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Individuals rely on others’ expertise to achieve a basic understanding of the
world. But how can non-experts achieve understanding from explanations
that, by definition, they are ill-equipped to assess? Across 9 experiments

with 6,698 participants (Study 1A =737;1B=734;1C=733;2A=1,014;
2B=509;2C=1,012;3A=1,026; 3B = 512; 4 = 421), we address this puzzle

by focusing on scientific explanations with jargon. We identify ‘when’

and ‘why’ the inclusion of jargon makes explanations more satisfying,
despite decreasing their comprehensibility. We find that jargon increases
satisfaction because laypeople assume the jargon fills gaps in explanations
that are otherwise incomplete. We also identify strategies for debiasing
these judgements: when people attempt to generate their own explanations,
inflated judgements of poor explanations with jargon are reduced, and
people become better calibrated in their assessments of their own ability to

explain.

The sum of humanity’s knowledge cannotbe contained within asingle
mind. Instead, knowledge is distributed across social networks, with
individuals specializing in some domains and relying on their com-
munities for others'2 This ‘division of cognitive labour’ requires indi-
viduals tolearnwho they can trustacross domains®~,and when others’
knowledge is reliable®®. For example, both children and adults track
whois likely to know what"*'°, and adults memorize novel information
strategically, depending on whether they expect knowledge sources
to be available in the future.

Whenit comes to science, those without specialized trainingina
given topic (thatis, laypeople) often acquire scientific informationin
the form of explanations fromexperts'. This presents a challenge, since
(by definition) laypeople lack the training typically required to evaluate
theaccuracy of such explanations directly®". How, for example, might
alayperson evaluate explanations for the efficacy of COVID-19 mRNA
vaccines without (substantial) knowledge of molecular biology? Since
scientificknowledge is increasingly technical and specialized', and as
sources of misinformation become ever more prevalent”, this problem
becomes even more acute.

Inthe presentresearch, we take up the question of how laypeople
evaluate scientific explanations despite lacking expertise. We focus on
asalient cuethat could inform these evaluations: whether explanations
include domain-specific language used by expert groups, or ‘jargon’.

Jargonis adefining feature of expert communities*'® and thus poten-
tially informative about whether asource possesses relevant expertise.
Infact, previous work finds that, under some conditions, explanations
that contain scientific jargon are judged more ‘satisfying”’*%. On the
otherhand, understandingjargonitselfrequires expertise*; hence, for
laypeople, itsinclusionin explanations could hinder genuine scientific
understanding. Consistent with this, previous work has also found
that explanations with jargon are considered less ‘comprehensible™ ™,
Jargonthus provides a microcosm for abroader puzzle ofignorance—
how laypeople can gain explanatory understanding frominformation
they areill-equipped to comprehend.

Our firstaim is to reconcile these seemingly conflicting findings
from previous work: that jargon has favourable effects on the evalua-
tion of explanations under some conditions, but detrimental effects
under others. Documenting favourable effects, research in cognitive
psychology has found that explanations containing jargon are often
found more satisfying than equivalent explanations without jargon™°,
especially when they are relatively poor or circular®>??**2, These
effects are found for explanations across scientific disciplines, includ-
ing math”, neuroscience'**** and other natural sciences****?, They
are also found despite jargon’s unfamiliarity®” and reflect more than
theexplanation’sadditional length***?. Jargon can have positive effects
evenwhen it merely labels a concept withamade-up word”*%, leading
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Fig. 1| Explanatory satisfaction and comprehensibility as a function of jargon
inStudies 1A-C. Violin plots depict the distribution of individual ratings and
dataare presented as means + s.e.m. for N=737 (Study 1A), N = 734 (Study 1B) and
N=733(Study 1C). The key result is that circular explanations with jargon were
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rated more highly on explanatory satisfaction than those without; in all other
cases, jargon decreases or has no effect on ratings (for both satisfaction and
comprehensibility).

someresearchersto argue that effects of jargon stem frominferences
from the presence of jargon itself; for instance, that the explanation
points to an underlying cause? or acommunity of experts*.

Documenting detrimental effects, previous work on science
communication has shown that when jargon replaces part of the text
from a relatively complete explanation, perceived ‘comprehensibil-
ity’ decreases® ™, Negative effects of jargon on comprehensibility
generalize across types of explanation®’, explanation source®”, domain
complexity’ and the presence of controversy***>**, Researchers have
argued that these negative effects of jargon reflect the decreased
processing fluency caused by lower frequency or unfamiliar words™.

Note thatresearch finding beneficial effects of jargon differs from
that finding detrimental effects along threeimportant dimensions: (1)
whether the explanations considered are relatively poor or complete;
(2) whether participants are asked to evaluate explanatory ‘satisfac-
tion’ or an explanation’s ‘comprehensibility’ and (3) whether jargon is
‘added’to an explanation or ‘replaces’ non-jargon text. Across Studies
1A-C,we manipulate these differences systematically to reconcile the
apparent contradictions from past work and toisolate the conditions
under which jargon has beneficial versus detrimental effects. We find
increases in explanatory satisfaction when jargonis added to poor or
nearly circular explanations, but that this effect is mitigated, or even
reversed, for relatively complete explanations. We also find thatjargon
can decrease an explanation’s comprehensibility for relatively poor
and complete explanations alike. These findings help us isolate the
conditions under which jargon has favourable effects and refine our
next question: Why isit that jargon heightens how satisfying relatively
poor explanations are judged to be?

We propose that jargonis assumed to fill gaps in otherwise defec-
tive explanations.

Testing this hypothesisis the aim of Studies 2A-3B. We find that, in
the absence of jargon, even laypeople can detect that circular scientific
explanations contain explanatory gaps. When jargon is introduced,
however, they assume the jargon fills those gaps, creating a sense of
satisfaction. Forinstance, whenlearning that ‘burning scented candles
can cause changes in base excision repair mechanisms, leading to
bladder cancer’, they assume that ‘base excision repair mechanisms’
explainthelinkbetween burning scented candles and bladder cancer,
and consequently find the explanation somewhat satisfying. This satis-
factionisarguably misplaced, however, asit occurs alongside dropsin

reported comprehension and even whenjargon is entirely unfamiliar
(forinstance, because it is made up, as in Studies 2B-2C).

Studies 3A and 3B thus turn to correction: What punctures inflated
evaluations of explanations containing jargon? We borrow two strate-
gies for decreasing illusions of explanatory depth*°~*, asking people
to answer follow-up questions (Study 3A) or to generate explanations
themselves (Study 3B). Both effectively reduce perceptions of expla-
nation quality for explanations containing jargon, supporting our
hypothesis thatjargonboosts perceptions of explanation quality when
itis taken to fillgapsin an otherwise defective explanation.

Finally,inStudy 4, we explore downstream consequences of inflated
evaluations of circular explanations: whether reading explanations with
jargon makes people overestimate their own ability to ‘generate’ good
explanations for scientific phenomena. We find that participants who
receive explanations withjargonbut fail to reproduce that jargonin their
ownexplanations are especially poorly calibrated, in the sense that they
fail to anticipate how good others will judge their explanations to be.

Together, these findings solve animportant puzzle ofignorance,
sheddinglight on howlaypeople evaluate scientific explanations with
jargon that reduces comprehensibility on the one hand, but fosters a
sense of explanatory satisfaction on the other. We not only identify
when and why these effects arise, but also document strategies for
correction, with implications for science communication and the
psychology of explanation.

Results

Preregistration and statistical approach

Allstudies were preregistered (https://osf.io/ytakw/?view_only=f3c34c
42f79d4ecca2ab5502c35c¢0591). Linear mixed models were conducted
using R’s ImerTest package (v.3.1.3)*’; the number of experimental
conditions informed contrast coding, and models included random
by-subject and by-stimulus intercepts (except in Study 2C, due to the
nature of its design). All relevant statistical tests were two-tailed. For
simple and moderated mediations, we used SPSS’s MEMORE macro
(v.3.0)** (but PROCESS v.4.2 in Study 2C). Additional preregistered
analyses are available in Supplementary Information.

