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Incorporating human behaviour into Earth 
system modelling

Brian Beckage    1,2,3 , Frances C. Moore    4 & Katherine Lacasse    5

Climate change and other challenges to the stability and functioning of 
natural and managed environmental systems are driven by increasing 
anthropogenic domination of the Earth. Models to forecast the trajectory 
of climate change and to identify pathways to sustainability require 
representation of human behaviour and its feedbacks with the climate 
system. Social climate models (SCMs) are an emerging class of models that 
embed human behaviour in climate models. We survey existing SCMs and 
make recommendations for how to integrate models of human behaviour 
and climate. We suggest a framework for representing human behaviour 
that consists of cognition, contagion and a behavioural response. Cognition 
represents the human processing of information around climate change; 
contagion represents the spread of information, beliefs and behaviour 
through social networks; and response is the resultant behaviour or action. 
This framework allows for biases, habituation and other cognitive processes 
that shape human perception of climate change as well as the influence of 
social norms, social learning and other social processes on the spread of 
information and factors that shape decision-making and behaviour. SCMs 
move beyond the inclusion of human activities in climate models to the 
representation of human behaviour that determines the magnitude, sign 
and character of these activities. The development of SCMs is a challenging 
but important next step in the evolution of Earth system models.

The Earth is dominated by human activities that increasingly challenge 
the stability of environmental systems and their capacity to support 
modern civilization1–3. Anthropogenic perturbation of the Earth sys-
tem risks irreversible change and abrupt shifts away from historical 
environmental states, with large implications for human welfare3. This 
is best evidenced by anthropogenic climate change but is also mani-
fested in other environmental problems such as ocean acidification, 
the collapse of fisheries, the loss of biodiversity, the eutrophication 
of lakes and rivers and the accumulation of plastics in oceans. These 
environmental challenges involve diverse processes and scientific 
disciplines, ranging from atmospheric physics to fisheries biology, 
but they share a common element: human behaviour is a fundamental 

driver of the stress on natural and managed environmental systems 
and is essential to solving environmental problems4,5.

Linking human behaviour with physical and biological systems 
is necessary to better understand the underlying drivers of environ-
mental problems and to build a sustainable future. The models used 
to address environmental problems have largely focused on develop-
ing the physical and biological components, either incorporating the 
human system as an external driver outside the disciplinary boundaries 
that define the problem or not including human behaviour at all6,7. 
An increasing number of researchers have called for human behav-
iour to be integrated more fully into Earth system models, as humans 
are an essential and dynamic driver of the Earth system and respond 
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range of possibilities using extreme bounds. With respect to climate 
change, for example, the Intergovernmental Panel on Climate Change 
has projected climate change using Representative Concentration 
Pathways (RCPs); the upper RCP (8.5) now appears to be substantially 
higher than the likely emissions over the twenty-first century17–19. Incor-
porating validated models of human behaviour, grounded in theory, 
will probably provide tighter constraints on future forcings than choos-
ing a set of extreme bounding cases to bracket all possibilities.

Second, human systems respond to environmental changes such 
that balancing feedbacks between the human and natural systems may 
reduce spread in forecasts. For example, as humans perceive increasing 
risk from climate change, they may work through political institutions 
or take personal actions to reduce greenhouse gas (GHG) emissions, 
constraining the magnitude of climate change20,21. Alternatively, if the 
perceived risk from climate change is low, then humans are less likely to 
incur the costs to transition to less carbon-intensive energy, increasing 
the magnitude of climate change. The net result is a reduction in uncer-
tainty, as the likely Earth system trajectory is bounded away from the 
extremes of high or low climate change. Social ecological models have 
borne this out, suggesting that the likely range of emissions over the 
twenty-first century is substantially narrower than implied by the range 
of Shared Socio-economic Pathway and RCP scenarios21,22, a finding 
corresponding to other recent studies using a range of approaches19.

Third, human behavioural uncertainty may decrease with increas-
ing scale of emergent social structure, such as moving from an individ-
ual to nations or to markets composed of large numbers of individuals. 
The potential reduction in human behavioural uncertainty at broader 
scales is analogous to statistical physics (that is, social physics)23,24 or 
coarse graining25–27.

