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Abstract
Generative AI output can contain errors, such as hallucina-
tions, non-responsive results, or otherwise inaccurate or po-
tentially harmful content. To explore the public’s emerging
understanding, attitudes, and behavior regarding such mis-
takes, we ran an online survey in the United States with 1,503
respondents, with a representative sample of the population.
We report high public awareness of generative AI mistakes.
Further, many respondents report checking generative AI out-
put, for example, by comparing results with other online re-
sources. We conclude with guidance for explanations and in-
product disclosures about generative AI mistakes.

Introduction
As the use of generative AI (GenAI) becomes increasingly
widespread (Bick, Blandin, and Deming 2026; Chatterji
et al. 2025; Sajadieh et al. 2026), its beneficial and harmful
properties have been a topic of great discussion (Carmichael
2025; Kennedy et al. 2025). In this paper, we explore one
particular issue, public opinion regarding GenAI’s produc-
tion of errors in its output. It is well-documented that re-
gardless of developer, geography, or technological specifics,
all current GenAI models make mistakes, such as halluci-
nations (Ji et al. 2023), non-responsive results, or otherwise
inaccurate or potentially harmful content. However, it is less
clear what the general public knows of this, and what if any-
thing they do to detect or mitigate GenAI mistakes.

To explore public understanding, attitudes, and behavior
regarding GenAI mistakes, we ran an online survey in the
United States with 1,503 respondents, with a sample repre-
sentative of the general population. We fielded the survey in
May 2025; accordingly, our work documents public percep-
tion at that moment in the rapid uptake of GenAI. We report
high public awareness of generative AI mistakes, with 70%
of respondents saying GenAI makes mistakes at least some-
times. Further, a majority of respondents believe GenAI at
least sometimes does all of the following: gets facts wrong;
makes up things that don’t exist; says things that experts
wouldn’t agree with; makes typos and grammatical errors;
and doesn’t follow the instructions in the prompt. Further,
respondents indicate strong interest in accuracy, with ap-
proximately 75% of those responding to a question about
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checking GenAI output confirming that they check it at least
some of the time, for example, by comparing GenAI re-
sults with other online resources. We also report respondent
antipathy towards general warnings about GenAI mistakes,
with more favorable responses to guidance to check results
and provide feedback.

Our contribution is therefore a novel study of the gen-
eral public’s understanding, attitudes, and behavior regard-
ing mistakes in GenAI output. In the remainder of the pa-
per, we review relevant background, describe our methodol-
ogy, present our findings, and discuss implications including
guidance for disclosures about GenAI mistakes.

Related Work
GenAI Adoption. As noted in Stanford’s 2026 AI Index
Report, “AI adoption is spreading at historic speed” (Sa-
jadieh et al. 2026). Bick et al. report extremely rapid uptake
of GenAI tools, with nearly 40% of the US population using
GenAI as of late 2024, arguing that work adoption of GenAI
has been as fast as adoption of the personal computer, and
overall adoption of GenAI has been faster than the adop-
tion of either PCs or the internet (Bick, Blandin, and Dem-
ing 2026). The Pew Research Center details ChatGPT use
specifically, reporting that about one-third of US adults had
ever used ChatGPT as of early 2025 (Sidoti and McClain
2025); Chatterji et al. report around 10% of the world’s adult
population uses ChatGPT as of July 2025 (Chatterji et al.
2025). More recently, Ipsos reported that the number of US
respondents who say they never use AI tools fell from 26%
in November 2025 to 17% in April 2026 (Ipsos 2026b).

Evidence of rapid adoption is accompanied by data about
robust personal and professional use of GenAI. Chatterji et
al. report strong personal and work use of GenAI globally
as of July 2025, noting that writing dominates work-related
ChatGPT use (Chatterji et al. 2025). Earlier in GenAI adop-
tion, the Pew Research Center reported that 63% of US adult
workers said they don’t use AI much or at all in their jobs; at
the same time, 40% of workers who do use AI chatbots say
they have been extremely or very helpful in increasing their
speed, and 29% say they have been extremely or very helpful
in improving the quality of their work (Lin and Parker 2025).
Despite increased public exposure to GenAI, research on the
impact of GenAI errors on attitudes and behavior remains
sparse (Mueller, Kuester, and von Janda 2025).



Public Attitudes. Public response to AI has been char-
acterized as a mix of excitement and concern since before
GenAI permeated public consciousness (Kelley et al. 2021).
However, nervousness about AI has increased globally since
the public launch of ChatGPT (Carmichael 2025), and in
early 2025, 34% of respondents said they are more con-
cerned than excited about the increased use of AI, while
42% of respondents said they are equally concerned and ex-
cited (Poushter, Fagan, and Corichi 2025). Prominent con-
cerns include the labor market, loss of creativity/critical
thinking, misinformation, and the environment (Carmichael
2025; Ipsos 2026a; Kennedy et al. 2025; Li et al. 2026).
Negative sentiment has escalated in recent months, with “AI
backlash” making headlines (Goldberg 2026; Mickle 2026;
Quinnipiac University Poll 2026).

