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Collective climate action requires shared beliefs aligned with scientific
consensus, yet fallacious information leads people to misjudge arguments.
The mechanisms behind these failures remain unclear. Here we isolate the
independent effects of partisan identity, prior beliefs and cognitive limits on
argument-quality detection. Across four preregistered studies (V=4,000),

we introduce a protocol that orthogonally manipulates argument quality
and direction across realistic contexts. In neutral contexts, prior beliefs
dominated judgements, with partisanship and argument quality having
smaller effects. Contrary to identity-protective accounts, embedding
arguments in hostile partisan contexts did not increase partisan bias or
impair argument-quality detection. Instead, partisan attacks reduced
reliance on prior beliefs, prompting participants to move away from their
prior positions. Finally, minimal logic warnings indicating possible fallacies
enhanced discrimination between weak and strong arguments. These
findings show climate argument evaluation is context sensitive and can be
improved with simple logic warnings.

Addressing the climate crisis requires a united front. However, despite
the overwhelming scientific consensus on climate change, public opin-
ion remains divided. The digital information ecosystem is saturated
withlow-quality (for example, logically flawed, argumentatively errone-
ous) anti-climate arguments that continue to gain traction despite their
evident weaknesses'™. Understanding why people fail to discard such
arguments and whether their evaluations can be improved requires
identifying the key factors that influence argumentationand how those
factors can be leveraged to improve climate argument evaluation.
Two camps of research have sought to explain how people evalu-
ate climate arguments and why they often err. ‘Identity-protection’
theories suggest that people are motivated to align their beliefs
with those of their partisan group—argumentation is influenced by
argument-identity alignment®®, Climate change has become a politi-
cally polarized issue; in the USA, Republicans are substantially less
likely than Democrats to accept the scientific consensus. Studies have
shown that partisanship predicts climate attitudes beyond general

knowledge or reasoning ability, and that partisan framing increases
motivated evaluation®'>"*>%>, Thus, identity-protective theories sug-
gestidentity alignmentisthe primary driver of climate argumentation
errors””'>'*1_Conversely, ‘coherence-based’ theories suggest that
people areresistant to changing their minds—argument evaluationis
influenced by prior-beliefalignment' . Studies show that people rate
prior-consistent arguments as stronger than belief-inconsistent argu-
ments across a range of political topics, regardless of argument qual-
ity”’. Hence, coherence-based theories purport that prior beliefs can
corruptargumentation. Bothidentity-protection and coherence-based
theories minimize the role of argument quality.

However, studies of reasoning show that people are sensitive to
argument quality”*°, Argument quality is the degree to which an argu-
ment’s reasoning supportsits conclusion® and is commonly operation-
alized by including or excluding formal or informal fallacies. Fallacies
are patterns that weaken the inferential link between premises and
conclusion®. It is not clear, however, how argument quality interacts
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with prior beliefs and partisanship, and whether it can be harnessed to
improve climate argumentation.

To answer these questions, three gaps in the literature must be
addressed. First, the relative causal contribution of priors and partisan-
ship are unknown. These factors are rarely considered together and
most designs are correlational®* (cf. ref. 32). Second, the independent
role of argument quality and itsinteraction with priors and partisanship
isunknown, despite anti-climate arguments disproportionately relying
onidentifiable fallacies® . Third, whether this natural co-occurrence
of low argument quality and anti-climate content can be utilized for
intervention remains untested.

Addressing these gaps requires overcoming several challenges.
First, for climate arguments, partisanship and prior beliefs naturally
covary.Inthe USA, Republicans areless likely than Democrats to accept
climate science, confounding identity with priors. Furthermore,
anti-climate arguments contain fallacies, such as false dichotomies,
circular reasoning or emotionally charged appeals, more often than
pro-climate arguments™®, creating aconfound between argument direc-
tion and quality. Consequently, existing studies have not determined
the independent, causal contributions of these factors.

Second, causal, single-factor tests use unrealistic manipu-
lations and inappropriate measures. Manipulations to trigger
identity-protective reasoningare highly contrived and unlikely to gen-
eralize to naturalistic settings (for example, instructing participants to
consider the political landscape before responding)*. Moreover, such
manipulations may not engage the intended psychological processes:
viewingissues politically does not necessarily threaten one’sidentity.
Manipulations to improve rational reasoning use abstract tasks with
normative probabilistic or formal rules, and effectiveness on argu-
mentation is inconsistent””. Prior beliefs are weakly matched with
arguments (for example, aggregated climate belief scales are used as
priors across specific arguments such as whether climate change is a
threat”). Thus, while partisanship, priors and argument quality may
eachinfluence climate argumentation, their relative, causal roles in
realistic settings remain unknown.

Paradigm

To overcome these challenges, we developed a protocol that tightly
controls each factor within ecologically motivated experiments—that
is, within experiments and manipulations that are designed to emulate
realistic contexts while maintaining experimental control. Partici-
pantsfirst reporttheir partisanidentity and their topic-specific climate
beliefs (about climate change’s existence, anthropogenic cause and
potential threat). They then evaluate arguments that are fully crossed
indirection (pro- or anti-climate), topic (existence, cause or threat) and
quality (with or without afallacy). Because priors are measured at the
topic level, the relative effects of partisanship and argument quality
cannotbeattributed toa mismatch between prior and argument topic.

Four experiments (total N=4,000) used this protocol. Study 1
established the baseline contributions of identity, priors and argu-
ment quality in a neutral context without additional partisan or logic
cues. Motivated by politicized social media discourse, Studies 2a and
2b tested whether identity threat increased reliance on partisanship,
by accompanying arguments with contesting (2a) or endorsing (2b)
retweets. Motivated by monitored social discourse, Study 3 tested
whether increasing logic salience improved argument evaluation, by
warning participants that a fallacy might be present. Samples were
nationally representative for age, gender and ethnicity (see Fig. 1 for
example items and Methods for full details).

These designs allow us to assess the relative contributions of
priors, partisanship and argument quality to argument evaluation.
Because the influence of priors and partisanship depends on argu-
mentdirection, theirinteraction with directionindicates that belief-or
identity-consistent arguments are rated strong more often than incon-
sistent ones. Therefore, we focus on three effects: prior x direction

(pr x d), partisanship x direction (pa x d) and the main effect of argu-
ment quality (a), which does not depend on direction. In Studies 2a,
2b and 3, we examine how each is modulated by the identity-threat
and logic-salience manipulations—for example, treatment x (pr x d)
captures how identity threat shifts reliance on prior beliefs. Full models
and higher-order effects are reported in Supplementary Information,
though these should be interpreted cautiously, as the studies were not
designed or necessarily powered for them.

