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1. Review of the Literature: Setting the Record Straight
To provide some context for the reader into the nature of Kahan’s (2017) concerns about our
work, we start by briefly outlining Kahan’s own position in this on-going debate. The “cultural
cognition of scientific consensus” thesis predicts that exposing the public to information about
the scientific consensus will only further attitude polarization by reinforcing people’s “cultural
predispositions” to selectively attend to evidence (Kahan, Jenkins-Smith, & Braman, 2010).
This prediction, by and large, has failed to materialize in empirical studies that specifically
examine public reactions to scientific consensus statements on a range of issues. For example, in
the context of climate change, research has actually found the opposite: highlighting scientific
consensus neutralizes polarizing worldviews (Lewandowsky, Gignac, & Vaughan, 2012; Cook
& Lewandowsky, 2016; Cook, Lewandowsky, & Ecker, 2017; van der Linden, Leiserowitz,
Feinberg, & Maibach, 2015; van der Linden, Leiserowitz, Rosenthal, & Maibach, 2017).
Other research has found that communicating the scientific consensus has positive
effects across the political spectrum in the context of both climate change (Deryugina &
Shurchkov, 2016; Myers, Maibach, Peters, & Leiserowitz, 2015) and vaccines (van der Linden,
Clarke, & Maibach, 2015). Still other work has found that conveying the scientific consensus on
climate change has greater effects among those with low environmental interest (Brewer &
McKnight, 2017) and has positive effects among evangelical Christians (Webb & Hayhoe,
2017). Conversely, conveying even a small amount of scientific dissent directly undermines
support for environmental policy (Aiklin & Urpelainen, 2014).
In his opening review of the evidence, Kahan (2017) fails to mention most of this body of
work, despite the fact that the National Academy of Sciences (2016) has called for more such
research (p. 20). Kahan (2017) does discuss a few studies in his introduction, but his discussion
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is highly selective and mischaracterizes the evidence. For example, in discussing Bolsen &
Druckman (2017), Kahan (2017) fails to mention key conclusions such as; “The gateway model’s
mediational predictions are supported” (p.13), or “a scientific consensus statement leads all
partisan subgroups to increase their perception of a scientific consensus” (p. 14). Similarly,
although not cited by Kahan (2017), Brewer & McKnight (2017) find independent support for
the Gateway Belief Model (GBM)’s mediational hypotheses, as does Dixon (2016) in the context
of GMO’s. Cook & Lewandowsky (2016) indeed found negative effects (but only for their US
sample) and among a subset of respondents characterized as extreme endorsers of free-markets.
However, Kahan (2017) neglects to mention that Cook, Lewandowsky, & Ecker (2017) then
failed to replicate this backfire-effect in a larger US sample, where they found that information
about the scientific consensus partially neutralized the influence of free-market ideology. Dixon
(2016) notes that the effect of conveying a scientific consensus message on GMO safety was
smaller among audiences with skeptical prior attitudes, but importantly, no actual backfire-effect
was observed. It is interesting that Kahan (2017) cites Dixon, Hmielowski, & Ma (2017) to
support his claims, as, contrary to Kahan’s claim, this study did not replicate our work (e.g.,
perceived consensus was not measured), yet the authors do clearly state that; “It is notable that a
backfiring effect among conservatives was not observed” (p. 7).
In sum, we think it is fair to conclude that the evidence to date is strongly in favor of the
Gateway Belief Model (GBM) while there is little to no evidence to support the polarizing
predictions flowing from the cultural cognition of scientific consensus thesis. In fact, Hamilton
(2016) reports that in state-level data, both public awareness of the scientific consensus and
belief in human-caused climate change have grown in tandem over the last six years, while the
liberal-conservative gap on the existence of a scientific consensus has actually decreased. More

