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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   Incorporate  key  elements  of  integrated assessment  modelling  into  the  Intergovernmental  Panel  on Climate  Change

(IPCC)’s framework of climate change risks.

■   Investigate the integrated assessment tools for climate risks, highlighting their modelling features, scientific founda-
tions, limitations and future directions.

■   Identify  key  modelling  challenges:  uncertainty,  climate  damage monetization,  long-term economic  modelling,  high-
resolution climate extremes, and adaptation.

■   Outline pathways to enhance models by bridging integrated assessment models (IAMs) and empirical models.
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Climate change poses significant socio-economic risks, necessitating inte-
grated  assessment  modelling  that  bridges  natural  and  socioeconomic
systems  to  identify  and  manage  climate  risks.  However,  research  on  key
components  of  integrated  assessment  frameworks  remains  fragmented
across disciplines,  lacking  explicit  integration  with  the  theoretical  frame-
work of climate change risk. This hinders the practical application of inte-
grated assessment approaches in climate risk management. In this narra-
tive  review,  we  synthesize  key  elements  of  integrated  assessment
modelling—climate-related scenarios, climate simulations, climate impacts
and  damages,  and  uncertainties—within  the  Intergovernmental  Panel  on
Climate Change (IPCC)’s risk framework,  defined by hazard,  exposure,  and
vulnerability. We  examine  how  these  elements  are  represented  in  inte-
grated  assessment  models  (IAMs)  and  empirical  approaches,  highlighting
their modelling features and scientific foundations. We identify critical chal-
lenges  in  current  research,  including  (1)  the  treatment  of  uncertainty,  (2)
monetization  of  climate  damages,  (3)  representation  of  long-term
economic  impacts,  and  (4)  incorporation  of  high-resolution  climate
extremes  and  adaptation  dynamics.  We  propose  that  addressing  these
gaps  requires  bridging  IAMs  and  empirical  methods  to  improve  multi-
model  integration,  economic  characterization,  and  the  understanding  of
climate–economy interactions across spatial and temporal scales.

 INTRODUCTION
Climate  change  is  already  causing  widespread  socio-economic  losses –

from  agriculture1 and  energy2,3 to  health4 and  infrastructure5,6 – yet  our
understanding of these risks to human systems still  lags behind our knowl-
edge of the climate’s physical impacts. These severe risks, spanning global,7

regional,8 national,9 and local levels,10 have far-reaching impacts on macroe-
conomics.11 Their effects  will  persist  for  centuries,  posing  significant  chal-
lenges to the sustainable development of humanity.12 As previously demon-
strated,13-15 assessing  climate  change  risks  (Box  1  and Figure  1)  can  help
decision-makers understand  the  extent  to  which  climate  mitigation  strate-
gies avoid climate risks (mitigation benefits), thereby helping them select the
most  cost-benefit  economic  mitigation  pathway.  It  can  also  help  decision-
makers  identify  the  demands  for  regional  adaptation,  enabling  them  to
formulate climate adaptation strategies tailored to local conditions.

Assessing  the  risks  that  climate  change  imposes  on  the  socio-economic
system requires  an  integrated  consideration  of  how  the  hazards  are  trans-
ferred  from  the  climate  system  to  the  socio-economic  system,  which
encompasses  multidisciplinary  knowledge  such  as  physics,  economics,
management  science,  and  geographical  science.  Therefore,  it  will  be  highly
essential  to integrate multidisciplinary knowledge and establish a consistent
integrated assessment framework.14,29 The current assessment paradigm can
be  summarized  as  the  framework  presented  in Figure  2.  It  discloses  the
transmission  mechanism  through  which  the  economic  activity  of  human
society gives rise to GHG emissions, which subsequently impact the climate
system and  the  socio-economic  system,30-32 namely,  Socio-economic path-
ways → GHG emissions  → GHG concentrations  → Radiative forcings  →
Climate-related hazards  → Socio-economic  damages.  This  transmission

process  fully  embodies  the  three  decisive  factors  of  climate  change  risks:
Firstly, the potential socio-economic pathways delineate the socio-economic
characteristics such as the economy, population,  energy structure,  and poli-
cies, which determine the exposure and vulnerability. Secondly, diverse socio-
economic  pathways  will  generate  distinct  GHG  emission  pathways,  thereby
triggering  differentiated  pathways  related  to  hazards.  Thirdly,  hazards  will
exert an impact and cause damage to different regions, sectors and commu-
nities  within  the  socio-economic  system.  Different  hazard-bearing  entities
will  exhibit  differentiated  responses  (vulnerability)  when  confronted  with  the
shocks  of  the  same  hazards.  Furthermore,  factors  such  as  future  socio-
economic  development  and  policies  are  uncertain  in  both  temporal  and
spatial dimensions, thereby rendering exposure and vulnerability uncertain as
well. The uncertainty  of  the  social  economy will  also  give  rise  to  the  uncer-
tainty  of  emission  pathways.  Once  GHGs enter  the  climate  system,  there  is
uncertainty  in  the  carbon  cycle  process  within  the  climate  system  and
climate  sensitivity  (the  response  of  global  mean temperature  to  emissions),
ultimately  resulting  in  climate-related hazards  incorporating  the  aforemen-
tioned uncertainties.  Under  the combined effect  of  uncertain hazards,  expo-
sure and vulnerability, the socio-economic system will ultimately manifest the
risks of climate change in the form of uncertain climate damages.

To sum up, the integrated assessment framework of climate change risks
can  be  further  refined  into  four  key  elements:  climate-related  scenarios,
climate simulation, climate impacts and damages, and uncertainties. On the
one  hand,  climate-related  scenarios  delineate  potential  climate  transition
pathways,  thereby  characterizing  exposure  and  vulnerability.  On  the  other
hand,  they  can  also  depict  the  hazards  under  specific  emission  pathways.
Climate simulation aims to investigate the effects of GHG emissions from the
socio-economic  system  on  hazards  such  as  temperature,  precipitation,  sea
level,  and  extreme  events.  Climate  impacts  and  damages  typically  involve
identifying the vulnerability of hazard-affected entities and combining it  with
hazard  and  exposure  to  assess  the  final  risks  caused  by  climate  change.
Uncertainty research is typically nested within the above-mentioned three key
elements17.

Although implicitly  linked to hazards,  exposure,  and vulnerability,  research
on these four elements remains fragmented across disciplines, and the IAMs
associated  with  them  have  primarily  been  explored  within  the  realm  of
climate  change  mitigation  rather  than  in  the  domain  of  Impact,  Adaptation,
and Vulnerability (IAV). However, existing research on hazards, exposure, and
vulnerability  has  predominantly  been  situated  within  the  IAV  field.  Limited
research has explicitly linked key components of IAMs with the IPCC’s frame-
work  of  climate  change  risks  to  provide  a  systematic  understanding  of  risk
assessment. As global temperature rise approaches the critical 1.5°C thresh-
old,  reliance  solely  on  climate  mitigation  measures  proves  inadequate  to
address  escalating  climate  risks,  necessitating  the  concurrent  development
of spatially targeted adaptation strategies. This imperative calls for paradigm
integration between Mitigation and IAV to  systematically  address upcoming
climate challenges. This integration would not only overcome the limitations
of research methods based on specific disciplines and fields but also estab-
lish  bridges  for  their  cross-innovation, thereby  providing  more  comprehen-
sive scientific support for decision-makers in climate risk management.
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In this review, we conducted a targeted search of Web of Science, Scopus,
and  Google  Scholar  over  2010–2025.  Searches  centred  on  IAMs,  IPCC  risk
framing, scenarios, climate modelling, climate–economy impacts, and uncer-
tainty. We included peer-reviewed studies that provide empirical evidence or
modelling  implications  related  to  them;  Screening  was  supplemented  by
backward/forward  citation  chasing.  Evidence  was  synthesised  concept-
centrically by theme, distinguishing convergent findings from contested ones
and  mapping  them  to  the  IPCC  risk  dimensions  and  to  the  transmission
mechanism in Figure  2.  Coverage  is  selective  by  design.  We synthesise  the
evidence scattered in the research field of mitigation and IAV related to four
elements—climate-related scenarios, climate simulation, climate impacts and
damages, and uncertainty—within the IPCC risk framework (hazard, exposure,
vulnerability)  and  the Figure  2 chain, thereby  providing  a  more  comprehen-
sive understanding of assessing climate change risks at the socio-economic
level.

We initially summarize the characteristics and application scenarios of the
main  tools  for  the  integrated  assessment  of  climate  change risks,  compare
the advantages and disadvantages of different tools, and identify their corre-

lations. Secondly,  we summarize five types of key uncertainties and analyze
how they are reflected in climate-related scenarios, climate simulations, and
climate  impacts  and  damages.  Thirdly,  we  sort  out  the  composition  and
construction  process  of  climate-related  scenarios  and  reveal  how  they  are
applied  in  risk  assessment.  Then,  we  analyze  how  to  combine  traditional
climate  simulations  in  natural  science  with  the  integrated  assessment
modelling  of  climate  change.  Finally,  we  summarize  the  characteristics  of
IAMs  and  empirical  models  when  modelling  climate  impacts  and  damages
and  analyze  the  commonalities,  differences,  and  connections  of  the  two
types of tools. The related scientific mechanisms and controversies are also
identified and discussed in this section. Besides,  throughout all  sections,  we
identify  the  related  limitations,  potential  challenges,  and  future  trends  and
provide suggestions for modelling improvement.

 TOOLS FOR RISK ASSESSMENT
The tools utilized for evaluating the risks of climate change comprise IAMs

and climate econometric models.17-19,33 IAMs are defined as a type of model
that  integrates  knowledge  from  two  or  more  domains  within  the  same  and

 

Figure 1.  IPCC’s conceptual framework of climate change risks (adapted from IPCC28).