Effects of jargon on circular explanations
InStudy 1A, we explored the effects of jargon on ‘circular explanations’:
explanations that simply restate the existence of the relationship being
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explained. Forinstance, a circular explanation withoutjargon for why
some candy generates sparks whenit is crushed (candy tribolumines-
cence) was: “Because candy is crushed, this can result in visible light”.
Participants received this explanation asisorwith jargonaddedinone
of two ways: as ‘added’ text (“Because candy is crushed and charged
leptons collide, this canrelease visible light in the form of electromag-
netic waves”); or as ‘replacement’ text (matched with the non-jargon
explanationinlength) (“Because charged leptons collide, visible elec-
tromagnetic waves canbereleased”). We expected explanatory satisfac-
tion to be higher and comprehensibility to be lower, for explanations
with (vs without jargon), replicating and extending previous results,
respectively.

Consistent with these predictions (Fig.1and Table1), explanations
with jargon were rated more satisfying than those without jargon,
regardless of how jargon was included in the explanation. Also as pre-
dicted, introducingjargon decreased explanation comprehensibility
whenjargon ‘replaced’ non-jargon content (although ‘adding’ jargon
did not decrease comprehensibility).

Across experiments, we collected measures beyond satisfaction
and comprehensibility, including perceptions of learning, confidence
inthe explanation’s evaluation, intention to defer to experts and (as a
manipulation check) perceived presence of jargon. These measures are
describedinthe Methods section and reported fully in Supplementary
Information.

Effects of jargon on more comprehensive explanations
InStudies 1B and C, we considered more comprehensive explanations.
Study1Cincluded ‘complete’ explanations: explanations that detailed
eachstep between cause and effect. For example, the complete expla-
nation (without jargon) for candy triboluminescence described how
crushing hard sugar produces static electricity, leading to discharges
of energy that, after being absorbed, can be re-emitted as visible light.
Study 1Bincluded minimal explanations: anintermediate case between
circular and complete explanations.

Across both studies (Fig. 1 and Table 1), we found no evidence
that including jargon as additional text affects satisfaction, and we
found that usingjargon asreplacement text ‘decreased’ satisfaction.In
addition, addingjargon (through addition or replacement) decreased
comprehensibility.

Taken together, the results from Studies 1A-C identify the condi-
tions under which jargon shifts evaluations of explanations in more
positive versus negative directions. Notably, jargon only elevates
explanatory satisfaction for circular explanations, despite having
negative or neutral effects on comprehensibility. Why?

For circular explanations, jargon is assumed to fill gaps
We propose that circular explanations without jargon are perceived
to have explanatory gaps. When presented with authoritative jargon,
however, participants assume the jargon fills perceived gaps and judge
the explanation more satisfying. This hypothesis generates several
predictions. First, perceived explanatory ‘gappiness’ should mirror
effects of explanatory satisfaction, such that jargon reduces perceived
gappiness for circular explanations, but has weaker or no effects for
complete explanations. Second, perceived gappiness should partially
or fully mediate the effect of jargon on explanatory satisfaction.
Study 2A replicated Studies 1A and C within a single design. We
found the predicted interaction between jargon and explanatory
completeness for explanatory satisfaction (b =-0.81, 95% CI [-1.09,
-0.54], t=-5.87, P<0.001; Fig. 2 and Supplementary Table 8), such
thatjargonincreases explanatory satisfaction for circular explanations
only (b=0.80, 95% CI[0.60, 0.99], t = 8.04, P < 0.001; for complete
explanations: b=-0.04,95% CI[-0.22,0.15],t=-0.87,P=0.709; Sup-
plementary Table 9). A mirrored interaction was found for judge-
ments of explanatory ‘gappiness’ (b =0.47,95% CI[0.21,0.73], t = 3.59,
P<0.001;Fig.2 and Supplementary Table 8): circular explanations were
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Fig. 2| Explanatory satisfaction and perceived gappiness as a function of
jargon and explanation completeness in Study 2A. Violin plots depict the
distributions of individual ratings and data are presented as means + s.e.m. for

N=1,014. The key result is that adding jargon to circular explanations increases
explanatory satisfaction while decreasing perceived gappiness; this patternis
not observed for complete explanations.

perceived as less gappy when jargon was added, with a weaker effect
when explanations were complete. Finally, we tested whether perceived
gappiness mediated the effects of jargon on explanatory satisfaction.
We found evidence for partial mediation for circular explanations
(indirect effect = 0.48, 95% C1[0.32, 0.64]; direct effect = 0.37, 95% CI
[0.17,0.48]), but not for complete explanations (indirect effect = 0.11,
95% CI[-0.16, 0.39]). This difference across circular and complete
explanations was itself significant (index of moderation = -0.36, 95%
CI[-0.59,-0.14]).

We also considered an alternative to our explanatory gap hypoth-
esis: that participants use jargon as a cue to source expertise, which
in turn drives effects on satisfaction. Although jargon did increase
perceived source expertise, it did so for ‘both’ circular and complete
explanations (Supplementary Fig. 2, and Supplementary Tables 10
and 11).

Does jargon fill explanatory gaps because participants garner
genuine understanding from the content of the jargon? Although
we expected the jargon used to be largely unfamiliar, we tested this
possibility more systematically in Studies 2B and C by replicating
the benefits of added jargon for circular explanations with invented
jargon (or pseudowords; for example, for food waste: ‘hydrolysis’ was
replaced with ‘dryholysis’ or ‘drylotic’). For Study 2B, we found once
againthat circular explanations with added jargon were judged more
satisfying and less ‘gappy’ than those without (Supplementary Fig. 3
and Supplementary Table 13), and that the effect of jargon was fully
mediated by perceived gappiness (indirect effect = 0.32,95% CI[0.16,
0.49]; direct effect = 0.10,95% CI [-0.03, 0.24]).

To ensure the robustness and real-world applicability of our
effects, Study 2C differed from its predecessors in several ways: the
explanations were presented in the form of social media posts, jargon
was manipulated between participants, and the jargon manipulation
checkitem was removed to ensure that participants’ attention was not
drawn to the jargon artificially.

Despite these changes, Study 2C replicated Study 2B’s results
for satisfaction and gappiness, as well as the mediation of the former
through the latter (Fig. 3 and Supplementary Table 15).

Follow-up questions mitigate the effects of jargon

Given that positive effects of jargon on explanatory satisfaction occur
forunfamiliar and inventedjargon alike, they seem toreflect ‘illusions’
of understanding. How can these illusions be punctured? Our next

studies aimed to identify effective interventions by targeting the per-
ception of explanatory gaps, thus providing further support for our
account of how jargon shifts explanatory satisfaction.

Study 3A experimentally manipulated perceived gappiness: partic-
ipantsfirstread and rated an explanation (either circular or complete;
between participants), before answering a follow- up question about it
and providing new ratings. Answering the follow-up question correctly
required content exclusive to the complete explanations. Therefore,
we expected follow-up questions to increase perceived gappiness and
decrease explanatory satisfaction for participants exposed to circular
explanations, especially when these contained jargon; no such effects
were expected for complete explanations.

Overall, participants found circular explanations with jargon to
be moresatisfying than those without, but this effect was smaller after
participants attempted to answer the follow-up question; as expected,
we found no evidence of this interaction for complete explanations
(Fig. 4 and Table 2). The reverse happened for perceived gappiness:
circularexplanations withjargon werejudged less gappy, and this effect
was smaller after participants attempted to answer the follow-up ques-
tions (there was asimilar interaction effect for complete explanations).
Finally, for circular explanations with jargon, we found that the drop
inexplanatory satisfaction after receiving the follow-up question was
(fully) mediated by perceived gappiness, as our account would predict
(indirect effect = -0.15,95% CI[-0.23, -0.11]; direct effect = —0.07, 95%
CI[-0.17,0.04]).

Generating explanations mitigates the effects of jargon
Study 3B conceptually replicated Study 3A, but with a different debias-
ingintervention: asking participants to generate their own explanation
for theinitial question (rather than being asked a follow-up question, as
inStudy 3A). Participants first read and rated two circular explanations,
one with added jargon and one without; then, they generated their
own explanations for each phenomenon and provided new ratings.
Once again we observed the predicted interactions (Fig. 4 and
Table 2; Supplementary Table 21 for the effects below). Generating
explanations reduced explanatory satisfaction when the original expla-
nations contained jargon (b =-0.42, 95% CI[-0.53,-0.30], t=-6.92,
P<0.001), but the reverse occurred for explanations without jargon
(b=0.13,95%Cl[0.02,0.25],£t=2.27,P= 0.023). Conversely, generating
explanations only increased perceived gappiness for original expla-
nations with jargon (b =0.54, 95% CI[0.42, 0.66], t =8.73, P< 0.001;
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(i) Participants evaluated a (fake) social media post
containing circular explanations with or without jargon

o

Have you ever noticed that crunching candy can

Q fons ocho

Have you ever noticed that crunching candy can
sometimes release a spark of light? That’s because,

when candy is crushed, this can result in visible light.