General trust in AI has long been studied, with many re-
cent results focusing on GenAI, e.g., Tolsdorf et al. report a
tendency towards binary low/high trust in GenAI (Tolsdorf
et al. 2025). The Pew Research Center reports that a majority
of US adults have seen AI summaries in search results, but
46% of those don’t trust them (Eddy 2025). The hazards of
over-reliance have also been extensively investigated (Passi
and Vorvoreanu 2022), emphasizing the importance of en-
suring users are appropriately cognizant of potential errors.

AI Mistakes. AI has long been understood to make mis-
takes, often resulting in consequential harm (Raji et al. 2022;
Shelby et al. 2023). With the advent of GenAI, new types
of errors have reached public consciousness, e.g., hallucina-
tions (Bohannon 2023). Beyond media reports, tools such
as disclosures, disclaimers, and AI incident databases pro-
mote awareness of risks, harms, and errors (McGregor 2021;
MIT FutureTech 2025), and there is some evidence of low to
moderate public awareness of visible mistakes in GenAI out-
put. In a survey of US adults, Li et al. found that when evalu-
ating fictionalized scenarios, respondents mentioned GenAI
failures such as hallucinations (27%) or low quality output
(28%) (Li et al. 2026). Tolsdorf et al. report that while partic-
ipants perceived most risks of GenAI conversational agents
to be unlikely, one segment of participants was more in-
clined to rate unhelpful output and misinformation as likely
(Tolsdorf et al. 2025). The Pew Research Center reported
that in an open-ended response in a survey of US adults in
June 2025, 3% of respondents said they rate the societal risks
of AI as very high due to AI mistakes including hallucina-
tions (Kennedy et al. 2025), and Lean In reports that in a na-
tionally representative US survey, 22% of women and 17%
of men questioned whether AI is accurate (Lean In 2026).

Human-AI Verification. Little research has been done on
how people check results of GenAI in organic settings. In
one rare exception, Lee et al. present a survey of knowl-
edge workers’ self-reported behaviors. In response to cog-
nitive priming, they reported behaviors such as checking
GenAI output to ensure quality, e.g., verifying information
by checking referenced or independent sources, while also
expressing that barriers such as a lack of time limited their
ability to think critically at work (Lee et al. 2025). Gu et
al. report a qualitative study of data analysts, who typically
used procedural and data-oriented strategies to validate out-

put (Gu et al. 2024). Perera et al. report a qualitative study
of verification practices of blind users working with GenAI
in spreadsheets, observing certain behaviors similar to those
we report, such as cross-checking and consulting search en-
gines, although also emphasizing that the practices are qual-
itatively different and more complex for blind users as com-
pared with sighted users (Perera et al. 2026). We comple-
ment these studies by investigating verification attitudes and
behaviors with a general population.

A number of remediations have been proposed to im-
prove human verification of GenAI results. AI literacy and
explainability have long been recognized as key tools for
public understanding (Long and Magerko 2020; Kelley and
Woodruff 2023), with Annapureddy et al. proposing compe-
tencies specific to GenAI, including the ability to evaluate
GenAI output and assess whether content is accurate and
relevant (Annapureddy, Fornaroli, and Gatica-Perez 2025).
Such evaluation can be cognitively demanding (Tankelevitch
et al. 2024), and researchers have articulated the need for
tools to help humans check GenAI output (Gordon et al.
2023). Several interfaces have been proposed, including
leveraging warnings (Nahar et al. 2024), chain-of-thought
(CoT) reasoning (Zhou et al. 2026), sincere apologies (Mah-
mood et al. 2022), or a warn-verify-audit interface (Laban
et al. 2024), often showing improvements on measures such
as error detection rates, speed, and favorability.

Overall, despite early data points, there has been limited
study of public perception of mistakes in GenAI output, and
even less insight regarding why and how everyday users
check GenAI results.

Methodology
We deployed a survey to investigate our research questions:

RQ1: Do people think GenAI makes mistakes?
RQ2: What kinds of mistakes do they think GenAI

makes, and how often?
RQ3: Do people check GenAI results? Why and how?
RQ4: What explanations and in-product statements

about GenAI mistakes do people find useful?

The Questionnaire
At the beginning of the survey, respondents were shown the
following definition of GenAI:

Generative AI is a type of artificial intelligence that
creates new content based on patterns it has learned
from huge amounts of existing data. An example of
generative AI is an advanced chatbot that answers
people’s questions in a conversational way. Genera-
tive AI can also produce entirely new videos or im-
ages, summarize long documents, create outlines or
reports, and more.

The questionnaire had the following sections:
• Demographics – Including age, gender, race/ethnicity,

region within the US, and household income.
• General Attitude and Familiarity – We asked if respon-

dents were familiar with GenAI; how excited, concerned,
and useful it is; and how trustworthy its results are.



