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Abstract:  
A central challenge for climate policy is to select effective climate mitigation measures that 
maintain prosperity and wellbeing. To picture and reason about such complex problems, 
cognitive psychology shows that people use ‘mental models’. Thus, if citizens possess 
mental models of the climate policy problem, this will affect how they view climate policies. 
This study reveals that people do, indeed, have mental models that connect the main 
elements of the problem. Using a nationally representative public sample (n=1,200), we 
measure patterns of causal relationships that people perceive between four main elements: 
climate change, climate policy, economic growth, and health and wellbeing. We find that 
people not only perceive coherent relationships between these elements, they report 
confidence in their answers and will give high accuracy ratings when shown diagrams of 
their model constructed from their responses. However, mental models vary substantially 
across participants, with disagreement on most relationships. Association tests and cluster 
analysis do not identify recognisable patterns. Hence, while the results reveal an average 
mental model of the climate policy problem, there is neither a dominant model nor a clear 
set of contrasting models. These findings challenge common assumptions about how 
citizens will evaluate proposed policies, while suggesting opportunities to influence mental 
models through evidence. They also inform public debates on degrowth and green growth. 
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Policy insights: 

• Understanding how people think climate change, climate policies, economic 

growth, and health and wellbeing relate to each other is crucial to understand 

policy acceptance. 

• Our survey mapped these ‘mental models’ and found that people have coherent 

mental models, yet there is little consensus on both individual causal 

relationships and overall models. 

• While there is no dominant mental model, notable frequent perceptions 

included that economic growth and climate policies both increase wellbeing; 

policies decrease climate change; and policies do not affect growth.  

• These findings warn against making assumptions about how citizens will evaluate 

policy proposals, and inform public debate on degrowth.  
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1. Introduction 
 
Selecting effective climate mitigation measures while preserving economic growth and 
promoting wellbeing is a fiendishly complex policy problem. Selecting good policies requires 
careful judgment of multiple causal relationships: from policy to climate change (e.g., 
Fernández-i-Marín et al., 2026), from policy to growth (e.g., Stock, 2020), from growth to 
climate change (e.g., Clulow, 2018), and from all of these to health and wellbeing (e.g., Van 
Den Bergh & Botzen, 2018), among others. Such patterns of causality occur across multiple 
industries, policy areas, geographical levels and locations, and dimensions (e.g., collective 
vs. individual, present vs. future), contributing further to the complexity of the problem. 
 
Our study investigates whether and how the complexity of the climate policy problem is 
reflected in the ways that ordinary citizens picture it. Psychology research on ‘mental 
models’ argues that people use simplified mental representations to reason about complex 
topics involving multiple causal relationships (Johnson-Laird 1983; Ambuehl et al., 2026). 
Our study seeks to map people’s mental models of the climate policy problem. Do people 
perceive causal patterns between policy, climate change, economic growth, and health and 
wellbeing? How complex and coherent are these mental models? Are there identifiable 
models in the population? Is there a dominant mental model? These questions matter 
because voters’ mental models are likely to shape their support for climate policies, and the 
enactment of policies often hinges on public support. Currently, we know little about 
people’s mental models. 
 
To our knowledge, this is the first study that sets out to map mental models of climate 
policy. It builds on a wealth of climate psychology literature that can be separated into three 
strands. The first strand investigates psychological determinants of policy support (Drews & 
van den Bergh, 2016a), such as knowledge and worry about climate change (Bouman et al., 
2020; Martin et al., 2024); environmental attitudes (Rauwald & Moore, 2002; Peñasco & 
Grossman, 2025; ); perceived policy fairness and effectiveness (Jagers et al., 2024; 
Poortinga, 2025); and policy framing (Chen et al., 2025), amongst others. The second strand 
focuses on potential trade-offs between climate costs and economic costs, often deploying 
surveys to measure public opinion about alternative growth paradigms such as green 
growth and degrowth (Drews & van den Bergh, 2016b; Drews et al., 2019; Gugushvili, 2021; 
Paulson & Büchs, 2022). The third strand identifies flaws in laypeople’s mental models of 
how climate change (Reynolds et al., 2011; Bostrom, 2017; Chen, 2011) or the economy 
(Leiser & Krill, 2017; Binetti et al., 2024) work, and how these models affect policy 
preferences (Bostrom et al., 2012). While these literatures investigate individual factors or 
relationships relevant to policy acceptance, our study instead investigates people’s system-
level psychology of the climate policy problem itself. 
 