(iii) The effect of jargon on explanatory satisfaction was
fully mediated by perceived gappiness

Gappiness rating

Indirect effect = 0.29 [0.16, 0.42]

-0.44 (P < 0.0017) -0.65 (P < 0.001)

Explanatory
Jargon satisfaction

Perceived
gappiness

-0.00[-0.18, 0.17]

Fig. 3 | Sample stimuli and results for explanatory satisfaction and perceived
gappiness as afunction of jargon in Study 2C. Violin plots depict the
distributions of individual ratings and data are presented as means + s.e.m. for
N=1,012. Example stimuli are givenin (i). The key result is that adding jargon

(ii) The explanations with jargon were judged more
satisfying and less ‘gappy’ than those without

Explanatory satisfaction Perceived gappiness
How satisfying did you find To what extent does the explanation for
this explanation for [phenomenon]? [phenomenon] have gaps in it?
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Gappiness rating

T T T
No-jargon Added-jargon No-jargon
text text text

= Added-jargon text

T
Added-jargon
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Explanation type = No-jargon text

to circular explanations increases explanatory satisfaction while decreasing
perceived gappiness (as depicted visually in (ii)). The effect of jargon on
explanatory satisfaction is fully mediated by perceived gappiness (see (iii) for
results).

without jargon: b=0.06, 95% CI[-0.06, 0.18], t=1.01, P=0.313). As in
Study 3A, the debiasing effect of generating explanations on explan-
atory satisfaction was mediated by perceived gappiness (indirect
effect=-0.28,95% CI[-0.36,—0.21]; direct effect = -0.13, 95% CI[-0.23,
-0.04]).

Participants in Study 3B were also asked to report how well they
themselves could explain each target phenomenon. When participants
received explanations with jargon, they reported considerably higher
ratings than when they received explanations without (Table 2). How-
ever, after actually generating an explanation, participants decreased
their ratings for explanations thatinitially contained jargon (b =-0.42,
95% CI[-0.53,-0.31], t=-7.50, P < 0.001), but ‘increased’ their ratings
for explanations that did not (b =0.17, 95% CI [0.06, 0.28], t = 3.06,
P=0.002; Supplementary Table 21).

Inan (exploratory) analysis, we coded all explanations generated
after receiving an original explanation with jargoninasubsample that
generated high-quality explanations (N =374; see Study 3B ‘Partici-
pants’subsectionin Methods). We found that only 22.3% of generated
explanationsincludedjargon (‘preservedjargon’), while 77.7% did not
(‘erodedjargon’).

Explanations were coded as containing jargon if they included
terms (1) likely to appear or be defined in a science textbook while (2)
beinguncommonineveryday language or unknown to many laypeople.
The explanations were coded by one of the authors, and agreement
with amasked rater was high (92.7%; based onarandom sample 0f20%
of'the explanations).

First, wereplicated all previously reported results when consider-
ing only this subsample of participants (see Supplementary Analyses
and Supplementary Tables 22-26).In addition, both ‘preservedjargon’
and ‘eroded jargon’ participants rated their explanations higher in
quality than did participants who received explanations without jargon
(before and after they generated explanations, Table 3). Although we
did not find evidence that participantsinthe eroded and preserved jar-
gongroupsinitially rated their explanatory ability differently (b=0.11,
95% CI[-0.16,0.39],t=0.81, P= 0.421), generating explanations intro-
duced a discrepancy such that ratings after explaining were lower for
theeroded grouprelative to the preserved group (b = 0.40,95% C1[0.14,
0.67],t=2.97,P=0.003; Fig. 5 and Supplementary Table 26). In other
words, generating an explanation had the greatest debiasing effect
for participants who received jargon but were unable to produce it.

Failing to reproduce jargon predicts miscalibration

In Study 4, participants evaluated the explanations generated by par-
ticipants in Study 3B. First, this replicated the finding that jargon can
boost explanation ratings for poor explanations, but using ameasure
of explanation ‘quality’ (Fig. 5 and Table 3; for results on satisfaction:
Supplementary Fig.7 and Supplementary Table 28). Specifically, expla-
nations with preserved jargon were rated better than explanations
generated from no-jargon texts (whereas explanations with eroded
jargonwere not; see Table 3). Second, these explanation ratings allowed
usto assess the ‘calibration’ of participants who generated explanations
inStudy 3B. Specifically, did they accurately anticipate how good oth-
ers would judge their explanations to be, both before and after they
generated them?

Our initial (preregistered) prediction—that Study 3B’s participants
would overestimate the quality of their explanations after receiving
explanations with jargon—was not borne out. In fact, participants
underestimated the quality of their explanations across conditions
(although to varying degrees; see Supplementary Analyses and Sup-
plementary Table 29). Instead, in exploratory analyses, we quantified
calibration as the ‘correlation’ between quality ratings across Studies
3Band 4.

We found evidence of calibration (that s, significant correlations)
for asubset of Study 3B’s participants. For those exposed to no-jargon
explanations and those exposed to explanations withjargon that they
successfully preserved, correlations were significant whether we con-
sidered explanation ability ratings before or after participantsin Study
3Bactually generated explanations (Fig. 5). For Study 3B’s participants
who generated explanations with eroded jargon, however, we found
something distinct: their ratings were significantly correlated with
Study 4 ratings only ‘after’ they attempted to explain.

To explore whether the emergence of calibration for partici-
pants who generated explanations with eroded jargon was statisti-
cally meaningful, we tested for differences in correlations before and
after explanation generation (see refs. 45,46 for analytic approach).
Generating explanations indeed (significantly) improved calibration
for participants who generated explanations with eroded jargon (that
is, correlations between ratings in Study 3B and 4 were significantly
higher for ratings provided after vs before explanation generation; dif-
ference =0.10,95% CI[0.02, 0.18]). This was also the case for no-jargon
explanations (difference = 0.15, 95% CI[0.09, 0.22]), but there was no
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individual ratings and data are presented as means + s.e.m. for N=1,026 (Study
3A) and N =512 (Study 3B). For circular explanations with jargon, attempting to
answer afollow-up question (Study 3A) or to generate one’s own explanation
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(Study 3B) resulted ina decrease in explanatory satisfaction and anincrease

in perceived gappiness (although this was not the case for relatively complete
explanations, Study 3A). In both cases, the debiasing effect of generating
explanations on explanatory satisfaction was mediated by perceived gappiness.
In Study 3B, perceptions of quality increased with explanation generation for
circular explanations without jargon, but decreased for circular explanations
withjargon. The wording of the explanation quality item was the following: “If
another person evaluated your explanation for [phenomenon], how good do you
think that other person would think itis?”.

difference in calibration for preserved-jargon explanations (differ-
ence =0.05, 95% CI[-0.08, 0.18]). In sum, participants who received
explanations with jargon that they subsequently failed to reproduce
were uniquely uncalibrated, but recovered calibration after attempt-
ing to explain.

Discussion

Humans face a puzzle ofignorance: How can we evaluate explanations
when doingso requires expertise that we lack? This puzzle holds across
communities with distributed expertise and willbecome increasingly
prevalentas humansinteract with artificial intelligence that may exceed
human capacities. We investigated this puzzle in the context of scien-
tific explanations that contain expert language, or jargon.

First, our findings reconcile seemingly contradictory results from
previous work, with jargon increasing explanatory satisfaction while
decreasing comprehensibility. We find that jargon increases explana-
tory satisfaction for circular explanations (Study 1A), but not for more
complete explanations (Studies 1B and C). Yet explanations with jargon
are judged less comprehensible regardless of their completeness.

