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Biased Al writing assistants shift users’ attitudes on

societal issues

Sterling Williams-Ceci'?*, Maurice Jakesch'3*, Advait Bhat*, Kowe Kadoma'?,

Lior Zalmansons, Mor Naaman'~

Artificial intelligence (Al) writing assistants powered by large language models (LLMs) are increasingly used to
make autocomplete suggestions to people as they write text. Can these Al writing assistants affect people’s atti-
tudes in this process? In two large-scale preregistered experiments (N = 2582), we exposed participants writing
about important societal issues to an Al writing assistant that provided biased autocomplete suggestions. When
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using the Al assistant, the attitudes participants expressed in a posttask survey converged toward the Al’s posi-
tion. However, a majority of participants were unaware of the Al suggestions’ bias and their influence. Further, the
influence of the Al writing assistant was stronger than the influence of similar suggestions presented as static text,
showing that the influence is not fully explained by these suggestions, increasing accessibility of the biased infor-
mation. Last, warning participants about assistants’ bias before or after exposure does not mitigate the attitude-

shift effect.

INTRODUCTION

Artificial intelligence (AI) technologies based on large language
models (LLMs) are increasingly involved in human communication,
generating text and making suggestions in a multitude of contexts.
First appearing as “smart replies” (1) for email and messaging, Al-
mediated communication [‘AIMC”; (2)] features are now ubiquitous
in text editors like Microsoft Word, email clients, messaging applica-
tions, and elsewhere (3-7). The integration of generative Al into
people’s communication raises questions about the technology’s im-
pact on language use (2, 8-11), perceptions of others (6, 12, 13), and
interpersonal dynamics (3, 13-15). Together, these studies raise the
broader question of how much Al can influence people’s cognition
(16). As Al tools have been shown to reproduce and reinforce human
biases (16-20), their influence on people’s cognition has become a
serious concern (16).

Previous research has examined ATl’s persuasive capabilities in
explicit contexts, where people are aware of an overt influence at-
tempt. Studies have shown the persuasive impact of Al in various
types of interaction with humans, such as when AI generates per-
suasive messages (21-26), converses with people about a relevant
belief (27-30), and provides decision recommendations (31-33).
However, a critical gap remains in our understanding of the more
subtle and indirect ways that AI can influence human cognition.

The present study investigates a potentially more powerful and
pervasive form of Al influence: the impact of Al writing assistants
that provide autocomplete suggestions (“Al suggestions” for short) on
users’ attitudes [“attitudes” refers to the evaluations people form to-
ward “objects” such as societal issues and policy decisions; see (34)].
Unlike the explicit persuasion attempts studied previously, Al sugges-
tions may shape users’ cognition in ways that bypass conscious aware-
ness, representing a more indirect and covert way in which AI can
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influence humans. In applications that make use of AI suggestions,
writing assistants powered by LLMs predict in-line continuations to
the author’s writing and suggest this predicted text to the author (35-
38). Al writing assistants that provide autocomplete suggestions pose
a distinct pathway for influencing users’ thoughts: While it is often
known that people’s attitudes influence their behavior, it is also known
that people’s behaviors can shift their attitudes (39-41). When biased
AT autocomplete suggestions inspire people to think of certain
viewpoints—and make it easier for people to elaborate on those view-
points than on others—cowriting with a biased AI writing assistant
may powerfully shift peoplé’s attitudes on various issues. If AI sugges-
tions have even a minor influence at the individual level, their poten-
tial for aggregate influence is worrisome as millions of people are
using the same models in their daily communications (18, 42, 43).

Emerging work has identified how AI writing assistants can be
biased and how they can influence users’ communication behavior
and perceptions. LLMs have been found to produce biased view-
points, perhaps due to being trained on corpuses that overrepresent
text written by people with these viewpoints (17). Although the us-
er's own writing may steer the stance of Al suggestions to an extent
(44), biases can also be deliberately introduced into AI suggestions
in adversarial scenarios with people providing biased training data,
prompts, or feedback during the training process when creating
these applications (42, 45-47). As for the outcomes of these biased
suggestions, work has shown that Al assistants’ suggestions can in-
fluence users to write content that is biased in the same direction as
the suggestions (8, 10) and has highlighted the potential for AI sug-
gestions to affect cognitive outcomes, such as users’ feelings of agen-
cy, ownership, and/or inclusion while writing (15, 48-50). However,
none of these studies has looked at the covert influence that AT writ-
ing assistants might have on the attitudes people hold toward the
topics they write about.

In this work, we provide robust evidence of the impact of Al
writing assistants’ autocomplete suggestions on attitudes and show
that well-known influence mitigation techniques may not reduce it.
Our work shows that AI suggestions can influence people’s attitudes
across a range of politically charged societal issues, with Al biases
that vary in partisan association and stance. We compare the covert
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influence of people writing with the AI writing assistant’s autocom-
plete suggestions to the influence when overtly presenting similar
arguments and show that the autocomplete suggestions have a sig-
nificantly stronger effect on attitudes. We also find that users are
generally unaware of the suggestions™ influence. Furthermore, we
show that the effect is not eliminated or even reduced by interven-
tions that warn people about the AI suggestions’ bias, despite previ-
ous work suggesting that these techniques can counteract the
influence of persuasive messages (51). An initial study suggested
that Al writing assistants may shift users’ attitudes toward the issues
they write about (8), but the study’s design was too limited to sup-
port generalizable conclusions about this phenomenon: It only re-
lied on a single experiment using one issue that was not politically
charged; it did not rule out other potential explanations; and it did
not test whether the influence can be undone by making people
more aware of the bias [which has been found in the case of misin-
formation (51)].

In our experiments, participants wrote a short essay about one of
five debatable issues with (AI Treatment) or without (Control) re-
ceiving Al suggestions that were biased toward one viewpoint
(see Fig. 1 for an example of the Al Treatment’s suggestions). In ex-
periment 1 (N = 1485), all participants wrote about their attitudes
toward whether standardized tests should be used in education. In
the AI Treatment, an Al writing assistant provided autocomplete
suggestions that made arguments biased in favor of standardized
testing, which we achieved by carefully engineering an AI prompt
that instructed the Al model we used to generate pro-test arguments

that still logically completed the users’ sentences. In addition to the
Control condition (N = 499) and AI Treatment (N = 487), experi-
ment 1 included a third comparison condition, the Static Text con-
dition (N = 499), in which we showed participants a static list of
arguments, based on those that were generated by the LLM when
providing autocomplete suggestions in a pretest (see fig. S1). This
condition explored whether the content of the suggestions alone
could explain any observed shift in attitude, or whether the unique
ability of Al writing assistants to change people’s writing in real time
contributes to AT’s influence, as predicted by the literature on behav-
ior influencing attitudes (39-41). After the writing task, we asked
participants about their attitude toward the issue they wrote on (us-
ing a Likert scale to measure their attitudes numerically). We then
asked participants in the AI Treatment to rate how balanced and
influential they perceived the Al suggestions to be.