This approach has the potential to diagnose sources of support for, or resistance to, climate 
policy. The aim is to uncover previously unseen patterns in how people understand the 
likely effects of policy and the associated variability across the population, based not on 
specific attitudes or perceived trade-offs, but on an overall mental model that contains a 
combination of essential relationships. In doing so, we can observe and directly compare the 
relative strength of different elements of people’s mental models. This approach may 
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improve understanding of policy acceptance by detailing the model(s) that citizens use to 
judge the likely impact of a proposed policy.  
 
The study uses original survey data to measure mental models via a series of questions 
about causal relationships between different potential model elements and follow-up 
questions about these relationships. The survey was carried out in Ireland, where climate 
perceptions are broadly in line with other European countries, notwithstanding Ireland’s 
relatively large agricultural sector (e.g., Ergun et al., 2024; European Commission, 2025). 
 
2. Methods 
 
We conducted an original survey to measure people’s mental models. The pre-registered 
analysis plan and full survey questionnaire are available on the Open Science Framework.1 
The study was conducted in line with the ESRI Research Ethics Committee ethics policy. 
 
2.1. Participants and procedure 
 
Our study sample consisted of 1,200 participants from Ireland. They were recruited via a 
market research agency’s existing online survey panel,2 using recruitment quotas to achieve 
an approximately nationally representative sample based on age (39% under 40 years old, 
35% between 40-59 years old, 27% aged 60 and over), gender (49% male), region (57% 
Leinster, 28% Munster, 15% Connacht and Ulster), and socio-economic grade (13% higher or 
intermediate professionals, 35% clerical or junior professionals or students, 20% skilled 
manual workers, 28% semi-skilled or unskilled manual workers, casual workers, full-time 
carers, or unemployed, 4% agricultural workers or unsure). This study does not focus on or 
analyse demographic variables, as explained in the pre-registration.3  
 
Participants completed the survey online in October and November 2025, after providing 
informed consent.4 They were paid a small compensation fee (approximately €4). To avoid 
selection bias, they were not told that the study was about climate change before starting. 
Survey completion time averaged 20 minutes5 and the attrition rate was 16%.6 
 
2.2. Measurement and analysis 
 

 
1 Analysis plan at https://osf.io/pxrqn/overview?view_only=6d9a8a9c613240bbaf75fb9895ec1ddc; survey 
questionnaire at https://osf.io/53e6p/overview?view_only=9676a09f37194def9d5e679a0ca84dc9.  
2 Further details on the online survey panel are available from the market research company, RED C, at: 
https://redcresearch.com/technique/online-research/ 
3 The focus of the paper is on overall mental models in the population and not on how these models vary with 
individual characteristics, which will be the topic of a subsequent study. Hence we did not access detailed 
demographic data, as explained in the pre-registration. 
4 The participant information form and subsequent consent form shown to participants is available as part of 
the survey questionnaire: https://osf.io/53e6p/overview?view_only=9676a09f37194def9d5e679a0ca84dc9. 
5 As a robustness check, we replicated all analyses while excluding the top 5% and bottom 5% of participants in 
terms of survey completion times, and we found consistent results throughout. 
6 The true attrition rate is somewhat lower, as this figure includes participants who were rejected for being 
over the desired quota of participants in their demographic group, but who didn’t click out of the survey and 
were thus either timed out or rejected manually. These cases cannot be distinguished from ‘true’ attritions. 

