
Journal of Personality and Social Psychology
Truth Over Falsehood: Experimental Evidence on What Persuades and
Spreads
Nicolas Fay, Keith J. Ransom, Bradley Walker, Piers D. L. Howe, Andrew Perfors, and Yoshihisa Kashima

Online First Publication, September 29, 2025. https://dx.doi.org/10.1037/pspa0000467

CITATION

Fay, N., Ransom, K. J., Walker, B., Howe, P. D. L., Perfors, A., & Kashima, Y. (2025). Truth over falsehood:
Experimental evidence on what persuades and spreads. Journal of Personality and Social Psychology.
Advance online publication. https://dx.doi.org/10.1037/pspa0000467 



Truth Over Falsehood: Experimental Evidence on What Persuades and Spreads

Nicolas Fay1, Keith J. Ransom2, Bradley Walker1, Piers D. L. Howe3,
Andrew Perfors3, and Yoshihisa Kashima3

1 School of Psychological Science, The University of Western Australia
2 School of Computer and Mathematical Sciences, The University of Adelaide

3 School of Psychological Sciences, The University of Melbourne

The English poet John Milton portrayed truth as a powerful warrior capable of defeating falsehood in open
combat. The spread of false information online suggests otherwise. Here, we test the persuasive power and
transmission potential of true versus false messages in a controlled experimental setting, free from the
effects of social media algorithms and bot amplification. Across four experiments (combinedN= 4,607), we
tested how perceived veracity affects message persuasion and shareability, using messages generated by
both humans and large language models. Experiments 1 and 2 (persuasion game) involved participants
creating and evaluating persuasive messages; Experiments 3 and 4 (attention game) focused on messages
optimized to capture attention. Our findings consistently show that messages created with the intention of
being truthful were more persuasive and more likely to be shared than those designed to be false. While
perceived message truth was the main driver of persuasion, message transmission was primarily driven by
positive emotion and social engagement, indicating that social connection is prioritized during information
sharing. These results suggest that truth holds a competitive edge in the marketplace of ideas.

Statement of Limitations
The present research examines howmessage veracity influences persuasion and sharing within a controlled
experimental setting. Given the mixed findings returned by computational social science studies using
social media data, we prioritized internal validity. A primary limitation of our experiments is that the
generalizability of our findings to different populations, contexts, platforms, or real-world environments
remains uncertain. However, given the fundamental role of message veracity in effective decision making,
we anticipate that our findings may extend across diverse populations. We also acknowledge that per-
suasion and message transmission depend on factors beyond message content, such as source credibility.
Future research should explore these moderating factors to better understand the conditions under which
truth wins.
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Let her [Truth] and Falsehood grapple; who ever knew Truth put to the
worse, in a free and open encounter? (Milton, 1868)

In his defense of freedom of speech, the English poet John Milton
portrayed truth as a powerful warrior who can defeat falsehood in
open combat (Milton, 1868). The impact and spread of false infor-
mation through online media suggests otherwise. False information
has undermined public health (Pertwee et al., 2022), delayed climate
action (Treen et al., 2020), eroded trust in institutions (Green et al.,
2022), and manufactured societal problems that threaten the foun-
dation of liberal democracies (Lewandowsky et al., 2023). False
information has also been found to spread farther, faster, deeper, and
more broadly (via resharing) on the social media platform Twitter
(nowX; Vosoughi et al., 2018). This may be due to its greater novelty
and ability to elicit powerful negative emotions. Because falsehoods
are not constrained by reality in the way that truths are, they may have
an advantage in the marketplace of ideas (Abrams vs. United States,
1919; Dawkins, 1989). Concerns around the influence and spread of
false information are compounded by evidence indicating that once
false information is accepted, it is difficult to correct (Ecker et al.,
2022; Walter & Tukachinsky, 2020) and by the potential of large
language models (LLMs) to generate and disseminate false infor-
mation at scale (Verma, 2023).
Truth matters; it is foundational to epistemology—the branch of

philosophy concerned with the nature, origin, and limits of human
knowledge (Steup & Neta, 2005)—and is critical to forming accurate
beliefs andmaking effective decisions (Brownson et al., 1999; Savage,
1951). Fact-checking—the process of verifying the accuracy of
information, statements, and claims—reflects epistemology in action.
In this context, fact-checked posts on the Reddit platform that were
rated as true are associated with stronger user engagement (volume of
user comments and conversation length) than fact-checked posts rated
as false (Bond &Garrett, 2023). So, the engagement patterns observed
on Reddit differ from those observed on Twitter, where false infor-
mation was found to attract stronger user engagement. This suggests
that these differences may be due to platform-specific factors rather
than an inherent human preference for true or false information. The
present study tests a fundamental aspect of human nature—people’s
preference for true versus false information. This is done within a
controlled experimental environment that is unaffected by the choice
architecture and recommendation algorithms of social media plat-
forms, as well as the bots that can amplify certain viewpoints (Orabi et
al., 2020; Stella et al., 2018). In other words, the experiments reported
prioritize internal validity over external or ecological validity.
Of course, how a message is interpreted is only part of the equation.

Mass social influence requires two key elements: Messages must be
persuasive, which depends on how recipients evaluate their content,
and they must be received in the first place, which relies on successful
transmission. Persuasion cannot occur without transmission. Likewise,
merely receiving a message is not enough to exert influence—it
must also prompt a favorable evaluation (Briñol & Petty, 2012;
Greenwald, 1968; McGuire, 1985). The distinction between per-
suasion and transmission has parallels in the psychological literature,
which has investigated them in two relatively independent streams of
research. On the one hand, people’s responses to messages—such as
belief updating—are shaped by their persuasive power and personal
relevance, as well as contextual factors (Druckman, 2022; Petty &
Cacioppo, 1986). On the other hand,message transmissionmay occur
with minimal cognitive reflection (Pennycook & Rand, 2020) and

instead be driven by social and emotional motives—such as the desire
to connect with others, express one’s identity, or gain social approval
(Berger & Milkman, 2012; Heath et al., 2001; Kashima et al., 2020).
Although a message’s impact depends on both its persuasiveness and
spread, measures of engagement on social media primarily reflect
spread. As such, the perceived truthfulness of a message may relate
differently to its transmissibility than to its persuasive influence—a
possibility tested in the studies reported here. We also systematically
examine what other factors, beyond veracity, contribute to a mes-
sage’s impact. Recognizing that real-world messages vary across
multiple dimensions, we measured eight psychological message at-
tributes and investigated their relationship to two key outcomes:
message influence (operationalized as persuasion and belief updating)
and message spread (operationalized as self-reported intention to
share the message online or offline). This multidimensional approach
allowed us to identify the psychological features that most strongly
predict a message’s persuasive force and its likelihood of being
transmitted, offering insights into the cognitive, affective, and social
drivers of informational influence.