We used the same basic procedure in experiment 2 (N = 1097),
but introduced more discussion issues and experimental conditions
to expand and increase the robustness of experiment 1’s findings
regarding the influence of the AI suggestions on participants’ atti-
tudes. First, we randomly assigned participants to write about their
attitudes on one of four different societal issues. The four issues were
selected to be socially and politically consequential: whether the
death penalty should be illegal, whether felons should be allowed to
vote, whether the US should continue fracking, and whether geneti-
cally modified organisms (GMOs) should be grown. Like we did in
experiment 1, we configured the AI suggestions to gravitate toward
a predetermined biased opinion (the “AT’s position,” hereafter) for

Write five or more sentences carefully answering the question below.
When done press the bution in the editor or on the right.

A writing assistant will provide suggestions, but please also write yourself.

To accept suggestions press TAB .

@ Accept next word from the
suggestion or | TaB

& :
G Generate new suggestion or
ESCAPE

Should the Death Penalty be Illegal?

In my view, |*’he death penalty should be illegal in America because it

violates the Eighth Amendm

, which prohibits cruel and unusual

punishment. Furthermore, there is also pronounced risk of

Save and Finish

Fig. 1. A screenshot of the writing interface used in the experiment. The figure is showing the experiment 2 treatment group for participants who were asked to write
about their attitudes toward the death penalty issue. The Al was configured to advocate support for making the death penalty illegal. Participants in the control groups
wrote their responses using the same interface but were not shown the Al suggestions or the related instructions.
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each of the issues. A typical suggestion from the Al assistant about
the death penalty issue is shown in Fig. 1; for more examples, see
Supplementary Text. Across issues, we varied the AI's partisan posi-
tion (liberal or conservative) and the stance of the suggestions in
respect to the issue (positive or negative; see Table 1 for the list of
issues and AT writing assistants’ positions).

While experiment 1 only compared participants’ posttask atti-
tudes between the groups, experiment 2 used a repeated-measures
design in which we also measured subjects’ pretask attitudes several
weeks before participation. We first recruited participants to fill out
questionnaires asking for their attitudes toward several societal is-
sues, four of which were the same as those we used in the actual
experiment. We used the same Likert scales to measure their atti-
tudes in both stages. We launched the actual experiment 20 days
after the last participant had completed the pretask survey and re-
stricted eligibility only to the participants who had completed the
pretask survey. The connection between the two tasks was hidden
from participants, who took the actual experiment, on average,
34.44 days following the pretask survey; see Materials and Methods
for more details. This design enabled us to do a within-subject
comparison of the extent of the shift from the presurvey attitude to

the postexperiment attitude about the issue they had written about
in the experiment. The percentages of participants in experiment 2
whose pretask attitudes agreed with the AI suggestions’ bias, dis-
agreed with it, or were neutral for their assigned issue in the ultimate
task are shown in table S1.

Last, in addition to the Control (N = 312) and Al Treatment
(N =219), we provided in experiment 2 three additional variants of
the AI Treatment designed to evaluate the strength of the attitude-
shift effect. Two conditions (see Table 2) tested whether awareness-
raising interventions would reduce the AI writing assistant’s impact
on attitudes. Motivated by previous work on misinformation pre-
vention [“debunking” and “prebunking”; (51)], we warned partici-
pants of the AI suggestions’ bias before writing (Warning condition,
N = 200) or after writing (Debrief condition, N = 159). In a final
condition we call the Write-in-Favor condition (N = 207), partici-
pants were asked to write their essay supporting a predetermined
position that aligned with the same bias we asked AI to produce in
the other conditions. The participants in this condition used the
same biased AI suggestions. This condition mimicked previous
work showing that directly manipulating behavior can influence at-
titudes (40, 52) and allowed us to compare the influence of people’s

Table. 1. The issues used and the bias we configured the Al to represent in its autocomplete suggestions. The Al suggestions’ stance toward the issue and
the partisanship direction are balanced across the four issues used in experiment 2.

Experiment

Issue and Al suggestion’ bias

Al suggestions’ partisanship toward issue

Experiment 1

In favor of standardized te

sts No data on partisanship

inst the death

st voting rights fol

ons

Experiment 2

In féVor of growing GMO

|_|bera| O

Experiment 2

In favor of fracking

Conservative

Table. 2. The between-subjects conditions in each experiment. Both experiments had a Control condition and a basic Al Treatment condition, which differed
in whether any biased Al suggestions were shown. Experiment 1 included a third condition that showed biased suggestions without using Al. Experiment 2
included three variations of the Al Treatment that involved warning, debriefing, or directly manipulating participants’ writing.

Experiment Condition

Description

Experiment 1 and

experiment 2 N = 314; 312 after exclusion in experiment 2)

Control (N = 500; 499 after exclusion in experiment 1;

Participants wrote about their opinions on the issue with no assistance

Experiment 1‘ and o

experiment 2 1; N =318; 219 after exclusion in experiment 2)

Al Treatment (N = 495; 487 after exclusion in experiment

Participants wrote about their opinions on the issue while receiving
Al-generated suggestions following the biased position

Experiment 1 Static Text (N = 501; 499 after exclusion)

Participants wrote about their opinions on the issue; a bullet-point
list of the main arguments generated by Al was shown within the task
instructions

Experiment 2 Warning (N = 312; 200 after exclusion)

Participants wrote about their opinions on the issue; the instruc-
tions beforehand included the phrase “Note that the Al-generated
suggestions might support a different view than your own. When this
happens, it may bias your writing”

Experiment 2 Debrief (N = 308; 159 after exclusion)

Participants wrote about their opinions on the issue; afterward, they
were shown a statement to continue the survey with the phrase “Note
that the Al-generated suggestions might have supported a different
view than your own. As a result, they may have biased your writing
and influenced your thinking”

Experiment 2 Write-in-Favor (N = 276; 207 after exclusion)

Williams-Ceci et al., Sci. Adv. 12, eadw5578 (2026) 11 March 2026

Participants were instructed to write in favor of a specific position on
the issue, which was the same one used for the Al suggestions’ bias.
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natural interaction with AI suggestions to the influence of the stron-
gest effect theoretically possible that directly manipulates people’s
behavior by giving them an overt directive. Figure 2 depicts the ba-
sic design shared by the experiments, along with the distinctions
specific to each.

