that these heterogeneous effects may not be sufficiently
represented in aggregate CGE/PE models, potentially leading to biased results or requiring extensive calibration.
This may also obscure emergent properties, such as regime shifts, when results are scaled up (See chapter
4.3.2)).

Finally, ABMs can also represent irreversible decisions (Mdiller et al., 2020). In land-use modeling, CGE/PE models
typically do not account for irreversible developments such as specializations that reduce a farmer’s supply price
elasticity or lead to farm exit.

4.3.2. Challenge 2: Different scale and resolution

The spatial, temporal, and organizational dimensions of ABMs and CGE/PE models must be aligned to enable
meaningful data exchange. A comprehensive overview of these dimensions is provided in Dressler et al. (2022).
Table 1 summarizes the key characteristics of these three dimensions in CGE/PE models and ABMs.

Table 1: Resolution and scale of CGE/PE models vs. ABMs.

Scale Dimension CGE/PE ABM
Resolution Spatial From supranational to country, to Inland-use/farming contextat parcelor
subnational regions, with PE becoming farm level.
more prominent as resolution increases.
Temporal CGE: Generally yearly when recursive. Typically, the frequency is annual;

Sometimes quarterly. In the case of a
comparative static model, the time
horizon of the model responses may cover
several years.

PE: comparative static / recursive dynamic
/ fully dynamic.

however, it is adaptable to the specific
model under consideration.

Organizational

CGE/PE models: From representative
agent (aggregated firm, household, and
government), regionally differentiated to
heterogeneous firms or household types.

Decision makers, households, firms or
institutions, in land-use context mostly
individual farms.

Individual (farm) agents, aggregated
agents (agent types).

Extent Spatial CGE/PE  model: global or national Often case-study based, e.g. NUTS
(sometimes regional). (Nomenclature of Territorial Units for
Statistics) 2 or NUTS 3, catchments,
organizational units such as
districts/regions.
Temporal For agricultural studies, from the base Short-term (‘Alternative Now’, i.e. one

year (i.e., past or current year), usually
until 2030, but sometimes up to 2100.

time step), medium-term (e.g. one CAP-
period) or long term (e.g. 50 years).

Organizational

CGE: All
households.

government, firms, and

PE: agricultural firms and households.

All farmers of the case study/region.
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To approach common scales, it is important to increase the resolution of the CGE/PE model and/or the extent
of the ABM model. However, increasing the extent of an ABM in any of the dimensions would require more
data, which is often unavailable (Millington et al., 2017). Approaches such as synthetic landscapes (Uthes &
Kiesel, 2020) or synthetic farm populations (Pahmeyer et al., 2021) can overcome data protection issues for the
spatial dimension. However, these approaches can be computationally costly (see section 4.3.5.) and may be
less accurate than using the original data. Similarly, agent typologies (e.g. Ameth et al., 2014; Rounsevell et al.,
2012) could be used to support the ABM in achieving the necessary scale of a CGE model while reducing the
heterogeneity between agents in the model. Experience with these approaches to address the gap between the
scales is still limited. In the example of ABM-CGE linking (see Supplementary Material B.1), data upscaling often
requires more data than is available.

On the CGE side, specialized models have been developed to improve the resolution of each identified
dimension. For instance, GTAP-HET (Global Trade Analysis Project —Heterogeneity; Akgul et al., 2016) allows for
firm heterogeneity based on productivity differences, while regional CGE models allow to analyze the impact of
policy at the sub-national level (Ghaith et al., 2021). However, these improvements can have high data
requirements (Giesecke & Madden, 2013) and involve computational difficulties like numerical stability (Jafari
& Britz, 2018). As a result, efforts to expand the resolution of a model often come at the expense of reducing its
extent in another dimension.

4.3.3. Challenge 3: Calibration and validation of linked models

A linked ABM-CGE model must be useful for policy making (Grimm et al., 2020). To ensure that the model is
trustworthy, developers should follow established “best practices” in model development. There are three key
concepts for validation and calibration: documentation, robustness checks, and adequate validation.