Prior beliefs dominate climate argument
evaluation in a neutral context

In Study 1, consistent with coherence-based accounts, priors had the
largest effect: belief-consistent arguments were rated as strong more
oftenthanbelief-inconsistent ones (pr x d: =2.76, P < 0.001). Partisan-
ship showed asmaller butreliable effect: partisan-aligned arguments
were rated as strong more often than misaligned arguments (pa x d:
£ =0.79, P<0.001). The effect of argument quality was smaller but
significant: strong arguments were rated as strong more often than
weak ones (a: f=0.41, P=0.006) (Fig. 2).

We then examined whether the effect of argument quality var-
ied with priors or politics. Argument quality and priors interacted
significantly (8=0.73,P<0.001; a x pr x d): people were better at dis-
cerning weak from strong arguments for prior-aligned arguments
(8=0.65, P<0.001) than for misaligned arguments, though discern-
ment remained significanteventhen (8= 0.36, P=0.014).In contrast,
argument quality did not interact with partisanship, =-0.12, P= 0.370
(a x pa x d) (Extended Data Fig. 1, Supplementary Tables 2-5 and
Supplementary Figs.5and 6).

Identity threat shifts judgements, but not towards
partisan entrenchment

To test the causal role of partisanship on argument evaluation, we
maximized identity threat via contesting or endorsing retweets.
Across two studies, participants were randomly assigned to view cli-
mate arguments alongside hostile retweets (treatment) arguments
inisolation (control). In Study 2a, the retweet contested the target
argument while denigrating the associated party, attacking Demo-
crats alongside pro-climate arguments and Republicans alongside
anti-climate arguments (Fig. 1b, examples A and B). This quote-share
format mirrors social media contexts where climate arguments are
frequently embedded in partisanrhetoric; precisely the contexts where
identity-protective reasoningis theorized to be most influential*"*%%,
Because partisanship and climate belief are correlated, every attack
in Study 2a fell on a belief-consistent argument. Therefore, Study 2b
reversed this pairing: the retweet endorsed the target argument while
denigrating the opposing party, such thatit was attacking Democrats
with anti-climate arguments and Republicans with pro-climate argu-
ments (Fig. 1b, examples C and D). Hence, these designs offer greater
ecological relevance and avoid previous confounds.

Partisanship could impact evaluation directly—party-aligned
arguments are rated as strong more often than unaligned arguments,
regardless of their prior beliefs>—or indirectly—reliance on prior
beliefs increases for party-aligned arguments'®. Both pathways con-
verge on one prediction: under identity threat, people should rein-
force their existing positions, rating identity- or belief-consistent
arguments as strong and inconsistent ones as weak more often than
in neutral contexts.

As in Study 1, further challenging identity-protective accounts,
priors had the largest effect on argument evaluation (pr x d: Study
2a, f=2.85, P<0.001; Study 2b, $=3.16, P< 0.001), followed by par-
tisan identity (pa x d: Study 2a, $=0.73, P<0.001; Study 2b, 5=0.76;
P <0.001) and asmaller effect of argument quality (a: Study 2a, = 0.33,
P=0.047;Study 2b, =1.01,P< 0.001; see Fig. 2 for standardized direct
effects). Notably, the argument-quality effect was larger in Study 2b
than Study 2a, possibly because Prolific participants in Study 2b paid
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greater attention than the Lucid participants in Study 2a, as reflected
intheir lower attention-check failure rate (Methods).

Strikingly, contrary to predictions of the identity-protective
account, the effect of prior beliefs shifted under threat in both stud-
iesinopposite directions, but always away from participants’starting
positions (treatment x (pr x d): Study 2a, f=-1.03, P< 0.001; Study
2b, 3=-0.60, P<0.001; Fig. 3). In Study 2a, where retweets contested
arguments, participants downgraded belief-consistent arguments
(simple effect, S =-0.54, P<0.001) while leaving belief-inconsistent
arguments unchanged (simple effect, §=-0.01, P=0.912). In
Study 2b, where retweets endorsed arguments, participants upgraded
belief-inconsistent arguments (simple effect, §=0.22, P= 0.046) while
leaving belief-consistent ones unchanged (simple effect, §=-0.10,
P=0.201).Inneither study did the effect of argument-quality discern-
ment change under threat (treatment x a: Study 2a, 3=-0.01, P= 0.921;
Study 2b, 8=-0.05, P=0.663). Partisanship behaved differently across
the two studies: it did not significantly shift under threat in Study 2a
(treatment x (pa x d): f=0.02, P=0.913) but it did in Study 2b (treat-
ment x (pa xd): §=0.68, P<0.001). Post hoc simple-effects analyses
(Supplementary Table 26) showed that neither party systematically
strengthened its own identity-congenial arguments under threat. In
Study 2a, treatment lowered perceived strength across the board,
significantly so only for climate-affirming arguments for Democrats
and Republicans alike. In Study 2b, treatment raised perceived strength
of climate-sceptical arguments (significantly only for Democrats),
while climate-affirming arguments fell for Republicans and were essen-
tially unchanged for Democrats (Supplementary Information). In
short, the shifts ran counter to identity-protective predictions and did
not consistently widen partisan differences. Overall, these patterns
do not match identity-protective predictions for either direct or
indirect causal pathways; the shifts observed under threat moved
participants away from their prior-consistent positions or towards the
endorsed argument rather than towards the participant’s own party.

From an identity-protective perspective, these results are unex-
pected. We speculate that the social signal in the retweets—whether
others contest or endorse a position—may drive these effects, and
not identity. Contesting retweets increased the number of strong
judgements (Study 2a) and endorsing ones reduced them (Study 2b).
The non-climate arguments let us probe this further. For participants
in the treatment condition, less-politicized items were accompanied
by contesting comments that did not mention politics (for exam-
ple, for genetically modified organisms: ‘Indeed! Why label them if
they’re so safe? The industry crowd hates labels because they expose
what corporate agriculture is hiding. Shameless people.). Despite
the lack of partisan threat, similar trends emerged. In Study 2a, con-
testing comments reduced reliance on priors (treatment x (pa x d):
£ =-0.43, P=0.056) without a uniform change in perceived strength

Fig.1|Study design in all studies. a, Study 1 presented argumentsina neutral
context, without additional political or logical cues. On the left is an example of
anargument thatis pro-climate, strong and about the threat posed by climate
change. On the right is an example of an argument that is anti-climate, weak

and about the anthropogenic nature of climate change. b, In Studies 2a and 2b,
participants were placed in either a treatment or control condition. Those in
atreatment condition evaluated arguments both with and without a partisan
attack, while those ina control condition were not exposed to partisan attacks.
Onthe left are examples of pro-climate arguments treated with an anti-Democrat,
contesting retweet (Study 2a) or an anti-Republican, endorsing retweet (Study
2b). On theright are examples of anti-climate arguments with an anti-Republican,
contesting retweet attack (Study 2a) or an anti-Democrat, endorsing retweet
(Study 2b). ¢, In Study 3, those in the control condition did not see any warnings,
regardless of argument strength (see example A). Those in the treatment
condition saw all weak arguments with awarning (asin example B) but strong
arguments without (as in example A). If presented with awarning, participants
had the option to click the link and learn more about the specific fallacy.

