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Abstract

Individual attitudes vastly affect the transformations we are experiencing and are vital in miti-
gating or intensifying climate change. A socio-climate model by coupling a model of rumor
dynamics in heterogeneous networks to a simple Earth System model is developed, in order
to analyze how rumors about climate change impact individuals’ opinions when they may
choose to either believe or reject the rumors they come across over time. Our model
assumes that when individuals experience an increase in the global temperature, they tend
to not believe the rumors they come across. The rumor rejectors limit their CO, emissions to
reduce global temperature. Our numerical analysis indicates that, over time, the tempera-
ture anomaly becomes less affected by the variations in rumor propagation parameters, and
having larger groups (having more members) is more efficient in reducing temperature (by
efficiently propagating rumors) than having numerous small groups. It is observed that
decreasing the number of individual connections does not reduce the size of the rejector
population when there are large numbers of messages sent through groups. Mitigation strat-
egies considered by the rejectors are highly influential. The absence of mitigative behavior
in rejectors can cause an increase in the global average temperature by 0.5°C. Our model
indicates that rumor propagation in groups has the upper hand in controlling temperature
change, compared to individual climate-denying propagation.

1 Introduction

Sustainability challenges have spanned multiple systems such as forest degradation [1-3], air
pollution [5-7] and water systems [8-10], and accelerated anthropogenic global warming.
Since the Industrial Revolution, humans have been emitting increasing amounts of greenhouse
gases (GHG) into the Earth’s atmosphere, leading to anthropogenic global warming. The
Intergovernmental Panel on Climate Change (IPCC) reports [4, 11] outline the social transi-
tions required to limit the increase in the average global temperature to between 1.5°C and
2°C. Lifestyle and behavioral changes like reduction in household and industrial energy con-
sumption, switching to renewable energy, and changes in diet can assist in achieving this goal
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[12-14]. Climate models couple Earth system components like ocean and terrestrial systems
with atmospheric dynamics, in order to project future temperature, precipitation, and other
variables [15-20]. These model dynamics respond to atmospheric GHG concentration, the
roots of which are human activities like fossil fuel usage and deforestation. These models typi-
cally assume a fixed trajectory for future GHG emissions as a model input, based on assump-
tions about socio-economic development. However, GHG emissions are not fixed but rather
they increasingly respond to climate change, as a result of the response from human popula-
tions and institutions [21-23].

Human perceptions of climate change, variation in individual behavior driving climate
change, and human responses and adaptation strategies are recognized as the three key aspects
of human behavioral changes in response to climate change [23]. Human beings recognize
and adapt to climate change based on personal experience [24, 25], for instance, individuals
living in places with increased temperatures are more likely to perceive climate change than
others [22]. This observation suggests that human behavior and climate change are connected
into a single coupled human-environment system [26, 27]. Changes in individual behaviors
could also contribute to climate change mitigation strategies [27, 28]. Behavioral change alone
can lead to significant reduction in emissions [29]. With monetary incentives and feedback,
around 0.35 GTCO, per year reduction in emission levels can be observed from the residential
sector alone [30, 31]. A study regarding potential behavioral changes on climate change in the
European Union further establishes the importance of including human behavior: changes to
dietary habits, mobility, and household can reduce the emission levels by 6% to 16% leading to
a decrease of 13.5% to 30% reduction mitigation costs [32]. These findings underscore the
importance of population behavioral transitions in climate change mitigation, which leads to
substantial reduction in emissions.

Coupled socio-climate models have been gaining importance due to the growing recogni-
tion of the role of social processes. Such models have demonstrated the enormous influence of
social norms and social learning on temperature projections [27, 33]. These models act as tools
to understand the feedback loops between climate and human systems. Several behavioral the-
ories could be potentially used in the coupled model [34-36]. Models involving frameworks
for representing processing, spreading, and behavioral responses considering the heteroge-
neous nature of society have also been developed recently. Qualitative insights on socio-cli-
mate models portray the importance of social learning, and the associated cost for mitigation
[27]. By combining an Earth System Model with a social dynamics model, Bury et al. [27]
observed that increasing social learning and reducing mitigation costs is the most efficient way
to reduce global temperature anomalies. These models also help to analyze how different
groups in a heterogeneous population respond and evolve [37].