• Respondent’s Use of GenAI – For those familiar with
GenAI, we asked how regularly they use it for personal
tasks and for work tasks.

• GenAI Mistakes – We asked how often GenAI makes
mistakes, and which types.

• Explanations and In-Product Messaging (highlighter
exercise) – We had respondents give positive or negative
feedback on statements that explain GenAI.

The full text of the questions reported in this paper is in the
Appendix.1 Questions were closed-form, open-ended, and a
highlighter exercise. In the latter, users were shown state-
ments and could freely highlight any words they chose with
positive or negative “highlighters” representing like/helpful
or dislike/not helpful. The statements were hypothetical but
aligned with existing approaches across the industry.

Survey Deployment
We surveyed 1,503 people (767 women, 730 men, 5 non-
binary/gender non-conforming, and 1 Two-Spirit) in the US
on their usage, attitudes, and behaviors regarding GenAI
tools. The sample was representative of US Census data on
age, gender, race/ethnicity, region, and household income.
Full demographics are shown in the Appendix, Table 4. The
online survey was fielded May 8-14, 2025 by a professional
market research agency. It was administered on mobile or
desktop, and it was offered in English and Spanish. Survey
length was estimated at 10 minutes and took respondents a
median time of 11.7 minutes. Participants were compensated
at industry standard in panel currency usable for gift cards.

In response to a filtering question, 145 respondents re-
ported they were not at all familiar with GenAI and an addi-
tional 18 reported they first heard about it during the survey.
These 163 unfamiliar respondents were not shown some
questions, including those on AI use, but were asked about
their broader AI attitudes and to do the highlighter exercise.

Data Processing and Analysis
We used an inductive approach to explore emerging themes
and common patterns in the data (Hinkin 1998).

Data Cleaning and Processing. We performed several
quality checks to ensure a sound sample. We performed
pre-survey quality checks, removing 338 respondents before
they entered the survey. During these checks, every potential
survey completion was sent through multiple automated sys-
tems, in real time, to prevent duplicates, survey-bots, click-
farms, oversampled respondents, and known low-quality re-
spondents from entering the survey. We also performed post-
survey quality checks, removing 57 respondents from the
final dataset for quality concerns such as speeding, straight-
lining, contradictory responses, or low quality open-ended
responses. Additionally, 316 respondents dropped out dur-
ing the survey and were removed from the final data set; 128
of those respondents dropped out during the initial survey
screens. Responses to the highlighter exercise were analyzed

1The Appendix is available in the arXiv version of this paper.
Data from this survey is also used in an Ad Council Research In-
stitute white paper (Feldmann et al. 2025).

Work Tasks
Use Non-use

Personal Use 43% 648 17% 253

Tasks Non-use 3% 49 37% 553

Table 1: Reported use of GenAI for personal or work tasks
(Q7). Use includes those who said very often, often, some-
times, or rarely. Non-use includes those who said not at all
or don’t know, plus 163 respondents unfamiliar with GenAI.

to identify non-overlapping phrases, and each respondent
was assigned like/helpful, dislike/not helpful, or no opinion
for each phrase. Verbatim responses in Spanish were trans-
lated into English for analysis, using Google Translate.

Analysis of Closed-Form Responses. Quantitative analy-
sis was performed on unweighted responses, meaning each
response was treated as being of equal importance to all oth-
ers. Text-based scales were treated categorically. In some
cases we group categories, e.g., we group very/extremely
in our odds ratios, and we group segments for GenAI use.
The statistical analysis was done in Python using the pandas
library, with code that was written with AI assistance and
validated by one of the authors. To understand the drivers
of trust in GenAI results and likelihood of mistakes we es-
timated multivariable logistic regression models, which we
report as Adjusted Odds Ratios. We additionally calculated
dominance analysis to understand the relative drivers; demo-
graphic details drove less than 4% of the overall variability
and thus are not included in the analysis in this paper.

Analysis of Open-Ended Responses. Research team
members reviewed verbatim responses for all three open-
ended questions and discussed emergent themes (Beyer and
Holtzblatt 1997). During this process, we saw that responses
to the checking question (Q12) were focused and particu-
larly amenable to qualitative coding. Accordingly, the last
author developed a codeframe for Q12 and applied it to those
responses, in consultation with the first author. As the ap-
plication of the codeframe was straightforward due to brief
responses and clear concepts, coding by additional review-
ers was deemed unnecessary following guidance on “ease of
coding” (McDonald, Schoenebeck, and Forte 2019).

