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Abstract

This study examines the networked social influence
within a climate change deniers' network. Focusing
on social-mediated information sharing networks, the
research addresses two key questions: 1) who are the
top influencers within the climate change denial
community? And 2) what mechanisms contribute to
the levels of influence among deniers? Using a
machine-learning based algorithm, the study quantify
levels of social influence for all members of a climate
change denial network over a decade. The findings
reveal that a core group of deniers maintains
significant influence by spreading disinformation
related to social and economic consequences of
environmental policies, attacking opposition, and
questioning climate change science. Among the four
types of deniers, conservative media outlets have the
most influence.

Keywords: disinformation networks, climate change
denial, networked social influence, machine learning

1. Introduction

Disinformation includes “all forms of false,
inaccurate, or misleading information designed,
presented, and promoted to intentionally cause harm
or for profit” (Kapantai et al., 2021, p. 1301). Unlike
misinformation, which refers to inaccurate
information shared without the intention to harm
(Wardle & Derakhshan, 2017), a defining feature of
disinformation is the strategic manipulation and
coordination behind disinformation campaigns
(HLEG, 2018). Such coordination forms powerful
networks that are capable of causing dire
consequences, undermining democracy, threatening
national security and public safety, and jeopardizing
the survival of future generations.

There is no better example of such
disinformation networks and their grim consequences
than the networks of climate change deniers. Climate
change deniers are disinformation spreaders because
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they purposively spread misleading information that
is inconsistent with the scientific consensus about the
reality and consequences of climate change.
According to a recent report from the
Intergovernmental Panel on Climate Change (IPCC,
2022) , “vested economic and political interests have
organized and financed disinformation and contrarian
climate change communication”, deliberately
undermining science and contributing to
“misperceptions of the scientific consensus,
uncertainty, disregarded risk and urgency, and
dissent” (5). The IPCC report calls for urgent
actions to prevent mounting loss of life, biodiversity,
and infrastructure. Many of these losses have already
become realities that millions around the world
struggle with on a daily basis.

Gaining an in-depth understanding of the
operation of climate change deniers’ networks is key
to combating their harmful influence. Networked
social influence is an essential mechanism in the
operation of coordinated networks (Bignami-Van
Assche, 2005; Friedkin, 1998; 2001). Networked
social influence refers to how networked members
influence each other’s opinions, behaviors, and
performance outcomes (Aral & Walker, 2012).
Studying networked social influence allow us to
explore who are the most influential actors among
climate change deniers, and what mechanisms allow
these actors to be influential.

In this study I apply an innovative algorithm
based on machine-learning (Williams et al., 2022) to
quantify the level of networked influence among
network members. My analysis reveals several major
findings. First, a core group of deniers remains highly
influential over the decades. Second, further analysis
showed that when deniers share disinformation
focusing on the social and economic harm of
environmental policies, attacking oppositions, and
questioning climate change science, such topics help
boost deniers’ influence level. Among the four types
of deniers (i.e., conservative think tanks, conservative
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foundations, trade groups/industry front groups, and
conservative media outlets), conservative media
outlets are significantly more influential than any
other types. Theoretical and practical implications are
also discussed.

2. Disinformation Networks and
Networked Social Influence

Disinformation could affect the public’ s
perceptions about important issues, such as climate
change, the effectiveness of vaccines, and election
integrity, and severely harm public health, threaten
public security, and undermine processes that are
fundamental to democracy (Marwick & Lewis,
2017). Although terms such as fake news,
disinformation, and misinformation have attracted
considerable public attention since political events
such as Brexit and Russia’s alleged interference in
the 2016 U.S. elections (Elswah & Howard, 2020;
Wagnsson, 2022), disinformation is not a modern
phenomenon, and it is much more widespread than
political campaigns and elections. Studies have found
that a range of disinformation spreaders, such as
governments (Lu & Pan, 2021), special interest
groups and fringe groups (Krafft & Donovan, 2020),
politicians and political groups (Vargo et al., 2018),
and companies (Lewandowsky, 2021), have engaged
in disinformation campaigns for various purposes.