Second, we propose an explanation for why jargon inflates per-
ceptions of explanatory satisfaction for poor explanations. When
faced with explanatory gaps (asin our circular explanations), laypeo-
ple assume that authoritative jargon fills those gaps, even though
they do not understand it (Studies 2A-C). This results in an elevated
sense of explanatory satisfaction, even when comprehensibility is
impaired. Interventions that expose explanatory gaps further support
this account, with participants moderating their explanatory satisfac-
tion after they are asked to answer follow-up questions (Study 3A) or
provide their own explanations (Study 3B).

The perception of explanatory gaps uniquely explains the ‘inter-
actions’ observed between the effects of jargon and explanatory com-
pleteness on satisfaction. By contrast, effects on comprehensibility
and perceived expertise were not restricted to circular explanations.
Jargon decreased comprehensibility for ‘both’ circular and complete
explanations, plausibly because its unfamiliarity decreased fluency™.
Similarly, jargonincreased the inferred expertise of the explanation’s
source for circular and complete explanations alike (albeit more
strongly for the former). These findings suggest that effects of jargon

onsatisfaction cannot be reduced to their effects on expertise. These
findings are broadly consistent with previous work suggesting that
(1) explanatory satisfaction is driven by perceived learning”, and (2)
people have abounded understanding of science*, relying on precon-
ceived theories***? and heuristic cues®****"* (such as the presence of
jargon) when evaluating explanations. Inthe current case, participants
who received a complete explanation could have evaluated it on the
basis of plausibility, mechanistic detail, or other criteria that were not
available to participants who received circular explanations.

Third, our findings point to successful strategies for debiasing
inflated judgements of an explanation’s merit. When participants were
prompted to answer follow-up questions (Study 3A), those who initially
received circular explanations with jargon showed the largest drops
in explanatory satisfaction. The same was found when participants
generated their own explanations (Study 3B), not only for explanatory
satisfaction, but also for participants’ perceived ability to produce
explanations that would be judged high quality by others. These find-
ings suggest that the act of explaining can itselfact asacorrective force,
improving metacognitive calibration® #4255,

Ourresults canalsobe considered in light of the Dunning-Kruger
effect, or the tendency for those lacking knowledge to overestimate
their knowledge the most”. In the context of scientific explanations,
this lack of calibration extends to those with intermediate levels of sci-
entificknowledge®®°°. Crucially, the Dunning-Kruger effect emerges
with minimal learning, when complete ignorance is replaced by mini-
mal knowledge®*2. Poor explanations may function similarly: circular
explanations lacking jargon can be easily identified as deficient, but
the inclusion of jargon is assumed to offer (minimal) explanatory
knowledge, supporting perceptions of learning that bolster (over)
confidence. Our debiasing procedures in Studies 3A and B counteract
these inflated perceptions just as repeated task exposure increases
calibration and reduces the Dunning-Kruger effect® .

Consistent with these metacognitive effects, our final study (Study
4) considered whether effects of jargon on participants’ judgements
of their ability to generate high quality explanations were reflected in
others’ actual judgements of these explanations. In Study 3B, partici-
pants expected that their explanations would be more positively evalu-
ated after having read original explanations with jargon, regardless of
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Table 3 | Linear mixed models on quality ratings as a function of jargon (coded) in Studies 3B (pre- and post-generation

separately) and 4
Study 3B Study 4l
Pre-generation Post-generation
b [95% Cl] t b[95% Cl] t P b[95% Cl] t P
Predictors
Intercept 2.81[2.32,3.31] 115 2.97[2.57,3.38] 14.38 <0.001 3.31[2.79 - 3.83] 12.55 <0.001
Eroded jargon (vs Control) 0.79[0.64, 0.93] 10.55 0.16[0.02, 0.29] 2.30 0.021 0.14[-0.01, 0.30] 178 0.075
Preserved jargon (vs Control) 1.10[0.86,1.35] 8.91 0.62[0.39, 0.84] 5.40 <0.001 0.92[0.66, 117] 710 <0.001

Random effects

o? 175 1.44 2.21
Too
Participant 0.80 1.27 071
Text topic 0.30 019 0.33
ICC 0.39 0.50 0.32
N
Text topic 5 5 5
Participants 374 374 421
Observations 1,496 1,496 1,684
Marginal/conditional R? 0.063/0.424 0.012/0.509 0.023/0.335

whether their generated explanations preserved the originals’jargon
or not. However, participants in Study 4 only rated generated explana-
tions higher in quality than control explanations when they preserved
original jargon, which happened less thana quarter of the time. In addi-
tion, when jargon was not preserved, Study 3B’s participants did not
reliably predict Study 4’s ratings, potentially because they were swayed
by the jargon in the original explanations that participants in Study 4
had noaccessto. Only after our debiasing intervention did calibration
emerge. These findings suggest that people are influenced by jargon
when estimating explanation quality, regardless of whether they are
generating or receiving explanations.

While we refer to judgements of explanatory satisfaction that
outstrip personal understanding as ‘inflated’ (since they do not reli-
ably track the quality of explanations), it need not follow that they are
irrational. Infact, scientific explanations often serve purposes beyond
direct transmission of scientific content, such as scaffolding everyday
problem-solving”’. Evenif people recognize that they personally lack
the knowledge to understand jargon, they could expect others in
their community to possess the relevant understanding®, and thus
treat the jargon as a placeholder for this understanding accessible
in other minds. Thus, despite inflated judgements of explanatory
‘satisfaction’, jargon could help people recognize their dependence
on experts. This is supported by previous work: while explanations
withoutjargon generate confidenceinone’s personal understanding,
explanations with jargon replacing non-jargon text bolster deference
to experts® (see alsoref. 63). We find this effect of jargon on deference
to experts in several of our own studies (1A-C, see Supplementary
Information), and this is arguably a beneficial effect: in most cases,
laypeople are not well equipped to judge the veracity of scientific
explanations on their own.

Laypeople could also extract higher-level information from the
presence of jargon itself; for instance, that the phenomenon has an
underlying cause?, is reducible to alower-level science®, is connected
to a larger explanatory system®, or is highly complex®. If this is the
case, then even circular explanations with unfamiliar jargon convey
some information that participants can use to guide further judge-
mentsand inquiry.

Our findings have important implications for education, science
communication and interactions with experts more broadly. Deficit
models of expert communication place the locus of public-expert
differences on the former’s lack of knowledge, suggesting that it can
be overcome if this knowledge is transmitted by experts®>*°. How-
ever, laypeople and experts differ in more than the knowledge they
possess®®®, and belief revision depends on more than knowledge alone,
such as motivation and context® "> The present research contributes
to these discussions by highlighting the role of opaque markers of
expertise. While we focus on jargon, other cues (such as inscrutable
graphics or formulas) could play similar roles”. We expect such cues
to besuperfluous and even harmful when interactions allow experts to
convey complete explanations, since they decrease comprehensibility
without promoting satisfaction. On the other hand, including jargon
in more incomplete explanations is a double-edged sword™. It can
boost explanatory satisfaction and deference to experts, but canalso
decrease comprehensibility and calibration. Accordingly, the inclu-
sion of jargon in scientific explanations should ultimately depend on
context and goals.