Limitations
We note several limitations of our methodology. First, it car-
ries the standard issues attendant with survey methodology,
such as the risks of poor quality translation, or respondents
misunderstanding questions, satisficing (Holbrook, Green,
and Krosnick 2003), or plagiarizing open-ended responses.
We have worked to minimize these risks through use of
open-ended questions in conjunction with closed-form ques-
tions, as well as data quality checks. Second, the survey was
conducted only in the US and may not be representative
of other geographies. Third, both the landscape of GenAI
and public understanding of it are changing rapidly. The re-
sponses captured here reflect a moment in time, and public
opinion may shift as the technology evolves.
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Somewhat trustworthy

Neither trustworthy nor untrustworthy
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Very untrustworthy
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10.8%
(n = 162)

35.1%
(n = 527)
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(n = 58)

Figure 1: Perceived trustworthiness of GenAI responses (Q9).
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Non-user (n = 553)
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Figure 2: Perceived trustworthiness of GenAI responses, split by work and personal use/non-use.

Findings
While our primary focus is on GenAI mistakes, we begin
with a summary of respondents’ general attitudes and use to
contextualize our findings in a rapidly changing landscape.

Familiarity with GenAI. To establish a baseline, we first
asked respondents about their familiarity with GenAI (Q1).
As reported above, 11% (n = 163) of respondents were unfa-
miliar. The vast majority were familiar (21% very familiar,
38% somewhat familiar, and 31% a little familiar). For de-
tails, see the Appendix, Table 5.

GenAI Use. We asked familiar respondents how fre-
quently they use GenAI for personal and work tasks (Q7).
Across our sample, we again have 11% of respondents who
are unfamiliar, an additional 26% who do not use GenAI
in any context, and the remaining 63% use GenAI at least
rarely in work, personal, or both contexts. More than 5x the
number of respondents reported using GenAI in personal
tasks but not work tasks, than the reverse. See Table 1.

Affect Towards GenAI. Early in the survey, we asked re-
spondents an open-ended question about their feelings or
emotions regarding GenAI (Q2). At a high level, responses
bear strong similarity to findings reported for AI prior to the
advent of GenAI, e.g., respondents often expressed feeling
GenAI is exciting, useful, and/or concerning (Kelley et al.
2021). At the same time, certain concerns appear ampli-
fied or newly appearing, such as job loss; humans becoming

lazy; misinformation (e.g., fake videos/images/news); pla-
giarism/stealing from artists; and the environment/water use.

“It makes me nervous but also excited about what it
can do and how much help it can be. The future is up
in the air.”2

“Excitement for its potential applications in making
life easier. Fear that it may lead to misinformation,
that it may replace jobs, or result in people becoming
lazier and stupider.”

At this point in the survey, we had not yet mentioned mis-
takes. However, responses included some spontaneous men-
tions of GenAI mistakes, foreshadowing respondent con-
cerns about accuracy which we discuss further below.

“Don’t really trust it very much. Often inaccurate.”

“Excited but cautious. Appreciative of the abilities of
AI but still feel the need to verify the results.”

“I worry about Generative AI being so creative that
it’s not as accurate as it should be...”

“I feel that it is helpful and can be a time saver, but
am suspicious of the results”

2We use verbatim responses throughout without correcting ty-
pographic or grammatical errors, but with occasional marked eli-
sions. A few have been translated from Spanish to English.



Odds for Increased Odds
Trust in GenAI Outputs Ratio 95% CI

GenAI Use
Work-Only 0.75 [0.33, 1.69]
Personal-Only 2.30*** [1.46, 3.62]
Work & Personal 1.49 [0.99, 2.25]

Familiarity with GenAI
A little familiar 2.06 [0.98, 4.31]
Somewhat familiar 2.17* [1.02, 4.63]
Very familiar 2.34* [1.04, 5.24]

GenAI Concern
A little concerned 0.59 [0.34, 1.02]
Somewhat concerned 0.36*** [0.21, 0.61]
Very/extremely concerned 0.26*** [0.15, 0.44]

GenAI Excitement
A little excited 2.67*** [1.70, 4.18]
Somewhat excited 5.05*** [3.18, 8.02]
Very/extremely excited 9.38*** [5.37, 16.41]

GenAI Usefulness
A little useful 3.66** [1.45, 9.29]
Somewhat useful 9.67*** [3.90, 23.99]
Very/extremely useful 21.17*** [8.32, 53.84]

Table 2: Increased and decreased odds ratios of how likely a
respondent is to have high trust in GenAI results. Pink odds
(<1) mean a respondent is less likely to have high trust in
GenAI outputs than baseline; teal odds (>1) mean a respon-
dent is more likely to have high trust in GenAI results than
baseline. Note: McFadden’s Pseudo-R2 = 0.412. *p < 0.05,
**p < 0.01, ***p < 0.001. Baseline reference categories:
Non-Use, Not Familiar/Never heard of it until now, Not Ex-
cited, Not Concerned, Not Useful.

“... My job relies on fact, therefore I have little use for
AI.”

We then asked closed form questions about excitement
(Q4), concern (Q5), and usefulness (Q6). For details, see the
Appendix, Table 5.