2.1. Networked Social Influence in
Coordinated Networks

A fundamental process for coordinating and
sustaining stable networks is social influence
(Friedkin, 1998). In coalitions, the process of social
influence helps members create shared goals and
visions, coordinate members’ behaviors, foster group
cohesion, and thereby contribute to network stability.
Social influence that occurs within social networks is
referred to as networked social influence (Aral &
Walker, 2012; Belanche et al., 2021). Research on
networked social influence typically focuses either on
network compositions (such as embeddedness, tie
strength, and relationship heterogeneity) that
facilitate or constrain the adoption and changes of
opinions and behaviors (Aral et al., 2009), or on the
identification of network influencers (Aral & Walker,
2012; Belanche et al., 2021).

This study falls into the latter stream of research
and aims to identify prominent networked influencers
who exert considerable influence on other climate
change deniers. It also seeks to understand the

mechanisms that enable them to be influential. |
focus on prominent influencers because in a
disinformation network, they may function as
coalition leaders, setting the tone or inspiring actions
for other disinformation spreaders (Kwanda & Lin,
2020). In other words, they are the most harmful and
dangerous actors deserving close monitoring.
Moreover, identifying and removing such actors can
be particularly effective in destabilizing
disinformation networks and countering their harm.

To identify prominent influencers, | employed an
innovative algorithm that quantifies each actor’s
influence on other members’ ability to achieve a
higher rate of engagement on Facebook when sharing
climate-related disinformation. Williams et al. (2021)
developed the ‘social value’ (SV) algorithm, which
serves as an equivalent of an over-time experiment
within a network. Essentially, the algorithm examines
whether the behaviors of others differ when a
particular actor of interest is present. By observing
the network over time, with cases where the actor is
present and cases where they are not, | can compare
the two sets of observations and infer the extent to
which others’ behaviors are influenced by that actor.

This approach differs from influencer studies
that identify influencers based solely on their
followership or social media usage patterns (Harrigan
etal., 2021). The flaw in classifying influencers
solely by their followers or usage patterns is that it
merely identifies individuals with the potential to
disseminate information on a large scale, without
truly measuring their influence. However, years of
media effect research have shown that a significant
gap exists between message exposure and actual
behavioral changes (Valkenburg et al., 2016). In
contrast, the current approach identifies influencers
as people whose presence in a social network has an
empirically observable impact on others' behavior.
Therefore, it represents a much better and more
accurate approach to capturing influence.

When applying the SV algorithm in this context,
I utilize observed communication outcomes (e.g.,
total engagement) demonstrated by an actor at one
time period to compute the expected communication
outcomes for that same actor in the subsequent time
period. These projected values are then compared to
the actual data based on observations, and the
discrepancies are recorded as errors. The next step
involves calculating the impact of networked
influence on the actor’s communication outcomes
and adjusting the predictions accordingly using these
values. At the heart of the estimation of networked

Page 2825



social influence lies a machine learning model that
estimates the effect of various factors on the variable
of interest. One can anticipate a systematic decrease
in errors for a significant portion of the population.
Through these steps, the model enables us to
precisely quantify the level of influence that each
actor has on others within the network, thus
identifying actors with high levels of networked
influence. I also record the networked social
influence levels of each actor and utilize it as the
dependent variable to further examine the
mechanisms that contribute to the varying ability of
actors to exert social influence.

So far, I have discussed disinformation networks
and networked social influence that could play a
critical role in the coordination and long-term impact
of such networks. Next, I will shift our focus to the
context of climate change disinformation and review
previous research on key actors within the realm of
climate change denial.

3. Major Types of Climate Change
Denailers

There are four major types of climate change
denailers that | examine in this study.