Several models have coupled climate dynamics and economic processes. For instance, inte-
grated assessment models (IAMs) couple climate dynamics and economic processes by incor-
porating economic feedback in agriculture and energy expenditures [38, 39]. Dynamic
Integrated Climate Economy (DICE) models couple climate change and economies with a
focus on mitigation costs [40, 41]. However, human attitudes towards climate change could be
influenced by the social, religious, or political views in the population [42, 43]. Therefore,
models that also include other relevant human processes-like social dynamics-are required
for a more comprehensive picture. Machine learning models are also gaining popularity in
studying climate systems to predict temperature and precipitation [44].

Various rumor propagation models have been developed and analyzed in different
domains. Rumor propagation models inspired by compartmental models are not new [45-47].
Due to the similarities between disease spread and rumor propagation in a population, rumor
propagation models are sometimes constructed using mathematical epidemiology [48]. They
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also provide deeper insights on various factors that helps in understanding how to mitigate the
effects of rumors. But most of these models focus on individual rumor dynamics. There are
very few models that address propagation of rumors in groups [49]. Individual rumor propa-
gation occurs when an individual spreads rumors by sharing them with other individuals
whereas, in group propagation, an individual propagates the rumor to an entire group of indi-
viduals, such as via social media. Various aspects of group and individual rumor propagation
have the power to affect individuals’ attitudes toward climate change. Most of the population
has only a superficial knowledge of climate change [50]. Perhaps as a result, rumors about cli-
mate change-especially climate misinformation-are common and there are empirical studies
and statistical models that deal with myths and fake news regarding climate change [51, 52].

Several coupled models deal with climate change and various aspects of human behavior,
integrating features such as imitation dynamics and social norms [27, 37]. However, previous
coupled social-climate models have not included rumor propagation, despite the fact that
rumours which deny climate change are a major reason for individuals and groups not
acknowledging the urgency of the climate emergency, and thus not taking effective mitigation
strategies [53, 54]. Here, a coupled socio-climate model is developed where rumor propagation
spreads through a mathematical approximation of a social network. Our objective is to dem-
onstrate a simple yet novel way of modeling interactions between rumor spread as an conta-
gious processes and long-term climate dynamics to gain insights into potential social-climate
dynamics. A simple Earth system model is used to capture temporal dynamics of the global
temperature anomaly, and our rumor propagation model is correspondingly simple. Although
social-climate systems are complex, starting with a simple model can be useful to illustrate
concepts, discover new dynamical regimes, and suggest a framework for future, more sophisti-
cated social-climate models.

2 Methods

A mathematical model linking climate-denying rumor propagation (including group dynam-
ics) in heterogeneous networks with climate dynamics is proposed. The coupled rumor-cli-
mate change model is proposed by adding the climate dynamics into an existing rumor
propagation model [49] in social networks by relating the human responses to rumors based
on the range of climate change they experience. In this extension, the rumors are assumed to
be false information about climate change. The model is developed by coupling the rumor-
spreading model with an Earth System Model (ESM) to analyze the dynamics of the coupled
system, in which the rumor propagation about climate change begins in 2021. The model con-
siders a heterogeneous rumor model since real-life networks, including social networking
sites, are heterogeneous in nature. This is done by incorporating emissions (mainly CO,, an
important greenhouse gas) and temperature into the model. The rumor model has two com-
ponents: individual propagation and group propagation. The model helps us interpret how the
parameters involved in rumor propagation influence emission levels and temperature change
and how changes in temperature levels influence human attitude towards the rumors about
climate change. The rumor-climate change dynamics are formulated such that when individu-
als understand that the rumors are false, they try to mitigate climate change (S1 Fig). Similarly,
individuals who experience climate change, through changes in temperature, believe that the
rumors are not true.

2.1 Rumor propagation model

An existing rumor propagation model involving group propagation in heterogeneous net-
works is used [49]. Each node represents either an individual or a group in the social network,
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and the edges are connections between the individuals or between individuals and the groups
they belong to. Each individual is assumed to be in one of the following states: s, denotes the
proportion of susceptible individuals who are susceptible to the rumor about climate change
but are not exposed to the rumor, Ay, hesitator is the individual who is exposed to the rumor
but hesitates to believe or reject the rumor. If they accept it, they propagate the rumor. Other-
wise, they reject it. ip is the proportion of believers who believe climate change is not real and
share the rumor individually and in groups, and iy is the proportion of rejectors who reject the
rumor, believing that climate change is real, and do not forward the rumor.

