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1. Glossary Box
Box 1: Glossary 
Climate-economic models:  
Macro-econometric models (MEMs) are regression models that estimate the past causal links between climate change (e.g., expressed by temperature and precipitation) and economic growth measured by the gross domestic product (GDP) using historical climate and economic records. MEMs are used to make future projections of climate-induced impacts on GDP using future climate projections without explicitly modelling the economy.
Partial Equilibrium (PE) models are numerical optimisation models that describe the behaviour of demand and supply and price formation in a single sector, with exogenous input from the rest of economy. Similar to CGE models, PE models rely on equilibrium conditions and assume that consumers maximize their utility and producers maximise their profit, given the budget, resource and technology constrains, respectively. Compared to CGE models, PE models usually provide a greater sectoral representation. PE models can also be single-country or multi-regional, as well as static or dynamic. PE models are used to quantify economic impacts induced by policy or climatic shocks within a single sector.
Computable General Equilibrium (CGE) models are numerical economic optimisation models that describe the price formation and interactions between demand and supply in a whole economy, given the equilibrium conditions, such as income balance (i.e., expenditures equal income), market clearing (i.e., demand equals supply), and zero profit (i.e., marginal cost equals marginal revenue). In CGE models, consumers are assumed to maximise their utility under budget constraints, and producers are assumed to maximise their profit under resource and technology constrains. CGE models can be of a single country or multi-regional, and static or dynamic (i.e., intertemporal and recursive dynamic). CGE models are used to quantify economy-wide responses to policy or climatic shocks. 
Agent-Based Models (ABMs) are numerical models that simulate micro-level interactions between individual agents (e.g., people or firms) based on microeconomic theory or descriptive rules. In contrast to CGE and PE models, an ABM explicitly simulates the transitions from one equilibrium to another. The ABM framework allows to relax several idealised behavioural assumptions (e.g., perfectly rational optimising agents), enabling the representation of market inertia and heterogeneity across individual agents. ABMs can be used to assess the economic consequences of climate policies or climate impacts.  
Input-Output (IO) models are numerical economic models that depicts the interdependencies between various sectors of an economy using a matrix format. In these models, the outputs from one sector (represented by rows) serve as inputs to other sectors (represented by columns). IO models are designed to evaluate indirect economic impacts. Standard IO models are demand-driven and assume a fixed structure for production and consumption, meaning there is no substitution in production and consumption.
Cost-benefit Integrated Assessment Models (IAMs) are numerical fully coupled (hard-linked) climate-energy-economy models, which can consistently capture climate dynamics (i.e., endogenous climate feedback effects). Cost-benefit IAMs can be simulation models (e.g., PAGE1 and FUND2) or intertemporal optimisation models (e.g., DICE), which are mainly used to derive optimal mitigation policies or to estimate the social cost of carbon 3. 
Climate terminology:
Climate extreme is an extreme (i.e., rare and potentially impactful) manifestation of climatic variables such as a storm, a heat wave, a drought or extreme precipitation. Climate extremes may compound in space, time and/or across variables (e.g., a heat wave and a drought occurring at the same time).
Climate variability, also internal climate variability, refers to changes in the climate system that occur naturally due to complex interactions between the different spheres of the climate system. This variability is distinct from the mean climate change signal in the climate system but may change under climate change. It is also different from natural climate variability which includes climate variability as well as changes in the mean climate that arise from natural sources such as solar or volcanic forcing. Climate variability may temporarily reduce or increase the probability for a climate extreme to occur.
Climatic impact-drivers (CID) are physical climate system conditions (e.g., means, events, extremes) that affect an element of society or ecosystems. Depending on system tolerance, CIDs and their changes can be detrimental, beneficial, neutral or a mixture of each across interacting system elements and regions 4.
2. Ranking of Modelling Features
We identify eight key modelling features essential for a robust assessment of climate change costs, including impacts from climate extremes, in economic models: 
· Spatial Resolution 
· Temporal Resolution 
· Sectoral Granularity
· Regional Coverage 
· Time Horizon 
· Computational Ease
· Uncertainty  
· Heterogeneity  
For our modelling feature review, we particularly focus on the model specific documentations of models used to assess the cost of climate change, as well as methodological review papers. For example:
· CGE models focused review papers: Wei and Aaheim (2022)5, Babatunde et al. (2017)6, Ghaith et al. (2021)7, and Fabregat-Aibar et al. (2022)8.
· Input-Output models focused review papers: Galbusera and Giannopoulos (2018)9, Botzen et al. (2019)10, Clouse et al. (2023)11, Sun et al. (2018)12, Wiedmann (2009)13. 
· Macro-econometric models focused review papers: Newell et al. (2021)14, Chang et al. (2023)15, Auffhammer (2018)16. 
· Agent-based models focused review papers: Steinbacher et al. (2021)17, Matthew et al. (2007)18, An et al. (2021)19, Rizzati and Landoni (2024)20. Axtel and Farmer (2025)21, Ribeiro-Rodrigues and Bortoleto (2024)22, Groeneveld et al. (2017)23, Aerts (2020)24. 
For each model type and feature, we assign a performance score ranging from 1 (lowest) to 5 (highest). To reflect variations across models’ implementations, scores are categorised as:
· "mean" represents the most common specification used in climate cost quantification
· "max" represents the best achievable performance across all applications, including those not focused on climate costs 
Below, we describe how we assign the scores for each model type and each modelling feature. 
Spatial resolution: 
	1
	Global