3

generally, research has found that providing the public with scientific information about climate
change does not backfire (Bedford, 2015; Johnson, 2017; Ranney & Clark, 2016), and questions
have been raised about the validity of the cultural cognition thesis (van der Linden, 2016),
including failed replications of the “motivated numeracy effect” (Ballarini & Sloman, 2017)1.
Moreover, the specific conditions under which directionally motivated reasoning and belief
polarization occurs is much more nuanced than previously thought (Flynn, Nyhan, & Reifler,
2017; Guess & Coppock, 2016; Hill, 2017; Kuhn & Lao, 1996; Wood & Porter, 2015).
Nonetheless, we agree with Kahan’s (2017) remark that this exchange is not about
reviewing the literature on consensus messaging. However, in our view, Kahan (2017) has
greatly distorted the weight of evidence in his article and we felt compelled to correct this for the
reader here. Moreover, we should clarify that our position is not that communicating the
scientific consensus has no potential to backfire among some people with extremely motivated
beliefs. However, our data, and that of several other independent teams of investigators, shows
that, on average, no such back-fire effect occurs in any group across the political spectrum.
Importantly, we have also urged scholars not to create false dilemmas of the “culture vs.
cognition” kind (van der Linden et al., 2017) as it is possible – indeed likely – that both cultural
and cognitive factors simultaneously influence people’s beliefs and attitudes about contested
societal issues. The apparent conflict between the “scientific consensus as a gateway cognition”
vs. the “cultural cognition of scientific consensus” thesis is clearly a false dilemma as these two
processes are not mutually exclusive. Indeed, as Flynn, Nyhanm and Reifler (2017) state; “the
relative strength of directional vs. accuracy motivations can vary substantially between
individuals and across contexts” (p. 134). For example, the average updating of beliefs in line
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We note that there is some debate about this replication, particularly concerning the validity of the sample.
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with the scientific consensus does not in itself preclude motivated reasoning from occurring
(Bolsen & Druckman, 2017) nor does it mean that the scientific consensus cannot be
communicated by appropriate in-group members to help overcome cultural biases (e.g. see
Brewer & McKnight, 2017; Webb & Hayhoe, 2017). Moreover, in related research, we and
others have shown that information about the scientific consensus can be neutralized when
competing claims (based on misinformation) are presented, but that inoculation (i.e.,
forewarning) techniques can successfully help counteract such efforts to politicize science
(Bolsen & Druckman, 2015; Cook et al., 2017; van der Linden et al., 2017).
This line of research also demonstrates that although accuracy-motivation is often
present, it is easily undermined by misinformation, selective exposure, and false media balance
(Koehler, 2016; Krosnick & MacInnis 2014). Indeed, the decades-long climate disinformation
campaigns organized by vested-interest groups —the key purpose of which were to create doubt
and confusion about the scientific consensus — have limited action on global warming (Oreskes
& Conway, 2010). Accordingly, survey research indicates that only 13% of Americans correctly
understand that the scientific consensus ranges between 90% to 100% and that this
understanding is about five times higher among liberals than conservatives (Leiserowitz et al.,
2017). Even many US science teachers remain largely unaware of the scientific consensus and
continue teaching “both sides of the debate” (Plutzer et al., 2016). We therefore conclude that
there is a strong and compelling rationale for communicating the scientific consensus that
human-caused climate change is happening.