3.1. Conservative Philanthropists and
Foundations

This group of deniers represents the powerful
influence of wealthy conservative philanthropists and
their family foundations. Since the early 1970s,
conservative philanthropists such as Joseph Coors
have funded conservative think tanks like the
Heritage Foundation to wage a "war of ideas" against
progressive ideas (Dunlap & Jacques, 2013). Such
efforts have grown in power when major funders
such as Richard Mellon Scaife and David and
Charles Koch joined forces with other major funders
to create networks of conservative foundations
(Skocpol & Hertel-Fernandez, 2016). A well-known
example is the Koch network, which includes sub-
organizations such as the Cato Institute, Citizens for a
Sound Economy (Americans for Prosperity Action),
and Committee for a Constructive Tomorrow
(CFACT). Recent research shows that the Scaife and
Koch families have surpassed ExxonMobil and
become the top funding source for climate change
denialism. Even within the overall conservative
political landscape, the Koch network is a formidable
kingmaker, with many of its endorsed/funded
candidates serving at state and federal levels (e.qg.,
Rex Tillerson, Secretary of State; Eric Schmitt, a

Missouri senator; Andrew Ogles, a Tennessee
congressman).

3. 2. Conservative Think Tanks

These are non-profit, public policy research, and
advocacy organizations aiming to promote
conservative ideologies such as free enterprise,
private property rights, and limited government. An
important distinction between traditional think tanks
and conservative think tanks is that the latter do not
uphold objective research standards and often bend
the truth to serve their “advocacy” goals (Dunlap &
Jacques, 2013). A key tactic of conservative think
tanks’ disinformation campaign is to provide an
endless supply of information/media materials that
range from books, editorials, to social media posts
and videos that question climate change. In addition,
contrarian scientists and representatives from these
think tanks often appear on TV and radio to provide
“balanced viewpoints” and establish themselves as an
alternative source of scientific research or “counter-
intelligentsia.” Through these tactics, conservative
think tanks amass legitimacy to counter mainstream
academia. They also routinely attack mainstream
climate scientists as “leftists” or corrupted
intellectuals and cast doubts on the reliability of
climate science or politicize climate change facts
(Dunlap & McCright, 2011).

3. 3. Conservative Media Outlets

In the U.S., conservative media has played a
huge role in moving the country rightward (Dunlap &
McCright, 2011). Recent research has shown that
they are far more likely to spread misinformation or
disinformation than left or center media outlets
(Shaw & Benkler, 2012). Climate change denialism
is rampant on conservative media outlets. For
decades, conservative media personalities such as
Fox News hosts and Rush Limbaugh have regularly
labeled climate change as a hoax and spread
disinformation about the IPCC and climate scientists.
In recent years, many of these conservative media
outlets have moved to the digital space, reaching
millions of the public through social media and blogs,
and emerging as a central force in the denial machine
(Krange et al., 2019).

3. 4. Trade Groups/Industry Front Groups.

The coal and oil corporations, such as
ExxonMobil, were among the earliest to conduct
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scientific research and recognize the severe
consequences of climate change. Many industry
leaders and executives are fully aware of the
connection between burning fossil fuels and
greenhouse gas emissions (Dembicki, 2022).
Nevertheless, for decades, they spent millions
funding the climate denial machine and often
established industry associations such as the
American Petroleum Institute and American
Enterprise Institute to propagate climate-related
disinformation (MacKay & Munro, 2012). In recent
decades, pressured by public outcry, these
organizations have hidden behind their front groups
and run astroturfing campaigns, posing as grassroots
civil society groups (Carroll et al., 2018).

4. Research Questions

So far, I have reviewed the major types of
climate change deniers. Although previous research
has documented their tendency to form offline
disinformation coalitions (Brulle, 2021; Dunlap &
Jacques, 2013; Dunlap & McCright, 2011), little
research to date has examined the degree to which
they build and sustain coalition networks online.
Moreover, this study aims to identify the prominent
influencers among climate change deniers and
unpack the mechanisms that drive their influence
level. To guide the analysis, | propose the following
two research questions:

RQ1: Who are the top influencers among climate
change deniers on Facebook?

RQ2: What factors drive the networked influence
level among climate change deniers on Facebook?