https://osf.io/pxrqn/overview?view_only=6d9a8a9c613240bbaf75fb9895ec1ddc
https://osf.io/53e6p/overview?view_only=9676a09f37194def9d5e679a0ca84dc9
https://osf.io/53e6p/overview?view_only=9676a09f37194def9d5e679a0ca84dc9
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To measure mental models, we asked participants about the relationships between six pairs 
of topics consisting of all combinations of ‘climate change’, ‘climate policy’, ‘economic 
growth’, and ‘health and wellbeing in society’. For each pair, they could indicate that one 
topic increases or decreases the other, and/or vice-versa, or that they have no effect on 
each other, or that they affect each other but the participant is not sure how. Figure 1 
shows an example of this, using the ‘climate change’ and ‘economic growth’ pair. To 
familiarise participants with the question format, before showing them the six pairs, we 
displayed a practice question in the same format about the relationship between 
oversleeping and setting an alarm. 
 
Figure 1. Survey question example 

 
Notes: Ticking ‘no effect’, ‘not sure, or ‘don’t know’ answers unticks other answers. It is not 
possible to tick opposite answers (e.g., growth increases and decreases climate change). It is 
possible to tick up to two answers, one per direction (growth on climate and vice versa). The 
order of the pairs, topics within pairs, and associated responses was randomised. 
 
Once the participant had answered for all six pairs, we displayed a diagram of their mental 
model based on their own answers (see example in Figure A1 in Appendix). At this stage, 
participants had a chance to correct their model, if they wanted to. They then rated how 
closely it showed their thinking (on a 7-point scale from 1 ‘not at all’ to 7 ‘completely’). We 
also included two exploratory open-text questions, one asking participants to explain how 
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one relationship works (randomly chosen out of the ones they selected), and one asking 
how they would improve the diagram (e.g., any additional elements they would include). 
 
Since our mental model survey instruments are novel, we also measured several secondary 
variables, including participants’ confidence in each of their answers (on 7-point scales from 
1 ‘not at all’ to 7 ‘extremely’ confident), and how difficult they found the survey overall (on 
a 7-point scale from 1 ‘very easy’ to 7 ‘very difficult’). In addition, we asked participants 
follow-up questions about each effect that they identified, such as its duration (long-term, 
short-term, or both), stability (always true, usually true but other factors affect it, very much 
depends on other factors), and distribution (everyone affected the same way, some groups 
affected differently). 
 
Our pre-registered analysis plan includes two steps. First, we provide descriptive results on 
the effects that people identified, that is, the elements of their mental models, and on the 
prevalence of any specific effects. This also allows us to show the population’s average 
mental model (not pre-registered). Second, we use cluster analysis to test for potential 
patterns in the co-occurrence of reported effects. We did not pre-register any hypotheses 
on mental models, as the study is descriptive and exploratory. 
 
3. Results 
 
3.1. Mental model elements 
 
Almost all participants (97%) reported at least one effect of climate change, climate policies, 
health and wellbeing in society, or economic growth on each other.7 On average, they 
reported 4.9 effects (SD=2.4). Figure 2 shows the distribution of answers for each possible 
effect. The most commonly reported effects were that growth improves wellbeing (55% of 
participants), climate change worsens wellbeing (48%), climate policies decrease climate 
change (46%) and improve wellbeing (45%), and growth increases climate change (37%). For 
all other possible effects (7 out of 12), the most frequent answer was ‘no effect’, though in 
some cases a substantial share of participants still reported an effect: for example, 46% of 
participants reported that climate change has no effect on climate policies, but 39% said 
that it increases them. The effect with the least agreement was that of how climate policies 
influence growth, where the most frequent answer was ‘no effect’, although only 32% of 
participants said this. 
 
