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The growing complexity of climate change impacts 
requires decision-support tools capable of 
representing the interactions between 
environmental, social, economic, and technological 
systems over time. In this context, System 
Dynamics (SD) has emerged as a valuable 
methodology for designing, prioritizing, and 
evaluating integrated climate mitigation and 
adaptation policies. System Dynamics is a general-
purpose modelling approach for analysing 
nonlinear systems characterized by feedback loops, 
delays, and accumulation processes, allowing 
policymakers to explore how complex systems 
evolve under different policy and climate scenarios. 
As exploratory tools, SD models are best suited to 
understanding system behaviour and comparing 
policy directions rather than producing precise 
point forecasts. This policy brief presents SD as a 
practical framework for climate policy design under 
real-world conditions. The approaches presented 
build on the experience developed in the Horizon 
Europe projects NEVERMORE and KNOWING, 
where System Dynamics modelling has been 
applied to support climate policy assessment across 
multiple spatial scales. 

 

Within NEVERMORE, two complementary SD-based 
modelling approaches were developed: the Local SD 
model and WILIAM. The Local SD model assesses 
the combined effects of adaptation and mitigation 
policies at regional and local scales, capturing cross-
sectoral interactions through shared variables and 
feedback structures to explore how policies evolve 
under different climate scenarios. WILIAM (Within 
Limits Integrated Assessment Model) complements 
this local perspective with a global, System 
Dynamics–based integrated assessment framework 
that analyses socio-economic transitions while 
accounting for biophysical constraints. Operating 
across eight world regions and with EU-level 
disaggregation, it ensures coherence between local 
actions and broader systemic dynamics, supporting 
consistent and scalable policy design. 

KNOWING pursues a complementary but distinct 
SD-based approach. Rather than operating through 
a single integrated model, KNOWING developed an 
Impact Interaction Model Framework in which a 
central System Dynamics model acts as an 
integrating hub, coupled with a set of sector-
specific domain models covering transport, energy 
demand and supply, land use, microclimate, health, 
flooding, and human behaviour. The SD model 
captures the cross-sectoral feedback loops, time 
delays, and indirect effects that sector models 
cannot represent individually, while the domain 
models provide the detailed, process-based inputs 
needed for local and regional calibration. The 
KNOWING framework is structured around three 
Climate Impact Contexts (CICs): Heatwave & 
Health, Flooding & Infrastructure, and Soil Fertility 
& Agriculture. These CICs were applied across four 
European demonstrator regions, each facing 
different combinations of climate hazards and 
sectoral vulnerabilities. An additional five Follower 
Regions are used to test the transferability of 
resulting pathways.  
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Data challenges in SD model construction 

Developing System Dynamics models for climate 
policy assessment requires integrating diverse 
knowledge sources, including data, scientific 
literature, domain model outputs, and expert 
judgement, across sectors, spatial scales, and time 
horizons. Unlike purely data-driven approaches, SD 
models rely primarily on structural knowledge of 
system behaviour; data serves to calibrate and 
ground this structure rather than define it. One of 
the main challenges lies in combining datasets with 
different resolutions, formats, and temporal 
coverage into a coherent modelling framework. In 
addition, the interconnected nature of SD models 
increases data requirements, as changes in one 
sector may propagate through multiple feedback 
loops. Capturing rebound effects and response 
risks, where an intervention in one sector triggers 
unintended consequences in another and may 
offset or reverse the intended benefits, requires 
extensive cross-sectoral datasets, which are often 
fragmented or incomplete. Ensuring consistency 
among these datasets therefore demands 
significant harmonization and calibration efforts. 
Another challenge relates to gaps in both temporal 
and spatial information. The temporal dimension 
requires assumptions to fill missing data and ensure 
continuity in the simulations. Concerning the spatial 
dimension, particularly in local-scale SD models, the 
lack of high-resolution data makes it necessary to 
downscale coarser datasets and combine them with 
context-specific assumptions in order to derive 
values that best reflect local conditions. 
Uncertainty also represents a major challenge. 
Future climate conditions, demographic trends, 
technological developments, and behavioural 
responses are inherently uncertain, especially over 
long simulation periods. Consequently, SD models 
rely heavily on scenario analysis to evaluate how 
different assumptions may influence system 
behaviour and policy outcomes. 