Human behaviour and climate change
Anthropogenic emissions have emerged as the major forcing of the 
climate system over the past century, and the largest uncertainty 
in long-term climate forecasts is the trajectory of global emissions 
pathways. Projections of future climate change therefore require an 
understanding of the social, political, economic and technical dynam-
ics that determine emissions pathways and climate change (Fig. 1)28,29. 
Similarly, a changing physical climate will not act on a passive and unre-
sponsive population, but rather people will prepare for and respond 

dynamically to changing environmental conditions in a fully coupled 
human–natural system8–14. In this manuscript, we discuss how to incor-
porate human behaviour into Earth system models broadly and climate 
models in particular.

A systems approach
The Earth is a complex system composed of coupled natural and human 
systems characterized by nonlinear feedbacks that challenge the skill 
of models and forecasts10,14,15. Abstracting the climate system from 
the human system rather than seeing them as inextricably intercon-
nected leads to a reductionist approach, with model development 
largely confined to disciplinary boundaries6. Model development is 
then focused on, for example, elaborating the details of climate phys-
ics to better parameterize cloud formation in a climate model or the 
details of hydraulic conductivity to better model the flow of nitrogen 
in a watershed. Social scientists can be similarly siloed, with econo-
mists studying the costs of carbon, political scientists studying climate 
negotiations and policies, and psychologists studying individual per-
ceptions of climate risks and pro-environmental behaviour adoption. 
This disciplinary approach improves the representation of individual 
system components but does not improve our understanding of the 
interactions and feedback between human and natural systems that 
underlie and drive unsustainable environmental behaviours. Advancing 
our understanding of system components has been emphasized over 
interactions and feedbacks between the climate and human systems16. A 
primary challenge in building the next generation of Earth system mod-
els is to fully capture the interactions between and within the human and 
climate systems, which includes representation of human behaviour.

Uncertainty
A concern around integrating human behaviour into Earth system mod-
els is that this could drastically increase the uncertainty of projections. 
Endogenizing human behaviour in models may increase predictive 
uncertainty in some cases because it requires the addition of model 
parameters with additional uncertainty, which is then integrated into 
model forecasts. But uncertainty may not necessarily increase for sev-
eral reasons.

First, models that represent human behavioural responses to envi-
ronmental change as extrinsic forcings will often attempt to bound the 
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Fig. 1 | Traditional climate models and social climate models. a, Extrinsic 
scenarios for emissions, land use change and aerosols have traditionally 
been used to force global climate models. In this approach, a set of possible 
behavioural pathways are identified (i), and these trajectories determine 
anthropogenic forcing of climate (ii), mediated by feedbacks internal to the Earth 
system, to project climate change and impacts (iii). b, Coupling climate models 
with human behaviour allows the models to capture dynamic human responses 

to climate change that can improve projections of anthropogenic forcing (iv), 
better represent human adaptation to climate change for improved impact 
models (v) and characterize behavioural feedbacks that reinforce or balance 
human responses to climate change to identify points of high leverage for 
climate change mitigation (vi). Economic, political, and technical dynamics are 
embedded in the scenarios in a and in the behavioural response in b.
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to changing risk, subject to the information, resource, legal and other 
constraints they face30. Models of climate impacts depend sensitively 
on assumptions regarding the effectiveness and availability of adaptive 
adjustments. Examples include the effectiveness of coastal protection 
from sea-level rise31, the role of border policy in enabling or restricting 
international migration in response to climate risk32 and the ability of 
farmers to perceive and respond to changing weather conditions33. 
Forecasting and projecting the impacts of climate change therefore 
depend on modelling both the evolving climate risk and the adaptive 
responses of affected individuals and communities. Behavioural mod-
els are essential for understanding the responses of individuals, com-
munities and institutions to perceived or anticipated climate change 
risk and for forecasting the impacts of climate change (Fig. 1).