The equations for the rumor propagation involve ordinary differential equations and are as
follows [49]:
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Social media features, like entering and leaving the network at any stage, are considered in
this model. Individuals joining the network always fall into the susceptible category, and the
number of individuals joining the network per unit of time is B. An individual can exit the net-
work at any time, and hence the exiting rate at which an individual exits the network y is
included in each compartment. Since both individual and group propagation are considered,
both parameters are considered separately. § is the hesitating probability with which a suscep-
tible individual becomes a hesitator individual, whereas the hesitating probability in groups is
¢. The probability that a hesitator individual believes the rumor is 77, and in groups, this proba-
bility is w. Similarly, a hesitator individual rejects the rumor with probability €; in groups, this
probability is {. A forgetting mechanism is also included in this model, along with believing
and rejecting mechanisms. Individuals will forget the rumor and their opinion about it, as
time passes and revert to the initial susceptible state. The probability with which the believer
and rejector individuals forget the rumor is & and 7, respectively. The term p(j|k) denotes the
probability with which an edge with degree k connects to a node with degree j. The respective
rates in groups are considered as p and ¢. Apart from the probabilities, the average rate of indi-
vidual contact is ¢, and the average rate at which messages are transmitted per group is d. The
average network degree is k with X groups having m members on average, with the average
degree for the group for an individual being G.
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2.2 Earth system model

A relation between emissions and temperature is required to understand the increase in tem-
perature due to emissions. Earth system models (ESMs) describe climate-relevant Earth pro-
cesses and how they influence climate dynamics. A simple existing Earth system model is used
for this purpose [55]. An austere climate—carbon-cycle model for understanding the coupled
climate-carbon-cycle system defines the global mean surface temperature anomaly (controlled
by the upper ocean) as follows:

dT  gqF—-T

=1 (1.2)

= Z:(Z;) In <CC“:”) (1.3)

F(Qg) In (C“"") is the CO2 radiative forcing and C, is the pre-industrial atmospheric

where F = &

CO; level and C,,, is the atmospheric CO, level at the time point [55]. F, is the forcing due to
CO, doubling, g is the thermal adjustment of the upper ocean, and d is the thermal equilib-
rium for the upper ocean. The global mean surface temperature anomaly helps in understand-
ing the change in temperature that has occurred over the years and projecting future changes
concerning the emission levels (S1 Table). This ESM has been used to calculate the tempera-
ture anomaly under different emissions scenarios [56].

2.3 Coupled rumor—Climate change model

The rumor propagation model in section 1.1 is modified by incorporating climate dynamics.
The coupling is accomplished by making the individual believing probability 7 and group
believing probability w a function of the change in temperature, T, defined as:

n(T) = nee™" (14)

o(T) = wye™" (1.5)

The parameters in the system Eq 1.1 are described in S1 Table. According to Eqs 1.4 and 1.5,
the believing probability increases or decreases in response to the change in the temperature
(T). As T increases, n and w decrease: fewer individuals are convinced by the rumors since
they experience the temperature change. This will decrease the believing probability and
increase the rejecting probability.

The deviation of the global atmospheric CO, levels from the pre-industrial levels, C, is
defined as:

c E(t) <2021

i ' (1.6)
Eypy * exp(=W) iy ) — 0C ¢ > 2021
where E(f) is the anthropogenic emission data for each year until 2021, '¥' is a constant value at
which the rejectors limit their emissions, which is any mitigation strategies considered by the
rejector to reduce their emissions, like switching to renewable energy like solar energy for
power consumption, using electric or hybrid vehicles, insulating walls during construction,
etc. Egy; is the baseline carbon dioxide emissions level in the absence of rejectors (amount in
2021). According to Eq 1.6, CO, emissions fall when the rejector population increases
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exponentially at a constant value V. Apart from this, emission gets naturally dissipated due to
various natural processes (sinks like ocean, land, and plants), and this natural dissipation rate
is 4.

Usually, the time scale of rumor propagation and climate change is not comparable. Rumor
propagation might last for weeks or months, whereas climate change takes place over decades.
To overcome this issue, the long-term susceptibility and transmission of individuals is mod-
eled to a collection of multiple related rumors. This means that an individual who is a believer
(rejector), believes (rejects) various rumors that come up over time, and not just a single
rumor.

2.4 Analysis

Time series, univariate, and bivariate (parameter plane) sensitivity analysis is used to under-
stand the model’s behavior dynamics and parameter sensitivity. The baseline parameter values
for the model were generated using Approximate Bayesian Computation (ABC) [57, 58], and
the baseline climate parameters are obtained from the ESM [55], and the Global Carbon Bud-
get [56]. The parameter range considered for sensitivity analysis depends on the upper and
lower bound of the model parameters. These bounds are chosen in accordance with the nature
of the parameter. For example, the parameters representing the probability values are consid-
ered between 0 and 1, and hypothetical model parameters are given broad upper and lower
bounds, specified in S1 Table. The analysis has been carried out over 180 years which began
when the rumor propagation emerged in 2021.

