
            

LETTER • OPEN ACCESS

Echo chambers in climate science
To cite this article: Lorien Jasny and Dana R Fisher 2019 Environ. Res. Commun. 1 101003

 

View the article online for updates and enhancements.

You may also like
Trump reverses Obama’s energy plan
Peter Gwynne

-

Obama commits to science spending
Michael Banks

-

Echo chambers in the Ising model and
implications on the mean magnetization
Talia Baravi, Ofer Feinerman and Oren
Raz

-

This content was downloaded from IP address 18.119.107.96 on 24/04/2024 at 08:01

https://doi.org/10.1088/2515-7620/ab491c
/article/10.1088/2058-7058/30/5/18
/article/10.1088/2058-7058/22/06/14
/article/10.1088/1742-5468/ac5d42
/article/10.1088/1742-5468/ac5d42


Environ. Res. Commun. 1 (2019) 101003 https://doi.org/10.1088/2515-7620/ab491c

LETTER

Echo chambers in climate science

Lorien Jasny1 andDanaRFisher2

1 Department of Politics, University of Exeter, United Kingdom
2 Department of Sociology, University ofMaryland, United States of America

E-mail: drfisher@umd.edu

Keywords: climate science, echo chambers, US climate policy

Supplementarymaterial for this article is available online

Abstract
Todate, echo chambers in American climate politics have been found to focus on the climate-related
policy instrument that is under review. In this paper, we explore how echo chambers change over
time, integrating data collected on the federal climate policy network after the first 100 days of the
TrumpAdministration had passedwith data collected during two periods during theObama
Administration.We employ Exponential RandomGraph (ERG)models to test for the similarity and
differences over time in the top policy actors working on the issue during each time period.We then
compare the newerfindings from2017 to previouswork on data from2010 and 2016.Wefind that
echo chambers continue to play a significant role in the network of information exchange among
policy elites and in the adoption of new information sources over time. In contrast to previous
findings, however, where echo chambers centered on specific policy instruments—a binding
international commitment to emission reductions or theObamaAdministration’s Clean Power Plan
—opinion regardingwhether or not climate change is caused by humans (i.e. is anthropogenic)has
become the central organizing force behind echo chambers in theUS climate policy network. These
results provide new empirical evidence that ideological polarization drives the selection of expert
information in the debate around climate politics.Moreover, our results showhowmisinformation
diffuses among political elites working on the issue of climate change.

Political polarization continues to be a challenge to environmental policymaking in theUnited States [1, 2]. Even
with the overwhelming consensus by scientists that the climate is changing due, in part, to human activity [3, 4],
public opinion about climate change has been found to be strongly associatedwith political ideology [5–7]. In
recentmonths, however, concern about the issue has grown [8]. Research has found that ‘climate denial’—
challenges to the overwhelming scientific consensus around climate change—has been effectively utilized by the
so-called climate countermovement as ameans to block political progress [2, 9–11, see also 12]. In particular,
this research has focused on the diffusion of disinformation to the public by organizations that received
corporate funding.

At the same time, scholars have taken advantage of innovations in computational social science to provide
insights into ‘exactly how connections among people create societal trends’ [2, 13–15]. Employing
computational researchmethods, this paper looks at how climate denial has become a central organizing force in
climate politics under the TrumpAdministration. In contrast to the research on the climate countermovement,
this study looks at information diffusion among policy actors engaged in climate decisionmaking in theUS.
Building on research thatfinds echo chambers—patterns of similarity regardingwhere policy actors get their
expert information—in American climate politics [16, see also 17 for an example from Ireland] and that these
echo chambers are focused on the relevant policy instrument under review at the time of the research [18], we
provide evidence to demonstrate how echo chambers change over time. Specifically, this paper reports the
results of analysis of how echo chambers in American climate politics have reoriented themselves around
challenges to the science of climate change before and after the 2016 election. To that end, we analyze a
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newdataset collected from themost central policy actors involved in theUS climate policy network in
2017—100 days into the TrumpAdministration.We show that, since the first wave of data collection in 2010,
climate skepticism, specifically aroundwhether climate change is anthropogenic, has grown among policy elites
and that this growth is reinforced by actors restructuring their network to take advantage of echo chambers. A
corresponding growth has been documented in conservative think tanks [19], public communications by fossil
fuel companies [20], and private philanthropy [21]. However, this paper is the first to document the same
patterns at work among political elites.