5

2. The Gateway Belief Model (GBM)
Kahan (2017) has independently confirmed our key finding: exposing people to a simple cue
about the scientific consensus on climate change led to a significant pre-post change in public
perception of the scientific consensus (12.8%, Cohen’s d = 0.59). Unfortunately, in his
commentary, Kahan (2017) misrepresents the nature of our model, its assumptions, and other
findings reported in van der Linden et al. (2015). Prior correlational survey studies have reported
that the public’s perception of the scientific consensus on human-caused global warming is
associated with other key beliefs people have about the issue (Ding et al., 2011; McCright et al.,
2013) and acceptance of science more generally (Lewandowsky et al., 2012). The theoretical
approach in our paper was therefore confirmatory and directly built on this line of research by
providing experimental evidence for the “Gateway Belief Model” (GBM).
Using national data (N = 1,104) from a consensus-message experiment, we found that
increasing public perceptions of the scientific consensus is significantly associated with an
increase in the belief that climate change is happening, human-caused, and a worrisome threat
(Stage 1). In turn, changes in these key beliefs predicted increased support for public action
(Stage 2). In short, the GBM is a two-stage sequential2 mediation model based on causal data and
we confirmed that perceived scientific consensus is an important gateway cognition, influencing
public support for climate change. Kahan (2017) argues (a) that we did not evaluate the direct
effects of our experimental treatment on any variable other than subjects’ subsequent perceived
scientific consensus (e.g., not on the mediator or outcome variables); (b) in his analyses, he finds
no significant differences in the values of the mediator variables (personal beliefs) and final
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Sequential means that the (indirect) effect of an independent variable on a dependent variable operates through a
chain of mediator variables. SEM models often have multiple dependent and mediator variables.
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outcome variable (support for action) between the treatment and control groups; and (c) he
claims that this lack of significance matters, because, a significant direct effect of the treatment
message on the mediator variables must be established for mediation to occur between the
treatment message, the personal beliefs, and final outcome variable. We respond to each of these
criticisms in detail below and demonstrate that his assertions are incorrect.
2.1

Philosophical and Empirical Perspectives on Mediation Analysis

Kahan (2017) claims that the consensus message3 did not directly impact the key (mediating)
variables in the model, namely; (a) the belief that climate change is happening, (b) the belief that
climate change is human-caused and (c) how much people worry about climate change. Kahan
(2017) is much concerned with the effect on support for public action, but we note that support
for action is not a mediator in the model and hence there is no requirement that the treatment
directly influences this variable. More importantly, Kahan (2017) maintains that in order for the
effect of X (consensus treatment) on Y (personal beliefs) to be mediated by M (perceived
consensus), there must be a direct effect of X (consensus message) on Y (personal beliefs). He
claims; “there must be an overall treatment effect on the mediator” (p. 9). In our view, Kahan
(2017) then conducts several inappropriate statistical analyses looking for significant direct
effects, and, finding none, then concludes that the model must be misspecified.
We strongly think that Kahan’s (2017) conclusions are incorrect. First, the process of
mediation does not require a direct effect of X on Y. Kahan (2017, p. 11) seems to rely on the
“old” Baron and Kenny (1986) criteria, which have been shown to be wrong (Hayes, 2009). One
reason for this is that the total effect in a SEM model is the sum of many different paths of
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The main effects of the consensus message (by experimental condition) are described in detail in van der Linden et
al. (2014) on which the subsequent mediational analysis in van der Linden et al. (2015) is based.
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influence. Another reason is lower power to detect direct effects on more distal variables in the
chain (e.g. see Hayes, 2009; Rucker, Preacher, Tomala, & Petty, 2011). In social psychological
research, detecting an indirect effect in the absence of a total effect can happen as frequently as
50% of the time (Rucker et al., 2011). Since a direct effect is not a necessary condition, imposing
the requirement that a direct effect be established prior to mediation is both unjustified and can
hamper theory development and testing (Rucker et al., 2011; Shrout & Niall, 2002). Moreover,
because the approach we took in our paper was confirmatory and theory-driven, Kahan’s (2017)
objection to our estimation approach could be dismissed purely on theoretical grounds.