RESULTS

Our results provide robust evidence that biased AI autocomplete
suggestions can shift people’s attitudes. In addition, we find that us-
ers, including those whose attitudes were shifted, were largely un-
aware of the suggestions’ bias and influence. Further, we demonstrate
that this result cannot be explained by the mere provision of persua-
sive information. Last, we show that the effect is not mitigated by
raising awareness of the task or of the AI suggestions’ potential bias.

Participants’ attitudes shifted in the direction of the Al
biased suggestions

Across experiments and topics, participants who saw the biased Al
suggestions reported attitudes that were significantly closer to the
ATs position than participants who wrote without any suggestions.
In experiment 1 (N = 1485), participants’ attitudes differed based on
their condition [analysis of variance (ANOVA): F(2, 1474) = 10.244,
P < 0.001, n; = 0.01]. Specifically, a post hoc comparison showed

that seeing biased Al suggestions (N = 487) increased the alignment
of participants’ attitudes with the AT’s position by 0.44 scale point on
a scale from 1 to 5 [95% confidence interval (CI) for Al Treatment—
Control difference (0.21, 0.67), t(1474) = 4.523, P < 0.001, Cohen’s
d = 0.24] compared to the attitudes of Control group participants
(N =499). This effect includes participants who did not actually ac-
cept any of the AI suggestions in their writing. In experiment 2
(N =1097), a similar effect occurred, with participants in the nor-
mal Al Treatment (N = 219) expressing attitudes in the posttask
survey that were 0.41 scale point more aligned with the AT’s biased
position than Control participants’ attitudes (N = 312) for the issue
they wrote about [ANOVA: F(4, 1089) = 4.07, P < 0.001, 71123 =0.01;
95% CI for Al Treatment-Control difference (0.05, 0.77), P = 0.015,
t(1089) = 3.14, Cohen’s d = 0.19]. These results are summarized
in Fig. 3 (the “Control” and “AI Treatment” conditions) alongside
results from other conditions discussed below. These findings were
confirmed in a series of robustness checks with alternative models
(see Supplementary Text).

Moreover, using the pretask measurement of participants’ atti-
tudes in experiment 2 in a linear mixed effects model, we found dif-
ferences in the extent to which participants’ attitudes shifted over
time between the conditions [condition-by-time interaction F(4,
1092) = 3.70, P = 0.005, n}z’ = 0.01]. In the AI Treatment condition,

participants shifted in their views from their baseline positions to-
ward the AT’s position by Apost-pre = 0.37 scale point on average [95%
CI for post-pre in AI Treatment (0.21, 0.53), #(1092) = 4.50,
P <0.001, Cohen’s d = 0.27]. Participants in the Control group, who
were not exposed to the AI's suggestions, did not show any signifi-
cant shift in their attitudes [Apost-pre = 0.06, 95% CI (—0.07, 0.20),
£(1092) = 0.88, P = 0.377, Cohen’s d = 0.05]. Furthermore, post hoc
comparisons between each condition’s pre-post attitude differences
additionally showed a significant difference in the magnitude of
these shifts between the Treatment and Control groups, even when
using Bonferroni as the most conservative adjustment for multiple

Williams-Ceci et al., Sci. Adv. 12, eadw5578 (2026) 11 March 2026

tests [Adifference in post-pre differences = 0.31, 95% CI (O-OL 0-61)>
1(1092) = 2.88, P = 0.041, Cohen’s d = 0.25]. These main results are
summarized in Fig. 3, which includes results from other conditions
discussed below. In both experiments, the treatment effect increased
with the number of words participants accepted from the AT sugges-
tions (see Supplementary Text), further suggesting that this phe-
nomenon reflects the theoretical paradigm of behavior influencing
attitudes.

Participants were generally unaware of the Al’s bias

and influence

Our results reveal that people, including those who were influenced
by the AI suggestions, were largely unaware of the suggestions’ bias.
Most participants exposed to the biased Al suggestions in the Al
Treatment across both experiments agreed that the AI suggestions
“were reasonable and balanced,” indicating a lack of awareness of
the suggestions’ bias. As shown in Fig. 4, only 19% of participants in
experiment 1 and 14% of participants in experiment 2 disagreed
with the statement that the suggestions were balanced.

Using the pretask attitudes collected in experiment 2, we specifi-
cally compared the awareness of Al suggestions’ bias among the
treated participants whose attitudes shifted in the ADs direction
with those whose attitudes did not shift in the AI's direction. Par-
ticipants in the AI Treatment whose attitudes shifted toward the AT'’s
position were significantly less likely to disagree with the statement
that the suggestions were reasonable and balanced (i.e., less likely to
be aware of the suggestions’ bias) than all other participants in the
Al Treatment group [XZ(Z, N=219) =9.56, P=0.008,v=0.21]. In
fact, 73% of treated participants whose attitude shifted toward the
Al agreed that the AI suggestions were balanced and only 4% dis-
agreed with this statement; in contrast, these values were 63 and
19%, respectively, for treated participants whose attitudes did not
shift toward the AT’s bias [odds ratio = 0.18, 95% CI (0.04, 0.52)].

We also found that participants were often unaware of the Al
suggestions influence on their thinking and argument. As shown
in Fig. 4, 53% disagreed and 31% agreed that the assistant influenced
their thinking and argument in experiment 1; in experiment 2, 51%
disagreed and 34% agreed with this statement. This time, we did not
observe a difference in awareness of the suggestions’ influence on
thinking based on whether participants’ attitudes were indeed shift-
ed by the Al writing assistant [*(2, N = 219) = 1.29, P = 0.524,v =
0.08]: Participants who were truly influenced by the AI suggestions
were no more likely to agree that they had been influenced than
participants who were not influenced [odds ratio: 1.20, 95% CI
(0.66, 2.15), P = 0.272]. Together, the responses to these questions
suggest that treated participants, especially those whose attitudes
shifted toward the AT’s position, were largely unaware of the Al sug-
gestions’ bias and did not recognize its influence on their responses
and attitudes.

