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EC Summary Requirements 
1. Changes with respect to the DoA 
No changes with respect to the work described in the DoA.  

 

2. Dissemination and uptake 
This deliverable develops and demonstrates a model linking checklist, meant for facilitating decision-making when 
model linking is considered. It can be used both within the context of the project’s studies to make the model 
linking more robust, and more broadly available by the energy- and climate-economy modelling community. 

 

3. Short summary of results (<250 words) 
Over the years, energy-system models (ESMs) and integrated assessment models (IAMs) have become 
indispensable for evaluating our progress toward climate targets, crafting pathways that align with specific goals, 
and judging the impact of various mitigation strategies. As the urgency of the climate crisis has grown, so too 
has the need to encompass a broader range of sectors and the interactions between them. However, expanding 
a model’s boundaries often adds layers of complexity. To address this without overwhelming individual models, 
researchers frequently link established models together, allowing cross-system dynamics to emerge organically 
through those connections. Connecting models not only broadens the analytical scope but also deepens detail in 
particular sectors while preserving the overall systemic context. Despite its widespread use, model linking presents 
numerous challenges—arising from differing assumptions, structures, data formats, and temporal or spatial 
scales—that are seldom explored in depth within published studies. In this deliverable, we first discuss four key 
problems that are central to most model linking activities, then develop a general “checklist” to be used when 
considering model linking. We finally demonstrate the use of the checklist for a study carried out in the IAM 
COMPACT project.  
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Preface 
IAM COMPACT supports the assessment of global climate goals, progress, and feasibility space, and the design 
of the next round of Nationally Determined Contributions (NDCs) and policy planning beyond 2030 for major 
emitters and non-high-income countries. It uses a diverse ensemble of models, tools, and insights from social 
and political sciences and operations research, integrating bodies of knowledge to co-create the research process 
and enhance transparency, robustness, and policy relevance. It explores the role of structural changes in major 
emitting sectors and of political, behaviour, and social aspects in mitigation, quantifies factors promoting or 
hindering climate neutrality, and accounts for extreme scenarios, to deliver a range of global and national 
pathways that are environmentally effective, viable, feasible, and desirable. In doing so, it fully accounts for 
COVID-19 impacts and recovery strategies and aligns climate action with broader sustainability goals, while 
developing technical capacity and promoting ownership in non-high-income countries. 
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Executive Summary 
Over the years, energy-system models (ESMs) and integrated assessment models (IAMs) have become 
indispensable for evaluating our progress toward climate targets, crafting pathways that align with specific goals, 
and judging the impact of various mitigation strategies. As the urgency of the climate crisis has grown, so too 
has the need to encompass a broader range of sectors and the interactions between them. However, expanding 
a model’s boundaries often adds layers of complexity. To address this without overwhelming individual models, 
researchers frequently link established models together, allowing cross-system dynamics to emerge organically 
through those connections. 

Connecting models not only broadens the analytical scope but also deepens detail in particular sectors while 
preserving the overall systemic context. Despite its widespread use, model linking presents numerous 
challenges—arising from differing assumptions, structures, data formats, and temporal or spatial scales—that are 
seldom explored in depth within published studies. In this deliverable, we first identify four fundamental 
challenges inherent to most model-linking efforts based on literature review (Section 2). We then propose a 
comprehensive checklist (Section 2.3) to guide future linkage projects, and finally, we apply this checklist 
retrospectively to an earlier study conducted during the project (Section 3). 
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1 Introduction 
Energy-system models (ESMs) and integrated assessment models (IAMs) have been key tools for assessing the 
progress towards various climate targets, developing pathways consistent with specific goals, and assessing the 
effectiveness of specific mitigation portfolios. Their strength lies in their ability to assess system-wide, cross-
system developments, by covering the major components of climate-economy dynamics—including the energy 
system, the economy, typically an aggregate representation of the climate system, and to different extents land 
use—while reflecting the impacts of their interactions within and across the different subsystems (Nikas et al., 
2019). The models have influenced extensively decision-making at national and international level (e.g. Capros 
et al. (2016), Chiodi et al. (2015), Van Beek et al. (2020)), while also playing a central role in producing the 
scientific evidence underlying climate negotiations and underpinning the agreed targets (Shukla et al., 2022, Skea 
et al., 2021). 

The initial focus of modelling and long-term scenarios was predominantly on technical assessments of the energy 
system (Gaskins and Weyant, 1993, Häfele, 1980). In time, however, and with increasing awareness of the 
climate urgency the importance of covering more of the relevant sectors—and the interlinkages between them—
has increased (e.g. Del Granado et al. (2018), Fuhrman et al. (2023), Hasegawa et al. (2017), Mouratiadou et al. 
(2016), Soergel et al. (2021)), and so has the computational capacity to cover these sectors and interlinkages 
thereof in more detail, thereby leading to increasingly complex models. As extending the model boundaries would 
often complicate this existing complexity, a common approach to enabling broader and more detailed assessments 
is to create linkages between existing models, and to endogenise the cross-system interactions through these 
linkages (e.g. Baumstark et al. (2021), Havlík et al. (2011), Huppmann et al. (2019), Krey et al. (2020)). Some 
IAMs have, over decades, evolved from models with a limited disciplinary focus, such as energy systems, by 
linking to additional models, modules and extensions for land systems, the economy, the environment, and the 
climate system. Similarly, model linking has been used for sectoral “deep dives”—i.e., to provide greater detail 
about a subsector already covered by the larger, system-level model (e.g., Brinkerink et al. (2022))—or for 
capturing effects of climate action from a sustainability perspective (Nikas, 2024).    

As common as model linking is, however, there are no straightforward, standardised, commonly accepted 
processes to do it; in fact, fairly little attention has been paid to the details, specifications, and requirements 
associated with model linking. Individual models have been created for different purposes, often with different 
internal rationales, overlapping system boundaries, and varying variable definitions. Linking models simply by 
exchanging chosen variables between them is feasible, and thus often done, but overlooks the significant 
complexities that closer scrutiny would reveal. For example, does the parameterisation of interlinked models 
reflect similar assumptions about how exogenous factors of the future will unfold? Do the models truly overlap 
only for the variables that are being exchanged and, if not, should linking take place for all the shared variables 
for the modelling to be internally consistent–and how should one define which model should take precedence for 
a given variable? How should one link models that consider time, either for horizon or granularity, differently? If 
one model aims to find an optimal solution across the given time frame, and another myopically simulates system 
behaviour based on historical data, how should the results of the combined model be interpreted? Rarely can 
such methodological choices in model linking be defensible purely on scientific grounds, and trade-offs need to 
be accepted in practically all model linking exercises. Modellers must often make pragmatic decisions based on a 
combination of scientific principles, practical constraints, and expert judgment, but the rationale and trade-offs 
involved in this decision-making have rarely been at the centre of the model-linking exercises, nor in the 
communication thereof. Our aim in this paper is to focus the attention on the practice of model linking, to identify, 
discuss, and propose approaches for a set of key problems that should be addressed when linking models, as 
well as how these may depend on the specific models involved.  

While model linking has traditionally been mostly a pragmatic endeavour, there also exists  research focusing 
more on the model linking process itself. Some studies have discussed the issue explicitly or additionally in the 
context of the energy and economic systems (e.g. Chang et al. (2023), Del Granado et al. (2018), OECD (2024)), 
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but these papers are typically general and conceptual, without directly addressing the practical complexities of 
carrying out the actual model linking. Model linking within the environmental and earth sciences, however, has a 
much richer literature on model linking as a problem by itself. 

Verburg et al. (2016), for example, highlight model linking in the context of their broader discussion of what is 
needed for modelling the socio-ecological dynamics of the Anthropocene; although they touch upon many issues 
also discussed in this paper, such as the problem of “reconciling epistemologies”, their main focus is different: 
what should be captured, and how, to model the Anthropocene. Tan et al. (2023), in turn, explore the ways in 
which earth system models and IAMs have been linked, especially focusing on the way in which the feedbacks 
are captured across space and time. In their discussion of remaining gaps and challenges, they briefly highlight 
issues such as reconciling different spatiotemporal scales and variable definitions but do not further elaborate on 
them and associated challenges, nor suggest ways forward. Similarly, Van Vuuren et al. (2012) also discuss linking 
earth system models and IAMs, with the focus on the nature of the linkage (e.g., one-way linkage, full coupling), 
and the trade-offs the different options bring. They note some general problems that full coupling might bring, 
drawing on the specific types of models discussed in the paper, and provide some insightful advice about the 
conditions under which specific linking options may be preferable. Robinson et al. (2018), in turn, discuss human-
natural systems model coupling, with a focus on land use and the type of model links, drawing eight lessons that 
reflect the very specific examples used but are broadly applicable in any model linking activity. Several of the 
lessons are relevant also for our discussion—reflecting issues related to, e.g., spatiotemporal differences and 
system boundaries—while also providing practical advice about the way in which aspects such as data exchange 
and variable naming can be organised.  