5. Method

5.1. Sample

In order to construct a sample of prominent
climate change deniers, | initially compiled notable
deniers previously studied in relevant research
(Brulle, 2021; Dunlap & Jacques, 2013; Dunlap &
McCright, 2011). These previous studies each
identified a list of denier organizations and |
compiled a comprehensive, non-redundant list based
on previous lists. Secondly, | conducted a search on
Crowdtangle (https://www.crowdtangle.com), a data
archive hosted by a Meta-affiliated organization that
contains extensive Facebook historical data. Some of
the denial organizations do not have Facebook pages

and are therefore removed from the sample. Thirdly,
I collected data from the Facebook accounts of these
climate change deniers using specific keywords
derived from credible sources such as NASA (2022)
and the United Nations (2022) to describe climate
change. The selected keywords included climate,
climate change, greenhouse, greenhouse emission,
global warming, sea level rise, global temperature,
and arctic ice. The search was conducted in
December 2022, encompassing the entire account
history (with the earliest account dating back to
2009). Figure 1 depicts the distribution of climate
change-related Facebook posts made by these deniers
over time. The figure illustrates that the initial surge
occurred around 2013 and persisted throughout the
subsequent years until 2022, covering a span of ten
years. We retained this ten-year dataset for further
analysis.
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| — .m.ﬁ.mmhw_wwhwlww

Post Created Date

Figurel. Daily posts distribution over time.

5. 2. Analytic Procedures

5. 2. 1. Networked Social Influence. I utilized
the open-source software developed by Williams et
al. (2022) to calculate the level of influence each
account has on the engagement of other accounts. To
compute each actor's networked influence, | followed
five steps.

First, 1 built models to predict the total
engagement of all actors. The model estimation and
codes are adopted from Williams et al. (2021) with
modifications based on the current study. For original
codes, example data, and data structure requirement,
please visit https://github.com/eunakhan/social-value.

Specifically, | took several steps to build models
to estimate the amount of total engagement or re-
shares for all actors. First, | build models that used
data up to time t to predict actors’ total engagement
or re-shares in interval T = (t, t+ 7). This step essential
records actors’ performance at each time points,
make an estimation about how they would perform at
the next time points, and then compare observation
from t+ T against the observation to record errors.
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Second, based on the co-sharing network at time
t, I found all actors (U) whose neighbors were absent
in this interval t and considered the pairwise
networked social influence each of these users had on
their neighbors. This step uses the network
information to consider who could have the chance to
exert networked influence on a given actor.

Next, I predicted actors’ total engagement or re-
shares at 1 for each actor u € U, using the models
from step 1, denoting this estimate as engagement/
re — shares;, (t). This step essentially brings the
network information into the model estimation at step
1 to further record errors and make model estimation.
At this point, fitted models should be ready to
produce estimations of networked social influence, as
further explained below.

At the last step, for each actor u € U, | subtracted
the sum of pairwise networked social influence value
of all absent neighbors on actor u, forming the total
engagement or re-shares estimate of the previous
step, to get the networked influence adjusted value
amount: AdjTotalEngagement/Virality, (t)=
TotalEngagement/Re — shares;,

(t)_ ZyEN(u)&y churned in TSVyEA (t) In addition, |
compared AdjTotalEngagement /Virality, (t) and
TotalEngagement/Re — shares;, (t) with the actual
observed data. It was expected that
AdjTotalEngagement/Virality; (t) would be
more accurate thanTotalEngagement/Re —

sharesZ, (t).

The model estimation rely on random forest
models (see details and codes at
https://github.com/eunakhan/social-value). The
assessment of model fitness is consistent with that of
any random forest model based studies. These
models generated Social Value for each account,
which captures the degree to which they influence
others’ behaviors (Williams et al., 2022). In the
model estimation, | employed random forest
regression models within the Social Value algorithm.
I configured the model to have 100 trees in the
forests. The R-squared values and accuracy
percentages for the three individual models in each
time period, as well as the overall model, are as
follows: R-squared for time period 1 = 0.97, accuracy
percentage = 90.2%; R-squared for time period 2 =
0.93, accuracy percentage = 89%; R-squared for time
period 3 = 0.96, accuracy percentage = 95%; and the
overall R-squared = 0.89, accuracy percentage =
87%.