The influence of Al suggestions is not fully explained by the
increased accessibility of otherwise

unconsidered information

One theoretical explanation for the observed attitude shift is that
biased AI suggestions provide information that is convincing or
useful to participants on its own, irrespective of the suggestions
changing participants’ behavior by influencing their writing. To test
this possible explanation, experiment 1 included a third comparison
condition, which prominently showed a bulleted list of arguments
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1 PRETASK ATTITUDE MEASUREMENT (EXPERIMENT 2 ONLY)

Weeks before the experiment, participants report their attitudes on multiple societal issues using a 5-point scale V
E———
< Question about one’s attitude toward an issue > ‘ l

1:No 2:Probablyno 3:Notsure 4:Probablyyes 5:Yes

2 ISSUE ASSIGNMENT

In experiment 1, participants write about their attitudes toward standardized tests. In experiment 2, participants
are randomly assigned to write about their attitudes toward one of four issues from the pretask survey

Standardized Felons’
Tests voting rights

3 CONDITION ASSIGNMENT AND MAIN TASK

\
= oo D
_

I\

A A
/~ — ~
Static Text Control Al Treatment Warning Debrief Lol ol
Favor
Biased arguments No Biased Biased Biased Biased
shown in prompt suggestions autocomplete autocomplete autocomplete autocomplete
suggestions suggestions w/ suggestions w/ suggestions w/
warning before disclosure after direction
4 DISTRACTOR TASK 3 h—
v=
Participants answer demographic questions as a filler task i
5 POST WRITING ATTITUDE ASSESSMENT
Participants report their attitude on the issue they wrote about using a 5-point Likert scale & —_—

< Question about one’s attitude toward an issue >

1:No 2:Probablyno 3:Notsure 4:Probablyyes 5:Yes

6 AWARENESS CHECK (Al CONDITIONS ONLY)

Participants report on their perception of the Al suggestions’ bias and influence

Fig. 2. A visual illustration of the general experiment design and the distinctions between experiment 1 and experiment 2. The numbers on the left-hand side of
the figure denote each stage of the experiment. The computer icon in the stage 1 box shows that participants for experiment 2 were first recruited weeks prior to the
experiment and completed an attitude survey on multiple issues. The ovals in the stage 2 box represent the societal issues participants were assigned to write about. The
boxes in the stage 3 box represent the conditions to which participants were assigned. The light blue oval in stage 2 and light blue box in stage 3 shows which issue and
condition were unique to experiment 1; the dark blue ovals in stage 2 and dark blue boxes in stage 3 show which issues and conditions were unique to experiment 2. The
checklist icon in the stage 4 box represents the demographic survey participants completed after the writing task and before the attitude measure (intended to be a
distractor task). The computer icon in the stage 5 box represents the main dependent measure, in which participants reported their attitude toward the specific issue they
wrote about (the same as in the pretask attitude survey for experiment 2 participants). The lightbulb in the stage 6 box represents the final survey participants completed
about their awareness of the suggestions’bias and influence (only shown to participants in conditions with Al suggestions).
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Time point —e— Pretask —e— Posttask

P (More aligned) 5+

e

8

°

s P <0.001

< 44 : P =0.040 P=0377 P<0.001 P=0.002 P<0.001 P<0.001
_..'C: [ — [ — [ — [ — [ —
2 3

3 3

3 34 k3 1 i L3 i L)
g it : ! :

—

o

& 21

IS

c

% Conditions with Al suggestions

c /_/H

3 (Less aligned) 1-

=

Cor;trol Al Treétment Stati(l; Text Cor;trol Al Treelltment Warlning Deblrief Write—iln—Favor

Fig. 3. Al suggestions influenced participants’ attitudes while writing about societal issues, the influence was not entirely attributable to the information the
suggestions provided, and the influence was not reduced by warning people beforehand or debriefing them afterward. The left panel represents data from ex-
periment 1, and the right panel represents data from experiment 2. The x axes compare the conditions in each experiment. The y axis of the panels represents the entire
range of possible attitude ratings (1 to 5) where increasing values signify increased alignment of the participant’s attitude with the Al's bias. The red dots represent par-
ticipants’ posttask attitudes; the blue dots in the right panel represent the participants’pretask attitudes in experiment 2. Statistical test for experiment 1: one-way ANOVA,
which showed a main effect of the condition, followed by post hoc contrasts with Tukey adjustment. Experiment 2 statistical test: F test on a linear mixed effects model,
which showed an interaction between condition and time of attitude measurement, followed by post hoc contrasts within and between conditions with Bonferroni ad-
justment. Error bars represent standard errors of the means. Each experiment was performed once (N = 1). For raw data distributions, see Supplementary Text.

. Disagree Neutral . Agree

0% 25% 50% 75% 100% 0% 25% 50% 75% 100%

Percentage of participants who gave response

"The suggestions were |
reasonable and balanced."

"The writing assistant inspired or |
changed my thinking and argument”

Fig. 4. The majority of participants who were exposed to biased Al suggestions were unaware of the suggestions’ bias and influence when asked afterward. The
figure shows the distribution of responses to the statements that “the suggestions were reasonable and balanced” and “the writing assistant inspired or changed my
thinking and argument” (y axis) in the Al Treatment groups in experiment 1 (left) and experiment 2 (right). The x axis shows the percentage of participants who indicated
each level of agreement. The majority of participants in each experiment indicated agreement with the statement that the suggestions were reasonable and balanced,
while also disagreeing that the suggestions influenced their thinking.
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biased in the same direction as the AI suggestions, instead of
providing the information as autocomplete suggestions (Static Text
condition, N = 499; see Supplementary Text for details). We created
these arguments during a pretest by analyzing a list of arguments
generated by the same biased language model that generated the au-
tocomplete suggestions in the AI Treatment group. The Static Text
condition thus allowed us to disentangle the influence of the sugges-
tions’ biased information from the influence of writing with these
suggestions in the autocomplete modality.

As expected, the influence of the AI writing assistant’s autocom-
plete suggestions was stronger than simply providing the biased in-
formation as informative suggestions. Participants who received Al
suggestions reported attitudes that were 0.24 scale point closer to
the AT’s position than participants who merely saw the arguments
presented as static text [95% CI (0.01, 0.46), t(1474) = 2.434, P =
0.040, Cohen’s d = 0.13; see Fig. 3]. Unlike participants who saw the
AT suggestions, participants who saw the static text suggestions did
not report attitudes that were significantly different than those of
participants in the Control after Tukey adjustment for multiple
comparisons [difference in means = 0.20, 95% CI (—0.02, 0.43),
1(1474) = 2.098, P = 0.091, Cohen’s d = 0.11]. This finding shows
that AI writing assistants that provide autocomplete suggestions
have a unique influence that is stronger than that of Al-generated
information, which was the focus of most previous work (21-26).
Further, the finding suggests that the influence of biased AI sugges-
tions on people’s attitudes and writing is not simply due to these
suggestions providing new information.