2.2 Main Experimental Effects, Non-Parametric Alternatives, and Direct Replications
However, even though it is not a statistical requirement, we nonetheless evaluate the
direct effects here and show that Kahan (2017) is still incorrect in asserting that there were no
significant main effects of the treatment (consensus message) on any of the mediating variables
(climate beliefs) . We start by offering a simple and straightforward test of the mean pre-post
(within-subject) differences between the treatment and control groups for each of the included
measures (Figure 1). The results demonstrate that participants exposed to the consensus
treatment (vs. control) significantly changed their beliefs in the hypothesized direction. In short,
out of the 5 variables, 4 are mediators, and the consensus treatment did in fact influence at least 3
of them directly; the remaining effects also trend in the expected direction. Note that a direct
effect can still be mediated, even if the effect is not significant at the “p < 0.05” level. The
scientific consensus statement specifically targets perceived consensus and beliefs about humancausation, which is clearly reflected in the significant main effects presented in Figure 1.
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Figure 1. Note: Simple main effects of consensus message on all four variables in the mediation model. Values
represent the mean pre-post (within-subject) differences by experimental condition. In the original experiment, we
were interested in evaluating the efficacy of different ways of communicating the consensus. The non-significant
results for the belief that climate change is happening and support for public action are largely due to the unbalanced
nature of the combined 10 treatment variations (n = 989) and single control (n =115) group, resulting in relatively
large standard errors. Mean differences include all observations in the sample (i.e., an intention-to-treat analysis).

We should note that one-tailed p-values for the belief that climate change is happening (p = 0.08)
and support for action (p = 0.05) are marginally significant. We present two-tailed p-values here
to be conservative, although our hypotheses were clearly directional. Kahan (2017) argues that
one-tailed p-values are inappropriate here because some respondents updated in the opposite
direction (p. 7). Although this sounds intuitive, this view is incorrect because the statistic that is
being compared in null hypothesis significance testing (NHST) is the mean, and the meanchange is positive and directional. Thus, one-tailed p-values are appropriate for directional
hypotheses (Jones, 1952; Abe & Cho, 2013). Kahan (2017) then changes his criticism and claims
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that because the distribution of the variables is skewed, mean comparisons are not informative.
We are happy to entertain this criticism, but we do not understand Kahan’s (2017) subsequent
decision to focus on the mode, as in our data, the modal change-score (e.g., “0”) only represents
the responses of a minority of the sample. In our view, the more common and appropriate
statistical test is to examine the median using a non-parametric approach.
Moreover, it is relatively unclear in which sections of the analysis Kahan (2017) is using
the between-group comparisons versus the within-group comparisons. Our study uses a mixed
factorial experimental design. A mixed design combines both within-subject (pre-post) as well as
between-subject (treatment vs. control) measures. A unique feature of this design is that it allows
for a “difference-in-difference” estimator (i.e., the pre-post change scores for each subject
between the treatment and control groups). The analyses used in our study utilize the most
statistically powerful combination: the pre-post difference scores between the treatment and
control groups, not just “post-only” comparisons. In other words, Kahan’s (2017) argument that
he was unable to find significant differences between the treatment and control groups on the
mediator and outcome variables using post-only scores is irrelevant, as the main results do show
significant mean and median differences when the change scores are properly compared.
Our results are further confirmed when subjected to non-parametric testing procedures.
For example, the Mann-Whitney “equality of medians” test groups the number of responses that
either fall below or rise above the median for both the treatment and control groups. This test
directly evaluates whether or not the medians of the distributions are the same when comparing
the pre-post change scores between groups. For the belief that climate change is human-caused,
the medians are significantly different (50% of the responses are above the median value in the
treatment condition whereas only 35% are above in the control group), Chi2 (9.46), p = 0.002,