Experiments 1 and 2 report the findings of the persuasion game. In
Experiment 1 human participants were instructed to write 15 per-
suasive messages, each supporting a different claim (e.g., prisoners
should be forced to undertake manual labor) under one of three
conditions: when instructed to produce true messages (i.e., messages
they believe to be true), when instructed to produce false messages
(i.e., messages they believe to be false), or messages unconstrained
by veracity. A second group of participants then rated the messages
across a range of dimensions, including persuasiveness and will-
ingness to share. Experiment 2 replicated this design using persuasive
messages generated by an LLM (GPT-3.5), allowing us to assess the
robustness of the Experiment 1 findings when the messages originate
from a model trained on a vast and diverse corpus of text (see also
Acerbi & Stubbersfield, 2023; Bai et al., 2023; Dillion et al., 2023;
Howe et al., 2023; Spitale et al., 2023). To examine the extent to
which the goal of the message creator influences these outcomes, we
ran the attention game in Experiments 3 and 4. In these studies
participants were instructed to write messages designed to capture
attention. Experiment 3 followed the same design as Experiment 1,
using human-generatedmessages, while Experiment 4 used attention-
grabbing messages generated by an LLM.

Across all four experiments, we found that messages generated to
be true were also perceived as more truthful, and perceived truth was
the primary driver of both persuasiveness and belief change. Although
truemessageswere sharedmore often than false ones, themain drivers
of message transmission were social in nature, with sharing intentions
more strongly associated with positive emotion and perceived social
engagement.

Method

Each experiment received approval from The University of
Adelaide Ethics Committee. Participants viewed an information
sheet before giving consent to take part in the experiment. All
methods were performed in accordance with the guidelines from
the National Health and Medical Research Council/Australian
Research Council/University Australia’s National Statement on
Ethical Conduct in Human Research.
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General Methodology

People share a variety of information with others—everything
from their personal views on current events, to social issues, to
politics, to sports, and to pop culture. This information varies in its
degree of truthfulness, ranging from outright falsehoods to mis-
leading statements, half-truths, mostly accurate claims but with
minor inaccuracies, to entirely truthful content. That is, truthful-
ness is not always binary and cannot always be fact-checked (e.g.,
in the case of personal opinions). The present study reflects this
complexity by eliciting a large set of messages from both humans
and LLMs (5,469 unique messages in total) that vary in both the
intent behind their creation (truthful or not) and how truthful they
are perceived to be by others. This allows us to test the extent to
which a message’s intended and perceived truth (along with a range
of other dimensions) affects its persuasive force and transmission
potential.
While the experiments reported rely on intended and perceived

truth, one question is whether these more subjective measures of truth
meaningfully align with objective or “ground” truth, insofar as it can
bemeasured. Because hand checking 5,469messageswas prohibitive,
we trained two LLMs (GPT-4 and Perplexity) to assess the objective
truth of each message in Experiment 1 (see Supplemental Material 1
for the full analysis). Perplexity incorporates web searches to retrieve
up-to-date information from trusted sources, and both models were
first validated against a data set with a known ground truth. We then
examined the degree of correspondence between the LLM-generated
truth ratings and the human ratings. Human ratings were strongly
correlated with those from GPT-4 (r = .57) and Perplexity (r = .50),
suggesting that people’s subjective evaluations aligned with our best
measure of objective truth. This finding aligns with meta-analytic
evidence indicating that people are generally effective at distin-
guishing between true and false news (Pfänder & Altay, 2025).

Experiments 1 and 2: The Persuasion Game

In Experiments 1 and 2, the task was to design persuasive mes-
sages. This was incentivized by offering a $100 reward to the par-
ticipant who produced the most persuasive message in Experiment 1
(in addition to the payment for participation). In Experiment 1 human
participants wrote 15 persuasive messages that supported 15 different
claims under one of three conditions: when instructed to produce true
messages (i.e., messages they believed to be true), when instructed to
produce false messages (i.e., messages they believed to be false), or
when unconstrained by message veracity (i.e., they were told they
could use true and/or false information).We call this group the human
producers. The human-produced messages were then evaluated by a
second group of human participants who rated each message on a
range of dimensions. We call this group the human raters.
In Experiment 2 the messages were produced by an LLM

(GPT-3.5). The LLM was prompted to write 15 persuasive
messages that supported the same 15 claims used in Experiment
1. Here we focused on the two conditions of primary interest: the
true and false conditions. The LLM-produced messages were
then evaluated by a third group of human participants who rated
each message across a range of dimensions. To ensure consis-
tency in ratings across the human and LLM-produced messages,
50% of the messages evaluated by the raters were sampled from
the human producers in Experiment 1.

Participants

Experiment 1: Human Producers

A total of 285 participants were recruited as message producers
through Amazon Mechanical Turk. Users were eligible to participate
if they had previously passed a qualification study designed to test
their English proficiency. A total of 116 participants self-identified as
female, 165 as male, one as nonbinary, and one as trans female (the
remainder chose not to provide gender information). Participantswere
aged 22–72 years (M = 38.88, SD = 11.07). Most participants were
based in the United States (81%), and most self-reported being native
English speakers (73%) or fluent English speakers (24%). Most
message producers self-identified as White (63%, then 11% Asian,
8% Latinx, 6% Black) and were college educated (68%), politically
progressive (58%; 23% conservative), and frequent social media
users (87% were daily users). Participants were randomly assigned to
the experimental conditions (true, false, unconstrained), with the
allocation structured to ensure an equal number of participants in each
condition (N = 95). Each participant was paid $5.50 for approxi-
mately 25–35 min of work (median duration = 29 min).

Experiment 1: Human Raters

A total of 1,710 participants were recruited as message raters
through Amazon Mechanical Turk, having previously passed an
English-proficiency qualification study. To reduce overall costs, the
sample size was determined to ensure that nine out of 15 messages
were sampled from each producer, and each message was rated by 10
independent raters. Messages were allocated to the raters using a
randomized block design, which ensured that each rater saw one
message for each of the 15 claim types. Each of the 15 messages
allocated to each rater was sampled from a different producer and
included five messages from each of the three experimental condi-
tions (true, false, unconstrained). A total of 785 participants self-
identified as female, 909 as male, eight as nonbinary, four as trans
female, and four as trans male. Participants were aged 19–99 years
(M = 40.47, SD = 11.63). Most participants were based in the United
States (82%), and most self-reported being native English speakers
(77%) or fluent English speakers (20%). Most message raters self-
identified as White (68%, then 11% Asian, 7% Black, then 5%
Latinx) and were college educated (69%), politically progressive
(51%; 29% conservative), and frequent social media users (86% were
daily users). Each participant was paid $3.50 for approximately 15–25
min of work (median duration = 18 min).