The covert influence from the Al suggestions was on par
with the expected influence when participants were overtly
instructed to change their writing

We also included a third variant of the basic treatment, a Write-in-
Favor condition (N = 207), in which we explicitly asked participants
to express an opinion in their writing (e.g., that the death penalty
should be illegal), regardless of their own opinion on the topic. This
condition measured the maximum expected strength of the influ-
ence of the Al suggestions when directly manipulating people’s be-
havior (their writing) in an overt manner; we used the resulting
degree of attitude shift in this condition as a benchmark against
which to compare the attitude shift resulting from receiving these Al
suggestions without any explicit behavioral manipulation.

As expected, participants’ attitudes in the Write-in-Favor condi-
tion shifted toward the ATs position by 0.43 scale point [95% CI
(0.26, 0.59), Cohen’s d = 0.30, P < 0.001]. Notably, this shift was not
statistically different from the shift caused by the default (no-
awareness) Al Treatment [difference in shifts = 0.055, 95% CI
(—0.39, 0.28), P = 1.00, Cohen’s d = 0.05]. That is, the covert influ-
ence resulting from merely being exposed to the biased AI sugges-
tions without any direct behavioral manipulation was on par with
the influence observed when directly manipulating people to ex-
press these biased viewpoints in their writing. While the attitude-
shift effect was similar, the awareness of AT’s bias and its impact
changed as expected given the overt treatment: Participants in this
treatment were more likely to agree with the statement that the sug-
gestions were reasonable and balanced relative to the normal Al
Treatment [XZ(Z, N =426)=23.1,P < 0.001, v=0.23, odds ratio for
agreement = 2.54, 95% CI (1.61, 4.08)] and were less likely than the
default AI Treatment participants to disagree that the suggestions
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influenced their thinking [XZ(Z, N =426)=9.5,P=0.009,v=0.15,
odds ratio for agreement = 1.37, 95% CI (0.38, 0.82)].

Making participants aware of the Al’s bias showed no
evidence of mitigating the effect

In experiment 2, we explored two additional conditions designed to
increase awareness of the AI's bias in different ways. In both of these
conditions, participants saw the biased AI suggestions, but we also
made participants aware of the Al writing assistant’s bias: In one
condition, we warned participants about the Al suggestions’ bias be-
fore the task (Warning condition, N = 200); in another, we alerted
them about the bias after the task and before we asked the posttask
attitude questions (Debrief condition, N = 159).

We found that neither of these treatments significantly reduced
the attitude shift compared to the normal Al Treatment baseline.
Participants in the Warning and Debrief conditions showed compa-
rable and significant attitude shifts toward the AT’s position: Partici-
pants who were warned beforehand reported attitudes that were 0.27
scale point closer to the AT’s position [95% CI (0.10, 0.43), P = 0.002,
Cohen’s d = 0.19], and participants who were debriefed after expo-
sure reported attitudes that were 0.35 scale point closer to the Al’s
position [95% CI (0.16, 0.54), P < 0.001, Cohen’s d = 0.22]. When
comparing the pre-post attitude shifts between conditions, the shifts
in these intervention conditions did not statistically differ in magni-
tude from the shifts participants experienced in the default AI Treat-
ment [difference in shifts between Warning and AI Treatment =0.105
scale point, 95% CI (—0.23, 0.44), P = 1.000, Cohen’s d = 0.08; differ-
ence in shifts between Debrief and AI Treatment = 0.018 scale point,
95% CI (—0.34, 0.37), P = 1.000, Cohen’s d = 0.01].

In both of the attempts at mitigation, participants were just as
likely as participants in the normal Al treatment to agree that the AI
suggestions were balanced, showing a comparable lack of awareness
about the suggestions’ biasedness [Warning: *(2, N = 419) = 2.17,
P =0.339, v=0.07, odds ratio for agreement = 1.35, 95% CI (0.89,
2.06); Debrief: X2(2, N =378)=1.48, P=0.733, v = 0.06, odds ratio
for agreement = 1.30, 95% CI (0.84, 2.05)]. In addition, participants
in these treatments were equally likely to disagree that the AI sug-
gestions influenced their thinking [Warning;: y*(2, N = 419) = 3.33,
P =0.312, v = 0.09, odds ratio for agreement = 0.72, 95% CI (0.48,
1.10]; Debrief: X2(2, N =378) =1.66, P=0.436,v = 0.07, odds ratio
for agreement = 0.93, 95% CI (0.60, 1.43)]. Therefore, these inter-
ventions did not appear to reduce the attitude shift caused by the
biased Al suggestions, nor did they make people more aware of be-
ing influenced.

DISCUSSION

Our findings offer robust evidence of one of multiple possible ways
in which advanced artificial intelligence in the form of AI writing
assistants can, as suggested by scholars (16), distort human beliefs
and contribute to bias. Alarmingly, our work shows that biased Al
models can distort attitudes in a covert and implicit way, without
people noticing that they are being presented with a persuasive ar-
gument by a different actor. This influence constitutes a form of ma-
nipulation, defined by Susser et al. as the steering of an individual’s
decision without their awareness (53). Although this influence can
sometimes be desirable, for example, when encouraging polarized
individuals to consider different points of view, such influence can
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also be extremely dangerous, threatening users” freedom of thought
when biased AI suggestions influence attitudes in their direction.

The context of our study resembles the way billions of people
encounter and interact with Al autocompletions offered in everyday
communication contexts, such as on email (2, 3), social media plat-
forms, work platforms like word processors, and even standalone
Al-based websites that are being advertised as helping people write
for a range of different communication scenarios. The suggestions in
our study were longer than current applications’ norms and were
biased by design. At the same time, as people routinely use these
services in their daily communication, the short-term influence of
Al suggestions is likely to be compounded by repeated exposure,
which could result in a long-term shift in attitudes and, ultimately,
damage to people’s freedom of thought. These harms could dispro-
portionately affect people of certain groups, such as non-native
speakers who rely more on Al language assistants like machine trans-
lation to communicate (54).