 

Box 1. Defining climate change risk
The risks can be defined as potential adverse consequences for humans or ecosystems. In the conceptual framework of the IPCC,16 climate change
risks  arise  from  the  potential  impacts  of  climate  change.  They  also  arise  from  the  dynamic  interaction  between  climate-related  hazards  and  the
exposure and vulnerability of the affected human or ecological system to such hazards. Hazard refers to potential physical events or trends caused by
nature or humans, which may cause damage to property, health, infrastructure, etc. Climate-related hazards encompass extreme events such as heat
waves, floods, and other "acute" hazards;17-21 it also comprises some "chronic" hazards such as global warming and sea level rise.22 The alterations of
hazards mainly stem from human-induced climate change23 and are directly affected by greenhouse gas (GHG) emissions. Therefore, controlling the
emission pathway of GHGs through mitigation measures can effectively manage the hazards. Exposure refers to the objective existence of humans,
infrastructure,  economy,  society,  etc.  These  objective  existences  might  be  adversely  impacted  by  climate-related  hazards  at  a  specific  temporal-
spatial  level.24 Exposure  will  be  jointly  determined  by  the  hazards  and  socio-economic  conditions,  etc.  For  instance,  in  coastal  regions,  a  more
powerful  hurricane  is  likely  to  have  a  broader  impact  on  people  and  property  compared  to  a  less  powerful  one.25 Urbanization  will  modify  the
population  and  asset  value  in  exposed  areas.26 Vulnerability  refers  to  the  propensity  of  humans  and  assets  to  be  negatively  affected  by  climate
change.  It  reflects  the  sensitivity  of  humans  and  assets  to  adverse  effects  and  also  the  lack  of  ability  to  adapt  to  negative  impacts.  Therefore,
adaptation measures can effectively modify the vulnerability  of  exposed entities.27 Vulnerability  is  jointly  shaped by socio-economic assets,  socio-
economic  structures,  as  well  as  the  climate  and  environment,  and  it  fluctuates  by  geographical  features,  economic  sectors,  socio-economic
characteristics,  etc.  Additionally,  there exists uncertainty in hazard,  exposure,  and vulnerability,  and they undergo alterations due to changes in the
socio-economy and human decisions (risk  response actions such as mitigation and adaptation).  In  light  of  the uncertainty  and dynamic nature of
these risk determinants,  the quantitative assessment of  climate change risks is  to generate probability  distributions for  potential  consequences of
climate change impacts.
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consistent framework.34 These models typically incorporate the submodules
related  to  the  economy,  energy  system,  climate  simulation,  land  use,  and
climate damage.32,35,36

Through  the  economic  dynamics  module,  IAMs  can  generate  mitigation
(transition) scenarios,  the  associated  emission  pathways,  and  the  corre-
sponding mitigation costs. On the one hand, this module can be modelled as
a  highly  integrated  and  simplified  single  economic  sector,  such  as  the
economic  module  of  the  DICE  model.37 On  the  other  hand,  this  module  can
also be modelled in a more detailed manner. For instance, sectors are refined
and  modelled  through  general  (partial)  equilibrium models.32,36 Such  models
reflect the interaction processes among various components in the macroe-
conomic  system,  such  as  C3IAM/GEEPA14;  in  addition,  the  details  of  energy
technologies  can  also  be  modelled  through  energy  system  models,32,35,36,38

such  as  REMIND39, which  depict  the  deployment  and  costs  of  energy  tech-
nologies,  as  well  as  the  relationships  between  the  supply  side  and  the
demand side in the energy system.

The climate impact and damage at  the socio-economic level  within IAMs
are typically modelled through a series of damage functions in reduced forms
(linear,  quadratic,  exponential,  etc.),  such  as  those  in  IAMs  like  DICE,  RICE,
FUND,  PAGE,  etc.18 They  typically  parameterize  the  complex  process  of
climate impact transmission and integrate the net impacts of climate change
in  specific  regions  and  sectors.  Alternatively,  this  module  can  also  be
modelled by process-driven climate impact models,  which describe in detail
the biophysical and economic processes. For instance, process-driven IAMs
such as GCAM,47 IMAGE,48 MERGE,49 etc.

Overall,  the  existing  IAMs  can  be  classified  into  two  categories:  process-
driven IAMs and cost-benefit IAMs,35,36 both of which are capable of generat-
ing  emission  pathways  of  GHGs  and  computing  the  associated  mitigation
costs.  Process-driven  IAMs  can  elaborate  on  the  energy  system,  economic
sectors, land use, and climate impacts in detail. Taking into account the driv-
ing  factors  such  as  future  population,  economy,  technological  trends,  and
policies,  process-driven IAMs,  based on general  (partial)  equilibrium models
or  energy  system  models,32,50,51 can  produce  detailed  mitigation  strategies,
mitigation costs, and GHG pathways at various spatial and industrial scales.
In  contrast,  the  complexity  of  cost-benefit  IAMs  is  relatively  low,  and  the
representations  of  the  socio-economic  and  climate  systems  are  relatively
simple.18,32,51 These  models  are  unable  to  generate  detailed  climate-related
scenarios.  They  typically  measure  the  total  mitigation  cost  and  other
economic impacts through highly integrated and simplified indicators.

In  contrast,  another  type  of  research  tool,  relying  on  an  increasingly  rich
data environment, directly employs the climate econometric model to explore
the  impacts  and  damages  of  climate  change.52-54 This  type  of  research
captures  the  relationship  between climate  and outcomes by  parameterizing

the  impact  process;  for  instance,  the  temperature-GDP  relationship.54 This
type  of  research  can  encompass  more  types  of  climate  impacts  and  then
make  up  for  the  deficiencies  of  past  studies;  for  example,  the  impacts  of
climate change on labor productivity, total factor productivity, social conflicts,
etc.55-60

There  is  also  a  certain  correlation  between  the  research  on  IAMs  and
climate econometrics. Climate econometrics has strengthened the empirical
basis  for  the  impact  assessment.  It  can  enhance  the  damage  functions  in
IAMs.18,61 Conversely,  the  research  based  on  IAMs  can  generate  scenarios
related  to  climate  change,  thereby  providing  scenario  input  for  the  climate
econometrics model to project future climate risks.21

In the subsequent sections, we will combine these two tools to undertake a
further  review  focusing  on  uncertainty,  climate-related  scenarios,  climate
simulations, and climate impacts and damages.

 UNCERTAINTIES IN CLIMATE RISK ASSESSMENT
This  section  initially  summarizes  several  typical  uncertainties  involved  in

assessing climate change risks. Subsequent sections will further discuss the
related details.

As  shown  in Table  1,  based  on  the  existing  literature,  we  summarize  the
uncertainty  into  five  types:  scenario  uncertainty,62-64 process  parameter
uncertainty,11,63,65,66 model uncertainty,11,21,67 trajectory uncertainty,68-71 and the
uncertainty  of  decision-makers'  risk  perception.72-74 Regarding  scenario
uncertainty,  mitigation  (transition)  scenarios62,64,75,76 delineate  the  potential
pathways  and  trends  of  future  development.  This  involves  socio-economic
driving  factors  such  as  population,  economy,  technology,  and  policies.  The
establishment  of  scenarios  is  predicated  on  assumptions  concerning  them.
Nevertheless,  these assumptions about the future are inherently uncertain,77

which  will  ultimately  lead  to  the  uncertain  pathways  of  GHG  emissions,
thereby causing uncertainty in risk projection.21

In the transmission chain of climate impacts, uncertainties exist regarding
various  process  parameters.  For  instance,  the  climate  sensitivity  in  the
process  of  climate  simulation,78 which  reflects  the  uncertainty  of  hazards.
Also,  the  estimated  coefficients  in  the  climate  damage  functions,  such  as
those for population deaths17 and GDP losses11,21 resulting from temperature
rise,  reflect  the  uncertainty  of  climate  vulnerability.  Additionally,  the  social
discount  rate,  which  indicates  the  extent  to  which  the  current  society  pays
attention  to  future  social  welfare,  is  employed  to  discount  future  climate
damage to the present. Nevertheless, there is a significant controversy in its
selection79,80 related  to  intergenerational  equity  and  the  disparities  between
developed and developing countries.

Model  uncertainty  arises  from  the  disparities  among  models  in  aspects
such  as  structure,  parameter  configuration,  modelling  presumptions,
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Figure 2.  Integrated assessment framework of climate change risks
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etc.11,17,67 For simulating future climate change and its impacts, ESMs/GCMs
and  process-driven  climate  impact  models  are  frequently  employed.  Owing
to the  presence  of  associated  uncertainties,  even  when  the  identical  emis-
sion scenario  is  inputted,  diverse models  will  produce various climate  path-
ways, leading to uncertainty in the simulation of hazards. The IPCC indicates
that currently there is no evidence to demonstrate which model has superior
simulation performance;11 thus, existing studies typically "integrate" the simu-
lation  outcomes  of  multiple  models  to  constitute  the  model  ensembles  to
reflect the model uncertainty.

Trajectory  uncertainty  stems from nonlinear  dynamic  complex  systems,17

such as the climate system and socio-economic system.  Such a  system is
characterized  by  chaos,  namely,  seemingly  random  and  irregular  motion
emerging  in  a  deterministic  system,  and  its  behavior  is  non-repeatable  and
unpredictable. This kind of system is highly sensitive to the initial  value, and
when  it  undergoes  a  slight  change,68 the  output  of  the  system  will  exhibit
significant  differences.  In  the  ESMs/GCMs,  by  changing  the  initial  values  of
its  operation,  a  series  of  distinct  climate  change  trajectories,  representing
such  uncertainties,  would  be  generated  even  if  the  same  input  emissions
scenario  was  input.  Regarding  the  socio-economic  system,  some  IAMs
incorporate stochastic processes in the socio-economic module and achieve
stochastic  optimization  of  the  entire  model,  thereby  conducting  relevant
uncertainty analysis  and  subsequently  characterizing  the  trajectory  uncer-
tainty.