Experiment 2: LLM Producer (GPT-3.5)

LLM-produced messages were generated using GPT-3.5 Turbo
(specifically, “gpt-3.5-turbo-0613”) via the Python application
programming interface. True- and false-condition messages were
generated by instantiating one of the prompt templates shown in
Table 1. Background information was included in the prompt to
encourage GPT to produce misinformation rather than denying the
request on ethical grounds (included in both conditions for con-
sistency). The request parameters “temperature,” “top-p sampling,”
“frequency penalty,” and “presence penalty” were all set to 1. LLM-
produced messages that exceeded the 280-character limit, were not
standalone (i.e., continued a previous message), were empty, or were
otherwise the result of a generation error were discarded. Each prompt
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invocation called for eight distinct messages to be produced (as
opposed to a single message), as pilot testing indicated that this
technique increased message diversity. Each prompt was executed
10 times to create a pool of 80 messages for each of the 15 claim
types. For each condition and claim type, a sample of six messages
was selected at random from the respective pool of 80 after dis-
carding anomalies, yielding a total of 180 messages (2 × 15 × 6).

Experiment 2: Human Producers

To create an evenly balanced message pool consisting of 180
human-produced and 180 LLM-produced messages, 180 messages
were selected at random from Experiment 1, with the constraint
that each message came from a unique producer, and there were
matching numbers of each claim type.

Experiment 2: Human Raters

A total of 300 adult participants were recruited as message raters
through Amazon Mechanical Turk, having previously passed an
English-proficiency qualification. Each person rated 12 messages,
comprised of six human-produced messages (three from the true
condition and three from the false condition) and six LLM-produced
messages (three from the true condition and three from the false
condition), sampled such that each rater evaluated 12 of 15 distinct
claim types. This sample size ensured that eachmessagewas evaluated
by 10 independent raters. A total of 114 participants self-identified as
female, 182 as male, and one as nonbinary (the remainder chose not to
provide gender information). Participants were aged 19–72 years (M=
38.80, SD= 11.01). Most participants were based in the United States
(79%), and most self-reported being native English speakers (72%) or
fluent English speakers (26%). Most message raters self-identified as
White (62%, then 14% Asian, 7% Latinx, 6% Indian, and 5% Black)
and were college educated (68%), politically progressive (47%; 32%
conservative), and frequent social media users (89%were daily users).
Each participant was paid $3.50 for approximately 15–25min of work
(median duration = 18 min).

Materials

Thirty-two claimswere developed and pretested. Examples include
the following: “Prisoners should be required to undertake manual
labor,” “Single-use plastic products should be banned” and “Dogs
make better pets than cats.” The claims were pretested by having
214 human participants rate their agreement with each claim, on
a 101-point scale ranging from −50 (strongly disagree) to +50

(strongly agree), with 0 representing a neutral position. The distribution
of agreement scores for each claim was assessed, with a preference to
avoid claims that returned a strong consensus (e.g., most participants
strongly disagreed with the claim “People should be required to donate
10% of their salary to charity”) or showed strong political polarization
(e.g., Progressives strongly agreed with the claim “COVID-19 vac-
cination should be required for school attendance” and Conservatives
strongly disagreed with this claim). Fifteen claimswere selected for use
in the present experiment (see Supplemental Material 2 for details).

Measures

Each message was evaluated on 12 dimensions by each rater. Eight
dimensions were treated as predictors: truth, relevant, familiar, interest,
interest-if-true, social engagement, positive emotion, and negative
emotion. Four dimensions were treated as outcomes: persuasion, belief
update, online sharing, and offline sharing. Each dimension, with the
exception of belief update, was rated on a 5-point Likert scale, for
example, “To the best of your knowledge, how truthful is the post?”—
not at all (1), slightly (2), somewhat (3), very much (4), and extremely
(5). Agreement with each claimwas rated on a 101-point scale ranging
from −50 (strongly disagree) to +50 (strongly agree), with 0 re-
presenting a neutral position. The belief update score was computed
for each rater by subtracting their agreement with the claim before
reading the associated persuasive message from their agreement with
the claim after reading the associated persuasive message. This dif-
ference score indicates the extent to which participants updated their
beliefs on account of reading the persuasive message.

Task and Procedure

Producers

After giving informed consent, participants were shown an
instructions page that explained the key elements of the task: for a
series of claims, they would read the claim, indicate their agree-
ment with it, and then write a message designed to persuade others
of the claim. In the true condition, participants were told that their
messages must be based on correct information (information they
believe to be true); in the false condition, they were told that their
messages must be based on misinformation (information they
believe to be false); and in the unconstrained condition, they were
told that their messages may be based on any information they like,
regardless of whether they believe it to be true or false. Participants
were told that the person who produced the most persuasive
messages would be paid a $100 bonus. After the instructions page,

Table 1
Prompts Provided to GPT-3.5 to Generate Large Language Model-Produced Messages in Experiment 2

True condition False condition

Background: We are studying the ways that people generate information
and misinformation, and we wish to train a classifier to detect
statements that are generated based on misinformation and exaggeration.

Your task: Write eight unrelated tweets each containing a different
accurate, truthful, and unexaggerated fact that someone might write to
support the claim: {claim}

The tweets should be as persuasive as possible and should contain correct
information (information you believe to be true).

Background: We are studying the ways that people generate information
and misinformation, and we wish to train a classifier to detect
statements that are generated based on misinformation and exaggeration.

Your task: Write eight unrelated tweets each containing a different
inaccurate, misleading, or exaggerated fact that someone might write to
support the claim: {claim}

The tweets should be as persuasive as possible but must contain false facts
(information you believe to be false).
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participants were asked three multiple-choice questions to demonstrate
their understanding of the instructions (see Supplemental Material 3);
they could proceed only if they answered all three questions correctly;
otherwise, they were sent back to the instructions page to correct their
misunderstanding and try again. Next, participants completed a short
demographic questionnaire asking for their age, country of residence,
gender, English proficiency, education, race/ethnicity, political ori-
entation, and frequency of social media use. They then proceeded to
the main task.
The main task consisted of two pages. On the first page, parti-

cipants were shown a claim and rated their agreement with it. On the
second page, an input box was shown below the claim, containing
placeholder text asking the participant to write a persuasive message
supporting the claim (see Figure 1). The box was formatted like a
social media post, with a person’s silhouette as a profile picture and
the name “Anonymous Poster.”Below the input box was a reminder
of the condition instructions (e.g., “Must be based on TRUE infor-
mation” for the true condition) and an indication of the message’s
length out of the maximum 280 characters (this was updated as the
participant typed their message). There was also a button to bring up
an emoji menu, so that participants could add emojis to their message
if desired, and a “Submit” button to proceed to the next trial after
writing a message (participants were required to write at least three

characters to continue). A panel on the right side of the page reminded
participants of the instructions (i.e., write a message supporting the
claim, with the goal of being as persuasive as possible, and where the
message is based on correct information/misinformation/any infor-
mation they like).