 

Why adaptation is harder to model than 
mitigation 

Mitigation outcomes can often be expressed 
through relatively tractable indicators such as 
greenhouse gas emissions, and key relationships, 
such as energy consumption, technological 
substitution, land-use change, benefit from 
established accounting frameworks and historical 
datasets. This gives mitigation modelling a degree of 
anchoring, even if it still faces significant challenges, 
particularly around behavioural adoption rates, 
rebound effects, and the long-term system 
responses to low-carbon transitions.  

In contrast, adaptation modelling is inherently 
more complex due to the context-specific and 
multidimensional nature of adaptation processes. 
Adaptation outcomes depend not only on climatic 
conditions but also on social vulnerability, 
institutional capacity, behavioural responses, 
infrastructure resilience, and ecosystem dynamics. 
Many of these factors are difficult to quantify and 
may evolve differently across locations and time 
periods. Another challenge is that adaptation 
benefits are often indirect or preventive. 
Adaptation policies frequently aim to avoid future 
damages that may or may not occur depending on 
uncertain climate trajectories. For example, 
investments in flood protection reduce future risk 
exposure, but the effectiveness of these measures 
depends on the magnitude and frequency of future 
extreme events. Adaptation policies also involve 
strong local dependencies. Measures that are 
effective in one region may not produce the same 
outcomes elsewhere due to differences in climate 
conditions, governance structures, economic 
activities, or ecosystem characteristics. As a result, 
adaptation modelling requires greater 
contextualization and stakeholder engagement 
than mitigation modelling. A further and often 
underestimated modelling challenge is the 
interaction between mitigation and adaptation 
measures. Policies designed to reduce emissions 
may alter exposure or vulnerability to climate 
hazards; conversely, adaptation investments may 
affect energy demand, land use, or transport 
patterns. Representing these interactions 
endogenously, rather than treating mitigation and 
adaptation as parallel tracks, is one of the distinctive 
contributions that SD modelling offers for climate 
policy design. 
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The NEVERMORE local SD model supports the 
representation of adaptation processes by 
simulating dynamic risk indicators derived from the 
combination of hazard probabilities, exposed 
elements, and system vulnerabilities. These 
indicators provide a semi-quantitative framework 
to assess how changes in exposure and vulnerability 
modify overall risk levels under different climate 
scenarios. Moreover, these adaptation indicators 
are interconnected to mitigation-related variables, 
enabling an integrated modelling framework in 
which both risk reduction and emission reduction 
strategies can be assessed simultaneously. 

The KNOWING SD model integrates climate hazards 
with sectoral exposure, vulnerability, and response 
variables, enabling the simultaneous and 
endogenous assessment of adaptation and 
mitigation measures. It includes a behavioural 
component based on a Climate Impact Coping 
Typology derived from surveys and focus groups, 
capturing socially differentiated responses to 
climate risks and allowing the model to reflect 
behavioural barriers and rebound effects often 
missing in technical approaches. Since future 
adaptation effectiveness cannot be directly 
observed, the model applies a cross-calibration 
approach using domain model outputs as reference 
baselines and calibrating across multiple pathways 
of adaptation and mitigation combinations. This 
ensures robust representation of adaptation 
dynamics across a range of plausible futures rather 
than a single scenario. 

Stakeholders as part of the modelling method 

Stakeholder participation is a fundamental 
component of System Dynamics modelling for 
climate adaptation and mitigation.  

 

Participation of stakeholders in NEVERMORE consultation and 
engagement activities. 

Within the NEVERMORE project, co-creation 
processes were integrated throughout model 
development to improve the relevance, usability 
and credibility of the modelling framework. 
Stakeholder engagement helped deepen the 
understanding of local climate challenges, identify 
key system interactions, and ensure that model 
assumptions and policy scenarios were grounded in 
real-world conditions and local priorities. 
Stakeholders also provided essential contextual 
knowledge that is often missing from quantitative 
datasets, such as institutional constraints, 
behavioural dynamics, governance issues, and 
sector-specific vulnerabilities. This input supported 
model calibration, refinement of structures, and the 
identification of more realistic policy pathways. 
Consultations with the five Local Councils of 
stakeholders were embedded in key stages of the 
modelling process, including problem definition, 
scenario development, policy identification, and 
output validation. 

 

 

 

 

 

 

 

 

 

Participation of stakeholders in KNOWING consultation and 
engagement activities. 