To understand how climate-related echo chambers have changed during the TrumpAdministration, we
examine the ‘sources of expert scientific information about climate change’3 formembers of the climate policy
network in theUnited States to understand information diffusion. Below,we briefly describe the data collected,
operationalize our understanding of echo chambers using social networkmethods, and apply Exponential
RandomGraph (hereafter, ERG)models to test for the presence and significance (relative to tie formation) of
such echo chambers amongmembers of theUS climate policy network. For a full discussion of the policy
network approach, which uses policy actors at the unit of analysis, see thework of Knoke [22] and, for amore
recent perspective, see Leifeld and Scheider [23].

This research analyzes data collected through a survey of the top policy actors working on the issue of climate
change in theUnited States. As described inmuchmore detail in the SI Appendix, the survey includes attitudinal
questions about the policy actors’ perspectives on numerous salient issues related to the subject of climate
change, as well as where each policy actor goes (within the network) for ‘expert scientific information about
climate change.’Datawere collected in 2010, 2016, and 2017. The period of data collection spans 3 Presidential
terms and 4 sessions of theUSCongress.4

As onemight expect, our sample changes greatly over the span of the period of study (2010–2017). In this
paper, we first compare static analyses of the full data sets from threewaves of data collection over this 7-year
period (n of 64, 50 and 61 respectively) and thenwe present temporal analysis of the longitudinal sample.
Although eachwave of data collection yielded a response rate above 55%, the turnover inherent to studying
political elites working on an issue over timemeans that our reduced longitudinal sample of policy actors that
responded to all threewaves of the survey is 13. This small number is due to the fact that the central actors in the
network changed as organizations, associations and companies became less involved in the issue, as well as due
to turnover in political offices over this period of time.Whilemethods for temporal network analysis with
missing data are being developed, the standard (albeit limited) approach is to eliminate respondents that are not
common acrosswaves [24, 25, for an example of themost recent efforts tomodel changing node sets, see 26]. By
comparing the larger static networks to the smaller temporalfindings, we are able to build on the strength of the
larger samples to look at both how ties change over time and how these changes are reflected in the broader
community.

Respondents to our survey represent the nodes in the network. The policy actors who are identified as
sources of the respondents’ expert scientific information on climate change are the edges in the network. For
example, when actorB states that they received information fromactorA, there is a directed tie fromA toB. This
relationship is depicted infigure 1(a).We use two attitudinal questions as node attributes. Policy actors’
responses to:Human activities are an important driver of current global climate change (referred to as
Anthropogenic) andThere should be an international binding commitment on all nations to reduce GHG emissions
(referred to as Binding and the policy instrument focused on in previous research on echo chambers [16]). For
details about the sampling, the survey, and howdatawere collected, see Supplemental Information.

Analytic approach

Following previous literature, we employ an ERGmodeling approach for the static samples and a temporal
ERGmodel for the longitudinal samples. In thesemodels, the network is the dependent variable and different
networkmotifs are parameterized as sufficient statistics [27]. This approach incorporates themany basic
building blocks of social networks, as well as our operationalization of an echo chamber, which combines
information diffusion through transitive triads with homophily. In other words, echo chambers exist when there
is bothmulti-path transmission of information and agreement among all parties connected [for details, see 16].
The ERGmodel enables a statistical comparison of the echo chamber (figure 1(h)) controlling for other terms in
themodel including separate terms for heterophily (see figure 1(g), parameterized as anti-homophily) and the
chamber itself (figure 1(d)). These terms are shown infigure 1. Additionally, we control for knownnetwork

3
Thiswording is taken directly fromour survey of policy actors.

4
See supplementary information for additional details of data collection, cleaning, and the handling ofmissing data.
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mechanisms of popularity (through a combination of the terms infigures 1(b) and (c)), as well as the differential
tendencies of certain actors to send and receive ties (figures 1(e) and (f)).