Climate change models have traditionally been forced by exter-
nally prescribed emissions scenarios or storylines (Fig. 1a)34–40.  
Storylines or narrative scenarios, such as the Shared Socio-economic 
Pathways and RCPs, have been used to represent alternative possi-
bilities for the evolution of human society, including the political and 
social responses to climate change28,41. While the scenario approach 
is valuable for its clarity in articulating assumptions and harmonizing 
inputs across climate models, there are drawbacks that limit its utility. 
First, storylines of future trajectories are not probabilistic in nature so 
that the uncertainty in climate forecasts is not represented, limiting 
their efficacy for planning for emerging climate risks42,43. Second, the 
scenario approach lacks dynamic feedback with the climate system. 
The socio-economic drivers of emissions and climate policy are likely 
to depend on experienced or perceived climate change and to emerge 
endogenously from the coupled human–climate system, but the  
scenario approach does not capture this dependence (Fig. 1a).

Much effort in climate modelling has focused on expanding and 
improving the representation of physical and biological feedbacks 
within climate models (Fig. 1a)6,34–40. Representing human behaviour 
in climate models to make emissions and other responses to climate 
change intrinsic to the models adds important feedback. Humans expe-
rience climate change through its biophysical effects (such as flooding 
or rising temperatures) that impact welfare, broadly defined, and 
respond through changes in GHG emissions, land use and aerosol pro-
duction (Fig. 1b) and by implementing adaptation measures (Fig. 1b),  
which are each mediated by the economic, political and technical 
systems, that can mitigate their impacts44,45. And just as the climate 
system has internal feedbacks that mediate anthropogenic forcing, the 
human system has internal feedbacks that mediate both the impacts 
from and responses to climate change (Fig. 1b)—for example, shifting 
social norms, endogenous cost reduction and expressive force of 
law21,46,47. Coupling human behaviour with climate models will improve 
projections of both the anthropogenic drivers of climate change and 
climate change impacts on human systems.

Representing human behaviour in climate models requires (1) 
representation of the material and information exchanges between the 
human and climate systems, (2) determination of which components 
of human behaviour to include and how to model them, (3) the scale of 
social structure, and (4) the consideration of heterogeneity in human 
behaviour. We describe each of these components and discuss how they 
have been implemented in existing models that link human behaviour 
with the climate system, which we refer to as social climate models 
(SCMs), focusing on papers that have included two-way feedbacks 
between the human and climate systems.

There are other modelling considerations in addition to the four 
components we list above, such as the modelling framework to use 
(for example, agent-based, system dynamics or coupled component); 
model analyses to include calibration, validation and sensitivity; com-
putational issues that arise with model components that operate at 
different spatial and temporal scales; and computational cost. We do 
not focus on these here as they have been considered elsewhere or are 
not specific to integrating human behaviour into climate models12,48–51. 

We also do not focus on the set of human activities that link the human 
and climate systems (for example, shifts in agriculture, water man-
agement and renewable energy adoption) but instead focus on how 
to represent human behaviour in the context of climate, which then 
determines the magnitude, sign and nature of interactions between 
the human and climate systems.

Exchanges between the human and climate systems
Integrating human behaviour into climate models requires an exchange 
of material and/or information between the human and climate sys-
tems. Humans receive information on the state of climate, process the 
information and respond with a behavioural change that determines 
the anthropogenic forcing of climate. The climate models used in SCMs 
have mostly been simplified models with projections of one to a few 
climate metrics, such as mean global temperature21,52–54. These simple 
climate models usually lack spatial resolution, but some SCMs have 
leveraged their output with that of full global change models to produce 
spatially explicit representations of climate change55 or to represent 
the stochasticity of weather around climate trends56. Other SCMs have 
used empirical relationships to map the projections from simplified 
climate models to other climate metrics such as extreme events20.

The use of simplified climate models is often necessary given 
the complexity of global change models and the computational costs 
and technical challenges associated with running them. Nevertheless, 
the use of single metrics such as global mean temperature is a coarse 
representation of the impact of climate on the human system. SCMs 
should strive towards a fuller representation of climate change impacts 
(for example, precipitation, flooding, droughts, sea-level rise, ocean 
acidification and windstorms) that shape human perception of climate 
change. Research could better constrain and guide the choice of climate 
metrics that most impact the human perception of climate change57–59; 
alternatively, human behavioural models could be integrated with 
global change models, which produce a spatial representation of a 
suite of climate metrics, as is the case for some human feedbacks in the 
integrated Earth system model60. The variability of climate impacts in 
both space and time is likely to interact with heterogeneity in human 
culture and demographics to mediate human behavioural responses, 
necessitating that SCMs move beyond spatially and temporally aggre-
gated means.