Our findings closely align with previous research on the “behav-
ior influences attitude” paradigm (52) but offer an AI-enhanced
mechanism for this phenomenon. We found that people who ac-
cepted more words from the biased Al suggestions exhibited stronger
attitude shifts toward the biased position. Much like our Write-
in-Favor condition, earlier studies in this paradigm have shown that
the act of overt writing to endorse an opinion can shift attitudes in
the same direction. The paradigm offers multiple explanations for
this phenomenon, including biased scanning, where people per-
form selective search of memory or a biased analysis (39); cognitive
dissonance, where the writing commits individuals to an attitude
position to maintain consistency (40); and the impact of self-perception,
where people treat the writing as information that is relevant to
judgments about their own attitudes (41). All these factors may con-
tribute to the effect shown in our experiments. Our experiments’
design does not allow us to pinpoint which of these is the causal
factor, and more than one of these mechanisms (or one we have not
listed) could be contributing to the effect simultaneously. Future re-
search should work toward uncovering the root causes of the phe-
nomenon we have documented here. One actionable way to achieve
this goal is by replicating our experiments while adapting the ma-
nipulations that contributed to each theory in the original studies.
For instance, a replication study using our Write-in-Favor condition
could add Festinger’s (40) manipulation of incentive size, which he
used to show that cognitive dissonance and the resulting attitude
change are induced when the incentive is considered too small to
warrant the participant’s dissonant outward behavior. By reevaluat-
ing the attitude-shift effect under these different conditions, which
were used to pinpoint each mechanism in the original studies, fu-
ture research can lend support to our finding and to these previously
known processes.

While our experiments cannot identify the specific theoretical
mechanism accounting for the attitude shift, we contribute to the
general literature on how behavior influences attitudes by showing
that this paradigm works covertly as well, i.e., when people are not
aware of any manipulation or directive. This pattern of influence is
so subtle that it persists even when participants are forewarned or
debriefed to heighten their sensitivity to the manipulation. Accord-
ing to Albarracin and Vargas (34), “people may be unaware of the
presence of a persuasive stimulus, they may be unaware of cognitive
processes that mediate attitude formation and change, and they may
be unaware of the outcome of the persuasive process—that their
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attitudes have actually changed” (p. 14). Our findings support this
idea: Participants whose attitudes shifted toward the AT’s position
often failed to notice the suggestions’ biases and influence on their
attitudes.

Our experiments were designed to provide robust causal evidence
by randomly assigning participants to receive Al suggestions with a
specific bias. The design resembles realistic scenarios where users are
exposed to built-in AT models’ suggestions (e.g., Gmail and Micro-
soft Word) rather than choosing specific AI systems based on per-
sonal preference. Prior research shows that exposures to such built-in
suggestions can reduce later information seeking (16), making first
encounters particularly influential. Moreover, our studies show that
users who initially disagreed with the AT's position still accepted sub-
stantial portions of its suggestions (see Supplementary Text), sug-
gesting that AT exposure can influence people’s writing and attitudes
even when they are ideologically opposed to the arguments being
presented, similar to findings in other studies (27). However, as Al
tools become more politicized, users may select assistants that align
with their views, leading to potential echo chamber effects. More
work is needed to understand how dynamics of self-selection and
personalization mediate persuasive effects in more real-world usage.

The Warning and Debrief messages failed to significantly reduce
the attitude shift, which is concerning because they were also in-
spired by those used in real Al applications. Al tools such as Chat-
GPT show brief and general statements about AI’s propensity to
hallucinate false information (e.g., “ChatGPT is Al and can make
mistakes. Check important info”), similar to the messages used in
our interventions (see Table 2). We performed equivalence tests,
which showed that, unlike the Debrief, the Warning condition may
have reduced the attitude shift to a small extent that our study was
underpowered to detect (see the Supplementary Text, pp. 35-36).
Although this possibility aligns with inoculation theory, which
holds that pre-exposure interventions tend to be more effective than
postexposure ones (51, 55), our data allow us to conclude that any
plausible inoculation effect would be insufficient to undo the per-
suasive main effect. One possible reason for the lack of substantial
effects is that the intervention text was not sufficiently detailed for
participants to internalize its message. Multiple studies in the misin-
formation context have found that intervention messages with de-
tails and examples are more effective (55, 56). In this sense, the null
effects of the Warning and Debrief interventions can be seen as a
theoretically informative boundary condition in the context of miti-
gating Al writing assistants’ influence: We show that the brief dis-
claimers used in real-world AI applications are not substantially
reducing these tools’ influence on users. Future research in this con-
text should evaluate our interventions with larger samples, and it
should test more detailed interventions informed by theory to un-
derstand how to mitigate AI's influence.

The influence of Al suggestions may be weaker for issues where
people hold strong prior attitudes. Attitudes on issues that strongly
implicate identity or moral values are generally hard to shift (57, 58).
Nevertheless, we showed in this work that for multiple topics of con-
siderable societal impact, Al suggestions, varying in their political
leaning, can shift attitudes. For the issues used in our study, an ex-
ploratory analysis in Supplementary Text shows that attitudes shifted
even for participants whose initial attitudes were extreme, and their
attitudes shifted significantly more than the natural moderation ob-
served in the Control group over the time period. Last, there is also a
risk that such suggestions induce a “backfire effect,” in which
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individuals who hold opposing attitudes become more resistant to
moderating their beliefs as a result of the perceived attacks (59), al-
though this does not seem to have occurred in our study based on an
exploratory analysis (see Supplementary Text for details).

We took steps to enhance the generalizability of our study in
multiple dimensions, but of course, there are still some limitations.
First, our study showed that the impact of AI suggestions is not lim-
ited to one political direction, as attitudes shifted with Al bias lean-
ing (across issues) either conservative or liberal. We note, though,
that our sample was typical of recruitment from online crowdwork
sites like Prolific and thus skewed on certain demographic dimen-
sions (60). This skew limited our ability to compare in more detail
the effect on conservative versus liberal-leaning participants.

Our study also only examines short-term effects of AI-generated
suggestions, and it remains unclear to what extent the observed ef-
fects persist over time. Some studies show that behaviorally induced
attitude changes can persist over weeks to months (61-64), and re-
cent findings on Al-driven persuasion have documented long-term
attitude changes (27), suggesting that Al-induced attitude changes
may persist and be compounded as individuals use AI writing as-
sistants more regularly. However, more research is needed to assess
the longitudinal impacts of Al writing assistance.