Trustworthiness of GenAI. Before we asked directly
about GenAI mistakes, we asked respondents how trustwor-
thy they feel results generated by AI are (Q9). More respon-
dents report results are trustworthy than untrustworthy, but
only 11% find results very trustworthy. The other 89% re-
port some form of limited trust, distrust, or aren’t sure, with
non-users reporting the least trust. See Figures 1 and 2.

We also review drivers of trust in GenAI results. Excite-
ment about GenAI and belief that GenAI is useful most
strongly increase trust in GenAI results (with a respondent
who believes GenAI will be very/extremely useful having
21.17x higher odds of trusting GenAI results than some-
one who believes GenAI will not be useful). Concern with
GenAI makes a respondent statistically more likely to dis-
trust GenAI results than one without concern. While famil-
iarity does increase the expectation of trust in GenAI results,
these effects are smaller than the others. See Table 2.

Odds for Increased Odds
Likelihood of GenAI Mistakes Ratio 95% CI

GenAI Use
Work-Only 1.00 [0.49, 2.01]
Personal-Only 0.71 [0.46, 1.11]
Work & Personal 0.92 [0.62, 1.37]

Familiarity with GenAI
A little familiar 0.84 [0.54, 1.30]
Somewhat familiar 1.69* [1.06, 2.69]
Very familiar 2.64*** [1.55, 4.48]

GenAI Concern
A little concerned 1.05 [0.63, 1.76]
Somewhat concerned 2.06** [1.27, 3.35]
Very/extremely concerned 4.55*** [2.91, 7.11]

GenAI Excitement
A little excited 0.56** [0.37, 0.85]
Somewhat excited 0.49** [0.31, 0.79]
Very/extremely excited 0.80 [0.46, 1.40]

GenAI Usefulness
A little useful 0.75 [0.50, 1.11]
Somewhat useful 0.48** [0.30, 0.76]
Very/extremely useful 0.26*** [0.15, 0.45]

Table 3: Increased and decreased odds ratios of how likely a
respondent is to believe GenAI makes mistakes. Pink odds
(>1) mean a respondent is more likely to believe GenAI
often/very often makes mistakes; teal odds (<1) mean a
respondent is more likely to believe that GenAI does not
often/very often make mistakes. McFadden’s Pseudo-R2 =
0.159. *p < 0.05, **p < 0.01, ***p < 0.001. Baseline ref-
erence categories: Non-Use, Not Familiar/Never heard of it
until now, Not Excited, Not Concerned, Not Useful.

Occurrence of GenAI Mistakes
For our first research question, we asked all respondents how
often they think GenAI tools make mistakes (Q10). Only 2%
(n = 36) said they never make mistakes, with another 18%
(n = 273) saying they rarely make mistakes. In total 70% (n
= 1057), a sizeable majority, said GenAI sometimes, often,
or very often makes mistakes. See Figure 3.

We also see that GenAI users and non-users are broadly
aware of mistakes at somewhat similar rates (see Figure 4),
an observation supported by reviewing the odds of respon-
dents believing GenAI is often/very often likely to make
mistakes, where we see no statistical effect based on use.
However, respondents who report they are very familiar with
GenAI are 2.64 times more likely to say GenAI often/very
often makes mistakes than those who are not familiar; and
respondents who report they are very/extremely concerned
by GenAI are 4.55 times more likely to say GenAI of-
ten/very often makes mistakes than those who are not. We
see opposite, though slightly less strong, results for those
who are excited about GenAI or believe GenAI is useful,
though respondents who say GenAI is very/extremely use-
ful are nearly 4 times less likely to state GenAI often/very
often makes mistakes than respondents who believe GenAI
is not useful. See Table 3.



Very often makes mistakes

Often makes mistakes

Sometimes makes mistakes

Rarely makes mistakes

Never makes mistakes

Don't know/not sure

9.0%
(n = 136)

19.1%
(n = 287)

42.2%
(n = 634)
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2.4%
(n = 36)

9.1%
(n = 137)

Figure 3: Perceived frequency of GenAI making mistakes (Q10).
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Figure 4: Perceived frequency of GenAI making mistakes, split by work and personal use/non-use.

Types and Frequency of GenAI Mistakes
We now turn to our second research question, for which we
provided a list of five common types of GenAI mistakes and
asked respondents how frequently they occur (Q11). Across
all five, a majority of respondents said that GenAI often
or sometimes makes each type. Respondents thought “Gets
facts wrong” and “Says things that experts wouldn’t agree
with” were the two most common types of errors, with 21%
of respondents saying these things often happen, and only
11% and 10%, respectively, saying they never do. 30% of
respondents said they thought “Typos and grammatical er-
rors” never happen (though 11% thought they happen often,
and 43% thought they happen sometimes). See Figure 5.

Checking GenAI Mistakes
In this section, we report responses to an open-ended ques-
tion about whether respondents check results from GenAI,
and if so, why and how (Q12).

Do people check results from GenAI, and if so, how of-
ten? 75% (n = 669) of those responding reported check-
ing GenAI results at least sometimes,3 with 28% (n = 250)
broadly confirming “yes” they check results and an addi-
tional 13% (n = 117) saying they “always” check results.