Our findings are also important for the domain of generative
artificial systems, such as large language models. Individuals mistake
available knowledge (such as that provided by these systems) with
knowledge that they themselves possess™”>~’; over-relying on these
systems could thus bolster people’s propensity for illusions of (scien-
tific) understanding (even in scientists’®”). In fact, merely expecting
that an algorithm can provide an explanation increases perceptions
of understanding®. These illusions may be particularly problematic
for complex topics whose description require jargon, as its presence
may nudge people towards prematurely ending information search.
Thisresearch alsoinforms the alignment problem, or the challenge of
aligning these systems’ functioning with human goals®'. While humans
may seek understanding, the models are geared towards providing
engaging explanations, and these may be at odds withone another. The
abundanttraining data used ingenerative artificial intelligence systems
might capture the features of the ‘minds of the public’*?, biasing them
towards the cuesindividuals pick up on when reading explanations. Our
work suggests that jargonis such a cue and, to the extent that models
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Fig. 5| Quality ratings from Studies 3B and 4, as well as correlations

between those ratings as afunction of (coded) jargon. Violin plots depict the
distributions of individual ratings and data are presented as means + s.e.m. for

N =374 (Study 3B) and N = 421 (Study 4); bar plots depict the mean correlation
and error bars represent +s.e. Left: Study 3B; the key result is that explanations
witheroded and preserved jargon were both rated higher than those based on
explanations without jargon (both before and after the debiasing intervention).
Middle: Study 4; explanations that preserved jargon were rated higher in quality
than no-jargon explanations (but eroded-jargon explanations were not rated
higher in quality than no-jargon explanations). Right: calibration between Study
3B and Study 4; the key findings are: (1) participants who generated explanations
that failed to include jargon were uniquely uncalibrated and (2) the debiasing
interventionincreased, and induced, calibration for these participants who
generated eroded-jargon explanations (such that the difference in correlations
between pre- and post-debiasing intervention was significant). The first finding
derives from significance testing of the correlations in each condition, with

the number above each bar indicating the corresponding P value: (1) we find

jargon jargon jargon jargon

no evidence of correlation between Study 3B and Study 4 quality scores for
pre-generation eroded-jargon explanations (r(654) = 0.06, P= 0.160), (2) but
we reject the null hypothesis for the absence of an effect in all other conditions
(no-jargon pre-generation: r(842) = 0.15, P < 0.001; no-jargon post-generation:
r(842) = 0.30, P< 0.001; eroded-jargon post-generation: r(654) = 0.16, P< 0.001,
preserved-jargon pre-generation: r(188) = 0.16, P= 0.031; preserved-jargon post-
generation: r(188) = 0.21, P=0.005); all tests were two-sided and no correction
for multiple comparisons was implemented. The second finding derives from
the values above brackets, which correspond to 95% confidence intervals for the
difference in correlations across the corresponding bars (calculated using the
method of ref. 46; significance is inferred if the interval does not contain 0): (1)
the difference in the magnitude of correlations (from pre-to post-generation)

is significant, indicating increased calibration, for explanations without jargon:
95% Cl=[0.09, 0.22], and explanations with eroded jargon: 95% Cl = [0.02, 0.18];
(2) but we find no evidence for such in explanations that preserve the original
jargon:95% Cl=[-0.08,0.18].

canidentify that, they could potentially default toincluding jargonin
explanations. This would constitute a problematic misalignment not
only because individuals’ preferences do not necessarily engender
better learning, but also because vigilance for such amismatch would
below®.

The present work is not without limitations. Notably, we focus on
explicitjudgements of explanations, rather than their use in real-world
decision-making over time (for instance, in solving everyday prob-
lems*"). It thus remains alargely open question how such explanations
translateinto real-world consequences. Nevertheless, our effect sizes
are not negligible (see Supplementary Table 29) and they extend to
more naturalistic settings (that is, explanations in the form of social
media posts in Study 2C). It is also plausible, although needing verifi-
cation, that the miscalibration in explanation ability documented in
Studies 3B and 4 shapes whether and how laypeople share the explana-
tions they have been exposed to with others.

Another limitation concerns the scope of our materials. While we
aimed togenerate adiverse but representative set of largely novel scien-
tificexplanations for our participant population, we cannot confidently
generalize to all scientific content. We also expectimportant boundary
conditions to our effects of jargon to arise with different populations
andindifferent contexts. For example, our findings probably hinge on
participants’ assumption that the jargon included in explanations is
legitimate and relevant. A more informed or sceptical population could
question these assumptions, resulting in different patterns of effects.
Ontheotherhand, therole of jargonin ‘fixing’ defective explanations
could extend beyond the simple case of circularity: participants might
assume that jargon compensates for other explanatory defects, such
as weak evidence or an unspecified mechanism.

All in all, the present research proposes an account of when
and how jargon influences perceptions of (scientific) explanations.
Although always detrimental for perceptions of comprehensibil-
ity, jargon can increase perceptions of explanatory satisfaction for
low-quality explanations. Thisis because jargon decreases the percep-
tion that the explanation contains explanatory gaps. This account not
only identifies strategies for bringing explanatory satisfaction into
closer alignmentwithactual understanding, but also offers aroadmap
for studying puzzles of ignorance more broadly—how individual minds
deal with the complex knowledge distributed across communities of
minds with variable expertise.

Methods

The present research complied with all relevant regulations and
was granted ethics approval by Princeton University’s Institutional
Review Board (Protocol 10662 IAA: Explanations and concepts). All
participants provided informed consent before participating in the
experiment. Although the experimental conditions that participants
were assigned to were masked from participants, conditions were not
masked from the researchers for the purposes of data analysis (it was
masked for coding purposes, nonetheless; see ‘Study 3B’ in Methods).

Study 1A
This experiment was preregistered on 14 December 2023, and data
were collected between 14 and 20 December 2023.

Participants. Our final sample included 737 participants recruited on
Prolific (M,,. = 40.61years, s.d.,,. =13.95 years; 338 men, 376 women,
20 non-binary and 3 did not disclose). An additional 38 participants
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were excluded for failing to complete the experiment or failing atten-
tion checks, as preregistered. Participants were paid US$0.70 for their
participation (that s, at a US$10.50 hourly rate; all $ symbols hereafter
refer to US dollars).

We preregistered a final sample of 728 participants. This number
was informed by a sample size estimation conducted on G*Power
(v.3.1)*, considering an effect half as large as that obtained by ref. 23,
for power set at 80%. The effect in question was that corresponding
tothedifference between the no-jargonand added-jargon conditions
(seebelow). Since our designis within participants, this target sample
actually yields power above 80% for an effect size of the magnitude
described.

Materials. We created sets of explanations for three scientific phe-
nomena: the formation of wine diamonds, candy triboluminescence,
and therelationship between scented candles and cancer. The first two
topics were drawn from previous research?; the third was selected after
reviewing multiple online sources that we deemed to be reliable (for
example, governmental websites, policy reports, scientific papers).
These three phenomenawere selected because they concernrelatively
unfamiliar scientific phenomena; hence we expected participants to
be unfamiliar with their explanations.

For each phenomenon, we created three circular explanations:
one without jargon (‘no-jargon text’), one with jargon added to the
no-jargon text (‘added-jargon text’), and one with jargon added in
lieu of non-jargon text (‘replacement-jargon text’). All explanations
were circular in the sense that they simply restated the phenomenon
or relationship being explained. For example, for scented candles,
the question was “Why do scented candles cause bladder cancer?”
and the explanations were the following: “Burning scented candles
causes changesinthe replication of bladder cells - leading to bladder
cancer” (no-jargon text), “Burning scented candles causes changes in
the replication of bladder cells (specifically, changing base excision
repair) - leading tobladder cancer” (added-jargon text) and “Burning
scented candles causes base excision repair changes in bladder cells -
leading to bladder cancer” (replacement-jargon text).

Explanations without jargon and with jargon replacing non-jargon
content (that is, the no-jargon and replacement-jargon texts) were
matched inword count (range:10-15words), while added jargon texts
were longer by virtue of the jargon added to the no-jargon text (range:
20-22words). Weincorrectly preregistered that explanations without
jargonwould be matched inlength with explanations withjargonadded
tothem, instead of those for which jargon replaced non-jargon content.
We meant to preregister what we implemented (and what is noted
above), as otherwise explanations with jargon replacing non-jargon
content would necessarily be shorter than versions without jargon and
thus vary in more than just whether they had jargon or not.

This error extends to the preregistrations for Studies 1B and C.
All explanations across all studies are available in a dedicated OSF
folder (https://osf.io/ytakw/?view_only=f3c34c42f79d4ecca2ab550
2¢35c¢0591).

Design and procedure. After providing their consent, participants
were presented with three explanations, oneatatime, inrandomorder.
Each explanation concerned a different phenomenon (wine diamonds,
candy triboluminescence, or scented candles), and each explanation
involved a different role for jargon (no-jargon text, added-jargon text,
replacement-jargon text). Thus, phenomenonand text type were both
within-participant variables, with the assignment of phenomenato text
type randomized across participants.