Despite the complexity of the topic, few participants reported being unsure (between 7% 
and 17% depending on the pair) or answered ‘don’t know’ (between 5% and 8%).8 This is 
reflected in the high levels of confidence that participants reported in their answers, with 
average ratings between 5.1 and 5.7 across effects (SDs range from 1.2 to 1.4), and an 
average confidence rating per person of 5.4 (SD=1.0). The average reported difficulty of the 
survey was at the midpoint at 4.0 (SD=1.7), and participants’ average rating of how closely 

 
7 As a robustness check, we replicated all analyses while excluding the 26 participants who reported ‘no effect’ 
or ‘don’t know’ for all pairs or for all but the first pair they saw (in case this reflected low attention), and we 
found consistent results throughout. 
8 It is possible that ‘no effects’ were overreported, and ‘unsure effects’ and ‘don’t knows’ underreported, due 
to participants ticking no effect when they were unsure of the effect (due to not wanting to appear ignorant). 
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their mental model diagram represented their thinking was high at 5.4 (SD=1.1).9 Taken 
together, these findings suggest that participants are relatively sure of their mental models, 
and that our survey worked well as a measurement tool for these models. 
 
Finally, participants’ answers to follow-up questions about effect characteristics showed 
little variation. Participants mainly reported that effects apply both in the short-term and 
the long-term (between 51% and 72% of participants depending on the effect), are usually 
true but depend on other factors (between 52% and 62%), and apply differently to some 
groups in society (between 62% and 71%). This shows that the variation we found between 
participants is not due to them answering questions based on different underlying logic 
(e.g., focusing on particular timelines or influencing factors, or not being aware of 
heterogeneous effects). It also suggests that participants have awareness of long-term 
effects, distributive effects, and potential moderating roles of other factors on effects. 
 
Figure 2. Distribution of mental model elements 

 

 
9 As a robustness check, we replicated all analyses excluding the 96 participants who reported any difficulty 
(e.g., said the topic was complicated) or reason not to use their data, and found consistent results throughout. 
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Notes: Responses are duplicated in both directions for each pair of topics if there is an 
unsure or no relationship between them (but not if there is an effect in one direction only). 
 
3.2. Average mental model 
 
In light of the amount of variation in responses to each pair of elements (Figure 2), we 
compiled participants’ answers into an overall, average mental model as an exploratory (not 
pre-registered) summary of our descriptive findings. To do so, we converted answers into 
numeric variables (1 for increases, -1 for decreases, 0 for no effects, excluding ‘don’t knows’ 
and ‘unsure effects’). The average ratings therefore show whether the average effect is an 
increase or a decrease (based on its sign), and its strength (based on its distance from zero). 
Note that low strength can result either from a high proportion of ‘no effect’ answers, or 
from a high level of disagreement (similar proportions of ‘increase’ and ‘decrease’ answers). 
 
Figure 3 shows the average mental model in our (nationally representative) sample, based 
on the average numeric ratings for each effect. This model is not representative of any one 
participant as it does not account for the co-occurrence of beliefs, but rather it shows a 
‘best summary’ of our descriptive findings. It is notable that, on average, the public 
perceives bi-directional relationships that are both self-reinforcing (e.g. growth increases 
wellbeing, wellbeing increases growth) and self-limiting (e.g. climate change increases 
climate policy, climate policy decreases climate change). The relationship between 
economic growth and climate change is notably perceived as self-limiting. 
 
Figure 3. Average mental model 

 
Notes: The numbers in the figure show the average numeric rating for each effect (1 for 
increase, -1 for decrease, 0 for no effect). Arrow widths reflect distance from 0. 
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3.3. Patterns in mental models 
 
To investigate patterns in the co-occurrence of different effects in participants’ mental 
models, we first used Cramer’s V to test the strength of associations between answer pairs 
across all 12 potential effects.10 However, this analysis found only weak associations, 
ranging in strength from 0.13 to 0.32 (see Table A1 in Appendix for full results).11 This 
suggests that there is no single dominant pattern of association in the population. 
 