With the new data from2017, we are able tomodel temporally the longitudinal sample using a Separable
Temporal ERGModel [28]. In the temporalmodels, we use the same terms, butwe focus on predictingwhat ties
are added (formationmodel shown infigure 1(i)) andwhat ties persist (persistencemodel shown infigure 1(j)).
This type ofmodel is common in longitudinal network analysis [see 29, 30] and has been used previously to look
at policy networks [31]. This research has found that, in some cases, that transitive triads (our chamber) and
homophily (our echo) are associatedwith the formation of ties in networks over time [32].

Results

Distributions for the Anthropogenic attitudinal question (left), the density of ties among people who agree
(ie the percent of sent ties that are homophilic) (center), and the percentage of chambers that are echo chambers
(ie information is being diffused directly and indirectly among policy actors who agree on an attitudinal
question) (right) in both the full (solid lines) and reduced longitudinal samples (dashed lines) are presented in
figure 2. In thefirst panel, we see a great deal of similarity over time, as well as between the full and reduced
samples. In fact,more than half of each static sample strongly agrees that human activities are an important
driver of current climate change (63%, 69%, and 58% respectively of the full samples). It is worth noting that the
lowest level of agreement is in 2017when therewas an increase in respondents who strongly disagree, disagree,
or took a neutral position neither agreeing nor disagreeingwith this attitudinal question.We see similar
distributions in the percentage of homophilic ties and echo chambers—most of the action is concentrated
around thosewho ‘strongly agree’ that climate change is Anthropogenic with slightly varying levels. Themost

Figure 1.Terms used in ERG (left and center) and STERGModels (right).

Figure 2.Description of Attitudinal Data for Full Sample andReduced Longitudinal Sample by year.
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significant difference between the full and reduced samples is in the number of echo chambers among thosewho
strong agree onAnthropogenic.

Figure 3Presents the change in responses to the attitudinal question for the 13 respondentswho are the same in
each year.We see that theAnthropogenic responses stay relatively similar over time,with themajority remaining in
the ‘StronglyAgree’ category.Of the 13 policy actors included in the longitudinal responses, 3 (23%) respondents
changed their position onAnthropogenic between2010 and2016 and 4 (31%) from2016 to 2017. In the heatmaps
infigure 3, squares along thediagonal represent individuals that didnot change their opinion.Changes below the
diagonal line indicate less agreementwith the statement that climate change isAnthropogenic, and changes above
representmore agreement.While the changes from2010 to 2016 and 2016 to 2017 aremixed, the overall trend
from2010 to 2017 (figure 3, panel 3) shows an overall decreasing trend. Inotherwords, respondents changed their
views to be less supportive of the science that climate change is anthropogenic.

Figure 4 presents the networks of the full sample and the longitudinal samples over time.Nodes are colored
basedon the respondent’s position on theAnthropogenic question.Although therewas a limited number of
changes in the viewsonAnthropogenic, therewasmuchhigher turnover innetwork ties during this time,which, as
previously stated, spans 3 Presidential terms and 4 sessions of theUSCongress.Only 20 (47%)of the 43 ties in the
2010 reduced longitudinal sample remain in2016. In contrast, 38 (69%)of the 55 ties in the 2016 sample remain in
the 2017wave, which also has 22 additional ties.Only 15 ties, however, are commonacross all 3 samples. In other
words, there is farmore change in thenetwork ties than in the attitudinal data on the questionofwhether humans
are an important driver of climate change. It is likely thatwefindmorepreservationof ties in the change from2016
to 2017 than 2010 to 2016 due to the difference in interval periods, but the amount of change between our later
samples is still quite high. Because theAnthropogenic variable is so stable (as illustrated infigures 2, 3, and 4), it is a
challenge tomodel change in attitude over time.Given the limited changes over time in these raw statistics, wenow
turn toERGmodels to examine the changes in thenetwork structure and interactions among thesemeasures.