3 Results

The model illustrates how social behavior, through rumor propagation, influences temperature
levels. Initially, the whole population is susceptible to the rumors

(sy =1,hy=0,i, =0,i, = 0). A time series examination of the model indicates that a grow-
ing proportion of rejectors in the population causes lower emission levels depending on their
emission-limiting strategies, as expected (Fig 1(a) and 1(b)). The transmission of multiple
rumors and that a believer (rejector) believes (rejects) all the rumors that come up over time is
considered. The result shows an optimistic case where 80% of rejectors are present in the pop-
ulation, with strong emission-limiting strategies to keep the temperature anomaly below 1.5°C
(Fig 1(b)), which is considered to be an important climate change threshold [4].

Human actions predominantly affect climate through increased emissions, leading to the
accumulation of greenhouse gases in the atmosphere, leading to severe and potentially irre-
versible changes. In this model, rumor propagation begins in 2021. The emissions and corre-
sponding temperature anomalies before 2021 are computed using the anthropogenic emission
data [56]. When individuals encounter rumors about climate change-such as climate change
is not a serious problem or climate change is not real-they think about it and initially hesitate
to decide whether to believe or reject it. The hesitating state can simply be considered as the
state in which individuals are contemplating or checking facts before making their decision.
Later, they decide whether to believe or not believe the rumors. The rejectors do not further
spread the rumor, act like mitigators, and try to limit their emissions to reduce the impact of
climate change, whereas the believers forward the rumor to more individuals, and the rumor
spreads through the population.

Individuals stop believing the series of rumors when they experience a temperature change.
As the proportion of rejectors increases in the population, the emission level slowly decreases,
and so does the temperature. The temperature change is due to the cumulative amount of
greenhouse gases in the atmosphere, especially CO,. The atmospheric CO, does not reduce
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https://doi.org/10.1371/journal.pone.0317338.9001

immediately but slowly dissipates, and the temperature decreases gradually as the CO, level
decreases. Even though the population starts to act immediately, it takes more time to see a
change since it takes more time to dissipate the CO, and even more time to see a drop in
temperature.

To understand the influence of the emission limiting strategies considered by the rejectors
in the population on the temperature anomaly, three scenarios are identified: a best-case sce-
nario, which will be an ideal case where the temperature levels stay below the IPCC proposed
levels [4], an average-case scenario, where the temperature increases little above the proposed
level and a worst-case scenario, where the temperature increases far above the proposed level.
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Best Case scenario. An ideal case would be to limit the average global temperature change
below 1.5°C. When the emission limiting constant ¥ is high (¥ = 11), the temperature stays
below the desired level and accomplishes the world’s climate goal (Fig 2(c) and 2(f)). The emis-
sions decrease within a decade after the rumor propagation begins due to the strong mitigation
strategies considered by the rejectors. Keeping the temperature rise below 1.5°C helps avoid
irreversible changes like species extinction and adaptation problems. Our model suggests
immediate mitigative actions are required to achieve our climate goals.

Average Case scenario. When the emission limiting constant ¥ takes a lower value indicat-
ing fewer mitigative actions (‘¥ = 1), the emission increases for four decades before declining
(Fig 2(b) and 2(e)). In this case, the temperature rises above 1.5°C and decrease slowly, leading
to irreversible environmental changes. Our model predicts that four decadal difference in
emission reduction lead to a 200-year delay in achieving our climate goal.

Worst Case Scenario. If the emission level does not decrease for another nine decades, the
temperature does not decrease till 2300(Fig 2(a) and 2(d)). This situation arises due to poor or
no mitigation steps taken by rejectors (‘¥ = 0.1). The temperature increases above 2°C and
does not decrease to a desired level, which could lead to unadaptable living conditions.

These three scenarios portray the importance of emission mitigating strategies. Even
though the population consists of 80% rejectors, the efficiency of their emission-limiting strat-
egies plays a vital role. This result shows that understanding that climate change is a major
issue is not enough but to efficiently mitigate is also necessary.

3.1 Sensitivity analysis

The time series analysis gave an overall idea about how the model works but to further under-
stand the influence of the model parameters, a sensitivity analysis is performed. The parameter
planes generated by varying two model parameters simultaneously by retaining all other
parameters at the baseline values help to understand how the simultaneous variation in two
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model parameters influences the model behavior at different time points. Time snapshots of
parameter planes for emissions and temperature levels in 2021, 2070, and 2200 are considered.