10

indicating that more people in the treatment group shifted toward the belief that climate change
is human caused. The same is true for worry about climate change (49% of responses are above
the median in the treatment group vs. only 32% in the control), Chi2 (11.41), p = 0.001. The
same pattern even holds for support for public action (40% vs. 21%), Chi2 (15.30), p < 0.0001.
The only exception is the belief that climate change is happening (45% of responses are above
the median, whereas 39% in the control group), Chi2 (1.71), p = 0.19.
To avoid further (and obscure) discussions about the mean, median and mode, it is more
efficient to simply test whether or not the entire distribution of the change scores is the same in
the treatment and control groups. Kahan (2017) compares the post-test scores between treatment
and control, not considering the pre-test scores. However, the more powerful way to evaluate this
to examine the distribution of the pre-post change scores in each group and test whether or not
the underlying distributions are statistically equal. The nonparametric Kolmogorov-Smirnov test
clearly shows that for the belief that climate change is human-caused (D = 0.18, p = 0.002),
worry (D = 0.17, p = 0.01) and public action (D = 0.19, p = 0.01), the empirical distributions of
the observed change scores are not equal between the treatment and control groups. Consistent
with the mean and medians tests, the distribution of the change scores is higher in the treatment
group for all items except for the belief that climate change is happening (D = 0.20, p = 0.20).
Lastly, on March 10, 2016, before Kahan’s (2017) criticism was published, we posted a
link to a large direct replication of our research in the comment section of PloS ONE (van der
Linden et al., 2016) to help resolve the unbalanced sample issue in the data. The replication was
based on a high-powered large nationally representative experiment (N = 6,301, n = 3,151
treatment and n = 3,150 control). Results of that replication show unequivocally clear direct
effects of the consensus message on all key mediator and outcome variables (Table 1).
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Table 1: Main Effects of Consensus Message on Key Dependent Variables
Dependent variables
Consensus
Control
(N = 6,301)
Treatment
Group
Δ Pre-Post
Δ Pre-Post
(n = 3,150)
(n = 3,151)

Cohen’s D
95% CI

Perceived Scientific Consensus
(0% - 100%)

16.81***
(0.40)

0.62
(0.24)

0.88
(0.83, 0.93)

Belief Global warming is Happening
(1-7)

0.21***
(0.02)

0.08
(0.02)

0.14
(0.09, 0.19)

Belief Global warming is Human-Caused
(1-7)

0.27***
(0.02)

0.07
(0.01)

0.23
(0.18, 0.28)

Worry about Global warming
(1-7)

0.28***
(0.01)

0.18
(0.02)

0.11
(0.06, 0.16)

Societal Support for Action
(1-7)

0.11***
(0.02)

0.03
(0.01)

0.09
(0.04, 0.14)

Note: Standard errors in parentheses. All mean comparisons significant at ***p < 0.001 (bold face). Unequal
variances (t-test). Cohen’s D is a standardized measure of effect size. Values between 0.3 and 0.6 are generally
considered to be “moderate” effect-sizes in behavioral science research (Cohen, 1988).

Kahan (2017) claimed that our initial results were not significant. After our replication, detailing
robust and significant results, Kahan then claims that our replication sample is too “large”. We
simply encourage the reader to evaluate the effect-sizes in addition to statistical significance. In
sum, we argue that Kahan (2017) incorrectly concluded that the consensus message did not
directly impact the mediators. Moreover, as mentioned, a direct effect of the treatment on the key
belief variables is not a necessary condition for mediation to occur. Lastly, Kahan (2017)
misunderstands a central hypothesis of the Gateway Belief Model: any direct effect of the
consensus message on the key beliefs is fully mediated by perceived scientific consensus.
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2.3

Sequential Mediation and the Structural Equation Model (SEM)