5.2.2. Topic Modeling: To analyze the topics of
the messages posted by climate change deniers, this
study utilizes the state-of-the-art BERTopic

algorithm, which leverages deep learning capabilities
in Natural Language Processing (NLP)
(Grootendorst, 2022). BERTopic incorporates
transformers and a class-based TF-IDF to generate
dense clusters, enabling the creation of easily
interpretable topics. It supports various modes of
topic modeling, including guided, supervised, semi-
supervised, manual, long-document, hierarchical,
class-based, dynamic, and online topic modeling
(Grootendorst, 2022, p. 1). Notably, BERTopic has
consistently outperformed traditional NLP models
like Latent Dirichlet Allocation (LDA) on short texts,
such as social media posts, as demonstrated by
previous research (de Groot et al., 2022). In this
study, the “bertopic” package in Python was
employed to analyze how topics evolve over time.
After the initial model predictions, we manually
reviewed and corrected some potentially questionable
topic classifications. These manual corrections were
incorporated into the final models to ensure reliable
results.

5.3. Variables

Organization Types. Drawing on previous
literature on denier typology (Brulle, 2021; Dunlap &
McCright, 2011), we manually categorized each
organization into one of four types: conservative
think tanks (59%), conservative foundations (4%),
conservative media outlets (9%), and trade
groups/industry front groups (28%).

Total Engagement. This variable represents the
overall level of audience reactions received by a post,
including likes, haha, love, care, sad, wow, anger, as
well as the number of comments. Specifically, the
total engagement for Period 1 is 3,062,299; for
Period 2 is 3,195,807; and for Period 3 is 2,987,532.
In other words, over the course of the decade, climate
change deniers’ posts on Facebook have generated
close to ten million engagements.

Account Social Media Status. We assessed the
prominence of each account on social media based on
the number of followers it has.

6. Results

RQ1 explores the top influencers among climate
change deniers. Table 1 provides an overview of the
top influencers from each period, as well as the top
influencers calculated based on the ten-year
timeframe. Consistent with our network stability
analysis, the top influencers are also relatively
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consistent over time. Organizations such as the

Heritage Foundation, The Heartland Institute, Tax RQ?2 explores factors that drive deniers’
Foundation, Cato Institute, and Turning Point USA networked social influence. | conducted logistic
consistently rank among the most prominent regression analysis on Social Values calculated based
organizations. on the entire decade. Table 2 reports detailed

coefficients and significance for significant
predictors. Our findings indicate that both

Period 1 Top Influencers Period 2 Top Influencers L. N N ! A
disinformation topics and organization types can
Social significantly influence accounts’ social influence

Accounts Social Value  Accounts Value levels. Specifically, in terms of topics, compared to
Mediz Research Tuming topic 0 (the most frequent topic), discussions related
Center L2 Point USA 1.930 to topics 1, 2, 3, 4, 5, 7, 20, and 24 significantly boost
Fraser Reason N accounts’ social influence levels. Upon closer
Institute 728 Magarine 1.359 . . R . .
Heritage examination, the_se topics are_also highly engaging
foundation 699 Energy Citizens  1.297 and mostly pertain to the social and economic harm

i of environmental policies, attacking oppositions, and
ACSHorg 673 Spemembers 1.145 P li h .

Enersy questioning climate change science.
Freedom Environment
};‘Jfggj 633 Legal 1043 These types of combative and controversial posts
(= L - - - .
Coalition 538 Friends of Coal 981 are more likely to propel organizations to be highly
Heritage influential among their peers. In terms of
Fightback 437 Foundatien 978 organization types, conservative media outlets are
Reason AynRand 3|gn|f|cantly more |-nfluenpal than any _other types of
Magazine 300 Institute a7 climate change deniers, with conservative think tanks
Mercatus (the most common type accounting for 59% of all
372 4 975 8

Center ' e oo T accounts) used as the reference group. Finally, the
Didotorg 308 America 046 analysis showed that the number of followers could

also contribute to high level of social influences.
Although the effect size is smaller for this variable.

Peniod 3 Top Influencers Overall Top Influencers
Social Social coef stdem ¢ Prit] (0028  0.978)

Accounts Value Accounts Value el 013 307 032 5

T x -9 6’4

T > 20 ? 4
Freedom Works 2244 Heritage Foundation 1974 . 5 oo o8

Media Research
x 60 V.