Furthermore, the perception of decision-makers concerning future climate
change  risks  will  exert  an  influence  on  the  formulation  of  relevant  climate
policies. This is because the design of climate policies frequently relies on the
estimation of climate impacts at the macroeconomic level;  however,  current
research  reveals  that  this  estimated  value  is  characterized  by  significant
uncertainty,19,54 signifying that the decision-making process lacks clear infor-
mation  regarding  climate  impacts.  In  light  of  this,  decision-makers  holding
different political stances on climate change might have diverse perspectives
on  potential  climate  risks,  which  will  further  result  in  different  policy
designs.73,74

Overall, the assessment of climate risks encompasses both natural physi-
cal  and socio-economic processes.  It  demands cascading the uncertainties
involved in all  elements throughout the entire transmission chain. Therefore,
future  research  should  identify  and  model  the  relevant  uncertainties  in  the
domains of natural science and social science. Then, they should explore the
analytical paradigms and scientific methods that link the elements of uncer-
tainty in different disciplinary fields.81

 CLIMATE-RELATED SCENARIOS
Climate-related  scenarios  serve  as  the  foundation  for  the  integrated

assessment  of  climate  change  risks.62,83,84 They  delineate  the  evolutionary
pathways  of  the  future  world  in  terms  of  socioeconomics,  climate  change,
and  so  forth,  and  each  scenario  is  associated  with  specific  future  socio-
economic  and  climate  change  outcomes.  The  analysis  of  climate-related
scenarios  is  not  aimed  at  predicting  the  future  but  at  simulating  various
possible  states  of  the  future  world  based  on  a  series  of  assumptions.

According to the climate-related scenarios, decision-makers can understand
the  associated  spatiotemporal  characteristics  of  climate  change  risks.
Climate-related scenarios are mainly categorized into climate scenarios and
mitigation (transition) scenarios.

 Climate scenarios
Climate  scenarios  depict  the  associated  climate  pathways  under  specific

GHG pathways.85-87 They delineate the trajectories of climate factors such as
radiative  forcing,  GHG  concentrations,  temperature,  precipitation,  and  sea
level  rise.  Climate  scenarios  can  be  formulated  through  the  simulation
outcomes of climate models and climate observation data.

The  most  commonly  utilized  climate  scenarios  are  the  Representative
Concentration Pathways  (RCPs),  which  are  designated  based  on  the  radia-
tive  forcing  they  attain  in  2100.88 For instance,  RCP2.6  and  RCP8.5  respec-
tively represent the radiative forcing of 2.6 and 8.5 W/m2 in 2100. The RCPs
encompass the emission and concentration pathways of all  GHGs, covering
relevant emission sources such as energy systems and land use.85,86,88

ESMs/GCMs  are  complex  tools  capable  of  reflecting  the  interactions
among various spheres within the climate system and serve as fundamental
tools for constructing climate scenarios. They depict the physical processes
of  the atmosphere,  ocean,  cryosphere,  and land surface by achieving three-
dimensional and high-resolution modelling on a global geographic grid level.
For  example,  BCC-CSM89,  HadCM3,90 GFDL  CM2.X,91 IGSM,92,93 MAGICC,44

FAIR,94 Hector.95 A series of ESMs/GCMs emulators with lower resolution and
simpler  processes are also available for  generating scenarios,  such as FAIR
and MAGICC.  Due to their  fast  running speed,  low cost,  and ability  to simu-
late  the  behavior  of  complex  ESMs/GCMs,  they  are  coupled  with  IAMs  to
rapidly simulate climate change, thereby offering efficient support for climate
risk  assessment  and  climate  policy  design.  Such  simplified  climate  models
are widely employed by institutions such as the IPCC.

 Mitigation (transition) scenarios
The mitigation (transition) scenarios describe the potential changes made

by  the  socio-economic  system  to  reduce  or  remove  GHG  emissions.83,87

These scenarios depict the trajectories of socio-economic drivers such as the
economy, population, technology, and policies over time, and offer mitigation
solutions  corresponding  to  these  drivers  in  terms  of  the  economy,  energy,
land use,  etc.  Simultaneously,  these scenarios also reveal  the trajectories of
GHG emissions associated with the socio-economic system.

 Construction  of  mitigation  (transition)  scenarios. The  existing  studies
typically construct scenarios in two ways: Firstly, they are deduced based on
one  or  more  constraints  such  as  temperature  targets,96 carbon  budgets,  or
emission  pathways;  Secondly,  they  are  established  in  light  of  the  current
socio-economic  characteristics76 and  the  potential  future  development
trends.62,96

This section summarizes the construction process of the mitigation (tran-
sition) scenarios encompassed in the existing research. As depicted in Figure
3,  firstly,  determine  the  qualitative  portrayal  of  the  future  socio-economic
system for this scenario, and formulate quantitative assumptions for the rele-

 

Table 1.  Types of uncertainty

Types Examples References

Scenario Mitigation scenario: population, economy, technology, policy, etc 77

Process parameter

Climate sensitivity 78

Climate damage parameters 11,17,21

Social discount rate 79,80

Model
ESMs/GCMs 11,17,67

Climate impact models 17

Trajectory
Simulation in ESMs/GCMs 68

Stochastic IAMs 71,82

Decision-makers’ risk perception Attitude towards climate governance → Perception of climate damage → Climate policy 73,74
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vant  parameters  along  the  dimensions  of  macroeconomy,  technological
change, climate  policy,  and climate  targets.  The parameters  mainly  encom-
pass  the  changes  in  GDP,  population,  urbanization  rate,  technological
progress,  technological  costs,  and  the  timing  of  implementing  mitigation
actions,  etc.62,76,83,85,97 Secondly,  input  the  relevant  parameters  into  the
economic dynamic module, which encompasses energy, economy, and land
use models. It can further generate strategies for alleviating climate change,
covering energy consumption and demand, energy mix, low-carbon technol-
ogy deployment, land use, investment demands for energy transition, and the
related pathways of GHGs.96

Mitigation  (or  transition)  scenarios  are  primarily  developed  using  energy
system models  or  IAMs. Table  2 provides an overview of  the internationally
recognized  models  used  for  generating  these  scenarios,  along  with  their
respective applications. As it indicates, the International Energy Agency (IEA)
focuses  extensively  on  the  global  energy  transition  and  predominantly
employs energy system models to develop scenarios.98 These models facili-
tate  the  construction  of  detailed  energy  transition  pathways,  including  the
global  and  regional  energy  supply,  which  encompass  clean  energy,  fossil
fuels,  energy  storage technologies,  and negative  emission technologies.99 In
contrast,  the  IPCC  adopts  a  broader  perspective  by  utilizing  more  complex,
process-driven  IAMs  to  generate  scenarios.  These  scenarios  address  not
only  the  energy  system but  also  other  sectors  or  types,  such as  agriculture
and land-use changes.38,100 Additionally, these IAMs are capable of construct-
ing macroeconomic transition pathways, including projections related to GDP
growth and investment demands.

The  IPCC  has  introduced  five  Shared  Socioeconomic  Pathways  (SSPs),76

which  serve  as  quantitative  frameworks  for  describing  potential  future
socioeconomic  development  trajectories  in  the  absence  of  climate  policy
interventions.  These  pathways  are  distinguished  primarily  by  their  varying
levels  of  challenges  related  to  climate  adaptation  and  mitigation.  The  SSPs
are driven by key parameters such as GDP,  population dynamics,  and tech-
nological  progress.  By  applying  different  IAMs,  the  IPCC  translates  the
socioeconomic  conditions  outlined  in  the  SSPs  into  specific  energy  system
characteristics,  land-use  change  patterns,  and  emission  pathways.  This
process generates  a  set  of  baseline  scenarios  that  exclude  policy  interven-
tions.76

Furthermore,  these  IAMs  are  also  utilized  to  construct  scenario  matrices.
Under  the  constraint  of  a  specific  climate  target,  the  scenario  matrices  are
employed to search for alternative socio-economic pathways to achieve that
target101.  For  instance,  it  is  feasible  to  comprehend  the  climate  mitigation
targets  that  can  be  attained  for  each  SSP  scenario  and  how  these  targets
correspond to the RCP scenarios. When the climate mitigation targets set by
RCPs align with those of SSPs, a set of SSP-RCP combined scenarios can be
derived. Each combined scenario reflects a specific socio-economic develop-
ment  pathway,  along  with  the  associated  information  on  GHGs  and  global

warming.  Based  on  these  scenarios,  it  is  possible  to  further  evaluate  the
potential climate change risks that the future world will encounter.

 Uncertainty of transition scenarios. The uncertainty of climate transition
scenarios  mainly  stems  from  the  driving  factors  and  related  models  for
generating the scenarios. Regarding the driving factors, there is uncertainty in
GDP,  population,  technological  progress,  etc.62 The costs  of  clean  technolo-
gies  like  renewable  energy  and  energy  storage  may  be  influenced  by  some
uncertain  factors,101 such  as  shortages  of  raw  materials,  the  decline  in  the
cost  of  photovoltaic  technology  components,  and  a  surge  in  investment.
These  factors  will  make  it  difficult  to  predict  the  cost  of  clean  technologies
accurately.  At  the  same  time,  the  learning  curve  of  technological  progress
cannot be estimated accurately; that is,  there is uncertainty in the functional
relationship between the cost of clean energy technologies and their cumula-
tive  production.111 Given  the  two-way  feedback  effect  of  "learning  by  doing"
between  the  deployment  and  cost  of  clean  technologies,111 the  cost  will
change uncertainly with technological progress.77 In addition, factors such as
future climate policies and market demands exert an influence on the utiliza-
tion  of  clean  technologies,  and  these  factors  will  bring  about  uncertainty  in
indicators  like  the deployment  of  clean energy or  energy mix.  Emmerling,  et
al.112 discovered that the social discount rate has an impact on the emission
pathways and the degree of  reliance on carbon removal  technologies in the
generated  scenarios.  Currently,  there  is  considerable  controversy  within  the
academic  community  regarding  the  selection  of  discount  rates,  which  will
also lead to the uncertainty of transition scenarios.

Regarding  the  models,  the  process-driven  IAMs  employed  for  generating
scenarios vary in terms of sub-modules, structures, modelling concepts, and
assumptions,  and  these  disparities  will  also  introduce  uncertainties.  For
instance: the MESSAGEix108 and COFFEE113 take the energy system model as
the  core  and generate  scenarios  based on  the  cost-minimization  approach.
They  do  not  take  into  account  climate  benefits  (avoided  climate  damage).
However, process-driven IAMs such as C3IAM14 and AIM/CGE109 do not utilize
the  cost-minimization  method  to  generate  global  scenarios.  They  take
computable  general  (partial)  equilibrium  models  as  the  core  and  generate
global  scenarios  by  capturing  the  interaction  processes  and  equilibrium
effects  among  economic  sectors.  In  contrast,  IMAGE48 and  GCAM47 are
modelled based  on  the  framework  of  simulation  models  rather  than  opti-
mization  models,  and  they  consider  climate  benefits  during  the  simulation
process.  Additionally,  Daioglou,  et  al.114 discovered that there are also differ-
ences  in  the  modelling  assumptions  of  future  BECCS  and  CCS  in  different
IAMs,  which will  further  result  in  uncertainties in  the generation of  emission
pathways.