(main effect of treatment: §=—0.11, P= 0.218; Supplementary Table 8);
in Study 2b, endorsing comments produced a uniform increase in
perceived strength (main effect of treatment: = 0.20, P=0.002) with
no shiftinreliance on priors (treatment x (pr x d): = 0.04, P=0.818;
Supplementary Table 12). However, this post hoc analysis should be

Example A: strong argument; threat
prior

Climate change poses a specific
risk to human safety by increasing
the frequency and severity of
weather events like hurricanes and
droughts, which result in
substantial loss of human lives.
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How strong is the argument?
Weak Strong

Example A: strong argument; threat
prior

XY: Democrats will claim anything,
even human safety, to push their
climate scare tactics. It's all

about control.

AB: Climate change poses a
specific risk to human safety

by increasing the frequency and
severity of weather events like
hurricanes and droughts, which
result in substantial loss of
human lives.

Study 2a: contesting retweets

How strong is the argument in AB's
tweet?
Weak Strong

Example C: weak argument;
anthropogenic prior

QL: Yes! The timeline speaks for
itself. Republicans defend
industrialization no matter what
because they’re owned by corporate
interests. Bought-and-paid-for
hacks.

GH: Since we started
industrializing, temperatures
have gone up. Therefore,
industrialization must be the
cause of climate change
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How strong is the argument in GH's
tweet?
Weak Strong

Example B: weak argument
(overgeneralization);
anthropogenic prior

Because Earth has gone through
temperature changes before human
industrial activity, current

climate change cannot be caused by
humans.

How strong is the argument?
Weak Strong

Treatment condition Treatment condition
pro-climate argument anti-climate argument

Example B: weak argument;
anthropogenic prior

RT: Classic Republican denial—
ignoring science and pushing
outdated arguments. They’d rather
protect big corporations than face
reality

UJ: Because Earth has gone
through temperature changes
before human industrial
activity, current climate
change cannot be caused by
humans.

How strong is the argument in UJ’s
tweet?
Weak Strong

Example D: strong argument; real
priori

ZV: Yes! The data is far from clean.
Democrats cherry-pick to fit their
narrative—they’re desperate to keep
their climate panic going. Dishonest
people.

CD: Climate change is not real
because discrepancies in
historical temperature data
challenge the accuracy of
global warming claims.

How strong is the argument in CD’s
tweet?
Weak Strong

C Control condition; pro-climate Treatment condition; anti-climate

Example A: strong argument;
threat prior

HG: Climate change poses a
specific risk to human safety

by increasing the frequency and
severity of weather events like
hurricanes and droughts, which
result in substantial loss of
human lives.

How strong is the argument in
HG's tweet?
Weak Strong
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Example B: weak argument;
anthropogenic prior

DD: Climate change has occurred
after major volcanic eruptions,
suggesting that natural events,
not human activities, drive
climate variability.

f WARNING: This tweet may contain 3
| a logical fallacy. Click here to H
i learn more.

How strong is the argument in
DD’s tweet?
Weak Strong

| The post hoc ergo propter hoc fallacy was identified. Post

1 hoc ergo propter hoc fallacy means assuming that because
1 one event follows another, the first event caused the

| second. This reasoning is invalid because volcanic

| eruptions causing climate changes in the past do not

' disprove human-induced climate change.
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a Study 1: neutral context
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b Sstudy 2a: identity-threatening context via contesting retweets
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Partisanship
0 0.5 1.0 15
Estimate
€ Study 2b: identity-threatening context via endorsing retweets
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d study 3: logic-salient context
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Fig. 2| Influences of prior beliefs, partisanship and argument quality across
contexts. a-d, Bars are standardized beta coefficients that reflect the change
inlog-odds associated with a one-standard-deviation increase for the primary
effects of priors (pr x d), argument quality (a) and partisanship (pa x d) on
argument-strength judgements. Positive values indicate higher probability of a
‘strong’ judgement. Error bars represent 95% confidence intervals for the beta
estimates. a, In a neutral context, participants’ prior beliefs were the strongest
predictor. b,c, Inidentity-threatening contexts, the influence of prior beliefs
decreased and the influence of political ideology increased for Study 2a (b) and

Study 2b (c), but not in the expected direction (refer to main text).d, Inlogic-
salient contexts, participants were more sensitive to the argument quality. Note,
these estimates are standardized fixed-effect estimates from the logistic mixed-
effects models. Estimates are model coefficients on the log-odds (logit) scale.
To place predictors onacommon scale, continuous predictors (prior beliefs,
partisanship) were standardized (Z-scored), while dichotomous predictors
(argument quality, argument direction) were sum-coded (+0.5). In Study 1,
N=1,195;in Study 2a, N gpiro1 = 469 and Nyeaument = 452; in Study 2b, N oo = 514 and
Nireatmen: = 489; and in Study 3, N gniror = 546 and N eamene = 514+

treated with caution until tested with a priori studies. Extended analy-
sesreveal broad consistenciesin the effect of threat across subgroups
(Extended DataFigs. 2 and 3) and fallacy types; however, as for the post
hoc analyses, we caution readers not to overinterpret those findings
(Supplementary Tables18-25and 32-35and Supplementary Figs. 7-10).

Minimal warnings increase quality discernment

Studies 1,2a and 2b showed a consistent but weak effect of argument
quality. This suggests that people are sensitive to quality, but some
may underweight quality cues or lack the mindware to recognize logi-
cal fallacies. We, therefore, introduced a logic-salience intervention
inspired by social mediafact-checkingin which minimal warnings are

provided with options to access more information*’~*>. However, rather
thanfact-checking, weimplement logic-checking—ascalable strategy
that places less pressure on platforms to adjudicate politically sensi-
tive, factual or ideological claims. For participants in the treatment
condition, a clickable artificial intelligence (Al)-generated warning
accompanied weak arguments (Fig. 1c). Clicking gave participants
moreinformation about the fallacy. The intervention was deliberately
designedtotest whether brief warnings—without extensive training or
elaborate interventions—could shift argument evaluation.