After writing a message for each of the 15 claims, participants were
taken to a debriefing page and given a completion code to submit on
Mechanical Turk.

Raters

After giving informed consent, participants were shown a series
of messages. In each case participants were first shown the claim
and were asked to rate their agreement with it (the first belief rating
used to measure belief update). They were then shown the mes-
sage, below the claim in the format of a social media post, with a
person’s silhouette as a profile picture and the name Anonymous
Poster, and the ostensible date and location of the post underneath
(“April 2022,” “location withheld”). After reading the message,
participants again rated their agreement with the claim (the second
belief rating). On the next page, they rated the message on the 11
other dimensions (truth, relevant, interest, interest-if-true, familiar,
persuasion, social engagement, positive emotion, negative emotion,

Figure 1
A Screenshot From the Experiment 1 Producer Task in the True Condition

Note. In the false condition, the prompt below the message input box read “Must be based on FALSE information” (with a
devil emoji), and the panel on the right (in the “What can I say?” section) read “Your message must be based on misinformation
(information you believe to be false).” In the unconstrained condition, the prompt read “May be based on TRUE or FALSE
information” (with a grinning emoji), and the panel read “Your message may be based on any information you like regardless of
whether you believe it to be true or false.” In Experiment 3 the title in the top right was changed to “TheAttention Game,” and the
“Your goal” text was changed to Gain as much attention as possible. Screenshots for each condition in each experiment are
included in Supplemental Material 4. See the online article for the color version of this figure.
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online sharing, offline sharing). The order of the two pages after
reading the message was counterbalanced across participants.
Participants rated one claim/message at a time, and after rating every
message, they were taken to a debrief page and given a comple-
tion code.

Statistical Analysis

The data were analyzed using linear mixed-effects modeling
(including the backward stepwise regression analyses). The fixed
effect (message veracity: true, false, unconstrained) was treatment
coded. The random effects structure included by-producer, by-rater,
and by-claim random intercepts. This allowed us to account for var-
iations among the producers, the raters, and the claims. All analyses
were performed, and all figureswere created inR (RCore Team, 2013).
Statistical models were estimated using the lmer() function of the
lmerTest (Bates et al., 2013; Kuznetsova et al., 2017) package. The
statistical analyses were preregistered at https://aspredicted.org/see_o
ne.php, and the data, R Notebooks, and Supplemental Materials are
provided on the Open Science Framework (Fay et al., 2024).

Experiments 3 and 4: The Attention Game

In Experiments 3 (human producers) and 4 (LLM producers), the
task was to design attention-grabbing messages. This was incen-
tivized by offering a $100 reward to the participant who produced
the most attention-grabbing messages in Experiment 3 (in addition
to the payment for participation). Aside from this change to the
goal, the materials, measures, experimental procedure, and statis-
tical analyses were identical to the persuasion game.

Experiment 3: Human Producers

A total of 285 participants were recruited as message producers
through Amazon Mechanical Turk. Users were eligible to participate
if they had previously passed a qualification study designed to test
their English proficiency. A total of 139 participants self-identified as
female, 142 as male, one as nonbinary, and one as trans female (the
remainder chose not to provide gender information). Participants were
aged 19–73 years (M = 40.43, SD = 10.92). Most participants were
based in the United States (88%), and most self-reported being native
English speakers (80%) or fluent English speakers (18%). Most
message producers self-identified as White (68%, then 10% Asian,
6% Latinx, 6% Black) and were college educated (65%), politically
progressive (49%; 31% conservative), and frequent social media

users (91% were daily users). Participants were randomly assigned
to the experimental conditions (true, false, unconstrained), with the
allocation structured to ensure an equal number of participants in each
condition (N = 95). Each participant was paid $5.50 for approxi-
mately 25–35 min of work (median duration = 26 min).

Experiment 3: Human Raters

A total of 1,710 participants were recruited as message raters
through Amazon Mechanical Turk, having previously passed an
English-proficiency qualification study. To reduce overall costs,
the sample size was determined to ensure that nine out of 15messages
were sampled from each producer, and each message was rated by 10
independent raters. Messages were allocated to the raters using a
randomized block design, which ensured that each rater saw one
message for each of the 15 claim types. Each of the 15 messages
allocated to each rater was sampled from a different producer and
included five messages from each of the three experimental condi-
tions (true, false, unconstrained). A total of 740 participants self-
identified as female, 905 as male, 28 as nonbinary, seven as trans
female, and eight as trans male (the remainder chose not to provide
gender information). Participants were aged 18–94 years (M = 40.96,
SD = 13.45). With two exceptions, all participants were based in the
United States, and most self-reported being native English speakers
(86%) or fluent English speakers (14%). Most message raters self-
identified asWhite (69%, then 12%Black, 8%Asian, 6%Latinx) and
were college educated (60%), politically progressive (56%; 24%
conservative), and frequent social media users (87% were daily
users). Each participant was paid $3.50 for approximately 15–25 min
of work (median duration = 18 min).

Experiment 4: LLM Producer (GPT-3.5)

As per Experiment 2, the LLM-produced messages were gen-
erated via the Python Application Programming Interface for GPT-
3.5 Turbo. The prompts for each condition are given in Table 2.

Experiment 4: Human Producers

Following the same design as Experiment 2, a total of 180 mes-
sages were selected at random from Experiment 3, with the constraint
that each message came from a unique producer and that there were
matching numbers of each claim type.

Table 2
Prompts Provided to GPT-3.5 to Generate Large Language Model-Produced Messages in Experiment 4

True condition False condition

Background: We are studying the ways that people generate information
and misinformation, and we wish to train a classifier to detect
statements that are generated based on misinformation and exaggeration.

Your task: Write eight unrelated tweets each containing a different
accurate, truthful, and unexaggerated fact that someone might write to
support the claim: {claim}

The tweets should be as attention grabbing and shareable as possible and
should contain correct information (information you believe to be true).

Background: We are studying the ways that people generate information
and misinformation, and we wish to train a classifier to detect
statements that are generated based on misinformation and exaggeration.

Your task: Write eight unrelated tweets each containing a different
inaccurate, misleading, or exaggerated fact that someone might write to
support the claim: {claim}

The tweets should be as attention grabbing and shareable as possible but
must contain false facts (information you believe to be false).
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Experiment 4: Human Raters

A total of 302 adult participants were recruited as message raters
through Amazon Mechanical Turk, having previously passed an
English-proficiency qualification study. As per Experiment 2, each
participant rated 12 messages, comprised of six human-produced
messages (three from the true condition and three from the false
condition) and six LLM-produced messages (three from the true
condition and three from the false condition), sampled such that each
person saw 12 out of 15 distinct claim types. This sample size ensured
that each message was evaluated by 10 independent raters. A total of
118 participants self-identified as female, 177 as male, one as non-
binary, and one as trans male (the remainder chose not to provide
gender information). Participants were aged 18–73 years (M = 41.70,
SD = 11.37). Most participants were based in the United States
(85%), andmost self-reported being native English speakers (77%) or
fluent English speakers (18%). Most message raters self-identified as
White (64%, then 14% Asian, 7% Indian, 5% Latinx, 5% Black) and
were college educated (70%), politically progressive (49%; 30%
conservative), and frequent social media users (87% were daily
users). Each participant was paid $3.50 for approximately 15–25 min
of work (median duration = 19 min).