Stakeholder involvement in KNOWING was 
organised around four structured phases that 
directly correspond to the modelling process. In the 
first phase, stakeholders and citizens helped form 
adaptation hypotheses by reflecting on predicted 
climate impacts, surfacing locally specific 
vulnerabilities that quantitative data alone cannot 
capture. In the second phase, Demonstrator 
Dialogues enabled stakeholders to define regional 
development visions and select feasible 
intervention packages. These visions served as the 
endpoint targets for the model's backcasting 
process, ensuring that identified pathways are 
grounded in what communities actually want and 
consider feasible. In the third phase, stakeholders 
were repeatedly consulted on iterative modelling, 
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reviewing results, challenging assumptions, and 
adjusting the measure packages where model 
findings revealed unexpected cross-sectoral effects. 
In the fourth phase, communication and decision-
support tools were co-designed with and tested by 
the stakeholder communities they are intended for. 

Overall, these participatory processes demonstrate 
that, because climate policies affect multiple 
sectors, institutions, and social groups, the 
development of robust and actionable System 
Dynamics models depends on the effective 
integration of local knowledge together with 
scientific and technical expertise. 

Model validation for policy use 

Validation is an ongoing and multi-layered process 
in System Dynamics modelling. Rather than 
confirming a model as 'correct', validation builds 
confidence that the model's structure is plausible, 
its behaviour is consistent with observed dynamics, 
and its policy responses are coherent within the 
scope for which it was designed. This distinction is 
important for policymakers: SD model results 
should be interpreted as structured explorations of 
plausible futures, not as predictions. 

The NEVERMORE System Dynamics modelling 
framework, including both the Local SD model and 
the WILIAM model, was validated through a 
combination of structural, behavioural, calibration 
and policy-oriented procedures to ensure 
robustness and suitability for climate policy 
analysis. For the Local SD model, structural 
validation ensured that the model structure, 
equations, and feedback mechanisms adequately 
represent real-world system behaviour. This 
included expert review, the use of scientific 
literature and reliable datasets, assessment of 
causal relationships, and consistency checks of units 
in model equations. Behavioural validation 
evaluated whether the model could reproduce 
realistic system dynamics over time by comparing 
simulated outputs with historical data and observed 
trends. Additional comparison with established 
water modelling approaches was used to 
strengthen the validation of the water subsystem. 
Policy validation assessed whether the model 
responds plausibly to interventions through the 
simulation of policies, confirming that the model 
generates coherent changes in water demand and 
related system dynamics. Similarly, the WILIAM 
model underwent validation procedures to assess  

 its reliability at broader scales. These included 
systematic checking of units and dimensional 
consistency across modules, comparison of 
business-as-usual scenario results with historical 
data, and intercomparison of model outputs with 
results from other Integrated Assessment Models. 
In addition, specific calibration exercises were 
conducted for key components such as the energy 
transformation chain and land-use systems to 
ensure realistic representation of sectoral dynamics 
and interactions. 

The KNOWING Impact Interaction Model 
Framework was validated through a multi-layered 
process that combines established SD validation 
practices with an innovative approach suited to the 
specific challenge of future-oriented climate 
modelling, where empirical observations of the 
outcomes being modelled do not yet exist. At the 
level of model structure, structural validation was 
carried out through expert review of the causal loop 
diagrams, unit consistency checks across all sub-
model equations, and systematic assessment of the 
plausibility of causal relationships. The initial causal 
structure was developed through a literature-based 
process and refined through dedicated domain 
model dialogues with the experts responsible for 
each sector model, ensuring that the SD model's 
representation of sectoral dynamics was consistent 
with the more detailed domain-level 
understanding. The core of the KNOWING validation 
strategy is the cross-calibration approach. Rather 
than calibrating against historical observations 
alone, the SD sub-models are calibrated against the 
outputs of the domain models, which themselves 
represent validated, process-based simulations. 
Critically, this calibration is not performed under a 
single scenario: multiple cross-calibration 
pathways have been used to ensure that the SD 
model behaves consistently and plausibly across a 
range of policy conditions. Finally, the KNOWING 
framework incorporates a transferability 
assessment: a similarity analysis that allows the 
structural validity of model configurations to be 
evaluated when applied to regions for which no 
domain model runs are available. This serves as a 
form of out-of-sample validation, and ensures that 
pathways developed for the demonstrator regions 
are not applied uncritically to contexts where they 
may not be appropriate. 
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What results SD models provide to 
policymakers 