If making fallacies explicit enhances their impact on evaluation,
then the modest influence of argument quality in earlier studies is
likely to reflect limited salience (or lack of knowledge) rather than
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Study 2a. Contesting retweets reduced perceived strength of prior consistent arguments.
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Study 2b. Endorsing retweets increased perceived strength of prior inconsistent arguments.
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Fig. 3 | Identity threatleads to ‘demotivated’ responding. In Study 2a, consistent
arguments in politicized contexts (dark bars) were perceived as strong less

often than consistent arguments in neutral contexts (light bars). In Study 2b,
inconsistent arguments in politicized contexts were perceived as strong more
often thaninconsistent arguments in neutral contexts. Dark bars represent

[ Treatment

averages for the treatment condition (Study 2a: N =452; Study 2b: N=514), and
light bars represent averages for the control condition (Study 2a: N = 469; Study
2b: N =489). Error bars represent 95% confidence intervals. Each point is one
participant’s mean (the percentage of arguments in that cell that they rated as
strong), jittered.

motivated resistance. Further, if warnings enhance quality discern-
ment, regardless of belief consistency, this would support the view
that logic is under-weighted but intact in politicized reasoning.
However, if prior beliefs or partisan identity moderate the effect of
warnings, with people selectively ignoring logical flaws in belief-
consistent arguments, this would suggest deeper motivated barriers
to argument evaluation.

Inline with Studies1,2aand 2b, prior beliefs remained the strong-
estpredictor of argumentevaluation (pr x d, f=2.40, P < 0.001), while
partisan identity (pa x d: f=0.73, P<0.001) and argument quality
(a: =0.50, P=0.002) showed smaller but significant effects. The
warning treatment had no significant main effect on perceived
argument strength, f=-0.13, P=0.165, indicating that warnings
did notindiscriminately increase scepticism towards all arguments.

We then tested whether these effects varied under the warning
treatment. We found no evidence that treatment decreased the effect
of partisanship on argument evaluation (treatment x (pa x d): §=-0.17,
P=0.165). Partisanship maintained its influence across conditions,
suggesting quality cues and partisanship operate independently. In
contrast, the intervention decreased reliance on prior beliefs (treat-
ment x (pr x d): f=-0.44, P<0.001) and enhanced argument dis-
cernment (treatment x a: §=0.26, P=0.002). This was driven by a
4-percentage-pointincrease injudging weak arguments as weak, and
al-percentage-pointincrease in judging strong arguments as strong
(Fig.4).Post hoc analyses revealed that for prior-consistent arguments
thiswas drivenlargely by reduced acceptance of weak arguments, and

for prior-inconsistent arguments by increased acceptance of strong
ones (Supplementary Tables 27-30 and Supplementary Fig. 11).

Exploratory subgroup analysesindicated these gains were broadly
consistent: the discernmentimprovement did not differ significantly by
partisanalignment (8 =-0.12, P= 0.616) or belief consistency (5 = 0.14,
P=0.565). Theimprovement held for Republicans (8= 0.32,P < 0.001)
and Democrats (f=0.21, P=0.017), and for climate believers (5 = 0.30,
P<0.001), with a marginal effect in the same direction for sceptics
(8=0.23, P=0.054). The effect also held for politically neutral items
(treatment x a: §=0.29, P=0.009) and across gender, age and educa-
tion (Supplementary Table 31). Finally, treatment also reduced per-
ceived strength of weak, but not strong arguments among the neutral
arguments (treatment x a: = 0.30, P=0.002; Supplementary Table 16
and Supplementary Fig. 12). These findings suggest logic warnings
reflect a general mechanism rather than a climate-specific one. Anal-
yses by fallacy type also suggest treatment decreased perceived
strength of all fallacy types (8 <-0.24, P< 0.01), but overgeneraliza-
tion was not significant in the climate item set (8=-0.06, P= 0.576;
Supplementary Tables 32-35). Extended results including full models
areprovided in Supplementary Tables 27-35.

Understanding what drives these improvements matters both
theoretically and for intervention design. First, it is important that
participants are not simply downvoting any argument with awarning.
The findings suggest that this is not the case: a mechanical downvote
would have driven warned arguments uniformly towards the floor,
but the warned arguments were still judged as strong a substantial
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Logic warnings and explanations reduced perceived
strength of weak arguments

& 100 4

o

c

2 80 -

=

12}

122

@

T 60

[ —_ —

= s

b :

E T

o 404

o

[2]

g 20 1

£

3

2

< (o] o .
Strong Strong Weak Weak Weak

no warning no warning no warning warning warning

+ explanation
Argument quality

Condition [] Control [ Treatment

Fig. 4 |Logical warnings increased discernment between weak and strong
arguments. Percentage of people perceiving arguments as strong for strong and
weak arguments when they were presented with or without warnings. Dark bars
represent averages for the treatment condition (N = 514), and light bars represent
averages for the control condition (N = 546). Error bars represent 95% confidence
intervals. Each pointis one participant’s mean (the percentage of arguments in
that cell they rated as strong), jittered.

share of the time, and the effect was not uniform but driven mainly by
reduced acceptance of belief-consistent weak arguments. Second,
warnings alone produced around 5% discernment gains; however,
thisincreased to 21% for participants who accessed the explanations.
Although self-selection precludes causal inference, this is consistent
with evidence that fact-checking is most effective when accompanied
by content-specific explanations*®. Interventions that embed explana-
tions may be more effective.

Discussion

Divided climate beliefs impede collective action, and people’s ability
todiscernstrong fromweak argumentsis central to formingaccurate
ones. Across four studies, prior beliefs emerged as the strongest pre-
dictor of argument evaluation, identity-protective accounts found
no support and sensitivity to argument quality proved robust across
political and belief profiles. These converging observations directly
informed a scalable, politically neutral intervention that measurably
improves climate argument evaluation.

While we found no evidence for identity-protective reasoning, this
does not mean that identity or identity protection could not operate
under some other (currently unspecified) form or that partisanshipis
irrelevant.Itis possible, for example, that the aggregate results in Study
2 masked a smallidentity-protective effect. If the treatment engaged
identity protection and social-signal following in opposing direc-
tions, the two could partly cancel each other out. However, this would
require the identity-protective effect to be so weak as to be able to be
counteracted by the social effect, diminishing the identity-protective
claim. Nevertheless, the contexts we created may have caused people to
‘de-identify’ with their political group, potentially giving way to follow-
ingsocial cues, and identity protection may still operate under condi-
tions we did not create. Establishing those conditions, and specifying
thetheorytopredict whenitshould dominate, is atask for future work.
Regardless of the role of identity and identity protection, partisanship
played a small but consistent role. Partisanship remained associated
with argument evaluation even after controlling for prior beliefs, sug-
gesting it may exert aweakindependent influence onreasoning. Future
work should determine whether this reflects (a) identity protection
confined to a minority of participants, undetectable in aggregate
results or (b) a distinct cognitive mechanism, separate from identity
protection, through which partisanship operates.

Overall, our findings fit a softer coherence-based, Bayesian view.
Prior beliefs do not dominate to the extent that argument quality is
ignored. Rather, people integrate multiple sources of evidence, includ-
ingtheir prior beliefs, argument quality and social signals, which could
all fit within flexible Bayesian views?’.