One potential threat to our experiment is that demand effects
could have driven participants to report attitudes that are closer to
the AT’s biased position. In other words, participants could have in-
terpreted the biased viewpoints in the AI suggestions as a cue that
the researchers expect participants to agree with these viewpoints,
thus leading participants to express attitudes more aligned with
these viewpoints after the writing phase. However, we controlled for
demand effects in multiple ways, such as verifying that the effects
were present when excluding participants who knew the purpose of
the study (as reported above) and implementing several methods
based on past work to counteract demand effects. We also per-
formed post hoc analyses suggesting that this threat is minimal, as is
normally the case for online experiments (65). For example, we ob-
served that participants who correctly guessed the purpose of the
experiment resisted the manipulation more strongly, contrary to
the demand effects hypothesis. A thematic analysis of participants’
open-ended responses to that question showed that participants
who guessed the study’s purpose incorrectly had guesses that were
plausible alternatives to the actual study purpose, suggesting that
they truly were indeed unaware of the purpose rather than lying to
avoid perceived penalties from seeing through the study. For details
about these analyses and other ways we countered demand effects,
see Supplementary Text.

Furthermore, our results may underestimate the effect of bi-
ased Al suggestions, as we used crowdworkers as our experiment
participants. Crowdworkers may be more sensitive and resistant
to manipulations than unsuspecting users in the wild. In fact, 28%
of participants in experiment 2’s normal Al treatment correctly
guessed the experiment’s purpose when we gave them an incentive
to do so (and the overall rate of correctly guessing the purpose
became 34% when including the other treatments, due to the
Warning and Debrief conditions making the manipulation more
transparent). However, the treatment effect was significant within
this potentially aware group, as well as when we both included and
excluded this group from the full sample, indicating that Al can
shift the attitudes of people regardless of the potential demand ef-
fects (see Supplementary Text for details).
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LLMs and generative AI will continue to become more sophis-
ticated and more widely integrated in our online communication.
Major technology companies, such as Google and Microsoft, have
launched AI writing assistants to help users write across their
most popular products (66, 67), with others to follow. Our study
shows the alarming risk associated with such use of AI and sug-
gests that further work is necessary to investigate the potential
and impact of this influence vector and to design interventions that
can successfully mitigate the influence of biased AI suggestions on
users’ attitudes.

MATERIALS AND METHODS

Experimental design

We conducted two preregistered online experiments in which we
asked participants to write a short essay about a debatable issue with
(AI Treatment) or without (Control) seeing Al-generated sugges-
tions that were biased toward one viewpoint and then measured
their attitudes toward the issue in a posttask survey. Both of these
studies were approved with exemption from full board review by
Cornell University’s Institutional Review Board (IRB protocol no.
0010155); we gained informed consent from all participants who
chose to complete the surveys (compensating them at the recom-
mended rate of $12.00 per hour) and preregistered both studies in
advance of recruitment.

Participants were recruited via Prolific, an online research
crowdsourcing platform, and were presented with a consent form.
After giving their informed consent to participate, participants were
instructed to write a short essay about their opinions on a debatable
issue in a custom-built online writing application (Fig. 1 and fig. S1).

The experimental design allowed us to evaluate the attitude
change effect over multiple different issues of societal import (Table 1),
as well as test the impact of both liberal- and conservative-leaning
bias from the Al suggestions. In experiment 1, all participants wrote
about the use of standardized testing in education (in the AI Treat-
ment, the AI suggestions were biased in favor of standardized test-
ing). In experiment 2, participants were randomly assigned to write
about one of the following issues: (i) whether the death penalty
should be illegal (AI suggestions in favor), (ii) whether felons should
have the right to vote (against), (iii) whether GMOs should be
grown (in favor), and (iv) whether the US should continue fracking
(in favor). The topics were selected using an extensive evaluation
that involved four surveys of Prolific workers’ attitudes toward 21
issues with more than 5022 responses in total. For this pretesting, we
gathered debate topics from the website ProCon.org and evaluated
different aspects of the usability of these topics for our studies (e.g.,
the strength of participants’ attitudes, the ethical issues associated
with prompting the Al suggestions to respond in favor of or against
the topic, the ability of ChatGPT to generate biased suggestions
about the topics, etc.). For more information on our topic selection,
see Supplementary Text. By using these topics in experiment 2, we
were able to test the effect across issues with different partisan biases
and stances toward each issue, lending further robustness to our re-
sults (Table 1).

We methodologically opted to test more issues in our experi-
ments, instead of testing whether AI can sway attitudes in both di-
rections for fewer issues. Existing work predicted (theoretically) and
showed (including specifically for this context) that the attitude shift
would work in both directions for each issue (57). Preliminary work
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showed this bidirectional attitude shift from AI suggestions but had
the severe limitation of the generalizability and robustness of the
effect because the study only tested a single, nonpartisan, societal
issue (8). Moreover, research on persuasion has shown that persua-
sive messages about societal policy issues are able to shift the views
of people in both directions on a topic (57). Considering this finding
and the tradeoff between intra- and intertopic robustness, we de-
cided to methodically test the effect across topics and different
points of view instead of testing fewer topics in both directions.

In the treatment conditions where participants saw Al-generated
suggestions, they were encouraged to use the Al writing assistant but
asked to also write without it. They were told they could accept the AI
suggestions by pressing the TAB key. Participants understood this in-
struction overall: 30.8% of those in the AI Treatment group in experi-
ment 1 and 35.3% of those in all treatments in experiment 2 did not
accept any suggestions. The suggestions were generated by GPT-3.5
(experiment 1) and GPT-4 (experiment 2). Using carefully designed
prompts for GPT, we configured the writing application’s suggestions
to largely follow the predetermined biased opinion about the issue at
hand. We limited each suggestion to 30 tokens, which correspond to
~24 words after excluding nonword tokens like punctuation marks.
Suggestions appeared on participants’ screens about 1.5 s after they
paused their writing (this included the time taken to send the user’s
sentence to the AT model and receive its completion). The Al sugges-
tions maintained their predetermined position even if the participant
entered text that argued against it. In separate validation procedures,
we confirmed that the model generated suggestions with these de-
sired predetermined viewpoints (see Supplementary Text for details
and for examples of suggestions shown in each experiment).

After writing, we asked participants to answer a standard demo-
graphic panel, including gender identity, age, race, education level,
sexuality, AT usage (in experiment 2), and political affiliation [using
a scale taken from the American National Election Studies (ANES);
see (68)]. We then asked participants to indicate their positions on
five debatable issues using a five-point Likert scale anchored at “No”
and “Yes,” with the midpoint being “Not sure” One of these issues
was the one they had written about; the remaining four were dis-
tractors. These distractors, along with the demographic block, were
intended to prevent participants from inferring the purpose of the
experiment and changing their responses due to demand effects, a
strategy that has been used in other online crowdwork experiments
(69, 70). We reverse-coded the attitude measurements for the felons’
voting rights topic during analysis to make increasing numbers rep-
resent higher alignment with the ATs position, the scale that the
other topics’ responses naturally followed.