Figure 3.Heatmaps for change in anthropogenic response for longitudinal sample.

Figure 4.Network diagrams for static samples (top) and reduced longitudinal samples (bottom) in each year. Placement of nodes for
reduced samples are identical in each year.
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Staticmodels
Staticmodels for each year are shown infigure 5. The 2010 and 2016models are similar to those presented in
previous papers [16, 18]. Previouswork also foundnew structures to formaround theCleanPower Plan in 2016
[18]. SincePresident Trumpdismantled theObama-era climate policy [33, 34], respondents in the 2017 survey
werenot asked about this policy instrument.We see a shift in the significant echo chamber terms fromsupport for
an international binding commitment (Binding) in 2010 tohuman activities being an important driver of climate
change (Anthro) in 2016 and2017.The coefficient for Binding echo chambers is still positive after 2010, but is no
longer significant. After initialmodels showed significance for echo chambers inAnthro (see SIfigure S1 is
available online at stacks.iop.org/ERC/1/101003/mmedia for thismodel), wedivided the attribute basedon level
of agreement to seewhether these echo chambers occurred in each category.We see significance for ‘Strongly
Agree’ echo chambers in 2016 and2017, but additionally echo chambers for ‘Agree’ and ‘NeitherAgree nor
Disagree’ is significant in 2017.Thisfinding provides evidence that there is an increasing level of polarization
aroundwhether humanactivities are an important driver of climate change.

Beyond this finding for echo chambers, we see that the ‘echo,’ or homophily in Anthro, has also increased. In
2010, therewas a negative and significant finding for heterophily in themodels (which is interpreted as similarity
among policy actors, or homophily). The coefficient switches to positive and significant in 2016.Our
interpretation of this result in light of the significant term for Anthro echo chambers is that, while there is a
tendency for echo chambers aroundAnthro to form, outside of those echo chambers, other ties among actors
are unlikely to be homogenous onAnthro. About a year later, 100 days into the TrumpAdministration in 2017,
the results are different. In 2017, not only are these echo chambers likely to form, but outside of these chambers,
homophilous ties are alsomore likely. Taken together, these twofindings demonstrate an ever increasing
tendency towards information diffusion only among policy actors who agree about the science of climate
change. Our results show that, as perspectives on human activities as a driver of climate change becomemore
diverse among these policy elite, homophily is reinforced structurally with echo chambers. In other words, these
findings provide evidence of increasing polarization around the question of whether climate change is
anthropogenic. Thisfinding is particularly robust for the categories wherewe havemore than 3 observations
(disagree is positive but not significantmost likely due to the limited number of observations).

Temporalmodels
We include both formation and persistencemodels in the temporal analysis shown infigure 6. The formation
model predicts new ties at time t+1 given the ties at time t (figure 1(i)). The persistencemodel predicts which ties
remain at time t+1 given the ties at time t (figure 1(j)). Across all of the temporal analysis, only one term is
statistically significant: Anthro echo chambers in the formationmodel. Thisfinding indicates that ties aremuch
more likely to be added in both 2016 and 2017 if they contribute to the number of echo chambers around the
question of whether climate change is anthropogenic in the network.While the data permitted us tomodel echo

Figure 5.ERGmodels for static samples. Coefficients shown as circles (not significant) and squares (significant at p<.05)with lines
as 95% confidence intervals.
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chambers at different levels of agreementwithAnthro in the full networks, too few respondents held views other
than ‘Strongly Agree’ in the reduced samples tomodel the other categories.

In addition to the significant finding for echo chambers among those policy actors who ‘Strongly Agree’ that
humans are a driver of climate change in the formationmodel, we also see a negative tendency for thosewho
more strongly support Binding to name others as information sources (and, thus, be the receiver of this
information). This finding is congruent withwhat onemight expect since attention to an international policy
instrument decreases over time; thosemost committed to it are looking outside their usual sources for other
information. Finally, we alsofind clear differences between the formation and persistencemodels. The
significant terms in the formationmodel are not replicated in the persistencemodel, and themagnitude of the
coefficients have opposite signs. Thisfinding indicates a separation between the networkmechanisms
responsible for the formation of ties and those that govern the dissolution of ties in this network. In other words,
those networkmechanisms that predict the formation of ties play no role in predictingwhat ties will persist or be
dropped from the network.