The technical implementation of model linking, often related to linking the type of models discussed above, is 
also featured in the literature. Belete et al. (2017), for example, primarily discuss the technical and software side 
of model linking, and their take on pre-integration assessment and data interoperability provides important 
observations, e.g., about variable definitions and the purpose of the model integration. Similarly, Usher and 
Russell (2019) present a framework for integrating infrastructure models, focusing strictly on software 
implementation, and only briefly noting problems related to model linking across temporal scales.  

It is important to note that ESMs and IAMs differ from one another in various dimensions. These differences are 
highly relevant for model linking, as many of the potential complications of model linking are direct consequences 
of cross-model differences in these dimensions. For example, descriptive simulation models are typically used to 
explore system dynamics under varying parameters, while optimisation models are prescriptive and aim to 
minimise costs (or maximise welfare) under constraints, such as carbon budgets (Keppo et al., 2021). Temporal 
methodologies differ between perfect foresight models, assuming complete future knowledge until the end of the 
modelling horizon, and recursive-dynamic “myopic” models, which make sequential decisions based on current 
information at each time step (Harmsen et al., 2021). Sectoral coverage, and the level of detail available for a 
given sector, may vary considerably and so do technology choice mechanisms (e.g., van de Ven et al. (2022)). 
Moreover, the dimensions across which models may vary are so numerous, that there is a wide body of papers 
dedicated only to establishing the different ways in which the models can be categorised—see e.g. Blanco et al. 
(2022), Connolly et al. (2010), Hall and Buckley (2016), as well as Keppo et al. (2023) and the references within. 
Understanding how models differ, and in which dimensions the differences are particularly important for linking 
specific models, is highly important and the use of model typologies can assist in this process. 
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2 Linking models to analyse low carbon transitions 

2.1 Technical considerations for model linking 
Here, we will discuss three families of model linking-related technical problems, exploring the nature of the 
problem, approaches found in the literature, and possible avenues to mitigate the identified issues. 

2.1.1 Temporal and spatial scales 

Linking models that feature different spatial and temporal resolution allows the analysis of challenges at different 
geographical and governance scales. For instance, by doing so, one can extract insights into technological 
transitions that include high penetration of variable renewables, demand response mechanisms, and/or other 
flexibility options (Fattahi et al., 2020), explore distinct solution spaces and sets of uncertainties for different 
contexts (Mulugetta et al., 2022), and overall address the diversity of shortcomings associated with exercises of 
limited spatiotemporal detail in IAMs (Gambhir et al., 2019). The aim, however, may not always be to benefit 
from the difference in scale or time, but to seek other gains— e.g., in terms of sectoral/technological 
complementarities, robustness, etc.– and, in the process, find ways of integrating the tools across different spatial 
and temporal resolutions. There may also exist trade-offs between the different approaches in the literature for 
downscaling or upscaling results from one model to the other; typically, in the form of providing better consistency 
at the cost of being computationally intensive, or vice versa. 

The first order of trade-offs concerns the extent of linking (as in hard- vs. soft-linking) used for linking across 
spatial and temporal scales. For instance, Fattahi et al. (2020) suggest hard-linking ESMs with market models as 
one way to analyse the flexibility potential of cross-border trade in competition with domestic flexibility options; 
however, since market models typically use mixed-integer linear programming (MILP) to track unit commitment, 
the energy system-market model combination resulting from the hard-linking would be computationally 
unmanageable. An emerging body of literature instigates soft-linking among ESMs with different spatial and 
temporal resolutions, in which case reaching equilibrium solutions between the linked models requires iterative 
links, thereby increasing the complexity of the modelling framework. Gong et al. (2023) address the lack of 
temporal detail in one IAM (REMIND) by an iterative soft linkage with an annual, single-region, hourly power 
system model (DIETER): for each representative year (i.e., a 5-year time step in REMIND), costs and capacities 
from REMIND are input to DIETER, which in turn returns average market values to REMIND until convergence in 
power-sector prices and quantities is reached; however, their analysis lacks spatial detail and their scope is limited 
to one region (Germany). Frysztacki et al. (2021) highlight the strong effect that network resolution in electricity 
system models has on model variables of importance for decision makers, such as least-cost penetration of 
variable renewables. They show that if low-resolution ESMs are soft-linked with high-resolution electricity system 
models (e.g., dispatch models), the capacity expansion results may be too low-resolved (likely sub-optimal), 
making the dispatch analysis less reliable. Kumar et al. (2023) attempt to increase the temporal and spatial detail 
in an ESM, by first increasing the temporal resolution of the model itself and then soft-linking it with a geospatial 
tool for district heating network optimisation; however, similar to Gong et al. (2023), their method’s high 
complexity limits its geographical scope. Millot et al. (2024), Sahoo et al. (2023), Sterl et al. (2022), and Siala 
and Mahfouz (2019) increase the spatial detail in ESMs by clustering regions with similar demand and/or supply 
characteristics, allowing geospatial features to be retained in the aggregated ESMs while keeping the 
computational load manageable; however, their approach loses the information on the topology of infrastructure, 
making it unsuitable for network-focused analyses. In climate policy modelling, coupling complex Global Climate 
Models (GCMs) with IAMs of different complexity and temporal resolution remains a major constraint, which has 
been addressed by means of different statistical methods (e.g., emulators, machine learning, etc.) (Jones et al., 
2024). The simplification of processes using averaged relationships in emulators might not, however, be able to 
capture the nonlinear feedback and may generally limit the capability of the models to assess extreme scenarios. 
One linking challenge lies in ensuring that climate-driven economic and energy system responses in space and 
time remain consistent across models. Misalignments between GCMs and IAM scenario assumptions may lead to 
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unrealistic policy insights (Calvin et al., 2013). 

The second order of trade-offs concerns the way spatial disaggregation is treated in model links. Cultice et al. 
(2023) highlight that spatial granularity is necessary in IAMs for representing spatial economic interactions at 
local and meso scales and their effect on global dynamics. They discuss that, while there has been progress in 
detailing spatial economic and biophysical dynamics in multi-scale, multi-model IAMs, this often comes at the cost 
of reaching spatial equilibrium due to the high computational power and time requirements; on the other hand, 
the spatial, cross-system detail that may be reached within one model is often limited. Using a global IAM (GCAM) 
but focusing on dynamics within an individual study region, Kyle et al. (2015) demonstrate that different spatial 
resolutions in the IAM may lead to different magnitudes of land use changes, essentially suggesting that land use 
changes (and related emissions) may also depend on the IAM’s resolution when coupled with a land allocation 
model. Another challenge in rule-based downscaling lies in the limited representation of drivers and dynamics of 
land use changes (such as lack of constraints related to protected lands or productivity in (West et al., 2014) or 
inability to show land use changes in each direction in (Le Page et al., 2016)), as well as averaging errors and 
misrepresentation of localised effects such as heterogeneous soil fertility or water availability— as in the case of 
a link between the economic land-use optimisation model MAgPIE and the detailed biophysical model LPJmL 
(Dietrich et al., 2019). There exist country-scale model applications that use integrated resource management 
optimisation techniques to determine land use changes at higher spatial resolution— and using, e.g., clustering 
techniques to reduce computational load like in (Shivakumar et al., 2021). The land allocation results from such 
applications could be fed back to the IAM as land allocation rules; however, when doing so, the modellers must 
be aware of and provide explanations for the potentially different rationales underlying the models— see also 
Section 3.3. For instance, feeding optimisation results from the CLEWs framework to the WILIAM IAM, which is 
based on exploratory scenarios, would hardly fit into a coherent storyline, since the underlying rationale of the 
models differs, and there needs to be a clear narrative for linking the two models. Reconciling differences in 
spatial resolution while ensuring computational feasibility is also a challenge when linking GCMs and IAMs: while 
despite enhancing regional impact analysis, incorporating high-resolution climate projections into IAMs also 
increases complexity, computational costs, and inconsistencies due to differences in model structures and 
assumptions (see also Section 3.2.2). Downscaling techniques can improve the spatial detail of climate modules 
but may also introduce uncertainties. Pattern scaling is one of the simplest such techniques, which can be 
improved by including more predictors beyond ”global mean temperature” such as ”land-sea” temperature 
contrast; for example, Herger et al. (2015) and van Vuuren et al. (2007) suggest a hybrid approach combining 
statistical downscaling with dynamic feedback to balance consistency and efficiency. 