SCMs have represented anthropogenic forcing of climate primar-
ily through globally aggregated, annual emissions of GHGs, primarily 
CO2 or CO2 equivalent. Human forcing of climate includes emissions 
of a wide array of GHGs with different residence times and forcing 
strengths, land use changes that affect GHG fluxes as well as albedo, and 
emissions of aerosols61,62. Aerosols mitigate climate change through 
increases in albedo but can negatively impact human health through 
air pollution63. Anthropogenic forcing of climate is mediated through 
feedbacks internal to the climate system, such as temperature, precipi-
tation and CO2 fertilization effects on the terrestrial carbon sink38, as 
well as through human behavioural responses, such as deforestation 
and other land use change. The ultimate goal of SCMs should be the 
representation of the set of anthropogenic forcings of climate and a 
spatially explicit characterization of climate impacts on human risk 
perception and behaviour.

Representing human behaviour
Human behaviour is complex, boundedly rational and challenging to 
represent8. A broad array of theories and frameworks for describing 
human behaviour have been proposed, representing diverse taxono-
mies and drivers of behaviour, with their own implicit assumptions 
and vocabulary, and few have been translated into quantitative or 
computational algorithms12,49,64,65. For example, 86 theories of human 
behaviour and response have been identified from diverse social sci-
ence disciplines such as economics, psychology, political science, 
sociology, anthropology and law65. But much of the theory relevant 
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to modelling the social and human behavioural systems has not been 
translated into a quantitative modelling framework, and in many cases 
it has been developed in qualitative disciplines using case studies or 
comparative case study approaches. Many of the SCMs cited here have 
started this work, creating model implementations of contagion, cog-
nition and response processes described qualitatively in the social 
sciences. Others have suggested frameworks for modelling other 
human behavioural processes64,66. However, more work is needed to 
compare implementations of human behavioural models, since even 
small changes in formulations of the same theory can often lead to 
large differences in model outcomes7,67.

We propose a simple but broad framework for modelling human 
behaviour that can be used in climate models as well as for other environ-
mental systems and that can incorporate factors from diverse theories 
of human behaviour while representing how humans receive, process 
and respond to information. We represent human behaviour through 
three components: cognition, contagion and response (Table 1).  
This framework is similar to the individual cognition and social interac-
tion framework suggested for representing social dynamics in social–
ecological systems68.

Cognition refers to how humans process and interpret informa-
tion to make decisions. Our definition includes perceptions of risks 
in the world around them, memory of past events, foresight into the 
future, and how these factors and other biases shape their thinking and 
decision-making69. Contagion represents the spread of information, 
beliefs or behaviours through social networks or other structures that 
define interactions between people and institutions. Our definition 
of contagion includes social learning, social norms and persuasion as 
well as higher-level processes such as strategic interactions between 
institutions or price transmission via markets sending information 
on relative scarcity70. Response represents the individual, national, 
international or market behaviour that results from the internal pro-
cessing of information (cognition), the social influence or interactions 
between humans or institutions (contagion), and other external or 
situational factors that expand or restrict the behaviours. Our defini-
tion of response includes attitude change or behaviour and technol-
ogy adoption, the passage of mitigation or adaptation policies as well 
as public support for policies, participation in international treaties, 
and financial investments in mitigation technologies or strategies. 
Modelling of responses should recognize the constraints faced by 
actors that limit the set of possible actions and how these constraints 
might evolve over time. Depending on the scale of modelling, these 
constraints might be budgetary, technological, legal or political. Dif-
ferent theories of human behaviour can be used to define cognition, 
contagion or the behavioural response.