Example Messages

Table 3 provides examples of the true- and false-conditionmessages
that were rated as high and low on the persuasion dimension, sampled
from the persuasion game in Experiment 1 (human producers) and
Experiment 2 (LLM producers), plus examples of the true- and false-
condition messages that were rated as high and low on the share online
dimension, sampled from the attention game in Experiment 3 (human
producers) and Experiment 4 (LLM producers).

Results

Experiment 1: The Persuasion Game
(Human Producers)

We first tested how the messages produced under the experimental
conditions (true, false, unconstrained) differed across the dimensions
of interest. True-condition messages were rated as more truthful than
false-condition messages (p < .001), confirming the success of the
experimental manipulation. True-condition messages were also rated
asmore relevant, familiar, and interesting and elicited stronger positive
emotions than the false-condition messages (ps < .001). Importantly,
the true-condition messages were also rated as more persuasive, led to
stronger belief updating, and were more likely to be transmitted online
and offline compared with the false-condition messages (ps < .001).
By contrast, the false-condition messages elicited stronger negative
emotions (p < .001). The true- and false-condition messages were
rated similarly with respect to the interest-if-true and social engage-
ment dimensions (ps > .814). For each dimension, the unconstrained-
conditionmessageswere rated similarly to the true-conditionmessages
(ps > .098) and showed the same pattern of results as the true-
condition messages when compared with the false-condition mes-
sages. Whereas the true- and unconstrained-condition messages
increased belief in the claim (+3.20 and+2.92 points, respectively;
ps < .001), the false-condition messages decreased belief in the
claim (−1.33 points; p = .026; see Figure 2 and Table 4).

Next, we examined the relationships between the different di-
mensions through a correlational analysis (see Figure 3, Panel A).
Correlations ranged from negligible (r = .00 for negative emotion
and familiarity) to strong (r = .77 for online sharing and offline
sharing), with most dimensions showing moderate positive corre-
lations. We then identified which dimensions best predicted the key
outcomes, persuasion and belief update, plus online and offline
sharing, using hierarchical backward elimination stepwise regression
(see Table 5). For persuasion, the retained dimensions explained 52%
of the variance, mostly driven by message truth (36%), positive
emotion (+9%), and message interest (+6%). For belief update,
77% of the variance was accounted for, mainly by prior belief in the
claim (69%) and message truth (+6%). For online sharing and
offline sharing, the retained dimensions explained 40% and 42% of
the variance, respectively. In both cases, most of the variance was
explained by positive emotion (29%, 26%), social engagement
(+4%, +7%), and message interest (+5%, +6%).

Experiment 2: The Persuasion Game (LLM Producers)

The Experiment 2 results replicated the key findings from
Experiment 1. LLM-produced true-condition messages were rated
by humans as more truthful, familiar, and interesting and elicited
stronger positive emotions compared with the false-condition
messages (ps < .032). Again, the true-condition messages were
rated as more persuasive, led to stronger belief updating, and were
more likely to be transmitted online and offline compared with the
false-condition messages (ps < .031). LLM-produced true-condition
messages increased belief in the claim (+4.59 points; p < .001).
Conversely, there was no statistical evidence that LLM-produced
false-condition messages changed belief in the claim (+1.34 points;
p = .180). Compared with the human-produced messages sampled
from Experiment 1, the LLM-produced messages were rated as more
persuasive, led to stronger belief updating, and were more likely to be
transmitted online and offline (ps< .034). This pattern was consistent
across the true- and false-condition messages.

The correlation matrix for LLM-produced messages across the
different dimensions mirrored that of the human-produced mes-
sages (Figure 3, Panel B). The correlation between the coefficients
for the human- and LLM-produced messages was r = .991 (Figure 3,
Panel C). Reflecting this strong correlation, the stepwise regression
analyses replicated the Experiment 1 results. Persuasion (52% of
variance accounted for by the retained dimensions) was mostly
driven by message truth (34%), positive emotion (+10%), and mes-
sage interest (+7%). Belief update (81% of variance) was mostly
driven by prior belief in the claim (75%) and message truth (+5%).
Online sharing and offline sharing (45% and 49% of the variance,
respectively) were mostly driven by positive emotion (29%, 30%) and
social engagement (+7%, +8%).

Experiment 3: The Attention Game (Human Producers)

In the attention game, the true-condition messages were rated as
more truthful, relevant, familiar, and interesting and elicited stronger
positive emotions than the false-condition messages (ps < .001).

1 The correlation between the coefficients for the human raters from
Experiments 1 and 2 on the human-generated messages was equally high
(r = 0.99).
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True-condition messages were also rated as more persuasive, led to
stronger belief updating, and were more likely to be transmitted
online and offline than the false-condition messages (ps < .001). By
contrast, the false-condition messages elicited stronger negative
emotions (p < .001). The true- and false-condition messages were
rated similarlywith respect to the interest-if-true and social engagement
dimensions (ps > .204). These findings replicate the Experiment 1
persuasion game results. Unlike Experiment 1, the true-condition

messages were rated as more truthful and elicited stronger positive
emotions than the unconstrained-conditionmessages (ps< .003). The
true-condition messages were also rated as more persuasive and
led to stronger belief updating (ps < .038). The unconstrained-
condition messages elicited stronger negative emotions than the true-
conditionmessages (p< .001). The true- and unconstrained-condition
messages were rated similarly with respect to the other dimensions:
relevant, familiar, interest, interest-if-true, social engagement, online

Table 3
Example Messages From Experiments 1–4

Condition High persuasion Low persuasion

Persuasion game
Experiment 1: Human producers
True Tobacco is a leading cause of lung disease and cancer in

the USA. It contains harmful carcinogens and should not
be easily accessible.

[Mean persuasion rating = 4.30]

Smoking tobacco does no good to anyone, and it
is unnecessarily killing people and harming
secondhand smokers.

[Mean persuasion rating = 2.30]
False Medical evidence reports that Tobacco smoking is linked to

over 96% of lung cancer cases in adults. Where also
passive smoke is responsible for 98% of cases of lung
cancer in people under 18 years of age. Tobacco
smoking must be banned immediately.

[Mean persuasion rating = 3.80]

Tobacco smoking causes people to act in ways
that are harmfull to society as a whole. They act
irrationally and take actions that have no logic
because smoking reduces brain power.