The third order of trade-offs concerns the model horizons of the linked models. While coupling models with the 
same approach to foresight provides internal consistency, this may not always be feasible. Much like stakeholders 
in societal contexts where decisions are made, strictly formalised modelling frameworks apply different foresight 
for their decision-making; this renders linkages between models of varying types of foresight only unavoidable, 
but also beneficial in terms of better reflecting some aspects of real-world dynamics. Decisions made by the 
agent(s) based on short-term foresight (e.g., prioritising immediate gains) can have ripple effects in other areas 
(e.g., long-term strategic planning). Leimbach et al. (2024) input global tradable energy commodities prices and 
carbon prices (that may be determined by long-term trade agreements) from a perfect-foresight IAM into two 
myopic-foresight trade models, which are further linked to a household model, to examine the differences 
between the distributional effects of climate policy and the distributional effects resulting from macroeconomic 
structural changes; the more feedbacks and variables exchanged between the models, however, the more 
complicated and iterative such a linking process becomes. Does one, for example, run a model for the long term 
to provide boundary conditions for the short-term tools, and then recalculate those boundary conditions once the 
short-term models have been run? Depending on the temporal granularity of the myopic tools, this can lead to 
an extensive set of iteration loops.  

In synthesis, when seeking higher spatial and temporal granularity, whether by disaggregating one model or by 
soft-linking models, the clustering of geospatial data can introduce detail in the more aggregated models with 
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limited computational load added. However, clustering methods alone are not suited for analyses where 
infrastructure networks are in focus, because information on the network topology is essential. In such cases, the 
aggregated model must feature a level of granularity that preserves the key topological features of the 
infrastructure—that is, it needs to be regionalised. For one-off links, the use of coupling tools that disaggregate 
certain datasets of the aggregated model may be more practical. As computational power may be the core 
constraint, before engaging in the linking process, it may be valuable to carry out a simplified test application to 
observe how sensitive the results are to the detail added through linking. New techniques such as machine 
learning can support the coupling of complex climate information and IAMs. Finally, linking models with different 
foresight horizons can improve the representation of real-world dynamics, but attention should be paid to how 
the data exchange can be carried out effectively (see the Section 3.3). 

2.1.2 System boundaries, variable definitions, and harmonisation 

For linking itself to be feasible, models’ system boundaries need to overlap at least to the extent that some 
“contact point”–minimum one shared parameter or variable–is included in both models. The most straightforward 
and easiest case of model linking is when this overlap is limited to one or more variables that are exogenous to 
one model and endogenous to another. Examples in the literature include linkages between sectoral models, in 
which models of the mobility, housing, or industry sectors calculate electricity demands of the respective sector, 
which are then used as input variables of a power sector model (e.g., Karamaneas et al. (2023)). Other examples 
are ESMs linked with land-use models and simple climate models, such as the full coupling of REMIND with the 
MAgPIE land-use model and the MAGICC simple climate model to provide fully integrated assessments of the 
energy-economy-land-climate system (Baumstark et al., 2021) or the economic integration of the WITCH IAM 
with the FASST(R) air pollution model to internalise health-economic impacts of air pollution into climate policy 
(Reis et al., 2022). 

Another important case of model linkage is when the full scope of one model is a subset of the other model. The 
objective of such linking exercises is typically reaping benefits from different temporal and spatial scales or 
granularity of the model, thereby allowing to extract more nuanced insights for particular parts of the system 
beyond what is typically available in IAMs or large ESMs (e.g., Nikas et al. (2024), Soergel et al. (2021), Van de 
Ven et al. (2019); see also Section 3.2.1). 

The most complex linking exercises involve partially overlapping system boundaries for larger sets of 
(endogenous) variables and flows of information between the models. In these cases, one needs to decide which 
model(s) determine endogenously the values, and which model(s) use these values as exogenous input. This 
typically implies very complicated linking exercises, with a high number of contact points (Krook-Riekkola et al., 
2017) and potentially the need to do significant changes to one or more participating models to accommodate 
exogenous input, where formerly endogenous variables would be used in the model’s algorithms. In any case, it 
can be expected that compromises in terms of the consistency between the tools may be necessary. Examples 
include the soft-linking between PRIMES and other national energy system models with the global Computable 
General Equilibrium GEM-E3 Model (Fragkos et al., 2017) and linking ESM EU-TIMES with the NEMESIS macro-
econometric model (Cassetti et al., 2023). 

In all cases, attention must be paid to the definition of the shared variables, i.e., whether these are defined 
identically (content as well as units of measurement) or not. Even similarly named variables may reflect slightly 
different real-world entities. For example, when calculating the energy demand of the industry sector, industrial 
CHP and power plants may be modelled as integral parts of industrial sites in an industry model and their power 
demand calculated as net balance (i.e., what needs to be provided by the power grid). But, for an energy provision 
model that is calibrated with statistical data, power generation in these plants and associated primary energy 
used could be (implicitly) considered as part of the power sector. Another example would be investment costs of 
industrial plants calculated by an industry model to be used as input into a macro-economic model. The definition 
of investment costs could differ between both, ranging from pure equipment costs through inclusion of installation 
costs to also including costs for permits. 
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Another important consideration is that the results of linked models are often mutually dependent, even if the 
specific variables are not directly shared. In the above example of a linkage between demand sector models and 
an electricity provision model, part of the electricity demand– e.g., if some processes in industry are electrified or 
not–will depend on price signals from the energy sector, while the price of electricity calculated by the electricity 
system model in turn depends on demand levels calculated by the industry, mobility, and housing models. 
Challenges also arise if the flow of information goes from a more aggregated variable in one model to a more 
fine-grained one in another model and thus disaggregation of data is required (see Section 3.2.1). For example, 
an IAM endogenously calculates, among other outputs, electricity supply on an annual scale and uses resulting 
electricity costs for endogenously calculating electricity demand based on demand curves. If electricity supply is 
passed onto an electricity sector model with hourly resolution, e.g., in order to better understand the mix of 
electricity production technologies required or of grid-related aspects, the electricity costs arising from the 
electricity sector model may well differ from the ones calculated by the IAM— but if different costs would have 
been assumed in the IAM, demand (and thus supply) would have differed as well, which would in turn change 
the input to the electricity model. Similar aggregation issues can exist for any variables—e.g., one model may 
describe all electric vehicles with one technology, while the other one may distinguish them based on size, cost, 
or other characteristics. 

Furthermore, attention should be paid to background assumptions underlying the model parameterisation, also 
considering that these may not be found prominently in the models themselves, or in their documentation. Typical 
examples of such background assumptions are scenarios used for GDP development, population (number and 
structural composition), international trade, technology costs, climate policies, and weather conditions. If such 
background assumptions drive key parameters in different models (e.g., assumed weather conditions may 
influence both agricultural yield and need for heating and cooling in housing), this can create inconsistencies if 
ignored. 

An important element in the process of model linking therefore is the harmonisation of common assumptions and 
variables. This includes comparison and alignment of underlying narratives and data sources (see also Section 
3.2.3)— to the extent that it is possible. Challenges for harmonisation include that the definitions of given input 
parameters may not be entirely consistent between linked models which may cause significant efforts to identify 
a consistent mapping of these variables between the models. Practical problems may also arise; for example, if 
models have large overlaps, harmonisation of these overlaps requires a significant amount of work. Adopting 
variable values from a harmonisation exercise can also potentially lead to model instability, if it implies that a 
model enters untested parts of the solution space— see also (Rising, 2017). 

Since variable definitions tend to be model-specific, no one-size-fits-all solution exists for the above sketched 
challenges that arise from diverging variable definitions. The IAM community’s work regarding data management 
and protocols (Cointe, 2024) as well as the IAMC scenario submission template (also in context of the IPCC WGIII 
submission processes— see Peters et al. (2023)) can help harmonise in similar system boundaries and variables 
(including units of measurement) as an intermediary between two models. The best practices for dealing with 
the above sketched issues are (i). encompassing, clear, and detailed model documentation on the one hand and 
(ii). taking sufficient time as part of model exercises to discuss and report the details of variable definitions and 
to create consistent model interfaces on the other. 