3We received 951 responses to this question, and excluded 61
as not relevant, leaving us with a total of 890 valid responses.

“I always check results. I don’t want to blindly rely on
AI responses”

“Yes I have to check the results. The answer isn’t al-
ways right. It makes it a little less trustworthy. I check
by doing a google search.”

“I always check if I’m not sure. If I know enough
about the subject that I’m confident in my ability to
know if the information is accurate, then I might not
double check. Otherwise, I always check by doing
searches on one of the search engines or otherwise
looking up the information directly. I would never do
something based on what generative AI tells me un-
less I’ve verified the information first.”

By contrast, only 24% (n = 216) reported checking GenAI
results rarely or not at all, including 18% (n = 164) saying
broadly “no,” they do not check results.

Why do people check results from GenAI? Respondents
reported a number of reasons to check GenAI results. Many
reported they check “to make sure” or “just in case,” with
a few sharing that everything should be double-checked
whether from a human or non-human source. Many said they
check because they know GenAI makes mistakes or they do
not trust GenAI. Sometimes this mistrust was a general sen-
timent while in other cases respondents called out specific
limitations of GenAI, noted that it is not yet trustworthy be-



Gets facts wrong

Says things that experts wouldn't agree with

Doesn't follow the instructions in the prompt

Makes up things that don't exist

Makes typos and grammatical errors
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18%
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Figure 5: Perceived frequency of various GenAI mistakes (Q11).

cause it is a new technology, or said they had learned to mis-
trust it due to personal experience with inaccurate results.

“I always check the results of work given to me by
generative AI. I do not fully trust it and have person-
ally seen it make mistakes before.”

“Oh yes, I have to check everything because I find so
many mistakes in very simple prompts”

“I always check the results. I have been given refer-
ences that didn’t exist. I have been told things that I
knew were inaccurate...”

“Yes. Because I’ve come across obvious errors so it’s
hard to completely trust responses”

Some (11%, n = 99) said they check if results look suspi-
cious, “absurd,” or contradict their prior knowledge. Others
said they check if the topic is important or work-related, or
if sharing incorrect results might embarrass them.

“Always as I am responsible for the results.”

“Yes because I don’t want to have the wrong thing
down which then makes me look stupid when other
people read my work”

“Yes I am required to check all the responses per my
company AI use policies. I will use another tool to
check the responses that seem suspect.”

“Yes, I check the results because I do not want to send
something wrong out to a client.”

Why do people not check results from GenAI? Respon-
dents also reported reasons not to check GenAI results.
Some said they do not check for unimportant tasks. Some
went further, saying that they do not need to check in gen-
eral because they do not use GenAI for anything important.

“Whenever I’ve used it, it’s been primarily for enter-
tainment purposes, so I don’t take it too seriously—
nor do I feel the need to verify what it generates for
me.”

“I rarely check. None of my activities using AI are
of sufficient importance to spend time checking the

results. If I suspect something is amiss, I will do a
normal search on Google or Bing or generally on the
internet.”

Others said it is unnecessary to check because they trust
GenAI.4 Some reported their trust stemmed from personal
experience, or their understanding of GenAI’s data sources.
Others shared that they initially checked GenAI results, but
have come to trust GenAI over time and now feel less need
to check.

“I hardly ever check the results from Ai because it’s
usually pretty accurate.”

“I never check results. I beleive AI tools because they
provide responses from existing data available on the
web.”

“No I trust it because it has access to the entire inter-
net”

“At first I would check the results of AI. Now that I
have used it for an extended period of time I have be-
come more trusting of its responses.”

Some said that they do not check because it would be
a poor use of time and/or checking would defeat the pur-
pose of using GenAI, particularly since they are often using
GenAI to be more efficient.

“I don’t check the results because I’m using AI to be
quick and that’s an extra step.”

“I actually have never checked the results out of lazi-
ness.”

How do people check GenAI results? Respondents are
motivated to check GenAI results for accuracy, for example,
“to be really certain that I have my facts right” or because
they want to know “the truth.” A few offered other reasons
such as checking that the information is current, or a broad
goal of checking to make sure the results are “okay” and
of sufficiently high quality. In order to achieve these goals,

4In some cases, a reason not to check was naturally the inverse
of a reason to check. For example, trust was a reason not to check
while lack of trust was a reason to check.



respondents would often check results by cross-referencing
with other sources (25%; n = 226). Search engines and web-
sites were a common resource, including some respondents
reporting they check the sources listed in GenAI results. A
few reported comparing results from multiple GenAI tools.
Some respondents also emphasized the value of comparing
with reputable sources or conferring with human experts.

“Yes. AI is notoriously inaccurate, getting informa-
tion from Reddit and other online forms where any-
one can say anything. I check with a Google search
and look for reputable sources that echo what AI is
saying.”