We then used a cluster analysis to test whether there might be several association patterns. 
We carried out a hierarchical cluster analysis (as this does not require pre-specifying the 
number of clusters) and applied the average linkage method (which allows for categorical 
variables, is robust to outliers, and is not overly prone to equal-sized or compact clusters)12, 
based on Gower’s distance (a simple, widely used measure for categorical variables). The 
aim was to identify clusters of participants who are clearly grouped together in the 
dendrogram (a diagram showing the clustering steps and results), who share similar 
combinations of causal beliefs (i.e., the modal effects in each cluster are reported by a 
majority of the cluster), and who are grouped together consistently regardless of participant 
order (this last criterion is because when the clustering algorithm faces a tie between two 
options, it breaks it by choosing the closest one by row order). 
 
We first ran the cluster analysis on all 12 potential effects, as pre-registered. We did not find 
evidence of meaningful clustering in the sample: the dendrogram showing the clustering 
process (see Figure A2 in Appendix) was ‘chained’ throughout (i.e., the agglomeration of the 
sample into clusters was based on the gradual addition of observations to groups, rather 
than existing groups being combined, Bakker, 2026) with no clear or recognisable clustering.  
 
Since this essentially amounts to a null result, we undertook multiple additional analyses to 
ensure that we were not missing meaningful groupings within people’s mental models of 
climate policy. One possibility is that our initial failure to observe clusters might reflect the 
high number of variables (all 12 effects) in the cluster analysis with weak underlying 
associations between effects and low baseline agreement between participants about 
individual effects. Hence, as a second, exploratory step (not pre-registered), we tested 
whether clusters emerged when reducing the number of variables to those likely to be the 
most meaningful in people’s mental models. We based the choice of variables on the 
literature on perceived trade-offs between economic and climate considerations and the 
debate on growth and wellbeing as policy goals (e.g., Drews & van den Bergh, 2016b; 
Gugushvili, 2021; Fioramonti et al., 2022). This led us to include four effects: the effect of 
economic growth on climate change, the effect of climate policies on growth, the effect of 
climate change on wellbeing, and the effect of growth on wellbeing.  
 

 
10 The decision to use Cramer’s V instead of correlation tests is because participants’ answers were categorical 
and there was no way to account for ‘unsure effects’ and ‘don’t know’ answers if using numeric variables. 
11 An exception to this was the strong associations between effects within pairs (e.g., effect of policy on growth 
and effect of growth on policy), but this is artificial as if participants answered ‘no relationship’, ‘unsure 
relationship’, or ‘don’t know’ for the pair, the answer was the same for both effects in the pair by construction. 
12 As a robustness check, we also ran the cluster analysis using the nearest-neighbour and furthest-neighbour 
linkage methods, and the output of these analyses led to the same conclusions as the average linkage method. 
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This second cluster analysis with four effects yielded a dendrogram that showed significant 
chaining and no clear-cut clustering. To further investigate any potential clustering, we ‘cut’ 
the dendrogram into eight clusters (dendrogram in Figure A3 in Appendix, red lines indicate 
cuts) and examined modal effects by cluster. This number of clusters was chosen based on a 
visual inspection of the dendrogram and on the need to preserve a relatively large number 
of clusters (given the low agreement among participants) while avoiding creating very small 
new clusters. However, we found low agreement even within clusters: in the largest two 
clusters, modal beliefs for two effects were shared by fewer than 50% of cluster members, 
such that defining characteristics of clusters were based on a minority of their members. 
 
In addition, the clusters resulting from the analysis were not robust to participant order. As 
a robustness check to address the tie-breaking issue (see above), we repeated the cluster 
analysis (with four effects) on 25 randomly re-ordered versions of the dataset, cutting the 
dendrograms into eight clusters again for consistency. This analysis was not pre-registered, 
but testing that results are consistent regardless of row order is recommended as best 
practice (e.g., Van Der Kloot et al., 2005). We found that the size and modal beliefs of the 
largest two clusters varied significantly across iterations (see Table A2 in Appendix), again 
suggesting no robust clusters.  
 