One strategy to mitigate inconsistencies from mutual dependency of dynamics in linked models is to ensure that 
feedback are captured and models are iterated until some kind of convergence is reached (Kumbaroğlu and 
Madlener, 2003). Exchanging relevant data between models, in both directions and multiple times in a cascading 
soft-linking setup, can typically be used to approximate the mutual dependency. However, it may not always be 
trivial to communicate the information in a way that allows the other model to react— see also Section 3.2.1 as 
well as (Robinson et al., 2018, Tan et al., 2023, Van Vuuren et al., 2012) for previous work on the various different 
approaches to linking and how the information flows between the models. 
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2.1.3 Data exchange implementation 

The practical implementation of data exchange between models can also present many challenges. This is 
unsurprising, since the exchange process depends on a multiplicity of factors such as the development and 
structure of the models, the programming language used, the availability of model interfaces for interoperability, 
and the type of interlinkages needed between the models (Belete et al., 2017). The latter plays a critical role, as 
the needs for data exchange are radically different between approaches such as soft links (i.e., transferring results 
from one model to the other) and hard links (i.e., running the models in parallel, constantly exchanging data, and 
producing one set of results). Since hard-linking is usually significantly more time- and resource-consuming 
(Brinkerink et al., 2022), soft links have been traditionally used to connect IAMs and ESMs with various types of 
models, inter alia macroeconomic (Fujimori et al., 2024, Messner and Schrattenholzer, 2000, Nishiura et al., 
2024), Multi-Regional Input and Output (Budzinski et al., 2024), technology diffusion (Odenweller, 2022), or 
power systems models (Deane et al., 2012). 

This exchange has been facilitated by standards such as the IAMC template1 , which offers a structured format 
for exchanging modelling results and has been established in the community through large model 
intercomparisons, including IPCC assessments (Cointe, 2024). However, this template does not provide a common 
ontology to use for model exchange, thereby often requiring hard-coded conversions of data from one model to 
the other. While many efforts to harmonise result variables or region names are underway— e.g., see (Henke et 
al., 2024), the nomenclature Python package2, and automated data validation applications3— data exchange 
between linked models often requires manual efforts and the development of ad-hoc scripts for data processing. 

An additional challenge is that the linked models are often run by different institutes; thus, practical reasons may 
force compromises on the linking set up that would not be made in the case of models that are developed and 
interlinked by the same institute, e.g., MESSAGE and GLOBIOM (Fricko et al., 2017). This can be partly addressed 
by building specific platforms to coordinate the model linking. Such platforms already exist in other research 
fields, such as the Pegasus system (Deelman et al., 2015), which has been used for over a decade to manage 
the computational workflows and data exchange between models in astronomy, bioinformatics, physics, and 
elsewhere. Recently, Pegasus has been used to coordinate model linking in an integrated assessment model 
(Clemins et al., 2020), albeit without establishing a paradigm for the IAM community. 

Even with a dedicated platform, running the models and passing the data onwards can be a laborious exercise, 
especially when the portfolio of models is large and the contact points between the models are many. A solution 
would be to transition to a “model as a service” approach (Belete et al., 2017), where models are built directly as 
web services or are exposing an application programming interface (API). For instance, models can be uploaded 
as Docker containers with explicit APIs (as standardised as possible), allowing any user to run them and request 
specific data for model linking. This could be further combined with user interfaces for orchestrating API 
communication. APIs could be also used to facilitate harmonisation processes (Giarola et al., 2021) or to deliver 
data to non-modelling stakeholders in order to validate them (McGookin et al., 2024). There are several examples 
of web interfaces showing modelling results to experts and non-experts, such as the I2AM PARIS platform (Nikas 
et al., 2021), the Senses Toolkit (Auer et al., 2021), or the upcoming Scenario Compass4 , which could potentially 
connect to API-enabled models and visualise their results. 

Model APIs could be especially interesting in bidirectional soft linking, where models run iteratively, using data 
outputs from one model as data inputs to another, until the results of all models converge between iterations 
(see e.g., (Nishiura et al., 2024)). The more models are involved, the more contact points (and therefore 

 
 
 
1 https://data.ene.iiasa.ac.at/database/  
2 https://nomenclature-iamc.readthedocs.io/en/stable/  
3 https://github.com/ciceroOslo/iamcompact-validation-ui  
4 https://scenariocompass.org/process  

https://data.ene.iiasa.ac.at/database/
https://nomenclature-iamc.readthedocs.io/en/stable/
https://github.com/ciceroOslo/iamcompact-validation-ui
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convergence criteria) they have, the more laborious the practical linking mechanisms are, and the more difficult 
it is to reach convergence between the tools. This is further complicated in case of exchanging data manually, 
leading the iteration to omit any convergence considerations. Model convergence could be significantly 
accelerated by using frameworks such as Pegasus to orchestrate the computational workflow between models, 
especially when combined with APIs to streamline data exchange. Such a structured process could also integrate 
automated testing using established model diagnostics (e.g., (Harmsen et al., 2021)), which would also ensure 
the quality of the model linking (Belete et al., 2017). 

To sum up, there is ample room for improving current data exchange methodologies for model linking by using 
standardisation and automation processes. At the very least, modelling teams should opt for a standardised data 
format such as the IAMC template and agree on the set of variables that will be included. If possible, automated 
tools such as the nomenclature Python package should be employed to ensure that variable names, units, and 
regions are consistent among modelling teams. When extensive data linking is expected (e.g., in bidirectional soft 
linking), the use of standardised interfaces such as the Pegasus system or APIs could potentially reduce errors 
and ensure the quality of the exchange. While APIs can be time-consuming to develop and many modelling teams 
may not have the capacity to do so, they can serve as a long-term investment for model developers. Ensuring 
that a model is easily linkable can potentially increase the likelihood of its use in model linking and other exercises, 
similar to the way that open-source models such as OSeMOSYS, GCAM, and Calliope have been used and 
expanded by multiple modelling teams beyond their original developers. 

2.2 Model linking as an epistemological problem 
The structure of individual models embeds implicit assumptions that shape how their results should be interpreted. 
Different model types incorporate distinct epistemic values and trade-offs in areas like accuracy, simplicity, and 
system representation (Silvast et al., 2020). For instance, the choice of system boundaries, spatiotemporal scales, 
and variable definitions—not to mention the complexity of model linking processes (see Section 3.2)—all shape 
the nature and validity of knowledge that an individual model can generate. These structural elements often 
reflect the modeller’s conceptualisation of the system and can introduce biases or limitations in the knowledge 
generated. For instance, a model that assumes constant technological progress may overlook potential disruptive 
innovations, leading to overly optimistic or pessimistic projections of renewable energy adoption. Model-specific 
biases are likely to vary from one model to another, which further complicates the interpretation of ensemble 
data generated through multiple models (Sognnaes and Peters, 2025). 

Model linking in energy-system and integrated assessment modelling thus presents key epistemological challenges 
about the nature and validity of knowledge produced across complex, multi-model systems. By combining diverse 
conceptual and methodological approaches, model linking introduces three challenges: (1). synthesising distinct 
knowledge strands, (2). understanding how errors and biases propagate through interconnected frameworks, and 
(3). interpreting the emergent properties that arise when multiple models are linked. This section explores these 
three challenges inherent in model linking and proposes frameworks for addressing them. 

When models are linked, the synthesis of disparate knowledge strands becomes challenging. For example, 
coupling a prescriptive, perfect-foresight optimisation ESM (e.g., TIMES) with a descriptive, myopic 
macroeconomic simulation model (e.g., E3ME) produces a hybrid system with different and conflicting economic-
engineering and/or economic solution paradigms. Basically, prescriptive models suggest what should be done, 
while descriptive models simulate what will happen. Also, the differences between the ways models look at the 
future are critical, since a myopic decision maker could well decide differently than a perfect foresight decision 
maker. This raises questions about how to synthesise, interpret, and reconcile knowledge produced under 
fundamentally different, yet linked, modelling paradigms. One option to addressing this synthesis challenge is to 
develop explicit frameworks for mapping and documenting the key differences underlying each model component, 
enabling systematic analysis of where knowledge claims may conflict or complement each other. 

Model linking can compound errors and biases across interconnected models or even introduce novel ones 
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(Goldhaber-Fiebert, 2012). As data and assumptions flow between models, inaccuracies may be amplified more 
than in any individual model alone. For example, biased renewable energy cost projections in one model could 
significantly impact investment decisions in linked models, creating compounded errors throughout the system. 
Furthermore, the interactions between models can create emergent properties that introduce new sources of 
errors and biases, which are not present in the original models individually. Thus far, there are studies (see Al 
Khourdajie et al. (2024), Dekker et al. (2023), Fais et al. (2016), Förster et al. (2013), Li et al. (2023), Marangoni 
et al. (2017), Wachsmuth and Duscha (2019)) that use various methods, such as decomposition and sensitivity 
analysis, to systematically attribute variations in mitigation scenario outcomes to different drivers, socioeconomic 
assumptions, model differences, and their interactions, with the aim to improve the robustness of scenario 
interpretation for policymakers. However, these methods primarily focus on analysing variations in final outcomes, 
whether for individual or linked models, rather than tracking how errors and biases propagate through the linking 
process itself, or how they arise and are amplified across linked models. 