Tuming point USA 1.737 Center 1.333
American Coal 1446 Fightback 1218 Topic 12 6.01 000  -206 1€

Topic 1 3 : 8 196 0
Comwall Alliance 1.167 Heartland Institute 608 e o > s
National Review 1.157 Tax Foundation 430 - e i = 8 =
Spemembers 1.088 PERCgroup 363 Topke N o 2.108
The CO2 Coalition 1.087 Turning point USA 333 Coniirviiibie 0SS o1 184 003%e 089

‘:1\’-‘ ;‘D!V.'( Fror 4
Competitive Competitive Oavapa . , , .
Enterprise Institute 1026 Enterprise Institute 327 Outlees ;

Folower nber ) 68X ‘ EO09 A ? OF E
Fraser Institute 983 Cato Institute 317 moy_-—e.. : -

Institute for Humane e

Herntage Foundation 938 Studies 290

Note: Only significant predictors are included in the

Table 1. Top ten influencers in each time period and table. For the topics category, topic 0 is the reference

overall.
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group. For the spreader type category, conservative
think tanks are the reference group. *, p<.05, **,
p<.01, *** p<. 001.

Table 2. Logistic regression model for networked
social influence among climate change denailers.

7. Discussion

7.1. Theoretical and Practical
Implications

The study zooms in on the prominent influencers
among climate change deniers on Facebook. My
analysis showed that many of the organizations that
previous studies have identified as the most
aggressive climate deniers are also active on
Facebook (Brulle, 2021; Dunlap & Jacques, 2013;
Krange et al., 2019).

While previous research tends to focus on the
roles of conservative think tanks and conservative
foundations, the study extends this by demonstrating
that, on social media, conservative media outlets have
the most influence among their peers. When they co-
share a message with their peers, such actions
significantly drive up engagement and benefit the
disinformation network.

Upon closely examining the network structure,
we can see that conservative media outlets are not
necessarily the most central actors. In terms of
structure, the most central actors are conservative
think tanks, but these conservative media outlets are
far more likely to achieve higher levels of social
influence. This finding suggests that in the domain of
social media, a new set of climate change deniers
may be more influential than the ones extensively
studied in previous research. These climate change
deniers thus need to be further studied and closely
monitored. Another key aspect to consider is that
unlike conservative think tanks, conservative media
outlets may have be easier to set up and build a
presence on social media. This may be quite
worrisome considering how many more such outlets
that climate change deniers could produce and
influence the public’s view on climate change.

Another mechanism that propels certain deniers
to influencer status is their discussion of specific
topics. Our analysis reveals that when deniers discuss
the social and economic harm of environmental
policies, attack oppositions, and question climate
change science, they tend to gain influence. These
topics are highly combative and controversial, often

using politically charged language and labels to
invoke political tribalism. Future studies should
closely examine the impact of climate change
deniers’ discourse on the politicization of the issue of
climate change and polarization among partisans.
Considering that they engage in such discourse for
decades, the cumulative impact on political
polarization may be substantial.

7. 2. Limitations and Future Research

The study has several limitations that could be
addressed through future research. First, the study
primarily focused on disinformation on Facebook.
Future studies could incorporate a comparison of
multiple social media platforms to gain valuable
insights into how climate change denialism spreads
across different platforms.

Second, the study does not include a qualitative
analysis of the actual rhetoric used by climate change
deniers. Future studies could employ rhetorical
analysis to provide additional insights.

Third, the study relies on a sample of climate
change denial groups. However, prominent
individuals (e.g., celebrities), activists, and politicians
also wield considerable influence in this regard.
Future studies should consider expanding the sample
to include other types of disinformation spreaders.

As global temperatures continue to rise year after
year, the grim reality of climate change poses severe
threats to the future of the human race. Extensive
research is urgently needed to explore the best
practices that could curb the spread of climate change
denialism and better build public support and
consensus around public policy initiatives aimed at
actively addressing climate change. This study is one
step in this direction and also contributes an
innovative approach to identifying, monitoring, and,
hopefully, curbing the harmful impact of the most
dangerous influencers.
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