 Risk projection based on climate-related scenarios
The  existing  studies  that  project  climate  change  risks  based  on  climate-

related scenarios can be generally categorized into five groups (as presented
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Table 2.  Models for generating scenarios

Categories Applications Models References

Energy System Model
Establish energy transition pathways

Design energy policy

MARKAL 102

MESSAGE 103

TIMES 104

PRIMES 105

Process-driven IAMs
Establish multi-sectoral mitigation pathways

Establish future climate-related scenarios

C3IAM 14

IMAGE 48

WITCH 106

TIAM 107

MESSAGEix-GLOBIOM 108

AIM 109

GCAM 47

REMIND-MAgPIE 110
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in Table  3):  The  first  type  of  studies  regards  process-driven  climate  impact
models  as  the  mainstay  and  integrates  these  models  with  authoritative
climate-related  scenarios  to  project  climate  risks.  For  instance:  combining
the  SSP-RCP  combination  scenarios  with  process-driven  crop  models  to
project yield changes such as those of soybeans, corn, and wheat.115-117 The
second  type  of  research  initially  constructs  a  climate  econometric  model
capable of  simply  characterizing  the  impacts  of  climate  change.  Subse-
quently, it is combined with climate models and authoritative climate-related
scenarios to project risks. For instance: Build the climate econometric models
that  capture  the  relationship  between  global  or  regional  temperatures  and
GDP,7,9,11,118 crop yields,119 energy consumption,120 etc., to measure vulnerabil-
ity,  and  then  combine  SSP-RCP  scenarios  to  assess  climate  impacts  and
damages.

The  third  type  of  research  centers  on  cost-benefit  IAMs,  such  as  RICE,
PAGE,  and  FUND.  This  type  of  research  commences  from  the  cost-benefit
perspective  to  identify  the  optimal  climate  policy30,31,35,121 and  generate  the
emission  pathways  that  guarantee  the  optimal  social  welfare.  Moreover,  it
projects the economic losses resulting from climate change under the corre-
sponding  pathway.32,73,122 Additionally,  some  other  related  studies  directly
combine cost-benefit IAMs with SSPs to assess the social cost of carbon.123

Nevertheless,  such IAMs are incapable of  elaborating on the energy system
and other sectors in detail,  and it  is  challenging to establish the relationship
between specific mitigation actions and climate change risks.

The fourth type of research focuses on process-driven IAMs. They initially
generate climate-related scenarios that can elaborate on the mitigation path-
ways of  economic  sectors,  energy  technologies,  and  the  like.  They  subse-
quently  assess  the  climate  change  risks  under  the  relevant  scenarios.  For
instance, some studies employ models such as GCAM and IMAGE to create
decarbonization scenarios that can delineate the transition particulars of the
power  sector  and  evaluate  the  climate  impacts  and  damages  related  to
human health and ecology.124 Notably, the current research involving process-
driven IAMs mainly concentrates on scenario analysis and relatively  less on
the assessment of climate impacts and damages.36

The fifth type of research initially integrates the statistical models or empir-
ical outcomes of climate impact with simplified climate models to establish a
novel  integrated  model  framework.  Subsequently,  it  assesses  the  climate
change risks under  the corresponding scenarios (including mitigation costs,
emission pathways, etc.) generated by process-driven IAMs. Simultaneously,
cost-benefit  analyses of  related scenarios are also conducted.  For  instance,
Drouet et al.21 selected a series of net-zero transition scenarios produced by
mainstream  IAMs  and  input  these  scenarios  into  the  MAGICC.  Then,  they
combined  the  climate  simulation  results  with  the  existing  climate  damage
models  to  evaluate  the  climate  hazards  and  the  associated  risks  at  the
macroeconomic  level  (GDP  loss)  under  the  net-zero  transition  scenarios.
Gambhir et al.20 adopted a similar modelling approach and evaluated similar
characteristics  under  scenarios  spanning  1.5–4  °C  temperatures  and
encompassing a broad range of transition dynamics, that complements and

expands on the Network for Greening the Financial System (NGFS) scenarios.

 Limitations in the scenarios of IAMs
Simulating  the  future  pathways  of  low-carbon  technologies  holds  crucial

significance  in  domains  such  as  scenario  generation,  emission  pathway
projection,  and  energy  investment  planning.126 Presently,  the  majority  of
process-driven IAMs consider "policy" variables as model inputs to generate
technology  deployment  scenarios.  As  most  models  are  solved  through  an
optimization approach,126-130 it becomes difficult to identify the corresponding
"policy"  input  (e.g.,  subsidies  or  carbon  pricing)  based  on  the  technology
deployment  rate  desired to  simulate.  Consequently,  it  is  challenging to  fine-
tune the deployment rate of energy technologies by directly manipulating the
"policy"  variable,  and  thereby  it  is  difficult  to  freely  explore  potential  energy
technology deployment pathways and their impacts on climate change.126-130

If  it  is  infeasible  to  generate  diverse  future  climate-related  pathways  by
directly modifying  the  "technology  deployment  rate",  it  might  cause  policy-
makers to overlook some potential options for reducing risk.

Additionally,  the  cost-minimization  process  in  the  majority  of  process-
driven  IAMs results  in  the  technology  deployment  rate  in  each  period  being
affected by the technology cost of the previous period. Conversely, the tech-
nology cost in each period is impacted by the technology deployment rate of
the  previous  period.  Due  to  the  integration  of  numerous  assumptions  and
restrictions  lacking  empirical  basis  regarding  technology  deployment  and
cost in existing related models, the gap between the model settings and the
observed values will  gradually widen over time within the two-way feedback
process of  the deployment  rate  and cost,  ultimately  causing the technology
learning curve in the model to deviate from the empirical findings and be far
from reality. When compared with historical observation data, it is found that
the mitigation scenarios generated by such models mostly underestimate the
deployment rate of key clean technologies77,126,131 and overestimate the tech-
nology  cost,126-130 which  may  lead  policymakers  to  overlook  the  options  of
technology transition with lower costs and their impacts on climate.101,111

 CLIMATE SIMULATIONS
 Models for climate simulation

Climate  simulation  transforms  the  emissions  produced  by  the  socio-
economic  system  into  the  relevant  physical  indicators  within  the  climate
system,  thereby  reflecting  the  characteristics  of  climate  hazards.  From  the
aspect  of  model  complexity,  the  climate  simulation  models  utilized  for  the
integrated  assessment  of  climate  change  risks  can  be  classified  into  two
types: complex ESMs and simplified climate models. Regarding the complex
ESMs, they are capable of elaborately depicting the physical processes of the
interaction  among  various  systems  of  the  earth.  It  discretizes  the  earth's
surface into a series of grid areas and can provide climate simulation results
with high spatiotemporal resolution. Nevertheless,  its running time is exces-
sively  long  and  the  running  cost  is  overly  high,  resulting  in  low efficiency  in
conducting  simulation  studies  of  climate  policies.  Even  so,  driven  by  the

 

Figure 3.  Construction process of climate mitigation scenarios
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demands  of  natural  science  research,  the  majority  of  studies  still  rely  on  a
series  of  ESMs  within  the  Coupled  Model  Intercomparison  Project
(CMIP)132,133 to  simulate  the  climate  outcomes  under  a  series  of  scenarios
such as SSPs and RCPs.133

However,  not  all  studies related to policy simulation,  scenario  design,  and
risk assessment  require  climate  simulation  outcomes  with  high  spatiotem-
poral  resolution.  Currently,  many  mainstream  IAMs  prefer  that  the  climate
module  be  capable  of  simulating  the  macroscopic  interaction  process
between  the  climate  system and  the  socio-economic  system at  a  relatively
rapid rate. Consequently, a series of simplified climate models have emerged,
such  as  MAGICC,  FAIR,  Hector,  etc.  They  retain  the  fundamental  physical
conduction mechanism of "emission → concentration → radiative forcing →
temperature change" in the climate model and simplify the complex physico-
chemical  processes.  Although  the  simplified  models  are  incapable  of  fully
replicating the interaction behaviors of the complex models, they can take the
complex  models  as  the  benchmark  and  simulate  the  complex  models  by
adjusting  their  parameters.  The  existing  simplified  climate  models  are
primarily  employed  to  simulate  the  average  outcomes of  climate  change  at
the  global  scale,  such  as  the  global  mean  temperature.  Additionally,  the
simplified  climate  models  can  also  be  integrated  with  the  "pattern  scaling"
models.71 These  models  can  delineate  the  statistical  relationships  between
the  global  mean  temperature  and  the  grid  temperature  in  the  ESMs,46,134

thereby facilitating IAMs in rapidly conducting impact assessment studies at
a high-resolution spatial scale.

 Uncertainties in climate simulation
Climate  simulation  encompasses  process  parameter  uncertainty,  model

uncertainty, and trajectory uncertainty. Climate sensitivity is a crucial process
parameter,78 which  reflects  the  changes  in  global  mean  temperature  when
the concentration  of  carbon dioxide  in  the  atmosphere  doubles  in  compari-
son  to  the  pre-industrial  level.  It  originates  from  the  uncertainty  of  internal
feedback within  the earth  system.  Existing studies have discovered that  the
probability  density  distribution  of  climate  sensitivity  peaks  approximately  at
3°C, and there exists a "long tail" on the right side of the distribution. The Sixth
Assessment  Report  of  the  IPCC suggests  that  climate  sensitivity  is  likely  to
fall  within  the  range  of  2.5-4.0°C,  with  the  best  estimate  being  3°C.135 Addi-
tionally, parameters such as the ocean mixing rate (characterizing the diffu-
sion speed of surface warming in the ocean) and the strength of the climate-
carbon cycle feedback (characterizing the degree of regulation of the carbon
cycle by the natural system in the context of climate change) are also signifi-
cant sources of uncertainty in climate simulations. Sampling the distribution
functions of these parameters and conducting sensitivity analysis in combi-
nation with climate models can characterize the associated uncertainties and
thereby depict the risks of climate change.