Linked models can result in new emergent properties of the linked systems, such as their ability to capture cross-
sector interactions or produce internally consistent narratives across multiple domains. Indeed, achieving such 
emergent results may be a key aim of linking models. However, the complex interactions between models can 
also produce outputs not easily traceable to any single input or assumption, complicating both validation and 
policy interpretation. For example, linking an ESM that centres on centralised electricity generation with a land-
use model focused on ecosystem services might reveal trade-offs between energy policy goals and land-use 
constraints (and, in turn, between climate and environmental objectives)— insights that neither model could offer 
independently. In such a combined system, it may be difficult to attribute results to any single input or assumption 
because the interplay of energy infrastructure, land availability, and ecological integrity emerges only when both 
models operate together. This complexity can enrich our understanding of cross-sectoral dynamics while 
simultaneously complicating interpretability and policy guidance. 

Looking ahead, it is important to develop a framework that assesses the validity of model linking exercises. This 
framework should address knowledge synthesis, the propagation of errors and biases, and the interpretation of 
emergent properties of linked systems, all in the light of the intended purpose of model linking and the potential 
new insights that it can generate. Key components of this framework would include detailed documentation of 
linking procedures and assumptions; developing methods for identifying and evaluating errors and biases and 
understanding how they may propagate through the linked system; and an explicit interpretation stage for the 
combined model system, similarly to other disciplines— e.g., Laurent et al. (2020). As Silvast et al. (2020) observe, 
the epistemic values of models are often negotiated alongside non-epistemic values, particularly in applied 
contexts. In some instances, a model’s perceived utility for policy decisions may override considerations of physical 
accuracy. This interplay between epistemic and non-epistemic values adds another layer of complexity to the 
interpretation and application of linked models. The selection and interpretation of linked model systems should 
be considered during the initial design phase, ensuring philosophical compatibility between chosen models and 
their alignment with the real-world dynamics they aim to represent, thereby minimising conflicts in underlying 
assumptions. 

Practitioners instigating model linking exercises should consider the following steps systematically. First, they 
should explicitly map the epistemic foundations of each model, including their temporal and spatial scales, key 
determining assumptions, and methodological approaches; such mapping can enable early identification of 
potential paradigmatic conflicts and areas where knowledge synthesis might prove challenging. Second, they 
should assess the potential for error propagation by identifying critical data exchange points between models and 
by understanding whether and how these may be addressed or at least acknowledged when interpreting the 
outcomes of the linked systems. Third, they should carefully consider whether the emergent properties from the 
linked models align with their research objectives and whether they can be adequately validated against empirical 
data. Throughout this process, modellers should consider trade-offs between complexity vs. tractability, 
comprehensive system representation vs. result interpretability, and theoretical rigour vs. pragmatic applicability 
of the modelling framework. These trade-offs should be explicitly documented and justified based on the specific 
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research or policy questions being addressed, including clear limitations of the linked system and guidance as to 
how results should, and importantly should not, be interpreted by end users. 

2.3 Conclusions and a way forward 
Model linking for energy-system analysis and integrated assessments in support of energy, climate, and 
sustainability policy should be motivated and thus driven by an explicit need to (better) answer a particular 
question. This need may be directly associated with the scope of a specific study, meaning that model linking is 
required only in relation to said study (one-off applications), or it can trace to an ongoing branch of scientific 
research in the long run, meaning that model linking should result in a strategic modelling framework to be 
continuously used and further developed. Whichever the case, our focus in this paper has been to highlight some 
of the areas in which decisions about model linking are not trivial, and to emphasise the significance of the 
decisions, the documentation of the rationale behind them, and the communication of the implications of the 
choices and model linkages for interpreting the results. 

Based on our discussion as well as on the reviewed literature, we propose a general checklist that can be used 
for making initial decisions about linking models. As no two models— and thus no two linking tasks— are identical, 
this checklist is intentionally general: the questions must be addressed and the recommendations interpreted 
within the context of the specific linking task at hand. When relevant, we acknowledge different requirements 
and considerations in case the establishment of model links is strategic and long-term rather than circumstantial, 
one-off activity— acknowledging that the former case requires additional considerations and guardrails. It is also 
noteworthy that we refrain from discussing here the specific linking approaches (hard linking, bidirectional and 
unidirectional soft linking, etc.), as these have been previously discussed extensively (see, e.g., van Vuuren et 
al., 2012). Finally, we recommend the concept of “unlinking” to also be considered: not all questions require an 
extensive model framework, as this may yield undesired opaqueness; creating the flexibility to easily “unlink” 
linked tools would add further value to the linking process and the model themselves. 

The recommendations included in our checklist, which is summarised in Table 1, assume that the trade-offs 
associated with the model linking process have been considered and deemed beneficial. This means that the level 
of robustness required for the linking process has been considered, to avoid compromising the integrity of the 
results or the benefits that can be achieved; this is especially true for long-term/ strategic model linking, which 
requires considering the level of added complexity, the increase in opaqueness of model dynamics, and the 
volume of applications that truly need the explicit representation of the cross-model dynamics. Not linking the 
models should be kept as an option, as the above conditions will not be fulfilled for many model linking 
possibilities. 

Table 1: Checklist for establishing links among ESM and IAM modelling tools. 

Type of considerations Checklist 

Linking across temporal and 
spatial scales 

i) If there is an option to link models of similar scope or 
granularity in terms of time and/ or space, then practitioners 
should consider linking such models. 

ii) Considering the role of space and time for the research 
question at hand, model linking aiming to increase the spatial 
or temporal granularity of the analysis requires significantly 
more robust approaches than in the case of simply 
overcoming differences that exist in the two models. 

iii) Upscaling and downscaling approaches can be useful for 
moving data from one model to another– but with limitations 
(see (v) below). 

iv) If models with different foresight are linked, attention should 
be paid to the design and process of data exchange. 
 



 
 

  

  

D3.5 – Model interlinkages and integration – Update 

Page 17 of 33 
 

In cases of strategic model-linking for long-term application: 
 
v) Limitations to upscaling and downscaling due to important 

relative positions of data points (in time or space) could 
render more extensive changes necessary for at least one 
model; this would imply poor use of resources for a one-off 
study. 

vi) The extent to which the spatial and temporal dimensions of 
the models to be linked can be harmonised should be 
considered, and the model(s) modified accordingly. 

vii) As computational power may be the core constraint, a 
preliminary simplified test application could offer important 
insights into the sensitivity of model results to the attained 
increase of detail, and thus to the added value of engaging 
in the model linking process to begin with. 

System boundaries, variable 
definitions and harmonisation 

viii) Common assumptions, key variable definitions, and 
underlying scenario narratives must be harmonised to the 
extent possible. When interpreting results, the lack of full 
harmonisation across all model assumptions must be 
transparently reflected in the analysis. This includes paying 
close attention to how variables have been defined in the 
models to be linked, to ensure the definitions do not differ. 

ix) Detailed model documentation should be developed and 
then used during the model linking, to better understand the 
model assumptions made for model structure, variables and 
parametrisation. Adequate time within the linking process 
should be devoted for discussing such assumptions and 
definitions across modelling teams. 
 

In cases of strategic model-linking for long-term application: 
 
x) A full mapping of assumptions (explicit and otherwise) and 

their drivers for the models to be linked can facilitate the 
process of harmonising assumptions and variable definitions, 
ensuring consistency across both explicit and background 
assumptions across the linked model system, and 
legitimising the produced model framework and its results. 

Data exchange 
implementation 

xi) Standardisation (e.g., of data templates and automating 
processes) can be decisive. The use of dedicated tools 
developed by the energy-/climate-economy modelling 
community can help with data exchange, as well as add 
transparency for variable definitions, model structure, and 
assumptions. 
 

In cases of strategic model-linking for long-term application: 
 
xii) Using standardised interfaces or APIs may be more resource-

intensive but is highly beneficial, as it can reduce errors and 
provide a distinct part of the linked model system. 