Finally, to confirm that our null result was not due to a problem with the method of analysis, 
as an exploratory sensitivity check we altered the dataset to simulate clusters with 
stochastic noise. To do this, we defined two mental models. Model A was a plausibly 
“green” mental model, in which climate change harms wellbeing, growth increases climate 
change, growth does not affect wellbeing, and policy does not affect growth. Model B was a 
sceptical mental model, in which climate change does not affect wellbeing, growth does not 
affect climate change, growth increases wellbeing, and policy decreases growth. We then 
divided participants into 3 groups: 500 participants in group A, 500 in group B, and 200 in 
group C. For each of the four effects, we assigned participants from group A (B) a 50% 
probability of that effect matching the one in mental model A (B) (if it did not already). We 
did not modify group C’s answers. We then ran the cluster analysis again. We observed two 
clear clusters in the dendrograms (see Figure A4 in Appendix) and found that the modal 
beliefs in these two clusters perfectly matched the defining beliefs of the two mental 
models, with consistent results across 25 re-orderings of the data (see Table A3 in 
Appendix).  
 
In summary, our cluster analysis located no stable clusters in people’s mental models of 
climate policy, either with 12 variables or 4. When we artificially introduced noisy clusters 
into the data, the same method of analysis robustly recognised them. We conclude that 
there is no evidence of clustering within the data.  
 
4. Discussion 
 
People have coherent mental models of how the main elements of the climate policy 
problem relate to each other. Participants’ answers revealed that they perceive causal 
relationships between economic growth, climate change, climate policy, and health and 
wellbeing. This main finding is reinforced both by the high level of confidence that 



11 
 

participants reported in their answers, and by the high accuracy ratings that they gave to 
the mental model diagrams we showed them based on their own answers.  
 
The study also found substantial variability across participants’ mental models. There was 
significant disagreement on most causal relationships, with only one directional effect 
having a modal answer that was shared by more than half of the participants. This variability 
occurred not just at the level of the individual relationships between elements, but also at 
the level of the overall mental model: association tests and a cluster analysis did not identify 
recognisable patterns of effects. Consequently, while we find that people have coherent 
mental models of the climate policy problem, we find no evidence that these mental models 
are similar across the population; there is neither a dominant mental model nor a set of 
distinct divergent patterns. 
 
There are nevertheless notable results when examining individual effects. On average, the 
strongest individual effect in the survey was the perception that economic growth increases 
wellbeing. Other clear individual effects were the perception that climate policies increase 
wellbeing and that climate policies decrease climate change, both of which are positive for 
pro-climate policy. Similarly, on average, participants did not perceive a clear negative 
influence of climate policies on growth. This is perhaps surprising given the focus given to 
this issue in policy debates. 
 
What explains the variability in people’s mental models of climate policy? Of course, no 
dominant pattern or coherent set of patterns would emerge if participants had struggled to 
understand or answer questions; noise in responses would generate variability and mask 
coherent clustering. However, this seems an unlikely explanation for what we observe. As 
just described, responses are far from random and the average mental model they generate 
has a coherent structure that makes sense, even if it perhaps contains surprises. A more 
likely explanation is that mental models of climate policy do not, at least yet, have a 
consistent relationship with psychological factors known to be associated with political 
attitudes generally: group identity, political affiliation, pro-environmental attitudes, socio-
demographic group, pro-social preferences, and so on. For instance, within the green 
movement there is a debate about whether climate policy is good for economic growth or 
whether climate policy should explicitly set out to constrain growth. More generally, the 
climate debate is beset with uncertainties, not only concerning the extremity and timescale 
of climate impacts, but also in relation to the economic and social costs and benefits of 
climate policies. The absence of clustering in our data may reflect relatively weak and 
inconsistent views within different sections of society regarding the key relationships 
underlying climate policy.    
 
The study has implications for both designing and communicating climate policy. Our results 
warn against making assumptions about how citizens will evaluate proposed climate policies 
and conceive their likely impacts, and suggest opportunities to highlight factual information 
relevant to people’s mental models in policy debates. In the absence of clusters of beliefs 
associated with different sections of society, there may be greater opportunity for evidence 
to inform citizen’s mental models than is perhaps the case in most other policy areas. The 
findings can also inform the policy debate on degrowth: while participants had the modal 
belief that climate change harms wellbeing, more than half said that economic growth 
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improves wellbeing, and this was the strongest effect we recorded, whereas there was no 
consensus on the effect of growth on climate change. On the other hand, the modal belief 
that policy does not affect growth suggests that many do not perceive a trade-off between 
growth and climate policy. 
 