In addition, diverse ESMs exhibit disparities in structure, parameter config-
urations, and modelling assumptions, thereby causing model uncertainty. For
the  identical  input  emission pathways,  distinct  ESMs will  yield  differentiated
climate  outcomes.  Existing  studies  typically  integrate  the  simulation  results
of  various  models  in  CMIP5  and  CMIP6  to  signify  the  model  uncertainty.

There  is  also  trajectory  uncertainty  in  climate  simulation,  which  originates
from  typical  nonlinear  dynamic  complex  systems  such  as  the  climate
system.  The  climate  system  possesses  chaotic  characteristics,  namely,
seemingly  random  and  irregular  movements  occur  within  a  deterministic
system, and its behavior demonstrates the traits of being non-repeatable and
unpredictable.  This  characteristic  renders  the  simulation  of  the  ESMs
extremely sensitive to the initial values. When the initial values of the system
undergo minor  changes,  the  output  results  will  present  substantial  differ-
ences. Under the interference of different initial  values,  the ESMs will  gener-
ate a  series  of  differentiated  climate  simulation  pathways.  To  model  trajec-
tory uncertainty,  distinct  climate  change  trajectories  under  the  same  emis-
sion scenario can be produced by modifying the initial values of the ESMs.

 ASSESSMENT OF IMPACT AND DAMAGE BASED ON IAMS
 Damage module

Process-driven IAMs and cost-benefit IAMs not only vary in the resolution
of  the  socio-economic  system  and  the  level  of  detail  of  scenarios  but  also
exhibit  substantial  disparities in  the climate damage module.18,19,36,51 Existing
literature18,32,51 suggests that  studies modelling the climate damage function
are  closely  related  to  cost-benefit  IAMs.  In  such  models,  climate  damages
are  usually  modelled  by  damage  functions  in  relatively  simplistic  forms.
Nevertheless, these damage functions have been established with numerous
assumptions  by  modellers  and  have  thus  drawn  a  series  of  critiques.18,54,136

For  cost-benefit  analysis,  they  typically  measure  the  climate  damage  in
monetized  units.  In  contrast,  although  process-driven  IAMs  can  portray
detailed biophysical and socio-economic processes, these models have rela-
tively  less  description  of  the  climate  impacts  and  damages.  They  attach
greater importance to the details of generating scenarios and focus on cost-
effectiveness analysis.17,18,32,51

Recent trends have demonstrated that a growing number of studies have
initiated  the  incorporation  of  climate  impacts  into  process-driven
IAMs.18,19,115,137,138 These  models  have  constructed  high-resolution  climate
impact  modules  in  both  spatial  and  process  aspects,  accurately  estimating
the  effects  brought  about  by  climate  change,  covering  multiple  regions  and
sectors.  Nevertheless,  these  studies  predominantly  focus  on  the  physical-
level impacts of climate change rather than the monetized level,18 such as the
reduction in crop yields resulting from global warming,139 etc.

Compared  with  cost-benefit  IAMs,51 process-driven  IAMs  rarely  consider
the  impact  of  climate  change  on  the  macroeconomic  system.32 Recent
empirical studies have shown that the impact of climate change on economic
growth is  cumulative  and  persistent.  Over  time,  economic  losses  will  accu-
mulate  and  amplify.7,140-142 If  process-driven  IAMs  do  not  feed  this  impact
back  to  the  socio-economic  module,  it  will  lead  to  the  generation  of  biased
mitigation  scenarios,137 preventing  decision-makers  from  truly  recognizing
the  severity  and  urgency  of  the  climate  challenges.  This  gap  could  also
prevent  them  from  understanding  the  benefits  brought  about  by  mitigating
climate change and investing in adaptation measures.143

In  fact,  IAMs  with  general  (partial)  equilibrium  models  as  the  core  hold
considerable potential in assessing the economic impact of climate change.
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Table 3.  Summary of risk projection based on climate-related scenarios

Types Cases References

Process-driven climate impact models
+ SSPs + RCPs Combine crop models and SSPs-RCPs to project the yields of soybean and corn 115,117

Climate econometrics models +
Climate models + SSPs + RCPs

Construct climate econometric models (temperature-GDP/crop yield/energy consumption), and
subsequently integrate them with climate models along with RCPs-SSPs to project the climate
risks

9,11,119,120

Cost-benefit IAMs (scenarios
generation + risk assessment)

Generate the optimal mitigation pathway via RICE and then assess the associated climate risks
Calculate the social cost of carbon under SSPs through DICE and RICE

32,73,122,123,125

Process-driven IAMs (scenarios
generation + risk assessment)

Generate the decarbonization scenarios of the power sector through GCAM and PAGE, and then
assess the climate risks related to ecosystem and human health under the generated scenarios

124

Process-driven IAMs (scenarios
generation) + Simplified climate models
+ Statistical models of climate impacts

Combine a series of net-zero transition scenarios generated by process-driven IAMs with
simplified climate models and climate impact statistical models, and evaluate the climate
hazards and GDP losses under these scenarios

21
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These models can elaborate on the transmission mechanism of the impacts
of climate change on the socio-economic system in detail and can delineate
the interaction effects among economic sectors, providing the net economic
impact upon the entire market equilibrium such as the ENVISAGE and GTAP
models.144 They initially evaluate the impact of climate change on factor input
and service demand within the economic system through damage functions
that  measure  damages  in  physical  units.  Subsequently,  the  impacts
expressed in  physical  units  are  input  into computable  general  (partial)  equi-
librium  models  to  assess  the  monetized  impacts  of  climate  change.
Compared with cost-benefit IAMs, process-driven IAMs can more effectively
identify the interaction effects among sectors when considering the damage
endured  by  different  sectors,  thereby  reducing  the  bias  in  assessing  the
climate impact at the sectoral or aggregate levels. Therefore, future research
should further explore how to incorporate the monetized climate impacts on
macroeconomic output into process-driven IAMs.

 Limitations in IAMs
Furthermore,  there  are  a  series  of  common  limitations  for  cost-benefit

IAMs and process-driven IAMs in modelling climate damages and assessing
the associated risks. We summarize them as the following seven points: First,
IAMs  lack  the  mechanism  for  modelling  the  persistent  impact  of  climate
change  on  economic  growth.  Based  on  a  series  of  empirical  studies,54 the
estimated  disparities  in  macroeconomic  losses  mainly  stem  from  the
assumptions regarding the persistence of  climate impacts,  namely,  whether
climate  change  affects  the  economic  growth  rate  (growth  effect)  or  the
economic  output  level  (level  effect).  They  show  that  climate  change  may
reduce economic growth rates  persistently,  leading to  compounding losses.
IAMs  excluding  this  effect  could  severely  underestimate  cumulative  GDP
losses  over  multi-decadal  periods.  For  instance,  cumulative  losses  could
differ  by  several  percentage  points  of  global  GDP  depending  on  whether
growth  effects  are  included145.  However,  many  IAMs  merely  consider  level
effects.  Hence,  future  research  should  incorporate  the  growth  effect  into
IAMs according  to  the  existing  empirical  findings.  Given  the  current  contro-
versy  in  this  aspect,54 we  suggest  that  future  research  consider  integrating
these two  impact  mechanisms  and  differentiating  the  timing  of  the  occur-
rence  of  these  two  mechanisms  by  modelling  the  persistence  of  climate
impacts.54

Second,  the  existing  IAMs  fail  to  take  into  account  non-market  climate
damages. Climate change concurrently gives rise to both market losses and
non-market losses. Market losses pertain to the losses of goods and services
traded  in  the  market.  Since  their  prices  are  readily  observable,  these  losses
can be estimated by the repair or replacement costs of damaged assets. Non-
market  losses  encompass  damages  that  cannot  be  remedied  or  reset
through  market  purchasing  behaviors,  and  there  are  no  observable  prices
available  for  estimating  these  losses.19 For  instance,  the  impact  of  climate
change on health, the destruction of natural assets and ecosystems, and the
damage to historical and cultural assets. Current IAMs mainly concentrate on
quantifying market losses but are deficient in the assessment and monetiza-
tion  of  non-market  losses.  Incomplete  damage  assessment  will  not  only
impact the accounting of social carbon costs but also influence the assess-
ment  of  the  climate  vulnerability  of  various  countries,  thereby  affecting  the
decision-making design for adapting to climate change.146 Hence, it is imper-
ative  for  future  research  to  further  incorporate  non-market  damages  into
IAMs.

Thirdly, the current IAMs have inadequate representations of climate adap-
tation,  and  the  associated  modelling  overly  depends  on  assumptions.51 The
socio-economic costs of  climate change encompass not  only  the damages
resulting from risks but also the adaptation costs expended to adapt to these
risks. Meanwhile, future climate adaptation might alter the impact pattern of
climate  change  on  the  socio-economy.  Hence,  it  is  essential  for  future
research to  enrich  the  adjustment  effect  of  adaptation  on  climate  damages
and account for the related adaptation costs.

Fourth, to be associated with global climate goals, the climate modules of
the  majority  of  IAMs  merely  simulate  the  global  mean  temperature  and
employ  it  as  the  climate  hazard  for  assessing  climate  damages.  In  reality,
there exist numerous complex mechanisms regarding the impact of climate
change  on  the  socio-economic  system18.  For  instance,  climate  change  has

exerted a differentiated impact on the cooling degree days in diverse regions,
thereby  bringing  about  a  differentiated  impact  on  the  cooling  energy
demands. Climate  change  has  had  a  differentiated  effect  on  the  accumu-
lated temperature of various regions and different types of crops,  leading to
differentiated  alterations  in  the  yields.  Nevertheless,  apart  from  the  global
mean  temperature,  few  IAMs  delineate  other  climate  hazards.20 Simultane-
ously, some climate hazards possess distinct regional heterogeneity charac-
teristics, yet few IAMs represent the climate information at the regional level.
If  regional  climate  information  is  lacking  and  different  types  of  climate
hazards  are  not  depicted,21 it will  be  arduous  to  reflect  the  impact  mecha-
nism  of  climate  change  and  augment  the  uncertainty  in  risk  assessment.
This  array  of  deficiencies  will  be  detrimental  to  the  management  of  climate
change risks in specific regions. However, the simple incorporation of climate
and impact models depicting related hazards might significantly enhance the
complexity  of  the  model  and  be  disadvantageous  for  conducting  research
related  to  climate  policies.  Hence,  future  research  is  requisite  to  explore
simplified  modelling  approaches  of  climate  hazards  and  regional  climate
information in IAMs.