Model linking as an 
epistemological problem 

xiii) Before linking, and in a process similar to that for key 
assumptions and drivers, the epistemic foundations of the 
models must be mapped to assess where the rationale of the 
models may be in conflict; if the areas appear critical, and 
serious inconsistencies unavoidable, the usefulness of the 
model linking activity may need to be reconsidered. 
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xiv) Documenting the linking process itself can contribute to 
understanding how the model results should be understood 
(especially for future use), as well as to legitimising the 
exercise, in terms of both scientific rigour and policy 
credibility. 

xv) Practitioners may need to assess how critical data exchange 
points (e.g., inconsistencies between variable definitions, or 
compromises made to facilitate data exchange) may 
introduce errors as well as how these errors may propagate, 
especially when two-way feedback are considered between 
the models (as the latter increase non-linearity and 
variability); this will help them explicitly discuss and highlight 
potential issues when interpreting model results. 

xvi) A separate interpretation stage should be included to 
explicitly consider and discuss how the potentially different 
model rationales and various compromises made during the 
model linking should be interpreted for the results. Special 
attention should be paid to the emergent properties from the 
linked system, in terms of whether they can be validated 
against empirical data. 
 

In cases of strategic model-linking for long-term application: 
 
xvii) In the light of the epistemological points discussed, for 

strategic model linking the inconsistencies should be 
minimised a priori, even at the cost of having to alter one or 
more of the models– or changing the models to be linked. It 
is unadvisable to create “permanent” models for which the 
interpretation of results has obvious ambiguities. 
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3 Case study on model linking checklist 
In order to demonstrate the presented workflow of the previous section, we conducted an ex-post analysis of a 
model linking study about the transformation of the EU steel industry which is documented in D4.7 – Sectoral 
and cross-sectoral analysis deliverable of IAM COMPACT5. The current ex-post analysis tries to discuss the four 
linking-related problem categories in the context of linkages implemented and reflect on the pitfalls and potential 
improvements. 

3.1 Description of Linked Models 
As the methodological differences of the models involved in a study can substantially affect the linking process, 
both in terms of technical and epistemological aspects, here we briefly describe each model. 

3.1.1 GCAM6 
GCAM is a global, partial equilibrium IAM that simulates human-Earth interactions by analysing the relationships 
between the energy system, agriculture and land use, the economy, and climate. It helps model greenhouse gas 
(GHG) emissions, energy consumption, energy prices, and trade patterns. The model operates by identifying cost-
effective energy system solutions for a given time period before advancing to the next period and repeating the 
process. 
In the linking study, GCAM version 7.0 was used, which incorporates global iron and steel trade, along with 
modifications to socioeconomic pathways and production technologies to align with other models in the study. 
GCAM represents the supply and demand for a single “iron and steel” commodity across 32 regions. This version 
includes 20 technology options for iron and steel production per region, with input coefficients, costs, and 
technology readiness levels aligned with harmonisation data. 
Technology selection each year is determined using a logit function based on price and historically calibrated 
preferences, ensuring that all available technologies capture a portion of the market rather than allowing a single 
dominant winner. Iron and steel demand is met through a mix of domestic production and imports from a global 
trade pool. 

3.1.2 TIAM7 
TIAM (Times Integrated Assessment Model) is a technology-detailed, partial equilibrium IAM that represents the 
entire energy supply chain—from resource extraction and conversion technologies to delivering energy services 
to end-users. It balances energy supply and demand across sectors using a least-cost optimisation approach, 
considering the effects of technology deployment, fuel extraction, and energy price fluctuations over time. The 
model aims to minimize the total cost of the energy system while meeting energy service demands within 
predefined emissions constraints. 
Key inputs driving future energy service demand projections across all sectors and regions include GDP, 
population, household size, and sectoral economic shares. In the linking study, steel sector production demand 
is sourced from GCAM for all scenarios. 

3.1.3 MARIO8 
MARIO is a Python-based modelling tool designed for input-output analysis, making it valuable for evaluating 

 
 
 
5 DOI 10.5281/zenodo.13839232 
6 https://iamparis.eu/detailed_model_doc/30  
7 https://iamparis.eu/detailed_model_doc/59  
8 https://iamparis.eu/detailed_model_doc/71  
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economic and environmental impacts as well as scenario-based studies. In the linking study, MARIO was applied 
to refine the EXIOBASE dataset by integrating new steel production methods and mapping the full supply chain 
for PV panels and wind turbines for the case of the EU. 
The study considered three steel production pathways: 

i) Blast Furnace-Basic Oxygen Furnace (BF-BOF) (already included in EXIOBASE), 
ii) Direct Reduction with Natural Gas, followed by an electric arc furnace (NG DR-EAF), 
iii) Direct Reduction with 100% Electrolytic Hydrogen, followed by an electric arc furnace (100% H₂ 

DR-EAF), 

For the NG DR-EAF method, natural gas was replaced with hydrogen derived from steam reforming, while in the 
100% H₂ DR-EAF process, hydrogen was produced through electrolysis. As a result of these adjustments, carbon 
monoxide's role as a reducing agent in the NG DR-EAF method was excluded. Moreover, in both new processes, 
the Electric Arc Furnace (EAF) operated solely with Direct Reduced Iron (DRI) instead of scrap, and slag production 
was omitted. 
The updated dataset was then utilised for "what-if" scenario testing, incorporating insights from GCAM. These 
modified datasets were subsequently analysed using WILIAM to assess macroeconomic and environmental 
consequences. 

3.1.4 WILIAM9 
The WILIAM model (Within Limits Integrated Assessment Model) is a newly developed IAM based on system 
dynamics, designed as an extension of the MEDEAS models. By using system dynamics, WILIAM captures complex 
feedback loops and non-linear interactions between social, economic, and environmental factors. 
The model consists of eight interconnected modules: (1). demographics, (2). society, (3). economics, (4). finance, 
(5). energy, (6). materials, (7). land and water, and (8). climate. It covers nine regions and 35 countries, including 
the EU27. WILIAM is highly detailed, featuring a disaggregated structure with 62 economic sectors. Its sectoral 
classification, particularly the production sub-module, is based on Input-Output Analysis. Among its sectors, 
WILIAM includes nine dedicated to mining and mineral manufacturing, such as iron production, while steel is 
categorised within the broader "Manufacture of metal products" sector. 

3.1.5 WISEE EDM-I10 
The WISEE EDM-I is a technology-focused investment modelling framework for specific industrial sectors, 
developed in Python. It utilizes detailed, site-specific data on production processes, such as asset capacity and 
age, to optimise costs across multi-step value chains— from iron reduction to steelmaking and steel finishing. The 
model also accounts for the spatial distribution of production facilities and transport options for intermediate 
products. 
For the linking study, a newly implemented version of EDM-I for the EU steel sector is used. Investments are 
made to meet predetermined production levels for 20 types of finished steel while factoring in energy and CO₂ 
prices, as well as constraints like scrap availability. EDM-I is particularly designed to assess the relocation of 
industrial production capacity within Europe. 
The version used in the linking study distinguishes between five iron reduction technologies (Blast Furnace, Blast 
Furnace with Carbon Capture and Storage, Direct Reduced Iron with/without reformer, and electrolysis), three 
steelmaking technologies (Basic Oxygen Furnace, Electric Arc Furnace, Submerged Arc Furnace_Basic Oxygen 
Furnace), and 12 steel finishing technologies. These technologies can be combined into different steel production 
pathways. Additionally, the model categorizes scrap and steel qualities into five levels, ensuring that specific 
finished steel demands meet minimum quality requirements. 

 
 
 
9 https://iamparis.eu/detailed_model_doc/62  
10 This model has been renamed to ITOM (Industry Transformation Optimisation Model). https://iamparis.eu/detailed_model_doc/63  

https://iamparis.eu/detailed_model_doc/62
https://iamparis.eu/detailed_model_doc/63
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3.2 Reflection on the Linkages 
The steps of the study and the models involved in each step are shown in Figure 1. The study on the EU steel 
industry used two unidirectional soft-links, namely GCAM~>TIAM and GCAM~>EDM-I, to eventually project the 
steel production technology mix in the EU and the country-level transition of the steel industry. The study also 
used two other unidirectional soft links, i.e., GCAM~>MARIO and MARIO~>WILIAM, to provide insights into the 
economic and labour effects of the steel industry. 

 
Figure 1: Steps of the analysis and models used in each step. 