Emissions levels and temperature anomaly are more sensitive to changes in the emission-
limiting value, ‘P, than the changes in believing and rejecting probabilities (Figs 3 and 4). This
means that the strength with which rejectors limit their emissions through various mitigation
strategies can significantly reduce emission and temperature levels, which reestablishes the
result from Fig 2. This also indicates that efforts to mitigate climate change are as important as
the number of individuals who support mitigation. In other words, having individuals who
adopt mitigative measures is as important as having individuals who acknowledge the climate
crisis. Simultaneously increasing the probability of rejection and decreasing the probability of
believing leads to lower levels of emissions and temperature (S2 Fig). This was done to under-
stand how the combination of both these probabilities would aid in reducing emissions and it
was observed that both believing and rejecting probabilities contribute to the temperature
anomaly equally. The emission limit constant (W) has a greater influence on emission levels
and temperature anomaly compared to the probabilities of believing (w) and rejecting ({) (Figs
3 and 4) when the emission limiting strategies considered are lower. Decreasing the emission-
limiting constant value after achieving the desired temperature goal can also cause an increase
in temperature, which implies that reducing the efficiency of mitigation strategies once the tar-
get is achieved can take us to the initial scenario again. Hence it is important to maintain the
efficiency in mitigating.

The emission levels and temperature anomaly decrease as the forgetting probability in
believers increases and the forgetting probability in rejectors decreases (S3 Fig). As more rejec-
tors forget about the rumors, they become susceptible again, according to the rumor propaga-
tion model, and hence the mitigation strategies decrease with a decrease in the rejector
population. Whereas when more believers forget about the rumors, this leads to reduced

PLOS ONE | https://doi.org/10.1371/journal.pone.0317338 January 16, 2025 9/18


https://doi.org/10.1371/journal.pone.0317338.g003
https://doi.org/10.1371/journal.pone.0317338

PLOS ONE

Climate-denying rumor propagation in a coupled socio-climate model: Impact on average global temperature

CO2 Emission

: 40
. . 38
; v 36
o 34
. 32

0.19 0.39 0.59 0.79 0.99
¢ Group rejecting probability

(2]
°

©
©

12

-
>
©

W Emission limiting constant
IS
©

0.19 0.39 0.59 0.79 0.99
¢ Group rejecting probability

W Emission limiting constant

€ d Temperature =
= S
17) 7]
g 69 156 §
o o
o o
:‘% 8.9 152 g
E E
= 109 =
= 148 ¢
1=l Re]
2 129 g
E 1.44 uEJ
5 14.9 =

b. CO,, Emission
40
6.9
38
8.9
36
10.9
34
12.9
32
14.9
0.19 0.39 0.59 0.79 0.99
T Group rejecting probability
e. Temperature
o8 1.55
8.9 15
10.9 1.45
12.9 14
14.9

019 0.39 0.59 0.79 0.99
¢ Group rejecting probability

CO2 Emission

- C.
C
i} .
g 6.9 40
(8]
gx 8.9 35
E
= 30
c
Re]
B 1= 25
£
;J 14.9

0.19 0.39 0.59 0.79 0.99

¢ Group rejecting probability

.g f Temperature
b7}
5 & 1.55
(8]
o 4
£ B 1.45
£
- 1.35
Ee]
812,
@
L,EJ 1.25
3 14.9

0.19 0.39 0.59 0.79 0.99
C Group rejecting probability

Fig 4. Global temperature anomaly is more sensitive to the emission-liming constant than group rejecting probabilities. (a-c) Parameter
planes of CO, emissions (GtC02yr'1) at (a) 2021, (b) 2070, and (c) 2200 and (d-f) temperature anomaly (°C) at (d) 2021, (e) 2070 and (f) 2200
by varying group rejecting probability ({) and emission limiting constant (V).

https://doi.org/10.1371/journal.pone.0317338.9004

emissions. The snapshots display that emission levels and the temperature anomaly are equally
sensitive to both parameters.