Fifth,  the  existing  IAMs  fall  short  of  depicting  the  risks  engendered  by
"extreme climate" hazards. The situation where the climate system deviates
significantly  from  its  average  state  is  termed  "extreme  climate",  of  which
climate  change  will  heighten  the  probability  of  occurrence.135 Pendergrass
and Hartmann147 indicated that climate damage might not be proportional to
global mean temperature and precipitation. Climate impacts are frequently a
function of the extreme values within the distribution of climate factors, and
climate  damage  primarily  stems  from  the  shocks  of  "extreme  climate"  like
heatwaves or floods. For example, models that fail  to include extremes may
underestimate crop yield losses148 or infrastructure damages149 during acute
events,  leading  to  risk  underestimation,  especially  in  vulnerable  regions.150

Nevertheless,  in  the  current  IAMs,  the  climate  damage  functions  mainly
mirror  the  impacts  brought  about  by  the  mean  state  of  the  climate.  If  the
risks posed by extreme climate are not taken into account, numerous poten-
tial  climate  damages  might  be  overlooked.17,71,151-153 Hence,  future  research
should  incorporate  the  hazards  of  extreme  climate  and  their  impact
processes  on  the  socio-economic  system  into  the  climate  and  impact
module  of  IAMs,  such  as  integrating  climate  hazards  like  heat  waves  and
floods and their impacts.

Sixth,  a  critical  limitation  lies  in  the  reliance  on  overly  simplified  damage
functions (e.g., linear, quadratic, exponential forms), particularly in cost-bene-
fit  IAMs  such  as  DICE,  RICE,  FUND,  and  PAGE.  These  functions  are  weakly
grounded in empirical results, as evidenced by their failure to incorporate the
latest  findings  from  the  IAV  community.18 They  also  fail  to  capture  the
complex  cross-sectoral  and  intertemporal  propagation  of  climate  impacts.
For  instance,  although  estimates  of  temperature-induced  GDP  losses  exist,
many IAMs impose constant  elasticities that  ignore sector-specific vulnera-
bilities  and  adaptive  capacity,  introducing  systematic  structural  bias  into
projected damages.18 Future research should build a stronger bridge between
the  IAV  and  mitigation  communities,  integrating  their  respective  strengths
and state-of-the-art advances.

Seventh,  in  the  current  studies  that  employ  IAMs  for  risk  assessment,
considerations  and  simulations  of  uncertainties  are  relatively  scarce.  As
process-driven  IAMs  involve  a  multitude  of  parameters,  large-scale simula-
tions  might  lead  to  difficulties  in  model  solving,  resulting  in  a  particularly
significant deficiency in the quantification of uncertainties of such models. To
enhance the simulation efficiency and alleviate the solving challenges, future
studies should categorize the key parameters in the socio-economic module
and  narrow  the  parameter  simulation  scope.  Concurrently,  future  studies
should also explore rational parameter sampling approaches.115

Overall,  in  the  aspect  of  climate  risk  assessment,  both  differences  and
commonalities  exist  between  cost-benefit  IAMs  and  process-driven  IAMs.
Future research ought to concurrently enhance these two types of models to
promote climate damage modelling. It  is worth noting that while addressing
their  common  deficiencies  in  future  research,  the  integration  of  the  two
should  also  be  encouraged  to  achieve  complementary  advantages.  For
instance, some process-driven IAMs with general (partial) equilibrium models
as the core can not only reflect the detailed transmission process of climate
impacts  but  also  possess  the  capability  to  monetize  the  impacts  and
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damages.19 Future research can improve the damage function of cost-bene-
fit  IAMs  based  on  the  assessment  results  of  economic  impacts  from  such
models.  Furthermore,  considering  that  process-driven  IAMs  can  offer  a
detailed  analysis  of  mitigation  costs,  if  these  models  also  monetize  climate
impacts and damages, cost-benefit analysis can also be carried out through
them.21,137 Additionally,  against  the  backdrop  of  the  rapid  advancement  of
artificial intelligence technology, a series of advanced machine learning algo-
rithms  based  on  the  "regression"  concept  have  emerged.  Future  research
could integrate relevant algorithms to simplify process-driven climate impact
models  and establish  their  emulators,  thereby constructing climate  damage
modules  that  are  simple  in  form  yet  capable  of  restoring  the  behavior  and
simulation  results  of  complex  process  models.  Such  modules  can  facilitate
the  analysis  of  uncertainties.  Such  research  has  gradually  emerged,  and  it
has  been  demonstrated  that  the  gap  in  simulation  performance  between
simplified models and complex models can be further narrowed.154,155

Future research should integrate the merits of the two types of models to
attain high-resolution integrated assessment modelling in terms of the trans-
mission process, sectors, technologies, and spatio-temporal scales. This high-
resolution modelling would involve multiple dimensions of natural and socio-
economic  processes,  mitigation  scenarios,  climate  change  impacts,  cost-
benefit  analysis,  climate  policies,  and  uncertainty  quantification,  which
contribute to the conduct of extensive and profound risk management.

 ASSESSMENT  OF  IMPACT  AND  DAMAGE  BASED  ON  EMPIRICAL
MODELS

In  risk  assessment  research  where  IAMs  constitute  the  main  body,
modelling  climate  damage  encounters  a  series  of  potential  challenges  and
problems.  For  instance,  existing  studies  have  failed  to  reach  a  consensus
regarding  the  level  effect  or  growth  effect  of  climate  change  on  economic
output,  and  the  persistence  of  the  climate  impact  remains  controversial.54

These  unresolved  issues  heighten  the  uncertainty  in  damage  estimation.
Additionally,  on  account  of  factors  such  as  the  deficiency  of  an  empirical
basis or the obsolescence of the empirical basis upon which the modelling is
founded,  the  damage  functions  in  the  existing  IAMs  have  elicited  extensive
criticism.18,136

In  contrast,  another  form of  research,  relying on an increasingly  rich  data
environment,  directly  adopts  the  climate  econometric  model  as  the  main
entity  to  investigate  the  impact  of  climate  change  on  socio-economic
outcomes,52-54 such  as  the  temperature-GDP  relationship.54 By parameteriz-
ing the impact process and establishing reduced-form empirical models, they
are  capable  of  covering  a  greater  variety  of  climate  change  impacts;  for
instance,  the  effects  of  climate  change  on  labor  productivity,  total  factor
productivity,  and  social  conflicts,  etc.55-60 These explorations  can  compen-
sate for  the  shortcomings of  previous  studies.  Simultaneously,  their  empiri-
cal  results  can  offer  an  empirical  foundation  for  constructing  the  damage
function of  IAMs; their  empirical  models can also be directly integrated with
complex ESMs and climate-related scenarios to evaluate the risks of climate
change.  This  empirical-based  form  of  research  can  be  categorized  as
follows: "bottom-up" and "top-down".19

 ‘Bottom-up’ empirical research
The "bottom-up" research focuses on specific economic sectors,  such as

energy,156,157 agriculture,158,159 industrial  production,160,161 etc.;  or  specific
damage categories, such as migration,162 social conflicts,163 labor supply,164,165

and  temperature-related  mortality,166 etc.;  or  economic  factors  determining
GDP,  such  as  total  factor  productivity,59,60 capital,59 labor.167 Through  the
"bottom-up"  analytical  paradigm,  a  wider  variety  of  climate  impacts  can  be
encompassed.  Although  the  impact  of  climate  change  on  some  sectors  or
damage  categories  is  not  well  reflected  in  GDP,  understanding  the  climate
impacts  through  multiple  channels  is  of  great  significance  for  assessing
social welfare.

The  "bottom-up"  approach  is  capable  of  summarizing  the  impacts  and
damages of climate change from diverse sectors or damage categories. For
instance, Hsiang, et al.168 evaluated the impacts of climate change on agricul-
tural  output,  mortality  rates,  electricity,  labor,  property  crimes,  and  violent
crimes  in  the  United  States  and  aggregated  these  impacts.  The  findings  of
this  study  indicate  that  under  the  1.5°C  warming  scenario,  the  total  climate

damage might be less than 1% of  the US GDP. Nevertheless,  under the 6°C
warming  scenario,  the  total  climate  damage  could  exceed  10%  of  the  US
GDP.  However,  when  aggregating  and  accounting  for  the  impacts  and
damages of climate change through the "bottom-up" approach, the impacts
of climate change on certain sectors and damage categories might be over-
looked,  leading  to  estimation  bias.  Additionally,  'bottom-up'  aggregation
cannot capture the feedback and interaction effects among various sectors;
thereby some additional climate change impacts might be omitted.54

 ‘Top-down’ empirical research
Another  type  of  research  is  conducted  from  a  "top-down"  perspective,

directly estimating the impact of climate change on the macroeconomic total
output  (GDP).  In  contrast  to  "bottom-up"  research,  the  merit  of  this  type  of
research  resides  in  the  fact  that  GDP  can  directly  capture  the  net  effect
following  interaction  and  feedback  among  diverse  economic  sectors  and
damage categories. To a certain degree, it circumvents modelling all sectors
and damage categories and averts the omission of some potential sectors or
damage  categories  in  the  "bottom-up"  analysis  process.  Simultaneously,
given  that  the  empirical  model  constructed  through  a  "top-down"  approach
directly reflects the relationship between temperature and GDP, this research
can be directly utilized to enhance the damage function in IAMs.7,54,61,169,170