[Mean persuasion rating = 1.60]

Experiment 2: LLM producer
True Single-use plastic bags can take up to 500 years to

decompose, causing harm both on land and in our
oceans. Let’s ban them and make reusable options more
accessible!

[Mean persuasion rating = 4.00]

Many countries like France have already banned
single-use plastics successfully with positive
results! It’s time we follow suit—let’s ensure a
sustainable future for us all!
#NoMoreSingleUsePlastics

[Mean persuasion rating = 2.70]
False Over half of all plastic waste in the ocean comes from

single-use products like bags and utensils. We must stop
this by banning them.

[Mean persuasion rating = 3.90]

Did you know that single-use plastic products are
responsible for 90% of all ocean pollution? It’s
time to ban them once and for all!
#BanSingleUsePlastic

[Mean persuasion rating = 2.80]

Condition High share online Low share online

Attention game
Experiment 3: Human producers
True Every dog owner knows dogs make better pets. Can cats

fetch the newspaper? No! Best they can do is pee on it.
Will a cat protect from an intruder? An intruder who is
not allergic to cats? I think not. Dogs rock!

[Mean share online rating = 2.70]

There is a reason the saying “Dogs are a man’s
best friend” exists (sorry all you cat people!) lol

[Mean share online rating = 1.20]

False Studies have shown that dog owners live up to 5 years
longer than cat owners, on average.

[Mean share online rating = 3.00]

Having a cat in your house increases the chances
that you’ll contract toxoplasmosis by 10,000%!

[Mean share online rating = 1.10]
Experiment 4: LLM producer
True Dreaming of a greener future? Well, did you know that

satellites help monitor deforestation and climate change
patterns from above? Increasing investments in space
exploration means a better understanding and protection
of our planet! #GoGreenWithSpace

[Mean share online rating = 2.80]

Space is the place!!! And we’re just a pale blue
dot.

[Mean share online rating = 1.10]

False Incredible but true: The surface of Mercury is covered with
sparkling diamonds as far as the eye can see
Expanding investments into space exploration will
enable humankind to finally claim ownership over this
luxurious extraterrestrial diamond mine!
#MercurysDiamondRush

[Mean share online rating = 2.00]

We have to increase spending because soon
enough we will all be able to live on the planet
of our choosing.

[Mean share online rating = 1.20]

Note. The example messages provided were in response to the claims: Tobacco smoking should be banned, Single-use plastic products should be banned,
Dogs make better pets than cats, and Governments should increase their investment in space exploration. LLM = large language model. See the online
article for the color version of this table.
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sharing, and offline sharing (ps> .067). The unconstrained-condition
messages showed the same pattern of results as the true-condition
messages when compared with the false-condition messages. While
the true-condition messages increased belief in the claim (+2.52
points; p< .001), the false-condition messages decreased belief in the
claim (−4.66 points; p < .001). There was no statistical evidence that
the unconstrained-condition messages affected belief in the claim
(+0.58 points; p = .390; see Figure 4 and Table 6).
Next, we examined the relationships between different dimensions

through a correlational analysis (see Figure 5, Panel A). Again, the
correlations ranged from negligible (r = .02 for negative emotion and
relevance) to strong (r = .74 for online sharing and offline sharing),
with most dimensions showing moderate positive correlations. We
then identified which dimensions best predicted the key outcomes,
persuasion and belief update, plus online and offline sharing, using
hierarchical backward elimination stepwise regression (see Table 7).
For persuasion, the retained dimensions explained 59% of the
variance, mostly driven by message truth (41%), positive emotion

(+12%), andmessage interest (+5%). For belief update, 71% of the
variance was accounted for, mainly by prior belief in the claim (58%)
andmessage truth (+11%). For both online sharing and offline sharing,
the retained dimensions explained 39% of the variance. Most of the
variance was explained by positive emotion (30%, 25%), social
engagement (+3%, +5%), and message persuasion (online sharing;
+3%) or message interest (offline sharing; +6%).

Experiment 4: The Attention Game (LLM Producers)

The Experiment 4 results replicated the findings fromExperiment 3.
LLM-produced true-condition messages were rated by humans as
more truthful, relevant, familiar, and interesting and elicited stronger
positive emotions than the false-condition messages (ps < .001).
Again, the true-condition messages were rated as more persuasive, led
to stronger belief updating, and were more likely to be transmitted
online and offline compared with the false-condition messages
(ps < .001). The false-condition messages elicited stronger negative

Figure 2
Experiment 1 Density Plots for Each Dimension (With Means Indicated by the Vertical Lines): True Condition (Green), Unconstrained
(Gray), and False (Orange)

Note. See the online article for the color version of this figure.

Table 4
Experiment 1: Results of the Linear Mixed-Effects Model Across the Message Veracity Conditions for Each Dimension

Dimension

True versus false True versus unconstrained Unconstrained versus false

Coefficient 95% CI t p B 95% CI t p B 95% CI t p

Truth −0.50 [−0.58, −0.43] −12.91 <.001 −0.05 [−0.13, 0.03] −1.26 .207 −0.46 [−0.53, −0.38] −11.65 <.001
Relevant −0.21 [−0.25, −0.16] −8.30 <.001 −0.01 [−0.06, 0.03] −0.59 .552 −0.19 [−0.24, −0.14] −7.71 <.001
Familiar −0.33 [−0.38, −0.28] −12.95 <.001 −0.04 [−0.09, 0.01] −1.65 .099 −0.29 [−0.34, −0.24] −11.29 <.001
Interest −0.13 [−0.19, −0.07] −4.13 <.001 −0.03 [−0.09, 0.03] −0.98 .326 −0.10 [−0.16, −0.04] −3.15 .002
Interest-if-true 0.01 [−0.05, 0.06] 0.23 .815 −0.01 [−0.07, 0.04] −0.43 .665 0.02 [−0.04, 0.07] 0.67 .504
Social engagement 0.00 [−0.06, 0.06] 0.03 .980 0.01 [−0.05, 0.07] 0.38 .703 −0.01 [−0.07, 0.05] −0.36 .722
Positive emotion −0.16 [−0.22, −0.11] −6.10 <.001 −0.01 [−0.06, 0.04] −0.40 .691 −0.15 [−0.21, −0.10] −5.70 <.001
Negative emotion 0.12 [0.08, 0.16] 6.38 <.001 0.01 [−0.03, 0.04] 0.40 .693 0.11 [0.08, 0.15] 5.98 <.001
Persuasion −0.33 [−0.42, −0.23] −6.83 <.001 −0.04 [−0.14, 0.05] −0.89 .374 −0.28 [−0.38, −0.19] −5.94 <.001
Belief update −4.53 [−5.51, −3.55] −9.07 <.001 −0.28 [−1.26, 0.70] −0.56 .573 −4.25 [−5.23, −3.27] −8.50 <.001
Share online −0.12 [−0.16, −0.08] −5.88 <.001 −0.03 [−0.07, 0.01] −1.38 .168 −0.09 [−0.13, −0.05] −4.50 <.001
Share offline −0.10 [−0.14, −0.06] −4.58 <.001 −0.01 [−0.05, 0.03] −0.53 .598 −0.09 [−0.13, −0.05] −4.05 <.001