The effect of logic warnings is consistent with the reasoning
literature that shows people detect argument quality” and reasoning
accuracy can improve with minimal cues**. However, how warnings
improve argument discernment remains an open question. Warnings
flag a problem, name the fallacy and explain why the reasoning fails.
This could affect fallacy detection, fallacy understanding or trigger
effortful thinking. These routes carry different designimplications: if
the effectis driven by understanding, warnings should carry explana-
tions;ifitis only driven by attention or deliberation, even a contentless
flag might suffice. Disentangling them—for instance, by contrasting
bare flags with explained ones or by manipulating processing time—is
animportant next step for maximally effective interventions.

Argument-quality-based interventions offer two practical advan-
tages over fact-checking: they are politically neutral, targeting argu-
mentativestructurerather thancontested claims, and they arescalable,
as Al systems can now detect fallacies without the cost and bias con-
cerns of centralized fact-checking. Warnings improved discrimina-
tion equally for Democrats and Republicans with passive exposure
yielding around 5% gains and engagement with explanations yielding
21%. This is noteworthy, given that most anti-climate arguments rely
onidentifiable fallacies®. Embedding explanations directly, via Al
or community-notes-style crowdsourcing is, therefore, a promising
next step.

Three limitations bound our conclusions. First, we studied only a
subset of the cues people encounter online (identity threat and logic
salience); source credibility, factual corrections and network signals
(likes, shares) remain untested. These may affect reasoning outcomes
and bound treatment effectiveness. Logic warnings should be tested in
information-heavy environments with many competing cues. Second,
climate misinformation extends beyond fallacious arguments to bare
assertions, cherry-picked facts and fake-expert appeals containing
factual rather than logical errors, which may require complementary
methods (fact-checking, source credibility labels or Al systems to
flag factual inaccuracies). Relatedly, our findings may not generalize
to policy disagreements. Third, different competencies underlying
fallacy detection (for example, deductive reasoning, domain knowl-
edge and statistical intuition), it is not clear which competencies our
intervention targets.

These findings challenge the prevailing emphasis on identity-
protective cognition and single-factor accounts of climate argument
evaluation. People retain the capacity to distinguish strong from weak
arguments evenin polarized contexts, and that capacity can be mean-
ingfully improved through simple cues rather than costly individual
persuasion. Climate argument evaluation reflects context-sensitive
reasoning in which multiple factors operatein parallel, shifting in rela-
tiveinfluence as cues change. The critical question is not which factor
dominates, but under what conditions each gains or loses influence,
and how those conditions can be designed.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competing interests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41558-026-02754-2.
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Methods

Study 1

Participants. In total, 1,631 participants started the experiment
and gave consent, and 115 were excluded due to giving the incorrect
attention-check answer (and, hence, produced no further data). Finally,
due to abug in the experiment, people with Safari browser could not
accessthe experiments, so 320 dropped out. Thus, altogether we col-
lected datafrom 1,195 participants (639 female, 545 male and 8 identi-
fied as transgender or non-binary; mean age = 48.4 years, s.d. =17.1
years); 627 participantsidentified as Republicans and 568 as Democrat.
Participants were recruited with Lucid, aiming for national representa-
tion for the USA (quota-matched for age, gender and ethnicity). They
were paid US$1.50 for participation. Qualtrics was used to administer
the study.

Materials. Reasoning problems. We created 96 reasoning prob-
lems, out of which 48 were about climate change and 48 about
less-politicized science or technology topics—namely, risks posed by
Al, genetically modified organisms and nanotechnology. For climate
change arguments, we manipulated two aspects: (1) whether they
were pro or contra climate change (directionality; note, pro-climate
change arguments affirm the idea that climate change is happening,
anthropogenic or risky, and vice versa for contra climate change
arguments) and (2) whether they were strong or weak (strength). For
directionality manipulation, each problemargued for or against one
aspect of climate change—that is, that climate change is happening,
that it is caused by human activity or that it is a risk. We had eight
arguments pro and eight arguments contra for each three aspects. For
strength manipulation, we manipulated the strength of the arguments
by introducing four types of fallacies: denying the antecedent, affirm-
ingthe consequent, post hoc ergo propter hoc and overgeneralization
oroversimplification. We will refer to arguments with the fallacies as
weak arguments and arguments without fallacies as strong, solely
referring to thelogical fallaciesin them. All problems can be found on
Zenodo*. Altogether, we have four arguments in each category: four
strong, arguing that climate change is happening (pro), four strong,
arguing that climate change is not happening (contra), and soon. From
eachofthese categories, participants were randomly presented with
two problems. Similarly, we applied the same manipulations to the
non-politicized arguments, whereas these statements argued for or
against the riskiness of Al, riskiness of genetically modified organisms
or the riskiness of nanotechnology. With regard to each argument,
participants had to answer two questions. First, ‘How strong is the
argument?’, clicking on either ‘weak’ or ‘strong’. Then, participants
were asked, ‘How difficult was it to make this judgement?’, selecting
fromascale of 1 (very easy) to 7 (very difficult). We asked for a binary
‘strong’ or ‘weak’ judgement rather than a graded rating, for three
reasons. First, it approximates the rapid, categorical judgements
people make when evaluating arguments in low-effort settings such
associal media; experimental evidence indicates that binary response
formats elicit faster and less effortful processing than continuous
scales*®, consistent with our aim of capturing snap judgements rather
thandeliberate calibration. Second, abinary outcome lets us express
treatment effects in directly interpretable percentage-point terms—
an effect size that practitioners can readily use. Third, this format
follows the conventions of the two literatures closest to our task:
misinformation and fake news detection*® and reasoning research,
where normative argument evaluation is conventionally treated as a
categorical judgement'®?,

Prior beliefs. We measured prior beliefs with three different ques-
tions according to the argument contents. As arguments were three-
fold—(1) climate change is happening, (2) climate change is caused
by human activity and (3) climate change is a threat—we used match-
ing prior-belief questions specifically asking about these aspects.

Participants had to indicate their opinion on a scale from 0 to 100 on
the following questions:

(1) Climate change is happening: ‘Global warming refers to the
idea that the world’s average temperature has been increasing
over the past 150 years, may be increasing more in the future,
and that the world’s climate may change as a result. What do
you think, what is the probability that global warming is
happening?’ (0 = definitely not happening; 50 = neutral or
equally likely; 100 = definitely happening)

(2) Climate change is caused by human activity: ‘What is the
probability that human activity is the main cause behind global
warming?’ (0 = definitely not the main cause; 50 = neutral or
equally likely; 100 = definitely the main cause)

(3) Climate change is a threat: ‘How significant is the threat climate
change poses to ... ... human safety (O = very insignificant;

100 = very significant) ... global biodiversity or ecosystems (0 = very
insignificant; 100 = very significant) ...agricultural productivity

(0 =very insignificant; 100 = very significant) ... world and national
economies (0 = very insignificant; 100 = very significant)

This latter question asked about beliefs regarding aspects of
climate change threat, as the reasoning problems were also specifically
mentioning these threats.