	2
	National

	3
	Coarse grid/subnational regions

	4
	Fine grid/NUTS 3

	5
	Household/asset level


· MEMs. Most MEMs that estimate climate costs operate on a national scale 14. However, newer versions of MEMs use the sub-national DOSE datasets 25,26. Given this, we assign spatial resolution scores of 2 (mean) and 3 (max) to MEMs.
· IO. Most current IO models, which quantify the indirect costs of climate hazards (e.g., floods), operate on a national scale because IO models, as they are based on national accounting data (i.e., IO tables). However, some IO models achieve finer NUTS3-level spatial resolution 27,28. Given this, we assign spatial resolution scores of 2 (mean) and 4 (max) to IO models. 
· CGE. Most current CGE models that quantify climate costs operate on regional or national scales 29,30. However, some (e.g., EU-focused) models (e.g., ICES) achieve finer NUTS3-level spatial resolution 31. Given this, we assign spatial resolution scores of 2 (mean) and 3 (max) to CGE models. 
· PE. Most current agro-economic PE models (e.g., GLOBIOM and MAgPIE), which quantify the impacts of climate change on agricultural and food markets, operate on a fine grid cell level (0.5° x 0.5° grid cells) 32. However, some agro-economic region-focused PE models (e.g., CAPRI) achieve a finer resolution of 1×1 km grid cells. Given this, we assign spatial resolution performance scores of 3 (mean) and 4 (max) to PE models.
· ABMs. Most ABMs, which quantify the indirect costs of climate extremes, operate on a national scale 33,34. However, some ABMs used in non-climate economy applications achieve finer farmer/household/asset level spatial resolution 35. Given this, we assign spatial resolution scores of 2 (mean) and 5 (max) to ABMs.
Temporal Resolution:
	1
	Multiyear timesteps (e.g. 5yr)

	2
	Yearly

	3
	Coarse sub year (quarter or half)

	4
	Monthly

	5
	Daily


MEMs and most structural models (i.e., IO, CGE, and PE models) that assess climate costs are typically resolved at an annual temporal resolution. The exemption is ABMs which are usually resolved at a daily scale. Depending on the application, ABMs with coarser temporal resolution are also available. Note that the temporal resolution of the original economic data (i.e., IO tables) used in ABMs to quantify climate costs is often annual, but it is then interpolated to a daily scale 34. Given this, we assign temporal resolution performance scores of 2 (mean and max) to MEMs, IO, CGE, and PE models, and scores of 5 (mean and max) to ABMs. 
Sectoral Granularity: 
	1
	Whole economy aggregated

	2
	1-digit level industry identifier (CPC*) or one explicit sector with rest global

	3
	2-digit level industry identifier (CPC)

	4
	3–4-digit level industry identifier (CPC)

	5
	5-digit level industry identifier (CPC)

	
	* CPC stand for the Central Product Classification


· MEMs. Most MEMs estimate the climate impact on GDP 14. However, some recent MEMs also estimate the impact on sector-specific GDP contribution (i.e., agriculture, manufacturing, service) 26. Given this, we assign sectoral granularity scores of 1 (mean) and 2 (max) to MEMs.
· IO, CGE, ABMs. Most IO, CGE, and ABMs models that quantify climate costs are typically resolved at 2-digit level of the CPC. However, some models feature 3-digit level granularity for several sectors. Given this, we assign sectoral granularity scores of 3 (mean) and 4 (max) to IO, CGE, and ABMs models. 
· PE. Most agro-economic PE models, which quantify the impacts of climate change on agricultural and food markets, have mixed sub-sectoral granularity within the agricultural sector. However, they are typically more granular than IO and CGE models in terms of agricultural detail 36,37. Given this, we assign sectoral granularity scores of 4 (mean) and 5 (max) to agro-economic PE models. 
Regional Coverage: 
	1
	Single subnational region