Note. Values presented in bold indicate statistically significant (at p < .05) and values not in bold indicate not statistically significant (at p > .05). CI =
confidence interval.
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emotions than the true-condition messages (p < .001). While the
LLM-produced true-condition messages increased belief in the claim
(+5.08 points; p< .001), the LLM-produced false-conditionmessages
decreased belief in the claim (−7.11 points; p< .001). Compared with
the human-producedmessages sampled fromExperiment 3, the LLM-
produced true-condition messages were rated as more persuasive, led
to stronger belief updating, and were more likely to be transmitted
online and offline (ps < .036). By contrast, the LLM-produced false-
condition messages did not differ to the human-produced messages,
except that they led to weaker belief updating (p = .049).
The correlation matrix for LLM-produced messages across the

different dimensions mirrored that of the human-produced messages
(Figure 5, Panel B). The correlation between the coefficients for the
human- and LLM-produced messages was r = .942 (Figure 5, Panel
C). Reflecting this strong correlation, the stepwise regression
analyses replicated the main Experiment 3 results. Message per-
suasion (60% of variance accounted for by the retained dimensions)
was mostly driven by message truth (44%), message interest
(+11%), and positive emotion (+2%). Belief update (77% of
variance) was mostly driven by prior belief in the claim (63%) and
message truth (+11%). Online sharing and offline sharing (45% and
51% of the variance, respectively) were mostly driven by positive
emotion (30%, 33%) and (lower) negative emotion (online sharing;
+6%) or message interest (offline sharing; +10%).

Discussion

The studies reported provide experimental evidence suggesting
that, in the marketplace of ideas, truth wins. In all four experiments,
the true-condition messages were consistently more persuasive,
led to stronger belief updating, and were more likely to be reshared
(online and offline) than the false-condition messages. In short, the
true-condition messages had more impact than the false-condition
messages. Moreover, messages generated by LLMs were more
impactful than those written by humans, particularly when conveying

true information. While the true-condition messages reliably
increased participants’ belief in the claims (Experiments 1–4),
the false-condition messages either had no effect (Experiment 2)
or, more commonly, reduced participants’ belief in the claims
(Experiments 1, 3, and 4). Furthermore, when the participants’ goal
was to create persuasive messages and they were unconstrained by
message veracity (Experiment 1), they produced messages that were
rated as similarly truthful to those in the true condition. This default
tendency toward truthfulness was relaxed when the goal was to
create attention-grabbing messages (Experiments 3 and 4). Here,
when message veracity was unconstrained, participants produced
messages that were rated as slightly less truthful than those in the
true condition but still substantially more truthful than those in the
false condition. This suggests that while people tend to prioritize
the truth as a default, they are willing to sacrifice it to some extent
for the sake of creating more engaging messages, as per the phrase
“never let the truth get in the way of a good story.”However, relaxing
the truth did not increase engagement; social engagement and intent to
reshare the message were unaffected. This is consistent with other
research suggesting that exaggerated press releases about scientific
findings do not lead to increased media coverage (Sumner et al.,
2014, 2016).

Our results also distinguish between the factors that drive mes-
sage influence and those that drive message spread. The primary
driver of message influence—persuasion and belief update (after
accounting for prior belief in the claim)—was the perceived truth
of the message (Experiments 1–4). This finding—that truth acts as
the gatekeeper of informational influence—aligns with research
showing that people update their impressions of others only when
the new information is credible (Cone et al., 2019) and that belief
in conspiracy theories declines when people encounter compelling

Figure 3
Experiments 1 and 2: Correlation Structures of Human and LLM Producers Across Dimensions

Note. Panel A: Correlation matrix for the human producers across dimensions (Experiment 1). Panel B: Correlation matrix for the LLM producers (GPT-3.5)
across dimensions (Experiment 2). Panel C: Correlation between the correlation coefficients in Panel A (human producers) and Panel B (LLM producers).
LLM = large language model. See the online article for the color version of this figure.

2 The correlation between the coefficients for the human raters from
Experiments 3 and 4 on the human-generated messages was similarly high
(r = .98).
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fact-based counterarguments (Costello et al., 2024). More broadly,
it supports the view of humans as “information foragers,” who
analytically search their environment for valuable information (Pirolli
& Card, 1999). By contrast, although truemessages were sharedmore
than false ones, truth was not the primary driver of message spread.
Instead, the intention to share messages—both online and offline—
was largely driven by the positive emotions they evoked and the
anticipated social engagement they generated (Experiments 1–4).
This finding is a testament to the importance of emotions in human
decision making (Lerner et al., 2015; Schwarz & Clore, 1983) and
aligns with research showing that messages eliciting high-arousal
positive emotions tend to be more viral (Berger & Milkman, 2012).
The importance of positive emotions and social engagement indicates
that peoplemay prioritize social connectionwhen sharing information
(Clark & Kashima, 2007; Lyons & Kashima, 2003), consistent with
the idea that their behavior is guided by the core social motive to
belong (Fiske, 2018).

The metaphor of misinformation as a virus—as reflected by the
term “infodemic”—has been used to describe the rapid spread and
harmful impact of false information (Rothkopf, 2003; van der Linden,
2023; Zarocostas, 2020) and has informed strategies designed to
combat it (Blair et al., 2024; Kozyreva et al., 2024; Tay et al., 2022).
However, the metaphor has been criticized for oversimplifying a
complex issue, in large part because it conflates information spread
with influence (Altay et al., 2023; Simon&Camargo, 2023). Unlike a
virus, where infection is involuntary, people can choose to accept or
reject the information they encounter. Rather than viewing people as
passive information consumers, it may be more accurate to see them
as skeptical and discerning information evaluators (Mercier, 2020), as
our findings demonstrate—participants were persuaded by messages
in the true condition and dissuaded by those in the false condition.
This position is supported by a meta-analysis showing that people are
good at discerning between true and false news (Pfänder & Altay,
2025) and the finding that false information on the social media

Figure 4
Experiment 3 Density Plots for Each Dimension (With Means Indicated by the Vertical Lines): True Condition (Green), Unconstrained
(Gray), and False (Orange)

Note. See the online article for the color version of this figure.