The global temperature anomaly becomes less sensitive to the variation in believing or
rejecting probabilities along with their corresponding forgetting probabilities as time passes
(S4 and S5 Figs). Fewer parameter combinations lead to higher temperatures in 2200 than in
2070 and 2021, which implies that changing the believing (w) or rejecting ({) probabilities and
forgetting probabilities (p, 6) does not impact the temperature and emission levels after the
rumor dynamics becomes stable. Also, the temperature anomaly is more sensitive to the for-
getting probability in rejectors than the forgetting probabilities in believers (5S4 and S5 Figs).
High forgetting probabilities in rejectors lead to higher emissions and temperature levels. Max-
imum emissions are found at higher forgetting probabilities (in rejectors) and lower rejecting
probabilities (S5 Fig). Rejectors forgetting the rumor has greater risks than the believers for-
getting the rumor as rejectors act as mitigators and are the ones who adopt mitigative strategies
to combat with climate change.

Univariate sensitivity analysis enables us to understand how sensitive the model is to a sin-
gle parameter when it varies along its range by holding all other parameters at the baseline
value. Only three points in the time series are considered to generate the univariate sensitivity
plot: the peak value, the value in 2050, and the value in 2200.

Varying the total number of groups, X along its range (S1 Table) helps to understand the
sensitivity of the model compartments concerning the parameter (S6 Fig). The baseline value
for X is 40. A lower number of groups in the system leads to a sluggish rumor spreading. At
lower X values, most of the population belongs in the susceptible compartment, and few are in
the believer and rejector categories. The emission and temperature levels are also higher at
lower X values than the higher ones, which implies that more groups assist in propagating the
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rumor quickly and assist in reducing the temperature. This portrays the importance of group
propagation as shown in [49].

The univariate sensitivity plot attained by varying the average number of group members
(m) displays that rumor propagation is quicker when the average number of group members is
higher (S7 Fig). The baseline value for m for the model is 70. At lower m values, rumor propa-
gation is considerably slow. It also leads to a higher temperature and CO, emissions at lower
m values which means that rumor propagation in groups with fewer members is less capable
of spreading the rumor. Having more members in a group elevates the speed of the rumor
propagation, making more individuals to decide at a time.

The univariate analysis for the parameter ¢, which is the average number of contact for each
individual, shows that higher ¢ (baseline value 27) does not aid much in decreasing the tem-
perature or the rumor propagation (S8 Fig) whereas lowering it slows down the rumor propa-
gation leading to an elevated temperature level. Even though having more individual
connections does not help in reducing the temperature, having fewer connections can cer-
tainly increase the temperature anomaly by making the information spread more localized. S9
Fig is the univariate analysis for the parameter d, which is the average rate of transmitting mes-
sages per group. As the d value is decreased, the rumor propagation slows down, and the tem-
perature shoots up. There is a considerable variation in the temperature anomaly as d
decreases, implying that lowering the number of messages transmitted in the group can
increase the temperature level, as it slows the rumor transmission among the population and
making fewer individuals think about climate change. The parameter distribution for each
model parameter is calculated using Approximate Bayesian Computation is in S10-S16 Figs.

The parameter plane by varying k and d illustrates that the temperature anomaly decreases
as the average network degree and the messages transmitted per group increase (Fig 5). The
hypothesis was that reducing the average degree of the network will not much affect the rumor
propagation and temperature anomaly when the average number of messages transmitted in
the groups is high. This hypothesis is tested using parameter planes by changing the parame-
ters simultaneously, and the result supports our hypothesis. The dotted lines in Fig 5 represent
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equal products of the parameters (d * k). The constant product value (d * k), helps in analyzing
how the rejector population and temperature anomaly vary, with changes in the parameter
values.

The size of the rejector population determines the temperature anomaly, for instance, a
higher rejector population leads to a lower temperature anomaly (Fig 5(a) and 5(b)). Higher
variations in the size of the rejector population (and temperature anomaly) are observed when
the average number of messages transmitted is low. This implies that both rejector population
and temperature anomaly are more sensitive to the variations in the average number of mes-
sages transmitted per group than the network degree. In other words, the messaging rate in
groups is more important than the number of individual connections in terms of determining
the size of the rejector population (and thus in determining how much climate change is miti-
gated). As long as the frequency of messages about climate change in groups remains high,
reduction in individual connections does not influence the temperature anomaly.

The interactions between rumor propagation parameters (group believing and rejecting
probabilities) and the forcing due to doubling of CO, (Wm'?) shows that temperature anomaly
is more sensitive to changes in forcing than the changes in the believing or rejecting probabil-
ity (S17 Fig). The forcing due to doubling of CO, (F2x), causes an increase in the temperature
anomaly even at lower believing probability (higher rejecting probability). Being a an environ-
mental variable, forcing has its own upper hand in influencing climate change compared to
human actions but human actions are the reason for these changes is also an underlying fact.