After reading each explanation, and on a different page, partici-
pants responded to a set of measures using 7-point Likert scales. The
measures were presented in the order described below (except when
noted). The first item was a ‘jargon manipulation check’ to verify that
explanations with jargon were perceived to contain more specialized

language than those without (“To what extent do you think that the
text thatyoujust read is jargony? By jargony we mean that itis written
withwords or expressions used by agroup specialized in the topic that
others may not know about or may find difficult to understand.”; from
1=Notjargony atall, to 7 = Very jargony). The second set of items was
adapted from previous literature finding favourable effects of jargon
onexplanation ratings'®™. Specifically, participants reported ‘explana-
tory satisfaction’ (“How satisfying did you find this explanation for
[phenomenon]?”; from 1= Not at all satisfying, to 7 = Very satisfying)
and ‘perceived learning’ (“To what extent has this explanation for [phe-
nomenon] taught you something new?”; this item was presented last
and was answered from1 = Definitely nothing new, to 7 = Definitely alot
new). The final set of items was drawn from previous work documenting
negative effects of jargon®** and assessed ‘comprehensibility’ (“How
comprehensible was this explanation for [phenomenon]? By compre-
hensible we mean that you perceive the text as vivid, that you feel you
can distinguish essential from rather unimportant information, that
you think you canjudge whether the single statements are consistent
and not in conflict with one another, and that you feel you can clearly
and comprehensively understand and connect the single statements
made by the author.”; from 1= Very incomprehensible, to 7 = Very
comprehensible), ‘confidence’ (“To what extent do you agree with the
following statement: Based on my present knowledge about the topic,
I am confident to decide whether it is correct that [phenomenon].”;
from 1=Strongly disagree, to 7 = Strongly agree), and ‘deference to
experts’ (“To what extent do you agree with the following statement:
Before l decide whether the explanationljust read is true, I would like
to seek further advice from an expert.”; from1=Strongly disagree, to
7 =Strongly agree).

Participants were debriefed and dismissed after answering two
simple attention check questions (for example, “In this experiment,
you read a text about: (1) The theory of natural selection, (2) Human
contributions to tectonic activity, (3) A potential cause for cancer, or
(4) Australian wildfires and governmental policies”) and providing
demographicinformation.

Study 1B
This experiment was preregistered on 6 December 2023, and data were
collected between 6 and 14 December 2023.

Participants. Our final sampleincluded 734 participants recruited on
Prolific (M,g =40.67 years, s.d.,,. =12.48 years; 369 men, 348 women,
13 non-binary and 4 did not disclose). An additional 41 participants
were excluded for failing to complete the experiment or failing atten-
tion checks, as preregistered. Participants were paid $0.70 for their
participation (thatis, ata $10.50 hourly rate).

We preregistered afinal sample of 728 participants, on the basis of
the same procedure used in Study 1A and described above.

Materials. We created new explanations for the same phenomena used
in Study 1A (wine diamonds, candy triboluminescence and scented
candles); there were three different explanations for each phenomenon
with no-jargon, added-jargon and replacement-jargon texts. This time,
however, the explanations were ‘minimal’ in the sense that they offered
apartial butincomplete mechanism.

Forexample, for scented candles, the explanations were the follow-
ing: “Burning scented candles can cause a series of physical, chemical
andbiological changes that resultin uncontrolled cell replicationinthe
bladder - orbladder cancer.” (nojargon), “Burning scented candles can
cause aseries of physical, chemical and biological changes (through the
creation of deoxyribonucleic acid adducts that compromise base exci-
sionrepair mechanisms), leading touncontrolled cell replicationin the
bladder - orbladder cancer.” (addedjargon), and “Burning scented can-
dles can create deoxyribonucleic acid adducts that compromise base
excision repair mechanisms, leading to uncontrolled cell replication
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in the bladder - or bladder cancer.” (replacement jargon). No-jargon
and replacement-jargon texts were matched in length (range: 24-25
words); added-jargon texts were slightly longer (range: 34-37 words).

Design and procedure. The design and procedure followed Study
1A, except that the explanations used were minimalinstead of circular
(see ‘Materials’).

Study 1C
This experiment was preregistered on 20 December 2023, and data
were collected between 20 December 2023 and 2 January 2024.

Participants. Our final sampleincluded 733 participants recruited on
Prolific (M,, = 41.07 years, s.d.,,. =13.91 years; 352 men, 366 women,
13 non-binary and 2 did not disclose). An additional 68 participants
were excluded for failing to complete the experiment or failing atten-
tion checks, as preregistered. Participants were paid $0.70 for their
participation (that s, at a $10.50 hourly rate).

We preregistered afinal sample of 728 participants, on the basis of
the same procedure used in Study 1A and described above.

Materials. We created new explanations for the same phenomenaused
in Studies 1A and B (wine diamonds, candy triboluminescence and
scented candles). We used the same approach from previous studies
to generate three versions of each text: no jargon, added jargon and
replacement jargon. These explanations were ‘complete’in the sense
that theyidentified the key processesinvolvedin generating each phe-
nomenon. Forexample, for scented candles, the explanations were the
following: “Burning scented candles releases dangerous chemicals into
the air. When these chemicals are ingested, they can link themselves
to our genetic material and damage it, leading to uncontrolled cell
replication in the bladder - or bladder cancer.” (no jargon), “Burning
scented candles releases aromatic hydrocarbons, a class of dangerous
chemicals, into the air. When these chemicals are ingested, they can link
themselves to our genetic material, creating deoxyribonucleic acid
adducts, which damage the genetic material (specifically, the DNA’s
base excision repair mechanism), leading to uncontrolled cell replica-
tionin thebladder - or bladder cancer” (added jargon), and “Burning
scented candles releases aromatic hydrocarbons into the air. When
aromatic hydrocarbons areingested, they can create deoxyribonucleic
acid adducts, damaging DNA’s base excision repair, leading to uncon-
trolled cellreplicationinthe bladder - or bladder cancer” (replacement
jargon). Again, we matched the no-jargonand replacement-jargon texts
in word count (no jargon: 39-44 words; added jargon: 55-62 words;
replacement jargon: 39-44 words).

Design and procedure. The design and procedure followed Stud-
ies 1A and B, except that the explanations used were complete (see
‘Materials’).

Study 2A
Thisexperiment was preregistered on 27 February 2024, and datawere
collected between 28 February and 3 March 2024.

Participants. Our final sample included 1,014 participants recruited
on Prolific (M, = 39.71years, s.d.,,. =13.31 years, not considering a
participant who answered ‘1981’ but was included for analyses nonethe-
less, since there were no additional concerns about the quality of their
data; 427 men, 563 women, 22 non-binary and 2 did not disclose). An
additional 76 participants were excluded for failing to complete the
experiment or failing attention checks, as preregistered.

Participants were paid $0.70 for their participation (thatis, ata
$10.50 hourly rate).

We preregistered a final sample 0of 1,000 participants. This number
wasinformed by power simulations conducted using the Superpower

package (v.0.2.0)®, considering the data from Studies 1A and C in
combination. For this final sample, we would have 98.5% power to
detect a target jargon x completeness (see below) interaction effect
matching that found in our data, 79.5% power to detect one with 3/4
of its magnitude and 48.5% to detect one with half the magnitude of
the original effect.

Materials. Study 2A employed the no-jargon and added-jargon ver-
sions of the circular and complete explanations from Studies 1A and
C, respectively. In addition, we created no-jargon and added-jargon
versions of circular and complete explanations for two new phenom-
ena: the relationship between urban areas and climate change, and
the relationship between food waste and greenhouse gas emissions.
For example, for food waste, the question was “Why does food waste
in landfills increase greenhouse gas emissions?”, and the explana-
tions were the following: “Food waste in landfills undergoes chemical
transformations that produce greenhouse gases” (circular nojargon),
“Food waste in landfills undergoes chemical transformations (specifi-
cally, hydrolysis and acidogenesis) that produce greenhouse gases”
(circular added jargon), “Food waste in landfills undergoes chemi-
cal transformations. The organic matter decomposes into simpler
molecules that microorganisms turn into acids. In an environment
without oxygen, these acids are transformed by bacteriainto methane,
agreenhouse gas.” (complete no jargon), and “Food waste in landfills
undergoes anaerobic decomposition, akind of chemical transforma-
tion. The organic matter decomposes into simpler molecules (through
hydrolysis) that undergo acidogenesis, turninginto acids with the help
of microorganisms. In an anaerobic environment (thatis, one without
oxygen), these acids are transformed by bacteria called methanogenic
archaea into methane, a greenhouse gas.” (complete added jargon).
Circular explanations were shorter than complete explanations; since
the added-jargon texts were created by adding jargon to no-jargon
texts, they were not matched in word count (circular no jargon:10-23
words; circularadded jargon: 15-30 words; complete nojargon; 35-51
words; complete added jargon: 55-71 words).