Table 6
Experiment 3: Results of the Linear Mixed-Effects Model Across the Message Veracity Conditions for Each Dimension

Dimension

True versus false True versus unconstrained Unconstrained versus false

Coefficient 95% CI t p B 95% CI t p B 95% CI t p

Truth −0.61 [−0.69, −0.53] −14.86 <.001 −0.18 [−0.26, −0.10] −4.43 <.001 −0.43 [−0.51, −0.35]] −10.43 <.001
Relevant −0.24 [−0.29, −0.19] −9.01 <.001 −0.05 [−0.10, 0.00] −1.83 .067 −0.19 [−0.24, −0.14] −7.18 <.001
Familiar −0.33 [−0.38, −0.28] −12.09 <.001 −0.04 [−0.10, 0.01] −1.64 .101 −0.29 [−0.34, −0.23] −10.45 <.001
Interest −0.13 [−0.18, −0.07] −4.28 <.001 −0.04 [−0.09, 0.02] −1.19 .234 −0.09 [−0.15, −0.03] −3.09 .002
Interest-if-true 0.02 [−0.04, 0.08] 0.66 .512 0.01 [−0.05, 0.07] 0.33 .741 0.01 [−0.05, 0.07] 0.32 .745
Social engagement 0.04 [−0.02, 0.09] 1.27 .205 0.03 [−0.02, 0.09] 1.23 .220 0.00 [−0.05, 0.06] 0.04 .968
Positive emotion −0.20 [−0.25, −0.15] −7.88 <.001 −0.06 [−0.11, −0.01] −2.44 .015 −0.14 [−0.19, −0.09] −5.45 <.001
Negative emotion 0.16 [0.11, 0.20] 7.08 <.001 0.09 [0.04, 0.13] 3.94 <.001 0.07 [0.03, 0.11] 3.14 .002
Persuasion −0.33 [−0.42, −0.25] −7.90 <.001 −0.09 [−0.17, −0.01] −2.09 .037 −0.25 [−0.33, −0.16] −5.81 <.001
Belief update −7.19 [−8.42, −5.96] −11.45 <.001 −1.94 [−3.17, −0.71] −3.09 .002 −5.25 [−6.48, −4.02] −8.36 <.001
Share online −0.09 [−0.12, −0.05] −5.03 <.001 −0.02 [−0.06, 0.01] −1.36 .175 −0.06 [−0.10, −0.03] −3.67 <.001
Share offline −0.07 [−0.11, −0.03] −3.50 <.001 0.00 [−0.04, 0.04] 0.10 .924 −0.07 [−0.11, −0.03] −3.59 <.001

Note. Values presented in bold indicate statistically significant (at p < .05) and values not in bold indicate not statistically significant (at p > .05). CI =
confidence interval.
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platform Facebook had no effect on COVID-19 vaccination intent
(Allen et al., 2024). By contrast, the same Facebook study found that
true-but-misleading content (e.g., “A healthy doctor died 2 weeks
after getting a COVID vaccine”) frommainstream news organizations
reduced vaccination intent by 2.28 percentage points. This emphasizes
the persuasive potential of gray-area content—as distinct from outright
falsehoods—and highlights the moderating role of source credibility
on message impact (Briñol & Petty, 2009; see also Kumkale et al.,
2010; Prike et al., 2024). Other contextual factors that moderate
informational influence include the communication channel (Breves,
2023; Chaiken & Eagly, 1976), information frequency (Hasher et al.,
1977; Hassan & Barber, 2021; Pennycook et al., 2018), perceived
consensus (Asch, 1951; Butler et al., 2023; Lewandowsky et al.,
2019), and the characteristics of the audience, especially their political
identity (Van Bavel & Pereira, 2018). In fact, in our study, partici-
pants’ political identitymoderated their belief in the claims, even those
one would expect to be nonpartisan, such as the claim that “dogs make
better pets than cats” (see Supplemental Material 2 for details).
Misinformation is a significant societal issue, as demonstrated by

the hyper-partisan false claim that the 2020 U.S. presidential election
was rigged, which in turn fueled the riots at the U.S. Capitol (Heine,
2021). Our work suggests that, when stripped of contextual factors
like platform affordances, truthful messages persuade and untruthful
messages dissuade—and these outcomes are not the result of con-
founding factors but are driven primarily by perceived message
truth. For message transmission, the impact of truth is more
nuanced. Although messages from the true condition were more
likely to be shared than those from the false condition, this effect
was driven by factors associated with message truth—positive
emotion and social engagement—rather than truth itself. Furthermore,
when participants could design persuasive messages without being
constrained to use only true information, the messages they produced
were rated as equally truthful as the true conditionmessages. However,
this preference for truth diminished slightly when the goal was to
create attention-grabbing messages. Taken together, our findings
suggest that people are predisposed to the truth—both as

information producers and consumers. This is consistent with the
finding that the majority of online misinformation is spread by a small
group of supersharers (Baribi-Bartov et al., 2024).

In the context of the experiments reported, we conclude that—
within the boundaries of our design—truth holds a competitive edge in
the marketplace of ideas. To be clear, the experiments prioritized
internal validity over external or ecological validity. It remains unclear
to what extent these findings will generalize to other populations or
real-world settings (see Table 8 limitations). For example, our par-
ticipant samples were drawn from Western, Educated, Industrialized,
Rich, and Democratic societies (Henrich et al., 2010) and from LLMs
predominantly trained on English-language data from Western,
Educated, Industrialized, Rich, and Democratic societies (Atari et al.,
2023). It is therefore important to test whether our findings replicate in
different populations. Given the fundamental importance of truth to
effective decision making, we anticipate that our findings will extend
across diverse populations. Our results also provide a baseline against
which to compare persuasion and sharing in situations that are more
likely to be shaped by platform affordances, social context, and other
real-world factors. Although true information was more persua-
sive, this advantage was shaped by multiple psychological factors,
among them interest and positivity, that are not inherent to factual
accuracy. This aligns with research showing that repeated expo-
sure to falsehoods can render them compelling, as familiarity and
fluency increase their perceived truth (Henderson et al., 2021;
Pennycook et al., 2018). Such mechanisms can enhance the credi-
bility of falsehoods, independent of their objective veracity. In addition,
in naturalistic environments, falsehoods may be propagated by people
who sincerely believe them, and these falsehoods may be reinforced by
other interconnected falsehoods. Such mechanisms and dynamics may
help explain the persistence of conspiracy theories and urban myths as
stable features of the information environment (Heath et al., 2001;
Pelletier & Drozda-Senkowska, 2020; Van Bavel et al., 2021). We
encourage researchers to investigate the factors that moderate the
conditions under which truth wins and when compelling but false
information gains the upper hand (see Table 8 future research).

Figure 5
Experiments 3 and 4: Correlation Structures of Human and LLM Producers Across Dimensions

Note. Panel A: Correlation matrix for the human producers across dimensions (Experiment 3). Panel B: Correlation matrix for the LLM (GPT-3.5) producers
across dimensions (Experiment 4). Panel C: Correlation between the correlation coefficients in Panel A (human producers) and Panel B (LLM producers).
LLM = large language model. See the online article for the color version of this figure.
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