The data flows between the models are depicted in Figure 2. In the first step, GCAM projected the steel 
production levels in the EU. This fed into the second step of the analysis, which employed TIAM and EDM-I. TIAM 
considers the steel production levels per world region and does not allow inter-regional steel trade. In addition to 
the steel production levels, EDM-I used electricity, hydrogen, natural gas, coal, and CO2 costs resulting from 
GCAM runs to set its parameters. Furthermore, the EDM-I team translated the GCAM projections for steel 
projections into steel demands per type of finished steel using Eurofer data and a material flow scenario for EU 
steel demand, production, and recycling. In the third step, GCAM provided electricity and steel production 
portfolios as well as the PV and wind capacity additions to MARIO. Then, MARIO produced input-output tables 
that were fed into WILIAM as off-shoring and on-shoring assumptions to assess the socioeconomic impacts of 
the transformation. 
In this analysis, since the linking activity was more of a one-off linking, we focused on the advice from the previous 
section that is not for the strategic type of linkages. Besides, we do not reflect on the existing options for the 
models that are involved in the linking since there are other constraining factors, such as the availability of 
modelling teams and other resources (see (i) in Table 1). The analysis is mainly based on the report, although 
the authors were approached for their feedback. This means that, in many cases, the analysis cannot directly 
identify whether the checklist advice was followed, but only speculate on it, based on the structure and nature of 
the models and the information given. In the following, we explicitly reflect on the four categories of linking 
problems and refer to related advice from the previous section (i.e., Table 1). 
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Figure 2: Data flows between models 

3.2.1 Temporal & Spatial Scales 
Regarding the temporal and spatial scales, such information has not been extensively communicated in the report. 
It would have been better if the modelling teams had indeed documented the temporal and spatial resolution of 
the data being exchanged and the temporal resolution of the other influential sectors of the models. Although the 
linkages did not aim to increase either the temporal or the spatial resolution of the results in any way, attention 
could have been paid to the implications of exchanging the data between the models with different spatiotemporal 
scales (see (ii) in Table 1). 
Another issue is related to linking models with different ways of looking into the future (see (iv) in Table 1). 
More specifically, GCAM, MARIO, and WILIAM treat the time horizon in a myopic manner, whereas TIAM and 
EDM-I are perfect foresight optimisation models. The inconsistencies that may arise due to this difference were 
not reported. Such complications usually occur in the interpretation stage, where the results of a model 
combination need to be evaluated. We elaborate further on this matter in the section related to epistemological 
aspects of model linking. 
Although in GCAM~>TIAM, GCAM~>EDM-I, and GCAM~>MARIO the temporal granularity of the steel production 
levels, the electricity, and the steel production portfolios was not specified in the report for any of the involved 
models, the GCAM, TIAM, and EDM-I models operate with yearly averages and 5-year timesteps (except for EDM-
I, which operates with averages of five years around the central reported year), thus there would be no 
inconsistency from this perspective—this was also clarified after getting feedback from the involved teams. 
Besides, in GCAM, for instance, the steel production commodity was defined in each of 32 regions of the model, 
but the regional split of TIAM was not presented, potentially differing from what it is in GCAM. The practitioners 
seemingly used a kind of up- or downscaling method to aggregate or disaggregate the results of GCAM across 
time and space, to be able to transfer them to TIAM, EDM-I, and MARIO, which could have been communicated 
transparently (see (iii) in Table 1). After discussing with the involved teams, it was indicated that the GCAM, 
EDM-I, and TIAM teams had spent considerable effort on regional mapping between GCAM and EDM-I, and 
between GCAM and TIAM. Furthermore, for instance, in MARIO~>WILIAM the spatial disaggregation of both 
models is unknown. Except for GCAM, which is mentioned to have 32 regions, the number of regions for the other 
models is not presented in the report. Nevertheless, the main issue from the practitioners' view is that they did 
not spend enough time to fully document their efforts and the details of the exercise. 

3.2.2 System Boundaries, Variable Definitions & Harmonisation 
One could argue that, until all model parameters and assumptions are fully harmonised, there remains significant 
scope to improve integration. Nevertheless, it is almost impossible to fully harmonise the models, and this is why 
practitioners should usually focus on the most important common assumptions, key variable definitions, and 
underlying scenario narratives (see (viii) in Table 1). The four research teams involved in the linking used a 
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dataset shared as an Excel table among them, which is provided in the Appendix of deliverable D4.7, and 
harmonised detailed steel technology data from WISEE EDM-I. The dataset consists of information about energy 
demand, material use, costs, emissions, lifetime, availability year, and the capacity factor of each steel production 
technology. It was mentioned that the technological assumptions are broadly consistent with the harmonisation 
data, although ideally each modelling team should have provided the exact data used as input into their models, 
in order for us to easily evaluate the level of harmonisation conducted in the task (see (ix) in Table 1). 
Besides the reported information on the harmonisation stage, the teams mentioned that an issue in the process 
was related to the differences between the models in terms of what is being calculated endogenously and what 
exogenously. For example, in GCAM, emissions are calculated endogenously from the energy inputs of each 
production route and do not exactly match the values in the harmonisation dataset, which is based on a more 
detailed technological model. Another example is that CO2 Transport & Storage costs are calculated endogenously 
by GCAM based on storage demand, while it was assumed as an external value for EDM-I. 

3.2.2.1 GCAM~>TIAM 
GCAM encompasses the global steel industry in various regions and the trades between them, while TIAM does 
not consider steel trade; thus, it treats the production level of each region exogenously. GCAM and TIAM model 
the whole energy system and even other systems interacting with the energy system to some extent. As a result, 
each region’s steel production in GCAM is not only driven by the model assumptions about steel production 
technologies, but also by various other assumptions in even remotely connected sectors of the system.  
The models have been partially harmonised based on the guidelines of IAM COMPACT’s Broad Scenario Logic11.  
The modelling teams have, however, not described potential issues that could arise due to partial harmonisation 
of the models. Aside from the technological assumptions, the scenario narratives and their exogenous drivers 
might become problematic. In the description of TIAM, the corresponding team have mentioned that GDP, 
population, household size, and sectoral shares of the economy are driving energy service demands across all 
sectors in each region, while GCAM includes some of these as endogenous variables. Therefore, once TIAM uses 
the steel production level data from GCAM, it may also need to use some other outputs from GCAM to modify its 
energy service demands and the narratives behind them. Regarding the variable definitions, GCAM considers “iron 
and steel commodity”. On the other hand, TIAM receives the “steel production demand” from GCAM. The potential 
differences between the definitions have not been reported. 

3.2.2.2 GCAM~>EDM-I 
EDM-I is completely within the system boundaries of GCAM and needs to receive information about the steel 
production level and electricity, natural gas, hydrogen, coal, and CO2 costs from GCAM to operate. The 
harmonisation of these two models has been done at the level of technological assumptions. As mentioned above, 
the historical stock could have also been harmonised; however, since EDM-I considers the site-specific information 
of the plants (e.g., capacity and age), it could be cumbersome. In the description of EDM-I, it is also mentioned 
that the model captures various transport options for the intermediary products. This presumably falls into the 
category of freight transport in GCAM. Thus, harmonisation or even data exchange could be done in that sector 
as well, although potentially not too influential in the final results, based on the teams’ feedback. For instance, if 
the fuel needed for the various transport options is considered in EDM-I, the costs of fuel could have been 
transferred from GCAM to EDM-I. Furthermore, as EDM-I provides detailed information on the relocation of the 
steel industry and its transformation within the EU, it could be useful to transfer this data to GCAM to further 
improve the steel industry transition in GCAM. Consequently, this can change iteratively the steel production levels 
and even the prices of energy commodities, which were transferred to EDM-I previously. 
The definitions of steel production level also differ between the two models. In GCAM, it refers to a general “iron 

 
 
 
11 DOI 10.5281/zenodo.10430888  
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and steel commodity” but, in EDM-I, it should be translated into steel demands per type of finished steel, which 
was done in the linking study using the Eurofer dataset and a material flow scenario for EU steel demand, 
production, and recycling. Finally, regarding the difference in the scenario narratives, at least based on the 
presented information, there are no major inconsistencies between the models. 
The result comparison of TIAM, GCAM, and EDM-I shows inconsistencies between the CO2 emissions of the EU 
steel industry reported for 2020. The report identifies two possible explanatory factors for such a difference: first, 
the share of secondary steel and, second, the consideration of different coal types. This underscores the issues 
mentioned regarding harmonisation and the variable definitions. Another inconsistent result is related to the direct 
electricity demand of the EU steel industry for 2020. The report explains the difference between different 
production volumes and amounts of secondary steel production. A reason for the differences mentioned could be 
the potentially inconsistent historical stocks in the models, which could have been harmonised as well. 