Design and procedure. After providing informed consent, partici-
pants read two explanations in random order, one at a time, inter-
leaved with our measures of interest. Jargon was manipulated within
participants: One explanation used a no-jargon text and the other
an added-jargon text. Explanation completeness was manipulated
between participants: Half of the participants read two complete expla-
nations (n = 505), whereas the other half read two circular explanations
(n=509). The two explanations seen by a given participant always
involved different phenomena, randomly sampled from our pool
of five (wine diamonds, candy triboluminescence, scented candles,
urban areas, food waste).

After reading each explanation, participants answered a set of
items using 7-point Likert scales, with all items presented on one page.
Participants saw theitemsin the following order: (1) jargon manipula-
tion check, (2) ‘perceived gappiness’ (“Explanations have ‘gaps’ when
they’re missing some of theinformation you would need for acomplete
explanation. To what extent does the explanation for [phenomenon]
have gaps init?”; from 1= No gaps, to 7= Many and/or large gaps),
(3) explanatory satisfaction, (4) comprehensibility, (5) ‘truthfulness’
(“Towhat extent do you think that the explanation for [phenomenon]
that youjust read is true?”; from 1= Very untrue, to 7 = Very true), (6)
confidence, (7) deference to experts, (8) ‘source expertise’ (“To what
extent do you think that the source of the explanation has expertise on
thetopic?”;from1=Verylow expertise, to 7 = Very high expertise) and
(9) perceived learning. While the measures of perceived gappiness and
source expertise were created for the purpose of this study, the truth-
fulnessitem was adapted from previous literature on the detrimental
effects of jargon®®; all other items were worded as in previous studies
(see Study 1A procedure).
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After reading and rating the two explanations, participants pro-
vided demographic information and answered our attention checks
before being debriefed and dismissed.

Study 2B
This experiment was preregistered on21 May 2024, and data were col-
lected between 23 and 24 May 2024.

Participants. Our final sample included 509 participants recruited on
Prolific (M, = 39.32 years, s.d.,,. = 12.89 years; 208 men, 293 women,
6 non-binary and 2 did not disclose). An additional 42 participants
were excluded for failing to complete the experiment or failing atten-
tion checks, as preregistered. Participants were paid $0.70 for their
participation (that s, at a $10.50 hourly rate).

We preregistered a final sample of 500 participants. No statisti-
cal methods were used to predetermine this study’s intended final
sample ssizes; instead, given that we were interested in one level of the
between-participants conditions in Study 2A (that s, circular explana-
tions), we cut Study 2A’s sample in half.

Materials. In this study, we only considered circular explana-
tions from previous studies (that is, Studies 1A and 2A). We kept
the no-jargon texts as originally included in these studies but
adapted the added jargon to employ invented as opposed to actual
jargon. This ensured that any boosts to explanatory satisfaction, if
found, did not reflect genuine explanatory insight garnered from the
contentofthe jargon terms. Toaccomplish this, we created pseudow-
ords by rearranging the letters within each jargon word included in
the original explanations (for example, in the explanation for food
waste: ‘hydrolysis and acidogenesis’ was replaced with ‘dryholysis
and egenacidosis’), which we then confirmed to be pseudowords
by searching for their meaning online (and failing to find any hits).
Thus, invented jargon matched the real jargon used previously
inlength.

We employed a total of ten circular explanations, five without
jargonand five withinventedjargon, spanning five different phenom-
ena (scented candles, wine diamonds, candy triboluminescence, food
waste and urban areas). Since explanations were either those used
previously or the result of simply replacing jargon words with rear-
rangements of the same letters, their length matched that of circular
explanations used in other studies (no jargon: 10-23 words, vs added
jargon:15-30 words).

Design and procedure. The design and procedure followed Study 2A,
except that the explanations used were circular with invented jargon
(see ‘Materials’).

Study 2C
This experiment was preregistered on 21 November 2024, and data
were collected between 21and 22 November 2024.

Participants. Our final sample included 1,012 participants recruited
on Prolific (M, =39.05 years, s.d. .. = 13.32years; 399 men, 597 women
and 16 non-binary). An additional 90 participants were excluded for
failing to complete the experiment or failing attention checks, as pre-
registered. Participants were paid $0.70 for their participation (that
is,ata $10.50 hourly rate).

We preregistered afinal sample 0of 1,000 participants. This number
was againinformed by power simulations conducted using the Super-
power package (v.0.2.0)*, matching target sample to that collected in
studies with similar designs (that is, with between-participants factors,
Study 2A) and based on pilot data. Based on these power simulations,
we would have 99.85%, 95.60% and 67.30% power to detect an effect size
0f100%, 75% and 50% (respectively) of that obtained with pilot data for
the considered design and sample size.

Materials. In this study, we adapted the explanations from Study 2B to
reduce the totalamount of jargon and eliminate any words that could
offer participants some understanding (for example, we removed
the word ‘repair’ from ‘base excision repair, which became the single
pseudoword ‘bensatonicity’). We also relaxed the constraint that our
pseudowords had to contain the same letters as the original jargon to
create more natural-sounding pseudowords. These explanations were
then incorporated into the wording and visual layout of a tweet (see
Fig.3),asocialmedia post fromthe platform called X (previously called
Twitter). The alleged poster username was generated using a tweet
handle randomizer based on keywords for each explanation (that is,
‘medicine, ‘oenology, ‘chemistry, ‘environmentalist’and ‘architect’).
The metadata (that is, posting date, likes, quotes and retweets) were
randomized using online tools.

In addition, we added an introductory sentence or question to
eachposttomorerealistically replicate the properties of similar posts;
hence the texts were longer than in Study 2B (although the explana-
tions themselves had approximately the same length; nojargon: 26-44
words, vs added jargon: 26-45 words).

Design and procedure. Participants were first presented two tweets,
one with and one without jargon, in random order, and asked, for
each, whether they would share them (that is, “Would you retweet
or otherwise share this post?”). These were presented to familiarize
participants with the visual format of a tweet and to increase partici-
pants’ sensitivity to the role of jargon (that is, establishing a baseline
for what explanations could look like). They then read a third tweet
about a different topic that, crucially, included either an explanation
with (n =510) or without (n = 502) jargon. Jargon was thus manipulated
between participants. The topics were randomly allocated to the three
tweets that participants were presented with. After reading the third
tweet (twice, the second time being asked to pay close attentiontoit),
participants answered the measures collected in Study 2B (minus the
jargon manipulation check) in the same order as in previous studies.

Study 3A
This experiment was preregistered on 14 March 2024, and data were
collected between 14 and 27 March 2024.

Participants. Our final sampleincluded 1,026 participants recruited on
Prolific (Mg = 39.40 years, s.d.,.. =13.46 years; 429 men, 559 women,
35 non-binary and 3 did not disclose). An additional 84 participants
were excluded for failing to complete the experiment or failing atten-
tion checks, as preregistered. Participants were paid $1.05 for their
participation (thatis, ata $10.50 hourly rate).

We preregistered afinal sample 0of 1,000 participants. This number
wasinformed by power simulations conducted using the Superpower
package (v.0.2.0)*. We focused on the target interaction between
jargon and timing observed in pilot data, and for circular explana-
tions specifically. For N=500, we would have 95.9% power to detect
an interaction (that is, Jargon x Timing) effect matching that found
inour data, 87.65% power to detect one with 3/4 of its magnitude and
69.15% to detect one with half the magnitude of the original effect we
obtained. We doubled this sample to accommodate asecond levelina
between-participants condition—explanation completeness: complete
explanations, which we did not consider in our power simulations
because we did not anticipate any effect to emerge for this level of the
condition.