“I like to check the results to make sure that the in-
formation is correct. I check other websites such as
google, etc. and see if the information is consistent.”

“I often check the links it provides to make sure it’s
right when I’m using the information for a consequen-
tial task.”

“I normally read through the results and if something
seems off I ask someone about it or search it up.”

Beyond checking for accuracy, others reported checking
results for relevance, as a number of respondents reported
experiences with misinterpreted prompts and/or irrelevant
results. Others said they manually review presentation as-
pects such as grammar, tone, and appropriateness.

Explanations and In-Product Statements
During the highlighter exercise, respondents read and as-
sessed hypothetical explanations (longer text, such as might
appear in a blog post) (Q14); responded to an open-ended
question about whether they would want any additional in-
formation beyond that included in the explanations (Q14b);
and finally read and assessed hypothetical in-product state-
ments (shorter text, such as might appear next to GenAI out-
put) (Q15).

For the explanations, respondents gravitated toward text
that emphasized constantly improving GenAI and user feed-
back, while also highlighting that results need to be checked.
Respondents were less favorable toward descriptions that fo-
cused on GenAI getting things wrong or making mistakes,
and particularly unfavorable toward text about GenAI giv-
ing inconsistent results. For the in-product statements, re-
spondents gravitated toward reminders to check results but
did not like or find helpful reminders that GenAI makes
mistakes or can give inaccurate information. See Figures 6
and 7.

In the open-ended question, many respondents shared
they do not need additional information beyond that pro-
vided in the explanations, and some expressed frustration
with current limitations of GenAI. At the same time, many
others did want to learn more, particularly about the follow-
ing: verification procedures (what specifically should users
do to check results?); accuracy (specifically how accurate
is GenAI, and will it continue to make mistakes “indefi-
nitely?”); inputs and training (where does GenAI get its in-
formation?); and societal impact (e.g., the environment).

“I would like to know how they want us to double
check. Also, explain environmental consequences of
using ai.”

“having to check the results seems to defeat the pur-
pose of AI. Suggestions on how to do that quickly and
easily would be helpful.”

“I would want to know how frequently AI is wrong.”

“What categories are more reliable? What % of er-
rors are found?”

“I will like it more when it can be almost 100% accu-
rate in most cases”

Discussion and Conclusions
We discuss implications for the design of GenAI disclosures,
and then turn to opportunities for future work.

Guidance for Disclosures of GenAI Mistakes
Based on our results, we highlight five insights to help users
grasp the limitations of GenAI and consider possible actions
to take. We hope such guidance may be useful to developers
of GenAI products and services, as well as regulators and
civil society groups considering policy implications and best
practices for disclosures and disclaimers of GenAI mistakes.

Avoid vague, repeated warnings about GenAI mistakes.
Respondents, largely already aware of GenAI’s potential to
err, disfavored general language about mistakes and inac-
curacy. Phrases like “AI can make mistakes” or “inaccu-
rate” consistently received lower marks. While acknowledg-
ing imperfection is important, negative reactions to phrases
like “AI gets things wrong” and “it’s not without its risks”
suggest that cautionary notes should be balanced and framed
constructively. Although it remains important to clearly state
that GenAI can make mistakes, it appears that given current
public understanding, at least among regular or heavy users,
it is not necessary to repeatedly remind the user of this. If the
same in-product statement about mistakes is seen by users
every time they prompt a GenAI tool, this repeated messag-
ing may be unhelpful or disliked. (Note that new users or
those just beginning to explore GenAI may need such re-
minders more often.)

Provide clear, actionable advice for checking results.
Respondents responded positively to language that directly
encourages them to “double-check for accuracy,” “verify re-
sults,” or “make sure the results work for you before using,”
suggesting that users value specific, empowering guidance
rather than vague warnings. At the same time, some respon-
dents wanted more detailed guidance on how they should
perform these checks.

Remind users that they can give feedback, and that feed-
back helps improve AI. Respondents responded posi-
tively to statements that for many GenAI tools they can
provide feedback, flagging results that they believe may be
wrong, harmful, or questionable. They also responded posi-
tively to text about feedback helping improve GenAI tools.



Highlighter Exercise: Explanations

1 Generative AI is constantly improving,
5.2x

getting more accurate
4.9x

and more efficient over time.
4.4x

However, it's no replacement
3.0x

for the ingenuity, creativity, and wisdom of real people.
4.4x

Our team is constantly testing our systems to improve them
4.7x

and power the next generation in tech and innovation.
3.6x

2 Generative AI is based on huge amounts of training data
3.7x

that it can remix into new sentences
1.7x

and images
2.2x

to respond to your prompts.
4.1x

But sometimes AI gets things wrong,
0.9x

and it might need more specific instructions
1.8x

or multiple tries.
0.9x

And if you give feedback when you see something wrong,
2.8x

it helps us improve our AI.
4.2x

3 This AI tool was trained to recognize and understand
4.0x

text, images, audio, and more at the same time
4.3x

so it can better understand complex information
4.3x

and can answer questions relating to complicated topics.
4.3x

But since AI isn't perfect,
1.4x

just like humans, it can make mistakes.
1.4x

It's important to always check and verify AI-generated information prior to use
3.4x