System Dynamics models, such as those developed 
in NEVERMORE and KNOWING projects, provide 
policymakers with an integrated perspective on 
how climate policies influence socio-economic and 
environmental systems over time. Rather than 
evaluating isolated measures, SD models reveal 
how policies interact across sectors and how their 
impacts evolve through feedback mechanisms and 
long-term accumulations. One of the main 
strengths of SD modelling is scenario analysis. 
Policymakers can compare alternative policy 
combinations under different climate and socio-
economic futures, allowing them to evaluate the 
robustness of strategies under uncertainty. SD 
models also help identify co-benefits and trade-offs 
between adaptation and mitigation objectives. For 
example, renewable energy expansion may reduce 
emissions while increasing land-use pressures. 
Understanding these interdependencies supports 
more coherent and efficient policy design. Another 
key contribution is the ability to evaluate policy 
timing and implementation pathways. Because SD 
models explicitly represent delays and 
accumulations, they help policymakers assess how 
quickly policy impacts emerge and whether delayed 
action may increase future risks. 

In this way, SD models support evidence-based 
decision-making by translating complex system 
interactions into understandable policy-relevant 
indicators and enabling the exploration of potential 
policy effects before real-world implementation, 
thereby facilitating more informed and 
precautionary responses under uncertainty. 
Another actionable output of SD modelling is the 
development of policy pathways through 
backcasting: starting from a desired future state, 
such as a climate-neutral region by 2050, and 
identifying the sequence, timing, and scale of 
interventions required to reach it. Unlike forward-
looking scenarios that explore what might happen, 
backcasting pathways tell policymakers what needs 
to happen and when, making them directly usable 
in strategic planning processes. Both NEVERMORE 
and KNOWING developed demonstrator-specific 
pathways of this kind. Finally, SD modelling 
frameworks can also support policy diffusion: once 
a model structure is calibrated for one region, 
transferability analysis can identify how well the 
same structure and pathways apply to other 
regions, reducing the cost and time needed to 
develop actionable climate strategies at scale. 

 

SYSTEM DYNAMICS MODEL SIMULATED POLICY SCENARIOS

REAL-WORLD POLICY APPLICATION
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Conclusions 

System Dynamics modelling offers a valuable 
framework for supporting climate policy design in 
complex and uncertain contexts. The experiences 
from the NEVERMORE and KNOWING projects show 
that SD models can help policymakers better 
understand the interactions between adaptation 
and mitigation policies, evaluate long-term impacts, 
and explore alternative policy pathways under 
different climate scenarios. Although important 
challenges remain, including full representation of 
rebound effects, formal integration of backcasting 
optimisation, and the need for richer datasets for 
adaptation modelling, the open-source publication 
of both modelling frameworks ensures that these 
challenges can be addressed iteratively by the 
broader research and policy community. 
Stakeholder participation and robust validation 
processes are also essential to ensure that models 
remain credible, context-specific, and useful for 
decision-making. Finally, System Dynamics models 
support more informed and resilient policymaking 
by helping decision-makers explore possible 
outcomes, anticipate unintended consequences, 
and design more coherent climate strategies. 

 

Key insights 

✓ The policy question involves cross-sectoral 

interactions that cannot be assessed in 

isolation;  

✓ Time delays and accumulation effects are 

important (e.g. infrastructure lock-in, ecological 

tipping points);  

✓ Stakeholder co-creation and iterative learning 

are part of the process;  

✓ The goal is pathway development rather than 

precise numerical forecasting.  

WILIAM Model:  
https://github.com/LOCOMOTION-h2020/WILIAM_model_VENSIM/wiki 

NEVERMORE Local SD Model:  
https://github.com/NevermoreHE/Local-models 

KNOWING SD Model:  
https://zenodo.org/communities/knowing/ 

Contact and further information 

Further details can be found on the respective project websites. These also include deliverables, user 
stories, experiences, tools and publications 

 

NEVERMORE: Fondazione Bruno Kessler. nevermore-communication@fbk.eu 
https://www.nevermore-horizon.eu/ 

KNOWING: AIT Austrian Institute of Technology GmbH. projectoffice@knowing-climate.eu 
https://knowing-climate.eu/ 
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