3.2.2.3 GCAM~>MARIO 
MARIO is used for input-output analysis. In the linking study, the results for the electricity and steel production 
portfolios, along with PV and wind capacity additions, were transferred from GCAM to MARIO. Regarding the 
harmonisation of technological assumptions, it seems that the technologies available in MARIO for steel production 
are fewer than those in TIAM, GCAM, and EDM-I. This raises questions about the extent to which the models 
could have been harmonised. More specifically, how were steel production volumes per production route from 
GCAM mapped to fewer production routes of MARIO? On top of that, since MARIO includes all sectors of the 
economy and significantly overlaps with the scope of GCAM, data exchange could have been conducted more 
comprehensively. For example, was the hydrogen production portfolio, which is an important fuel for steel plants 
in the future, harmonised? This was not clear from the report, but upon exchanges with the modelling teams, it 
was clarified that indeed both electricity and hydrogen mixes were harmonised.  
Furthermore, there could also be a bidirectional stream of data from MARIO to GCAM, as they substantially 
overlap. For instance, if MARIO can calculate economic impacts on employment and GDP, it could inform GCAM 
about such ramifications. This could lead to an iterative loop of data exchange, which is certainly difficult and 
resource-intensive to implement. 
Regarding the harmonisation of scenario narratives, since the models have not been fully harmonised, there could 
be complications in terms of the narratives behind each assumption, but one cannot consistently comment on the 
level of consistency between the models’ assumptions. 

3.2.2.4 MARIO~>WILIAM 
The input-output tables obtained from MARIO were fed into WILIAM as off-shoring and on-shoring assumptions. 
These two models consider the whole economy; therefore, the harmonisation could have been done more 
thoroughly. In addition, as the models have many overlapping variables, there could be a more holistic set of 
variables being exchanged between the models, rather than only the off-shoring or on-shoring of the steel plants. 
Regarding the translation of the input-output tables from MARIO into the input assumptions of WILIAM, the report 
does not clearly explain which variables in WILIAM were updated using the tables from MARIO and how. Increased 
transparency in the translation process could better allow us to comment on the issues related to the treatment 
of different variable definitions across the two models. 
Lastly, it was not clear from the report whether the assumptions behind the narratives were harmonised. These 
assumptions could be about the exogenous parameters that affect the population, GDP, etc. (endogenous 
variables of WILIAM), which influence various outputs of WILIAM. 

3.2.3 Data Exchange Implementation 
The report does not discuss any data template used in order to exchange the data from one model to another, 
nor any automation process (see (xi) in Table 1). The data exchange for linkages might have been done manually, 
which is understandable to some degree, since the activity is a one-off model linking, and is done by four different 
research teams. However, such a practice could undermine the transparency and accuracy of the data exchange 
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in general. Besides, a less structured data exchange could obscure the potential inconsistencies between the 
models in terms of the variable definitions, model structure, and model assumptions, either unintentionally or due 
to various other difficulties in dealing with them. 
In the case of this linking study, to increase transparency, one could start by creating a data template in which 
the exact information exchanged between the models is provided. Furthermore, if the study aimed at a more 
strategic linking rather than a one-off linking, the modelling teams could come up with a more standardised 
process, potentially automated, in which standardised interfaces or APIs could be utilised. Nonetheless, 
establishing such a process requires more resources. 

3.2.4 Epistemological Aspects 
In general, the practitioners did not discuss the epistemic foundations of the models in detail. In the linking study, 
GCAM (i.e., a descriptive simulation model) is linked to TIAM and EDM-I (i.e., prescriptive perfect foresight 
optimisation models), which creates a hybrid multi-model setup with conflicting paradigms. To use both 
perspectives together, one should be able to reconcile and synthesise the two using, first, a framework to map 
the differences and, then, a narrative in which the models are parts of a big picture that describes what happens 
or should happen in the real world (see (xiii) in Table 1). For instance, in GCAM~>TIAM and GCAM~>EDM-I, 
the data about the steel production levels that comes from GCAM is used as an attempt to mimic how the global 
trade and relocation of steel production plants across the continents can affect the EU steel production level. In 
TIAM and EDM-I, then, this information was used to suggest the optimal steel production portfolio to reach the 
climate targets. Indeed, acknowledging the fact that perfect foresight optimisation models do not necessarily 
show how the future unfolds, however clear to the scientific community, will improve the transparency especially 
when the non-expert policymakers are being communicated to. 
Another area for improvement is the documentation of the linking process, which further enhances the 
transparency and even accuracy of the analysis, which could potentially be used for policymaking (see (xiv) in 
Table 1). Besides, the documentation contributes to the understanding of how the model results should be used 
and interpreted for future applications. In the documentation stage, practitioners could note all the critical data 
exchange points between the models, and at least not make compromises blindly (see (xv) in Table 1). 
Inadequate or unclear documentation can lead to neglecting inconsistencies between variable definitions, 
mistakes in the identification of data exchange points, and partial harmonisation of assumptions. Such issues, in 
turn, might introduce errors that may propagate, especially when the linkages are bidirectional, which is not the 
case here. On the other hand, some of the linkages could have been bidirectional, in which case it would be more 
probable to observe the error propagation, such as the potential bidirectional link between EDM-I and GCAM, 
exchanging steel production levels (from GCAM to EDM-I) and steel production portfolio of the EU (from EDM-I 
to GCAM). 
Finally, it could have been better if there were a dedicated section related to the interpretation of insights provided 
by the model linking (see (xvi) in Table 1). In such a section, one could discuss how the results should be 
evaluated considering disparate epistemic foundations, different perspectives, e.g., prescriptive versus descriptive 
views, conflicting parametric and structural assumptions, and unalignments in variable definitions. Furthermore, 
sometimes there might be emergent property from the linked models. Since such a phenomenon may not have 
any correspondence in the real world, in order for the practitioners to interpret the model outcome, it is suggested 
to use empirical data to validate the emergent phenomenon. A rigorous interpretation process will facilitate the 
discussions on potential issues in future works on the linkages, more prominently when the model linking is done 
for long-term applications. Table 2 summarises the present analysis of the linkages, reflecting the items in the 
Table 1 checklist. 
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Table 2: Summary of the linkage evaluation based on the checklist 
Type of 
considerations 

Checklist 
item GCAM~>TIAM GCAM~>EDM-I GCAM~>MARIO MARIO~>WILIAM  

Linking across 
temporal and 
spatial scales 

(ii) None of the links aimed at increasing the spatiotemporal granularity of the analysis. The practitioners tried to overcome the 
differences in the models. 

(iii) 

Practitioners indicated that 
regional mapping was 
done. No major temporal 
inconsistency. 

Practitioners indicated that 
regional mapping was 
done. No major temporal 
inconsistency. 

No mention of regional 
mapping. No major temporal 
inconsistency. 

No mention of regional 
mapping. No major temporal 
inconsistency. 

(iv) 

The foresights are different. 
This could have been 
discussed or reflected as 
inconsistency in the 
interpretation stage. 

The foresights are 
different. This could 
have been discussed or 
reflected as inconsistency 
in the interpretation 
stage. 

Both are myopic. Both are myopic. 

System 
boundaries, 
variable 
definitions, and 
harmonisation 

(viii) 

Partial harmonisation while 
there is significant overlap, 
non-exhaustive 
identification of potential 
exchange points between the 
models, some 
inconsistency in underlying 
narratives and variable 
definitions, and limited 
discussion on the implications 
of partial harmonisation in the 
interpretation stage. 

Partial harmonisation 
where there is potential 
for a more 
comprehensive one, 
incomplete identification 
of potential exchange 
points between the 
models, Potential 
inconsistency in 
variable definitions, and 
limited discussion on the 
implications of partial 
harmonisation in the 
interpretation stage. 

Partial harmonisation 
while there is substantial 
overlap, incomplete 
identification of potential 
exchange points between 
the models, Potential 
inconsistency in 
underlying narratives and 
variable definitions, and 
no discussion on the 
implications of partial 
harmonisation in the 
interpretation stage. 

Partial harmonisation 
while there is substantial 
overlap, incomplete 
identification of potential 
exchange points between 
the models, Potential 
inconsistency in 
underlying narratives and 
variable definitions, and 
no discussion on the 
implications of partial 
harmonisation in the 
interpretation stage. 
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Type of 
considerations 

Checklist 
item GCAM~>TIAM GCAM~>EDM-I GCAM~>MARIO MARIO~>WILIAM  

(ix) Lack of transparency and 
detailed documentation 

Lack of transparency and 
detailed documentation 

Lack of transparency and 
detailed documentation. 

Lack of transparency and 
detailed documentation 

Data exchange 
implementation (xi) No standardised process of data exchange, e.g., data template and automation 

Model linking as 
an 
epistemological 
problem 

(xiii) The study could have benefited from mapping of epistemic foundations and discussion on how to synthesise and reconcile the 
models 

(xiv) Introduction of model characteristics, but not detailed discussion on how the model results should be understood 

(xv) No mention of potential errors due to inconsistencies, error propagation, and compromises made 

(xvi) No separate section for model interpretation and discussion of emergent properties 
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