	2
	National

	3
	Multinational region

	4
	Multi continent but not all

	5
	All world's countries 


· MEMs, CGE, PE, ABM. Most MEMs, CGE, PE, and ABMs models, which assess economic impacts of climate change and extremes, offer global multi-regional coverage, although some countries, and islands are not included. Given this, we assign regional coverage scores 4 (mean and max). Note that ABMs, in non-climate economy applications, are typically limited to national or subnational coverage 17,21.
· IO. Most IO models, which quantify the indirect costs of climate extremes, are single country models 9. However, global multi-regional IO models also exist 38 and are particularly used in non-climate economy applications 13.  Given this, we assign regional coverage scores of 2 (mean) and 4 (max) to IO models. 
Time Horizon: 
	1
	Sub year

	2
	Single year

	3
	Decade

	4
	Century

	5
	Hundreds of years


· MEMs, CGE, PE. Most MEMs, CGE, and PE models that assess climate costs run through 2100 (or at least up to 2050) 14,30,32. Although technically feasible, these models seldom extend their projections beyond 2100 due to significant climate and socioeconomic uncertainties. Given that, we assign time horizon scores 4 (mean and max) to MEMs, CGE, and PE models. 
· IO. Most IO models, which quantify the indirect costs of climate extremes, are single year models 9. However, some dynamic IO models could potential make simulations through 2100 39. Given this, we assign time horizon scores of 2 (mean) and 4 (max) to IO models. 
· ABMs. Most ABMs quantify the indirect cost of short-term climate events. However, in other applications (e.g., population dynamics), ABMs make simulate scenarios over several decades 40. Extending the time horizon usually results in reduced granularity and increased computational burden. Given this, we assign time horizon scores of 1 (mean) and 3 (max) to ABMs. 
Computational Ease: 
	1
	Long on a supercomputer

	2
	Fast on a supercomputer

	3
	Medium

	4
	Long on a laptop

	5
	Fast on a laptop


· MEMs, IO. Both MEMs and IO models are solved using linear algebra and matrix multiplications, which do not impose a significant computational burden. Given this, we assign computation ease scores of 5 (mean and max) to MEMs and IO models. 
· CGE, PE. Both CGE and PE models are typically formulated as constrained non-linear optimisation problems, which might be computationally intensive depending on the model size and the complexity of non-linearities. However, some CGE models are linearised (e.g., GTAP model) 41. Given this, we assign computational ease scores of 4 (mean) and 5 (max) to CGE and PE models.  
· ABMs. ABMs are typically more computationally intensive than CGE and PE models because of their granular simulation of heterogenous agents and modelling of disequilibrium. However, computational demands vary significantly with the model size and the complexity of non-linearities 19. Given this, we assign computational ease scores of 3 (mean) and 4 (max).
Uncertainty: 
	1
	Fully deterministic

	2
	Certain parametric uncertainty

	3
	Some parametric and stochastic uncertainty

	4
	Fully stochastic with certain parametric uncertainty

	5
	Fully stochastic with parametric uncertainty


· MEMs. While MEMs are not fully stochastic, they effectively capture parametric and stochastic uncertainties through standard error estimation. Compared to structural models, MEMs better quantify these uncertainties through confidence intervals. Given this, we assign uncertainty scores of 3 (mean and max) to MEMs. 
· CGE, PE. Although both CGE and PE models are inherently deterministic, their simulations are often supplemented by sensitivity analyses to evaluate the robustness of results against variations in key parameters. Some CGE and PE models can incorporate Monte Carlo and Gauss Quadrature simulations to account for variability in key parameters 42. Given this, we assign uncertainty scores of 2 (mean) and 3 (max) to CGE and PE models.
· IO. IO models do not account for the behavioural responses of firms and consumers. These models are demand-driven, assuming that consumer preferences and input-output ratios in production remain linear and fixed. Given this, we assign uncertainty scores of 1 (mean and max) to IO models.
· ABMs. Most ABMs that quantify climate costs are deterministic 34. However, some ABMs used in non-climate economic applications are stochastic 17,43. Given this, we assign uncertainty scores of 2 (mean) and 4 (max) to ABMs.
Heterogeneity: 
	1
	Single representative or homogenous firm and consumer

	2
	Not available 

	3
	Heterogenous representative firms and/or consumers

	4
	Not available 

	5
	Explicit representation of all firms and consumers 


· MEMs, IO. Neither MEMs nor IO models include explicit micro-level representation of firms or consumers. Instead, they aggregate these actors: MEMs combine all firms into a single GDP measure, while IO models group them into sectors. Given this, we assign heterogeneity scores of 1 (mean and max) to MEMs and IO models.
· CGE, PE. Most CGE and PE models, which assess the economic impacts of climate change, depict only single representative producers and consumers. However, some CGE and PE models incorporate heterogeneous representative producers and consumers 44,45. Given this, we assign heterogeneity scores of 1 (mean) and 3 (max) to CGE and PE models. 
· ABMs. Most ABMs that quantify climate costs incorporate heterogeneous representative firms. However, some ABMs used in non-climate economic applications include explicit representations of firms 35,46. Given this, we assign heterogeneity scores of 3 (mean) and 5 (max) to ABMs. 
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