to confirm accuracy and relevance.
3.9x

4 Our generative AI products are constantly evolving,
4.2x

and many are still in experimental mode.
1.4x

That means their answers might be changing daily
0.9x

and you should verify results
2.7x

to ensure they are right for you before you use them.
3.0x

5 AI inspires creativity,
2.6x

improves lives,
2.5x

drives breakthroughs,
2.9x

and makes the world's information more useful.
3.0x

But as a new and quickly changing technology,
2.4x

it's not without its risks.
1.2x

AI requires and relies on human oversight,
3.2x

rigorous testing,
4.3x

and real-time feedback
4.6x

to reduce harmful outcomes
3.3x

as well as ensure adequate privacy and security.
4.1x

Highly Liked/Helpful (Ratio 5.0x+)
Moderately Liked/Helpful (Ratio 3.5x)
Slightly Liked/Helpful (Ratio 2.0x)
Neutral (Ratio 1.0x)
Disliked/Not Helpful (Ratio <1.0x)

Figure 6: Highlighter exercise results on hypothetical text explanations, similar to what might appear in a blog post or an About
page. Color indicates the ratio of those who liked/found helpful a phrase versus disliked/found it not helpful (Q14).



Highlighter Exercise: In-Product
1 Heads up!

2.4x
This app uses AI

3.4x
to get you more relevant resources.

3.3x
Double-check for accuracy!

3.8x

2 This AI tool is experimental
2.5x

and still learning,
2.5x

so it can be off the mark.
1.3x

Make sure the results work for you before using.
3.1x

3 Getting the answers you need can be even easier with AI,
3.8x

but AI can make mistakes.
1.5x

Verify the results.
4.0x

4 Our app is in beta.
1.6x

Always double-check results before sharing.
4.0x

5 Heads up: AI is experimental
2.4x

which can sometimes lead to inaccurate
1.6x

or potentially offensive results.
1.1x

Help improve this app by leaving feedback.
4.3x

6 This feature is in its early stages
2.1x

and may share results that are unexpected or inaccurate.
1.4x

Help improve it by giving feedback.
4.2x

Highly Liked/Helpful (Ratio 5.0x+)
Moderately Liked/Helpful (Ratio 3.5x)
Slightly Liked/Helpful (Ratio 2.0x)
Neutral (Ratio 1.0x)
Disliked/Not Helpful (Ratio <1.0x)

Figure 7: Highlighter exercise results on hypothetical in-product disclosures. Color indicates the ratio of those who liked/found
helpful a phrase versus disliked/found it not helpful (Q15).

Describe the processes that make the product/service
safe and accurate. Respondents reacted positively to in-
formation about how tools are made more accurate and re-
sponsible, for example, “huge amounts of training data,”
“rigorous testing,” and “ensure adequate privacy and secu-
rity.” Respondents here again wanted more detailed infor-
mation about these assurances, particularly regarding which
data is used for training and whether the creators of that data
consented to its inclusion in training. They also expressed
interest in other measures, such as the steps companies are
taking to lower the environmental costs of the models.

Describe improvement to the models over time. As
GenAI tools are rapidly evolving, it is useful to remind users
that GenAI continues to improve. Phrases like “constantly
improving,” “getting more accurate,” and “evolving” were
consistently marked as liked or helpful. Currently, it is use-
ful to explain to the general public that a lot of effort is going
into improving GenAI products and the underlying models.

Future Work
Our results demonstrate high public awareness of GenAI
mistakes among both users and non-users of GenAI. These

results suggest substantial opportunities to further investi-
gate the public’s attitudes and behaviors. Moreover, as tech-
nologies such as agentic AI evolve, it will be valuable to
continue to evaluate public opinion. Further, as models be-
come more advanced and mistakes become fewer or more
subtle, user inclination to check results may change.

While we are cautious of putting too much burden on
users to ensure accuracy, our findings suggest opportuni-
ties to develop effective messaging to educate users about
GenAI mistakes, and to support human-AI verification. Re-
spondents’ interest in providing feedback offers opportuni-
ties for transparency about the use of such feedback, con-
sistent with best practices outlined in explainability rubrics
(Kelley and Woodruff 2023). Respondents’ interest in accu-
racy and their commitment to checking results is encourag-
ing for the development of verification support tools (Gor-
don et al. 2023; Nahar et al. 2024; Zhou et al. 2026; Laban
et al. 2024). High quality verification tools are especially im-
portant when considering the limits of users’ ability to check
results. For example, some users reported looking for “sus-
picious” results as the trigger to verify; this may be prob-
lematic if it causes users to skip verification when the output
contains only difficult-to-detect errors they do not spot.
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