Documentation is an important first step. Any model must be fully documented including detailed technical
explanations that would enable other researchers to replicate the simulations and to adhere to the FAIR
(findable, accessible, interoperable and reusable) principles (see Miiller et al., 2014; Zhang & Robinson, 2021).
It must be clear how the model parameters are chosen (Troost et al., 2023). Good documentation builds
confidence in the model, especially when there is a soft linking between the models.

The level at which the models are linked must be clearly defined, as ABMs and CGE/PE models often operate at
different scales (see section 4.3.2). Combining them requires careful alignment of information across these
scales (Belete et al., 2019; Lippe et al., 2019; Voinov & Shugart, 2013). This includes both a conceptual
explanation and a technical description of how the models are connected, especially when there is a “hard
coded” interaction between the models. This level of detail is also necessary for adequately validating the
combined model (e.g., Lippe et al., 2019).

Another aspect is the robustness of the models. Both ABMs and CGE/PE models use many parameters, which
can introduce a high level of uncertainty. This uncertainty can come from multiple sources, such as the input
data, the assumptions about agent behavior, or even the model structure itself (Uusitalo et al., 2015; Warmink
et al., 2010). When models are linked together, these uncertainties may propagate. Therefore, it is necessary to
carefully understand and document these uncertainties (Millington et al., 2017).

The third key aspect is the adequate validation of the models to ensure a senseful model. This means that the
modeling assumptions underlying the conclusions drawn from the simulation analyses must be systematically
examined and supported within the specific context in which the model is applied (see Troost et al., 2023). This
includes assessing whether the model’s results and conclusions are generalizable beyond the scope of the
model. For ABMs, this can be particularly challenging. If agent behavior is based on data that does not
adequately represent the real-world population, the outcomes can be biased (Troost et al., 2023).

Thus, building and linking ABMs with CGE/PE models is an iterative process that requires careful planning and
transparency. Specific challenges include thorough documentation of the models, robustness checks, and
adequate validation of results - essential steps to ensure that the final model is both credible and useful. The
necessary work involved can be prohibitive for linking projects (e.g. MINDSTEP Supplementary Material C.2).
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4.3.4. Challenge 4: Complexity of results interpretation & communication

Workshop participants agreed that the interpretation and communication of results from the two linked models
can be challenging. The interpretation of results requires a proper understanding of the model outcomes. The
analysis of model output in CGE/PE models is typically based on neoclassical equilibrium theory (Argueyrolles,
2025), while ABMs do not presume an equilibrium implicitly (Huber et al., 2018) (see section 4.3.1.). ABMs'
emergent properties and stochastic processes can generate outcomes that are difficult to comprehend due to
large amounts of data and require alternative forms of presentations (Lee et al., 2015).

Different terminology (see Box 1), coding standards (see section 4.3.5.), and data sources in the distinct modeling
communities complicate the interpretation of the results. In addition, the two modeling communities meet at
different conferences which reduces exchange. There are no established documentation standards for CGE/PE
models.

Box 1: Differences in terminology.

Specific ABM terminology

Specific CGE terminology

Agent: an individual decision-maker, often with
unique (heterogeneous across the population of

Agent: an aggregate economic actor that embodies the
behaviors of a larger group (e.g., households, firms).

agents) characteristics, not just with respect to
income and demographics but also behavior
(diverse preferences, perceptions, social network
contacts).

Macro models: Models that operate on a global
scale depicting the whole economy including CGE
models.

Macro models: Models built on macroeconomic theory,
focusing on variables like inflation and employment.
Instead, CGE models are grounded in microeconomic
theory, modeling the behavior of agents and market
interactions at a disaggregated level.

Dynamic behavior: behavioral rules of action and Recursive dynamic behavior: considering time as discrete
interactions evolve over time as agents learn and steps rather than a continuum, where every time step’s
adapt. conditions are based on the previous timestep.

Finally, results need to be translated to the stakeholders to help them understand the corresponding model
response to policy scenarios. Stakeholders could help improve the selection, communication, and use of
information by providing different perspectives (Meuwissen et al., 2019; Voinov & Bousquet, 2010). The
workshop participants think that this is specifically challenging in ABM-CGE/PE model linking as it requires
communicating the model linking transparently to non-modelers and not overpromising the validity of results
to stakeholders. Communication with policymakers requires the use of RACER (relevant, accepted, credible,
easy, and robust) indicators that are linked to policy goals and provide information on potential trade-offs and
synergies (European Commission, 2018). It is important to present the model and its limitations clearly and
concisely (European Commission, 2018). However, trust will build upon a sequence of applications with
understandable and useful results for the policy maker. In the SWISSland case (see Supplementary Material B.2),
stakeholders first needed to understand which questions were suitable for the model and which, while logically
possible, could not be answered.