Materials. We used the same 20 explanations from Study 2A, reflect-
ing explanations that did or did not contain jargon, were circular or
complete, and pertained to one of five phenomena (scented candles,
wine diamonds, candy triboluminescence, urban areas, food waste).
In addition, and for each phenomenon, we created one open-ended
question. The questions were constructed to meet two criteria: (1) they
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requested information contained within the complete explanations
and (2) they requested information that was not contained within the
circular explanation. For example, the follow-up question correspond-
ing to the no-jargon text for scented candles was, “How do dangerous
chemicals induce changes in cell replication?”. For participants who
received added-jargon texts, we used a version of the question that
added the corresponding jargon, for example, “How do dangerous
chemicalsinduce changesin cell replication (specifically, in base exci-
sionrepair)?”. This was done to better match the questionsto the com-
plete explanations from which they were extracted and to make it less
likely that participants would answer the question by simply restating
the jargon from their explanation when it was provided.

Design and procedure. Participants first read an explanation and
then responded to the following measures in the following order:
(1) perceived gappiness, (2) explanatory satisfaction, (3) perceived
learning and (4) comprehensibility. Participants then had to provide
ananswer for a question about the phenomenon the explanation was
about. They were told to think carefully and required to spend at least
30 scompleting this task, although there was no maximum time limit.
After answering the question, participants were again asked torate the
original explanation using the four measures listed above (presented
inthe same order).

Participants repeated this procedure twice, once for ano-jargon
text and once for an added-jargon text. The follow-up question con-
tained nojargon for no-jargon texts and jargon for added-jargon texts.
Thus, jargon was manipulated within participants, and explanation
completeness between (circular explanations: n =508, complete expla-
nations: n=518). The two explanations always pertained to two distinct,
randomly assigned phenomena. Finally, participants provided demo-
graphicinformation, answered attention checks, and were debriefed
and dismissed.

Study 3B
This experiment was preregistered on 28 March 2024, and data were
collected between 4 and 10 April 2024.

Participants. Our final sampleincluded 512 participants recruited on
Prolific (M,, = 40.65 years, s.d.,,. = 13.62 years; 195 men, 303 women,
10 non-binary and 4 did not disclose). An additional 53 participants
were excluded for failing to complete the experiment or failing atten-
tion checks, as preregistered. Participants were paid $1.40 for their
participation (that s, at a $10.50 hourly rate).

We preregistered afinal sample of 500 participants. This number
was informed by power simulations conducted using the Superpower
package (v.0.2.0)*°. We based the simulation on pilot data, considering
the primary effect of interest (that is, interaction between jargon and
timing). For N=500, we would have 96.55% power to detect aninterac-
tion (that s, Jargon x Timing) effect matching that found in our data,
88.15% power to detect one with 3/4 of its magnitude and 46.85% to
detect one with halfthe magnitude of the original effect we obtained.

In a second set of analyses that were not preregistered (see main
text) but emerged after reviewing generated explanations, we con-
sidered only participants who generated explanations that were of
high quality (V=374). Participants were included in this subsample if
none of their generated explanations: (1) were obviously Googled (for
example, copied and pasted from an online source) or generated by a
large language model (for example, contained LLM speech markers;
N=22),(2) mentioned an explanation having been provided previously
(N=18), or (3) simply refused to answer or claimed ignorance (N =50);
48 participants met more than one criterion.

Materials. We used no-jargon and added-jargon texts for circular expla-
nations from previous studies (that is, Studies 1A, 2A and B, and 3A).
There were 10 explanations in total, spanning five phenomena (scented

candles, wine diamonds, candy triboluminescence, urban areas and
food waste) across two levels of jargon (no jargon and added jargon).

Design and procedure. In an initial block, participants read explana-
tions, oneatatime, and assessed them on the following measuresin the
following order: perceived gappiness, explanatory satisfaction, ‘genera-
tion quality’ (“If you were to write an explanation for [phenomenon]
based on what you've learned, how good do you think another person
would thinkitis?”; from 1= Very poor,to7 = Very good), comprehensibil-
ity and perceived learning. This procedure was repeated four times for
different explanations about different phenomena presented inaran-
domorderandassigned at random (from our pool of five phenomena).
Two of the explanations used no-jargon texts and two used added-jargon
texts, such thatjargon was manipulated within participants.

In the second block, participants were instructed to generate
their own explanations. They received the same why-questions cor-
responding to the explanations they had just read but were instructed
to use their own words to explain the phenomenathey had justlearned
about. This generation task was self-paced, but participants were told
that they always had to write something before proceeding. They
wrote explanations one at atime, after which they again responded to
measures assessing ‘perceived gappiness’ (“Explanations have ‘gaps’
when they’re missing some of the information you would need for
a complete explanation. To what extent do you now think that the
explanation for [phenomenon] that you read at the beginning (that s,
before you wrote an explanation for it yourself) had gaps init?”; from
1=No gaps, to 7=Many and/or large gaps), ‘explanatory satisfaction’
(“How satisfying do you now find the explanation for [phenomenon]
thatyouread at the beginning (thatis, before you wrote an explanation
forityourself)?”; from1=Notatallsatisfying, to 7 = Very satisfying) and
‘generation quality’ (“If another person evaluated your explanation for
[phenomenon], how good do you think that other person would think
itis?”; from1=Very poor, to 7 = Very good). These items were worded
somewhat differently from their versions in the first block to make it
clear that the evaluation pertained to the original explanation (for
perceived gappiness and explanatory satisfaction) or to their gener-
ated explanations (for generation quality). Participants generated
explanations and provided ratings for the four phenomena they read
aboutinitially, although their order was again randomized (hence could
be different from the order in the first block).

Study 4
This experiment was preregistered on 18 April 2024, and data were
collected between 19 and 22 April 2024.

Participants. Our goal was to pair each participant from Study 3B
with (at least) one participant in this study. To ensure that Study 4’s
participants were presented with adequate explanations, we only
considered Study 3B participants who provided high-quality explana-
tions (N =374; see Study 3B ‘Participants’ subsection for criteria). We
collected data in waves, such that we recruited a new participant for
each participantin Study 3B who still had not been paired with a valid
participantin previous waves after exclusions; all waves were recruited
via Prolific. Therefore, in Study 4, no statistical methods were used to
predetermine sample sizes.

Our final sample consisted of 421 participants (M, = 37.37 years,
S.d.,. =12.48 years; 196 men, 213 women, 11 non-binary and 1 did not
disclose). This was achieved after aninitial sample of 374 participants,
an additional 63 in wave two (due to 48 missing pairs, because some
Study 3B participants were paired more than once, and 15 exclusions
inwave one), an additional 6 participants in wave three (four missing
pairs and two exclusionsin wave two) and afinal 2 participantsin wave
four (one exclusion in wave three and a buffer to account for possible
exclusions). Participants were paid $0.88 for their participation (that
is, ata $10.50 hourly rate).
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Materials. The explanations used in this study were those generated
by participants in Study 3B who passed a quality check (see Study 3B
‘Participants’ subsection). Each participant in Study 4 received all
four explanations from their yoked participant in Study 3B, such
that two had been generated after reading no-jargon texts and two
after reading added-jargon texts; all four pertained to different
phenomena.

Design and procedure. The procedure resembled that of Studies
1A-2B, except that participants read explanations generated by par-
ticipants in a previous study, instead of explanations created by the
research team. Each participantin this study was paired with a partici-
pant from Study 3B, such that the explanations they were presented
were those generated by the corresponding participant from Study 3B;
conversely, each participantin Study 3B’s explanations were matched
with at least one participant in Study 4.

Participants read several explanations, oneatatime,inrandom
order. After reading each explanation, they responded, on aseparate
page, to the following measures in the following order: ‘explana-
tion quality’ (mirroring Study 3B’s wording for generation quality;
“How good do you think that this explanation for [phenomenon]
is?”; from 1= Very poor, to 7 = Very good), perceived gappiness,
explanatory satisfaction, comprehensibility and perceived
learning. Finally, we debriefed and dismissed participants after they
provided demographic information and answered two attention
checks.

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

Data availability

Data for all studies are publicly available in a dedicated OSF folder at
https://osf.io/ytakw/?view_only=f3c34c42f79d4ecca2ab5502¢35¢0591
(ref. 86).

Code availability

Code for all analyses, figures and tables in both the main text and
Supplementary Information is publicly available in a dedicated OSF
folder at https://osf.io/ytakw/?view_only=f3c34c42f79d4ecca2ab55
02¢35c0591 (ref. 86).
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