The tornado diagram is a sensitivity analysis tool that helps examine the model parameters’
relative priority. The sensitivity of the temperature anomaly (in 2200) demonstrates the rela-
tive sensitivity of each parameter. S18 Fig is the tornado plot showing the temperature anomaly
sensitivity when the model parameters vary individually at 10%. The analysis confirms the
results from S18 Fig that temperature change is most sensitive to the emission limiting con-
stant ¥ (S18 Fig). The temperature is more sensitive to the group parameters than the individ-
ual parameters. The hypothesis that temperature change is more sensitive to forgetting
probability in rejectors is also true in the case of 10% change in the parameters even though
there are no visible changes because of the extremely low baseline value considered. The tor-
nado plot confirms the results of the previous sensitivity analysis and helps to understand the
relative influence for each parameter.

4 Discussion

A rumor propagation model was linked with an Earth System model to understand how the
spread of climate rumors responds to climate change, and how resulting behavioral change
can feedback on climate. Differing from the existing literature, this model focuses on how
rumors about climate change can influence the climate system itself, using methods from com-
partmental modeling and Earth System Modeling [59-65]. The study has shown that the miti-
gation strategies by rumor rejectors to limit emissions are vital in reducing emission levels and
temperature anomalies. Acknowledging that climate change is a major issue is not enough but
working efficiently towards mitigation and adopting efficient mitigation strategies are vital in
controlling the effects of climate change. The parameter planes and tornado plots suggest that
temperature anomaly is most sensitive to these mitigation strategies by the rejectors. The miti-
gation plan is the crucial link that connects human behavior and climate change in our model.
Our results support that human mitigation strategies help in keeping climate change under
control by avoiding undesirable and uninhabitable situations in the future, similar to the sug-
gestions from various studies [29-32, 66]. The extent of climate change we will experience in
the future depends on the strategies we adopt today and how soon we start acting according to
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the strategies adopted. The more time we take to reduce our emissions, the higher the average
global temperature anomaly will be. The coupled rumor-climate model suggests that misinfor-
mation via rumors is a significant issue. The effort the rejectors make to mitigate climate
change is vital in controlling the time taken for decreasing the emission level, and temperature
changes.

Our simple rumor-climate model shows that the temperature anomaly is more sensitive to
mitigating strategies than believing or not believing the climate rumors. Surprisingly, the tem-
perature becomes less sensitive to the variation in rumor propagation parameters as time
passes. Our results show that larger groups assist in rapid rumor propagation and hence in
temperature deviations. The univariate sensitivity plots infer that having larger groups with
more members is more efficient in propagating rumors and reducing the temperature than
having more groups with fewer members. In other words, the decision of a group with more
members has more influence on the temperature levels than smaller groups. The coupled
model also portrays that group propagation is faster than individual propagation and hence
has more influence on the temperature anomaly. Decreasing the connectivity of individuals
does not influence the number of rejectors in the population when a high volume of rumors is
sent in groups. The average rate of messages sent in groups produces more variation in the
temperature levels, and temperature is more sensitive to group propagation parameters than
individual propagation parameters. Our model deals with arbitrary decision-making in the
rumor propagation model by considering that the whole population either believes or rejects
the rumors. In contrast, decision-making might be influenced by the individual’s cultural,
political, educational, or social views, which is not covered in this model. The spread of rumors
about climate change can be controlled using various methods such as inoculations through
educational approaches and social norms [67]. Proper climate education is necessary for indi-
viduals to distinguish between rumors and facts about climate change and take the right deci-
sions by considering mitigation and adaptation strategies.

Several models deal with climate change, but models involving human influence on climate
change are rare. The recent development of coupled social-climate models have included social
and economic factors [27, 33, 37], but ours is the first social-climate model to include rumor
propagation, to our knowledge. Social networks act as an essential medium of information cir-
culation, therefore it is crucial to understand how rumor propagation in a heterogeneous social
network can influence individuals’ opinions on climate change. According to our model, social
networks have a vital role in influencing the climate system. Coupled models can be beneficial
in including dynamic social processes in climate models. Including these models in climate
change research can provide different perspectives and predictions regarding climate change.
Coupled models can also help in policy-making by providing novel emission scenarios based
on social mechanisms that are known to be important. Also, according to our model, using
individuals in social networks to become aware of climate change issues could be beneficial to
reduce emissions by increasing the number of mitigators in society. Social networks act as an
important way of spreading information regarding climate change and inviting more individ-
uals to act at the right time.