4.3.5. Challenge 5: High demand for computational infrastructure and computational costs

Linking ABMs with CGE/PE models also presents computational challenges. ABMs need large computational
resources due to large populations of heterogeneous agents (Lee et al., 2015). While high-performance
computing (HPC) and parallel processing can speed up, these solutions may be limited (Gruji¢ et al., 2022; Tang
et al.,, 2011). CGE and PE models, which rely on solving systems of equations simultaneously to reach equilibrium,
require numerous iterations to converge, that cannot be parallelized (Burfisher, 2021). Challenges relating to
high computational costs were reported in ARULUNZ (see Supplementary Material B.2).

Beyond computational demands, the infrastructure for linking these models introduces risks of error due to the
volume and complexity of data exchanged between them. Similar outputs potentially cause model
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inconsistencies when calculated differently (see section 4.3.1.). The workshop participants concluded that these
differences can be subtle and difficult to detect, yet they may significantly impact the robustness of integrated
results.

Furthermore, input data often originates from diverse sources with varying definitions, aggregation levels, and
temporal or spatial resolutions (Belete et al., 2019). Delzeit et al. (2020) provide an extensive analysis of the
resulting inconsistencies. In some cases, the required data may not exist in adequate quality or resolution for
either model, further complicating the process of linking (see section 4.3.2.). The workload required for the
technical implementation of an interface can be considerable, as demonstrated by the MINDstep project (see
Supplementary Material C.2).

4.3.6. Challenge 6: Limited personnel and financial resources

During the workshop, it became clear that for an ABM-CGE/PE linking projects to be viable, they require
adequate time, financial support, skilled personnel, and infrastructure. Although adequate resources might also
be a solution, sufficient resources are not currently ensured by the funding schemes and employment
procedures in academia. Different projects have demonstrated that this is a key limiting factor in the
development of the linked model, for example in MINDSTEP and AGRICORE (see Supplementary Material C.2 &
C.3).

While contributing to such modeling projects offers substantial value to the broader research community, the
individuals directly involved may not receive adequate recognition. It may even be a disadvantage as it may
reduce their publication output, as noted by Bangerth and Heister (2014).

Sustaining model linking requires adequate funding and a long-term perspective, particularly as such efforts
often receive limited academic recognition. Yet, financial support for the development, maintenance, and long-
term operation of linked models remains scarce, as demonstrated by the existing CGE—-ABM example (see
Supplementary Material B.1) and the MINDSTEP project (see Supplementary Material C.2). Existing funding
schemes usually prioritize model setup over the ongoing support and maintenance necessary for durable
linkings.

While ABM codes are increasingly made available publicly, they are rarely maintained beyond initial release
(Finger et al., 2024; Hasselbring et al., 2019). CGE model codes, on the other hand, are shared less frequently
(exceptions are e.g., CGE Box, see Britz & van der Mensbrugghe, 2018, or GTAP, see Corong et al., 2017). Yet,
CGE models often enjoy a higher level of institutional and policy trust. Thus, the mere availability of model code
does not automatically lead to greater trust or uptake.

A shortage of expertise can also limit the usability and uptake by other researchers (see Anzt et al., 2020), as
knowledge on creating, maintaining, and supporting linked models is often limited to a single person or a small
group (see example in Supplementary Material B.2).

Finally, the supporting infrastructure constitutes an additional layer of complexity. Collaboration between
institutions can be challenging due to legal constraints, bureaucratic processes, and traditional funding and
budgeting in academia, which may result in a lack of cross-organizational infrastructure. Additionally, cloud
infrastructure providers and their pricing models may not align with current academic funding frameworks due
to compliance issues (Anzt et al. 2020).