Cognition. Some SCMs assume that humans have perfect knowledge 
of the state of the climate system, ignoring the role of uncertainties 
and human cognition in processing information on and perceptions 
of climate change. For example, some SCMs that consider economic 
responses to climate change assume a single social planner with full 
knowledge of the current and future climate, including effects on 

human welfare71. Similarly, other SCMs that incorporate contagion 
processes such as social learning or social norms base the human behav-
ioural response on perfect information on mean global temperature54. 
Most actors in the human system do not experience climate change 
as average changes in global temperature but rather experience and 
respond to local weather conditions, which are composed of both 
anthropogenic forcing and natural variability in climate. Climate vari-
ability may be large43,72, with potentially consequential implications for 
the experienced signal of anthropogenic climate change56. Additionally, 
cognitive processes can lead to biases in human perception of climate 
change. People more heavily weigh information that is consistent with 
their existing beliefs and social networks73,74. For example, if a person 
believes that climate change is an existential threat to humanity, then 
they are more likely to accept heatwaves as indicative of climate change 
and discount cold waves as counterfactual evidence. Similarly, humans 
more heavily weigh recent experiences and discount more distant expe-
riences, leading to a shifting baseline of what is considered the climate 
normal (that is, habituation), which could lead to the downplaying of 
the actual extent of perceived climate change21,75. Foresight is another 
cognitive process that increases the urgency to act to mitigate climate 
change in anticipation (that is, forecasting) of continued climate change 
and the risk that it poses to human and natural systems33,76.

Contagion. Many SCMs represent the collective responses of popula-
tions, which requires modelling how information, beliefs and behav-
iours spread—that is, contagion (Table 1). Humans receive information 
through their social networks, including information on how others 
are responding to climate change77. Even a small tendency of individu-
als to preferentially associate with like-minded or otherwise similar 
people (that is, homophily) can lead to sorting, segregation and a 
disconnected network structure that impedes information flow across 
populations78,79. Network structure can also be used to identify key 
institutions or corporations that produce and disseminate climate 
information aimed to persuade others80. Changing social norms about 
the morality of emissions, financial divestment from fossil fuels or gov-
ernmental subsidies that reduce the price of renewable energy could 
each lead to positive feedback loops that tip the system towards human 
mitigation of emissions81. Contagion can also operate via pathways 
other than social networks. For example, policymakers within nations 
or between nations often interact strategically, making climate policy 
or treaty decisions at least in part as a reaction to the behaviours of 
other actors82,83. At the subnational level, many participants in ‘wicked’ 
policy areas such as climate change governance interact across multiple 
decision-making forums, resulting in complex networks that can give 
rise to connections and strategic interactions across issue areas or insti-
tutional scales84,85. Actors also interact via markets in which trading and 
supply-chain networks can lead to the transmission of climate shocks 
as well as information about relative scarcity via price changes86,87.

Behavioural response. Behavioural responses emerge from com-
plex interactions between cognition, contagion and other external or  
situational factors across multiple scales of human organization.  

Table 1 | Framework for modelling human behaviour

Human behaviour processes

Cognition Risk perception, risk aversion, decision-making, memory, foresight, cognitive biases (for example, biased assimilation and habituation)

Contagion Social learning, social norms, persuasion, strategic interactions, price transmission

Social scale Individuals Nations International Markets

Behavioural response Attitude change, policy support, 
behaviour adoption

Mitigation or adaptation 
policy

Treaty participation Technology adoption, investment

We include examples of human cognition, contagion and behavioural response with respect to climate change that correspond to four social scales of emergence of human structure.
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Many SCMs model responses as changes in annual GHG emissions or 
mean per capita emissions20,54,88. Some individual-based models focus 
on specific behavioural responses such as the adoption of low-carbon 
transportation89, vegetarian diets90, land use change91, migration92, 
investing in flood protection93, or voting and political behaviour94. 
Models of national or international responses instead model changes in 
policy or treaties21,70,82,83,95 or examine outcomes such as inequalities that 
might result from such agreements55,96. Models of markets, common 
in economics, might include responses such as shifting consumption, 
production and trade patterns, the dynamics of technology adoption 
or investments in long-lived assets87,97–100. The choice of behavioural 
response depends on the structure and goals of the modelling exercise.