Naturally, this study has some limitations. It was carried out only in Ireland. While we have 
no reason to believe that people’s mental models of climate policy in Ireland would differ 
strongly from those in other countries, it would be valuable to test this. In addition, we used 
closed-ended questions to generate mental models and may have missed elements that 
should be included. That said, we based our questions on existing literature and did not 
uncover specific missed topics in an open-text question designed to locate missing issues. 
Finally, we prompted participants in order to measure their mental models, but we have no 
evidence regarding whether people engage these models when reacting to policy proposals, 
let alone voting. We hope to examine this further in a follow-up study. 
 
In conclusion, this study investigated mental models of climate policy using survey data. We 
found that people do have coherent mental models of how economic growth, climate 
change, climate policy, and health and wellbeing in society relate to each other. However, 
both individual causal relationships and overall mental models were highly variable across 
the population, with little consensus and few emerging patterns beyond the most widely 
held beliefs. These findings help to inform policy debates and climate communications. 
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Appendix: Supplementary tables and figures 
 
Table A1. Cramer’s V 

 CC to 
CP 

EG to 
WB 

CP to 
CC 

WB to 
CC 

CC to 
EG 

EG to 
CC 

CP to 
EG 

WB to 
EG 

CC to 
WB 

EG to 
CP 

CP to 
WB 

WB to 
CP 

CC to 
CP 

1 0.17 0.74 0.13 0.19 0.18 0.19 0.17 0.15 0.22 0.19 0.2 

 EG to 
WB 

1 0.16 0.17 0.22 0.22 0.19 0.75 0.18 0.21 0.23 0.22 

  CP to 
CC 

1 0.15 0.19 0.23 0.2 0.17 0.16 0.2 0.24 0.18 

   WB to 
CC 

1 0.17 0.2 0.16 0.19 0.72 0.17 0.23 0.29 

    CC to 
EG 

1 0.73 0.24 0.22 0.23 0.23 0.19 0.18 

     EG to 
CC 

1 0.22 0.22 0.19 0.24 0.19 0.2 

      CP to 
EG 

1 0.2 0.17 0.75 0.22 0.19 

       WB to 
EG 

1 0.18 0.19 0.22 0.28 

        CC to 
WB 

1 0.18 0.32 0.23 

         EG to 
CP 

1 0.19 0.2 

          CP to 
WB 

1 0.72 

           WB to 
CP 

1 

Notes: CC stands for climate change, CP for climate policies, EG for economic growth, and 
WB for wellbeing. For example, the top right cell shows the association between the effect 
of wellbeing on policies and the effect of climate change on policies, using Cramer's V. Note 
the strong associations observed between effects within pairs (e.g., effect of policy on 
growth and effect of growth on policy) are by construction, as when participants answer ‘no 
relationship’, ‘unsure relationship’, or ‘don’t know’ for a pair, their answer is automatically 
the same for both effects in the pair, artificially inflating the association between them. 
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Table A2. Modal beliefs of largest two clusters 

 
Table notes: We swapped the largest and second largest clusters in iterations 11 and 14 as cluster sizes were similar and the beliefs matched 
those of the other cluster in other iterations better. 
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Table A3. Modal beliefs of largest two clusters, simulated data set

 
Table notes: Each of the 25 iterations of the analysis used a different random row order. We set the default number of clusters at 5 (to account 
for any small clusters more different from the two large clusters than they are from each other), then increased to 6 when needed. 
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Figure A1. Example of participant mental model diagram 
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Figure A2. Cluster analysis dendrogram (12 effects) 
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Figure A3. Cluster analysis dendrogram (4 effects) 

 
 



22 
 

Figure A4. Cluster analysis dendrogram (4 effects, simulated dataset) 

 