5. Discussion: A roadmap to advance ABM-CGE/PE linking efforts

The identified challenges presented areas for action to facilitate the linking of models and ensure their value for
assessing policy impacts. After the workshop, we developed a roadmap outlining the steps required to advance
efforts in linking ABM-CGE/PE models that would allow for effective and robust policy recommendations.

The roadmap involves several key actor groups, including the respective scientific communities, modelers from
both concepts, funding agencies, and stakeholders who utilize model outputs, such as policymakers and public
administrations. The main actions include: fostering communication between modeling communities e.g.,
through the establishment of an exchange platform; clearly demonstrating the benefits of model linking;
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conducting model intercomparisons; developing standardized documentation; and enhancing collaboration
with policy stakeholders in defining research questions and communicating results as well as funding agencies
for a long-term establishment of resources. Our roadmap (see Figure 2) integrates these actions into four
sequential steps, prerequisites, preparation, model actions, and results communication. In the following, these
steps are discussed in more detail.

1. Prerequisites: Improving communication between different modeling communities is essential. Currently,
only a few research groups have expertise in both model types. Therefore, exchanging knowledge and ideas on
concepts, data generation, modeling platforms, and model documentation is vital. In particular, developing a
common procedure for model validation represents an important prerequisite for successfully linking the two
concepts. Moreover, substantial additional and systematic work is needed to improve the understanding of
when linking is useful and how to build an appropriate basis for it. This can be achieved by modelers clearly
demonstrating the benefits of model linking. Another important prerequisite is the expansion of evaluation
criteria for scientific work, as advocated by the San Francisco Declaration on Research Assessment (SF DORA),
which calls for a broader recognition of research outputs. Endorsed by numerous international funding
organizations, the declaration encourages institutions to value contributions such as software, code, and
datasets alongside peer-reviewed publications (see Anzt et al., 2020). Funding agencies can further support this
by promoting and sustaining modeling environments over the long term. Moreover, integrating modeling
education into university curricula could help to ensure well-equipped personnel.

2. Preparation: Model intercomparisons aimed at identifying parallels and differences in conceptualization
represent an important preparatory step for linking the two modeling concepts. This process also involves
defining which data is exchanged between models and how these data influence the receiving model, as
illustrated by the BESTMAP example (see Supplementary Material C.1). Appropriate indicators are needed to
assess which models are suitable for linking. For instance, an ABM should incorporate price dynamics to
adequately respond to inputs from a CGE or PE model. Linking models can be particularly suitable when market
equilibrium assumptions are empirically supported but transient dynamics are the primary focus.

In other cases, model simplification before linking them might be an alternative approach e.g., by using more
aggregated information in the ABM. This could make the linking less prone to uncertainty and inconsistency,
and require fewer resources. Ultimately, the specific contributions of each model type to addressing the
research question must be clearly defined from the start to avoid costly misalignments that could reduce the
benefits of model linking.

As data availability is one of the key issues, research on synthetic populations and upscaling or disaggregation
mechanisms is needed to understand their potential and challenges. Uncertainty should be well understood as
it affects how results are interpreted and how confidently they can be used for decision-making. Different types
of uncertainty, such as uncertain data inputs, assumptions about behavior, and structural differences between
the models, must be identified and assessed. Sensitivity analysis identifies which model components have the
greatest impact on results to simplify models without sacrificing essential detail (Zadeh et al., 2017). For this
process to be effective, the ABM and the CGE/PE models must adhere to the same standards for conducting
sensitivity analysis. This could then form the basis for calibration of the models before linking.

It would also be important to establish a standard for model documentation, such as the ODD protocol for ABMs
(Grimm et al., 2020), to facilitate model comparison exercises and ensure transparency of model assumptions
(Belete et al., 2019). Such documentation should include the scope of each model, its design, the results of
previous calibration efforts, and a detailed explanation of how the two models are linked (Grimm et al., 2014).