Responses may also include a range of adaptation measures that 
have been documented101, including changing cropping patterns and 
growing areas in agriculture102,103 and the relocation of coastal com-
munities104. The adaptation and coping strategies that individuals 
and communities deploy in response to a changing climate will be 
imperfect, costly and inefficient, requiring modelling frameworks 
that can capture these complexities. For example, heterogeneity in 
beliefs about climate risk in a coastal housing market with intensifying 
coastal storms and sea-level rise can lead to overvaluations and rapid 
market crashes as the effects of climate change become apparent100. 
Adaptation to extreme heat through the adoption of air conditioning 
is likely to be limited by poverty through the end of the century in 
densely populated and highly exposed regions such as south Asia and 
sub-Saharan Africa105. These nonlinear processes mean that climate 
change impacts may lead to tipping points in social systems that force 
sudden, transformative adaptations leading to a new state: examples 
include human migration due to sea-level rise and the collapse of winter 
sports tourism at lower altitudes106.

Scale of social structure
The human system is composed of individuals that are organized in 
emergent social structures such as nations, international communi-
ties and markets8,107. The scale of social structure is the resolution at 
which human behaviour is represented, whether individuals, loosely 
defined social groups, nations or markets, and is dependent on the 
model objectives (Table 1). Humans interact across multiple scales and 
social settings, influencing each other and exchanging information, 
goods, values and beliefs. Behaviours are constrained and shaped by 
the characteristics of the social structures in which they are embed-
ded, which may determine the resources available to act, the set of 
behavioural options and their perceptions of the costs and benefits of 
different actions. Moreover, people can and do act collectively, both 
through formal political institutions and through less formal structures 
such as social norms and cultures.

The scale of social structure influences how human behaviour is 
modelled. The modelled response changes with the level of abstrac-
tion: nations set policies and negotiate treaties with other nations; 
markets transmit information over trade networks and supply chains, 
altering the production, consumption and investment behaviour of 
market participants; and individuals change their behaviour, such as 
support for green policies or the adoption of low-carbon technologies. 
SCMs have usually focused on higher levels of abstraction (that is, the 
global economy71,108), while others have used individuals, though often 
using a representative individual or human functional type, ignoring 
heterogeneity and the complex, emergent behaviour that can arise 
from individual interactions20,54,109,110. Other SCMs have explored the 
potential for climate change to increase conflict or inequality, medi-
ating or disrupting international cooperation on addressing climate 
change55,95,111.

Although some modelling approaches such as agent-based mod-
elling focus on individual behaviour to understand how larger-scale 
dynamics emerge from the interactions of individuals, much social 
science instead focuses on modelling more aggregate behaviours 

directly. Examples of aggregate entities considered in social theory 
and modelling (all of which could be relevant for understanding cli-
mate change) include markets and firms, political interest groups, 
national governments, social movements and cultural groups107. Vari-
ous branches of social science have developed theories and models 
to explain the behaviour of these different aggregations, which can 
be a more parsimonious and efficient approach for understanding 
large-scale or widespread social phenomena than modelling only 
individual behaviour.

SCMs often focus on a single scale of social structure. A danger is 
that this ignores feedback processes operating across scales of social 
structure that can influence or constrain the behaviour of the modelled 
actors. For example, policy changes or interventions by governments 
can influence the perception of a problem at the individual scale, which 
then spreads through social networks with implications for future 
policy evolution94,112. Policies are rarely static, and their implementation 
has the potential to trigger positive feedback loops through increasing 
political interest, further mobilizing advocates, funding the innovation 
and deployment of technologies, and therefore leading to new, more 
ambitious policies113. Major climate policies have wide-ranging effects 
on a number of outcomes that people may value, such as reduced 
disruptions to the electricity supply114 or improved air quality115. Some 
SCMs have addressed this by modelling human behaviour components 
at the individual, national and/or international levels simultaneously 
to allow for these interactions21,56.

Heterogeneity
Heterogeneity enters the coupled human–climate system through 
climate change impacts, GHG emissions and socio-economic char-
acteristics of the human system116,117. Climate change impacts are not 
uniformly distributed across the Earth: warming occurs dispropor-
tionately at higher latitudes, precipitation changes are heterogene-
ously distributed across land masses and sea-level rise affects coastal 
regions117. GHG emissions are similarly heterogeneous across regions, 
with industrialized nations disproportionately contributing to and 
benefiting from emissions. Socio-demographic characteristics of 
humans also vary widely within and across regions and can partially 
determine both vulnerability to climate impacts and the capacity to 
adapt. Discordance between where GHG emissions occur and where 
people are most vulnerable to climate change impacts can reinforce 
existing inequalities in the human system. Populations in different 
regions will thus experience more or less urgency to adapt, mitigate 
or join global collaborations.