Importantly, for the statistical analysis, we created one prior-belief
value for each trial depending on the contents of the argument. That
is, if the content of the argument argued for or against the idea that
climate change poses a threat to agricultural productivity, for that
specific trial, the prior-belief value was the participant’s response to
the corresponding prior-belief question about climate change posing
athreat toagricultural productivity.

Political partisanship. We measured political partisanship with a
simple question taken from ref. 19: ‘Which of the following best
describes your political preference?’ with the following answer options:
strong Republican, Republican, lean Republican, lean Democrat,
Democrat, strong Democrat.

Other measures. We asked participants about basic demographics—
namely, gender, age, highest level of education, as well as their eco-
nomic and socialideology. Participants also had tofill out a seven-item
version of the cognitive reflection test (CRT).

Procedure. After giving consent to participate in the experiment, parti-
cipants were asked asimple attention-check question: ‘Puppyisto dog
askittenisto...;ifthey did not give the correct solution (cat), they could
not participate inthe experiment. Then, participants were asked demo-
graphic questions, prior-belief, partisanship and ideology questions,
and finally, the CRT. Participants completed the CRT for exploratory
purposes only; they are not considered in the current article. We note
that while it is possible that completing the CRT may have had some
impact on participant responses to the arguments, the consistency of
results between the Study 1 and Studies 2a and 2b (without the CRT)
with and without the CRT suggest it did not impact the results. Next,
participants were instructed that they would see aseries of statements
aboutscience and technology and would judge how strong each argu-
mentwas, choosing between ‘strong’ and ‘weak’, followed by a difficulty
rating. Statements were presented one at a time in randomized order.
The full instructional text is provided in Supplementary Information.
Participants were then presented with the selected statementsinarand-
omized order, one atatime. The study was administered with Qualtrics.

Statistical analysis. We used logistic mixed-effects models to ana-
lyse the data and applied maximal random-effects structure. That is,
we added the random intercept of subjects and items (each item
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had a unique identifier), and we allowed the intercept of subjects to
vary over argument strength and argument direction, while allowing
the random intercept of items to vary over partisanship and prior
beliefs. This approach accounts forindividual and item-level variability
in responses, improving generalizability across items and reducing
therisk of inflated Type I error rates. We coded argument strength as
0.5 for strong and -0.5 for weak arguments, direction as -0.5 if
argumentis proand 0.5 ifargument is contra. Prior belief was centred
on0,onascale from-1(climate sceptic) to +1 (climate believer). Parti-
sanship was also centred on 0, and values were transformed to a scale
ranging from -1 (strong Republicans) to +1 (strong Democrats). All
analyses were conducted with R software version 4.1.1.

Studies2and 3

Participants. In Study 2a, 1,832 participants started the experiment
and gave consent, while 147 were excluded due to giving the incorrect
attention-check answer (and, hence, produced no data). Finally, due to
acoding mistake in the experiment, people with Safari browser could
not access the experiments, so they dropped out (n = 758); thus, alto-
gether we collected data from 920 participants (419 female, 492 male
and 9identified as transgender or non-binary; mean age = 47.6 years,
s.d.=16.1years); 421 participants identified as Republicans and 499 as
Democrats. Participants were recruited with Lucid and were representa-
tive for the US population (quota-matched for age, gender, ethnicity).
Intotal, 469 participants took partin the control group and 452 in the
treatment condition (identity-threat manipulation). They were paid
US$1.5 for their participation.

In Study 2b, 1,019 participants started the experiment and
gave consent, while 15 were excluded due to giving the incorrect
attention-check answer (and, hence, produced no data). Finally, due
tooverload onthe experiment, 1 person dropped out; thus, altogether
we collected data from 1,002 participants (493 female, 487 male and
21 identified as transgender or non-binary; mean age = 45.6 years,
s.d.=16.2 years); 386 participants identified as Republicans and 616
as Democrats. Participants were recruited with Prolific and were
representative for the US population (quota-matched for age, sex,
ethnicity). Intotal, 514 participants took partin the control group and
489 in the treatment condition (identity-threat manipulation). They
were paid £1.99 (approximately US$2.70) for their participation.

In Study 3, 1,599 participants started the experiment and
gave consent, while 189 were excluded due to giving the incorrect
attention-check answer (and, hence, produced no data). Altogether,
we collected datafrom1,060 participants, as 350 left before the experi-
mentstarted (644 female, 413 male and 3 identified as transgender or
non-binary; mean age = 52.3 years, s.d. =16.7 years); 559 participants
identified as Republicans and 501 as Democrats. Participants were
recruited with Lucid and were representative for the US population
(quota-matched for age, gender, ethnicity). In total, 546 participants
took partinthe controlgroup and 514 in the treatment condition (logi-
cal cues manipulation). They were paid US$1.5 for their participation.

Materials and procedure. Reasoning problems. Participants were
presented with the same set of reasoning problems as in Study 1. As
these studies were longer (and studies on Lucid cannot take more than
10 min), we decreased the number of arguments people got from the
non-politicized category; they only saw 12 non-politicized items and 24
climate changeitems. Asnoted in Fig. 1, the main question was changed
from ‘How strongis the argument?’in Study 1to ‘How strongis the argu-
mentin[AA]'s tweet?’in Studies 2a,2b and 3. This ensured participants
werereporting their assessments of the target arguments and not the
surrounding text that was added for the treatment conditions.

Identity-threatening context via contesting retweets (Study 2a).
Participants were randomly assigned between subjects to the control
(asin Study 1) or the identity-threat condition. In the partisan cues

condition, participants were always presented with the target argu-
ment and a partisan cue argument, as if it were a quote from retweet
text, above the target argument (see Fig. 1 for examples). To ensure
participants read this retweet text before the target argument, they were
presented with this retweet for 5 seconds before the questions and the
targetargument appeared. The retweet alwaysincluded anad hominem
attack towards either Republicans or Democrats but provided nological
counter-argument to the content of the target argument—that is, the
retweet did not contain any information that would explicitly help the
participantidentify alogical flaw in the reasoning of the tweet, if there
was one. To increase ecological validity and ensure identity threat was
activated, we implemented a manipulation that ad hominem attacks
their political identity in an ecologically valid context (retweets). This
manipulationwas designed while bearing inmind the existing manipula-
tionsin the partisanship-motivated reasoningliterature. Therein, they
typicallyinstruct participants to view the following information through
apolitical lens, thus prompting them for political identity protection'®.
Suchinstructions are not ecologically valid, asin real social media envi-
ronments, there are no directinstructions for political thinking. Indeed,
by definition, identity protection should be triggered when arguments
make an ad hominem attack against one’s identity. Hence, we created
amanipulation that attacks people’s political identity directly with ad
hominem arguments, while also being externally valid and taking the
form of quoted retweets. The full list of argument-retweet matching
canbefound onZenodo®. These hypothetical retweets always attacked
the hypothetical person making the original arguments. For example:

Retweet: ‘Typical Democrats, using natural disasters to push
their climate change hoax. They never let a crisis go to waste.