Discussion

Overall, this paper provides clear evidence that echo chambers in American climate politics have reoriented
themselves around challenges to the science of climate change. The staticmodels show the increasing
importance of beliefs about the science of climate change in our samples of theUS climate policy network. Small
but increasing numbers of respondents cast doubt onwhether humanswere an important driver of climate
change across the threewaves of data collection.We see a shift from a lack of significance around echo chambers
(albeit with significant homophily) in 2010, to positive and significant echo chambers around ‘Strongly Agree’
but negative and significant echo chambers around ‘Agree’ in 2016with significant heterophily. In 2017, the
combination of both positive significant echo chambers aroundAnthro at the levels of ‘Strongly Agree’, ‘Agree’,
and ‘Neither Agree norDisagree,’ as well as a tendency for homophily above and beyond the echo chambers
indicates that therewas a change and reordering of the network structure to increase the information flow
among policy actors who hold the same perspective on the science of climate change.

The results for the reduced longitudinal sample reinforce the findings fromof our analysis of the static
networks: Anthropogenic echo chambers have become the chiefmechanism that is correlatedwith new tie
formation over the 7-year period.While the ERGmodels are not causal, given the relative stability in the
Anthropogenic attitudes and the clear preference for formation of echo chambers, these findings indicate a
change in network configuration to reflect a greater tendency for selective polarization, rather than changes in
attitude. Information gathering is less stable than opinion, and reinforcing echo chambers are likely to form
among those policy actors with similar views evenwhen none have changed their beliefs.

Figure 6. Separable Temporal ERGmodels for reduced longitudinal samples. Coefficients shown as circles (not significant) and
squares (significant at p<.05)with lines as 95% confidence intervals.
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Our findings support the notion that the information network has switched fromplacing priority on the
‘BindingCommitment’ attitude to the question of ‘Anthropogenic’ over the 7 years of research on theUS
climate policy network. In 2010, the science of climate changewas considered settled among the policy actors,
but changes in the political climate (although not the scientific one) are clearly depicted in these results. Our
analyses show that, while there is a subtle shift in policy elites’ opinions aboutwhether climate change is driven,
in part, by human activities (depicted by the limited changes in opinion over the period of this study), these
changes are complemented and amplified by the shift among theways that expert scientific information is being
diffused throughout the network.

This paper substantially expands our understanding of the role that echo chambers play in information
diffusion around the contentious issue of climate policymaking in theUnited States. By analyzing data collected
from three waves of surveys that span 3 Presidential terms and 4 sessions of theUSCongress, we showhow echo
chambers are reoriented over time. Althoughwefind clear evidence of echo chambers around the question of
whether or not climate change is anthropogenic, it is possible that they are the product of the polarized political
environment of 2017. As the political environment changes and a policy instrument is once again proposed to
address the issue of climate change, previous researchwould suggest that the echo chambers will once again
shift [18].

Future research should continue to study the climate policy network to assess the durability of these echo
chambers. In addition, while this paper analyzes temporalmodels to explore formation and persistence over
time, data limitationsmake it impossible tomodel the role of different components of echo chambers.With
additional data collected during a smaller increment of time, the sample would likely change less.Withmore
attribute change and less network change, it would be possible to determinewhich comes first, the echo or the
chamber. To understand political polarization and how information diffusion contribute.s to it, wemust focus
on these questions regarding the durability and formation of echo chambers over time

Materials andmethods

Comprehensive information about thedata collection, sampling, and statistical analyses are provided in SIAppendix.
Code anddata are nowavailable at https://osf.io/zc9bf/?view_only=92765f5163604f9db7826fa68feb49cc.
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