Kahan’s (2017) other major argument suggests that only “perceived scientific consensus”
appears to be conditional on experimental treatment assignment (consensus vs. control) in the
structural equation model, and that as a result, the model is “misspecified” and correlational in
nature. This claim is false. Although the depiction of the GBM only visualizes a direct path from
experimental assignment to perceived scientific consensus, all variables were estimated
conditional on experimental assignment in the model evaluation stage. Indeed, there is a simple
way to make all of the mediators conditional on treatment assignment by drawing direct
paths/arrows from the independent variable (treatment vs. control) to all of the mediators in the
model, as was done for perceived scientific consensus.
In fact, when the model was initially constructed, there were indeed paths going directly
from the independent variable (treatment vs. control) to all other variables in the model. That
analysis found that when controlling for perceived scientific consensus, the direct effect of the
consensus treatment on all other variables disappears (i.e., the paths become non-significant). In
other words, we wouldn’t have been able to determine that perceived consensus acts as a
“gateway” (note: full mediation) without drawing those paths in the first place. Leaving those
paths in the final model, i.e. including 4 extra non-significant paths makes the model
unnecessarily more complex without improving model fit (i.e., the added complexity actually
penalizes model fit). More importantly, these paths do not change any of the coefficients nor do
they add any theoretical insight, as the model finds that the effect of the consensus message on
the key beliefs is fully mediated by perceived consensus. Thus, Kahan’s (2017) claim that “there
are no arrows from the experimental condition to the other variables” (p. 9) demonstrates his
confusion about the nature of mediation and how SEM models are constructed and tested.
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A second and related misunderstanding is Kahan’s (2017) claim that the mediational model is
essentially “correlational” in nature (p. 8). This is also incorrect. As explained before, this paper
focuses on pre-post change scores. All of the variables in the GBM were modeled as
experimentally-conditioned observed changes, i.e., every variable in the model was entered to
reflect the pre-post difference scores. This includes the primary variable of interest – perceived
scientific consensus (PSC) – but also all other variables. In other words, we estimated a
sequential mediational process where a pre-post change in perceived scientific consensus (PSC)
predicts a pre-post change in each of the key beliefs about climate change, which in turn,
predicts a change in support for public action. The effect of the consensus message on the key
beliefs is fully mediated by PSC (step 1), and the subsequent effect on public action is fully
mediated by the key beliefs (step 2). The “cascading” effects on beliefs and support for public
action are relatively small in comparison to the main effect precisely because the model
estimates experimental effects. Crucially, contrary to what Kahan (2017) suggests, there is a
significant indirect effect flowing from differential exposure to the treatment (vs. control) to
public action via the multiple mediators (β = 0.50, SE = 0.12, p < 0.001)4.
If we estimate the model in a purely correlational fashion, most of the path coefficients
would have been larger by a factor of 2 to 3. Similarly, if we had estimated the model on only the
“treated” portion of the sample the results would have been much stronger. If anything, the fact
that we estimated the model on the full sample (including pre-post controls) actually makes the
model more conservative in its estimates. In short, contrary to Kahan’s (2017) claim that we
overstate our findings, our findings are actually conservative estimates of the treatment effect.

4

Kahan uses Bayes Factors to evaluate evidence for our model. Van der Linden & Chryst (2017) point out that
Bayes Factors are inappropriate for evaluating strength of evidence. Kahan’s criticism of van der Linden & Chryst’s
approach to Bayesian Evidence Synthesis (2017) has nothing to do with the fact that Bayes Factors are still logically
incoherent, see also Gelman & Rubin (1995) for why model comparison using BIC is ill-advised.

14

2.4

On Alternative Models, A-theoretical Simulations, and the Affect-Heuristic

In the supplementary information, Kahan (2017) argues that “many possible models” can be
estimated on a given data set. We agree, but as we explained earlier, the purpose of our study
was confirmatory, not an exploratory fishing expedition. Our mediation analysis is also based on
experimental rather than correlational data. Thus, this study not only confirms prior theory, but
also fits the model on causal data obtained from a randomized experiment (with additional
covariate controls), which substantially reduces the likelihood of misspecification and provides a
much stronger case for mediation than models based on correlational data (Hayes, 2013; StoneRomero & Rosopa, 2008). Thus, sweeping claims of SEM “misspecification” without providing
meaningful theoretical alternatives is not constructive, as such criticisms are essentially baseless
(Hayes, 2013; Lewandowsky et al., 2014).
Moreover, the “many possible models” argument is specious. The best way to address the
possibility of “other” potential model specifications is to let the model choices be guided by
theoretically meaningful relationships (McCallum et al., 1993). This is exactly why our study
tested the Gateway Belief Model (GBM), as several prior studies had independently identified
and validated the core structure of the model (e.g., see Ding et al., 2011; McCright et al., 2013).
The GBM has also been tested across different contexts, including vaccines (van der Linden et
al., 2015), climate change (Bolsen & Druckman, 2017) and GMO’s (Dixon, 2016). In fact, a
recent meta-analysis found that perceived scientific consensus is a key determinant of public
opinion on climate change (Hornsey et al., 2016). In short, our model specification is based on a
cumulative theory-informed social science evidence base.
Although we are open to alternative suggestions, we are baffled by the alternative “affectheuristic” model advanced by Kahan (2017), in part because it seems to misrepresent the
15