Target argument: ‘Climate changeisreal, otherwise we would not
be seeingall of these natural disasters on the news.

Hence, we always created retweets that attacked Republicans
for anti-climate arguments and retweets that attacked Democrats for
pro-climate arguments.

Before the experiment, participantsinthe partisan cues condition
were instructed that they would judge the strength of 36 statements
presented as tweets, each accompanied by are-share comment shown
alone for five seconds beforehand; control participants received the
Study linstructions. The full instructional text is provided in Supple-
mentary Information. The study was administered with Qualtrics.

Identity-threatening contextviaendorsingretweets(Study2b).InStudy 2a,
all pro-climate arguments were paired with Democrat denigration
retweets, and anti-climate arguments were paired with Republican
denigration retweets. This introduces a confound such that only
prior-belief-consistent arguments were paired with identity-attacking
retweets. InStudy 2b, we reversed this, such that pro-climate arguments
were paired with Republican denigrations, and anti-climate arguments
were paired with Democrat denigrations, hence creating a set-up where
identity-threatening retweets were paired with belief-inconsistent
arguments. The full list of argument-retweet matching can be found
on Zenodo®. These hypothetical retweets always piled on the target
arguments and were always relevant to the target argument’s content.
Forexample:

Retweet: ‘Exactly! Disasters are all over the news. Republicans
are too dishonest and too bought by oil money to ever admit it.

Bought-and-paid-for cowards.

Targetargument: ‘Climate changeisreal, otherwise we would not
be seeing all of these natural disasters on the news.

The experiments were otherwise the same as in Study 2a.
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Logical warnings (Study 3). Participants were randomly assigned
between subjects to the control (as in Study 1) or the logical cues con-
dition. Inthe logical cues condition, participants were informed that
they may receive Al-generated warnings, and when participants were
presented with an argument containing an argumentative fallacy, they
alsoreceived a warning: ‘Warning: This tweet may contain alogical fal-
lacy. Click here for more details. Participants could also click on the but-
tonto learn moreif they were interested. This pop-up then contained
acontent-specific explanation of the fallacy. The warnings contained
a clickable link rather than a direct description of the content-based
fallacy refutation, to more closely mimic how social media imple-
ments such warnings, such as fact-checking information: awarningis
placed, but the detailed fact-checking arguments can be reviewed by
clicking on the link. Arguments with no argumentative fallacies did
not receive any warnings, reflecting the fact that, even though they
might not contain argumentative fallacies, they could still be false
(just unchecked) or rest on false premises. This avoided participants
perceiving these arguments as strong all the time, in a similar way to
experiments testing the effectiveness of fact-checking labels on news
discernment*®, These warnings were generated by GPT-40. In addition
toaddingecological validity, this design allowed for additional tests to
rule out potential demand effects. Under a demand effect, one could
expect no difference in strength judgements between trials when the
pop-up was clicked and those when it was not, as strength judgements
would already be at the minimum.

Participantsinboth conditions were told that some of the 36 state-
ments might contain logical fallacies, givenadefinition of afallacyanda
worked example (appeal toignorance) and asked to judge the strength
of each statement. Participants in the logical cue condition were addi-
tionally told that some of the statements had been checked for fallacies
by Al, which generated ashort warning and an optional clickable expla-
nation wherever afallacy was found; they were shown an example trial
andinstructed tojudge the statement itselfrather thanthe warning. The
fullinstructional text for both conditions is provided in Supplementary
Information. The study was administered with Qualtrics.

Other measures. The same demographic, partisanship and prior meas-
ures were applied as in Study 1. Studies 2a and 2b did not contain the
CRT to make the experiment shorter to fit the 10-min Lucid criteria.

Statistical analysis. Statistical analysis followed the same scheme as
in Study 1. We used logistic mixed-effects models to analyse the data
and applied amaximal random-effects structure—thatis, we added the
randomintercept of subjects and items (eachitem had aunique identi-
fier), and we allowed the intercept of subjects to vary over argument
strength and argument direction, while allowing the random intercept
ofitemstovary over partisanship and prior beliefs. We coded argument
strength as 0.5 for strong arguments and —0.5 for weak arguments, and
directionas-0.5ifanargumentis proand 0.5if anargumentis contra.
Prior belief was centred on O on a scale from -1 (climate sceptic) to +1
(climate believer). Partisanship was also centred on 0 and values were
transformed to a scale ranging from -1 (strong Republicans) to +1
(strong Democrats). Treatment was dummy-coded, with O represent-
ing the control condition and 1representing the treatment condition
(partisan cues in Studies 2a and 2b and logical cues in Study 3). All
analyses were conducted with R software version 4.1.1.

Preregistration. Preregistration for Study 1 was available at https://
aspredicted.org/449q-wh8y.pdf, preregistration for Study 2a was
available at https://aspredicted.org/vw52nr.pdf, preregistration for
Study 2b was available at https://aspredicted.org/sb9pq5.pdf and
preregistration for Study 3 was available at https://aspredicted.org/
cq9468.pdf.

Note that we preregistered analysis on difficulty scores, which
arenotreported here, as they will be analysed within another project.

Ethics statement

Ethical approval for this study was secured by The Ethics Review
Board of Tilburg School of Social and Behavioural Science, Tilburg
University, under the reference number TSB_RP1699. Informed consent
was obtained from all participants before the experiment.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All data are available via Zenodo at https://doi.org/10.5281/zenodo.
21964407 (ref. 45).

Code availability
The code to reproduce analysis is available via Zenodo at https://doi.
org/10.5281/zen0d0.21964407 (ref. 45).
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the participant’s prior belief on the specific climate dimension that argument
addresses (whether climate change is happening, whether it is anthropogenic,
orwhether it poses arisk). The same participant can therefore count as a believer
for someitems and a skeptic for others — for example, believing that climate
change is happening (believer) but not that it is anthropogenic (skeptic) — and so
contributes responses to both panels. Their Ns consequently do not sumto the
total sample.
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Bars show the mean percentage of Neutral arguments judged “Strong”, by
experimental condition (Control vs. Treatment), across all participants. The
X-axis contrasts arguments consistent versus inconsistent with the participant’s
prior belief; panels separate strong (valid) from weak (fallacious) arguments.
Error bars are 95% confidence intervals. The Democrat and Republican panels
are defined at the participant level, but the climate-skeptic and climate-believer
panels are defined at the item level: each argument is classified according to
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the participant’s prior belief on the specific climate dimension that argument
addresses (whether climate change is happening, whether it is anthropogenic,
orwhetherit poses arisk). The same participant can therefore count as a believer
for some items and a skeptic for others — for example, believing that climate
change is happening (believer) but not that it is anthropogenic (skeptic) — and so
contributes responses to both panels. Their Ns consequently do not sumto the
total sample.