A series  of  studies  have  identified  robust  empirical  relationships  between
regional  temperature  and  regional  macroeconomic  output.54,171 These stud-
ies  encompass  research  subjects  at  diverse  spatial  scales,  and  the  data
employed  in  their  empirical  analyses  also  differ  in  spatial  resolution,  which
involves  the  scale  of  countries,7,118 provinces/states,9,142 and  cities/
counties.172-174

Besides  the  disparities  in  the  spatial  resolution  of  the  utilized  data,  these
studies  also  demonstrate  variations  in  the  measurement  of  temperature
(employing  temperature  level  or  temperature  change),  functional  forms
(linear, polynomial,  or  temperature bin forms),  and the specification of  inter-
action and fixed-effect terms in econometric modelling.  This series of  stud-
ies  has  explored  different  impact  mechanisms  and  potential  characteristics
of temperature changes by setting differentiated climate econometric models
and functional forms.54 For example, the non-linear characteristics of climate
change impacts,  the  adaptability  of  socio-economic  systems,  the  impact  of
temperature on different sectors, the seasonal impact of temperature, and its
impact  over  different  time  horizons  (near-term,  mid-term,  and  long-term  in
the  21st  century).54 However,  the  estimation  outcomes  of  these  studies
demonstrate  considerable  uncertainty.  Based  on  the  existing  results,  under
the  RCP8.5  scenario,  the  median  range  of  global  GDP  losses  attributed  to
climate  change  in 2100 is  7%  to  23%.19 If  the  uncertainties  in  the  process
parameters  and  the  persistence  of  climate  impacts  are  taken  into  account,
global GDP losses could ascend as high as 90%.7

 Other limitations and challenges
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The "top-down"  research also  encounters  a  series  of  challenges,  such as
whether  climate change will  impact  economic growth (growth effect)  or  the
level  of  economic output  (level  effect)  and how long the climate shocks will
persist. As depicted in Figure 4, if a temperature shock is imposed at time , in
the  level  effect  model,  the  temperature  rise  will  merely  have  a  temporary
impact on the level of economic output. Once the temperature reverts to the
baseline  level  before  the  temperature  increases,  the  GDP  in  the  level  effect
model  will  also  return  to  the  previous  baseline  pathways.  In  contrast,  the
growth  effect  model  assumes  that  climate  change  will  have  a  permanent
impact  on capital  and total  factor  productivity,169 thereby exerting long-term
impacts  on  the  growth  of  GDP.7,136,169,175,176 Therefore,  in  the  growth  effect
model,  even  if  the  temperature  returns  to  the  baseline  level  before  the
temperature  rises,  the  temperature  effects  on  the  GDP  pathway  will  not
disappear,  and  the  impact  might  even  intensify  over  time.  Take  the  growth
effect  model  in Figure  4 as  an  example,  we  assume  that  the  growth  effect
exists merely for one unit of time to present the differentiated characteristics
of the growth effect and the level effect. Once the macroeconomic system is
subjected  to  the  temperature  shock  at  time ,  due  to  the  existence  of  the
growth effect, even if the temperature reverts to the baseline temperature at
time  and the GDP growth rate returns to the baseline value,  the evolu-
tion trajectory of GDP has changed permanently and the damage cannot be
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retrieved. However, in contrast to the assumption of "the growth effect of only
one unit of time", the growth effect might persist for a longer duration. That is,
the impact exerted by the temperature at time  could still have an impact on
the GDP at time ， ……

Exploring  whether  temperature  shocks  cause  permanent  damage  to
economic output is essentially an empirical research matter. We propose that
future  studies  construct  a  set  of  impulse  response  curves  to  depict  the
impacts  brought  about  by  temperature  changes  over  multiple  past  years.
Nevertheless, given the short temporal span of the existing datasets and the
considerable noise in related research findings, current studies are unable to
clearly  determine the  duration  of  persistent  temperature  shocks.  Hence,  the
duration of  temperature  shocks on macroeconomic output  is  also  a  signifi-
cant source of uncertainty in climate risk assessment.

To  model  this  uncertainty,  persistent  assumptions  can  be  adopted  in  the
empirical models (lasting for 1 year, 3 years, 5 years, or 15 years, etc.). Some
scholars have modelled the duration of climate shock by the order of the lag
term  of  weather  variables  by  constructing  a  distributed  lag  econometric
model.19 Generally,  the  longer  the  duration  of  the  climate  shocks,  the  more
significant the climate damage. As can be observed from Figure 4, if GDP is
impacted by a persistent growth effect, even when the temperature reverts to
the baseline temperature,  the evolution path of  GDP will  continue to deviate
from the baseline pathway,  and the GDP loss will  gradually accumulate and
magnify over  time.  Therefore,  under  the growth effect  assumption,  the  esti-
mated  long-term damage  from  climate  change  is  several  orders  of  magni-
tude higher than that under the level effect assumption.7,19,141,177

Furthermore,  existing  studies  assume  that  the  climate-economic  system
possesses  fundamental  stability:  namely,  the  estimated  relationship  of
climate  impact  based  on  historical  observation  data  can  be  extrapolated  to
project  the  future.  Nevertheless,  such  extrapolation  might  disregard  some
crucial potential climate impacts. On the one hand, considering the nonlinear
traits  of  the  climate  system,  future  climate  change  could  trigger  climate
tipping  points  with  irreversible  consequences.  For  instance,  rapid  glacier
melting. Such climate tipping points might lead to unprecedented systematic
changes  in  natural  and  human  systems.178 Currently,  relevant  studies  have
initiated the assessment of the economic impacts brought about by climate
tipping  points178,179 and  endeavored  to  incorporate  these  impacts  into  IAMs.
On  the  other  hand,  unprecedented  variations  might  also  arise  in  the  socio-
economic system. For example, the emergence of disruptive technologies to
address climate change and a considerable enhancement in climate adapta-
tion capabilities,  these changes will  significantly boost the climate resilience
of  the  socio-economic  system.  However,  current  research  on  adaptation
effects mainly centers on individual sectors,180 and it is challenging to identify
climate  adaptation  effects  from  a  "top-down"  perspective.54,181 Overall,  the
empirical  relationship  estimated  based  on  historical  observational  data  is
prone  to  cease  being  valid  for  future  projection  due  to  the  aforementioned
two  factors,  which  also  introduces  uncertainty  to  the  extrapolation  and
projection of the climate impacts in existing related studies. These manifes-
tations  reflect  the  challenges  currently  confronted  by  climate  econometric
research  in  differentiating  and  identifying  the  effects  of  short-term  weather
variations and long-term climate changes. Hence, future studies are required
to further  explore the impacts of  factors such as climate tipping points  and
climate adaptation182,183 on economic output.

Some  non-market climate  impacts  are  not  accounted  for  in  macroeco-
nomic output.  For  instance,  the effects of  climate change on human health,
migration,  ecological  species,  and  so  on.  Such  climate  impacts  typically
involve fewer market processes; thus, future research should focus on how to
monetize these impacts. For example, measuring health losses based on the
valuation of statistical life (VSL) and accounting for ecological service losses
based  on  the  willingness  to  pay.  Furthermore,  climate  change  will  further
intensify  sea-level  rise,  ocean  acidification,  and  extreme  events,  and  these
changes may give rise to a series of cascading climate damages. Currently,
"top-down"  research  seldom  encompasses  the  impacts  of  such  climate
hazards  on  macroeconomic  output,  and  future  research  should  investigate
the impact of them on economic output.

Regarding the current research on the socio-economic risk assessment of
climate change, the majority of empirical studies focus on the global scale or
developed countries and regions, such as the United States and Europe.172 In

contrast,  empirical  studies  concerning  developing  countries  are  relatively
rare.  However,  on  the  one  hand,  climate  hazards  demonstrate  considerable
variations  at  the  global,  regional,  and  national  levels.  Furthermore,  different
countries  have  marked  disparities  in  economic  characteristics,  governance
systems,  and  development  levels,  which  also  exert  an  influence  on  their
vulnerability  and  exposure  to  climate  shocks.  This  gives  rise  to  diverse  risk
patterns  at  different  spatial  scales.  On  the  other  hand,  the  impacts  brought
about by climate change will spread and diffuse at the regional, national, and
even domestic  levels.  For  instance,  extreme events  may have an impact  on
the  global  supply  chain  and  thereby  significantly  affect  global  commodity
prices,184,185 which  leads  to  climate  change  risks  being  correlated  among
different spatial scales. Therefore, future related research should incorporate
more countries and regions to identify the climate impacts at a more detailed
spatial  scale,  and  high-resolution  risk  assessment  studies  in  developing
countries  and  regions  are  requisite.  This  could  be  conducive  to  providing
detailed  risk  information  and  decision  support  for  decision-makers  and
stakeholders at the global, regional, national, and sub-national levels.

 Improvement of the damage module in IAMs
Climate  econometrics  are  capable  of  providing  an  empirical  basis  for

improving the damage modules in IAMs. We suggest the following points for
improvement: Downscale  the  global  mean  temperature  simulated  by  IAMs.
The  climate  econometric  models  established  in  existing  related  studies
generally  reflect  the  relationship  between  regional  temperature  and  regional
economic output,  while  most IAMs only simulate the global  mean tempera-
ture,  lacking  consideration  of  regional  information  on  climate  hazards.  To
match  with  the  findings  from  climate  econometric  models,21,71 we  suggest
employing the Pattern Scaling technique134 which exploits the approximately
linear  relationship  between  local  surface  temperature  and  global  mean
temperature,  while  taking  into  account  the  spatio-temporal  auto-correlated
random noise,71 to achieve regional downscaling.

Combine  the  climate  econometric  model  with  ESMs/GCMs. The  climate
econometric  model  is  capable  of  assessing  the  related  climate  impacts
based  on  the  high-resolution  temperature  variations  simulated  by
ESMs/GCMs  at  the  spatiotemporal  level.  Subsequently,  it  combines  the
impact  results  with  the  climate  outcomes  in  ESMs/GCMs  to  establish  the
statistical relationship between the global mean temperature and the associ-
ated climate impacts at the regional, local, or grid level.180

Endogenously model  the  growth  effect  of  climate  change  on  macroeco-
nomic output. The impact of climate change on capital stock and total factor
productivity is the main cause for the persistent climate effect. Modellers can
integrate the existing empirical findings and endogenously establish the rela-
tionship between temperature and capital stock or total factor productivity in
the economic module of IAMs.54

Meta-analysis. In  the  domain  of  IAV,  a  considerable  number  of  studies
have  been  carried  out  based  on  observable  historical  data  and  employing
state-of-the-art statistical techniques to evaluate the impact and damage of
climate  change.  We  suggest  modellers  should  integrate  the  outcomes  of
diverse empirical studies within IAV and calibrate the relevant parameters of
the damage function through meta-analysis.