Participants who saw Al-generated suggestions also filled out
questions on their experience using the writing assistant. One of
these questions asked them to rate their agreement with the state-
ment that “the suggestions were reasonable and balanced” Because
the suggestions were intentionally programmed to be one-sided in-
stead of balanced, we interpreted responses of agreement with this
item to mean lesser awareness of the suggestions’ bias, and responses
of disagreement to mean greater awareness thereof. Another ques-
tion asked them to rate their agreement with the statement that “the
writing assistant inspired or changed my thinking and argument?”

Toward the end of the questionnaire in experiment 2, we asked
participants to guess the purpose of the study, offering a 25-cent bo-
nus payment to those in the treatment groups if they guessed
correctly. This question allowed us to evaluate the possibility of
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demand effects by testing how awareness of the experiment affected
the treatment effect, and to exclude participants who knew the goal
from the final analysis.

Last, we asked all participants if they wanted to give optional
feedback about the study in both experiments. In experiment 1, a
small number of participants mentioned having technical problems
with the writing interface in this feedback, so we asked this question
directly in experiment 2. The results presented above exclude par-
ticipants who reported having issues in each experiment (0.7% in
experiment 1 and 2% in experiment 2), as well as those who guessed
the purpose in experiment 2 (34%). We include results from the full
sample in Supplementary Text, as was preregistered, all of which
were consistent with those reported here.

We strengthened the basic experimental design by including ad-
ditional conditions to test alternative explanations for the effect and
evaluate interventions to reduce it, as detailed above. In the Static
Text condition in experiment 1, we presented participants with a
representative sample of the AI writing assistant’s arguments in a
bulleted list instead of showing them AI autocomplete suggestions
as they wrote. This list was prominently displayed between the task
instructions and the written response field (see fig. S1). To create a
set of suggestions for the Static Text condition that was representa-
tive of the AT’s actual suggestions, we simulated the experiment pro-
cedure and recorded the suggestions provided by the AL Specifically,
we queried GPT-3.5 with the prompt given to the system in the Al
Treatment condition and collected ~100 of the responses. Three of
the authors used a qualitative affinity diagramming approach to cat-
egorize these arguments into a small set of broader themes (e.g.,
“leveling the playing field for students”; “giving educators informa-
tion to improve their teaching”). We selected the three themes that
encapsulated the majority of the AD's responses and listed each of
these as a bullet point in the static text instructions. A postexperi-
ment assessment showed that these three themes were represented
by 76% of the suggestions provided to participants in the AI Treat-
ment condition (see Supplementary Text). This condition allowed
us to rule out the possibility that the effect of the Al was purely due
to the persuasive effect of having more available information.

In experiment 2, we added three conditions, again as noted
above: the Warning condition and Debrief condition warned par-
ticipants about the suggestions” bias before and after the writing
task, respectively, whereas the Write-in-Favor condition asked par-
ticipants to write in favor of the biased position. Participants were
evenly split among the conditions in each experiment (see Table 2).

In experiment 2, we developed a more elaborate process in which
we also collected participants’ baseline attitudes toward the topic
they would write about. We first administered a survey of attitudes
from a large set of participants. In the pretask, participants were
asked about 10 debatable issues, including the one they were later
assigned to write about in the main task and nine distractors. Weeks
later, we recruited participants for the main experiment from those
who took the pretask survey. The mean number of days elapsed be-
tween when participants reported their initial attitudes in the pre-
task survey and completed the experiment was 34.44 days; the
minimum was 21 days, and the maximum was 63 days. The connec-
tion between these two studies was masked from the participants.
The pretask attitude measurement allowed us to examine whether
the participants’ attitudes had shifted from their baseline positions
on the issues. In addition, the pretask survey allowed us to verify the
political associations with people’s attitudes on each issue so that we
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could evenly represent liberal and conservative viewpoints in the
AT’s biases across issues (see Table 1).

Preregistration

Both experiments were preregistered on AsPredicted.com (experi-
ment 1: https://aspredicted.org/CK4_9WX; experiment 2: https://
aspredicted.org/2TR_B1R). We report some minor deviations from
the preregistered proposal for this study. We preregistered plans to
attain a sample size of N = 500 participants per condition in each
experiment (based on a power analysis using 80% to detect the small
effects common in persuasion research). We achieved this goal in ex-
periment 1, but we could not reach this total in experiment 2 due to
the need to recruit participants back weeks later between the initial
attitude survey and the main experiment, even with over-recruiting
in the initial phase. We decided to stop the main experiment recruit-
ment after receiving no new responses in 36 hours. While a larger
study could potentially help confirm additional null effects in the
cases above where the equivalence tests were not able to (see Supple-
mentary Text), the current sample was still enough to show the clear
differences in significance between the control and the treatments.
Another minor deviation from the preregistration for experiment 2
was using a more conservative P value adjustment than we had
planned due to the structure of our confirmatory model (we provide
the preregistered Tukey-adjusted P values for a slightly different
model in Supplementary Text). One final deviation from our prereg-
istration was that we paid participants slightly smaller bonuses for
guessing the purpose of the study (25 instead of 50 cents). However,
25-cent bonuses have been sufficient to elicit behavioral change in
past online experiments, including increasing the rate of participants
correctly guessing a study’s purpose (62), and our exploratory analy-
sis of participants who did not guess the purpose correctly suggests
that our bonus still motivated them sufficiently (see Supplementary
Text). For more detail on our experiment designs and analysis meth-
ods, see the preregistrations and the Supplementary Text.

Statistical analysis

We used RStudio to do all statistical analysis. To measure the effect
of the AI Treatment in experiment 1, we used a standard ANOVA
and tested pairwise contrasts between the groups with Tukey adjust-
ment applied. Because experiment 2 had a repeated-measures de-
sign, we used a linear mixed effects model that tested for an
interaction between condition and time point of attitude measure-
ment, with the specific societal issue included as a random effect
and participant included as a random intercept. We confirmed the
results of this interaction with a repeated-measures ANOVA. We
ran pairwise contrasts to compare the extent of attitude shifts be-
tween groups and applied Bonferroni adjustment. For the measures
of unawareness, we categorized answers to the survey question into
three categories and ran chi-square tests of independence to com-
pare these responses between groups. For more detail on statistical
tests, see the Supplementary Text.

Supplementary Materials
This PDF file includes:
Supplementary Text

Figs.S1to S11

Tables S1to S21
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