Nature Climate Change


http://www.nature.com/natureclimatechange

nature portfolio

Corresponding author(s): Bence Bago

Last updated by author(s): Aug 7, 2026

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

>
Q
=
C
=
™
o
©)
=
&5
>
—
D
°
©)
=
=2
Q
(%]
(-
3
3
Q
s

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a | Confirmed
The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Qualtrics software was used for data collection.

Data analysis Data analysis was conducted with R version 4.4.1.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Data is available on GitHub: https://github.com/bencebago/climate_argumentation
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Reporting on sex and gender We collected a sample that is representative for gender, age and ethnicity from Lucid (Study 1,2a and 3). Gender based
analysis was not included, but gender distributions were reported. Gender was measured using self-report questionnaire.
For Study 2b, we collected a quota matched sample representative for the US population for sex, age, and ethnicity. Sex was
measured as self-report questionnaire.

Reporting on race, ethnicity, or  We collected data on political partisanship, but no other socially relevant grouping. We specifically asked participants: '"Which
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other socially relevant of the following best describes your political preference?' With 5 response options: 1. Strongly Democratic; 2. Democratic; 3.
groupings Lean Democratic; 4. Lean Republican; 5. Republican; 6. Strong Republican.

Population characteristics See below (Research sample)

Recruitment Participants for Studies 1,2a,3 were recruited through Lucid, and received $1.5 for participation. Participants for Study 2b

were recruited through Prolific and received £1.99 for participation. Participants could decide freely to engage with the
survey given a title and a one-sentence description.

Ethics oversight Ethical approval for this study was secured by The Ethics Review Board of Tilburg School of Social and Behavioural Science,
Tilburg University, under the reference TSB_RP1699. Informed consent was obtained from all participants before the
experiment.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|:| Life sciences |X| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description All collected data are quantitative. In all experiments, we gave participants arguments about climate change, both pro and contra.
Some arguments included argumentative fallacies in them (weak) and others did not (strong). In all experiments, participants had to
judge weather an argument was strong or weak, and we manipulated context: Study 1 - no manipulation, Study 2: politicized context;
Study 3: logical context.

Research sample We collected quota-matched samples from the US, representative for gender (Study 1,2a, 3) or sex (Study 2b), age and ethnicity. In
Study 1, we collected data from 1195 participants (639 female, 545 male and 8 identified as transgender or non-binary; Mean age =
48.4 years, SD = 17.1 years); 627 participants identified as Republicans and 568 as Democrat. In Study 2a, we collected data from 920
participants (419 female, 492 male and 9 identified as transgender or non-binary, Mean age = 47.6 years, SD = 16.1 years), 421
participants identified as Republicans and 499 as Democrats. In total, 469 participants took part in the control group and 452 in the
treatment condition (identity threat manipulation). In Study 2b, we collected data from 1002 participants (493 female, 487 male and
21 identified as transgender or non-binary, Mean age = 45.6 years, SD = 16.2 years), 386 participants identified as Republicans and
616 as Democrats. In total, 514 participants took part in the control group and 489 in the treatment condition (identity threat
manipulation). In Study 3, Altogether, we collected data from 1060 participants as 350 left before the experiment started (644
female, 413 male and 3 identified as transgender or non-binary, Mean age = 52.3 years, SD = 16.7 years), 559 participants identified
as Republicans and 501 as Democrats. In total, 546 participants took part in the control group and 514 in the treatment condition
(logical cues manipulation).

Sampling strategy Quota sampling was used. While determining the sample size we took into account that climate skeptics are less likely to be found in
online participant pools, so we decided on sufficiently large samples to each studies.No statistical methods were used to
predetermine sample size. Target sample sizes were set in advance and preregistered for each study (preregistration links in
Methods). Targets were chosen to be comparable to or larger than those in previous work using similar argument-evaluation designs
(ref. 19), and to allow stable estimation of individual-difference effects (prior beliefs, partisanship) in logistic mixed-effects models.
Each participant contributed 36—48 binary judgments.

Data collection We used Qualtrics software to collect data, and participants accessed the survey online through the Lucid Theorem platform for
Studies 1,2a and 3) or Prolific (Study 2a) platform. No experimenter was present. Participants were blind to the experimental
conditions and hypotheses.
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Timing Data for Study 1 was collected between 06.05.2024-25.06.2024; data for Study 2a was collected between 01.11.2024 - 11.11.2024;
data for Study 2b was collected between 19.05.2026-22.05.2026; data for Study 3 was collected between 28.03.2025 - 05.05.2025,




Data exclusions No data exclusion was applied.

Non-participation In Study 1, 1631 participants started the experiment and gave consent, 115 could not participate due to giving the incorrect
attention check answer (and hence produced no further data). Finally, due to a bug in the experiment, people with Safari browser
could not access the experiments, so 320 dropped out, hence, altogether, we collected data from 1196 participants. In Study 2, 1832
participants started the experiment and gave consent, while 147 could not participate due to giving the incorrect attention check
answer (and hence produced no data). Finally, due to a coding mistake in the experiment, people with Safari browser could not
access the experiments, so they dropped out; 758 dropped out, hence, altogether, we collected data from 927 participants. In Study
3, 1599 participants started the experiment and gave consent, while 189 could not participate due to giving the incorrect attention
check answer (and hence produced no data). Altogether, we collected data from 1060 participants as 350 left before the experiment
started. In Study 2a, 1019 participants started the experiment and gave consent, while 15 could not participate due to giving the
incorrect attention check answer (and hence produced no data). Finally, due to overload on the experiment 1 person dropped out;
hence, altogether, we collected data from 1002 participants.

Randomization In Study 1, there was no randomisation. In Study 2a and 2b, participants were randomly allocated to experimental condition (political

context) or control condition (neutral context). In Study 3, participants were randomly allocated to experimental condition (logical
context) or control condition (neutral context).

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies |Z| D ChlIP-seq
Eukaryotic cell lines |Z| D Flow cytometry
Palaeontology and archaeology |Z| D MRI-based neuroimaging
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Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
was applied.

Authentication Describe-any-atthentication-procedures for-each-seed-stock-tised-or-novel-genotype-generated—Describe-any-experiments-used-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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