Many SCMs do not represent this heterogeneity but utilize 
aggregated human costs and benefits118,119. Aggregated models do 
not account for the heterogeneous distribution of the burdens of 
climate change and the benefits accrued from emissions (for exam-
ple, economic production) when evaluating potential mitigation and 
adaptation policies. Some SCMs have incorporated inequalities to 
assess the effects across different geographical areas120, countries121 
or income groups114,122, occasionally incorporating many of these fac-
tors into one global model55. These studies have demonstrated that 
inequality and spatial discordance in climate impacts and emissions 
can disrupt policy formation and cooperation, reducing mitigation and 
leading to more climate change. By more explicitly including a range 
of human behaviour and social processes in these models, we have 
the opportunity to observe not only the differential effects of climate 
change or policies119,123 but also the likelihood of equitable policies or 
commitments emerging from the system.

Modelling goals
Advancing SCMs will improve both our understanding of the feedbacks 
and interactions that drive the dynamics of the climate system and fore-
casts of future climate change. Models can help us to understand how 
human behaviour and climate jointly determine system behaviour and 
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to identify points of high leverage that can inform the design and imple-
mentation of mitigation and adaptation strategies, given real-world 
institutions and political and economic constraints81,124. Forecasts can 
provide foresight to possible future states of the world, anticipating 
changes in response to internal dynamics or evolving external forc-
ings. The inclusion of human behaviour in climate models will change 
not only the mean of our climate forecasts but also the uncertainty 
around that mean.

An additional consideration in reviewing and categorizing SCMs 
is the distinction between prescriptive and descriptive modelling 
goals. Some of the earliest and most widely used SCMs are the set of 
cost–benefit integrated-assessment models such as the DICE model125. 
By positing a particular social welfare function and imagining a single 
global decision maker acting under perfect information and foresight, 
this class of models attempts to answer the question ‘What should 
society do about climate change?’ Prescriptive models incorporate 
idealized or optimized representations of policy formation or human 
behaviour and are neither designed for nor particularly useful for 
answering descriptive questions.

Descriptive models address the question ‘What will society do 
about climate change?’ This class of models represents how humans 
process and share information and beliefs or form policy; they thus 
have utility for understanding or forecasting the human response to 
climate change in terms of both mitigation and adaptation. Although 
recent work in economics has built on the original DICE framework to 
incorporate more realistic elements such as uncertainty in the climate 
system response126, intergenerational dynamics127 or strategic inter-
actions between regions83,128, prescriptive models still deliberately 
abstract from the messy and imperfect world of real climate policy 
formation, making them imperfect tools if the modelling goal is to 
understand what will versus what should happen. Prescriptive models 
can provide guidance on establishing policy and also provide a refer-
ence scenario for comparison with descriptive models of the human 
response to climate change, to examine questions such as how far 
actual responses are likely to depart from idealized responses.

Identifying and utilizing data
As quantitative models of the coupled climate–social system continue 
to develop, collecting and integrating data into the models is a key 
challenge129. SCMs are built from both theory and data and are used 
to understand likely outcomes as well as possible modes of system 
behaviour. However, the current landscape of data availability limits 
our ability to empirically constrain model parameters, limiting the 
potential of SCMs to forecast likely outcomes and modes of behaviour.

One issue is the lack of global data for many of the model elements. 
Many SCMs have a global scope because of the global nature of climate 
change and mixing of GHGs, but human behavioural data that are rep-
resentative at the global scale are limited. Data about many variables 
are collected at the national scale by the United Nations or international 
development agencies, limiting the understanding of subnational 
heterogeneity. While there are efforts to collate comparable, global 
data for improved understanding of climate change impacts130,131, these 
data tend to be the most complete in richer regions, often with large 
gaps in areas such as sub-Saharan Africa. Additionally, risk perception, 
social norms, institutional legitimacy and trust are examples of social 
constructs often used in SCMs that are abstract and challenging to 
measure. Even when relevant data exist (for example, from large-scale 
surveys), these data tend to be representative of national or subnational 
populations and do not have repeated measures, limiting their utility 
for constraining the dynamic behaviour of a global model.