 SUMMARY AND FUTURE PERSPECTIVES
Climate-related scenarios, climate simulation, climate impact and damage,

as well as uncertainty, constitute the key elements of the integrated assess-
ment  of  climate  change.  We  summarize  the  evidence  from  the  domains  of
Mitigation  and  IAV,  and  incorporate  those  four  critical  elements  into  the
IPCC's  risk  framework,  thereby  providing  a  systematic  understanding  of
assessing  climate  change  risks  at  the  socio-economic  level.  We  identified
that the  tools  for  risk  assessment  mainly  include  IAMs  and  climate  econo-
metric  models.  Both  process-driven  IAMs  and  cost-benefit IAMs  are  avail-
able for generating emission pathways of GHGs and computing the associ-
ated  mitigation  costs.  Process-driven  IAMs  provide  detailed  process  and
analysis of energy systems, economic sectors, land use, and climate impacts,
which is suitable for generating detailed climate-related scenarios. While cost-
benefit IAMs are simpler in model complexity and measure the total mitiga-
tion cost and other economic impacts through highly integrated and simpli-
fied  indicators.  In  contrast  to  IAMs,  climate  econometric  models,  which use
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historical  data  to  establish reduced-form relationships between climate  and
outcomes, are capable of covering a wider range of impacts than IAMs. There
is also a correlation between the two kinds of tools,  as climate econometric
models  can  improve  IAM damage functions,  and  IAM scenarios  can  inform
climate econometric models for risk projections.

As  for  uncertainty,  five  types  are  identified  including  scenario  uncertainty,
process parameter uncertainty, model uncertainty, trajectory uncertainty, and
uncertainty in decision-makers' risk perception. Existing evidence implies that
IAMs  currently  underrepresent  these  uncertainties  and  suggests  that  future
research should aim to identify and model these uncertainties across natural
and social sciences, as well as explore methods to connect the uncertainties
across different disciplines.

Climate-related scenarios are essential  and the construction of mitigation
scenarios  is  approached  in  two  distinct  manners:  either  by  inferring  from
predefined constraints,  such as temperature targets and carbon budgets,  or
by reflecting on the current socio-economic landscape and anticipated devel-
opment  trajectories.  The  choice  of  models  is  contingent  upon  the  scope  of
analysis,  with  energy  system  models  being  employed  to  address  global
energy transition scenarios, and the more sophisticated IAMs being used for
a comprehensive sectoral analysis. It is noteworthy that climate and mitiga-
tion scenarios are not mutually exclusive, and IAMs are capable of producing
integrated scenarios that encompass both. The assessment of climate risk is
inherently fraught  with  uncertainties  in  scenarios,  which  arise  from a  multi-
tude of  driving  factors,  including  GDP,  population,  technological  advance-
ment, and social discount rates, as well as from model-specific disparities in
scenario  generation  techniques,  the  valuation  of  climate  benefits,  and  the
modelling assumptions related to BECCS and CCS.

The research on risk projections through the application of climate-related
scenarios  can  also  be  identified  and  categorized  into  five  aspects.  First,
process-driven  climate  impact  models  are  integrated  with  authoritative
climate  scenarios  to  project  risks.  Second,  climate  econometric  models  are
developed  to  characterize  climate  impacts  and  combined  with  climate
models and scenarios for risk projection. Third, cost-benefit IAMs are utilized
to identify optimal climate policies, generate emission pathways, and project
economic losses. Fourth, process-driven IAMs generate detailed scenarios by
themselves and assess risks associated with them. Finally, statistical models
or  empirical  climate  impact  data  are  integrated  with  simplified  climate
models  to  create  new  frameworks  for  risk  assessment  under  scenarios
generated by process-driven IAMs, including cost-benefit analyses.

Additionally,  a critical  limitation we identified in scenario generation within
process-driven IAMs primarily  stems from the reliance on policy  inputs and
optimization  methods,  which  hinder  the  precise  calibration  of  deployment
rates  and  overlook  potential  pathways.  The  incorporation  of  numerous
assumptions and constraints without empirical support exacerbates errors in
the process of cost optimization, impeding the accurate depiction of technol-
ogy  learning  curves  and  leading  to  underestimations  of  clean  technology
deployment and overestimations of costs. Future studies are urged to refine
energy system modelling to mitigate these constraints.

In terms  of  climate  simulation,  the  selection  of  climate  models  is  deter-
mined  by  the  specific  requirements  and  objectives  of  climate  simulation.
Complex ESMs and GCMs are suited for research demanding high precision
and resolution, albeit at the cost of computational speed and efficiency. While
simplified models  are  preferred  for  rapid  simulation  and assessment.  Exist-
ing  simplified  models  predominantly  simulate  global-scale  climate  change
outcomes, such  as  global  mean  temperature.  However,  to  enhance  resolu-
tion, we suggest that these models can further be integrated with the "pattern
scaling" approach, enabling IAMs to conduct high-resolution impact assess-
ments  efficiently.  Climate  simulation  encompasses  uncertainties  related  to
process parameters, model structure, and trajectories, which can be charac-
terized and assessed through parameter sampling, sensitivity analysis, model
ensembles, and perturbation of initial conditions.

Climate damage plays a core role in assessing risks. In cost-benefit IAMs,
climate  damages  are  modelled  using  simplistic  damage  functions  focusing
on monetized  damage.  However,  they  have  been  criticized  for  their  numer-
ous  underlying  assumptions  and  lack  of  empirical  basis.  Process-driven
IAMs, while detailed in biophysical and socio-economic processes, offer less
insight into damage quantification and prioritize scenario generation and cost-

effectiveness  analysis.  A  recent  trend  involves  integrating  high-resolution
climate  impact  modules  into  process-driven  IAMs,  yet  these  studies  mainly
address  physical  impacts  rather  than  monetized  damages.  These  models
can better capture sectoral interactions, thereby reducing biases in economic
impact  assessments.  To  enhance  the  accuracy  of  assessments,  future
research  should  aim  to  integrate  monetized  climate  impacts  into  process-
driven IAMs.

We  also  reveal  several  pervasive  limitations  of  damages  within  IAMs.
Firstly,  IAMs do not  adequately  model  the cumulative and persistent  effects
of  climate  on  economic  growth,  which  have  been  frequently  identified  in
empirical research. This could skew mitigation scenario generation. Secondly,
they  overlook  non-market  climate  damages.  Thirdly,  IAMs  have  insufficient
representations  of  climate  adaptation,  with  modelling  heavily  reliant  on
assumptions. Fourthly,  IAMs predominantly  simulate  global  mean  tempera-
ture as a proxy for climate hazards, which may not capture localized hazards
and  their  impacts.  Fifthly,  IAMs  underrepresent  the  risks  associated  with
extreme climate events. Sixthly, there is a disconnect between IAM research
and  the  field  of  IAV,  with  IAMs  not  incorporating  recent  empirical  findings
from IAV.

In  conclusion,  future  research  directions  for  enhancing  the  damage
modules within IAMs suggest to synthesize the strengths of both IAM types
to develop high-resolution IAMs that encompass a broad spectrum of natu-
ral  and  socio-economic  processes,  mitigation  strategies,  climate  impacts,
economic analyses, policy evaluations, and uncertainty assessments, thereby
advancing the field of climate risk management.

Empirical research is also of importance for modelling damages, which can
be  divided  into  "bottom-up"  and  "top-down".  "Bottom-up"  research,  which
focuses  on  specific  sectors  or  damage  categories,  provides  a  more  diverse
assessment of climate impacts than IAMs but may omit feedback and inter-
action  effects  due  to  aggregation  issues.  Conversely,  "top-down"  modelling
encompasses all sectors in the market, preventing omissions and can directly
enhance IAM damage functions. Studies have identified robust relationships
between  regional  temperature  and  macroeconomic  output  across  various
spatial  scales,  using  different  temperature  metrics,  functional  forms,  and
econometric  specifications.  These  studies  explore  the  impact  mechanisms
and characteristics of temperature changes, including the persistent temper-
ature  shocks  and  long-run  climate  effects.  Future  research  should  develop
impulse  response  curves  to  depict  the  persistent  effects  of  temperature
changes,  although  current  datasets'  limitations  and  research  noise  impede
clear determinations of persistent shock durations. Current empirical studies
also  lack  consideration  of  climate  adaptation,  non-market  impacts,  and
climate tipping points, affecting the extrapolation of empirical models for risk
projections and necessitating attention in future research. Given the regional
and national diffusion of climate impacts and the scarcity of empirical stud-
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Figure 4.  The  persistence  of  the  climate  impacts  on  GDP.  It  is  assumed  that  the
impact of temperature on GDP remains identical in both the level effect and growth
effect within the same period.148
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ies in developing countries, future research should expand to more countries
and regions for detailed spatial-scale climate impact identification and high-
resolution risk assessments, particularly in developing areas.

To enhance the damage module of IAMs, future research should integrate
climate  econometric  models,  ESMs/GCMs,  and  IAMs  through  statistical
downscaling  to  achieve  scale  matching.  Additionally,  empirical  findings  on
climate  shocks  can  be  leveraged  to  refine  the  impact  mechanisms  within
process-driven  IAMs,  thereby  endogenously  modelling  the  persistence  of
climate  shocks  on  economic  growth.  In  addition,  in  the  domain  of  IAV,  a
multitude of studies have been conducted using historical data and state-of-
the-art  statistical  methods  to  assess  climate  impacts.  It  is  recommended
that  modellers  synthesize  the  findings  from  these  diverse  empirical  studies
and calibrate the damage function parameters via meta-analysis.
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