literature, and the nature of the affect-heuristic. At its most generic level, the GBM offers a dualprocessing account of judgment formation (Chaiken & Trope, 1999; Evans, 2008; Marx et al.,
2007; van der Linden, 2014) in the sense that the model combines both cognitive (belief-based)
and affective (worry) determinants of public attitudes toward societal issues. To the extent that
the left-hand side of the model represents input in the form of a consensus cue, the GBM is also
consistent with the literature on heuristic information processing (Chaiken, 1980). In the absence
of a strong motivation to elaborate, people tend to heuristically process consensus cues because
“consensus implies correctness” (Mutz, 1998; Panagopolous & Harrison, 2016). For example,
when the scientific consensus is explicitly politicized (motivating elaboration), its persuasiveness
is significantly reduced (Bolsen & Druckman, 2015; van der Linden, Leiserowitz, Rosenthal, &
Maibach, 2017). However, we recognize that heuristics, such as “experts can be trusted” can be
used in both a reflective and intuitive manner (Todorov et al., 2002).
Kahan’s (2017) “affect” model, however, suggests that both cognition (belief-based) and
emotional reactions (worry) all load onto the same underlying “affect” factor. This is not only
circular and severely underspecified in the sense that one type of emotion (worry) is predicting
another type (affect) but it also presupposes that people’s cognitive understanding of the issue is
expressed as an affective disposition. The affect-heuristic describes a fast, associative, and
automatic reaction that guides information processing and judgment (Zajonc, 1980; Slovic et al.,
2007). We find it unlikely that people’s cognitive understanding of climate change is expressed
in the same manner as their affective reactions, as this clearly contradicts a wealth of literature
distinguishing “risk as analysis” from “risk as feelings” (Marx et al., 2007; Slovic et al., 2004).
In short, we find Kahan’s (2017) alternative model poorly specified and unconvincing.
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2.5

Practical Significance and Internal Validity

“Individual opinions influence political outcomes through aggregation. Even a modest amount of
variation in opinion across individuals will profoundly influence collective deliberations” –
Braman & Kahan (2003, p.1406).

When the cultural cognition thesis was criticized for explaining only 1.6% of the variation in gun
control attitudes (Fremling & Lott, 2003), Braman and Kahan (2003) responded with a baseball
metaphor to explain how in the real world a tiny difference in batting averages can make a world
of difference. In other words, “it’s not the size of the R2 that matters, it’s what you do with it”
(Braman & Kahan, 2003, p. 1406). We largely agree with the sentiment expressed by Kahan in
response to criticisms about his work, and therefore find it puzzling that Kahan (2017) uses his
critic’s argument to question the practical relevance of our findings.
From a research design perspective, the experimental treatment was designed to directly
influence respondents’ perception of the scientific consensus – it was not designed to directly
influence support for action. In other words, the research design achieved proper measurement
correspondence between the experimental manipulation (consensus) and the primary dependent
measure (perceived consensus). Accordingly, the personal beliefs and support for action
variables are appropriately modeled as secondary and tertiary in the causal chain of events and
we would entirely expect the effect-sizes to decrease as a function of the how distal the variable
is conceptually from the consensus message (Table 1).
Kahan (2017) views this pattern of findings as possible evidence of an “anchoring”
effect, where providing subjects with any high number (97%) could potentially lead to higher
post-test scores. This possibility has been empirically ruled out by Dixon (2016), who found that
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an unrelated high-number anchor (i.e. “90”) had no effect on subsequent judgments about the
scientific consensus, whereas, in contrast, specific information about the scientific consensus did
have a significant effect. We therefore find this “internal validity” criticism unconvincing.5
We conducted a p-curve analysis (Simonsohn, Nelson, & Simmons, 2014) of all statistical
tests we have conducted in our four scientific consensus papers to date, main effects, as well as
interactions, the result of which is displayed in Figure 2. The curve is significantly right-skewed,
with 92% of our effects having a p-value lower than < 0.01. In fact, the actual p-value for nearly
all observed effects is p < 0.00001 indicating that the probability of observing the reported
effects (or higher) —given that there really is no effect— is extremely low (0.001%). The power
and truth-value of the scientific consensus effects are therefore extremely high.