Finally, the development and reuse of a linked ABM-CGE/PE model will use more resources than a usual research
call. Either some of the involved researchers need to have long-term contracts funded by e.g., a governmental
research institute, or research tenders should be targeted for long term projects (one example is the Swiss
SWEET program, which offers the opportunity to work on specific energy-related topics with long-term 8-year
long research consortia). Additionally, international standards in funding bodies could ease the collaboration
between researchers.
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Figure 2: Different steps to overcome challenges for linking CGE/PE models with ABMs.
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3. Model action: To choose the two models to be linked, it is important to consider the features, resolution, and
extent of the models being linked, as some ABMs or CGE/PE models may be more suitable than others. For
example, not all ABMs include price changes in decision-making, which is necessary for linking with CGE/PE
models. Also, whether the more detailed PE model can be used as an intermediate model to link ABM with CGE
needs to be evaluated. A forum could be constituted to facilitate and advance such discussion. With regards to
scale, specialized CGE models with a finer resolution may be more suitable for linking with ABMs. Also, PE models
might have a smaller, but more fitting extent facilitating the linking. All approaches come with additional cost
regarding accuracy, data efforts, and computational power.

To establish a link, a common platform that coordinates the exchange between the two modeling concepts could
be developed, along with joint calibration procedures. The platform could facilitate data exchange,
documentation, and version control, while aligning structural, spatial and temporal model components. The
platform could provide standardized application programming interface (APl), common data formats, and tools
for resolving discrepancies in aggregation, definitions, and resolution. It should also support high-performance
computing to manage the computational demands of large-scale simulations. This will require efficient
collaboration between modeling groups and experts from different fields (Horridge & Pearson, 2011; Kravari &
Bassiliades, 2015). Taheripour et al. (2020) discuss solutions for maintaining physical balances in CGE models,
including how to deal with land, while frameworks like Open Modelling Interface (OpenMI) or Modular
Modelling System (MMS) offer partial solutions, adapting them to the specific needs of ABM-CGE/PE linking,
such as maintaining agent-level detail and system-wide equilibrium. As highlighted by Horridge and Pearson
(2011) and Kravari and Bassiliades (2015), interdisciplinary cooperation is key to building a consistent, scalable,
and interpretable integration environment.

4. Results communication: In the last step, stakeholders should also contribute to the evaluation of the model
(Heckbert et al., 2010). It is important to communicate model limitations, as linked ABM-CGE/PE models could
be considered overly potent. Stakeholders should be integrated into all modeling steps and informed about the
uncertainties associated with model parameters. In addition, researchers should lobby for unified data
protection laws for research purposes to allow access to better data and to clarify the situation about the use of
Farm Accountancy Data Network (FADN) and census data for generating synthetic populations (Wimmer &
Finger, 2023).

6. Conclusion

Linking CGE/PE models with ABMs can be valuable in assessing land-use-related, complex impacts of global
developments such as climate change, biodiversity loss, or new trade regimes. The linking may enhance the
assessment toolbox for the analysis of cross-scale impacts from global market feedback, the equity implications
of policies, and the dynamics of land-use transitions.

We outline six interrelated challenges for linking CGE/PE models with ABMs to improve policy impact models
concerning land use. Linking the two model types requires long-term collaboration among various experts,
adherence to common model documentation standards, and clearly formulated research questions that enable
the targeted development towards a beneficial model linking exercise. These activities require an intensive
exchange between the two model communities to foster a common understanding of the different concepts.

Effective collaboration requires a clear understanding of the uncertainties inherent in the models involved, as
well as the development of common procedures to address the propagation of uncertainty. Additionally,
resources must be aligned to enable model linking and enable the setup of a platform that provides the
necessary transparency for developing models, model links, and communication of model results. Conceptual
alignment, or the development of conceptually sound interfaces, seems crucial to advancing the benefits of
linking ABM with CGE/PE models.

Research on upscaling of regional results and the generation and implications of synthetic agent populations
deserves close attention to be put in use for model linking. In addition, model intercomparisons based on
suitable indicators can facilitate the identification of relevant models for linking purposes. For an appropriate
development of human resources in model linking, sufficient long-term funding and career paths for scientists
involved in model development, that do not solely focus on peer-reviewed publications, are needed. Modelers
should advocate for more sensible and unified data protection laws to support the integration and repeated use
of existing data in complex modelling exercises.
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In conclusion, extensive research and development is still required to render the linking of ABMs and CGE/PE
models more feasible and beneficial. If targeted and well done this linking may contribute to more thoroughly
and effectively evaluating policy impacts in the context of global and local land-use change.
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