However, emerging datasets that can be relevant to understanding 
social and behavioural dynamics are becoming increasingly accessible 
and hold promise. Examples include fine-scale administrative data131; 
data from internet use or mobile phones that can shed light on social 
and informational network structure79, mood and sentiment132,133 or 

mobility patterns134–136; bibliographic datasets combined with natural 
language processing methods80,137; and remote-sensing-based data 
products at increasingly high spatial and temporal resolution138. The 
wide geographic reach of these datasets and their often high temporal 
resolution are potentially valuable for improving the empirical founda-
tion of SCMs. But it is also important to bear in mind possible pitfalls: 
detailed data on online behaviour may be easily available but also 
probably capture only a small part of people’s informational and social 
environment, or data may not be representative of whole populations, 
possibly providing a biased sample towards particular income or age 
groups. Using multiple approaches including observational datasets, 
surveys or even lab experiments to triangulate model calibrations may 
be the most robust path forward. In the absence of extensive data, mod-
els can be constrained using strategies that leverage computational 
approaches and limited data.

While globally and temporally extensive data that broadly repre-
sent human behaviour may be absent, limited samples could be use-
ful in providing initial parameter estimates for use in models. These 
parameterizations can be improved as more data become available. 
For instance, Konc et al.94 calibrated parameters of their agent-based 
model to the results of a representative survey of Spanish households 
asking about support for different types of climate policies.

Hindcasting can be used to probabilistically constrain unknown 
parameters using the computational model and data on state variables 
represented in the model. This approach takes advantage of existing 
data streams, which may still be limited in scope, together with the 
causal relationships embedded in the model structure to impute likely 
values of unobserved (and often difficult to measure) parameters. This 
approach has been used, for instance, to calibrate human behaviour 
with respect to dietary choices in the context of climate change90 and 
to constrain behavioural parameters using opinion surveys from a 
limited set of Western nations21.

Recognizing the difficulty of direct calibration and parameteriza-
tion, much work in the literature simply acknowledges this uncertainty 
and presents extensive uncertainty analyses over parameter distribu-
tions (for example, using Monte Carlo sampling or factorial sweeps20,21). 
However, if the goal of modelling is to go beyond characterizing pos-
sible system behaviour to instead assess probable outcomes or even to 
inform policy, then the benefit of better integration between models 
and data will be substantial. Considering data early in the model devel-
opment process can help improve this integration—for example, by 
allowing some model variables to match the available validation data 
or by allowing time for original data collection via surveys or experi-
ments if necessary.

Conclusion
Models are narratives for understanding how the world works. In the 
coming decades, the world will delve further into the Anthropocene, 
with human activities becoming an increasingly dominant driver of 
physical and biological systems around the world. A modelling frame-
work that systematically excludes human behaviour, treating it as 
external to the climate systems rather than embedded within it, will 
be inadequate to meet either the scientific or policy demands of the 
next century. Our models are making progress in linking components 
of the human and climate systems, but we must go further than increas-
ing inclusion of economic and biophysical activities to include human 
behaviours that drive the magnitude, sign and character of the interac-
tions between the human and climate systems. We propose a framework 
where human behaviour is represented by the processing (cognition) 
and spread (contagion) of information and beliefs among humans 
and by the human behavioural response (for example, mitigation and 
adaptation) to climate change as well as the scale of social structure 
(for example, individuals, political institutions or markets) and het-
erogeneity in human behaviour driven by culture, demographics,  
economics and climate change impacts. A key challenge will be 
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assembling available data for model parameterization and calibration 
to move beyond models that demonstrate potential modes of system 
behaviour to prediction.

The development of SCMs will contribute to addressing difficult 
problems in understanding climate change and achieving a sustain-
able Earth system through the representation of human behaviour, 
system-level effects of social processes and the complex dynamics 
driven by social environmental feedbacks10. SCMs can improve insight 
into the dynamics of the Earth system and may lead to the identification 
of potential social tipping points, where reinforcing feedbacks within 
the human system and through interactions with the climate system 
can lead to large reductions in anthropogenic forcing of climate81,139,140, 
analogous to regime shifts in ecological systems141,142. In short, humans 
are the primary driver of current climate change, and so we need to put 
humans into the equation.
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