Figure 2. Note: The curve includes 13 statistical tests from four papers. The 8% constitutes one interaction-effect.

5

Moreover, in our experiments, subjects are typically assigned to three randomized blocks of questions on different
media topics so that it is unlikely that participants know we are interested in their opinions about climate change.
We also give the appearance that the scientific consensus statement is selected randomly from a large database and
introduce distractors after treatment exposure to introduce a delay between the pre and post-test measures.
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Ultimately, whether or not the effects reported in the paper are “practically useful” is for
the reader to decide. The average effect of the perceived scientific consensus message (~13%
change, Cohen’s d = 0.60) is considered large by most effect-size standards in social and
behavioral science (Cohen, 1988). To illustrate the robustness of this finding, we present a
Bayesian analysis of the main effect on perceived consensus in Figure 3. The posterior
distribution of the effect-size is clearly non-overlapping with the prior (null). The second panel
shows a sequential analysis of the Bayes Factor as a function of sample size, resulting in extreme
evidence in favor of the alternative hypothesis (360,000 times more likely than the null)6.

Figure 3. Note: Bayesian analysis of van der Linden et al. (2015). The CI gives the central 95% credible interval
for the effect-size. For details on the approach see Marsman & Wagenmakers (2017).

We further note that it is not surprising that the subsequent (indirect) changes in personal
beliefs, worry, and support for public action are much smaller, because (a) the treatment did not
target these beliefs directly and (b) these changes are observed in response to an extremely
minimal treatment (i.e., a single exposure to a brief statement). Under these conditions, even
small effects can be considered impressive (Prentice & Miller, 1992). To return to the quote that

6

Van der Linden & Chryst (2017) recommend examining the posterior distribution rather than the Bayes Factor.
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started this section, small effects can add up to produce meaningful changes. If these effect-sizes
are observed after a single exposure to a minimal message, we take this as reason to be optimistic
about the potential of consensus messaging, and we encourage scholars and colleagues to
continue to conduct research on the Gateway Belief Model (GBM).

3. Conclusion
In this response we have demonstrated that Kahan’s (2017) claims about the study’s main effects
are incorrect and largely irrelevant to the validity of the mediation analysis. In addition, we
maintain that his misunderstanding of the structural equation model has led to inaccurate
conclusions about the study’s main findings, and his analysis of the modal scores only confuses
and distracts from a straightforward (non-parametric) analysis of the pre-post difference scores
between groups. In short, Kahan’s (2017) comments mostly rely upon straw man arguments and
do not advance substantially any new insights about the data. They also fail to meaningfully
engage with social science theory, and in our opinion, use inappropriate statistical methods.
However, we thank Kahan for giving us the opportunity to highlight that: (a) although
relatively few social science studies have estimated mediational models using experimental data
(Stone-Romero, & Rosopa, 2008), our study does; (b) even though direct effects are not a
necessary condition for mediation (and that in practice, experiments often fail to influence a
posited mediator), the treatment in this study did influence the posited mediators; and lastly, (c)
our mediation model is theoretically well-specified and constructively builds upon and confirms
the findings of prior literature. In short, we remain unconvinced by Kahan’s (2017) objections
and stand by our conclusion that our paper indeed provides the strongest evidence to date that
perceived scientific consensus acts as a “gateway” to other key beliefs about climate change.
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