Supporting information

S1 Fig. Flow chart with steps of conducting the study.
(TIFF)

S2 Fig. Temperature change is sensitive to both believing and rejecting probability in
groups. (a-c)Parameter planes of CO, emissions (GtCO, yr'l) at (a) 2021, (b) 2070, and (c)
2200 and (d-f) temperature changes (°C) at (d) 2021, (e) 2070 and (f) 2200 by varying group
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believing probability (w) and group rejecting probability ({).
(TIF)

S3 Fig. Sensitivity of temperature change to forgetting probability in both believers and
rejectors. (a-c)Parameter planes of CO, emissions (GtCO, yr’l) at (a) 2021, (b) 2070, and (c)
2200 and (d-f) temperature changes (°C) at (d) 2021, (e) 2070 and (f) 2200 by varying group
forgetting probability in believers (p) and group forgetting probability in rejectors (o).

(TIF)

S4 Fig. Effect of variations in a group believing probability and forgetting probability on
temperature levels. (a-c)Parameter planes of CO, emissions (GtCO, yr'!) at (a) 2021, (b)
2070, and (c) 2200 and (d-f) temperature changes (°C) at (d) 2021, (e) 2070 and (f) 2200 by
varying group believing probability (w) and group forgetting probability in believers (p).
(TTF)

S5 Fig. Effect of variations in a group rejecting probability and forgetting probability on
temperature levels. (a-c)Parameter planes of CO, emissions (GtCO, yr'") at (a) 2021, (b)
2070, and (c) 2200 and (d-f) temperature changes (°C) at (d) 2021, (e) 2070 and (f) 2200 by
varying the group rejecting probability ({) and group forgetting probability in rejectors (o).
(TTF)

$6 Fig. Changes in model dynamics with variation in total number of groups. Univariate
sensitivity of (a) CO, emissions, (b) temperature, (c) susceptible, (d) hesitator, (e) believer, and
(f) rejector population by varying the parameter X, the total number of groups.

(TIF)

S7 Fig. Changes in model dynamics with variation in average number of group members.
Univariate sensitivity of (a) CO, emissions, (b) temperature, (c) susceptible, (d) hesitator, (e)
believer, and (f) rejector population by varying the parameter m, the average number of group
members.

(TIF)

S8 Fig. Changes in model dynamics with variation in average number of contact for each
individual. Univariate sensitivity of (a) CO, emissions, (b) temperature, (c) susceptible, (d)
hesitator, (e) believer, and (f) rejector population by varying the parameter ¢, the average num-
ber of contact for each individual.

(TIF)

$9 Fig. Changes in model dynamics with variation in the average rate of transmitting mes-
sages per group. Univariate sensitivity of (a) CO, emissions, (b) temperature, (c) susceptible,
(d) hesitator, (e) believer, and (f) rejector population by varying the parameter d- the average
rate of transmitting messages per group.

(TIF)

$10 Fig. Parameter values distribution of (a) # Individual hesitating probability and (b) i
Individual believing probability generated using ABC.
(TIF)

S11 Fig. Parameter values distribution of (c) a Believer forgetting probability and (d) ¥
rejector forgetting probability generated using ABC.
(TIF)
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$12 Fig. Parameter values distribution of (e) ¢ Group hesitating probability and (f) w
Group believing probability generated using ABC.
(TIF)

S13 Fig. Parameter values distribution of (g) p Group believer forgetting probability and
(h) o Group rejector forgetting probability generated using ABC.
(TIF)

S14 Fig. Parameter values distribution of (i) ¢ Average rate of contact per individual and

(j) d Average rate of transmitting message per group generated using ABC.
(TIF)

S15 Fig. Parameter values distribution of (k) k Average degree of the network and (1) ¥
Emission limiting constant generated using ABC.
(TIF)

S16 Fig. Parameter values distribution of (m) X Total number of groups and (n) m Average
number of group members generated using ABC.
(TIF)

$17 Fig. Interaction between forcing due to CO, doubling and rumor parameters.
(TIF)

S18 Fig. Sensitivity of temperature anomaly at 10% change in parameter values. Tornado
plot showing the sensitivity of temperature change when parameters are varied individually,
with a 10% increase and decrease from the baseline values. The red color represents an
increase in the parameter value and the blue color represents a decrease in the parameter
value, from the baseline value.

(TIF)

S1 Table. Table describing the model parameters and values.
(PDF)

S1 Text. Stability analysis for the coupled model.
(PDF)
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